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A B S T R A C T

In this study, a novel Regional Split Optimization with Numerical Simulation (ReSONS) method is proposed to 
integrate CFD simulations with automated optimization for shell-and-tube condensers. Conventional optimiza
tion methods typically use global design parameters and simplified models, limiting their ability to leverage 
detailed CFD flow and heat transfer information. To overcome this limitation, the ReSONS method splits the tube 
bundle region into multiple subregions, each assigned a porosity variable as localized design parameter repre
senting tube density to be optimized. The performance of each design is evaluated through CFD simulations, 
which allows for finer designs and better performance. A two-dimensional multiphase CFD solver was developed 
and validated for shell-and-tube condensers, then coupled with the Particle Swarm Optimization (PSO) algorithm 
to search for optimal porosity distributions. The pressure drop and condensation rate are considered in the 
objective function to enhance overall performance. Compared to conventional methods, the ReSONS method 
reduced pressure drop and the uncondensed ratio by 25% and 63%, respectively, for an experimental condenser 
case. This improvement is attributed to the enhanced design flexibility and expanded search space for tube 
bundle parameters, surpassing the limitations of global optimization strategy. Besides, the resulting design 
showed a pattern resembling a steam channel near the inlet, which is consistent with engineering expectations. 
The results indicate that the regional split optimization method can effectively incorporate local characteristics 
into the design process, offering a new approach to CFD coupled localized tube bundle optimization.

1. Introduction

The condenser is a critical auxiliary equipment in steam power sys
tems, functioning as the cold sink that directly influences the system’s 
thermal efficiency and operational reliability. Among the various types, 
shell-and-tube condensers are widely utilized in power generation, 
waste heat recovery, and other industrial applications. This type of 
condenser consists of a pressure vessel (shell) housing a densely ar
ranged bundle of heat exchange tubes. Typically, cooling water flows 
inside the tubes, while steam enters the shell side and condenses on the 
outer surface of the tubes. The condensate collects in the hotwell at the 
bottom of the condenser and is discharged out. The internal pressure of 
the condenser corresponds to the saturation pressure of steam at 
approximately 30 ◦C, which is significantly lower than atmospheric 

pressure and it helps to establish a vacuum at the turbine outlet. In 
addition to steam and condensed water, the condenser often contains a 
certain amount of non-condensable gas.

With technological advancements, increasing attention is being 
directed towards improving condenser performance. Achieving compact 
and efficient designs for large-scale condensers relies on the optimiza
tion of design parameters, which requires an accurate evaluation of in
ternal flow and heat transfer characteristics. While experimental 
methods provide the most reliable data, both full-scale and scaled-down 
experiments are costly and time-consuming, making them impractical 
for extensive parameter studies during the early design stages. Tradi
tional condenser design methods often rely on analytical models derived 
from theoretical principles and empirical correlations based on exten
sive experimental data. However, these models are often limited in their 
ability to reveal detailed internal flow and heat transfer behaviors, 
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which constrains the development of advanced and refined design 
solutions.

Computational fluid dynamics (CFD) has emerged as a key tool for 
condenser design by providing detailed insights into internal flow 
behavior. Compared to analytical models, CFD simulations offer spatial 
distributions of flow and heat transfer variables, enabling comprehen
sive performance evaluations that encompass the analysis of both global 
metrics and localized phenomena. Moreover, CFD enables the analysis 
of complex design variations, such as tube arrangement and spacing, 
which are difficult to model accurately using analytical methods.

Given the complexity of the flow field inside a condenser, which 
involves two-phase flow with phase change, turbulence, and multi- 
component, developing a numerical model capable of accurately pre
dicting these phenomena is challenging. Based on the porous media 
model introduced by Patankar and Spalding [1], a series of works have 
been done by Zhang [2–4], Hu [5,6] and Mirzabeygi [7,8] et al. on 
developing condenser numerical models. Among which the discussion of 
model dimensionality is included. Due to the presence of baffles that 
restrict axial flow, two-dimensional simulations are commonly 
employed [2]. When axial variations are non-negligible, quasi-three- 
dimensional models [3,4] can be adopted to strike a balance between 
computational efficiency and accuracy. Full three-dimensional models 
[7], while providing highest fidelity, are generally reserved for specific 
cases due to their high computational cost.

To achieve improved performance, numerous studies have employed 
CFD methods to investigate the flow and heat transfer characteristics of 
shell-and-tube heat exchangers. Guo et al. [9] performed two- 
dimensional, single-phase simulations using Fluent to compare con
densers with equilateral triangular and isosceles triangular tube bundle 
arrangements. The results showed that the equilateral triangular 
arrangement had the advantage of lower pressure drop, whereas the 
isosceles triangular arrangement achieved a higher heat transfer coef
ficient. Zeng et al. [10,11] examined condenser performance for three 
different tube bundle configurations using two-dimensional, single- 
phase models, with a focus on flow field characteristics and mechanical 

energy losses. They also predicted the performance of newly designed 
tube bundles. Kumar et al. [12] carried out extensive three-dimensional 
simulations to study the effects of tube and fin dimensions on the per
formance of air-cooled condensers and employed the Taguchi method to 
optimize design parameters. Abeykoon [13] compared the effects of 
baffle count, baffle cut ratio, and tube count on heat exchanger perfor
mance under consistent thermal loads. Their results demonstrated good 
consistency between CFD simulations and theoretical calculations. In 
addition to these studies, further research has explored the influence of 
heat exchanger dimensions [14] and operating conditions [15,16], 
highlighting the versatility of CFD in evaluating and optimizing various 
design configurations.

