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Abstract Turbine blisk is one of the typical components of gas turbine engines. The fatigue
life of turbine blisk directly affects the reliability and safety of both turbine blisk and aeroengine
whole-body. To monitor the performance degradation of an aeroengine, an efficient deep
learning-based modeling method called convolutional-deep neural network (C-DNN) method
is proposed by absorbing the advantages of both convolutional neural network (CNN) and deep
neural network (DNN), to perform the probabilistic low cycle fatigue (LCF) life prediction of
turbine blisk regarding uncertain influencing parameters. In the C-DNN method, the CNN
method is used to extract the useful features of LCF life data by adopting two convolutional
layers, to ensure the precision of C-DNN modeling. The two close-connected layers in DNN
are employed for the regression modeling of aeroengine turbine blisk LCF life, to keep the ac-
curacy of LCF life prediction. Through the probabilistic analysis of turbine blisk and the com-
parison of methods (ANN, CNN, DNN and C-DNN), it is revealed that the proposed C-DNN
method is an effective mean for turbine blisk LCF life prediction and major factors affecting the
LCF life were gained, and the method holds high efficiency and accuracy in regression
modeling and simulations. This study provides a promising LCF life prediction method for
complex structures, which contribute to monitor health status for aeroengines operation.
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1. Introduction

As the power source of airplanes, aeroengine is the
important source of airplane faults, so that the reliability and
safety of aeroengine are focused on recently [1]. As the key
component of aeroengine, turbine blisk comprising disk and
blades long-term works in extreme conditions with high
temperature, high pressure, large stress, and high rotational
speed, so that the safety and reliability of turbine blisk suffer
from the serious challenge which severely affect the health
status of aeroengines and airplanes [2]. Specially, such
extreme conditions always result in the low cycle fatigue
(LCF) of turbine blisk for long-term works, which have
been attracting the attention of researchers, for ensuring the
operation safety of aeroengine [3e5].

The LCF life prediction of turbine blisk involving disk
and blades is one of significant topics in the health moni-
toring and safety operation of aeroengines, so that numerous
prediction theory and methods emerged recently, such as
neural network (NN) methods [6e9], Kriging models
[10e12], support vector machine (SVM) methods [13e16],
polynomials [17,18], and numerical methods [19e22].
Obviously, most of the mentioned works only focus on
traditional numerical methods [23,24] and machine learning
approaches [25]. Due to working in complex environments,
naturally the LCF life prediction of turbine blisk holds high
nonlinear and time-varying characteristics, due to large-
scale operation parameters (hyperparameters) and transient
loads, which lead to these methods to be unworkable in
acquiring an acceptable modeling accuracy and computing
efficiency in the LCF life prediction of turbine blisk
[26e28]. Therefore, it is urgent to find new efficient man-
ners with high precision and efficiency besides the skillful
processing of hyperparameters and transients.

With the rapid development of structural LCF life pre-
diction, deep learning as a new alternative technology have
got widely studies and applications [29], so that various deep
learning approaches also appeared [30e32]. Hereinto, con-
volutional neural network (CNN) and deep neural network
(DNN) are two important types of deep learning algorithms.
For the CNN, Yu et al. [33] discussed fault diagnosis of wind
turbine systems by combining a spectrogram, and revealed the
superior ability of CNN in feature extraction; Jiang et al. [34]
studied the prediction of bearing remaining useful life by
adopting time series multi-channel CNNwith attention-based
long short-term memory (LSTM) that’s a type of DNN
models; Zare and Ayati [35] investigated the simultaneous
fault diagnosis of wind turbine using multichannel CNNs;
Sony et al. [36], systematically reviewed structural condition
assessment techniques based on CNN model; Wang et al.
[37], applied simplified CNN to develop a light intelligent
diagnosis model based on improved Online Dictionary
Learning sample-making. Theseworks revealed that the CNN
method hold the capability of feature extraction in fault
diagnosis. for the DNN, Kulkarni et al. [38], employed DNN
to forecast wind speed for the fatigue analysis of a large
composite wind turbine blade; Veloz et al. [39], utilized the
DNN estimate the fatigue life of wind turbine blades from a
probabilistic perspective; Xia et al. [40] employed the LSTM
to estimate the remaining useful life of aeroengine during
airplane flight with the combination with multi-layer self-
attention method. The aforementioned works indicate that
feature extraction and regression modeling are two key tasks
which seriously influence the prediction precision of turbine
blisk LCF life. Meanwhile, the CNN method presented
excellent performance in feature extraction and the DNN
method revealed unique superiority in parameters identifica-
tion and regression modeling [41e43]. With the heuristic
conclusions, it is promising to absorb the strengths of CNN
andDNN in the LCF life prediction of turbine blisk. However,
the previous works only depended on the single method such
CNN method or DNN method. It is not found that the CNN
method and DNN method were synthetically applied to
improve the reasonability and effectiveness of structural
probabilistic design by precisely feature identification and
regression modeling.

