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Abstract: Fatigue lifetime assessment for aircraft engine
discs is an important issue for the operation and health
management of aircraft engines. Due to the lack of field
test data, traditional methods can hardly meet the
requirements of fatigue lifetime assessment of aircraft
engine discs. By combining a multi-source information
fusion method with a Bayesian inference technique, this
paper develops a practical approach for fatigue lifetime
assessment of aircraft engine discs. Subjective informa-
tion and historical data are combined coherently with the
sparse test data to generate a credible fatigue lifetime
assessment of aircraft engine discs. Methods for quantify-
ing subjective information, checking different experts’
information, and fusing multiple prior distributions are
presented to facilitate the implementation of fatigue life-
time assessment. An illustrative example is presented to
demonstrate the procedures and the implication of the
proposed method.
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1 Introduction

Due to the fast development of modern aircraft industry
and the continual growth of market demand, aircrafts are
putting on the market in an ever-increasing pace. Manu-
facturers and companies are under great pressure to
deliver aircrafts with high safety and reliability under
limited time. Moreover, the evolving of customer demands
has laid a great imperative for manufacturers and compa-

nies to develop new types of aircrafts efficiently. Increased
expectation with lower cost and high reliability has
become critical issue in aircraft industry. Aircraft engine
discs has been recognized as one of the critical compo-
nents that contribute to the failure of aircrafts. Fatigue
lifetime assessment of aircraft engine discs has conse-
quently become a key issue both for the development of
aircrafts with high reliability in limited time and for the
operation of aircrafts with high safety under limited cost.
Commonly, fatigue lifetime assessment of aircraft engine
discs is carried out based on the test data gathered from
relevant reliability tests. However, due to the high reliabil-
ity and cost of the aircraft engine discs, it is hard to imple-
ment reliability test of the aircraft engine discs with large
sample size and long test time. As a result, common
methods for fatigue lifetime assessment which are
mainly based on the abundance of test data can hardly
lead to a credible result. Fatigue lifetime assessment of
aircraft engine discs is consequently encountered the dif-
ficulty introduced by small sample size and sparse failure
data.

In fact, other than the data gathered from reliability
test, various types of reliability information can be gath-
ered and integrated for the fatigue lifetime assessment of
the aircraft engine discs. Thanks to the continue evolving
and the gradual development of the aircraft engines, there
are plenty of subjective information and historical data for
the reliability analysis of aircraft engines. In detail, for the
aircraft engine discs, subjective information can be gath-
ered from experts who design the discs and from the engi-
neers who repair the engines. Moreover, historical data
can be obtained from test data of similar discs and from
the maintenance records of similar engines. These types
of reliability information can be incorporated and com-
bined with the reliability test data to mitigate the difficulty
discussed above. Accordingly, a coherent method is
needed to implement the subjective information quantifi-
cation and multi-source information fusion.

To handle the problems introduced by small sample
size and spare test data, Bayesian method has been fre-
quently used in fatigue lifetime assessment. A coherent
framework can be constructed for the incorporation of
multiple sources information using Bayesian method
[1-2]. Subjective information and historical data can be
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quantified and incorporated through the proper deriva-
tion of prior distribution. The information contained in
the sparse test data is described by the relevant likelihood
function. These various types of information are then be
combined through the Bayesian formulation. The poste-
rior distribution is obtained based on the prior distribu-
tions and likelihood function. Various studies have dis-
cussed the reliability analysis with different data types
and reliability information using Bayesian method [3-5].
Peng et al. [6] introduced a framework for reliability anal-
ysis of multicomponent system by incorporating multi-
level heterogeneous data, such as pass/fail data, lifetime
data, and degradation data. Reese et al. [7] proposed a
Bayesian framework for lifetime assessment of complex
system with multiple level lifetime data. Wang et al. [8]
introduced a method for reliability assessment and pre-
diction with evolving, insufficient, and subjective data set
based on the Bayesian theory. Huang et al. [9] presented a
framework for reliability assessment using Bayesian
method by considering the situation of fuzzy lifetime data.
Liu [10] applied various qualitative and quantitative
methods to synthesize multiple sources of information.
Liu [11] discussed information pretreatment, including
collecting and converting prior information, and methods
of distribution type test of prior information.

