
International Journal of Sustainable Energy

ISSN: 1478-6451 (Print) 1478-646X (Online) Journal homepage: www.tandfonline.com/journals/gsol20

Parameter optimisation of the Eolic Cell to
augment wind power density through the
Metamodel of Optimal Prognosis

Alfredo R. Calle, Giusep Baca, Salome Gonzales, Andrés Diaz Zamora, Hugo
R. Calderón Torres & José A. López

To cite this article: Alfredo R. Calle, Giusep Baca, Salome Gonzales, Andrés Diaz Zamora, Hugo
R. Calderón Torres & José A. López (2024) Parameter optimisation of the Eolic Cell to augment
wind power density through the Metamodel of Optimal Prognosis, International Journal of
Sustainable Energy, 43:1, 2321627, DOI: 10.1080/14786451.2024.2321627

To link to this article:  https://doi.org/10.1080/14786451.2024.2321627

© 2024 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

Published online: 12 Mar 2024.

Submit your article to this journal 

Article views: 1387

View related articles 

View Crossmark data

Citing articles: 2 View citing articles 

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=gsol20

https://www.tandfonline.com/journals/gsol20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/14786451.2024.2321627
https://doi.org/10.1080/14786451.2024.2321627
https://www.tandfonline.com/action/authorSubmission?journalCode=gsol20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=gsol20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/14786451.2024.2321627?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/14786451.2024.2321627?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/14786451.2024.2321627&domain=pdf&date_stamp=12%20Mar%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/14786451.2024.2321627&domain=pdf&date_stamp=12%20Mar%202024
https://www.tandfonline.com/doi/citedby/10.1080/14786451.2024.2321627?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/14786451.2024.2321627?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=gsol20


REVIEW ARTICLE

Parameter optimisation of the Eolic Cell to augment wind power 
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aCentral Graduate School, Universidad Nacional de Ingeniería, Lima, Peru; bFaculty of Mechanical Engineering, 
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ABSTRACT  
The present work advances a methodology to optimise variables involved 
in fluid dynamic phenomena for augmented wind turbines. Particularly, 
the study focuses on improving the performance of a convergent- 
divergent augmented wind turbine based on eolic cells designed to 
increase wind speed at the throat section, where a peripherally 
supported magnetic levitation rotor will be installed as part of a novel 
wind energy system for distributed generation. Previous studies focused 
on maximising average wind velocity as the target variable. In contrast, 
this study shifted its focus to power density, resulting in more effective 
and consistent results. Numerical axisymmetric computational fluid 
dynamics simulations were conducted to determine the impact of these 
improvements. Response surfaces were created for parametric analysis, 
and the metamodel of optimal prognosis was implemented to provide 
accuracy. The results indicate a significant improvement in available 
power, with an average increase of up to 12.5 times compared to non- 
augmented conditions.
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Highlights

. Eolic Cells significantly enhance the power augmentation effect by up to 12.5 times compared to 
non-augmented conditions.

. The use of average wind velocity as a measure of available power is inadequate due to its implicit 
oversimplification that assumes a linear wind velocity profile.

. Opting for available power as the target variable for optimisation is more suitable since it 
accounts for the impact of a nonlinear wind velocity profile.

. The introduction of modularity, to a certain extent, does not significantly compromise the power 
augmentation effect and the corresponding available power.

. On average, this research substantially improves the available power by 2.7 times when com
pared to a previous study on Eolic Cells.
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Abbreviation table

Abbreviation Description

CDAWT Convergent-Divergent Augmented Wind Turbine
ECs Eolic Cells
CFD Computational Fluid Dynamics
DAWT Diffuser-Augmented Wind Turbines
RANS Reynolds Averaged Navier-Stokes
DWT Ducted Wind Turbine
MOP Metamodel of Optimal Prognosis
SST Shear-Stress Transport
GCI Grid Convergence Index
IAC Internal Aerodynamic Chamber
LHS Latin Hypercube Sampling
L Chord length
Ym Throat diameter
Xm Throat distance from inlet opening
RTO Ratio of throat diameter over inlet opening diameter
P Available power
AWV Average wind velocity
COD Coefficient of Determination
COI Coefficient of Importance
COP Coefficient of Prognosis
4dBZC Fourth-degree Bezier Curves
Cs Strain coefficient
WS Wind speed
NLPQL Nonlinear Programming by Quadratic Langrangian
Simplex Downhill Simplex Method
MISQP Mix Integer Sequential Quadratic Programming

I. Introduction

The current research aims to advance state-of-the-art methodologies to optimise variables involved 
in fluid dynamic phenomena and alternative approaches to wind energy systems for distributed 
generation. Specifically, this study applies a particular methodology to improve the performance 
of a new type of wind turbine design known as Convergent-Divergent Augmented Wind Turbine 
(CDAWT), based on the innovative concept of Eolic Cells (EC). These are individual, modular 
wind systems whose structures are designed to augment wind speed in the throat section, where 
a special wind turbine rotor is installed. The rotor transmits power to the periphery through a 
power transmission magnetic mechanism. This rotor type has a peripheral support that differs 
from the conventional central axis support. The advantage of this design is linked to eliminating 
turbulence generated by the presence of an electric generator coupled to the horizontal axis. 
This new wind energy system configuration seeks to maximise the power coefficient by augmenting 
the power density and reducing turbulence flow. Figure 1 shows a computational representation of 
an EC integrated with a peripherally supported wind turbine rotor.

Figure 2 illustrates EC’s modularity by showcasing an array of ECs arranged in tower 
configurations.

It is important to highlight that this particular work is just one aspect of a comprehensive project 
that delves into studying EC components from various disciplines. Specifically, the present manu
script focuses on optimising the EC’s aerodynamic geometry to attain the highest possible power 
density. Subsequently, in future studies, the multidisciplinary project will address the analysis 
and optimisation of a new peripherally supported wind turbine in conjunction with the optimised 
EC’s geometry resulting from this study. The reason for this segmentation lies in the fact that both 
the EC’s geometry and EC’s peripherally supported wind turbine have distinct underlying perform
ance parameters, in addition to differentiated target variables for optimisation. While the EC’s geo
metry aims to maximise power density, the EC’s wind turbine aims to maximise the power 
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coefficient. Therefore, segmenting the study of an integrated system into subsystems simplifies the 
multidimensional complexity of the parametric analysis, reducing computational costs and increas
ing the effectiveness of the optimisation tools used. Furthermore, in general, carrying out the study 
of each subsystem in the above-indicated order (first the EC’s geometry optimisation and then EC’s 
wind turbine rotor) is relevant due to the significant impact that the geometry surrounding a wind 
turbine has on laminar flow and resulting wind profile, which undoubtedly affects wind turbine per
formance. In other words, optimising the wind turbine’s parameters without first characterising the 
new wind profile caused by the presence of a geometry surrounding the wind turbine is an impre
cise and incomplete approach.

1.1. Focus of the studies on augmented wind turbines

Previous research in this field has explored various strategies to improve the efficiency of wind 
energy systems, from aerodynamic improvements in blades to innovations in system architecture. 
The trend of innovating over external geometries around wind turbines has led to considering the 

Figure 1. Computational rendering of the Eolic Cell with an integrated peripherally supported wind turbine.
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implementation of different shapes for ducts and diffusers designed to redirect and accelerate wind 
flow towards the wind turbine’s rotor (Hu and Cheng 2008). Although several designs have been 
proposed to augment vertical-axis wind turbines (Allaei and Andreopoulos 2014; Hang et al. 
2018; Jadallah, Farag, and Hamdi 2018;; Salem, Mohammedredha, and Alawadhi 2023; Santoli 
et al. 2014 Wang et al. 2017; Wang et al. 2020; Wang et al. 2022; Wong et al. 2018), with the com
mon goal of maximising wind energy harnessing, this work focuses only on research related to aug
mented horizontal-axis wind turbines.

In this research, numerous articles discuss Diffuser-Augmented Wind Turbines (DAWT) and 
their power coefficient enhancement through diffuser implementation. Nunes, Brasil Junior, and 
Oliveira (2020) conducted a meta-study that reviewed and categorised 155 research on DAWT 
into 16 specific topics, introducing a discussion on relevant parameters, main research branches, 
and their most important findings.

1.2. Theoretical contributions for wind turbines with diffusers

Lilley and Rainbird’s (1956) research was one of the first to evaluate wind turbine performance 
by implementing ducting and establishing a comparative concept of power coefficient between 
bare and augmented wind turbines. Other studies have contributed to the theoretical framework 
in this field by presenting simplified surrogate models (Foreman, Gilbert, and Oman 1978; Gil
bert Barry, Oman Richard, and Foreman Kenneth 1978; Oman, Foreman, and Gilbert 1977) and 
one-dimensional theory analysis (de Vries 1979). These models require empirical parameters 
and experimental data to predict diffuser performance over different geometries and simulant 
situations. Jamieson’s (2008), (Jamieson 2009) and Van Bussel Gerard, van Bussel Dr Gerard, 
and Van Bussel Gerard’s (2007) analytical models introduced an advance in theory by showing 
the ability of DAWTs to overcome the Betz limit, which was later reinforced by Foote et al.’s 
research (Foote and Agarwal 2012). Afterward, new methods for numerically evaluating the per
formance of DAWTs were developed following the theoretical actuator disc models (Aranake 
and Duraisamy 2017; Dighe et al. 2019; Dighe, Avallone, and van Bussel 2016; Kumar and 
Saha 2019; Ohya et al. 2012; Sorribes-Palmer et al. 2017; Wang, Song, and Yan 2019).

