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Abstract

This study introduces a new framework for optimizing Shell-and-Tube Heat Exchanger (STHE)
layouts using a reliability-based design optimization (RBDO) approach. The framework combines
a control variate-based surrogate model and a hybrid metaheuristic algorithm. The proposed hybrid
algorithm, k-means clustering and whale optimization algorithm (kWOA), was evaluated using
CEC’2020 and a case study for optimizing STHE design under static conditions. Kk WOA showed
superior performance in minimizing STHE's total annual cost and solving benchmark functions
effectively. In our case study, the RBDO framework optimized the STHE design under two
scenarios with target failure probabilities of 1% and 5%, resulting in cost increases of 112% and
82%, respectively, compared to deterministic optimization (DO). The integration of the RBDO
approach with the STHE mathematical model, considering factors like inlet flow temperatures,
mass flow rates, and fouling resistance, demonstrated the framework's ability to balance the trade-
off between cost and reliability under uncertainty. Hybrid control variate radial basis function
(RBF) models and Monte Carlo Simulation (MCS) were used to assess safety levels, showing the
RBDO framework's superiority in improving safety and significantly reducing failure probability
from 89% to 1% and 5%. The RBDO framework offers a robust approach for designing STHES

that achieve optimal performance while ensuring high reliability under uncertain conditions.

Keywords: Shell-and-tube heat exchangers (STHE); Reliability-based design optimization
(RBDO); Whale optimization algorithm (WOA); Uncertainty conditions; Control variate radial
basis function (RBF).


mailto:jafar.jafariasl@yahoo.com

31

32
33
34
35
36
37

38
39
40
41
42
43
44
45
46
47
48
49

50

52

53

1. Introduction

Heat exchangers are crucial in almost every industrial process. Their primary purpose is to recover
energy and provide cooling and heating duties for process streams. Among the different available
heat exchange technologies, the shell-and-tube heat exchanger (STHE) is the most widely used for
industrial applications [1]. This success is a result of the fact that STHES can operate in a wide
range of temperatures and pressures, provide a good heat transfer area-to-volume ratio, and have

standardized design and building procedures [2].

Concerning their design; Kern's method and the Bell-Delaware method are the two main design
approaches employed to predict the thermo-hydraulic performance of STHEs. The first method
considers the flow of a single stream that moves in a zig-zag pattern inside the shell side; the
second methodology divides the flow into different sub-streams [2]. An illustrative representation
of a STHE is shown in Fig. 1. Some common objective functions employed in the mono-objective
minimization of STHE are the heat transfer area, total annual cost, area and volume footprint, and
exchanger effectiveness [3]. Both design methodologies involve non-linear, non-continuous, and
non-differentiable equations; furthermore, they depend on a combination of continuous and
discrete design variables. This complicates the application of algorithmic design optimization
procedures. Indeed, due to the non-convexity and mixed-integer nature of the optimization
problem, metaheuristic algorithms are arguably the most appropriate class of methods for finding
the optimal STHE design.

Fig. 1. Representation of the sub-streams produced in shell-side, considered in Bell-Delaware

method.

1. 1.Literature review
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Optimization is a procedure that allows finding the best solution according to one or multiple
criteria employing the least possible resources. In industry, it is possible that process equipment
with different operative and geometrical characteristics can perform the same task. STHESs are not
an exemption in this context. As a result, the design of this equipment can be optimized according
to multiple objective functions. Caputo et al. (2022) compared various objective functions for the
optimization of STHE. They point out that the best option, regarding costs and performance of
STHEs is the utilization of a total cost-based objective function because it considers minimizing
the heat transfer area and reducing the pressure loss. The works reported in this literature review

only include cost-related objective functions [3].

The optimization process of STHEs was originally proposed with a trial-and-error procedure [1].
Later, researchers started to apply deterministic and metaheuristic optimization methods to obtain
the best designs automatically. Mizutani et al. proposed an optimization model for the design of
STHEs based on generalized disjunctive programming, and it is formulated as mixed-integer non-
linear programming (MINLP). The model contains correlations from the Bell-Delaware method
to estimate the heat transfer coefficient and the pressure drop in the shell side, and the total annual
cost is used as the objective function [4]. Ponce-Ortega et al. [5] did a MILNP formulation for the
optimal design of 1-2 STHES employing the investment cost as optimization criteria. Onishi et al.
[6] developed a MINLP model for the optimization of STHEs using the Bell-Delaware method,
following TEMA standards rigorously. A sequential optimization approach of partial objective
targets is proposed as a strategy to solve the optimization problem. It is noticeable that a
deterministic method is simple and fast because it starts with a solution and moves it toward an
optimum. However, the initial solution greatly affects the quality of the final solution, and there is
a high chance of getting stuck in local optima. These are sub-optimal solutions that look like the
best ones in a search space, but they are not. The problem is that we do not know how many times

we need to run the optimizer with different initial solutions to find the best one.

Due to the high non-linearity and mixed-integer nature of the optimization problem of the design
of STHEs, metaheuristic optimization algorithms have been employed. These algorithms are
gradient-free methods that use stochastic variables in their structure to escape from local optima
[7], maintaining a balance between exploration and exploitation. Exploration refers to the ability

to generate candidate solutions in various regions of the search space, while exploitation is the
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capacity to obtain a high-quality solution in a specific region [8]. Metaheuristic algorithms can be
categorized into four groups: evolution-based, swarm intelligence-based, physics-based, and
human-related [9]. Various algorithms from each category, including Genetic Algorithm [5,10-
12][5,10-12], Differential Evolution [13,14], and several physics-based optimization algorithms
[15], have been used to optimize the design of STHEs.

Building on this foundation, the multi-objective optimization of heat exchangers has also been
explored. Nascimento et al. utilized a Random Vector Functional Link (RVFL) network and the
Non-Dominated Sorting Genetic Algorithm 111 (NSGA-III) for the design of plate-fin heat
exchangers, focusing on maximizing effectiveness while minimizing volume and pressure drop
[16]. Colaco et al. [17] employed the Non-dominated Sorting Genetic Algorithm with
Reinforcement Learning (NSGA-RL), NSGA-II, and Constrained Non-dominated Sorting Genetic
Algorithm (CNSGA) algorithms to optimize double-pipe heat exchangers with perforated baffles,
aiming to maximize the thermal performance index (TPI) and Nusselt number while minimizing
the Fanning friction factor. Hamed et al. [18] applied genetic algorithms to optimize a three-fluid
heat exchanger, seeking to minimize entropy generation and maximize effectiveness. Table 1
collects some studies where different metaheuristic algorithms were applied to optimize the design
of STHEs according to one or multiple objectives. It shows the algorithm(s) used and the main

result.

Table 1. Review of studies on the optimization of STHES using metaheuristic techniques.

Author Algorithm  Objective function Results
Sadeghzadeh et  PSO Total cost! Compared to GA, PSO was a more
al. [10] effective option for two investigated

case studies.

Lara-Montafio GWO, Total anual cost? The study created a virtual

etal. [19] PSO environment that can improve the heat
transfer and fluid flow of STHE. The
optimization methods thier used
reached the vicinity of the best

solutions.

Hajabdollahi et  NSGA-II  Total cost, exergy The study determined the design

al. [20] efficiency variables that had the most impact.
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Moreover, the study used GAs to
perform multi-objective optimization

and enhance the STHE performance.

Lara-Montafio DE, GA, Total annual cost A comparison of the performance of

etal. [21] PSO, CS, different optimization algorithms to
WOA, solve the optimization problem of
TLBO, designing an STHE with the minimum
UMDA total annual cost is presented. They

found that PSO can converge in the
region of the best solution in a limited

number of experiments.

Sencan Sahinet ABC Total annual cost The total cost is significantly lower
al. [22] when compared with conventional

methods that rely on trial and error.

Asadi etal. [23] CSA Total annual cost Its implementation generates a
reduction of 77% and 48% for
operation cost compared to PSO and

GAs, respectively.

