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With the continuous development of social economy, industry has become the main industry that contributes to the economy. In
the process of industrial development, human operation is gradually replaced by machine operation, and the replacement of
machines is followed. Over the years, machines have become more and more important in industry. However, although the
machine liberates manpower, over time, it has experienced external pressures such as the environment and personnel and is
internally a�ected by the technical level, experience, equipment familiarity, and physical and mental state of the maintenance
personnel. Industrial machines tend to cause all sorts of problems when they run for too long. �erefore, it is ensured that the
e�cient operation and long-term operation of the machine are crucial issues. In view of the current situation and problems, this
paper combines di�erent equipment maintenance test data, adopts the method of high-performance computing overlap, es-
tablishes corresponding multisource data for data conversion and processing, and then uses the Bayesian method to analyze the
multisource data. Parameter fusion and over�tting are performed, and �nally the device is tested for prior data fusion using the
overlap data model. �e simulation results of this paper show that the high-performance overlap calculation method is e�ective
and can e�ectively support the fusion analysis of maintainable multisource data.

1. Introduction

With the continuous development of social economy and
the continuous maturity of industrialization, various ma-
chines play a pivotal role in industrial production and as-
sume a very important task in supporting the development
of the industry [1, 2]. However, excessive and long-term
operation of the machine often brings about various
problems and feedback of the machine. �erefore, how to
ensure the long-term operation of machinery and equip-
ment and the long-term operation of the factory is extremely
important. At the same time, the extensive application of
various technologies has promoted the obvious upgrade and
complication of equipment, which will increase the corre-
sponding experimental di�culty and increase the corre-
sponding cost, which in turn reduces the e�ectiveness of the
machine [3, 4]. In order to solve this dilemma and di�cult
problem, experts within the industry try to solve the problem

by integrating the maintainability data in various ways [5, 6].
Some scholars have tried to transform and fuse �eld
maintainability data through di�erent experimental envi-
ronments and di�erent application functions to achieve
e�ective expansion of data samples; in addition, some
scholars use D-S theory to perform state comprehensive
decision-making data fusion, verifying the e�ectiveness and
experimentation of data fusion technology, and explore the
application space and scope of the method. �erefore, in
terms of many maintainable data, the fusion method can be
used to make full use of the collected data and the data of the
previous mobile phone to conduct comprehensive judgment
and speculation to expand the capacity of the data, so as to
solve the corresponding problems of small amount of
maintainable data and low reliability of conclusions in a
di�erent form [7–9]. For the maintenance equipment of the
machine, its main laboratory equipment is one of the im-
portant veri�cation methods. In the design stage of
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equipment design, due to the small data sample, engineering
experiments are conducted usually by using Bayesian cor-
relation methods to verify the experimental data of machine
equipment maintainability. )e prior distribution calculated
according to the experimental data is the basis of mainte-
nance and an important premise to ensure the verification of
data results. For machines, it is necessary to continuously
improve and perfect using new technologies to achieve
comprehensive analysis of maintainability data. )erefore, it
is necessary to make full use of the previous information and
use appropriate methods for verification. At present, the
commonly used fusion methods of multisource maintain-
ability information mainly include weighted data fusion
method, maximum likelihood weight fusion method, and
typical DS fusion method [3, 10–12]; therefore, a rational
choice of experiments needs to be performed according to
different methods. )e experimental results in different
research environments show that the weighted data fusion
method is relatively good, but this method leads to the
problem that the weighted results are not reasonable enough
when the information source distributes the fusion weight,
resulting in a situation of large error, which in turn causes a
decrease in the reliability of the results of the maintainability
of machinery and equipment [4, 13, 14].

In view of these limitations and requirements, this paper
introduces a high-performance calculation method of su-
perposition degree. By sorting out the business logic of each
stage of machine equipment maintenance, the priori data are
analyzed, to realize the superposition and closeness to the
field data. At the same time, high-performance computing of
decentralized early verification data is carried out, and the
superposition degree is used as the corresponding weight for
data fusion to realize the verification of maintainability data,
aiming to explore the effective fusion analysis of main-
tainability data.

