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a b s t r a c t

The pipe bends and elbows in nuclear power plants (NPPs) are vulnerable to degradation mechanisms
and can cause wall-thinning defects. As it is difficult to detect both the defects generated inside the wall-
thinned pipes and the preliminary signs, the wall-thinning defects should be accurately estimated to
maintain the integrity of NPPs. This paper proposes a deep fuzzy neural network (DFNN) method and
estimates the collapse moment of wall-thinned pipe bends and elbows. The proposed model has a
simplified structure in which the fuzzy neural network module is repeatedly connected, and it is opti-
mized using the least squares method and genetic algorithm. Numerical data obtained through simu-
lations on the pipe bends and elbows with extrados, intrados, and crown defects were applied to the
DFNN model to estimate the collapse moment. The acquired databases were divided into training,
optimization, and test datasets and used to train and verify the estimation model. Consequently, the
relative root mean square (RMS) errors of the estimated collapse moment at all the defect locations were
within 0.25% for the test data. Such a low RMS error indicates that the DFNN model is accurate in
estimating the collapse moment for wall-thinned pipe bends and elbows.
© 2020 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Pipe bends and elbows are important pipe fittings that are used
to redirect fluids and increase the structural flexibility of nuclear
power plants (NPPs). An elbow is defined according to specific
angles in the standard ASME B16.9 [1]. Pipe bends are commonly
referred to as bent tubes, and elbows are included in the pipe
bends. As pipe bends and elbows are connected to a piping system,
the isometric routing can bemodified. In addition, by increasing the
structural flexibility of the pipe system, the thermal expansion or
anchor reaction forces are reduced so that the piping system can
behave in the elastic range. In addition, these pipes are capable of
absorbing energy through local plastic deformation to ensure that
they maintain the integrity of the entire piping system under
transient loading conditions such as seismic movement [2].

However, the pipe bends and elbows in NPPs are usually
vulnerable to flow-accelerated corrosion (FAC) [3]. FAC is a major
degradation mechanism that causes wall-thinning defects. Gener-
ally, the vulnerable parts of NPPs are the locations where cracking
by Elsevier Korea LLC. This is an
occurs in the piping system under a high-temperature and high-
pressure environment. As wall-thinning defects can steadily grow
and cause leakage of piping, the integrity of the pipe bends and
elbows is closely related to the safety of the NPPs. The wall-
thinning phenomena have been observed in aging NPPs. The
management of wall-thinned pipe bends and elbows has been an
important concern for securing the safety and reliability of NPPs [4].
As the piping system of NPPs is considered an important compo-
nent, significant care must be taken not to exceed its collapse
moment.

Therefore, this study suggests a method to estimate the collapse
moment of wall-thinned pipes accurately under various loading
conditions using a deep fuzzy neural network (DFNN) model. The
collapse moment was estimated in previous studies by using a
subtractive clustering-based fuzzy model [5], support vector ma-
chines (SVMs) [6], and fuzzy support vector regression (FSVR) [7].
In this study, the proposed DFNN model for estimating the collapse
moment demonstrated lower relative root mean square (RMS) er-
rors overall than those of the previous studies.

Data related to the collapse moment should be provided and
trained to develop and test the DFNN model. These data had been
obtained by performing finite element analyses (FEAs), assuming
wall-thinning defects of various sizes on extrados, intrados, and
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http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:magyna@chosun.ac.kr
http://crossmark.crossref.org/dialog/?doi=10.1016/j.net.2020.05.006&domain=pdf
www.sciencedirect.com/science/journal/17385733
www.elsevier.com/locate/net
https://doi.org/10.1016/j.net.2020.05.006
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.net.2020.05.006
https://doi.org/10.1016/j.net.2020.05.006


S.H. Yun et al. / Nuclear Engineering and Technology 52 (2020) 2678e2685 2679
crown [5]. Moreover, various loading conditions and defect geom-
etries were considered. These conditions were applied to the DFNN
model as the input signals to estimate the collapse moment.
2. DFNN methodology

