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Setting inspection intervals based on an accurate prediction of fatigue crack sizes is
essential for sustaining the integrity of aeronautical structures. However, the fatigue crack
growth and its prognosis are affected by various uncertainties, which makes the current
inspection strategy with fixed intervals challenging in managing the aircraft with diverse
damage states in a fleet. In this study, an intelligent crack inspection strategy is proposed based
on a digital twin, in which a reduced-order fracture mechanics simulation methodology, a
validated fatigue crack growth model, and the historical crack length inspection results are
integrated into a dynamic Bayesian network. The proposed strategy utilizes two connected
probabilistic processes, which conduct the diagnosis/prognosis and calculate the inspection
intervals, respectively, to adaptively set the inspection intervals according to the updating of
the digital twin model. The proposed inspection strategy is demonstrated by the various crack
growth histories of a helicopter component and benchmarked against several baselines. The
results show that the probability of failure (PoF) can be kept below the threshold, even though

the initial crack size and the crack growth parameters are underestimated in the prior
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distribution. Further applications on more realistic aircraft structures will be carried out in

the future.

Nomenclature
time step

state variables at time step t

vector of noise terms in the state function at time step t
measurement variables at time step t

vector of noise terms in the observation function at time step t
crack lengths before time step t

increment of crack lengths at time step t

crack lengths after time step t

ranges of stress intensity factors

fracture toughness

material parameters related to the crack growth
reference load

length of surface crack at time step t

observation of crack length at time step t

random variables in the measurement equation of traditional methods at time step t
noise term in random crack growth process at time step t
standard deviation of distribution of ¢,

cycle increment between adjacent time steps

standard deviations of measurement results
material parameters in generalized Frost-Dugdale law

fatigue load



a, = detectable threshold of crack size

a, =  economic repair crack size

a, = critical crack size

N, =  number of detections during an inspection

N, =  hit number in detections during an inspection

z = observation of probability of detection at time step t
g’*® = measurement noise of the NDI equipment at time step t
N, = number of particles in regularized particle filter algorithm

I Introduction

M OST of the structural failures in aircraft are due to fatigue fracture, in which cyclic fatigue loads cause cracks
to initiate in a fatigue critical component and grow eventually, affecting the structural integrity. Prognosis of the
fatigue crack growth and remaining useful life (RUL) is desired to devise inspection strategies that can reduce
unexpected downtime as well as unnecessary scheduled maintenance [1, 2]. The traditional aircraft structural
inspection strategy is based on the safety management philosophy of damage tolerance, by which the fixed inspection
interval is devised according to the design load spectrum, crack growth analysis, and test results [3]. However, this
strategy does not consider the influence of various uncertainties on fatigue crack growth. On the one hand, from the
perspective of damage evolution in physical structures, each aircraft undergoes a different load history, which is
caused by its mission diversity and pilot habits, and each aircraft's geometric and material properties vary to a certain
degree during manufacturing, both of which lead to a different trajectory of damage evolution for each aircraft than
for other aircraft in the fleet [4]. On the other hand, from the point of view of structural damage prognosis, it is difficult
to acquire the true values of geometric and material properties. Although the nominal values used to calculate the
damage evolution can be obtained from the manufacturer [5], these are still slightly different. In order to effectively
track the damage evolution and formulate a more reasonable inspection strategy, it is necessary to comprehensively
consider the influence of various uncertainties on the damage evolution.

The individual aircraft tracking (IAT) program has been widely implemented on many types of aircraft in recent

years [6-8]. With the recorded flight data from the installed data acquisition unit [9], it aims to track the potential



fatigue damage growth and life consumption for each aircraft in a fleet. However, most IAT systems in engineering
practice only monitor load data such as aircraft overload, while epistemic uncertainties that also lead to discrepancies
in damage states, such as geometric and material parameters, are not considered. The U.S. Air Force has been funding
research on the airframe digital twin (ADT), which is an extension of the IAT, also known as Probabilistic and
Prognostic Individual Aircraft Tracking (P?1AT) in Spiral 1 of the project. ADT enables structural damage diagnosis
and prognosis by creating a multiphysics, multiscale, and probabilistic virtual model [10] of an as-built system that
can integrate multiple heterogeneous and uncertain sources of information from models and data to support decisions
for proactive fleet maintenance [4, 11-13]. In 2009, the National Research Council of Canada proposed a roadmap for
probabilistic life usage monitoring for helicopters [14], which can be regarded as a preliminary concept of the
helicopter digital twin. Millwater [13] systematically described the probabilistic methods required for the application
of digital twins to aircraft structures, the current research status, and future challenges.