2. High Performance Calculation of
Superposition Degree

High performance calculation of superposition degree is
actually a kind of data resampling method, which mainly
extracts samples from the database, and performs statistics
and analysis on the unknown data of the corresponding
samples. Assuming that the sample X � (x1, x2, . . . , xn)T is
subject to the unknown distribution F, the calculation of the
estimated error T′ � kT + Δt can be as shown in formula as
follows:

Tn � θ Fn(  − θ(F), (1)

where θ is the parameter, θ is the estimation of θ, and Fn

represents the distribution obeyed by the used sample for θ.
Assuming X∗i � (x∗i1, x∗i2, . . . , x∗in)T, i � 1, 2, . . . , m,

according to the extracted sample X, the subsample data set
X∗ � (X∗1 , X∗2 , . . . , X∗m) of m groups can be obtained, which
satisfies the empirical distribution function F∗n , and the
estimated value of θ is represented by θ(F∗n ); then, the
calculation of the estimated error of θ corresponding to the
obtained subsample is expressed as follows:

T
∗
n � θ F

∗
n(  − θ Fn( . (2)

T∗n is used to is express high-performance calculation of
estimated error, Tn expresses estimated error for other
calculation method, and

Tn � θ Fn(  − θ(F) ≈ θ F
∗
n(  − θ Fn( 

� T
∗
n .

(3)

Before the high-performance calculation of superposi-
tion degree, according to the obtained k priori data infor-
mation about the parameter θ, the prior distribution π(θ)

can be obtained by the following expression:

π(θ) � 
k

i�1
wiπi(θ), (4)

where πi(θ) represents the i-th information source prior
distribution and wi is its weight. Scientific and reasonable
fusion weights can effectively reduce the deviation between
the prior distribution and the true distribution [15, 16].
Assume that the field test data is Xt � (xt1

, xt2
, . . . , xtn

)T, and
the quality factor λ can be computed by the expression as
follows:
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where X(i) represents the i-th group sample and D, Si, and S

are obtained by using the following:
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)en, the calculation of the weight is shown in the
following formula:

wi �
λi


k
i�1 λi

. (7)

)e calculation of the mean credibility weight factor μ1 is
defined as the following formula:

μ(i)
1 �

1/ X
(i)

− Xt






k
i�1 1/ X

(i)
− Xt



 

, i � 1, 2, . . . , k. (8)

)erefore, define the sample size credibility weight factor
μ2, as shown in the following formula:
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μ(i)
2 �

ni


k
i�1 ni

. (9)

Integrating μ1 and μ2, the quality factor λi is defined, as
shown in the following formula:

λi � μ(i)
1 μ(i)

2 . (10)

Among them, λi is the quality factor of the i-th pre-test
data information.

)emaintainability multisource data fusion process is
mainly used to solve the weight value problem of different
types of data fusion [17]. )e accuracy of the data fusion
weights is directly related to the data fusion accuracy.
)erefore, this paper uses the collected prior data to
superimpose the corresponding high-performance cal-
culation of superposition degree and experimental data to
form the corresponding superimposed area between the
two curves. )e area occupied by low-probability data is
removed to improve the accuracy of data fusion analysis.

)e high-performance calculation method of superpo-
sition degree is used to carry out information prior distri-
bution, which is represented by π1(θ), π2(θ), . . . , πn(θ). By
taking the extracted data as a comparative sample, a standard
prior distribution πs(θ) is obtained.

According to the superposition degree of the obtained
multisource prior distribution πi(θ), i � 1, 2, . . . , n and the
benchmark prior distribution πs(θ), the superposition de-
gree of each source prior data can be obtained by the fol-
lowing expression:

Ai � 
Ω
min πi(θ), πs(θ)( dθ. (11)

)e proportion of the total superposition degree occu-
pied by the superposition degree of each source prior data is
calculated using the following expression:

ωi �
Ai


n
i�1 Ai

. (12)

)e smaller the contrast weight difference, the greater
the weight. Finally, the comprehensive prior distribution
πp(θ) is determined, using the following expression:

πp(θ) � 
n

i�1
ωiπi(θ), 

n

i�1
ωi � 1. (13)

