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High-Speed Rail Suspension System Health
Monitoring Using Multi-Location
Vibration Data
Ning Hong , Lishuai Li , Weiran Yao, Yang Zhao , Cai Yi, Jianhui Lin, and Kwok Leung Tsui

Abstract— A novel data-driven framework to monitor the
health status of high-speed rail suspension system by measuring
train vibrations is proposed herein. Unlike existing methods, this
framework does not rely on sophisticated dynamic models or
high-fidelity simulations; it combines the power of data and
domain knowledge to generate a model that can be trained
quickly and adapted easily to different rail systems. In addition,
the framework includes a module to generate a training dataset,
tackling a typical challenge in real-world system monitoring,
namely, the lack of labeled data due to practical limits. Based on
the multi-output support vector regression (MSVR), the proposed
framework can monitor the stiffness and damping coefficients of
the suspension system using vibration signals measured on trains
in real time. The framework comprises three modules. First,
a simple suspension system dynamics model is built to generate
a training dataset. Furthermore, key features are extracted
from frequency response curves to reflect the impact of spring
and damper degradation. Subsequently, a supervised learning
model based on the MSVR is built to predict the stiffness
and damping coefficients of suspension systems from features
extracted in the second module. Once the model is built, realtime monitoring can be achieved by feeding the vibration signals
as they are collected during operations. The proposed framework
was evaluated on simulation data for its accuracy and tested on
real-world operational data for its practicability.
Index Terms— Health monitoring, suspension system,
high-speed rail, multi-output support vector regression,
vibration signal, field data, data-driven approach.

