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Owning to the advantage of keeping the operating environment safe, high reliability, and low production cost, predictive
maintenance has been widely used in industry and academia. Predictive maintenance based on degeneration state mainly
studies the degeneration prediction. However, on account of the error of the sensor and human, condition monitoring data
may not directly reflect the true degeneration. The degeneration model with dynamic explanatory covariates which is named as
proportional hazard model is proposed to deal with the semi-observed monitoring condition. And the degeneration prediction
mainly adopts a single prediction model, which leads to low prediction accuracy. A combination forecasting model can
effectively solve the above problem. Compared to the traditional prediction method, the neural network model can use the
“black box” characteristic to indirectly construct the degeneration model without complex mathematical derivation. Therefore,
we propose a combination BP-RBF-GRNN neural network model which is applied to improve the degeneration prediction
with dynamic covariate. Based on the above two aspects, a predictive maintenance optimization framework based on the
proportional hazard model and BP-RBF-GRNN neural network model is proposed to improve maintenance efficiency and
reduce maintenance costs. The simulation results of thrust ball bearing show that the proposed method can effectively improve
the degeneration prediction accuracy and reduce the maintenance cost rate to a certain extent.

1. Introduction

It can improve the reliability of equipment, greatly reduce
the maintenance cost, and improve production quality, pre-
dictive maintenance (PdM) has been widely used in industry
and academia [1, 2]. Engineers and researchers use
condition-based monitoring data, mathematical models,
and simulation to predict the degeneration process of equip-
ment [3]. Common mathematical models or methods
include artificial neural network, Bayesian network, decision
tree, linear regression, principal component analysis, and
random forest [4]. The data-driven method mines monitor-

ing data to predict potential failure, which can reduce main-
tenance costs and improve reliability [5]. Machine learning
(ML) has currently become an effective tool for PdM appli-
cations [4]. It is normally difficult to describe the physical
degeneration process accurately by modeling. The neural
network model can establish the mapping relationship
between input and output without complex mathematical
derivation. These neural networks try to replicate the way
the neurons in any intelligent organism (like human neu-
rons) are coded to take inputs. And neural networks have
been used extensively for classification problems, detection
problems, pattern recognition, nonlinear regression, feature
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selection, time series prediction, and data normalization. In
solar sunshine intensity, the BP neural network model is
used to predict solar sunshine intensity [6]. In the water
quality, BP neural network can be used to predict the water
quality of Yuqiao Reservoir in Tianjin, and the simulation
shows that the neural network has a good prediction perfor-
mance on reservoir water quality [7]. In the ethanol fuel,
generalized regression neural network can be used to predict
the emission characteristics of ethanol fuel HCCI engine,
and the results show that the error of parameter forecasting
is controlled within 2% [8]. In water evaporation capacity,
GRNN neural network and RBF neural network are used
to estimate water evaporation capacity, respectively [9].

The core idea of PdM is to optimize maintenance pol-
icy according to some criteria, such as risk, cost, reliability,
and availability. The effectiveness of this maintenance
strategy is determined by the age at which PdM takes
place. “Under-maintenance” will result in a high mainte-
nance cost per unit time. “Over-maintenance” will result
in a higher probability of failure and maintenance costs.
The common optimization problems include the optimiza-
tion of the structure, the optimization of maintenance
costs, and the optimization of reliability. As for the opti-
mization of the structure, the generalized perturbation-
based Stochastic Finite Element Method can be used to
optimize the structure of the truss-type [10]. As for the
optimization of maintenance costs, a methodology can be
proposed to minimize the life cycle maintenance costs
and maximize the life cycle quality level of the track-bed
[11]. As for the optimization of reliability, the mission
reliability model of unmanned aerial vehicles and the mea-
suring method can be used to support mission planning
and the design of the structure [12]. The co-optimization
of economy and reliability as a new target can be used
to improve the reliability of energy supply [13]. A
deducing-based reliability optimization method for electri-
cal equipment can be proposed to enhance the reliability
of electrical equipment [14]. The traditional method of
maintenance reliability analysis includes qualitative failure
mode, tree, and hazard analysis. And the common method
of reliability assessment is the Bayesian approaches,
reliability-based design optimization tools, multivariate
analyses, and fuzzy set theory [15]. The optimization
object normally includes reliability, failure rate, remaining
useful life, and expected cost per unit. The expected cost
per unit can normally be used as the optimization object
to take maintenance activity [16].

This paper proposes a predictive maintenance optimi-
zation framework based on the proportional hazard model
and BP-RBF-GRNN neural network model to improve the
maintenance efficiency and reduce the maintenance cost.
Owing to the accuracy of the sensor or complicated mon-
itoring environment, the condition monitoring data may
not directly reflect the degree of degeneration. Life data
and condition monitoring values must be considered com-
prehensively. To solve the above problem, we adopt the
degeneration modeling with dynamic explanatory covari-
ates, that is, proportional hazard model (PHM), to con-
sider both life data and condition monitoring values to

evaluate the failure rate of mechanical equipment. Com-
pared with the traditional conditional variable or basic
reliability model, PHM can reflect the statistical character-
istics of the whole sample to reduce the error of failure
rate evaluation. In addition, the single prediction model
can easily lead to low accuracy, and we adopt the combi-
nation BP-RBF-GRNN neural network model to improve
the prediction performance. The reason for the choice of
sub-prediction model is as follows. The BP neural network
model has high prediction accuracy, but it easily falls
down the local minimum and has a slow convergence
speed. RBF neural network model can solve the problem
of local minimum caused by BP, but it has a low predic-
tion accuracy when there are few data samples. The
GRNN neural network model has good generalization
ability and is good at dealing with prediction under small
samples. Therefore, this paper uses a combination fore-
casting model which contains BP, RBF, and GRNN neural
network to predict the degeneration process.

