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Abstract

Genetic algorithms are a powerful optimisation technique for the design of com-
plex engineering systems. Although computing power continuously grows, meth-
ods purely based on expensive numerical simulations are still challenging for the
optimisation of aerodynamic components at an early stage of the design process.
For this reason, response surface models are typically employed as a driver of the
genetic algorithm. This reduces considerably the total overhead computational
cost but at the expense of an inherent prediction uncertainty. Aero-engine na-
celle design is a complex multi-objective optimisation problem due to the nonlin-
earity of transonic flow aerodynamics. This research develops a new framework,
that combines surrogate modelling and numerical simulations, for the multi-
objective optimisation of aero-engine nacelles. The method initially employs
numerical simulations to guide the genetic algorithm through generations and
uses a combination of higher fidelity results along with evolving surrogate mod-
els to identify a set of optimum designs. This new approach has been applied to
the multi-objective optimisation of civil aero-engines which are representative of
future turbofan configurations. Compared to the conventional CFD in-the-loop
optimisation method, the proposed algorithm successfully identified the same
set of optimum nacelle designs at a 25% reduction in the computational cost.

Within the context of preliminary design, the method meets the typical 5%
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acceptability criterion with a 65% reduction in computational cost.
Keywords: Optimisation, surrogate model, Nacelle, aerodynamics,

aero-engine.

Nomenclature

Roman Symbols

R Correlation matrix

A Area

Cp—_cruise Nacelle drag evaluated at cruise point

Cp—spin Nacelle drag evaluated between end of cruise and mid cruise

D Drag

f Non-dimensional factor
h Altitude

L Length

M Mach Number

Npearson Pearson’s product moment of correlation

P Pressure
R Correlation function
r Radius
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Vv

X

VA

Velocity

Abscissa

Stochastic process

Greek Symbols

B

B

Ok

Boat-tail angle

vector of regression coefficients
Density

root mean square error

correlation parameter

Superscripts and Subscripts

00 Freestream

DR  Drag Rise

hi Highlight

if Initial Forebody
mazr  Maximum radius
nac  Nacelle

TE Trailing Edge
Acronyms

AM  Adaptive Method

CFD Computational Fluid Dynamics



CST  Class Shape Transformation
DSE Design Space Exploration
GA  Genetic Algorithm

GPR Gaussian Process Regression
LHS Latin Hypercube Sampling
MFCR Mass Flow Capture Ratio
MOO Multi-objective optimisation
PF Pareto Front

RANS Reynolds Averaged Navier Stokes
RSM  Response Surface Model
SST  Shear Stress Transport

™ Traditional Method

1. Introduction

Aerodynamic shape optimisation has become an indispensable method to
meet the recent aerospace performance targets established by the Advisory
Council for Aviation Research and Innovation in Europe (ACARE) in Flightpath
2050 [1], and by NASA [2]. For example, relative to year-2000 aircraft, Flight-
path 2050 aims for reductions of 75% in fuel-burn, 65% in perceived noise, and
80% in landing/take-off NOx emissions. To achieve these challenges, novel and
innovative frameworks for the optimisation of multidimensional aerodynamic
problems, which include numerical simulations, surrogate modelling, advance

shape parametrisation and adequate optimisation routines, are being developed



[3]. Concerning aero-engine nacelle design, it is envisaged that future aero-
engines will operate at higher bypass ratio (BPR) [4] and lower fan pressure
ratio (FPR) [5] to reduce the engine specific fuel consumption (SFC) and to im-
prove its propulsive efficiency. These new architectures will have larger engine
diameters, which results in an increase of the nacelle weight, overall aircraft drag
and interaction effects with the airframe [6]. Thus, there is a need to develop
methods for the design of compact nacelles that do not counteract the efficiency
gained from the reduction of the specific thrust [7].

Although computing power continuously grows, methods based on expensive
numerical simulations are still not always suitable for complex aerodynamic op-
timisation due to the associated large computational overhead cost. For this
reason, the popularity of response surface models (RSM) has grown in recent
years [8, 9]. Nevertheless, there are still many engineering applications for which
the non-linear characteristics present particular difficulties for low-order mod-
els. Several methods have been used to model transonic flow aerodynamics such
as polynomial response surfaces [10], radial basis functions [11] or neural net-
works [12]. For aircraft optimisation applications, the Kriging method [13] has
been demonstrated to be useful for complex design spaces [14, 15, 16].

Within an optimisation framework, Genetic Algorithms (GAs) are known to
be suitable for complex multi-objective optimisation (MOO) problems due to
its global convergence characteristics [17]. A key aspect is to enable a tractable
investigation and efficient coverage of the design space. In this respect, a ro-
bust and sufficiently flexible parametric representation of the aero-geometry is
required to carry out the associated shape manipulations. A comprehensive re-
view of different parameterizations for aerodynamic shapes was carried out by
Masters et al. [18], who concluded that the Class Shape Transformation (CST)

method had an acceptable coverage of the investigated aerofoil design space.



1.1. Aerodynamic Nacelle design

Nacelle design is a multi-disciplinary process in which geometrical constraints
and aerodynamic requirements need to be fulfilled [19]. Designers usually set
the nacelle length (L,..) and maximum nacelle radius (r,,q) (Figure 1) to en-
sure space for other engine sub-systems such as the thrust reverser. Besides, the
nacelle trailing edge location (r4.) is selected to meet the engine nozzle require-
ments and to reduce adverse effects due to the installation on to the airframe.
Nacelles need to perform adequately across the range of operating conditions
that are met during the aircraft mission. This highlights the suitability of nacelle
design by multi-objective optimisation (MOO). Within the cruise segment, one
of the main performance metrics of interest is the nacelle drag at mid-cruise con-
ditions (C'p_cruise), which is minimized to reduce the overall fuel consumption.
The value at which the nacelle drag, as a function of freestream Mach num-
ber (M) at a constant mass-flow capture ratio (M FCR), increases sharply
is defined as drag rise Mach number (Mpg). This performance metric is typi-
cally maximised and to provide operational flexibility a margin of 0.02 between
cruise Mach number and drag rise Mach number is targeted to ensure that an
increase of M., does not have an adverse impact on the nacelle performance
[20]. Lastly, the variation in nacelle drag as the mass flow capture ratio reduces
during the aircraft cruise mission is defined as spillage drag (Cp—_spiu) [21] and
is also minimized.

