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A R T I C L E I N F O A B S T R A C T

Communicated by Yongle Du The advantages of Multidisciplinary wing development are only gradually being exploited in an industrial level, 
largely halted by the inevitable design space complexity arising from the interacting disciplines and objective 
constraints. An industrial tool has to provide design space exploration early in the design process and be reliable 
enough to guide subsequent fine-tuning optimization studies. In this paper, we display how our methodology 
can be used in an industrially relevant constrained aerostructural problem described by the common research 
model and formulated by the asymmetric subspace optimization architecture. It uses multi fidelity analyses 
in a surrogate based optimization framework, offering more detailed information earlier in the design cycle. 
The results indicate efficient space exploration, particularly due to the system level dimensionality reduction 
associated with such a load balancing architecture.
1. Introduction

Over the past decades, the aerodynamic design of conventional con-

figurations has matured to a point where performance is currently 
reaching a plateau. With limited room for ground-breaking leaps, indus-

trial steps forward are the accumulative result of successive disciplinary 
improvements, typically involving a leading discipline dictating the 
rest of the design decisions and disciplines. However, under this ap-

proach the sub-systems’ and overall system’s performance is reduced. 
Improving interdisciplinary synergy is essential to break through this 
development plateau and configurations driven by global merit through 
parallel subsystems development prove superior. There is an abundance 
of Multidisciplinary Design Optimization (MDO) applications on wing 
design [1–7] showing how MDO is more efficient than aerodynamic 
based design due to inward loads shifting allowing for a lighter struc-

ture.

However, the development of multidisciplinary studies [8,9] raises 
further complexities in the optimization process, inherent to the disci-

plines and interdisciplinary communication. These can be split in two 
categories; introduced by the multidisciplinary analysis (MDA) or by 
the optimisation of the multidisciplinary (MD) systems. An example of 
interdisciplinary communication complication is found in an aerostruc-
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tural analysis which is a specific case of a fluid-structure interaction 
(FSI) problem. Typically, aerostructural optimization requires a form 
of MDA. During the analysis, direct exchange of information is de-

manded, namely pressure loads and structural displacements. Unless 
a single analysis code is used for both disciplines (fully coupled ap-

proach) the multidisciplinary analysis is split in two distinctive analysis 
codes (loosely coupled approach). Each one involves its own computa-

tional domain, resulting to a non-matching disciplinary interface that 
demands the use of an additional algorithm to properly distribute the 
quantities of interest between the grids. Typical examples of such al-

gorithms include the method of Brown [10] based on rigid links, the 
nearest neighbour interpolation (NNI) [11], Galerkin [12–14] and Ra-

dial Basis Function (RBF) functions for generating the interpolation 
models [15–17]. The grid nodes are essentially considered as “sets of 
point clouds”, no grid connectivity information is necessary and as such, 
the method can be used within any type of grids. The various methods 
available to tackle the mapping problem are briefly reviewed by Ren-

dall [18]. An extensive review is provided by Guruswamy [19] and de 
Boer et al. [20].

Another significant requirement arising by the MDA, is robust grid 
deformation. Relevant methods are categorized into structured and un-

structured depending on their target topology. Structured grids, typ-
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ically use the transfinite interpolation (TFI) [21] or any variation of 
the linear elasticity or algebraic family of methods [22], whereas con-

cepts — for multiblock grids — are provided by Soni [23] and extended 
by Jones and Samareh [24]. Unstructured grids methods might em-

ploy a physical concept analogy like linear [25] and torsional springs 
[26,27], or the heat conduction equation [28] to model the nodes’ 
movement [29]. Beckert and Wendland [17], De Boer et al. [30] and 
recently Abergo et al. [31], used an RBF based approach that does not 
require grid connectivity information and can be unified with the RBF 
based mapping technique to create a unified methodology for aeroe-

lastic [18] simulations. Mi et al. [32] used a variation of Free Form 
Deformation (FFD) for geometry and mesh deformation. An overview 
of grid deformation methods is provided by Samareh [33].

Increasing the number of disciplines increases the complexity and 
the cost of the optimization process as more variables are required to 
describe the problem. Furthermore, it introduces a more multimodal 
design space because of interdisciplinary interactions [34]. In popu-

lar approaches like the surrogate model optimization (SBO) which are 
used in a variety of applications [35–38], this cost increase is known 
as the ‘curse of dimensionality’. Alternatively, adjoint formulations do 
not suffer from this scalability problem as their computational cost is 
analogous to the number of objective functions instead. When used in 
MDO, typical practice involves a single objective (SO) incorporating 
multidisciplinary information — such as the Breguet equation [39] or a 
weighted function [40] — and structural considerations [41,42]. How-

ever, their local search character limits the multidisciplinary synergy 
benefits. To get the maximum from an MDO study, early stage explo-

ration is preferable to identify sets of promising and diverse trends. In 
such a stage there is scope for data driven models [43,44] to provide 
valuable information to guide optimization studies with reduced cost.

Clearly, there is a need for an MDO scheme to efficiently perform 
conceptual stage exploration, while offering reliable and mature design 
information feedback to the engineer. Multifidelity (MF) methods offer 
such traits and have been applied in a variety of design challenges [45], 
applications [46–50], on robustness [51] and stability [52]. However, 
there has not been extensive applications of MF and SBO methodolo-

gies on complicated Multiobjective (MO) multidisciplinary problems. 
The same can be said for the Asymmetric Subspace Optimization archi-

tecture [7] (ASO), which despite its benefits in aerostructural problems, 
has been mostly used in conjunction with low fidelity structural models.

To attack this gap, this work provides an industrially relevant MO 
application of the ASO architecture with higher fidelity of aerostruc-

tural analysis than most implementations. What makes this efficient in a 
conceptual context, is our novel MF methodology which is based on our 
modified Kriging and the Expected Improvement (EI) criterion. High fi-

delity (HF) information is brought earlier in the design stage without 
penalising the cost. Hence, this paper focuses on illustrating how we 
can tackle a complex design problem within ASO. For the Multidisci-

plinary Feasible (MDF) implementation see [53] and for details in our 
novel MO MF global optimization method see [54].

The wing used is the Common Research Model (CRM) [55], a model 
specifically developed to approximate the design and physical features 
of a typical conventional configuration transport wing. Before present-

ing the optimization problem formulation and the numerical setup 
of the aerodynamic and structural models, some fundamental consid-

erations on the wingbox structure elements are discussed. Section 2

overviews the optimization methodology and in section 3 the CRM 
model is described. The optimization problem formulation is presented 
in Section 4. The results are provided in Section 5 followed by the con-

clusions in Section 6.

2. Optimization methodology

The methodology employed consists of a multifidelity infill analy-

sis strategy, a modified metamodel so that multifidelity data can be 
2

used into a surrogate based optimization plan and an efficient multiob-
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jective optimizer. It acts as a blackbox optimization framework which 
can subsequently be introduced to any MDO architecture selected for 
a particular MDO problem. The following sections provide only a brief 
overview of the method, for more details see [54].