The structure of this paper is as follows. Section 2 is the
degeneration model with dynamic covariates. Section 3 is
the degeneration prognostics based on covariates prediction
via combination BP-RBF-GRNN neural network model.
Section 4 is predictive maintenance optimization based on
degeneration prognosis. Section 5 is the simulation case
study. Section 6 is the conclusion.

2. Degeneration Modeling with
Dynamic Covariates

In industrial applications, the risk factor which is called
covariate affects the lifetime of the mechanical equipment,
and it may influence or indicate the failure time. The covar-
iates can be classified into external and internal variables
[17]. The external covariate changes over time, but it is not
affected by previous failure. The internal covariate is the
measurement of the individual, and it is affected by survival
state. As for the research of prognostics and life prediction,
probabilistic model using covariates that contains the diag-
nostic factors and operating environment factors has
become one of the indispensable methods [18]. The propor-
tional hazard model is one of the basic theories of the covar-
iate model, which uses the historical failure data to build the
baseline hazard function and uses covariate data to build the
covariate function.

The hazard rate of WPHM contains the baseline failure
rate function and an exponential function including the
effect of the monitoring variable, as shown in Equation (1).

h tð Þ = h0 tð Þ exp γiZið Þ, ð1Þ

where the baseline hazard rate h0ðtÞ is related to the histor-
ical lifetime, and the covariate Zi is a row vector of the mon-
itoring variable at the time t. The covariance coefficient γi is
a column vector corresponding to the ith monitoring
variable.
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The baseline failure rate function is shown in Equation
(2).

h0 tð Þ = β

η

t
η

� �β−1
, ð2Þ

where β is the shape parameter and η is the scale parameter.
According to the principle of reliability analysis, the reli-

ability and failure probability density function can be
obtained by Equation (3).

R tð Þ = exp −
ðt
0
h tð Þdt

� �
: ð3Þ

The maximum likelihood method is constructed to esti-
mate the unknown parameters of WPHM. As shown in
Equation (4), the likelihood function is as follows.

L β, η, γð Þ =
Yn
i=1

f tið Þ
Ym
j=1

R tið Þ, ð4Þ

where n is the number of failure samples and m is the num-
ber of suspension samples.

The optimal solution of the parameters can be obtained
by solving the partial derivatives of Equation (5).

L β, η, γð Þ =
Yn
i=1

β

η

ti
η

� �β−1
exp γZti

� �Yn+m
j=1
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t j
η
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exp γZtj

� 	
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" #
:

ð5Þ

Since the condition monitoring data measured by the
various sensors can partially reflect the actual degeneration
state, the monitoring data can be regarded as dynamic
covariates to build a degeneration model. The degenera-
tion model based on monitoring data is as follows [19].
We assume that ZiðtijÞ can be the observed condition
monitoring measurements for the unit i at the time tij,
where i = 1,⋯, n, j = 1,⋯,m, n is the number of units,
and m is the number of measurement points for unit i.
ZiðtÞ = ½Zi1ðtÞ,⋯,ZikðtÞ� is a vector of dynamic covariate
observation, where k = 1,⋯, p, and p is the number of
the dynamic covariate. Therefore, ZiðtÞ = fZiðTÞ, 0 ≤ T ≤ t
g represents the history of dynamic covariate process for
unit i at time t. In conclusion, ZðtÞ = fZ1ðtÞ,⋯,ZnðtÞg is
the history of the dynamic covariate process from time 0
to time t for all units n.

3. Degeneration Prognostics Based on
Covariates Prediction via Combination BP-
RBF-GRNN Neural Network Model

3.1. Prediction Sub-Model

3.1.1. BP Neural Network. As shown in Figure 1, the back-
propagation (BP) neural network is a feed-forward neural
network, which is one of the common neural networks and
has good learning ability. The learning rule is to constantly

adjust the weight and threshold of network connection by
the steepest descent method [20]. But the method of obtain-
ing the optimal parameters with the gradient descent can
easily fall into local minimum [21].

The training process of BP neural network is as follows
[22, 23].

Step 1. Initialize parameters of BP network.
It is needed to confirm the weight, the threshold, and the

number of neurons in each layer.
Step 2. Calculate the jth neuron of output H in the hid-

den layer.

Hj = f 〠
n

i=1
wijXi − aj

 !
, ð6Þ

where X = ½X1,⋯,Xi,⋯,Xn�′ is a input matrix, i = 1, 2, 3,⋯
, n, n is the length of time series for the covariate, and it is
also the number of input layer neurons. Xi = ½x1,⋯,xs1 � rep-
resents the monitoring value of covariate at time i for all
samples s1. j = 1, 2,⋯, g, g is the number of neurons in the
hidden layer. O = ½O1,⋯,Ok,⋯,Om�′ is an output matrix, k
= 1, 2, 3,⋯,m, m is the length of time series for the covari-
ate, and it is also the number of output layer neurons. Ok

= ½o1,⋯,os2 � represents the predicted value of covariate at
time k for all samples s2.

Step 3. Calculate the kth neuron of output O in the out-
put layer.

Ok = f 〠
l

j=1
Hjwjk − bk

 !
: ð7Þ

Step 4. Calculate the error E.

E =
1
2
〠
m

k=1
Yk −Okð Þ2, ð8Þ

where Ok is the predictive result and Yk is the expected
output.

Step 5. Update the weight w.
The weight and threshold of the network should be

modified along the negative gradient direction with the fast-
est function decline.