In the realization of the digital twin for aeronautical structures, it is a critical step to diagnose the current damage
state of the system and prognose the future damage evolution. The Dynamic Bayesian Network (DBN) has been
widely adopted as the framework of diagnosis and prognosis in current digital twin studies of various objects, such as
the aircraft wing [4], orthotropic steel deck [15], and reusable spacecraft structures [16]. Yu [17] established a digital
twin model based on non-parametric Bayesian networks to describe the dynamic degradation process of structural
health states in which the Gaussian particle filter (GPF) and Dirichlet process mixture model (DPMM) are adopted to
enhance the model adaptability. In [18-20] the DBN framework is utilized to develop an component health-and stress-
aware system control strategy based on digital twin, in which the load profile or the flight parameter is optimized
under uncertainties to satisfy the damage tolerance requirement in a certain maintenance-free operation period.
However, most DBN applications are limited to the cases with simple crack shapes.

In this study, an adaptive crack inspection strategy based on a digital twin is proposed, which includes two
probability processes with shared distributions of crack growth parameters. The primary process is used to diagnose
and prognose the damage state of the component, and the secondary process, inherited from the probabilistic damage
tolerance, is used to determine the inspection interval. A typical helicopter lifting frame is used to illustrate the method
and framework. The results show that the PoF can be kept below the threshold, even though the initial crack size and
the crack growth parameters were underestimated in the prior distribution. The main contributions of this work are

summarized as follows:



1) Benefiting from the advantages of a previously developed real-time reduced-order modeling (ROM) method
for complex structures [21], a DBN-based digital twin model is constructed to handle the diagnosis and
prognosis of the complex crack growth in complex structures, which is not reported in the previous literature.
The DBN can account for multiple uncertainties, providing a powerful tool for the implementation of the
inspection strategy.

2) A novel strategy to set adaptive inspection intervals based on the digital twin is proposed. In contrast to the
conventional damage tolerance, the crack growth parameters in the second process can be updated according
to the first process. It is worth mentioning that in this study, the inspection interval is adjusted dynamically,
which is different from [18-20] in which the inspection interval is fixed while the load profiles, the flight
parameter, or the operational controls are adjusted.

3) The proposed strategy is benchmarked against several baselines, including fixed inspections without update,
fixed inspections with update, and the single-process EIFS-PoF-based inspection strategy [13] to fully
demonstrate the effectiveness of the strategy.

The remainder of this paper is organized as follows. Section Il introduces the framework of the adaptive inspection
strategy based on the concept of the digital twin. In Section Ill, the details of the helicopter component used to
demonstrate the proposed strategy are provided, and its ROM construction is briefly described. In Section 1V, the
experiment data of the helicopter component is used to validate the digital twin model. In Section V, the proposed
adaptive inspection strategy is demonstrated with a group of hypothetical crack growth histories and benchmarked

against other inspection strategies. Finally, this study is completed with some concluding remarks in Section VI.

1. The Framework of the Proposed Adaptive Inspection Strategy Based on the Reduced-Order
Digital Twin of Complex Structures

In this section, the proposed adaptive inspection strategy is introduced in detail. Firstly, the basic framework and
its flowchart are introduced. Then, in Section 1. A, we briefly describe a previously developed reduced-order modeling
approach for fracture mechanics simulation of complex structures to tackle the rapid computation of state equations
in the DBN framework. The DBN framework integrating the ROM and considering the partial observation is
established in Section I1.B. In Section I1.C, the intelligent inspection and maintenance decisions based on the digital

twin model are provided.



The traditional inspection strategy adopts fixed inspection intervals which are obtained by utilizing the damage
tolerance philosophy for repairing or replacing critical components of the fixed-wing structure before the residual
strength decreases to the specified level [13, 25], which is also applied to helicopters [3, 26, 27]. Because the load
history experienced by each aircraft within a certain interval is different and its own damage related properties vary,
the fixed-interval inspection, which does not consider the influence of various uncertainties, may be arranged earlier
or later as compared to the true damage state of each aircraft, leading to economic or safety issues, respectively. In
order to alleviate this problem, a crack inspection strategy based on digital twins is proposed in this study, which can
provide more reasonable adaptive inspection intervals according to a constantly updated digital twin model.

The framework of the proposed strategy is shown in the figure below, including the off-line construction stage and
the on-line use stage. It is worth mentioning that the proposed strategy can be considered an extension of the current
strategy based on the philosophy of damage tolerance, which can thus be easily adopted in the usage of in-service

aircraft.
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Fig.1  The framework of the proposed intelligent inspection strategy.

In the off-line construction stage, the initial digital twin model is established based on the ROM. Firstly, a set of
crack samples is generated by sampling along the possible crack growth path [27]. Subsequently, the symmetric
Galerkin boundary element method - finite element method (SGBEM-FEM) coupling method [28-30] is used to
calculate the stress intensity factors (SIFs) at the front nodes of all the crack samples to obtain the simulation database
of fracture mechanics. The ROM of the fracture mechanics is constructed by the surrogate method. By combining the
ROM and the crack growth model, real-time prediction of crack growth in complex structures can be achieved with

the minimum computational cost. Based on practical experience, reasonable prior distributions for initial crack size



and crack growth model parameters are set to account for the various uncertainties. The ROM of the fracture
mechanics and the crack growth model, together with the prior distribution of uncertain parameters, constitute the
initial digital twin model.

