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Abstract—Faults happen inevitably in traction systems and thus
place the security of the whole high-speed train at risk. In order
to improve the safety and reliability of high-speed trains, this
article deals with fault detection and diagnosis (FDD) problem for
traction systems. Because of high sampling frequency of equipped
sensors, FDD strategies in the supervision system of high-speed
trains should be of enough high computation efficiency, which is a
great bottleneck for artificial intelligence-based FDD methods. For
reducing the computational load while maintaining the satisfactory
diagnostic accuracy, an enhanced FDD architecture using the mod-
ified principal component analysis and broad learning system is
developed in this article. Based on the proposed data-driven design
whose core is to extract fault information, fast and accurate FDD
can be achieved without requirements for mathematical models
or control mechanism of high-speed trains. The effectiveness and
feasibility of the proposed online design are illustrated on the
traction control platform of high-speed trains.

Index Terms—Broad learning system (BLS), fault detection and
diagnosis (FDD), high-speed trains, principal component analysis
(PCA), traction systems.

I. INTRODUCTION

MODERN high-speed trains have been witnessing a rapid
development in the past two decades [1]–[8]. However,

the associated railway accidents have happened unexpectedly
over the world [9]–[11]. As pointed out in [12], there are more
than average seven serious accidents in a year. These catastro-
phes, which usually appeared in the form of explosions or fires,
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conflicts, derailments, etc., were caused by faults or failures
of high-speed trains. For instance, in Los Angels of USA, a
train collision happened in 2008. In addition, Because of the
failure of signaling systems in a train, a devastating accident
took lives of more than 40 people on the Yongwen Line in China.
Therefore, the fundamental demands for improving reliability of
high-speed trains should continue to draw increasing attention
from transportation community [10]. Hence, early diagnosis of
faults are of significant meanings before spectacular accidents
happen [13].

Incipient faults, which will eventually evolve into large-
magnitude faults or failures as time goes on, usually exist in
high-speed trains [13]. Responsible reasons for these incipi-
ent faults include harsh operation environment [14], perfor-
mance degradation of electrical units [15], [16], overloading
condition [17], etc. Therefore, before incipient faults become
large-magnitude faults or failures, their successful detection and
diagnosis are essential for improving the reliability of traction
systems.

It is well known that model-based fault detection and diag-
nosis (FDD) methods are powerful tools to deal with large-
magnitude faults [10], [18], [19], which increase the reliable
of systems[20], [21]. Indeed, their developments in the past one
decade have built the mainstream in the field of transportation
[22]–[25]. However, available or potential incipient FDD ap-
plications using methods based on models are rarely found in
high-speed trains[26]. The main reason is that most of these
method heavily depend on the mathematical models[27].

Another important branch of FDD applications for traction
systems is the data-driven design whose main technological
cores are multivariate statistical analysis (MSA) [17], [26], [28]–
[31] and artificial intelligence (AI) techniques. Owing to their
superior simplicity and scalability, data-driven design of FDD
methods for high-speed trains has been extensively explored
[10].

The first data-driven attempt using MSA is the multimode
kernel principal component analysis (PCA) method proposed to
detect incipient faults and common faults in IGBT of traction
systems [17]. To accurately model systemic variations and un-
certain noises in the traction system, deep PCA is first developed,
based on which successful detection and isolation of incipient
sensor faults are achieved [13]. Focusing on the non-Gaussian
characteristic of signals measured from traction systems, the
methods based on rotary principal and residual subspace are
proposed, in which non-Gaussian signals can be transformed

https://orcid.org/0000-0001-5858-5193
https://orcid.org/0000-0002-0471-9157
https://orcid.org/0000-0002-8600-9668
https://orcid.org/0000-0001-9490-0170
https://orcid.org/0000-0002-8600-9668
mailto:chengx415@163.com
mailto:jinwei312@163.com
mailto:chtbaylor@163.com
mailto:zhangbangcheng@ccut.edu.cn
mailto:shaojunjie@cccar.com.cn
mailto:tengwanxiu@cccar.com.cn
https://doi.org/10.1109/TPEL.2020.3043741


7462 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 36, NO. 7, JULY 2021

into Gaussian ones [17]. In addition, the integration of random-
ized algorithms and canonical correlation analysis is proposed
in [29] to find an optimal threshold for non-Gaussian signals
measured from high-speed trains. In fact, there are different
objective functions corresponding to MSA techniques to gen-
erate different projection rules for the FDD purpose. It should
be emphatically noted that these obtained projections are the
key steps in FDD applications, which is the so-called feature
extraction. However, to the best of our knowledge, although
MSA-based FDD methods can deal with high-frequency signals,
only fault detection tasks could be achieved in high-speed trains.