Based on the literature review presented above, one
practical way to handle the issues introduce by the fatigue
lifetime assessment of aircraft engine discs is to construct
a coherent framework by incorporating the Bayesian
theory. In this paper, a theoretically sound model and a
practically usable method are build up based on the
Bayesian theory for the fatigue lifetime assessment of the
aircraft engine discs. Three critical expects are considered
in the proposed method, i.e. (1) quantification of subjec-
tive information gathered from multiple experts, where a
probability encoded method is used, (2) checking of prior
consistency for information obtained from different
experts, where a common recognition extent is defined,
(3) fusion of multiple prior distribution obtained from dif-
ferent sources, where a linear weighted combining method
is used. The proposed method is demonstrated with a
step-by-step implication to the fatigue lifetime assessment
of aircraft engine discs.

The remainder of this paper is presented as follows.
Section 2 briefly introduces the multi-source information
fusion. Section 3 presents the Bayesian method for the
fatigue lifetime assessment with specific detail on the con-
struction of Bayesian model, the discussion of subjective
information quantification, multiple experts’ information
checking, and multiple prior distributions fusion. The
proposed method is then demonstrated through a fatigue
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lifetime reliability assessment of an aircraft engine disc in
Section 4. We then conclude the paper in Section 5 with
some remarks on the future research.

2 Multi-source information fusion

Multi-source information fusion method was originated
from multi-sensor fusion method. The fundamental idea
of multi-source information fusion is to combine the infor-
mation gathered from various sources, where the issues of
information quantification, coherency checking, and dis-
tribution fusion are handled properly [4]. The implication
of multi-source information fusion in fatigue lifetime
assessment is aimed to mitigate the insufficient of spare
reliability test data by incorporating information obtained
from various sources as discussed in the introduction
part. In order to obtain more reliable and accurate infor-
mation than a single source of information, it makes use
of different sources of information through a theoretically
sound algorithm.

Researchers have done a significant amount of work
to apply the information fusion method to analyze the
reliability and lifetime of aircraft engine discs [12-14].
Zhang [15] applied information fusion theory to perform
accuracy evaluation and reliability assessment of the
weapon systems, and proposed an effective solution to the
reliability information fusion for similar system in differ-
ent environments and different conditions. Feng [16] made
a comprehensive analysis on reliability information fusion
method applied to a complex system with small samples,
and developed the weighted fusion method by synthesiz-
ing multi-source prior information.

To construct a coherent framework for the fatigue life-
time assessment of aircraft engine discs using the multi-
source information fusion, the following aspects need to
be handled properly.

1. Apractical model is chosen for the modeling of fatigue
lifetime of aircraft engine disc. It is chosen based on
the fitness of the reality of the disc by the suggestion
of experts in that domain or through the goodness-
of-fit checking of test data. Moreover, to facilitate the
implementation of multi-source information fusion, a
parametric model is preferable than a non-parametric
model, especially for the one with practical meaning
of model parameters such as Weibull model [17].

2. A usable method is needed for the quantification of
subjective information gathered from experts. Since
the subjective information can be presented in various
forms, a method is needed to unify the procedure for
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subjective information derivation [18]. Moreover, prob-
ability distribution for the model parameters chosen
above can be properly derived using this method.

3. A proper method is required for the consistency
checking of information gathered from multiple
experts. The information obtained from different
experts can be consistent or conflict with each other.
Moreover, some information from particular experts
is more valuable than the others. As a result, a proper
method should be introduced to handle the issue of
consistency checking.

4. An efficient method is needed for the fusion of multi-
ple probability distributions. The ultimate target for
the implication of multi-source information fusion for
the fatigue lifetime assessment is to obtain the joint
probability distribution for model parameters chosen
above. In detail, different probability distributions
need to be compressed into a joint probability distri-
bution. A criteria needs to be introduced for the eval-
uation of the importance of the distributions for the
joint distribution. Moreover, the efficiency of genera-
tion samples from this joint distribution needs to be
guaranteed for the calculation of Bayesian inference.

Based on the discussion about multiple information
fusion highlighted above, the proposed method for the
fatigue lifetime assessment of aircraft engine discs is pre-
sented step by step in the following sections.

