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ABSTRACT To increase reliability, reduce machine tool failure, and shorten maintenance time, serval
failure distribution models are discussed based on the cycloidal gears form grinding. A fault data expansion
algorithm model based on the radial basis function (RBF) neural network is proposed to accurately evaluate
the reliability of cycloidal gears form grinding machines. The model uses a self-organizing clustering
learning algorithm to determine the RBF centers and expansion constants of the neural network. It trains the
neural network using the learning algorithm’s output and imports the randomly generated cumulative failure
distribution function to obtain simulation data. A numerical example of researching failure distribution is
presented which shows that the estimated value of mean time between failures (MTBF) is 909.20h, and the
estimated value of reliability is 0.4874. Finally, the fault tree analysis-analytic hierarchy process (FTA-AHP)
is used to analyze the fault tree of the cycloidal gear grinding machine. The reliability evaluation indexes
are obtained by analyzing the corresponding reliability characteristic function, which proves the failure
distribution model is valid. It has important guiding significance in evaluating the reliability and performance
of large computer numerical control (CNC) form gear grinding machines.

INDEX TERMS Failure distribution model, cycloidal gears, gear form grinding machine, reliability

evaluation, simulation.

I. INTRODUCTION

The manufacturing industry’s top priorities include lower
production costs, on-time delivery, and high-quality products.
Breakdowns in manufacturing gear or machine tools have an
impact on a manufacturer’s ability to satisfy Cost, Time, and
Quality objectives (CTQ). Reliability engineering as a subject
matter is developed vastly in the last few decades. In the
high-speed development stage of national industrial modern-
ization, computer numerical control machine tools, as the
key basic equipment of the modern manufacturing industry,
have been widely used in modern industrial industries such as
new energy automobile manufacturing, rail transit, aerospace,
and wind power generation. Cycloidal gears form grinding
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machine tools play an important role in aerospace, automo-
bile, wind power, and other mechanical product manufac-
turing. The heart of each production system is its machine
tools. To meet client demand, manufacturing industries rely
on machine tools. Failure of a machine tool reduces pro-
ductivity and increases uncertainty in shop floor operations,
resulting in large financial losses. In addition, by entering into
long-term maintenance or availability contracts, users of such
systems are also sharing the risk of failure with machine tool
manufacturers. Machine tool manufacturers now have a new
business opportunity to service their traditionally product-
focused business. Machine tool makers can combine effective
life cycle maintenance services with their hardware goods,
such as machine tools. As a result, machine tool manufactur-
ers and users alike must concentrate on the heart of reliability.
As a key index of the overall performance of machine tools,
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the reliability level directly reflects the development level of
a country’s industrial modernization [1]. Therefore, how to
improve the reliability level of cycloidal gears form grinding
machines has always been a research hot spot. To improve
the reliability of cycloidal gears form grinding machines, the
modeling and simulation of machine tools are applied to the
form grinding machine to increase trouble-free working time
and enhance machining efficiency.

In the reliability analysis of machine tools, the determi-
nation of the fault distribution model of the whole machine
system is the basis of the follow-up research work. At present,
the commonly used research methods are as follows: firstly,
the scatter diagram of fault data is used to preliminarily
assume that it conforms to a certain distribution type, then the
least square method is used to estimate the parameters of the
distribution function, and finally, the method to test whether
the fault data conform to the original hypothesis model is
performed [2], [3]. However, there are several problems in
the practical application of the above methods. Although the
least square method is simple and convenient to estimate
the parameters of the distribution function, the accuracy of
the calculation results is slightly poor and the parameter
interval estimation can not be carried out. When more than
two distribution models are selected from the same group
of data through a hypothesis test, the optimal fault distribu-
tion model not be able to be selected through quantitative
analysis. Given the above problems, experts and scholars
in the field of reliability research in machine tools have
carried out relevant research work [4]-[6]. In recent years,
modern method theory has gradually become the frontier and
hot spot in the field of reliability research. Because of their
excellent data analysis ability, a neural network has been
widely used in intelligent fault diagnosis, reliability design,
and evaluation. Alawad et al. [7] used a convolution neural
network to accurately realize fault feature extraction and pat-
tern recognition in huge fault signals. Ben er al. [8] applied a
neural network model to realize life prediction and reliability
evaluation. Jia er al. [9] used the linear learning algorithm
of RBF neural network to complete the work previously
handled by the nonlinear learning algorithm and maintain
the high precision of the nonlinear algorithm, which was
further generalized in the few-shot classification algorithm.
The reliability theory of multi-state systems is suitable for
complex electromechanical systems. This reliability theory
has been developed by experts and scholars at home and
abroad, which has formed a series of method systems, such as
the structural function method, generating function method,
and Monte Carlo method [10]-[13]. An intelligent optimiza-
tion algorithm can get the optimal solution of the model,
which is mainly used for fault data fitting and distribution
function parameter estimation in reliability. Park ef al. [14]
used an optimization algorithm and Fisher matrix in param-
eters interval estimation of correlated reliability distribution.
Mi et al. [15] proposed a network of evidence method for
reliability analysis of the Servo Feed Control System of CNC
Heavy-Duty Horizontal Lathes (HDHLs), which showed that
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the common cause failure had a considerable impact on sys-
tem reliability and verified the computational accuracy of the
method. Zhang et al. [16] proposed a self-adjusting opposite
adjustment algorithm (SRPSA) to solve the problems existing
in reliability modeling, and it can provide excellent initial
solutions for other local optimization algorithms.

Foreign experts and scholars were the first to carry out
reliability research on computer numerical control machine
tools based on the theoretical basis of modern mathematics,
such as probability statistics and engineering. They used
parameter modeling and the Monte Carlo method to predict
their reliability and this method is also the basic theory for
future research. In the subsequent research, some scholars in
the United States began to emphasize the concept of main-
tainability. Gupta et al. [17] proposed the theory of fault
transfer function, which provided theoretical guidance for
the maintenance strategy of machine tools. Then Rawat [18]
proposed a simulation-based genetic algorithm to address
the time-dependent failure rate of machine components, the
partial recovery of components or systems due to imperfect
maintenance, and the randomness of model parameters. In the
research of the reliability model, Kumar et al. [19] proposed
a method theory based on a genetic algorithm to solve the
optimal solution problem of the reliability model in complex
mechanical equipment of machine tools. Ansell et al. [20]
systematically introduced the statistical principles and anal-
ysis methods of machine tool failure data based on machine
tool operation data and carried out example verification under
three different objects. Boral et al. [21] proposed a risk anal-
ysis method based on a modified Failure Mode and Effects
Analysis (FMEA) to identify the main human errors and
their causes and effects during CNC machining operations.
Yalcinkaya et al. [22] studied the Weibull Bayesian param-
eter estimation and interval estimation methods in the case
of small samples, and the Monte Carlo simulation showed
that the Weibull Bayesian parameter estimation was more
effective when the sample size was reduced. Yin et al. [23]
discussed the application of fuzzy probability and statistics
methods in reliability accelerated life tests. To provide robust-
ness between different stress levels, the paper also considered
the introduction of parameter power Weibull into the parame-
ter interval estimation model. To speed up the life test speed of
the CNC machine tool unit execution system, an optimal cost
test design model with unknown parameter estimation was
established for the Weibull distribution double-truncated life
test [24]. Esmail et al. [25] used the Tsai-Hill failure criterion
as a limit state function and estimation theory for analytical
reliability to estimate the statistical parameters of effective
stress. Boukhalfa er al. [26] applied a genetic algorithm and
particle swarm optimization algorithm, using a fuzzy particle
swarm algorithm can reduce the large torque fluctuation,
speed up the advantage of the rise time, and reduce the
interference to the experimental results. Soori et al. [27] pro-
posed that a genetic algorithm-based optimization technique
was used to determine optimized machining parameters to
minimize machining errors and to compare the free-form
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FIGURE 1. Schematic diagram of the structure and motion axis of the cycloidal gear grinding machine.

