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ABSTRACT The running gear is a vital component of a high-speed train to ensure operation safety.
Accurately predicting the future health status of the running gear is significant to keep the reliability and
safety of trains. It is difficult to predict the future health status based on the analytical model of the running
gear system because of its complexity and coupling. Moreover, the fault data are a minor part of tremendous
data in the running and monitoring process of a high-speed train, which obstructs accurately predicting the
health status based on a data-driven method. To solve the above problems, this paper proposes a health
status prediction method based on the belief rule base (BRB) for the running gear system. First, a failure
mechanism is analyzed to confirm the fault characteristics, which can represent the health status of the
running gear system. Second, in order to avoid the limitations of a single sensor acquisition, such as a
lack of comprehensiveness and robustness, singular value decomposition is used to achieve multisensory
information fusion. The fused features are used as the input to the health status prediction model. Data
fusion is a way to improve the precision of the health status prediction in the model input. Then, this model
based on the BRB is established using the fault data and expert knowledge. During the process of prediction,
the subjectivity of experts makes the initial BRB imprecise, so a projection constrained covariance matrix
adaptive evolution strategy algorithm is needed to optimize the initial parameters and improve the accuracy of
the proposed model. Finally, a case study for the running gear system is carried out to verify the effectiveness
and accuracy of the proposed model. The results show that the proposed model can help to accurately predict
the health status of the running gear system.

INDEX TERMS Belief rule base, projection constrained covariance matrix adaptive evolution strategy, fatal
degree, singular value decomposition, health status prediction.

I. INTRODUCTION

As the key equipment of a high-speed train, the failure of
the traveling section will affect the safety and comfort of the
high-speed train, and even make it possible to run off the
track [1], [2]. A reasonable prediction of the health status of a
running gear can effectively improve the safety and reliability
of the system. Additionally, it can prevent casualties and
economic losses due to failures [3], [4]. Therefore, this paper
studies the health status prediction of a high-speed train’s
running gear system to improve the reliability of the running
gear and guarantee the safe operation of the high-speed train.

A high-speed train’s traveling section is typically a
complex electromechanical system with many units and
complex structures. Currently, the common health status
prediction methods for complex electromechanical systems
are divided into three categories: analytical model-based
methods, data-driven approach and qualitative knowledge-
based approach [5]-[7]. Methods based on analytical mod-
els include such as Kalman filtering [8], [9]. By analyzing
the mechanism of the system, a nonlinear analytical model
is established to make a reasonable prediction of the next
step of the system. However, this kind of method relies too
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heavily on the mechanism analysis of the research object,
and it is very difficult to directly establish an analytical
model for a complex electromechanical system. Recently,
the data-driven intelligent learning model has been developed
rapidly and is widely used. This kind of method can solve the
prediction problem of complex nonlinear systems [10], [11]
based on a large amount of monitoring data, such as the sup-
port vector machine (SVM) [12], [13] and the hidden Markov
model (HMM) [14]. These are typical methods based on mul-
tivariable statistics, which use monitoring data to establish
nonlinear prediction models of complex systems and judge
system faults by failure thresholds [15], [16], thus predicting
the future status of the system. The models of the BP neural
network and artificial neural network (ANN) [17]-[19] are
based on non-statistical quantitative analysis methods and
do not require knowing the corresponding knowledge in
advance, thus simplifying the complexity of the problem. The
above mentioned data-driven methods have a simple model-
ing mechanism and high prediction accuracy for some prob-
lems when predicting the health status of complex systems.
However, such methods lack an explanation for the mecha-
nism of system changes when they have a large amount of
monitoring data, making it difficult to identify small patterns
from large-scale data and resulting in a poor generalization
ability of the system. There are some methods based on qual-
itative analysis. For example, the document in [20] and [21]
proposes a prediction model based on a fault tree analysis
and establishes several fault trees according to different fault
categories in order to predict the failure mode of the system.
However, when this type of method is used to deal with com-
plex systems, the branch calculation is complex, which makes
qualitative analysis difficult. The expert system method is the
most commonly used qualitative knowledge model. Due to
an insufficient analysis of quantitative knowledge contain-
ing a qualitative analysis, the prediction results are not very
accurate. Although the above method can solve the problem
of the health status prediction of a high-speed train travel-
ing section through the data-driven method, in the traveling
section system, there are only small-scale failure data in a
large number of monitoring data, and the effective modal data
are insufficient, resulting in inaccurate prediction results. It is
difficult to construct a health prediction model to reflect the
dynamic changes of future behavior by means of a mecha-
nism analysis because of the close coupling between compo-
nents and the complex structure in the traveling department
system. Therefore, to solve the problem where the existing
methods only consider the limitation of a single knowledge,
fuzzy, uncertain information, etc., Yang et al. described the
belief rule base modeling concept [22] based on the evidence
reasoning method [23] on the basis of the D-S theory [24],
fuzzy theory [25] and the traditional IF-THEN rule base,
where the confidence level is introduced and combined with
expert knowledge to reflect the behavior of the complex sys-
tem. A rule base [26], [27] containing all the confidence levels
of the results can well deal with the problem of the health
status prediction of the complex system [28]. To this end, this
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paper proposes a BRB-prediction model based on the health
status for a high-speed train running gear system, which uses
semiquantitative information to establish a health status pre-
diction model for the system. A singular value decomposition
is used to fuse multisensory information. The singular value
after the decomposition cannot correctly correspond to the
information of the sensor, and the singular value is updated by
the QR decomposition, so that the information corresponding
to each sensor is accurately obtained, and the accuracy of the
fusion result is improved, the fused features are used as inputs
of the prediction model. The parameters of the models are
optimized using the P-CMA-ES algorithm [29]. This method
constructs a new prediction model containing semiquantita-
tive information, which not only objectively describes the
system but also accurately predicts the health status.

