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Abstract

Pipe-insulating joints are common cathodic protection devices in long-distance oil and
gas pipeline infrastructures. To ensure safety, they are often designed too conservatively,
resulting in large dimensions, high self-weight, and substantial costs. This study analyzed
an insulating joint under the most unfavorable conditions to identify the component of the
maximum stress in the insulating joint, which is the right flange. Then, using parameterized
finite element calculations, five independent dimensions of the right flange were combined
and arranged to obtain a dataset of the right flange dimensions and their maximum stress.
Subsequently, four different fitting algorithms were trained with this dataset, and the
ridge regression algorithm, which showed the best predictive performance, was used to
establish a surrogate model for calculating the maximum stress of the right flange. Finally,
the surrogate model was combined with a genetic algorithm to determine the optimal
design dimensions of the right flange. This study also provides examples verifying the
accuracy and reliability of the surrogate model and genetic algorithm. In these examples,
the maximum stress under the design dimensions given by the optimization algorithm has
a maximum error of 8.98% and an average error of 4.63% compared to the preset maximum
stress target, while the stress predicted by the surrogate model has a maximum error of
9.65% and an average error of 5.33% compared to the actual stress. This improves the
computational efficiency of the optimization algorithm by establishing a surrogate model,
which can be used to optimize the dimensions of insulation joints.

Keywords: maximum stress; parametric calculation; surrogate model; fitness function;
genetic algorithm

1. Introduction

Resources such as petroleum and natural gas play an essential role in the development
of modern society [1,2], with the annual demand for these energy sources escalating glob-
ally [3,4]. Pipeline transportation emerges as a critical method for enhancing the efficiency
of energy conveyance, accounting for the transportation of 99% of natural gas and 70%
of petroleum on land through pipelines [5]. Therefore, ensuring the operational safety
of pipelines is an essential component of energy infrastructure construction in human
society. Given the extensive lengths of pipelines laid and the complex and variable sur-
rounding environments, various stray currents are often present, which are a primary cause
of pipeline corrosion and leakage [6]. Many pipeline corrosion prevention methods have
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been developed to counteract the corrosive effects of these stray currents [7]. These include
the use of corrosion-resistant materials for pipeline construction [8,9], the application of
protective coatings designed to resist corrosion [10,11], and the implementation of cathode
protection [12,13]. The cathodic protection system is a commonly used and highly effective
anti-corrosion measure in long-distance oil and gas pipelines. Insulated joints are an im-
portant part of the cathodic protection system for oil and gas pipelines [14] and are now
widely used in long-distance oil pipelines.

Insulation joints are the successors of insulating flanges and serve as connection de-
vices that isolate pipeline sections with cathodic protection from those without. Insulation
joints are typically installed at the outlet of the protected pipeline, at both ends of large
crossings, in sections affected by stray currents, and at the connection points between the
protected pipeline and other primary or branch pipelines that should not be subjected to
cathodic protection. The installation of insulated joints is shown in Figure 1. The insulation
joint primarily consists of a short pipe, fixing sleeve, right flange, insulating filler, sealing
ring, and left flange, as shown in Figure 2.

Figure 1. Installation of the insulating joint.

During the operation of pipelines, insulating joints are subjected to axial forces and
bending moments primarily due to the flow of liquids within the pipeline and the deforma-
tion of the surrounding soil [15-17]. Therefore, insulating joints are not only required to
possess excellent insulating and sealing properties but also to meet strength requirements.
Composed of multiple components, insulating joints are prone to excessive stress at the
edges where the parts intersect. Due to the numerous relevant dimensions of pipe joint com-
ponents and the interdependence of these dimensions, rather than their independence [18],
the optimization of insulating joints is also relatively difficult. However, many scholars
have still proposed some methods for the optimization of pipe joints, including the stress
analysis of various parts of the pipe joint, mechanical analysis under different types of
loads, and optimization design combined with optimization algorithms [19-22]. Since
the insulating joint is a new type of structure, research on this structure is still limited
both domestically and internationally. The above-mentioned studies are mainly focused
on traditional flanged or welded pipe joints, and most of them employ traditional finite
element analysis methods for optimization, which makes it difficult to obtain the global
optimal solution [18,20,23]. Currently, flange connections are widely used for pipes, and
there is relatively little research on the new type of insulating joint discussed in this paper.
Moreover, there are no mature design methods or design standards available, leading
to relatively conservative designs for insulating joints. The few existing design methods
are mostly based on empirical formulas [24-26]. To prevent stress concentrations from
exceeding the allowable limits, the dimensions of insulating joints are often designed to
be larger, resulting in high self-weight and substantial costs. Therefore, optimization re-
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search is necessary for the design of cross-sectional dimensions for insulation joints, aiming
to minimize self-weight and reduce costs while ensuring that the insulation joints meet
stress requirements.
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Figure 2. Insulating joint.

