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Chapter

Introduction

The environmental directives regulating pollution in the aviation field have grad-
ually become more restrictive, imposing increasing reductions in fuel consump-
tion to reduce CO, and NOy emissions. The major effects of these policies have
stimulated the research of high efficiency solutions for the propulsion system,
recognized as the primary contributor to aircraft-derived pollution. Specifically,
improving machine design can result in relevant advancements, beneficial for
both the environmental footprint and the mission costs. To achieve this objective,
it has been necessary to increase the operating temperatures—a design choice that
benefits thermal cycle efficiency but requires high speed flows to rapidly eject
hot gases, thus reducing thermal exposure. Consequently, transonic gas-turbines
have gradually become a common configuration for aeroengines, with an increas-
ing interest towards even faster solutions. However, as the operating Mach num-
ber raises, compressible effects strengthen, introducing augmented blade loading
and more complex flow phenomena, like shockwaves, that destabilize boundary
layer dynamics and compromise wake evolution [3, 11]. Despite representing
challenging operating conditions for testing, significant research effort has been
dedicated to reproduce and characterize fluid mechanisms through transonic
gas-turbine cascades. Dissipative effects mainly result from suction side viscous
flows dynamics, where the boundary layer may interact with local and passage
shocks, further compromising the wake development downstream with direct
detrimental effects on the cascade total pressure losses [22, 6, 14]. Therefore, sev-
eral strategies have been endeavored to control and prevent critical interactions,
many of these relying on the evident dependency of these phenomena on loading
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6 CHAPTER 1. INTRODUCTION

variations, different Mach numbers and manipulated geometrical parameters [4,
12, 20, 25, 16]. However, the collection of dataset has been limited by the exper-
imental resolution demands, set by the highly unsteady nature and strong local
gradients typical of transonic regimes. This explains why, while relevant correla-
tions have been investigated for Mach, Reynolds number and incidence angle, an
extensive understanding is still an open research field [1]. In this landscape, the
Von Karman Institute LS89 cascade remains a canonical benchmark thanks to de-
tailed wall and wake data that support validation and design-oriented analyses
[3, 11]. Off-design behavior is equally relevant for aero-engines: systematic vari-
ations of incidence, Reynolds number, and inflow conditions have been shown
to trigger separation and rapidly increase losses, with transonic cascade cam-
paigns linking trends to loading indicators such as the Zweifel coefficient [31,
13, 10, 21, 5]. Scale-resolving simulations based on LES, including wall-modeled
formulations, can reproduce key experimental features of transonic turbine cas-
cades more faithfully than RANS, as shown in recent studies [8, 33]. However,
their computational cost is still prohibitive for routine CFD-in-the-loop design
and optimization. Consequently, systematic shape design is most often pursued
via RANS. For transonic turbines, the adequacy of RANS is strongly influenced
by the turbulence and transition models. Michelassi et al. showed that introduc-
ing transition models is necessary to obtain a realistic description of the flow
tield in a transonic turbine rotor cascade, and that such models can provide
adequate predictions of shock-induced separation trends [23]. Consequently,
validated RANS setups remain the workhorse for parametric investigations and
optimization studies, albeit still expensive when embedded in CFD-in-the-loop
design. Because CFD-in-the-loop optimization remains expensive, prior studies
have mainly acted on two levers. The first lever is addressed through compact
and physically meaningful parametrizations that reduce the effective number of
decision variables while preserving manufacturability and aerodynamic plausi-
bility [2]. A complementary route is to derive constraints from pre-existing shape
databases so as to prevent unrealistic geometries, reducing the trial-and-error of
the optimization process. The main limitation is the need for a representative
database to extract the relevant features [18]. The second lever concerns the op-
timization strategy by reducing the number of expensive CFD calls. Adjoint and
gradient-based methods enable the use of optimization algorithms that often lead
to faster convergence compared to gradient-free optimization algorithms [34, 17].
Their practical application, however, may require a significant implementation ef-



