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The morphing airfoil is an effective solution to overcome the challenge of improving
aerodynamic performance under various flight conditions with minimal mechanical
complexity. Composite materials are suitable for such applications due to their high
stiffness-to-weight ratio and anisotropic characteristics. However, the integration of
composite materials with optimization remains a critical challenge. The present study
aims to synthesize 50 peer-reviewed articles published between 2005 and 2025 to discuss
optimization techniques, computational fluid dynamics (CFD) modeling, surrogates, and
composite materials used in designing a morphing airfoil. The results suggest that
evolutionary multi-objective algorithms, especially NSGA-II, are commonly used for
initial design optimization, while adjoint methods are applied in CFD-based optimization.
Kriging and neural networks are commonly used as surrogates for optimization problems
to reduce computational time, but their predictions are highly affected by insufficient data
and poor integration with physics. The synthesis also reveals that there are three major
bottlenecks: turbulence and transition under deformation, experimental validation of
composite aero-structural problems, and insufficient representation of composite
materials used for designing a morphing airfoil. These factors contribute to the

discrepancy between numerical optimization results and practical implementation.

1. INTRODUCTION

Morphing airfoil technologies have recently attracted
considerable interest and have emerged as a way to achieve
adaptive and fuel-efficient aecrodynamic systems for future
aircraft. Morphing airfoil technologies improve the lift/drag
ratio, handling characteristics, stall extension, and reduce fuel
burn through geometric control during flight operations for
commercial aircraft, military aircraft, and unmanned aerial
vehicles (UAVs). The improvements achieved are reduced
fuel consumption for commercial aircraft and over 20%
performance enhancement for UAVs, confirming the
importance of morphing technologies for the future of
sustainable aviation [1-3]. These aerodynamic benefits are
inherently governed by the mechanical behavior and
deformation capability of advanced composite materials and
compliant structural skins used in morphing airfoil systems [4,
5].

The computational formulation of morphing airfoil shapes
necessarily involves the complexity of multi-objective
compromises concerning aero performance, structural
robustness, kinematic constraints, and fluid-dynamic stability.
The complexity of the discipline has led to the widespread
adoption of Multi-Objective Optimization (MOOQO) algorithms,
specifically evolutionary algorithms such as Genetic
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Algorithms (GA) [6, 7], NSGA-II, Artificial Bee Colony
algorithms [8], and modern hybrid and metaheuristic
approaches such as Black Widow Optimization and Particle
Swarm Optimization [9, 10].

These compromises become more critical in composite-
based morphing airfoils, where material anisotropy, stiffness
tailoring, and deformation limits strongly influence feasible
design solutions. particularly in composite laminates,
elastomeric skins, and smart material-based morphing
concepts [11, 12].

These metaheuristics are typically applied for robust global
searches of complex and large-scale, nonlinear spaces. At the
same time, gradient-based methods using the Adjoint
Sensitivity formulation and implemented within high-fidelity
computational fluid dynamics (CFD) have emerged and been
widely characterized by the capability of efficiently computing
the gradient of the objective using the Adjoint Jacobian [13,
14], thus used for the refined optimization of morphing leading
and trailing edges during both transonic and cruise flight [15].

However, the effectiveness of adjoint-based optimization
remains strongly dependent on the accurate representation of
composite material deformation and structural response during
morphing.

Figure 1 illustrates that morphing capability is primarily
enabled by the interaction between compliant composite skins
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and internal load-bearing structures, emphasizing the material-
driven nature of morphing airfoil design.
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Figure 1. Morphing airfoil concept illustration showing

flexible skins and internal actuators
Source: Adapted from a previous study [16]

The importance of high-fidelity simulations using CFD
cannot be overemphasized for morphing airfoil models using
Reynolds-averaged Navier Stokes (RANS) simulations and
models such as Spalart Allmaras and SST k-o [10, 17]
Nevertheless, the accurate simulation of separation, transition,
and transient phenomena in morphing models is challenging
[18], and various authors [1, 19, 20] have used multi-point
optimization and simulation of transitional turbulence together
with experiments.