Figure 2. Illustration of an organised collection of structures consisting of modular Eolic Cells.
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1.3. Diffusers with aerodynamic profile

One common strategy for improving diffusers is to increase the outlet area by modifying the flange 
angle. However, these modifications can lead to boundary layer separation and decreased perform
ance. Researchers suggest that using an aerodynamic diffuser instead of the usual conical diffuser 
can help avoid this problem, improving efficiency. Research by Fletcher Clive (1981) and Aranake 
Aniket, Lakshminarayan Vinod, and Karthik (2013; 2015) involved experimenting with various air
foils to achieve a target power coefficient. Meanwhile, Bagheri-Sadeghi, Helenbrook, and Visser 
(2021) analyzed the airfoil layout to determine the maximum power density. In contrast, Venters 
and Cols (Venters and Helenbrook 2013) and Civalier et al. (2011) conducted experiments to ana
lyze the impact of airfoils on pressure distribution. Similarly, Mehmood et al. (Mehmood, Liang, 
and Khan 2012; Mehmood, Zhang, and Khan 2012) conducted studies to analyze the axial velocity 
distributions for different airfoils with augmented wind speed as the target variable.

1.4. Curved diffusers

Most DAWTs use a simplified curved shape to achieve airfoil-like results without disrupting the 
flow. However, some curved diffusers can create a recirculation zone on the outer surface (Dighe 
et al. 2018). This design concept can be applied in wind farms (Ohya and Karasudani 2010) and 
can facilitate optimisation methods by adjusting the position of the coordinates that control the 
shape of the diffuser curve (Amer et al. 2013; Foote and Agarwal 2012).

1.5. Influence of diffuser length

Another strategy for improving diffusers’ performance is to increase their length to achieve a higher 
area ratio between the diffuser and the rotor. This approach aims to prevent an increase in the 
expansion angle, which reduces the risk of boundary layer separation. Research has focused on ana
lyzing the impact of varying the diffuser length while maintaining the diffuser’s shape and expan
sion angle. Matsushima, Takagi, and Muroyama (2006) and Ohya et al. (2006) found that increasing 
the diffuser length led to significant performance improvements up to an optimum length, beyond 
which marginal improvements were not substantial. Similarly, Ohya and Karasudani (Ohya et al. 
2012), Buehrle, Kishore, and Priya (2013), and Shi et al. (2015) analyzed the influence of the 
ratio between diffuser length to turbine diameter, defining this ratio as a parameter to optimise 
diffuser design within a range of optimal values.

1.6. Research with optimisation methods

Optimisation methods such as evolutionary algorithms (Alpman 2018; Daniele, Ferrauto, and 
Coiro 2013;; Khamlaj and Rumpfkeil 2018; Leloudas et al. 2020 Oka et al. 2015; Rahmatian, Shahr
babaki, and Moeini 2023) and gradient-based optimisation processes (Calle, Baca, and Gorizales 
2022) can be employed to achieve better diffuser designs. These methods are promising for their 
ability to be used with other computational analysis models and the convenience of analyzing 
many geometries without needing to manufacture each corresponding physical prototype. As a 
summary of different optimisation methods utilised in the field, Table 1 compares select research 
conducted on DAWTs over the past decade. These studies focus on improving diffuser performance 
to increase the power coefficient.

The objective of the research conducted by Daniele et al. (Coiro, Daniele, and Della Vecchia 
2016; Daniele and Coiro 2013; Daniele, Ferrauto, and Coiro 2013) is to optimise an aerodynamic 
diffuser by using the power coefficient obtained directly from the STAR CCM+ analysis solver. 
Similarly, Tariq et al. (Khamlaj and Rumpfkeil 2018) aim to optimise both duct and blade shape 
by using the power coefficient as the target function while minimising the drag and thrust 
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coefficients calculated in OpenFOAM. Leloudas et al.’s research (Leloudas et al. 2020) maximises 
the average wind-speed increase and minimises drag within geometrical constraints. In contrast, 
Rahmatian et al.’s research (Rahmatian, Shahrbabaki, and Moeini 2023) aims to maximise the 
maximum wind velocity and the average wind velocity at the duct’s throat, where a wind turbine 
rotor is placed, in order to increase the power coefficient accordingly. In contrast to prior research, 
the present study focuses on optimising a convergent-divergent aerodynamic geometry without a 
pre-installed wind turbine rotor to facilitate an explicit wind profile characterisation with no exter
nal disturbance. The main objective is maximising the available power for a peripherally supported 
wind turbine to be installed at the throat section.

Regarding geometry parameterisation, surrogate models are applied to control the diffuser 
design for optimisation. Daniele, Ferrauto, and Coiro (2013) use an aerodynamic profile over 
which a shape optimisation process is performed by applying Legendre polynomials. Tariq et al. 
(Khamlaj and Rumpfkeil 2018) optimise a slender curve using a quadratic polynomial. Leloudas 
et al. (2020) apply the Free-Form Deformation (FFD) technique to optimise an airfoil geometry. 
Rahmatian, Shahrbabaki, and Moeini (2023) vary the angle and length of a duct’s convergent 
and divergent sections to find the optimal design of a straight-line airfoil. Conversely, the present 
study optimises a convergent-divergent geometry formed by a revolved aerodynamic airfoil para
metrised using a fourth-degree Bézier curve, where the position of the Bezier-curve control points 
controls the EC’s aerodynamic geometry.

In contrast to comparative studies that utilise genetic algorithms, this research employs three 
gradient-based optimisation models, which deliver accurate results without requiring high compu
tational capacity.

For turbulence modeling, both compared studies and the present study employ RANS-SST 
models, with the k - ω model applied to regions close to walls and the k − ε model used in 

Table 1. Comparison of select research on DAWTs focusing on improving diffuser performance to increase the power coefficient.

Research reference
Daniele, Ferrauto, 
and Coiro (2013)

Khamlaj and 
Rumpfkeil 

(2018)
Leloudas et al. 

(2020)

Rahmatian, 
Shahrbabaki, and 

Moeini (2023) Present Research

Publishing year 2015 2018 2019 2023 2024
Optimisation method Non-dominated 

Sorting Genetic 
Algorithm 
(NSGA-II)

Multi- 
objective 
genetic 
algorithm 
(MOGA)

Asynchronous 
Parallel 
Differential 
Evolution 
Algorithm (DE)

Single-Objective 
Genetic 
Algorithm 
(SOGA)

Nonlinear Programming by 
Quadratic Langrangian 
(NLPQL), Downhill Simplex 
Method (Simplex), Mix 
Integer Sequential 
Quadratic Programming 
(MISQP)

Turbulence model RANS 
Model of Spalart– 

Allmaras

RANS 
Standard k- 

epsilon

RANS 
Model Shear-Stress 

Transport

RANS 
Model Shear- 

Stress 
Transport

RANS 
Model Shear-Stress Transport

Variables of study Pitch angle for the 
diffuser. 

Abscissa variation 
(Legendre 
polynomial). 

Upper surface 
ordinates. 

Lower surface 
ordinates.

Throat radius. 
Input radius. 
Diffuser radius. 
Flange height. 
Diffuser 

length. 
Inlet length.

Diffuser Length. 
Inlet Radius. 
Throat Radius. 
Exit Radius.

Nozzle length. 
Nozzle angle. 
Diffuser length. 
Diffuser angle. 
Flange length. 
Flange angle. 
Throat diameter.

Throat radius (Ym). 
Throat distance 
from inlet opening (Xm). 
Chord length (L). 
Inlet opening diameter. 
Outlet opening diameter.

Augmented  
geometry shape

Airfoil Thin curve Airfoil Convergent- 
divergent 
geometry

Aerodynamic convergent – 
divergent geometry

Geometry 
parameterization

Legendre 
polynomial

Quadratic 
polynomial

Free-Form 
Deformation 
(FFD).

Straight lines Fourth-degree Bezier curves.
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regions away from walls. Among the compared research, two studies that utilise metamodels to 
support optimisation methods are noteworthy: Artificial Neural Network (ANN) in (Leloudas 
et al. 2020) and the Metamodel of Optimal Prognosis (MOP), being the latter used in the present 
research.

1.7. Metamodels of Optimal Prognosis

According to the state of the art, the Metamodel of Optimal Prognosis (MOP) has not been used to 
advance research in the field of fluid dynamics. However, its use in parametric optimisation of com
plex models within the CAE-based virtual prototyping process stands out (Will and Most 2009). 
The incorporation of surrogate models to accelerate design iterations is a fundamental approach, 
as well as the selection of suitable sampling, sensitivity analysis, and optimisation techniques for 
which MOP grants accuracy and efficiency.