fort. To combine fast local improvement with robust global exploration, several
hybrid approaches have been proposed in which adjoint information is coupled
with gradient-free optimization algorithms [35, 27, 26]. In parallel, surrogate-
assisted and data-driven strategies reduce objective function calculation time by
replacing a fraction of the expensive CFD evaluations with fast models trained
on previously computed designs [29, 32, 19]. Within this landscape, evolutionary
algorithms remain attractive for multi-objective problems and complex constraint
handling due to their ease of deployment and robustness, but they typically re-
quire a large number of CFD evaluations to approach a converged Pareto front
[30]. On the Von Karman Institute LS89 transonic cascade, Sanchez Torregui-
tart et al. presented a single-point, single-objective optimization aimed at loss
reduction, based on a CAD parametrization and an adjoint and gradient-driven
approach [28]. Hottois et al. then compared gradient-free and gradient-based
strategies in a multi-objective setting, still targeting improved aerodynamic per-
formance through reduced losses, and showed that gradient-based methods can
achieve comparable Pareto-optimal solutions at a reduced computational effort
[15]. Finally, hybrid optimization frameworks have also been investigated on
LS89 to combine global exploration with fast local improvement within a single-
objective formulation, again with the common goal of reducing cascade losses
and improving overall performance [7]. Overall, these studies are primarily loss-
driven and show that extending LS89 optimisation from scalar loss minimisation
to multi-objective formulations is inherently more demanding and therefore in-
creases both computational effort and the complexity of the design trade-off.
Within this context, evolutionary algorithms remain attractive for multi-objective
problems and complex constraints, but typically require a considerable num-
ber of CFD evaluations to approach a converged Pareto front [30]. Exploiting
the physics-based nature of evolutionary techniques and the computational effi-
ciency of the two-dimensional cascades assumption, the present work advances
the current stage of optimization studies dedicated to the LS89 transonic noz-
zle vanes. Additional local accuracy in geometry parameterization is introduced
adopting a hybrid curve topology approach. The numerical setup is validated
under a single-channel periodic configuration, and systematic simulations are
performed for several geometrical variants, generated and controlled by a ge-
netic algorithm. A two-objective minimization problem is formulated aiming
at improvements in the expansion ratio and the cascade loss coefficient. The
resulting dataset is analyzed to extract relevant correlations between geometric
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properties and objective functions. After selecting optimized individuals with
opposite aerodynamic performance, a systematic investigation is conducted to
characterize the general flow dynamics and the impact of local interactions be-
tween compressible and viscous phenomena.

The remainder of the paper is organized as follows. Chapter 2 describes the
computational setup, boundary conditions, and the optimization loop. Chapter 3
presents and discusses the results. Chapter 4 summarizes the main conclusions.



Chapter 2

Methods

2.1 Geometry and Discretization

The blade coordinates, the pitch f, and the chord c are taken directly from the
Von Karman Institute MUR47 test case [3] and are used without modification.
The main geometric parameters of the LS89 cascade are reported in Table 2.1.

Table 2.1: Geometric parameters of the LS89 cascade from the Von Karman Insti-
tute MUR47 test case.

Parameter Variable Value Unit
Chord c 67.647 mm
Axial chord Cax 38.8 mm
Stagger angle  Ystag 55 deg
Pitch t 5746 mm

Under the 2D cascade assumption, a Cartesian frame is adopted, with the
x—axis aligned along the axial direction and the y—axis parallel to the pitch di-
rection. Unless otherwise stated, coordinates are expressed in the cascade plane
and normalized by the chord c. All geometric quantities used in this work are
illustrated in Fig. 2.1a. The reference camber line is parameterized by a non-
dimensional curvilinear coordinate u € [0, 1] measured between the leading and
the trailing edge. The computational domain is discretized, considering a sin-
gle blade passage, with pitchwise translational periodicity enforced on the upper

9
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Figure 2.1: Relevant geometrical parameters of the case study a and near-wall
details of the computational grid around the leading b and trailing c edges.

and lower boundaries of the control volume. A structured multi-block mesh is
employed, starting from a near-wall O-grid generated by normal extrusion from
the blade surface. The first cell height is set to achieve a target y™ < 0.5 over the
entire blade surface. The nodes are progressively clustered near the leading and
trailing edges to improve accuracy in capturing shape curvature and flow field
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gradients. The mesh size is systematically increased to generate three refine-
ments, coarse, medium and fine, respectively accounting for 1.0 x 10°, 2.0 x 10°,
and 4.0 x 10° cells. Compared to the coarse grid, the medium grid leverages
increased resolution in the suction side region near the trailing edge, where the
shockwave occurs, with limited increment of nodes along the O-grid block. The
fine grid is obtained from the medium one through a uniform refinement of both
the O-grid and the shock region. The corresponding mesh quality indicators are
summarized in Table 2.2.

Table 2.2: Mesh quality indicators for the three grid levels. Lower skewness and
area ratios closer to 1 indicate better quality.