A typical type of AI techniques is the artificial neural net-
works such as convolutional neural network (CNN), radial basis
function neural network, extreme learning machine, etc. As
summarized in [10], various FDD methods based on AI can
be used to extract features with fault information from vibra-
tions and audio signals. In [32], for example, the CNN is used
to diagnose sensor faults in electric drive systems after fault
detection. Whilst, multiple types of artificial neural networks,
such as the radial basis function neural network, are employed
as main tools for feature extraction in [33] to diagnose sensor
faults in traction systems. The salient advantage of AI used
for FDD is the nonlinear learning ability because it may pro-
vide more complex and complete results for feature extraction.
However, time consuming is unavoidable, which produces some
difficulties for online applications.

The recent advances about data-driven methods indicate
promising potentials of FDD topics in traction systems. Nev-
ertheless there are still some open problems. More specifically,
the main challenges are as follows.

1) Only fault detection tasks can be achieved by FDD meth-
ods based on MSA.

2) The existing AI-based methods waste too much time in
training and implementing.

3) Traction systems are characterized by high sampling fre-
quency. It is not easy to design an online FDD scheme.

Strongly motivated by aforementioned discussions, an en-
hanced FDD method is urgently needed for the sake of reducing
computational load while maintaining the satisfactory diagnos-
tic performance in high-speed trains. In this article, a data-driven
FDD method is proposed via the intensive integration of PCA
and a broad learning system (BLS) where fast and accurate FDD
implementation could be easily accomplished.

The rest of this article is organized as follows. In Section II,
combining with an introduction of traction systems in high-
speed trains and BLS, the purpose of this study is then for-
mulated. In Section III, the proposed BLS-aided methodology
for fast and accurate FDD is elaborated. In Section IV, multiple
sets of experiments on the traction control platform of high-
speed trains including FDD results and comparison analysis are
conducted. Finally, conclusions are drawn in Section V.

II. PRELIMINARIES

In this section, the traction systems and the BLS are firstly
introduced, based on which the objective of this study is then
formulated.

Fig. 1. Schematic diagram of traction systems in high-speed trains.

A. Traction Systems of High-Speed Trains

In this article, the CRH2A-type high-speed train is taken into
consideration in which four traction systems provide traction
power of the entire train [4]. As presented in [8], the traction sys-
tem is one core unit consisting of a traction control unit (TCU),
a three-level source inverter (TSI), four induction motors, and
filters, etc. Its control strategy is space vector pulsewidth mod-
ulation (SVPWM), and the corresponding schematic diagram is
depicted in Fig. 1.

In the traction system of CRH2A-type high-speed trains, six
sensors are equipped to collect real-time observations that will
be used as the input of both the double proportional integral (PI)
controller and the supervision unit. After setting a given traction
speed, the TCU can achieve expected performance by adjusting
gate control signals of TSI based on the SVPWM strategy. By
comparing online samplings and the corresponding predesigned
thresholds, the supervision unit adopted in existing high-speed
trains maybe not effective for successful detection of parts’
faults, and then an autoprotecting mode will be activated [8].
Actually, either high missing-alarm ratios (MARs) or high false
alarm ratios (FARs) in traction systems of high-speed trains will
lead to dissatisfactory FDD results and should be prohibitive.
An acceptable tradeoff between the MAR and the FAR should
be at least achieved for FDD tasks in traction systems.

B. Broad Learning System

The BLS [34] is proposed based on the well-developed
random vector functional-like neural network. It can achieve
remarkable reduction of the computation loads by inheriting
the network structure of random vector functional-like neural
networks [35]. Generally, a BLS is flatted in the width instead
of the deep structure by multiple enhancement nodes, and its
basic neural network is depicted in Fig. 2. The core of BLS is
to find the pseudoinverse of both feature and enhanced nodes to
the target value, where these nodes correspond to the inputs of
neural networks.