In fact, the affecting parameters on the LCF life of tur-
bine blisk have large uncertainty. To address this issue,
many scholars investigated the LCF life prediction of tur-
bine blisk from a probabilistic perspective [39,44e47].
Obviously, it is shown that probabilistic analysis can well
handle the uncertainty of affecting parameters structural
design, which provide a valuable idea for the LCF life of
turbine blisk with uncertain factors. Therefore, it is urgent to
find an efficient approach for the probabilistic LCF life of
turbine blisk.

With the enlightenment of CNN, DNN and probabilistic
approach in characteristics, the objective of this paper is to
propose the convolutional-deep neural network (C-DNN)
method, an efficient deep learning-based modeling method,
by absorbing the advantages of CNN in feature extraction and
DNN in regression modeling, to perform the probabilistic
LCF life prediction of turbine blisk by fully respecting un-
certain influencing parameters. In the developed C-DNN
method, two convolutional layers in CNN method is adopted
to extract the features of LCF life data, and two close-
connected layers in DNN are employed for the regression
modeling of aeroengine turbine blisk LCF life.
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In what follows, Section 2 discusses the C-DNN method
from three aspects, i.e., convolutional layer, maxpooling and
flatten layer and closely-connected layer. The procedure and
method for probabilistic LCF life prediction of turbine blisk
with C-DNN are given in Section 3. In Section 4 the
probabilistic LCF life prediction of turbine blisks is inves-
tigated in respect of the developed C-DNN method,
involving the parameters selection and FE model of turbine
blisk, the deterministic analysis of turbine blisk LCF life, the
C-DNN modeling and validation for probabilistic blisk LCF
life prediction, the probabilistic LCF life analyses of turbine
blisk with C-DNN and comparison of methods. Main con-
clusions on this paper are summarized in Section 5.

2. Convolutional-based deep neural network
methods

In this study, the C-DNN method is developed to perform
the reliability sensitivity analyses of turbine blisk for pre-
dicting LCF life. The structure of the C-DNN method
comprises convolutional layer, maxpooling and flatten
layer and closely-connected layer, which are explained in
Figure 1.
Figure 1 Structure of convolutio

Figure 2 Principle of 1
In Figure 1, maxpooling is pooling operation that calcu-
lates the maximum value for patches of a feature map, to
create a downsampled (pooled) feature map. The maxpooling
is usually used after convolutional layers. Flatten layer is used
to flatten the inputs. For example, if flatten layer is applied to
the input that is two-dimensional matrix, the output shape is a
one-dimensional vector. In this section, the operations of
convolutional layer in CNN and closely-connected layer in
DNN is discussed in the following subsections.

2.1. Convolutional neural network

In CNN method, convolutional layer is the first layer to
extract the features from an input vector that comprises
input parameters. Convolution is the operation of a vector
and a filter or kernel. For one-dimensional (1-D) CNN, the
operation with input parameters, Kernel and output param-
eters is illustrated in Figure 2.

In Figure 2, xZðx1; x2;/; xi;/; xnÞ is the vector of
input parameters in which xi indicates ith element and n is
the length of input parameters in the vector. s stands for the
stride which is the number of pixels shifts over the input
vector. zZðz1; z2;/; zj;/; zkÞ is the vector of filter
nal-based deep neural network.