profiles of virtual and real machined parts with tool deflection
errors to verify the reliability and accuracy of the software
sex. Salonitis et al. [28] proposed a method for estimating
the reliability of the remaining tool life based on the advanced
approximation method and proved the reliability of the eval-
uation method by establishing a function model. At present,
extensive research has been carried out on reliability analysis
based on the surrogate model, which reduces the number
of calls to real and complex performance functions while
ensuring the accuracy of evaluation. To evaluate the failure
probability more efficiently, an adaptive sampling method is
proposed. Compared with Monte Carlo simulation or other
active learning functions, this method has advantages in effi-
ciency, convergence, and accuracy when dealing with com-
plex problems [29]-[31].

From the perspective of the overall research trend at
home and abroad, the research on the reliability of CNC
machine tools focuses on the perspective of systems engi-
neering, combined with multidisciplinary theory and modern
analysis technology, and has carried out in-depth machine
tool reliability design, modeling, evaluation, failure analysis,
etc. In particular, the necessity and complexity of dynamic
correlation between subsystems or components, reliability
modeling method based on small samples, system reliabil-
ity optimization simulation, fault factor identification, time
index evaluation, and other issues are studied.

The structure of this study is presented as follows: concep-
tions and theories of fault distribution are briefly reviewed
in Section 2. Different distribution functions are numerically
calculated in Section 3. The reliability of cycloidal gears form
grinding machines is evaluated in Section 4 and Section 5.
Finally, Section 6 presents the conclusion, the research limi-
tations, and directions for further research.

Il. PARAMETER ESTIMATION

The main research is based on the cycloidal gears form
grinding machine and the basic idea of the form grinding is
the application of a modified wheel and the grinding path

65128

(Figure 1). This paper takes cycloidal gears form grinding
machine tools as the research object, and according to the
principle of reliability data collection, the fault data collection
of the analysis object is carried out by the method of time
cut-off. These axes applied for form grinding are including
that axis one corresponds to the feed motion of the grinding
wheel along the face width of the gear, and axis second, and
third is the rotation of the grinding wheel and workpiece,
respectively. And axis fourth corresponds to the longitudinal
crowning motion of the grinding wheel along the radial direc-
tion of the work gear.

Although reliability is a crucial indicator of machine tool
performance, it is difficult to quantify. Despite the impor-
tance of dependability, only a few corporate users, such
as major automobile manufacturers, specifically stated their
reliability needs in terms of MTBF. Compared with the tradi-
tional method for generating grinding, form grinding method
not only requires wheel modification of high precision but
also demands accurate position relative to the work gear
and the grinding wheel in radial and tangential directions.
Cycloidal gear form grinding is arranged based on the uni-
versal CNC gear form grinding machine, which has four
digital servo closed-loop controlled axes: three rectilinear
motions (X, Y, Z) and one rotational motion (C). SP; and
SP; are spindles of the wheel and diamond wheel respec-
tively. Coordinate systems Sy, (Xy, Yw, 2w) and Sg(xg, Vg, Z¢)
are rigidly connected to the grinding wheel and work gear,
respectively. X is the radial motion for feeding the wheel
down to tooth depth along with the vertical stroke motion
Z. This machine is equipped with numerical control dressing
devices which include motions of Y and Z. Parameter E is
a machine installation coefficient that depends on the size of
the grinding wheel and is measured immediately after tool
alignment in machining.

A. DRAWING SCATTER DIAGRAM
The scatter plot of fault data can be determined by two
different methods such as the equal time interval frequency
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method and the empirical distribution function method. This
paper uses the empirical distribution function method to draw
scatter plots. The statistical sample observation values are
arranged in descending order, then the empirical distribution
function F,(#;) can be approximated by the median rank
formula:

i—0.
 n+04
where i is the fault serial number and n the total number of
machine tool failures.

Fy(ti) (h=n=<- =ty (1

B. PROBABILITY DISTRIBUTIONS FUNCTIONS

After initially determining the distribution type, it is nec-
essary to use sample data to estimate the parameters of
the model. The commonly used parameter estimation meth-
ods in statistics include a graphical method, least square
method, maximum likelihood method, etc. Compared with
the previous two methods, the maximum likelihood method
has high calculation accuracy and the estimation result does
not depend on the empirical distribution function. On the
other hand, the parameter point estimate and the confidence
interval can be effectively evaluated. The large likelihood
method estimates the parameters of the hypothetical distri-
bution model.

The time it takes for a unit to fail is not constant; rather,
it is a random variable. This variable is usually continuous
and non-negative. Various functions completely specify the
random variable’s distribution. In the next paragraphs, these
functions are briefly explored.

The Probability Density Function (PDF) of the time to fail-
ures distribution f(¢) has the following features if T (T > 0)
is a continuous random variable reflecting the time to failures
of a system (component).

f(®) >0 and /Oof(t)dt =1 2)
0

The Cumulative Distribution Function (CDF) of the failure
distribution can be written as:

t
F@t) = / fthdt =1 3)
0
F (¢) has the following property:
0<F@<l1 “
FO)=0 and tl—l>nolo Fit)=1 5)

In terms of the probability density function, R(t) can be
written as:

R(t) =f fhHdt' =1 (6)
t
R(?) has the following property:
0 <R <1 (7
R0O) =1 and tl_l)rgo R®) =0 ®)
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It can be seen from Equations 3 and 6 that:

R(t) = foof(t/)dt/ =1 9)
t

The Failure Rate is another significant function in relia-
bility research A(¢). It can be represented as the conditional
probability of failure per unit of time and is the instantaneous
rate of failure. It can be written as:

Pt <T<t+ At|T >t}

AMt)y= 1 10
@ Atlgl() At (10

This can be easily reduced to:

Mt)=% (1)

1) WEIBULL DISTRIBUTION

Weibull distribution is a widely used distribution to model
failure process which includes three parameters, shape
parameter §, scale parameter 71, and location parameter fy.
The value of the shape parameter 8 provides insight into the
behavior of the failure process. The second parameter, i.e.,
the scale parameter n represents the time corresponding to
the cumulative probability of failure. In reliability analysis,
it is usually assumed that the location parameter #; is equal to
zero. so it is normally characterized by two parameters, shape
and scale parameters. At this time, the Distribution Function
F (1), Probability Density Functionf (¢), Reliability Function
R (1), and Failure Rate Function A (¢) can be expressed as:

p—1
f (t) o é (L) e—(f/ﬂ)ﬁ7 t > 0
nA\n

R(t) = e—(1/77)"i

(12)