A genetic algorithm is a stochastic optimization algorithm based on Darwin’s theory
of evolution, which seeks to find the optimal solution to a problem by simulating the
processes of selection, crossover, and mutation in nature [27]. Genetic algorithms begin
by establishing a set of potential solutions, known as a population, and then assessing
the quality of each individual based on a fitness function. This process selects individuals
with higher fitness for genetic recombination and mutation, generating a new generation.
Over multiple generations, the individuals within the population gradually evolve towards
the optimal solution of the problem. The fitness function is a critical factor influencing
the optimization performance of a genetic algorithm. The fitness function represents
the relationship between the optimized parameters and the optimization objectives. In
the context of this study, this relationship corresponds to the connection between the
dimensions of the insulation joint and the maximum stress. However, this relationship
involves stress concentration, and the impact of each dimension of the insulation joint on
maximum stress is not necessarily independent; there is a coupling between the various
parameters. Obtaining an analytical solution through physical and mathematical theories
and constructing a fitness function is challenging.

Finite element analysis is a powerful problem-solving tool in modern engineering,
which can be utilized for numerical computation to determine the stress in insulation
joints [28,29]. This method can be integrated with genetic algorithms, employing finite
element calculations as the fitness function within the genetic algorithm and subsequently
optimizing the problem [30,31]. This method can yield satisfactory results when the model
is simple and the number of calculation points is sufficient. However, when the model is
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complex and involves numerous characteristics, a large number of data points are required
to ensure optimal results. Each iteration implies that the finite element program must also
perform a calculation, leading to a significant increase in computational time and costs.
The hyperparameters of the optimization algorithm are also an essential factor affecting the
performance of the optimization, and each adjustment of the hyperparameters necessitates
corresponding calculations from the finite element program, making the optimization
process exceptionally tedious. Moreover, implementing the integration of optimization
algorithms and finite elements through programming demands a high level of expertise
from designers in mechanics, mathematics, and computer languages, which currently
hinders its routine use and promotion.

Machine learning can leverage vast data samples to identify the relationship between
features and targets, thereby generating models suitable for solving problems. In recent
years, it has been widely applied across various fields, such as civil engineering, mechanical
engineering, and materials science [32-34]. Therefore, a surrogate model can be constructed
using machine learning to replace the finite element calculation process [35] and evaluate
the optimization algorithm in place of the fitness function [36]. Constructing a surrogate
model using machine learning requires a large number of learning samples to train the
algorithm, ensuring the accuracy of the surrogate model. Parametric finite element calcula-
tions are a rapid means of obtaining many learning samples, and they are characterized by
low computational cost, speed, and the ability to simulate the coupling effects of multiple
parameters [36,37].

The following is an outline of this paper: A typical insulation joint is analyzed to
determine its optimization parameters and objectives in Section 1. In Section 2, finite
element analysis is utilized to perform a cross-combination of the optimization parameters,
and parameterized finite element calculations are employed to derive the control objectives
for each parameter combination. A training set with the optimization parameters and
objectives is established, machine learning algorithms are compared, and the most accurate
algorithm is selected as the surrogate model. Section 3 uses the surrogate model as the
fitness function to employ genetic algorithms in seeking the optimal design parameters for
the insulation joint.

2. Methods
2.1. Finite Element Model for Insulating Joint

The most adverse load considered for insulating joints is the bending moment caused
by earthquakes or foundation deformation. When designing insulating joints, it is required
that the failure of the insulating joint occurs later than the failure of the connected pipeline.
Therefore, the most adverse load for the insulating joint is the bending moment transmitted
at the time of failure of the adjacent pipeline. Before leaving the factory, insulated joints are
subjected to a four-point bend test, as shown in Figure 3. Hence, this paper investigates the
optimization of stress in insulating joints based on this test condition. It should be noted
that the stress referred to in this study is the von Mises stress, which will hereinafter be
simply referred to as stress [38].

