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Abstract

The growing urgency of mitigating global warming has accelerated the
demand for innovative solutions in energy conversion systems, directly
impacting the design of turbomachinery. In particular, centrifugal
compressors require systematic optimization procedures capable of en-

suring high performance across a wide range of operating conditions.

Due to the high cost of three-dimensional CFD simulations, opti-
mization must rely on surrogate models that efficiently approximate
aerodynamic behavior. The methodology is based on four main steps:
(i) the definition of a suitable parameterization of the impeller geom-
etry, (ii) the generation of a numerical database through reliable CFD
simulations at selected operating points, (iii) the training of a surrogate
model based on artificial intelligence to capture the correlation between
geometry and performance, and (iv) the application of an optimization

strategy to identify optimal solutions.

This procedure is then extended from single impeller optimization
to the generation of entire compressor families. By introducing rules
for continuous geometry generation, intermediate designs can be au-
tomatically derived while preserving both performance and geometric
consistency.

The thesis is organized to provide a clear and comprehensive de-
velopment of this framework. The first chapter introduces the context
of the work, highlighting the challenges and opportunities in high-

efficiency turbomachinery design. The following chapter presents the
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Abstract U

numerical models employed, including the CFD solver and the valida-
tion of the numerical setup, ensuring reliable performance predictions.
The subsequent section focus on the artificial intelligence tools used
to define the surrogate model. In the fifth chapter a detailed descrip-
tion of the multi-objective optimization strategy applied to identify
optimal impeller geometries is presented. Methods to reduce opti-
mization time, including advanced sampling techniques and efficient
training procedures, are then discussed in the sixth chapter. Finally,
the framework is extended to the generation of compressor families,
illustrating a systematic approach for producing intermediate designs
with preserved performance and geometric coherence.

This integrated framework provides not only a systematic approach
for optimizing individual impellers, but also a scalable strategy for
designing entire families of centrifugal compressors. The result is a
methodology that combines accuracy, computational efficiency, and
flexibility, offering a concrete contribution towards the next generation

of high-performance, energy-efficient turbomachinery.

Keywords: CFD, Centrifugal Compressors, Artificial Intelligence,

Turbomachinery, Neural Networks
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Chapter 1
Introduction

The urgency of addressing the global warming crisis has significantly
intensified over the last decade, as emphasized during the Glasgow
COP26 summit [1]. One of the primary targets outlined in this context
is the achievement of carbon neutrality by 2050 (see fig. 1.1). This
objective represents a critical driver for innovation in energy conversion

systems and, consequently, for turbomachinery design.
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Figure 1.1: COy Emission Pathways and Global Temperature Projec-
tions

Among the sectors that have received increasing attention are lig-



Introduction 2

uefied natural gas (LNG) and the organic Rankine cycle (ORC)|2].
These systems, which involve unconventional working fluids, are ex-
pected to play a central role in the ongoing energy transition. Their
growing importance has directly influenced the demand for reliable,
efficient, and flexible turbomachinery solutions capable of adapting to

the requirements of such processes.

In this context, the design of centrifugal compressors is undergoing
a substantial transformation. Rather than focusing on a single op-
timized compressor configuration, the objective is the development of
entire families of compressors, each tailored to specific operating condi-
tions and applications. Given the limited time frames imposed by the
energy transition and the market demand for rapid deployment, it be-
comes imperative to significantly reduce the design time required for a
complete compressor family, while still ensuring robustness, efficiency,

and adaptability.

Compressor design can be addressed using several approaches. On
one side, less computationally expensive tools such as one-dimensional
[3] or two-dimensional methods can be employed for preliminary de-
sign. A typical example is provided by throughflow models [4], which
are capable of generating fast results. However, these approaches can-
not predict cross-flows perpendicular to the mean streamsurface, while
the flow inside a centrifugal compressor has been demonstrated to be
strongly three-dimensional. On the other hand, high-fidelity analyses
are becoming increasingly affordable thanks to the growth in computa-
tional power. As of today, their suitability remains limited to the per-
formance study of selected components, when a deep understanding of
the flow structures and behavior is sought. For everyday aerodynamic
design activity, industry still relies on RANS-based CFD codes, as they
represent the best trade-off between computational cost and accuracy.
This aspect is particularly critical in the context of optimization, where

a wide range of geometries must be analyzed to explore the full design
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space.

Flow topologies occurring in centrifugal compressors can be very
complex and are often dominated by strong secondary flows, flow sep-
arations, and shock wave-boundary layer interactions, especially in
transonic conditions [5]. In such scenarios, the proper selection of the
turbulence model becomes a key issue in order to guarantee a sufficient
confidence level in the predicted results, while ensuring robustness and
numerical stability with reasonably fast simulations. For this reason,
it is essential that CFD predictions are as accurate and reliable as
possible, and whenever feasible, they should be validated against ex-

perimental data.

The design of centrifugal compressors is increasingly driven by the
need to perform systematic optimization studies across a wide range
of operating conditions. Due to the inherently high computational
cost of three-dimensional simulations, optimization procedures are of-
ten supported by surrogate models, which provide an efficient approx-
imation of the aerodynamic performance. These surrogate models rely
on the construction of accurate databases, generated through carefully
selected CFD simulations, and their predictive capability strongly de-
pends on the quality of this underlying dataset. Ensuring the accuracy
of surrogate models is therefore of paramount importance, as they di-

rectly affect the reliability of the optimization outcomes.

Another critical aspect is that optimization cannot be limited to the
design point alone. In several applications compressors are required to
operate reliably over a broad range of conditions, and therefore the
off-design performance must be explicitly considered in the optimiza-
tion process. Accounting for off-design behavior, however, inevitably
increases the computational effort, as it requires the evaluation of mul-
tiple operating points for each candidate geometry. The need to bal-
ance design-point optimization with off-design performance evaluation,

while managing the associated computational effort, represents one of
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the primary challenges in compressor optimization.

In recent years, artificial intelligence (AI) techniques have emerged
as a promising approach to address some of these challenges. Deep
learning methodologies, in particular, have shown immense potential
across a variety of scientific disciplines, including turbomachinery de-
sign. Among these methods, artificial neural networks (ANNs) [6] have
been employed for multi-objective optimization, enabling the capture
of complex, non-linear relationships between geometric inputs and per-
formance outputs [7] [8] [9] [10]. Unlike traditional methods, ANNs do
not rely on explicit mathematical models; instead, they learn from
data, reducing the designer’s burden in model selection and allow-
ing efficient exploration of diverse design configurations. Al-based
approaches thus offer a pathway to accelerate design processes and
support the creation of accurate surrogate models. While previous
discussion focused on the optimization of a single compressor, modern
design requirements demand the creation of entire families of machines.
To achieve this, information obtained during the optimization of indi-
vidual compressors must be transferred and generalized to support the
design of multiple geometries.

The main objective of this thesis is to develop a methodology for
the design and optimization of a transonic centrifugal compressor fam-
ily. The tools developed are required to be fast, robust, and reliable.
To ensure the reliability of the framework, a validation was first car-
ried out using available experimental data and geometries from Baker
Hughes Florence. Numerical tools for surrogate modeling and opti-
mization were then developed based on existing techniques, followed
by a discussion of strategies to accelerate the optimization process. Fi-
nally, to improve the robustness of the methodology, a procedure for
the automatic generation of centrifugal impellers is presented, allowing
the designer to explore the design space freely while obtaining impeller

geometries with performance consistent with other family members.



Chapter 2

Centrifugal Compressor

aerodynamics

Centrifugal compressors, also referred to as radial compressors, are
turbomachines designed to increase the pressure of a compressible fluid.
Unlike axial compressors, in which the flow mainly moves parallel to
the axis of rotation, radial compressors guide the flow radially outward
from the impeller. This fundamental difference influences the geometry
of both the rotor and stator blades, as well as the overall acrodynamic

behavior of the machine.

It is important to distinguish between compressors and pumps.
While compressors are used for compressible fluids, pumps are intended
for incompressible fluids. Despite the similarity in their general objec-
tive of increasing fluid pressure, the physical properties of the working
medium dictate the choice of the machine and the corresponding aero-

dynamic design considerations.

A stage of a centrifugal compressor consists of an impeller followed
by a diffuser. The rotor and stator blades exhibit strongly different
geometries to effectively manage the energy transfer and guide the
flow. Diffusers can take various forms depending on the application,

including vaned, vaneless, and pipe diffusers. The choice of the diffuser
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guide
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Impeller

Figure 2.1: Example of centrifugal compressor [11]

affects the pressure recovery, flow uniformity, and overall efficiency of

the stage.

Centrifugal compressors can be arranged in either single-stage or
multi-stage configurations 2.2. In a single-stage configuration 2.2(a),
the diffuser is typically followed by a volute, or scroll, which collects
the flow radially over 360° and redirects it tangentially. In multi-stage
configurations 2.2(b), the diffuser is followed by a U-bend (or crossover)
and a return channel. The U-bend collects the flow exiting the diffuser
and redirects it radially inward, while the return channel reduces the
swirl velocity of the flow and recovers static pressure before directing

it to the next stage impeller. These components collectively ensure ef-
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((a)) Single-stage compres- ((b)) Multi-stage compressor
sor scheme scheme

Figure 2.2: Comparison between single-stage and multi-stage compres-
sors [12]

ficient energy transfer and maintain favorable flow conditions through-
out the compressor. Multi-stage compressors are generally used in

industrial applications where higher discharge pressures are required.

Centrifugal compressors find application in a variety of fields. Single

stage compressors are widely used in turbocharging 2.3 for automotive
and marine engines, as well as in energy production, often driven by
either a radial in-flow turbine or an electric motor. Industrial applica-
tions, such as oil and gas 2.4, chemical processing, energy generation,
mining, and metallurgy, employ both single and multi stage compres-
sors depending on the required discharge pressure. The selection of
configuration is closely tied to the desired operational characteristics

and performance objectives.

The use of non-conventional fluids in LNG and ORC applications
introduces aerodynamic conditions that differ significantly from those
encountered with conventional gases. In particular, the higher molecu-
lar weight of these fluids lowers the speed of sound, resulting in elevated

peripheral Mach numbers at the impeller tip. Under these conditions,
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Figure 2.4: Baker Hughes’s High Pressure Ratio Compressor (HPRC)
[14]
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flows that were previously subsonic in conventional compressors can
become transonic, with local supersonic regions and associated shock

waves forming within the impeller passages.

Existing centrifugal compressors, originally designed for conven-
tional fluids, are therefore unsuitable for these applications. Their ge-
ometries and blade profiles are optimized for subsonic operation, and
they cannot efficiently handle the transonic flow conditions now re-
quired. As a result, new compressor designs are necessary, specifically
tailored to manage the aerodynamic challenges of transonic operation.
This includes careful consideration of blade shaping, diffusion chan-
nels, and flow turning to minimize shock-induced losses and maintain

stable operation across the required operating range.

The design of these transonic impellers is critical to achieving high
efficiency and robustness. Accurate prediction and management of
compressibility effects, secondary flows, and potential flow separation

are therefore essential aspects of the aerodynamic design process.

For the similarity analysis, it is common practice to describe the
stage performance using dimensionless groups. The most important

parameters that charaterize the machine inside the design space are:

e The flow coefficient, which is the adimensional the mass flow:

o= —u

. S 2.1
,001§D§U2 ( )

e The Peripheral Mach number, which is the adimensional form of
the impeller speed:

Muy = —2 (2.2)

VYRITH

A set of global performance parameters are often used, to describe

the machine’s effect on the working fluid:
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e For a perfect gas, polytropic efficiency can be expressed as:

’}/ — 11n(P02/P01)

= v In(Toe/To1) (2:3)

e Work coefficient, which expresses the work input of the impeller:

_ Al

2
Uy

T (2.4)

e Polytropic Head coefficient, which expresses the effective work

input transmitted inside the flow:

H =n,r (2.5)

The described coefficients will be used in all the following chapters
and their definition will be repeated, to facilitate the comprehension

of the reader.