MOP overcomes the limitations of variable correlation and sensitivity analysis, efficiently 
estimating the relevance of input variables by employing a measure known as the 
Coefficient of Prognosis (COP) to identify the most relevant variables. MOP excels at select
ing variables in complex multidimensional models containing numerous variables, providing 
an efficient approximation, and outperforming similar methods in accuracy (Most and Will 
2011).

As suggested by Huet et al. (Huet and Taupin 2017), MOP capability for sensitivity analysis is 
essential for identifying the most critical input variables. This is particularly important in scenarios 
with a large number of parameters where traditional methods fail to provide optimal results. MOP 
provides a robust technique for optimal estimations to achieve accurate results.

MOP allows for simplifying intricate engineering challenges and attaining optimal results across 
a wide array of fields, including thermal modeling (Im et al. 2022), additive manufacturing (Math
louthi et al. 2023), and energy efficiency (Xiao et al. 2022). In this study, we leverage MOP capabili
ties to drive advancements in the field of wind energy, specifically by maximising the augmented 
available power and corresponding power density for a determined wind turbine’s projected surface 
area. The upcoming sections will delve into the methodologies, findings, and distinctive contri
butions that pertain to optimising the performance of augmented wind geometries.

1.8. Research focus

Previous studies focus primarily on maximising the increase in average wind speed to increase the 
power coefficient. In contrast, the present research takes a different approach, maximising the avail
able power instead and, as a result, increasing power density for the entire wind energy system. 
Moreover, when focusing on maximising the average wind speed, most research studies fail to con
sider changes in the wind profile caused by ducts or diffusers, which ultimately alter the wind profile 
at the rotor plane. The optimisation process can yield more consistent results by accounting for 
these nonlinear wind profiles. This study explicitly applies MOP to maximise the power density 
for augmented wind turbines, particularly CDAWT, to advance previous research methods and 
address identified gaps.

As part of the comprehensive project study on EC, future studies will address integrated subsys
tems of the proposed wind energy system for distributed generation. For instance, our upcoming 
research will focus on enhancing the efficiency of the peripherally supported wind turbine by opti
mising aerodynamic blade profiles (Balijepalli et al. 2022) and taking into account the wind resource 
characteristics of the site (Chaurasiya et al. 2021). In addition, we plan to explore the development 
of a magnetic levitation peripheral support system and a power transmission magnetic system for 
future works.
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II. Computational fluid dynamics configuration

The Present chapter completes a brief overview of the governing equations, turbulence model, 
fluid domain, computational mesh, and grid convergence analysis as an initial introduction to 
the algorithm for geometry generation as well as computational simulations required for the pre
sent study.

2.1. Governing equations

The continuity and momentum equations are the fundamental equations that govern fluid flow 
behaviour within fluid domains (Versteeg and Malalasekera 2007). In the particular scenario of 
incompressible, steady flow with 2D axisymmetric geometry, the continuity equation can be rep
resented in its conservation form as described in equation (1):

∂(rui)
∂xi
= 0 (1) 

Then, the Navier-Stokes equation can be written as shown in equation (2):

∂(rui)
∂t
+
∂(ruiuj)
∂t

= −
∂r

∂xi
+
∂tij

∂xj
+ SM (2) 

2.2. Turbulence modeling

In the study of turbulence modeling, the RANS approach is used, which decomposes the instan
taneous velocity into a mean component and introduces the Reynolds stress term. Three turbulence 
models can be used to model the Reynolds stress: k − e model, k − v standard, or Shear-Stress 
Transport (SST) k − v. The k − v model is well-suited for flows that experience adverse pressure 
gradients, which can occur due to the suction effect caused by the blades (Menter 1992). However, 
the k − v model assumes that eddy viscosity is proportional to the mean strain rate, which allows 
for a relatively simple modeling approach for turbulence. On the other hand, the k − e model 
assumes that eddy viscosity is proportional to the mean strain rate and the turbulent kinetic energy, 
thus requiring a more elaborate damping function for nonlinear near-wall simulations (Versteeg 
and Malalasekera 2007).

To take advantage of the most accurate regimes of both models, a hybrid model known as the 
SST k − v model is used, with the k − v model applied near-the-wall regions and the k − e 

model utilised in far-from-wall areas. Thus, the hybrid model is well-suited for adverse pressure 
gradients (Menter 1994; Wilcox 1988).

The equations for the SST k − v model can be found in (Wilcox 1988). In particular, equation 
(3) describes the turbulence kinetic energy (k), and equation (4,5) provides the specific dissipation 
rate (v).

∂(rk)
∂t
+
∂(rUjk)
∂xj

=
∂

∂xj
m+

mt
sk

􏼒 􏼓
∂k
∂xj

􏼔 􏼕

+ Pk − b∗rkv (3) 

The term Pk is defined as:

Pk = 2vSij.Sij −
2
3

k
∂ui

∂xj

􏼒 􏼓

(4) 

∂(rv)
∂t
+
∂(rUjv)
∂xj

=
∂

∂xj
m+

mt
sv1

􏼒 􏼓
∂v

∂xj

􏼔 􏼕

+ (1 − F1)2r
1

sv2v

∂k
∂xj

∂v

∂xj
+ a2

v

k
Pk − b2rv

2 (5) 
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Above-indicated equations use second-order schemes and simulation settings for momentum and 
turbulence equations. SST k − v model coefficients are specified as follows:

b∗ = 0.09, sv1 = 2, a2 = 0.44 

b2 = 0.0828, sk = 1, av2 = 1.168 

2.3. Fluid domain

The primary objective of this study is to analyze the power augmentation effect in the presence of an 
external freestream condition. Following established guidelines (Bai et al. 2015; Rezaeiha, Monta
zeri, and Blocken 2018), a computational domain was delineated, with the EC’s chord length (L) 
as a reference for the current study. Consequently, the specifications for the computational domain 
were established as follows: the distance from the inlet to the turbine center (10L), the distance from 
the turbine center to the outlet (25L), and the axisymmetric width (10L). The boundary conditions 
applied to the fluid domain are depicted in Figure 3.

The boundary conditions are related to axisymmetric conditions at the bottom, gauge pressure at 
outlets, inlet wind speed, turbulence intensity, and no-slip conditions at walls.

2.4. Automation for geometry generation

An automated script was developed using Ansys SpaceClaim to streamline the process of generating 
geometry and reduce the time required for manual geometry creation. This script takes input par
ameters, which are variables of study, and automatically generates the corresponding geometry by 
transforming these input parameters into a Bezier Curve. A flowchart describing the algorithm used 
to achieve this geometry generation automation is shown in Figure 4.

The script was written in IronPython, a programming language integrated into Ansys Space
Claim. Following the application of the script, a 2D geometry is generated for parametric analysis 
and CFD simulations. This automated approach saves time and ensures consistency in the geome
try generation process, enhancing accuracy. Furthermore, this automated procedure, aimed at 

Figure 3. Computational fluid domain dimensions.
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streamlining the design process, underscores the significance of utilising software tools and pro
gramming languages to address the complexities of aerodynamic design.

2.5. Computational mesh

Mesh optimisation is critical to enhance computational efficiency during CFD simulations as it 
directly affects computational costs. For this purpose, an unstructured mesh has been chosen 
due to its flexibility in adapting to complex blade geometries and streamlining mesh generation. 
This method divides the computational domain into minor irregular elements with triangular 
shapes instead of regular grids.

Figure 5 displays three Bodies of Influence, which divide the computational domain. A growth 
factor is implemented to ensure mesh refinement on these three bodies, enabling local refinement in 
areas of interest to enhance accuracy as required without unreasonably increasing computational 
cost throughout the domain. This technique effectively balances computational efficiency and sol
ution accuracy, making it appropriate for this application.

The size of the first Body of Influence on the EC’s walls is determined to satisfy the y+ = 1 cri
terion, with an inflation of 25 layers and a growth rate of 1.2, as depicted in Figure 5. Optimising the 
mesh size and structure reduces computation time while maintaining a sufficiently high level of 
accuracy in CFD simulations.

In addition, when evaluating mesh quality, it is crucial to consider two main factors: asymmetry 
and orthogonal quality. These quality metrics indicate the mesh’s reliability and ability to represent 
the computational domain.

Figure 4. Algorithm flowchart for Bezier Curve’s control points determination.
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2.6. Grid convergence analysis

To perform a sensitivity analysis of the results concerning mesh refinement, three types of mesh are 
selected as case studies: refined, medium, and coarse. Celik’s Grid Convergence Index (GCI) 
approach is employed to quantify discretization errors (Celik et al. 2008). The GCI method allows 
for assessing the impact of mesh refinement on the accuracy of results, providing an indicator of the 
convergence of the solution.

The usual mesh size ℎ is determined, along with three sets of grids: fine (N1), medium (N2), and 
coarse (N3). All three output variables are then calculated based on simulations run for each grid 
(f1, f2, f3). Based on empirical knowledge and previous studies (Trentin et al. 2022), the grid 
refinement factor (r) must be greater than 1.3.