Nascimento et RVFL Maximize Enhanced thermal performance in
al. [16] network,  effectiveness, PFHE design with reduced processing
NSGA-III  minimize volume and time

pressure drop

Colago et al. NSGA- Maximize TPI and NSGA-RL outperforms in TPI
[17] RL, Nusselt number, improvement and non-dominated
NSGA-II, minimize Fanning solutions

CNSGA friction factor

Hamed et al. Genetic Minimize entropy Optimal mass flow rates for three
[18] algorithms generation, maximize streams to maximize effectiveness

effectiveness

Y Includes the initial capital cost and the operating cost.; 2 Includes the capital cost, annual capital cost, and annual
operating cost.

As is shown, the study of the optimization of the design of STHE from an economic point of view
has been addressed using different metaheuristic algorithms. However, none of these works

consider real operating conditions where variables such as the inlet and outlet temperatures or flow
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rate can vary due to other components of the processing system or environmental causes, or the
case where these are inherently uncertain. As pointed out in [24], an adequate methodology to
design STHEs comprehends not only to minimize or maximize the value of the objective function
but also to find a reliable design with a low sensitivity due to changes or uncertainties in operating

conditions.
1.2 Contribution of this work

In addressing the optimization of STHE design, the literature has primarily focused on the Bell-
Delaware method to consider various substreams and thermo-hydraulic non-ideal phenomena
within the shell-side. However, these studies often treat the STHE operation as static, neglecting
real-world operational fluctuations. Our review indicates that few studies have explored these
operational variances. This paper contributes to the existing research by presenting a composite
metaheuristic optimization algorithm that not only acknowledges these variations but also targets
the intricate search space associated with STHE design—a task that demands judicious algorithm

selection due to its complexity.

The proposed algorithm amalgamates several strategies to outperform common methods reported
in the literature, advancing the capabilities of STHE design optimization even further into the
domain of reliability-based design optimization (RBDO). This work applies RBDO to STHE
design, aiming for robustness against natural variations and uncertainties, which are scarcely

investigated in references [24-26].

Moreover, we introduce a novel stochastic optimization framework that merges the k-means
classification technique with the Whale Optimization Algorithm (WOA) [27]. This integration is
tailored to improve the design process of STHESs. Notably, enhancements to the WOA algorithm
have been confirmed by studies [18,28-31] to yield superior convergence and competitive results
compared to other state-of-the-art algorithms. The basic WOA algorithm has been employed to
optimize STHE design with poor results [21]. To enhance WOA's exploitation phase and address
its limitations, our study presents a new variant termed KWOA.

Additionally, this paper proposes a hybrid radial basis function (RBF) coupled with the control
variate technique and Monte Carlo Simulation (MCS) to determine the optimal design of STHEs

under uncertainty, ensuring a safe and optimal design.
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The paper is organized as follows: Section 2 explicates the STHE design problem and discusses
the proposed optimization methods, including the hybrid WOA model for deterministic
optimization and the RBDO framework. Section 3 introduces a case study illustrating the STHE
design. Section 4 presents numerical and graphical results validating the robustness and efficiency

of our proposed methods. Section 5 concludes the paper with a summary of our findings.

2. Methodology

This section outlines the methodology for modeling and optimizing STHES. We employ the Bell-Delaware
method for shell-side calculations, which accounts for various sub-streams and correction factors for
different effects such as baffle configuration and leakages. The optimization problem involves minimizing
the TAC subject to constraints on pressure drops, fluid velocity, and geometric ratios, with the aim of

achieving an efficient and cost-effective design for STHEs.
2.1. Shell-and-tube heat exchanger modeling

The heat transfer area of a shell-and-tube heat exchanger is calculated using equation (1), where
Q is the heat duty, U is the overall heat transfer coefficient, and T, ,7p is the logarithmic mean
temperature difference. In the calculation of the global heat transfer coefficient, shown in equation
(2), it is required the thermal conductivity of the material of the tube, k,,, the fouling factors for
tube-side and shell-side, R and Ry s, respectively. Also, the convective heat transfer coefficient
on the tube side, h;, the convective heat transfer coefficient on the shell side, hg, and the inner and
outlet tube diameters d; and d,,, respectively.

__9 (1)

UF: Ty D
U=

A
1 2

d
dln(—o)
1 oM\ ) d, 1

Equation (3) is used to estimate the length of tubes, where N, is the total number of tubes.

__A @)
L= nd,N;

2.2.1 Shell-side calculations
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The Bell-Delaware method is employed to predict the thermo-hydraulic variables. This method
considers the generation of sub-streams inside the shell. Equation (4) is used to calculate the
convective heat transfer coefficient, h;, which depends on the ideal convective heat transfer
coefficient, h;4, that only considers the principal stream in the shell-side and five correction
factors. J.. is the correction factor that accounts for the baffle configuration and considers the heat
transfer in the window section. J; is the correction factor that takes into consideration the shell-to-
baffle and tube-to-baffle leakages, thereby correcting for baffle leakage effects. J;, is the correction
factor that corrects for bundle and pass partition bypass streams. J; is the correction factor that
accounts for the baffle spacing at the inlet and outlet sections. Finally, /. is the correction factor

that corrects for adverse temperature gradient at laminar flow [2].

hs = hiaJcJupls)r (4)
The calculation of the ideal convective heat transfer coefficient is performed with equation (5),
where Py is the Prandtl number in shell-side, C,, is the heat capacity, j is the Colburn factor, and
A, ¢ is the crossflow area at or near the shell centerline for one crossflow section. The variable j
is obtained with equation (6), where P; is the pitch of tubes, Re, is the Reynolds number in shell-
side, and a is obtained with equation (7). The constants a,, a,, as, and a, depend on the layout

angle and the value of the Reynolds number; the values for these constants can be found in [12].

b CosPr (5)
id =] Ager
1.33 (6)
i=a aRel?
] 1 (Pt/do) S

a=—B ©)
1+ 0.14Rel*

The correction factor for baffle configuration is calculated with the equation (8). F, is the fraction

of the total number of tubes in the crossflow section.

J. =055+ 0.72F, (8)
The factor that considers the leakages in the shell side is obtained employing the equation (9).
The variables r; and rp,are computer according to equations (10) and (11), respectively. 4, g3,

and 4, ¢, are the shell-to-baffle leakage area and the tube-to-baffle leakage area, respectively.

], =0.44(1 — 1) +[1 — 0.44(1 — 1)) exp(—2.273,) )
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Yo = —7878M8M8Mm

s Ao,sb + Ao,tb
. Aosp +Aop (1)
tm Ao,cr

The correction factor J, is computed with equation (12), where 7y, is the relation between the flow
area available for bypass streams and the crossflow open area at or near the shell centerline, and
N is the ratio between the number of sealing strip pairs and the number of tube rows crossed
during flow through one crossflow section. C is a parameter that depends on the value of the

Reynolds number [2].

3 1 for N >0.5 (12)
Jb = exp(—Crp[1 — (2N)Y3]) for N <05

Equation (13) is used to calculate the value of the correction factor J;. Where N,, is the number of
baffles, L = Ly,;/Lypc and L} = Ly o/Lpc. Ly is the central baffle spacing, L, is the baffle

spacing at the outlet region, and L, ; is the baffle spacing at the inlet region.

Ny — 1= (LHE™ + (@LHE™ (13)
N, —1+L7+L

Js =

And the last correction factor, J,., is computed employing the equation (14), N;.. is the sum of the
number of rows crossed during flow through one crossflow section between baffle tips and the

number of effective rows in crossflow in the window section.

10
Nr,c

1 for Reg =100 (14)
Ir= {(

0.18
> for Res <20

To predict the value of the pressure drop in shell-side, equation (15) is used. The variables in
equation (15) include Apy ;4 and Ap,, ;4, Which represent the ideal pressure drop in the central
section and the ideal window pressure drop, respectively. Other variables include N, which
denotes the number of baffles, N, ., which represents the number of effective tube rows in
crossflow in the window section, and N, .., which indicates the number of tube rows crossed
during flow through one crossflow section between baffle tips. Correction factors are also taken

into consideration, which include ¢}, , {; and {. These factors account for tube-to-baffle and baffle-
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to-shell leakage, bypass flow, and for the inlet and outlet sections having different spacing from

the central section. For further details on the computation of these variables, please refer to [2].

