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Abstract: A novel approach to optimizing turbomachinery performance is presented in this chapter, which
integrates Computational Fluid Dynamics (CFD) simulations, an artificial neural network (ANN) with a
modified Non-dominated Sorting Genetic Algorithm IT (NSGA-II). Using this enhanced algorithm, substantial
performance improvements can be achieved through geometric optimization. The effectiveness of this method
is demonstrated in two case studies: an inducer for a centrifugal pump and a Savonius wind turbine. The
inducer is designed to maximize head coefficient, hydraulic efficiency, and net positive suction head by
optimizing factors such as inlet and outlet blade angles. The optimization process employs the Group Method
of Data Handling (GMDH) for objective function modeling, followed by Pareto front plotting and TOPSIS for
identifying trade-off optimal points. Results indicate significant improvements in head coefficient, hydraulic
efficiency, and NPSHR by 14.3%, 0.3%, and 30.2%, respectively. Twist angle, aspect ratio, and overlap ratio are
also optimized for wind turbine blades. The power coefficient is enhanced by 5.32%, the torque coefficient by
13.74%, and the rotational speed by 0.071% through multi-objective optimization. As a result of this approach,
efficiency improves, and valuable insights into the optimal design principles for turbomachinery components
are also gained.
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1. Introduction

Optimizing the efficiency and reliability of turbomachinery such as turbines and compressors is
a crucial aspect of aerodynamic design. Balancing complex design constraints with performance
requirements is often difficult when using traditional methods. Researchers and engineers have
turned to advanced computational techniques that synergistically combine evolutionary algorithms,
artificial neural networks, and computational fluid dynamics to overcome these challenges [1,2]. It is
explored in this chapter how these methodologies can be integrated to enhance the aerodynamic
design process, offering unprecedented capabilities for optimizing turbomachinery geometries.

In the field of multi-objective optimization, NSGA-II is considered to be a cornerstone [3]. Also
finding Pareto-optimal solutions implies that no other solution will improve one objective without
worsening another- it is also capable of handling multiple conflicting objectives efficiently [4]. Several
modifications have been made to NSGA-II to tailor it specifically to the challenges of aerodynamic
design, improving its ability to navigate the complex, multidimensional design space inherent in
turbomachinery optimization [5,6].

ANNSs, inspired by biological neural networks, excel in learning complex patterns and
relationships from data. In the context of aerodynamic optimization, ANNs serve as surrogate
models or metamodels [7]. They mimic the behavior of CFD simulations, providing rapid predictions
of aerodynamic performance metrics across various design configurations. This capability
significantly reduces computational expense, enabling iterative refinement of designs without the
need for exhaustive CFD evaluations [8].

CFD simulations are indispensable for accurately predicting the flow behavior within
turbomachinery components. They provide detailed insights into aerodynamic performance metrics
such as pressure distribution, flow separation, and efficiency. However, conducting numerous CFD
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simulations can be computationally intensive and time-consuming, limiting the feasibility of
exhaustive design exploration [9].

The integration of modified NSGA-II, ANN, and CFD forms a powerful symbiotic relationship
in aerodynamic design optimization. NSGA-II guides the search for Pareto-optimal solutions,
leveraging ANN as a surrogate model to rapidly evaluate designs across multiple objectives derived
from CFD simulations. This framework allows engineers to efficiently explore the design space,
identifying optimal configurations that balance conflicting objectives like pressure distribution,
efficiency, and stability.

By combining these methodologies, engineers can achieve several benefits:

o  Efficiency: Reduced computational costs through ANN-based surrogate models accelerate the
design iteration process.

e  Precision: Enhanced accuracy in predicting aerodynamic performance metrics ensures designs
meet stringent performance requirements.

e Innovation: Facilitated exploration of novel design configurations that may not be apparent

through traditional methods.

This chapter delves into the integration of modified NSGA-II algorithm, ANN, and CFD for
optimizing aerodynamic geometries of turbomachinery. Through a synergistic approach, these
methodologies empower engineers to tackle complex design challenges, ultimately advancing the
frontier of aerodynamic efficiency and performance optimization in turbomachinery.

1.2. Literature Review

Significant research has focused on using evolutionary methods for system identification [10].
The GMDH algorithm, introduced by Ivakhnenko [11], is a self-organizing method that can create
complex models by evaluating their performance on a set of multi-input, single-output data pairs.
Using the GMDH algorithm, an analytical function can be built in a feed-forward network based on
a quadratic node transfer function, with coefficients determined through regression techniques.