Chapter 3

Numerical Framework

3.1 Geometry parameterization

Geometric parametrization plays a fundamental role in the design and
optimization of centrifugal compressors. By providing a systematic
description of the impeller shape, parametrization allows designers to
explore variations of the geometry and perform targeted modifications
or perturbations to improve aerodynamic performance. The choice of
geometrical parameters is pivotal to the success of the method. A
low number of geometrical features does not explore a wide variety of
solutions. At the same time, an excessive number of degrees of freedom
increases the risk of studying non feasible geometries.

The impeller is primarily described in the meridional plane, where
the hub and shroud curves define the main flow channel. For fully
three-dimensional geometries, additional intermediate meridional sec-
tions are introduced to capture the spanwise variation of the blade and
to refine the representation of the flow path. These curves are typically
represented using a finite set of parameters, such as splines or Bézier
curves, which enable a flexible and compact definition of the merid-
ional geometry. An example of parameterization of a "ruled" impeller

(only hub and tip sections are parametrized) is shown in 3.1, while an

11
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example of multi-stream return channel is shown in 3.2.

Figure 3.1: Impeller Meridional Channel

Within each meridional section, the leading edge and trailing edge
of the impeller blade are identified. These points serve as references for
defining the camber line of the blade section, which provides the basis
for the detailed blade shape. The geometry of the blade is specified in-
dependently for each section along the span. Two main characteristics
are defined per section: the blade angle distribution and the thickness
distribution. Both distributions can be described using a limited num-
ber of parameters, allowing for a compact yet flexible representation
of the three-dimensional blade geometry 3.3.

Once the blade sections are defined, the full 3D shape of the im-
peller is generated by interpolating between the sections along the
span. This approach allows the creation of either simple, "ruled" blades
or more complex shaped blades, depending on the number of sections
and the desired level of aecrodynamic refinement. By systematically
controlling the geometry in this way, designers can efficiently explore

design variations and optimize the impeller for performance, robust-
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Hub and shroud contours

Inner meridional contowrs — —
a Control points .- @--

radial direction

axial direction

Figure 3.2: Return Channel Meridional Channel (multiple spanwise
sections)

ness, and operational requirements.

Regarding the parameterization of the impeller, a design based only
on hub and tip sections can be reasonable. However, for high Mach
number configurations, it is often advantageous to increase the com-
plexity of the parameterization by adding control sections along the
span.

Hazby et al. [5] present an example of these benefits by comparing
three different transonic impeller blade configurations. The main dif-

ference lies in the shape of the leading edge. The study analyzes the
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Blade Angle / Thickness

s/Cs

Tip
Rel. Spak

Figure 3.3: Chord-wise/span-wise blade angle/thickness distribution

position of the shock wave and plots iso-pressure lines along the blade.
The results show that a more detailed blade shape provides clear ad-
vantages. A forward-swept impeller moves the shock wave toward the
inner region, improving stability. A “barreled” shape reduces shock
intensity at intermediate span levels. The comparison is illustrated in
Figure 3.4.

3.2 Mesh

Once the impeller geometry has been defined, the computational do-
main must be discretized by means of a mesh. In the case of three-
dimensional configurations, structured viscous H-type grids are widely
employed, as they provide adequate resolution of the boundary layers
and a flexible adaptation to different inlet and outlet configurations.
This approach can be applied to both axial and radial impeller inlets,
as well as to geometries with vaneless or vaned diffusers, and even to
multi-stage arrangements including return channels. An example of
meshed impeller, with radial inlet and vaneless diffuser, is represented

in figure 3.5, while a mesh of a return channel is presented in figure
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Shock wave
moved towards
the inner part
of the blade

Strong shock wave and
boundary layer radial
transport at tip and midspan

Shock intensity reduced at
midspan

Forward swept Barrelled forward swept

Figure 3.4: Contours of surface static pressure and vectors of relative
velocity close to the suction surface [5]

3.6.
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Figure 3.5: Computational domain of a impeller with radial inlet and
vaneless diffuser

The different mesh blocks are typically connected using a mixing

plane approach, which allows the averaging of flow properties between
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Figure 3.6: Computational domain of a return channel with U-bend

adjacent components and the preservation of flow quantities between

systems with different relative velocity.

A critical aspect of mesh generation lies in the definition of the
appropriate grid resolution. If the mesh is too coarse, the geometric
features of the impeller and flow path, and the resulting flow field,
may not be accurately captured, leading to unreliable simulation re-
sults. On the other hand, an excessively fine mesh drastically increases
computational cost without necessarily improving the accuracy of the
predicted performance. To achieve this balance, a mesh sensitivity
study is commonly performed. In this process, CFD simulations are
carried out using different levels of mesh refinement, and the resulting
post-processed quantities—such as pressure ratio, efficiency, or veloc-
ity distributions—are compared. Convergence of these results with
mesh refinement provides confidence that the chosen grid resolution is

sufficient to ensure both accuracy and computational efficiency.
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3.3 CFD - TRAF code

The CFD is carried out using the TRAF code, a 3D steady/unsteady,
viscous, multi-row, multi-block RANS solver developed at University of
Florence [15, 16]. The code has been already used to study centrifugal
compressors over the years for industrial and turbocharger applications
[17, 18, 19, 20].

The flow solver incorporates several convective flux schemes that
range from central ones with artificial dissipation, to TVD strategies
built on top of upwind schemes [21]. For the present study, the cen-
tral scheme proposed by Jameson, Schmidt, and Turkel, with artificial
dissipation has been used [22].

The governing equations are solved in conservative form and mapped
into a curvilinear, body-fitted coordinate system. A finite volume ap-
proach is employed to discretize the computational domain, ensuring
accurate representation of complex geometries and robust numerical
performance.

Several turbulence model for turbulence closure are implemented,
ranging from algebraic to more complex one and two equation ap-

proaches:

e Baldwin-Lomax algebraic model [23];

e Degani-Schifft algebraic model [24];

e Mixing length algebraic model [25];

e One-equation Spalart-Allmaras model [26];

e One-equation Spalart-Allmaras model with Spalart-Shur correc-
tion [27];

e Two-equation k£ —w Wilcox Low-Reynolds model [28];

e Two-equation k — w Wilcox High-Reynolds model 1988 version
[28];
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Two-equation k£ — w Menter SST model [29];

Two-equation k£ — w Wilcox High-Reynolds model 2006 version
[30];

Two-equation k£ — w Wilcox High-Reynolds model modified by
Rung (LEA) [31];

Realizable quadratic eddy viscosity model RQEVM by Rung
[31][32].

In particular, the k£ —w family of models (such as the Wilcox formu-
lations and the Menter SST model) is commonly used in centrifugal
compressor applications, as it provides a suitable trade-off between
computational cost and predictive capability in the presence of strong
secondary flows and shock-boundary layer interactions.

For steady-state calculations, the interaction between adjacent blade
rows is handled through a mixing plane approach, which enables the
exchange of circumferentially averaged flow properties across inter-
faces. For unsteady analyses, the solver adopts a full annulus approach
with sliding interfaces, ensuring a more detailed resolution of the time-
dependent interaction between impeller and diffuser.

Boundary conditions for subsonic inlet and subsonic outlet are im-
posed to the computational domain. At the inlet, four flow quantities
must be prescribed (typically the total pressure, total temperature,
flow direction), and turbulence intensity or length scale. At the outlet,
a single variable, usually the static pressure, is imposed to define the
overall operating point.

The code has been parallelized for both shared and distributed
memory architectures, allowing efficient use of modern high-performance
computing platforms. Using MPI and OpenMP for parallelization, a
GPU version of the code is also available [33].
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3.4 CFD - helicity correction model

In the numerical investigation of turbomachinery flows, it is essential to
employ modeling strategies capable of capturing the relevant physical
phenomena with sufficient accuracy. Since experimental data remain
the ultimate reference for validation, numerical models must be care-
fully selected and developed to ensure consistency with measurements,
thereby enabling a reliable interpretation of complex flow structures.

Helicity is the mathematical term used for describing the projection
of the vorticity vector onto the velocity vector. Its use is quite common
in particle physics where it is employed for describing the projection
of the particle spin in the direction of its motion. In fluid dynamics,
it was first introduced by Moffatt [34] as a value for measuring the
knottedness of vortex lines in the flow.

The use of helicity as a correction term for turbulence models was
already tested by Liu et al. [35] for the validation of a numerical
model for predicting corner separation using Spalart Allmaras (SA)
turbulence model [26]. As the original SA model predicted a larger
than expected separation zone, a helicity-based correction of turbu-
lence production and dissipation was implemented to account for en-
ergy backscatter, which plays a critical role in corner separation re-
gions. Liu et al. [36] proposed another application of helicity-based
correction in the Menter’s shear stress transport model (SST) [29],
analyzing once again the problem of overestimation of corner flow sep-
arations. Such a correction results in an increased turbulent kinetic
energy production in corner regions, according to the helicity field,
and this is reflected in a reduction of the separation zone size. Im-
proved agreement with experimental data has been observed when the
correction is applied.

Helicity however is not Galilean Invariant, meaning that its defi-
nition requires the choice of the reference in which the velocity and

vorticity components are considered. The aforementioned works stud-
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ied a linear PVD (prescribed velocity distribution) cascade, so the
closure modifications were considered in an inertial frame of reference
only. In another study of Lee et al. [37], the SA model with a helicity
correction-based model is used for predicting the performance of low-
speed fan rotors. The study showed that, even with rotating parts, the
correction model improves the flow predictions, especially in near stall
conditions, and consequently contributes to a more realistic calculated
operating range. As previously said, the choice of the reference frame

for the helicity terms in this case is not unambiguous.

The mentioned studies [35][35][37] proved that a correction of tur-
bulence production and destruction based on helicity improves the flow
prediction of complex and tridimensional flows, which is an appealing

feature for centrifugal compressor studies.

Wilcox’s k-w turbulence model is chosen as the baseline closure
[30]. It is a two equation model where the transported quantities are
the turbulent kinetic energy k£ and w, defined as the ratio between the
dissipation and production of turbulent energy. The production term

of the first equation is:

P, =—pu ®u-Vu (3.1)

where 1’ ® 0’ represents the Reynolds stress tensor, and for the

second equation:

p,=%p, (3.2)
M

where « is a model coefficient and y; is the eddy viscosity. Based

on the Boussinesq hypothesis, (3.1) is modeled as:

P, = j1,5% (3.3)

where S is the mean strain rate tensor:
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S? =258 (3.4)

S = Sym(Vu) (3.5)

when helicity is introduced in the model, the original production

term in (3.1) is now replaced with:

Py = Py, (14 C1,h") (3.6)
where h is the absolute value of helicity density, defined as:

h_|u-w|

= Julw (3.7

where u is the velocity vector and w its vorticity. The two con-
stants of the model are Cy;, and Csj,, which determine respectively the
maximum increase of P/ and its rate of growth. There is no absolute
correct choice of these values. For instance, In Liu et al.’s work [35][36]
the constants are set as Cy;, = 0.71 and Cy, = 0.6, while in Lee et al.’s
[37] work the chosen values are Cyj, = 0.5 and Cy, = 0.7.

A higher value of Cy, results in an increase of the predicted stall
margin, thanks to a higher amount on turbulent kinetic energy, and
enhances the losses due to turbulence, on the contrary a small value of
(', results in an underestimation of the stall margin. After calibration
the two coefficients were held constant for all cases presented in this
study [38].

As already pointed out, there is no physical argument suggesting
to consider velocity and vorticity in the absolute rather than in the
relative frame of reference for the evaluation of the helicity. Any par-
ticular combination yields a different prediction, and no generality can
be claimed for any option. It is worth mentioning that the proposed
model, which does not introduce new transport equations, does not

increase the computational cost.
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3.5 Helicity correction model - validation

on centrifugal compressor stage

This section describes part of the validation campaign conducted by
the author. The primary objective is to fine-tune the model coefficients
C1y, and C2), in order to obtain performance curves that closely match

the available experimental data provided by Baker Hughes.