Nr,cw
AP = [(Ny — DAy ialp + NpApy,ia]|l + 28ppia | 1+ N Cn0s (15)

r,cc

2.2.2 Tube-side calculations

According to equation (2), it is necessary to calculate h_t to obtain the overall heat transfer
coefficient. The calculation of h,depends on the value of the Reynolds number in tube-side, Re;.
If Re, < 2300 the equation (16) is employed. If Re; = 2300 and Re; < 10,000, the equation (17)
is used. For greater values of Re, the heat transfer coefficient on tube-side is computed with

equation (18). f; is the Darcy friction factor.

kt [ RetPTtdl (1/3)
o= 10 (R 1
=g |16 (5 (16)
k, %RetPrt ]
hy = d_ 05 | (17)
i fi 2/3
1.07 +12.7 (7) (Pr2®-1)]
k 0.14
he = ~£Re0®Pr}/? (ﬁ) (18)
di Hw

The pressure drop in tube side is obtained with equation (19). Where p; is the density of the fluid,

v, Is the velocity of the fluid in the tubes, N,, is the number of tube passes [1].

vZ /L
_ PVt (d_ft + 4) N, (19)
l

AP
t™ 2

2.2.3 Total annual cost estimation

The total annual cost (TAC) is employed as the objective function, it consists of the sum of the
annualized cost of the equipment, C., and the operating cost, C,,. The annualized cost of the
equipment depends on the heat transfer area and is obtained with equation (20). C,,, Cp, and C are
factors whose value depends on the construction material, operating pressure, and operating
temperature, respectively. r is the interest rate, and n is the projected lifetime. The interest rate is

5%, and the projected lifetime 20 years. Also, the values for C,;, Cp and Cr are 1.7, 1.0, and 1.0.

10
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0.68 I‘(l + r)n

CyCp CP> a1 (20)

A
C.= <3.28e4 <%)
Equation (21) is used to calculate the operating cost. It depends on the pumping powers required
in hot and cold sides. E and E; are the pumping power in the shell-side and tube-side, respectively.
E. is the cost of energy, and H,. is the number of working hours per year. The cost of electricity is
taken as 0.1 USD/kWh and the pumping efficiency is 0.85.
_ (Es + EQECH,

C
op 1000

(21)

2.2.4 Optimization problem

As mentioned, the objective function is the TAC that must be minimized. The optimization
problem depends on eleven decision variables. Seven decision variables are continuous, and four
are discrete. A range of valid values is given for each continuous decision variable; this is shown

in Table 2. The allowed values for discrete decision variables are given in Table 3.

Table 2. Range of valid values for continuous decision variables.

Design variable Lower bound  Upper bound
Diameter of shell Dy 300 mm 1,500 mm
Outer diameter of tube d, 6.35 mm 50.8 mm
Baffle spacing at center Ly 0.2Dq 0.55D;
Baffle spacing at the center Lo, Lpi Ly 1.6Ly,
Baffle spacing at the inlet and outlet Stp 0.01d, 0.1d,
Diametrical clearance of shell-to-baffle &, 0.01Dy 0.1D;
Outer diameter of tube bundle Doy 0.8(Dg —dgp) 0.95(Dg — bgp)

Table 3. Allowed values for discrete decision variables.

Design variable Allowed values

Tube pitch P, [1.25d,,1.5d,]
Tube layout angle TL [302,45%,909]
Baffle cut B, [25%, 30%, 40%, 45%)]
Number of tube passes B, [1,2,3]

11
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Additionally, some geometric and operative constraints are applied. These are shown in equations
(22)-(24). The pressure drop on both sides must be smaller than 70,000 Pa, the fluid velocity on
tube-side must be between 0.5 m/s and 1.5 m/s, and the ratio between the length of the tubes and
the internal diameter of the shell must be lower than 15. If a constraint is violated, the value of the
objective function is penalized.

AP, AP, < 70,000 Pa (22)
05m/s <v, <3m/s (23)
L/Dg < 15 (24)

The optimization problem is shown in equation (25), it consists of one objective function to
minimize, five geometric and operative constraints, and a set of constraints for each decision
variable. dv is referred to the i decision variable, [b and ub are vectors that contain the lower and

upper admissible values for the decision variables, respectively.

min. TAC(x)

s.t. AP, < 70,000 Pa
AP, < 70,000 Pa
vy 2 0.5 (25)

vy =3

L/Dg < 15

dv; > Lb;

dvi < lbl

2.2 Proposed k-means-based algorithm

In this section, we introduce a novel k-means-based algorithm that combines the WOA with k-
means clustering to enhance the optimization process for STHEs. The WOA, inspired by the
hunting behavior of killer whales, employs mechanisms such as encircling prey, spiral bubble-net
feeding maneuvers, and searching for prey to update candidate solutions. To address the limitations
of WOA, such as its low exploitation ability and potential to get stuck at local optima, we integrate
the k-means clustering algorithm. This algorithm divides the population of search agents into

clusters, allowing for more focused exploration and exploitation within the design space.

2.2.1. Whale optimization algorithm

12
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The WOA was developed by Mirjalili and Lewis in [27]. This optimization algorithm emulates
the hunting of killer whales that consists of encircling the prey, spiral bubble-net feeding

maneuvers, and searching for the prey.

As with most metaheuristic optimization algorithms, the WOA starts generating random candidate
solutions within the imposed limits for the design variables. According to the source of inspiration
for this optimization algorithm, each candidate solution is represented by a whale, and the prey is
the optimum solution. The first phase employed to update the solutions consists of encircling the
prey. In nature, humpback whales can identify the position of their prey; however, it is impossible
to know a priori the values of the elements of the solution vector. The WOA assumes that the
current best candidate solution is the target prey or at least that it is close to the optimum. Once

the best current candidate solution is identified, the other search agents update their positions
according to equations (26) and (27). Where t is referred to the current iteration, A, and C are

vectors of coefficients, X* is the vector for the current best candidate solution of the iteration t, X
is a vector of each candidate solution, | | represents the absolute value, and - is the operator for

element-by-element multiplication.

D=|C-X(t) - X(t)| (26)
X(t+1)=X"(@t)-AD (27
The vectors of coefficients 4 and C are calculated according to the equations (28) and (29). Where
a a parameter that linearly decreases from 2 to 0 in the iterative process, and 7 is a vector whose
elements are random numbers from 0 to 1. As a decreases in the iterative process, the transition

from exploration to exploitation takes place.

A=2d -7 —ad (28)

C=2-7 (29)
WOA was developed to perform the exploration and exploitation phases employing different
operators. The designers of this optimization algorithm named the exploitation phase the bubble-
net attacking method and the exploration phase the search for prey. The bubble-net attack method
consists of (i) the shrinking encircling mechanism that is obtained by the decrementing of the
parameter a from 2 to 0 in equation (28), and (ii) the spiral updating position where equation (30)

is employed to mimic the helix-shaped movement of humpback whales. Equation (31) indicates

13
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the distance between the prey and a candidate solution, b is a constant used to define the shape of

the spiral, and [ is a random number between -1 and 1.

Xt +1)=D"-e - cos2nl) + X*(t) (30)
D' =1X*(t) — X(0)| (1)
Humpback whales use both patterns to swim around the prey. To model this behavior, it is assumed

that in the updating process, equations (27) and (30) have the same probability to be chosen.

The search for prey mechanism occurs when the |A| > 1; this occurs in the first half of the iterative
process has passed. Furthermore, equations (32) and (33) are used to enhance the search space
exploration to update the candidate solutions. A random solution, X,,,q IS selected from the

current population of candidate solutions.

Xt+1)=X,gnga—A-D (33)

The equations that influence the updating mechanism through the iterative process are selected
depending on the value of A. If |A| < 1, the candidate solutions are updated according to the

bubble-net attack method; otherwise, the search for prey mechanism is applied.

As previously stated, the WOA has a superior ability to explore the design space and find
promising solutions. However, the WOA also has some limitations, which are outlined below:

e However, the WOA may have low exploitation ability, which can result in solutions with
low accuracy for the challenging, high-dimensional optimization problem.

e Additionally, while WOA is effective in avoiding local optima and has good global
search capability, it can still get stuck at local optima.

e The three social behavior models used in WOA may create an imbalance between the

exploration and exploitation stages, leading to decreased solution accuracy.