To find the optimal values, the first step is to establish the explicit mathematical input-output
relation [12]. This relationship can be determined through system identification methods, including
fuzzy logic, neural networks, and evolutionary algorithms [13].

Once the mathematical input-output relationships are established, a multi-objective
optimization method should be applied to enhance inducer performance. In multi-objective
optimization problems, a set of optimal solutions, known as the Pareto front, is identified [14].
Genetic algorithms, which are evolutionary algorithms, are particularly effective for solving both
single-objective and multi-objective optimization problems due to their inherent capabilities [15].

Recent studies focusing on turbomachinery have explored various approaches: Deb et al. [16]
recommended using the NSGA-II multi-objective optimization algorithm, derived from genetic
algorithms. This algorithm faced challenges in handling problems with more than two objective
functions due to limitations in its diversity subprogram [17]. To address these issues and improve
the NSGA-II algorithm, the e-elimination subprogram was incorporated, enhancing the genetic
algorithm. This modified approach has been successfully applied to several multi-objective
optimization problems [18,19].

Hadi Al-Gburi et al. [20] introduced an innovative method for optimizing the blade geometry
and guide gap flow of Savonius wind turbines. They found that increasing overlap distances led to
reduced efficiency, as the returning flow became turbulent and interfered with the forward blade's
directed flow. Chan et al. [21] focused on improving the pressure coefficient of Savonius turbines by
optimizing the blade shape. They proposed a new blade geometry and analyzed it using genetic
algorithms (GA) and CFD. The results showed that the optimized blade performed better than
previous models.

Marini¢-Kragic et al. [22] concentrated on optimizing Savonius wind turbine deflector blades,
achieving significant gains in power coefficient, particularly with Scooplet-based designs. In another
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study, they [23] integrated a genetic algorithm with CFD modeling to further improve the power
coefficient of the Savonius wind turbine. They introduced a new two-blade design that enhanced
power efficiency by 12% and made improvements to Scooplet-based designs for four- and six-blade
configurations, which achieved power efficiency coefficients of 0.32 and 0.34, respectively. Bedon et
al. [24] developed a database generation technique validated for symmetric profiles, which led to
better wind turbine performance. Jafaryar et al. [25] conducted a numerical study using central
composite design to find an optimal design for VAWT blades with asymmetric geometry. Mohamad
et al. [26] suggested using symmetric airfoil blades with coupled optimization and CFD algorithms
to increase the tangential force of the Wells monoplane turbine, resulting in improved output power
and efficiency.

1.3. Aims

This chapter aims to investigate a combined methodology involving algorithms like modified
NSGA-II, GMDH, and CFD to optimize turbomachinery geometry. The CFD technique is proposed
for predicting the performance of turbomachinery, with objective functions defined as cost functions.
The GMDH method is used to create polynomial models of these objective functions, based on
important geometric parameters as design variables. These models are then applied within a multi-
objective optimization framework using a modified NSGA-II algorithm to find optimal solutions
along the Pareto front. TOPSIS is used to identify trade-off optimal points. By integrating these
methods, the chapter seeks to significantly improve the performance and efficiency of
turbomachinery designs. The effectiveness of these methodologies is illustrated through detailed case
studies on the Savonius wind turbine and a centrifugal pump inducer.

2. Modelling using GMDH
Ivakhnenko [11] first introduced GMDH algorithm, which is designed to model complex

systems based on data with several inputs and a single output. The GMDH network creates a function
within a feed-forward network using a second-degree transfer function, with coefficients derived
through regression methods. The relationship between inputs and outputs is described by a Volterra
series (Equation (1)) and can be formulated as a system of two-variable second-degree polynomials
(Equation (2)).

DI IPIRIIEDIPIPIC R TS A (0
i=1

i=1 j=1 i=1 j=1 k=1
§=G(%,%) =8 +aX +aX +a;XX +a,x’ +aX’ @)
The unknown coefficients (ai) are calculated with regression methods for each pair of xi and x;
input variables. These coefficients should be obtained such that the least squares error between each
quadratic function (Gi) and the actual output (yi) is minimized (Equations (3) and (4)).