D convolutional layer.
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composed by k elements in z, in which the subscript j in-
dicates the jth element in the vector z and k is the length of
the filter vector; yZðy1; y2;/; yi;/; ymÞ is the vector of
output parameters where yi represents the ith element and m
represents the length of output vector.

Considering the explanation in Figure 2, the relationship
among the length n of input vector x, the length m of output
vector y and the length k of filter vector z are

mZ
n� k

s
ð1Þ

Stride is the number of pixels shifting over the input
vector. When the strides are 1, the filter moves one step at a
time, while the filter moves two steps at a time when the
stride is 2, in a similar fashion. However, when n�k

s is not an
integer, the padding method [36] is used to update the length
n of input vector, including two methods. One is that zero is
applied to fill the vector of input vector (called as zero-
padding), to adapt the filter. The other is that the improper
part in input vector is deleted by and only remaining the
effective part of input vector, which is called valid padding
method.

In line with the 1-D convolutional calculation, the ith
output response yi is

yiZ
Xk
jZ1

zjxs�ði�1Þþj ð2Þ

In fact, this study applies many filters, the number np of
weight parameters is

npZ k �Dinput �Doutput ð3Þ

where Dinput is the number of filters of the previous 1-D
convolutional layer; Doutput is the number of filters in the
1-D convolutional network of this convolutional layer.
Figure 3 Principle of
The number of output parameters in the 1-D CNN is

Voutput Zm�Doutput ð4Þ

where Voutput is the number of output parameters.

2.2. Deep neural network

Deep neural network is one branch of deep learning
method [39], in which the “deep” indicates many layers. It is
obvious that deep neural network involves multiple layers of
neural networks. The features of data are passed to the
model, and then neural network attempts to represent the
data in different ways and in different dimensions by
applying specific operations. On a lower level, neural net-
works are a combination of elementary operations on
matrices and nonlinear functions as illustrated in Figure 3.

In Figure 3, the circles are a neuron and the arrows are to
connect neurons by close connections. The output of a
neuron is determined by the output of neuron in previous
layer, the corresponding weight and the bias, which is
expressed by

pZ

 Xa
rZ0

wrtr

!
þ q ð5Þ

in which w is the weight of each neuron connection; t de-
notes the output of previous neuron; q indicates the devia-
tion of the current neuron and is a constant; a is the number
of neurons connections between input layer and first hidden
layer; p is the output of neuron in output layer; r indicates
the rth neuron connection between input layer and first
hidden layer.

To model high-dimensional data, an activation function
F($) is adopted to increase the complexity and dimension of
the network, i.e.,
deep neural network.
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3. Procedure and method for probabilistic
LCF life prediction of turbine blisk with C-
DNN

3.1. Probabilistic LCF life prediction flowchart of
turbine blisk

In light of the introduced theory and methods, the
probabilistic LCF life prediction flowchart of turbine blisk
with C-DNN method is summarized as follows.

Step 1: Take the temperature, speed, material properties
and LCF performance parameters of turbine blisk as input
random variables to establish the finite element (FE) model
of turbine blisk.

Step 2: Perform deterministic FE analysis of turbine
blisk to obtain the position of the minimum fatigue life of
the blisk as the calculation point in respect of thermo-
structure coupling and boundary conditions.

Step 3: Apply Latin hypercube sampling (LHS) method
[12] to extract small batches of samples for input random
variables, and the gain the corresponding output samples of
blisk LCF life by blisk FE analyses for all input samples at
the calculation point.

Step 4: Divide the samples involving all input samples
and their corresponding output samples into training sam-
ples set and test samples set.

Step 5: Normalize all samples and adjust learning rate,
Step 6: Select a part of the samples as the training

samples to establish the C-DNN model of probabilistic LCF
life of turbine blisk.

Step 7: Regard the remaining samples as the test samples
to check if the accuracy of the established C-DNN model is
larger than 0.95. If it does not meet, go back to Step 3; if it
meets, go to Step 8.

Step 8: Output the parameters of C-DNN model,
including weights, biases, learning rate, and so forth, to
determine the C-DNN model for the probabilistic LCF life
prediction of turbine blisk.