Nonetheless, the WOA has increased researchers' interest in solving challenging, high-dimensional
optimization problems [28-34]. To further improve its performance and efficiency in solving real-
world problems, particularly the design problem of STHESs, the main motivation of the study is to

integrate a clustering algorithm, with the WOA.

2.2.2. K-means clustering algorithm

14
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In addition to the importance of optimization techniques, data analysis is an important area for
researchers to explore. One of these techniques is clustering, which provides insight into the
underlying structure of the data. The k-means technique is one of the most popular clustering
algorithms. It was first introduced in [35]. The main task of the k-means algorithm is to divide data
into subgroups based on a distance metric between points from together. The main steps of the k-

means algorithm are outlined below:

e The first step is defining the number of subgroups, followed by randomly selecting their
centroids.

e Then, the Euclidean distance between the points and the centers is calculated, and the
points are grouped based on their nearest center. New centers are then determined based
on the groupings.

e The process of changing the centers of the groups continues until their positions are fixed.

A squared error function that serves as the objective function, shown in equation (34), is minimized
during this process.

c ci
J
1Y M = gl

i=1j=1

(34)

In which, ||x] — ¢;|| represents the Euclidean distance between two points x; and ¢;. x; and ¢; are

the number of data points and cluster centers.

2.2.3. K-means based whale optimization algorithm

The hybrid algorithm proposed in this study is based on the main idea presented in [36], in which
the performance of GWO was improved. In the k-means-based WOA, after initializing the first
population of search agents. The population is divided into two clusters using the K-means
algorithm, after which the fitness of solutions is computed for each cluster separately. Once the
population is classified into two clusters, a condition is introduced that depends on a random
number between 0 and 1. If the random value is greater than 0.5, the algorithm operates on the
population clusters based on their fitness. Within this condition, the fitness values of both clusters

are compared, and if the fitness of cluster 1 is lower than that of cluster 2, the search agents'
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position is set to cluster position 1 and vice versa. However, if the random number is less than or

equal to 0.5, the algorithm operates on the original population without clustering.

2.2.4. Reliability-based design optimization approach

The RBDO problem is commonly defined as an optimization problem with dynamic probabilistic
constraints, which can be expressed as shown in expression (35) [26,37]:

Minimize f (d)
Subjectto Pr;[G;(X,d) <0] <Pf;,i=1,..,N (35)
d <d<d*

where X= {X,i}"iland d= {d;}]-, represent the vectors of random and design variables,

i
respectively. f is the objective function (e.g., mass, volume, and cost), {G;}_, and {Pf,i}ilare the
limit state function (LSF) of the i-th probabilistic constraint and the corresponding failure

probability, respectively. In the equation, {Pﬁ i}il represents the desired failure probability of the

i-th probabilistic constraint, while d* and d* represent the lower and upper bounds of the design
variables, respectively. The failure probability of each constraint is calculated through the integral

of the equation (36). Where fy denotes the joint probability density function of X [37].

=] e (36)
G(X)<0

Since calculating the failure probability of each constraint may require a significant number of
evaluations of the LSF, finding the optimal design for this complex problem can be challenging.
To address this challenge, a control-variate-based surrogate method is integrated into the
framework to estimate the effect of uncertainties on parameters in the RBDO process and the
response of STHE. To build the surrogate model and predict the design's performance based on
design points, the radial basis function (RBF) [38] is utilized. The RBF is a form of artificial neural
network (ANN) that comprises input, hidden, and output layers. In this model, the input layer is
responsible for transferring data to the hidden layer, which is the second layer. The hidden layer
is composed of numerous neurons, each of which employs a specific algorithm in two stages. In
the first stage, the square roots of the inputs of the hidden layer are computed using their weights
and the Euclidean function. In the second stage, a Gaussian activation function is applied to the

output of the first stage. This can be mathematically expressed as equation (37) shows:
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X - ClI? (37)
q: = g:(IIX =G = exp(—T)

4

In which the X represents the vector of variables; here, g;(X)= g;(||X - C;||) represents the Gaussian
activation function, C; represents the center of the activation function, ||*|| represents the Euclidean
nor//m, and o; represents the width of the receptive field for the RBF. Equation (38) can be utilized
to represent the activation of the output layer, which is the result of a linear combination of the

units within the hidden layer:

n
y = Zwi qi
i=1

Here, w; represents the connecting weights from the hidden layer to the output layer.

(38)

There are several techniques for designing the RBFN. The optimization algorithm introduced in
this study was utilized for the purpose of training and designing the neural network. This approach
involves utilizing each input data point as the center of the activation function for a hidden node.
The weights of the second layer are then determined by solving an optimization problem, with
considering the minimization the network error as an objective function [39]. It is important to
mention that the training process of the network continues until the network error is reduced to

Z€ero.

The process of evaluating the accuracy of predicted responses involves calculating the absolute
percentage error (APE), mean absolute percentage error (MAPE) between the predicted and actual
responses, as well as the standard deviation (SD) of APEs (Eqgs 39-41) [40]

A¢ tual — Ai dicted
APEi =100 actua i predicte (39)
Aactual
1 n
MAPE = EZ(APEi) (40)
i=1
1 n
SD = — 1Z(APEL- — MAPE)? (41)
i=1

In which, n is the number of samples. Once the surrogate model is constructed in the RBDO
process based on the responses of the support points by the RBF, the probability of failure is

calculated through equation (42).
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ﬁf = Xﬂgso(x)fx(x)dX' (42)

where g is the surrogate (estimated) function and s, is the index function that is calculated by

equation (43) [41].

Taso() = | gg% =0 (43)
Surrogate-based models are the cost-effective alternative techniques to other common reliability
methods and can reasonably approximate the limit-state function (LSF). However, they may not
be sufficient when it comes to estimating the original LSF (g(x) # g(x)) in nonlinear/complex
problems [41,42]. Several attempts have been made to address the errors of alternative methods.
Rashki et al. [41] proposed a control variable approach to eliminate the estimation error of
surrogate models. They demonstrated the effectiveness of this approach using kriging and response
surface methods to solve the reliability assessment problem of STHESs. Based on their findings,
they recommended the use of the control variable (CV) method to correct the estimation error of
the LSF in surrogate models for other regression methods.

Therefore, the current study employs the CV technique to modify the calculated failure probability
value and eliminate the prediction error of the LSF when using the RBF in RBDO process. By
employing a CV technique and surrogate model, an accurate estimation of failure probability is

refined as follow:

where is a the regression coefficient of CV technique and can be calculated with equation (45).

-

X <"82;E)
i sm)
X<xng>> (45)

("gan)

where h* is a sampling function that is utilized to generate the samples of support points based on

N
Zi=c1or<ﬂg(X)<0(xDoE)

;‘

a (xDoE) =

-

X Clor<7r.9(x)<0(xDoE)

;‘

the function fx,. Also, xDoE refers to the support points generated for constructing the surrogate

RBF model.
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The proposed approach eliminates the drawbacks of RBF during reliability analysis and further

improves the failure probability through classification correction [37].

The proposed metaheuristic-based framework for reliability-based design optimization of SHTES
consists of two main parts: the first part utilizes the k-means clustering technique to improve the
performance of the WOA algorithm for the optimization of SHTES; the second part uses a hybrid
control variate-based surrogate model to handle the probabilistic constraints of the problem. Fig.
2 presents the flowchart of the proposed framework. Algorithm 1 outlines the kWOA pseudo code

to solve the RBDO problem of STHES, while the detailed explanations are presented as follows:

Xpae = generate Nyp,e samples for

support points based on f(x)

Initialize parameters of algorithm
(i.e., maximum number of
iterations, initial population, etc)

i G{Xpge) = evaluate the performance

functions for support points

Use k-mean to divide the qilx)
population into two clusters Gix) = max

nlr)
if rand = 0.5

¥ ¥ Train the RBF by k-means-WOA for
position = position without 4|E< fit c; input Xpoe and output G(Xpgg)
clustering yes
no
¥ ¥ Generate N samples for MCS-based
position = position position = position Ix(x) and estimate G(x) using the
cluster 1 cluster 2 designed RBF.