2.1. Multifidelity analyses

To keep computational cost to a minimum while providing reliable 
design information, we use our MF strategy [54]. An error surrogate 
𝑒(𝐱) is introduced, trained in design points where both HF and Low 
Fidelity (LF) results are available. Hence, any subsequent LF prediction 
𝑦𝐿𝐹 can be corrected using this simple superposition [56] scheme to 
approximate an HF result 𝑦𝐻𝐹 ,

𝑦𝐻𝐹 (𝐱) = 𝑦𝐿𝐹 (𝐱) + 𝑒(𝐱) (1)

2.2. Surrogate model

The unavailability of a both accurate and cheap multidisciplinary 
analysis forbids direct LF calls by a gradient free optimizer. Cost re-

duction demands SBO, with the optimizer actsing directly on a Kriging 
model built on a superposition of the LF/HF results - effectively a sim-

ple algebraic formulation. This HF objective function prediction mirrors 
eq. (1) and is defined by,

𝑦̂(𝐱) = 𝜇̂ +𝝍𝑇𝚿−𝟏(𝐲 − 𝟏) + 𝑒(𝐱) (2)

In the above, 𝜇̂ is an estimated mean value, 𝝍 and 𝚿 are the correla-

tion vector and matrix respectively [56]. This simple superposition acts 
as a mapping of the Kriging predictor, from an approximation of the 
LF space to that of the HF design space [57]. Therefore, in our novel 
Kriging implementation, HF points are interpolated whereas the model 
performs an ‘educated’ regression near the LF ones. To ensure space fill-

ing characteristics, the initial training data (TD) are generated through 
Latin Hypercub Sampling (LHS) and the Kriging hyperparameters are 
tuned using a ALPSO optimizer [58]. Despite the hypertuning costs, the 
accuracy benefit is high particularly in an exploration multidisciplinary 
optimization study of expensive analyses. Finally, if 𝑒(𝐱) is a smooth 
function — as in simple problems with accurate and robust LF tools — 
then RBF can be used to model it.

2.3. Surrogate based optimization modification to implement our Kriging 
approach

Our novel Kriging model implementation [54] not only improves 
the accuracy of the metamodeling approximation, but as a Gaussian ap-

proximation, it also allows the uncertainty estimation of the model itself 
[59,60] through the mean squared error (MSE). Combining the model 
prediction and its uncertainty allows the calculation of the EI [60], a 
metric expressing how much the function of interest is expected to im-

prove in each design point. It depends on the current minimum point 
𝑦min, the model prediction 𝑦̂, the uncertainty 𝑠̂ of the model itself, the 
cumulative distribution function Φ and the probability density function 
𝜙. The objective function of the SBO then becomes,

𝐸𝐼 = (𝑦min − 𝑦̂(𝐱))Φ
(𝑦min − 𝑦̂(𝐱)

𝑠̂(𝐱)

)
+ 𝑠̂(𝐱)𝜙

(𝑦min − 𝑦̂(𝐱)
𝑠̂(𝐱)

)
(3)

To recover HF information in the EI estimation, the MSE of the error 
correction model 𝑠2

𝑒
itself is also included. By superposition, the full 

MSE formulation is expressed:

𝑠2(𝐱) = 𝜎2
[
1 −𝝍𝑇𝚿−𝟏

𝝍 +
1 − 𝟏𝑇𝚿−𝟏

𝝍

𝟏𝑇𝚿−𝟏𝟏

]
+ 𝑠2

𝑒
(4)

where 𝜎2, 𝚿 and 𝝍 are the model variation, correlation matrix and vec-

tor respectively. Further details on the development of this MF Kriging 
correction (MF modKriging), are provided in Kontogiannis [54]. The op-
timization problem now reduces to maximizing the EI function during 
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the sub-optimization process. The introduced uncertainty information, 
gradually forces the method to unexplored regions, thus favouring a bal-

ance between pure local search and exploration — which is appropriate 
for the MDO conceptual design study considered in this work.

2.4. Multiobjective optimizer

The EI is a computationally cheap algebraic formulation allowing 
the use of a gradient free optimizer for the suboptimization process. 
Specifically, we apply our implementation of the Multiobjective Particle 
Swarm Optimization (MOPSO) [61,62] scheme that can efficiently pro-

vide a pareto front of new possible configurations. For a two-objectives 
optimization problem, the suboptimization process is formulated as,

𝐱𝟏∗,𝐱𝟐∗,⋯ ,𝐱𝐧∗ = arg
(
max
𝐱∈𝐷

(
𝐸𝐼1

)
𝑣𝑠 max

𝐱∈𝐷

(
𝐸𝐼2

))
(5)

Here, 𝑛 pareto front candidates are identified in the design space 𝐷. 
This multiobjective approach also offers the advantage of parallel infill 
sampling, favouring load balancing that compensates for any potential 
expenses due to the MO search.

2.5. MF infill sampling approach

The error surrogate model 𝑒(𝐱) is also exploited in the infill stage, 
acting as a filter to avoid non-essential computational costs; design 
space points with low predicted error are analysed with the LF tool. 
Nevertheless, to ensure the introduction of HF information and thus 
the improvement of the design space and error space estimation, HF 
analyses are still imposed in a predefined iteration frequency. The opti-

mization methodology is summarized in Fig. 1.

2.6. Constraints handling

Industrial applications demand understanding of the constraints and 
their handling methods, with both the final result and feasibility dur-

ing convergence being desired. This discussion focuses on inequality 
constraints, but equality constraints can be transformed into inequal-

ity ones using tolerance parameters. In our methodology, in addition 
to the objective function, surrogate models of the constraints are also 
generated. Constraint satisfaction is forced during the suboptimization 
process with one of two methods: A hard penalty approach, in which 
a design point’s EI value is set to zero if any of the constraint mod-

els predict a violation, steering the suboptimization towards feasible 
design space. Alternative forms of penalties are possible [56], but expe-

rience has showed that this approach is effective. The downside of this 
method is its dependency on the initial constraint surrogate accuracy. 
The second method is the feasibility approach, which requires a Krig-

ing surrogate for the constraint function. By using the constraint limit 
instead of the current minimum value in the probability of improve-

ment formulation, the probability of feasibility2 (PF) [56] is defined. 
The simple suboptimization problem from eq. (6) now takes the form,

𝐱∗ = arg
(
max
𝐱∈𝐷

𝑃𝐹 ×𝐸𝐼
)

(6)

For clarity a single objective case is presented here, but the con-

cept is similarly applied in the multiobjective suboptimization problem 
presented in eq. (5). Feasibility uses information from the MSE of the 
model itself, enforcing the sampling of unexplored regions, improving 
its global accuracy. It has proven to be robust and effective, however 
it increases costs due to additional Kriging models. For more details on 
the behaviour of these methods, the reader is referred to Kontogiannis 
et al. [57,54]. More discussion on their implementation in this work is 
provided in section 4.2.
3

2 Hereby, being simply called Feasibility for simplicity.
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Table 1

Physical conditions for CRM case.