Many existing studies rely on manually adjusting parameters to 
compare the performance of different design configurations. This 
approach limits the exploration to a small set of predefined cases. To 
efficiently search a broader design space beyond empirical experience, 
some researchers have adopted optimization algorithms for automated 
parameter tuning. Among these, evolutionary algorithms are particu
larly favored in engineering applications due to their tolerance of 
models which are hard to mathematically analyze. Genetic algorithms 
(GA) and Particle Swarm Optimization (PSO) have been extensively 
applied to heat exchanger optimization problems, demonstrating 
promising results [17–22]. Other methods, such as simulated annealing 
[23] and harmony search [24], have also found applications in this field. 
Wang et al. [17] were among the first to report the application of GA 
algorithm to optimize heat exchangers. Their study significantly 
reduced the equipment’s weight and enhanced compactness without 
increasing pressure drop, showcasing the potential of GA in heat 
exchanger optimization. Patel et al. [18] used PSO to optimize the 
structural parameters of heat exchangers with total cost as the objective, 
achieving lower costs across three cases compared to GA. Fettaka et al. 
[19] performed multi-objective optimization using GA to minimize heat 
transfer area and pressure drop, and found that discrete and continuous 
design variables yielded comparable results. Daneshparvar et al. [25] 
combined CFD simulations with GA for multi-objective optimization of 

Nomenclature

English symbols
De Diffusivity
Dd Droplet diameter
Di Tube inner diameter
Do Tube outer diameter
Llg Latent heat of condensation
Len Condenser length
Ṁcw Cooling water flow rate
Nu Nusselt number
Pt Tube pitch
Pr Prandtl number
Re Renold number
Rtot Total thermal resistance
T Temperature
Um Physical velocity magnitude
Vc Control volume
Y Mass fraction
cp Specific heat capacity at constant pressure
gt

k Global best position
ṁ Condensation rate
nt Number of tubes in control volume
p Pressure
Δps Steam pressure drop
pt

k Personal best position

ui Physical velocity component
vt

k Particle velocity
xi Coordinate component
xt

k Particle position

Greek symbols
α Volume fraction
β Local porosity
βt Porosity in the tubular region
λ Thermal conductivity
ρ Density
μ Dynamic viscosity
ωt Inertial weight

Subscript
a Air
c Condensate
cw Cooling water
g Gas phase
i Free index (Direction)
j Dummy index
l Liquid phase
p Phase (gas or liquid)
s Saturated steam
t Tube/Iteration step (superscript)
k Particle index
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shell-and-tube condensers, obtaining Pareto fronts for pressure drop and 
heat transfer coefficients under helical baffle configurations. While GA 
remains a popular choice, some researchers argue that PSO achieves 
better results in heat exchanger optimization [20,26]. Depending on the 
design goals, optimization objectives for heat exchangers may include 
performance metrics [21,22,25,27] (e.g., pressure drop, entropy gen
eration rate), geometric dimensions [17,23] (e.g., weight, compactness), 
cost factors [18] (e.g., construction and operating costs), or combina
tions of multiple objectives [19–21]. For a comprehensive review of 
evolutionary algorithms applied to shell-and-tube heat exchanger opti
mization, readers may refer to the work by Saldanha [28].

Currently, most automated heat exchanger optimization studies rely 
on the Bell-Delaware method [29] to evaluate the shell-side heat 
transfer coefficient and pressure drop. While CFD simulations provide 
richer information compared to traditional methods, they are primarily 
used to evaluate a limited number of design schemes. Only a few studies 
have attempted to combine CFD simulations with optimization algo
rithms [12,25,30].

A key challenge in utilizing CFD data for tube bundle optimization 
lies in effectively incorporating the complex physical information into 
the design process. Fig. 1 illustrates the design strategy that most CFD 
coupled optimization studies adopt currently, where a uniform tube 
pitch and tube diameter are typically applied across the entire tube 
bundle, and these global design parameters are optimized through an 
iterative process. However, this global optimization strategy leaves 
limited space for design variations and usually fails to fully leverage the 
detailed CFD results for more refined designs. Tube bundle arrangement 
has a pronounced influence on the characteristics of fluid and heat 
transfer inside the condenser, which should be carefully considered in 
the optimization process. Despite this, there still lacks an effective 
optimization method that fully accounts for this interaction. To enhance 
the utilization of CFD data in tube bundle optimization, a straightfor
ward approach would be to assign independent design variables to each 
computational cell in the CFD mesh. While this allows maximum design 
flexibility, it results in a high-dimensional optimization problem that is 
computationally prohibitive and impractical for engineering use. 
Therefore, a trade-off must be achieved between design flexibility and 
computational feasibility when utilizing CFD results for tube bundle 
optimization.

To address this limitation, a novel Regional Split Optimization with 
Numerical Simulation (ReSONS) method was proposed. In this method, 
the tube bundle is divided into multiple subregions, each characterized 
by an independent porosity value that serves as the local design variable. 
These porosity values are embedded directly into the CFD configuration 
and optimized using a PSO algorithm. This coupling allows the CFD- 
derived flow and heat transfer results to influence localized tube 

bundle optimization. Compared with global optimization method, 
ReSONS allows for regional design variation without incurring excessive 
optimization dimensionality. According to the authors’ knowledge, it’s 
the first time to combine the CFD flow characteristics with the optimi
zation algorithms through a regionally split design strategy, which in
troduces a novel design perspective for CFD coupled tube bundle 
optimization.

This paper is organized as follows: Section 2 introduces the frame
work of the ReSONS method, the multiphase condenser numerical 
model and the Particle Swarm Optimization (PSO) algorithm. Section 3
presents the validation of the proposed method using an experimental 
condenser and an industrial condenser, including the problem descrip
tion and a discussion of the results. Finally, Section 4 concludes the 
study with a summary of key findings.

2. Methodology

2.1. Porous media model

The flow paths for vapor and liquid phases within a shell-and-tube 
condenser are highly complex due to the dense arrangement of tube 
bundles in the condensation region. Directly discretizing the actual 
inter-tube flow area incurs significant efforts, making it time consuming 
and high-cost to simulate various tube bundle configurations using CFD. 
Consequently, many reported condenser CFD simulations adopt the 
porous media model [1] to simplify the representation of the tube bank. 
This modeling approach has been validated against experimental data, 
confirming its reliability and effectiveness [8].

In this approach, the density of the tube arrangement is reflected by 

Fig. 1. Schematic of conventional global optimization of condenser tube bundle. Using a global design parameter to describe a uniform tube arrangement.