This article is arranged as follows: in the second part,
the failure mode of the traveling section system and the fatal
degree of the monitorable components are analyzed and then
are reasonably selected as the key characteristic quantity of
the high-speed train’s health status. In the third part, a health
prediction model for the high-speed train running gear is
proposed. The fourth section gives the actual verification of
predicting the health status of the high-speed train traveling
section and illustrates the effectiveness of the proposed algo-
rithm, followed by concluding remarks in the last section

Il. MECHANISM ANALYSIS OF HIGH-SPEED

TRAIN RUNNING GEAR

The main task of the high-speed train running gear system is
to maintain the high-speed stability of the train operation and
reduce the wheel-rail interaction force. Its structure diagram
is shown in Fig. 1 below.

FIGURE 1. Diagram of the high-speed train running gear system.

In the running gear system. the frame carries the instal-
lation of various parts of the running gear and also bears
various forces during the running. Including the wheelset in
direct contact with the rail, the gravity of the carriage and the
adhesion traction force and braking force between the rail and
the frame is the frame of the running gear, and the wheelset
makes the high-speed train run normally on the rail through
rotation, which makes the axle box device connecting the
frame and the wheelset components especially important. The
axle box is the key equipment for ensuring the free rotation of
the wheelset and the normal running of the high-speed train,
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which is also the key equipment for ensuring operational
safety.

For the sake of restoring the real running status of various
parts of the train running gear, according to a large amount
of maintenance data collected by the General Administration
of Railways in a certain year, classification processing was
performed to obtain the fault location and fault type table of
the high-speed train running gear, as shown in Table 1.

It is obvious from Table 1 that there are a total of 40
failure modes and 98 specific failures in the running gear sys-
tem, among which the wheel-to-axle box positioning device
includes 33 shafts and axle boxes, which account for 33.6% of
faults. It can be seen from Table 1 that the axle box device has
a high failure rate in several running components, but the true
situation in the failure mode cannot be obtained. Although,
according to Table 1, we understand the failure mode and the
cause of the train running gear, it is still unclear how fatal the
failure mode is for each running function. Therefore, the anal-
ysis can monitor the lethality of the components to grasp the
real operation of the key components, and intuitively reflect
the health of the high-speed train.

When component i fails in failure mode j, the fatal degree
of the component is:

CR,’j = aijﬂij}‘-i (1)

The component i in failure mode j; B;; is the probability of
a loss in the function condition that component i will cause
component damage in failure mode j. If its value is 1, it means
that damage must occur. Possible damage is indicated by 0.5;
0.1 indicates that damage will rarely occur; and 0 means no
effect. A; is the average failure rate used for the component i to
become a basic failure component. Its calculation formula is:

(@)

n;

i T
where n; is the total number of failures of component i within
the specified time, T; is the jy fault interval in the fault
interval time series of component i within the specified time,
and m is the number of fault intervals.

After processing and calculation, the fatal degree analysis
results of monitorable components in a high-speed train oper-
ation are shown in Table 2.

The other components in Table 2, including those with
lower dead lies such as couplings and brake calipers, have
a lower risk of failure. Among the detectable components in
operation, the axle box is the most lethal mainly because it
bears the connection between the frame and the wheelset, and
the vibration triggered by the indirect contact between the
components during the running of the train easily damages
the axle box device. In addition, the vibration of the bearings
during operation, poor lubrication, and other factors will
cause the shaft temperature to exceed its limit, changing the
internal structure of the component material. The bearing is
connected to the wheelset group in the running gear system,
so the key components such as the axle box and other com-
ponents will be slightly rubbed. This causes an additional

A
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TABLE 1. Statistics of failure modes of running gear system.

Effective .
. Frequency / Percentage Cumulative
Failure mode . percentage
time % % percentage %
0
Safety valve air leakage 1 1.02 1.02 1.02
Wheel tread damage 2 2.04 2.04 3.06
Abnomal wear of shaft 6 6.12 6.12 918
grounding device
There are oil marks on the 2 204 204 11.22
shaft end
O!l level observgtlon 1 1.02 1.02 12.24
window leaks oil
Gearbox damage 2 2.04 2.04 14.28
The waterproof retainer
ring of the gearbox comes 1 1.02 1.02 15.3
out
Oil leakage from gearbox 2 2.04 2.04 17.34
Auxiliary air compressor | 1.02 1.02 1836
connector failure
The he{ght control valve | 1.02 1.02 19.38
leaks oil
Frame crack 1 1.02 1.02 20.4
The baffle is damaged 1 1.02 1.02 21.42
Laterallshock absorber 3 306 306 24.48
leaks oil
The ventilator vibrates 1 1.02 1.02 255
greatly
Anti - snake connecting I 1.02 1.02 26.52
rod damage
Anti - hunting shock 8 8.16 8.16 34.68
absorber oil leakage
Anti - hunting shock 1.02 1.02 35.7
absorber failure
Air spring failure 1 1.02 1.02 36.72
Air spring air leakage 3 3.06 3.06 39.78
Wheel set tread defect 1 1.02 1.02 40.8
Wheel set abrasion 9 9.18 9.18 49.98
Qll leakage from wheel 3 3.06 3.06 53.04
disc
Disc damage 1 1.02 1.02 54.06
Speed sensor failure 3 3.06 3.06 57.12
Fall}lre of tread cleaning 1 1.02 1.02 58.14
device
Compression device 1 1.02 1.02 59.16
failure
The brake caliper leaks oil 1 1.02 1.02 60.18
Brake duct support weld 1 1.02 1.02 612
break
Brake clamp clearance is 1 1.02 102 62.22
too small
Shaft brake shoe 1.02 1.02 63.24
temperature is too high
Defect detection of hollow 4 4.08 4.08 6732
shaft
Shaft disc damage 4 4.08 4.08 71.4
Shaft box anti-vibration
rubber deformation 1.02 1.02 7242
Shaft box front cover 3 3.06 3.06 75.48
failure
The shaft box body is 408 408 79.56
provided with grease
Shaft box bearing 14 14.32 1432 93.88
temperature overrun
Cracks in the bearings of
the primary suspension 2 2.04 2.04 95.92
shaft box
Axle box bolt missing 1 1.02 1.02 96.94
Main transformer fault 1 1.02 1.02 97.96
Main transformer oil 2 204 204 100
leakage
Total 98 100 100

vibration of the bearing. Therefore, the shaft temperature
and bearing vibration are selected as two important features
of the system. Due to the lack of comprehensiveness and
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TABLE 2. Analysis fatal degree of monitorable components (part).

