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1. Introduction

In the context of modern turbomachinery de-
sign, the minimization of aerodynamic losses
is of fundamental importance for increasing
their efficiency and reducing fuel consumption.
Among the loss mechanisms in axial turbines,
complex secondary flows three-dimensional vor-
tical structures, generated by the interaction be-
tween the endwall boundary layer and the blade,
account for approximately one-third of their to-
tal loss.

Traditional design approaches mostly rely
on empirical correlations (Ainley-Mathieson,
Kacker-Okapuu, etc...[1], [2], [3], [4], [5], [6]),
coupled with computationally expensive Com-
putational Fluid Dynamics (CFD). Empirical
correlations are fast but often inaccurate for
novel geometries; on the other side, CFD is gen-
erally accurate but too slow for extensive design
space exploration.

The objective of this work is to develop a Data-
Driven design strategy that combines the ac-
curacy of CFD with the speed of empirical mod-
els. This is achieved through the development
of a custom automation tool capable of gener-
ating a massive, high-fidelity database to train
Machine Learning (ML) surrogate models.

2. The Blade Processing Tool

The core contribution of this thesis is the devel-
opment of the Blade Processing Tool (BPT), a
modular software written in Python that auto-
mates the entire CFD simulation pipeline. The
BPT was designed to be robust, modular, and
capable of handling GPU-accelerated solvers to
drastically reduce computational time.

2.1. Architecture

The BPT workflow is structured into nine se-
quential "Steps", orchestrated by a series of
modules called on demand, and a main control
script. This architecture ensures that hundreds
of cascade configurations can be processed with-
out User intervention. The workflow is depicted
in Figure 1 and detailed below:
¢ 2D Geometry Generation (Steps 0-1):
The process begins with the bi-dimensional
blade profile generation. Using the 2D
Blade Generator [7], profiles are created
based on aerodynamic loading distributions
and style, namely, what are hereafter de-
fined as the input design parameters. A fil-
tering logic automatically discards geome-
tries that do not meet specific criteria set
by the author of the blade generator.
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Figure 1: Logical workflow of the Blade Pro-
cessing Tool (BPT), highlighting the interaction
between files and folders in the tool’s architec-
ture.

¢ 3D Domain Construction (Steps 2-
3): The 2D profiles at hub, mid-span and
shroud are stacked to create a 3D linear
cascade. Crucially, the tool implements an
optimization loop based on the Sharma &
Butler model [8] to determine the optimal
aspect ratio (h/Cy;). The work of Ben-
ner et al. [9] was also consulted in this
context. An optimized aspect ratio en-
sures that the computational domain is high
enough, along blade’s radial direction, to
prevent secondary flows from contaminat-
ing the mid-span region, a requirement for
accurate loss decomposition [6].

e Automated Meshing (Steps 4-5): The
tool interfaces with ADS CodeWAND to
generate structured multi-block grids (O-H-
H topology). A template-based approach
allows the BPT to dynamically adapt the
mesh to different blade geometrical require-
ments, while maintaining the closest cell
size ensuring y* < 1, essential for accurate
turbulence modeling. The template mesh
has been chosen from the results of a mesh
sensitivity analysis.

e GPU-Accelerated Simulation (Steps
6-8): Simulations are performed using ADS
CodeLEO. A steady-state RANS approach
with the k — w Wilcox 98 turbulence model

is employed. A key achievement for this
work was the transition from CPU to GPU
solver (NVIDIA RTX series), which yielded
an acceleration factor of ~ 14 (simulations
are solved 14 times faster than on a CPU).
The simulation time per case dropped from
over 70 minutes (CPU) to approximately 5
minutes (GPU).

e Post-Processing (Step 9): A dedi-
cated Python module supported by sev-
eral sub-modules, extracts flow data
at relevant planes (at inlet, outlet,
through-passage, and mid-span). It com-
putes mass/area/pitchwise-averaged quan-
tities and separates profile losses from end-
wall losses as indicated in [6].

3. Database Construction

To train the surrogate models, used at the end of
the work to predict secondary losses on a wider
region of the space design, a comprehensive
database of turbine cascades was generated. The
sampling strategy adopted was a Full-Factorial
Design of Experiments (DoEs), chosen for
project-related reasons.

3.1. Design Space Definition

The database explores a 6-dimensional design
space defined by the following parameters:

e Inlet Flow Angle (a;): It varies the ori-
entation of the incoming flow vector, induc-
ing a change in the blade’s operative point,
for a fixed geometry.

e Outlet Flow Angle (a2): Determining
the required flow turning and hence the
blade’s aerodynamic loading.

e Isentropic Outlet Mach Number
(M3,s): Strictly covering subsonic regimes.

e Dimensionless Loading Parameters
(Ip, M,): Controlling position and magni-
tude of the peak fluid velocity on suction
side.

e Inlet Boundary Layer: Variation be-
tween "thin" and "thick" boundary layers
to include their effect on secondary losses
estimation.