Grid Skewness,y, Area ratio,yg
Coarse 0.072 1.07
Medium 0.066 1.06
Fine 0.067 1.05

2.2 Numerical scheme and boundary conditions

Steady-state RANS equations are solved using the pressure-based finite-volume
solver ANSYS Fluent® with a coupled pressure/velocity scheme, assuming a
compressible working fluid, with density and viscosity varying according to
ideal-gas and Sutherland laws, respectively. Conservation variables and turbu-
lence terms are discretized with second-order accuracy. A pressure-inlet bound-
ary condition is set at the inlet, thus enforcing stagnation quantities, while pressure-
outlet is adopted at the outflow boundary. Blade surfaces are treated as no-slip
walls. At the inlet, the turbulence quantities are prescribed by imposing a turbu-
lence intensity of T, = 5% together with a turbulent viscosity ratio yu;/u = 10.
Simulations are initialized with a hybrid technique and a first set of 400 iterations
using first-order accuracy is adopted to stabilize the solution. Then, schemes
resolution is switched to second-order up to convergence. All under-relaxation
factors are kept at default values and gradient reconstruction is approached with
a least-squares cell-based method. Two convergence criteria are chosen to stop
iterations. First, all normalized residuals are required to fall below 1073. Second,
a physics-based criterion is introduced: the latter monitors the blade drag ratio
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residuals until they become lower than 1 x 1072, within a sliding window of 300
consecutive iterations. Here, the drag ratio is defined as:

D

Dbaseline,

where D is the axial force of the blade and Dy 4)ine is the reference values of
the baseline blade. The flow configuration follows the experimental conditions
of the MUR47, as reported in Table 2.3, whose relevant quantities are described
below. The inlet total temperature and total pressure are defined as:

(2.1)

D ratio —

o
—1 -1 -1
T?:Tl(lﬂTM%), p?:m(lﬂTM%) (22)
where T7 and p; are the static temperature and static pressure at the inlet, re-
spectively; M, is the inlet Mach number and v is the ratio of specific heats, here

assumed as a constant v = 1.4. The isentropic Mach number, Mg, is defined as:

v—1

o\ 7
M;, — % (%) _1l, 2.3)

where p is the local static pressure. The outlet Reynolds number definition used
in this work follows: o
U
Re, = P2225, 24
M2
where p3, U, and 7; indicate, respectively, the area-weighted averages of den-
sity, velocity magnitude, and dynamic viscosity at the outlet plane. The spe-
cific heat at constant pressure and the molecular weight are kept constant, with

cp = 1006.43 ] (kgK) ! and M = 28.996 gmol ! respectively.

Table 2.3: Von Karman Institute MUR47 operating conditions.

Case  p{(Pa) p,(Pa) T) (K) My
MUR47 159600 83661 420 1.020

A computed flow field, representative of the simulations under the given
boundary conditions, is reported through Mach contours in Figure 2.2 along
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with numeric colored labels (1)-(6) to better identify relevant flow features.
Near the leading edge (1) a stagnation region forms, followed by a rapid ac-
celeration along the suction side. Over this surface, the flow on the suction side
becomes locally supersonic (2), inducing an extended region with M > 1 that
suddenly reverts to the subsonic regime as a shockwave occurs near the trailing
edge (3). Although this phenomenon slightly increases the boundary layer thick-
ness, no evident interaction is detected, thus preventing potential separations.
Conversely, the acceleration near the pressure side is smoother, never leading to
high-supersonic evolution (4). The flow downstream is dominated by wakes and
wake/shockwave interactions dynamics. Specifically, the wake released behind
the trailing edge (5) tends to be uniformly distributed in the flow field. How-
ever, further downstream the interaction with the shockwaves generated by the
other blades (6) modifies its evolution, inducing a shear layer thickening and a
localized sudden deceleration.

2.3 Model sensitivity and accuracy

The definition of a suitable numerical setup for the optimization analysis is
achieved by performing a sensitivity study. Combining the three mesh refine-
ments and four turbulence models with increasing complexity of viscous terms
treatment (k—w-SST, k—w-SST-, k—e-realizable, and Transition-SST), twelve simu-
lations are conducted under the experiments’ flow configuration. Relevant global
statistics are compared in Figure 2.3. The spatial resolution exhibits no significant
influence, while turbulence modeling has different effects depending on the vari-
able taken into consideration. The prediction of the outlet flow angle, B>, shows a
negligible dependency on both the mesh refinement and viscous terms treatment
(Fig. 2.3a). On the other hand, the k — w SST and, even more, the k — ¢ depict
a tendency to overestimate wake losses, leading to underpredicted overall total

pressure ratios (p9/p}) compared to the other models (Fig. 2.3b). Here, pJ de-
notes the area-averaged value at the exit station and the same notation is adopted
for this metric when applied to other variables. The isentropic Mach number at
the outlet station is estimated with no relevant difference among the different
numerical configurations (Fig. 2.3c), all in good alignment with the available ex-
periments. Differently, the average outlet Reynolds number (Fig. 2.3d) exhibits
similar dependencies to those of the total pressure ratio, mixing over- and under-
prediction tendencies.
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Figure 2.2: Mach number distribution through the cascade from simulations of
the reference test conditions.