Step 9: Perform the probabilistic LCF life prediction of
turbine blisk, involving sensitivity analysis and reliability
analysis, by employing Monte Carlo (MC) method [27] to
simulate large-scale samples for both input random vari-
ables and output variable respecting the built C-DNN
model, which follow the distribution features of input and
output parameters.

Step 10: Output the results of sensitivity analysis and
reliability analysis, and then end the task.

As illustrated in the above analysis, the LCF life reli-
ability analyses of turbine blisk with C-DNN method many
involve LCF life analysis with FE model, C-DNN modeling
for probabilistic LCF life and probabilistic LCF life anal-
ysis. The process of turbine blisk LCF life prediction with
C-DNN is shown in Figure 4.

3.2. Reliability sensitivity calculation method

Assuming y� is the allowable value of low-cycle fatigue
life and yjmin is the function of structural fatigue life, the limit
state function of the low-cycle fatigue life of structure [47]
is:
ZZ ymin � y) ð7Þ

When the limit state function Z > 0 means that the actual
minimum fatigue life of the blisk is greater than the
allowable value, so that the blisk structure is safe; otherwise,
the structure fails [46]. Assuming that the input random
variables in Eq. (7) are independent from each other, the
mean and variance matrices are mZ½m1;m2;/;mn� and DZ
½D1;D2;/;Dn�, then�
EðZÞZmZðm1;m2;/;mn;D1;D2;/;DnÞ
DðZÞZDZðm1;m2;/;mn;D1;D2;/;DnÞ ð8Þ

in which E(Z) is the mean function; D(Z) is the variance
function.

When the low fatigue cycle limit equation of the structure
obeys a normal distribution, the reliability of structure [8,9]
can be expressed as

PrZf

�
mZffiffiffiffiffiffi
DZ

p
�

ð9Þ

in which Pr is the probability that the structure can complete
its predetermined function; mZ is the mean matrix of the
limit state function; DZ is the variance matrix of the limit
state function.

Sensitivity reflects the sensitivity degree of input random
variable to the failure probability of structural system
response, so as to determine which input random variable
are larger influencing factors to provide guidance for
structural optimization. The sensitivity of reliability to the
mean matrix m and variance matrix D of input random
variables [12] is expressed as8>>>>>>>>>>>><
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Figure 4 Flowchart of LCF life prediction of turbine blisk with C-DNN method.
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4. Probabilistic LCF life prediction of turbine
blisks

4.1. Parameters selection and FE model

This section selects the turbine blisk of aeroengine as the
object of study. The materials of turbine blisk is GH4133
superalloy [48]. For the low-cycle fatigue life reliability
analysis of the blisk, the influencing factors include
numerous parameters and hold uncertainty, involving
operation parameters (temperature T and rotational speed u)
and material parameters such as density r, thermal
conductivity l and elastic modulus E, fatigue strength co-
efficient s0f , fatigue ductility coefficient ε0f , fatigue strength
index b and fatigue ductility index c. In respect of the
Manson-Coffin raw [49,50], the relationship among fatigue
strength coefficient s0f , fatigue ductility coefficient ε0f , fa-
tigue strength index b and fatigue ductility index c are
expressed by:

Dε

2
Z

s0
f

E

�
2Nf

�b þ ε
0
f

�
2Nf

�c ð12Þ

in which Dε is the total strain; Nf is the LCF of turbine blisk
[9].



Figure 5 Nephograms of blisk LCF life distribution.
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Regarding complex workloads and the influence of the
average stress, Eq. (12) can be rewritten as [49].

Dε

2
Z

s0
f � sm

E

�
2Nf

�b þ ε
0
f

�
2Nf

�c ð13Þ

where sm is average stress.
To support the analysis with less computational load and

small complication, the aforesaid random variables are
assumed to be independent mutually and obey normal dis-
tributions. Their distribution features are assumed as shown
in Table 1.

In the LCF life analysis of turbine blisk, 1/40 turbine
blisk comprising 1/40 disk and one blade is regarded to
reduce the computational loads, because the selected blisk
as an axisymmetric structure is composed by one disk and
40 blades. In the used FE model of blisk, there are 31,380
nodes and 17,111 tetrahedral elements. The 1/40 turbine
blisk is built as FE model and is meshed with tetrahedral
elements.