This study takes the DN1400 insulating joint as an example to investigate the stress
distribution pattern of a cross-section under bending tests. The detailed dimensions of the
DN1400 insulated joints are in Appendix A. The insulating filler in the insulating joint is
made of an epoxy glass laminated plate, the sealing ring is made of fluoroelastomers, and
the remaining components are made of steel. The epoxy glass laminate is modeled using an
orthotropic linear elastic model, and the fluoroelastomer is modeled using a two-parameter
Mooney-Rivlin constitutive model with parameters set to C1g = 8.5 and C; = 6.1. The steel



Appl. Sci. 2025, 15, 7601

5of 20

is modeled using a bilinear isotropic hardening model, with the model’s equation shown

in Equation (1):
<
o= ke es 8 (1)
os+Ej(e—¢g), €>¢

where o represents the material stress; € represents the material strain; E represents the
material elastic modulus, taken as 2.06 x 10° N/mm?; ¢ represents the material strain at
the yield point; E; represents the material hardening modulus, taken as 1.45 x 10° N/mm?;
o represents the yield stress, taken as 485 MPa. The specific parameters are shown in
Table 1.

Figure 3. Insulating joint bending test.

Table 1. Material properties.

. Density Elastic Modulus . , .
Materials (kg/m®) (MPa) Poisson’s Ratio
Steel 7850 206,000 0.3
Epoxy Glass Vertical Direction 2000 45,000 0.4
Laminated Plate Horizontal Direction 10,000 0.3

All connections between steel components in the insulating joint are made by welding;
hence, the contact relationships are defined as bonded connections. The contact relation-
ships between other materials are characterized by friction. The coefficient of friction is 0.25
between steel and rubber, 0.45 between rubber and epoxy resin, and 0.3 between epoxy
resin and steel [39,40].

Before the bending test, the insulating joint is equipped with corresponding short
pipes welded on its left and right sides. The pipes are then supported on the bottom surface
and loaded on the top. The schematic diagram of the loading mechanics is shown in
Figure 4. The finite element model of the insulating joint bending test is shown in Figure 5.

h

piy ,2 piy

l |
| |

Figure 4. Mechanical loading sketch of the bending test for the insulating joint.




Appl. Sci. 2025, 15, 7601

6 of 20

Loading surfaces

Left short tube / \ Right short tube
1 e

Bottom support Insulating joint  Bottom support

Figure 5. Finite element model for the bending test of the insulating joint.

The load is a vertically downward distributed force, equivalently transformed into
two equal concentrated forces, P, acting at the center of the loading surface. The magnitude
of the load is such that it brings the edge material of the left and right short pipes to the
yield point. The horizontal distance, I between the two bottom supports, A and B, is 7.8 m,
and the horizontal distance, /1, between the two loading surfaces, C and D, is 1.63 m. The
load P can be calculated using Equations (2)—(4):

_bh—1h
M=2_Lp ?)
Omax = % 3)
D3 [1 = (%)4}
W= ) @

where omax represents the yield strength of the material in the left and right short pipes,
taken as 485 MPa; M is the critical bending moment required to reach the yield point at the
edge section of the short pipe; W is the bending section modulus for the annular section,
calculated according to Equation (4), where d is the inner diameter of the short pipe, with
the size of the short pipe used in this paper being 1370 mm; D is the outer diameter of the
short pipe, with the size used in this paper being 1422 mm. The final calculated magnitude
of the load P is 4992.3 kN applied uniformly to the loading surface.

The stress in the insulating joint under the bending test is depicted in Figure 6, with
stress units in MPa. To enhance the visibility of the stress results, a symmetrical plane
parallel to the XY plane in Figure 5 is sectioned through the insulating joint for display.

488.76
436.5

384.25
331.99
279.74
227.48
175.23
122.97
70.719
18.464

Figure 6. Stresses in the bending conditions of insulating joints.
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Figure 6 shows that, except for some stress concentration areas, the stress in other
parts of the insulation joint is much lower than the yield strength of the material, which
has ample optimization space. Under the bending test, the maximum stress occurs at the
lower part of the insulating joint, specifically at the tensile edge. The exact location is at the
chamfered area of the right flange, where the maximum stress reaches 488.76 MPa, slightly
exceeding the yield strength (485 MPa) of the flange material. So, the maximum stress at the
right flange is considered the optimization control objective for the entire insulating joint.