In the stage of online use, the fatigue load data is acquired as the input for the digital twin model. Two probabilistic
crack growth processes are carried out simultaneously, which receive the same statistical fatigue load and share the
same distribution of damage-related parameters. The primary process P; is used to conduct the diagnosis and
prognosis of the individual component, in which the initial crack distribution starts from the EIFS and uncertain
damage related parameters are considered. The secondary process P, is adopted to perform the probabilistic damage

tolerance analysis (DTA) to determine the inspection intervals.

A. Reduced-Order Crack Growth Prediction in Complex Structure

To meet the timeliness requirements of probabilistic crack growth prediction, it is necessary to construct a ROM
of fracture mechanics simulation to efficiently predict SIFs of all nodes on a crack front, which can be called upon
repeatedly within the Bayesian probability frameworks. For this problem, the time of full-order simulation is between
tens and hundreds of seconds, while it only takes a few milliseconds to call the ROM [21]. The construction process
of ROM in this paper is described as follows. Interested readers can refer to [21] for more details:

1) Generate a set of samples by sampling on the possible crack growth path, and the crack size of each sample is
different.

2) Apply the reference load o, to all samples and calculate the SIFs of all nodes on each crack front rapidly

by the SGBEM-FEM coupling method.

3) Taking the crack sample parameters (i.e., coordinates of all nodes on the crack front) as the input and the
corresponding SIFs as the output, train the ROM of fracture mechanics simulation by regression methods.

In order to accelerate the construction of the crack database, an efficient method, the SGBEM-FEM coupling
method, which combines the advantages of the finite element method (FEM) and the boundary element method (BEM),
is adopted. The FEM, which can efficiently simulate complex structures, is used to simulate the region without cracks
in the complex structure, and the SGBEM super element, which can accurately calculate the SIFs and efficiently
simulate the crack growth, is used to simulate the local subdomain with cracks. The two kinds of discretization are

directly coupled through the stiffness matrix.



B. Dynamic Bayesian Network for Crack Growth Diagnosis and Prognosis

In order to comprehensively consider the effects of aleatory and epistemic uncertainties on crack growth, it is
necessary to explore methods that can integrate various uncertainties. The DBN is an extension of the Bayesian
network in the time domain, which is effective for integrating various sources of uncertainty and heterogeneous
information and tracking the changes of state of time-variant systems. When the observation of any child node is

acquired, the DBN is updated by Bayesian inference.

Fig. 2 A simple DBN, the state of current BN depends only on BN at the previous time step based on the
first order Markov hypothesis.

Fig. 2 shows a simple DBN representation of a degradation process. The state variables at time step t are denoted

as X, € R"™, which evolve from state variables X, , € R™ at time step t-1 according to the state function:

X, = (X0 V) (1)
where V,, € R" denotes the vector of noise terms in the state function. The measurement at time step t is denoted

as Z, € R", which is obtained according to observation function:

Z, =h(X,,n) 2
where N, € R" denotes the vector of noise terms in the observation function.

In order to effectively track the evolution process of state variables X, in Fig. 2, the following two tasks need to
be accomplished by Bayesian inference: (1) forward propagation, i.e., obtaining the state variables X, according to
the state variables X, , at the previous time step and the conditional probability distribution (CPD) between the

networks at two adjacent time steps; and (2) backward inference, i.e., updating the joint probability distribution of the

state variables X, when any child node is observed.



For the crack growth problem, the state of the system is denoted by crack length vector a . The fatigue crack

growth law is as follows:

&= flaakin @3

where :_; are the increments of crack lengths per cycle, a are the crack lengths, AK are the ranges of SIFs,
] are the material parameters, which are considered as uncertain parameters in the DBN framework.
Appending unknown material parameters M to crack lengths a, at time step t, the augmented state vector is

defined as X, =[a, ut]T . According to Eq. (3), the functional relationship of crack lengths between two adjacent

time steps can be obtained as follows:

d
a =a_ + c?lT\l_l AN 4)

Then the state function can be obtained:

da, ,
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The measurement of the crack lengths a, is assumed as Z, ~ N(at,of) to consider the measurement noise.

However, due to the limitations of measurement tools, the full shape of the crack front cannot be accurately obtained.
Sometimes only the crack length at the surface of the structure is available. Then the corresponding observation

function is obtained:
Zt — atsurf +€t (6)

where af“rf is the crack length at the node where the crack front intersects the structural surface, and random variable

& ~ N(O, of). o, is the standard deviation of measurement results, which is determined by the accuracy of

measurement tools.
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Fig.3 A part-through crack surface, only the crack length on the upper surface can be observed.