2.1. DFNN structure

The DFNN model not only has the capabilities of neural net-
works but also considers the human-like thinking and reasoning of
fuzzy logic systems [8]. A fuzzy inference system (FIS) uses fuzzy
rules to deal with the ambiguity of data, and neural networks have
the ability to learn by weighing the data. The fusion of these two
systems is a powerful tool that enables the realization of intelli-
gence close to human thinking. It has been called a fuzzy neural
network (FNN), considering that the internal structures of these
two systems are similar and can be combined [9]. In addition, FNN
modules are repeatedly connected in the proposed DFNN model,
which helps improve the robustness of the model over that of a
single FNN model [10]. Fig. 1 shows the architecture of the DFNN
model. Input x is applied to each FNN module, and the final opti-
mized byg is derived from the gth FNN module. y1; y2;/; yg are the
outputs calculated at each FNN module, and they are used as
another input in the next module. The output is optimized through
the connected structure.

The input and output pairs are trained in the DFNN model. As
the first FNN module2
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these values are real-valued variables, a TakagieSugeno-type FIS,
which does not require a defuzzifier at the output terminal, is used
[11]. Fig. 2 shows the TakagieSugeno-type FIS, which can be
expressed as Eq. (1).

Ri
�
ith fuzzy rule

�
: If x1ðkÞ is Gi1ðkÞ AND / AND xmðkÞ

is GimðkÞ; then yiðkÞ is f iðx1ðkÞ;/; xmðkÞÞ; (1)

where xjðkÞ is the input variable to the FIS (j ¼ 1;2;/;m; m ¼
the number of input variables), GijðkÞ is the membership function
of the jth input values of the ith fuzzy rule (i ¼ 1;2; /; n; n ¼
the number of rules), and f i is the output of the ith fuzzy rule.
Each FNN module consists of six layers containing fuzzy infer-

ence and learning units. The first FNNmodule is illustrated in Fig. 3.
This module includes fuzzy rules, membership functions, and
normalization. Therefore, the output from the FNN module is
defined as Eq. (2).

byðkÞ¼ Xn
i¼1

aiðkÞf iðx1; x2;/; xmÞ; (2)

where aiðkÞ is a normalized weighting value of the ith fuzzy rule
output.

The membership function defines the degree of membership of
an element in a fuzzy set, which is in the range of [0, 1]. Member-
ship functions have several shapes [12]. In this study, the sym-
metric Gaussian membership function is used and is given in Eq.
(3). The Gaussian membership function has the advantage of be-
ing smooth and nonzero at all points.

Gij
�
xjðkÞ

�¼ e�ðxjðkÞ�cijÞ2
�
2s2ij : (3)

In Eq. (3), cij represents the center position of the Gaussian
function for the ith rule and the jth input, and sij represents the
sharpness of the Gaussian function for the ith rule and the jth input.
Therefore, the ith rules of each step of the continuously connected
FNN modules are expressed as Eq. (4).
The ith fuzzy rule output at the gth FNN module is expressed as
Eq. (5) and the result of the gth FNN module, the final output, is
expressed as Eq. (6).

f ig
�
x1ðkÞ;/; xmðkÞ; byg�1ðkÞ

�
¼

Xm
j¼1

qijxj þ qiðmþ1Þbyg�1 þ ri; (5)

where qij is the weight of the ith fuzzy input variable and ri is the
bias of the ith fuzzy rule. qij and ri are called consequent parameters
because they appear in the consequent part of the “if/then” rule.



Fig. 2. Takagiesugeno-type FIS.

Fig. 1. Structure of the DFNN model.
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bygðkÞ¼ Xn
i¼1

aigðkÞf ig
�
x1; x2;/; xm; byg�1ðkÞ

�
; (6)

where aigðkÞ is a normalized weighting value of the ith fuzzy rule
output at the gth FNN module.
2.2. Optimization of DFNN model

The proposed DFNN model is optimized using a genetic algo-
rithm and the least squares method. Fig. 4 shows the optimization
of the DFNNmodel during the training process. A genetic algorithm
searches for global optimum solutions by gradually improving
theories that mimic genetic and evolutionary mechanisms [13]. As
genetic algorithms generate initial random chromosomes and
generation proceeds, chromosome populations are repeatedly
changed by mechanisms inspired by natural evolution, such as
selection, crossover, and mutation. The genetic algorithm de-
termines whether each chromosome in a population is appropriate
for a given objective and assesses the appropriateness. Therefore, a
fitness function is required for assigning their scores, and the ge-
netic algorithm attempts to maximize this function. The fitness
function was intended to minimize the RMS and maximum errors
in the genetic algorithm, as shown in Eq. (7). The weighting func-
tion of the errors is optimized to reduce the residuals between the
actual measured values and the values estimated using the DFNN
model.