There are very few investigations in the open literature concerning nacelle
design by means of surrogate modelling. Robinson et al. [23] developed a
Response Surface Model (RSM) using a Gaussian Process Regression (Kriging
interpolation) as a driver for the GA. The influence of the initial sample, as well
as the number of individuals for the subsequent generations, was investigated.

The potential benefit from using a larger initial generation and reduced overall



Figure 1: Nacelle geometry parametrisation (based on [22])

generations was demonstrated. Song and Keane [16] carried out the shape opti-
misation of a civil aircraft engine nacelle in transonic conditions (M, = 0.85).
A Kriging-based surrogate model containing 33 design variables was employed
to drive the genetic algorithm to a set of optimum nacelle designs. The Krig-
ing model was updated using the CFD results of the Pareto front points and
the process was looped until the solution converged or the computational bud-
get was exhausted. The authors reported the difficulties to obtain a converged
Pareto front due to the Kriging model accuracy. A hybrid genetic algorithm
that combined a Kriging surrogate model and RANS numerical simulations for
the aerodynamic optimisation of a transonic nacelle (Ms, = 0.80) was carried
out by Fang et al. [24]. The initial design space exploration and subsequent gen-
erations were formed by 32 nacelle designs in which about 5% of the individuals
were evaluated with the Kriging response method. The accuracy of the meta-
model was improved by updating the model with additional CFD data through
generations. This strategy was applied to optimise the cruise drag (Cp_cruise)
of an axisymmetric short nacelle (Lyqc/rhi = 3.32) by 1.5 aircraft drag counts
with respect to a baseline design. Sasaki et al. [25] performed the aerodynamic

optimisation of a nacelle for an over-wing mounted engine. Within this study,



the nacelle position, nacelle shape and wing shape were optimised using a hy-
brid genetic algorithm that combined a Kriging model and Euler CFD solutions.
The investigation was based on the DLR-F6 airframe at a flight Mach number
of M, = 0.70. Relative to a baseline configuration with aircraft L/D = 25.0, an
optimum design with an improvement of 38% was found (L/D = 34.5). Zhong
and Li [26, 27] also used a hybrid approach which combined a Kriging surface
model and RANS CFD simulations to maximize the delay of boundary layer
transition for a nacelle at transonic conditions (Ms = 0.78). Following this
strategy, a new nacelle design with 7% larger area of laminar flow with respect

to a baseline case was designed.

1.2. Scope of the present work

Within the aforementioned context, there is a clear need to employ low order
models for the multi-objective optimisation of compact nacelle aero-engines at
an early stage of the design process. This paper aims to develop a new method
based on a Design Space Exploration (DSE) combined with an adaptive surro-
gate model for the multi-objective optimisation of compact nacelles for future
aero-engines. The tool includes a set of geometry definitions using intuitive
Class Shape Transformations (CST) [28, 29| for the representation of the in-
take, nacelle and exhaust, a multi-block structured automatic mesh generation
tool [30], computation of the viscous compressible flow-field [31], extraction of
the nacelle performance metrics of interest, surrogate modeling [13] and a ge-
netic algorithm procedure [17].

A thorough investigation of meta~-models predictive accuracy within an op-
timisation environment for the complex nonlinear transonic flow aerodynamics
associated to nacelles is not available in the open literature. For this work
two different strategies are considered to structure response surface models: (a)

traditional design space exploration and (b) developed adaptive method. The



influence of the RSM sample size in the prediction uncertainty has been quan-
tified. Besides, the results are used to derive guidelines for the multi-objective

optimisation of civil aero-engines with meta-models.

2. Methods and scope

The present work expands the capability of the computational framework
developed by Tejero et al. [22] for the multi-objective optimisation of nacelle
aero-lines within the new design space for future aero-engines. The framework
was previously demonstrated to capture nacelle design sensitivities for differ-
ent nacelle length, trailing edge radii as well as operating conditions. Due to
the inherent non-linearity of transonic flow aerodynamics associated with aero-
engines, there was a noticeable computational cost associated with the large
number of CFD simulations required to find a set of optimal solutions. For
example, the MOO optimisation routine was typically carried out with the es-
tablished method of an initial design space exploration of 400 samples and 30
subsequent generations of 50 evaluations each [23, 22|, in which every nacelle
design was evaluated by means of numerical simulations for a range of aerody-
namic operating conditions.

Within this work, the framework has been extended to accommodate the
capabilities for a more computationally efficient optimisation strategy based
on Design of Experiments (DOE), Response Surface Model (RSM) and a Ge-
netic Algorithm (GA). Multi-objective optimisation based on RSMs is a well-
established method [15, 32, 33]. Usually, the optimisation strategy is initialized
with a comprehensive design space exploration based on an isotropic sampling
such as the Latin Hypercube Sampling (LHS) [34, 35]. Then, a surrogate model
is built from the DOE and used to drive the GA during the optimisation pro-

cess. This method is referred in this work as traditional method or TM. The



approach has been employed successfully for the optimisation of nozzle exhaust
aerodynamic shapes [15], rotorcraft missions [32] and aircraft wings [33]. Nev-
ertheless, its application to the non-linear multi-objective optimisation problem
of nacelle design is limited due to the inherent difficulties to build an accurate
response surface model.

This current work develops a MOO strategy based on adaptive surrogate
modelling, referred in the next sections as adaptive method or AM. The frame-
work employes CFD simulations to carry out the design space exploration as
well as to evaluate the nacelle designs in a fixed number of subsequent gener-
ations. Then, all CFD data is used to generate a RSM to guide the GA until
reaching convergence to the Pareto front. Following this approach, the GA is
guided to the regions of the design space where optimum designs are located
because the first generations are carried out by means of numerical simulations.
In addition, the surrogate model has more CFD data in the areas of interest
which increases the meta-model accuracy and, therefore, of the predicted Pareto

front.

2.1. Nacelle parametric design

A robust and flexible parametric representation of the nacelle aero-lines is
required to investigate the aerodynamic performance of compact nacelles. The
method should be suitable to cover efficiently all the design space, while keep-
ing the number of design variables to a minimum. Within the context of this
work, this is an important aspect for the present DOE approach coupled with
a surrogate model and genetic algorithm due to the inherent difficulties to fit
accurate structured RSM models in high dimensional problems [16].