Two intermediate stages for high flow coefficient centrifugal com-
pressors are presented. The first one is characterized by higher periph-
eral Mach number as compared to the second one, so a different level
of complexity in the flow structures is to be anticipated. Two H-type
grids are used for the stage discretization: the first one comprises the
impeller and a vaneless diffuser (Fig. 3.5), the second one discretizes
the U-bend and return channel (Fig. 3.6). The two computational

blocks are linked with a mixing plane.

As a mesh sensitivity analysis is done using the baseline & — w
model, the same analysis was repeated for the helicity-corrected model
providing very similar results. The tested grids are a coarse mesh G1,
a medium mesh G2, and a fine mesh G3. The medium one, which
is the one targeted for present study, ensures the best compromise
between accuracy and computational cost. The objective is to find a
mesh density with less than 0.5% discrepancy compared to G3 for the
most important performance parameters, such as polytopic efficiency
and work coefficient. The near-wall mesh resolution set to ensure y* =

O(1). The sensitivity analysis data is reported on table 3.1.

The rotational speed is kept constant. The boundary conditions
are adiabatic walls with no slip condition, prescribed spanwise distri-
butions of total pressure, total temperature and flow angles at inlet,
outlet static pressure value is imposed at the hub with a distribution
based on the radial equilibrium. Boundary conditions for the turbu-

lence quantities are imposed in terms of Turbulence intensity and tur-
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Table 3.1: Mesh sensitivity analysis of Compressor 1

Grid | ¢/64 No. of Elements | Polytropic Efficiency | Work Coefficient
Error with G3 Error with G3 Error with G3

G1 | 1.00 1.00 M 1.06% 1.17%

G2 | 1.00 230 M 0.18% 0.32%

G3 | 1.00 4.50 M - -

G1 | 0.86 1.00 M 1.00% 1.16%

G2 | 0.86 2.30 M 0.48% 0.41%

G3 | 0.86 4.50 M - -

bulence length scale.. Convergence acceleration techniques are used
to decrease convergence time, such as local time stepping, residual
smoothing and a 2-level multigrid strategy.

The experimental activity was performed on a dedicated model test
bench at the Turbomachinery Technology Laboratory (TTL) in Baker
Hughes facility in Florence, Italy. The test bench is a closed loop
rotating single stage rig, which is normally employed for performance
measurements of different centrifugal compressor stage families; further
details can be found in [39][40][41].

3.5.1 Experimental results

The test campaigns were carried out using carbon dioxide as the work-
ing gas and approximately ambient conditions at the stage inlet. The
impeller has been tested in an intermediate stage arrangement. Indeed,
a multistage compressor was simulated through a “pseudo-stage” in the
flow-path upstream of the impeller, including a set of pre-swirl vanes
followed by a return channel. A vaneless diffuser and a downstream
return channel are included in the stage as well (see fig. 3.7).

The test rig was instrumented with total temperature and total
pressure rakes to allow flange-to-flange measurements. Measurements
were also taken at various locations throughout the test article to derive

single component (i.e. impeller, diffuser, return channel) performance.
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Figure 3.7: Test rig layout

The measurements of total pressure were performed with Kiel probes
total temperature with shielded J-type thermocouples and flow angles
with three-hole and five-hole probes, for the yaw and pitch angles re-
spectively. At each of the measurement locations throughout the com-
pressor, static pressure taps were positioned around the circumference
of both the hub and the shroud sides; see also Table 3.2.

Table 3.2: Measurement Sections

’ Section No. ‘ Measurement
10 Impeller Inlet Py, Ps, Ty, Yaw Angle, Pyyn
20 Impeller Outlet | Fy, Ps, Ty, Yaw and Pitch Angles, Pyyn
Py, Py, Ty, Yaw and Pitch Angles, Pyyy,

40 Diffuser Outlet
60 Stage Outlet By, P,, Ty, Flow Angle

The mass flow was measured according to EN ISO 5167 standard

with an orifice plate; whereas the rig rotating speed was measured us-
Dynamic pressure probes,

ing a magnetic pick-up-based key-phasor
having a resonance frequency over 250 kHz, have been installed at sec-

tions 10, 20 and 40 to detect stall inception. In the diffuser sections
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(20 and 40) 3 probes are installed at the same radius and at different
tangential positions, in order to determine phase shift which will be
required in data processing; the reader is addressed to [42][43][44][45]
for more details about procedure, criteria, and data analysis. From an
experimental standpoint, stall investigation is carried out by reducing
compressor volumetric flow rate from right limit up to surge occur-
rence. Unsteady pressure signals are acquired, and stall is identified
by the presence of sub-synchronous phenomena. Once stall region is
identified, a detailed analysis of rotating stall is then performed; in
particular the stall pattern and number of lobes is reconstructed from

signals phase shift.

The non-dimensional parameters used for describing the swallowing
capacity and the impeller rotational speed are, respectively, the flow
coefficient ¢ and the peripheral Mach number Mus:

1y
¢ = (3.8)

- T N2
Po1 ZDQ U2
U

VYR,

where the subscripts 1 and 2 indicate the impeller inlet and outlet

MUQZ

sections respectively (sections 10 and 20 of Fig. 3.7). For high flow
coefficient and peripheral Mach number, a high impeller inlet relative
Mach number is expected, which leads to a transonic region near the
impeller shroud. In transonic inducers, the entropy generation due to
shocks has a strong impact on impeller efficiency. In order to correctly
predict the stage performance, CFD needs to correctly simulate the
interaction between the shock wave and boundary layer on the blade
suction side.

The numerical framework has been validated against experiments
on a large number of centrifugal compressor stages over a wide range of
flow coefficients and peripheral Mach numbers. For sake of brevity only

two cases will be presented. Such cases have been selected to demon-
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strate model capability to enhance CFD predictability when required

and to not jeopardize standard model capabilities.

3.5.2 Compressor 1

This machine was chosen for the model validation because of its high
flow coefficient and peripheral Mach number, its transonic behavior
and the availability of experimental data. Figure 3.8 shows the results
in terms of stage polytropic efficiency curve, at the design rotational

speed. Polytropic efficiency for a perfect gas can be expressed as:

= v — 11In(Poe/Po1)

v In(To2/To1)

where the terms with subscripts 1 and 2 belong respectively to the
stage inlet and outlet section (sections 10 and 60 of Fig. 3.7).

(3.10)

pony’ — A —— — |
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Figure 3.8: Compressor 1, performance comparison in terms of poly-
tropic efficiency

Also in this plot, a comparison between the use and the suppression

of helicity-based correction model is shown (to neglect the effects of
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the model Cyy, is set to 0). The improvement of the flow prediction
using helicity is clear, especially at low flow coefficients. It is noticeable
how the CFD without helicity correction predicts the stall boundary at
higher flow coefficients than expected. The curve shape is also different
from the experimental one. If helicity correction is added, the extension
of the operating range on the left side of the curve is enhanced, while
the choke margin is unchanged, which means that the model does not
influence flow blockage at choke in a significant way. If we compare
the absolute values of polytropic efficiency between the two CFDs,
we see that the addition of turbulent energy, given by helicity, tends
to decrease the efficiency of the whole stage. The correction model
has an influence at every flow coefficient, in the considered range, by
increasing the turbulent kinetic energy. Predicted efficiency absolute
values are greater than the experimental ones. One of the main reasons
is that some external losses, such as windage, are not being accounted
for in the numerical model. Figure 3.9 shows the comparison of work
coefficient, defined as:

_ Ay

T =

(3.11)

uj
where Ahy is the total enthalpy variation through the impeller.
The comparison shows that the slope given by the model with the

helicity-based correction has a better agreement with the one shown
by experimental results. In contrast, at low flow coefficients, the CFD

without helicity model tends to decrease the curve slope.

Figure 3.10 shows the polytropic head coefficient results, defined as
the product of 2.3 and 2.4:

H=n,r (3.12)

Since RANS calculations are not suited to identify compressor stall,

the authors identify a “numerical” stall with the last operating point
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: Compressor 1, performance comparison in terms of poly-
tropic head

reaching convergence. Convergence is considered to be attained when
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changes lower than 0.5% occur in terms of flow coefficient, polytropic
efficiency, work coefficient and head coefficient, after successive runs
with a prescribed number of steps. The approaching of the stall mar-
gin can be visualized by the slope of the polytropic head becoming
horizontal. It can be seen that CFD with helicity model reaches a zero
slope at the same flow coefficient of experimental data, while calcula-

tions without correction model see a premature stall.

Further insights can be gained by comparing computed and ex-
perimental spanwise distributions of flow quantities in several stage
locations, and at different flow coefficients. A comparison of the nor-
malized total-to-total pressure ratio at stage exit (section 60 in fig.
3.7), at design rotational speed, is shown in figs. 3.11(a)-3.11(b) re-
spectively at ¢/dchore = 0.806 (near stall condition) and 0.948 (design

condition).

In near stall conditions (fig. 3.11(a)) it is possible to observe that
the increase in turbulent kinetic energy, due to helicity corrections,
gives a better match with experimental data, in terms of absolute val-

ues and profile shape.

A similar behavior can be observed at design flow coefficients (fig.
3.11(b)), where the profile of CFD with helicity model is closer to the
experimental data. It is also interesting to look at the comparison
between the two CFD analyses in fig. 3.11(b): between midspan and
hub, the predicted total-to-total pressure ratio is lower with the ad-
dition of helicity, and the opposite is true near shroud. This can be
explained by remembering that helicity increases turbulence, which is
directly linked to losses. At the same time, a more energetic fluid has a
smaller separation where a shock wave is encountered, so the pressure
losses due to the interaction between shock wave and boundary layer

separation are smaller.

In order to investigate even further on the effects of helicity correc-

tions, in particular at low flow coefficients, a study of the flow field near
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Figure 3.11: Compressor 1, spanwise distribution comparison in terms
of normalized pressure ratio (Section 60)

the impeller shroud is made. Figure 3.12 shows the normalized Mach

number contours in the relative reference frame, at ¢/depore = 0.806
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comparing the CFD with and without the helicity correction model. As
expected, the high peripheral Mach number, combined with a high in-
cidence, generates a transonic region and a strong interaction between
the shock wave and the boundary layer. The result is a separated shear

layer near the blade suction side, which significantly increases losses.

Downstream of the shock wave, a region of low momentum fluid is
created, which tends to separate while subjected to the adverse pres-
sure gradient. The impact of helicity correction is highlighted in figs.
3.12(a)3.12(b), where it is apparent that the low momentum region
extends for a larger portion of the vane for the standard £ — w model

while it is significantly reduced when the correction is exploited.

Contours of non-dimensional relative stagnation pressure are used
to highlight the regions where losses are located in a section just down-
stream the impeller trailing edge. Figure 3.13 compares the standard
and the helicity-corrected turbulence model for the near stall condition.
The secondary flows distribution is in good agreement with the typi-
cal “jet & wake” pattern. The area of low relative stagnation pressure
fluid, corresponding to the so-called “wake”; is located in the suction
side-shroud corner. For the standard turbulence model fig. 3.13(b) the
wake increases and occupies a larger pitchwise extension compared to
fig 3.13(a) where the helicity correction is used. The increased pro-
duction of turbulent kinetic energy in regions of the flow field where
helicity is dominant reduces the extent of low-momentum fluid and
thus the formation of secondary flows at the impeller outlet. This ef-
fect delays the onset of numerical instability corresponding to the last

converged point in the predicted characteristic (see fig. 3.10).

The evolution of the turbulent kinetic energy (TKE) along the
vaned passage is highlighted on figure 3.14. As expected, the case
with helicity correction model has a greater turbulent kinetic energy

production term.
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Figure 3.13: Compressor 1, normalized relative total pressure contours
at impeller exit (Section 20) at ¢/@chore = 0.806

3.5.3 Compressor 2

In order to have a broader evaluation of the £ —w model, another ma-
chine is discussed. In this case, the design peripheral Mach number is
lower than that of compressor 1, so a less critical flow configuration is

expected, especially at the impeller shroud. The comparison of poly-
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((a)) With helicity correction ((b)) Without helicity correction

Figure 3.14: Compressor 1, normalized turbulent kinetic energy pro-
duction at ¢/dehore = 0.806

tropic efficiency, work coefficient, and head coefficient is presented in
figures 3.15 3.16 and 3.17.