4.2. Deterministic analysis of turbine blisk LCF life

Due to the small influence of aerodynamic loads on
turbine blisk LCF life relative to centrifugal load and ther-
mal load, thermal-solid interaction [51,52] is employed in
the deterministic analysis of turbine blisk in Ansys program
without aerodynamic effect, by considering the uncertain
parameters in Table 1. Through the analysis, the maximum
equivalent stress and equivalent strain of the blisk
are located at the root of the blade, and the maximum
stress is 105.77 MPa, and the maximum strain is
8.1427 � 10�3 m/m. For this reason, the maximum strain
point of the blade root was selected for the LCF life analysis
of turbine blisk. The deterministic analysis of turbine blisk
LCF life is to comprehensively consider the influence of
structural stress and strain on the structural durability. Ac-
cording to Eq. (12) and Eq. (13), the fatigue life of the blisk
is calculated as displayed in Figure 5, indicating that the
minimum blisk life is 8900.6 cycles.
Table 1 The distribution features of selected random variables.

Parameters Mean Standa

Density r (kg$m�3) 8213.5758 735.99
Rotating speed u (rad$s�1) 1169.0416 104.10
High temperature magnitude Tb (K) 1471.5031 130.99
Low temperature magnitude Ta (K) 1173.9488 104.69
Elastic modulus E (GPa) 216.9535 19.479
Thermal conductivity l (W$m�1$C�1) 21.8868 1.9601
Fatigue strength index b �0.1001 0.0089
Fatigue ductility index c �0.8394 0.0751
Fatigue strength coefficient s0

f 1419.0687 127.43
Fatigue ductility coefficient ε0f 50.5094 4.5337
4.3. C-DNN modeling and validation for probabilistic
blisk LCF life prediction

In line with the distributions of input random variables in
Table 1, the LHS method is adopted to extract 1000 samples
by FE analyses. To more reasonably use the samples, the
extracted samples of input variables are normalized in
light of Eq. (14) [10]. After normalization processing, the
distribution features of ith input variables are acquired in
Table 2.

x0iZ
xi �minðXÞ

maxðXÞ �minðXÞ ð14Þ

where xi is the ith element in input variable vector xZ ðx1;
x2;/;xkÞ; x0i indicates the ith element in the initialized input
variable vector x0 Z ðx01;x02;/;x0kÞ; k is the number of input
variables; min(X) represents the smallest element in X;
max(X) denotes the largest element in X.
rd deviation Minimum Maximum Count

72 6949.9166 9470.0834 150
95 988.7336 1347.2664 150
90 1246.9217 1699.0783 150
53 992.9662 1353.0338 150
5 183.6945 250.3055 150

18.5388 25.2612 150
�0.1153 �0.0847 150
�0.9689 �0.7111 150

20 1201.2097 1636.7903 150
42.7492 58.2508 150



Table 2 Normalized distribution features of random variables.

Parameters Mean Standard deviation Minimum Maximum Count

Density r (kg$m�3) 0.5014 0.2920 0.0 1.0 150
Rotating speed u (rad$s�1) 0.5029 0.2904 0.0 1.0 150
High temperature magnitude Tb (K) 0.4967 0.2897 0.0 1.0 150
Low temperature magnitude Ta (K) 0.5026 0.2908 0.0 1.0 150
Elastic modulus E (GPa) 0.4993 0.2924 0.0 1.0 150
Thermal conductivity l (W$m�1$C�1) 0.4980 0.2916 0.0 1.0 150
Fatigue strength index b 0.4978 0.2913 0.0 1.0 150
Fatigue ductility index c 0.5023 0.2912 0.0 1.0 150
Fatigue strength coefficient s0

f 0.5014 0.2920 0.0 1.0 150
Fatigue ductility coefficient ε0f 50.5094 4.5337 42.7492 58.2508 150
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The acquired 1000 samples are divided into two sets
involving 800 samples and 200 samples. The 800 samples
are selected as the training samples for C-DNN modeling,
and the remaining 200 samples as the test samples are
employed to test the built C-DNN model. In the C-DNN
model, an eight-layer network with a total of 6779 param-
eters are elected including input layer (10 neurons), two
convolutional layers (the sizes of filters are 5 and 10,
respectively), maxpooling layer (the size of filter is 3),
flatten layer (to make the output of the maxpooling layer
into a one-dimensional vector), two close-connected layers
with 64 neurons for one layer, and output layer with one
neuron.

