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G R A P H I C A L  A B S T R A C T

H I G H L I G H T S

Convolutional Neural Network for turbine vane design with diffusive endwalls.
Comparison of optimized geometries obtained using data- and image-based methods.
Testing the optimized configurations under realistic pulsating inlet conditions.
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 A B S T R A C T

Rotating Detonation Engine (RDE) represents a pioneering technology in the propulsive and energy production 
fields, although the coupling with transonic High-Pressure Turbine (HPT) stages is challenging. Several studies 
introduced the concept of diffusive endwalls in order to ingest high-subsonic flow delivered by the RDE. 
Machine Learning (ML) gained a prominent role in the optimization procedures because of its fast and accurate 
prediction, reducing the computational time respect to Computational Fluid Dynamics (CFD). The aim of this 
study is to optimize the blade and endwall profiles of an HPV, targeting an enhancement of aerodynamics 
performance. The optimization methodology is based on several algorithms using a Convolutional Neural 
Network (CNN) as the fitness function, which can estimate the vane performance directly from an image 
containing blade and endwall profiles. The Design of Experiment (DOE) is performed using Reynolds-Averaged 
Navier–Stokes (RANS) analysis that takes in account 18 design variables, which represent geometric features of 
vane profile and diffusive endwalls. The optimized profiles are then tested under pulsating boundary conditions 
from a Rotating Detonation Combustor (RDC) to understand which configuration can perform adequately under 
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extremely harsh conditions. The CNN coupled with Particle Swarm Optimization (PSO) increases the vane 
efficiency with respect to nominal configuration and the novel design proved to be affordable also in presence 
of variable inlet conditions, attenuating pressure oscillations.
Nomenclature

𝑃𝑡 Total pressure
𝑇𝑡 Total temperature
𝑃 Static pressure
𝑇 Static temperature
A Area
u Velocity magnitude
𝐷𝑅 Damping coefficient
𝑅̂ Reduced range
𝑅2 Coefficient of determination
𝑀𝑎 Mach number
𝑡 Time
𝑚̇ Mass flow rate
𝐶 Vane chord
Acronims

RDE Rotating Detonation Engine
RDC Rotating Detonation Combustor
CNN Convolutional Neural Network
DNN Deep Neural Network
GA Genetic Algorithm
PSO Particle Swarm Optimization
DOE Design of Experiment
GTs Gas Turbine
ML Machine Learning
PGC Pressure Gain Combustion
HPT High-Pressure Turbine
RANS Reynolds-Averaged Navier–Stokes
URANS Unsteady RANS
PV Passage Vortex
URANS Unsteady RANS
Greek letters
𝜂𝑣 Vane efficiency
𝛼 Flow angle
𝛾 Heat capacity ratio
𝜁𝑃𝑡 Total pressure loss coefficient
𝜁𝛼 Deviation coefficient
𝜌 Density

Superscripts and subscripts
MA Mass-weighted average
AA Area-weighted average
WA Working average
CA Cycle average
1 Inlet of the vane
2 Outlet of the vane

1. Introduction

Recent efforts in the context of Gas Turbines (GTs) for propulsion 
and power generation aim at increasing both overall efficiency and spe-
cific power to reduce the fuel consumption and pollutant emissions by 
2 
using advanced numerical methods for component interaction analysis 
at engine scale [1].

The Rotating Detonation Engine (RDE) has proved to be one of the 
most promising Pressure Gain Combustion (PGC) technologies, aimed 
at increasing the cycle efficiency with respect to the traditional Joule–
Brayton cycle [2,3]. The RDE engine implements an annular chamber 
(namely, the Rotating Detonation Combustor, RDC) where a detonation 
wave ignites the fuel and air mixture [4,5]. Despite the benefits brought 
by this new technology [6], some challenging aspects are present due 
to the harsh combustor outflow conditions, characterized by a spatial–
temporal variation of stagnation pressure, stagnation temperature, and 
flow angle [6–8]. The High-Pressure Turbine (HPT) stage efficiency 
could be influenced negatively by these inlet conditions, therefore it is 
important to assess that the HPT efficiency deficit would not counteract 
the cycle efficiency improvement obtained by using the RDC.

Considering the coupling of RDC with transonic vanes, Liu et al. [9] 
proposed modified endwalls of the vane to keep the contraction ra-
tion below the isentropic limit, and made numerical analysis on a 
conventional HPT stage under uniform axial pulsation and an inlet 
Mach number of 0.3 and 0.6. This work has highlighted the generation 
of separation bubbles in the diffusive endwalls. In another work, Liu 
et al. [10] showed that inlet Mach number of 0.3 brings an higher 
stage efficiency while a Mach of 0.6 gives higher attenuation. Grasa 
et al. [11] proposed a multi-point optimization strategy with CFD 
analysis, focusing on reduction of total pressure losses and homogeneity 
of vane’s outflow to prevent blade’s forcing. Later, Gallis et al. [12] 
presented a parametric optimization for both the diffusive endwalls 
and the airfoil, implementing a passive flow control system through 
an array of cooling holes placed upstream the leading edge. The flow 
control system has proved to mitigate the oscillating inflow conditions 
and better guide the outflow that approach the subsequent rotor.