It can be seen how the standard k£ — w model is already able to
provide a good prediction of the measured characteristics, in terms of
shape and operating range. In particular the polytropic efficiency (fig.
3.15) is overestimated by about 2-3% and the work coefficient (fig.
3.16) is in pretty good agreement with the measurements. It is im-
portant to verify whether the introduction of helicity correction model
does not worsen the flow prediction, so that the introduced model can
be profitably adopted for a wider combination of flow coefficients at
peripheral Mach numbers. Comparing the performance curves in fig-
ures 3.15 3.16 and 3.17, there are no major changes in the predicted
shape and operating range, while a difference between the CFD results
in terms of absolute efficiency, and consequently in absolute polytropic
head, values are detected. This is consistent with the higher produc-

tion of turbulent kinetic energy of the k —w model resulting in a higher
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level of loss.

Spanwise distributions of normalized total-to-total pressure ratio
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Figure 3.17: Compressor 2, performance comparison in terms of poly-
tropic head

are shown in Fig. 13(a) for the near stall conditions (¢/@cpore = 0.691)
at stage exit where experimental data are available.

It can be seen how the two numerical predictions are close to each
other (note that the z-resolution of fig. 3.18 is twice as the one in fig.
3.11), and the helicity-corrected turbulence model better matches the
experimental results. Figure 3.18(b) shows the same comparison when
the flow coefficient is near choke (¢/penore = 0.959). In this case, it is
worthwhile to notice that a side effect of helicity correction is recog-
nizable in a smoothing of the spanwise profile of total pressure ratio,
probably due to the higher turbulent mixing resulting in a slightly
different shape of the distribution.

Once again, the impact of the helicity-correction on the local pre-
diction of the flow field is verified in fig. 3.19 where the contours of
relative Mach number near the impeller shroud are compared for the
near stall condition.

The global picture is quite similar in this case, even if the standard

turbulence model predicts a larger extension of the low-momentum re-
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Figure 3.18: Compressor 2, spanwise distribution comparison in terms
of normalized pressure ratio (Section 60)

gion near the suction side (Fig. 3.19(b)). The secondary flows pattern

is visible in figure 3.20, where the relative total pressure contours are
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Compressor 2, relative Mach number contours at impeller 85% span

at ¢/benoke = 0.691

shown at the impeller exit for the same operating condition.
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Figure 3.20: Compressor 2, normalized relative total pressure contours
at impeller exit (Section 20) at ¢/dcpore = 0.691

The high-loss region in this case moves from the corner of the suc-
tion side while remaining close to the shroud. Compared to Compressor
1 (Fig. 3.13) the loss regions are of comparable size indicating a lower

impact of the helicity correction for this case.
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In conclusion, the introduction of the helicity correction model has
been demonstrated to better match the centrifugal compressor exper-

imental results. Further details of this work can be found in [38].



Chapter 4

Artificial intelligence and

neural networks

Artificial Intelligence (Al) is a field of computer science that aims to
create systems capable of performing tasks that normally require hu-
man intelligence, such as recognizing patterns, solving complex prob-
lems, or making decisions. Within AI, Machine Learning (ML) is a key
subset. ML allows computers to learn from data and improve perfor-
mance over time without being explicitly programmed for each task.
In other words, Al is the overall goal of simulating intelligent behavior,
while ML provides the practical methods to achieve it by learning from
data.

Machine Learning can be divided into two main types: supervised
learning and unsupervised learning. In supervised learning, models
are trained using datasets where both inputs and outputs are known,
enabling the system to learn the relationship between data and make
predictions for new cases. Typical examples include regression, used
to predict continuous values, and classification, used to assign inputs
to discrete categories. In unsupervised learning, models do not have
labeled outputs and focus on discovering hidden structures in data,

such as clustering or dimensionality reduction.

41
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A further subset of Machine Learning is Deep Learning (DL), which
uses deep neural networks inspired by the human brain. Unlike tra-
ditional machine learning, which often requires manual selection of
relevant features (feature engineering), deep learning can automati-
cally learn complex representations of data through multiple layers of
transformations. This makes it highly effective in tasks such as im-
age recognition, natural language processing, and detecting complex

patterns in large datasets.

Artificial Intelligence |

Machine Learning
Unsupervised Learning

Figure 4.1: Machine learning classification

Deep learning methodologies show great potential across a myr-
iad of scientific disciplines, and the field of turbomachinery design is
no exception. In certain scenarios, researchers employ techniques like
genetic algorithms for optimization [46][47]. The technique is struc-
tured as follows: a set of solutions is derived from simulations. The
top-performing solutions are then selected to form a new set for the
next iteration. However, there are several downsides. The method
necessitates substantial computational resources, and numerous solu-
tions are discarded as they fail to meet the criteria for the subsequent
round. Additionally, genetic algorithms do not allow modification of
constraints and output parameters during operation. This limitation

can hinder adaptability and flexibility in optimization processes.
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Another method approach relies on response surfaces [48], built
from polynomials, which approximate CFD solutions. Despite the uti-
lization of the entire database in this method, the presence of a large
number of degrees of freedom required to describe the geometry renders
the approach less accurate. This is due to a phenomenon commonly
referred to as the "curse of dimensionality”, wherein an excessive num-
ber of degrees of freedom increases prediction error. The only way to
diminish this error is to significantly increase the dimensions of the

database.

Another method, known as the adjoint method [49], provides an
alternative approach to turbomachinery optimization. This method
computes the derivatives of design parameters with respect to de-
sired performance objectives. This enables engineers to swiftly identify
which modifications in geometry or operating conditions maximize the
performance of interest. One of its key features is the ability to assess
the impact of multiple design objectives simultaneously, facilitating
enhanced multi-objective optimization. Moreover, it overcomes the
obstacle mentioned in the response surface, as its computational cost
is independent of the number of design variables. However, a limitation
of this method is its limited flexibility in selecting output parameters
after the database creation, which may constrain adaptability during
the optimization process. Additionally, the adjoint method requires
significant code modification to incorporate the derivative computa-
tions within the solver. Furthermore, with presence of multiple local

optima, the method may converge to a suboptimal solution.

In recent years, Artificial Neural Networks (ANN) have proven par-
ticularly effective in capturing complex, non-linear relationships be-
tween geometric inputs and overall performance outputs. These cor-
relations are essential for enabling efficient design and optimization.
ANNSs are a class of supervised learning algorithms widely used for

multi-objective optimization tasks. They operate by learning from la-
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beled datasets, which are split into training and testing sets to evaluate
model performance. ANNs consist of interconnected nodes, or neurons,
organized into layers, including an input layer, one or more hidden lay-
ers, and an output layer. Unlike traditional optimization techniques,
ANNSs do not rely on explicit mathematical models but instead learn
complex relationships between input and output data through the ad-
justment of weights in the network. The automatic adjustment of
trainable parameters in ANNs alleviates the designer’s responsibility
regarding model selection, while there are still hyperparameters to con-
sider, such as the size of the entire network. However, the flexibility of
the model allows for the training of any combination or subset of input
parameters and labels once the database is created. This versatility en-
ables the exploration of various design configurations and performance

objectives without the need to rebuild the model from scratch.

4.1 MLP code - BaguetteNet

In order to exploit the potential of Artificial Neural Networks for tur-
bomachinery optimization, a dedicated training code was developed
as part of the present work. The tool is based on a classical Multi-
Layer Perceptron (MLP) architecture and requires as input a database
generated from CFD simulations. The input layer corresponds to the
degrees of freedom defined in the geometric parameterization of the
impeller, while the output layer is associated with the global perfor-
mance quantities of interest, which serve as labels for the supervised
learning task.

An example of MLP architecture is reported in Figure 4.2. The
network is structured as a feed-forward architecture, in which the infor-
mation propagates unidirectionally from the input layer to the output
layer through the hidden layers, without any feedback connections.

The framework is designed to provide a high degree of flexibility to
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Figure 4.2: Example of MLP architecture

the user. The number of hidden layers and the number of neurons in
each layer can be freely specified, allowing the creation of architectures
tailored to the complexity of the problem. In addition, the user can de-
fine the loss metric, the number of training epochs, and the percentage
of data assigned to training and testing. In order to assess the predic-
tive capability of the model, the database is divided into two subsets:
a training set and a testing set. Only the training data are used during
the learning process, while the testing data are employed to evaluate
the prediction error on unseen configurations. This procedure ensures
that the model is not only capable of reproducing the training data
but also of generalizing to new cases.

The training process is iterative and extends over the number of
epochs specified by the user. During each epoch, the network parame-
ters (weights and biases) are automatically updated through the back-
propagation algorithm, which minimizes the loss function by adjusting
the parameters in the direction of the error gradient. Over successive
epochs, this procedure progressively reduces the discrepancy between
predicted and target values, improving the accuracy of the model. An
example of loss history of train and test sets are reported in Figure 4.3.

The implementation of the code was carried out using the PyTorch
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Model 1: Evolution of Train, Validation, and Test Losses (Best Fold: 2)
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Figure 4.3: Example of loss history of train and test datasets

library, which provides a robust and efficient environment for defining
neural network architectures, handling automatic differentiation, and
performing optimization. The code, called BaguetteNet, takes as input
the labelled database, and a set of different hidden layer architectures.
The code serially trains the different Neural Networks. The architec-
ture with the most accurate predictions on the test set is saved as the

final model.

To check the quality of the training on the test set, several loss

metrics are available:

e Mean Squared Error (MSE):

MSE = 13— i) (4.1)

i=1
e Mean Absolute Error (MAE):

1 n
MAE = — i — Ui 4.2
P (42)



47 Artificial intelligence and neural networks

e Maximum Absolute Error (MaxAbs):

MaxAbs = max lyi — Uil (4.3)

where:

e y; denotes the true value of the i-th sample,
e ¢, denotes the predicted value of the i-th sample,

e n is the total number of samples.

To further check the quality of the training, a comparison between
true values and predicted ones of every output feature can be plotted.
An example is shown in Figure 4.4. In this plot, the z-axis represents
the predicted values for each feature, while the y-axis represents the
corresponding true values. The closer the points lie to the line y = x,

the more accurate the prediction.

4.2 Optimization Code

Once the neural network has been properly trained and validated, it
can predict the performance of new geometries within seconds, effec-
tively serving as a surrogate for costly CFD evaluations. This capa-
bility opens the way to a systematic exploration of the design space.
Nevertheless, such predictive power alone does not guide the designer
toward an optimized geometry unless the results are framed within
an optimization framework. For this reason, a second code was de-
veloped to establish Pareto fronts based on user-defined performance
objectives, ensuring that the role of each output parameter is carefully
selected according to industrial and product requirements, and that
the database contains the relevant variables for post-processing.

The optimization process is iterative. At each iteration, a set of N

candidate designs is randomly generated within the design space and
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Figure 4.4: Example of output values comparison between true values
and predicted values for each output feature

evaluated by the trained ANN. The network rapidly provides the cor-
responding performance outputs, thus avoiding the need for additional
costly CFD evaluations. A series of filters is then applied to remove
solutions that do not satisfy predefined feasibility or performance con-
straints. For the remaining cases, a scoring system is employed in
order to enable ranking even under multi-objective conditions. Each
performance metric (e.g., efficiency, pressure ratio) can be set to be
maximized or minimized, and a weight is assigned to each objective
according to the designer’s priorities. This approach reduces the multi-
objective optimization problem to a single scalar score per candidate
solution, facilitating straightforward comparison. The solutions are
then sorted in descending order of score. The top M candidates con-
stitute the Pareto front, representing the best trade-offs among the
objectives for that iteration. The process is repeated over successive

iterations, progressively refining the exploration of the design space
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and moving towards optimal geometries.

In this work, the Pareto front is defined with respect to multiple
objectives that can be evaluated either at the same operating condition
or across different operating points. The optimization framework al-
lows the inclusion of several performance metrics, each of which can be
independently specified as a quantity to be maximized or minimized.
For example, the optimization problem may be formulated to maximize
efficiency at the design point while simultaneously minimizing the flow
coefficient at near-stall conditions, with the objective of increasing the

left side operating range.