This paper adopts the definitions of diagnosis step and prognosis step in [4], i.e., a time step with only forward
propagation is defined as a “prognosis step”; and a time step with both forward propagation and backward inference
is defined as a “diagnosis step”. The diagnosis step is performed only when the inspection is conducted, and the
prognosis step is performed in other cases. At the diagnosis step, the Bayesian inference algorithm is used to update

the joint probability distribution of X, based on the observation result.

Existing Bayesian inference algorithms include Kalman filtering [31], extended Kalman filter [31, 32], unscented
Kalman filter [33-35], and particle filter [36, 37]. Different from the class of Kalman filters, the particle filter is widely
used as the inference algorithm for DBN because of its ability to deal with non-Gaussian state variables [4, 15]. There
are two challenges in the PF: 1) degeneracy, meaning that all but one particle will have negligible weights after a few
iterations; and 2) sample impoverishment, meaning the loss of sample diversity. Methods to overcome these
challenges include the regularized particle filter (RPF) and the kernel smoothing-based approach [36, 38]. In this paper,
RPF is used as the Bayesian inference algorithm for DBN. For the complex structure considered in this paper, since

only the length of the surface crack can be observed, Z, reducesto z, defined in Eq. (6), and the corresponding
a, in Eq. (5) is the coordinates of all nodes at the crack front. In other words, the position of the whole crack front as

well as model parameters need to be updated with z,.

C. Intelligent Inspection and Maintenance Decision Based on Digital Twin
To avoid the risk from inaccurate EIFS and accidental damage in the structural usage, an initial crack distribution

a,, (such as Weibull distribution) with a mean value of 1.27 mm, as defined in the probabilistic DTA [39, 40] and

also known as the detectable threshold a, , is adopted in P, when the mean value of updated surface crack size

= surf

a is smaller than a, , which can prevent risks from occurring as a result of the true initial crack size and crack



growth parameters exceeding the assumed priori distribution or from accidental damage to the structure in service.
Meanwhile, when @™ is larger than a, , the crack size is considered to be measurable by Non-Destructive

Inspections (NDI), and then the digital twin model in P; can be updated with the observation. It is noted that the
posterior crack distribution after the last observation is used for the initial crack distribution in P, in this case. The
inspection interval is then obtained when the PoF reaches a certain level.

However, because the length of the initial crack is usually about tens of microns [41], the crack size will be too
small to measure in a traditional way for a long time during the usage, making it impossible to update the digital twin

model in time. To address this issue, the observation of probability of detection (PoD) is adopted in this study to

=surf

update the model when a is lessthan a, .
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Fig. 4  Atypical PoD curve and its lower 95% confidence limit, from [42].
Fig. 4 shows a typical PoD curve in which the PoD value increases strictly monotonically with crack length. When
the crack size is smaller than a, , the measurement of the crack size cannot be obtained by traditional methods, but

the existence of a crack can be judged by the NDI equipment [43]. If the crack is detected, it is recorded as a hit;

otherwise, it is recorded as a miss. If a number of N, detections are performed during an inspection, and the total

hit number is denoted as N, , then the observation of PoD is —"- . Therefore, in the RPF algorithm, the observation
det

function is replaced by:

2/ = PoD(a,) + &7 Y]



where z™® denotes the observation of PoD, PoD¢(-) is the PoD function of the NDI equipment, £7°° is the

measurement noise of the NDI equipment. The crack length of each particle is substituted into the PoD function to

obtain the prediction of the PoD corresponding to the particle. Each particle is then weighted according to  z™", and

the model is updated through the subsequent resampling process.
The updated damage related parameters are then shared with the secondary process P, for the calculation of the
next inspection interval. The above process is then repeated until the measured crack length exceeds the economic

repair crack size a, .

I1l.  The Round-Robin Helicopter Lifting Frame and Its ROM for SIFs Prediction
In this study, a round-robin helicopter lifting frame [44] is adopted to illustrate the proposed intelligent inspection
strategy. Its geometry, material, and subjected load spectra are introduced in Sections I11.A to 111.C, respectively. In

Section 111.D, the ROM for SIFs predictions is constructed [21].

A. Geometry Model

The geometry of the lifting frame is a flanged plate with a central lightning hole, with detailed dimensions shown
in Fig. 5. There is a quarter-circular corner crack with a 2 mm radius located at the inner edge of the large central hole.
The crack length a here is defined as the crack length on the upper surface of the lifting frame. The experimental
results only show the evolution of the crack length a along the upper surface, but not the evolution of the full crack

front.

B. Material and the Fatigue Crack Growth Law

The component is made of Al 7010-T73651, an aluminum alloy with a yield strength of 440 MPa, an average
room temperature tensile strength of 502 MPa, and an average room temperature fracture toughness of 33.4 MPay/m
in the (L-T) orientation. In this paper, the component is assumed to have a Young’s modulus of 70,000 MPa and a
Poisson’s ratio of 0.3 as in [27].