F ¼ expð� l1E1 � l2E2 � l3E3 � l4E4Þ; (7)

where l1, l2, l3, and l4 are theweighting coefficients, and E1, E2, E3,
and E4 are correlated with the estimation errors and are expressed,
respectively, as

E1 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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1
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E3 ¼maxjytðkÞ� bytðkÞj;
E4 ¼maxjyoðkÞ� byoðkÞj:

The subscripts t and o represent the training and optimization
data, respectively. Thus, the variablesNT andNO indicate thenumbers
of the training and optimization data, respectively. Furthermore, yðkÞ
and byðkÞ used as outputs of each FNN modules indicate the target
values calculated using the FEA, and the estimated values derived
using theDFNNmodel. The antecedentparameters cij and sij included
in themembership functionare determinedby the genetic algorithm,
and the consequent parameters are optimized by the least squares
method. The consequent parameters are calculated to minimize the
objective function by the squared error between the target and esti-
mated values, as expressed by Eq. (8).

J¼
XNT

k¼1

ðyðkÞ � byðkÞÞ2 ¼1
2
ðy � byÞ2: (8)

The optimum number of FNNmodules is determined so that the
fitness function does not decrease distinctly as the FNN modules
are added.

3. Data applied to DFNN

The results obtained in a previous study [5] were used to
develop the DFNN model. Fig. 5 shows the vertical and horizontal
cross-sections of themodeled pipes and the parameters of thewall-
thinned pipe bends and elbows used in this study. The collapse
moment is used as an indicator of the load carrying capacity of the
structure to avoid exceeding the design limits of the pipes [14].
Therefore, this parameter was obtained to evaluate the collapse
load of the wall-thinned pipe bends and elbows, which was esti-
mated using the proposed DFNN model.



Fig. 3. First FNN module.
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The model of pipe bends and elbows was considered to be
representative geometry, as summarized in Table 1. Carbon steel
bends having a diameter (Do) of 400 mm and a nominal thickness
(tnom) of 20 mm were used. Rb and Rm, which indicate the radii of
the curvature and pipe, respectively, represent the geometry of the
elbow. Then, the dimensionless bend radius ratio (Rb= Rm) was used
with the values of 3 and 6 in this study. The length of the straight
pipe connected to the elbowwas 10Rm to permit free ovalization of
the end section of the bends. The bend angles (f) of the pipe bends
and elbows were considered to be 30�, 60�, and 90�. The wall-
thinning defects of the pipe bends and elbows are located in the
extrados, intrados, and crown. The variables representing the wall-
thinning defects are Ls, q, and tp. Ls represents the thinning length,
2q is the circumferential angle of the thinning defect, and tp is the
minimum thickness from the thinned defect area.

In addition, the applied load in FEAs is the result of the combi-
nation of bending load and internal pressure as shown in Table 2
[5]. The internal pressure was set within a range of 0e20 MPa.
The bending loads of the opening and closingmodes in the in-plane
direction were considered. The yield stress and ultimate tensile
stress of the specific material of the bend and attached pipes were
302 MPa and 452 MPa, respectively. The elastic modulus and
Poisson's ratio were 206 GPa and 0.36, respectively.

As shown in Table 3, representative values were selected. The
defects existing inside the pipe were located at the center line of
the extrados, intrados, and crown of the pipe bends and elbows,
and the axial and circumferential defects were assumed to be cir-
cular. The pipe bends and elbows had approximately 23.3%, 46.6%,
and 69.9% wall-thinning defects compared with the existing
thickness, and the thinning lengths were considered to be 0.25, 0.5,
1.0, 1.5, and 2 times the diameter of the pipe. q=p values were used
as the dimensionless number. When q=p becomes 1, it indicates
that thinning occurred in the circumferential direction as a whole.
Accordingly, the dimensionless thinning angles q=p were selected
within the range of 0e0.5, with the representative values being
0.0625, 0.125, 0.25, and 0.5.