A scheme of the iterative optimization procedure is presented in
Figure 4.5
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N input data X
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Figure 4.5: Iterative optimization procedure scheme

This framework provides two main advantages. First, it leverages
the surrogate model to drastically reduce the computational cost com-
pared to direct CFD-based optimization. Second, it generates a di-
verse set of high-performing geometries, offering the designer multiple
alternatives from which to choose according to practical or application-

specific requirements.
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4.3 Example of Optimization procedure us-

ing Surrogate model

To perform aerodynamical optimization via ANN, a database correlat-
ing geometry with performance metrics is created. In this study, an
internally developed parameterization scheme is leveraged. It consists
of 33 degrees of freedom (DOFs), which are used to describe:

e Meridional channel: this includes the impeller radial inlet, vane-
less diffuser, and blade corner point locations, considering the
shape of the meridional channel for a multi-stage compressor (see
Fig. 3.1);

e Free-form blade: this covers chordwise and spanwise blade an-
gle distributions at hub and tip sections, chordwise and span-
wise thickness distributions at hub and tip sections, leading edge
spanwise shape in the meridional channel and spanwise airfoil
stacking law. Moreover, along the span, the chordwise thickness
and blade angle distributions are obtained by nonlinear inter-
polation of corresponding values at hub and tip (see Fig. 3.3).
Another degree of freedom describes the magnitude of the non-

linear operator.

The Sobol sequence [50] is employed to generate a random distri-
bution of perturbed data. Unlike a normal random distribution, the
Sobol sequence ensures uniform coverage of the given data range, hence
equally representing the perturbation space.

In order to map the design space, the performance of 1500 geome-
tries are calculated using 3D CFD at three operating points, for a
total of 4500 runs. The choice of using this number of observations is
based on the required prediction accuracy. With less data, the Neural

Network increases its prediction error.
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After postprocessing, it’s necessary to identify parameters that are
indicative of machine performance. Some parameters are selected for
maximization, such as efficiency, while others are monitored to ensure
that the machine meets some technical specifications, such as work co-
efficient. Those parameters will be the labels, or output parameters, of
the database. Three different operating points are computed for each
perturbed geometry to estimate the impeller operating range. Oper-
ating points are initially selected based on the baseline performance
curve, after which each perturbation is executed by imposing the same

outlet static pressure. The three operating points are:
e near stall: the impeller operates under conditions close to stall;

e design point: the perturbed solutions should all approximate
@/ Pdesign = 1. This ensures that the impeller operates near its

design flow coefficient;

e choke point: the focus is solely on the maximum flow coefficient.
This operating point provides crucial information regarding the

impeller’s performance at maximum flow conditions.

The CFD database serves as the foundation for the Multi-Layer
Perceptron (MLP) architecture. The optimization algorithm employed
for backpropagation is Adam (Adaptive Moment Estimation) [51], which
uses Stochastic Gradient Descent (SGD), with a batch of 32 observa-
tions, and root mean square propagation (RMSprop). Mean Squared
Error serves as the loss metric, nonlinearities are computed using ReLLU
(Rectified Linear Unit) as activation function between each layer, ex-
cept for the last one, which remains linear. The database is partitioned
into training and testing datasets via an 80-20 split. Training proceeds
for a specified number of epochs, monitoring the loss to prevent overfit-
ting. It has been observed that beyond 300 epochs, there are no further
improvements in prediction errors. Similar network architectures have

been used in the past for aerodynamic optimizations [7][8].
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Each output parameter plays specific role in the optimization pro-

cedure:

e for the near stall operating point, all the output parameters are
utilized as filters to ensure that solutions have a low flow coeffi-
cient, providing insights into performance at low flow rate, while
maintaining high efficiency to better handle high pressure ratio

conditions;

e at the design point, the primary objective is to maximize poly-
tropic efficiency. Additionally, other output parameters such as
flow coefficient and work coefficient are employed as narrow band-
pass filters to ensure that the technical specifications of the com-

pressor are preserved;

e since low-choke limit solutions are undesirable, a high-pass filter

is imposed for ¢cpoke-

The Neural Network training and optimization phases do not re-
quire a huge amount of time, compared to database generation time.
60 minutes are required form the ANN training (while testing 10 dif-
ferent hidden layer architectures), while 120 minutes are required for
the optimization phase (100 iterations).

The resulting Pareto front is represented, in redd, in figure 4.6.
In that image, the low-pass, band-pass and high-pass filters on flow
coefficients at different operating points are also displayed.

The best 3 geometries are validated via CFD, in order to make
the entire operating curve. Each solution is chosen based on specific

performance criteria, embodying different aspects of optimal design.

e GEOMO1 emerges as a robust option, boasting an exceptionally
wide operating range. Moreover, among the various solutions
within the Pareto front, GEOMO1 stands out for its compara-

tively minimal efficiency decay at low flow coefficients;
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Figure 4.6: Pareto front (in red) superimposed to the starting database
(3 operating points in purple, orange and green)

e GEOMO2 prioritizes the maximization of the flow coefficient at
choke, making it the optimal solution for handling expected in-
creases in flow rates beyond the initial design parameters during

its operational lifespan;

e GEOMO3 is distinguished by its high value of the polytropic effi-

ciency at design point, though at the expense of operating range.

In Figure 4.7, 4.8 and 4.9 the operating curves of the 3 selected
designs are presented, in terms of polytropic efficiency, defined in 2.3,
work coefficient, defined in 2.4, and polytropic head, defined in 2.5.

Flow coefficient is expressed as ¢/d,mqz, in order to better compare
operating ranges. As observed, the solution with the highest efficiency,
GEOMO03, exhibits the lowest operating range. It is also worth men-
tioning that by transitioning to lower flow coefficients from the point

of peak efficiency, this machine experiences the steeper decline in effi-
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Figure 4.7: Performance comparison in terms of polytropic efficiency
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Figure 4.8: Performance comparison in terms of work coefficient

ciency. GEOM1 exhibits a lower peak efficiency than GEOMO03, yet it

demonstrates a higher operating range, being able to reach lower nor-
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Figure 4.9: Performance comparison in terms of polytropic head coef-
ficient

malized flow coefficients. Notably, at low flow coefficients, GEOMO1
presents the lowest performance decline, compared to its peak value.
GEOMO2 stands as an intermediary between the two other solutions,
exhibiting a peak efficiency value between GEOMO01 and GEOMO3,
and an operational range almost equal to GEOMO1.

RANS calculations are not suited to identify compressor stall. There-
fore, the stall is identified with the last operating point reaching con-
vergence. Convergence is considered achieved when there is less than
0.5% change in flow coefficient, polytropic efficiency, work coefficient,
and head coefficient after successive runs with a prescribed number of
steps. An alternative method to assess the stall margin is given by the
flow coefficient at which the slope of polytropic head becomes horizon-
tal, as on Figure 4.9. In Figure 4.8 the effect of narrow band-pass filter
of work coefficient at the second operating point can be highlighted,
where the same value of baseline is imposed.

The determination of which solution to prioritize, considering both
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industrial and technological requirements, lies with the designer choice.

It is also interesting to compare the three optimized solutions in
terms of impeller blade load distribution. In Figures 4.10(a),4.10(b)
and 4.10(c), the normalized chordwise pressure distributions on blade
pressure and suction sides are compared. For every geometry, the
peak efficiency operating point is plotted, at 3 different span levels. A
strongly different load distribution is present close to impeller shroud,
as shown in Figure 4.10(a). This region is of particular interest as
it significantly influences the performance, given the transonic nature
of the flow, due to the high value of the inlet relative Mach number
at casing, and the consequent interaction between shock waves and
boundary layer, which intensifies with the shock magnitude. Therefore,
it is worth to discuss how the three different geometries handle this

design condition:

e GEOMO1 exhibits the highest shock wave intensity, resulting in
a more pronounced interaction between the shock wave and the

boundary layer, leading to increased losses and lower efficiency;

e GEOMO2 decreases the shock intensity, compared to GEOMO1,

by reducing flow acceleration before the shock wave;

e GEOMO3 presents a different configuration, by substituting the
normal shock wave with two oblique shocks. These shocks can
potentially improve performance because, at equivalent upstream
Mach numbers, they generate lower shock intensity. This results
in a reduced adverse pressure gradient for the boundary layer,

which is generally the primary source of aerodynamic losses.

Examining the flowfields at the peak efficiency points, at 80% of
relative span, provides further insight. In Fig. 4.11(a), contours of the
normalized relative Mach number for GEOMO1 reveal the expected

presence of a bow shock and passage shock structure ahead of the
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leading edge. Flow acceleration occurs in the uncovered section of the
impeller blades, followed by significant compression within the passage
shock. In the contour plot for GEOMO02, as depicted in Figure 4.11(b),
the reduction in shock intensity is evident due to the negative camber
of the uncovered portion of the blade passage. The negative camber
induces converging iso-Mach lines, promoting flow compression and
consequently reducing its velocity ahead of the passage shock. Con-
sequently, it is expected that the increase of boundary layer thickness
after the shock also diminishes, compared to GEOM01. GEOMO3 in
Figure 4.11(c) is in a negative incidence configuration, which changes
the passage shock configuration. Instead of presenting a normal shock

wave, the passage shock is made by two oblique shocks.

To summarize, the presented methodology demonstrates an aero-
dynamic optimization approach for high Mach number centrifugal im-
pellers exploiting deep learning. The main objective is to optimize
the impeller aerodynamics leveraging a comprehensive CFD simula-
tion database, while employing artificial neural networks (ANNSs) to
scrutinize a number of viable solutions. The database includes infor-
mation about three operating points, ranging from near choke to near
stall. A Pareto front is built using ANN predictions by applying the
proper boundaries on each output parameter that needs to be moni-
tored. One notable advantage of this methodology is its ability to allow
the selection of multiple solutions tailored to different design priorities,
such as maximizing the flow rate, the peak efficiency, or the operating
range, from a database encompassing a wide variety of geometries. It
is also possible to define multiple Pareto fronts without changing the

database or the trained neutral network.

The success of this approach is given by several key factors. Firstly,
the selection of the parameterization scheme plays a critical role in
defining the design space. Additionally, the quality and robustness of

the CFD database are paramount, as they directly impact the accuracy
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and reliability of the optimized solutions generated by the ANN. Lastly,
the careful selection of output parameters is crucial for guiding the
optimization process towards achieving the desired design goals.

The proposed methodology offers a streamlined approach to aero-
dynamic optimization, enabling designers to explore a wide range of
possibilities efficiently. Moreover, the flexibility of the approach allows
for the adaptation of solutions to specific design requirements and con-
straints, further enhancing its applicability.

Further details of this work can be found in [52].
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Chapter 5
Optimization speedup

Although the procedure described in the previous sections demon-
strates both its strength and potential, it still presents some limita-
tions and can certainly be improved. In particular, accelerating the
optimization process is of great importance, especially when the goal
is to generate entire families of machines rather than a single optimized
design. Enhancing computational efficiency becomes a key enabler in
making such approaches viable for industrial applications.

The main bottleneck in the optimization procedure is represented
by the generation of the database. The minimum database size re-
quired to properly train a surrogate model cannot be established a

priori, making the process particularly time-consuming.

Moreover, the database must contain information not only at the
design point but also across a sufficiently wide operating range, since
the impeller is expected to guarantee satisfactory performance under
variable conditions. For this reason, multiple databases are usually
generated, each corresponding to different operating points.

A further complication arises from the numerical stability of the
geometries under CFD simulations. While even design point calcula-
tions may occasionally diverge, this risk becomes more significant in

off-design conditions. In such cases, the computational effort invested

61
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in CFD may not translate into usable data, reducing the overall effi-
ciency of the database generation process.

While CFD simulations generate valuable flow information, this
data is often underutilized in aerodynamic design. In contrast, human
designers typically integrate both global performance metrics and de-
tailed flow data, such as velocity fields and blade loading distributions,

to assess and improve design quality.