The weight wjk is updated by Equation (9).

wjk =wjk + ηHjek, ð9Þ

where η is the learning rate.
The weight wij is updated by Equation (10).

wij =wij + η′ 1 −H2
j

� 	
X ið Þ〠

m

k=1
wjkek, ð10Þ

where η′ is the learning rate.
Step 6. Update the threshold values a and b.
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The process of updating the threshold is similar to the
process of updating weight. The process of updating the
threshold values a and b is as follows.

bk = bk + ηek, ð11Þ

aj = aj + η′ 1 −H2
j

� 	
〠
m

k=1
wjkek: ð12Þ

Step 7. Determine the requirement of iteration.
If the iteration requirement is not met, it should repeat

the process from Step 2 to Step 6. Otherwise, trained neural
network parameters can be outputted.

3.1.2. RBF Neural Network. As shown in Figure 2, the radial
basis function (RBF) is a two-layer feed-forward network
with a single hidden layer [24], which can approximate the
nonlinear function with arbitrary precision and realize the
global optimization in theory [25]. It is a direct mapping
from the input layer to the hidden layer. Therefore, the
training time of parameters is shorter than BP neural net-
work. The hidden layer and output layer are connected by
the linear weight.

As shown in Equation (13), the radial basis function is
used as the node transfer function of the hidden layer.

Rj = exp
X − cj
� �T X − cj

� �
2σ2j

" #
, ð13Þ

where X = ½X1,⋯,Xi,⋯,Xn�′ is a input matrix, i = 1, 2, 3,⋯
, n, n is the length of time series for the covariate, and it is
also the number of input layer neurons. Xi = ½x1,⋯,xs1 � rep-
resents the monitoring value of covariate at time i for all
samples s1. Rj is the output of the jth hidden node, cj is the
center of the Gaussian function in the jth hidden node, σj

is the output standardized variance of the jth hidden node,
j = 1, 2,⋯, g, and g is the number of neurons in the hidden
layer. O = ½O1,⋯,Ok,⋯,Om�′ is an output matrix, k = 1, 2, 3
,⋯,m, m is the length of time series for the covariate, and

it is also the number of output layer neurons. Ok = ½o1,⋯,
os2 � represents the predicted value of covariate at time k for
all samples s2.

The kth neuron output Ok in the output layer is shown in
Equation (14).

Ok = 〠
l

j=1
wjk∙Rj, ð14Þ

where l is the number of neurons in the hidden layer, k = 1
, 2, 3,⋯,m, and m is the number of neurons.

3.1.3. GRNN Neural Network. As shown in Figure 3, gener-
alized regression neural network (GRNN) has four layers.
GRNN is also a kind of radial basis function neural network
[26], which is used to solve the regression problem. It has
more advantages than RBF neural network in approxima-
tion ability and learning speed. Especially, it has a good effect
in prediction under small samples.

Data transmission from the input layer to the pattern
layer is direct transmission. In the pattern layer, the transfer
function is the radial basis function, as shown in Equation
(15).

Pi = exp −
X − Xið ÞT X − Xið Þ

2σ2

" #
, ð15Þ

where X = ½X1,⋯,Xi,⋯,Xn�′ is a input matrix, i = 1, 2, 3,⋯
, n, n is the length of time- series for the covariate, and it is
also the number of input layer neurons. Xi = ½x1,⋯,xs1 � rep-
resents the monitoring value of covariate at time i for all
samples s1. Pi is the output of the ith hidden node; σ denotes
the smoothing parameter. SD is the first type of the summa-
tion; SN is the second type of the summation. O =
½O1,⋯,Ok,⋯,Om�′ is an output matrix, k = 1, 2, 3,⋯,m, m
is the length of time series for the covariate, and it is also
the number of output layer neurons. Ok = ½o1,⋯,os2 �
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· · ·

· · ·
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· · ·
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Figure 1: The architecture of BP neural network.
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represents the predicted value of covariate at time k for all
samples s2.

There are two summations in the summation layer [27],
namely, SD and SNK .

The first type of summation is shown in Equation (16).

SD = 〠
n

i=1
Pi: ð16Þ

The second type of summation is shown in Equation
(17).

SNk = 〠
n

i=1
wikPi: ð17Þ

The output layer can be calculated as shown in Equation
(21).

Ok =
SNk

SD
: ð18Þ
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Figure 2: The architecture of RBF neural network.
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3.2. Combination Method. As shown in Figure 4, three pre-
diction sub-models, respectively, use historical monitoring
data to predict the degeneration process, and the final pre-
diction result will be output by the combination method.
The combination forecasting model makes use of the charac-
teristics of different sub-models to comprehensively improve
the prediction performance. Reciprocal prediction error sum
of squares method (RPESSM) can be used as the combina-
tion method to predict degeneration process [28, 29]. A
small RPESSM value indicates the high performance of the
prediction sub-model.

Therefore, y1t , y2t , and y3t show the prediction result of
the BP, RBF, and GRNN neural network at the time t,
respectively. And e1t , e2t , and e3t are the prediction errors
correspondingly. As shown in Equation (19), yt is the pre-
diction result of the combination BP-RBF-GRNN neural
network model at the time t, respectively. As shown in Equa-
tions (20) to (22), w1t , w2t , and w3t are the weight coeffi-
cients at the time t.

yt =w1t∙y1t +w1t∙y1t +w1t∙y1t
w1t +w2t +w3t = 1

(
, ð19Þ

w1t =
e21t

e21t + e22t + e23t
, ð20Þ

w2t =
e22t

e21t + e22t + e23t
, ð21Þ

w3t =
e23t

e21t + e22t + e23t
: ð22Þ

The role of the weight coefficient allocation is to make
prediction sub-model with the highest prediction accuracy
play a decisive role in the final prediction result, thus reduc-
ing the negative influence of other prediction sub-models.
Therefore, the combination forecasting model can overcome
the low prediction accuracy of the single prediction sub-
model.