Condition Value

Mach Number 0.85

Reynolds number 2𝑥107
Pressure 23842 Pa

Temperature 220 K

Table 2

CRM V.15 Wing characteristics.

Parameter Value

Span 52.64 𝑚
Projected Area 167.95 𝑚2

MAC 3.19 𝑚
Spars 2
Ribs 42
Range 17185 𝑘𝑚a

Wingbox Structural mass 31000 𝑘𝑔
a This range corresponds to the clean wing. The 

respective range of the full CRM configuration is 
13000 𝑘𝑚.

3. CRM configuration model details

The CRM wing is a generic benchmark configuration [55] represent-

ing a typical supercritical transonic wing found in a widebody commer-

cial transport aircraft. The geometrical and operational characteristics 
of the wing are shown in Table 1, 2. The model used in the present work 
is an up-scaling of the wind tunnel model, approximating real transport 
aircraft wing dimensions. Only the clean wing has been used in this 
study — the fuselage and engine nacelles have not been included in the 
model.

The outer mold line (OML) corresponds to a cruising (1g) shape and 
not the jig shape. Unfortunately, at the time this work was undertaken 
an actual jig shape CRM model was unavailable, with the cruising (1g) 
shape being the research standard. Therefore, both the OML and the 
structural model are being used as jig shape models.

For the structural analysis, the NASA CRM V.15 wingbox model is 
being used, as it features contemporary structural design elements used 
in such types of wingbox structures. Particularly, it features CBARs as 
implicit chord-spaced stiffeners and shear-webs instead of mid-chord 
spar to reduce computational cost and implicitly suppress local natural 
modes. In lieu of explicit stiffeners like stringers in the geometrical de-

scription of this model and given their importance in buckling loads, 
the thickness of the skin was increased simply to provide a more realis-

tic starting geometry. The higher effective structural area is now acting 
as a longitudinal stiffener for bending loads. Apart from stress relieving, 
this prevents excessive displacements which in turn also accelerates the 
convergence of the multidisciplinary analysis loop.

Additional masses representing the slat and flap activation systems’ 
have been included by CONM2 ‘lump masses’ connected with RBE3 
interpolation elements attached to the front and rear spar cap elements 
respectively. Three more lump COMP2 masses corresponding to fuel 
have been similarly included using three CONM2 elements, each one in 
the center of gravity of each fuel tank, as shown in Fig. 3(a).

With the fuselage not included in the wing design study, imposing 
the necessary cruise trim conditions requires defining a fixed fuselage, 
empennage and additional systems’ weight along with the correspond-

ing payload weight. The total take-off weight of the aircraft 𝑊𝑇𝑂 is 
calculated as follows:

𝑊𝑇𝑂 =𝑊𝑤,𝑠𝑡𝑟 +𝑊𝑓𝑢𝑒𝑙 +𝑊𝑟 (7)

Here, 𝑊𝑟 is a predefined operational empty weight statistically es-

timated based on the number of passengers, including weight kept 
constant during the optimization (payload weight, landing gear, wing 

movables, empennage, fuselage etc.). 𝑊𝑤,𝑠𝑡𝑟 corresponds to the weight 
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Fig. 1. Methodology used for the optimization of the CRM.
of the structural components of the wing provided by the NASTRAN 
code, and 𝑊𝑓𝑢𝑒𝑙 is the weight of the fuel that can be stored within 
the wingbox. The fuel mass is calculated based on the internal volume 
of the wingbox, which in turn is dependent on the global design vari-
4

ables.
This weight estimation approach is hybrid, using Class I methods 
for the fuselage and the rest of the aircraft systems which are not in-

cluded in the design optimization problem (𝑊𝑟). The structural weight 
of the wingbox is estimated by the FEM model and as such it is a Class 

III weight estimation approach [63]. Using the take-off weight as an 
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objective function instead of mid-cruise weight is a technically sound 
decision since the range is also considered as a constraint. Hence, the 
optimization is not steered towards light but inefficient designs.

4. Optimization problem

4.1. Parameterization strategy

Conceptual studies typically examine the effect of small groups 
of well defined parameters and directions, up to basic shape design 
through inverse airfoil design. In the context of interest, the aerody-

namic shape impacts the fuel tank capacity directly and the structural 
design efficiency through secondary moment of inertia effects. The 
global design parameters are controlled through a combination of Free 
Form Deformation (FFD) [64], accompanied by twist and sweep an-

gle control. To the authors’ experience, this strategy and the respective 
bounds are sufficient for a conceptual aerostructural study, and repre-

sentative of the typical dimensionality of an early conceptual stage. Op-

timizing the aerodynamic shape is not the goal of this implementation, 
rather, exploring the fundamental mechanisms and design directions in 
a multidisciplinary problem conceptual study.

The FFD control points act directly on the grid, functioning as global 
design variables that alter the OML and the wingbox shape simultane-

ously. The bounds of the shape design variables represent the maximum 
X or Z displacement of any FFD control point, relative to the local chord. 
Sweep and twist are distinct variables controlled by a group of con-

trol points that move concurrently to achieve independent sweep/twist 
movement. No further parameterization steps are required to provide 
a ready for analysis computational model while the computational grid 
was ensured to be robust for such geometrical changes. The incidence 
angle is being used as an aerodynamic design variable to trim the con-

figuration in cruise, since aerodynamic and structural design changes 
influence the total lift and weight of the wing. Although its presence 
is not mandatory from a mathematical perspective, it is a dominant — 
and essentially linear — factor from a physical sense. Relying solely 
on the rest of the variables for cruising, would introduce an additional 
requirement to shape design which is already loaded with the task of 
shock minimization. Structural parameters include the thickness of the 
wingbox elements: spars, shear-webs, ribs and skin [53]. In contrast 
to the MDF formulated problem [53], where structural elements were 
grouped, a structural sizing efficiently performed in the disciplinary 
optimization level, allows for a more detailed structural description. 
Each variable now corresponds to a unique structural element’s shell 
thickness and the structural variables grouping described in the MDF 
formulation [53] is discarded. The aerodynamic and structural model 
parameterization is summarized in Table 3 and Figs. 2, 3(a) and 3(b).

4.2. Constraints

The cruising constraints required for the optimization to provide 
useful engineering feedback, take the following inequality form,

|𝐿(𝐱) −𝑊𝑇𝑂(𝐱)|
𝑊𝑇𝑂(𝐱)

≤ 𝜖 (8)

|𝐶𝑀𝑐𝑔(𝐱)| ≤ 𝜖 (9)

where 𝐿 is the lift produced, 𝐶𝑀𝑐𝑔 is the moment coefficient around 
the center of gravity of the wing and the tolerance 𝜖 is set to 𝜖 = 0.05. 
Longitudinal trim constraints (eq. (9)) are vital for the optimization of a 
final wing design. However, since the empennage and fuselage models 
are not available in this study, such a trim constraint becomes irrelevant 
and hence it is omitted.