>0 -G,0)

E=i (3)

—min
M
Y, = F (X, X0 X X)) (1=12,..,M) 4)
The complete mathematical representation of the GMDH algorithm can be found in [11].
The GMDH algorithm is employed to find the polynomial representation of the output
parameters in the present work.
The performance of the artificial neural network is evaluated according to root-mean-square
error (RMSE), absolute fraction of variance (R?) and mean relative error (MRE) which are defined as
follows:
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where ¢ represents the target value, 0 denotes the output value, and P stands for the pattern number.

3. Multi-Objective Optimization

A multi-objective optimization problem can be defined mathematically as searching for a vector
of design variables ( X" =[x,, X, ,..,X,"], X" € R") which satisfies m inequality constraints and p
equality constraints:

0,(X)<0, i=1tom (6)

h;(X)=0, j=1top (7)
to optimize the vector of objective functions:

FOX) = [, (X, T, (%), ... { ()T

F(X)eR"

In essence, all objective functions in a problem need to be optimized at the same time. Because
these objectives often conflict, improving one will generally worsen another. As a result, rather than
finding a single best solution for all objectives, a set of optimal solutions, referred to as the Pareto
front, is identified [14].

These optimal solutions are non-dominated with respect to each other but surpass other
solutions within the objective function space. This implies that enhancing one objective function on
the Pareto front will inevitably result in the decline of another. Consequently, adjusting the design
variables tied to these objective functions cannot improve all objectives at the same time. Therefore,
it can be concluded that each solution on the Pareto front represents a trade-off, where one objective
is sacrificed in favor of another.

To explain mathematically, if we assume that all objectives should be minimized (without loss

8)

of generality) a vector U = [ul, u2 - uk} IS ERk is dominant to vector V = [Vl,v2 , ""Vk} IS ERk (denoted
by U <V) if and only if Vie{l, 2,...,k},ui Svi AJj e{l,Z,...,k}:uj Svj . In other words, there is at
least one u;j which is smaller than v; whilst the remaining u’s are either smaller or equal to
corresponding v’s.

A point X*eQ (Qis a feasible region in R") is said to be Pareto optimal (minimal) with
respect to all XeQ if and only if F(X*)<F(x) . Alternatively, it can be readily restated as

VX e Q—{X*} fi (X*) < fi X)~3jefL,2,...k}: fj (X*) < fj (X) . In other words, the solution X" is said
to be Pareto optimal (minimal) if no other solution can be found to dominate X" using the definition

of Pareto dominance. For a given multi-objective optimization problem, a Pareto set P* is a setin the
decision = variable  space  consisting of all the  Pareto  optimal  vectors

P ={X eQ|§9X'eQ: F(X") < F(X)}. In other words, there is no other X'as a vector of decision

variable in Q) that dominates any X eP’.


https://doi.org/10.20944/preprints202409.1301.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2024

A Pareto front PT" is a set of vector of objective functions which are obtained using the vectors

of decision variables in the Pareto set, that is PT* = F(X)=( fl(X ) f2 (X)), f (X)) : X € P*} . In other

words, the Pareto front Pt is a set of the vectors of the objective functions mapped from P".

Due to their population-based search approach, evolutionary algorithms are highly effective for
multi-objective optimization problems. These algorithms address the limitations of classical methods,
such as the need for numerous runs to discover the Pareto front or the use of numerical weights to
quantify the importance of each objective. Maintaining adequate genetic diversity in the population
is crucial in these approaches to avoid premature convergence and to ensure the solutions are well-
distributed along the true Pareto front.

As an evolutionary algorithm, NSGA-II uses a crowding approach, which is not very effective
as a diversity-preserving operator, particularly in problems involving more than two objective
functions. In these situations, the crowding distance calculated by the NSGA-II routine can produce
unclear or ambiguous values.

The key difference between the modified NSGA-II and the original NSGA-II is the replacement
of the crowding distance assignment method with the e-elimination diversity approach. This method
removes clones and/or e-similar individuals from the current population by calculating the Euclidean
norm between two vectors. By defining € as the elimination threshold (0.001 in this study), all
individuals within this range of a specific individual on a front are eliminated. To ensure that distinct
individuals in the design variable space with e-similarity in the objective function space are not
eliminated, e-similarity is applied in both the objective and design variable spaces. The eliminated
individuals are then substituted with randomly generated ones from the population. This method
also improves the efficiency of exploring the search space [18,19,27].