4. Predictive Maintenance Optimization Based
on Degeneration Prognosis

4.1. The Framework of Predictive Maintenance Optimization.
As shown in Figure 5, a PdM optimization framework
based on the combination BP-RBF-GRNN neural network
model and proportional hazard model is proposed in this
section. The first step is to collect historical lifetime and
condition monitoring data, which can be divided into
two types. Data set I containing historical lifetime and his-
torical condition monitoring data is used as the input of
the WPHM and combination BP-RBF-GRNN neural net-
work model for parameter estimation. Data set II contain-
ing historical condition monitoring data without failure is
used for the performance evaluation of condition forecast-
ing. In the second step, the hazard can be predicted based
on both condition forecasting and WPHM. In the third
step, the optimal preventive maintenance interval is
updated by the PdM policy. At the last step, the optimal
maintenance interval will be updated with the updated
condition monitoring data and events.

4.2. Predictive Maintenance Optimization Policy Based on
Proportional Hazard Model. As shown in Equation (23), a
quantitative function of the average cost in a maintenance
period for PdM optimization policy is established, which is
named as the cost rate function. The PdM policy for the
optimal age replacement can be divided into two types
[30]. One is to reach the replacement life T under the condi-
tion of preventive maintenance, and the other is to reach the
actual lifetime τ under the condition of repairing upon fail-
ure. Therefore, the cost types can be divided into two catego-
ries correspondingly. CPM denotes the cost of preventive
maintenance at the maintenance life T and CER denotes

YES

EndWhether to update
the data set I and II

PdM
policy

Historical condition
monitoring data

Historical lifetime

Historical condition
monitoring data without

failure

Combination
BP-RBF-GRNN
neural network

model

Degeneration
with dynamic

covariate
prediction

Parameters
estimation for WPHM

Estimate
hazard

Optimal
maintenance

interval

NO

Step 1 Collect data Step 2 Estimate hazard Step 3 Optimize maintenance interval Step 4 Update data

Data set I

Data set II

Figure 5: Flow chart of the PdM model framework based on combination BP-RBF-GRNN neural network model and proportional hazard
model.

Table 1: Parameter distribution of covariate model.

Symbol Normal distribution Numerical value

μ0 Mean -6.031

σ20 Variance 0.346

μ,1 Mean 8:061 × 10−3

σ21 Variance 1:034 × 10−5

μ Mean 0

σ2 Variance 7:3 × 10−3
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the cost of corrective maintenance at the maintenance life τ.
In general, CER is greater than CPM .

ηage Tð Þ =min
T

F Tð ÞCER + 1 − F Tð Þð ÞCPMÐ T
0 1 − F Xð Þð Þdx

, ð23Þ

where the denominator is the average maintenance age, and
the numerator is the average maintenance cost in a period.
FðtÞ is the unreliability function which can be obtained by
the Weibull distribution proportional hazard model. Own-
ing to the difficult explicit expression by the form of the
mathematical formula, it is hard to solve the optimal solu-
tion. Therefore, an approximate solution method, namely,
the trapezoidal numerical integration method, is used to
solve the calculation problem.

5. Simulation Case Study

5.1. Prediction Performance Criteria. The evaluation index of
prediction performance adopts root mean square percentage
error (RMSPE) and root mean square error (RMSE) [31].

RMSPE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N
〠
N

i=1

yi− byi
yi

� �2
× 100%,

vuut ð24Þ

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N
〠
N

i=1
yi− byið Þ2,

vuut ð25Þ

where yi is the actual value, byi is the prediction, and N is the
length of time series. RMSPE is a relative error-index, which
shows the deviation between the prediction and the actual
value. RMSE reflects the dispersion and concentration of
error size and distribution.

5.2. Maintenance Performance Criteria. To measure the
maintenance performance between combination BP-RBF-
GRNN neural network model and the traditional prediction
model (Bayesian parameter updating prediction model) in
PdM policy, we establish the evaluation index, as shown in
Equations (26) and (27) [32].

Ri
Topt =

ToptiC
ToptiP

− 1
� �

× 100%, ð26Þ

where Topt is the optimal maintenance interval. And the let-
ters subscript of “P” indicates the prediction model to be
compared, and the letters subscript of “C” indicates the com-
bination BP-RBF-GRNN neural network model. Ri

Topt
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Figure 6: Lifetime data and vibration amplitude of thrust ball bearings.

Table 2: Combination scheme of training set and test set.

Training set Test set

#2, #3, #4, #5,⋯, #30 #1
#1, #3, #4, #5,⋯, #30 #2
#1, #2, #4, #5,⋯, #30 #3
#1, #2, #3, #5,⋯, #30 #4
... ...

#1, #2, #3, #4,⋯, #29 #30
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represents the relative error percentage in maintenance
interval under the ith training-test set scheme.

Ri
η =

ηiC ToptiP
� �

ηiC ToptiC
� � − 1

 !
× 100%, ð27Þ

where η is the minimum cost rate under the optimal mainte-
nance age. And Ri

η represents the relative error percentage in
cost rate the ith training-test set scheme.

5.3. Case Study

5.3.1. Data Sources. As shown in Equation (28) [33], we use
the popular covariate model of vibration degeneration by the
MATLAB software for the simulation [34]. Equation (29)
can be obtained by the logarithm of Equation (36). Table 1
shows the probability distributions of model parameters in
Equation (29) [35].