Another constraint considered is range, estimated based on the aero-

dynamic as well as the weight performance of each design. Further to 
structural weight, it is dependent on the available fuel tank volume 
inside the wingbox, which is sensitive to the global design variables, 
5

hence, implicitly introducing a tank volume constraint. The fuel mass is 
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Fig. 2. FFD control points deforming the OML and the wingbox.

Table 3

Design variables.

Parameter Count Lower Upper bound

Shape variables 20 -1 m 1 m

Spar thickness Shell number 4 mm 21.1 mm

Rib thickness Shell number 0.5 mm 7 mm

Skin thickness Shell number 4.5 mm 19.5 mm

Sweep 1 33.5◦ 36.5◦

Twist 1 -10◦ 10◦

Angle of attack 1 2.8◦ 4◦

directly calculated for every new developed design, and it is embedded 
in the structural model using CONM2 lump masses connected to spars 
and ribs through RBE3 rigid elements (distributed coupling multi point 
constraint). Three lump masses were used for three fuel tanks along the 
semi-span.

The Range (R) is calculated using Breguet equation,

𝑅(𝐱) = 𝑉

𝑔𝑆𝐹𝐶

𝐿

𝐷
ln
(
𝑊𝑖

𝑊𝑓

)
(10)

where 𝑉 is the flight speed, 𝑆𝐹𝐶 is the thrust-specific fuel consump-

tion, 𝑊𝑖 is the initial and 𝑊𝑓 is the final weight.

To avoid an unrealistic and excessively flexible wing design, which 
would require a nonlinear structural analysis as well as being prone 
to flutter problems, we constrain the first bending mode frequency us-

ing the Nastran SOL103 for this modal analysis. This is a static analysis

since dynamic aeroelastic effects or the impact of aeroelasticity on the 
control systems is outside of the scope of this MDO work. This con-

straint also ensures that the structural design will not be too local, since 
the eigenvalues are properties that depend on the whole structural wing 
design. A 2.5g maneuver was selected to ensure structural integrity. 
Although not an industrial standard limit load that would lead to a re-

alistic wing design, this maneuver was defined to keep consistency with 
MDO literature. More details on the implementation of this constraint 
are provided on the structural sizing process overview in section 4.4.1. 
When the Feasibility method is used, the probability of feasibility of 
range 𝑃𝐹𝑅, flight trim 𝑃𝐹𝑡𝑟𝑖𝑚, structural strength 𝑃𝐹𝑠𝑡𝑟𝑒𝑠𝑠 and stiffness 
𝑃𝐹𝑚𝑜𝑑𝑒 are introduced in the suboptimization process which now be-

comes,

𝐱𝟏∗,𝐱𝟐∗,⋯ ,𝐱𝐧∗ =arg
(
max
𝐱∈𝔻

(
𝑃𝐹𝑅 × 𝑃𝐹𝑡𝑟𝑖𝑚 × 𝑃𝐹𝑠𝑡𝑟𝑒𝑠𝑠 × 𝑃𝐹𝑚𝑜𝑑𝑒 ×𝐸𝐼𝐶𝐷

)
𝑣𝑠max

𝐱∈𝔻

(
𝑃𝐹𝑅 × 𝑃𝐹𝑡𝑟𝑖𝑚 × 𝑃𝐹𝑠𝑡𝑟𝑒𝑠𝑠 × 𝑃𝐹𝑚𝑜𝑑𝑒 ×𝐸𝐼𝑊

))
(11)

where the probability of feasibility for an inequality constraint problem 

of 𝑔(𝐱) ≤ 𝑔𝑐 is expressed as,
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Fig. 3. CRM structural parameterization. Contours representing thickness that is in mm. (For interpretation of the colours in the figure(s), the reader is referred to 

the web version of this article.)

Table 4

Constraints.

Constraint Value

Range (𝑅) ≥ 𝑅𝑑𝑎𝑡𝑢𝑚

Trim in Cruise (𝑡𝑟𝑖𝑚) |𝐿(𝐱)−𝑊𝑇𝑂 (𝐱)|
𝑊𝑇𝑂 (𝐱)

≤ 𝜖

Von Mises (𝑠𝑡𝑟𝑒𝑠𝑠) ≤ 𝜎𝑦∕𝑆𝐹
1𝑠𝑡 bending mode (𝑚𝑜𝑑𝑒) 1 ≤ 𝑓 ≤ 2 𝐻𝑧

𝑃𝐹 (𝐱) = 1
2

(
1 + 𝑒𝑟𝑓

(𝑔𝑐 − 𝑔(𝐱)
𝑠̂(𝐱)

√
2

))
(12)

The constraints are summarized in Table 4.

4.3. Aerodynamic analysis

Two CFD analyses featuring different physics, grid and convergence 
tolerance are set up using the commercial solver ANSYS Fluent [65], to 
provide the global aerodynamic coefficients. The final result is averaged 
using values from the last 50 iterations to minimise noise induced by 
limited oscillation in the converged solution.

4.3.1. Low fidelity tool

Aiming in the minimization of computational expenses, the LF anal-

yses neglect the effect of viscosity using specifically developed grids. 
Two candidates were examined in a mesh independence study, involv-

ing 10 and 15 structured layers respectively in a structured O-grid 
subdomain with the outer domain using unstructured mesh. The coars-

est grid was chosen for its low cost and insignificant accuracy penalty. 
Additionally, to reduce costs further, we employed the concept of par-

tial convergence [66]. In this, a maximum number of iterations is set 
after investigating the behaviour of the LF convergence [53] in vari-

ous points in the design space. Thus, the LF error bounds are known. It 
should be said that the LF tool typically underestimates the drag force 
as well as the outboard load distribution [53]. Therefore, in the de-

sign space particularly associated with high geometric twist or/and low 
bending and torsional stiffness, the LF analysis is expected to provide 
increasingly false data.

4.3.2. High fidelity tool

The HF CFD analysis uses a Roe-FDS scheme [67], SA [68] to model 
turbulence effects and the equations are discretized with a 2𝑛𝑑 order 
upwind scheme. A hybrid grid was used (Fig. 5). The outer volume 
featured tetra elements while the subdomain was a structured O-grid. 
The subdomain ensured the required near wall resolution, defined fol-

lowing a grid convergence study [53] of four levels of successive re-
6

finement starting from 𝑦+ = 10, to well within 𝑦+ = 1, as illustrated in 
Fig. 4. Level 2 was selected as the most appropriate, showing satisfying 
physics resolution as well as converged aerodynamic coefficients. Both 
the LF and the HF mesh used volume mesh refinement techniques in the 
wingtip vortex region, as well as in the upper section area enclosing the 
predicted shockwave position. The boundary conditions were adjusted 
to define the problem as overviewed in Table 1, with pressure inlet and 
symmetry plane used to model the cruising conditions.