Based on the structure shown in Fig. 2, the formulation of BLS
can be described as follows. For the input data X , the mapped
feature can be first obtained by the following projection:

Zi = φi(XWei + βT
ei
), i = 1, . . . , n (1)
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Fig. 2. Architecture of the broad learning system.

where φi is the ith activation function, Wei and βei are the ith
random weight and random bias, respectively; they are generated
from the correspondingly given probability density function.
Assume that X is formed by N samplings with m variables
and Zi is of κ dimensions, then X ∈ RN×m, Wei ∈ Rm×κ,
βei ∈ Rκ×N , and Zi ∈ RN×κ. Furthermore, Zn, i.e., all the
feature nodes of original dataset X , can be defined as

Zn = [Z1, Z2, . . . , Zn] (2)

where Zn ∈ RN×κn. Then, m sets of enhancement nodes, as
shown in Fig. 2, are obtained in the form of

Hj = ϕj(Z
nWhj

+ βT
hj
), j = 1, . . . ,m. (3)

Similar to (2), it is assumed that the dimension of the enhance-
ment node is q, one has

Hm = [H1, H2, . . . , Hm] (4)

where Whj
∈ Rκn×q, βhj

∈ Rq×N , Hj ∈ RN×q, and Hm ∈
RN×qm. Finally, the output Y with c classes can be calculated
as

Y = [Zn|Hm]Wm (5)

where Y ∈ RN×c andWm ∈ R(kn+qm)×c. The essence of BLS
is to find a proper Wm. Fortunately, BLS can provide a rapid
solution (i.e., to obtain Wm) compared with the existing deep
learning methods. When the weights are obtained, the entire
process is done.

C. Objectives

As specially pointed out in [17], the univariate control charts
are currently used in supervision subsystems of high-speed
trains, which considers 41 types of faults. This method is ef-
fective only if serious component faults arise [16]. Obviously,
this situation is unsatisfactory in practical FDD applications.
Superadding the high sampling frequency of sensors in traction
systems of high-speed trains, the objectives of this article de-
signed for the FDD purpose are summarized as follows.

1) To characterize the traction systems of high-speed trains
in a general framework without any assumptions.

2) To extract sufficient fault features used for incipient fault
detection and diagnosis tasks.

Fig. 3. Diagram of the traction system of high-speed trains.

3) To design a new FDD scheme with great computational
efficiency for offline training and online implementation.

III. PROPOSED METHODOLOGY USING BLS

In this section, collection and description of datasets are first
presented, then the detailed fault diagnosis strategy using BLS
method will be followed.

A. Data Collection

As shown in Fig. 3, traction systems are placed with multiple
sensors for specific purposes, such as process control and system
monitoring [13].

In this article, stored in the data acquisition system in Fig. 3,
K + 1 terms of datasets are necessary to be used for model
construction. Mathematically, these collected signals can be
described in terms of

x = [Ut Ub iU iV iW ωr]
T ∈ R6 (6)

where Ut and Ub are voltages in two bridges, iU , iV , and iW
are three-phase input currents of traction motors, and ωr is
the traction speed. Based on (6), consider K + 1 operation
conditions of the traction systems, the normal and fault datasets
can be defined by

Xnr = [xnr(1) · · · xnr(Nnr +Nw)]
T

Xk,f = [xk,f (1) · · · xk,f (Nk,f +Nw)]
T

(7)

where Xnr ∈ R(Nnr+Nw)×6 and Xk,f ∈ R(Nk,f+Nw)×6; the
subscripts nr and f refer to the normal and fault conditions,
respectively; N is the sampling number; and (k, f) denotes the
kth fault type for k = 1, . . . ,K.

B. Fault Detection Using Mapped Features

To decrease the uncertainties hidden in (7), the moving av-
erage technique is introduced to preprocess Xnr and Xk,f as
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follows:

Xnr = [xnr(1) · · ·xnr(Nnr)] ∈ RNnr×6

Xk,f = [xk,f (1) · · ·xk,f (Nk,f )] ∈ RNk,f×6 (8)

where

xnr(i) =
1

Nw

i+Nw∑
j=i

xnr(i), i = 1, . . . , Nnr

xk,f (i) =
1

Nw

i+Nw∑
j=i

xk,f (i), i = 1, . . . , Nk,f . (9)

In order to generate helpful feature representation for fault
detection, the linear PCA technology is used as the specific so-
lution to analyze the data in (8). ConsiderXnr in (8), the loading
matrices in principal and residual subspaces, Pp and Pr, could
be obtained via the following singular value decomposition:

S = [Pp Pr]

[
Λp 0
0 Λr

]
[Pp Pr]