[

Calculate the fitness of each Calculate the probability of failure
agent Ml using MCS
Update positions, calculate Applying control variate technique to
fitness and select best refine calculated probability of failure
position

Calculate the objective function and
End check the probabilistic constraints

Fig. 2 The flowchart of framework.
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Algorithm 1 Pseudo code of the proposed k-means WOA for RBDO of SHTEs.

1: Input: The probabilistic constraints and the information of random variable
2: Defining the SHTEs optimization problem using Eq. (25) as an RBDO problem based on Eq. (35)
3: Set the population size, the maximum number of iterations, PDF of random variables, lower and
upper bounds of design variables, dimension of problem
4: Generate initial population X; where (i = 1,2,3,...,n)
5: Use K-means to divide the population
6: Calculate fitness C; and fitness C;
if rand > 0.5
if fitness C1 < fitness C2
Positions = Positions C1
else
Positions = Positions C2
end
else

Positions = Positions

end
7: while termination condition (It < It,,,,) do
8: Update WOA parameter’s (i.e.,a, 4,C, L, and p)
if'(p < 0.5)
Al <1
Update the position of the current search agent by using Eq. (27)
elseif (|A| = 1)
Select a random search agent (X, ,,4)
Update the position of the current search agent by using Eq. (30)
end
elseif (p = 0.5)
Update the position of the current search agent by using Eq. (33)
end
end
9: Check the boundary and calculate the fitness value of whales

10: Update X * if there is a better solution It = It + 1

11: end

12: Return X~

The process begins with initialization, where the algorithm's parameters are set. An initial set of
solutions is generated and then segmented into two distinct clusters through the k-means clustering
algorithm. The fitness of each cluster is evaluated. To update the candidate solutions, a probability

criterion is applied; if the probability criteria are not satisfied, this is that the random value

20



400
401
402

403
404
405
406
407
408
409
410

411
412
413

414

415
416
417
418
419
420
421
422

423

424

425
426
427

generated is larger than 0.5, and the candidate solution is not updated. Otherwise, if the probability
criteria are meet a candidate solution of each cluster are compared according to their fitness value,

the candidate solution is updated with the one with the best fitness value.

Next, the focus shifts to calculating the objective function. This involves generating random
variables according to the Probability Density Function (PDF) of the variables under consideration.
Design points, also known as the Design of Experiments (DoE), are then selected, and the limit
state functions (LSFs) are evaluated. These design points are used to train a Radial Basis Function
(RBF) neural network, which is then employed to predict the system's responses for the samples
generated in the previous step. The failure probability (Pf) of the system is calculated using the
Monte Carlo Simulation (MCS) approach. A control variate approach is applied to refine the

failure probability's accuracy.

Following this, the algorithm verifies whether the probabilistic constraints are met. Steps two and
three are repeated iteratively until the termination conditions of the algorithm are fulfilled,
indicating the completion of the optimization process.

3. Case study

In this particular case study, distilled water is located on the shell-side with a flow rate of 22.07
kg/s, and the inlet and outlet temperatures are 33.9°C and 29.4°C, respectively. Raw water is
present in the tube-side with a flow rate of 35.31kg/s, and the inlet and outlet temperatures are
23.9oC and 26.7°C, respectively. The construction materials used in this setup are carbon steel for
the shell and stainless steel for the tubes. The correction factors employed for calculating the setup
cost are C,, = 1.7, C; = 1.0, and C, = 1.0. The projected lifetime period for this system is 20
years, with an interest rate of 5%, and 8000 operative working hours per year. The cost of

electricity is assumed to be 0.1 USD/kWh, and the pump efficiency is estimated to be 0.85 [21].
4. Results
4.1. Evaluating the efficiency of kK WOA

To confirm the efficiency of the proposed k-means-based WOA in solving the optimization
problems, 10 mathematical test functions from CEC’2020 are used. Reference [43] provides the
main details of the CEC’2020 test functions. The CEC’2020 series includes unimodal (f1),
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multimodal (f>-f4), Hybrid (fs-f7) and composition (fg-f10) functions. To confirm the efficiency of
the k-means-based WOA, we compared it with five recently proposed metaheuristic algorithms,
including the Harris Hawk Optimization (HHO) [44], Generalized Normal Distribution
Optimization (GNDO) [45], Ant Lion Optimizer (ALO) [46], Dragonfly Algorithm (DA) [47], and
WOA [27], as well as two well-known older algorithms, Genetic Algorithm (GA) [48] and Particle
Swarm Optimization (PSO) [49]. The maximum number of iterations and population number were
set to 500 and 50, respectively, for all test functions. The values of parameter settings for each
optimization algorithm are reported in Table 4. We use the default settings of the algorithms, as
Arcuri and Fraser [50] recommend this as a fair and suitable practice. This also lowers the chance

of bias due to better parameter tuning, since we do not change the default values of any algorithm.

Table 4. Parameter setting of algorithms.

Algorithms Parameters setting

HHO E,e[-1,1],=15

GNDO -

ALO c; € [0,2]
DA B =05

WOA a €[0,2],A€[02],Le[-11],B=1,C = 2.rand(0,1)
GA Crossover rate = 0.8, Mutation rate = 0.03

PSO c1=2,c,=2,w=0.9

KWOA a€[02],A€[0,2],Le[-11],B=1,C =2.rand(0,1)

Number of clusters= 2

To obtain statistical results, the selected algorithms were applied 20 times to the benchmark
functions. Statistical results for CEC’2020 functions are reported in Table 5. The mean and
standard deviation of the objective function calculated by the KWOA are better compared to those
calculated through other metaheuristic techniques in most of the benchmark functions. The
proposed algorithms generate the best values for ten of the twenty statistical variables. The GNDO
algorithm obtains the second position, obtaining the best values for only four of the twenty
statistical results. For example, the value of the average (1638.21) and standard deviation
(1977.73) of objective function f; over all runs calculated through the KWOA are lower than the
other techniques. The kWOA has generally outperformed other algorithms in solving the 10

benchmark problems. Specifically, it has achieved the lowest average objective function value and
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449  standard deviation from functions 1, 4, 7, and 10. Moreover, functions 8 and 9 have achieved the
450 lowest average objective function value in 20 implementations. However, for two other functions,
451  numbers 2 and 5, as well as the lowest standard deviation of function 9, the GNDO has achieved
452  the lowest values, placing second overall.
453 Table 5. The statistical analysis of obtained results from algorithms.
Functions  Parameter HHO GNDO ALO DA WOA GA PSO kWOA
Average  1.824E+0 3.202E+0 4.083E+0 3.673E+0 4.186E+0 1.638E+03
7 3 3 3 6 6.276E+06  5.049E+03 '
f Std* 1473E+0 3210E+0 3.804E+0 2.420E+0 1.279E+0 | 978E+03
7 3 3 3 6 3.285E+06  3.888E+03 :
Average  3.276E+0 1317E+0 2.697E+0 1864E+0 3.239E+0 1 807E+03
3 3 3 3 3 3.001E+03  1.848E+03 '
f2 Std 4852E+0 1.466E+0 6.067E+0 3.015E+0 5.268E+0 > 151E+02
2 2 2 2 2 4.714E+02  4.148E+02 :
Average  7.482E+0 7.491E+0 7.734E+0 7.632E+0 9.131E+0 8 479E-+02
2 2 2 2 2 8.513E+02  7.529E+02 :
f3 Std 9.060E+0 9.800E+0 1.597E+0 1.166E+0 2.410E+0 > A56E+01
0 0 1 1 1 2.893E+01  2.209E+01 '
Average  1.924E+0 1.904E+0 1904E+0 1904E+0  1.925E+0 1 902E-+03
3 3 3 3 3 1.921E+03  1.904E+03 '
fa Std 9.220E+0 1.630E+0 2.880E+0  9.500E-  6.650E+0 & 700E-01
0 0 0 01 0 5.383E+00  9.409E-01 :
Average  3.856E+0 2.214E+0 9.731E+0 2.808E+0 5.708E+0 1.291E+05
5 3 4 5 5 4.070E+05  4.531E+05 :
fs Std 2717E+0 2.080E+0 6.472E+0 1854E+0 4.019E+0 8 611E-+04
5 2 4 5 5 2.651E+05  3.195E+05 :
Average  2.010E+0 1917E+0 2.011E+0 1624E+0 1.745E+0 1 676E+03
3 3 3 3 3 2.049E+03  1.748E+03 :
e Std 0.000E+0  0.000E+0  0.000E+0  0.000E+0  0.000E+0 0.000E-+00
0 0 0 0 0 4.793E-13  2.397E-13 :
Average  5.129E+0 8.103E+0 1.966E+0 1.310E+0  2.306E+0 > AD5E+03
5 4 4 5 5 4.300E+05  9.961E+04
fa Std 3.629E+0 8.532E+0 1.166E+0 1.696E+0  1.695E+0 —
5 4 4 5 5 2.730E+05  1.152E+05 :
Average 2.317E+0 2.492E+0 2.457E+0 3.108E+0 3.075E+0
) 3 3 3 3 3 2313E+03  2866E+03  S02E+03
fa Std 2460E+0 8.565E+0 6.982E+0 1307E+0  1.340E+0 1 650E+00
0 2 2 3 3 1.343E+00  1.193E+03 :
Average  2.927E+0 2.824E+0 2.905E+0 2.859E+0 3.129E+0 2 672E+03
3 3 3 3 3 2.924E+03  2.840E+03 '
fo Std 2456E+0 8.480E+0 7.860E+0 2.758E+0  7.873E+0 1 569E+02
1 0 1 1 1 1.901E+01  1.720E+01 :
Average  2.999E+0 2.942E+0 2.951E+0 2.944E+0 2.972E+0
’ 3 3 3 3 3 2991E+03  2045E+03 > 913E+03
fio Std 2.932E+0 2.743E+0 3.743E+0 2.617E+0  3.064E+0 3.310E+00
1 1 1 1 1 5.124E+01  2.503E+01 '
454  * Standard deviation.
455  Fig. 2 displays the convergence curves generated from the selected algorithms and the KWOA. It
456 is worth mentioning that the convergence curves presented in the figure were chosen at random
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from the 20 runs that were conducted. As Fig. 2 shows, the proposed optimizer has better accuracy