In recent years, Machine Learning (ML) proved to be an useful 
tool in the optimization process of HPT, because of the possibility to 
replace High-fidelity CFD simulations with ML-based surrogate models, 
which require less computational and time resources to explore the 
design space [13–16]. Du et al. [17] implemented a dual Convolu-
tional Neural Network (CNN) to predict the performance of a turbine 
blade profile design. The ML is trained over RANS CFD simulations 
to predict the physical field distribution based on design variables 
and evaluate aerodynamic performance. Nastasi et al. [18] studied a 
parametric optimization for both the diffusive endwalls and the airfoil 
of a transonic vane for RDE, implementing a Deep Neural Network and 
Random Forest regressor as surrogate models, then a Genetic Algorithm 
to find the optimal configuration based on an objective function. Their 
optimized geometry achieved strong mitigation of the intensity of the 
secondary flows and higher aerodynamic efficiency increased with 
respect to the baseline design.

The idea of this project is to feed a Convolutional Neural Network 
(CNN) with images representing the endwall and the profile shape of 
several redesigns of an academic turbine vane by Gallis et al. [12], 
with the goal to evaluate the aerodynamic performance. The original 
stator blade and endwalls are parameterized by means of splines and 
a range of variability is defined for each parameter. Then a Design of 
Experiment (DOE) is performed exploring almost 900 configurations 
through the Latin Hypercube Sampling (LHS) method. The DOE con-
figurations are evaluated with CFD RANS simulations which provided 
the vane efficiency, the exit flow angle and other performance param-
eters. The CNN is then trained on the dataset provided by the RANS 
simulations and returned the vane efficiency as output. The trained 
CNN is applied as meta-model in two different optimization algorithm: 
Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). Both 



G. Labrini et al. Energy and AI 24 (2026) 100729 
Fig. 1. DOE design variables for vane profile and endwall.

Table 1
Geometrical feature of the nominal CT3 vane.
 C 75.7 [mm]  
 NVane 43 [–]  
 RShaft 369.85 [mm] 
 DRInlet 8.6 [mm]  
 DROutlet 23.25 [mm]  

the optimized profiles and the one optimized by Nastasi et al. [18] 
are then tested with synthetic pulsating boundary conditions from a 
Rotating Detonation Combustor (RDC). The CNN produced extremely 
faster predictions of the vane efficiency respect to the traditional CFD 
analysis, this allowed to explore extensively the design space without 
generating the CAD of the geometry which implied a reduction of the 
global time of the optimization analysis.

2. Blade aerodynamics and parametric study

The nominal vane profile used in this study is the one already ana-
lyzed by both Gallis et al. [12] and Nastasi et al. [18], its geometrical 
features are reported in Table  1. It presents diffusive endwalls, which 
consist of an enlargement of the inlet section, and a redesigned vane 
to allow for a higher inlet Mach number value of ≈0.6 with respect to 
the original working condition of ≈0.2 that was studied by Sieverding 
et al. [19] Denos et al. [20,21], and Paniagua et al. [22].

In Fig.  1 the blade and endwalls parameterization, originally pro-
posed by Liu et al. [23] and Gallis et al. [12], is presented. It consists 
of:

• 7 spline control points for the endwalls, which are considered 
symmetric respect to 𝑥-axis. 4 of them can move along the 𝑧-axis 
while the others are fixed.

• 11 spline control points for the blade profile, 7 for the suction side 
and 5 for the pressure side. 5 of them has two degrees of freedom, 
3 can move on one direction and the remaining are fixed.

The blade stagger angle is also considered variable, this brings to 18 
design variable that are included in the Design of Experiment (DOE) 
phase.

The Design of Experiment is conducted adopting the Latin Hy-
percube Sampling approach, which divide the design space in evenly 
3 
spaced sub-intervals and randomly select design point from these sub-
intervals. The design space selected consists in 900 sampling points 
of which 886 completed the generation, mesh and CFD simulation 
process.

2.1. Evaluation of the vane

The vane performance are evaluated using several performance pa-
rameters. The vane efficiency provides a measure of the total pressure 
𝑃𝑡 losses between the inlet (1) and the outlet (2) of the vane, as 
expressed in Eq.  (1): 

𝜂𝑣 =
1 −

(

𝑃2
𝑃𝑡,2

)
𝛾−1
𝛾

1 −
(

𝑃2
𝑃𝑡,1

)
𝛾−1
𝛾

(1)

The vane efficiency is the only output of the optimization strategy, 
then for this reason the deviation coefficient of the exit flow angle 
𝛼2 respect to the metal angle 𝛼2,𝑚, is computed to evaluate the vane 
configurations as in Eq.  (2): 
𝜁𝛼 = 1 −

𝛼2
𝛼2,𝑚

(2)

2.2. Evaluation of the pulsating boundary condition

The URANS analysis requires different quantities to compute due to 
the pulsating nature of the flow. It is also important to assess that the 
quantities of interest are computed after the initial transitory phase, in 
other word that the periodicity is established.

The cross-correlation is performed between two sequential cycles of 
the periodic boundary condition for each property monitored in time 
(see Eq.  (3)). The maximum, minimum and average values of cross-
correlation for zero lag in various locations can be computed. The cycle 
periodicity can be established as the cross-correlation value is close to 
unity. 