T (10)

where

S =
1

Nnr − 1
XT

nrXnr

Λp = diag(λ1, . . . , λl), and

Λr = diag(λl+1, . . . , λ6). (11)

Here, l is the number of the dimension of the retained principal
subspace, which can be determined by the cumulative percent
variance method [17]. Different from (1), the mapped feature
using PCA method can be obtained by

Zp = XnrPp and Zr = XnrPr. (12)

Similar to (2), all the feature nodes of normal dataset can be
defined as

Z := [Zp Zr] (13)

where Z ∈ RNnr×6, Zp ∈ RNnr×l, and Zr ∈ RNnr×(6−l).
Then, the fault detection can be achieved via the following
hypothesis test:

H0 : J ≤ Jth =⇒ fault-free

H1 : otherwise =⇒ faulty (14)

whereJ is the test statistic andJth is its corresponding threshold.
In this article, J for Zp and Zr can be defined in terms of

T 2
p = ‖Λ1/2

p ZT
p ‖2, T 2

r = ‖Λ1/2
r ZT

r ‖2. (15)

Accordingly, Jth for T 2 in (15) can be obtained via the probabil-
ity density functions (pdf) of T 2 and the acceptable significance
level α.

Remark 1: The mapped features are obtained via the moving
average-PCA, based on which the test statistics are then de-
fined. Main advantages of the aforementioned procedures are as
follows.

Algorithm 1: Off-Line Design for Fault Detection (Inputs:
Xnr; Outputs: Pp, Pr, JT 2

p ,th
, and JT 2

r ,th
).

1: Preprocess Xnr via the moving average technique and
define it as Xnr;

2: Obtain two loading matrices Pp and Pr via (10);
3: Generate the feature nodes via (12) and form the

feature matrix Z via (13);
4: Define two test statistics in terms of (15) and

determine their corresponding thresholds JT 2
p ,th

and
JT 2

r ,th
based on PDFs of T 2 and given α.

1) By incorporating historical information hidden in a sliding
window, the moving average technique has an improved
performance on detecting small abnormalities [17].

2) It is of highly computational efficiency because of the
powerful ability in processing original data via PCA [36].

3) T 2 defined in (15) can deliver optimal detectability for
additive faults. [37].

∇
Based on the abovementioned discussion, the fault detection

algorithm using mapped features in the offline phase is summa-
rized in the following algorithm.

C. Fault Diagnosis Using the Broad Model

As mentioned in Section III-A, the data acquisition system
equipped in high-speed trains provides sufficient datasets, in-
cluding both normal and fault datasets. These fault datasets are
the fundamentals for successful fault diagnosis for high-speed
trains using the broad learning system.

Given Xk,f in (8) for k = 1, . . . ,K, all the feature nodes of
Xk,f can be obtained based on the established PCA model as
follows:

Zk,p = Xk,fPp, Zk,r = Xk,fPr. (16)

Then, the kth feature matrix corresponding to the kth type of
faults can be formed by

Zk := [Zk,p Zk,r]. (17)

The m sets of enhancement nodes corresponding to the kth type
of faults can obtained by the following random projections:

Hk,j = ϕj(ZkWhj
+ βT

hj
), j = 1, . . . ,m. (18)

The enhancement matrix includingm sets of enhancement nodes
can be further defined as

Hm = [Hk,1 Hk,2 · · · Hk,m] (19)

whereHk,j ∈ RNk,f×q andHm ∈ RNk,f×mq. Hence, the broad
model used for fault diagnosis, according to (5), can be obtained
in terms of

Yk = [Zk|Hk,1 Hk,2 · · · Hk,m]Wm
k

= [Zk|Hm]Wm
k

(20)
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Algorithm 2: Off-Line Design for Fault Diagnosis (Inputs:
Xk,f ; Outputs: W ).

1: Define Zk via (17) based on the moving average
technique and loading matrices (i.e., Pp and Pr)
obtained from Algorithm 1;

2: Set j = 1 and j ≤ m;
3: Generate random parameters Whj

and βhj
;

4: Obtain j-th enhancement node Hk,j via (18);
5: If j < m, then j = j + 1 and go back to 3; otherwise,

continue;
6: Define the enhancement matrix Hm via (19);
7: Calculate the weighted matrix Wm via the ridge

regression approximation method;
8: Compute the MR via (22);
9: If MR is acceptable, go to Step 11; otherwise,

continue;
10: Generate a set of new random parameters Whm+1

and
βhm+1

, then compute Hm+1 and Wm+1; and go back
to Step 8;

11: Output W .

where the weighted matrix Wm
k can be calculated via the ridge

regression approximation [34] such that Wm
k = [Zk|Hk,j ]

†Y ∈
R(6+qm)×K .