I. I NTRODUCTION

A

S HIGH-SPEED railway transports are developing
at a considerable speed in many regions worldwide,
especially China, the safety and reliability issues of rolling
stocks are receiving increasing attention. Because of the
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higher speed, more intensive use, and more complex
structures compared to ordinary trains, safety concerns are
accentuated for high-speed trains. The possible failure of
train structures during their operation may cause immense
loss of life or monetary damage, resulting in irretrievable
and catastrophic consequences [1]. Therefore, the current
maintenance strategy of high-speed rail systems is highly
conservative. Maintenance events are scheduled based on
fixed intervals (i.e., running mileage or time) that include a
large safety margin, causing increased operational cost.
Real-time health monitoring for high-speed rail systems
could address this issue – maintaining a high standard of safety
while reducing cost. It could provide an early warning of a
fault or component degradation, avoid in-service failures, and
schedule maintenance when required. Therefore, unnecessary
maintenance can be reduced significantly. Furthermore, operations can be optimized based on health monitoring results.
In support of real-time health monitoring development, this
study develops a data-driven framework to monitor the status
of methods for the suspension system of high-speed rail
systems. We focus on the suspension system because it is
fundamental in rail vehicles and its reliability is directly related
to vehicle safety. It supports the bogie and car body, reduces
the forces generated by the track unevenness on the wheels,
and controls the behavior of the car body with respect to the
track surface for rider comfort.
Many studies have been performed to develop methods
for the condition monitoring or fault detection of railway
suspension systems, where two distinctive approaches are
primarily applied: the model-based approach and the datadriven approach. Surveys on the modern techniques used
for the health monitoring of railway vehicle dynamics are
provided in [2]–[4]. Most model-based methods transform
the vehicle’s equations of motion into state-space representations. Subsequently, the changes of the model’s parameters
(stiffness or damping) can be detected using a Kalman filter
as well as its variations [5]–[10]. A dynamic model of the
suspension system for a three-car CRH2 (China Railway Highspeed 2) multiple unit was established and an improved total
measurable fault information residual method was proposed to
estimate the health condition of vehicles in [11]. An interacting
multiple-model algorithm was introduced for detecting faults
in suspension systems in [12]. The parameter estimation
method applies a particle filter to monitor the health condition
of the components [13]. A number of other model-based
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approaches have been proposed for rail vehicle suspension
system fault detection or health monitoring in [14]–[20].
Although these model-based methods have proven their diagnostic usefulness in simulation studies, they require precise
suspension and inertial parameter values. This causes two
problems: (i) they are cumbersome to use when being applied
to different rail systems; (ii) the results of the model-based
methods could be primarily distorted if the parameter values
are inaccurate. Another issue of the model-based approach is
that the development of an appropriate model requires the
detailed knowledge of the system concerned. For systems
that are dynamically complex and/or nonlinear, model-based
approaches may require the use of high-order and/or linearized
multiple models that can be unsuitable for practical implementations [21].
Alternatively, data-driven techniques can be used for
condition-based monitoring (CBM), and the fault-detection
and identification (FDI) of suspension components. Datadriven methods do not utilize complex vehicle dynamic models
and typically require only some vibration/acceleration signals
acquired from the vehicle. For example, the peak-to-peak
amplitude of pass-band filtered acceleration signals was used
to detect faults in rotary components of the traction system
in Shinkansen bogies [22]. The level of interactions of the
dynamic behaviors between the two suspensions was used as a
key indicator of the suspension conditions [21]. Similarly, relations between the specific motions of a vehicle’s bogie (angular and translational) were used as important features for the
CBM of suspension systems proposed in [23], [24]. Moreover,
using multivariate statistical approaches has garnered increasing interest, such as principle component analysis, multi-block
partial least squares, independent component analysis, and
canonical variate analysis, to monitor system health conditions [25]–[27]. Generally, these data-driven approaches have
fewer application limitations, and can be easily extended to
different systems if a large amount of training data is available.
These data-driven approaches present two typical limitations.
One limitation is that the results are less interpretable than
the results from the model-based approaches – indicators of
system health status or fault categories can be computed yet
detailed health information is difficult to obtain, i.e., the physical degradation parameters. Another limitation is that few of
these studies validate the model using the real operational data
of high-speed trains.
To bridge the gap between the model-based and data-driven
approaches, this paper presents a novel domain-knowledge
guided data-driven approach that is simple but effective for
the health monitoring of vehicle suspensions, which does
not require numerous precise information of the underlying
physical model. Based on vibration data collected on the
trains, the proposed approach can estimate the health status
of major components in the suspension system via the multioutput support vector regression (MSVR) model [28]–[30].
The primary idea of our proposed method is to extract features
from the vibration data that are relevant to the suspension
system degradation, and predict the stiffness and damping
coefficients of suspension systems based on a simple dynamics
model. The key components of the proposed method include
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1) a feature extraction method based on a simple dynamics
model to select the relevant information in the multi-location
vibration data, 2) a module to generate a training dataset to
handle the issue of no labeled data due to practical limits,
and 3) a supervised learning framework based on the MSVR
model to reconstruct system health conditions.
The main advantages of our approach compared with existing methods are:
1) Easy-to-implement and adaptable to other systems –
using simple dynamics model, not sophisticated dynamic
models, compared with the model-based approach;
2) Interpretable results – reporting the health status of
major components in the suspension system using indicators
(e.g. spring stiffness & damping coefficient) with physical
meanings, not a few fault labels, compared with pure datadriven methods;
3) Unbound to the availability of real-world labeled data
- a novel way to generate training datasets via a simple
dynamic model and impact analysis, which addressed a typical
challenge in real-world system monitoring, namely, the lack
of labeled data due to practical limits.
This paper is structured as follows: The proposed framework
is described in Section II. Model evaluation and testing are
presented in Section III. In Section III, we evaluate the proposed approach and apply it to real operational data. Finally,
conclusions and future works are presented in Section IV.
II. M ETHOD
We herein propose a novel data-driven framework for the
prediction of the health status of high-speed rail suspension
systems. The inputs of the framework are vibration signals
collected on trains during its operation. The outputs are the
stiffness and damping coefficients of train suspension systems. Spring stiffness and damping coefficients are chosen as
model output because they are key indicators reflecting the
health condition of a suspension system. The primary and the
secondary suspensions are often simplified to spring–damper
elements [5]–[9], [31]. The performance of the spring-damper
elements is monitored by spring stiffness and damping
coefficients.
A key challenge lies in the lack of labeled data for training
the data-driven model from real operations and simulations.
In real operations, the health status of the suspension systems
cannot be evaluated unless they are removed from the train
to the test bench. Because the operational cost related to
such testing is extremely high, the suspension systems are
typically inspected visually, maintained regularly, and replaced
at a pre-specified age or usage. Therefore, the labeled data of
suspension system health conditions from real operations are
rare. Alternatively, high-fidelity simulations are often used to
generate labeled data, yet it is difficult to match the simulation
data with the vibration data collected from real operations.
Detailed technical specifications are required for the highfidelity simulations to be similar enough to the trains from
which vibration data are collected. Different trains would
require different simulations and different models, thereby
rendering them cumbersome to use. To address these challenges, the proposed framework includes a simple vehicle
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Fig. 1.
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Integral framework for suspension system health monitoring.