Afterward, the mesh quality is evaluated by considering its orthogonal quality and skewness. 
Meshing details obtained from the sensitivity analysis and discretization error are provided in 
Table 2.

The analytical procedure presented by (Celik et al. 2008) describes the calculation procedure for 
GCI values, as described in (Calle, Baca, and Gorizales 2022). Numerical uncertainty for medium 
and fine meshes falls within acceptable limits. Therefore, the medium mesh is selected for the pre
sent study to run CFD simulations.

III. Methodology based on the metamodel of optimal prognosis

3.1. Methodology outline

The methodology employed for parameter optimisation is primarily grounded in the Metamodel of 
Optimal Prognosis, as elucidated in (Calle, Baca, and Gorizales 2022), which has been modified to 
better cope with the challenges and accuracy required by the present study.

Table 2. Grid Convergence Index specifics.

GCI parameters Values

N1 448,494
N2 226,665
N3 152,699
R21 1.403
R32 1.401
f1 1.703
f2 1.696
f3 1.685
GCI 0.381%

Figure 5. Computational meshing and inflation.
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This proposed methodology comprises a systematic sequence of steps following a particular 
methodological framework outlined below: 

. Design of Experiment: This initial phase involves identifying the underlying techniques and the 
set of variables of interest, along with their corresponding target variable to be optimised.

. Geometry Parameterization: Bezier Curves are employed for the geometry parameterisation 
(Khalid et al. 2020) of the Eolic Cell’s Internal Aerodynamic Chamber (IAC).

. Sampling Method: Advanced Latin Hypercube Sampling (LHS) is applied to sample several 
design points across the workspace (Loh 1996).

. CFD Simulations Configuration: This step entails configuring CFD simulations, encompassing 
meshing, boundary conditions, turbulence models, and relevant parameters.

. Parameter Sensitivity Analysis: A sensitivity analysis is conducted over sampled design points by 
analyzing results from CFD simulations.

. Metamodel of Optimal Prognosis (MOP): The MOP is applied to generate corresponding 
response surfaces for both the workspace and the zone of interest. These response surfaces 
are subject to a coefficient of prognosis threshold (Most and Will 2008) set at a minimum 
of 99%.

. Gradient-based Optimisation Process: Optimisation is achieved by applying three gradient- 
based optimisation models executed on the response surface within the designated zone of 
interest.

. Consistency Verification: Individual CFD simulations are run at an optimal specific point to 
secure consistency.

. Optimal Geometry: Optimal geometry is generated for each inlet wind speed.

Figure 6 provides a comprehensive flowchart illustrating the sequence and techniques encom
passed in this methodology. It offers a detailed breakdown of the steps involved in creating response 
surfaces for both the workspace and the zone of interest, distinctly and sequentially. Furthermore, 
Figure 6 introduces additional feedback points during the CFD simulation configuration and the 
geometry parameterisation steps since inaccuracies may manifest at either stage.

It is imperative to emphasise that the parametric sensitivity analysis, the MOP technique, and the 
subsequent creation of response surfaces entail two inherent stages for obtaining and refining 
results, as depicted in Figure 6. The first stage entails running a process across multiple design 
points spanning the entire workspace. In contrast, the second stage repeats the same process 
over several design points but within a more confined workspace, referred to as the ‘zone of inter
est.’ This zone corresponds to the workspace area where the target variable exhibits the highest out
put values. Consequently, based on this bounded zone of interest, the final response surface attains a 
higher level of accuracy, which significantly benefits the subsequent application of gradient-based 
optimisation models.

Additionally, to ensure the precision of all response surfaces, the methodology incorporates 
thresholds based on a minimum coefficient of prognosis.

3.2. Design of experiment

3.2.1. Variables of interest for geometry optimisation
The magnitude of the augmentation effect relies primarily on the geometric dimensions and 
aerodynamics of the EC (Calle, Baca, and Gorizales 2022). Consequently, the magnification 
effect can be expressed as a function dependent on the following key variables, as depicted in 
Figure 7: throat radius (Ym), throat distance from inlet opening (Xm), chord length (L), inlet 
opening diameter, outlet opening diameter, and the characteristics of the internal aerodynamic 
chamber (IAC).
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Figure 6. Flowchart of the proposed two-stage methodology for the optimisation process.

Figure 7. The EC’s geometric dimensions represent independent variables.
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Moreover, since the throat diameter and inlet opening diameters are interrelated, outcomes from 
those variables over the augmentation effect become interdependent. The augmentation effect is 
caused, in part, by the differential pressure created around and within the EC, which is driven 
and intensified by different proportions of the throat diameter over the openings’ diameter, holding 
other factors constant. Thus, the reason behind this interdependence is explained by the ratio of 
throat diameter over inlet opening diameter (RTO), given that the inlet and outlet openings 
have the same diameter.

Assuming constant inlet and outlet opening diameters, Figure 8 depicts 2D Anthill represen
tations where the correlation between the throat diameter and available power (P) is illustrated.

Thus, the influence of both throat diameter and opening diameter on the wind speed augmenta
tion effect remains equal, regardless of their magnitudes, as long as RTO remains constant. In other 
words, everything else being equal, a random plot of both variables could yield redundant infor
mation, as RTO would consistently replicate with different underlying dimensions. Consequently, 
to model these two variables effectively, one must be held constant while allowing the other to vary 
freely. In this study, the opening diameters are kept constant at 0.8 meters, while Ym becomes the 
variable of interest.

In contrast to the study (Calle, Baca, and Gorizales 2022), which focused solely on two geometric 
input variables, Ym and Xm, it disregarded the impact of the EC’s chord length on the average wind 
velocity (AWV). However, preliminary exploratory simulations have shown a significant coefficient 
of importance on the augmentation effect, where L significantly influences the final output. Figure 9
illustrates the correlation between L and P for a given entry wind speed.

Figure 8. 2D Anthill represents the existing correlation between throat radius (Ym) and respective available power (Avai_Power).
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The main objective of this study is to maximise wind power density through the augmentation 
effect. To achieve this, the research focuses on an expanded set of variables, referred hereafter as 
input variables for optimisation: Ym, Xm, and L.

3.2.2. Target variable for maximisation
The decision to optimise the EC parameters to maximise the power density was based on the 
research conducted by Bagheri-Sadeghi et al. (Bagheri-Sadeghi, Helenbrook, and Visser 2021), as 
mentioned in the introductory section. In that study, the optimisation of the total power per 
unit area in wind turbines was addressed using incompressible RANS equations with the SST k  
− ω turbulence model (Menter 1994). This previous approach justifies the selection of available 
power as the primary variable to be maximised in the present study.

In the study (Calle, Baca, and Gorizales 2022), the experimental design aimed to enhance the 
wind speed augmentation effect by maximising the AWV in the throat section of the EC. However, 
the same study (Calle, Baca, and Gorizales 2022) concluded that this approach had limitations due 
to the nonlinearity of the mean wind velocity profiles as the target variable.

By performing CFD simulations following (Calle, Baca, and Gorizales 2022), it was determined 
that optimising the AWV was unsuitable due to inconsistent results revealed in a sensitivity analy
sis. Detailed results are presented using the isotropic kriging approximation method (Cressie 1990) 
in Figure 10.

In this figure, it is observed that the AWV is maximised as Ym increases, which, according to the 
Bezier curve equations, corresponds to a larger diameter. However, it is also evident that the 
response surface exhibits a valley around Ym = 0.1. Furthermore, it is observed that as Ym decreases 

Figure 9. 2D Anthill represents the existing correlation between chord length (L) and respective available power (Avai_Power).
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in the negative zone, AWV is maximised, indicating a smaller diameter for the turbine, according to 
the Bezier curve. These results highlight the lack of coherent correlation for effectively implement
ing the wind turbine rotor in the Eolic Cell, thereby underscoring the inconsistencies associated 
with maximising AWV to achieve greater power in the wind turbine.

For the present study, initial exploratory simulations were conducted to assess the performance 
of AWV under a new set of input variables (Ym, Xm, and L). Figure 11 illustrates a response surface 
representing AWV resulting from the interaction between Ym and L. According to this surface, 
reducing Ym increases AWV as L increases. In essence, achieving significant AWV may involve 
reducing throat diameter, which could lead to an insignificant amount of wind power available 
for harnessing and, consequently, a negligible augmentation effect. In summary, the study must 
reconsider the wind velocity augmentation effect, as it may be biased toward smaller throat 
diameters.

In light of the identified limitations and the need to obtain more consistent and effective results 
in this study, the optimisation approach has been shifted towards maximising power density rather 
than AWV. This decision is congruent with the understanding that available power is the accurate 
measure of wind energy efficiency in the context of convergent-divergent ducted turbines, thus 
ensuring a more fundamental study with more consistent results.

Therefore, in order to obtain consistent results compared to the previous AWV, P at the 
throat section was proposed to replace AWV as the target variable for optimisation. It is 

Figure 10. Isotropic Kriging approximation of average velocity as a function of Xm and Ym.
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essential to establish that available power must be understood as a direct expression of the following 
equation (6):

P =
1
2
.r.S.y3 (6) 

Where available power (P) is determined by multiplying 0.5 with air density (ρ), the surface of refer
ence (S), and wind speed cubed (y3). Additionally, the surface of reference (S) corresponds to the 
throat section surface area, and the wind speed (y) represents the AWV at the throat section.