To further investigate the sensitivity at the local level, the distribution of the
yT along the cascade walls is compared among the different computational se-
tups (Fig. 2.4). Although the incremental refinement from coarse (Figs. 2.4a 2.4b 2.4c 2.4d)
to medium (Figs. 2.4e 2.4f 2.4g 2.4h) and from medium to fine (Figs. 2.4i 2.4j 2.4k 2.41)
allows the reduction of the maximum value, it never exceeds 0.25, demonstrating
a sufficient resolution already at the coarsest level.

The model accuracy is evaluated by comparing the numerical results with
the available measurements from MUR47 (Fig. 2.5). An additional numerical
dataset, obtained by Fornasari et al. [11] using RANS techniques and adiabatic
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Figure 2.3: Grid resolution and turbulence model sensitivity depicted through
global metrics distributions and experimental references. The statistics include:
the outlet flow angle a, the total pressure expansion ratio b, the isentropic outlet
Mach number ¢, and the outlet Reynolds number d.

conditions, is included as a computational reference. Along the cascade walls,
both the pressure (Fig. 2.5a) and the isentropic Mach number (Fig. 2.5b) align
with measurements and existing numerical data, with no clear distinction due
to the grid resolution or turbulence model. Especially along the pressure side,
all the datasets recover similar flow evolution, without distinct discrepancies.
Conversely, on the suction side, the numerical data tend to depart from the tests
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Figure 2.4: Grid resolution (top to bottom) and turbulence model sensitivity (left
to right) depicted through y* distribution and cumulative frequency on the cas-
cade walls for any computational setup.

behavior starting from s/c = 0.5, with comparable trends between the present
model and the one by Fornasari et al. [11]. The maximum discrepancy occurs
near s/c = 1.0, before recovering better alignment towards the trailing edge.

The previous discussion indicates that the different numerical configurations
perform similarly. Following the existing literature, the k—w SST is adopted as
turbulence model for the following analyses, while the choice of the grid resolu-
tion is guided by the Grid Convergence Index (GCI). The procedure outlined by
Celik et al. [24] is applied to both an integral and a local variable: respectively,
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Figure 2.5: Pressure ratio a and isentropic Mach number b distributions along
the cascade walls, comparing the present model’s sensitivity with reference ex-
periments and other adiabatic simulations [11].

the cascade drag, D, and the wall pressure at the stagnation point. The results
reported in Table 2.4 confirm the coarse discretization sufficiently accurate, with
a GCI?2 . stably below 0.007% for any variable. Therefore, smaller grid sizes
are retained to favor faster simulations, thus reducing the computational cost of

the optimization loop.

2.4 Parametric model

The geometry parameterization is reported in Figure 2.6. Similar to Agromayor
et al. [2], the reference camber line is represented by a cubic Bézier curve with 4
control points: {Bg, By, By, B3}. The endpoints, By and B3, are fixed at the base-
line coordinates, reported by the Von Karman Institute: By = (0.052094, 0.105932)
and B3 = (0.538989, —0.773205), while the two interior points, B; and By, are var-
ied in all spatial directions. The reference camber line is parameterized as X,ef(u),
and n¢(1) denotes the corresponding unit normal vector at station u. The pres-
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Table 2.4: GCI summary for blade drag D and stagnation-point wall static pres-
sure p(0;0). Grid size h and refinement ratios follow the ASME procedure.

Global (¢ = D)

Local (¢ = p(0;0))

¢1 6626.2608 N 159386 Pa
¢ 6626.2570 N 159388 Pa
¢3 6626.2286 N 159394 Pa
p 4.90 1.60
GCIZ! 0.0000548% 0.005%
632 0.000429% 0.00376%
GCI2,. 0.000127% 0.00657%

sure and suction sides are described by two independent fourth-order B-splines,
each defined by ten control points. The B-spline endpoints coincide with the
Bézier anchors By and B3 and are kept fixed. The eight interior points are evenly
distributed along the camberline, adopting equally spaced stations u; € (0,1),
i = 1,...,8. The points locations are regulated through specific offsets in the
camberline-normal direction, resulting in the following expressions:

P> = xrer (1) — o] Mo (1) (2.5)
PiSS = xref(ui) + lxiss nref(”i) (26)
where ocII-)S and oclSS are the local half-thickness offsets on the pressure and suc-

tion sides, respectively. Compared to the original formulation by Agromayor
et al. [2], the present parameterization offers a wider exploration range, avoid-
ing the constraint that fixes the same half-thickness at the pressure and suction
sides by imposing at® = a9 and a}® = a5°. Here, they are treated as indepen-
dent decision variables, which increases the flexibility of the leading and trailing
edge shapes, while preserving B-spline smoothness. The resulting parameteri-
zation uses a total of 20 design parameters: four for the Bézier camber line (the
x and y coordinates of B; and Bj) and sixteen for the surface offsets afs and
a?s, i=1,...,8, constrained to vary only along the local normal direction to the
camber line section. The variation ranges of the decision variables are reported

in Table 2.5.
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Table 2.5: Decision variables ranges allowed in the optimization, expressed in

non-dimensional units.