The developed framework incorporates a parametric geometry definition of
the main aero-engine installation components, such as nacelle, intake and ex-

haust system, based on Class-Shape Transformations (CST) [28]. The original
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method described by Kulfan has been adapted to employ intuitive design vari-
ables as presented by Christie et al. [29]. Although nacelles are designed as a
combination of axisymmetric aero-lines to define a 3D geometry, the key step
in the design process lies in the design of each aero-line. For the present work,
eight design variables are employed in the parametric geometry definition of a
single nacelle aero-line, i.e. ¢, Thi, Lnacs fmazs Tmazs Tif> Bnac and y; (Figure
1) and a detailed description of the fan cowl parametrisation has been reported

by Tejero et al. [22].

2.2. Computational method

The compressible steady Favre-averaged Navier-Stokes equations were solved
with a compressible, implicit, density-based solver [31]. A second-order accurate
upwind spatial discretization with the Green-Gauss node based scheme was used
for the computation of the flow-field gradients. Sutherland’s law was employed
for the calculation of the dynamic viscosity. The CFD simulations were carried
out with the k —w SST turbulence closure [36].

The freestream conditions were specified using a pressure far-field boundary
condition by setting static pressure P, static temperature Ty; and Mach num-
ber M,. The computational domain includes the engine intake to account for
the effect of mass flow capture ratio (MFCR) on the nacelle pressure distribu-
tion which is controlled by a pressure-outlet and fixes the mass-flow through the
engine. The inlet conditions to the bypass and core nozzle ducts were prescribed
using P, and T;. To minimise exhaust interference on the nacelle drag the P,
and T; was set to provide a nominally isentropic expansion.

Previous work established the mesh independence requirements for the de-
sign of axisymmetric nacelle aerolines [37]. For the multi-block structured mesh
a grid convergence index (GCI) [38] of 1% for nacelle drag was determined based

on meshes of 10,000, 20,000 and 40,000 cells. Therefore, the current work used
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Figure 2: Mesh close-up near the engine surfaces

the 20,000 cells mesh. A domain sensitivity study for four different domain
sizes (407maz, 607 maz; 80Tmazs 1007,,4,) demonstrated that the changes on
CD—eruise were on the order of 0.1% for the chosen 8074, domain size. Figure
2 presents a close-up near the engine surfaces for the mesh employed throughout
this study. The accuracy of the numerical approach was tested against publicly
available configurations [39]. The experimental data collected a wide range of
aerodynamic points, changing the Mach number from 0.65 to 0.95 and MFCR
from 0.40 to 0.60. For this range of operating conditions, the predicted nacelle
drag was typically within 3.5% of the experimental data and the CFD accuracy

for drag rise divergence (Mpg) was within 0.005 [37].

2.3. Surrogate modelling

Within this work, each nacelle design analysed by means of numerical simu-
lation was used as input to build the surrogate models. An interpolation model
was employed with a Gaussian Process Regression (GPR) based on the ordi-
nary Kriging interpolation method [13] with a quadratic regression function and
an absolute exponential auto-correlation. The Kriging model approximates a
function, y(x), that can be expressed as a linear combination of f(z), a polyno-
mial approximation of z, and a stochastic process with zero mean and standard

deviation, Z(z) (Eq. 1) [13]:
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y(a) = fz) + Z(x) (1)

For the purpose of this work, f(x) is defined as a linear combination of
polynomials of second order, fi(z), i.e. quadratic regression function, as defined

in Eq. 2.

f@) =Y Brfr(x) (2)
k=1

where 3 is the p-dimensional vector of regression coefficients.

On the other hand, while f(x) globally approximates the design space, the
stochastic process, Z(x), creates localized deviations so that the Kriging model
interpolates the Ns sampled data points [40]. The covariance matrix of Z(x) is

defined by Eq. 3 [40]:

Cov[Z(z"), Z(27)] = o®R(R(2",27)) (3)

where R is the correlation matrix and R(x?,27) is the correlation function
between the ¢ and j points of the N, sampled data points. For this work,

R(z*,27) is defined as the Gaussian correlation function given by Eq. 4 [40]:

ndg
R(xi,xj) = exp{Z@sz — xiﬁ] (4)

k=1

where ng refers to the number of design variables, 6 is an unknown corre-
lation parameter that needs to be calculated to be fitted in the model and z?
and 27, are the k-th component of the * and 27 sample points [40].

The Kriging predictions, ¢, which are estimations of the response surface

model y(z), are given by the Eq. 5:
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j=B+r"@R "y 1) (3)

where y is the column vector of length Ny that contains the sample values

of the response, f is the unity column vector of length Ny when f(z) is taken

as a constant, and r7(z) is a vector in function of the correlation function of
the Ny data samples.

The unknown variable B in Eq. 5 can be estimated by Eq. 6

B=("RHTRy (6)

To close this system of non-linear equations, the unknown parameter 6y is

calculated by maximizing the Eq. 7:

maz(0;) = —[Nin(6* + In|R|]/2 (7)

The Leave-One-Out (LOO) cross-validation [41] was employed to assess the
predictive accuracy of the structured RSMs. It is a k-fold method in which &
is equal to the number of data samples. Within the context of this work, the
response surface models are built with a Gaussian process regression based on
the Kriging interpolation method. Although the model provides the mean value
of the Gaussian distribution as well as the standard deviation, only the mean
value is considered for the nacelle drag prediction throughout this investigation.
Therefore, the procedure for the LOO cross-validation and the nacelle drag pre-
dictions are equivalent. Although the Gaussian Process probabilistically takes
into account the uncertainty of the model, its accuracy was not assessed with
a Bayesian-based method [42] because the uncertainty is not considered during
the optimisation process. During the present LOO cross-validation, the ob-

tained surrogate model predictions are correlated against the respective data
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points in terms of Pearson’s product moment of correlation [43] along with the
gradient of the associated linear regression line to assess the predictive accuracy

of the response surface model.