2.2. Surrogate Model
2.2.1. Construction of the Training Dataset

From the analysis in Section 1, it is evident that the maximum stress in the insulating
joint under the most adverse conditions occurs at the right flange on the lower edge
of the insulating pipe. Moreover, the dimensions of the insulating joint are primarily
determined by the right flange, with the dimensions of other components being correlated
with it. Consequently, when the maximum stress in the right flange is optimized, it can
be determined that the stress in the entire insulating joint is also optimized. Based on the
optimized dimensions of the right flange, the design dimensions of the whole insulating
joint’s cross-section can be established. Based on the loading conditions of the right flange,
it can be equivalently modeled, as shown in Figure 7, for calculations. The moment load
can be equivalently transformed into tensile and compressive stresses on the transverse
section. Given that the connected pipes to the right flange are thin-walled structures, the
variation of tensile and compressive stresses due to the moment in the y-direction, as
depicted in Figure 5, can be neglected, simplifying the forces on the thin wall to a uniformly
distributed load P’. To account for the most adverse condition, the magnitude of the
uniformly distributed load is taken as the yield strength of the pipe material. In this study,
the DN1400 insulating joint has an external pipe thickness of 26 mm, with a yield strength
of 485 MPa. Therefore, the load P’ is calculated as (26 mm x 485 MPa)/tp;. The boundary
conditions for the right flange primarily consider the interactions in the y-direction. The
interface between the right flange and the insulating filler on the right side is predominantly
subject to mutual compression with negligible relative displacement. Thus, it is simplified
to a fixed boundary condition. On the left side of the right flange, where it contacts the
sealing ring, since this is on the tensile side of the insulating joint, there is no interaction
other than possible compression between the two; therefore, the left boundary condition is
set as a compression-only support.

Uniform load
/ \ )f
Compression-only Fixed support .

support

Figure 7. Right flange force model.

The independently optimizable dimensional parameters for the right flange are bp;,
by, tB1, tpz, and rpy, as shown in Figure 8. The optimization objective is to minimize the
weight of the insulating joint while ensuring that the maximum stress does not exceed the
material’s stress limit. Given that the current design parameters for the insulating joint
are overly conservative, the optimized parameters are expected to be less than the current
design values. The closer the data range in the training dataset is to the final optimized
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design values, the more likely it is to yield the optimal solution, and the more accurate the
prediction of the optimal solution will be. Therefore, the value ranges for bg;, by, and tpy
are set to be 40% to 120% of the current design values. Since the right side of the right flange
needs to be welded to the pipe, its dimension ¢g; must not be smaller than the thickness
of the pipe. Considering the common pipe thicknesses connected to DN1400, its value is
taken as 70% to 110% of the current design value. Based on design experience, the larger
the chamfer dimension rg;, the smaller the stress concentration effect, so its value ranges
from 70% to 250% of the current design value. Each dimensional parameter is uniformly
sampled with five values within its range, and the final parameters are shown in Table 2.

Figure 8. Dimensions of the right flange.

Table 2. Range of values for each dimension of the right flange.

No. bp1 bp2 tp1 tp2 B1
(mm) (mm) (mm) (mm) (mm)
1 76 66.4 28 28 5
2 114 99.6 32 42 10
3 152 132.8 36 56 15
(current de;lign values) 190 166 40 70 20
5 228 199.2 44 84 25

In order to consider the coupling effect of different parameters on the maximum
stress, the parameters in Table 2 were cross-combined to generate the final 5° = 3125 sets of
size combinations.

These combinations were simulated separately, and the corresponding right flange
cross-sectional areas and maximum stresses were extracted. Each set of dimensions and
their corresponding cross-sectional areas and maximum stresses is a set of training data,
resulting in 3125 training sets.