Decision variable Lower bound

Baseline Upper bound

By 0.311913  0.388230 0.464174
Biy -0.266087 -0.223549 -0.177391
By, 0.362174  0.453651 0.542522
Boy -0.603131 -0.503684 -0.402087
als 0.106435 0.133044 0.159652
abs 0.087217  0.109391 0.131565
als 0.059130 0.073913 0.088696
als 0.037696  0.047304 0.056913
aks 0.017739  0.022174 0.026609
al® 0.017739  0.021537 0.026609
ks 0.011826  0.014783 0.017739
ks 0.015522  0.019217 0.022913
oS 0.106435  0.133044 0.159652
a55 0.122696  0.153739 0.184783
a5’ 0.093131  0.116783 0.140435
a3 0.057652  0.072435 0.087217
a2s 0.032522  0.041724 0.050261
a2’ 0.019957  0.025278 0.045087
ass 0.013304  0.016261 0.019217
g 0.015522  0.019217 0.022913

2.5 Optimization problem formulation

The optimization analysis is formulated as a two-objective minimization prob-
lem, targeting the loss coefficient, w, and the inverse expansion ratio, r, which

respectively read as:

P —p)

P?—Pl
_P
P1

r

(2.7)

(2.8)
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where p? denotes the inlet total pressure, p) the area-weighted average outlet
total pressure, and p; and p, correspond to static pressures. To consider the
variation of the two parameters with respect to the baseline values, they are
normalized by wpaseline aNd paseline, accordingly, resulting in the corresponding
normalized quantities, w* and r*. Table 2.6 reports the objective function values
of the baseline across all grid refinements and turbulence models adopted in the
validation process.

Table 2.6: Baseline’s objective function values across all grid refinement and tur-
bulence models

Refinement Turbulence model w r

Coarse k—w-SST 1.726 0.532
Medium k—w-SST 1.727 0.532
Fine k—w-SST 1.743 0.532
Coarse k—w-SST-y 1.295 0.532
Medium k—w-SST-y 1.291 0.532
Fine k—w-SST-y 1.310 0.532
Coarse k—e-realizable 2.011 0.532
Medium k—e-realizable 2.010 0.532
Fine k—e-realizable 1.986 0.532
Coarse Transition-SST 1.296 0.532
Medium Transition-SST 1.292 0.532
Fine Transition-SST 1.308 0.532

The problem solution is approached using an evolutionary technique, the
Non-dominated Sorting Genetic Algorithm (NSGA-II), as implemented in the
open-source Python Multi-Objective optimization library PyMOO. An initial pop-
ulation of 50 individuals is generated with a mixed-nature sampling of the de-
cision variables: half is copied directly from the baseline set, while the remain-
der is sampled randomly. The analysis is carried out through 50 generations,
adopted a Simulated Binary Crossover (SBX) with probability 0.9 to mix parents
characters. Additionally, a polynomial mutation is introduced, leveraging a dis-
tribution index of 7 = 20 [9] and a per-variable mutation probability of 1/nyar,
where nyar = 20 is the number of decision variables. Two aerodynamic feasibil-
ity constraints are imposed: the outlet flow angle must remain within +1% of
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the baseline value and the mass flow rate within £5%. In addition, a geometric
constraint is enforced on blade thickness: candidates whose maximum thickness
falls below 50% of the baseline maximum thickness are considered unacceptable
designs. Any violation of these constraints is handled by penalizing objective
function values. With the chosen numerical setup, each individual evaluation re-
quires approximately 2.5 minutes of wall-clock time when executed on four CPU
cores of a AMD Ryzen 7 6800HS, 3.20 GHz. The flow chart of the optimization
algorithm is reported in Figure 2.7.
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Figure 2.6: Sketch of the cascade’s parametric model with splines topology and
control points degrees of freedom.
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Results and Discussion

The results of the simulations are reported in Figure 3.1, showing the distribution
of the objective functions space. Individuals tend to gather in the lower left region
of the plot as generations advance, indicating the conflicting behavior of the two
objectives that leads to the formation of a Pareto front (Fig. 3.1a). The shape of
this region is strongly affected by the feasibility constraints adopted to align gen-
erated designs’ performance to baseline operations. To facilitate the understand-
ing of their effect, rejected individuals are reported in the background. Analyzing
their distribution, the resulting Pareto front exhibits a clear smooth trend, while
the effective front obtained from retained designs features a segmented shape,
composed of two distinct, straight branches, with a lower exploration broadness.
Consequently, feasibility constraints do not only shape the Pareto front, but also
limit further progress of the optimization analysis, potentially binding the ben-
efits of additional iterations. Although the evolution is not monotonic, allowing
the exploration of the entire space even at the latest steps, younger offspring are
clearly clustered at improved designs. The outcome is further investigated to
consider how objectives correlate with the cascade performance. Specifically, the
analysis focuses on the blade axial force, or drag, compared to the baseline value
(Fig. 3.1b). The results indicate an evident and monotonic correlation between
this parameter and the improvement of the expansion ratio, while the blade axial
loading appears mainly insensitive to the reduction of overall losses.