Model Component
Cause of
Parts Failure mode Fault effect a; ﬂl] lethality A/ 10 lethality
failure
/10* - h /10% - h
axlebox it injury  OPorating Axle box damage  0.038 0.1 0.069 6.512 257224
body environment
Axle box front  Operating Axlebox damage  0.114 0.1 0.069 — —
cover cracked environment
Axle box anti- . P
vibration rubber _OPerating - Anti - vibration effect ) 30 0.5 0.344 . -
deformation environment becomes worse
Shaft abrasion Operating Shaft damage 0.076 0.1 0.069 S —
environment
Outer windshield Operatmg Outer \ymdshleld effect 0.038 01 0344
rubber hole tear  environment is worse
Axle box enq cover Operatmg Lubrication effect is 0.038 05 0344
deformation environment affected
Poor
Axle box bearing  lubrication of ~ Lubrication effect is 05 05 314
temperature overrun  shaft box affected ’ ’ ’
bearings
debris in the hollow Operatmg easy to cause shaft 012 01 0.069
axle environment injury
Supplier
Slight spratch on the manufagturmg Poor lubrlcathn of shaft 0.038 01 0.069
bearing surface quality box bearings
problems
Gearbox Pinion outer
CarboX — vlinder offset with To be analyzed Pro 0.14 0.5 0.321 4.356 1.934
composition
clearance
Oil leakage from Operatmg Lubrication effect is 03 05 0.642
gearbox environment affected
Oil level Operatin
observation window P & Lubrication is worse 0.14 0.5 0.321 — —_—
leaks oil environment
Gearbox damage Operatmg Gearbox damage 0.28 0.5 0.642 — —
environment
Improper use
Gearbox grease and Lubrication is worse  0.14 0.1 0.0642 — —
expired .
maintenance
Supplier
Lateral shock  Lateral shock .. manufacturing  Poor damping effect 1 0.5 1.586 4.125 2.0625
absorber absorber leaks oil .
quality problem
Tractloq Tod Rubber Joint Operatmg Affect the per.formance 05 1 114 269 1.4795
composition cracking environment of the traction rod
Side rubber node  Side rubber  Deteriorating rubber
0.5 0.1 0.856 E— e
breakage node breakage  node performance
robustness of single sensor acquisition, multisensory infor- need to be set through expert knowledge and historical data.
mation fusion will be used to reflect the train health status. However, as the result of a limitation in expert knowl-
In the health prediction BRB model, the initial parameters edge, the initial parameters are indefinite. Therefore, the
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Part 1:Data preprocessing

Part 2:Initial BRB Model

Part 3:Parameter Updating

[Two Feature of High Speed Train Bogitﬂ

Temperature x,and Vibration X, that affect each
other

SVD

x; andx‘2 after fusion treatment

® ]

[Health status prediction}l—[ True status of health J

BRB P-CMA-ES
D, D;,....Dy}

Expert knowledge:

Rule weight
attribute weight
Confidence |

FIGURE 2. Flow chart of health prediction modeling for high-speed train running gear system.

optimization of initial parameters can update the prediction
model more accurately, reflecting the running gear, i.e., the
actual operating status of the system.

Ill. HIGH-SPEED TRAIN RUNNING GEAR

HEALTH PREDICTION MODEL

For the sake of predicting the true health of a high-speed train
at runtime, a model with semiquantitative information is pro-
posed to process the prediction problem. As shown in Fig. 2,
the structure of the model is mainly divided into three parts.
In the first part, after the data collected by different measuring
points are merged, a health status prediction model is estab-
lished as a key feature input model. In the second part, based
on faulty data and expert knowledge, a BRB health prediction
model is constructed. The initial parameters in the model are
updated using P-CMA-ES.

A. DATA FUSION
For the sake of reducing the errors caused by environmental
factors, such as sensor quality, and restore the real health
status of trains, multisource sensor data are fused. A more
effective method of data fusion is a singular value decom-
position, which can preserve the original trend while ensur-
ing that the abnormal point is eliminated. It has six steps,
as follows:

Step 1: Build an input matrix M of multisensory measure-
ment results.

M=[M17M2”MN]

Mi(1) My(1) My (1)
M;(2) My(2) My (2)

= : : : S
M) M) My (1)
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where M; represents the observation result of the iy, sensor,
The data acquisition value of the traveling section.
i=1,2,---,N.

Step 2: Denoise with the LOF (local outlier factor) [30] to
obtain the input matrix.

reach-distg (p, 0) = max{k — dist(0), d(p, 0)} @
D oeN; () Teach-disty (p, 0)

Ird =1 5

rdi(p) = 1/( Nl (5)

Irdg (0)
ZOeNk @) lrd]/i ()

INk(P)I
_ 2_0eNi(p) I1di(0)

LOFy(p) =

/1Irdi (p) (6)
M= [M.M. -, M]
1 2 N

My(1)
Ma(2)

M(1)

Mn(2) 7

M)  Ma(l) Mn(0)

where d(p, o) represents the Euclidean distance between
o and p, di(p) represents the kth distance of the point of p,
Ni(p) represents the kth distance neighborhood of the point
of p, reach-disty(p, 0) represents the kth reachable distance
from point o to point p, Irdy (p) represents the local reachable
density of point p, and LOF (p) represents the local outlier of
the point of p. If LOF, (p) > 1, the point p is determined to be
an abnormal point or an invalid point, Then all the abnormal
points in the data set M that meet the p point requirement are

eliminated, and n < [, the input matrix M is updated after
LOF processing.
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Step 3: Calculate the singular value of the sensor observa-

tion matrix M.