2.2.2. Surrogate Model Evaluation Methods

The essential function of a surrogate model is to fit the relationship between indepen-
dent and dependent variables with different algorithms adept at solving different types
of problems. Therefore, the algorithm for establishing a surrogate model can be flexibly
selected based on the target problem. Since current research on insulation joint optimization
is relatively limited, the relationship between its dimensions and maximum stress was
not well understood prior to this study. Therefore, it was necessary to select algorithms
based on different principles and applicable types to maximize the potential for addressing
the fitting problem of insulation joints. In this study, the algorithm that best predicts the
maximum stress of the right flange among four commonly used fitting algorithms is chosen
to build the surrogate model. The four algorithms are ridge regression, decision tree (DT),
k-nearest neighbor (KNN), and gradient boosting decision tree (GBDT). Among them,
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ridge regression is suitable for regression problems and performs better in handling linear
relationships. Both GBDT and DT can be applied to regression and classification tasks, effec-
tively addressing nonlinear problems. However, their final performance heavily depends
on hyperparameter tuning. KNN is capable of handling both regression and classification
tasks and is suitable for various data types, but it suffers from slow computational speed
and generally poor performance in high-dimensional problems.

Before inputting the algorithm for training, the dataset must be randomly shuffled
and then divided, with 80% of the data reserved for the training set and the remaining data
for the test set. An additional random test dataset was created in this study to investigate
and validate the generalization capability of the fitting algorithms. For the random test
dataset, the dimensions of the right flange, except for tg;, which is taken according to the
upper and lower limits of Table 2, are varied by £20% from the upper and lower limits of
Table 2. Random values within this range were then combined using a random function to
generate the dataset, with the specific value ranges shown in Table 3. A random test dataset
was established by correlating the size combinations with their corresponding maximum
stress, comprising 100 sample points.

Table 3. Range of values for each dimension r in the randomized test set.

Dimension Type bp1 bp tp1 3:7] B1

Range of values

60.8~273.6 53.1~239 28~44 22.4~328.3 4~30
(mm)

Before utilizing the training dataset to train the algorithm, it is necessary to perform
standard normalization on the data, which can accelerate the model’s convergence and
prevent gradient explosion. The method employed in this paper is the StandardScaler
standard normalization algorithm, which aligns the input and output data with a standard
normal distribution. Subsequently, a denormalization process is applied to the output data
to revert it to the actual predicted values. The formula for standard normalization is shown
in Equation (5):

Xt = X—u (5)

where x is the original data for a dimension, x* is the normalized data, i is the mean
of the data in the same dimension, and ¢ is the standard deviation of the data in the
same dimension.

To validate the performance of various algorithms, this study employs mean absolute
error (MAE), root mean square error (RMSE), and the coefficient of determination (R?)
to assess the predictive outcomes of the algorithms. MAE represents the average error
between the predicted and actual values, while RMSE indicates the magnitude of their
differences; the lower these metrics, the better the model’s predictive performance. R?
reflects the degree of correlation between the dependent and independent variables; the
closer this value is to 1, the higher the correlation between the variables and the better the
fit. The calculation formulas for these three metrics are presented in Equations (6)—-(8) [41]:

é (vj— 1))

R?=1-L - 6)
X (-9
j=1

10,
MAE = -3 ' [y; - ;] @)
=1
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RMSE =

where 7 is the sample size, y; is the actual value of the sample, J; is the sample predicted
value, and ¥ is the sample mean.

2.3. Mathematical Formulation of Optimization Problems

For the optimization problem targeting the right flange, the objectives primarily
encompass two aspects: self-weight and maximum stress. The requirement is to minimize
the weight of the right flange while ensuring that the maximum stress meets the specified
requirements. Therefore, the mathematical formulation of the optimization problem for the
maximum stress of the right flange is shown in Equation (9):

find X = [bp1, b, t1, tB2, 7B1]
min M = M(X)
g1 = U'(X) — Omax = 0 ©9)

XL<x<xu

where X is the design variable, i.e., the dimension of the right flange. M is the total weight
of the right flange. M is a function of X, which can be obtained using simple geometric
formulas. g is a limiting condition. ¢ is the maximum stress of the right flange, the value
of which is also related to the size of X. 0mayx is the limit of the stress value. XL and X4
are the upper and lower bounds of the design variable, respectively. Equation (9) is for
finding the right flange design dimension X that minimizes the structure’s weight when
the maximum stress is less than omax and the value of X ranges within XL < X < XY The
limiting condition g can be adjusted according to the actual optimization problem, such as
the stress limit value, displacement limit value, and so on.