dynamics model that is used to generate labeled data and
develop feature extraction techniques for processing vibration
data. The vehicle dynamics model can be easily adapted to
other trains because it only requires a few key parameters of
the train system.
Overall, three modules are included in the proposed framework: 1) modeling vehicle dynamics and transfer function
generation, 2) impact analysis and feature extraction, and
3) supervised learning via MSVR, as illustrated in Fig. 1.
Herein, we introduce each module briefly. The details are
provided in the following sub-sections.
1) Modeling vehicle dynamics and transfer function generation. The first module consists of the modeling and transfer
function generation of a high–speed rail’s primary and secondary suspension systems. The suspension system is simplified as a two degree-of-freedom (2-DOF) model. This module
is the foundation of the following two modules. It facilitates
the second module: impact analysis to enable us learn how
to select and construct features. Also, it serves as a training
dataset generator for the third module: Supervised learning via
MSVR.
2) Impact analysis and feature extraction. The second module investigates the impact of springs and damper degradation
on frequency response curves. Based on the impact analysis
results, features are selected and constructed as input for the
proposed method. The vehicle parameters of a specific bogie
type under study are applied to obtain the theoretically based
Bode plots of the primary and secondary suspension systems.
Through simulation analysis, the impact of specific component
degradation is analyzed on frequency response curves. We find
that the shape and location of the peak with the largest
magnitude in the response curve are most sensitive to changes
in spring stiffness and damping coefficient of a suspension
system. Thus, the positions, heights, and widths of the peaks
at the resonant frequency are chosen as important features to
be measured and extracted for building the regression model
in the third step. A signal processing algorithm was applied to
perform the smoothing and peak detection of the magnitude
response curves.
3) Supervised learning via MSVR. The third module pertains to obtaining the health status of each suspension system

component (spring and damper in primary and secondary
suspensions) based on the features extracted from the second module. The MSVR method was applied to model the
components’ parameters to obtain the point estimates of the
components’ condition. The output of the MSVR model is
the relative changes of the spring and damper parameters, and
the input is the relative changes of the position, width, and
height of the peak at the resonant frequency.
Once the model is built, it can be used for real-time
monitoring. Vibration signals collected on the trains can be
processed using the feature extraction technique and analyzed
via the MSVR model to predict the health conditions of the
suspension systems in real time.
A. Modeling Vehicle Dynamics and Transfer Function
Generation
The objective of this module is to build a simple dynamics
model that can provide insights into how vibration signals
change because of suspension system degradation. The model
is not required to generate raw vibration signals that match
the operational data exactly. Only underlying features that are
applicable to the operational data are required. The results
of this module will be used to develop the second module
for feature extraction and the third module for supervised
learning.
Rail vehicles generally contain both a primary (between
the wheelset and bogie frame) and a secondary (between the
bogie frame and vehicle body) suspension to support the car
body and bogie, to isolate the forces generated by the track
unevenness at the wheels, and to control the behavior of the
car body with respect to the track surface for providing ride
stability, comfort, and safety [32]. The vertical suspension
system considered in this research is shown in Fig. 2 [33],
including four air springs, four secondary dampers, eight
primary springs and eight primary dampers.
In this research, the suspension system is simplified as a
2-DOF model, as depicted in Fig. 3, after ignoring the pitch
and rolling. A quarter train model (one of the four wheels
in one bogie) was used to simplify the problem to a onedimensional spring–damper system [34]–[37].
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Fig. 2.

Vertical suspension system of the rail vehicle.

Fig. 4. An example of the longitudinal, lateral, and vertical vibration signals
(from top to bottom) from the axle box, and speed data for one trip; the curves
highlighted in red is the vibration signals smoothed by the moving average
method.

cs s + k s
Ms s 2 + cs s + ks
cs s + k s
z s (s)
=
G S (s) =
z p (s)
Ms s 2 + cs s + ks

where  =
Fig. 3.

Simplified 2-DOF vertical suspension system of the rail vehicle.
TABLE I
PARAMETERS OF THE V EHICLE S USPENSION S YSTEM

The standard dynamic equations of the 2-DOF model for
both the car body and bogies are described as follows:
M p z̈ p + (c p + cs )ż p − cs ż s
+ (k p + ks )z p − ks z s − c p ẇ − k p ẇ = 0

(1)

Ms z̈ s − cs (ż p − ż s ) − ks (z p − z s ) = 0

(2)

where z p , z s , and w denote the vertical displacement of the
car body, bogie, and wheel, respectively. The parameters of
the vertical vehicle suspension system are given in Table I.
To generate the transfer function of such a system, assume
that all of the initial conditions are zeroes, and that these equations represent the situation when the high-speed rail’s wheel
passes a bump. Using the Laplace transform, the dynamic
equation (1) and (2) are expressed in the form of transfer
functions. The Laplace transform takes a function of a positive
real variable t (time) to a function of a complex variable s
(frequency). Subsequently, we can obtain the transfer function
G p (s) of the primary suspension system, and G s (s) of the
secondary suspension system as follows:
G P (s) =
=

z P (s)
w(s)
MP

s2

cP s + k P
+ [c P + c S (1 − )]s + [k P + k S (1 − )]