2) EXPONENTIAL DISTRIBUTION

In reliability theory, the exponential distribution is the most
basic, single-parameter distribution function. This distribu-
tion will be followed by failures caused by purely random or
chance events. In the case of a time-to-failure distribution,
it is usually defined by a single parameter known as the
failure rate A. The following are the functions for exponential
distribution that were mentioned in the preceding section:

[t =nre™,
R({t)=e¢M

t>0 (13)

3) NORMAL DISTRIBUTION

The normal distribution has a sensitive responsivity to phe-
nomena that occur in a concentration of failures around the
mean life. The normal distribution can be characterized by
two parameters, mean y and variance o2. The distribution is
symmetric about its mean, with the spread of the distribution
determined by the standard deviation o. Let the random
variable 7T € N (M, 02), then reliability functions can be
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expressed as

L -3(5),
o2

1—u
I e 1 2
R(r):l—d)(—):/ e 2dz
o oo 27

4) LOGNORMAL DISTRIBUTION

If T is the random variable representing the lognormal time
to failure, the logarithm of 7 has a normal distribution with
mean p and standard deviation o. The logarithm In# of the
non-negative random variable ¢ is set to obey the normal dis-
tribution, then the variable ¢ obeys the lognormal distribution,
namely Int € N (,u,, 02), and f reliability functions can be
expressed as

fn)=

—_X0<I <X

N2
U5
ot 21

Int—u

lnt—,u> /a 1 2
R)y=1-o ——— | = e 2dz
® < o 0 2

Ill. FAULT DATA DISTRIBUTION MODEL

This paper takes cycloidal gears form grinding machine as
the research object, and analyzes the used failure interval
time from the machine tool field operation records of the
internship cooperation unit. According to the total fault time,
they are arranged as shown in Table 1. These data repre-
sent the running status of the machine tool under the actual
working environment and maintenance conditions, so it can
truly reflect the reliability level of the cycloidal gears form
grinding machine.

f()= t>0

15)

TABLE 1. The time between failures of cycloidal gears form grinding
machine.

Time series between failures (h)
58, 123, 215, 370, 489, 584, 672, 750, 833, 896, 925,
975, 1042, 1240, 1375, 1574, 1688, 1788, 1896, 1988

A. SOLVING FAULT DISTRIBUTION MODEL
Before solving the distribution model, the time between
failures needs to be preprocessed, and the preprocessing is
mainly to draw a function scatter plot.

First, the failure interval time #; € [58, 1988] is grouped
according to formula (16), and the number of groups k is set
as

k=1+332Inns (16)

where ny is the total number of faults; the number of groups
k can be rounded appropriately.
The group spacing At after grouping is:
T —Ts
k

At = (17)
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where t; is the upper limit and 7, is the lower limit,
respectively.
The frequency w; of each group falling into the data is
An,'
Wi = — (18)
nf
where An; is the frequency of each group falling into the data.
Then the probability density observation value f;, (¢;) of
each group can be expressed as

~ w;
Jn (i) = A (19)

According to the above process, the data are substituted
into and calculated in turn: £ = 10; At = 193, and the other

calculated values are shown in Table 2.

TABLE 2. Data of fault probability density function plot.

o i S w0 )

1 58 251 154.5 3 0.15 7.772x10*
2 251 444 347.5 1 0.05 2.591x10*
3 444 637 540.5 2 0.1 5.181x10*
4 637 830 733.5 2 0.1 5.181x10*
5 830 1023 926.5 4 0.2 1.036x1073
6 1023 1216 1119.5 1 0.05 2.591x10*
7 1216 1409 1312.5 2 0.1 5.181x10*
8 1409 1602 1505.5 1 0.05 2.591x10*
9 1602 1795 1698.5 2 0.1 5.181x10*
10 1795 1988 1891.5 2 0.1 5.181x10*

Use the group median value in Table 2 as the abscissa and
f, () as the ordinate to draw a scatter plot of the probability of
failure, and fit the function curve by polynomial curve fitting,
as shown in Figure 2.

x10*

12 5
¥ Observations /(1)
* Probability Density Fitting]
0r Curve 14
Frequency A,
gt
o x .
Z r
a 5
= % I Z
= o
E * * X % £
2 2
2
4r
% % % 1
2k % Z %
0 4 L 0
0 400 800 1200 1600 2000
Time /h

FIGURE 2. Scatter diagram of fault probability density function.
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B. SCATTER PLOT OF EMPIRICAL DISTRIBUTION
FUNCTION

In reliability assessment, formula (20) is often used to approx-
imate the empirical distribution function value F, (¢;).

0 t<t
 —0.3

Fo(t) = m <t <fi (20)
1 t=>1,

The final calculation results are shown in Table 3.

TABLE 3. Data of empirical distribution function plot.

I t,/h F,.(t) i t,/h F,(t)

1 58 0.034313 11 925 0.524509
2 123 0.083333 12 975 0.573529
3 215 0.132352 13 1042 0.622549
4 370 0.181372 14 1240 0.671568
5 489 0.230392 15 1375 0.720588
6 584 0.279411 16 1574 0.769607
7 672 0.328431 17 1688 0.818627
8 750 0.377450 18 1788 0.867647
9 833 0.426470 19 1896 0.916666
10 896 0.475490 20 1988 0.965686

Take #; as the abscissa and Fj, (#;) as the ordinate to draw
a scatter plot of the empirical distribution function, as shown
in Figure 3.

1.0

=3
o0
T

=4
=
T

N
~
T

=4
35}
T

Empirical distribution functionF ()

*  Empirical distribution function F"(tl)

Fit function curve

0 500 1000 1500 2000
MTBF /h

FIGURE 3. Scatter diagram of the empirical distribution function.

Synthesize Figure 2 and Figure 3, and compare and analyze
the image properties of the four types of reliability distribu-
tion model functions analyzed. It is found that the current
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fitting curve shape cannot pre-select the possible distribution.
In the face of the four distribution models, the null hypothesis
Hj is made, and the MLE parameter estimation solution is
performed. The MLE parameters are solved and the estimated
parameters are i = 6.5903,6 = 0.9159. Therefore, the
lognormal fitting cumulative distribution function is:

Int — 6.5903)

21
0.9159 @D

Fty=9o <

Figure 4 shows the curve fitting situation of the fitted

distribution function and the empirical distribution function
solved by the original data.

1.0
A
08|
=
.S
kst
E!
“—
= 0.6 -
S
=
2
k=
504 o
<04
2 /.
g [—&— Weibull distribution fitting curve
= |—8— Exponential Distribution Fitting Curve
5 02 Normal Distribution Fitting Curve
© Lognormal fit curve
% Empirical distribution function
I—— Empirical distribution fitting function
O T T
0 500 1000 1500 2000

MTBF t/h

FIGURE 4. Original data curve fitting situation diagram.

It is difficult to determine which distribution model to
reject or accept based on the curve fitting situation in Figure 8
alone. Therefore, it is necessary to perform statistical hypoth-
esis testing on the four hypothetical distributions made above.
The method is to use the Mann test for the Weibull distribu-
tion and use the Mann test for the other distributions. Three
distributions use the K-S test.