3. Multisource Data Fusion
Analysis of Maintainability

If θ is used to represent the time parameter of the multi-
source data to be predicted for maintainability, the sub-
distribution values of the multisource data corresponding to
the k parameters θ can be obtained. )en, the sub-
distribution of the i-th multisource data is represented as
πi(θ), and the corresponding weights are represented by ωi.
)rough high performance calculation of superposition
degree of multisource fusion data, the distribution of θ can
be calculated, which is expressed as

πp(θ) � 
k

i�1
ωiπi(θ), 

k

i�1
ωi � 1. (14)

)e fusion process is mainly as follows. According to the
distribution weight value of multisource data, high reliability
can be obtained according to the actual data information
[18, 19]. )erefore, the field data are used as the basis, and
the information error value between multisource data
weight distribution and actual data can be used to construct
a multisource data weight model. If the value of the
maintainability parameter of the equipment is represented
by the formula g(η), then the calculation steps of the ob-
tained weight are as follows:

Step 1. According to the collected multisource data, an
appropriate method is selected to convert it into
different types of multisource data distribution,
which is represented by
π1(η), π2(η), . . . , πk(η).

Step 2. According to the actual test data, the main-
tainability parameter η can be calculated, which
is represented by πs(η), and at the same time, it
can be used for the reference of multisource
data distribution according to the distribution
situation.

Step 3. According to the distribution of multisource
data, the expected value E[g(η)] of g(η) can be
solved in turn, and Es[g(η)] is used as the
reference standard to calculate the “distance” li:

li � Es[g(η)] − Ei[g(η)]


. (15)

Step 4. li is used to calculate the weight value of dif-
ferent multisource data. In general, it can be
efficiently calculated using E[g(η)]; assuming
that the complex function g(η) of the distri-
bution can be calculated, then E[g(η)] can be
obtained by using numerical integration. If the
value of li becomes smaller, it can indicate that
the error value between the multisource data
distribution πi(η) and the multisource data
distribution Es[g(η)] will become smaller, and
the multisource data are consistent with the
experimental information; then, the weight of
πi(η) will get larger.

)en, the following expression can be used:

li′ �
1
li

,ωi �
li′


k
i�1 li′

. (16)

)en, ω � (ω1,ω2, . . . ,ωk) can get the distribution weight
value ofmultisource data. If li � 0, thenωi � 1 can be obtained,
and other multisource data distribution weights are 0. )e
weighted fusion of multisource information can be accom-
plished using (16). )e calculation process can be analyzed
according to the weight vector. )e method used in this paper
does not contain subjective data information, so it can vividly
reflect the distribution of different types of multisource data.
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If the maintenance time conforms to N(θ, σ2), then it has
a decisive role in the index of maintenance time. )e most
important thing is the mean value of multivariate data, but it
is not very important for the variance value [20, 21]. )e
larger the variance value, the greater the range of mainte-
nance time expands, so the expression g(η) � θ2 is used.

If the key information set of equipment maintenance
time is represented by T, and T � (t1, t2, . . . , tm)T, and ti(i �

1, 2, . . . , m) represent the detection time, decomposition
time, replacement time, reorganization time, and adjust-
ment time of the equipment in turn, then the maintenance
time M of the equipment is expressed as

M � 
m

i�1
ti. (17)

If K � (k1, k2, . . . , km) represents the set of conversion
factors, expression (17) represents the time to remove a
certain fault in the early test stage, and M′ represents the
maintenance time under the corresponding conversion
conditions; then, it can be obtained:

M′ � K ×(T + ΔT). (18)

Among them, ΔT � (Δt1,Δt2, . . . ,Δtm)T indicates the
troubleshooting time performed. Compared with the pre-
vious test result, the test result constitutes the database.
Because of the multisource data fusion degree of equipment
maintenance, if the failure cannot be eliminated, the time
will be shortened, so Δti ≤ 0(i � 1, 2, . . . , m) is usually used.
ki(i � 1, 2, . . . , m) represents the troubleshooting mainly
ratio of the maintenance time. Maintenance time between
the maintenance personnel and the technical personnel of
the contractor shall be ensured under the condition that the
quantity and technical level meet the actual demand in the
actual testing stage.