4. TOPSIS

TOPSIS is a method for multi-criteria decision analysis, utilized to rank the alternatives within
the obtained Pareto solutions. The method aims to find the optimal compromise solution according
to the designer’s assigned objective weights.

The chosen non-dominated solution (Alternative) should have the shortest distance from the
determined positive ideal solution (A*) and farthest distance from the determined negative ideal
solution (A-). In order to choose the best compromise solution, an evaluation matrix (x;)m<: should be
created (m alternatives and n criteria). xijis also, the jth objective value of the ith alternative. The
created matrix should then be normalized to form the matrix R using Equation (9):

R = (ru )mxn

Xij . -
== Ji=12,...,m j=12..n 9)
= Xijz
i=1

The weighted normalized decision matrix is calculated as follows:

T= (tij)mxn = (Wj rij)mxn ’i :1' 2""’ m (10)

where wj is the weight given by the designer, so that ZWJ- =1.
=

The best and the worst alternatives (A* and A-) should be determined at the next step:

A" ={(max(t, [i =1,2,...m)[j € 3 ). (min(t, [i =1.2,...m)|j € I )} =4t, | =1.2,...n}
11
A ={min(t, i =1,2,..,m)[j € J ), (max(t, [i =1.2,...m)|j e I )}={t, |j =1.2,...n} (1D

where J, ={j=l2,---,n| j associated with the criteria having a positive impact and

J={i=12., n| j associated with the criteria having a negative impact.
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Then, the distances from the target alternative 7 to the best (di) and worst (diw) conditions should
be calculated.

d, = /i(tij —t;)%,i=12,..,m

J:l (12)
d, = ’Z(t” —t,;)%,i=12,..,m

j=1

Finally, the relative closeness to the ideal solution ('s,=d, /(d, +d,) 0<s <Lli=12..m ) is

calculated and the best compromise solution whose relative closeness is the closest to 1 is chosen.

5. Results

Based on the proposed method, we investigated the combination of the modified NSGA-II
algorithm, CFD, and ANN. Two different turbomachines will be examined, namely a Savonius wind
turbine and a centrifugal pump inducer. To investigate the optimum performance of the
turbomachinery, the obtained polynomial neural network models are now incorporated into a multi-
objective optimization procedure. A modified NSGA-II approach is used to implement the
evolutionary process of Pareto multi-objective optimization.

5.1. Savonius Wind Turbine

Two twisted blades are attached to the central shaft to transmit torque. A three-dimensional
wind turbine model developed by Hosseini et al. [28] is used in the simulations presented in Table 1
and Figure 1.

Table 1. Geometric parameters of the helical rotor.

Geometric parameters Value
Rotor diameter (D) 230 mm
Rotor height (h) 162 mm
Overlap ratio (6) 0
Aspect ratio («) 0.7
Blade arc angle 180°
Diameter of the blade 115 mm

(b)

Figure 1. (a) Wind turbine blades in the test section and (b) blade geometry [28].

based on the available data in the literature [29-32], the shear stress transport (SST) model was
selected as the most appropriate model , with further details on the solver and governing equations
provided by Hosseini et al [28].

Artificial neural networks are designed based on the parameters listed in Table 2. The turbine
construction takes into account all operating conditions at the design points. Based on the
specifications reported in Table 3, 60 different geometries were generated. Based on our CFD analysis,
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we have determined these different geometries separately. Three key design parameters that greatly
impact turbine performance are the blade twist angle, aspect ratio, and overlap ratio. To optimize the
turbine through Pareto-based multi-objective analysis, a modified NSGA-II algorithm will be
utilized.

Table 2. Main design variables and their ranges in performance.

Design variables Lower bounds Upper bounds
[ 0 60
a 0.8 1.2
0 0 0.24

Table 3. Samples of numerical results using CFD.

Input data Output data
Q o 0 Cp Cr w
1 0 0.8 0 0.10735 0.142833 37.98526
2 15 0.8 0 0.11875 0.161161 37.24395
3 30 0.8 0 0.11989%4 0.165901 36.176
4 45 0.8 0 0.12735 0.174851 35.6972
5 60 0.8 0 0.10807 0.145388 35.0056
6 0 1 0 0.16414 0.154274 37.3464
7 15 1 0 0.11678 0.162188 36.71072
8 30 1 0 0.12065 0.173663 35.112
60 60 1.2 0.24 0.0935 0.130091 29.07979

Figure 2 shows the ANN structure for the objective functions, including the power and torque
coefficients as well as the rotational speed. The same structure is applied in all three scenarios.

qo.\ Viz

o Y
Y23
0
Figure 2. The artificial neural network structure for objective functions.