S tð Þ =∅+θ exp βt + ε tð Þ − σ2

2
t

� �
, ð28Þ

L tð Þ = ln S tð Þ−∅ð Þ = θ′ + β′ + ε tð Þ, ð29Þ

where θ′ ~Nðμ0, σ20Þ, β′ ~Nðμ1′ , σ21Þ, and εðtiÞ − εðti−1Þ ~N
ðμ, σ2Þ). εðtÞ follows winner process, and it can be generated
by the method of pseudo-random number. Simulation fail-
ure threshold is D=0.03 MV [33], simulation length is 600
minutes, and simulation interval is 2 minutes. And we gen-
erate 30 group thrust ball bearing vibration signals for the
simulation case study. The double ordination of the simula-
tion lifetime data and simulation vibration amplitude is
shown in Figure 6.

5.3.2. Experiment Design. As shown in Table 2, to avoid the
problem of overfitting, we designed the experiment by the
method of leave-one-out cross-validation, and chose 1 group
as the test set and another 29 groups as the training set.
Therefore, there are 30 training-test set schemes.

We focus on five prediction point values of tki, tki ∈ f
0:1TAj, 0:3TAj, 0:5TAj, 0:7TAj, 0:9TAjg, which represent the
early-stage, early-to-mid stage, mid-stage, mid-to-late stage,
and late-stage for each component j, respectively. TAj is the
actual life of component j. As shown in Equations (30)–
(32), we use the modified newff MATLAB toolbox to con-
struct the structure of the BP neural network, use the newrb
MATLAB toolbox to construct the structure of the RBF neu-
ral network, and use the newgrnn MATLAB toolbox to con-
struct the structure of GRNN neural network. And the
detailed parameters are determined as shown in Tables 3–5.

net = newff P, T, S, TF, BTF, BLFð Þ, ð30Þ

Table 3: Model parameters of BP neural network.

The parameter name Value or option

P Input matrix. tk/2ð Þ × 29

T Output matrix. tend − tk/2ð Þ × 1
Hidden layer nodes (S) 18

Hidden layer nodes transfer function type (TF) tansig

Output layer neuron transfer function type (TF) logsig

Training function type (BTF) traingd

Learning function type (BLF) learngdm

The max iteration number 7000

Network training goal error 0.01

Table 4: Model parameters of RBF neural network.

The parameter name Value or option

P Input matrix. tk/2ð Þ × 29

T Output matrix. tend − tk/2ð Þ × 1
Network training goal error 0.001

Spread of radial basis function 0.01

Maximum number of neurons (MN) 400

Number of neurons to add between displays (DF) 5

Table 5: Model parameters of GRNN neural network.

The parameter name Value or option

P Input matrix. tk/2ð Þ × 29

T Output matrix. tend − tk/2ð Þ × 1
Spread of radial basis function 0.01
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net = newrb P, T, goal, spread, MN, DFð Þ, ð31Þ

net = newgrnn P, T, spreadð Þ: ð32Þ

Where tk is the prediction start point, tend is the predic-
tion end point, and sample interval is 2 minutes. We take 29
samples of ½0, tk� time series monitoring data as the input
vector and 1 sample of ½tk, tend� time series monitoring data
as the output vector. Where tansig means hyperbolic tangent

sigmoid transfer function, logsig means log-sigmoid transfer
function, traingd means gradient descent backpropagation,
learngdm means gradient descent with momentum weight
and bias learning function.

5.3.3. Result Analysis. The main WPHM parameters under
30 training-test set schemes, i.e., the covariance coefficient
γ, the shape parameter β, and the scale parameter η, are
shown in Figure 7.
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Figure 7: WPHM parameters.
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Figure 8: The error of RMSPE. (a) RMSPE mean; (b) RMSPE standard deviation.
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Figure 8 shows the mean and standard deviation of
RMSPE under 30 training-test set schemes, respectively.
Figure 9 shows the mean and standard deviation of the
RMSE under 30 training-test set schemes, respectively. We
can draw two conclusions. One is that the prediction accu-
racy of the Bayesian parameter updating prediction model
and combination BP-RBF-GRNN neural network model
can be improved when the prediction point shifts right.
The other is that the prediction accuracy of the combination
BP-RBF-GRNN neural network model is higher than that of
the Bayesian parameter updating prediction model from the
early-stage to mid-stage. But the prediction accuracy of two
prediction models is nearly equivalent from mid-to-late
stage to late-stage.

Figure 10 shows the box diagram of the cost ratio per-
centage when CPM/CER = 0:3,CPM/CER = 0:2, and CPM/CER
= 0:1. Figure 11 shows the box diagram of the maintenance
interval percentage when CPM/CER = 0:3,CPM/CER = 0:2, and
CPM/CER = 0:1. Figure 12(a) shows the average cost rate per-
centage with three maintenance ratios under 30 training-test
set schemes. Figure 12(b) shows the average maintenance
interval percentage with three maintenance ratios under 30
training-test set schemes. Figure 12 shows that the mainte-
nance ratio has a great influence on the average cost percent-
age and the average maintenance interval percentage from
the early-stage to mid-stage. With the increasement of main-
tenance cost ratio (CPM/CER), the combination BP-RBF-
GRNN neural network model has more advantages than
the Bayesian parameter updating prediction model in cost
rate percentage and maintenance interval percentage from
the early-stage to mid-stage.