2.4. Genetic Algorithm

The non-dominated sorting genetic algorithm (NSGA-II), proposed origi-
nally by Deb [17], has been used in this work due to its proven capabilities for
global optimisitation in flow aerodynamic applications [22]. The investigation
was carried out with a Gaussian mutation operation and a mutation rate of
0.2, which is inversely proportional to the number of nacelle design variables as
suggested by Deb [44]. Previous investigations for compact nacelle design opti-
misation have demonstrated the sensitivity of the mutation standard deviation
size (0.,) on the Pareto front convergence [45, 23]. This study concluded that
0m = 0.0005 ensured the best compromise for a fast convergence to the Pareto
front solution at a reduced risk of being trapped in a local optima. Therefore,
the same value has been used throughout this investigation. The crossover used
the BLX-« operator with a = 0.5, as suggested by Eshelman and Schaffer [46],
which results in an even split between the two parent designs and has been
proven to outperform other values of o in a wide range of benchmark functions
[46]. The initial seed was set to 400, with 50 individuals in following genera-
tions and a total number of 30 generations. The selection of these parameters
for nacelle multi-objective optimisation is based on a statistical investigation
where the initial seed and sample size was investigated in which it was con-
cluded that the selected settings improve the convergence to the Pareto optimal
set [23]. The convergence of the Pareto front solution was assessed by calcu-
lating the hypervolume through generations [47]. For the current investigation,
the changes in the hypervolume was below 1% for the last 3 generations, which

ensured the convergence to the Pareto front.
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Three nacelle performance metrics were employed as objective functions for
the present optimisation routine. The nacelle cruise drag (Cp—cruise, Eq. 8)
was calculated following the drag extraction method described by Christie et al.
[29]. The sensitivity of the nacelle to Mach number was evaluated by the change
in nacelle drag (ACp—_rach , Eq. 9) at cruise Mach number (M,.; = M) and
an increased conditions of Mgejrqa= Myep+0.02. The third performance metric
was the spillage drag (Cp—spini , Eq. 10) which is defined as the change of nacelle
drag due to the change in MFCR between a typical end-of-cruise and mid-cruise

conditions.

C Dnac
D—cruise = T w9 1
§pooVTefAhi

Dnac,M:Mde;,m - Dnac,M:Mref
1 2
2P0Vt Ani

ACp_mach =

Diac,MFCRoryise — Prac,MFCREoc
1 2
5Po0 V;nef Api

Cp—spitl = (10)

3. Results and analysis

The design of compact nacelles for future aero-engines is a well-posed prob-
lem for multi-objective optimisation due to the range of operating conditions
that are met throughout the aircraft mission. This section describes three dif-
ferent strategies for the identification of the Pareto front (a) purely based on
numerical simulations, (b) surrogate model constructed with a single design
space exploration and (c) the proposed adaptive hybrid response surface model-
ing approach. To investigate the applicability of each MOO strategy, a compact
civil aero-engine with Lyq./rr; = 3.0 and r4./rp; = 1.0 has been selected. This

compact nacelle configuration is not in a conventional part of the design space
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and previous work [22] highlighted the non-linear characteristics of the design
space associated with the transonic flow-field. In that context, it is a challeng-
ing design to test the proposed new MOQO approach. The first MOO strategy,
i.e. CFD in-the-loop, is employed as the baseline of the optimisation process
and the Pareto front is used for comparison purposes with the other algorithms.
The influence of the initial DOE sampling on the Pareto front prediction has
been investigated with the method based on a design space exploration. Five
independent LHS were carried out with a total computational overhead cost of
20%, 35%, 50%, 62% and 75% with respect to the CFD in-the-loop method (TM
in Table 1). Lastly, four different models with the proposed adaptive hybrid re-
sponse surface modeling approach were developed with an overall computational
cost of 35%, 50%, 62% and 75% with respect to the CFD in-the-loop strategy
(AM in Table 1).

For this study, the operating conditions at mid-cruise were set to a flight
Mach number of M., = 0.85, MFCR = 0.70 and h =10668m, which is repre-
sentative of expected conditions for future aero-engines. The end-of-cruise was
set to My, = 0.85, MFCR = 0.65 and h =10668m. During the multi-objective
optimisation process, the design variables rs, ry; and Ly,. are constant while
the remaining five parametric design variables (fiazs Tmazs Tifs Bnac and y;;)
are variable. The lower and upper bound of these five parameters were set to

avoid non-monotic curvature distributions on the nacelle geometries (Table 2).

3.1. Nacelle Multi-Objective Optimisation based on the full CFD in-the-loop
method

The non-linearity of the nacelle aerodynamic design of this engine configu-

ration is highlighted in the three-dimensional Pareto surface of Figure 3a. This

Pareto front has been obtained with the conventional method of the CFD in-the-

loop process that requires large computational resources but provides a higher
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Table 1: Summary of the cases considered for the nacelle aero-line multi-objective optimisation

Method for LHS seed CFD gen. CFD des./gen.  RSM gen. RSM des./gen.
MOO Nseed Ngen Ng Ngen—RSM Ns—RSM Total CFD cost
CFD 400 30 50 - - 5550
™1 400 - - 30 50 1200
TM2 650 - - 30 50 1950
T™3 900 - - 30 50 2700
TM4 1150 - - 30 50 3450
TM5 1400 - - 30 50 4200
AM2 400 5} 50 30 50 1950
AM3 400 10 50 30 50 2700
AM4 400 15 50 30 50 3450
AM5 400 20 50 30 50 4200

Table 2: Design variable bounds for the MOO of compact nacelles

Parameter Upper bound Lower bound

Frao ] 0.25 0.5
Tmaz/Thi|—) 1.1 1.3
fir -] 0.6 1.4
Yrg/Thil—] -0.1 0.0
Bracl] 11 14

fidelity on the nacelle drag estimation than other conventional reduced order
methods. The projection of the Pareto surface is represented in the Cp_cryise
- ACp—nach space, and colored by Cp_gpi, where the dominated and non-
dominated solutions are marked with "+" and "o", respectively. Through the
optimisation process the nacelle cruise drag was reduced by 4.7%, varying from
Cp—cruise = 0.0300 for the best nacelle identified in the initial design of experi-
ments to Cp_cruise = 0.0284 at the end of the optimisation process. The Pareto
surface clearly highlights some of the classical aspects of transonic nacelle de-
sign with trade-offs between cruise drag and off-design performance in terms of
sensitivity to Mach number and spillage.

For example, the performance metrics for the individuals with the lowest

18



Cp—cruise; ACp_prach and Cp_gpin (Al, A2, A3, respectively in Figure 3a)
are summarized in the Table 3. Relative to A1, which has the lowest cruise
drag (Cp—_cruise = 0.0284), A2 has ACp_prach, = 0 but at the expense of a
22% increase in Cp_¢ruise- On the other hand, A3 can achieve effectively no
spillage drag (Cp—spiz = 0) but with a 6.7% increase in cruise drag and a large
concomitant ACp_praen = 0.0182.