In this paper, a generalized version of the Frost-Dugdale law, which can calculate crack growth on the micron

scale [45, 46], is used to describe crack growth in complex aircraft structures:

3—; =Ca"7”AK’ 8)



where a=[a,a,,---,a,] denotes the set of crack sizes at all nodes on the crack front, :_a denotes the increments

in the crack lengths per cycle, C and y are material parameters, and AK =[AK,AK,, -+, AK] denotes the set
of the ranges in the SIFs at all nodes on the crack front for that cycle. Vector a is used here because the crack front

in a complex structure is an irregular curve, which needs to be characterized by multiple nodes. Therefore, the crack

lengths at multiple nodes need to be considered within a crack surface. In [27, 46, 47], it was assumed that as a first
approximation y =3, furtherin[27] C =1.28x10" is inferred from the crack growth from 2 to 4 mm. In this study,

material parameters C and y are considered as uncertain parameters that need to be estimated.

C. Helicopter Load Spectra

In this paper, the Asterix spectra [27] are adopted. The average R value (stress ratio) of this stress spectrum is as
high as 0.82. The largest far field stress in the spectrum was set to 130 MPa, which is consistent with the experiment

[44]. The Asterix spectrum represents a single load block and corresponds to 190.5 flight hours (140 sorties).
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Fig. 5 Geometry, load spectra and test data in the crack growth test, from [27, 48]. Adapted with
permission from [21]. Copyright 2022 American Institute of Aeronautics and Astronautics. Adapted with
permission from [48]. Copyright 2006 John Wiley and Sons.

D. Reduced-Order Model of the Fracture Mechanics Simulation



The construction of the ROM for the fracture mechanics simulation of the component is shown in Fig. 6. Interested
readers can refer to [21] for more details.

In the offline construction of the database, the finite element model of the uncracked helicopter lifting frame, and
the crack surface models with different shapes and sizes are established, which are combined as the inputs of the
SGBEM-FEM coupling algorithm to automatically calculate the SIFs at the crack front. According to the geometric
shape of the components, the whole crack growth process was divided into seven stages, and a certain number of crack
samples were sampled at each stage. The nodal spacing equalization in [49] is conducted to obtain a consistent
parametric characterization of different crack samples, allowing the relationship between the obtained SIFs and
corresponding crack shapes/sizes to be established.

In the construction of the ROM, the dimension of crack front coordinates is projected to a low-rank subspace by
the principal component analysis (PCA) to reduce the dimension of inputs, and the surrogate model is developed by

regression methods. In this study, the artificial neural network (ANN) [50] is adopted. The error is defined as

oo 1 ii|yij_yij| )

axNTE Y,

where N is the number of samples in training or test set, J is the number of nodes on a crack front, Y isthe SIFs
obtained by the full-order simulation, y is the corresponding prediction by the ROM. The errors of all stages are
summarized in Table 1. In practical, the effect of error can be considered by assuming K ~ N (Y, (y*¢£)?) , where

K is the SIF used to calculate the crack growth.

Table 1 The summary of errors

Stage 1 2 3 4 5 6 7
Number of samples N 881 288 239 67 347 87 760
Relative testerror € (%) 3.89 584 297 092 410 1.28 5.99
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Fig. 6 ROM construction process for predicting stress intensity factors. Adapted with permission from
[21]. Copyright 2022 American Institute of Aeronautics and Astronautics.

After obtaining SIFs, the increment and direction of the crack growth at each node are determined by the
generalized Frost-Dugdale law and J-integral [51] respectively, which can be used to calculate the new crack front at

the next time step.

V. Probabilistic Diagnosis and Prognosis of the Component with Digital Twin
In this section, the diagnosis and prognosis of the crack growth in the helicopter lifting frame is conducted based

on the digital twin and the experimental data from [27], which is a validation of the constructed digital twin model.

A. DBN for Crack Growth Analysis

In this study, the DBN for crack growth analysis is shown in Fig. 7. The subscript t—1 or t denotes the time

step, and the corresponding symbols are explained in Table 2.
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Fig. 7 DBN for crack growth analysis.

Table 2 The meaning of symbols in the DBN

Symbol Meaning

AP Range of the fatigue load

AK Range of the stress intensity factors
Aa Crack increments at current time step
a’ Crack lengths before current time step
a Crack lengths after current time step
Bgns Crack length observation

n Material parameters

In Fig. 7, an elliptical node represents a stochastic continuous node. A triangular node is a functional node, which
means that given the value of parent nodes, the corresponding results can be obtained through a deterministic function
calculation. A rectangular node represents an observed variable (e.g., the crack length). Solid arrows represent the
functional relationships between variables within a BN slice, while dashed arrows represent functional relationships
between variables across different time steps.

At time step 1, the distribution of random variables in the BN is the prior distribution provided by the user. The

prior distribution of BN at other time steps is obtained by propagating the posterior distribution of BN at the previous

time step. However, the prior distribution of af is determined by the following method:
1) If no crack length is observed at time step t-1, the prior distribution of af’ is equal to the predicted distribution

of a,,. Therefore, there is a dashed arrow pointing from a, , to a; inFig.7.