Fig. 2. Schematic of the relationship between porosity and tube parameters for 
triangular layout.
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the porosity β of the medium, which is defined as the ratio of the volume 
occupied by fluid to the total volume within a computational cell. For 
the triangular layout (Fig. 2), porosity depends on the tube outer 
diameter Do and tube pitch Pt, and is calculated by the following 
equation: 

β = 1 −
π

2
̅̅̅
3

√

(
Do

Pt

)2

(1) 

In regions without tubes, β = 1. In the proposed CFD coupled opti
mization framework, porosity serves as a bridge between the numerical 
simulation and the optimization algorithm. For clarity and convenience, 
β was directly used as the optimization parameter in this study.

2.2. Regional split optimization with numerical simulation (ReSONS) 
framework

To utilize CFD simulation results for design optimization, the CFD 
solver has to be integrated into the optimization iteration loop. 
Currently, some advanced large-scale industrial condensers adopt 
different design strategies for different regions. Inspired by this indus
trial practice, we proposed the regional split optimization method. The 
framework of the ReSONS method is illustrate in Fig. 3. The optimiza
tion process begins with splitting the tube bundle region into multiple 
subregions with independent porosity variables. The division of sub
regions can reflect similar flow and heat characteristics or just simple 
rectangular blocks. The randomly initialized porosity vector β contain
ing each subregion to be optimized is incorporated into the CFD 
configuration and updated iteratively during optimization. In this work, 
the update of porosities is realized through PSO algorithm, with each 
particle represents a different porosity vector in the design space. The 
CFD solver computes the spatial distribution of key physical quantities 
by solving the governing equations and evaluates the corresponding 
performance metrics for each particle. After all the particles are solved, 
the optimization algorithm assesses their effectiveness based on an 
objective function formulated from the performance metrics. Through 
minimizing the objective function, the optimizer then generates a new 
set of porosity vectors, after the CFD configurations are updated with the 
new porosity vectors, simulations are performed again to evaluate these 
new designs. This iterative process continues until either the maximum 
number of iterations is reached or the objective function converges to a 
predefined threshold.

This regional splitting strategy significantly reduces the total number 
of design variables compared to assigning them to individual mesh cells, 

while also aligning better with practical engineering and manufacturing 
constraints. For instance, if the bundle region is divided into 9 sub
regions, the optimization variable is a 9-dimensional porosity vector, 
which not only increases the design flexibility but also maintains a 
manageable optimization space dimensionality.

The optimized porosity distribution provides guidance on the 
regional tube density. For the single pass condensers, the porosity 
change can be achieved by changing the tube pitch within a subregion, 
as the subregions are relatively large, such adjustment is feasible. And 
for multi-pass condensers, the porosity values in different regions are not 
fully independent. In the optimization process, the porosity in the sec
ond pass subregions can be constrained to match that of the first pass, 
and regional porosity optimization is then applied only to the first pass 
domain.

2.3. Multiphase numerical model

2.3.1. Governing equations
To enable more accurate performance predictions, a two- 

dimensional multiphase numerical model is developed to simulate the 
flow behavior of both gas and liquid phases within the condenser. The 
model is developed based on the following assumptions: 

1. The gas phase is treated as a mixture of steam and air with constant 
viscosity, where air is modeled as a pure gas;

2. The steam–air mixture follows the behavior of a perfect gas;
3. Both steam and condensate are assumed to be saturated, and the re- 

evaporation of condensate is neglected;
4. The liquid condensate is modeled as droplets with diameter of 1 mm 

[31] (diffusion of the condensate is neglected);
5. Gas and liquid phases share the same pressure field;
6. The turbulent diffusivity is equal to the turbulent viscosity (Sc = 1);
7. Due to the high tube bundle density, the frictional coefficient is much 

higher than turbulent viscosity μt , so a constant μt is adopted in this 
simulation [2]. A sensitivity analysis also proves that μt has limited 
effect on final results.

The governing equations consist of two sets of conservation equa
tions of mass and momentum for gas and liquid phase, as well as a 
conservation equation of air mass fraction. Following Einstein summa
tion convention with j as the dummy index, and i as the free index (i = 1,
2), the governing equations take the following form:

Gas-phase mass conservation equation: 

Fig. 3. Schematic of ReSONS framework for condenser tube bundle optimization. Local design parameters assigned to each subregion of the tube bundle.
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∂
∂xj

(αgρgugj) = − ṁ (2) 

Gas-phase momentum conservation equation:  

Liquid-phase mass conservation equation: 

∂
∂xj

(αlρlulj) = ṁ (4) 

Liquid-phase momentum conservation equation: 

∂
∂xj

(αlρluljuli) = − αl
∂p
∂xi

+ ṁuli − αlFli +Cfi(ugi − uli)+ δi2αlρlg (5) 

Conservation of air (non-condensable gas phase) mass fraction: 

∂
∂xj

(αgρgYaugj) =
∂

∂xj
(αgρgDe

∂Ya

∂xj
) (6) 

The gas phase volume fraction αg is obtained from the definition of 
porosity: 

αg + αl =

{
1, untubed region

β, tube bundle region (7) 

According to assumption 2, the density of gas phase is obtained from 
the mixing law of the perfect gas: 

Ys = 1 − Ya (8) 

1
ρg

=
Ya

ρa
+

Ys

ρs
(9) 

where ρa, ρs are constant for air and steam. Since the liquid phase only 
consists of condensate, its density ρl is also considered a constant.

The mass source term, ṁ, represents the mass transfer from gas to 
liquid phase due to condensation, which also brings about momentum 
transfer. Condensation only occurs within the tube bundle region, while 
evaporation in the liquid phase is neglected. Fgi and Fli denote the local 
flow resistances induced by the tube bundle for the gas and liquid 
phases. Cfi(uli − ugi) represents the interphase friction between two 
phases. In the liquid-phase momentum equation, gravity is incorporated 
in the y direction using the Kronecker delta function δi2.