The main advantage of this MOO approach, based on higher fidelity numeri-
cal simulations, is that the integral values of the nacelle drag characteristics, i.e.
Cp—cruises ACp—mach, Cpo—spiil, as well as the lift distribution along the fan
cowl are available within the framework without any extra computational effort.
For instance, Figure 3b presents the isentropic Mach number distributions at
cruise conditions for the nacelle designs A1, A2 and A3. While A1 presents the
largest peak Mach number M;; = 1.35, the A2 and A3 designs exhibit a lower
acceleration over the lip with a maximum M;, of 1.28 and 1.21, respectively.
Downstream of the peak suction location there are also noticeable differences
in the lift distributions for these designs (Figure 3b). Al has a smooth and
monotonic reduction of M;s with a weak shock wave at /L. = 0.37 and the
designs A2 and A3 present a well defined and strong shock topology. The nacelle
A2, which has the lowest ACp_prach, presents a double shock wave that has
associated large shock losses and results in a large Cp_cryise = 0.0345. This
nacelle has a first pre-shock Mg of 1.17 at x/L,4. = 0.31, located upstream
of the maximum nacelle thickness. Then, the flow accelerates along the na-
celle afterbody resulting in a second strong shock with pre-shock M;s of 1.23 at
% /Lpq. = 0.66. The sample A2 is not considered as a likely design as the cruise
drag penalty is too large (Table 3) and the M;, distribution too severe (Figure
3b). On the other hand, the A3 design, which is the least sensitive to MFCR

with a Cp_spin = 0, presents a well defined normal shock with a pre-shock M;

19



Table 3: Performance metrics for selected nacelle designs

CD—cruise AC(D—JV[(J,ch CD—spill

Nacelle A1 0.0284 0.0059 0.0016
Nacelle A2 0.0345 ~0 0.0006
Nacelle A3 0.0303 0.0182 ~ 0

of 1.14 at /L4 = 0.57. All three configurations present notable differences on
the nacelle aero-line geometries (Figure 3c). While the sample A1 is the most
compact design, A2 presents the largest 7,4, /7hi. For the selected designs, the
forebody length ratio varies from fiq. = 0.38 to 0.44 and the boat-tail angle
has a similar value. The initial forebody radius (r;;) reduces with 7z /rp; in
order to meet the nacelle end points. It increases the external lip curvature
which results in a larger acceleration over the nacelle lip. As such, the most
compact nacelle A1 present the largest peak Mach number M;; = 1.35.

This case of MOO for transonic nacelle design demonstrates that the CFD
in-the-loop optimisation can be successfully used to identify the Pareto surface
of a compact aero-engine configuration. This example required 30 optimisation
generations and a total of 1850 nacelle design evaluations by means of CFD for
the optimisation of a single axisymmetric nacelle aero-line with specific L,,q¢/7hi
= 3.0 and 7. /rp; — 1.0. Overall, 5550 CFD simulations were carried out dur-
ing the optimisation routine to evaluate each nacelle design at cruise conditions
(Cp—cruise) and at two off-design conditions (ACp_arecn, and Cp_gpini). Con-
sequently there is a desire to reduce the computational effort, while retaining

the optimisation performance.

3.2. Nacelle Multi-Objective Optimisation by surrogate modelling based on the
LHS DOE method

The framework has been adapted to use a more computationally efficient

strategy for nacelle aero-line MOO based on surrogate modelling. This is a rel-
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atively conventional approach in which a design space exploration is carried out
with an isotropic Latin Hypercube Sampling (LHS) [34, 35]. All the samples are
employed to generate a meta-model for the prediction of the nacelle drag, which
then drives the GA to a set of optimum designs. This approach reduces the
considerable overhead cost of the multiple CFD evaluations required through-
out the optimisation process. A thorough investigation of the influence of DOE
sampling size on the Pareto front prediction is assessed in this section.

Five independent LHS DOEs have been carried out with a total number
of 400, 650, 900, 1150 and 1400 nacelle designs, referred in the text as TMI,
TM2, TM3, TM4 and TM5, respectively (Table 1). Therefore, relative to the
conventional CFD in-the-loop method, the computational overhead cost of each
LHS DOE model is between 20% and 75% (Table 1). The performance metrics
for each design were calculated by means of numerical simulations and the results
were used to create five different RSMs using a Gaussian Process Regression
(GPR) based on a Kriging interpolation method [13]. For each independent
surrogate model, the Leave-One-Out (LOO) cross-validation [41] was employed
to assess the predictive accuracy of the structured RSMs in the three nacelle
performance metrics of interest, i.e. Cp_cruise, ACD—Mach, Co—spinr (Figure 4).
Based on the linear correlation coefficient (Npearson) [43], the computed quality
of the surrogate model with 400 data samples (TM1) was 0.956, 0.925 and 0.977
for Cp_cruise; ACDp—nach, Cp—spill, respectively. The root mean square error
of this model (o1 s), which is based on a Latin hypercube sampling, was 14.1%,
11.3% and 13.3% for the three metrics (Figure 4). Overall, the performance
of the TM1 surrogate model is unlikely to be acceptable for a nacelle design
process because it presents prediction errors above 10% [20]. A slight refinement
of the design space to build a meta-model with 650 samples (TM2) resulted in
orus of 9.4%, 7.8% and 8.9% for Cp_cruise;, ACD_nrach and Cp_gpi; with
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Figure 4: Linear correlation coefficient (solid line) and RMS error for the LOO cross-validation
(dashed line) of the TM models

Npearson > 0.96. As expected, the meta-model accuracy increases with the
overall computational cost (Figure 4). For example, the TM5 model, which
is built with a 75% computational cost with respect to the CFD in-the-loop
method, has opgg below 5% for the three performance metrics of interest.