Equations (13)-(15) present the ANN polynomials for the turbine's power coefficient, torque
coefficient, and rotational speed.

%p = 54,618 — 2.648Y,, —8.504Y,, +0.0204Y,,? +0.496Y,,2 —0.027Y,,Y,,

Y,, = 26.835+0.018¢ —39.259¢ + 0.001¢” + 21.933¢° —0.098pcx (13)
Y,, = 28.352—40.508¢ + 2.9766 + 20.701cc” +19.0445° — 4.633a5

%T = —12.181-0.006Y,, +4.435Y,, —0.157Y,,2 —0.534Y,,% + 0.456Y,,Y,,

Y,, = 25.664 —0.017¢ — 41.463c + 0.001p° + 22.735a:* — 0.069¢pc (14)
Y,, = 25.709 — 40.395x — 9.2845 + 20.834a* +41.16352 — 0.4450:5

1/ =0.305-3.828Y,, ~14.972Y,, +0.168Y,,’ +178.283Y, +140.395Y,,Y,,

Y,, =-0.00003+0.0002¢ +0.058 — 0.0000008¢° —0.0293c* —0.0001pcx (15)
Y,, =0.023+0.012¢ - 0.0185 —0.006¢* +0.2315% —0.00505


https://doi.org/10.20944/preprints202409.1301.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2024

In this scenario, the GA operators are reapplied to generate the next generation, with the goal of
achieving the Pareto optimal solution. A modified NSGA-II, utilizing non-dominated sorting, was
employed for the multi-objective optimization of turbine performance, taking into account the
previously mentioned geometric and evaluation parameters. Polynomial ANNs were utilized to
optimize performance. The three objective functions —torque coefficient, rotational speed, and power
coefficient—were optimized based on design variables. The NSGA-II algorithm was modified to
facilitate Pareto evolutionary optimization with multiple objectives. The problem is assessed using
the following formulation:

fi = Torque coefficient maximize
Objective Functions |f, = Rotational speed maximize
f5 = Power coefficient maximize

(16)
0deg < Twist angle < 60 deg
Design Variables 0.8 < Aspect ratio < 1.2
0 < Overlab ratio < 0.24

Note that instead of maximizing the torque coefficient, rotational speed, and power coefficient,
the inverse functions, namely 1/Cr, 1/w, and 1/Cp, are minimized.

For the three-objective optimization problem in 1000 generations, a population size of 200 is
assumed with cross-over and mutation probabilities of 0.75 and 0.075, respectively. It is possible to
plot individuals in different objective function planes as a result of solving this three-objective
optimization problem. Using the same design variables, two-objective and multi-objective
optimization problems are compared.

The optimal design points from the three-objective and two-objective optimizations overlap, as
shown in Figure 3(a). Additional design points on other planes are illustrated in Figures 3(b) and (c).
The front points in Pareto solutions are considered the best, making their corresponding design
variables the most desirable. If different design variables were selected, the resulting two-objective
values would rank lower than those on the Pareto front. Selecting design variables according to the
Pareto set provides the best combination of all three objectives. On each plane, while the Pareto front
points dominate each other, they are still superior to other points.

© 3-0bj. Optimization © 3-obj. Optimization
7.5 | ®2-obj. Optimization n
@ Obtained by Applying TOPSIS *

8 2-obj. Optimization
© Obtained by Applying TOPSIS

9 B
; c
5.5
8.5 /
5 b r° ™ +°
- 8 A E G
5 E
4.5 7.5 - * -
8 8.5 9 9.5 10 10.5 1 0.0275 0.028 0.0285 0.029 0.0295
1/C ' /e (sec/rad)
(a) (b)
8
3 © 3-0bj. Optimization
75 F ® 2-0bj. Optimization

@ Obtained by Applying TOPSIS

0.0275 0.028 0.0285 0.029 0.0295 0.03
/e (sec/rad)

(c)

Figure 3. (a) The non-dominated optimum design points in the plane of 1/Cr and 1/Cp (b) plane of
1/Cp and 1/w, (c) and plane of 1/Cr and 1/w.
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As shown in Figure 3, the results of three-objective optimization in each plane include the results
obtained from a two-objective problem, providing designers with more choices. Furthermore, the
results of the two-objective optimization are located at the boundary of the three-objective problem,
indicating the validity of the results.