and faster convergence than most of the optimization algorithms used in this comparison. Also, in

all cases it has a better performance compared to the WOA algorithm. As given in Fig. 3, the

results indicate that the k-means-based WOA can prepare a desirable equilibrium between two

major phases of the algorithm (i.e., the exploration and the exploitation). Thus, it can be said that

the k-means-based WOA can be beneficially used to solve a variety of optimization problems with

preferable results and persuasive convergence rate.
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4.2. DO of STHE

In this section, a DO approach is developed to optimize the cost of design and operation of STHE
using proposed KWOA, HHO, GNDO, DA, ALO and WOA on the introduced case study in section

3. To meet this aim, the simulation-optimization models with 11 design variables (i.e., Dy, d,, Ly,

Fig. 3 The convergence curves of algorithms.
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Lyo, Lpis O¢by Ospy Doety P,y TL, and B.) were implemented. The values of the setting parameters for
all algorithms were set according to Table 4 as in the previous section. Statistical parameters,
including the mean, the best, worst, and standard deviation for the objective function of problems,
are listed in Table 6. According to the reported results in Table 6, the KWOA can provide extremely
competitive and promising solutions compared with the other algorithms. In addition, the obtained
values of the best, the mean, the worst, and the standard deviation of optimization cost are
5.720E+03 USD/year, and 9.09E-13 USD/year, respectively. These values are the best compared
to the generated employing the rest of the optimization algorithms. Therefore, is clear that the
proposed k-means-based WOA is reliable not only for benchmark functions, but also for

applications such as the design of STHEs.

Table 6. Statistical analysis of optimization results by metaheuristic algorithms.

No.

uns HHO GNDO ALO DA WOA GA PSO kKWOA
1 5.720E+03 5.720E+03 5.786E+03 5.913E+03 6.882E+03 §.254E+03 5.720E+03 5.720E+03
2 5.720E+03 5.721E+03 5.720E+03 5.913E+03 7.492E+03 §.242E+03 5.911E+03 5.720E+03
3 5.721E+03 5.720E+03 5.720E+03 5.910E+03 7.552E+03 5720E+03 6.004E+03 5.720E+03
4 5.720E+03 5.720E+03 5.720E+03 5.910E+03 6.162E+03 §.805E+03 5.866E+03 5.720E+03
5 5.720E+03 5.889E+03 5.720E+03 5.930E+03 8.186E+03 5841E+03 5.796E+03 5.720E+03
6 5.721E+03 5.817E+03 5.720E+03 6.075E+03 7.409E+03 5882E+03 5.720E+03 5.720E+03
7 5.720E+03 5.887E+03 5.721E+03 5.890E+03 8.045E+03 15793E+03 5.720E+03 5.720E+03
8 5.720E+03 5.835E+03 5.760E+03 5.918E+03 7.983E+03 57.956435 5.830E+03 5.720E+03
9 5.720E+03 5.804E+03 5.720E+03 5.923E+03 8.186E+03 6.656E+03 6.412E+03 5.720E+03
10 5.720E+03 6.055E+03 5.720E+03 5.920E+03 6.413E+03 5720E+03 5.744E+03 5.720E+03
Average 5.720E+03 5.817E+03 5.731E+03 5.930E+03 7.431E+03 6.101E+03 5.872E+03 5.720E+03
Std” 3.186E-01 1.025E+02 2.188E+01 4.940E+01 6.920E+02 3.869E+02 2.010E+02 9.090E-13
Best 5.720E+03 5.720E+03 5.720E+03 5.890E+03 6.162E+03 5.720E+03 5.720E+03 5.720E+03
Worst  5.721E+03 6.055E+03 5.786E+03 6.075E+03 8.186E+03 6.805E+03 6.412E+03 5.720E+03

* Standard deviation.

The boxplot representation is an efficient way to show the reliability of algorithms. Therefore, an
explicit statistical embodiment of the convergence rate for all optimizers is plotted in Fig. 3. Each
boxplot's lower and upper boundaries show the maximum and minimum values of objective
function calculated over all runs for each algorithm, respectively. According to Fig. 4, the proposed

kKWOA generates more robust solutions in terms of the objective function's mean, minimum, and
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maximum values. Even though the performance is quite similar to the HHO algorithm on average,
it is worth pointing out that the KWOA performs more robustly. Furthermore, it is clear that the

HHO and ALO algorithms have demonstrated superior performance compared to other algorithms.
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Fig. 4 Boxplots of obtained results by all mentioned algorithms for 10 runs.

To show the ability of algorithms to escape from falling into local optima, their convergence curves
are plotted in Fig. 5. In this figure, it is seen that the kK WOA was converged in iteration 52 for the
best design. As is known, the reason why the starting points on the graphs in Fig. 5 are not the
same is because a penalty approach based on equation (46) was used to avoid violating constraints.
Therefore, all the solutions obtained in the initial iterations of the algorithm may be in the
infeasible region, which caused the penalty function value to increase and become zero after the

algorithm iterations [37].