After training C-DNN model, the rest 200 samples are
applied to test the built C-DNN model. Here, the mean
absolute error (MAE) and mean square error (MSE) are
adopted to reflect the effect of C-DNN modeling. The MAE
and MSE are expressed by

MSEZ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
iZ1

ðpi � Y iÞ2

n

vuuut ð15Þ

MREZ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
iZ1

jpi � Y ij
n� Y

vuuut ð16Þ
Figure 6 Pressure history of six-tu
where pi is the predicted value of ith sample; Yi is the real
value of ith sample; n indicates the number of samples.

The historical processes of MAE and MSE for training
samples and test samples are generated as shown in Figure
6, in which the blue line stands for training samples set and
the orange line indicates test sample set.

As illustrated in Figure 6, in the training progress, the
MAE and MSE values of test set and training set decrease.
The MAE of test set is used as monitoring the training.

By inputting the test set of 200 samples into the built C-
DNN model, the prediction values of blisk LCF life are
gained to compare with the true values. The comparison
results are listed in Table 3.

As seen inTable 3, the predicted value is very close to the true
value. To observe the difference between the predicted value and
the true value, the scatter diagram is shown in Figure 7.

As seen in Figure 7, the points above the middle line mean
that predicted values are bigger than true value.When the points
below themiddle line indicate that the true values are bigger than
the predicted values.Nomatterwhat range of the output value is,
the predicted value is very close to the true value.

4.4. LCF life reliability evaluation of turbine blisk
with C-DNN model

10,000 samples are extracted to and inputted into the
built C-DNN model to get the corresponding predicted
be working together within 20 s.



Figure 7 The scatter diagram of true values and prediction values.

Table 4 Reliability degrees under different LCF allowable
values.

LCF allowable value, cycles Reliability degrees

2300 0.9999958
3300 0.9999448
4300 0.9994783
5300 0.9964324
6300 0.9822391
7300 0.9350194

Table 5 Sensitivity and impact ratio of random variables.

Random variables Sensitivity
degrees

Impact
ratio (%)

Density r (kg$m�3) 0.0558 2.2776
Rotating speed u (rad$s�1) �0.1135 4.6311
High temperature magnitude Tb (K) 0.1535 6.2648
Low temperature magnitude Ta (K) 0.0894 3.6466
Elastic modulus E (GPa) �0.0005 0.0214
Thermal conductivity l (W$m�1$C�1) 0.2583 10.539
Fatigue strength index b 0.3414 13.920
Fatigue ductility index c 0.675 27.546
Fatigue strength coefficient s0

f 0.408 16.6579
Fatigue ductility coefficient ε0 f 0.355 14.4921

Table 3 The comparison results of true values and predictions.

Sample index True values, cycles Predictions, cycles

545 10824.3101 10813.6885
298 9076.1018 9468.6143
109 7643.5650 7535.0151
837 12058.8043 11959.6807
194 8959.1333 9239.8027
. . .
68 13040.5261 12818.1152
449 9129.2682 9180.2725
715 7494.8473 7428.8262
793 10866.3081 10993.2236
688 9371.1422 9462.5518
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values fyming according to Eqs. (7)e(9). The reliability of
blisk LCF life with C-DNN model are obtained in different
life allowable values and is listed in Table 4.

As shown in Table 4, the reliability R is about 0.996
when the confidence interval is 0.99 and the allowable LCF
value is 5300 cycles. Therefore, the allowable LCF life of
turbine blisk should be 5300 cycles with regard to the safety
and reliability of the turbine blisk.