First, determine the critical value F, (2k{, 2k>) of Mann’s
test: n = 20, k; = 10, kp = 9, by formulas (22) and (23).

n—1
ki 3 (nfipy — Int;) /M;
M= = 22)

k1
ky Y (Intiyy —Int) /M;
i=1

w5

My =Zip — 7 23)

i—0.5
Zi=In|—-In{1—- ————
n+ 0.25

Then a given significant level « = 0.1, Fp1 (20, 18) =
1.84 can be obtained by checking the F distribution table.
Then determine the critical value D,, , of K-S test: also take
the significant level « = 0.1, then when n = 20, Dy 0.1 =
0.174 can be obtained by checking the critical value table of
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K-S the test. Finally, the test statistics of each fitted distri-
bution function are calculated respectively. For comparative
analysis, all the calculation results of the hypothesis test are
calculated as shown in Table 4.

TABLE 4. Original data fitting distribution hypothesis test.

t]?]i;;ribution Test statistics  Critical value }Jll;r(:)%l:}llzrslzs
Weibull 0.7485 1.84 Accept
Exponential 0.1715 0.174 Accept
Normal 0.0803 0.174 Accept
Lognormal 0.1369 0.174 Accept

Analyzing Figure 4 and Table 4, it is found that based on
the existing small sample fault data, the reliability distribution
model of the CNC forming gear grinding machine cannot
be determined through the conventional statistical distribu-
tion theory. The four theoretical distributions of the original
hypothesis are all Therefore, the accurate fitting of the reli-
ability distribution model of the machine tool has become a
necessary prerequisite for evaluating its reliability level.

IV. RBF NEURAL NETWORK ALGORITHM

RBF neural network is a type of forwarding neural network,
and its network structure includes an input layer, hidden
layer, and output layer. The basic idea is to use radial basis
functions to form the hidden layer space, and the hidden
layer transforms the input quantity and converts it to a high-
dimensional space so that it is linearly separable in the high-
dimensional space. In reliability data analysis, the function
approximation function of the RBF network is mainly used
to generate simulation data with the same distribution type as
the original data, to achieve the purpose of large sample data
analysis.

A. RBF METHOD STEPS
RBF neural network has a variety of learning strategies
according to the selection method of the radial basis function
center. In this paper, the self-organizing clustering learn-
ing algorithm is used as the learning method of the RBF
neural network. The method mainly includes the following
two parts: one is to determine the basis function center and
extended constant spread of the neural network through the
output of the learning algorithm; the other is to determine
the weights from the hidden layer to the output layer through
supervised learning training. The specific algorithm steps are
as follows:

Assuming k is the number of centers, n is the
total number of samples, and the central domain of

the m-th iteration is ¢y (m),co(m),---,ci (m), then
w1 (m),wy(m), -, wr (m) is the corresponding analysis
domain.
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Initialization. Take the empirical distribution function
F, (¢;) and fault data #; in Table 1 as the sample input, and
randomly select k original data as the initial central domain.
Clustering. Calculate the geometric distance of all inputs to
the specified center, and cluster the data according to the
principle of minimum spacing.

Jn i=1,2,--- .,k
(24

Dij(m)=|xj—ci(m)|, j=1.2,--

where x; is the jth sample.
Update the central domain.

1
ci(m—i—l):;Zx, i=1,2,---,k (25

! xX€Ew;(t)

where n; is the number of samples contained in the ith analysis
domain.

Judge. If ¢c;(m+ 1) # c¢;(m), go to the second step to
continue the iteration; if the center domain has been uniquely
determined, determine the center of the basis function, and
the iteration terminates.

Train a neural network. Design the RBF neural network
structure and train it with the output of the above steps,
where the spread value of the network is determined by the
minimum spacing between the central domains:

8i = pdi

26
d; = min [ ¢; — i (20

where p is the overlap coefficient, generally take p = 1.0.
Data augmentation. Taking the randomly generated cumu-
lative distribution function value F' (¢) as the input value, the
output of the network is the expanded fault data.
Parameter estimation and testing. The augmented data are
subject to maximum likelihood parameter estimation and the
test is used to determine the type of distribution fitted.

B. GENERATION AUGMENTED DATA

The simulation and verification are carried out according to
the above modeling steps. To eliminate the calculation devia-
tion caused by random parameter intervention, set the number
of iterations to 500 times, randomly select 14 sample data as
the initial center domain, and import all the sample data into
the algorithm program to obtain the basis function center and
spread value; then establish the neural network structure is
trained based on the cluster analysis results. After the training
is completed, the overall performance of the network is tested
with the original data and the data fitting error is calculated.
The fitting curve of the RBF neural network is shown in
Figure 5, and the fitting error is shown in Figure 6.

It can be seen from Figure 5 and Figure 6 that the trained
RBF neural network model fits the original data well, and the
average absolute error of training reaches 11.02. Therefore,
the simulated data generated by this algorithm can reflect the
function distribution law between the original data. Then, 100
randomly generated cumulative failure distribution function
values were imported into the RBF neural network model to
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FIGURE 5. RBF neural network fitting curve to the original data.
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FIGURE 6. Fitting error diagram.

obtain the expanded failure data. The parameter maximum
likelihood estimation is performed on the expanded data, and
the cumulative distribution function of each distribution type
is obtained. The fitting function is shown in Figure 7.
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FIGURE 7. Expansion data curve fitting situation diagram.

Here, the calculation process is omitted, and the functional
form of each distribution model after understanding is given
directly. Each distribution function is computed as follows.
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Weibull distribution (/§ = 1.5621, n = 1011.7242):

; 1.5621
F(i)=1- exp |:_ (M) ] -

Exponential distribution (A = 0.0011):

F (1) = 1 —exp (—0.00117) (28)
A normal distribution (1 = 915.7423, 5 = 562.1382):
t —915.7423
F()=2 (m) (29)
Lognormal distribution (& = 6.5168, 6 = 0.9344):
F)= o (lnt - 6.5168) (30)
0.9344

The fitted distribution under the expanded data is tested for
the statistical hypothesis. Given the same significance level
o = 0.1, first, determine the critical value of the test. When
n = 100, k1 = 50, ko = 49; therefore, by looking up the F’
distribution table, Fy 1 (50, 49) = 1.44. Secondly, determine
the critical value of K-S test: when n = 100, « = 0.1,
thenDigp0.1 = 0.0805. Finally, respectively calculate the
hypothesis test statistics of the fitted distribution function
under the expanded data and make a comparative analysis.
The results are shown in Table 5.

TABLE 5. Expansion data fitting distribution hypothesis test.

t]?]i;;ribution Test statistics ~ Critical value i;;;%?;;g:s
Weibull 0.91099 1.44 accept
Exponential 0.18601 0.0805 Refuse
Normal 0.11331 0.0805 Refuse
Lognormal 0.14574 0.0805 Refuse

Combining Table 5 and Figure 7, for the extended data
fitting distribution model, only Weibull passed the hypothesis
test, so there are reasons to accept only the original hypothesis
Hy,1 and reject the other three hypotheses. Since the expanded
data is obtained through the RBF neural network, and the
statistical law of the interpolation data of the RBF neural
network is consistent with the original data, it can be inferred
that the reliability distribution model of this series of machine
tools obeys the Weibull distribution.