According to Figure 3, the values of 1/Cr obtained using the two-objective problem are the same
as those obtained using the modified NSGA-II. As a result, it is evident that selecting 1/Cp as an
objective function gives the same results as choosing 1/Cr; therefore, they can be used
interchangeably. 1/rotational speed is the result of 1/Cp and 1/Cr drops. As 1/Cp increases, the 1/Cr
increases, but pressure has a much lower contribution to rotational speed than torque. Therefore, in
the wind turbine under consideration, torque dominates rotational speed.

Figure 4 compares the pressure and fluid velocity of the original and optimized turbines. In
Figure 4(a), the original turbine exhibits a larger high-pressure area compared to the optimized
turbine. However, the modified turbine demonstrates a higher pressure gradient across the driving
blade, which results in increased torque. Figure 4(b) shows that both turbines experience backward
flow towards the retreating blades, but this backflow is more pronounced in the optimized turbine,
contributing to improved torque. Additionally, the overlap ratio enhances the fluid's ability to enter
and exit the turbine more smoothly, particularly in the optimized turbine. Consequently, the
optimized turbine experiences fewer losses and blockages, leading to overall improved performance.

The flow of air from the advancing blade to the retreating blade increases pressure on the suction
side of the opposite blade, which in turn affects the rotor's performance. The presence of low-pressure
regions on the ascending blades suggests that rotor rotation and power output can be positively
influenced by a new rotor design. Based on the results, it can be concluded that the optimized blade
design could be utilized to enhance the performance of large-scale wind rotors. Additionally, the
findings for the two-bladed wind turbines indicate that the new turbine design significantly impacts
the discharge flow rate, while causing only negligible reductions in the turbine's power coefficient.

Pressure [Pa] Pressure [Pa]
5> i T %, %, 158 i I %, %,
*4; S, Cd 7 % “/; o, 7
5. (> Z¢ *dy % 5. (> Z¢ o "
B = 28 o, g > %o 2, %,
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Velocity [ms*-1] Velocity [ms~1]

- 3 - . L .
2 % 7, % % 2 % %, % 4
” ) o> 2 %, hs % o> > %
Original Optimized
(b)

Figure 4. Comparison between the original and optimized turbines (a) pressure distributions around
turbines and (b) the fluid velocity vectors.

5.2. Centrifugal Pump Inducer

The schematic of the inducer used in the simulation is shown in Figure 5. This inducer is a three-
bladed, tapered-hub, variable-pitch design, with its main geometrical and operational parameters
detailed in Table 4 [33]. The inducer is simulated using CFD software. To simulate the flow
characteristics, the conservation equations for mass and momentum must be solved. Additionally,
since the flow is three-dimensional and turbulent, transport equations for the turbulence model are
also solved. The governing equations for the numerical simulation are based on the assumptions of
steady-state conditions and an incompressible fluid [33]. Based on the comparison results, the
complex flow behavior, and the available data in the literature [34-37], the renormalization group
(RNG) k-e model was selected as the most appropriate model.

Figure 5. Three-dimensional model of the inducer [33].

Table 4. Geometrical and operational characteristics of the inducer [33].

Design flow coefficient [-] 0.059
Number of blades [-] 3

Tip radius mm 81

Inlet tip blade angle deg 83.1
Inlet hub radius (fully-developed blade) mm 44.5
Outlet hub radius mm 58.5
Axial length (fully-developed blade) mm 63.5
Mean blade height mm 29.5
Rotational speed rpm 2500

Inlet hub radius mm 35

Axial length mm 90
Diffusion factor [-] 0.39

Ratio between the incidence and blade angles [--] 0.3
Tip solidity [-] 2.03
Hub solidity (-] 2.07
Incidence tip angle @ design deg 2.07

Outlet tip blade angle deg 74.58
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The design variables, along with their ranges of variation, are detailed in Table 5. A sample of
the numerical simulation results used for training and testing the artificial neural network is provided
in Table 6.