UMYV = diag(o1, - . 0,) € R*Y,  p = min{n, N},

M = VJU, J = diag(oy, - .0,) € RV,

P = rank(M) 8)
where the orthogonal arrays U = [uy,---,uy] € R™"
and V = [vy,---,vy] € RV*N are singular vectors of M,

the diagonal matrix J is the singular value matrix of M, the
diagonal element o, corresponds to the column vector of each

input matrix M.
Step 4: Determine the singular value o, and the position in

the input matrix 1\7[ by QR decomposition [27].

B—UTN MeR"N n=N
=BH" = (QsRp)" = R;Q;
M = UJ; VT

Ji = diag(oy, 03, - - - ,O’I;) e RN 9)

where B is arow vector orthogonal matrix, updating J; = Rg,
v = QB and a singular value op
Step 5: Calculate the influence weight W, of each sensor
Ifn<N,thenp=1,2,--- ,N.

/

W, = ng
>0,
p=1
N
dow, =1 (10)
=1

where 0'1; is the singular value of N sensors.
Step 6: Calculate the estimated quantity M after data fusion
of N sensors

N ~
= ZW,, ‘M (11)
P
p=1

B. INITIAL BRB MODEL FOR HEALTH STATUS
PREDICTION OF RUNNING GEAR SYSTEM
By combining the known detection data with the base rules,
the process provides more information than the IF-THEN
rule operation by introducing parameters such as premise
attribute weights, rule weights, and confidence, which is the
calculation method of the actual situation.
The model & rule is expressed as
Ifxi(t+71) is RS Axa(t+7) is REA
Then {(D1, ¥1.6), -+ -, (DN, ¥ i)}
With a rule weight 6, and attribute weight

S Axp(t+1)is R,

81, ,0M (12)

where x; denotes the iy bogie fault characteristic vector.
T is the delay step. Based on expert prior knowledge and
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historical data. R* denotes a set of reference values entered
by ky rule R* = {R%,.-. R}, (k = 1,---,L). Where
L denotes the total number of rules. Y, x(n = 1,---,N)
denotes belief degree by which D; is considered as the result
whether (xi(t + 1), - ,xpu(t + 1)) = RY, - [ RE), M is
the number of estimation results. D denotes a status vector
for health prediction. And D = [Dy,---,Dy], where N
denotes the amount of status s including the normal status
of the system.

In the process of BRB reasoning, an evidence Reasoning
analysis [28] method is used. In an ER analysis algorithm,
confidence can be obtained directly.

Step 1: Calculate the confidence of the premise attribute
Xi]fj relative to the reference value.

. _ *
M7 J=k(xix < xi < Xigk+1))
Xi(k1) — Xik
Xi]fj(x;k): Xi ik . j=k+1
Xi(k+1) — Xik
0, j=12,- x|, j £k, k+1
(13)

where wy € [0,1,k = 1,2,---
degree of the rule-based or utility-based input information
with respect to the iy, premise attribute of the jy, rule.

Step 2: Calculation method of activation weight wy in the
ks, rule.

,L, Xilfj is the matching

M B —
o TT ()
Il
We= Ty (14)
>0 TT O
=1 i=1

where w;, € [0,1],k=1,2,---

Step 3: Using ER algorithm for reélsoning, we can get the
output of BRB.

,L, S is attribute weight.

S@) = Dy, ). j=1,2,-- ,N} (15)
L M L M
WL TT e+ 1=wie 3 v — [T (L=wi D)l
k=1 i=1 k=1 i=1
Y= T
1= e[ (= wo)]
k=1
(16)
N L M
=0 [ wwiu+1—we Y i) =N = 1)
j=1k=1 i=1
L N
< [Ta=wed vl (17)
k=1 k=1
N
y=u(S@) =Y wDy)y; (18)

j=1

N
where S(x) is the final output of the BRB model, v ; repre-
sents the confidence level relative to the evaluation result Dy,
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y is the expected utility of the S(x) of the high-speed train
running gear.

C. PARAMETER UPDATE ALGORITHM

BASED ON P-CMA-ES

The health status y is solved and the MSE objective function
in (19).

)= +—— Z (y(t)—y(t)) 19)

t T+1
where J = [6k, 6i, Yk, ,u(Dn)]T denotes a column vector

composed of the parameters in BRB, 7 is the amount of data,
and 6, &;, ¥k, Dy are set up.

AN
For the sake of making Y fit y, as much as possible, obtain
the following objective function.

min 9 (J) (20
The constraints are as follows:
min 9 (J)
N
s.t. jzziﬁmk =1
Ofwﬂ,kfl’ n=1’27"'7N;k:1’23"'9L
0561517 i=l,2,"',Mk
0<6 =<1, k=12,---,L (2D

where 6, ¥, x are gave in (19), min() denotes the minimum
value of #(J), and §; is the estimated reference value of
attribute weights.

Use the P-CMA-ES algorithm to constrain the optimiza-
tion objective function, and then optimize the proposed
model. The combination of CMA-ES and the projection
matrix can deal with the constraint problem, reduce the com-
plexity of the model and optimize the population convergence
rate.

The specific optimization steps are as follows:

Step 1: Sampling produces new solutions. Set the sampled
population to the expected value, and the population con-
forms to the normal distribution where the initial expectation
is the parameter vector J of the initial BRB model.