A key aspect during a multi-objective optimisation by means of RSMs is
that the meta-model provides acceptable confidence in the predictive capability
as well as drives the GA to the same set of optimum designs as the traditional
CFD in-the-loop method. In this context, the five TM models built with the
LHS DOEs (Table 1) were employed to drive the NSGA-II genetic algorithm, as
described in Section 2.4, until the identification of five independent Pareto front
surfaces. Figure 5 shows the Pareto front obtained with each TM model and
the baseline from the CFD in-the-loop. Although the set of optimum nacelle
designs form a Pareto front surface (e.g. Figure 3a), the comparison is only

presented in the Cp_cruise - ACD_prach Space which allows for an easier iden-
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Figure 5: Pareto front comparison in the Cp_cryise - ACp_prach space for the TM models
and the baseline from the CFD in-the-loop method

tification of the projected Pareto front. This is also motivated by the fact that
all non-dominated configurations present a Cp_spiny < 0.1 - Cp_cryise, Which is
usually targeted during nacelle design. These results highlight the limitations
of this MOO approach, based on a reduced-order model, to identify the same
Pareto front as the traditional CFD in-the-loop method. To quantify the ex-
pected accuracy of the optimum nacelle designs, the Pareto optimal sets were
calculated by direct CFD simulations and compared with the prediction of the
meta-models. This allowed for a statistical computation of the accuracy of each
meta-model in the region of the Pareto optimal design space (orms pr)-

The structured RSM of the TM1 model identified a Pareto surface with an
overall standard error in cruise drag (Cp_cruise) Of orLms pr = 9.03% (Fig-
ure 6a), in which 25% of the optimum nacelle designs present an error in the
Cp_cruise prediction with respect to CFD above 10%. In addition, the meta-

model underpredicts the nacelle cruise drag for 98% of the optimal set, which is
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undesirable for a surrogate model in the early stage of the design process [20].
As the TM model is built with more nacelle design samples, the standard error
of the Pareto front consistently decreases. For example, the TM4 and TM5
meta-models, which has associated a 62% and 75% CFD cost with respect to
the CFD in-the-loop method, have opps pr = 2.94% and 2.2%, respectively
(Figures 6d and 6e). This confirms that the predictive accuracy of the struc-
tured RSMs can be improved by increasing the number of samples in the input
data, but an additional key aspect of a MOO by meta-models is to ensure a
similar convergence to a set of designs with respect to a higher fidelity method
as the CFD in-the-loop.

In this respect, a more detailed investigation of the nacelle design with the
lowest cruise drag identified with the TM1, TM2, TM3, TM4 and TM5 RSM
models, referred as B1, B2, B3, B4 and B5 respectively, was carried out (Table
4). Compared to direct CFD simulations, the TM1 surrogate model underpre-
dicts by -17.7% the Cp_cruise of the Bl nacelle design. This discrepancy is
a direct implication of the overall quality of this meta-model (Figure 4). The
B2 design, which is the minimum cruise drag found with the TM2 model, has
a -15.9% underprediction of Cp_¢ruise With respect to CFD simulations. This
highlights that acceptable surrogate models on the overall design domain can
still present large prediction errors in the regions where optimum nacelle de-
signs are concentrated (Figure 4). The other surrogate models, i.e. TM3, TM4
and TMS5, found optimum nacelles designs at cruise conditions in which the
difference with CFD simulations was below 10% (Table 4). The lift distribution
along the B1 - B5 fan cowls have been compared to the sample A1l (Figure
7) to assess if the MOO by meta-models was capable of identifying the same
nacelle design as the CFD in-the-loop method. While the A1 nacelle aero-line

has a smooth, monotonic reduction in M;,, the designs B1-B4 present a char-
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Table 4: Cross-validation of the optimum nacelle design in terms of Cp_yyise for the different
TM models

RSM prediction CFD result Difference |%]

Nacelle B1 0.0249 0.0302 -17.7
Nacelle B2 0.0251 0.0299 -15.9
Nacelle B3 0.0266 0.0284 -6.2
Nacelle B4 0.0273 0.0287 -5.0
Nacelle B5 0.0274 0.0286 -4.0

acteristically different flow topology with well-defined shocks. The sample B5,
which has associated the largest CFD overhead cost, still presents differences
with respect to the sample Al. It has a peak M, of 1.37 and a deceleration
of the flow that results in a shock-wave with pre-shock M;s of 1.10. After the
nacelle crown, both A1 and B5 aero-lines depict the same lift distribution.
Although it has been shown that the meta-model accuracy improves with
the overall CFD overhead cost (Figure 4), the traditional method of surrogate
modelling with a design space exploration was unable to drive the GA, at the
sample rates considered in this work, to the same A1l nacelle design, that was
obtained with the computationally expensive CFD in-the-loop approach (Figure
7). This highlights that new efficient MOO algorithms are required to overcome
the limitations of this conventional strategy based on a design space exploration.
The new proposed adaptive response surface modelling strategy is presented in
Section 3.3 where its prediction capabilities as well as a comparison with the

traditional methods are summarized.

3.3. Nacelle Multi-Objective Optimisation by surrogate modelling based on an

adaptive response surface model

As it is envisaged that the evolutionary algorithm drives the optimiser to
the regions were dominating individuals are located, a meta-model that con-

tains CFD samples from different generations will improve the quality of the
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low order model in the regions of interest. While there are different methods
that identify the regions of the design space with maximum predictions errors
to encourage exploration, e.g. CV-Voronoi [48], this approach might not be
suitable for surrogate-based nacelle optimisation. It may lead to extra CFD ef-
fort on parts on the design space that present large prediction uncertainties but
low nacelle performance. As such, it is only required that the meta-model has
an acceptable nacelle drag prediction in those non-optimal parts of the design
space [20]. Nevertheless, methods to encourage exploration [48, 49] could be
combined with the presented method to rapidly limit the feasible design space,
which is the main difficulty for nacelle optimisation applications [22]. The pro-
posed adaptive method is exploitative in nature and relies on the fact that the
genetic algorithm is initially guided to the optimal parts of the design space.
Within the context of this work, this is desirable as the GA was not found to

be trapped in local optimal designs. This is demonstrated in the current work
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when the set of optimal designs obtained from this surrogate-based optimisation
method is compared with the computationally expensive CFD in-the-loop ap-
proach. However, other applications might suffer this problem, which should be
addressed by implementing mechanisms to encourage exploitation of the design
space [50].

For the proposed adaptive method, four different surrogate models were
created using the Gaussian Process Regression (GPR) based on a Kriging inter-
polation method as described in Section 3.2. A CFD in-the-loop optimisation
with the well established method of a LHS containing 400 individuals and sub-
sequent generations of 50 evaluations each was employed [23]. Then, the CFD
data gathered until the 5%, 10", 15" and 20" generation was used to build 4
different surrogate models, referred in the text as AM2, AM3, AM4 and AM35,
respectively (Table 1). Subsequently, the meta-models were used to drive the
GA to a set of Pareto optimal solutions.