To demonstrate the difference between the LF and HF solution, the 
two pressure distributions (corresponding to the EULER and RANS anal-

ysis respectively) are provided in Fig. 6. It is evident that in the inner 
mid part of the wing, the two methods predict similar physical field. 
The location of the shock in the upper part of the wing near the root is 
almost identical for both cases, while in the middle of the wing it is lo-

cated only slightly downwind of the one predicted by RANS, followed 
by a pressure fluctuation. In the same part as expected, the inviscid so-

lution also underestimates the pressure losses. However, in the outer 
portion of the wing the models differ greatly. The inviscid analysis con-

sistently predicts a more gradual pressure drop in the upper section of 
the wing — especially very close to the wingtip. As a result, the shock 
location is identified significantly further downstream of the one esti-

mated by the RANS analysis. Furthermore, the effect of the increased 
geometric washout near the tip is pronounced in the inviscid solution. 
The upper LE section is a stagnation area from which the flow acceler-

ates until the shock occurs in 𝑥∕𝑐 ≈ 0.85. In the lower side conversely, a 
sudden suction is predicted until the mid-chord location. This behaviour 
suggests an underestimation in the drag force predicted by the LF tool 
as well as wrong loads distribution in the outer part of the wing, effec-

tively acting as loads alleviation.

4.4. Asymmetric subspace optimization architecture formulation

To keep this paper concise, our methodology is demonstrated only in 
an ASO environment. For MDF results, the interested reader is referred 
to [53]. The ASO architecture is well suited to poor load balancing prob-

lems as this case, where the structural analysis is significantly cheaper 
than any of the aerodynamic analyses. Furthermore, efficiency improve-

ment comes from improved surrogate performance and more effective 
disciplinary optimization. More discussion on this can be found in [69].

The procedure followed by ASO architecture to tackle this aerostruc-

tural design problem is described in the XDSM diagram of Fig. 7.

4.4.1. Structural sizing

The structural sizing is the disciplinary optimization process aim-

ing in minimizing the weight of the structure with respect to the local 
variables, in which case the thickness of the structural elements. The 

global variables dictating the wingbox shape design are constant dur-
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Fig. 4. Global aerodynamic coefficients grid convergence study for the HF analysis.
Fig. 5. High fidelity aerodynamic surface grid. O-type grid layers are used for 
boundary layer resolution.

ing this stage and are driven by the system level optimiser. The process 
is described as:

min
𝐱𝐬𝐭𝐫∈𝕊

𝑊𝑠𝑡𝑟(𝐱𝐬𝐭𝐫 )

subject to 𝑔𝑖(𝐱) = 𝑆𝐹
𝜎𝑖

𝜎𝑦
− 1 ≤ 0

(13)

In Eq. (13), 𝕊 is the structural design space where 𝕊 ⊂ 𝔻, where 
𝔻 is the design space of both the global and structural variables. 𝜎𝑖 is 
the Von-Mises stress of the 𝑖𝑡ℎ element, and 𝜎𝑦 is the yield stress of the 
material, Aluminium 7050-T7451, with 𝜎𝑦 = 469𝑀𝑃𝑎. 𝑆𝐹 is the safety 
factor, set to 1.5 and the loading corresponds to 2.5g.

The above procedure is performed by an efficient and dedicated MSC 
Nastran SOL200 process that uses gradient based methods as described 
in the work of Dababneh [70] and as such is robust against disciplinary 
dimensionality. The sizing process remains cheaper than a LF aerody-

namic analysis as it uses the linear SOL101 static analysis; a reasonable 
assumption for the purposes of this study since the aspect ratio and wing 
deflections are not high [71,72]. Therefore, there would be no signifi-

cant benefits in defining a lower fidelity structural analysis for the sizing 
process [73]. In fact, a wingbox analysis improves the accuracy of the 
LF aerostructural infill analyses, also making the weight metamodel — 
and the design space exploration — more efficient. A side benefit of us-

ing a single wingbox configuration is reduced complexity as we keep a 
7

single parameterization strategy.
4.4.2. A note on high loads maneuver structural analysis

There are few possible ways of simulating a high g maneuver. One 
would be to perform an aerodynamic analysis with an angle of attack 
corresponding to higher total lift than the cruising lift. This would be 
consistent with the load factor requirement, but it would provide a 
different load distribution. Although a topic rarely discussed in the lit-
erature, it is of great importance due to its impact in the optimization 
process. In our method, the high-g maneuver loading input of the struc-

tural analysis for the SOL200 sizing, is simulated by simply using a load 
factor of 2.5 in the aerodynamic loads of the current Gauss-Seidel it-
eration. A limitation of this work — as in our MDF formulation study 
[53] — is that the full aerostructural loop is not performed during the 
structural sizing, which simply uses the jig shape pressure loads as an 
input. Although not ideal, this reduces the analysis cost by almost 50%. 
It is a sensible approximation, given that the 2.5g maneuver aerody-

namic load is also an approximation; actual maneuver loads would be 
resulting from a high angle of attack aerodynamic analysis.

Nevertheless, it should be noted that an accurate constraint function 
analysis is expected to increase the inwards shift of the aerodynamic 
load in high g conditions, due to high outboard structural deformation 
outboard acting as loads alleviation. Industrial experience suggests that 
information coming from a full maneuver aerostructural loop, would 
steer the optimization towards designs which during cruising conditions 
would feature a load distribution closer to the elliptic one.

4.5. Aerostructural loop: mapping the aero loads and structural 
displacements

Interdisciplinary communication between grid topologies in this 
loosely coupled analysis is being carried out with python scripts through 
the CAE software ANSA [74] using an RBF-based method [17]. Load 
transfer is done into two stages; mapping of the pressure loads corre-

sponding to the wingbox skin area, and the loads from aerodynamic 
surfaces of no structural elements. The latter are the Leading Edge (LE) 
and Trailing Edge (TE) regions that are split into three LE/TE subsur-

faces across the span. Pressure loads are integrated, defining a single 
resultant force acting on the respective center of pressure, which is con-

nected to the respective structural beam elements using RBE3 elements. 
The process is shown in Fig. 8.