I8N ~ mean® + vEN(0, C8)(g=1,---.p)  (22)

where g is the updated gy, expectation mean, v is the updated
step size, and C is the covariance matrix to be updated.
Step 2: Projection operation.

QU 2o x @—=1) 12 x W
=M Utz xw—1):2, x 0
— B! x B, x B)y™' — B x (B, x BI)™!
x (142, x w—1): 2, x u) x B, (23)

where B, = [1.--1];,,v is the parameter vector,
Ze = (1,---,2%) is the number of constraint variables, and
u=(1,---,2% + 1) is the number of constraint.
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Step 3: Multi-objective constraints. Update the objective
function to be optimized according to the constraint. That is,
the confidence level of the &y, rule in the constraint parameter

N
vector J,, where Y,k € Jg, D g Yk = 1.
The constraint objective function is

Sk (i) = ‘Zle Vi — 1‘ 24)

where Sk (¥n,x) is the constraint function to be optimized for
the &y, rule in the initial BRB.

Step 4: Exchange information and reorganize between dif-
ferent solutions. Combine the selected partial solutions to
obtain the next-generation mean, and then update the target
mean and select ¢ as the updated mean value of the optimal
solution.

Z A (25)

mean®t!

where 7 is the individual Welght, and the sum of all weights
is 1; X is the individual number, and Jf; Uis the i, solution
chosen from A individuals in g 4+ 1 generation.

Step 5: Adjust the covariance matrix.

Cst = (1 —ay — ap)C8 +ayfsH(rsthT

¢ g+l g+l
(i, —means) (J:, — meanS)
+a¢Zu HHE— )T

(26)

where a; and agare learning factors, and f is the evolutionary
path.

Set the initial parameters of the evolutionary path to 0
according to (26) and then update parameter 1.

-1

T = (1 —ay)f + ap (2 —ap)

Zr

meang+] — mean$
x

27

v8
where a, < 1 is the updated parameter of the evolutionary
path and v is the evolutionary step size.

g+1 H

vt = p8ex (—(
P Ewo

where d,, is the damping coefficient, E | N (0, I)|| is the expec-
tation of || N (0, I)||, and I is the identity matrix.

(28)

T
= A —a)ff+ |au@—ay)) e
i=1

mean$t! — means

—~ (29)

where a,, is the parameters of evolutionary path f,,.

Step 6: Iteration.

Through steps 1-5, the most suitable parameter set is deter-
mined. If the condition of the optimal solution is not met, the
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process returns to step 1 and the update is performed until the
condition is met. Then, finish updating parameter set J.

D. CONSTRUCTION STEPS OF THE HEALTH PREDICTION
MODEL FOR HIGH-SPEED TRAIN
RUNNING GEAR SYSTEM
According to the above analysis, four steps of the health
prediction model of the high-speed train running gear are as
follows:

Step 1: Multisensory Data Information Fusion

Step 1-1: Establish an input matrix M of multi-sensor
measurement results (3).

Step 1-2: Use LOF to denoise and get the input
matrix M (4-7).

Step 1-3: Calculate the singular value of sensor observation
matrix M (8).

Step 1-4: Use QR decomposition to determine the position
of singular value o, and input matrix M (9).

Step 1-5: Calculate the influence weight W, of each
sensor (10).

Step 1-6: Calculate the estimated quantity 1<\/[ after data
fusion of N sensors (11).

Step 2: Establish a BRB health model with initial
parameters.

Step 2-1: Experts give attribute weights, reference val-
ues and initial confidence levels according to expert
knowledge.

Step 2-2: Establish a BRB-based health prediction model.

Step 3: The parameters are updated using the P-CMA-ES
algorithm.

Step 3-1: Sampling produces new solutions (22).

Step 3-2: Projection operation (23).

Step 3-3: Multi-objective constraints (24).

Step 3-4: Exchange information and reorganize between
different solutions (25).

Step 3-5: Adjusting the covariance matrix (26-29).

Step 3-6: Iteration. Finish updating parameter set J.

Step 4: The ER analysis algorithm is used for
health prediction to obtain a status of health including
confidence.

The high-speed train travel system was set up, and the axle
box temperature rise and vibration were finally selected to
characterize the health status of the high-speed train travel
section. Since the attribute weight measures the importance
of the health status, if the health status of the high-speed train
is estimated, the vibration of the axle box is as important as
the temperature rise. the attribute weight can be determined
to be 1. Assume that the reference value is set to five levels
to measure the change in the predictive input and to predict
the health of the system. As a complex electromechanical
system, the health department is subdivided into five types.
The more reference values, the more detailed the process of
describing the status of health changes. The fourth section
describes the expert knowledge setting process through
cases.
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IV. ACTUAL VERIFICATION

For the sake of verifying the validity and reliability of the
semiquantitative information model proposed in this paper,
the high-speed train running system is taken as an example
for practical verification. When the data acquisition of the
running gear is selected, the side of the power running gear
of train No. 2 is selected for sampling. Fig. 3 shows the
position distribution of the sensor points and the sampling
point position. A and B are the two measuring points of the
running gear. They are divided into left (L) and right (R),
and the composite sensor is installed on both sides. For the
sake of ensuring the train is in operation, the monitoring data
with a rotational speed of 1000 r/min or above is verified as a
model. As the high-speed train running system is affected by
the operating environment during real operation, the health
status of the high-speed train running gear will be measured,
which is defined as ““Health,” “Wheel Repair,” “Temporary
Repair,” “Garage Repair,” ““Stop to Repair.”

)

FIGURE 3. Distribution of axle box measuring points on bogies.