(3)
(4)

where, s is a complex number frequency parameter, called
the Laplace variable. Therefore, the transfer functions of
our simplified primary and secondary suspension systems are
obtained as Equation (3) and (4), which can be used to derive
the magnitude response and phase response of a system.
For operational data, the exact transfer function is difficult
to obtain. Thus, we estimate the magnitude information of a
transfer function via measured vibration data of the suspension
systems. Considering that the data are time domain vertical
acceleration data, as shown in Fig. 4, we first perform mean
removal and normalization. Subsequently, an algorithm called
TFESTIMATE [38] is applied to estimate the transfer function of the primary and secondary suspension systems via a
nonparametric system identification method, Welch’s averaged
periodogram method [39]. Given the input signal from the axle
box and the output signal from the bogie frame, the function
can compute and plot the transfer function estimate of the
primary suspension system. Similarly, the transfer function of
the secondary suspension system can be obtained based on the
vibration signals from the bogie frame and car body.
B. Impact Analysis and Feature Extraction
After formulating the transfer function of the suspension
system, the next step is to generate the Bode plots and
investigate the impact of spring and damper degradation on
the magnitude of the frequency responses to guide feature
construction.
Applying the vehicle parameters in Table I, the theoretically
based Bode plots of the primary and secondary suspension
systems are generated, as shown in Fig. 5. The frequency at
which the response curve exhibits the maximum magnitude is
known as the resonant frequency. At this frequency, the slope
of the magnitude curve is zero; meanwhile, the output phase
angle shifts by 90 degrees from the input. Some systems
contain multiple, distinct resonant frequencies [40]. For the
primary suspension system (Fig. 6), it contains two resonant
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Fig. 5.

Bode plots of primary and secondary suspension systems.
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we use Position, Height and Width of the largest peak in
magnitude frequency response curves as our model input.
The features inside all the curves and the relative changes
in the component parameters form the database for training
the supervised learning module in the next step. Using Fig. 7
(1) as an example, when reducing the primary spring stiffness
k P by half and the remaining primary damping coefficient
c P unchanged (highlighted in blue), the peak in the first
resonant frequency shifts to the left, while its height and
width increase. Therefore,
 the output vector of this train−50%
ing set is yi =
, and the input vector of this training
0% ⎤
⎡
posi ti on%
set x i = ⎣ wi dth% ⎦ consists of the relative changes (use
height%
the features from 100% healthy condition as the standard) in
the features extracted from the curve. Here, i represents one
particular training set.
For the operational data, the findpeaks [41] algorithms
are used to locate and measure the peaks of the magnitude
response curve. It detects peaks and subsequently estimates
the position, height, and width of each peak by least-squares
curve fitting at the top part of the peaks, assuming they are
locally Gaussian or Lorentzian, when the frequency response
curve is subject to noise.
C. Supervised Learning via MSVR

Fig. 6.

Peaks at resonant frequencies of the primary suspension system.

frequencies because it is a 2-DOF system and the number of
secondary suspension systems is one for the same reason.
To quantify the impact on the frequency responses of the
suspensions’ specific components degradation and payload
changes, a series of frequency response curves were generated
by changing the spring stiffness, damping coefficient, and mass
of car body simultaneously. As shown in Fig. 7, we find that
the shape and location of the peak with the largest magnitude
in the response curve are most sensitive to changes in spring
stiffness and damping coefficient of a suspension system. This
is aligned with domain knowledge - The frequency at which
the response curve exhibits the maximum magnitude is the
resonant frequency, which is an inherent attribute of a system.
For high-speed rail suspension systems, the resonant frequency
relates directly to the performance of a suspension system.
When the resonant frequency changes, it implies that some
intrinsic parameters of the system have changed. Therefore,