The combination of these parameters resulted
in 864 unique simulations. The generation of
this database required approximately one week
of non-continuous simulations on a single work-
station (running 7 simulation batches), a task



that would have taken months with standard
CPU solvers.

Figure 2: Graphical representation of a simple
3-dimensional full-factorial DoEs: the blue dots
are the corner points, while the yellowish ones
are the inner points.

4. Data-Driven Analysis

The generated database serves as ground truth
for training Machine Learning models. The
goal is to predict the Endwall Loss Coef-
ficient (Cendwair) as a function of the six in-
put parameters. First, losses are extracted
from CFD simulations with the methodology de-
scribed in the previous section, and then stored
in a text file (losses.txt). This file represents
the "database" used for training the surrogate
models.

Two surrogate models were implemented and
compared:

1. Gaussian Process Regression (GPR):
A probabilistic kernel-based method. The
kernel was composed of a Radial Basis
Function (encoding the physics of the prob-
lem) and a White Kernel (damping the
noise in data, typical of CFD simulations
results).

2. Radial Basis Function Network
(RBFN): A neural network approach
suitable for function approximation.

The models were trained on 70% of the dataset
and tested on the remaining 30%.

5. Results and Validation

The framework was evaluated on three levels:
validation of the CFD methodology, physical
consistency of the database, and accuracy of the

surrogate models.

5.1. CFD Validation

The BPT’s numerical setup was validated
against experimental data from the SPLEEN
linear cascade [10], instrumented and tested for a
long time at the von Karman Institute for Fluid
Dynamics. As shown in Figure 3, the automated
tool’s CFD setup correctly predicts the blade
loading distribution (M;s). Visible discrepan-
cies near the trailing edge, suction side, are at-
tributed to the fully turbulent nature of the
RANS turbulence model, which does not cap-
ture laminar separation bubbles, but the global
aerodynamic behavior is well-reproduced.
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Figure 3: CFD Validation: Comparison of
the Isentropic Mach Number distribution along
blade’s profile between two BPT simulations
(one with the datbase mesh, one with a finer
mesh), and SPLEEN experimental data, avail-
able in [10].

5.2. Database Physical Trends

Post-processing the 864 cases revealed coher-
ent physical trends. Figure 4 displays the end-
wall losses map, as a function of deflection and
outlet Mach number. The results confirm that
flow turning (deflection) is the primary driver
of secondary losses for the cases populating the
database. Higher turning increases the cross-
passage pressure gradient between the pressure
side of a blade and the suction side of the im-
mediately adjacent one, which strengthens the
passage vortex, leading to higher mixing losses,
and thus higher secondary losses. This aligns
with theoretical expectations ([5], [6]), confirm-
ing the correct capture of the global physics of
the database cascades. Nevertheless, Figure 4
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Figure 4: Database Analysis: Map of Endwall
Kinetic Energy Loss Coefficient (Cendgwair) vary-
ing with deflection and outlet Mach number for
a selected blade geometry: front-loaded config-
uration.
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displays a non-continuous trend vertically. The
potential causes include: blades parametriza-
tion, optimized for respecting a specific load con-
dition, resulting in a profile shape potentially
inducing high profile losses, reducing the re-
lated endwall share; nature of the template mesh
topology (structured), creating discrete regions
in the fluid domain with bad quality cells for
specific blades geometrical configurations; poor
sampling of the database due to limited time and
computational resources.

5.3. Surrogate Models Performance

Both models achieved good predictive accuracy,
with an R? ~ 0.94 and a Mean Squared Error
(MSE) in the order of 107¢. However, the GPR
demonstrated superior performance for this spe-
cific study case.

As illustrated in Figure 5, both GPR (above)
and RBFN (below) show the model’s good ca-
pability to correctly predict test data. In the
GPR plot can be noted that each prediction is
coupled with a gray band along the prediction
axis. It represents a 95% Confidence Inter-
val. This feature is important, allowing the de-
signer to distinguish between a physical change
in losses and a model prediction error due to lack
of data in a specific region of the design space.
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Figure 5: Models accuracy: Comparison of GPR
and RBFN models accuracy. Both provide good
results, showing predictions to be very close to
test data.

6. Conclusions

This work aims to demonstrate the feasibility
and effectiveness of a fully automated, data-
driven framework for turbine cascade design.

e The Blade Processing Tool proved to be a
robust solution, capable of autonomously
generating and simulating a wide range of
turbine blades, different in geometry and
aerodynamic load.

e The integration of GPU acceleration was
identified as a relevant technological im-
provement, reducing computational time by
an order of magnitude.

e The Surrogate Models were capable of cap-
turing the secondary flows physics, offering
a rapid, yet viable alternative to compete
with CFD-based inverse design.

Future developments will focus on extending the
BPT to annular cascades to capture radial pres-
sure gradient effects. Besides, the implementa-
tion of the logic required to process twisted ge-
ometries will augment the tool’s complexity and



functionalities. Future efforts could be devoted
to the integration of a multiple mesh templates
logic to enhance the quality of simulation results,
but also the potential adaptation to compressor
blade processing.
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