2) If the crack length is observed at time step t-1, the prior distribution of at0 is updated based on the observation.

Therefore, there is also a dashed arrow pointing from a,, to a; inFig. 7.

B. Digital Twin Initialization and Relevant Parameter Setting

In the adopted generalized Frost-Dugdale law, two parameters, i.e., C and y, affect the accuracy of diagnosis

and prognosis. In this paper, both C and » are considered as uncertain parameters to be estimated. Due to the

influence of measurement errors, the initial size of the crack in the component may not be exactly 2 mm but a certain
deviation from it. In this paper, the initial size of the crack is also regarded as an uncertain parameter.
Based on the deterministic crack growth model Eq. (4), in order to consider the influence of process noise, the

random crack growth process is described as [52, 53]:

da
8 =a,+exp(o) | AN (10)

t-1
where a, are the crack lengths at time step t, AN is the number of load cycles experienced from time step t-1 to
2

time step t, @, , is a noise term following Gaussian distribution N(—%,aj}) , leading to  E(exp(@,,)) =1 [53,

54]. The crack growth rate d_a is expressed as follows:

t-1

da
dN

=C,_ a2 AK (11)

t-1
In Eg. (11), model parameters C and y are replaced by C,, and y_ respectively to consider the
uncertainty of model parameters. According to the linear correlation between the coefficient and exponent in the power

law equation of fatigue crack growth [55], the joint prior distrioution of C and y is set as

P%(Q)}
"

because C, isa very small value compared to other quantities. The prior mean value of 7 is set to 3 as defined in

3 -0.05*  0.05%

-10. S 2 . .. . .
~ N( { 09}, {0'15 0.05 } ) due to insufficient knowledge. Here log(C,) is used instead
t=0

[27, 46, 47]. The prior distribution of the corner crack length is adopted as at|l:0 ~N(2,0.1%) to consider the



uncertainty of the initial crack size. The measurement error is set as ¢ ~ N(0,0.1°) to consider the measurement

uncertainty, and ai is set as 0.1 to consider the effect of process noise on the crack growth.

The number of particles is setas N, = 2000 to balance the computational cost and simulation accuracy. At the

initial time step t=0, the particle set {xt(ijo}:‘:l={af‘:’o,logct(i{),yfl{)}m is randomly sampled from the prior

i=1
probability density functions (PDFs) mentioned above. After that, each particle
xV =[a®”,logC", 7] (i=1,2,---,N,) evolves with time step. The increment of loading cycle in Eq. (10) is set as
AN =1000 to balance the computational cost and the accuracy. When the time step corresponding to the experimental

observation (i.e., the diagnosis step) is reached, the measurement of crack size from [27] is input into the DBN to

obtain the posterior distribution for each parameter in state vector X, =[a,,logC,,y]. The relevant parameters in

this example are summarized in Table 3.

Table 3 Relevant Parameter Setting

Parameter Value
log(C -10.9| | 015> -0.05
Joint prior distributions of model parameters C and y { ol t)} ~ N( { } ) > 1)
" o 3 -0.05° 0.05
Prior distribution of the corner crack length a_, ~N(20.1%)
Measurement error & ~N(0,0.1%)
O_2
Random noise term in crack propagation equation @, ~ N(—?”,af)), o> =01
Number of particles in the RPF algorithm 2000
Increment of loading cycle AN =1000

C. Discussion of the Diagnosis and Prognosis Results

Fig. 8 shows the updates of the joint distribution of logC and ) with the inspections. Their joint distribution

becomes narrower after several updates allowing a more accurate prediction of the crack growth process. The



distribution is not narrowed to a small range in both dimensions, indicating a strong correlation between the logC

and ). Inthe original set {xt(':’o}if1 , the particles that do not conform to the real process are eliminated.
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Fig. 8 Updating of joint distribution of logC and 1.

Fig. 9 shows the comparison of probabilistic crack growth with and without diagnoses. Compared with the case
without diagnoses, the case with diagnoses can effectively reduce the uncertainty and track the actual growth process.
The uncertainty of crack size distribution decreases at each inspection and increases gradually between two adjacent
inspections. Table 4 shows the comparison between the crack growth prediction and the experimental observation at
each diagnosis step. The results confirm that the proposed digital twin model can improve the diagnosis and prognosis

of crack growth using DBN and observation data.
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Fig. 9 Comparison of probabilistic crack growth with and without diagnosis.