The effective viscosity, μe, comprises both the laminar viscosity μ and 
the turbulent viscosity μt . μ is defined as a constant corresponding to 
pure steam at the average pressure and temperature. As suggested by 
Zhang et al. [2], μt can be treated as a constant to reduce computational 
cost while maintaining reasonable simulation accuracy. The effective 
diffusivity of air in steam, De, also consists of laminar diffusivity D and 
turbulent diffusivity Dt , with Dt calculated based on the assumption 
Sct = 1. 

μe = μ+ μt (10) 

De = D+Dt , Dt =
μt

ρSct
(11) 

2.3.2. Momentum source terms
The flow resistance contributed by the tube bundles is modeled using 

the following relationships: 

Fp,i = ξp,iρpup,iUm,p (12) 

where p and i indicate different phases and directions, respectively. ξp,i 

represents the pressure loss coefficient only exists in the tube bundle 
region, which is modeled by the expression suggested by Rhodes and 
Carlucci [32]: 

ξp,i = 2
(

fp,i

Pt

)(
Ptβ

Pt − Do

)2(1 − β
1 − βt

)

fp,i =

⎧
⎪⎨

⎪⎩

0.619Re− 0.198
p,i ; Rep,i < 8000

1.156Re− 0.2647
p,i ; 8000 < Rep,i < 2 × 105

Rep,i =
ρpup,iDo

μp

(13) 

In this study, the interphase force considers only the friction caused 
by the relative motion between droplets and the gas phase. The friction 
is dependent on the relative velocity and the interphase friction coeffi
cient, Cfi, which is expressed as: 

Cfi =
1
2

ρgfdAd
⃒
⃒uli − ugi

⃒
⃒

Ad =
1.5αl

Dd

(14) 

where Ad represents the total interphase area of droplets within the 
control volume, which is derived from the spherical droplet assumption, 
the diameter of droplets is taken as a constant Dd = 0.001 m. The drag 
force coefficient fd is calculated using the empirical equation proposed 
by Clift et al. [33], which is a function of droplet Reynold number Red: 

fd =
24
Red

(1 + 0.15Re0.687
d ) +

0.42
1 + 4.25 × 104Re− 1.16

d
,Red < 3 × 105

Red =
ρgDdUm,rel

μg

(15) 

here Um,rel denotes the magnitude of relative velocity between the gas 
and liquid phase.

2.3.3. Mass source term
The mass source term ṁ represents the mass of steam condensed per 

unit volume. It is determined based on the energy balance between the 
latent heat released during condensation and the heat absorbed by the 
cooling water: 

ṁ =
Ts − Tcw

RtotLlgVc
A (16) 

The tube surface area A within the control volume Vc is dependent on 
the local number of tubes in each cell nt. For the smooth round tubes, the 
relationship between A and nt is expressed as follows: 

A = ntπDo (17) 

Based on the assumption that steam and condensate are in the 

∂
∂xj

(αgρgugjugi) =
∂

∂xj
(αgμe

∂ugi

∂xj
) +

∂
∂xj

(αgμe
∂ugj

∂xi
) −

2
3

αgμe
∂

∂xi
(
∂ugj

∂xj
)

− αg
∂p
∂xi

− ṁugi − αgFgi + Cfi(uli − ugi)

(3) 
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saturated state, local steam temperature Ts is determined from the local 
partial steam pressure using the pressure–temperature correlation sug
gested by IAPWS-IF97 [34]. The local temperature rise of the cooling 
water from inlet to outlet in each mesh cell is calculated based on the 
local condensation rate. The local temperature difference between the 
cooling water and the steam for heat exchange is defined as the loga
rithmic mean temperature difference (LMTD): 

ΔTcw = Tcw,out − Tcw,in =
ṁVcLlgLen
Ṁcwcp,cw

Ts − Tcw = LMTD =
ΔTcw

ln
(

Ts − Tcw,in

Ts − Tcw,out

)
(18) 

Cooling water flow rate in each mesh cell is re-calculated based on 
the number of tubes within the cell once the porosity is changed.

The total thermal resistance consists of four parts, representing a 
series of media between cooling water and steam: 

Rtot = Rcw +Rt +Ra +Rc (19) 

The thermal resistance of cooling water Rcw is calculated using the 
classic Ditus-Boelter correlation [35] for forced convection inside tubes: 

Rcw =

(

0.023
λcw

Di
Re0.8

cw Pr0.4
cw

)− 1(Do

Di

)

Recw =
ρcwUcwDi

μcw

Prcw =
μcwcp,cw

λcw

(20) 

The thermal resistance of the tube wall Rt is calculated using the 
following equation: 

Rt =

Doln
(

Do
Di

)

2λt
(21) 

The thermal resistance of air Ra accumulated at the gas–liquid 
interface is calculated using the empirical correlation given by Berman 
and Fuks [36]: 

Ra =

[

a
De

Do
Re1/2

g

(
p

p − ps

)b

p1/3
(

ρs
Llg

Ts

)2/3 1
(Ts − Tci)

1/3

]− 1

Reg =
ρgUm,gDo

μs

Reg < 350, a = 0.52, b = 0.7

Reg > 350, a = 0.82, b = 0.6

(22) 

where p and ps are the total pressure of gas and partial pressure of steam, 
respectively; Ts and Tci are temperatures of steam and gas–liquid inter
face, respectively. Under the assumption of a constant heat flux from the 
cooling water to the steam, the temperature rise across each thermal 
resistance is proportional to its share of the total thermal resistance.

The thermal resistance of condensate film Rc could have a significant 
impact on the heat transfer characteristics, especially for the bottom 
tubes that are immersed in condensed water dripping down from the 
tubes above. To account for this, Rc at different positions is assumed to 
be proportional to the liquid film thickness. Assuming that the liquid 
film thickness is proportion to the volume fraction of the liquid phase, an 
inundation correction proposed in this study is added to the vapor share 
correction given by Berman and Tumanov [37] : 

Nu =
hDo

λc
= 0.728

[gLlgρc
(
ρc − ρg

)
D3

o

μcλc(Tci − Tow)

]1
4

Rc =

(
λc

Do
Nu

(
1 + 0.0095Re11.8/

̅̅̅̅̅
Nu

√

g

))− 1

max
(αl

C
,1

)
(23) 

where Tci and Tow are temperature of the gas–liquid interface and tube 
outer wall, respectively, which are determined by the corresponding 
thermal resistance ratio in Rtot . C is a variable reflecting the liquid-phase 
volume fraction of the tubes unaffected by the liquid film thickening 
effect, which is taken as 0.001 in this study. αl

C equals to the thermal 
resistance ratio of any tube to the tube without inundation effect. The 
maximum function with 1 ensures that the minimum correction equals 
to the tube without inundation.