𝐶̂12(𝜏) =
1
𝑡0 ∫

𝑡0

0
𝜙1(𝑡) 𝜙2(𝑡 + 𝜏) 𝑑𝑡 (3)

Calculating instantaneously the vane efficiency could lead to time 
moments when the inlet total pressure is lower than the outlet one, 
bringing a value that exceeds the unity. To avoid this problem, the 
cycle average of the flow are applied, according what is suggested 
by Cumpsty et al. [24]. According to this approach, the extensive 
properties and total temperature can be mass-weighted averaged, the 
averaging equation for a generic property 𝜙 is defined by Eq.  (4). 

(𝜙)
𝑀𝐴

=
∫ 𝜏
0 𝜙𝑀𝐴 ⋅ ∫𝐴 𝜌𝑢 𝑑𝐴 𝑑𝑡

∫ 𝜏
0 ∫𝐴 𝜌𝑢 𝑑𝐴 𝑑𝑡

(4)

Total pressure follows a different averaging process for turboma-
chinery applications, as it stated in several literature works [25–27] 
(Eq.  (5)). 

𝑃𝑡
𝑊 𝐴

=

[

∫ 𝜏
0 ∫𝐴 𝜌𝑢𝑇𝑡 𝑑𝐴 𝑑𝑡

∫ 𝜏
0 ∫𝐴 𝜌𝑢[𝑇𝑡∕𝑃

𝛾−1
𝛾

𝑡 ] 𝑑𝐴 𝑑𝑡

]
𝛾−1
𝛾

(5)

Static outlet pressure oscillates in time as well. In Gallis et al. [12] 
the time average value takes in account the area-average value follow-
ing Eq.  (6): 

𝑃
𝐴𝐴

= 1
𝜏𝐴 ∫

𝜏

0 ∫𝐴
𝑃 𝑑𝐴 𝑑𝑡 (6)

The properties time-averaged quantities are defined, so the per-
formance quantities can be rewritten to incorporate the oscillating 
behavior in time. The vane efficiency follows the definition given by 
Young et al. [28] (Eq.  (7)): 

(𝜂𝑣)𝐶𝐴 =
1 −

(

𝑇𝑀𝐴
2

𝑇𝑀𝐴
𝑡,2

)

1 −
(

𝑃𝐴𝐴
2
𝑊𝐴

)
𝛾−1
𝛾

(7)
𝑃𝑡1
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Fig. 2. CT3 sampling location for cross-correlation and damping coefficient.

Table 2
Boundary conditions for DOE RANS analysis.
 BC type Value  
 Inlet 𝑃𝑡 = 161 600 [Pa] | 𝑇𝑡 = 440 [K] | 𝛼 = 0◦ 
 Outlet 𝑃 = 83 289 [Pa]  
 Periodic Rotational 8.37◦  
 Wall No-slip (Adiabatic)  

Also, the deviation coefficient can be formulated according to the 
cycle averaging technique (Eq.  (8)): 

(𝜁𝛼)𝐶𝐴 = 1 −
(𝛼2)𝑀𝐴

𝛼2,𝑚
(8)

The vane can be evaluated in terms of pressure losses, according 
to Eq.  (9): 

(𝜁𝑃 𝑡)𝐶𝐴 =
𝑃𝑀𝐴
𝑡2 − 𝑃𝑀𝐴

𝑡1

𝑃𝑀𝐴
𝑡1

(9)

The damping coefficient (Eq.  (10)) expresses how the vane responds 
to the oscillating inflow conditions such as the total pressure. It is 
usually computed for two consecutive locations as function of the 
reduced range that is defined in Eq.  (11): 

𝐷𝑅,𝑃 𝑡 =
𝑅̂1 − 𝑅̂2

𝑅̂1
(10)

𝑅̂ =
𝑀𝑎𝑥(𝑃𝑀𝐴

𝑡 ) −𝑀𝑖𝑛(𝑃𝑀𝐴
𝑡 )

1
𝜏 ∫

𝜏
0 𝑃𝑀𝐴

𝑡 𝑑𝑡
(11)

3. Numerical methodology

3.1. Design of experiment

In the current study the commercial software ANSYS CFXTM 2022 
R1 is used to generate the data to train the Convolutional Neural 
Network, which is based on steady RANS simulations. The k-𝜔 SST 
turbulence model is adopted for this study, applying a coupled pressure-
based solver with ‘‘high resolution’’ scheme for advection and tur-
bulence discretization. The mesh consisted in a hybrid tetrahedral–
prismatic mesh of about 2 millions of elements, with 20 inflation layers 
to achieve a 𝑦+ ≤ 1 in the wall region. More details about the mesh and 
the Grid Convergence Index (GCI) are reported in the work of Nastasi 
et al. [18].

In Fig.  3 and Table  2 the boundary conditions imposed for the DOE 
RANS simulations are listed.

3.2. Unsteady analysis

The unsteady RANS CFD analysis is carried out employing the com-
mercial software ANSYS FluentTM 2023 R2. The boundary conditions in 
the inlet section are assumed to change in time, aiming to reproduce the 
behavior of a flow coming from the outlet of a transition duct coupled 
4 
Fig. 3. Nominal configuration and boundary conditions.