These modeling challenges are further amplified when
composite skins undergo large deformations, where material
nonlinearity and structural flexibility interact with unsteady
flow phenomena.

Because of the high computational intensity involved with
completely coupled CFD optimization, the field has gradually
shifted towards the use of surrogate models and multi-fidelity
modeling. In composite-based morphing structures, surrogate
models also serve as a practical tool to incorporate material
behavior, structural deformation, and aero-structural coupling
within optimization frameworks.

Kriging models, radial basis function (RBF) models,
artificial neural networks, and deep surrogates such as deep
neural operators [21], convolutional neural network (CNN)
multi-fidelity models [22], transfer-learning frameworks [23],
and gradient-enhanced deep surrogates [24] have proven
capable of accurately modeling high-fidelity aerodynamic
predictions with errors typically below the 6% level. These
technologies greatly accelerate the optimization task while
allowing for the examination of very large design spaces.
Recent advancements include the combination of physics and
machine learning (ML) [25], latent diffusion models for
inverse modeling [26], and geometric deep learning (DL),
reflecting the ever-growing interest in the direct coupling of
aerodynamics knowledge and data models. This shift is
particularly relevant for composite morphing structures, where
repeated high-fidelity simulations are required to capture
material-driven deformation behavior.

From a materials and structural perspective, morphing
airfoils represent a class of advanced composite structures
subjected to controlled large deformations.

Parallel to aerodynamic simulation models, modern and
robust multifaceted/multidisciplinary design optimization
(MDO) tools are currently being enhanced with analysis of
structures, compliant mechanism designs, and fluid-structure
interactions. Finite element analysis (FEA) and explicit
nonlinear solution strategies of the structure have been widely
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used for validating morphing skin structures and internal
dynamics [27-29]. Multi-fidelity models of aeroelastic
systems [30, 31], mesh morphing strategies for structurally
optimized models [32, 33], and coordinated aerodynamic and
control concepts for adaptive mission tasks [33, 34] also
reflect the emerging demands for integrated a Nonetheless,
several challenges still exist within the literature.

The surrogate models experience challenges of generalizing
morphing layouts that are novel [35]. There are also challenges
related to the modeling of turbulence within morphing shapes
that are dynamically changing [36]. The models are mostly
treated within two-dimensional morphing airfoil layouts and
not completely within morphing wings [37]. The tests are
mostly not within the scope of validating UAV morphing
shapes [1, 15]. The models are not well developed within
aspects of constrained morphing actions, real-time morphing
control strategies, and uncertainty.

This review is unprecedented because of the extensive
incorporation of Multiple Objective Optimization Techniques
and the modern frameworks of Surrogate Models for
morphing airfoil shapes that are being used currently [38-40].
This review provides a thorough and interdisciplinary
examination that brings together aerodynamic optimization
and structural simulation and data-driven solutions, and also
includes the broader aspects of the aforementioned topics such
as  Evolutionary  Optimization Techniques, Adjoint
Optimization Techniques, High-Fidelity Computational Fluid
Dynamics Simulations, Multi-Fidelity Simulation Models,
Deep Surrogate Models, Mesh Morphing Methods, Fluid
Structure Interaction Models, and ML-Based Inverse
Simulation that were considered separately and individually
within the earlier reviews related to aerodynamics and
morphing airfoils. This review brings together the various
technologies and determines the computational implications of
the aforementioned challenges related to the morphing airfoil
technologies.

Unlike previous reviews that primarily focused on
aerodynamic optimization, this review explicitly highlights
the role of advanced composite materials, compliant
structures, and material-driven constraints in shaping modern
morphing airfoil optimization frameworks.