For comparison purposes with the previous MOO method based on a de-
sign space exploration (Section 3.2), the computational cost to create each AM
surrogate model is the same as to the equivalent TM (Table 1). Overall, both
methods have similar values of the Pearson’s index (Figures 4 and 8). The
root mean square error of the nacelle cruise drag reduces in the AM models
(cLHs+ca)- For example, while the TM2 presents a orgs = 9.4%, 7.8% and
8.9% for Cp_cruises ACD—rach and Cp_spi, for the same computational over-
head cost of the AM2 model, o1 gs+ca reduces slightly to 8.1% 7.2% and 7.7%,
respectively. The RMS error of the three performance metrics reduces with the
total overhead cost (Figure 8). For instance, the AM5 meta-model, which has a
75% computational cost of the CFD in-the-loop method, has a prediction error
on the overall design space of opgsiga = 1.8%, 1.6% and 2.0% for Cp_cryuises

ACp—_mach and Cp_spii, respectively. This is an improvement of about a factor
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Figure 8: Linear correlation coefficient (solid line) and RMS error for the LOO cross-validation
(dashed line) of the AM models

of two relative to the TM5 at the same computational cost.

Each meta-model built with this adaptive method, i.e. AM2-AMSJ5, was used
to drive the GA to a set of optimum nacelle aero-line designs. As previously,
the projected Pareto front in the Cp_cryise - ACD_arach Space was compared
against the baseline Pareto front from the CFD in-the-loop strategy (Figure
9). Compared to the Pareto fronts obtained with the TM models, at the same
computational cost the accuracy on the identification of the set of optimum
nacelle designs has been improved with the proposed AM approach. It is noted
that the Pareto front from the AM5 meta-model underpredicts the cruise drag
on the set of optimum nacelle designs by 0.5%. Therefore, it is demonstrated
that a set of similar nacelle designs can be obtained with a 25% reduction of the
total computational overhead cost with respect to the CFD in-the-loop strategy.

A cross-validation with numerical simulations was carried out to quantify

the accuracy of the AM meta-models in the Pareto front (orgs+ca,pr). The
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Figure 9: Pareto front comparison in the Cp_cryise - ACp—_prach Space for the AM models
and the baseline from the CFD in-the-loop method

AM2 model has a o gs+ga,pr = 2.61%, where less than 1% of the individuals
have a prediction error above 10% (Figure 10a). The AM3 structured RSM
reduces the standard deviation on the Pareto front to orgsica,pr = 1.73%,
where 98% of the nacelle design have a discrepancy on nacelle cruise drag below
5% (Figure 10b). As the surrogate model is built with more nacelle samples in
the regions of interest, i.e. AM4 and AMS5, the standard deviation o rsica,pF
on the Cp_cruise prediction reduces to 1.25% and 1.10%, respectively (Figures
10c and 10d). These results highlight that for the same computational cost of
the TM and AM methods, the proposed new strategy reduces by a factor of 2
the prediction error in the regions of the design space where the Pareto front
is located. Thus, prediction-wise this new adaptive approach outperforms the
widely employed surrogate model based on a design space exploration.

The nacelle designs with minimum cruise drag found with the AM2, AM3,
AM4 and AM5 meta-models, and referred in the text as C2, C3, C4 and C5,
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have been further investigated. A cross-validation with CFD confirmed that
the AM2 model found an aero-line design, C2, in which the Cp_¢pyise Was un-
derpredicted by -8.25% with respect to numerical simulations (Table 5). When
the developed framework was driven by the AM3, AM4 and AMJ5 surrogate
models, the GA found the C3, C4, C5 nacelle designs which had a nacelle drag
underprediction of -5.9%, -3.0% and -0.7%, respectively. This is a significant
improvement compared to the traditional method based on a design space expli-
cation, i.e. TM model, where the underprediction of the nacelle designs B2-B5
obtained with the TM2-TM5 was -15.9%, -6.2%, -5.0% and -3.9% (Table 4).
At this point, it is important to highlight that the B and C designs are the
lowest Cp_cruise predicted with their associated meta-models. Nevertheless,
this does not guarantee that those designs are the configurations with mini-
mum drag when evaluated with numerical simulations. As such, the lowest
nacelle drag, based on CFD, was found for the B3 design (Table 5). During
the cross-validation of the Pareto fronts presented in Figures 6 and 10, the
minimum CFD Cp_,.yise Of each surrogate-based optimisation was identified.
Although the TM3, TM5 and AM2-AM5 meta-models found a nacelle design
with minimum CFD Cp_ puise = 0.0283, there was a large difference on the
RSMs prediction uncertainty. For example, relative to the TM5 meta-model
with a 2.5% discrepancy between RSM prediction and CFD, the AM5 model
found a design with the same value of nacelle drag (Cp_cryise = 0.0283) with
only a 0.1% discrepancy between RSM and CFD.

The lift distribution of the C2-C5 designs was compared to the reference A1l
nacelle design found throughout the MOO based on the CFD in-the-loop strat-
egy (Figure 12). Although the C2-C4 configurations has different flow topology
than A1, the C5 aero-line has the same flow characteristics as A1 which confirms

the capabilities of the proposed optimisation method to obtain the same nacelle
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Table 5: Cross-validation of the optimum nacelle design in terms of Cp_yyise for the different

AM models (C2-C5 designs) and TM models (B1-B5 designs)

Cost relative

Model to CFD in-the-loop Design RSM prediction CFD result Difference [%]
AM2 35% C2 0.0270 0.0294 -8.3
AM3 50% C3 0.0273 0.0290 -5.9
AM4 62% C4 0.0280 0.0289 -3.0
AM5 75% Ch 0.0284 0.0286 -0.7
T™M1 20% B1 0.0249 0.0302 -17.7
TM2 35% B2 0.0251 0.0299 -15.9
TM3 50% B3 0.0266 0.0284 -6.2
TM4 62% B4 0.0273 0.0287 -5.0
TM5 75% B5 0.0274 0.0286 -4.0

design (Figure 12). It is acknowledged that genetic algorithms can converge

rapidly to optimal solutions, and subsequent generations might contribute to

only increase the Pareto front density. Within this work, the convergence of

the GA was based on a reduction of the hypervolume below 1% on the last

3 generations, independently of how the GA is driven, i.e. CFD or surrogate

model. It is important to highlight that despite the fast initial convergence that

GAs usually provide, the benefits obtained with the AM method are not related

to stopping the GA in a suboptimal set of solutions. Figure 11 demonstrates

that due to the high non-linearity associated with the transonic flow of compact

nacelles, the genetic algorithm requires several generations to identify optimal

solutions within the final Pareto front. It compares the Pareto fronts in the

OD—cruise -

ACD_prach space, for the last generations of the full CFD in-the-

loop approach (generation 30) and at the generations in which the surrogate

models AM2, AM3, AM4 and AMS5 were built, i.e. generations 5, 10, 15 and 20,

respectively. As such, it confirms that the cost reduction found with the AM

method appears from the utilization of a surrogate-based optimisation method.