3 Reliability assessment of aircraft
engine discs

3.1 Bayesian model

Bayesian method is used to integrate the subjective infor-
mation and historical data with the sparse lifetime data
which come from reliability test with limited sample size
and test time. The fundamental principle of Bayesian
method can be described as

7 (0 ) Iy (T'10) W

GIT 9|T Iﬂo( T|0 T|9 m

where fare parameters of the model chosen for the fatigue
lifetime modeling of an aircraft engine disc. T denotes the
sparse lifetime data obtained from reliability test of the
aircraft engine disc. 7, (9) is the prior distribution for
model parameters. The multi-source prior information are
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quantified and formulated as this prior distribution. The
information contained in the sparse lifetime T is delivered
through the likelihood function I, (T |6), which is ob-
tained based on the probability density function of the
chosen fatigue lifetime model. All of the information is
integrated and presented in the joint posterior distribu-
tion of model parameters Fy; (QIT). The fatigue lifetime
assessment and posterior analysis are based on this joint
posterior distribution.

For the fatigue lifetime of an aircraft engine disc, a
two-parameter Weibull distribution is generally chosen
based on experts’ testimony and historical experience.
The corresponding Bayesian model is given as:

P pie(@BIT)
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where P, ﬁlt(a BI1T) is joint posterior distribution of model
parameters. L, ,(T|a,p) is the likelihood for the col-
lected lifetime data T. 7, 4(a, B) is the prior distribution
which is generated from historical data and subjective
information.

@

j 7,

3.2 Quantitative method for subjective
information

Derivation of prior distribution is one of the key questions
in a Bayesian analysis of lifetime data. In this paper, prior
distribution is derived from information of relevant experts
and historical data of the same product lines. Primary prior
information for an aircraft engine disc is expert experience
and knowledge. Subjective information and opinions from
expert can be used to increase the sample size, which will
be very helpful for improving the accuracy of reliability
assessment in the small sample situation.

The prior distribution is a random variable with a
certain distribution in Bayesian method while actual
subjective data is highly personal representation. It is our
priority to quantify subjective information. Probability
encoding method is simple and manipulable [19]. It is a
process to obtain statistical information in the form of
probability density functions, discrete probability values,



170 =—— H.Z.Huang et al., Fatigue Lifetime Assessment of Aircraft Engine Disc

or occurrence rates. Spetzler et al. [20] provide an over-
view of probability encoding methods.

The inverse transformation of a parametric cumula-
tive distribution function (CDF) can fully fit the process of
changing the encoded survey data into parameter data of
the relative prior distribution [19]. The inverse transforma-
tion of normal cumulative probability function can be
described as follows:

P, :Jj/:f(a;ua,aa)da 3

where P, and V, are obtained from experts, and o, is

known, and the only unknown hyper-parameter 4, can be

obtained by the inverse transformation of the CDF. There

are some basic steps to implement the probability encod-

ing method [20].

- Step 1: Specify uncertain quantities interested.

—  Step 2: Choose probability encoding methods.

— Step 3: Interview subjects and collect subjective data
sets.

—  Step 4: Choose suitable Bayesian updating models.

- Step 5: Transfer the subjective data to model parame-
ter data by inverse CDF analysis.

- Step 6: Update model parameters by integrating
model parameter data using the Bayesian updating
technique.

An illustration of the probability encoding method is
presented in Section 4.

3.3 Multiple expert information checking

In the actual assessment process, more than one expertise
knowledge can be collected [9]. Expert information is
quantified as prior probability distribution through the
probability encoding method. The entire distribution will
be gotten by fusing all prior distributions. Since simple
weighted method cannot meet requirements, a more suit-
able method needs to be found.

Assuming two prior probability distributions obtained
from two experts is f,(x) and f,(x), we can define a
common recognition extent (CRE) as the fusion of two
expert information:

(4)

where the numerator represents the intersection of the
area in which two probability distributions are surrounded
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by the X-axis. The denominator represents the union of
the area in which two probability distributions are sur-
rounded by the X-axis. The ratio is the degree of common
recognition extent.

If fatigue life distribution function transformed from
expert information E, is assumed to be f;(0), the matrix CR
can be obtained according to the degree of coincidence
between the expert information.