Here, Yk is the output of the modified broad model, which
corresponds to the kth type of faults. In this article, the misdi-
agnosis rate (MR) of fk can be defined as follows:

MR = P(fk̄|fk), k̄ �= k. (21)

In order to obtain the optimal parameter Wm, MR is adopted as
the training error of the modified broad model. Hence, (21) can
be equivalently calculated by

MR = P(Yk̄|Yk), k̄ �= k. (22)

Compared with the existing fault diagnosis methods using
neural networks such as [32], the optimized computational
efficiency of our proposed method can be easily achieved, as
summarized in the following remark.

Remark 2: It is worth pointing out that: 1) the designed FDD
method from (16) to (22) can be carried out when the fault-data
sampling with the corresponding labels are received; 2) without
using deep structures of neural networks, the improved ability of
fault diagnosis can be accomplished via broadening the network
structure. ∇

Combing with Algorithm 1, the training using the broad model
for fault diagnosis purpose in offline phase can be summarized
in Algorithm 2.

As described in Algorithm 2, the update of the BLS is focused
on the increment of enhancement nodes to improve the learning
ability, and hence, to enhance the performance of fault diagnosis.

Remark 3: Without sophisticated design or a priori on traction
systems of high-speed trains, the essential idea of the proposed
method is that the modified PCA has been embedded into BLS
to generate real-time decision of FDD. ∇

Fig. 4. Traction converters of high-speed trains.

Algorithm 3: Online Fault Detection and Diagnosis (Input:
xon; Output: Yk).

1: Read a new observation xon and form xon in a sliding
window according to (9);

2: Recall the training parameters Pp, Pr, JT 2
p ,th

, and
JT 2

r ,th
in Algorithm 1 and W in Algorithm 2;

3: Declare an alarm if a fault appears according to (12)
and (15), and continue; otherwise, go back to step 1;

4: Make a fault decision on xon according to (17), (19),
and (20); go back to Step 1.

D. Online Implementation of Fault Detection and Diagnosis

Following two training procedures presented in
Algorithms 1 and 2, the online implementation of FDD
with superior computational efficiency and diagnostic accuracy
is formulated in Algorithms 3.

IV. EXPERIMENTS

In this section, case studies including detection and diagnosis
of incipient faults in traction systems platform of a high-speed
train [38] will be described in detail. It is used for fault injection
online. As a testing system before train operation, this platform
has important guiding significance. The testing results are also
have a critical reference value for high-speed trains.

A. Fault Types of Traction Control System

The experimental model is constructed via dSPACE that
contains the motors, transformers, and inverters presented in
Figs. 4 and 5. In this application, three typical types of incipient
sensor faults are considered as follows.

1) Fault case f1: The first fault f1 occurs in the current
sensor for A-phase after 400 s. This type of fault has
strong transmission characteristics, it will propagate to
the whole traction system because of the feedback of the
double-PI controller and thereby affects the whole system
performance. Here, f1 = 0.15 A.

2) Fault case f2: The second fault f2 is introduced on the
upper bridge of dc link after 400 s in an open-loop manner.
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Fig. 5. Traction motors of high-speed trains.

Fig. 6. Detection results for f1.

The characteristic is that the injected fault will only affect
the monitoring results. Here, f2 = 10 V.

3) Fault case f3: The last fault f3 arises by incipient changes
in the speed sensor after 400 s. The characteristics are
similar to those of f1, this fault will affect the performance
of the traction system because of the feedback controller.

It should be noted that the abovementioned incipient faults
were suggested by engineers of high-speed trains such that they
are usually considered in the practical high-speed trains.

B. Fault Detection and Diagnosis

Detailed detection results adopting the proposed method for
incipient faults abovementioned are given in Figs. 6 through 8
where blue solid lines are test statistics defined in (15) and red
dotted lines are the corresponding thresholds. The confusion
matrix, which is also called as an error matrix, can display fault
diagnosis results. In accordance with (21) and (22), a confusion

Fig. 7. Detection results for f2.