In the last module, we develop the support vector regression
(SVR) method to predict the health status of the suspension
system components based on the features extracted from the
magnitude frequency response curves. SVR is chosen because
its performance is the most accurate and reliable among
advanced regression methods that can solve this problem.
The commonly used advanced regression methods are SVR,
Gaussian process regression (GPR), Random Forest (RF),
artificial neural network (ANN), and linear regression (LR).
Except for ANN and RF, all other commonly used regression
methods are tested and evaluated. SVR-based methods perform
better in general. Details on the performance comparison of
different regression methods can be found in Section III. C.
ANN is not chosen in the proposed method because ANN
requires a large number of training data and difficult to
tune the parameters. SVR requires less training data and is
relatively easier for others when they want to reproduce the
estimation results. RF is not tested in the research, because it
has been observed to over-fit for some datasets with noisy
regression tasks [42]. MSVR is chosen over SVR because
our model has multiple outputs: spring stiffness and damping
coefficient.
Let us consider a set of independent samples denoted as
M , where each x ∈ m represents a vector
L = {(x i , yi )}i=1
i
of m extracted features of the peak, yi ∈ n is a vector of
n associated relative variations of the component parameters,
and M is the number of samples for modeling. For brevity,
we aggregate all x i s (i = 1, 2, . . . , M) into an m × M feature
matrixx and all yi s(i = 1, 2, . . . , M) into an M × n target
vector y, such that L = {x, y}. Our goal is to infer from the
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Changes in frequency responses of damper and spring with increasing and decreasing parameters for the suspension system.

y = f (x)


spri ng sti f f nessi
is the relative
output vector yi =
dampi ng coe f f i ci enti
variations of the spring and damper parameters. The goal of
the MSVR model is to develop a function f (x) that can
accurately predict the relative change rate values based on the
input features of future data:,


set of samples L the function f (·), such that
(5)

Considering that the output components’ parameters are multidimensional, the MSVR was applied. The key idea of MSVR
is to expand the Vapnik ε-insensitive loss function to a multidimensional output case, that is, a hyper-spherical insensitive
zone, to handle all the outputs together [29], [43]. Therefore,
MSVR can improve the generalization performance of the
decision model especially when only scarce samples are
available [43]. Here, a brief introduction of MSVR will be
provided as follows:
⎤
⎡
posi ti on i
In this study, each input vector is x i = ⎣ wi dth i ⎦,
heighti
which is the relative variations of the position, width, and
height of the peak at the resonant frequency. Further, each

f (x) = W · φ(x) + b

(6)

where · denotes the dot product, W is a set of weight vectors,
b refers to a set of biases, and φ(·) represents the nonlinear
mapping from the primal space to the high-dimension feature
space.
Subsequently, MSVR is formulated as the minimization of
the following function by searching the regressors W and
b [28], [43]:

2
1 Q
n
wj + C
(7)
mi n L p =
i=1 L(u i )
j
=1
W,b
2
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where W = [w1 , · · · , w Q ], b = [b1, · · · , b Q ]T , u i = ei  =
eiT ei , and eiT = yiT − φ(x i )T W − b T ; C is a positive real
regularized parameter that determines the tradeoff between the
regularization and the error reduction term. The ε-insensitive
quadratic loss function L(u) is defined as follows:
L(u) =

0,
u<ε
u 2 − 2uε + ε2 , u ≥ ε

7

TABLE II
S ENSOR C ONFIGURATION IN V EHICLE S USPENSION
S YSTEMS OF C AR 7 AND C AR 8

(8)

As (5) cannot be solved straightforwardly, an iterative
reweighted least-squares (IRWLS) method [28] was adopted to
obtain the desired solution. To construct the IRWLS procedure,
we approximated (1) using a first-order Taylor expansion of
L(u) over the previous solution, thus resulting in the following
equation [29]:
2
1Q
1 n
j
2
w
+
(9)
L p (W, b) =
i=1 ai u i + τ
j =1
2
2
where,
⎧
⎪
u ki < ε
⎨ 0,
k
ai = 2C(u i − ε)
(10)
⎪
, u ki ≥ ε
⎩
k
ui
and τ is the sum of constant terms that does not depend on
either W or b, and the superscript k denotes the number of iterations. Therefore, the IRWLS procedure is now constructed; it
searches the next step solution linearly along the descending
direction based on the previous solution. Further, the procedure
can be summarized in the following steps [29]:
1) Set k = 0, W k = 0, bk = 0, and compute u ki and ai .
2) Compute the solution to (7), and label it as W s and bs .
Define a descending direction for (5) as

 s
W − Wk
k
.
(11)
P =
(b s − b k )T
3) Obtain the next step solution, i.e.,
 


Wk
W k+1
=
+ ηk P k
(b k+1 )T
(b k )T
Subsequently, use a backtracking algorithm to compute
the step size ηk .
and ai , set k = k + 1, and return to step
4) Compute u k+1
i
2 until convergence.
More details regarding MSVR can be found in [28], [29].
III. E VALUATION AND T ESTING
As mentioned above, a major challenge in our research and
other high-speed rail health monitoring research is the lack of
truth values of the components’ health status in the suspension
system against time/mileage; this implies that we cannot utilize
the traditional method to validate our proposed approach.
In our research, the approach evaluation and testing includes
two parts:
1) Using the simulation data generated from impact analysis for evaluation: an evaluation of the proposed method
is performed based on the simulation data generated
from Module 2. Noises are added with a signal-to-noise