1 .. CR,
CR=
CR, 1
CR(E,) = CRy(i=1,2,-+) 5)
i=1
j#i
® _ﬂ,(,‘:Lz,...,n)

i_iCR(Ei)

where CR(E,) means the sum of coincidence degree that
expert I with respect to the other N-1 experts. After normal-
ization, we can calculate the weight w; which shows the
importance of each expertise. If w, =0.10, it means that
expert I has a large conflict with other experts and should
be removed. In particular case, a standard is required
according to the requirements.

3.4 Multiple prior distribution fusion

In addition to the information gathered from the expert
knowledge, there is also historical information from the
similar disc. We can use data from the similar disc to
obtain prior distribution through Bayesian model with
non-informative priors. Different prior distributions have
different goodness of fit to the experimental data [21]. How
to effectively reflect the prior distribution that fits field test
is considered in the paper.

The reference [22] provides a method to combine two
groups of prior distributions. It is one of the most widely
used approaches for combining probability distribution. It
is given as:

F0)=45:(0)+0-2)1(0) ©

where f; (9) is prior distribution obtained from expertise.
fc(e) is prior distribution obtained from similar disc. 1
and 1- 1 are the weights assigned for the corresponding
two priors, and f (9) represents the combined probability
distribution.
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The idea of this method is a measure of prior distribu-
tion fitting to field data. The prior distribution that fits the
field data more closely will be assigned a higher weight in
the linear pooling. The combined distribution inherits
major belief of two distributions and maintains character-
istics of relevant field data.

4 Case study

4.1 Problem definition

In order to demonstrate the proposed method, the fatigue
lifetime of a type of aircraft engine disc is estimated based
on multi-source information fusion. The fatigue lifetime
model is assumed to follow the two-parameter Weibull
distribution. The field data is listed in Table 1.

Table 1: Field fatigue lifetime data of aircraft engine disc

Field fatigue lifetime data (cycles)

11,200 14,000 15,530 17,330 18,850 19,740

4.2 Quantifying the subjective information

The interested parameters are shape parameter S and
scale parameter 7, which are assumed to be statistically
independent and to follow the normal distribution:

Be:N(py,0,)s 0,=0.1, 1,:N(5125,0.05)
g :N(u,,0,), 0,=20, u,:N(17009,17)

As subjective information is collected and translated,
these distributions can be updated. The uncertain quan-
tities are the mean values of the parameters § and 7.
The standard deviations are fixed. Probability encoding
method is used in this example, and two experts are inter-
viewed regarding the values (Vﬁ,Vn) of the scale parameter
and shape parameter and corresponding probabilities
(P;,P,). The survey results are listed in Table 2. The corre-
sponding mean value of each survey point can be ob-
tained by using the inverse CDF transformation method as
depicted in Eq. (3). By taking the first data set of scale
parameter [16750, 0.07] from Expert 1 as example, the
computational process is shown as follows:
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Table 2: Results of the survey and inverse CDF analysis

Vﬂ Pll Hy V'l Pr/ Hy
Expert 1 5.24 0.05 5.40 16750 0.07 16779
4.86 0.20 4.95 17250 0.18 17268
5.33 0.60 5.30 17150 0.60 17145
5.38 0.85 5.28 17180 0.85 17159
5.51 0.95 5.35 17200 0.95 17167
5.50 0.96 5.30 17220 0.96 17185
5.52 0.98 5.32 17230 0.98 17189
Expert 2 4.50 0.12 4.67 16820 0.10 16846
5.10 0.25 5.17 16780 0.15 16802
4.65 0.65 4.69 16850 0.55 16853
4.70 0.75 4.77 16790 0.80 16807
4.75 0.90 4.93 16840 0.95 16807
4.80 0.95 5.01 16860 0.98 16819
4.90 0.99 5.13 16870 0.99 16823

V’]
P, =" f(mn,,20)dn
Y (8)
0.07= I o1 exp (77 /J,,) dn
- \/27r><202 2x20?

where 4, can be acquired by solving the Eq. (8), here it
equals to 16779. The other results are given in Table 2.

To expert I, if prior distribution of y, is assumed to
follow the normal distribution N(17150, 20). Treating
encoded values in Table 2 as field data together with the
assumed prior, posterior distribution for 4, is updated to
normal distribution N(17130, 6.33) using Bayesian method.