5.1 Database size

A critical aspect of the optimization framework concerns the definition
of the database size. One potential strategy for reducing computational
costs could consist in exploiting the experience gained from previous
training campaigns. For instance, if a neural network reaches a sat-
isfactory accuracy level after being trained on N geometries, it may
appear reasonable to assume that a similar number of cases would be
sufficient for subsequent databases. However, the effectiveness of this
approach remains questionable.

First, the flow regime may vary significantly from one machine to
another. In particular, the presence of nonlinear phenomena, for ex-
ample associated with high Mach numbers inside the impeller passage,
may require a larger database than in subsonic cases, where the flow
is generally more predictable. As a result, the required dataset size
is strongly influenced by the specific aerodynamic conditions under
consideration.

Second, the amplitude of the geometric perturbations applied dur-
ing the parametrization also plays a decisive role. When the perturba-
tion range is too wide, a larger number of geometries becomes necessary
to ensure adequate coverage of the design space. This, however, leads
to longer computational times and an increased probability of gen-

erating geometries that are far from the optimized ones, which may
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result in non-convergent CFD simulations. Conversely, when the per-
turbation range is too narrow, the design space may not be sufficiently
explored, limiting the generalization capability of the trained model
and reducing the overall effectiveness of the optimization process.
The best practice consists in building the database incrementally,
while constantly monitoring the progress of the training. In practice,
after an initial generation of geometries, the network is trained and the
loss function is evaluated. If the error curve no longer shows signifi-
cant improvements, it indicates that the amount of data is sufficient
to represent the design space under consideration. Conversely, if the
loss remains high or unstable, the database must be enlarged with
additional geometries until a reliable predictive model is achieved.
An example of that is represented on figure 5.1 , where the train-
ing loss for each database size (also called number of observations) is
compared. The chosen loss is Mean Absolute Error (MAE) and its

definition can be found in 4.2.
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Figure 5.1: Mean Absolute Error value of test set vs database size

As can be seen, after 1200 observations there is no improvement of

training loss, hence it is not necessary to increase the database size.
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5.2 Convolutional neural network approach

for blade loading inference

A significant limitation of Al lies in their frequent disregard for the un-
derlying flow physics. While computational fluid dynamics (CFD) sim-
ulations provide detailed insights into the flow field, this information
is typically unexploited in conventional neural network models. De-
veloping a methodology that can leverage this rich dataset effectively
is crucial for combining global performance metrics with detailed local
flow characteristics, offering a comprehensive evaluation of the system’s

behavior without increasing the time required for database generation.

The following work presents a methodology that leverages neural
network architectures to predict flow characteristics in a transonic im-
peller. Geometric inputs are still generated using a parametric tool,
and the outputs are categorized into two types: global performance
parameters, which are used to train the multilayer perceptron (MLP),
and blade loading data represented as pressure fields, which are col-
lected as images. These images are then employed to train a reverse

convolutional neural network (CNN).

In recent years, several studies have focused on training neural net-
works to incorporate flow information into the design process. These
methods typically use convolutional neural networks (CNNs), intro-
duced by LeCun [53], which are capable of processing and analyzing
images, enabling the integration of detailed flow data into the design

workflow.

In ref. [54], Guo et al. use CNNs to predict 2D steady laminar flow
fields around vehicles, achieving faster results than traditional solvers
while maintaining accuracy. This enables rapid aerodynamic design
iterations. A similar approach is discussed in ref. [55]. Deng et al.
[56] propose an encoder-decoder method using a CFD database of 2D

airfoils. The encoder compresses flow field images into feature vectors,



65 Optimization speedup

which are correlated with design variables using an MLP, integrating
detailed flow information into the design process. Zalger|57| applies
variational autoencoders (VAEs) to optimize aircraft turbomachinery
components. The VAE encodes high dimensional CFD flow data into
a lower-dimensional latent space, aiding efficient design space explo-
ration while reducing computational costs. Wang et al. [58| combine
VAEs with deep learning to predict flow fields around supercritical
airfoils. Their method uses an encoder-decoder architecture, with an
MLP mapping airfoil geometry to latent vectors, effectively predicting
corresponding flow fields. In ref. [59], a VAE is applied to CFD data
of multi-wedge hypersonic inlets. A hybrid model with an MLP recon-
structs and predicts flow fields, correlating geometric parameters with
latent space representations. Sekar et al. [60] introduce an inverse de-
sign method using CNNs to correlate 2D airfoil loading distributions
with geometric features, enabling optimal airfoil geometry determina-

tion based on desired loading characteristics.

The reviewed studies highlight the potential of deep learning, par-
ticularly Convolutional Neural Networks (CNNs), in acrodynamic de-
sign and flow prediction. However, most of these works focus on 2D
cases and simpler flow configurations, such as airfoils or vehicle bodies.
While promising in general fluid dynamics, their direct application to
3D turbomachinery remains limited. The majority of studies examine
relatively simple geometries and flow conditions, which may not fully
capture the complexity of turbomachinery flows. Thus, while CNNs
show potential in flow field prediction and design optimization, their
use in more complex 3D turbomachinery systems requires further ex-

ploration.

This work involves training a database of centrifugal compressor
impeller geometries, which includes global performance parameters and
local flow data, in the form of blade load distributions along the chord

and span. The goal is to develop a surrogate CFD model that can
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provide accurate predictions of both the machine’s performance and
the blade loading, enabling faster and more efficient design iterations

while capturing the complex flow characteristics of the impeller.

To achieve this, the first step is the creation of a database derived
from CFD simulations. This database will then serve as the foundation
for training the neural network. The geometry of the compressor is
generated using a parameterization tool, as discussed before. The tool
generates the 3D geometry of the centrifugal compressor, which is then
automatically meshed with a viscous H-type grid. For each meshed
geometry, a single operating point, imposing back-pressure, is run with
CFD. As discussed before, convergence is considered reached when
there is less than a 0.5% change in global performance values. One

convergence is reached, post-processing takes place.

In addition to the global parameters, detailed information regarding
the blade loading is also collected. The blade loading is determined
by the static pressure at each point on the blade surface, both on the
pressure side and the suction side. To collect this data, a pressure map
is created for each side of the blade, saved as an image. To generate
the pressure maps, an averaging process is applied once the resolution
of the pressure image is defined, ensuring that the pressure values are

properly distributed across the image grid.

An example of image generation is reported on figure 5.2. These
pressure maps are then stored in the database for each geometry, pro-

viding a clear representation of the blade loading distribution.

There is no strict requirement to use blade surface pressure as the
sole feature. This choice is guided by human design experience, which
recognizes blade loading as a critical factor in compressor performance.
However, nothing prevents the inclusion, or even substitution, of other
flow features that are equally important for machine design. Simi-
larly, there is no restriction on employing three-dimensional flow fields

instead of two-dimensional projections. However, this approach is gen-
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Figure 5.2: Blade loading data collection example

erally avoided for multiple reasons: convolutional neural networks tend
to achieve higher accuracy when trained on 2D data, and, at the same
time, it is desirable that the extracted features retain a clear engi-
neering meaning. Capturing the entire 3D flow field would provide
excessive information without offering additional practical value for

the design process.

The surrogate model input data consist of images with two chan-
nels, one corresponding to the pressure side (PS) and the other to the
suction side (SS). The decoder network adopts a hybrid architecture
that combines Multi-Layer Perceptron (MLP) and Convolutional Neu-
ral Network (CNN) layers. In the first stage, a fully connected MLP
is employed, starting with an input layer followed by several hidden
layers, all using the ReLU activation function. The output of this
stage is then reshaped and passed into a series of CNN layers. These
convolutional layers progressively refine the spatial resolution while re-
ducing the number of channels, ultimately producing an output with
two channels at maximum resolution.

The training procedure is carried out in a manner similar to the
MLP: the dataset is split into training and test sets; the Mean Squared
Error (MSE) is adopted as the loss function, computed at each pixel

value; the weight updates are performed via backpropagation. The use
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of GPU acceleration is suggested to significantly reduce training time

and speed up convergence, but its use is not mandatory.
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Figure 5.3: Schematic representation of the decoder neural network
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The Figure 5.3 illustrates a schematic overview of the network ar-
chitecture. Decoder results are presented in figure 5.4. The comparison
is made between the true PS and SS images of the test set and their
corresponding predicted images. The absolute difference is also com-
puted to generate the corresponding difference images for PS and SS.
As shown, the blade load configurations exhibit considerable variation
across the test set; however, the decoder consistently predicts the blade
behavior with high accuracy. This work presents cases involving neg-
ative incidence (fig. 5.4(a), 5.4(b)), low incidence (fig. 5.4(c), 5.4(d)),
and positive incidence (fig. 5.4(e), 5.4(f)), highlighting the method’s
robustness in handling diverse scenarios.

By fixing a specific span, the chord-wise difference of pressure dis-
tributions (PS-SS) can be analyzed. The largest discrepancies are ob-
served in regions with high gradients, such as the leading and trailing
edges, where pressure variations are more pronounced. The trailing
edge, in particular, shows a sharp variation due to its blunt shape. Ad-
ditionally, in transonic conditions, strong gradients arise due to shock

waves, especially in the presence of shocks. However, even in these re-
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gions, the decoder’s performance remains impressive, with only minor
deviations from the true values. The overall consistency of the predic-
tions further demonstrates the decoder’s capability in capturing the
complex aerodynamic behavior of the compressor blades across vari-
ous operating conditions. Given the high accuracy in predicting blade
loading, the method can be effectively employed to assess a priori the
loading distribution of geometries obtained at the end of the optimiza-
tion process, simply by querying the trained CNN. This additional
information provides a valuable criterion for selecting which optimized
geometries should be run with CFD across the operating curve. For
instance, a solution exhibiting high efficiency at the design point but
characterized by excessively positive incidence may only have a lim-
ited stable operating range on the left side of the map. An alternative
approach consists in actively incorporating the predicted blade load-
ing into the optimization loop itself. During the scoring phase, where
each geometry is assigned a performance index, the evaluation can be
extended beyond global performance metrics to include criteria related
to loading quality, such as proximity to zero incidence or the presence
of shock structures. By penalizing unfavorable loading patterns, this
strategy can guide the optimization toward geometries with inherently
better aerodynamic behavior. Such an approach has the potential to
eliminate the need for explicitly including near-stall operating points in
the database, thereby reducing the computational cost of optimization

dramatically. Further details of this work can be found in [61].
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Figure 5.4: CNN training results for different incidence examples (Test

set).



71 Optimization speedup

5.3 Geometrical throat area estimation tool
for maximum swallowing capacity esti-

mation

In an optimization procedure based on neural networks and CFD databases,
the identification of the right-hand limit of the operating curve is a
critical task. The determination of the right margin condition requires
CFD simulations for the database, performed only to evaluate the max-
imum mass flow rate. Other performance parameters, such as efficiency

or pressure ratio, cannot be reliably used for optimization in this re-
gion. This is because, close to choke, the slope of the characteristic
curves becomes almost vertical, and the relationship between flow rate
and global performance is no longer unique.

For compressors operating at high flow coefficients and high Mach
numbers, the right-hand limit of the characteristic curve is not de-
termined by blade incidence, but rather by the onset of choke. This
phenomenon occurs when the flow inside the blade passage accelerates
up to Mach one at the throat section. Once this condition is reached,
no further increase in mass flow rate is possible, since the flow cannot
accelerate beyond this point.

Choke can be described using the classical one-dimensional theory
of converging—diverging nozzles. For a perfect gas, the mass flow rate

at choke is given by:

y+1

. vy 2 2(y-1)
max — A P 5.1
m tro RTO (’}/ + 1) ( )

where:
® 7.« 1S the maximum mass flow rate at choke,

e A, is the cross-sectional area at the throat (minimum area) of

the blade passage,
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e [ is the total (stagnation) pressure upstream of the throat,

e Tj is the total (stagnation) temperature upstream of the throat,
e 7 is the ratio of specific heats of the gas (¢,/c,),

e IR is the specific gas constant.