2.4. Particle swarm optimization algorithm

Engineering optimization problems are typically formulated as 
mathematical models aimed at finding the optimal values of the objec
tive functions subject to specific constraints. In this study, the optimi
zation focuses on the flow and heat transfer performance of the 

Fig. 4. Profile of the experimental condenser and the mesh used for simulation.
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condenser, which are derived from the CFD simulation results. Since 
these objective functions are non-differentiable and the relationship 
between design variables and the objectives is implicit, an evolutionary 
algorithm is adopted to address such problems.

Particle Swarm Optimization (PSO) [38] is a widely used evolu
tionary algorithm in engineering optimization. Inspired by the social 
behavior of flocks and swarms, PSO starts with randomly initializing a 
group of particles in the search space, each with a position and velocity. 
The position of a particle represents a potential solution of design var
iables. During each iteration, particles explore the search space by 
updating their positions based on their velocities and evaluate the 
objective function at the new positions. To guide the search, the algo
rithm keeps track of both the best position found by each individual 
particle (personal best) and the best position found by the entire swarm 
(global best). Each particle adjusts its velocity according to both its 
personal experience and group knowledge of the optimal position and 
updates its position along the direction of velocity.

Mathematically, PSO algorithm updates velocities and positions of 
particles using the following equations: 

vt+1
k = ωt+1vt

k + c1r1(pt
k − xt

k)+ c2r2(gt − xt
k) (24) 

xt+1
k = xt

k +vt
k (25) 

where k = 1, 2, ...,K denotes the particle index and t = 1, 2, ...,T is the 
iteration step. vt

k, x
t
k,p

t
k, g

t ∈ RD are vectors with dimensionality D 
equals to the number of design variables. c1, c2 are cognitive and social 
coefficients adjusting the influence of personal best and global best 
position on the velocity. r1, r2 are random numbers between 0 and 1 that 
exert stochastic influence on the search process enabling the particles to 
escape from local optima. ωt is the inertial weight to control the influ
ence of the previous velocity on the current one to avoid divergence, a 
linearly decreasing strategy (26) is employed in this work to dynami
cally adjust inertial weight across iteration steps. A large inertial weight 
ω0 = 0.9 is adopted at the initial stage to favor global search, and it 
decreases to a small value ωT = 0.4 at the end to favor local search. 

ωt+1 = ωT +(ω0 − ωT)
(T − t)

T
(26) 

3. Results and discussion

3.1. Target condensers and computation method

In this study, the CFD solver is validated with the measured data [39] 

Table 1 
Original geometric and operating parameters of the experimental condenser.

Geometric parameters Unit Value

Condenser Length m 1.219
Condenser Width ​ 1.02
Condenser Height m 0.78
Tube Outer Diameter mm 25.40
Tube Wall Thickness mm 1.25
Tube Pitch mm 34.90
Operating Condition ​ ​
Inlet Cooling Water Temperature ◦ C 17.80
Inlet Cooling Water Velocity m/s 1.19
Inlet Steam Pressure pa 27,670
Inlet Steam Flow Rate kg/s 2.032
Inlet Air Flow Rate kg/s 2.48× 10− 4

Fig. 5. Profile of the industrial condenser and the mesh used for simulation.

Table 2 
Original geometric and operating parameters of the industrial condenser.

Geometric parameters Unit Value

Condenser Length m 7.30
Tube Outer Diameter mm 19.05
Tube Wall Thickness mm 0.70
Tube Pitch mm 26.00
Operating Condition ​ ​
Inlet Cooling Water Temperature ◦C 20.00
Inlet Cooling Water Velocity m.s 1.19
Inlet Steam Pressure pa 7500
Inlet Steam Flow Velocity m/s 45.00
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of an experimental condenser widely used in literatures [2,3]. The 
ReSONS method is applied to this experimental condenser as well as an 
industrial condenser reported by Naviglio [40].

The profile and mesh of the experimental condenser are illustrated in 
Fig. 4. In its original design, 400 tubes are uniformly arranged within the 
rectangular tube bundle region in a triangular layout. The geometric and 
operating parameters of this condenser are summarized in Table 1. The 
profile and mesh of the industrial condenser are illustrated in Fig. 5. 

3968 tubes are uniformly arranged in a triangular layout. The geometric 
and operating parameters are summarized in Table 2.

The homemade 2-D condenser CFD calculation program, ConDesign- 
2D, is used as the CFD solver to be integrated with PSO algorithm. Both 
CFD solver and optimization algorithm are developed based on MAT
LAB. The program solves the two-fluid model through the finite volume 
method on unstructured collocated mesh using SIMPLE algorithm. Rhie- 
Chow interpolation method is adopted to solve the velocity–pressure 
decoupling problem. The convection term is discretized in a first order 
upwind scheme. The gradients of flow variables at the cell centers are 
calculated with the Green-Gauss method. The source terms are dis
cretized with Gaussian integration using their values at cell centers. 
Unstructured meshes are generated by the open-source program ‘bamg’ 
[41] to adapt to the complex shape of the condenser.

The numerical model employs the following boundary conditions: At 
the inlet, the air mass fraction and velocity are specified for both gas and 
liquid phases, with the liquid phase volume fraction set to a small value. 
The gas outlet is defined by a specified pressure condition. The bottom 
wall serves as an outlet for the liquid phase, whereas the gas phase en
counters a no-slip wall. For all remaining walls, a no-slip condition is 
applied to both gas and liquid phases.