The structural displacements of the skin nodes are transferred to the 
jig shape aerodynamic surface mesh using RBF functions similar to Ren-

dall and Allen’s unified method [18]. Structural deformation is defined 
in an absolute manner, that is, as a difference between the aerodynam-

ically loaded shape and the jig shape [53]. The aerodynamic volume 
mesh deformation is performed using an RBF method like the one de-
scribed in the work by A. de Boer et al. [30].
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Fig. 6. Comparison between low fidelity (EULER) and high fidelity (RANS) solution in terms of pressure distribution.
5. Results

5.1. Sensitivity in constraint models

The MF EI methodology is very effective in exploring the design 
space and finding dominant designs since the effect of both global and 
disciplinary variables on the objective functions is significant. A concur-

rent drag and wingbox structural weight minimization is achieved in the 
first iterations after the sampling. Nevertheless, convergence is sensitive 
to constraint surrogate accuracy. The modal constraint is smooth so a 
cheap RBF model satisfies it in every infill point. However, cruising and 
range constraints are proven to be more challenging. Range includes 
the effect of fuel weight, structural weight and aero performance at the 
same time. The dependency on these quantities makes it highly nonlin-

ear and multimodal, creating “islands of feasibility” within the design 
space. In a similar fashion, the cruising constraint space is filled with 
sparse regions of feasibility.

An explorative method like Feasibility, improves only the accuracy 
of the constraint surrogates in the initial iterations, before both feasi-

ble and promising solutions are identified in a high dimension space. 
On the other hand, the RBF based Penalty method is more aggressive, 
not investing infill data to constraint model improvement. Adding this 
to the poor accuracy of the cheap RBF metamodel in high dimension-

ality makes pareto front convergence challenging.3 Shape parameters 𝜃

3 For more information on the convergence behaviour of Penalty and Feasibil-
8

ity methods, see Kontogiannis et al. [57].
and 𝜃𝑒 selection becomes significant. If their values are below a critical 
level, the models become too flat so that information from the sparse 
sampling is diffused in the extrapolating regions of the design space. 
This creates fictitious promising points, steering the suboptimization 
process into false sampling points in or near the bounds. Consequently, 
improving the knowledge of the actual promising design space regions 
is prevented, stalling the optimization process completely.

The above problem is not a showstopper in an exploitation optimiza-

tion scheme [75], where the process is initiated from the datum area. In 
this, constraint values are locally available and cheap RBF models are 
reasonably accurate. However, we do not use this approach as it does 
not satisfy the exploration requirements of a conceptual study, on top 
of involving a prohibitive number of direct LF analyses.

The physical correlation between lift and structural weight, also 
identified through parallel coordinates, impacts the cruising constraints’ 
satisfaction. Reducing the wing’s thickness through global variables, 
reduces both drag and structural weight penalising the fuel mass ca-

pacity. Subsequently, to satisfy range, an increase in 𝐿∕𝐷 is required 
but the optimizer is also trying to steer to 𝐿 =𝑊 solutions. Therefore, 
the accuracy of the cruising constraint is critical for the satisfaction of 
range. When RBF based Penalty method is used, it leads to thin, low 
weight, low fuel solutions of insufficient lift and 𝐿∕𝐷 to satisfy range. 
The Feasibility method is inherently more conservative than Penalty, 
while also using the more accurate Kriging model — tuning the error 
model shape parameters is critical to correct the LF metamodels. It tack-

les the problem of steering towards fictitious promising configurations 
in the extrapolating regions, with convergence gains justifying its use 

over the cheaper RBF/Penalty option.
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Fig. 7. XDSM flowchart for ASO formulation of CRM aerostructural optimization.
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Fig. 8. Aerodynamic loads mapping: Pressure loads are interpolated with RBF functions, while LE/TE forces are transferred to the beams using RBE3 elements.
5.2. Pareto front results

Due to the above, the Feasibility method with Kriging metamodels 
had to be used. Despite system level dimensionality in ASO being lower 
than in MDF [53], RBF was still not effective in satisfying the error 
correction of cruising constraint (𝐿 =𝑊 ). Partly, this comes from the 
limited accuracy of RBF models, and partly from the challenging nature 
of this constraint specifically within the ASO formulation.

The cruising constraint metamodel predictor 𝑦 correlates 𝐿 − 𝑊
with the global variables (wingbox design), 𝑦 ∶ 𝑦(𝑊𝑠𝑡𝑟) = 𝑦

(
𝑊𝑠𝑡𝑟(𝑥0)

)
. 

However, a part of the physical mechanism responsible for the struc-

tural weight value is expressed through the local variables, 𝑦 ∶ 𝑦(𝑊𝑠𝑡𝑟) =
𝑦
(
𝑊𝑠𝑡𝑟(𝑥0, 𝑥𝑠𝑡𝑟)

)
. The lack of the explicit description of the effect of the 

local variables on the constraint metamodel, raises an implicit mapping

between the global and the local variables when estimating the cruis-

ing condition. This is because a global variables set corresponds to a 
local one in a deterministic way, through the gradient based structural 
sizing process. That is, 𝑥0 → 𝑥𝑠𝑡𝑟; which makes the model 𝑦 ∶ 𝑦(𝑊𝑠𝑡𝑟) =
𝑦

(
𝑊𝑠𝑡𝑟(𝑥0(𝑥𝑠𝑡𝑟)

))
.

In Fig. 9, we provide a comparison between a standard HF EI and our 
MF EI approach for a given computational budget — that is predefined 
wall time. Both pareto front extents are similar, with the MF designs 
dominating most of the HF ones, hence our methodology succeeds into 
improving the pareto front over the equivalent HF method for the same 
wall time cost. This result supports our claims regarding the usefulness 
of our multifidelity methodology, particularly in conceptual multiobjec-

tive studies, since: it accelerates the initial design exploration, reaching 
promising directions but using multifidelity information in an appropri-

ate way. It is a rapid conceptual tool leading to designs more mature 
than a typical LF and HF study do in a given wall time. After that MF 
exploration phase, the MF pareto an function as a starting point for par-

allel HF local (e.g. adjoint based) optimization studies.

The HF EI approach is more beneficial on the low weight objective 
space and provides more points. Furthermore, both methods propose 
configurations of similar structural weight. This suggests the existence 
of (at least) three strong local minima in the structural weight design 
space, forming three (at least) efficient design trends. Interestingly, a 
reduction in aerodynamic performance is observed in MF pareto front 
points showing interdisciplinary synergy through disciplinary tradeoff. 
The pareto front sets are generated when none of the conflicting disci-
10

plines is optimized, and as in the MDF case [53], the maximum range 
Fig. 9. Pareto front comparison between the HF and the MF methods, using Fea-

sibility to handle the constraints for the ASO formulation. As in MDF, a tradeoff 
is required between aerodynamics and structures to achieve range performance.

performance occurs in the tradeoff pareto point.4 This underlines the 
importance of multidisciplinary design processes, in this case structural 
design should not be overlooked in favour of aerodynamics. Also, since 
the range achieved by the MF and the HF tradeoff point are almost iden-

tical, the effect of interdisciplinary synergy on the design trends is once 
again obvious. The MF design achieves the same range performance, but 
with a lower drag value resulting from lower lift requirements, which 
in turn is the result of a slightly lower structural weight.