C. RELIABILITY EVALUATION

Through the above analysis, the optimal fault distribution
model of the machine tool and the estimated value of the dis-
tribution function parameters have been determined. To fur-
ther quantitatively describe the overall reliability level of
the CNC machine tool, it is usually necessary to calculate
some quantitative indicators. The commonly used reliability
evaluation characteristics are given below. Through the above
modeling analysis and calculation, the reliability distribution
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model of the whole system of the CNC forming gear grinding
machine has been determined. As a result, its reliability eval-
uation functionsF (¢),f (¢), R (t) and A (¢) can be expressed
respectively as:

F (1) = 1 — exp[—(1/1011.7242)1-5621]

1.5621¢0-3621 sl
f@= W@Xp[—(l/1011.7242) R

R (1) =1 —F (1) = exp[—(1/1011.7242)" 3]

£ 1.5621 sl
A = - 1/1011.7242)"
@ R (1) 10117242 )

(3D

From the above formula, the characteristic curve of the reli-
ability evaluation function of the CNC forming gear grinding
machine can be fitted as shown in Figure 8.
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FIGURE 8. The characteristic curve of the reliability evaluation function.

The curve in Figure 8 shows an upward trend. Combined
with the bathtub curve theory, it can be seen that this machine
tool has entered product consumption and shelf life after
a long time of use. During this period, the failure rate of
machine tools has a gradual upward trend with universal
characteristics. The main reason may be that with the pas-
sage of time and the influence of the working environment,
there are different degrees of fatigue, wear, and aging of the
components of each subsystem of the machine tool. At this

65134

stage, to ensure the reliable operation of the equipment, it is
necessary to consider replacing the machine tool parts or
do further failure analysis on the various subsystems of the
machine tool to find out the direct cause of the failure.

Then, the reliability evaluation index of the machine tool is
calculated quantitatively. Generally, MTBF is used to directly
assess the reliability level of the machine tool. MTBF obser-
vations can be calculated directly as:

n n n
MTBF = 1% Sti=> 6> n (32)
0= i=1 i=1

The calculated MTBF is 915.74h. The calculation formula
of MTBEF point estimation is as follows:

0 B B
MTBF = / B (5) exp [— (5) :|ldt (33)
o n\n n

where y = (/1) and t = ny'/# are set, then

B—1
dy=" <5> dt (34)
n\n

Substituting equation (33) into equation (34) has:

oo p-1 B
MTBF = / E (L> exp |:— (L) :|tdt
o n\7n n
= nfo y% exp (—y)dy

— T (1 + %) (35)

where I' (x) is the gamma function,

I (x) = / Ooy‘*le*yczy (36)
0

Therefore, the estimated value of the MTBF point can be
calculated by the formula (35):

1
MTBE,;; = nT (E + 1) = 909.20h

The observed value of MTBF is consistent with the point
estimate value in a statistical sense. In practical applications,
there will be some differences between the two due to the
influence of fitting error and sample size.

V. RELIABILITY ANALYSIS BASED ON FTA-AHP

A cycloid gear grinding machine is precision equipment for
grinding and processing gears composed of a combination of
multiple functional systems. When troubleshooting it, it often
takes a lot of trouble to find the cause of the equipment
failure. To avoid this situation, this section adopts FTA-AHP
method for the analysis of cycloidal gear grinding machines.
Fault tree analysis (FTA) is one of the important tools for
failure analysis of mechanical equipment. With its systematic
analysis process, it can accurately find the mechanism and
cause of equipment failure. AHP can simplify the complex
model of FTA analysis, decompose it into multiple levels and
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TABLE 6. Event name and code.

Event level Event name Eventcode  Event name Event code
Level one Cycloidal gear grinding machine failure N1 - -
Second floor Electrical control subsystem failure T1 Feed servo subsystem failure T2
Grinding Wheel Subsystem T3 Machine Tool Hydraulic Subsystem T4
Third floor Electronic control component failure Y1 Abnormal start and stop of the motor Y2
Power system failure Y3 Work light failure Y4
CNC failure Y5 Servo drive alarm fault Y6
Servo motor failure Y7 Position detection unit failure Y8
Speed control unit failure Y9 Ball screw pair failure Y10
Rotary table failure Y11 Grinding wheel failure Y12
Grinding wheel motor spindle failure Y13 Oil temperature rise Y14
System traffic unstable Y15 System Vibration and Noise Y16
System pressure imbalance Y17 Grinding wheel clogged Y18
Wheel wear Y19 Grinding wheel burst Y20
Fourth floor Poor contact Z1 Mechanical jam Z2
Damaged contactor Z3 Coil open circuit Z4
Mechanical vibration, shock Z5 Damaged release Z6
Overload z7 Line aging Z8
Air switch disconnected Z9 Wrong program leads to crash Z10
Not enough storage Z11 Parameter setting error Z12
ROM adjacent cell crosstalk Z13 Motherboard corrosion Z14
Damaged detection element Z15 Damaged or bad circuit board Z16
Component damage Z17 Damaged switch Z18
Main circuit board failure 719 CNC software failure 720
CNC control panel malfunction 721 Storage unit failure 722
Drive control unit failure 723 The power phase sequence reversed 724
No enable signal on the control side 725 Excitation circuit disconnection 726
Hydraulic pump failure 727 Hydraulic oil leak 728
Control valve failure 729 Too many air bubbles in the tank 730
Seal aging Z31 Drive module temperature rise 732
Poor connection between motor and driver 733 Power supply voltage low 734
Power supply voltage too high 735 Bearing wear 736
Bearing too tight 737 Grating pollution serious 738
The pulse encoder oily 739 Pulse encoder connection loose 740
Inductive synchronizer damaged 741 The frequency of shifting too high 742
Speed unit gain too high 743 Ball screw movement is not flexible 744
Poor screw movement accuracy ZAS Large screw reverse error 746
Excessive screw torque 747 Ball screw pair noise 748
Coupling loose 749 Mechanical damage Z50
Rotational system clearance too large Z51 Fuel tank level too low 752
. Moving parts commutator lacks
The pump and the motor not on the same axis 753 . 754
damping
Motor vibration Z55 Pipe Cracks 756
. The speed of the grinding wheel too
Pipe blockage 757 . 758
high
Poor quality grinding wheel 759 Poor quality of grinding fluid 760
Wear and tear 761 Oxidative wear 762
plastic wear 763 Improper storage of grinding wheels 764
Improper method of operation 765 Cracks caused by external impact 766
Ball screw pair noise 767 Vibration and noise 768
Spindle running abnormally 769 Working accuracy is out of tolerance Z70
Rotor cage bars broken or have poor contact Z71 Axial preload is too large 772
The shaft is bent 773 Rotor winding open circuit 774
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TABLE 6. (Continued.) Event name and code.

Slow down or unstable speed

Poor accuracy of grinding wheel adaptor
Mechanical friction heat, poor heat dissipation
Improper piping design

775 Poor bearing accuracy 776
771 The oil viscosity too high Z78
z79 High work pressure 780
781 Leakage causes volume loss to heat 782

their corresponding influencing factors, compare the influ-
ence degree of each level of influence factors on the previous
level, and determine the weight influence value of each factor.
This method combines qualitative and quantitative analysis,
and finds out the key failure factors of each subsystem by
establishing an analytic hierarchy process, which is conve-
nient for maintenance masters to find the faults of the cycloid
gear grinding machine equipment, and take effective mea-
sures to maintain and increase the machine tool’s service life.
Trouble-free working time.