To validate the effectiveness of the combination BP-
RBF-GRNN neural network model, we have compared the

combination BP-RBF-GRNN neural network model to other
three single deep learning models which are named the BP,
RBF, and GRNN neural network models in prediction per-
formance and maintenance performance. The leave-one-
out cross-validation is used as the validation method. The
model parameters of the combination BP-RBF-GRNN neu-
ral network model are shown in Tables 3–5. RMSE is used
as the prediction performance criteria.

Tables 6–8, respectively, show the maintenance perfor-
mance comparison of cost rate percentage between the sin-
gle deep learning model and combination BP-RBF-GRNN
neural network model. As shown in (27), the cost rate per-
centage of Tables 6–8 uses the cost of BP, RBF, and GRNN
neural network model to be divided by that of the combina-
tion BP-RBF-GRNN neural network model, respectively.
The value of cost rate percentage in Tables 6–8 is greater
than 0, which means that the cost of other three single deep
learning models is higher than that of the combination BP-
RBF-GRNN neural network model. And if the value of the
cost rate percentage is high, the cost of the combination
BP-RBF-GRNN neural network model will be low.
Tables 9–11, respectively, show the maintenance perfor-
mance comparison of maintenance interval percentage
between the single deep learning model and combination
BP-RBF-GRNN neural network model. As shown in (26),
the maintenance interval percentage of Tables 9–11 uses
the maintenance interval of the combination BP-RBF-
GRNN neural network model to be divided by that of the
BP, RBF, and GRNN neural network model, respectively.
The value of maintenance interval percentage in Tables 9–
11 is greater than 0, which means that the maintenance per-
formance of the combination BP-RBF-GRNN neural net-
work model is higher than that of other three single deep
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Figure 9: The error of RMSE. (a) RMSE mean; (b) RMSE standard deviation.
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learning models. And if the value of the maintenance inter-
val percentage is high, the maintenance performance of the
combination BP-RBF-GRNN neural network model will be
good. Table 12 shows the prediction performance compari-
son of the BP, RBF, GRNN, and combination BP-RBF-
GRNN neural network model. Tables 6 and 9 indicate that
the cost rate percentage and maintenance interval percent-
age of the combination BP-RBF-GRNN neural network
model from the early-stage to the mid-stage are more advan-
tageous than that of BP. And with the increasement of main-
tenance cost ratio, the combination BP-RBF-GRNN neural
network model has advantages over the BP in cost rate per-
centage and maintenance interval percentage. Table 7 indi-
cates that the cost rate percentage of the combination BP-
RBF-GRNN neural network model is basically equivalent
to that of RBF. Table 10 indicates that the maintenance

interval percentage of the combination BP-RBF-GRNN neu-
ral network model from the early-stage to the mid-to-late
stage is more advantageous than that of RBF. And with the
increasement of maintenance cost ratio, the combination
BP-RBF-GRNN neural network model has advantages over
the RBF in cost rate percentage and maintenance interval
percentage. Tables 8 and 11 indicate that the cost rate per-
centage and maintenance interval percentage of the combi-
nation BP-RBF-GRNN neural network model from the
early-stage to the mid-stage are more advantageous than
those of GRNN. And with the increasement of maintenance
rate, the combination BP-RBF-GRNN neural network
model is basically equivalent to the GRNN in cost rate per-
centage and maintenance interval percentage. Table 12 indi-
cates that the prediction accuracy of BP and GRNN can be
improved with the predicted point moving right. And RBF
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Figure 10: Box diagram of cost rate percentage. (a) Box diagram of cost rate percentage when CPM/CER = 0:3. (b) Box diagram of cost rate
percentage when CPM/CER = 0:2. (c) Box diagram of cost rate percentage when CPM/CER = 0:1.
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can control the prediction error at a relatively stable range. It
is obvious to find that the prediction accuracy of combina-
tion BP-RBF-GRNN neural network model is higher than
that of the BP, RBF, and GRNN under five prediction points.

To justify the validity of the proposed method, we will
change the covariate simulation parameters to simulate the
other degeneration scenarios, and verify the proposed
method. The covariate model parameters of θ′ and β′ are
the original property of thrust ball bearing vibration, and
the covariate model is mainly affected by the error term εðt
Þwhich represents the noise in the operation environment
or the measurement error caused by the human. Moreover,
the high value of the error term εðtÞ will increase the degen-

eration degree of thrust ball bearing, and lead to the decline
of lifetime. Therefore, as shown in Table 13, we designed
three simulation experiments by changing the normal distri-
bution of error term εðtÞ to randomly simulate the different
degeneration scenarios, and test the prediction performance
and maintenance performance of the combination BP-RBF-
GRNN neural network model. Each simulation experiment
will generate 30 group thrust ball bearing vibration signals
to be used as data sources. And we focus on five prediction
point values of tki, tki ∈ f0:1TAj, 0:3TAj, 0:5TAj, 0:7TAj, 0:9
TAjg, which represent the early-stage, early-to-mid stage,
mid-stage, mid-to-late stage, and late-stage for each compo-
nent j, respectively. TAj is the actual life of component j.
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Figure 11: Box diagram of maintenance interval percentage. (a) Box diagram of maintenance interval percentage when CPM/CER = 0:3. (b)
Box diagram of maintenance interval percentage when CPM/CER = 0:2. (c) Box diagram of maintenance interval percentage when CPM/
CER = 0:1.
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Figure 12: Maintenance evaluation index. (a) Average cost rate percentage with three maintenance ratios under 30 training-test set schemes.
(b) Average maintenance interval percentage with three maintenance ratios under 30 training-test set schemes.