Fig. 8. Position of 11 sensors on two cars, left is the trail car, and right is
the motor car.

ratio of the specific range to test the robustness and
sensitivity of the proposed method.
2) Using the real tracking data for testing: by applying
our proposed approach in the field data of high-speed
train vibration signal, we can obtain the estimated values
regarding the health status of the primary components
in the suspension system.
A. Operational Data Description
The Test and Control Group of the State Key Laboratory of
Traction Power in Southwest Jiaotong University continuously
tracked the signal on one CRH1A (CRH, China Railway
High-speed)-type train operating in China for 10 months from
August 2015 to June 2016. The bogie frame of CRH1A
EMU was designed by employing the AM96 bogie that used
a modern high-speed bus bogie classic U-frame without a
bolster structure, as a prototype. The data contain 25 entire
trips collected along three different routes, 11 trips on the
Changsha–Huaihua line, three trips on the Guangzhou–Zhuhai
line, and 16 trips on the Sanya–Haikou loop line.
The vibration signals of one trail car (referred as Car 7) and
one motor car (referred as Car 8) were collected through
11 onboard acceleration sensors on the car body, bogie frame,
and axle box. Meanwhile, the speed data of the train was
also collected via a GPS device and the operation speed
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TABLE III
AM96 V EHICLE PARAMETERS

of this CRH1A-type high-speed rail was up to 250 km/h.
Fig. 8 shows the information on the positions of the sensors,
and Table II details the sensor configuration in the vehicle
suspension systems of Car 7 and Car 8.

method [47], which has been proven to be a powerful and
effective method for nonlinear regression problems owing to
its simple structure in obtaining and expressing uncertainties
in predictions, its capability in capturing a wide variety of
behaviors by parameters, and its natural Bayesian interpretation [48]; 3) the multivariate least-squares linear regression
(MV-LR) [49], which is the most typically used method owing
to its fast operation and ease of implementation.
The metrics used to evaluate the models are the mean
absolute percentage error (MAPE) and root mean square error
(RMSE). Models with a low MAPE and low RMSE are
preferred.
• Mean Absolute Percentage Error (MAPE): It is a
measure of prediction accuracy of a forecasting method
in statistics, and is defined by the formula
100%  At − Ft
|
|
n
At
n

M=

(14)

t =1

B. Modeling Vehicle Dynamics and Training Data
Generation for CRH1A EMU
The principal parameter values of the AM96 bogie [44], [45]
are given in Table III. By applying the vehicle parameters of
Boogie-AM96, the theoretically based transfer function of the
primary and secondary suspension system can be obtained:
G S (s)

226s + 6900
(12)
63s 2 + 226s + 6900
G P (s)
9324s 3 +3.31×106s 2 +1.28×107s +3.59×108
=
4347s 4 +81870s 3 +5.52×106s 2 +1.28×107s +3.59×108
(13)
=

To generate the training dataset, we changed the spring
stiffness and damping coefficient from 50% to 200% of its
initial value with an interval of 1%, to obtain the associated
Bode plots. Meanwhile, to render the method reliable under
external factor changes, we generated training data with the
mass of the car body varying from 50% to 200% of its initial
value with an interval of 10%.
In addition, to test the robustness and sensitivity of the
proposed method, we added white Gaussian noise with a
specific signal-to-noise ratio, which ranges from 26 dB to
54 dB, using algorithms called AWGN [46]. Meanwhile, for
simulating real conditions, we did the similar operation and the
signal-to-noise ratio was set as 34 dB to expand the training
dataset.
Subsequently, the findpeaks algorithms were applied to
perform the smoothing and peak detection of these magnitude
response curves. The simulation range and features extracted
for further modeling are summarized in Table IV.
C. Evaluation and Testing of MSVR for CRH1A EMU
To compare with MSVR, we tested three additional regression methods: 1) the standard support vector regression (SVR)
method, which only contains a one-dimensional output;
2) the multivariate Gaussian process regression (MV-GPR)