A. DEFINITION FAULT EVENTS

The structure of the cycloidal gear grinding machine is rel-
atively complex. To conduct fault analysis more rationally,
this section divides the cycloidal gear grinding machine into
four main functional subsystems according to the principle
of FTA. The faults of the four main functional subsystems
including the electrical control subsystem, feed servo sub-
system, grinding wheel subsystem and hydraulic subsystem
of the machine tool are only analyzed. The faults of other
systems are not considered here for the time being.

The fault events are defined and numbered. To facilitate the
analysis, the faults of the four subsystems are defined as the
top events of their respective system failures, the failures of
the main functional components of each system are defined as
the intermediate events, and finally, the factors that directly
cause the failures are defined as the bottom events. Finally,
according to the fault information of the cycloid gear grinding
machine collected on-site, the fault event code table at all
levels is made after sorting, as shown in Table 6.

B. FTA-AHP ANALYSIS

According to the system structure and fault event definition of
the cycloidal gear grinding machine combined with the FTA
method, the fault tree of the cycloidal gear grinding machine
is established. Let the fault event of the cycloidal gear grind-
ing machine be N1, and its system faults are defined as T1-T4,
and finally establish the fault tree of each subsystem as shown
in Figure 9.

C. FTA ANALYSIS

The machining accuracy and quality of the cycloid gear
grinding machine depend on the grinding wheel system.
To improve its reliability, it is necessary to find out the
cause of its failure. According to the figure, there are a total
of 10 failure modes that cause the failure of the grinding
wheel system, which are the failure of the rotary table, the
failure of the grinding wheel, the failure of the ball screw
pair, the failure of the electric spindle of the grinding wheel,
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the blockage of the grinding wheel, the wear of the grind-
ing wheel, the burst of the grinding wheel, and the failure
of the grinding wheel. Vibration and noise, abnormal oper-
ation of the electric spindle, and poor working accuracy,
of them, will cause the occurrence of top events. However,
the corresponding intermediate events and fault sources can
be found according to these intermediate events, so that all
fault sources causing the top event can be found.

1) ESTABLISH A HIERARCHICAL STRUCTURE MODEL
There are many levels of fault tree construction, and there
may be similar fault factors in different fault modes. The
hierarchical structure is complex and not suitable for AHP.
On this basis, the FTA analysis method and the AHP method
are combined, and the Hi The minimum split set corresponds
to the corresponding failure factor. Using Fussell’s descend-
ing method, the minimum cut set can be obtained as:

The minimum cut set of H1 is: {Z38}, {Z49}, {Z50},
{Z51}.

The minimum cut set of H2 is: {Z58}, {Z59}, {Z60},
{Z61}, {762}, {263}, {Z64}, {265}, {Z66}.

The minimum cut set of H3 is: {Z44}, {Z47}, 7Z48}.

The minimum cut set of H4 is: {Z71}, {Z72}, {Z73},
{774}, {Z75}, {Z76}, {Z77}.

According to the above, the fault hierarchical model of the
grinding wheel system is constructed, as shown in Figure 10:

2) OBTAINING THE PROBABILITY WEIGHT OF THE FAILURE
CAUSE

After a long-term investigation of machine tool companies,
sorting and analyzing machine tool maintenance records,
summarizing the failure mode and causes of the grinding
wheel system, and combining with the comprehensive diag-
nosis data of the enterprise technicians, a probability weight
judgment matrix for the failure mode of the grinding wheel
system is constructed. Use MATLAB to write a program
to calculate the influence weights of H1-H4 factors on the
topmost T, as shown in Table 7.

TABLE 7. Judgment matrix B of layer B for layer A.

B H, H, H; H, ;

H, 1 3 7 1/3 0.2704
H, 1/3 1 5 1/5 0.1286
H; 1/7 1/5 1 1/8 0.0419
Hy 3 5 8 1 0.5591
Amax=4.2011
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FIGURE 9. Fault tree of each subsystem of cycloid gear grinding machine.

FIGURE 10. Failure hierarchy model of grinding wheel system.

Table 8 shows the probability judgment matrix that C; is preventing the interference of other factors, and objectively
the C layer. The weight judgment matrix of the remaining C reflecting the difference of the influence of a pair of factors,
layers can be obtained as above. when comparing multiple factors, usually shows inconsistent

Table 9 shows the weights of the influencing factors of the results, so it is necessary to carry out a consistency test.

C, layer.

— (Aw);
3) CONSISTENCY TEST OF HIERARCHICAL SINGLE Fman ; nwi &7
ORDERING Cl.
The order of the importance of a factor in the previous CR. = RI. (38)
level by many factors at the same level is a single level Amax — 1
order. Generally, establishing a judgment matrix of factors, Cl. = -1 (39)
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TABLE 8. Judgment matrix C, of layer C relative to layer B.

C, 758 759 Z60 Z61 Z62 Z63 Z64 Z65 Z66

758 1 /4 5 173 6 5 V72 5
759 4 1 4 5 7 6 3 4 8
760 1/5 1/4 1 173 2 3 1/5 172 3
z61 3 /5 3 1 2 3 173 2 3
762 1/6 1/7 172 1/2 1 2 1/4 1/3 12

763 1/5 1/6 1/3 173 12 1 1/5 173
z64 7 173 5 3 4 5 1 5
765 172 /4 2 1/2 3 3 1/5 1
766 1/5 1/8 1/3 1/3 2 12 1/8 1/3 1

W oo N

TABLE 9. The weight value of each influencing factor of C2 layer.

. Weight . Weight . Weight
Weights Weights Weights
value value value
on 0.1125 o1 0.1107 (o 0.2538
(01 0.3144 012 0.0333 [OJF 0.0673
M0 0.0506 13 0.0300 M6 0.0275

where A represents the constructed judgment matrix, n repre-
sents the order of the matrix, Apax is the maximum eigenvalue
of the matrix, R.I. represents the test index of the average
random consistency, and Table 10 is the R.I. value table.

TABLE 10. R.l value of average consistency index.

Order R.IL Order R.IL Order R.L

1 0 5 1.12 9 1.46
2 0 6 1.26 10 1.49
3 0.52 7 1.36 11 1.52
4 0.89 8 1.41 12 1.54

According to the requirements of the consistency check,
when C.R. < 0.1 or Amax = n, C.I. = 0, it means that the
matrix meets the requirements, if not, the matrix should be
trimmed until it meets the requirements of the consistency
index. Table 11 shows the results of the matrix consistency
test.

TABLE 11. Maximum eigenvalue and consistency test results.

Matrix A max C.L R.L CR.

B 42011 0.0670 0.89 0.0745<<0.1
Cl1 4.0776 0.0259 0.89 0.0288<<0.1
Cc2 10.127 0.1409 1.45 0.0972<<0.1
C3 3.0183 0.0091 0.52 0.0158<<0.1
C4 7.7787 0.1298 1.41 0.0983<<0.1

All judgment matrix C.R. values in the test results are
less than 0.1, indicating that the factor comparison value is
effective.

4) OVERALL RANKING OF FAULT FACTORS

In a complex system, to better determine the weight of the
fault factor on the top event, that is, it is necessary to sort the
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fault factors of the hierarchical model, and calculate the total
importance of the bottom fault factor to the top event. order,
and then the reliability analysis can be carried out.