Table 6: The maintenance performance comparison of cost rate
percentage Rη (%) between the BP and the combination BP-RBF-
GRNN neural network model under three different maintenance
cost ratios ðCPM/CERÞ.
CPM/CER tk1 tk2 tk3 tk4 tk5
0.5 15.92 17.14 15.28 7.42 1.86

0.4 14.31 15.62 12.28 5.73 1.35

0.3 12.61 14.40 9.34 3.80 0.91

Table 7: The maintenance performance comparison of cost rate
percentage Rη (%) between the RBF and the combination BP-
RBF-GRNN neural network model under three different
maintenance cost ratios ðCPM/CERÞ.
CPM/CER tk1 tk2 tk3 tk4 tk5
0.5 0.26 0.24 0.27 0.20 0.17

0.4 0.14 0.20 0.17 0.18 0.12

0.3 0.09 0.10 0.10 0.10 0.12

Table 8: The maintenance performance comparison of cost rate
percentage Rη (%) between the GRNN and the combination BP-
RBF-GRNN neural network model under three different
maintenance cost ratios ðCPM/CERÞ.
CPM/CER tk1 tk2 tk3 tk4 tk5
0.5 4.18 2.00 0.55 0.29 0.17

0.4 3.81 1.46 0.73 0.35 0.24

0.3 3.51 1.56 1.05 0.36 0.01

Table 9: The maintenance performance comparison of
maintenance interval percentage RTopt (%) between the BP and
the combination BP-RBF-GRNN neural network model under
three different maintenance cost ratios ðCPM/CERÞ.
CPM/CER tk1 tk2 tk3 tk4 tk5
0.5 31.05 32.85 29.62 15.96 4.11

0.4 30.45 32.09 26.72 15.14 3.73

0.3 29.84 32.75 23.91 11.64 3.49

Table 10: The maintenance performance comparison of
maintenance interval percentage RTopt (%) between the RBF and
the combination BP-RBF-GRNN neural network model under
three different maintenance cost ratios ðCPM/CERÞ.
CPM/CER tk1 tk2 tk3 tk4 tk5
0.5 1.57 2.08 2.22 1.47 0.64

0.4 1.32 1.78 1.31 1.39 0.50

0.3 1.00 1.22 1.23 1.65 0.38

Table 11: The maintenance performance comparison of
maintenance interval percentage RTopt (%) between the GRNN
and the combination BP-RBF-GRNN neural network model
under three different maintenance cost ratios ðCPM/CERÞ.
CPM/CER tk1 tk2 tk3 tk4 tk5
0.5 9.47 5.72 2.38 1.86 0.90

0.4 9.99 5.54 3.11 1.46 1.21

0.3 9.89 5.75 4.77 1.83 0.51
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Table 14 is the prediction performance of the Bayesian
parameter updating prediction model and combination
BP-RBF-GRNN neural network model in RMSPE under
three different degeneration scenarios. The result in
Table 14 can be calculated by using the prediction error
minuses that of the combination BP-RBF-GRNN neural net-
work model, and the high value of RMSPE means the low
prediction performance. As shown in Table 14, we can draw
the conclusion that in every degeneration scenario, the pre-
diction performance of the combination BP-RBF-GRNN
neural network model from the early-stage to the mid-
stage is more advantageous than those of the Bayesian
parameter updating forecasting model.

Tables 15 and 16 are the maintenance performance of
the Bayesian parameter updating prediction model and
combination BP-RBF-GRNN neural network model in cost
rate and maintenance under three different degeneration
scenarios when CPM/CER = 0:3, respectively. Table 15 repre-
sents the cost rate percentage, which uses the cost rate of the
Bayesian parameter updating prediction model to be divided
by that of the combination BP-RBF-GRNN neural network
model. The value of the cost rate percentage is greater than
0, which means that the cost of the Bayesian parameter
updating prediction model is higher than that of the combi-
nation BP-RBF-GRNN neural network model. And if the
value of the cost rate percentage is high, the cost of the com-
bination BP-RBF-GRNN neural network model will be low.
As shown in Equation (26), Table 16 represents the mainte-
nance interval percentage, which uses the maintenance
interval of the combination BP-RBF-GRNN neural network
model to be divided by that of the Bayesian parameter
updating prediction model. The value of the maintenance
interval percentage is greater than 0, which means that the
maintenance performance of the combination BP-RBF-
GRNN neural network model is higher than that of the
Bayesian parameter updating prediction model. And if the
value of the maintenance interval percentage is high, the
maintenance performance of the combination BP-RBF-
GRNN neural network model will be good. The high value

Table 12: The prediction performance comparison of the BP, RBF, GRNN, and combination method.

Method tk1 tk2 tk3 tk4 tk5
BP 0.3101 0.3092 0.3139 0.2141 0.1907

RBF 0.0167 0.0175 0.0182 0.0177 0.0183

GRNN 0.1821 0.0358 0.0238 0.0165 0.0159

Combination BP-RBF-GRNN neural network model 0.0045 0.0049 0.0055 0.0055 0.0056

Table 13: The introduction of the experimental design scheme.

Experimental design scheme Covariate simulation parameter

1st degeneration scenario θ′ ~N μ0, σ
2
0

� �
, β′ ~N μ1′ , σ1′

� 	
, ε tið Þ − ε ti−1ð Þ ~N 0:5 × μ0, 0:5 × σ2

� �
2nd degeneration scenario θ′ ~N μ0, σ

2
0

� �
, β′ ~N μ1′ , σ1′

� 	
, ε tið Þ − ε ti−1ð Þ ~N 1 × μ0, 1 × σ2

� �
3rd degeneration scenario θ′ ~N μ0, σ

2
0

� �
, β′ ~N μ1′ , σ1′

� 	
, ε tið Þ − ε ti−1ð Þ ~N 2 × μ0, 2 × σ2

� �

Table 14: The prediction performance difference of RMSPE (%)
between the combination BP-RBF-GRNN neural network model
and Bayesian parameter updating prediction model under
different degeneration scenarios.