A direct comparison of the statistical accuracy of the Pareto front obtained
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with surrogate models from the design space exploration and from the adaptive
method reveals the benefits on the prediction capabilities of the investigated
algorithm (Figure 13). For early stage design it is typical to accept a thresh-
old level of uncertainty in a trade-off with computational cost. Within aircraft
design some methods consider overall uncertainty levels in the order of 5-10%
as acceptable. Heidebrecht et al. [20] developed such a method for nacelle
preliminary design purposes which provides rapid assessments of nacelle drag
metrics as a function of flight Mach number, MFCR and typically eight geomet-
ric parameters for a 2D nacelle aeroline. The method uses a set of surrogate
models based on an a priori CFD DSE to cover the eight-dimensional space.
However, the method does not provide details of the nacelle aerodynamics or
Mach number distributions. Within the nacelle design process, once the early
preliminary design stage is complete, there is a need to increase the fidelity to
enable more detailed assessments of the aerodynamics as well as mechanical
loads. For example, for a 95% confidence level with a 20 of approximately 5%,
the conventional TM method provides a modest reduction of about 30% relative
to the CFD-in-the-loop approach (Figure 13). However, the new adaptive RSM
method provides a substantial improvement due to the accelerated convergence
to the desirable parts of the design space. It is more than twice as efficient as
the traditional surrogate modelling method and reduces the cost by about 65%
relative to the CFD-in-the-loop approach (Figure 13).

The number of CFD generations required for the design space exploration
is mainly related to the non-linearity of the problem, the degrees of freedom,
the details of the GA parameters and the challenges to build accurate surrogate
models. Consequently, it is difficult to know a priori the required number of
generations to build a sufficiently accurate, yet computational efficient, surro-

gate model. Previous investigations based on a CFD in-the-loop method for
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single aero-lines required 30 generations of 50 individuals each with an initial
design of experiments of 400 configurations [23, 22]. The thorough study carried
out with the proposed adaptive method has highlighted that a set of Pareto op-
timal solutions with an acceptable prediction uncertainty at a preliminary stage
of the design space can be obtained with only 5 CFD generations. On the other
hand, it has been found that 20 generations were required to derive to a set of
optimal solutions that were similar to the CFD in-the-loop approach based on a
hypervolume criteria of a reduction lower than 1% in the last three generations.

Within the context of nacelle design from surrogate-based optimisation, it
is usually preferred to overpredict the nacelle drag to establish a safety design
margin. Nevertheless, the majority of optimal nacelle designs derived from the
TM and AM models underpredict the cruise drag (Figures 6 and 10). Whilst
the current method does not introduce a mechanism for conservative predictions
[51], the thorough cross-validation with numerical simulations of the Pareto
front presented in Figure 13 allows a statistical assessment of the uncertainty of
optimal designs within the design space.

Although an evaluation of the drag characteristics is an important part of
the low-order and adaptive MOO, it is also vital that the methods identify the
same values of the geometric parameters as the higher fidelity approach. In
this respect, it is useful to compare the geometric parameters for the identified
Pareto optimal design sets. Figure 14 presents the box plot comparison of the
three MOO methods considered, i.e. CFD in-the-loop, RSM from a design space
exploration (TM5 model) and the proposed adaptive method (AM5 model), for
the pertinent design variables of fy,qz, "maxz/7Thi and fif, which have a first order
impact on the performance metrics [22]. Each box plots shows the median value
(horizontal red line), the upper and lower quartiles (horizontal blue line) and the

extreme values (horizontal black line), where the range has been normalised from
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Figure 13: Prediction uncertainty of the surrogate models on the Pareto optimal set. Com-
parison of surrogate modelling by the traditional design space exploration and the proposed
adaptive method

0 (lower design bound) to 1 (upper design bound). For example, while the CFD
in-the-loop and the proposed adaptive method have similar normalised median
value of frae = 0.63, Tmax/7hi = 0.61 and f;y = 0.40 as well as quartiles and
extreme values, the traditional MOO by surrogate modelling and DSE presents
a frmaz = 0.48. Tyap/rhi = 0.38, fiy = 0.13 and significantly different quartiles
and extreme values. This highlights that, with respect to the CFD in-the-
loop, a surrogate model built from the adaptive method drives the GA to the
same regions of the design space. As such, this algorithm constitutes a useful
approach for the multi-objective optimisation of non-linear problems by means

of surrogate modelling and numerical simulations.

4. Conclusions

Within this investigation, a new adaptive surrogate modelling has been

tested for the multi-objective optimisation of aero-engine nacelles. This re-

38



=
=]

{1
{4
{

I
N

Normalised design variable bounds

o

0
CFD in-the-loop ™ AM

(a) fmax

=
=]

o
®

o
o

N i

{i

Normalised design variable bounds

—_ -4 _
0.2
0.0
CFD in-the-loop ™ AM
(b) T7nam/rh'i
1.0
"
°
5 0.8
8T H
2@ | i
Q ' !
© ' !
0.6 ; '
>
c
2
14
804l
o
9 -
2 |
go02 ; ‘
S | |
= | I
H L "
0.0
CFD in-the-loop ™ AM

(c) fiy
Figure 14: Box plots for the main pertinent design variables. Comparison of the three MOO

strategies: CFD-in-the loop, surrogate modelling from a design exploration (TM5) and surro-
gate modelling with the proposed adaptive method (AMS5)
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search has highlighted the difficulties to build accurate meta-models to predict
non-linear transonic flow aerodynamics. As such, it was shown that a surrogate
model based on a traditional design space exploration has large prediction errors
in the regions of the design space where optimal geometries are located. The
new adaptive surrogate model can obtain optimum nacelle geometries with a
25% reduction in computational cost with respect to the well-established CFD
in-the-loop approach. Besides, the adaptive RSM strategy can determine a set
of optimal designs with an average prediction error below 5%, which is usually
targeted during preliminary nacelle design, at a 65% reduction with respect to
the standard CFD in-the-loop. Therefore, the developed method constitutes a
useful strategy for the multi-objective optimisation of problems with transonic
flow-fields, and computationally outperforms the current state of the art for

nacelle design by surrogate modelling.
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