The formula for calculating the total ranking weight is as
follows.

4
Xi= ) xwi (40)
=1

Table 12 is the calculation result of each factor’s weight.

TABLE 12. Factor probability weight ranking.

Total weight
?:aitl:)l:e A Az As A4 Comprehensive ~ Weight
02704 0.1286 00419 05591 Weight sorting

VAR 0.3634  0.2032 1
Z51 0.5738 0.1552 2
774 0.2218  0.1240 3
773 0.1628  0.0910 4
Z71 0.1335  0.0746 5
738 0.2388 0.0646 6
759 0.3144 0.0404 7
772 0.0720  0.0403 8
750 0.1310 0.0354 9
765 0.2538 0.0326 10
744 0.5584 0.0234 11
747 0.0418  0.0233 12
749 0.0563 0.0152 13
758 0.1125 0.0145 14
761 0.1107 0.0142 15
777 0.0247  0.0138 16
744 0.3196 0.0134 17
764 0.0673 0.0087 18
760 0.0506 0.0065 19
748 0.1220 0.0051 20
762 0.0333 0.0043 21
763 0.0300 0.0039 22
764 0.0275 0.0035 23

5) CONSISTENCY TEST

Although the single-level ordering meets the requirements of
consistency, inconsistency among the levels may accumulate
during the consistency test of the overall ordering of the
hierarchy, which may cause the final consistency test result
of the analysis to fail to meet the requirements. Therefore,
it is necessary to test the overall ordering of the hierarchy.
The consistency of the test formula is as follows:

4
Z a)jC.I.j
_

4
Z ij.I.j
j=1

C.R. (41)

The C; consistency index in the formula is denoted by
C 1., the average random consistency index of C; is denoted
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arge screw reverse error 1 0.0032
The power phase sequence is reversed | 0.0015
Bearing is too tight | 0.0009

(b) Histogram of weight ranking of fault factors of feed servo system

Improper piping design 02732
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The pump and the motor are not on the same axis B 0.0054

Motor vibration ¥ 0.0049

Moving parts commutator lacks damping 1 0.0035

(c) Histogram of weight ranking of fault factors of hydraulic system

FIGURE 11. Histogram of weight of fault factors for subsystems.

by R.I.;, calculated according to the formula: C.R. =
0.079 < 0.1.

Calculated by the formula, the total ranking of each weight
level conforms to the consistency test. From the total ranking
results, it can be found which fault factors have a great influ-
ence on the grinding wheel system. Reasonable solutions are
proposed for the main fault factors to improve the reliability
of the grinding wheel system.
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The remaining three subsystems of the cycloid gear grind-
ing machine: electrical control system, feed servo system, and
machine tool hydraulic system are analyzed with the above-
mentioned FTA-AHP analysis of the grinding wheel system,
and the weight ranking diagram of the failure factors affecting
their respective systems is obtained as shown in Figure 11,
it is convenient for maintenance personnel to troubleshoot
the machine tool and take reasonable maintenance decisions,
thereby reducing the downtime of the machine tool.

From Figure 11, the main factors affecting the electri-
cal control system, feed servo system, and machine tool
hydraulic system can be obtained. For example, the main
factors for motor control system failure are CNC software
failure, drive control unit failure, main circuit board failure,
and feed servo. The main factors of system failure are seri-
ous grating pollution, high-speed change frequency, overload
load, etc. The main factors of machine tool hydraulic system
failure are unreasonable pipeline design, volume loss and heat
caused by leakage, control valve failure, etc. Maintenance
personnel can According to the obtained fault spectrum, the
maintenance plan is formulated, and there is no need to spend
a lot of time in the fault tree to check the cause of the fault as
before, which improves the efficiency of fault diagnosis and
greatly shortens the time for fault diagnosis.

VI. CONCLUSION

Aiming at the uncertainty of the fault distribution model of
the cycloid gear grinding machine in the case of lack of
data, an RBF neural network fault data expansion algorithm
model is established. The data expanded by this algorithm
will not change the statistical distribution of the original data,
so it is also reliable for lack of data. Modeling provides
an effective solution. Secondly, parameter estimation and
hypothesis testing are carried out on the fault data expanded
by the algorithm, which can uniquely determine that the
fault distribution type of this type of cycloidal gear grinding
machine conforms to the Weibull distribution. The model
parameter estimation results are also more accurate. Then,
based on this research work, the reliability evaluation feature
quantities and key index estimates of the machine tool are
given, the reliability evaluation of the whole machine system
is completed, and the cycloid is obtained. The MTBF of the
wheel grinder is 909.2h. Finally, the FTA-AHP analysis of
the cycloid gear grinder are performed to establish the fault
tree of each subsystem of the machine tool. Find out the fault
of the cycloidal pinwheel grinding machine equipment and
take effective measures to repair it to increase the trouble-free
working time of the machine tool.

REFERENCES

[1] B. Denkena, M.-A. Dittrich, L. Keunecke, and S. Wilmsmeier, *“‘Continu-
ous modelling of machine tool failure durations for improved production
scheduling,” Prod. Eng., vol. 14, no. 2, pp. 207-215, Apr. 2020.

[2] 1. Paprocka and W. M. Kempa, “Model of production system evaluation
with the influence of FDM machine reliability and process-dependent
product quality,” Materials, vol. 14, no. 19, p. 5806, Oct. 2021.

[3] M. . Triebe, F. Zhao, and J. W. Sutherland, ‘““Genetic optimization for the
design of a machine tool slide table for reduced energy consumption,” J.
Manuf. Sci. E-T ASME, vol. 143, no. 10, Oct. 2021, Art. no. 101003.

65139



IEEE Access

C. Jiang et al.: Construction and Simulation of Failure Distribution Model for Cycloidal Gears Grinding Machine

[4]

[5]

[6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

X. Yuan, C. Hao, J. Gu, X. Mao, H. Liu, J. Zhang, X. Jiang, and H. Zhu,
“Research on the commonness and dissimilarity of group machine tools
based on BP and SAE algorithms,” Comput. Ind. Eng., vol. 158, Aug. 2021,
Art. no. 107451.

S. Tangjitsitcharoen and H. Lohasiriwat, “Intelligent monitoring and pre-
diction of tool wear in CNC turning by utilizing wavelet transform,” Int.
J. Adv. Manuf. Technol., vol. 99, nos. 9-12, pp. 2219-2230, Dec. 2018.

B. Karoum and Y. B. Elbenani, “A clonal selection algorithm for the gen-
eralized cell formation problem considering machine reliability and alter-
native routings,” Prod. Eng., vol. 11, nos. 4-5, pp. 545-556, Oct. 2017.
M. Alawad and M. Lin, ““Stochastic-based deep convolutional networks
with reconfigurable logic fabric,” IEEE Trans. Multi-Scale Comput. Syst.,
vol. 2, no. 4, pp. 242-256, Jan. 2016.

J. B. Ali, B. Chebel-Morello, L. Saidi, S. Malinowski, and F. Fnaiech,
“Accurate bearing remaining useful life prediction based on Weibull
distribution and artificial neural network,” Mech. Syst. Signal Process.,
vols. 56-57, pp. 150-172, May 2015.