3. Results
3.1. Surrogate Model Evaluation Results

The selection of hyperparameters is a crucial factor influencing the performance of an
algorithm. This study determines the hyperparameters using the GridSearchCV function,
which encompasses grid search and cross-validation. This involves sequentially adjusting
parameters within a specified range, training the learner with the adjusted parameters,
and evaluating each combination with cross-validation to identify the parameter set that
yields the highest accuracy on the validation set [42]. During the cross-validation process,
the data is divided into several subsets, with each subset serving as both training and
validation data. Therefore, there is no need to specifically reserve a separate validation set.
Utilizing GridSearchCV to determine the hyperparameters of four algorithms, the primary
parameters for each algorithm are identified as follows. The hyperparameter « is set to 1
for the ridge regression, and the polynomial degree is 6. For the KNN, the hyperparameter
K is designated as 6 without considering distance weighting. Regarding the DT, variance is
adopted as the criterion for node splitting, with a maximum depth of 8 for the decision tree.
For the GBDT, the maximum depth is 32, the maximum number of leaves is 64, and the
learning rate is 0.2.

The MAE, RMSE, and R? values for each algorithm on the training and test sets
are presented in Table 4, while those for the random test set are shown in Table 5. The
absolute and relative errors of different algorithms on the random test set are shown in
Figures 9 and 10, respectively. The absolute stress error equals the predicted stress minus
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the actual stress, and the relative stress error equals the absolute stress error divided by
the actual stress. In Figure 10, data points that lie on the zero-error line indicate that
the predicted values are equal to the actual values; the farther away a point is from the

zero-error bars, the greater the error in the predicted values.

Table 4. Prediction performance of different algorithms on training and test sets.

MAE RMSE
Algorithm Type
Training Set Test Set Training Set Test Set Training Set Test Set
Ridge regression 19.704 22.882 38.563 60.115 0.993 0.981
KNN 57.261 77.789 175.502 286.975 0.830 0.679
DT 14.482 19.993 25.730 38.758 0.996 0.991
GBDT 2.766 23.402 5.824 55.864 0.999 0.985
Table 5. Prediction performance of different algorithms on random test sets.

Evaluation Indicators Ridge Regression KNN DT GBDT
MAE 16.526 24412 24.312 29.653
RMSE 23.719 54.040 44.097 45.647

R? 0.928 0.627 0.751 0.733
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Figure 9. Absolute stress error.
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Figure 10. Relative stress error.

As can be seen from Table 4, for the training set, the R? values for ridge regression,
DT, and GBDT algorithms are all greater than 0.99, and the maximum MAE and RMSE are
19.704 and 38.563, respectively. This indicates that these three algorithms fit the training
set well and can accurately identify the relationship between input features and the target
in the training data. For the test set, the predictive performance of all four algorithms
has declined to some extent. However, aside from the KNN algorithm, the other three
algorithms still demonstrate excellent predictive performance on the test set. The R? values
are more significant than 0.98. The KNN algorithm performed the worst in both the training
and test sets, with an R? of only 0.679 in the test set and MAE and RMSE of 77.789 and
286.975, respectively.

For the random test set, the predictive performance of the three algorithms, excluding
ridge regression, has significantly deteriorated, as shown in Table 5. The R? values of
KNN, DT, and GBDT algorithms are all less than 0.8, with a maximum of only 0.751. The
MAE and RMSE of these three algorithms are also about 1.5~2.5 times that of the ridge
regression algorithm. Figures 9 and 10 indicate that the KNN, GBDT, and DT algorithms
have a poor fit to the data. Compared to ridge regression, they not only have greater errors
but also exhibit a more significant number of outlier points, suggesting unstable predictive
performance. It should be noted that the RMSE values of random test sets are generally
lower than those of the test set, even when their R? values are inferior. Although RMSE
indicates the precision of data fitting, it is particularly sensitive to outliers. The test set
contains 625 datasets, while the random test set only has 100 datasets, so it is more likely
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to have points with large errors. Therefore, a comprehensive evaluation incorporating
R?, RMSE, and MAE metrics is essential. The model generated by the ridge regression
algorithm still demonstrates strong predictive power for the random test set, with both
minor prediction errors and stable performance, lacking outlier points and keeping the
overall error within 10%. In summary, the ridge regression algorithm has good predictive
and generalization capabilities for the maximum stress of the insulating joint’s right flange.
Therefore, this study employs the ridge regression algorithm to construct a surrogate model
for calculating the maximum stress in the right flange.