Each CFD simulation of the experimental condenser, using a mesh 
with 1902 cells, takes about 10 min on average when run on an Intel® 
Xeon® Platinum 8336C processor. Since the CFD simulations for 
different particles within the same optimization iteration are indepen
dent, they can be executed in parallel. By utilizing 16 workers in a 
parallel computing pool, the total computation time for a complete 

Table 3 
Mesh independence verification of key performance metrics of the experimental 
condenser.

Cell number Uncondensed ratio HTC*

​ % W • m− 2 • K− 1

808 0.86 2626
1902 0.37 2637
4574 0.30 2639

* HTC: (averaged) Heat Transfer Coefficient.

Table 4 
Mean absolute percentage error of numerical heat flux value along four rows of 
tubes.

3rd Row 8th Row 13th Row 18th Row

Our Simulation 10.02 % 24.08 % 17.18 % 25.36 %
Zhang 1997[4] 20.51 % 23.01 % 17.88 % 25.49 %

Fig. 6. Comparison of heat flux between numerical and experimental value along four rows of tubes.
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optimization process involving 480 CFD simulations can be reduced to 
less than 24 h.

3.2. CFD solver validation

Table 3 lists the calculation results of the experimental condenser 
with different number of cells. Key physical quantities only changs 
slightly when the number of cells increases from 1902 to 4574, so the 
1902 mesh is considered to be sufficiently fine to meet the mesh inde
pendence requirement.

To validate the accuracy of the developed solver, simulations were 
conducted based on the original design parameters of the experimental 
condenser, and the results were compared with experimental data [39] 
and the simulation results provided by Zhang et al [4]. The average heat 
flux for four rows of tubes, from bottom to top, was extracted from our 
simulation result and compared with the measurements. The mean ab
solute percentage errors of the predicted heat flux are listed in Table 4. 
As shown in Fig. 6, The accuracy of the lower rows of tubes is higher 
than that of the upper row of tubes. Despite the deviation of 8th row at 
x ∈ [0.6,0.8] and 18th row at x ∈ [0.7,0.9], the overall trend of the heat 
flux aligns well with the experimental data, demonstrating reasonable 
simulation capability of the solver. Our predicted total condensation 
rate is 2.025 kg/s, which also fits well with the measurement of 2.021 
kg/s [4].

3.3. Results of the experimental condenser

This study focuses on enhancing condensation efficiency and 
reducing steam flow resistance through optimizing tube density. When 
the tube bundle region is modeled as porous media, the tube density is 
directly reflected by the regional porosity values, which are used as the 
design variables. The objective function to be minimized during opti
mization is composed of two performance metrics: 

f(β) =
Δps

ṁ
(27) 

where Δps is the shell-side pressure drop from inlet to outlet, reflecting 
the steam flow resistance. The inlet pressure is obtained as the area- 
weighted-average pressures on the inlet boundary faces, and Δps is 
calculated as the difference between the inlet and outlet pressures. 
Reducing flow resistance improves equipment vacuum levels, and 
lowers condensate subcooling and oxygen content. ṁ is the condensa
tion rate defined as the mass of steam condensed in the condenser per 
unit time, which should approach the inlet mass flow rate to ensure 
efficient operation.

β= (β1, β2, ..., βn) are regional porosities to be optimized. The 
searching space for each porosity value is restricted to (0.2146, 0.99), 

corresponding to pitch value Pt = 5Do and Pt ≈ ∞Do respectively. PSO 
parameters listed in Table 5 are used by default.

3.3.1. Comparison of regional split optimization with original design and 
global optimization

To evaluate the effectiveness of the proposed regional split optimi
zation method, the tube bundle was first divided into 3 × 3 subregions 
with 9 independent porosity variables. This approach was compared 
with optimizing the global porosity value without splitting the tube 
bundle region. Additionally, the performance metrics of the condenser 
optimized using the 3 × 3 regional split and global porosity approaches 
were compared to those of the original design. A total of 20 optimization 
iterations were performed using a particle swarm with 24 particles. The 
resulting performance metrics for all cases are summarized in Table 6.

As shown in Case 0 and Case 1, the performance metrics and 
objective function values obtained from global optimization are nearly 
equal to those of the original design. This indicates that, under a con
ventional uniform tube bundle arrangement, the original design was 
already close to optimal, leaving limited room for further optimization.

In contrast, by dividing the tube bundle into 9 independent sub
regions and optimizing the porosity of each region, further performance 
gains were achieved. As shown in Case 2, the objective function value 
decreased from 30.08 in the original design to 22.39 with the 3 × 3 
partition. Compared with the global optimized design, the 3 × 3 regional 
split optimization reduced the steam pressure drop by approximately 23 
%, and the uncondensed ratio by about 36 %. These improvements in 
both flow and heat transfer performance demonstrate the potential of 
the regional split optimization approach to overcome the limitations of 
conventional uniform tube arrangements.

3.3.2. Comparison between different region partitions
Building on the success of the 3 × 3 regional split optimization, 

further investigations were carried out to access the impact of finer 
partitioning on condenser performance. The tube bundle region was 

Table 5 
PSO parameters used for the regional optimization.

Parameter Value Parameter Value

Population 24 Cognitive Coeff c1 1
Iteration 20 Social Coeff c2 2

Table 6 
Optimal performance metrics of experimental condenser under 20 iterations of 24 particles with different region splits.

Configuration Uncondensed ratio Pressure drop HTC Objective function

​ ​ % Pa W • m− 2 • K− 1 Pa • s • kg− 1

Case 0 Original 0.49 60.81 2632 30.08
Case 1 Global Opt 0.45 58.71 2730 29.03
Case 2 3 × 3 Opt 0.29 45.36 2327 22.39
Case 3 4 × 4 Opt 0.18 46.12 2372 22.74
Case 4 5 × 5 Opt 0.31 47.36 2519 23.38
Case 5 6 × 6 Opt 0.23 47.70 2381 23.53
Case 6 8 × 8 Opt 0.23 51.87 2651 25.59

Fig. 7. The trend of the optimal objective function changing with the number 
of subregions. The objective function under fine split deteriorates due to 
insufficient search of parameter space.
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divided into progressively smaller subregions, ranging from 4 × 4 to 8 ×
8, with the aim of achieving more refined designs.