Similarly, we can obtain all posterior distributions of
the subjective information as shown in Eq. (9):

N(yﬁ,aﬁ) o, =0.1, u,:N(5.27,0.03)
:N(u,,0,), 0,=20, u,:N(17130,6.33)
N(uﬁ,a )s 04 =0.1, 11, N(4.87,0.23)
M5, :N(1,,0,)> 0, =20, 1, : N(16820,5.65)

2

9)

Therefore, the probability density function of prior
distributions derived from expert’s subjective knowledge
is:

fe, ()=
fs, (t)=

427 427
527 (¢ t
17130 [17130] [17130}

(10)
3.87 3.87
487 (¢ t
16820 (16820] (16820]
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Fig. 1: Probability distribution function of priori distribution

Clearly, the probability distribution function of prior
distribution is derived and shown in Fig. 1.

It should be noted that parameters of prior distribution
deprived from different expert knowledge are different,
which means different experts have different perspectives
to fatigue lifetime distribution. Their common recognition
extent (CRE) needs to be found, which can be calculated
by Eq. (4) as follows:

| {min [ fe, (£).fr, (t)]}dt
_[{max[fE1 (t),sz (t)}} dt

=0.9082 (11)

CRE(fy,fr, )=

By using computational formula in Eq. (5), the weights
o, =w,=0.5 can be calculated which shows the impor-
tance of each expertise. Therefore, the fusion of multi-
source expert information priori probability density pa-
rameter Sand nis
(12)

Bg:N(5.07,010)  n,:N(16975,20)

4.3 Multiple prior distribution fusion

Historical information from the similar disc is shown in
Table 3.

The data of the similar disc is used to obtain the prior
distribution through the non-informative prior Bayesian
method.

(13)

Bc:N(4.8236,0.3118) 1, : N(14368,648)

Table 3: Historical fatigue lifetime data from similar types of aircraft
engine discs

Historical fatigue lifetime data (cycles)

6,820 7,740 8,850 10,500 12,850 13,130

17,420 18,950 19,600 24,510 28,500 32,000

To incorporate distribution shown in Eq. (12) and Eq.
(13), the multiple prior distribution fusion method is used.

The Bayesian goodness-of-fit for these two types of
prior distributions are obtained using the method men-
tioned in [18]. The information fusion factor in this stage is
then obtained as

E

B
—2 _=0.5708 (14)

B,F=0.9023, B, =0.6784, A=
BpE +BpC

Finally, the prior distribution is obtained as follows:

ﬂ(ﬂ,n):0.57087rE(ﬂ,n)+0.4292ﬂc(ﬁ,n) (15)

4.4 Reliability assessment using the
Bayesian method

The field data is given in Table 1 and the prior distribution
is shown in Eq. (15). Using Bayesian method, the esti-
mated results based on the prior distribution and the field
data are listed in Table 4.

Therefore, fatigue lifetime model of aircraft engine
disc is:
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Table 4: Estimation results of the Bayesian method

Parameter Mean SD 2.5% 97.5%
B 4.95 0.63 4.81 5.16
n 16825 126 15624 17265
¢ 4.95
F(t)=1-exp{—-| —— (16)
( ) (16825)

The fatigue lifetime can be gotten using above model
with certain reliability degree.

5 Conclusions

This paper proposed a fatigue lifetime assessment method
based on the multi-source information fusion. Our study
extends the application of Bayesian inference theory to
fatigue lifetime assessment for aircraft engine discs.
Firstly, to make the fatigue lifetime assessment more reli-
able, the probability encoding method is used to quantify
the subjective information. A common recognition extent
is used to get a multiple prior distribution. Secondly, by
fusing the actual field data and other available informa-
tion, the difficulty introduced by small sample size for life-
time analysis is mitigated to a certain extent. Finally, the
Bayesian goodness-of-fit method is used to confirm the
consistence degree of field data and expert knowledge,
which effectively mitigate the subjectivity of fatigue life-
time estimation. However, there are some works need to
be handled properly in our future work such as a prior dis-
tribution considering more than two expertise, the uncer-
tainty quantifying to improve the degree of accuracy.
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