) = F0)+2) 8ilge T (46)
k=1

where, f is the objective function, A is the penalty coeficiente, m number of constraints, and &y, is

defined in equation (47) as an indicator of process violation:
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{5,( = 1if constraint gy is violated

6r = 0if constraint gy, is satisfied}

(47)

This part of the research aims to optimize the design variables of STHES using metaheuristic
techniques and the Bell-Delaware design method. Generally, optimizing these important STHE
parameters can decrease the fixed cost and operating costs of STHE. Table 7 reports the best value
of each parameter obtained from the optimization process by all algorithms. It is important to
mention that all the obtained values of design variables satisfy the defined constraints. There are
no major differences between the obtained values of variables.
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Fig. 5 Convergence curves of all mentioned algorithms for the best run.
Table 7. Values obtained for the design variables in the best run with the different optimizers.
Dy d, N, A L P, TL s Lpc
(m) (m) - m? m m ° - m
HHO  3.00E-01 6.35E-03 948E+02  431E+01  2.28E+00  7.90E-03  9.00E+01  1.00E+00 1.17E-01
GNDO 3.00E-01 6.35E-03 9.48E+02  4.34E+01  229E+00  7.90E-03  9.00E+01  1.00E+00  1.23E-01
ALO  3.00E-01 6.35E-03 9.48E+02  4.34E+01  229E+00  7.90E-03 ~ 9.00E+01  1.00E+00  1.23E-01
DO 3.00E-01 6.35E-03  9.48E+02  4.34E+01  229E+00  7.90E-03  9.00E+01  1.00E+00  1.23E-01
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WOA  320E-01 6.35E-03 1.08E+03  4.68E+01  217E+00  7.90E-03  9.00E+01  1.00E+00  1.54E-01

GA 3.00E-01 6.35E-03  9.48E+02  4.34E+01  2.29E+00  7.90E-03  9.00E+01  1.00E+00  1.23E-01

PSO 3.00E-01 6.35E-03  9.48E+02  4.34E+01  2.29E+00  7.90E-03 ~ 9.00E+01  1.00E+00  1.23E-01

KWOA  3.00E-01 6.35E-03  9.48E+02  4.34E+01  2.29E+00  7.90E-03 ~ 9.00E+01  1.00E+00  1.23E-01

Lyoi B, L/Dy AP, AP Cop Crix TAC
m % Pa Pa USD/year USD/year USD/year

HHO 0.117 45 7594E+00 1.356E+04 9.285E+03  6.649E+02 5.120E+03  5.785E+03

GNDO  0.1968 45 7.645E+00 1.364E+04 5064E+03 5.769E+02  5.143E+03  5.720E+03

ALO 0.1968 45 7.645E+00  1.364E+04  5.064E+03  5769E+02  5.143E+03  5.720E+03

DO 0.1967 45 7.645E+00 1.363E+04 5067E+03 5.770E+02  5.143E+03  5.720E+03

WOA 0.1536 25 6.782E+00 1.369E+04 2.172E+04 5.419E+03  9.363E+02  6.356E+03

GA 0.1968 45 7.645E+00  1.364E+04  5.064E+03  5769E+02  5.143E+03  5.720E+03

PSO 0.1968 45 7.645E+00  1.364E+04 5.064E+03  5.769E+02  5.143E+03  5.720E+03

KWOA  0.197 45 7.645E+00  1.364E+04 5.064E+03 5769E+02  5.143E+03  5.720E+03
510  Consequently, the obtained designs show the efficiency of optimization algorithms in reducing the
511  costs of the design and operation phases of STHEs. Table 7 shows that all the constraints of
512  investigated case study are satisfied for all obtained designs.
513  4.3. Reliability-based design optimization of STHE
514  4.3.1. Validation the proposed RA model
515 Tosolve the RBDO problem of STHE design, we couple a surrogate-based Monte Carlo technique
516  with kWOA in the design process. First, we investigate the efficiency of the adaptive surrogate
517  model by solving five numerical reliability benchmark problems. Table 8 presents the details of
518  mentioned benchmark problems.
519  As previously discussed, the primary goal of employing a surrogate model, the CVRBF method,
520 in conjunction with a simulation-based technique such as MCS is to reduce the use of the STHE
521  design model. This is achieved by creating an efficient surrogate model that accurately
522  approximates the behavior of the STHE system with fewer simulations than direct methods. In the
523 context of RBDO, this surrogate model enables rapid and less resource-intensive reliability
524  assessments of the STHE design under uncertainty. By integrating the CVRBF model with MCS,
525 we can quickly evaluate the surrogate model in each iteration of the optimization process,
526  significantly cutting down on computational time.
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The performance of the proposed CVRBF method in solving the numerical benchmark problems
is compared to the MCS, first-order reliability method (FORM), importance sampling (IS), and
first-order control variate method (FOCM) [51]. To calculate the relative error of the proposed CV
and other techniques than to MCS, equation (48) was used [52].

[Py — P

MCS x 100 (48)
Fy

E =

where Py and PfMCS indicate the failure probability calculated trough the under-study reliability

analysis technigques and MCS.

Table 8. Selected benchmark reliability problems [51].

No. Limit state function
g(X) = 1.1 —-0.00115x,x, + 0.00157x2 + 0.00117x2 4+ 0.0135x;x, — 0.0705x, — 0.00534x,
— 0.0149x, x5 — 0.0611x,x, + 0.0717x,x, — 0.226x5 + 0.0333x2 — 0.558x;3x,
1 +0.998x, — 1.339x
where:
x; = EX — 11(10.0,5.0); x, = N(25.0,5.0); x3 = N(0.8,0.2); x; = LN(6.25E — 02,6.25E — 02)

5 1 . 33
9X) =5+ 5= + x5, — 20)* — ——(x; +x3)

2 216 140
2 where:
%, = N(10.0,0.3); x, = N(10.0,0.3)
gX) =2—x,—0.1x? + 0.06x3}
3 where:
x, = U(0.0,1.0); x, = U(0.0,1.0)
X1 — Xy
g(X) = —0.5(x; — x,)% — 7 +3
4 where:
x, = U(0.0,1.0); x, = U(0.0,1.0)
g(X) = exp(0.2x; + 6.2) — exp(0.47x, + 5.0)
5 where:

x, = U(0.0,1.0); x, = U(0.0,1.0)

U: uniform distribution; N: Normal distribution; LN: Log-normal distribution; EX-11: Extreme type Il.

The reliability analysis of selected benchmarks used by the under-study reliability analysis
techniques are summarized in Table 9. The failure probability of examples calculated through
MCS are PF*' = 0.0823, PF** = 0.0029, PF*® = 0.0344, Pf** = 0.1056, and Pf** = 0.0094,
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537  respectively. Moreover, the failure probability's value of these examples is calculated using other
538 methods (i.e., MCS, FORM, IS, and FOCM). Table 9 reports the details of the results of the
539  examples in terms of the failure probability, computed relative error, and the number of limit state
540  function evaluations.
541 Table 9. Results of reliability analysis of benchmark problems.
MCS FORM IS FOCM [62] CVRBF

No. PfMCS Nevaw  Pp Nevar €(%)  Pf Nevar  €() P Newa €(%) P Nea (%)

1 00823 10° - 100 -  0.0968 9000 17.61 0.080 721 279 0.0951 100 15.55

2 00029 10 00062 100 10.3 0.0025 5000 13.79 0.0029 1082 0.00 0.0031 150 6.89

3 00344 106 00228 100 33.7 0.0375 4000 9.00 0.0359 351 436 0.0344 100 0.00

4 01056 10° 0.0019 100 95.2 0.0918 2000 13.06 0.0985 536 6.72 0.1131 100 3.20

5 0.0094 10° 0.0094 100 0.?)0 0.0084 1000 1.70 0.0094 110 0.00 0.0094 150  0.00
542  The analysis of the obtained results in Table 9 reveals that the FOCM method [51] has the least
543  relative error than calculated results of MCS. Despite the robust results of this method compared
544  to the under-study reliability analysis methods, it has a high computational time (the performance
545  function evaluation number). On the other hand, the proposed CVRBF method has been able to
546  accurately estimate the failure probability of all examples with a suitable number of performance
547  function evaluations. In addition, the run time for a full reliability analysis (in seconds) of the
548  proposed surrogate model for all examples is t,,q = 110s, tepa = 40S |, tepar = 955, teya =
549  130s, t.,q = 50s respectively. It should be noted that we used a personal computer with 8
550  processing cores and 32 GB of RAM to perform the runs. Consequently, according to the observed
551  results in Table 9, it can be claimed that the control variate-based surrogate model is extremely
552  efficient and robust to reach the best result and is a great approach to evaluate the safety level of
553  various structures/systems.
554  4.3.2. The performance of the proposed approach for an optimal design of STHE
555  The problem of STHE design is reformulated as a RBDO problem (Eq. 24). According to the
556  carried-out study by Ref. [24], the inlet flow temperatures, the mass flow rates, and fouling
557  resistance parameters were recognized as the most effective uncertainty parameters that effect on
558  the performance of the system. Thus, these parameters were considered as the random variables in
559  the RBDO process. Table 10 reports the information of random variables. To simulate the effect
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of uncertainty on the mentioned parameters, the samples were generated assuming the truncated

normal distribution.