Table 3
Boundary conditions URANS analysis.
 BC type Value  
 Inlet 𝑃𝑡 = 𝑓 (𝑡) [Pa] | 𝑇𝑡 = 𝑓 (𝑡) [K] | 𝛼 = 𝑓 (𝑡) 
 Outlet 𝑃 = 83 289 [Pa]  
 Periodic Rotational 8.37◦  
 Wall No-slip (Adiabatic)  

with an RDE. In particular, this analysis focuses on a variation of inlet 
total pressure, inlet total temperature and flow angle in circumferential 
direction, as it is shown in Fig.  5 and Table  3.

A number of hypotheses have been done to finalize the morphol-
ogy of the signals. First, it is assumed that for the current working 
conditions the RDC generates a single traveling mode at a frequency 
(5000 Hz) that is one order of magnitude higher than the typical 
rotational speed of a turbine blade (≈500 Hz). Therefore, a single shock 
is considered to mimic the discontinuity in the signals at the vane inlet. 
Moreover, instead of simulating a traveling wave a pulsating condition 
is applied in time to analyze the performance of the newly-designed 
vane. The latter simplification is acceptable as the main topic of this 
work is the capability of the CNN model to accurately design enabling 
technologies for RDEs. Furthermore, it is assumed that between the 
RDC and the vane an appropriately designed transition duct allowed 
for generating the optimal boundary conditions for a turbine stage 
with a inlet Mach number of ≈0.6 and with reduced total pressure 
fluctuations. In fact, there is still some debate in literature about the 
shape of the duct that should follow an RDC, either a sudden expansion 
or a diffuser [29,30] or an ejector [31], but it is not of interest here 
to study this specific component. In this activity the final morphology 
shown here is the same one adopted in the work of Gallis et al. [12] 
(see Fig.  4).

The k-𝜔 SST turbulence model is adopted for this study, applying a 
density-based solver with second order upwind flux scheme.

The mesh is composed of ≈2.1 ⋅106 hybrid tetrahedral and prismatic 
elements. The mesh is identical to the one used in the DOE, except 
for a slight modification in the CAD, that exhibits an artificial plenum 
placed downstream the trailing edge of the blade. As it is possible to 
notice in Fig.  6, the artificial plenum presents a coarser mesh respect to 
the vane region, in order to dissipate any phenomenon that can occur 
as the trailing edge of the vane, that may bring non-physical results. 
To keep low the number of elements, slip wall boundary condition is 
applied and no inflation layer are used in this region of the domain.

The size of the mesh is selected after a process of GCI, that took in 
account inlet mass-flow rate, the inlet mass-weighted averaged Mach 
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Fig. 4. URANS boundary conditions.

Fig. 5. RDC synthetic inlet boundary conditions for URANS analysis: total 
pressure, yaw angle, and total temperature.

number, and the mass-weighted averaged total pressure at the outlet 
of the vane under three different levels of size. The refinement ratio 
is 1.14 between the coarse-medium and the medium-fine, for each 
property the GCI decreases and the asymptotic ranges is closer to 
the unit as it is stated in Table  4. Thus the results obtained can be 
considered grid independent.

4. Machine learning and optimization strategies

4.1. Convolutional neural network

Convolutional Neural Networks are particular types of Machine 
Learning models that operates with images or grid-like topology. An 
image can be sampled in different pixels, where each pixel assumes 
specific values according to it is color. This implies that an image can 
be represented as a tensor that has dimension 𝑤×ℎ× 𝑐, where w is the 
5 
Fig. 6. CT3 URANS mesh.

Table 4
Grid Convergence Index for unsteady calculation.
 GCI (C-M) GCI (M-F) Asymptotic range 
 𝑚̇1 0.0273% 0.0014% 1.043  
 𝑀𝑎1 0.0676% 0.0053% 1.04  
 𝑃𝑡,2 0.1466% 0.0299% 1.015  

number of pixels that fill the width of the image, h the pixels along the 
height and c the number of channel colors that are used in the image. 
Considering a black and white image, this value is equal to 1, which 
implies that the tensor becomes a matrix.

This type of Neural Network is characterized by a particular type of 
layer called convolutional layer, because of the operation it performs. 
Considering a matrix of learning parameters called kernel 𝐻 and a 
portion of the tensor, the convolutional operation can be defined as 
in Eq.  (12) [32]: 

𝑧𝑖𝑗 =
𝑙

∑

𝑎=1

𝑙
∑

𝑏=1
𝐻𝑎𝑏𝑥(𝑖+𝑎),(𝑗+𝑏) (12)

This operation changes the dimensions of the resultants tensor 
according to Eq.  (13), where 𝑛 is the input dimension, 𝑙 the kernel size, 
𝑝 the padding size and 𝑠 the stride size: 

𝑊𝑧 =
𝑛 − 𝑙 + 2𝑝

𝑠
+ 1 (13)

Padding is used when the user wants to preserve the information on 
the borders of the image and consists in adding some zeros, surrounding 
the original matrix. The stride is related to how many steps the filter 
travels each time it moves along the matrix.

Pooling layer is another type of layers commonly used in CNN 
architectures that aims at reducing the information of the input tensor 
to obtain the desired result. A typical CNN architecture is composed 
by convolutional and pooling layers that reduce the input size on the 
image and identify key information with a number of filters called 
channels, then the final tensor is flattened in a fully connected layer 
which is connected to other simple dense layers.