A. DATA FUSION

In the actual monitoring data, there are singular points in
different measuring points due to factors such as sensor qual-
ity problems and the location of points, as shown in Fig. 4
with (a), (b). For the sake of making the monitoring data
better reflect the health status of the system, (3-11) is now
used to fuse multisensory features, filter out relevant singular
points without destroying the original features of the data,
reduce errors caused by external factors, and finally compress
1000 data volumes, as shown in Fig. 5 with (a), (b).

B. BRB TRAINING MODEL
The five health statuses of a high-speed train running system
are defined as follows:

Health: All parts of the high-speed train work well and
fasteners do not loosen that all indicators meet the factory
requirements. When the train is in this status, the temperature
and vibration are normal, and the amplitude is low, so the
high-speed train can ensure safe running.

Wheel Repair: The parts slightly wear and shaped dur-
ing operation. When the train is in this status, the average
vibrational peak is between 10-13 Hz and the temperature
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FIGURE 4. Trend diagram of four measuring points. (a) Temperature (b) Vibration.
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FIGURE 5. Trend diagram after fusion. (a) Temperature (b) Vibration.

TABLE 3. The referential points.

Temperature Vibration Health status
Referential points Referential values Referential points Referential values Referential points Referential values
VL 13 VL 7 H 1
L 21 L 11 WR 2
M 30 M 15 TR 3
H 39 H 19 GR 4
VH 48 VH 23 STR 5

is between 20 °C-27 °C. Checking of appearance, working
condition and general performance of every part work for
preventive and corrective maintenance. Under this status,
the normal running will not effect.

Temporary Repair: High-speed train reaches a tipping
point of health and malfunction. When the train is in this sta-
tus, the average vibration peak value is between 13 and 16 Hz
and the temperature is between 27 °C-34 °C. In accordance
with the relevant regulations of the Train repair and repair
system, the train needs periodically repair and adjust the
systems and components without disassembling the wheels

VOLUME 7, 2019

in the next maintenance to ensure the normal running of the
train.

Garage Repair: The running function of high-speed train
decreases and some parts are in a bad status, which may lead
to failure. When the train is in this status, the average peak
value of vibration is between 16-19 Hz, and the temperature
is between 34 °C-41°C. As the check seek to improve the
safety of the train. It is necessary to replace or repair the parts
of the train that are monitored.

Stop to Repair: The components of the train are seriously
damaged, and the operation will stop at any time. When the
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TABLE 4. Initial BRB parameter setting.

Health Status Distribution

{D,,D,,D,,D,,D,}={1,2,3,4,5}

Rule Number Rule weights R, and R,
1 1 VL AND VL
2 1 VLANDL
3 1 VL AND M
4 1 VL AND H
5 1 VL AND VH
6 1 L AND VL
7 1 LANDL
8 1 LANDM
9 1 L ANDH
10 1 L AND VH
11 1 M AND VL
12 1 M AND L
13 1 M AND M
14 1 M AND H
15 1 M AND VH
16 1 H AND VL
17 1 HAND L
18 1 HAND M
19 1 H AND H

20 1 H AND VH
21 1 VH AND VL
22 1 VH AND L
23 1 VH AND M
24 1 VH AND H
25 1 VH AND VH

{(D,.1),(D,,0),(Dy,0),(D,,0),(D5,0)}
{(D,,0.9),(D,.,0.1),(D,,0),(D,.0),(D;,0)}
{(D,,0.7),(D,,0.3),(D;,0),(D,,0),(Ds,0)}
{(D,,0.5),(D,,0.5),(D;,0),(D,,0),(Ds,0)}
{(D,,0.3),(D,,0.7),(D;,0),(D,,0),(Ds,0)}
{(D,,0.1),(D,,0.9),(D,,0),(D,.0),(D;,0)}
{(D,,0),(D,.1),(D,,0),(D,,0),(D;,0)}
{(D,,0),(D,,0.9),(D,,0.1),(D,.0),(D;.0)}
{(D,,0),(D,,0.7),(D,,0.3),(D,.0),(D;,0)}
{(D,,0),(D,,0.5),(D,,0.5),(D,,0),(D;,0)}
{(D,0),(D,,0.3),(D;,0.7),(D,.0),(D;,0)}
{(D,,0),(D,,0.1),(D,,0.9),(D,.0),(D;.0)}
{(D,,0),(D,,0),(D,,1),(D,,0),(Ds,0)}
{(D,,0),(D,,0),(D,,0.9),(D,,0.1),(D;.0)}
{(D,0),(D,,0),(D,,0.7),(D,,0.3),(D;,0)}
{(D,,0),(D,,0),(D,,0.5),(D,.,0.5),(Ds,0)}
{(D,,0),(D,,0),(D,,0.3),(D,.0.7),(D;,0)}
{(D,,0),(D,,0),(D,,0.1),(D,,0.9),(D;.0)}
{(D,,0),(D,,0),(D;,0),(D,.1),(D;,0)}
{(D,,0),(D,.0),(D,,0),(D,,0.9),(D;,0.1)}
{(D,,0),(D,,0),(D,,0),(D,,0.7),(D;.0.3)}
{(D,,0),(D,,0),(D,,0),(D,.0.5),(D;,0.5)}
{(D,,0),(D,.0),(D,,0),(D,,0.3),(Ds,0.7)}
{(D,,0),(D,,0),(D,,0),(D,,0.1),(D3,0.9)}

{(D,,0),(D,,0),(D;,0),(D,,0), (D)}

train is in this status, the average peak value exceeds 19 Hz,
and the temperature exceeds 41 °C. At this status, emergency
braking is needed, and the parts of the train monitored should
be repaired immediately to prevent dangerous situations.