3.2. Surrogate Model-Genetic Algorithm Optimization Results

To optimize the dimensions of the right flange, the surrogate model established in
Section 2 is utilized as the fitness function in a genetic algorithm. Different optimization
targets are set to find the optimal dimensions to verify the capability of the genetic algorithm
in solving optimization problems of varying degrees. The current design’s maximum
material yield strength of the right flange, omax = 485 MPa, is taken as the reference for
optimization targets. The optimization target range for the right flange is set between
0.70max and 1.20max, with intervals of 0.10max. The main hyperparameters of the genetic
algorithm are as follows: The initial population size is 300, the maximum number of
iterations is 3000, and the mutation probability is 0.001. The upper and lower bounds for
the optimization parameters are the same as those of the training dataset from the surrogate
model, as shown in Table 6. The optimized design dimensions of the right flange by the
genetic algorithm with different optimization targets are shown in Table 7.

Table 6. Range of values for the optimized size of the genetic algorithm.

Dimension Type bp1 bg> tp1 tg2 B1

Range of values

76~228  66.4~199.2 28~44 28~84 5~25
(mm)

Table 7. Optimized dimensions of the right flange for different targets.

Optimized Dimensions

Optimized Targets (mm)
(MPa)
bp1 bp2 tB1 tp2 B1
0 < 0.70max = 339.5 228 66.4 41.8 84 14.4
0 < 0.80max = 388 212.3 66.4 40.9 84 13.3
0 <090 max = 436.5 183.3 66.4 36.3 84 13.7
0 < Omax =485 76 66.4 28 70.4 9.2
0 < 1.10max =533.5 76 66.4 28 53 6.3
0 < 1.20max =582 76 66.8 28 47.5 5

As seen from Table 7, the dimension bp, of the right flange consistently adopts its
lower limit value regardless of the stress limit, indicating that bg, has minimal effectiveness
in reducing the maximum stress of the right flange. When the stress is less than 485 MPa,
a notable increasing trend is observed in bgy, tg1, tp2, and rg;; this shows that these di-
mensions have a role in reducing the maximum stress in the right flange. Among all the
dimensional parameters, rg; strongly correlates with the maximum stress, with its optimal
value increasing as the stress limit decreases. This indicates that the chamfer radius has a
significant impact on improving the stress concentration in the right flange. The optimal
dimensions exhibit strong nonlinearity with the optimized stress objective. Specifically, as
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the stress limit varies, the optimal dimensions undergo an abrupt change near a particular
limit, which corresponds to a stress limit of 485 MPa in this study.

The optimized right flange dimensions are simulated and analyzed using finite ele-
ments, with the loading and boundary conditions identical to those described in Section 2.1.
The stress of the right flange under different optimization targets is shown in Figure 11.
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Figure 11. Stress of the right flange under different optimization targets.

As can be observed from Figure 11, the stress concentration of the right flange primarily
occurs at two locations, namely, the upper and lower edges of the chamfer. Moreover,
the position of the maximum stress gradually shifts upward with an increase in the stress
limit. When the optimization target is set to o < 0.90 max, the maximum stress is located
at the lower edge of the chamfer. When the optimization target is within the range of
Omax < 0 < 1.20max, the maximum stress is located at the upper edge of the chamfer.

Target stress, optimized maximum stress, and right flange cross-sectional area are
counted as shown in Table 8. The surrogate model predicted stress is the stress calculated
by the surrogate model established in Section 2 for the optimized dimensions. The actual
maximum stress is the maximum stress calculated by the finite element software. The
cross-sectional area S is equivalent to the self-weight, with a smaller cross-sectional area
indicating a lower self-weight, where Sy represents the cross-sectional area of the right
flange in the initial design dimensions, which is 28,214 mm?.