To extract potential design correlations, the objective functions are analyzed,
examining the dependencies on two relevant cascade geometric parameters: the

maximum thickness d},, = dmax/Imax paseline and the camber angle a* = (B, —
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B1v)/ (B2 — B1b)baseline (Fig. 3.2). Selecting only the Pareto solutions, a least-
square fit is adopted to evaluate the existence of linear correlation. Although the
correlation coefficients are significantly low, never exceeding the limit of £0.65
obtained between losses and thickness (Fig. 3.2a), the trends consistently con-
firm conflicting behavior of the two objectives. Specifically, thicker geometries
favor improved expansion ratios (Fig. 3.2b) while introducing additional losses.
Conversely, reducing the camber angle results as a beneficial design driver for
losses minimization (Fig. 3.2c) even though it compromises the cascade ability to
expand the flow (Fig. 3.2d). Additionally, analyzing the axial force distribution,
it is possible to observe how optimizing the two objective leads to opposite out-
comes: lower losses tend to reduce the cascade drag, but improved expansion
ratios increase it.

To further investigate this aspect, the objective functions variations are ana-
lyzed with respect to the cascade drag (Fig. 3.3). The expansion ratio and the axial
force exhibit a strong linear correlation, with a clear monotonic trend, a reduced
band dispersion and the absence of outliers (Fig. 3.3a). The negative coefficient
confirms a conflicting dependency: improving the expansion ratio always deter-
mines an increment of the cascade drag. On the other hand, the broadness in
the loss-drag space (Fig. 3.3b) prevents the identification of a clear correlation,
despite a slight tendency to weak positive dependency, partially confirming the
previous discussion. Individuals distribute uniformly in the plot, with no ev-
ident directionality, except for the segmented boundary outlined by the Pareto
solutions—an effect induced by the feasibility constraints and not related to po-
tential correlations.

To properly characterize the properties of optimized designs, three individu-
als are selected from opposite sides of the front. They are labeled Opt 1, Opt 2
and Opt 3 and respectively represent solutions with: minimum losses, minimum
expansion ratio and trade-off performance. Compared to the baseline, Opt 1
reduces the normalized loss coefficient by about 30% (w* = 0.702) with a neg-
ligible deterioration of the inverse expansion ratio (r* ~ 1.001), corresponding
to an increase of about 0.7% in outlet total pressure pJ. Minimizing r*, Opt 2
improves the inverse expansion ratio by approximately 0.2%, while introducing
a 26% increase in overall losses (w* = 1.261). In contrast, the third design blends
the properties of the other two, mixing intermediate improvements of both ob-
jectives. Specifically, w* is reduced by 12% while inducing a limited optimization
of the expansion ratio (r* ~ 0.999). The objective functions of the baseline and
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ing a linear least-squares fit.



29

optimized designs are quantitatively summarized in Table 3.1.

Table 3.1: Baseline and three representative Pareto optimal designs: normalized
objectives and outlet total pressure ratio with respect to the baseline.

*

* —=0 /=50
Case w r p 2/ 2,baseline

Baseline 1.000 1.000 1.0000
Opt 1 (min w*) 0.702 1.001 1.0067
Opt 2 (min r¥) 1.261 0.998 0.9963
Opt 3 (trade-off) 0.883 0.999 1.0053

The geometries of the four selected solutions are compared in (Fig. 3.4). The
analysis of the entire profile (Fig. 3.4a) indicates that, for any individual, the
main shape differences affect the region before mid-chord, keeping the section
towards the trailing edge mostly the same as the baseline. Thus, details around
the leading edge, on the suction (Fig. 3.4b) and pressure side (Fig. 3.4c) respec-
tively, are reported for enhanced understanding. Along the upper surface, Opt 1
is consistently thinner, while keeping the lower outline similar to the baseline.
Conversely, Opt 2 exhibits a considerably thicker geometry on the suction side
but features mixed characters on the pressure side. Specifically, the initial section
of the leading edge is smoother, until the same thickness as the previous design
is reached near x/c = 0.1: henceforth, the profile tends to remain stably larger
than the others. The third optimized solution is characterized by an intermediate
thickness near the suction side leading edge, but near mid-chord it aligns with
Opt 2 geometry. Along the pressure side, this design exhibits the lowest thick-
ness among all the geometries, determining a considerably reduced bluntness of
the fore section.