Assuming that maintenance time for the failure of
similar equipment is represented by M′ in the evaluation of
equipment troubleshooting, then

M′ � kM + Δt. (19)

Among them, k represents the conversion coefficient
value, but from the overall analysis, if there is an error in the
maintainability of the equipment to be evaluated and its
similar equipment, then the two types of equipment used
have the same maintenance process for the failure. However,
similar parts of the two equipment differ in weight and
volume. If there is no difference, then k � 1; Δt means that
the difference in maintenance time of the two types of
equipment is considered from individual maintenance op-
erations, so that there is a certain difference in the structure
of the equipment, so the maintenance process is not exactly
the same.

4. Analysis of Experiment and Results

)is paper starts the research directly from the establishment
of the superposition model.

(1) By taking similar models of equipment as an ex-
ample, perform high performance calculation of
superposition degree.
Because the maintenance time needs to conform to
the logarithmic state distribution, it is necessary to
take the logarithm of the superimposed data to
calculate the following:
)e maintainability data of the equipment in the
design stage can be calculated by superimposing as
follows:

T1 � (3.226, 3.124, 3.433, 2.978, 3.431, 3.433, 3.124).

(20)

By superimposing the experimental maintainability
data of the virtual prototype of the equipment, it can
be calculated as follows:

T2 � (3.056, 3.744, 2.967, 3.066, 3.577, 3.978,

3.591, 3.388, 3.777).
(21)

By superimposing the maintainability data of the
equipment in the design stage, it can be calculated as
follows:

T3 � (3.355, 3.155, 3.456, 3.066, 3.278, 3.578,

3.587, 2.977, 3.187).
(22)

)en, after taking the logarithm of the number of
trials, it can be obtained through calculation as
follows:

Ts � (3.173, 3.341, 3.564, 2.992, 3.422, 3.091, 3.343, 3.262).

(23)

)e corresponding confidence level is set, using the
corresponding test method to test the consistency of
the data before and after the superposition, and the
specific probability is analyzed at the same time, as
shown in Figure 1. )rough the actual comparison
results, it can be found that in this paper, the
superimposed model effectively realizes the high-
performance calculation of superposition degree of
the collected maintainability data and the field data.

(2) Using the corresponding differential value method,
high performance calculation of superposition de-
gree of parameter on the collected prior data is
performed, repeating the simulation multiple times
at the same time, and the existing test results and
methods are used to adjust and test the high-per-
formance calculation of superposition degree of the
parameter, until the normality is satisfied, and finally
the corresponding data specific distribution function
is obtained.
Adjust and experiment until normality is satisfied,
and finally get the specific distribution function of
the corresponding data:
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π1(θ) � N(3.232, 0.145),

π2(θ) � N(3.362, 0.255),

π3(θ) � N(3.293, 0.204),

πs(θ) � N(3.271, 0.184).

(24)

(3) Calculate the fusion weight of each source prior data
through the superposition degree:

ω1 � 0.2945,

ω2 � 0.3224,

ω3 � 0.3867.

(25)

Calculate the weight coefficients, and use the corre-
sponding software to perform the high-performance
calculation of superposition degree after data fusion
[22].)e result of the high-performance calculation of
superposition degree is shown in Figure 2.

(4) Determine fusion distribution parameters and fusion
distribution types. According to the calculation re-
sults, the specific judgment of the normal distribu-
tion can be roughly carried out. If the distribution
after data fusion is a normal distribution, that is, the
function is a probability function, the data pro-
cessing and calculation of the corresponding peak
value and abscissa may be required. )e probability
of normal distribution can be obtained by the cor-
responding formula. When the sample size of the
experimental data is small, the small sample data can
be used for testing to obtain the final data sample
distribution (Figure 3).

Before performing multisource maintainability data
fusion, it is first necessary to carry out a consistent data test
to determine whether all the collected data obey the cor-
responding distribution type [23].)e specific distribution is
shown in Figure 4.

According to the results in Figure 4, it can be judged that
the collected data obey the normal distribution, and the

corresponding inspection method can be used to conduct a
reasonable inspection. Specifically, it can be verified whether
the collected maintainability data obey the logarithmic
normal distribution. Similarly, it can be used to verify
whether the corresponding equipment sample data and the
data collected on-site obey the normal distribution.