As shown in Table 8, the genetic algorithm established in this paper, based on a
surrogate model, can provide suitable design parameters for the right flange with a rela-
tively high degree of accuracy according to the optimization targets. The maximum stress
obtained from finite element analysis based on the optimized dimensional parameters
has a maximum relative error of 8.98% and an average error of 4.63% compared to the
optimization target. Furthermore, the maximum stress of the right flange predicted by
the surrogate model based on the optimized dimensions has a maximum error of 5.33%
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compared to finite element calculations. When the optimization target for the maximum
stress of the right flange is set to the current design material’s yield strength of 485 MPa,
the dimensions derived from the optimization algorithm in this study result in a 64.89%
reduction in cross-sectional area compared to the existing design, significantly reducing the
manufacturing cost and self-weight of the insulating joint. The results for the optimization
targets of 0 < 1.10max and 0 < 1.20max indicate that when the material strength exceeds
485 MPa, despite an increase in the material stress limit, the change in the optimized
cross-sectional area is minimal. This suggests that the effect of using high-strength mate-
rials to reduce the self-weight and cost of the right flange is far less significant than that
achieved by optimizing the cross-sectional dimensions. Conversely, when the optimization
target is below 0.90max, the cross-sectional dimensions of the right flange remain larger
than the current design even after optimization with the genetic algorithm. Therefore,
the material currently used in the design is considered reasonably appropriate. Still, the
cross-sectional dimensions can be optimized using the algorithm presented in this study;,
and the dimensions of the right flange can be optimized by the algorithm in this study:.

Table 8. Relative error of stresses.

Stresses Relative Error in Stresses Relative Error in Cross- Optimization
Optimization Targets Calculated by Genetic Calculated by the . P
o . Surrogate Model  Sectional Area Rate
(MPa) Finite Element Algorithm Surrogate Model (%) (mm?) (%)
(MPa) Optimization (%) (MPa) ° °
o o¢ log—ol/o Oy loy — ol /o S (S —S0)/So

0 < 0.70max = 339.5 352.09 3.71 336.41 5.77 32,802 —16.25
0 < 0.80max = 388 371.33 4.30 387.22 428 30,538 —8.23
0 < 0.90max = 436.5 402.56 7.78 432.25 7.37 25,661 9.06
0 < Omax = 485 490.54 1.14 482.51 1.64 9906 64.89

0 < 1.10max =533.5 545.85 1.93 527.95 3.28 8451 70.05
0 < 1.20max =582 634.26 8.98 573.07 9.65 7942 71.85

4. Conclusions

This study established a surrogate model for calculating the maximum stress of the
right flange of the insulation joint through parameterized finite element results. Based on
this surrogate model and combined with the genetic algorithm, the dimensions of the right
flange of the insulating joint were optimized. The main conclusions are as follows:

(1) The overall finite element analysis of the insulated joints before optimization reveals
that the maximum stress in the joint, under the most adverse condition of four-point
bending, is located at the right flange. The overall average stress of the insulating
joint is relatively low, indicating a significant space for optimization.

(2) Based on the parametric computational results of the right flange dimensions, a surro-
gate model for calculating the maximum stress of the right flange can be constructed.
The one established using the ridge regression algorithm demonstrated the best pre-
dictive performance, with an R? value of 0.928 for the random test set and relative
errors all below 10%.

(3) The optimization algorithm established by integrating the surrogate model with
genetic algorithms can optimize the dimensions of the right flange under various
optimization objectives, demonstrating exact optimization performance. Among
all the dimensional parameters, rg; exhibits a strong correlation with the maximum
stress, with its optimal value increasing as the stress limit decreases, indicating that the
chamfer radius has a greater influence on improving the stress concentration effect in
the right flange. The maximum stress obtained from the finite element analysis based
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on the optimized dimension parameters for the right flange has a maximum relative
error of 8.98% and an average relative error of 4.63% compared to the optimization
target. Based on the optimized dimensions, the predicted maximum stress of the
right flange by the surrogate model has a maximum relative error of 9.65% and an
average relative error of 5.33% compared to finite element calculations. Compared to
improving material strength, optimizing cross-sectional dimensions is more efficient
for stress optimization of the right flange.

The variety of insulating joint models is extensive, and this study focuses solely on the
DN1400 model as the optimization target, which does not have strong universality. There-
fore, the next step is to establish training sets for other models to enhance the universality
of the surrogate model for different types of insulating joints. Particle swarm optimization
(PSO) and ant colony optimization (ACO) are common optimization algorithms. Future
research can compare different optimization algorithms to identify the best one, further
improving the optimization results for the dimensions of the insulating joint.
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Appendix A

The specific dimensions of the DN1400 insulated joint are shown in Figures A1-A6.

0031
0LET
wrl

Figure A1. Insulating joint’s inner and outer diameter.
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