Table 5. Design variables and their range of variations.

Design variables Lower boundary Upper boundary
Inlet tip blade angle (deg) 79 85
Outlet tip blade angle (deg) 66 78
Ratio of the outlet hu.b radius to inlet hub 147 1.87
radius

Table 6. Samples of numerical results using CFD.

Input data Output data
Bin (deg) PBout (deg) dhout/dhin P n NPSHR (m)
1 79 66 1.47 0.04041 0.173 7473
2 79 70 1.47 0.10702 0.463 7.669
3 79 74 1.47 0.2144 0.653 11.161
4 79 78 1.47 0.20437 0.635 14.218
5 81 66 1.47 0.03863 0.171 7.703
6 81 70 1.47 0.10568 0.459 5.964
7 81 74 1.47 0.22064 0.659 10.834
8 81 78 1.47 0.21039 0.636 13.821
9 83 66 1.47 0.05801 0.208 7.675
10 83 70 1.47 0.10813 0.467 4.352
47 85 74 1.87 0.16338 0.645 10.757
48 85 78 1.87 0.12351 0.55 11.449

The structure of the GMDH neural network for various output parameters is shown in Figure 6.
The corresponding polynomials for 1/hydraulic efficiency, 1/head coefficient, and NPSHR are
provided in Equations (17), (18) and (19), respectively.

B "
lHﬂ“' ‘v

A /dlhiy

Figure 6. The artificial neural network structure for objective functions.

1/ =1.259+0.749Y,, —0.780Y,, — 0.010Y,,” + 0.437Y,,> — 0.290Y,,Y,,

Y, =-26.22+3.73843, —3.3823,, —0.0183,> +0.027,,* + 0.0083,. B,
Y,, = 288.635-5.7434,,, —89.536(dh,,, / dh,,) +0.0294,

+8.767(dh,,, /dh,,)* +0.8114, , (dh,, / dh,,)

out

17)

out out

1/y =6.652—1.294Y,, +0.628Y,, +0.008Y,,2 —0.060Y,,2 +0.145Y,,Y,,

Y,, =1426.509—8.2683, — 28.8643,, +0.01343,% +0.1523,,% + 0.077 3, B, ,
Y,, =1271.242 - 25,5923, —383.468(dh,, / dh, ) +0.132,,°

+36.514(ch, , / dh,)? +3.5602,, (dh,, /dh,,)

(18)

out out
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NPSHR = —14.205 +0.782Y,, +3.030Y,, —0.076Y,,2 — 0.175Y,,% + 0.124Y,,Y,,
Y, =1618.375-21.5133, — 20.4615,,, +0.1123,2 +0.1218, % +0.0415, S, o
Y,, = 454.191-15.728,,, +125.031(dh,, / dh, ) +0.1234, 2 1)
~16.125(dh,, / dh,,)? —0.9744,, (dh,, /dh,))

In total, 62.5% of the database is used for training, while the remaining 37.5% is reserved for
testing. The division between the training and testing datasets is done randomly.

The three objective functions—head coefficient, hydraulic efficiency, and NPSHR—are
optimized with respect to the design variables: inlet tip blade angle, outlet tip blade angle, and the
ratio of the outlet hub radius to the inlet hub radius. The evolutionary process for this multi-objective
optimization is carried out using a modified NSGA-II approach. The problem is formulated as

follows:
[ f, = Head coefficient maximize
Objective Functions | f, = Hydraulicefficiency maximize
| f; = Required net positive suction head ~ minimize
[79deg < Inlet tip blade angle < 85deg (20)

66 < Outlet tip blade angle < 78
1.47 < Ratio of the outlet hub radius to
| inlet hub radius <1.87

Design Variables

It should also be noted that, instead of maximizing the head coefficient and hydraulic efficiency
directly, the optimization process minimized the parameters 1/head coefficient and 1/hydraulic
efficiency.

A population of 100 individuals was evaluated over 1,000 generations for a four-objective
optimization problem, with a crossover probability of 0.7 and a mutation probability of 0.07. The
result of the three-objective optimization yields a set of individuals that can be visualized in various
objective function planes. Additionally, a two-objective optimization was performed using the same
design variables and compared with the outcomes of the three-objective optimization

The non-dominated optimal design points from the three-objective optimization, plotted in the
plane of NPSHR and 1/, are overlaid with the results from the two-objective optimization in Figure
7(a). These non-dominated design points are also depicted in other planes, as shown in Figures 7(b)
and 7(c).