In the BRB model, not only are the vibration and tem-
perature indexes important to the health prediction of the
high-speed train running system but also the rule set is equally
important, so o, R> can be assigned to 1. When setting the
reference values for vibration and temperature, the number
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of reference values determines the number of rules, and an
increase in the number of rules will lead to the complex-
ity of model calculation. According to expert knowledge,
the set temperature has five reference levels, including VL
(Very Low), L (Low), M (Medium), H (High), and VH (Very
High), expressed as VL, L, M, H and VH, with the attribute
values listed in Table 3. The set vibration is also expressed as
five reference levels VL, L, M, H and VH, and the attribute
values are listed in Table 3. The health status reference levels
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TABLE 5. BRB parameters optimized by P-CMS-EA.

Rule Number Rule weights R, and R, Health Status Distribution
{D,,D,,D,,D,,D,}={1,2,3,4,5}
1 09872 VL AND VL {(D,,0.8853),(D,,0.0984),(D,,0.0102),(D,,0.0037),(D;,0.0025)}
5 0.0105 VL AND L {(D,,0.1204),(D,,0.2692),(D,,0.0865),(D,,0.4707),(D,0.0532) }
3 0.0835 VL AND M {(D,,0.2845),(D,,0.0713),(D;,0.3961),(D,,0.0045),(D;,0.2436)}
4 0.6629 VL AND H {(D,,0.5547),(D,,0.0337),(D;,0.1419),(D,,0.1960),(D,,0.0737)}
s 04518 VLANDVH  {(D,,0.4522),(D,,0.1163),(D;,0.0420),(D,,0.3797),(D;,0.0099)}
6 05415 LANDVL  {(D,0.5387),(D,,0.1572),(D,,0.2930),(D,,0.0023),(D;,0.0089)}
; 0.0260 LANDL {(D,,0.0705),(D,,0.0122),(D;,0.5571),(D,,0.1293),(D;,0.2309)}
0 0.8960 L AND M {(D,,0.8338),(D,,0.0699),(D,,0.0364),(D,,0.0475),(D,,0.0124)}
0 05869 L AND {(D,,0.3444),(D,,0.3591),(D,,0.0479),(D,,0.0956),(D;,0.1529)}
0 03776 Lanpvi {(D,0.1110),(D,,0.1087),(D,,0.2796),(D,,0.0687),(D;,0.4319)}
. 05231 MANDVL  {(D,,2573),(D,,0.1450),(D;,0.0789),(D,,0.3338),(D;,0.1850)}
0 01624 MAND L {(D,,0.2032),(D,,0.2308),(D,,0.5074),(D,,0.0566),(D;,0.0021)}
3 0.8266 M AND M {(D,,0),(D,,0.2591),(D,,0.5407),(D,,0.1660),(D;,0.0345) }
" 03228 M AND H {(D,,0.1897),(D,,0.2321),(D;,0.0103),(D, ,0.2724),(D;,0.2955)}
s 00831 M AND VH {(D,,0.3319),(D,,0.1725),(D;,0.0652),(D, ,0.1178),(D;,0.3126)}
6 0.0484 HAND VL  1(D,,0.0603),(D,,0.2003),(D;,0.1876),(D,,0.3854),(D;,0.1664) |
1 02672 HAND L {(D,,0.0687),(D,,0.0881),(D;,0.0036),(D,,0.2999),(D;,0.5397 )}
8 06719 HAND M {(D,,0.5049),(D,,0.2352),(D,,0.1657),(D,,0.0413),(D;,0.0529)}
. 0,002 HAND H {(D,,0.0602),(D,,0.0732),(D;,0.0046),(D,,0.5036),(D;,0.3583) }
20 0.6204 1 AND VH {(D,,0.0125),(D,,0.1656),(D,,0.1605),(D,,0.0632),(D;,0.5983)}
. 0.4646 VHANDVL  1(D,,0.0001),(D,,0.0071),(D,,0.0750),(D,.0.6116),(D;,0.3062) |
” 0.1023 VHAND L {(D,,0.2427),(D,,0.0061),(D;,0.2228),(D,,0.1028),(D;,0.4257 )}
’ . VH AND M {(D,,0),(D,,0),(D;,0.0021),(D,,0.0107),(D,,0.9923)}
" 02052 VH AND H {(D,,0.2074),(D,,0.0724),(D,,0.1633),(D,,0.1439),(D;,0.4131)}
’s 04876 VH AND VH {(D,,0.1384),(D,,0.2927),(D;,0.2225),(D, 0.1165),(D,,2298) }
output for the BRB model include H (Health), WR (Wheel The K, rule can be described as:

repair), TR (Temporary repair), GR (Garage repair), and STR
(Stop to repair), expressed as H, WR, TR, GR, and STR, with
the attribute values listed in Table 3.

Ry : If Temperature is Rll‘ A Vibration is Ré

Then health status is {(1 , Y¥1,6), 2, ¥2,6), 3, ¥3.k)s

The temperature and vibration reference values are divided 4, Yar), (5, ¥si)}
into five levels, with a total of 25 confidence rules. According N
to expert knowledge, the health prediction the BRB model of (Z Yok < 1) kel{l,.---,25}
a high-speed train running gear is established. n=1
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FIGURE 6. Two results of the initial BRB model (a) result 1 (b) result 2.

According to expert knowledge, Table 4 sets the initial param-
eters of the BRB model. For example, when the vibration
amplitude is large and the temperature is high, the health
of the high-speed train running gear is poor. The first rule,
VL AND VL, means that the temperature and vibration
are in a very low status and remain normal. The health
status of the high-speed train running gear system should
remain healthy. Thus, the health status of the high-speed
train running gear is assigned to {(D, 1), (D2, 0), (D3, 0),
(D4, 0), (D5, 0)}. The seventh rule, explains the gradual
change from health to the ‘“Wheel repair” of the running gear
system of the high-speed train running gear. L AND L indi-
cate that both the temperature and vibration are decreased to a
low level, and the health status of the high-speed train running
gear system is in ‘““Wheel repair.”” Therefore, the health status
of the high-speed train running gear is given {(D1, 0), (D>, 1),
(D3, 0), (D4, 0), (D5, 0)}.