The flow field evolution is analyzed comparing the pressure coefficient con-
tours of the four geometries (Fig. 3.5), where the parameter is defined as C, =
2(p — p1)/(p1U?). Compared to the baseline (Fig. 3.5a), Opt 1 (Fig. 3.5b) gener-
ally exhibits higher C, values along the suction side, with a clear reduction of
local strong gradients. On the other hand, Opt 2 performs a smoother accelera-
tion, inducing a flow evolution mostly under higher pressure values (Fig. 3.5c).
However, three localized pressure drops occur over the suction side, where the
one in common with the baseline depicts a weaker jump. Additionally, a relevant
gradient can be identified near mid-chord, while a limited pressure drop emerges
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near the trailing edge. Concerning Opt 3 (Fig. 3.5d), the flow field through the
cascade shares a similar evolution to that of Opt 1, with a generally minimized
pressure decay on the whole domain and the absence of strong localized gra-
dients along the suction side. For all the results, the main differences in the
pressure field are related to the latter profile region, while along the pressure
side the flow evolution is comparable.

To properly characterize shockwaves evolution, the flow field is further inves-
tigated observing the distribution of the Mach number (Fig. 3.6). This analysis
underscores the correlation between the pressure gradient previously observed
in the baseline domain and the formation of a shockwave in the ending section
of the profile (Fig. 3.6a). Differently, contours in Opt 1 confirm a reduces acceler-
ation capability of this cascade design (Fig. 3.6b): the flow evolution induces in
general lower Mach number, mitigating the supersonic regions and preventing
localized evident shocks. The stream diffusion results more gradual, promoting
the boundary layer stability over the suction side and limiting the wake thickness
downstream. The analysis of the Mach number distribution on the Opt 2 field
(Fig. 3.6¢c) corroborates the observation regarding the critical compressibility ef-
fects. The shockwave near the throat involves the maximum Mach value reached
in the examined fields, making the phenomenon significantly strong. The result-
ing flow deceleration partially mitigates the jump amplitude across the second
shockwave, reducing its intensity. This lowers the impact of the phenomenon,
inducing decreased interactions with the other blades wakes. The trailing edge
shock has a direct outcome on the local boundary layer evolution, increasing its
thickness and resulting in the release of a thicker wake. The Mach number dis-
tribution for Opt 3 (Fig. 3.6d) confirms a flow evolution similar to that of Opt 1.
Despite a slightly greater expansion, the flow behavior remains smooth, with no
evident shockwaves occurring on the suction side and no significant deteriora-
tion of the boundary layer stability. Again, the analysis does not highlight clear
variations in flow evolution along the pressure side among the geometries.

The specific evolution with local accuracy is analyzed reporting wall-flow
distributions (Fig. 3.7). The isentropic Mach number along the blade surfaces
confirms the similarity of the flow behavior on the pressure side, except for a
localized gradient near the leading edge of Opt 2 (Fig. 3.7a). On the other hand,
a higher variability is present on the suction side, especially downstream of co-
ordinate s/c = 0.5. Here, the three optimized geometries exhibit a comparable
performance, with Mjs exceeding 1, thus differing from the baseline behavior
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that maintains a smoother trend. At this location they reach the peak conditions,
anticipating the flow phenomenon observed in the starting design. The parame-
ter then decays, with different patterns for the three geometries: Opt 1 and Opt 3
maintain similar distributions, smoothly aligning to the trailing edge flow, while
Opt 2 exhibits the highest peak before a local sudden drop that anticipates a
progressive increment towards values comparable with the other solutions. Af-
ter coordinate s/c = 1.0, corresponding to the baseline maximum M;g, the four
geometries tend to a gradual decrease, even though Opt 2 shows the occurrence
of a narrow localized peak, followed by a sudden drop that re-aligns the statis-
tics values with the others. Analogous considerations hold for the wall pressure
distribution (Fig. 3.7b). Smoother pressure recoveries indicate more gradual dif-
fusion processes along the pressure side. However, improved expansion ratios re-
sult because the pressure minima of optimized designs become lower than those
of the baseline, even though the wake evolution also contributes to determining
r—a fact that explains the similarity between Opt 1 and Opt 3 local statistics, de-
spite their different positioning in the objective function space. To characterize
viscous fluxes evolution, the local analysis introduces the distribution of the skin
friction coefficient, C = Tw/ (0.5 1 U%), where T, is the local wall shear stress
and p; and U, are the density and magnitude of the absolute velocity at the cas-
cade inlet (Fig. 3.7c). The distribution along the pressure side shows significant
similarity, aligning with previous discussions. However, minor discrepancies can
be detected and they indicate a stable tendency of Opt 2 to reach higher values
over the entire wall surface, after depicting the most intense peak. Conversely,
Opt 1 mostly exhibits the lowest wall shear, which is consistent with its ability
to minimize losses, reducing the impact of viscous effects. Along the suction
side, Opt 3 shares a similar behavior with the baseline, except for a higher peak
near s/c = 0.5, after which the two solutions almost re-align. At the same loca-
tion, Opt 2 exhibits the strongest wall shear, followed by a sudden drop related
to the occurrence of the shockwave. A similar effect can be observed near the
trailing edge, confirming this design as affected by significant shock/boundary
layer interactions. Considering Opt 1, the distribution of Cy exhibits a peak that
slightly exceeds the baseline value. After this location the skin friction decreases,
remaining almost stably below the other solutions. Performing a smoother flow
deceleration, this design enables a higher boundary layer stability, minimizing
the impact of viscous fluxes on the walls.