Fig. 4. DFNN optimization procedure.
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The acquired data consist of a total of 3712 inputeoutput data
pairs ðx1; x2;/; x8; ytÞ for 1700 extrados and intrados defect loca-
tion cases, and 312 crown cases. The characteristics of the collapse
moment were distinguished using the wall-thinning position,
which is expressed by x1. Therefore, three DFNN models were
designed to classify the three wall-thinning defect locations. The
input signals x2 through x8 indicate the bend radius, thinning
length, thinning angle, wall thickness at the thinning defect, in-
ternal pressure, bending modes of opening and closing, and bend
angle, respectively. yt is the collapse moment value, which is the
target value to be estimated.
4. Experimental results and discussion

The process of calculating the collapse moment by performing
the FEAs requires a high level of computation and analysis and
takes a very long time. Therefore, the DFNN model was applied to
estimate the collapse moment obtained through the FEAs. By
training the DFNN model with the database for the wall-thinned
pipe bends and elbows, the collapse moment values can be esti-
mated easily and quickly instead of performing FEAs.

The entire dataset obtained was divided into training, optimiza-
tion, and test datasets. The training and optimization datasets were
used todevelop theDFNNmodel. The test datasetwas independentof



Fig. 5. Schematic illustrations of the wall-thinned defects in the pipe bends and elbows.

Table 1
Conditions of the FEA for the pipe bends and elbows.

Diameter (Do) 400 mm
Nominal thickness (tnom) 20 mm
Length of straight pipe connected to the elbow 10Rm

Bend radius (Rb=Rm) 3, 6
Bend angle (f) 30� , 60� , 90�

Table 2
Combined load conditions.

Bending mode Opening and closing
Pressure (MPa) 0, 5, 10, 15, 20

Table 3
Geometry of the wall-thinning defects considered in FEA (refer to the symbols in
Fig. 5).

Wall-thinned locations Extrados, Intrados, Crown
Thinning length (Ls=Do) 0.25, 0.5, 1.0, 1.5, 2.0
ðtnom � tpÞ= tnom 0.233, 0.466, 0.699
q=p 0.0625, 0.125, 0.25, 0.50

Table 4
Performance of collapse moment estimation using DFNN.

Defect location Rule number FNN module number Development data Test data

Relative RMSE (%) Relative max. error (%) Relative RMSE (%) Relative max. error (%)

Extrados 2 22 0.5265 2.3901 0.3781 1.5389
5 18 0.3701 1.7322 0.2530 0.6743
10 40 0.1780 0.7931 0.1897 0.7313
15 13 0.2429 1.1249 0.2053 0.7199
20 18 0.1897 0.9094 0.1878 0.5965

Intrados 2 11 0.8594 4.3371 0.4977 1.2717
5 29 0.3403 1.8125 0.2828 0.9743
10 26 0.2688 1.3183 0.2354 0.7333
15 20 0.2428 1.2202 0.2092 0.6814
20 27 0.1963 0.9645 0.2179 0.7240

Crown 2 17 0.1714 0.5367 0.2199 0.6794
3 32 0.0930 0.3532 0.2639 1.0679
5 20 0.0931 0.3545 0.2049 0.6245
7 14 0.0937 0.3224 0.1964 0.6338
9 5 0.1409 0.4483 0.1930 0.5617
11 6 0.1088 0.3555 0.2034 0.7544

Fig. 6. Fitness function values versus the number of FNN modules.
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Fig. 7. Results of collapse moment estimation for test data: (a) extrados, (b) intrados,
and (c) crown.