W. Jia, D. Zhao, and L. Ding, “An optimized RBF neural network algo-
rithm based on partial least squares and genetic algorithm for classification
of small sample,” Appl. Soft Comput., vol. 48, pp. 373-384, Nov. 2016.
G. Nicora, M. Rios, A. Abu-Hanna, and R. Bellazzi, “‘Evaluating pointwise
reliability of machine learning prediction,” J. Biomed. Informat., vol. 127,
Mar. 2022, Art. no. 103996.

Q. U. Ain, A. Aleksandrova, F. D. Roessler, and P. J. Ballester, ‘“Machine-
learning scoring functions to improve structure-based binding affinity
prediction and virtual screening,” Wiley Interdiscipl. Rev., Comput. Mol.
Sci., vol. 5, no. 6, pp. 405—424, Nov. 2015.

B. Natvig, A. B. Huseby, and M. O. Reistadbakk, ‘“Measures of component
importance in repairable multistate systems—A numerical study,” Rel.
Eng. Syst. Saf., vol. 96, no. 12, pp. 1680-1690, Dec. 2011.

G. Valdes, T. D. Solberg, M. Heskel, L. Ungar, and C. B. Simone, ““Using
machine learning to predict radiation pneumonitis in patients with stage
I non-small cell lung cancer treated with stereotactic body radiation ther-
apy,” Phys. Med. Biol., vol. 61, no. 16, pp. 6105-6120, Jul. 2016.

S. Park, H. K. T. Ng, and P. S. Chan, “On the Fisher information and
design of a flexible progressive censored experiment,” Statist. Probab.
Lett., vol. 97, pp. 142-149, Feb. 2015.

J. Mi, Y.-F. Li, W. Peng, and H.-Z. Huang, “Reliability analysis of com-
plex multi-state system with common cause failure based on evidential
networks,” Rel. Eng. Syst. Saf., vol. 174, pp. 71-81, Jun. 2018.
W.Y.Zhang, W. Guan, and L. L. Fan, “A self-regulating pairwise swapping
algorithm to search reliability-based user equilibrium,” J. Cent. South
Univ., vol. 25, no. 8, pp. 2002-2013, Aug. 2018.

Y. P. Gupta and T. M. Somers, ““Availability of CNC machines: Multiple-
input transfer-function modeling,” IEEE Trans. Rel., vol. 38, no. 3,
pp. 285-295, Aug. 1989.

M. Rawat and B. K. Lad, “Novel approach for machine tool maintenance
modelling and optimization using fleet system architecture,” Comput. Ind.
Eng., vol. 126, pp. 47-62, Dec. 2018.

A. Kumar, R. M. Pathak, and Y. P. Gupta, “Genetic-algorithm-based
reliability optimization for computer network expansion,” IEEE Trans.
Rel., vol. 44, no. 1, pp. 63-72, Mar. 1995.

J. 1. Ansell and M. J. Phillips, “Practical reliability data analysis,” Rel.
Eng. Syst. Saf., vol. 28, no. 3, pp. 337-356, Jan. 1990.

S. Boral and S. Chakraborty, “Failure analysis of CNC machines due to
human errors: An integrated IT2F-MCDM-based FMEA approach,” Eng.
Failure Anal., vol. 130, Dec. 2021, Art. no. 105768.

M. Yalcinkaya and B. Birgoren, “Confidence interval estimation of
Weibull lower percentiles in small samples via Bayesian inference,” J. Eur.
Ceram. Soc., vol. 37, no. 8, pp. 2983-2990, Jul. 2017.

Y.-C. Yin, F. P. A. Coolen, and T. Coolen-Maturi, ““An imprecise statistical
method for accelerated life testing using the power-weibull model,” Rel.
Eng. Syst. Saf., vol. 167, pp. 158-167, Nov. 2017.

J. B. Cordeiro and H. Pham, “Optimal design of life testing cost model
for type-II censoring Weibull distribution lifetime units with respect to
unknown parameters,” Int. J. Syst. Assurance Eng. Manage., vol. 8, no. 1,
pp. 28-32, Mar. 2017.

E. Sadeghian and S. Toosi, “Reliability analysis of a composite lam-
inate using estimation theory,” J. Central South Univ., vol. 26, no. 3,
pp. 665-672, Mar. 2019.

G. Boukhalfa, S. Belkacem, A. Chikhi, and S. Benaggoune, ““Genetic
algorithm and particle swarm optimization tuned fuzzy PID controller on
direct torque control of dual star induction motor,” J. Central South Univ.,
vol. 26, no. 7, pp. 1886-1896, Aug. 2019.

65140

(27]

(28]

[29]

[30]

(31]

M. Soori, B. Arezoo, and M. Habibi, “Tool deflection error of three-axis
computer numerical control milling machines, monitoring and minimizing
by a virtual machining system,” J. Manuf. Sci. E-T ASME, vol. 138, no. 8,
Aug. 2016, Art. no. 081005.

K. Salonitis and A. Kolios, “Force-based reliability estimation of remain-
ing cutting tool life in titanium milling,” Int. J. Adv. Manuf. Technol.,
vol. 106, nos. 7-8, pp. 3321-3333, Feb. 2020.

Y. Forster, S. Hergeth, F. Naujoks, J. F. Krems, and A. Keinath, *“Self-report
measures for the assessment of human—machine interfaces in automated
driving,” Cognition, Technol. Work, vol. 22, no. 4, pp. 703-720, Nov. 2020.
A. Kotliar, M. Gasanov, Y. Basova, O. Panamariova, and S. Gubskyi,
“Ensuring the reliability and performance criterias of crankshafts,” Diag-
nostyka, vol. 20, no. 1, pp. 23-32, Nov. 2018.

Z. Hussain and H. Jan, “Establishing simulation model for optimiz-
ing efficiency of CNC machine using reliability-centered maintenance
approach,” Int. J. Model., Simul., Sci. Comput., vol. 10, no. 6, Dec. 2019,
Art. no. 1950034.

CHUANG JIANG received the Ph.D. degree in
mechanical design and theory from Northwestern
Polytechnical University, Xi’an, Shanxi, China,
in 2018. He is currently a Lecturer with the School
of Mechatronics Engineering, Henan University
of Science and Technology, Luoyang, China. His
research interest includes digital design and man-
ufacture of spiral bevel gear.

HUILIANG WANG received the Ph.D. degree in
mechanical design and theory from Northwestern
Polytechnical University, Xi’an, Shanxi, China,
in 2016. He is currently an Associate Profes-
sor with the School of Mechatronics Engineer-
ing, Henan University of Science and Technology,
Luoyang, China. His research interests include
industrial engineering, mechanical product digital
design and performance analysis, and computer
integrated manufacturing systems.

YINGHAO YANG received the M.S. degree in
industrial engineering from the Henan Univer-
sity of Science and Technology, Luoyang, China,
in 2020. He is currently an Engineer with AVIC
Jonhon Optronic Technology Company Ltd. His
research interest includes the reliability technol-
ogy of CNC machines.

YILIN FU received the bachelor’s degree in indus-
trial engineering from the Henan Institute of
Technology, in 2015. He is currently a Graduate
Student at the Henan University of Science and
Technology, Luoyang, China. His research inter-
ests include industrial engineering and reliability.

VOLUME 10, 2022