While considerable advancements have been made in the
development of optimization algorithms and surrogate
modeling approaches, the review highlights the fundamental
limitation that currently restricts the practical implementation
of morphing airfoil optimization methodologies. In particular,
the nonlinear, anisotropic, and coupled nature of composite
material deformation physics is identified as the major
limitation, hindering the effective translation of numerical
optimization outcomes into morphing airfoil hardware. It is
proposed that future optimization methodologies should take
into consideration material modeling approaches in order to
effectively capture composite material deformation physics
and enable the development of morphing airfoil optimization
methodologies.

This work is a specific attempt at the synthesis of modern
MOO methodologies used within morphing airfoil shape
optimization, including both evolutionary algorithms and
various other hybrid strategies.

2. METHODOLOGY

This review uses a structured and reproducible
methodology to provide comprehensive coverage of the



studies addressing MOO and surrogate modeling for morphing
airfoil design. It adopts established good practices for
systematic and structured literature reviews from leading
journals published by Elsevier, Springer, and Wiley.

Special attention was given to studies addressing composite
materials, compliant structures, and material-driven
deformation mechanisms in morphing airfoil systems.

A structured data extraction form was developed and
applied to all included studies to ensure reproducibility and
consistency. The complete extraction template and coding
scheme are provided in Table S1 in the Appendix.

2.1 Search strategy

The literature search was conducted across major scientific
databases, including Scopus, Web of Science, ScienceDirect,
AIAA, IEEE Xplore, and SpringerLink, covering the period
from 2005 to 2025. To ensure comprehensive coverage of the
field, various keyword groups were used, such as composite
morphing structures, compliant composite skins, smart
materials, large-deformation composite behavior, morphing
aerodynamics, optimization techniques, surrogate modeling,
and multidisciplinary computational methods, combined with
Boolean operators. The keyword sets also include—but are not
limited to—morphing airfoil/wing, adaptive wing, multi-
objective optimization (MOO), evolutionary and gradient-
based methods, surrogate modeling techniques (e.g., Kriging,
neural networks, deep learning, multi-fidelity models), CFD
and turbulence modeling, aeroelasticity, and applications for
UAYVs, commercial, and military aircraft. The search strategy
was designed to capture both foundational and recent advances
in morphing airfoil research.

2.2 Inclusion and exclusion criteria

Morphing airfoil or wing configurations, which involved
numerical optimization, CFD-based analysis, aero-structural
coupling, or surrogate modeling relevant to deformable
aerodynamic systems, were included. In this review, only
reputable peer-reviewed journal articles and international
conference papers were selected. This review excluded
publications that did not focus on morphing concepts or were
limited solely to material characterization without addressing
structural deformation or aerodynamic relevance. Editorials,
abstracts, and non-technical reports were likewise omitted,
thereby ensuring that only technically sound and
methodologically transparent studies were considered.

2.3 Screening and study selection

The initial search resulted in 521 studies after the removal
of duplicates. A two-stage screening process was performed:
first, a title and abstract review; second, a full-text assessment
for methodological depth and relevance to MOO or surrogate-
based aerodynamic modeling themes. After applying all the
criteria, a total of 50 studies were selected as core literature for
detailed synthesis.

These studies represent significant contributions in areas
such as evolutionary optimization, adjoint-based methods,
high-fidelity aerodynamic modeling, surrogate learning, and
aero-structural integration.

2.4 Data extraction and classification

For each of the identified publications, the critical

397

information was extracted in terms of optimization techniques,
surrogate modeling strategies, CFD modeling fidelity,
turbulence modeling, structural analysis techniques,
composite systems and deformation characteristics, validation
strategies, and application domains. This information helped
in the systematic grouping of the literature in terms of
methodological trends, computational strategies, aerodynamic
and aero-structural considerations, and data-driven modeling
perspectives. Such information extraction helped in the
systematic comparison of the identified literature while
highlighting the critical methodological strengths and
weaknesses.

2.5 Quality assessment

All identified studies were further screened for modeling
fidelity, rigor in optimization, accuracy of surrogate model,
transparency of methodology, and practical or experimental
relevance. Particular attention was given to those works
reporting convergence analysis, Pareto front evaluations, and
validation against experiments or high-fidelity simulations.
Only studies that showed a high degree of scientific rigor were
included in the final synthesis.