Table 4 Comparison of diagnosis results of probabilistic crack growth prediction with experimental values

Number of inspections 1 2 3 4 5 6 7 8 9
Time of inspection (h) 58.7 995 1387 1719 1827 2034 2181 2420 2812
Experimental values (mm) 2.49 2.99 4.02 5.47 722 1042 1313 16.06 20.23
Prediction means (mm) 2.46 2.87 3.88 5.38 717 1036 1254 1561 20.08
Relative error (%) 1.20 4.01 3.48 1.65 0.69 0.58 4.49 2.80 0.74

Prediction variance (mm?) 0.022 0.048 0.096 0.106 0.056 0.073 0.036 0.051 0.029

V. Demonstration of Intelligent Inspection Strategy with a Group of Hypothetical Crack Growth
Histories

A. Setting of Relevant Parameters in the Strategy

In this section, a group of hypothetical crack growth histories are simulated to demonstrate the proposed digital-
twin-based inspection strategy as an enhancement of the current practice of fixed inspection intervals.

The EIFS distribution for these crack growth histories is set as Ina ~ N(-2.65,0.297?) according to [56]. The
initial crack size distribution for the probabilistic damage tolerance is set as a Weibull distribution with mean value of
1.27 mm, standard deviation of 0.116 mm and a Weibull offset of 1.134 mm according to [39]. The critical crack size

a, =3.3mm, calculated by the maximum load in the load spectrum and a safety factor of 1.5 according to FAR-25.303.
Instead of the deterministic value, the fracture toughness K_ is assumed to follow fKC:N (33.4,3.34%).

The critical PoF used to calculate inspection intervals is set as 10~ according to [57]. If the traditional particle

filtering method is used to estimate the PoF, at least 10° particles are required. Some researchers have suggested


javascript:;

several methods to calculate PoF in a lower computational cost [58, 59]. This paper adopts the kernel density
estimation (KDE) [60] to fit the PDF of the maximum SIF with a certain number of samples, which may lead to

oscillations in the PoF curve but is easy to implement. The fitted PDF is recorded as f, . Then, the stress-intensity

interference theory [61] is used to calculate the PoF:

poF=[" f, (K)U_Z fi. (Kc)ch} dK (11)

Different sample numbers are used to calculate the first inspection time, and the statistical results are shown in

Table 5, which shows that 100,000 samples are sufficient to calculate the inspection time accurately.

Table 5 Calculation of the first inspection time with different number of samples

Sample number Mean value (h) Standard deviation (h)
10,000 71.6 8.4
50,000 67.8 25
100,000 60.8 1.2
150,000 60.5 0.6
200,000 61.1 0.6

The number of detections N, per inspection is set as 10 when a*" is smaller than a,=1.27mm to balance

simulation accuracy and inspection cost. It is worth noting that the N, =10 here is used to demonstrate the strategy,
which should be determined by the engineering requirements in practical. Other parameters for the diagnosis and
prognosis of the probabilistic crack growth are the same as those in Section V. For the sake of explanation, this paper
stipulates that when a, . exceeds a, =2 mm, the lifting frame should be replaced; when it does not exceed 2 mm,

the digital twin model should be updated to continue calculating the next inspection time and predicting probabilistic

crack growth.

B. Demonstration of the Intelligent Inspection Strategy
Three crack growth histories with different crack growth model parameters and initial crack sizes as shown in
Table 6 are assumed, and the proposed inspection strategy is applied to each of them. The results are shown in Fig.

10.



Table 6 Setting of relevant parameters of the three crack growth histories

Serial number 1 2 3
a, (mm) 0.0882 0.0816 0.1139
logC -10.7879 -11.1947 -10.7172
y 2.9108 3.0702 2.9067
K. (MPa\/m) 34.4647 29.0323 31.9518
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Fig. 10 The inspections of the three crack growth histories (Insp: abbreviation for inspection).

It can be seen from these results that, compared with traditional fixed inspection intervals based on damage
tolerance, the proposed method formulates adaptive inspection intervals based on the updating of the digital twin
model. It is worth mentioning that the first inspection time of these three crack growth histories is basically the same,
due to that the same process noise is assumed, and the same prior distribution is used for the crack growth model
parameters and initial crack size. However, since the difference of these three true crack growth histories, the model
parameters logC and y were updated to varying degrees at each inspection, resulting in the difference for the
subsequent inspections. The updates of model parameters for the three crack growth histories are listed in Fig. 11
(only the most updated ones are drawn for clarity), from which we can see that the joint distributions gradually become
narrower and approach the true values with the updating of the digital twin model, resulting in prediction results closer

to the true crack length. The evolution of the PoF used to calculate the inspection intervals is shown in Fig. 12. Once

the PoF exceeds 107, due to the update of the model, its value will decline rapidly and then gradually rise until the

next critical condition arrives.
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Fig. 11 Updating of joint distribution of logC and y of the three crack growth histories.
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Fig. 12 Calculation of PoF of the three crack growth histories in the second process.

C. Comparison of PoF corresponding to several inspection interval setting methods



In order to illustrate the rationality of the proposed method, the PoF during the service (calculated from the EIFS
distribution of the initial crack size), derived from the proposed strategy is compared with that from traditional fixed

inspection intervals. According to the obtained critical crack size a_, the fixed inspection interval is obtained by
dividing the crack growth time from a, =1.27 mm to a,=3.3mm by a factor of 2 [62], and the calculation result

is 126 h. The calculation method for PoF during the service based on a fixed inspection interval is divided into two
cases according to whether updating is carried out during inspection;

(1) Without update: The PoF is calculated from the EIFS distribution, and the model is not updated at each

inspection.