A traditional dense layer takes as input a one-dimensional array and 
multiplies for a matrix of weights 𝑤𝑖 and sums the result to an array of 
bias values 𝑏𝑖 (see Eq.  (14)). 

𝑧𝑖 =
𝑁
∑

𝑖
(𝑤𝑖 ⋅ 𝑥𝑖 + 𝑏𝑖) (14)

The difference between this solution and a simple linear regression 
is the use of the activation functions, that add non-linearity to the 
model and allow for capturing the relationship between input and 
output. In a regression context, Rectified Linear Unit (ReLU) and its 
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modified versions are usually implemented. The Leaky ReLU activation 
function used in this work can be expressed as it stated in Eq.  (15). 

𝑓𝐿−𝑅𝑒𝐿𝑈 (𝑥) = 𝑚𝑎𝑥(𝑎𝑥, 𝑥) =

{

𝑥 if 𝑥 ≥ 0
𝑎𝑥 if 𝑥 < 0

(15)

The values of weights, biases and also kernel elements need to 
be adjusted to the value that represent the correct outputs from the 
given input. This process is named ‘‘training’’ and it is based on the 
computation of a loss function 𝐿 between the output 𝑦 and the expected 
target 𝑦̂. 

𝐿(𝑦, 𝑦̂) = 𝑀𝑆𝐸(𝑦, 𝑦̂) = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (16)

The training phase is done on a certain percentage of the dataset 
while the remaining part forms the validation dataset, which is used 
to understand if the model predicts correctly also the unseen data or 
only the data on which it was trained. To avoid the latter situation, 
called ‘‘overfitting’’, dropout, mini-batches, and L2 regularization are 
applied. The dropout consists in turning off a certain percentage of 
neurons during the training phase, thus helping the model to be more 
general. The mini-batches approach consists in computing the loss and 
the gradient for a certain number of subdivisions of the entire training 
dataset. Finally the L2 normalization consists in adding a term to the 
loss function which is the squared norm of the weights in order to 
penalizing large weights in the model. 
𝐿̃(𝑦, 𝑦̂) = 𝐿(𝑦, 𝑦̂) + 𝜆‖𝑤‖

2
2 (17)

The ADAM optimizer, introduced by Kingma [33], is an algorithm 
for first-order gradient-based optimization of stochastic objective func-
tions, based on adaptive estimates of lower-order moments, that is 
implemented into the training phases to update the value of weight 
and biases.

4.2. Genetic Algorithm

The Genetic Algorithm (GA), developed by Holland et al. [34], is 
part of the family of the nature-inspired optimization algorithms and 
aims at finding the best possible optimum relying on a single objective 
fitness function. GA encodes the design variables into a string that 
represents the chromosomes and generates a population of solution that 
own different chromosomes. A new population of better individuals is 
generated starting from genes of the previous population, applying the 
following mechanisms:

• Crossover: two or more chromosomes (parents) are split in several 
parts to produce a new individuals (prole) that share part of the 
sequences of the parents.

• Mutation: spontaneous and random modification of one or more 
genes in the new generation of individuals.

The parents for the new generation are selected by using a fitness 
function that gives a score to every individual. The fitness function can 
be either a particular metric defined in the post-processing of a CFD 
analysis either a trained surrogate model, such as Neural Networks.

4.3. Particle Swarm Optimization

Particle Swarm Optimization, developed by Kennedy and Eber-
hart [35], is based on swarm behavior in nature, such as fish and 
bird schooling. The PSO algorithm searches the space of an objective 
function by adjusting the trajectories of the particles; each particle is 
influenced by the position of the current best of all the swarm (global 
best) 𝑔∗ and its own best location 𝑥∗𝑖  in history, while at the same 
time it has a tendency to move randomly and update the locations 
when it finds a new better solutions. The goal is to find the global best 
among all the current best solutions until there is no improvement in 
the objective or after a certain number of iterations. The solution of a 
6 
Fig. 7. Scatter plot representing of the DOE samples, obtained through RANS 
CFD simulations.

given position is evaluated through a fitness function such as in Genetic 
Algorithm.

During the optimization process, a velocity function is computed to 
update the position of every particle and allow the exploration of the 
design space. The velocity for each particle 𝑖 at next iteration 𝑡 + 1 is 
defined in Eq.  (18) [36]: 
𝑣𝑖(𝑡 + 1) = 𝜃(𝑡 + 1) ⋅ 𝑣𝑖(𝑡) + 𝛼 ⋅ 𝑟1 ⋅ [𝑔∗ − 𝑥𝑡𝑖] + 𝛽 ⋅ 𝑟2 ⋅ [𝑥∗𝑖 − 𝑥𝑡𝑖] (18)

In Eq.  (18), 𝛼 and 𝛽 are called respectively social and cognitive 
coefficient and allow to decide whether to give more importance to 
the global best solution or to the best solution of the given particle; 𝑟1
and 𝑟2 are random numbers between 0 and 1; 𝜃 is the inertia weight 
which is linked to the velocity at the previous iteration step. Finally, 
the position of each particle is updated according to Eq.  (19): 
𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1) (19)

5. Results

5.1. Design of experiment steady analysis

The DOE configurations are analyzed through RANS CFD analysis 
on a 48 cores CPU, that required approximately 73 h to run the 886 
configurations. In Fig.  7, the results of the RANS analysis are shown in 
terms of vane efficiency, deviation coefficient and inlet Mach number. 
All the design points are subjected to same boundary conditions, which 
are total pressure and temperature, but each sample has a throat area 
that leads to a different inlet Mach number.