In the parameter training of BRB, 500 data were selected
from the data set, and the model parameters were updated
using the P-CMA-ES algorithm; with the population size set
to 90 and the number of iteration set to 500. The parameters in
the BRB model were updated as shown in Table 5 after train-
ing. The presumed attribute weights for x; and x; are updated
to 1 and 0.6155, respectively. The red line from Fig. 6 (a)
represents the optimized BRB model output, the blue line
represents the true status of the system, the green line rep-
resents the output of the initial BRB model, it can be seen
from the resulting graph that the red line is more effective than
the green line, and the blue line is well fitted, thus verifying
the effectiveness of the optimized BRB model. As shown
in Fig. 6 (b), the red dot is more suitable than the green dot
to fit the real situation represented by the blue dot. There-
fore, the trained model can better predict the health of the
system.
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C. BRB TEST MODEL

The test data includes 500 data points. From Fig. 7 (a) and (b),
the red line can track the trend of the blue line more
than the green line. According to the result, it can be
change of the test data, and the optimized BRB predic-
tion determined that the prediction result can well follow
the result has more than the initial BRB. A good fit con-
firms the effectiveness of optimizing the BRB model. The
mean squared error (MSE) of the optimized BRB model is
set to 0.1045. Therefore, it is obvious that the optimized
BRB model can more reasonably predict the health of the
system.

D. COMPARATIVE SIMULATION

For the sake of further testifying to the validity of the model,
a classical data-driven method was used to compare and
analyze the proposed method. The BP neural network and
particle filtering model are used to predict the health status of
the high-speed train running components, and the feasibility
of the proposed model to solve the practical industrial prob-
lems is verified. The initial value of the parameters’ BP neural
network is set as follows: net. Train Param. epochs=500, net.
Train Param. goal=0.01 and net. Train Param. 1Ir=0.15. The
health status levels are also defined as 1, 2, 3,4, and 5, denoted
as Health, Wheel repair, Temporary repair, Garage repair, and
Stop to repair, respectively.

Fig. 8 (a) is a comparison of the dynamic change prediction
of the BP neural network compared to the optimized BRB
model. According to the dynamic change prediction results
of the BP neural network, it can be concluded that BP neural
network can initially follow the blue line to predict fit is
better, but the fluctuations are large in the ““Garage repair”
and “Stop to Repair,” and it is impossible to accurately track
changes and predict the health status. Compared with the
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TABLE 6. The MSE of models.
Models MSE
Initial BRB 0.1645
The updated BRB 0.1045
BP 0.5925
0.3249

Particle Filtering

green line, the red line can accurately track the blue line and
predict its health status.

V. CONCLUSION

This paper proposes a predictive model based on semiquanti-
tative information, which is used to predict the its change,
but it fluctuates greatly in the “Temporary Repair” status
and cannot be accurate. The track changes and predicts the

VOLUME 7, 2019

health status. Compared to the green line, the red line can
accurately track the blue line and predict its health.

The particle filter model for predictive analysis and the ini-
tial particle number M=10 can be seen in Fig. 8 (b). In the
“Temporary Repair” status of the Train Param. Ir=0.15. The
health status levels are also defined as 1, 2, 3, 4, and 5, denoted
as Health, Wheel repair, Temporary repair, Garage repair, and
Stop to repair, respectively.
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Fig. 8 (a) is a comparison of the dynamic change prediction
of the BP neural network compared to the optimized BRB
model. According to the dynamic change prediction results
of the BP neural network, it can be concluded that BP neural
network can initially follow the blue line to predict its change,
but it fluctuates greatly in the “Temporary Repair’ status and
cannot be accurate. The track changes and predicts the health
status. Compared to the green line, the red line can accurately
track the blue line and predict its health.

The particle filter model for predictive analysis and the
initial particle number M=10 can be seen in Fig. 8 (b).
In the “Temporary Repair” status of the system, the degree
of health status of the high-speed train running gear during
actual operation. By analyzing the fault mode and fatality
of the train running system, the real-time key features are
obtained. Due to the quality of the sensor and the location
of the distribution point, the data of the existing measure-
ment points are fused, and the relevant singular points are
filtered out without reducing the original features of the
data, thereby reducing the error caused by external factors.
By using the BRB model to establish the contact between the
health status and quantitative fault data and expert knowl-
edge, the P-CMA-ES algorithm is introduced to solve the
problem of parameter inaccuracy in the BRB model given by
experts, optimize the structure of the model, and improve the
prediction accuracy.

An example analysis based on the health status prediction
of the traveling section of high-speed trains shows that the
BRB system trained with the optimization model proposed
in this paper can predict the health status of the traveling
section system well, and the model has a high applicability
to practical engineering problems. It provides a new solution
for practical engineering that cannot obtain a large number
of effective monitoring data through expert knowledge to
predict the health status of complex systems.

For the sake of verifying the feasibility of the model,
two common data-driven methods, the BP neural network
and particle filtering model, are compared with the proposed
model. The results show that the model proposed in this paper
has a high accuracy in the health prediction of a high-speed
train running gear. The model combines the corresponding
expert knowledge in front of a large amount of historical
data and current data to effectively predict the health sta-
tus of the high-speed train running gear in actual industrial
processes.

When using the BRB model, it is necessary to ensure
that the model inputs are independent of one another,
which is conducive to the establishment of a complete rule
base. However, in the actual industrial process, the input
features of the model may not be completely indepen-
dent of one another. When predicting the health status of
high-speed trains, the prediction accuracy is better than
the traditional method. However, when the actual situa-
tion is considered, further research should be conducted so
as to account for the potential correlation between feature
quantities.
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