Fig. 8. Estimation error histograms for the extrados defects: (a) development data and
(b) test data.
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thedevelopmentdataset andwasused toverify thedevelopedmodel.
The development (training and optimization) data were selected
using a subtractive clustering method [15] from all the acquired data
so that data with good information would be used for training and
optimizing the proposed DFNNmodel. RMS error was used to assess
the results of the DFNN model. Table 4 summarizes the estimation
results of theDFNNmodel by the relative RMS error. The relative RMS
error for the test dataset at the extrados defects was 0.1897%. The
relative RMS error for the test dataset at the intrados defects was
0.2092%. The relative RMS error for the test dataset at the crown
defects was 0.1930%. Fig. 6 shows that the fitness function values in-
crease gradually as the number of FNNmodules increases. As shown
inTable 4, the optimumnumbers of FNNmodules are 40, 20, and 5 for
the extrados, intrados, and crown defects, respectively. These opti-
mum module numbers were determined so that the overfitting
phenomenawouldnotoccur. Thenumberof FNNmodules is small for
crown defects because the amount of acquired data is small. The
proposed method estimated the collapse moment accurately within
the relative RMS error of less than 0.25% overall. The error levels for
the three defect locations are almost the same.

Fig. 7 shows the target and estimated collapse moments for the
test dataset used in the DFNNmodel for the extrados, intrados, and
crown defects. Comparing the target and estimated collapse mo-
ments at all locations, the DFNN model accurately estimated the
independent test data and the trained data. Fig. 8 shows the error
histograms for the extrados defects, and similar graphs can be
obtained for the intrados and crown defects.

In addition to evaluating the performance of the proposed
methodology, we compared the proposed algorithm with other
algorithms developed in the existing literature. Previously, fuzzy,



Table 5
Comparison of the proposed DFNN model with previously studied algorithms [5e7].

Proposed DFNN model Fuzzy model SVR model FSVR model

Defect
location

Test data Test data Test data Test data

Relative RMSE
(%)

Relative max. error
(%)

Relative RMSE
(%)

Relative max. error
(%)

Relative RMSE
(%)

Relative max. error
(%)

Relative RMSE
(%)

Relative max. error
(%)

Extrados 0.1897 0.7313 0.8095 4.5134 0.4985 1.7341 0.2543 0.6529
Intrados 0.2092 0.6814 0.9354 6.0006 0.5293 1.5878 0.2703 0.8703
Crown 0.1930 0.5617 0.7841 2.3344 0.0850 0.1261 0.1540 0.4050
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SVM, and FSVR models were developed using the same data as in
this study [5e7]. The performance of each model is shown in
Table 5. The proposed DFNN model performs better than the other
methods in some aspects.

The SVM finds the optimal linear decision boundary that sepa-
rates data linearly. It is used to classify learning data. However,
support vector regression (SVR), which introduces an ε-insensitive
loss function to the regression model of the SVM, is used to extend
the range of regression problems to estimate arbitrary real values
[16]. SVM shows good generalization performance with a small
amountof learningdata due to structural riskminimizationwhereas
learning theories such as neural networks are based on empirical
risk minimization [17]. The number of 312 acquired data for crown
defects is relatively much smaller than 1700 data for extrados and
intrados defects, respectively. Therefore, the SVM and FSVR models
performedslightly better for crowndefectswitha small dataset than
for the extrados and intrados defects. However, the DFNN model
with deeply connected FNN modules could be effectively used to
train large amounts of data. The DFNNmodel showed an RMS error
less than 1.22% at all locations. In particular, the estimation values of
the DFNN for the extrados and intrados defects were more accurate
than those of the other methodologies. The DFNN model, in which
the FNNmodule is connected sequentially, will continue to provide
useful information, thereby leading to more accurate results.

5. Conclusions

In this study, DFNN models were developed to estimate the
collapsemoment for thewall-thinned pipe bends and elbows in the
piping system of NPPs. The results of FEAwere used as a dataset for
training the DFNN models. Various loading conditions were
considered, and the wall-thinning defects were assumed at the
extrados, intrados, and crown locations. The developed model was
trained and verified with separate development and test datasets.
For all the defects, the relative RMS errors for the development and
test data were within approximately 0.25% and approximately
0.21%, respectively. The developed DFNN models accurately esti-
mated the collapse moment of the wall-thinned pipe bends and
elbows. Therefore, the suggested DFNN model can be effectively
applied to estimate the wall-thinning state of the pipe bends and
elbows by estimating the collapse moment easily and quickly.
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