4.5. Probabilistic LCF life analyses of turbine blisk
with C-DNN

100,000 simulations for the C-DNN model are performed
by adopting MC method, and Eqs. (7)e(11) are applied to
calculate the sensitivity degrees of random variables on
turbine blisk LCF life as shown in Table 5 and Figure 8.

As demonstrated in Table 5 and Figure 8, the sensitivity
of variables can be distinguished by the symbols “-” and
“þ“, in which the symbol "-" indicate that the input vari-
ables negatively correlate with the blisk LCF life, such as
rotational speed u, and vice versa. Besides, the fatigue
ductility index c is the main factor of affecting the blisk LCF
life and its influence probability is about 28%. In this case, it
is deduced that the fatigue ductility coefficient c has the
greatest impact on the reliability of turbine blisk LCF life,
and then the fatigue strength index b, fatigue strength co-
efficient s0f , thermal conductivity l, gas temperature T,
rotational speed u, density r and elastic modulus E are
ordered by importance. The conclusions can provide a
promising guidance for the optimization design of turbine
blisk in advanced aeroengine development.

4.6. Comparison of methods

4.6.1. Accuracy validation in modeling and prediction
To highlight the strengths of the developed C-DNN

method, the C-DNN method is compared to other methods
involving ANN method, CNN method and DNN method by
the reliability modeling and reliability prediction of turbine
blisk LCF life. From the study, the MREs between the
predicted values and the true values for the four methods are
shown in Table 6, which are visualized in Figures 9e12.

As seen from Figures 9e12 and Table 6, from the
perspective of reliability modeling accuracy, the MRE and
accuracy of ANN modeling is 0.1233 and 0.8767, respec-
tively, based on 800modeling samples, while all themodeling
accuracies of CNN, DNN and C-DNN are larger than 0.91.
Especially, the modeling accuracy of C-DNN reaches to
0.9829, which is improved byw6% compared with the CNN
andDNNmethods, and 10.62% comparedwith the traditional
ANN, which is more than 10%. Therefore, the C-DNN
method has high modeling accuracy. In addition, it can be
seen from Table 6 that the C-DNN model firstly adopts two



Figure 8 Distributions of input variables to turbine blisk LCF life.

Table 6 The MREs of 200 samples.

models Reliability modeling Model-based reliability prediction

Number of training samples MRE Accuracy Number of test samples MRE Accuracy

ANN 800 0.1233 0.8767 200 0.1431 0.8569
CNN 0.0816 0.9184 0.0924 0.9076
DNN 0.0772 0.9228 0.0861 0.9139
C-DNN 0.0171 0.9829 0.0237 0.9763

Figure 9 Relative errors between ANN prediction values and true values.

Figure 10 Relative errors between CNN prediction values and true values.
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Figure 11 Relative errors between DNN prediction values and true values.

Figure 12 Relative errors between C-DNN prediction values and true values.
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convolutional layers and two dense connection layers. After
extracting the features of the data and then analyzing the
connections between the simplified input parameters, the
average relative error obtained is smaller than these obtained
by using CNN method or DNN method alone.

From the perspective of reliability prediction accuracy,
the reliability prediction evaluation accuracy of C-DNN
model is 0.9763 and over 90%, which is improved by 6%e
12% compared with the other three methods (ANN, CNN
and DNN), especially by w12% compared with the tradi-
tional ANN method. It is verified that the C-DNN method
proposed in this study has high reliability prediction accu-
racy, strong learning ability and good generalization ability.

To demonstrate the prediction performance of C-DNN
method, the C-DNN model are conducted by 10,000 simu-
lations to predict the LCF life ymin of turbine blisk. Simulta-
neously, the built CNN model and DNN model are also
performed for 10,000 simulations. In light of Eqs. (7)e(9),
then the reliability degrees of blisk LCF life with the three
methods can be acquired as shown in Table 7.

As illustrated in Table 7, the reliability degrees pre-
dicted by the C-DNN model is slightly lower than these of
CNN model and DNN model, it is indicated that the
developed C-DNN method are superior to the rest two
methods CNN and DNN for the reliability prediction of
turbine blisk LCF life, which is beneficial to improve the
safety and reliability of engineering structures by focusing
on structural strength.

