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Dear editor,
We propose a data-driven health monitoring
method for running gears of a high-speed train. In
the proposed approach, the principal component
analysis (PCA) method is used to perform feature extraction while the belief-rule-base (BRB)
method is used to perform health monitoring
tasks. To improve the monitoring performance,
constraints of the covariance matrix adaptive evolution strategy (CMA-ES) is used to optimize the
monitoring parameters of the BRB method. Similarly, to verify the effectiveness of the proposed
health monitoring approach, a set of real data of
a high-speed train is used in the case studies.
The running gears of a high-speed train are a
complex electromechanical system. At present,
the common methods for the health estimation of
complex electromechanical systems can be divided
into qualitative analysis methods [1,2], data-driven
methods [3–5], and analytical model-based methods [6, 7]. The data-driven methods solve the gear
health estimation problem of complex electromechanical systems using the monitoring data; however, less amount of effective fault data are available, which leads to the generation of inaccurate

results by the estimation model. The analytical
model-based methods have a high prospect for use
in the mechanism analysis of an object. A complete research-analysis model is not applicable to
the running gear model discussed in this study.
Thus, this study presents a PCA-BRB aided
health monitoring method for running gears of a
high-speed train that combines both the expert
knowledge and monitoring data to establish the
model. First, the key antecedent attributes in
the PCA screening for the BRB model helps to
simplify and improve the BRB model calculation.
Subsequently, a nonlinear model was established
because BRB has a good modeling ability for nonlinear data with fuzzy uncertainty or probability
uncertainty [8]. The failure data of running gears
provide a better solution. Finally, the parameters
were updated using a CMA-ES algorithm in the
initial BRB model. Furthermore, to improve the
accuracy of the model, an effective health estimation model of the running gears was established.
The proposed running gear health monitoring
method for a high-speed train comprises three major stages, which are described as follows.
Stage 1. Filtering out the key features using
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PCA. PCA was performed to obtain the first principal component of the running gears. To ensure
the key feature of physical meaning, the “maximum balance value” factor was used for rotation
in this study. The key feature of the principal
component contribution was selected at “cumulative principal component greater than 0.70” and
“eigenvalue greater than 1”.
Stage 2. The system of health estimation for the
running gears comprises many of the belief rules of
the BRB model. The BRB model can be described
as follows:
^
^
k
Rk : If x1 is D1k
x2 is D2k · · ·
xM is DM
,
then {(Y1 , θ1,k ), . . . , (YN , θN,k )}, with a rule

weight αk and attribute weight η1,k , η2,k ,
. . . , ηM,k ,
(1)
where xi (i = 1, 2, . . . , M ) is the i-th antecedent
attribute, Dik (i = 1, 2, . . . , M ; k = 1, 2, . . . , L) is
the value of the xi antecedent attribute in the kth rule, L is the total number of rules in the BRB,
θj,k is the belief degree of conclusion part in the kth rule for the j-th estimation result Yj , αk is the
rule weight of the k-th rule, and ηi,k is the weight
of the i-th antecedent attribute.
The final expected utility of the running gears
of the high-speed train can be obtained using the
following three steps.
Step 1: Calculate the antecedent attribute
matching degree ϕki,j , which is the degree of matching between the antecedent attribute and the rule:

k


1 − ϕi,j , k = l + 1,
ϕki,j =

Dil+1 −xi
,
 Dil+1 −Dil

k = l (Dil 6 xi 6 Dil+1 ),


0,

k = 1, 2, . . . , N (k 6= l, l + 1).
(2)
Step 2: Calculate the belief rules activation
weight ψk and the antecedent attribute that can
activate some belief rules in the BRB:
QM
αk i=1 (ϕki )ηi
ψk = PL
,
(3)
QM
l ηi
i=1 αl
i=1 (ϕi )
ηi =

ηi
,
max {ηi }

(4)

i=1,2,...,M

where ψk ∈ [0, 1], k = 1, 2, . . . , l, and ηi denote
attribute weights.
Step 3: Using the ER algorithm for reasoning [8], the final output S(x) of the BRB can be
obtained as
S(x) = (Yj , θˆj ), j = 1, 2, . . . , N ,

(5)

where θˆj is relative to the belief degree of estimation result Yj .
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In the above three steps, the final expected utility of the running gears of a high-speed train S(x)
can be expressed as
y = µ(S(x)) =

N
X

µ(Yj )θ(j).

(6)

j=1

Stage 3. We establish the objective function
ξ(Q) as
U
1 X
ξ(Q) =
(ỹn − yn )2 ,
(7)
U n=1

where Q = [αk , ηi , θj,k , µ(Yj )]T is a column vector
of the BRB parameters, U is the number of data
of key features, the ỹn and yn values are similar,
and the constructed objective function takes the
minimum value minQ {ξ(Q)}.
The objective function problem can be solved
using the CMA-ES algorithm. The algorithm controls the optimization direction of the whole parameters by controlling the covariance matrix and
helps in getting a fast convergence of small population to obtain an optimal solution. It can also be
used to solve unconstrained optimization problems
as well as boundary constraints.
Experiments. By analyzing the running gear
system and using PCA, temperature and vibration
were selected as key features. Based on the expert
knowledge, the temperature and vibration reference levels, including Normal, Medium, and High,
are expressed as H, U, and F, respectively. The
health condition reference levels including Normal,
General, and Fault, are expressed as H, G, and F,
respectively. The temperature and vibration reference values were divided into three levels forming
a total of nine belief rules. The health estimation
model can be expressed as
^
Rk : If temperature is D1k
vibration is D2k ,
then the condition is {(1, θ1,k ), (2, θ2,k ),
!
N
X
(3, θ3,k )},
θi,k 6 1 ,
i=1

k ∈ 1, 2, . . . , 9.

(8)

According to expert knowledge, the estimated
value was not well adapted for the monitoring
data. Hence, it is necessary to optimize the parameters by CMA-ES optimization method as shown
in Figure 1(c). In the first rule H AND H, it means
that the temperature and vibration are in a normal state, and the health condition of the running gear system should also be kept in a normal
state. The initial health condition of the running
gear system was set to {(S1 , 0.9), (S2 , 0.1), (S3 , 0)},
and {(S1 , 0.8172), (S2, 0.1828), (S3 , 0)} is obtained
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Figure 1 (Color online) (a) Result of the updated BRB estimation of health status of the running gear system;
(b) temperature and vibration data distribution status results; (c) CMA-ES optimized BRB parameters.

by updating and optimizing. Figures 1(a) and (b)
show that the BRB model can accurately assess
the state of health of the running gear system of
high-speed trains.
Conclusion. In this study, we proposed a PCABRB aided method for the health estimation of the
running gear system for high-speed trains. PCA
was used to transform the features of the running
gear system into the main component and the key
contribution of the principal component was reversed. The proposed method was realized using
the relation among BRB model, health estimation,
quantitative monitoring data, and expertise based
on CMA-ES algorithm for optimization and utilization of ER algorithm to estimate the reliability
of the running gear system. An instance based on
the health estimation of running gear system of a
high-speed train shows that the BRB model can
effectively reflect the health estimation of the running gear system and can be applied to practical
engineering problems.
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