Results show that the geometries with a lower inlet Mach number 
present also a lower value for the vane efficiency and a higher deviation 
coefficient. The best cases of the DOE presents a stator efficiency above 
0.9 and an inlet Mach number higher than 0.55, which is close to the 
target identified in literature [9].

5.2. Convolutional Neural Network training

The CNN architecture, built through PyTorch python library, con-
sists in 2 Conv2d layers, 2 Pool2d layers and 3 Dense layers. A con-
ceptual scheme of the architecture of the CNN is reported in Fig.  8 and 
Table  5. The black and white image of endwalls and blade profile is 
transformed into a 2D array, then the convolutional layers extract in-
formation by the kernels that expand the dimension of the array, adding 
the 3rd dimension. The pooling layers reduce the array dimensions and 
a flattening operation is applied after the second pooling layer, which 
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Fig. 8. CNN scheme.

Table 5
Convolutional Neural Network layer shape.
 Layer Shape  
 Input 140 × 320 × 1  
 Conv2d 136 × 316 × 16 
 Pool2d 34 × 79 × 16  
 Conv2d 30 × 75 × 32  
 Pool2d 6 × 15 × 32  
 Dense 2880 × 1 × 1  
 Dense 256 × 1 × 1  
 Dense 64 × 1 × 1  
 Output 1 × 1 × 1  

Table 6
CNN training performance.
 Loss 𝑅2 score Samples 
 Train 5.66 ⋅ 10−4 0.9822 620  
 Validation 9.53 ⋅ 10−4 0.9670 133  
 Test 9.17 ⋅ 10−4 0.9758 133  

Table 7
K-fold cross validation for CNN.
 𝑅2 score k = 1 k = 2 k = 3 k = 4 k = 5  
 Train 0.9776 0.9671 0.9830 0.9772 0.9762 
 Validation 0.9740 0.9702 0.9709 0.9771 0.9731 
 Test 0.9726 0.9725 0.9702 0.9757 0.9733 

produce a 1D array that is processed by the dense layers to obtain 
the vane efficiency 𝜂𝑣 value, represented by a single scalar value. The 
output value is normalized to compute the loss, then restored to its 
original value. The dataset includes 886 images divided in batches, with 
a size of 64. Leaky ReLU activation function is used in all the layers, 
except the last one where a linear activation is used.

The loss is computed with normalized target value, using the MSE 
criterion, the ADAM optimizer, and a fixed learning rate of 10−5. L2 
regularization with a weight decay of 10−6 is set and a dropout of 4% is 
applied to the first two dense layers to prevent overfitting. The training 
phase consisted in 2000 epochs, for a computational time of 1h 20m on 
48 CPU cores. The results of the training phase are reported in Table  6. 
The Loss function reached a sufficiently low value while the accuracy 
reached a value over 96% for all the database’s splits. The last trend is 
confirmed by the parity plots on Fig.  9, where almost all the points are 
close to the main diagonal, where the points presents the same value 
for the expected output and the prediction.

Cross-validation 5 fold was applied to the original train and vali-
dation dataset (85% of total cases), so the reduced dataset is trained 
on 4 of this fold and validated on 1, generating 5 different CNN 
configurations. The results are reported in Table  7. Each of the five 
different divisions reaches at least the 96% of the 𝑅2 score, assessing 
that the model is insensitive to the division chosen for the training 
phase.
7 
Fig. 9. CNN train, validation, test parity plots.

5.3. Optimization algorithm

Two different optimization algorithms are applied: the first one is 
Genetic algorithm, the second is Particle Swarm Optimization. The goal 
of the optimization process is to maximize the vane efficiency 𝜂𝑣. Both 
the algorithms generate a population of candidates that corresponds to 
an array of 18 values representing the control points to generate the 
profile, the endwalls and the stagger angle. These values are used to 
generate images that are fed into the fitness function that is the trained 
Convolutional Neural Network.

The Genetic algorithm is employed through the library Numpy, the 
main feature of the algorithm are reported in Fig.  10. Differently to 
what was done in the article of Nastasi et al. [18], two new feature are 
employed in the optimization algorithm to improve the research for 
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Fig. 10. GA flow chart.

Table 8
Optimization algorithm predictions and CFD results.
 Algorithm 𝜂𝑣,𝐶𝑁𝑁 [−] 𝜂𝑣,𝐶𝐹𝐷 [–] Error 𝑀𝑎𝑖𝑛 [–] 𝛼2 [◦] 
 GA 0.9193 0.9096 ≈1% 0.52 73.23 
 PSO 0.9193 0.9101 ≈1% 0.56 72.33 

the best solution. After the first 300 generations, every 30 generation 
the mutation rate is increased from 10% to 50%, furthermore every 100 
generations the 60% of the population is replaced with new individuals, 
this feature is referred as immigration in the literature. GA produced an 
optimal solution with 𝜂𝑣 = 0.9193 after 1000 generations, it took 3 h 
40 min on 48 cores.