The following reasons support the selection of available power (P) as the target variable for the 
present study: (i) the equation for P incorporates the effect of the former target variable (AWV); 
moreover, (ii) P considers implicitly in its mathematical expression the Ym, which has a relevant 
impact on the power augmentation effect due to being the underlying variable responsible for 
the size of the surface of reference (S).

Furthermore, the power augmentation effect at the throat section can be directly calculated from 
available power by dividing the cubed AWV at the throat section by the cubed wind speed at ambi
ent conditions, as specified in equation (7):

Power augmentation effect =
P1

P0
=

1
2
.r.S.(v1)3

􏼔 􏼕

1
2
.r.S.(v0)3

􏼔 􏼕 =
(v1)3

(v0)3 (7) 

Figure 11. Response surface depicts AWV due to the interaction between throat radius (Ym) and chord length (L). The surface 
response generated has a coefficient of prognosis of 95%.
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Where, with all other factors held constant, v1 represents the AWV at the throat section, and v0 
denotes the inlet wind speed.

Hence, P emerges as an output variable that better reflects the study’s primary objective, which is 
to enhance the power augmentation effect while acknowledging the significance of AWV.

3.2.3. The significance of the weighted average wind velocity
The nonlinearity of the wind velocity profiles within the EC’s throat section introduces challenges 
to the effectiveness of AWV as a fundamental variable for the power augmentation effect.

Figure 12 depicts nonlinear wind velocity profiles obtained from CFD simulations at various 
wind speeds (Calle, Baca, and Gorizales 2022). These profiles illustrate the radial distribution of 
wind velocity magnitude at each node within the EC’s throat section. Notably, the minimum 
wind velocity occurs at the center of the throat section (left side), while the maximum is observed 
at the throat section’s wall (right side). The decrease in wind velocity on the right side can be attrib
uted to its proximity to the throat section’s boundary, adhering to a non-slip condition.

Two significant observations stem from this figure. First, the slope of the nonlinear wind velocity 
curves varies with wind speed (WS). Second, the overall span length across the throat section differs 
for each nonlinear wind velocity profile (Calle, Baca, and Gorizales 2022).

In this context, the AWV is inadequate to evaluate the available power (P) since the average wind 
velocity at the nodes does not consider the variations of the flow volume passing through each node. 
This inadequacy arises from the oversimplified assumption that the wind velocity profile is linear, 
disregarding the significance of nonlinear flow volume. Furthermore, segments closer to the throat 
section’s wall hold greater relevance for power availability than those nearer to the throat section’s 
center, as wind flow volume increases with throat radius (Ym).

To enhance the precision of power augmentation effect calculations, it becomes imperative to 
employ a weighted AWV. This approach involves assigning weights to wind velocity at each 
node based on its corresponding wind flow volume. Consequently, the conventional AWV is 

Figure 12. Nonlinear wind velocity profiles (Calle et al. December 2022).
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replaced by a mass-weighted average wind velocity as the foundational variable for computing P 
and, subsequently, the power augmentation effect.

3.3. Geometry parameterisation

The IAC of eolic cells plays a crucial role in enhancing the velocity of the wind. The wind passes 
through the converging section, where its velocity increases due to a decrease in cross-sectional 
area. As the wind enters the diverging section, the velocity decreases due to an increase in cross- 
sectional area. This change in velocity creates a pressure difference, which results in a wind velocity 
increase at the EC’s throat section.

Bezier curves are used to parameterise the dimensions of an eolic cell. These curves are math
ematical representations of shapes that are created using control points. They are commonly 
used in computer graphics and modeling. By adjusting the control points, the shape of the Bezier 
Curve can be modified to achieve the desired dimensions of the eolic cell, allowing for greater con
trol over the wind flow and corresponding optimisation process.

The Bezier Curves’ geometry parameterisation application is explained in greater depth in Chap
ter IV (‘Parameter optimization and its corresponding results’).

3.4. Sampling method application

The advanced Latin Hypercube Sampling (LHS) is applied to select design or support points across 
the workspace and zone of interest, respectively.

The LHS is a statistical method used in various fields, including engineering and scientific 
research, to explore the parameter space and identify optimal design points efficiently. Advanced 
LHS is an enhanced version of this method that allows for selecting multiple design points across 
the workspace to obtain a representative sample of the parameter space while minimising the num
ber of simulations required. This technique is particularly useful in complex systems where the 
number of input variables is large, and the computational cost is high. Applying advanced LHS 
can lead to significant time and cost savings in designing and optimising complex systems.

3.5. CFD simulations configuration

Computational Fluid Dynamics (CFD) simulations are a complex process that involves several 
steps. The first step is meshing, which divides the domain into small, manageable elements. The 
second step is defining boundary conditions, which specify fluid behaviour at the domain’s bound
aries. The third step is selecting the appropriate turbulence model and its parameter values, which 
are used to calculate the effects of turbulence on fluid flow. These steps are crucial in obtaining accu
rate results in CFD simulations.

CFD simulations for this study are executed with meshing, boundary conditions, and turbulence 
models as described in the ‘Computational fluid dynamic configuration’ section.

3.6. Parameter sensitivity analysis

A parametric sensitivity analysis evaluates how changes in inputs to a system affect the output of that 
system. In this case, sampled design points are being analyzed by conducting CFD simulations to deter
mine how sensitive the results are to changes in the input variables. This analysis helps identify which 
input variables have the most significant impact on output, allowing for system design optimisation.

3.7. Metamodel of optimal prognosis

Different geometries and parameter variations must be tested in the workspace to improve a design 
using gradient-based methods. However, conducting these optimisations can be computationally 

INTERNATIONAL JOURNAL OF SUSTAINABLE ENERGY 19



expensive. To overcome this challenge, an MOP can be utilised to obtain gradient-based optimis
ation results, eliminating the need to run multiple costly CFD simulations for each optimisation 
model.

After performing a sensitivity analysis, a response surface is created using the MOP application. 
It is essential to verify the feasibility of this response surface by removing any outliers and evaluat
ing the coefficient of determination, coefficient of importance, and coefficient of prognosis, 
respectively.

To not compromise the accuracy and efficiency of the optimisation process, it is important to 
keep in mind that as the number of variables increases, the ability to predict outcomes from par
ameter response surfaces decreases. Therefore, it is recommended to limit the use of gradient- 
based optimisation methods to a moderate number of parameters whenever possible.

After applying a sampling method to generate design points across the workspace, MOP uses 
numerical simulation outcomes to determine an optimal approximation model from which 
response surfaces are derived (Most and Will 2010).

3.7.1. Coefficient of determination
The coefficient of determination (COD) is a statistical measure commonly used to evaluate the 
fitness of a polynomial regression model. It is a value that ranges between 0 and 1, where a value 
of 1 indicates a perfect fit between the model and the data, and a value of 0 implies the opposite. 
In other words, it measures the extent to which the model can explain the variability in the data. 
It represents the proportion of the variance in the dependent variable that is predictable from 
the independent variable(s) (Montgomery and Runger 2010).

COD is calculated by comparing the total sum of squares (SST) with the residual sum of squares 
(SSR), as in equation (8). SST is the sum of the squared differences between the actual dependent 
variable values and the mean of the dependent variable, whereas SSR is the sum of the squared 
differences between the actual dependent variable values and the predicted values from the 
regression model.

R2 =
SSR

SST
= 1 −

SSE

SST
, 0≪ R2 ≪ 1 (8) 

Equation (8) describes variance components where the overall variability using the total sum of 
squares (SST) explains the total variation in the output being examined. However, since not all 
variability can be explained by the approximation model, the regression sum of squares (SSR) is cal
culated, which measures the amount of variation that can be attributed to the regression model. The 
remaining variability in the dataset, which the regression cannot explain, is captured by the residual 
sum of squares (SSE). The underlying factors contributing to the variation in the analyzed approxi
mation model can be better understood by breaking down the total variation into its components.

When the COD is high, the independent and dependent variables in the model have a strong 
relationship. Conversely, when the COD value is low, the model does not accurately represent 
the input data and should be improved (Montgomery and Runger 2010).

3.7.2. Coefficient of importance
The coefficient of importance (COI) is a statistical measure derived from the COD to estimate the 
significance of input variables with respect to the output variable. The COD implicitly considers the 
degree of correlation between the input and output variables. The COI can be used to identify which 
input variables have a greater impact on the output variable and, therefore, should be given more 
attention during analysis. COI provides insights into the relationship between input and output 
variables (Most and Will 2008). By focusing on influential input variables, informed decisions 
can be made regarding the optimisation process.