Although simplified, this formulation is directly analogous to what
occurs inside the blade passage of a centrifugal compressor. The min-
imum cross-sectional area between blades behaves like the throat of a
nozzle, and the maximum achievable mass flow rate is directly linked to
this geometric feature. Once the working fluid and the rotational speed
of the impeller are fixed, a nearly linear dependence emerges between
the throat area and the maximum mass flow rate. This opens the way
for estimating the choke condition from purely geometric information,
without the need for dedicated CFD simulations.

It is important to clarify that a distinction exists between the mini-
mum geometric area, which lies in a fixed reference plane, and the min-
imum effective throat area of the blade passage. Since the compressor
flow field is inherently three-dimensional, the critical area that limits
the mass flow is defined locally as the cross-section normal to the flow
direction. Consequently, equating the minimum geometric throat area
to the critical flow area represents an approximation, whose validity
depends on how uniform and well-aligned the flow direction is within
the throat region. In cases where the flow remains largely aligned, this
simplification provides a sufficiently accurate estimate for engineering
purposes, whereas strong three-dimensional effects may reduce its re-
liability.

The developed approach is based on a gradient descent approach
[62]. In its standard formulation, gradient descent is an iterative op-
timization algorithm aimed at minimizing a given cost function. At

each iteration, the cost is first evaluated based on the current set of
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input variables. The gradient of the cost function is then approxi-
mated by perturbing each variable one at a time and observing the
corresponding change in the cost value. This provides an estimate of
the partial derivatives with respect to each variable, typically obtained
through a forward-difference approximation. The gradient vector is
thus assembled as the collection of these partial derivatives.

The gradient descent procedure can be summarized as follows:

1. Initialize the variables x = [z1,x9,...,2,] and set the learning

rate a.
2. Repeat until convergence:

e Evaluate the cost function L(x).
e For each variable z;:

— Perturb z; by a small amount 4.

— Compute the approximate gradient component:

L(xy,...,x;+0,...,2,) — L(x)
9i ~ 5

e Assemble the gradient vector g = [g1, 92, - -, gn-

e Update the variables:
X=X—aQg

In this work, the same principle is applied to the estimation of
the throat area within the blade passage. The cost function is de-
fined as the geometric area resulting from the intersection between a
candidate plane and the passage, while the variables to be optimized
are the parameters describing the plane itself. By iteratively updating
these variables in the opposite direction of the gradient, the method
drives the solution toward the plane that corresponds to the minimum

intersection area, which is taken as the throat.
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Although gradient descent can, in general, converge to local min-
ima, in this specific case the problem formulation is such that the throat
area should be unique. Therefore, choosing an appropriate initial posi-
tion for the plane provides a practical safeguard to ensure convergence

toward the correct minimum.

An example of the method applied to a centrifugal impeller is shown
in figure 5.5. The black plane represents the initial guess, while the
red plane highlights the minimum area automatically identified by the
algorithm. It is worth mentioning that the procedure operates indepen-
dently of the passage complexity and has been successfully tested on
three-dimensional impeller geometries, purely radial blade rows such
as nozzles and vaned diffusers, as well as axial machines. The method
has proven to be robust across these different configurations. The most
critical aspect remains the definition of a suitable initial guess, which

determines the accuracy and reliability of the final result.

To validate the effectiveness of the proposed method, both the
choke mass flow rate obtained from CFD simulations and the corre-
sponding geometric throat area were computed for an entire database
of impellers. This allowed for a direct assessment of the accuracy of
the approach. Figure 5.6 illustrates the resulting correlation, where the
throat area is reported on the horizontal axis and the flow coefficient
on the vertical axis. The agreement is remarkably strong, confirming
that the geometric throat area can reliably replace CFD simulations

for choke prediction.

The time savings are substantial: while CFD requires several hours
to reach convergence, the throat area estimation is completed in a few

minutes.

It should be underlined that the goal is not to precisely calculate the
maximum flow coefficient by determining the throat area. As shown
in 5.1, the maximum mass flow also depends on other factors related

to the flow properties and the speedline, since total temperature and
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Figure 5.5: Example of minimum area research. Black area = initial
guess. Red Area = final area

pressure vary with the reference frame. During the optimization pro-
cess, the throat area information is used as a filter for the Pareto front
according to the target maximum flow coefficient. For instance, if the
baseline flow coefficient is lower than the desired target, once its throat
area is computed, a high-pass filter can be applied during optimization
to keep only configurations with a throat area larger than the baseline

value.
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Chapter 6
Continuous family generation

In the previous chapters, a step-by-step procedure for identifying an
aerodynamically optimized impeller geometry has been described. In
summary, the process begins with the definition of a geometric parametriza-
tion, followed by the creation of a numerical setup. Once the boundary
conditions are imposed, CFD simulations are performed on perturbed
geometries. The resulting post-processed data, combined with the cor-
responding geometric inputs, form a comprehensive database. This
database is then employed to train a surrogate model based on neural
networks. Finally, an optimization framework is applied to identify
the best-performing geometries, which satisfy the imposed constraints
while maximizing or minimizing a cost function, potentially incorpo-

rating multiple objectives.

An important limitation of the previously described methodology
is that it is designed to optimize a single machine. While the approach
is well-suited for generating an individual optimized impeller, extend-
ing it to the creation of entire families of machines presents additional
challenges. In particular, it is not possible to directly reuse the same
database or neural network for different machines. The perturbed ge-
ometries generated for one machine may be significantly different from

the optimal geometries of another. For instance, a database created for

7
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a machine operating at a given flow coefficient may not be sufficient
for a new machine designed for a flow coefficient twice as large; the
geometric perturbations applied to the inlet area are unlikely to cap-
ture the new design space. A similar consideration applies to boundary
conditions, as the database is generated assuming a specific rotational
speed. Variations in rotational speed can make the original database
unrepresentative of the new operating conditions.

When generating a new family of machines, it is necessary to apply
the previously described optimization procedure to a certain number
of master designs, depending on the extent of the design space. The

design space can be represented as shown in figure 6.1.

MU2

M1r= constant

®

Figure 6.1: Design space

In general, the family may span a specific range of flow coefficients
¢ and peripheral Mach numbers at the impeller exit (Mus). It should
be noted, however, that, as highlighted by Rusch and Casey [63], the
complexity of the machine strongly depends on a third parameter:
the relative Mach number at the impeller eye (Mj,.). This parameter

characterizes the nature of the flow near the tip, and depending on
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whether the flow is subsonic, transonic, or supersonic, the resulting
optimized geometries can exhibit significantly different shapes. For
this reason, in the present work, the family has been defined along two
dimensions: flow coefficient and impeller eye relative Mach number.
In this study, a family at constant M;, is considered, although the

methodology can be extended to multiple values of Mj,.

The proposed methodology aims to generate a continuous set of
geometries. Instead of relying solely on the optimized master designs
and obtaining intermediate geometries through simple interpolation, a
set of rules is defined for each geometrical feature. These rules allow for
the automatic generation of intermediate geometries while maintaining
the key characteristics of the master designs. The designer provides
the design conditions, and the procedure generates the corresponding
geometry, supporting the preservation of the performance attributes of

the original databases.

The chosen example has supersonic inlet Mach number greater than
one, thereby indicating transonic flow conditions at the impeller blade
tip. Additionally, all generated machines have the same outlet diameter

and the same target work coefficient at their own design flow coefficient.

Because the generation of this family is designed to be continu-
ous, the designer is allowed to specify any value of the flow coeffi-
cient within the given range. As a result, adjacent geometries must
smoothly connect to ensure a continuous transition. The aim is to
produce machines that not only achieve similar performance levels but
also exhibit consistent flow characteristics throughout the entire fam-
ily. This approach ensures that each design meets specific acrodynamic
requirements while providing the flexibility to adapt to varying flow
conditions. To accomplish this, three distinct databases are employed,
each corresponding to a family master designed with a specific flow
coefficient: &1, &5 and P.

In order to define a set of rules for geometric generation, it is not
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sufficient to simply rely on the geometric information of the optimized
masters as the flow coefficient varies. In general, multiple geometric so-
lutions exist along the Pareto front that exhibit excellent performance,
but have significantly different geometric features. A straightforward
interpolation of these solutions may produce intermediate geometries
that are highly irregular, compromising the performance preservation.
Therefore, it is necessary to conduct a study to identify which geomet-
ric features have the greatest impact on performance and which are
relatively less influential. To do so, feature importance analysis can be

leveraged.

6.1 Feature importance analysis

Feature importance analysis is a fundamental technique in machine
learning and data science, designed to assess the contribution of in-
dividual input variables to a model’s predictive performance. This
method is essential for gaining insights into the behavior of complex
models and plays a key role in improving model robustness by identi-
fying and mitigating the influence of irrelevant or redundant features.
This helps reduce dimensionality without compromising the model’s
ability to generalize effectively to new, unseen data.

One of the most widely used techniques for dimensionality reduc-
tion is Principal Component Analysis (PCA) [64]. PCA transforms
the original dataset into a set of orthogonal components, known as
principal components, which are linear combinations of the original
features. These components are ordered such that the first few cap-
ture the maximum variance in the dataset. PCA is particularly effec-
tive in high-dimensional data settings, where it reduces the number
of features while retaining the most critical information. However, in
this context, PCA does not contribute to feature reduction due to the

nature of the input dataset. Since the dataset is generated using a
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Sobol sequence, which ensures a uniform and random distribution, no
significant feature reduction is expected.

LASSO (Least Absolute Shrinkage and Selection Operator) [65] is
a regularization technique derived from linear regression that incorpo-
rates an L1 penalty to shrink the coefficients of less important features
to zero. By imposing a constraint on the sum of the absolute values
of the regression coefficients, LASSO reduces model complexity and
helps prevent overfitting. The LASSO estimator is formally defined as

follows:

- ) 1 « 2 u

ﬁ:arggnln{%Z(yi—XiTﬂ) —|—)\Z|Bj|} (6.1)
i=1 j=1

where:

e n — number of observations in the dataset.

e p — number of features (independent variables).

e y; = observed value of the dependent variable for the i-th obser-

vation.
e x; — feature vector for the i-th observation.
e 3 = vector of regression coeflicients.
e (3 = estimated coefficients obtained with LASSO.

e )\ = regularization parameter controlling the strength of the penalty

(A>0).

. Z?Zl |8;| = L1 penalty term, which encourages sparsity by shrink-

ing many coefficients to zero.

In this method, each output of the dataset is fitted using linear
regression with LASSO, where the absolute value of the slope serves

as an indicator of feature importance. However, both simple linear
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regression and LASSO share a common limitation: they are sensitive
to the scale of the input features. The magnitude of the coefficients in
both models is influenced by the range of feature values, meaning that
features with larger ranges may dominate the model, regardless of their
actual importance. Consequently, feature scaling or normalization is
typically required to ensure that all features contribute equally to the

model and that the coefficients are comparable.

The shuffling method, also known as permutation importance, [66]
is another approach for evaluating the significance of individual fea-
tures in a trained model, particularly in artificial neural networks
(ANNs). This technique involves randomly shuffling the values of a
specific feature across all observations, thereby breaking its relationship
with the target variable. The model’s performance is then reassessed
with the shuffled feature. A significant decline in performance indicates
that the feature was crucial to the model’s predictions. This method
is particularly advantageous because it captures both linear and non-
linear dependencies, making it highly effective for complex models.
Unlike traditional linear regression techniques, the shuffling method
can assess the importance of features in capturing intricate, nonlin-
ear relationships with the target variable. However, its effectiveness is
heavily reliant on the quality and accuracy of the trained model; if the
model is poorly trained or overfitting, the feature importance scores

derived from this method may be misleading.

In this work the correlation matrix [67] is leveraged. It is an effec-
tive method for assessing feature importance, particularly when deal-
ing with regression tasks. This approach evaluates the relationships
between pairs of features in the dataset by calculating Pearson’s cor-
relation coefficient, which quantifies the degree of linear association

between two variables.