All Pareto front points in each plane are non-dominated relative to one another but are superior
to all other points. Since these Pareto front points represent the best solutions, the corresponding
design variables are also the optimal choices. If any other set of design variables is selected, the
resulting values for the objectives would be inferior, falling outside the Pareto front. Thus, it can be
concluded that basing the selection of design variables on the Pareto sets leads to the best possible
combination of the three objectives.

As illustrated in Figure 7, the results from the three-objective optimization encompass those of
the two-objective problem in each plane, providing designers with more options. Moreover, the
results of the two-objective optimization lie on the boundary of the three-objective problem,
confirming the validity of the obtained data.
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Figure 7. (a) The non-dominated optimum design points in the plane of NPSHR and 1/ (b) plane of
NPSHR and 1/, (c) and plane of 1/n and 1/1.

A comparison between the original and three-objective optimized inducers is presented in
Figure 8. The static pressure distributions on the pressure side of the blades (Figure 8(a)) clearly show
that the optimized ratio of the outlet hub radius to the inlet hub radius reduces the space between the
hub and casing, consequently increasing the pressure difference. Additionally, the fluid velocity
vectors (Figure 8(b)) demonstrate that reducing the inlet and outlet tip blade angles allows the fluid
to enter and exit the blades more smoothly along their surfaces. This results in a reduction of
incidence losses at the blade entrance and mitigates blockage effects at the blade exit. Although more
backflows are observed at the blade tips due to the increased pressure difference between the suction
and pressure surfaces, these losses constitute a small fraction of the total loss. Overall, the inducer's
performance is improved, as evidenced by the optimized head coefficient, hydraulic efficiency, and
NPSHR.

Pressure [Pa] Pressure [Pa]
L - L |
oy ® s“ o > o ® » o g
. P P & & F L
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Original Optimized
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Figure 8. (a) Comparison between the original and optimized inducers pressure distributions on the
pressure side of the blades and (b) the fluid velocity vectors.

Conclusion

A multi-objective optimization technique was implemented in the current study to enhance the
efficacy of turbomachinery. A 3-D CFD approach was employed to model turbomachinery. The
objective functions were modeled using a GMDH neural network, which was informed by numerical
input-output data. Pareto fronts were depicted using polynomial models acquired in an evolutionary
multi-objective Pareto-based optimization approach (the modified NSGA-II), and trade-off optimum
points were derived using TOPSIS. The results of the overlay of two and three-objective optimization
data indicated that the two-objective optimization data were situated within the boundary of the
three-objective problem. Some significant trade-offs among objective functions were identified as a
result of multi-objective optimization. The combined implementation of NSGA-II and TOPSIS is
highly beneficial in the design of turbomachines. The application of single objective optimization
resulted in a 55.26% decrease in NPSHR, a 25.37% increase in head coefficient, and a 5.56% increase
in hydraulic efficiency for the centrifugal pump inducer. For the Savonius wind turbine, the
suggested method improved the torque coefficient, rotational speed, and power coefficient by
13.74%, 0.071%, and 5.32%, respectively.

Conflicts of Interest: The authors declare no conflict of interest.

Nomenclature
C constant . rate of dissipation of turbulent
kinetic energy (m?/s%)

Cea constant n hydraulic efficiency

Ce2 constant Mo constant

dh inducer hub diameter (m) U dynamic viscosity (Pa s)
turbulent kinetic energy generation o

Gk density (kg/m?3)
(kg/m %)

k turbulent kinetic energy (m?/s?) (o) effective Prandtl number for k

NPSHR required net positive suction head (m) o effective Prandtl number for &

P pressure (Pa) () flow coefficient

AP pressure drop (Pa) 0 head coefficient

Q volumetric flow rate (m?3/s) Q inducer rotational speed (rpm)

rh inducer hub radius (m) subscripts

rT inducer blade tip radius (m) eff effective

u’ fluctuating velocity (m/s) in inlet


https://doi.org/10.20944/preprints202409.1301.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2024

15

mean velocity (m/s) min minimum
inlet velocity to the inducer (m/s) out outlet
coordinate (m) t total

output value

constant
inlet tip blade angle (deg)
outlet tip blade angle (deg)

Kronecker delta
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