The MF method shows a lack of robustness and consistency in dom-

inating the HF one, especially in such complicated multiobjective prob-

4 Notice also that the range value shown on the datum point of this figure 
is higher than the one reported in Table 2. This is the result of the structural 

sizing.
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Fig. 10. Comparison between HF and MF convergence via the hypervolume 
indicator.

lems as also observed in our recent work [62], discussing single and 
multiobjective cases. Therefore, in Fig. 10 we are using the hypervol-

ume indicator to provide information regarding the evolution of the HF 
and MF pareto fronts.

Evidently, the MF method is superior to HF in the early stages of 
the optimization process, fullfilling its original target — bring HF in-

formation earlier in the design stage. It later forms more extended 
convergence plateaus, attributes also observed in our single objective 
applications of the RAE2822 test case [62]. The plateaus towards the 
end of the optimization process suggest that the HF EI could be more 
efficient from that point on in the process; an observation consistent 
with the typical design process workflow, which uses LF tools in early 
stages and HF tools in later ones.

As a final note, LF tool cost should not be neglected when assessing 
MF methodologies. In this particular case, the cost of a LF analysis never 
exceeded a 30% of the HF one, and performing LF and HF analyses 
on parallel allowed an almost identical elapsed time cost between the 
two approaches. Finally, considering that the LF tool used in this work 
is accurate and robust (being an Euler CFD/SOL101-SOL200 analysis 
loop), only a tool of similar accuracy and robustness but of lower cost 
would be able to improve the presented results in terms of multifidelity 
efficiency.

5.3. Physical interpretation

The physical and design characteristics of the pareto configurations 
are discussed since they represent the information that would be ex-

ploited by the design engineers. In that sense, the structural stiffness 
and efficiency of the minimum drag, compromise and minimum weight 
design are examined based on the vertical displacements and Von Mises 
stress distribution respectively.

Fig. 11 displays the Von Mises stresses in the structural elements 
of the datum and pareto configurations. For each wingbox design — 
controlled by the global variables — the structural design is optimized. 
Stuctural optimization leads to the maximum allowed stresses to pro-

vide the minimum structural weight [76]. Peak Von Mises stress is max-

imised in every wingbox configuration regardless of the corresponding 
design direction (be it minimum drag or minimum weight). Contrari-

wise to the MDF cases [53], this maximum stress is constant throughout 
the skin and is of course the maximum yield stress allowed based on the 
defined safety factor, showing the efficiency of the structural sizing pro-
11

cess.
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Stiffness characteristics are to an extent dependent on the thickness 
of the structural elements, and since structural thickness is optimized 
for all the configurations, the vertical displacements during a 2.5g ma-

neuver are similar in all design approaches (as shown in Table 5). This is 
in contrast to MDF [53] where the structural design was not as efficient 
for all the pareto configurations depending on aerodynamics or struc-

tural orientation. The structural sizing efficiently leads all directions to 
the minimum allowed structural element thickness and the design di-

rection is mainly a result of the global variables,5 control of the Outer 
Mold Line (aerodynamic performance) and wingbox shape (fuel tanks 
volume and structural mass). The local variables (structural element 
thickness) also affect the fuel tank volume, but this is neglected as not 
leading to significant volume difference and since within SOL200 shell 
elements are not associated with a physical volume.

Table 5, reports the maximum stresses, tip displacements and skin 
thickness of each pareto direction. Skin thickness is reduced towards 
the tip with a local thickness increase near the Yehudi break (detailed 
panel thickness provided in [69]), which is the most critical region, 
guiding the structural sizing process to slightly higher local thickness 
values than in the actual wing root. The skin panel elements are thicker 
in the ASO than in the MDF formulation [53] since structural sizing is 
undoubtedly more efficient than the MDF structural design. The skin 
panels function implicitly as spar caps as well, providing “effective spar 
cap area”, maximizing the second moment of inertia so that the Von 
Mises stress constraints are met. Non critical regions like shear webs 
that are closer to the neutral axis, are significantly thinner. The same 
also holds for the ribs, which do not have to be as thick as the skin 
and the front/rear spars that also take torsional loads. This detailed and 
more effective structural design is the key advantage of the ASO over 
the MDF formulation.

The (jig) sweep for all design directions is also provided in Table 5. 
In this formulation case, characterized by the limited number of system 
level variables, all pareto front configurations show minimal deviation 
from datum.

Fig. 12 displays the aerodynamic characteristics of the pareto con-

figurations. Transonic aerodynamic design efficiency primarily comes 
by shaping the upper surface so that suction peak is achieved gradu-

ally, reducing wave drag losses. The pressure side is fairly similar for 
all configurations, resembling and maintaining a typical supercritical 
shape especially towards the outer part of the span. In fact, Fig. 12 in 
𝑦∕𝑏 = 0.90, imply that aerodynamic performance inefficiencies such as 
the strong suction peak in the lower section (particularly in the com-

promise and minimum weight designs), are due to higher structural 
deformation (especially torsional) which increases the washout — ac-

celerating the flow locally in the lower leading edge section; not the 
airfoil shape itself. Near the root, which is less affected by structural 
displacements, the upper sections are similar as the main drag reduc-

tion mechanism has been identified. The pressure is decreased gradually 
until it reaches the critical Cp value followed by a shock wave of re-

duced intensity. Up to mid span the compromise and minimum weight 
design still experience strong shocks, whereas the outer span is more 
efficiently designed, with the compromise configuration sharing an al-

most identical upper section Cp distribution with the minimum drag 
configuration.

The torsional deformation of the ASO configurations (Fig. 12(b)) is 
higher than the stiffer MDF-based one [53], and even the minimum 
weight configuration has a reasonably efficient strong shock-free air-

foil shape (something not observed in the MDF formulation). Evidently, 
the reduced system level dimensionality in ASO was beneficial for the 
aerodynamics discipline, as the surrogate models were more accurate.

5 Of course the local variables have an effect as well since the potential of 
thickness/weight reduction during the structural sizing is not constant through-
out the system level design space.
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Fig. 11. Maximum Von Mises stress in the rib-shear webs and skins during high g maneuvers, (MPa).
Although all designs display similar vertical displacements on the 
2.5g maneuver condition, their respective bending deformations differ 
12

during cruising conditions (evident from Fig. 12(b) as well). This trend 
is similar to the one observed in the MDF formulation [53], in which 
the minimum drag configuration was the stiffest with the minimum 

weight design experiencing the maximum displacements. This suggests 



Aerospace Science and Technology 148 (2024) 109080S.G. Kontogiannis, A.M. Savill, V. Mazis et al.

Fig. 12. Aerodynamic characteristics of the datum, minimum drag and compromised design.
that away from the sizing conditions, the structural behaviour is more 
dependent on wingbox than elements’ thickness. In optimization terms, 
the global variables (through system level) are exploring the multiobjec-

tive problem, while the local variables are important for the satisfaction 
of the (structural) constraints. This is why during the cruise conditions 
13

that provide the objective function values, the proposed system level 
optimization framework behaves as expected, confirming its multiob-

jective exploration attributes.