Fig. 8. Detection results for f3.

matrix corresponds to a ratio, the analysis of which shows that
fault should be kth one, but it turns out to be k̄th fault, where k =
1,2,3. After successful detection of faults, the diagnosis results
using Algorithm 3 are summarized via the confusion matrix in
Fig. 9.

Fig. 6 presents the detection results for f1 using mapped
features in the proposed method. It can be easily observed thatT 2

r

can promptly declare this fault while T 2
p fluctuates up and down

across its threshold because of the effective double-PI controller
[39]. The detection results can not only show the effectiveness
of the designed algorithm to detect f1 but also are consistent
with the description on this fault.

Based on the depiction in Fig. 7, the proposed method can
rapidly detect f2 by T 2

p after its occurrence. Whilst, T 2
r is not

sensitive to f2, it does not have obvious fluctuations caused by
the regulating effect of the double-PI controller. In addition,
there is a false alarm in 390 s. Actually, false alarms are permis-
sible within a reasonable range. It is clear from Fig. 7 that the
fault can be detected successfully.

After f3 is introduced to the speed sensor, great fluctuations
caused by the regulating effect of the double-PI controller appear
after 400 s, as displayed in Fig. 8. However, before T 2

r returns to
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Fig. 9. Confusion matrix of diagnostic results for three faults using the
proposed method.

TABLE I
PERFORMANCE COMPARISON USING SIX METHODS

the normal level, it only shows partial and unsatisfactory detec-
tion performance. Fortunately, although T 2

p cannot successfully
detect f3 from 433 s and 438 s, its fault-detecting capability has
recovered after 438 s.

Based on the abovementioned detection results, fast diagnosis
has been achieved. The results of fault diagnosis are summarized
in Fig. 9. The diagnostic accuracy for f2 and f3 is higher than
that for f1. In general, the total diagnostic accuracy for three
incipient faults is 97.8% and, thus, is satisfactory in practice.

C. Discussions

In order to demonstrate the superior performance of the
proposed method including diagnostic accuracy and computa-
tional accuracy, comparison results using six methods are given
in Table I. The diagnostic performance of deep learning and
broading learning was compared under different conditions. In
this study, a favorable setting is used for obtaining the reliable
results. In addition, as shown in Table I, four conditions mean
that the training and test datasets cover the operation conditions
under normal, f1, f2, and f3; three conditions only consider the
operations with f1, f2, and f3.

It is easy to see that, based on diagnostic results in Table I,
improvements of the proposed method over other five methods

Fig. 10. Confusion matrix of diagnostic results for four conditions using BLS.

Fig. 11. Confusion matrix of diagnostic results for four conditions using PCA
and BLS.

for FDD are indicated explicitly. Meanwhile, the test time for per
sample is 1.8 × 10−4s, which is less than the sampling interval
4 × 10−4s [17]. It should be noted that the proposed method in
this article is different from “PCA+BLS”, which is adopted the
original method in both fault detection and diagnosis.

In addition, the diagnostic results directly using BLS are
shown in Fig. 10. Although the BLS can make faster fault
decision than our proposed method, its diagnostic accuracy is
only 75.7%, which will cause a number of false alarms. Similar
to the direct applications using BLS, PCA, and BLS can be also
used to make a direct fault decision for four conditions, and
the corresponding results are given in Fig. 11. It can be clearly
observed that, the total diagnostic accuracy of this method is
88.3%, which is unsatisfactory. Meanwhile, the direct use of
PCA and BLS can cause more computational loads than the
proposed method because more parameters need to be trained
and obtained. The FDD framework proposed in this article has
achieved a satisfactory diagnostic result. But there are still some
problems for applications.

1) The distribution of data is non-Gaussian, which increases
the difficulty of feature extraction in traction systems.
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2) The characteristics of high sampling frequency, large-
scale measurement points, and multisource data bring
challenges to FDD task.

3) Massive amounts of data lead to heavy computing loads.
The demand of real-time ability for traction systems is an
urgent problem.

V. CONCLUSION

In this article, a real-time and data-driven fault diagnosis
scheme for traction systems of high-speed trains has been inves-
tigated. An enhanced fault detection and diagnosis architecture
using the modified principal component analysis and broad
learning system has been developed in this article. The exper-
iments on traction systems have clearly demonstrated that the
proposed FDD method can effectively reduce the computational
load while maintaining the satisfactory diagnostic accuracy.
Based on this study, future challenging issues will be focused
on performance evaluation and fault prognosis using MSA and
BLS techniques.
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