The wake structure is analyzed at an outlet cross-section located 1.2 ¢;x down-
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stream of the cascade trailing edge (Fig. 3.8). To measure the intensity of viscous
fluxes, the analysis adopts the normalized turbulent kinetic energy, k = 2K/ (U?),
where K denotes the specific turbulent kinetic energy (Fig. 3.8a). The distribu-
tions clearly indicate that Opt 2 introduces higher dissipative effects, resulting in
a stronger turbulence production and in a larger wake extension. On the other
hand, compared to baseline, the other two designs reduce wake dissipation, with
Opt 1 also ensuring a significant reduction of the shear layer band. Additionally,
turbulence production has a direct impact on total pressure drops (Fig. 3.8b).
Consequently, Opt 2 results as the worst design in terms of losses, with a pres-
sure drop higher than —20% and the largest wake spatial extension among the
chosen solutions. In contrast, the baseline guarantees a significant improvement
while also reducing the wake bandwidth. Considering Opt 1 and Opt 3, the mini-
mum total pressure is similar. However, the optimality of the former is explained
by the considerably lower spatial extension of the shear layer. To corroborate this
analysis, the results are further investigated with a quantitative approach. Thus,
the total pressure is integrated along the one-pitch cross-sectional plane. Each
individual evaluation, I;, is computed as:

1,
h= [ (%;)jd(%)' (3.1)

where y/t denotes the pitch-normalized vertical coordinate. The corresponding
results are reported in Table 3.2, normalized by the baseline integral value, as
I;/ Ipaseline- The computed values further confirm the previous discussions re-
garding cascade losses, indicating Opt 1 and Opt 3 as superior to the baseline,
while underscoring the augmented dissipation introduced by Opt 2.

Table 3.2: Integral of normalized total pressure along the wake cut at x = 1.2 ¢y,
normalized by the baseline value.

Case Ij / Ibaseline
Baseline 1.000
Opt 1 (min w™) 1.004
Opt 2 (min r*) 0.994

Opt 3 (trade-off) 1.003

Overall, this analysis supports further concluding remarks regarding cascades
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design principles. Specifically, when losses are a major concern, geometries have
to reduce the evolution of shock/boundary-layer interactions on the suction side
to limit wake thickness and turbulence production. Conversely, to improve the
expansion ratio, higher accelerations are required, but this behavior may intro-
duce shockwaves, resulting in boundary layer destabilization and higher dissipa-
tion.
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Conclusions

This study presents a novel evolutionary approach to transonic gas-turbine vanes
design, optimizing the parameterized profile of the LS89 cascade. The model
leverages translational periodicity, enabling the generation of a two-dimensional
single-passage domain. Thus, steady-state Reynolds-Averaged Navier-Stokes
(RANS) equations are adopted to initially validate the numerical setup and then
to compute the solutions for the geometrical variants. To this end, a two-objective
genetic optimization is used to advance generations, satisfying the simultaneous
minimization of the expansion ratio and the loss coefficient.

The procedure enables the improvement of baseline performance, reducing
profile losses by 30% and the expansion ratio by 0.2%. However, the two objec-
tives exhibit conflicting behavior, requiring dedicated geometrical properties and
design principles, except for a common optimization driver that suggests to place
the maximum channel restriction near mid-chord. Improving the expansion ratio
requires adopting thicker profiles, which induces higher accelerations but intro-
duces additional shockwaves that compromise boundary layer stability and in-
crease losses. Conversely, to reduce wake dissipation thinner blades with sharper
leading edges are favorable, even though this design mitigates shock/boundary
layer interactions and wake extension at the cost of lower flow expansion.

Future studies are expected to further advance the present outcomes. Specifi-
cally, increasing the local accuracy of the parameterization and enlarging the ex-
ploration ranges will allow for improved control over localized flow phenomena,
thus leading to better optimization results and additional design correlations.
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