5.4. Comparison between the formulations

We provide further comparison between MDF and ASO results, with 

respect to their pareto front solution as well as further physical in-
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Table 5

Maximum Von Mises stress, tip displacement during high g maneuver, maximum skin thickness and jig shape 
aerodynamic sweep for each design direction.

Design Direction Max Von Mises (MPa) Tip Displacement (m) Max Skin Thickness (mm) Jig Sweep (deg)

Datum 315 5.2 18.5 35

Minimum Drag 319 5.1 16.1 34.98

Compromise 316 4.9 17.3 34.86

Minimum Weight 316 4.9 15.2 34.57
sight in the form of lift distribution. The objective space exploration 
characteristics are of course also dependent on the multifidelity formu-

lation and the surrogate based optimization plan but, here the effect 
of the architecture alone is discussed. Regarding the pareto front, a 
lack of objective space exploration was observed in the case of ASO 
architecture. This trend is evident in Fig. 13 and it is attributed to two 
factors associated with the MDO architecture: Firstly, the reduction of 
the global variable design space leads to an objective space reduction 
and less diverge designs. However, more significant is the effect of the 
structural sizing which allows for better exploitation for each main de-

sign direction (dictated by the global variables). For each global design 
point, the disciplinary optimization focuses on only one of the objec-

tives, not promoting objective exploration — hence MDF displaying 
wider pareto fronts than ASO. On this case, the structural sizing pro-

duces the minimum possible weight design and the overall performance 
is implicitly improved. The drastic weight decrease leads to drag sav-

ings through interdisciplinary coupling and lift constraints; an effect not 
fully exploited in its full potential by MDF due its higher dimensionality. 
Therefore, the narrower pareto front is a consequence of a more effi-

cient optimization formulation, evident by the qualitative comparison 
of Fig. 14. Drag exploration is mainly affected by the global variables’ 
exploration which is inherently more challenging due to heavier anal-

yses (aerodynamics) leading to fewer loops (local iterations ≫ global 
iterations). As such, the weight reduction is more mature than drag re-

duction.

Although qualitatively similar, the ASO case displays greater im-

provement with respect to its initial value. The reduced system level 
dimensionality in ASO makes the metamodels more efficient, while re-

quiring fewer HF analyses during the initial sampling. Since their datum 
points performance is not identical (because of structural sizing acting 
also in the datum in the ASO formulation), the curves should be com-

pared only in a qualitative manner.

Nevertheless, Fig. 13 illustrates the superiority of ASO over MDF 
in terms of final values and range performance. The most significant 
improvement comes from the introduction of structural sizing which 
consistently reduces the structural weight. Furthermore, a small ob-

served drag decrease is a result of more efficient surrogate modelling 
that comes with lower dimensionality. There is also a secondary inter-

disciplinary effect between aerodynamics and structures. With decreas-

ing weight, the required cruise lift is also reduced. Therefore, lower lift 
allows for decreased wave drag (and induced drag as well). It should 
be mentioned though, that the drag reduction is not sufficient to main-

tain the same level of 𝐿∕𝐷 as in the MDF cases. An MDO architecture 
involving an aerodynamics disciplinary optimization might be able to 
maintain or even improve 𝐿∕𝐷 levels. Nevertheless, despite this de-

crease in aerodynamic efficiency, the range is increased due to the 
structure weight reduction (see Breguet equation in Eq. (10)). Typical 
range increase is in the order of 6% − 14% between analogous pareto 
points, with the highest range achieved by the tradeoff in both ar-

chitectures. These two points show the importance of interdisciplinary 
synergies and MDO for efficient aircraft design.

Another way to view the multidisciplinary approach against an 
aerodynamics-led approach is through the normalized spanwise lift dis-

tribution (normalization against maximum sectional lift) (Fig. 15). In 
that sense, the datum lift distribution is compared against the distribu-
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tion used by the tradeoff design of each MDO approach. The findings 
Fig. 13. Comparison between the pareto front generated using the MDF and the 
ASO formulation.

Fig. 14. Comparison between the convergence of pareto front generated using 
the MDF and the ASO formulation using the hypervolume indicator.

are in agreement with the conclusions of other researchers [77], since 
the MDO-based configurations lead to an inwards loading shift pattern. 
Shifting the aerodynamic load towards the root allows for a lighter 
structure. As shown by various researchers, as well as in Fig. 9, the ef-

ficiency of the complete aircraft system (e.g. range) is maximized when 

both disciplines interact beneficially, not when one of these is opti-
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Fig. 15. Comparison between the normalized lift distribution resulting from the 
MDF and ASO formulations and that of the aerodynamic optimum.

mized. In this sense, although the MDF/ASO lift distributions do not 
correspond to an aerodynamic optimum, the structural gains they al-

low make the overall design superior. Finally, it was expected that ASO 
— being a more structurally efficient approach would follow a more 
aggressive inward load shifting direction than MDF. The system level 
guides the multidisciplinary process towards inboard-loaded designs, 
so that the disciplinary optimization can maximise the structure weight 
reduction, which eventually is what makes ASO configurations superior 
to MDF ones.

6. Conclusions

A shift to a multidisciplinary design process is the required next 
step the aerospace industry needs to take towards improving the ef-

ficiency of future aircraft configurations. However, interdisciplinary 
synergies should be exploited early in the design stage, where a wide 
design space is still available for exploration. In this work, to perform 
fast and reliable conceptual multidisciplinary optimization, our mul-

tiobjective multifidelity surrogate based optimization framework was 
applied within the asymmetric subspace optimization architecture. Our 
test case featured the Common Research Model, including the detailed 
wingbox model, representing a typical industrial aerostructural wing 
design application. Hence, we demonstrate how our methodology and 
this particular architecture can be used for a complex industrially rele-

vant problem. The range and particularly cruising constraints proved to 
be very sensitive and challenging, requiring the use of more expensive 
but conservative constraint handling approach that involved a Kriging 
error correction model. The results highlight the necessity of interdisci-

plinary studies and the advantage of multifidelity tools in the early stage 
of the optimization process. However, despite favourable early conver-

gence characteristics, multifidelity benefits gradually fade towards the 
later stages of the process. The major drawbacks include the sensitiv-

ity of the method’s performance to the low fidelity tool itself and the 
seemingly superiority of the high fidelity results in the follow up de-

tailed stages. Studying the impact of the multidisciplinary formulation 
itself, the asymmetric subspace optimization architecture confirmed to 
be a noteworthy improvement over the multidisciplinary feasible ap-

proach in every aspect. This was due to the increased efficiency of the 
lower dimensionality system level optimization, as well as the signifi-

cant structural weight reductions achieved through the structural sizing 
disciplinary optimization process.
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