The Particle Swarm optimization is also employed through the 
‘‘Numpy’’ library, the main feature of the algorithm are reported in Fig. 
11. The latter methods presented a faster convergence respect to former 
optimization method, it required 400 iterations (approximately 1 h 40 
min) to find the optimal solution with 𝜂𝑣 = 0.9193.

In Fig.  12, the endwall and the blade profile obtained with GA, 
PSO and the one from Nastasi et al. [18] are reported to have a visual 
comparison with the original baseline geometry. From now on the 
blade optimized with PSO is referred as CPSO, the one through GA as 
CGA and the blade of Nastasi et al. [18] as NGA.

The new blade and endwalls configurations generated by the op-
timization algorithms were tested using CFD RANS simulations, to 
understand the reliability of the trained CNN model. The results of the 
CFD analysis are summarized in Table  8: both configuration shows a 
vane efficiency 𝜂𝑣,𝐶𝐹𝐷 of 0.91 and a relative error of approximately 
1%. The CPSO blade achieved an high inlet Mach number respect to the 
CGA, furthermore the CGA blade presents an higher flow yaw angle. In 
Fig.  13 the Mach number for CPSO and CGA is represented as contour 
plot, it is interesting to notice the local acceleration that produces a 
thickening of the boundary layer in the proximity of the change of 
curvature in the suction side, which is more evident for the CPSO blade.

5.4. Unsteady analysis under pulsating boundary conditions

The optimized profiles and vanes obtained through the Genetic al-
gorithm and the Particle Swarm Optimization are tested with pulsating 
boundary condition obtained from a Rotating Detonation Combustor 
and compared with the ones given by the Neural Network. The URANS 
analysis are initialized with the correspondent RANS data that corre-
spond to the initial time step of the period. For each configuration, 
a total of 10 periods are simulated, ensuring cross-correlation values 
above 0.95 for the three variables of interest, as it is possible to see in 
Fig.  14.

Three configurations are analyzed according to the aforementioned 
performance parameters, and the results are available in Table  9. The 
weighted pressure mixed efficiency presented similar values for all the 
configurations, while the deviation coefficient and total pressure losses 
8 
Fig. 11. PSO flow chart.

Fig. 12. Comparison of the blades optimized with different networks and 
algorithms.

Fig. 13. Mach number contour plots for CGA and CPSO vane, evaluated 
through RANS simulations.
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Fig. 14. Cross-correlation values for mass-flow rate, mach number, and total 
temperature, computed by means of a URANS CFD analysis.

Fig. 15. Damping coefficients at different location of the domain.

Table 9
Performance parameters for evaluating the vane under pulsating boundary 
conditions.
 (𝜂𝑣)𝐶𝐴 [−] (𝜁𝑃 𝑡)𝐶𝐴 [%] (𝜁𝛼 )𝐶𝐴 [%] 𝐷𝑅̂ [%] 
 NGA 0.898 5.66 1.41 −4.49  
 CGA 0.895 5.91 1.33 −19.40 
 CPSO 0.893 6.05 1.32 25.70  

represented an opposite trend for the NGA and CPSO configurations. 
The damping coefficient of the pressure is computed in the locations 
identified in Fig.  2, which are the inlet of the domain, the inlet of the 
vane, the leading edge and the outlet section. The results of the analysis 
are reported in Fig.  15 and in Table  9 for the locations 1–2. The results 
stated that only the CPSO configuration produces an attenuation of the 
pressure signal from the inlet to the outlet of the vane, while the NGA 
and CGA configurations gave an enhancement.

In Fig.  16, normalized helicity contour plots for the optimized CPSO 
and CGA configurations are analyzed, according to 5 different time 
steps to highlight the behavior of secondary flows. Helicity is the dot 
product between vorticity and velocity and is mainly used to determine 
whether the vorticity vector is aligned with the flow field or not. Only 
the values beyond a certain threshold are shown in the contour plots 
to highlight the hub and casing vortices.

Due to the presence of diverging endwalls, negative pressure gradi-
ents are generated close to the vane leading edge, thus thickening the 
incoming boundary layer and increasing the inlet vorticity level with 
respect to conventional, straight channels. For that reason, the vorticity 
redistribution term in the vorticity equation [37] has a prominent role 
in the development of the secondary flows in the nozzle. Also, the 
pulsating nature of the inlet boundary condition greatly impacts the 
9 
Fig. 16. Helicity contours for URANS simulations of the optimized blades in 
five different time steps, to highlight the intensity of secondary flows.

time-dependent development of secondary flows. For those reasons, it 
is hard to categorize the obtained secondary flows using the typical 
classification by Langston [38].

Nevertheless, observing the time steps reported in Fig.  16 two pairs 
of counter-rotating vortices can be individuated close to the vane hub 
and casing. The vortices characterized either by a positive normalized 
helicity value close to the casing or a negative value close to the hub 
demarcate the development of the Passage Vortex (PV) in the channel. 
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Fig. 17. Turbulent kinetic energy contours for URANS simulations of the 
optimized blades in different time steps, to highlight the magnitude of diffusive 
bubbles.

On the contrary, the vortices with opposite signs mark the presence of 
the Suction Side leg of the Horseshoe Vortex (SSHV). The absence of 
a pressure side leg of the horseshoe vortex is a notable difference with 
respect to conventional HPT vane flows development (see for example 
Salvadori et al. [1]), probably caused by a early fusion with the PV 
(which usually inside of the nozzle).