CoI(Xi , Y) = R2
Y ,X − R2

Y ,X≏i (9) 
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According to equation (9), to determine the COI for a single variable (Xi) in predicting an output 
(Y), a polynomial model can be used. The COI is based on two factors: the COD of the entire model, 
which includes all variables (R2

Y ,X), and the COD of a reduced model, excluding all interaction terms 
for the variable of interest (R2

Y ,X≏i).
An input variable has low importance when its specific COI is close to one, indicating that col

lecting more data on that variable may be necessary to improve accuracy or eliminate such a vari
able without significantly affecting the model’s accuracy. On the other hand, an input variable is 
considered highly important when its specific COI is close to zero, pointing out that it may be poss
ible to reduce the amount of data collected on that variable without significantly impacting 
accuracy.

3.7.3. Coefficient of prognosis
Exploring potential metamodels involves evaluating the quality of the prognosis that each can 
provide. This evaluation uses an objective measure known as the Coefficient of Prognosis (COP). 
The COP is a quantitative measure that offers a way to compare the effectiveness of different 
metamodels.

COP = 1 −
SSPrediction

E
SST

(10) 

According to Equation (10), COP is calculated by comparing the predicted outcomes of the meta
model (SSPrediction

E ) with the actual outcomes (SST). If the predicted outcomes closely match the 
actual outcomes, then the COP will be close to one, indicating a good prognosis quality. On the 
other hand, if the predicted outcomes do not match the actual outcomes, then the COP will be 
close to zero, indicating a poor prognosis outcome.

By analyzing the COP for each metamodel, it can be determined which metamodel provides the 
highest quality of prognosis. It means the metamodel with the highest COP will most effectively 
ensure accurate and reliable prognoses.

3.7.4. Kriging approximation
Kriging approximation is a geostatistical method used for spatial prediction. It is a well-established 
technique that allows interpolation and estimation of values at unsampled locations based on the 
values of surrounding sample points, providing accurate and reliable estimates. The method mini
mises the mean error of the weighted sum of sampling values, where the spatial correlation between 
the sample points determines the weights (Cressie 1990). This approach ensures that the predicted 
values are unbiased and optimal in terms of variance, making it a reliable method for spatial 
prediction.

Kriging employs a statistical model to calculate the spatial correlation between the sample points, 
which is used to estimate the values at unsampled locations (Cressie 1990). The model assumes that 
the spatial correlation between the sample points is stationary, meaning it does not change with dis
tance or location.

3.8. Gradient-based optimisation process

For the optimisation process, three different gradient-based optimisation models are utilised. 
These models are designed to fine-tune the system’s performance by analyzing respective 
response surfaces to improve performance. The response surface, the relationship between the 
system’s inputs and outputs, is assessed within a specific zone of interest to gain insights into 
its inherent shape. The optimisation process involves analyzing response surface gradients to 
maximise output. Thus, optimal results can be achieved while reliably improving the system’s 
performance.
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Specific gradient-based models utilised for the present study are described in the subsection 
‘Results and specifics of the optimization process.’

3.9. Consistency verification

To ensure consistency and MOP predictability capacity, a single CFD simulation is run at the opti
mal point obtained through gradient-based optimisation models. Subsequently, the result is com
pared to a threshold of margin error that must remain below 1%. The optimisation process must be 
repeated if the margin error exceeds this threshold.

3.10. Optimal geometry generation

Upon completing the consistency verification process, an optimised geometry is generated based on 
the optimal design point. This optimised geometry is, thus, the result of a thorough analysis and 
ensures that the optimal design meets the desired requirements.

IV. Parameter optimisation and its corresponding results

4.1. Geometry parameterisation through Bezier Curves

To transform the geometric parameters of the EC into computable data suitable for CFD simu
lations, fourth-degree Bezier Curves (4dBZC) were employed. These curves were chosen based 
on their effectiveness in spanning the entire workspace, enabling the exploration of a broad 
range of computable geometries. The selection of these curves incurred a higher computational 
cost due to the necessity of adequately representing the required convex geometries for this 
study (Calle, Baca, and Gorizales 2022). In a nutshell, 4dBZC offers a more accurate numerical rep
resentation of the EC’s geometric parameters.

Figure 13 illustrates a 4dBZC representing the convex geometry of an EC’s IAC.
The geometric parameters of the EC (Ym, Xm, and L) are linked to its control points, which are 

adjusted along the axes of the workspace. The x-axis corresponds to the material dimensions of the 
EC, representing L, while Ym shares the same y-axis. Xm is associated with the x-axis since it 
extends along the chord length, eliminating the need for an additional dimension.

Consequently, the workspace is defined within the scale of [0–5.0] for the x-axis and [0.1–0.4] for 
the y-axis. The input variables are scaled accordingly: [0–1.0] for Xm, [0.1–0.35] for Ym, and [0.5– 
5.0] for L. These ranges have been determined based on preliminary CFD simulations, approximat
ing the region where optimal design points are expected.

In practical terms, these scales mean that the x-axis ranges from 0 to 5.0 meters, representing 
both L and Xm. Specifically, L spans from 0.5 to 5.0 meters, and Xm covers 0–1.0 meters. The y- 
axis, representing Ym, ranges from 0.1 to 0.35 meters. These ranges have been chosen based on 
the findings of earlier CFD simulations to exclude irrelevant results in relation to the power aug
mentation effect.

To ensure a valid optimisation process, avoiding redundant or non-convex geometries is crucial. 
Thus, the unconstrained sampling of design points (support points) is bounded to keep geometries 
within a reasonable range. An algorithm is applied to limit the degrees of freedom of the 4dBZC 
according to (Calle, Baca, and Gorizales 2022), which has been modified to include the chord length 
as a new input variable, where control point P5 has been given specific degrees of freedom to 
accommodate this change. The following steps detail how the algorithm is adapted for the new 
set of input variables: 

. Step 1: Defining the workspace.
Workspace coordinates span from [0–5.0] for the x-axis to [0.1–0.4] for the y-axis. 
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. Step 2: Design points sampling.
Advanced LHS generates random design points for input variables within their specified work
ing ranges. 

. Step 3: Make control point P1 fix.
P1 remains fixed at coordinates [0; 0.399], representing the entry point of the EC. 

. Step 4: Make control point P3 variable.
Assign the design point to control point P3, where P3 receives the corresponding Bernstein poly
nomial values (Phillips and Phillips 2003) derived from Xm and Ym. 

. Step 5: Make control points P2 and P4 a function of P3.
Control points P2 and P4 are semi-fixed and become functions of control point P3 by assigning a 
strain coefficient (Cs). P3 remains an input variable, while the strain coefficient remains constant 
at 1.5. Further details on the function of P2 and P4 can be found in Table 3. 

. Step 6: Make control point P4 a function of L.
Semi-fixed control point P5 is adjusted as a function of L. A constraint is applied, requiring that 
L must be a minimum of 1.5 times equivalent to Xm. More details on the function of P5 are avail
able in Table 3. 

Table 3. Specifics of the algorithm to limit the degrees of freedom for sampling each design point.

Control point Type x-axis coordinate y-axis coordinate

P1 Fixed 0 0.399
P2 Semi-fixed f (P3, Cs) = (Xm)Cs ; where Cs = 1.5 Equal to (Ym) from P3
P3 Mobile Xm = [0–1.0] Random sampling Ym = [0.1–0.35] 

Random sampling
P4 Semi-fixed f (P3, Cs) = (Xm)

1
Cs ; where Cs = 1.5 Equal to (Ym) from P3

P5 Semi-fixed Equal to (L); where L . 1.5 (Xm) 0.399

Figure 13. Fourth-degree Bezier Curve and respective control points.
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. Step 7: Repeating steps.
Finally, repeat steps 2–6 for each sampled design point. 

Where P1, P2, P3, P4, and P5 correspond to control points, according to Figure 13. On the other 
hand, the strain coefficient (Cs) relates to a factor affecting the gradient of the geometry’s convex 
shape, which must be greater than 1. A small strain coefficient delivers a more linear and acute geo
metry, whereas a significant strain coefficient conveys a smoother and more curved geometry. It is 
important to note that strain coefficients lower than 1.0 would generate non-plausible geometries. 
For the present study, the strain coefficient applied to the algorithm was discretely selected for con
venience and simplification, assuming that such a variable has a marginal impact on the power aug
mentation effect. Further studies are necessary to confirm this assumption.

Figure 4 provides a general flowchart of the algorithm, serving as the foundation for the auto
mated geometry generation (refer to Section 2.4).

Table 3 summarises the specific configuration of the algorithm applied to each control point for 
geometry parameterisation.

Following the application of the algorithm, the degrees of freedom for the 4dBZC are limited 
from five random control points to just one random control point. It means that, by following 
the algorithm sequence, one control point (P1) remains fixed, while the other three control points 
(P2, P4, P5) become functions of a single input variable (P3) representing the sampled design point.

Furthermore, since control points’ coordinates differ from physical coordinates, they must be 
converted to accurately represent the IAC’s geometry. To calculate the actual Xm and Ym, a 
fourth-degree Bernstein polynomial equation is applied. To derive the physical coordinates, ‘t’ 
must be set to 0.5, ensuring that the Bezier Curve’s first derivative equals 0, pinpointing the throat 
section’s location. In essence, equation (11) enables the determination of the physical coordinates 
for the throat section within the workspace, with the x-coordinate representing Xm and the y-coor
dinate representing Ym (Calle, Baca, and Gorizales 2022).