(2) With update: At each inspection, the model is updated using the method mentioned in Section Il, and then the

updated model is used to continue calculating the PoF.

The calculated PoF evolution corresponding to the three hypothetical histories using different inspection interval
formulation methods is shown in Fig. 13. In addition, the true PoF calculated by the true crack growth model
parameters and initial crack size in Table 6 and only considering the load uncertainty is also shown. Although it is
called the “true” PoF here, it is a reference for simulation results to a certain degree. The true PoF is difficult to obtain
in a practical environment, and our knowledge of the PoF is still very subjective, in line with the Bayesians. It is to be
noted that the calculated PoF curves have some oscillations due that the number of particles is not very large. The PoF
corresponding to the fixed inspection interval without update will exceed the critical value of 107 relatively quickly.
In the case of fixed inspection intervals with updates, the PoF is effectively controlled due to model updates in several
inspections. However, due to the unreasonable arrangement of inspection intervals, the PoF of the three crack growth
histories significantly exceeded the critical value during the service life. For the adaptive inspection strategy proposed
in this paper, because the critical PoF is considered when calculating the inspection interval, the value of PoF will be

less than the critical value for most of the time until the final inspection.
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Fig. 13 Calculation of PoF during service of the three crack growth histories.

In addition, instead of calculating the inspection intervals from a relatively large crack size distribution (the
Weibull distribution with a mean value of 1.27 mm) as proposed in Section I, based on critical PoF, some methods

[13] calculate the inspection intervals from the EIFS distribution, which may cause safety risks in some special cases.



The fourth crack growth history is used to illustrate this situation, and its initial crack size, logC and y are set as 0.16
mm, -10.45 and 3.0452, respectively, which beyond the values in the prior distribution, indicating an incorrect prior.
According to the analysis, the PoF reaches the critical value at 249 h, when the crack size corresponding to this history
is 3.4 mm that exceeds a, and a safety risk exists before the scheduled inspection. The results of inspections,
parameter updating, PoF for calculating inspection intervals and the PoF during service obtained by the proposed
method are shown in Fig. 14, which indicate that the proposed method can carry out effective inspections on the

premise of ensuring security.
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Fig. 14 The analysis results of the fourth crack growth history.

In addition, the number of inspections corresponding to several different inspection strategies are compared, as
shown in Table 7. The number of inspections corresponding to the strategy proposed in this paper is larger than that
corresponding to other methods. However, as we mentioned above, PoF is a kind of subjective awareness to a certain
degree and can be controlled effectively by our proposed strategy, which would be helpful for the decision-making
process of aircraft inspection and maintenance. Flexible improvements to the strategy may also be made in subsequent

efforts to reduce the number of inspections while still maintaining security.

Table 7 Comparison of number of inspections corresponding to different methods

The number of crack growth history 1 2 3 4

Fixed inspection intervals (with and without update) 6 8 5 2
Inspection intervals calculated from EIFS 1 1 1 1
Proposed adaptive inspection intervals 10 12 8 4




VI. Conclusion
In this paper, a crack inspection strategy based on the digital twin is proposed. In this strategy, two probabilistic
processes, the primary process for the diagnosis and prognosis of each component and the secondary process for the
determination of inspection intervals, are conducted simultaneously, which share the distributions of damage related
parameters. The primary process adopts the EIFS as the initial crack distribution to predict the crack growth in real
time. Meanwhile, the secondary process adopts the initial distribution as in probabilistic DTA or updated crack
distribution and calculates the inspection intervals based on critical PoF. Compared with the traditional inspection

strategy, the inspection interval can be dynamically adjusted according to the updating of the digital twin model, and
conversely the crack distribution and model parameters are updated based on inspection results, which creates virtuous

circles, allowing inspection intervals to be scheduled to better match the safety and economic needs of each aircraft.
It is worth mentioning that the proposed inspection strategy is still based on the philosophy of damage tolerance, so it
can be seamlessly applied to the inspection of existing aircraft structures.

A round-robin helicopter component is used to demonstrate the present strategy. The digital twin model based on
the DBN and ROM is first validated using available experimental data, and the results show that the digital twin model
can update itself using measured data to improve the accuracy of damage prognosis. Based on this, the proposed
inspection strategy is then applied to several hypothetical crack growth histories, each with different initial crack sizes
as well as damage model parameters. The results demonstrated that, while ensuring safety, the inspection intervals
can be adaptively arranged with the continuous update of the digital twin model.

In future research, we will further consider more complex forms of structural damage, such as three-dimensional
non-planar cracks, composite delamination, etc., and carry out validation of the proposed strategy on more realistic

structures.
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