)e collected maintenance multisource data and on-site
data are tested with corresponding detection methods, so as
to judge whether the two groups of data come from the same
population.

Taking historical test data and field test data as examples,
both logarithms are taken and recorded as X and X1. It is
known that the sample sizes of the two groups of data are
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Figure 1: Comparison of equal probability of prior data and field
data before and after superimposition.
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n � 15 and n1 � 10, and the mean and variance are
X � 0.3152, S2 � 0.1043, X1 � 0.3126, and S21 � 0.0704, and
the significance level is α � 0.1.

Test mean is as follows:

t �
X − X1�����������������

nS
2

+ n1S
2
1/n + n1 − 2

 ���������
1/n + 1/n1



� 0.0203, t0.95(23)

� 1.7139.

(26)

)erefore, |t|< t0.95(23); that is, there is no difference in
the mean.

Test variance is as follows:

F �
n n1 − 1( S

2

n1(n − 1)S
2
1

� 1.4286, F0.05(9, 14)

� 0.3305, F0.95(9, 14)

� 2.6458.

(27)

)erefore, F0.05(9, 14)<F<F0.95(9, 14); that is, there is
no difference in variance.

)e historical data are resampled by the test method, and
the calculated mean value is simulated and analyzed by the
corresponding software. )e simulation results are shown in
Figures 5–7. It can be seen from the simulation results that
the simulation curves are all approximately obeying the
normal distribution.

From the parameter estimation results of the historical
data mean in Table 1, it can be seen that the prior distri-
bution determined by the improved high-performance
computing method of superposition degree in this paper is
the closest to the real distribution and has the smallest error.

According to the previous formula, the mean confidence
weight factors μ(1)

1 and μ(2)
1 can be calculated:

μ(1)
1 � 0.6083,

μ(2)
1 � 0.3917.

(28)

According to the formula above, calculate the sample
size credibility weight factors μ(1)

2 and μ(2)
2 :

μ(1)
2 � 0.6000,

μ(2)
2 � 0.4000.

(29)

According to the previous formula, calculate the quality
factors λ1 and λ2:

λ1 � 0.3655,

λ2 � 0.1564.
(30)

According to the formula in the previous article, cal-
culate the fusion weights ω1 and ω2:

ω1 � 0.6993,

ω2 � 0.3002.
(31)

Comparing the weight determination methods based on
bias and quality factor, the results are shown in Table 2.

According to the analysis of experimental test com-
parison results, it can be seen that the weight of historical
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Figure 5:)e chart for pre-test distribution simulation of the high-
performance calculation of superposition degree with high per-
formance calculation of the superposition degree method.
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data information and similar equipment data can be cal-
culated by using the high-performance calculation of the
superposition degree method. According to the experi-
mental results, it can be concluded that there are certain
differences. )e error of the weight value of the prior dis-
tribution of historical data information is relatively large, but
compared with the calculation results obtained by the other
two methods, the error is relatively small. )e average value
of the prior distribution of historical data information is
similar to the information of similar equipment and is al-
most the same as the actual test data.)erefore, the weight of
the prior distribution of historical information of the
equipment accounts for a large proportion, indicating that
the test results using the high-performance calculation of
superposition degree are more accurate and reasonable, in
line with the actual needs of the project.

5. Conclusions

With the continuous development of social economy, the
scale of industrialization is also growing, and in the
meantime, it has brought a lot of machinery and equipment.
When many economic benefits are produced, how to use
these devices efficiently and maximally to bring considerable
economic benefits is worthy of the attention of the industry
and researchers. )is paper collects, processes, and dis-
tributes the equipment maintainability test data by intro-
ducing the high-performance calculation method of
superposition degree and proposes the abnormal data that
exist with a small probability. According to the collected
prior data and on-site collected data, the superposition
degree analysis is carried out, which improves the rationality
of the weight distribution, performs the corresponding
multisource data fusion and processing, and uses the
Bayesian method to perform data fusion and high-perfor-
mance calculation of superposition degree of parameter.)e

results of the simulation experiments show that the high-
performance calculation method of superposition degree is
effective, which can effectively support the fusion analysis of
multisource data of maintainability, and has certain practical
value.
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