P0 (1 − t)4 + P14t(1 − t)3 + P26t2(1 − t)2 + P34t3(1 − t) + P4t4 (11) 

Where Pi corresponds to the control points of the fourth-degree Bezier Curve.

4.2. Parametric sensitivity analysis

Design points for the parametric analysis are determined by specific input parameters, namely, the 
throat distance from the inlet opening (Xm), the throat section’s radius (Ym), the chord length (L), 
and the inlet wind speed (WS). Regarding WS, the input parameters are discretized into the following 
values: 2, 4, 6, 8, and 10 m/s. These WS values have been intentionally chosen to represent wind con
ditions suitable for distributed generation. The sampled design points, often referred to as support 
points, serve as the foundation for generating the response surface, as detailed in the following section.

4.3. Response surfaces generation and assessment

Two sets of response surfaces are generated for each WS: one covering the entire workspace and 
another focusing on the zone of interest. A total of ten response surfaces are required to perform 
individual parametric sensitivity analyses using Ansys and Optislang. Following the methodology 
outlined in the previous section, design points are generated using advanced LHS, and sub
sequently, a CFD simulation is executed for each sampled point to create corresponding response 
surfaces, gathering essential data for each WS.

It is important to mention that parametric analysis is conducted through OptiSlang. In contrast, 
CFD simulations are run using Ansys Fluent, Ansys Meshing, and Ansys Spaceclaim, all operating 
systematically within Ansys Workbench 2022-R2.
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Table 4 summarises metrics related to the response surfaces covering the entire workspace for a 
given WS, including the number of design points and the power augmentation effect.

Table 4 shows that all response surfaces exceed the methodologically assigned threshold of 99%. 
It is important to emphasise that these performance metrics represent the highest values among the 
sampled design points, not the final optimal values, which will be detailed in subsequent sections.

Figure 14 presents 3D response surfaces, each generated based on several design points spanning 
the workspace. These design points represent specific physical dimensions and available power 
magnitudes resulting from CFD simulations. The axes on the response surface denote Xm (throat 
distance from the inlet opening), Ym (throat section’s radius), L (chord length), and Avai_Power 
(augmented available power at the throat section).

Complementarily, Appendix A displays 2D response surfaces from a top-view perspective, akin 
to Figure 14, representing the entire workspace where red areas on these surfaces highlight zones of 
interest with the highest augmented available power.

Results show that the highest augmented available power is found in a concrete area of the work
space, henceforth the zone of interest. Since the remaining workspace does not produce any 
appreciable gain of P apart from the zone of interest, the additional computational cost is redirected 
to intensive CFD simulations over the zone of interest to refine the COP and increase accuracy.

The workspace is thus reduced and confined to the zone of interest, where additional design 
points are sampled, and a larger number of CFD simulations are performed. Notably, according 
to Appendix A, the zones of interest will vary for each WS depending on the size of the red 
areas obtained from response surfaces covering the entire workspace.

Table 5 summarises metrics related to response surfaces covering the zone of interest for a given 
WS. The metrics in this table are the same as those in Table 4.

Figure 15 showcases response surfaces generated for the zone of interest, emphasising areas with 
the highest augmented available power for this specific zone of interest.

Likewise, Appendix B displays 2D response surfaces for the zone of interest from a top-view per
spective. Areas shown in red also represent the most significant augmented available power for the 
specific zone of interest.

4.4. Results and specifics of the optimisation process

Upon generating response surfaces with a CoP exceeding the 99% threshold, gradient-based optim
isation models are employed to approximate sets of design points, from which the final optimal 
design point is determined. These optimisation models are applied separately for each response sur
face. Specifically, the utilised gradient-based optimisation models include Nonlinear Programming 
by Quadratic Langrangian (NLPQL) (Schittkowski 1986), Downhill Simplex Method (Simplex) 
(Press, Flannery, and Teukolsky 1990; Salcedo and Cândido 2001), and Mix Integer Sequential 
Quadratic Programming (MISQP) (Exler and Schittkowski 2007).

Subsequently, CFD simulations are performed to compare all potential design point approximations 
with the predictions made by the optimisation models regarding the maximum available power. Results 
are considered valid only if they fall within a margin-of-error threshold of 1%. Detailed information 
about each gradient-based optimisation model is presented in Table 6, Table 7, Table 8, Table 9, and 
Table 10, along with validation results indicating which models meet the 1% threshold.

Table 11 displays the optimal design points for each WS, which are determined by comparing 
valid results to select the design point with the highest augmented available power.

4.5. Optimal design point and optimum geometry equivalent

Optimal design points inherently contain information regarding the optimum geometry. Conse
quently, the optimum geometry, expressed in meters, can be deduced from the coordinates of 
the optimal design point. Utilising the Bernstein polynomial equation (11), design point 
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Figure 14. 3D response surfaces for the entire workspace. Renderings are organised in rows and columns, where each row relates 
to an individual WS over which all renderings correspond to the same response surface but are presented with different axes. 
Conversely, each column corresponds to a group of response surfaces with the same axes but different WS.
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Figure 15. 3D response surfaces for the zone of interest. Renderings are organised in rows and columns, where each row relates 
to an individual WS over which all renderings correspond to the same response surface but are presented with different axes. 
Conversely, each column corresponds to a group of response surfaces with the same axes but different WS.
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coordinates are converted into physical coordinates. Table 12 summarises the optimal design point 
coordinates for each WS and their corresponding conversion into physical units (meters).

4.6. Averaged optimal profile

A proposal for an averaged optimal profile is made based on the observation that optimal geome
tries tend to exhibit similar physical dimensions. Table 13 outlines the specifics of this proposed 
averaged optimal profile, including average performance metrics and physical dimensions 
measured in meters.

Table 14 compiles performance data for the averaged optimal profile, considering mass- 
weighted average wind velocity, wind-velocity augmentation effect, optimised available power, 
and power augmentation effect at varying WS. The overall performance indicates a power augmen
tation effect of 12.5 times compared to traditional non-augmented horizontal-axis wind turbines, 
representing a significant increase in power compared to conventional wind turbines.

In addition, Figure 16 provides a graphical representation of flow distribution contours for the 
averaged optimal profile associated with different WS. Because figures are scaled identically, subfi
gures linked with lower WS are prone to present contours of a similar colour range. In contrast, 
subfigures coupled with higher WS contours tend to be more distinguishable.

V. Findings

5.1. Optimal profile confinement

A distinct characteristic of the optimal geometrical profiles is their confinement to a narrow workspace 
region. This confinement is primarily observed because areas with high-power augmentation remain 
relatively consistent, regardless of changes in wind speed (WS). Figure 17 displays the optimal geometri
cal profiles categorised by physical dimensions: throat distance from the inlet opening (Xm), throat sec
tion diameter (Ym), and chord length (L), all expressed in meters based on data from Table 12.

The chart reveals that the confinement of optimal profiles varies among different physical 
dimensions. For instance, Xm exhibits confinement for WSs above 4 m/s, while dispersion is 
observed below this threshold. On the other hand, Ym displays confinement to a small region 
for all WSs, while L shows a low confinement and high dispersion across all wind speeds.

Notably, the dispersion observed in Xm and L at 2 and 4 m/s is associated with relatively flat 
response surfaces compared to the peaks seen for other response surfaces associated with higher 
WS (see Figure 15). The flatness of these response surfaces can potentially introduce inaccuracies 
due to the absence of a clear peak, explaining the apparent misalignment. To enhance accuracy, it is 
recommended to incorporate a flatness measure into the algorithm in order to increase the number 
of design points for those cases.

Consequently, the confinement of an optimal profile is primarily applicable to Xm and Ym for 
WS above 4 m/s. Considering L significantly influences the power augmentation effect and exhibits 
substantial dispersion across various wind speeds. However, it’s important to note that the dis
persion in L falls within the same zone of interest for all WS, indicating that regardless of chord 
length’s dispersion, the dispersion in the final power augmentation effect would be limited.

Therefore, the zone of interest, defined by physical dimensions, would be restricted to the fol
lowing ranges: [0.20–0.23] meters for Xm; [0.44–0.45] meters for Ym; and [3.2–3.6] meters for L.

5.2. Power augmentation effect comparison

Table 15 compares the power augmentation effects achieved in the preceding study (Calle, Baca, 
and Gorizales 2022) and the current study, where the latter outperforms the former by an average 
factor of 2.69 times.
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Figure 18 provides a comparison between the average optimal profile proposed in the current 
study and the average optimal profile from the preceding paper for different wind speeds. The com
parison encompasses two key aspects: the wind velocity augmentation effect and the power aug
mentation effect.

5.3. Significance of the chord length on the power augmentation effect

The significant increase in the power augmentation effect observed in the current study can be 
attributed primarily to including chord length (L) as an input variable for optimisation. Figure 19
illustrates a chart in which chord length (L) exhibits the highest COP coefficient of prognosis among 
input variables, indicating that L contributes up to 70% to the output response surface for available 
power (Avai_Power).

Table 13. Specifics of the averaged optimal profile.