The Pearson’s correlation coefficient [68] between two variables X

and Y is given by the formula:
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LG X))
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(6.2)

rxy

Where:

e X, and Y, are the individual data points for features X and Y,
e X and Y are the means of features X and Y,

e n is the number of data points.

The interpretation of the correlation value is as follows:

e a value close to 41 indicates a strong positive linear correlation,

meaning that as X increases, Y tends to increase as well.
e a value close to 0 implies no linear correlation between X and Y.

e a value close to —1 indicates a strong negative linear correlation,

meaning that as X increases, Y tends to decrease.

A key advantage of the correlation matrix is its independence from
the range of input features. Unlike linear regression, Pearson’s cor-
relation coefficients are standardized within the range of —1 to +1.
Moreover, the correlation matrix does not require a trained model, in
contrast to the shuffling method. This characteristic makes the correla-
tion matrix a straightforward yet effective tool for feature importance
analysis, as it is both easy to compute and interpret. The correla-
tion matrix directly reflects the linear dependencies between features,
thereby facilitating the identification of redundant features and sup-
porting feature reduction processes.

In this study, each of the three datasets (®;, o and ®3) is ana-
lyzed using the correlation matrix. By arranging the input features
in columns and the output features in rows, the resulting matrix is

obtained in Fig. 6.2. The results are presented as a heatmap, where
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Figure 6.2: Correlation Matrix of ®; database

cells with higher absolute values of the correlation coefficients, hence

stronger correlation, are represented with brighter colors.

By analyzing the matrix column-wise, it becomes apparent that cer-
tain geometric features have a greater impact than others, indicating
that some features are likely to be reduced. Additionally, it is notewor-
thy that the majority of the significant geometric features influence all
performance parameters to a considerable extent, rather than affecting
only a subset of features. Conversely, by analyzing the matrix row-wise,
insights can be gained regarding which geometric feature most strongly
influences each individual performance metric. For instance, the flow
coefficient at the choke point is expected to be primarily influenced by
all degrees of freedom associated with the geometric throat areas of the
impeller, whereas features such as the airfoil stacking shape appear to

have minimal influence on this parameter.

The three datasets were compared, and the results, in terms of the
magnitude of the correlation coefficients, were found to be similar. This
supports the consistency of the method. Additionally, the presence
of similar dependencies across different design flow coefficients allows
for the establishment of geometry generation rules based on feature

importance.



85 Continuous family generation

6.2 Geometry Generation

A geometry generation procedure, given a design flow coefficient, is now
described. It is outlined that a preliminary phase was conducted to
select the master geometries for each design flow coefficient ®;, ®5, and
®5. The selected geometries serve as the basis for extracting the neces-
sary geometric information to generate intermediate geometries. The
three geometries, chosen based on the predictions from the ANNs and
the optimization strategy, were subsequently validated through com-
putational fluid dynamics (CFD) simulations to obtain performance
curves and to ensure that the selected geometries exhibited similar
performance characteristics. Additionally, since the impellers operat-
ing at the same impeller eye Mach number, it is expected that the
three machines also exhibit comparable blade loadings.

The geometry generation process follows the scheme outlined be-
low in Fig. 6.3. For each degree of freedom, a value is assigned that
is dependent on the design flow coefficient. The function that maps
the flow coefficient to the degree of freedom is derived from the three
master geometries, taking into account its influence on performance as
determined by the feature importance analysis. The effect of each fea-
ture is shown in the corresponding column of the feature importance
table.

If a degree of freedom does not exhibit a strong correlation, feature
reduction can be applied, and a constant value is assigned, calculated
as the average of the three master geometries (Fig. 6.3(b)). Conversely,
if a degree of freedom shows a strong correlation, the geometric param-
eter is determined using a spline interpolation of the three master ge-
ometries (Fig. 6.3(c)). In some cases, due to the independent selection
of the master geometries, the spline function does not exhibit a mono-
tonic trend within the domain of the design flow coefficient. When this
occurs, linear regression of the three master values is applied to deter-

mine the geometric parameter in substitution of spline interpolation,
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ensuring a more consistent and regular behavior (Fig. 6.3(d)). This
procedure ensures that a geometry corresponding to an intermediate
flow coefficient will have geometric features that are a hybrid of the

features from the three master geometries.
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6.3 Generation Results

After establishing the rules for assigning each degree of freedom, the
performance of the generated geometries can be tested. A total of
ten geometries are created, each corresponding to a different design
flow coefficient. Among these, three geometries are set to ®;, 5 and
®3, matching the design flow coefficients of the master geometries. It
should be noted that, due to the feature reduction process and the use
of linear regression instead of spline interpolation for certain geometric
features, the geometries at these three flow coefficients differ slightly
from the original designs. For consistency, ® represents the original
master, while ¢ is a member of the resulting family. Hence, ®; = ¢,
®y, = ;7 and 3 = 9. Each performance curve is computed from
choke to numerical stall.

The performance of the generated geometries is presented in Fig. 6.4
which illustrates the polytropic efficiency, work coefficient, and poly-
tropic head, respectively.

It is noteworthy that, as shown in Fig. 6.4(a), all generated geome-
tries exhibit a similar curve shape, indicating consistent aerodynamic
behavior across the family. The efficiency values are remarkably close
among the different geometries. However, a noticeable decrease in peak
efficiency is observed as the flow coefficient increases. This trend can
be attributed to the fact that all geometries share the same outer di-
ameter, leading to a larger impeller eye diameter for higher ® values.
Consequently, the contribution of the isentropic centrifugal component
to the overall work decreases, impacting the efficiency.

Moreover, blade thickness plays a significant role in influencing per-
formance. Given that the impeller design features a blunt trailing edge,
the intensity of the wake increases with trailing edge thickness. For me-
chanical integrity, a higher ® necessitates a thicker blade profile, which
in turn results in stronger wakes at the trailing edge. This trade-off

between mechanical strength and aerodynamic performance becomes
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more pronounced at higher flow coefficients, contributing to the ob-

served reduction in efficiency.

The trend is highlighted in Fig. 6.5, where only the maximum effi-

ciency operating point of each curve is displayed.

The comparison between the performance curves of the master ge-
ometries, ®; ®5 and 3, and their generated counterparts, 1, 7 and
10, in Fig. 6.6 confirms that there is no significant decline in overall
performance or any noticeable shift in the centering of the performance

curves.

A more detailed comparison of the performance curves is presented
in Fig. 6.7, where the flow coefficient is normalized to allow for a clearer
evaluation of the operating range. It is noteworthy that all members of
the generated family display similar curve shapes and operating ranges,

indicating consistent performance across different geometries.

As previously discussed, all members of the generated family share
the same impeller eye Mach number, implying a similar blade loading
behavior across the geometries. Figure 6.8 illustrates the distribution
of the normalized impeller pressure along the chord at three different
span-wise locations, 20%, 50%, and 80%, with each geometry evaluated
at its point of maximum efficiency. As expected, the transonic flow
conditions lead to the formation of a passage shock at higher span
levels, which is evident in the characteristic slope change observed on
the suction side of Fig. 6.8(c).

Notably, despite variations in flow coefficients and geometric fea-
tures among the different family members, they exhibit remarkably
consistent pressure distribution profiles. Specifically, at 80% of rela-
tive span (Fig. 6.8(c)), the passage shock appears at nearly the same
chord-wise location and with similar intensity across all geometries.
Furthermore, the optimal incidence value for peak efficiency, indicated
by the distance between the pressure and suction side curves at the

leading edge, is consistently similar for each member of the family.
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While shock compression is an effective method for increasing pres-
sure, the interaction between the passage shock and the boundary layer
leads to an increase in aerodynamic losses. As the intensity of the
losses rises with the strength of the shock, it becomes crucial from an
aerodynamic design perspective to avoid overly strong shocks.

Another valuable comparison between the geometries can be made
by examining the flowfields. Figure 6.9 presents the normalized relative
Mach number contours for four cases: 1, w4, @7 and ¢19. The com-
parison is made at 80% of relative span. As anticipated, the flowfield
exhibits typical transonic flow behavior, characterized by the presence
of a bow shock and passage shock structure ahead of the leading edge.
Flow acceleration occurs in the uncovered part of the suction side fol-
lowed by significant compression through the passage shock.

As observed in the comparison, the flowfields exhibit striking sim-
ilarity across all four geometries. Despite variations in design flow
coefficients and geometric features, the overall low behavior remains
consistent, highlighting the robustness of the generated family in terms
of aerodynamic performance.

In conclusion, the procedure have proven to be extremely robust to
generate geometries that all have similar performance characteristics,
bot for operating range and flow features. The proposed procedure
ensures that the generated geometries not only fit within the specified
flow coefficient range but also retain aerodynamic efficiency and ro-
bustness. The methodology is based by the hypothesis that unifying
geometries based on a consistent impeller eye relative Mach number
will yield comparable aerodynamic behavior and efficiency across the
family. The success of the method lies in its flexibility: it allows for the
selection of different master geometries and the adaptation of feature
reduction rules, providing a robust framework for optimizing design
parameters while maintaining high performance.Further details of this

work can be found in [69].
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Conclusions and future work

In this thesis, several numerical tools have been developed for the de-

sign and optimization of high-Mach impellers.

A contribution has been made to turbulence modeling through the
modification of a k& — w model based on helicity. This approach has
demonstrated improved agreement between CFD simulations and ex-
perimental data, which were made available from Baker Hughes test
cases. Additionally, the robustness increase of the model reduces the

number of discarded solutions during database data collection.

In addition, deep learning methodologies have been presented and
integrated into the design framework. Among these, a multilayer per-
ceptron (MLP) neural network developed with PyTorch has been em-
ployed to correlate geometric features (degrees of freedom, DOF) with
the global performance of the machine. Once a surrogate model with
satisfactory accuracy was obtained, it was embedded into a multi-
objective optimization tool to accelerate the exploration of the design

space.

Furthermore, additional tools were introduced to enhance the op-
timization process. A convolutional neural network was trained to
predict blade loading at the design point, and a dedicated tool was
developed to identify the throat area of the blade channel. The first
tool shows potential for maximizing the operating range at low flow
rates, thereby replacing the need for generating a near-stall database.

The second tool, assuming a strong correlation between throat area

95
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and maximum mass flow capacity, can be used as an alternative to a

near-choke database.

A method for the continuous generation of impeller geometries has
also been introduced. Instead of relying on a finite number of fam-
ily masters, rules have been defined for the assignment of geometric
parameters as a function of the desired design point. This process is
based on feature importance analysis and leverages previously gener-

ated databases, which had been used to obtain the optimized masters.

Overall, the proposed methodologies demonstrate the effectiveness
of combining CFD and machine learning techniques for advancing the

design and optimization of turbomachinery components.

Future developments of this research may proceed along several di-
rections. Enhancement of surrogate modeling techniques by exploring
more advanced architectures. Extension of the optimization framework
to account for manufacturing constraints and structural considerations,
in order to bring the design closer to industrial application. Explo-
ration of additional flow features that can be predicted using Convolu-
tional Neural Networks (CNNs), to assess whether they provide further
insights for the optimization process beyond blade loading. Extension
of the optimization framework to stator components, such as vaned
diffusers and return channels, in order to perform full-stage optimiza-
tion rather than focusing solely on individual components. Expansion
of the continuous impeller geometry generation tool to cover a larger
design space, beyond a single line of M, = const. An extension of this
methodology is planned for machines with varying impeller eye rela-
tive Mach numbers. This will involve applying the same framework
and performing interpolation between two sets of curves, enabling the
generation of geometries based on two input parameters, rather than
solely relying on the design flow coefficient. This enhancement could
further broaden the applicability of the method, allowing for a wider

range of operating conditions.
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An additional promising improvement, which could significantly re-
duce the generation time of the family, concerns the reuse of a database
created during the optimization of a primary master for the optimiza-
tion of other masters within the family. To the authors’ knowledge,
such techniques, which are related to transfer learning, have not yet
been reported in the literature for similar applications.

Furthermore, the information collected during database construc-
tion could be leveraged to estimate the impact of production non-
conformities on performance, providing valuable insights for design ro-

bustness and quality control.
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