•

where At is the actual value and Ft is the forecast value.
Root Mean Square Error (RMSE):It is a measure of
the differences between values predicted by a model or
an estimator and the values observed, and is defined by
the formula


 n 

( y − y t )2
 t =1 t
(15)
R=
n


where yt is the actual value and y t is the predicted values.
Table V reports the parameter settings for the models and
the parameter tuning are based on cross-validation results. For
all MSVR and SVR model training, the Gaussian radial basis
function (RBF) kernel was used and defined as K (x i , x j ) =
2
ex p( x i − x j /σ 2 ), where σ is the kernel parameter. Therefore, three hyperparameters are used for MSVR: regularization
parameter C, kernel parameter σ , and error parameter ε. For
the MSVR and SVR models, the parameters are optimized
using the five-fold leave-one-out cross validation in the predefined ranges, and the best combination is selected according to
the least RMSE. For MV-GPR models, the squared exponential
covariance function is selected. Further, model hyperparameters θmvgpr = {l, σ 2f , σn2 } are tuned similarly, where l is a
characteristic length-scale, σ 2f is a signal variance, and σn2 is
the noise variance.
The performances of the MSVR, SVR, MV-GPR, and
MV-LR models trained by the simulation data are summarized
in Table VI. We found that the MSVR models performed
significantly better, and was more accurate by 10% or higher
than the MV-GPR and MV-LR models for all the evaluation
metrics. Regarding the single outputs from the SVR models,
the M-SVR model also improved the results by approximately
2% accuracy. This may be because, in the MSVR model,
it considers the nonlinear relations not only between features
but also among the output component parameters themselves.
Meanwhile, the estimation accuracy of all the MSVR models
could achieve 91% or more, implying that the relationship
between the features extracted and the health status of each
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TABLE IV
OVERVIEW OF S IMULATION A NALYSIS – C OMPONENT D EGRADATION I MPACT

TABLE V
PARAMETERS S ETTINGS FOR MSVR, SVR, AND MV-GPR M ODELS

TABLE VI
P ERFORMANCES OF MSVR, SVR, MV-GPR, AND MV-LR M ODELS IN TERMS OF MAPE AND RMSE

suspension’s component is well built for the real tracking of
data detection.
D. Application to Data From Real Operations
We applied the proposed method on the vibration data from
real operations, as described in Section III. A.
First, data preprocessing was conducted, including data
cleaning and normalization. Data from the trail car (Car 7) was
analyzed owing to the deficiency of data in the motor car
(car 8). Only data from sensor 1 (axle box), sensor 3 (bogie
frame), and sensor 5 (car body) were selected for the study
as they directly measure the vibration input and output of the
primary and secondary suspension systems. The vibration data
collected from one entire trip were regarded as one dataset,
which implies that 25 datasets were available for processing.
Further, each dataset consisted of three data subsets from
sensor 1, sensor 3, and sensor 5. Considering that the data
were time domain vertical acceleration data, we performed
mean removal and normalization (divided by sample standard
deviation) for each data subset.

Subsequently, the transfer functions and frequency response
curves were calculated based on the vibration data. The
TFESTIMATE algorithm was applied to estimate the transfer
function of the primary and secondary suspension systems.
Given the input signal from sensor 1 (axle box) and the output
signal from sensor 3 (bogie frame), the function could compute
and plot the transfer function estimate of the primary suspension system. Similarly, the transfer function of the secondary
suspension system could be generated. Subsequently, the magnitude frequency response curves of the primary and secondary
suspensions were obtained for further peak finding and feature
extraction (Fig. 9). In total, 60 magnitude–frequency response
curves were generated, with one curve each for the primary
and secondary suspensions generated for one data subset.
The magnitude frequency response curves of the secondary
suspensions generated from our simulation data and real tracking data have a prominent resonant frequency at approximately
1 Hz, which is consistent with the literature. Zhai et al. [50]
found that the natural vibration frequency of the car body’s
vertical suspension system (secondary suspension system) was
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Fig. 9.

Fig. 10.
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Samples of magnitude frequency response curves for the primary and secondary suspension system.

Variation in the health status of the suspension system with mileage traveled.