Averaged 
optimal 
design point 
for [Xm]

Averaged 
optimal 

design point 
for [Ym]

Averaged 
optimal 

design point 
for [L]

Throat 
distance 

from inlet 
opening 

(m)

Throat 
section’s 
diameter 

(m)

Chord 
length 

(m)

Average wind 
velocity 

augmentation 
effect (times)

Average power 
augmentation 
effect (times)

0.33231237 0.1920568 3.549308 0.506 0.436 3.549 2.368 13.341

Table 11. Summary of optimal design points per inlet wind speed.

Inlet 
Wind 
Speed 
(m/s)

Optimal 
design 

point for 
[Xm]

Optimal 
design 

point for 
[Ym]

Optimal 
design 

point for 
[L]

Weighted 
average 

wind 
velocity (m/ 

s)

Wind velocity 
augmentation 
effect (times)

Optimised 
Available 

Power (W)

CFD- 
verified 

available 
power (W)

Power 
augmentation 
effect (times)

2 0.6096 0.1797 2.81140 5.0965 2.5482 10.7925 10.9010 16.547000
4 1.0000 0.1910 4.61110 9.4999 2.3750 77.6804 77.7008 13.396100
6 0.00200 0.1941 3.65480 13.8120 2.3020 244.7140 246.9554 12.198800
8 0.0000 0.1944 3.47130 18.5732 2.3217 592.0710 596.3860 12.513900
10 0.0000 0.2011 3.19790 22.9247 2.2925 1176.8700 1182.6654 12.047900

Table 12. Summary of optimum geometrical profiles per inlet wind speed.

Inlet Wind 
Speed (m/s)

Optimal design 
point for [Xm]

Optimal design 
point for [Ym]

Optimal design 
point for [L]

Throat distance 
from inlet opening 

(m)
Throat section’s 

diameter (m)
Chord 

Length (m)

2 0.60956 0.17969 2.81136 0.7030 0.414 2.8110
4 1.00000 0.19103 4.61113 0.1163 0.434 4.6110
6 0.00200 0.19408 3.65478 0.2330 0.439 3.6550
8 0.00000 0.19436 3.47134 0.2170 0.440 3.4710
10 0.00000 0.20113 3.19793 0.2000 0.452 3.1980

Table 14. Performance of the averaged optimal profile given different inlet wind speeds.

Inlet 
wind 
speed 
(m/s)

Throat 
distance 

from inlet 
opening (m)

Throat 
section’s 
diameter 

(m)

Chord 
length 

(m)

weighted 
average wind 
velocity (m/s)

Wind velocity 
augmentation 
effect (times)

Optimised 
Available 

Power (W)

Power 
augmentation 
effect (times)

2 0.506 0.436 0.3549 4.7864 2.3930 10.0205 13.7070
4 0.506 0.436 0.3549 9.3998 2.3500 75.8959 12.9770
6 0.506 0.436 0.3549 13.7492 2.2920 237.5284 12.0330
8 0.506 0.436 0.3549 18.3078 2.2880 560.7585 11.9850
10 0.506 0.436 0.3549 23.0209 2.3020 1114.8970 12.2000
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Additionally, Figure 19 reveals that the sum of the coefficients of prognosis for all input 
variables exceeds 100%. This occurs because the percentages represent the individual 
contributions of each input variable to the aggregate output variable and interactions between 
parameters.

Figure 16. Averaged optimal profile’s flow field distribution contours. Pressure (on the left) and wind velocity (on the right) dis
tribution fields for the averaged optimal profile associated with a specific WS are displayed. The contours in all subfigures are 
presented under the same scale.
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Consequently, the results underscore the significance of L in explaining and determining the 
substantial increase in power (P) and the corresponding power augmentation effect resulting 
from the optimisation process in the current study.

VI. Conclusions

General conclusions obtained through the discussion and analysis of the data provided by the pre
sent study advance insights into performance-related factors and broader aspects of wind power 
enhancement. 

- The adequacy of the average wind velocity as a target variable is questioned due to its inability to 
consider the nonlinear wind velocity profile at the throat section, resulting in an inaccurate 
measurement of wind flow volume and its impact on power augmentation.

- Available power becomes a more unbiased and robust target variable to account for the power 
augmentation effect as it considers not only the augmented wind velocity in its calculation but 
also the volumetric air mass passing through the throat section.

- To improve the accuracy of the available power calculation, the mass-weighted average wind 
velocity is applied as the underlying variable instead of the average wind velocity as it accounts 
for volumetric airflow.

- Concerning optimisation performance, the power augmentation effect is a more comprehensive 
measure as it encompasses the wind velocity augmentation effect within its calculation.

Specific conclusions upon the optimisation process performed by the present study are presented 
below: 

- Optimal geometries are primarily confined to a circumscribed zone of interest within the work
space, specifically regarding the variables related to the throat distance from the inlet opening 
and the throat section’s diameter. This confinement allows for a single solution to function effec
tively across a wide range of wind speed conditions.

Figure 17. Chart of optimal profiles’ confinement within the workspace. The optimal profile’s dimensions are organised into 
groups of physical magnitudes. The vertical axis shows the physical dimensions of each coordinate expressed in meters. Legend 
in colours shows inlet WS in meters per second (m/s).
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Figure 18. Augmentation effect comparison between the preceding and present papers for the averaged optimal profile. (a) 
Wind velocity augmentation effect. (b) Power augmentation effect.
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- Analysis of the power augmentation effect confirms the substantial potential for power output 
increase, with available power increasing up to 12.5 times compared to normal non-augmented 
conditions.

- Chord length is the most critical input variable, significantly contributing to increased available 
power and the corresponding power augmentation effect.

- This study has achieved a 2.7 times improvement in power augmentation effect and available 
power compared to the previous research.

General implications of the proposed technology for distributed generation: 

- The results do not invalidate previous conclusions regarding the feasibility of employing an 
averaged optimal profile for various wind resources without significantly compromising the 
power augmentation effect, making this solution particularly suitable for distributed generation 
purposes.

- The combination of an averaged optimal profile and an operating zone of interest enables mod
ularity, facilitating economies of scale for manufacturing purposes.

- The results further reaffirm the potential of an Eolic Cell to significantly increase available power 
and potentially serve as an effective wind energy system for distributed generation.

Identified gaps that need to be addressed in future studies are presented below: 

- The study focuses on enhancing the available power but has not examined the effect on the effec
tive power of a wind turbine. Therefore, including a wind turbine rotor in the research project is 
essential to assess the proposed wind energy system’s significance comprehensively.

- The present study has omitted the components required to convert wind kinetic energy into 
electricity generation. In that regard, future studies must cover the intricacies of a power drive
train and generation systems for a peripherally supported wind turbine proposed by the research 
project.

Additional research is recommended to fully evaluate the benefits of the EC as a highly efficient 
wind energy system for distributed generation. See the Recommendations section for more details.

VII. Recommendations

In future studies, a comprehensive understanding of the impact of the IAC’s convex shape on power 
augmentation should be pursued. This gap can be bridged by investigating the effects of different 

Figure 19. Coefficient of prognosis of the input variables.
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internal aerodynamic profiles on available power. One way to approach this challenge is by intro
ducing variability in the strain coefficient, a parameter used in geometry formation.

To ensure the findings’ validity and prevent potential biases arising from 2D axisymmetric simu
lations, it is important to replicate the proposed methodology using 3D simulations. This step is 
essential for confirming conclusions regarding the optimal geometry for the Eolic Cell regarding 
the power augmentation effect.

Furthermore, for methodological improvement, it is advisable to incorporate a measure to evalu
ate the flatness at the summit of response surfaces. When a flat surface is detected, it should trigger 
an increase in the number of design points. This adjustment will enhance the coefficient of prog
nosis and lead to higher accuracy in the results.

Additionally, to comprehensively assess the potential of an integrated wind energy system, future 
research should extend its focus beyond optimising the power augmentation effect. This extension 
should encompass the study of subsystems for wind energy conversion and electricity generation, 
providing a more holistic understanding of the technology’s capabilities.

Specifically, study subjects to be addressed in future manuscripts should involve, but not be lim
ited to, the performance of a peripherally supported wind turbine embedded within the Eolic Cell, 
the peripheral power transmission from a wind turbine to a generator system, the conversion of a 
wind turbine’s kinetic energy into electricity, and the corresponding characterisation of a power 
curve for the wind energy system and its integrated components.
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Appendices

Appendix A: 2D top-view response surfaces for the entire workspace

Renderings are organised in rows and columns, where each row relates to an individual WS, in which all figures cor
respond to the same response surface presented with different axes. Conversely, each column corresponds to a group 
of response surfaces with the same axes but different WS. The augmented available power is represented in colours, 
where red depicts the highest values, and blue depicts the lowest.
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Appendix B: 2D top-view response surfaces for the zone of interest

Renderings are organised in rows and columns, where each row relates to an individual WS, in which all figures cor
respond to the same response surface presented with different axes. Conversely, each column corresponds to a group 
of response surfaces with the same axes but different WS. The augmented available power is represented in colours, 
where red depicts the highest values, and blue depicts the lowest.
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