The corresponding performance metrics for these finer partitions are 
summarized in Table 6. The results show that finer partitions still can 
provide better performance than the uniform tube arrangement. The 4 
× 4 partition achieved the lowest uncondensed ratio, reducing it by 63 
% compared to the original design. Meanwhile, the 3 × 3 partition 
yielded the lowest pressure drop, representing a 25 % reduction from the 
original design.

Fig. 7 shows the trend of the objective function with increasing 
number of subregions. The solid line represents the results obtained 
using 24 particles over 20 iterations, while the dushed line shows results 
form 8 particles over 30 iterations for comparison. As the number of 
subregions increases, the objective function exhibits a slight increase 
trend. This performance degradation is attributed to the growing 
complexity of the optimization problem in higher-dimensional design 
space. The discrepancy between the two lines in Fig. 7 shows that the 
optimization effect is closely related to the search capability of opti
mizer. When only 8 particles are employed, the deterioration with 

increasing dimensionality becomes more pronounced, with the objec
tive function for the 8 × 8 partition even exceeding that of the original 
design. Upon increasing the number of particles to 24, the results of the 
8 × 8 partition improve significantly. However, the resulting porosity 
distributions in these finer partitions tends to become excessively 
intricate, deviating from practical engineering feasibility.

The optimized porosity distributions under different partitioning 
schemes are shown in Fig. 8. The improvement in condenser perfor
mance has a close relationship with the spatial patterns of porosity. As 
shown in Fig. 8 b), the porosity in region 4 of 3 × 3 partition, located at 
the center of the steam inlet side, is significantly higher than the sur
rounding regions. This implies a lower tube bundle density in this re
gion, resulting in wider tube spacing and a larger flow area on the 
upstream periphery. Such a design reduces flow resistance to the 
incoming steam, facilitating better steam diffusion into the interior of 
the tube bundle. A similar pattern emerges across all finer partitions, 
where high-porosity regions appear in the middle or upper part of the 
bundle on the steam inlet side. When the high-porosity region is located 
in the upper region, it can reduce the flow resistance from the upper tube 
bundle to the downward-facing outlet.

Notably, this optimized tube arrangement, which reduces tube 
density on the upstream periphery, aligns with established engineering 
practices. In industrial condenser designs, inlet steam channels are 
commonly employed to enhance steam diffusion. ReSONS optimization 
reveals a similar pattern purely through CFD data-driven optimization, 
without relying on prior knowledge.

Fig. 9 shows the total number of tubes calculated from the optimized 
porosity and the corresponding uncondensed ratio. The original 
configuration contains 400 tubes (with a computed value of 397) and 
has an uncondensed ratio of 0.49 %. The 4 × 4 partition achieves the 
lowest uncondensed ratio, while the number of tubes increased by about 
10 %. However, a greater number of tubes does not necessarily guar
antee a lower uncondensed ratio. Compared to 3 × 3 partition, the 4 × 4 
partition achieves a lower uncondensed ratio with fewer tubes through 
more reasonable arrangement.

Fig. 8. Optimized porosity distribution under different region splits. The optimization results show a similar high porosity region on the upstream periphery.

Fig. 9. The tube count and uncondensed ratio for different region splits.

R. Zhang et al.                                                                                                                                                                                                                                   Applied Thermal Engineering 279 (2025) 127541 

10 



Fig. 10 and Fig. 11 shows the impact of porosity distribution on the 
pressure field and steam flow resistance across different partitions. The 
pressure drop within the tube bundle is primarily caused by two factors: 
the flow resistance of the tube bundle and the steam condensation. In the 
uniform arrangement of tube bundles (Fig. 10 a)), the high tube density 
near the periphery of the tube bundle region leads to intense conden
sation and restricted flow passages. This results in a substantial pressure 
drop and the formation of an extensive low-pressure zone within the 
bundle. This phenomenon contributes to high steam flow resistance and 
impedes the effective diffusion of steam into the interior. In contrast, the 
partitioned optimization designs exhibit higher porosity regions along 
the upstream periphery of the tube bundle, which reduces the local 
condensation rate and increases the flow area. Consequently, these re
gions exhibit a gentler pressure gradient, leading to a reduction in steam 
flow resistance compared to the uniform arrangement.

Fig. 12 shows the distribution of surface Heat Transfer Coefficients 
(HTC) across different partitions. The results reveal that regions with 

higher porosity exhibit larger HTC values. Since HTC is the reciprocal of 
the total thermal resistance Rt , its spatial variation reflects the local heat 
transfer efficiency. Among the components of thermal resistance, the 
resistances from the tube bundle Rtb and the cooling water Rcw are in
dependent of the shell-side flow conditions. Additionally, the air thermal 
resistance Ra near the upstream periphery remains relatively stable. 
Therefore, the primary reason for the elevated HTC in high-porosity 
regions is a reduction in condensate thermal resistance Rc, which is a 
result of the high steam Reynolds numbers due to reduced flow resis
tance. However, as condensation proceeds, the local air concentration 
rises, leading to a rapid increase in Ra. This results in lower HTC values 
in the central regions of the tube bundle.

3.4. Results of the industrial condenser

The objective function for the industrial condenser is defined as a 
weighted sum of three components. First, the ratio of shell-side pressure 
drop Δps to condensation rate ṁ is included. Second, to control the 
construction costs, the number of tubes after optimization should not 
increase significantly. Conversely, an excessively low tube count may 
degrade the condensation efficiency, which is also undesirable. There
fore, a penalty term is added to constrain the total number of tubes, 
ensuring it does not deviate substantially from the original design value 
(3968). Third, during the optimization process, certain poor design 
parameter combinations may lead to non-convergent CFD simulations. 
These cases typically yield large objective function values. To mitigate 
their adverse impact on the optimization process, an additional penalty 
term is imposed on such cases to eliminate them in the early stage of 
optimization. Above all, the objective function of the industrial 
condenser takes the following form: 

Fig. 10. Pressure distribution under different region splits. High porosity region on the upstream periphery results in a lower pressure gradient.