4.6.2. Efficiency validation in modeling and
prediction

To highlight the strengths of the proposed C-DNN
method in modeling, 800 samples is utilized to build the
models of four machine learning methods (ANN, CNN,
DNN and C-DNN). The modeling time is shown in Table 8.

As illustrated in Table 8, among the four methods, the
ANN method has the shortest modeling time 18.7624 s, and
the C-DNN method is the longest modeling time 33.6986 s.
Because the ANN method only involves hidden layers and
few model parameters, so that in the process of parameter
optimization, the ANN method has a smaller number of
iterations, and spend less time and high modeling efficiency.
However, CNN, and DNN within C-DNN belongs to the
deep neural network, which involve multiple hidden layers,
more parameters to optimize, more time spent, and low
modeling efficiency. However, although the modeling time
of C-DNN is longer than other methods, its modeling time is
acceptable in terms of engineering.



Table 7 Comparisons of blisk LCF life reliability analyses with
three methods.

Allowance value Reliability degree

ANN CNN DNN C-DNN

2300 0.9999960 0.9999995 0.9999972 0.9999958
3300 0.9999478 0.9999897 0.9999605 0.9999448
4300 0.9995035 0.9998468 0.9996054 0.9994783
5300 0.9965839 0.9984681 0.9971572 0.9964324
6300 0.9828826 0.9896314 0.9851563 0.9822391
7300 0.9369518 0.9519648 0.9432992 0.9350194

Table 8 Modeling time for four methods.

Methods Modeling time

ANN 18.7624 s
CNN 32.4134 s
DNN 21.9149 s
C-DNN 33.6986 s

Table 9 Simulation time of four methods.

Iterations, times C-DNN CNN DNN ANN

5000 8.6019 s 9.5483 s 8.2398 s 7.7197 s
10,000 20.1177 s 28.7116 s 24.6505 s 25.3965 s
50,000 32.6009 s 37.99 s 35.9989 s 34.3695 s
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In order to verify the simulation efficiency of C-DNN
method, 5000 simulations, 10,000 simulations and 50,000
simulations were conducted by the built models, respec-
tively. The simulation time of the four methods is shown in
Table 9.

As shown in Table 9, the C-DNN has the shortest
running time, with 8.6019 s for 5000 simulations, 20.1177 s
for 10,000 simulations and 32.6009 s for 50,000 simula-
tions. For 10,000 simulations, compared with the simulation
time 25.3965 s of the traditional ANN model, the simulation
time of the proposed C-DNN method is 20.1177 s, which is
reduced by w5 s, and improves the simulation efficiency by
w20%. Therefore, the proposed C-DNN method is
demonstrated to be high efficiency in modeling and reli-
ability prediction and is a promising approach for the
probabilistic LCF life design of complex structures besides
turbine blisk.

5. Conclusions

This study proposes a novel prediction method,
convolutional-deep neural network (C-DNN), and performs
the reliability modeling and evaluation of turbine blisk low
cycle fatigue (LCF) life. Through the detailed investigation,
main conclusions are summarized as follows.
(1) CNN can effectively extract the features of samples in
the LCF life modeling of turbine blisk.

(2) DNN has better abilities in parameters identification
and regression modeling for the LCF life prediction of
turbine blisk.

(3) The consideration of the uncertainty of affect param-
eters can improve the estimation accuracy and
modeling precision, which enhance the LCF life pre-
diction of turbine blisk.

(4) Fatigue ductility index with the influence ratio 28% is
the major factor and is positively correlated with the
LCF of turbine blisk.

(5) The proposed C-DNN model has high modeling accu-
racy and test accuracy for good learning ability,
generalization ability, strong robustness and good pre-
diction effect in the LCF life valuation of turbine blisk.

(6) C-DNN method holds high modeling and simulation
efficiency in the probabilistic LCF valuation of Tur-
bine blisk.

The efforts of this paper provide a promising measure
for the LCF life prediction of turbine blisk from a proba-
bilistic perspective, which is conducive to improve the
safety and reliability of aeroengine and airplanes under
operation by monitoring health status and residual useful
life.
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