Table 10. The information of uncertain variables.

Parameter Distribution Average Variance

Mass flow rate ("Tg Truncated normal 22.7 0.227
® Inlet flow temperatures (°C) Truncated normal 33.9 0.339
E Fouling resistance Truncated normal  1.70E-04 1.70E-06
_ Inlet flow temperatures (°C) Truncated normal 23.9 0.339
% Fouling resistance (mv"’k) Truncated normal  1.70E-04  1.70E-06

The penalty function approach is employed to handle constraints in the RBDO similarly to the DO
processes. When the target failure probability is exceeded, a significant constant number is added
to the objective function's value. This encourages the optimization algorithm, which aims to
minimize the objective function, to find the optimal decision variable values that comply with the

probabilistic constraints.

Finding the best values for setting parameters of the RBF neural network is one of the existing
challenges for the use of these methods. These parameters include the weights between the hidden
and output layers, the activation function, and the number of neurons in the hidden layer. To
achieve an efficient RBF model in forecasting the limit state function of the RBDO process to a
high level of accuracy, the hybrid kWOA was used to optimize the parameters of RBF in the
training phase. Noticeably, the Gaussian function was used as the radial function here. Table 11
presents the values of MAPE and SD for the performance level achieved by CVRBF in the training
phase. It is clear that the performance generality results of the hybrid WOA-based CVRBF are
acceptable, and they can be incorporated into the RBDO procedure to estimate the required system

responses.

Table 11. Performance of surrogate model for predicting the response of system.

Model MAPE SD
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CVRBF 2.61 2.01

In the RBDO process, the probabilistic constraint was defined as the safety level of the STHE
optimization problem with 1% and 5% failure probability. Moreover, the number of search agents

and the maximum number of iterations for k-means-based WOA were 50 and 100, respectively.

Upon evaluating the probabilistic design problem under scenarios 1 (target failure probability,
Pt = 1%) and 2 (Pf = 5%), we obtained final objective function values of 12,172.61 USD/year
and 10,393.15 USD/year, respectively. These results demonstrate that our model achieved the
minimum cost values while satisfying the reliability constraints of 99% and 95% for scenarios 1

and 2, respectively.

Our RBDO framework addresses the inherent trade-off between reducing failure probability and
increasing design costs by optimizing the STHE design to meet specific reliability constraints
under uncertainty. As the target reliability level is raised, the design becomes more robust, which
naturally leads to higher costs. For instance, in Scenario 1, where the target failure probability is
set to 1%, the optimized design cost escalated to 12,172.61 USD/year, marking a substantial
increase from the deterministic optimization (DO) cost of 5,719.74 USD/year. Similarly, in

Scenario 2, with a target failure probability of 5%, the design cost rose to 10,393.15 USD/year.

Figure 5 shows the convergence curves for the best run of our RBDO model under both scenarios.
The model converged at iteration 58 for scenario 1 and at iteration 9 for scenario 2. The later
convergence in scenario 1 can be attributed to the higher complexity of its probability constraint
(Reliabilitysystem = Reliabilityqrgec = 99%). Generally, achieving higher levels of reliability
in design problems often leads to increased costs, making it challenging to balance design expenses
with system safety.
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Fig. 6. Convergence curves of two RBDO scenarios.

Furthermore, a comparative analysis of RBDO and DO designs is presented in Table 12. The
presented results in Table 12 show that the value of the objective function increased up to 112%
and 82% for two scenarios 1 and 2, respectively. In order to control the feasibility of the safe
design found by the RBDO process, the histograms of constraints are plotted in Fig. 7. In this
figure, dashed red lines indicate the safe regions of the constraints. These regions show the areas
where the constraints are satisfied and the design is considered feasible. The permissible bounds
for each constraint, which define the allowable range of values for the corresponding design
parameter, are described in Section 2. The histograms demonstrate the effectiveness of the RBDO

approach in maintaining the system's safety level under uncertain conditions that may occur during

its service life.
Table 12. Comparison of DO and RBDO proposed approaches.
Approach Cost ($/year) Reliability (%)
DO 5719.74 12
RBDO: 12172.61 99
RBDO:; 10393.15 95
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Fig. 7. The frequency of constraints for the DO and RBDO designs.
4.4. Discussion

In the sub-sections 4.2 and 4.3, the proposed kWOA algorithm was displayed to outperform the
other algorithms (i.e., the PSO, GA, HHO, GNDO, and ALO) and its original WOA algorithm
under two phases: (1) CEC'2020 test function, and (2) optimization of SHTEs. The search
algorithms' starting point significantly impacts the convergence and effectiveness of the search in
the problem space. In this study, the use of the k-means clustering approach in the first stage of
the WOA, i.e., the generation of initial population, increased the probability of achieving the global
optimal solution and expedited the convergence process. The results showed that the proposed
algorithm was able to effectively solve the mathematical benchmark functions and complex
optimization problems of heat exchangers. Additionally, in section 4.3, its integration with an
alternative approach for optimal design of heat exchangers under uncertainty and the constraint of
failure probability was confirmed, demonstrating the ability to provide a robust design.

Finally, it is necessary to state the possible limitations of this study. While using new approaches
to improve the performance of optimization algorithms and solve complex RBDO problems with
surrogate models can enhance the speed of algorithm convergence and computation time, it may
also reduce the modeling accuracy in a complex system with a large number of random variables.
To address this issue, using new reliability methods (i.e., Bayesian active learning [53], Parallel

adaptive Bayesian quadrature [54], Enhanced Hamiltonian-MCS [55], and adaptive Kriging-
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probability density evolution method [56].) in conjunction with the proposed KWOA algorithm
may be a good suggestion. Moreover, it is recommend that a risk-based study conduct with
considering the cost of failure to make a comparison fair between the deterministic and
probabilistic approaches. To this end, the introduced approach in [57] can be used.

Furthermore, despite the excellent performance of the proposed approach in solving the problem
of STHEs, it is worth noting that, according to the No Free Lunch (NFL) theorem, this approach

may not be suitable for solving all complex engineering problems [58].

5. Conclusions

This study introduces a novel hybrid approach for optimizing the design of STHE using a RBDO
method. The approach combines a control CVRBF and MCS to estimate the system response of
the STHE during the design process. We enhanced the WOA by integrating the k-means clustering
method to increase the efficiency of the optimization process. Our results indicate that the
improved WOA algorithm is an effective deterministic optimization approach for designing the
optimal layout of the STHE, outperforming other meta-heuristic algorithms used for the same

purpose.

In the RBDO section, we employed a surrogate approach based on the CVRBF method to reduce
computational costs. We first demonstrated the efficacy of the surrogate model in solving five
benchmark reliability problems, showcasing its robustness in evaluating complex problems with
non-explicit limit state functions. We then applied the model to solve the RBDO problem of
STHEs. The results revealed that the proposed RBDO framework, which combines CVRBF, MCS,
and k-means-based WOA,, is the most effective approach for achieving a safe design of the STHEs.
It introduces the concept of designing under uncertainty in this field and significantly reduces the
failure probability of the design under uncertainty. In our case study, under two scenarios, the
failure probability decreased from 89% to 1% and 5%, respectively. However, this decrease was

accompanied by an increase in design costs of 112% and 82% for the two scenarios considered.

The comparison of the final design obtained from the proposed method with the best deterministic
approach design demonstrates the superiority of the proposed RBDO framework in increasing the
reliability of the design under uncertainty. In summary, the proposed framework provides a robust

approach to designing important equipment in the field of process engineering. Future research
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can further enhance this approach by incorporating a reliability-based multi-objective optimization

framework, which can be applied to the STHE.

Our proposed k-means-based KWOA and CVRBF approach for RBDO have demonstrated
effectiveness in optimizing STHEs. However, their applicability may be limited by the
computational complexity of KWOA for large-scale problems and the sensitivity of both methods
to parameter selection. Additionally, the accuracy of the probabilistic models used to represent
uncertainties in RBDO could impact the reliability of the optimized designs. While our methods
have shown promise in the specific context of STHESs, further research is needed to evaluate their
generalizability and effectiveness across different engineering problems and to address these
potential limitations.

Data Availability The data presented in this study are available on request from the corresponding author.
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