Fig. 11. The steam flow resistance for different region splits.
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Fig. 12. Surface Heat Transfer Coefficient (HTC) distribution under different region splits. High porosity region on the upstream periphery has larger HTC due to the 
reduced Rc.

Fig. 13. Regional split of the industrial condenser and the correspondence of porosity variables.
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f(β) = w1
Δps

ṁ
+ w2(max(0,Nmin − Nt) + max(0,Nt − Nmax) ) + w31NC

1NC =

{
1, if Rp > 1e − 4 or RU > 1e − 2 or RYa > 1e − 2

0, otherwise
(28) 

where Nmin, Nmax are minimum and maximum number of tubes desired. 
Rϕ is the relative residual of corresponding equation. In this study, [Nmin,

Nmax] = [3950,4000], [w1,w2,w3] = [1,0.1,100].
Given the symmetry of the condenser, the number of subregions with 

independent porosity variables is counted as half of the condenser. Two 
regional split schemes are considered, with 6 and 9 independent sub
regions, respectively. The splits of subregions are illustrated in Fig. 13. A 
global optimization case is also conducted to compare the effect with 
regional optimization.

The performance metrics before and after optimization are 

summarized in Table 7. All optimization results were obtained after 20 
iterations using 24 particles. Similar to the previous case, the perfor
mance improvement under global optimization is negligible. In contrast, 
the two regional split cases show significant enhancements. Especially 
the case with 6 independent subregions achieves a notable reduction in 
the uncondensed ratio by 0.72 % and a decline in steam pressure drop by 
462Pa, which is much better than the global case. Meanwhile, the total 
number of tubes in the 6-subregions design remains the same as in the 
global optimization result. It means that a uniform tube arrangement is 
not optimal, through rearranging the tube density, the performance of 
condenser can be significantly improved without increasing construc
tion costs.

The performance of the 9-subregions case is not as good as the 6-sub
regions one, even though the design space of the 9-subregions case can 
be viewed as a refinement of the 6-subregions space, and the solutions of 
the latter form a constrained subset of the former. This indicates that the 
deterioration of the 9-subregions case is due to inadequate optimization 
rather than the limitations of the regional split method.

The optimized porosity values are summarized in Table 8, where the 
corresponding tube pitch given the outer diameter of 19.05 mm are also 
listed. The porosity distributions are illustrated in Fig. 14. Since the 
industrial condenser has already reserved steam channels and the top 
tube bundle area has no lateral partition on the upwind side, the opti
mized porosity distribution does not show high porosity subregions 
similar to the previous case.

Fig. 15 shows the pressure distribution for the global optimization 

Table 7 
Optimal performance metrics of experimental condenser under 20 iterations.

Configuration Uncondensed 
ratio

Steam flow 
resistance

Computed 
tube count

Objective 
function

​ % Pa \ Pa • s • kg− 1

Original 3.81 1988 3973 66.89
Global 3.75 1948 3999 65.49
6-Opt 3.09 1526 3999 50.96
9-Opt 3.19 1586 4007 53.02

Table 8 
The original and optimized regional porosity and corresponding tube pitch of industrial condenser.

i 1 2 3 4 5 6 7 8 9

Original βi 0.513
​ Pti (mm) 26.0
Global βi 0.510
​ Pti (mm) 25.9
6-Opt βi 0.483 0.456 0.562 0.613 0.539 0.335 \ \ \
​ Pti (mm) 25.2 24.6 27.4 29.1 26.7 22.2 \ \
9-Opt βi 0.445 0.450 0.681 0.377 0.514 0.552 0.579 0.395 0.417
​ Pti(mm) 24.3 24.5 32.1 23.0 26.0 27.1 28.0 23.3 23.8

Fig. 14. Optimized porosity distribution under different region splits. The 6 subregions case gained the best performance among the three cases.
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and regional optimization results. Since the outlet pressure is fixed, the 
increased condensed ratio achieved in the 6-subreigons optimization 
leads to a lower inlet pressure, which is the main reason of the lower 
pressure drop. In the regional optimization cases, the average tube 
density in the top and bottom bundles is higher than that of the global 
optimization case. These regions are main flow paths of the steam. 
Specifically, the number of tubes in the top bundle increases from 1986 
in the global optimization case to 2042 in the 6-subregion optimization 
result, which enhance steam condensation but also introduces slightly 
higher local flow resistance.

4. Conclusion

In this study, a Regional Split Optimization with Numerical Simu
lation (ReSONS) method is proposed to enable more flexible and locally 
informed optimization of condenser tube bundles. By coupling a two- 
dimensional multiphase CFD solver with the PSO algorithm, the 
method optimizes the porosity distribution across subregions of the tube 
bundle. This regional parameterization allows the optimization process 
to incorporate detailed flow and heat transfer characteristics given by 
CFD results, addressing the limitations of traditional global design ap
proaches. In an experimental condenser case, the best results obtained 
from the ReSONS method reduce the pressure drop by 25 % and 
uncondensed ratio by 63 %, compared to the uniform tube arrangement. 
And in an industrial condenser case, the pressure drop and uncondensed 
ratio are reduced by 23 % and 19 %, respectively. These improvements 
highlight the method’s ability to enhance design performance by 
expanding the design space and enabling localized control of tube 
bundle properties. Notably, the optimized tube bundle layout of the 
experimental condenser exhibits high porosity regions near the inlet to 
reduce flow resistance and facilitate steam diffusion, which is similar to 
engineering intuition. It demonstrates that ReSONS can generate phys
ically meaningful and practical design insights.

This work presents a novel approach to integrating CFD-derived flow 
information into automated condenser design, providing a new pathway 
for localized optimization that bridges the gap between detailed simu
lation data and practical design strategies. However, increasing the 

number of subregions raises the dimensionality of the optimization 
problem. While a finer split may offer greater flexibility and potentially 
better solutions, the higher dimensionality also increases optimization 
difficulty, which can degrade performance under limited computational 
resources. Optimization under high degrees of freedom remains a 
challenging issue, future research should focus on the selection of 
optimization algorithms and strategies to better handle high- 
dimensional search spaces and avoid local optima.
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