Experimental design scheme tk1 tk2 tk3 tk4 tk5
1st degeneration scenario 1.98 1.78 1.14 0.06 -0.06

2nd degeneration scenario 9.83 5.67 3.65 0.08 -0.07

3rd degeneration scenario 6.78 3.51 1.63 -0.09 -0.04

Table 15: The maintenance performance comparison of cost rate
percentage Rη (%) between the combination BP-RBF-GRNN
neural network model and Bayesian parameter updating
prediction model when CPM/CER = 0:3 under different
degeneration scenarios.

Experimental design scheme tk1 tk2 tk3 tk4 tk5
1st degeneration scenario 16.45 8.43 3.39 0.54 0.22

2nd degeneration scenario 18.25 4.01 2.96 1.07 -0.04

3rd degeneration scenario 20.70 14.56 9.02 2.92 1.31

Table 16: The maintenance performance comparison of
maintenance interval percentage RTopt (%) between the
combination BP-RBF-GRNN neural network model and Bayesian
parameter updating prediction model when CPM/CER = 0:3 under
different degeneration scenarios.

Experimental design scheme tk1 tk2 tk3 tk4 tk5
1st degeneration scenario 20.22 11.66 7.95 4.38 2.07

2nd degeneration scenario 26.47 9.80 7.32 3.60 1.32

3rd degeneration scenario 21.05 15.02 8.49 3.18 2.19
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in Tables 15 and 16 means that the combination BP-RBF-
GRNN neural network model has a better maintenance per-
formance than that of the Bayesian parameter updating pre-
diction model. As shown in Tables 15 and 16, we can draw
the conclusion that in every degeneration scenario, the cost
rate percentage and maintenance interval percentage of the
combination BP-RBF-GRNN neural network model from
the early-stage to the mid-stage are more advantageous than
those of Bayesian parameter updating prediction model. The
conclusion from Table 14 and Tables 15 and 16 can illustrate
the fact that the improvement of accuracy will improve the
maintenance efficiency.

5.3.4. Computational Cost. We use a laptop computer as a
baseline device. Its specifications include an Intel Core i7-
9750H processor with a base frequency of 2.60GHz, equipped
with 16GB of RAM. The comparison of computational cost
between the combination BP-RBF-GRNN neural network
model and the Bayesian parameter updating prediction model
is shown in Table 17. We calculated the cost of the first exper-
iment (Figures 8–12), which includes the cost from five pre-
dicted points for two prediction models under 30 training-
test set schemes. It can be clearly found that the computational
cost of the combination BP-RBF-GRNN neural network
model is not much higher than that of the Bayesian parameter
updating prediction model. But the combination BP-RBF-
GRNN neural network model has a better performance than
the Bayesian parameter updating prediction model in degen-
eration prediction and maintenance. The explanation for the
above result is as follows. The Bayesian parameter updating
prediction model uses the prior distributions of model param-
eters to obtain that of the posterior distributions, and the
Monte Carlo Simulation is used to simulate N degeneration
scenarios to predict the degeneration process. However, the
high degeneration scenario will lead to the high computational
cost of the Bayesian parameter updating prediction model. In
order to improve the accuracy of the degradation process, we
simulated 10000 degradation scenarios at each predicted point
under 30 training-test set schemes, which resulted in high
computational cost. The combination BP-RBF-GRNN neural
network model contains three prediction sub-models, namely,
BP, RBF, and GRNN neural network. The BP and RBF neural
networks adopt one hidden layer. One hidden layer normally
does not cause high computational cost. Although the GRNN
neural network uses two hidden layers, the weight of the whole
neural network is equal to 1, which indicates that two adjacent
layers can be connected without updating the weight, thus
reducing the computational cost.

6. Conclusion

This paper puts forward a predictive maintenance optimiza-
tion framework based on the proportional hazard model and

BP-RBF-GRNN neural network model to improve the accu-
racy of degeneration prediction and reduce the maintenance
cost to a certain extent. The main contribution can be illus-
trated in two aspects. Firstly, the combination forecasting
method based on deep learning is rarely applied in degener-
ation prediction, which can improve the accuracy of degen-
eration. Therefore, the combination BP-RBF-GRNN neural
network model based on deep learning is used to predict
the degeneration prediction. Secondly, condition monitoring
data may not directly reflect the degree of degeneration, life
data and condition monitoring values must be considered
comprehensively. Therefore, WPHM which considers both
life data and condition monitoring values can be used to
evaluate the hazard rate. We design two experiments to illus-
trate the advantage of combination BP-RBF-GRNN neural
network model. For the first experiment, we compared the
combination BP-RBF-GRNN neural network model to the
Bayesian parameter updating prediction model in prediction
performance and maintenance performance. The simulation
results show that the combination BP-RBF-GRNN neural
network model can effectively improve the accuracy of the
thrust ball bearings degeneration process and reduce the
maintenance cost percentage from early-stage to mid-stage
than that of the Bayesian parameter updating prediction
model. For the second experiment, we compared the combi-
nation BP-RBF-GRNN neural network model to other three
single deep learning models in prediction performance and
maintenance performance. The simulation results show that
the combination BP-RBF-GRNN neural network model has
advantages over other three single prediction sub-models in
cost rate percentage and maintenance interval percentage
from the early-stage to the mid-stage.
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