approximately 1 Hz. They also found that the prominent
resonant frequency of the railway vertical primary suspension
system was approximately 11.46 Hz, which was studied and
tested in [51].
Finally, by applying the MSVR models built before, we estimated the stiffness and damping variations of the suspension
systems for each trip. The results are shown in Fig. 10.
We found no obvious change in stiffness and damping coefficients in any suspension system in the first 30.8 × 104 km
mileage traveled. Meanwhile, the fluctuation range of the estimation results for the secondary suspension system is smaller
than that for the primary suspension system. This result is
reasonable, because the air spring and anti-yaw damper in the
secondary suspensions have a longer useful life, less load, and
less wear. Further, based on the specifications of TG/GL1452016 CRH 1A/1B/1E EMU LEVEL III MAINTENANCE
REGULATION, the air spring should be replaced when the
train has traveled 360 ± 10 × 104km. Meanwhile, the CRH1A
train in our study merely traveled 30.8×104 km, which is onetwelfth of the designed mileage, during the signal tracking
period. For the primary suspension system, a slight change
occurred, approximately 1%, in the spring stiffness, when the
train traveled over 25 × 104 km. This may be caused by the
poorer lubricating property in the spring blades against the

mileage traveled. This is also consistent with another study that
reported the degradation rate of the suspension spring health of
approximately 1% when the operational time is approximately
one-twelfth of the designed lifetime [52], [53].
E. Discussion on Sensor Requirements
In this study, the operational vibration data were collected
via accelerometer sensors. The performance of these sensors
would affect the effectiveness of the proposed method. Setting comprehensive required specifications on the sensors is
challenging within this study, yet some sensitivity analysis and
discussion are provided in this section to inform future studies.
The performance and cost of specific accelerometers vary
significantly depending on the type of mechanisms involved
in the accelerometers, e.g. piezoelectric, piezoresistive, capacitive, Hall effect, magnetoresistive, and temperature sensors,
etc. In addition, low-cost and low power micro-electromechanical systems (MEMS) devices are increasingly available. In this study, the operational vibration data were collected
via accelerometer sensors. The sensors were installed by
China State Key Laboratory of Traction Power for multiple
research projects. Thus, the selection of the sensors and installation locations were not particularly optimized for this study.
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TABLE VII
ZW9609A-2 A CCELEROMETER I NFORMATION

Fig. 11.

The sensitivity analysis result of the framework.

The sensors are ZW9609A-2 integrated circuits piezoelectric
accelerometers. The detailed information of the accelerometer
is depicted in VII.
In terms of precision, a sensitivity analysis was performed
to test the robustness and sensitivity of the proposed method
subject to accelerometer measurement errors. When generating
training dataset as described in Section III. B, we added white
Gaussian noise with different specific signal-to-noise ratios to
the simulated sensor measurements, using algorithms called
AWGN. The sensitivity analysis result is showed in Fig. 11.
The proposed method can provide relatively accurate results
(MAPE < 10%) when the sensor precision is higher than 2%.
Regarding the installation locations, our method requires
three sensors to be installed on axle box, bogie frame, and car
body, respectively, and they should be vertically aligned with
the suspension system to be monitored. In this study, the installation of the accelerometers was not optimized for monitoring
suspension systems. More sensors were installed than needed.
We only picked Sensor 1, Sensor 3 and Sensor 5, to demonstrate how to use our method in real operations. The detailed
sensor configuration is described in Fig. 8 and Table II.
IV. C ONCLUSION
A novel domain-knowledge-guided data-driven framework
for the prediction of the health status of high-speed rail
suspension systems was proposed. The proposed framework
included three parts: 1) vehicle dynamics modeling, 2) impact
analysis and feature extraction, and 3) building MSVR models.
Simple modeling and transfer function generation of the
high-speed rail’s primary and secondary suspension systems
were performed first. Next, the investigation of the impact
of spring and damper degradation generated magnitude–
frequency curves. The peak finding and measurement in the
magnitude–frequency curves were performed by intelligent
algorithms. The positions, heights, and widths of the peaks at

the resonant frequency were the important features to be measured and extracted for building the regression model. Finally,
the MSVR method was used to model the relationship between
the components’ parameters and the extracted features.
The proposed framework was evaluated and tested both
with the simulation data and real tracking data. We found
that the MSVR models achieved good prediction performance
for both the simulation data and field data. Through analysis,
the health monitoring results of the suspension system from
the high-speed rail in practice using the proposed framework
were reasonable and consistent with the other studies’ results.
However, this framework still requires improvement because
the accuracy of the health status estimation is closely linked
to the vehicle dynamics modeling that is affected by the
vehicle parameters for perfect health. Regarding the vehicle
parameters for perfect health, some deviations could exist
between the parameters from real high-speed rails and those
provided by the manufacturer. Further, we still require the
ground truth values of the suspension system’s health status in
the field data to improve and further validate our framework.
Future extensions of this research work includes the following: 1) modification of the framework to enable real-time
online monitoring; 2) estimation of the remaining useful life
and the design of the corresponding maintenance strategy;
3) extension of the application of the proposed approach to
the suspension systems of other types of vehicles, such as
metros, trucks, and sedans, as they can be subjected to similar
vehicle system dynamics and monitored using similar types of
features.
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