Looking at the obtained results corresponding to the 20% of the pe-
riod, for the CPSO vane the two pairs of secondary flows are positioned 
closer to the suction side in the azimuthal direction and more restricted 
10 
Fig. 18. Pressure distribution on blade surface for URANS simulations of the 
two optimized profiles, for five different time steps at three span heights.

to the casing in radial direction with respect to the CGA vane case. This 
trend is essentially confirmed for almost all time-steps, and it can justify 
the enhancement in the outlet total pressure signal for the CGA vane 
and for the attenuation for the CPSO vane.

Fig.  17 gives some insights about the leading edge region for both 
the vanes. The contour shows the turbulent kinetic energy of the struc-
tures in the hub region of both the vanes. Diffusive bubbles are present 
in both configuration, they can be noticed looking at the dark blue spot 
in the bottom left corner of every image. Suction side separation, due to 
the change of attack can be seen looking at the light violet strips at 20% 
and 40% of the period. The core of the diffusive bubble for the CPSO 
vane seems to move more in the axial direction respect to the CGA 
vane. This can explain the worse performance in damping coefficient 
for the CPSO respect to the CGA regarding the inlet of the domain-inlet 
of the vane region.

In Fig.  18, a comparison of CPSO and CGA blade loading for 
different time steps and span heights is reported. The pressure ratio 
is normalized by the maximum inlet total pressure reached during the 
pulsation period, to represent the same normalization for all the time 
steps. The region along the axial chord between 0 and 0.2 presents 
a shift of the stagnation point from the suction side to the pressure 
side, taking a look from time steps 20% to time steps 100%. This 
phenomenon is particularly evident on the CPSO blade where the 
suction side pressure is higher than the pressure side one in the time 
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Fig. 19. Outlet radial averaged properties of yaw angle, pitch angle, total 
pressure, and Mach number for five different time steps of URANS simulations.

step 20%. The strong variation of the inlet yaw angle is responsible for 
this behavior.

The region of the blade up to 𝑥∕𝐶𝑎𝑥 ≈ 0.5 is characterized by a 
curvature (of both blades) that produces a local acceleration, demon-
strated by the pressure drop on the suction side. Flow acceleration for 
the CPSO blade is higher than the one of the CGA blade at all the blade 
heights. The flow decelerates between 𝑥∕𝐶𝑎𝑥 ≈ 0.5 and 0.6, with a 
visible corresponding pressure rise. Again, this phenomenon is stronger 
in the CPSO blade, especially along time steps where the intensity of 
the pressure drop changes significantly.

The outlet region for CPSO e CGA configurations is analyzed in 
Fig.  19, by means of tangentially-averaged distributions of yaw angle, 
pitch angle, normalized total pressure and mach number. Yaw angle 
𝛼2 fluctuations along the span of both blades presents a similar trend 
as expressed by the deviation coefficient reported in Table  9, except 
for the mean value which is due to a different metal angle as stated 
in Table  8. The pitch angle 𝛿2 presents slightly larger fluctuations in 
the endwalls for CGA blade, the same trend is confirmed by the total 
pressure. This might explain the enhancement of the damping factor 
for the CGA blade as stated in Table  8. The outlet Mach 𝑀𝑎2 number 
distribution presents a similar trend for both configurations.
11 
Summarizing, CPSO and CGA configurations presents similar trends 
regarding the cycle average stator efficiency, the exit angle and pres-
sure losses, as showed in Table  9. The pressure outlet signal is attenu-
ated in the CPSO blade, which is enhanced in the CGA, for this reason 
the CPSO blade represents the more suitable configuration to ingest the 
synthetic boundary conditions.

6. Conclusions

The activity focused on the optimization of a HPT vane and diffusive 
endwall profiles with the goal to ingest a RDC flow at Ma ≃ 0.6. 
The vane and endwall were parameterized using splines and modified 
by changing the position of the control points. The design space was 
explored through the LHS technique, for a total of 885 configurations 
that were analyzed with RANS CFD calculation.

CNN were trained in order to predict the vane efficiency for a given 
design point, directly relying on a black and white the image of the 
endwall and the vane. The CNN proved to be an efficient and reliable 
tool to estimate the vane efficiency, giving an 𝑅2 score over 0.96 
for validation and test. Two different nature-inspired algorithms were 
implemented to train the CNN and find the parameters that maximizes 
the vane efficiency. Both methods gave the same results in term of vane 
efficiency with different geometrical parameters.

The two optimized configuration and the one optimized through 
a DNN are studied by means of a URANS analysis, imposing realistic 
RDC outlet boundary conditions that reproduce oscillations in total 
pressure, total temperature and inlet flow angle. The three configura-
tions provided similar results in terms of cycle average efficiency, loss 
deviation coefficient, and total pressure losses, but only the CPSO blade 
and endwall provided an attenuation of the total pressure signal in the 
outlet of the vane, proving to be the most suitable configuration to face 
a RDC outlet flow field.

Future works could focus on extending this optimization strategy to 
either different vane profiles or different combustor outlet conditions, 
including the new inlet boundary conditions in the DOE phase, allowing 
to the CNN architecture to be more general.
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