2.6 Synthesis approach

Further, a narrative and thematic synthesis has been
conducted to integrate findings across optimization domains,
surrogate modeling strategies, computational frameworks, and
multidisciplinary paradigms. Such synthesis underlines
methodological trends, computational trade-offs, modeling
challenges, existing research gaps, and future directions
necessary for the development of scalable, physics-informed,
real-time optimization frameworks for morphing airfoil
technologies.

Records identified
from databases:
(n=1521)

A\ 4

screened
521)

Records
(n=

Y

Full-text articles
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(n=19)

Full-text articles
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|
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(n=150)

Figure 2. The literature selection and screening process
illustrated by the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) flow diagram

The Preferred Reporting Items for systematic reviews and
Meta-Analyses (PRISMA) flow diagram illustrates the overall
process of article identification, screening, eligibility
assessment, and final inclusion (Figure 2), with particular
emphasis on the implications of material behavior and
composite structural performance on optimization outcomes.



3. RESULTS
3.1 Descriptive overview of the included studies

A total of 50 rigorously selected peer-reviewed studies have
been identified and included in the final dataset to investigate
composite-based morphing airfoil optimization, surrogate
modeling, and aero-structural integration. The selection
process is described in Figure 2, where the PRISMA flow
diagram illustrates the selection process from 521 to 50
studies. These studies are the state-of-the-art in multi-
objective aerodynamic optimization, composite structural
modeling, and data-driven surrogate modeling approaches.
The thematic distribution of the selected studies is provided in
Table 1. Optimization algorithms are identified as the
predominant research focus, appearing in 29 out of 50 studies.
This is followed by multidisciplinary aero-structural
integration and multi-fidelity modeling approaches, each
appearing in 23 studies. The fact that morphing airfoil design
is indeed a multidisciplinary optimization problem where
aerodynamics, structural behavior, and material-induced
deformation constraints are to be addressed simultaneously.

Composite materials and structural behavior are addressed in
18 studies, which is a significant increase in recent literature
to address material behavior as a design variable. Surrogate
modeling approaches are identified in 15 studies, indicating
their growing importance in aerodynamic and aero-structural
optimization. Likewise, the topic of high-fidelity CFD and
turbulence modeling is discussed in 14 studies for simulating
realistic aerodynamics. Experimental validation is discussed
in only 8 studies, again due to the emphasis on computational
methods and the lack of experimentally validated morphing
airfoil-based optimization methods.

In terms of the application of the methods, a significant bias
towards UAV-based platforms. This review shows that it can
be used for various morphing concepts due to the reduced
structural loads, reduced regulatory requirements, and the
ability for experimental prototyping of the concepts, as
suggested in [2, 20]. By contrast, commercial aircraft and
transportation-scale morphing applications are
underrepresented, which may be attributed to higher structural

complexities, certification requirements, and actuation
difficulties  associated  with  larger-scale = morphing
applications.

Table 1. Thematic classification of the 50 studies

Number of s
Theme Studies Description
Multi-objective optimization (MOO) methods, including Genetic Algorithms (GA), NSGA-IL,
Optimization Algorithms 29/50 Particle Swarm Optimization, adjoint-based gradient methods, and hybrid/metaheuristic
strategies, are applied to morphing airfoil design.
Kriging, RBF, artificial neural networks, deep learning (DL) surrogates, and multi-fidelity
Surrogate Modeling 15/50 frameworks are used to approximate aerodynamic and aero-structural responses of morphing
airfoils.
Computational Fluid . . . .
. Reynolds-averaged Navier Stokes (RANS)-based simulations, transitional turbulence models,
Dynamics (CFD) & 14750 and unsteady flow analysis applied to morphing configurations under varying flight conditions
Turbulence Modeling y y pp phing & rymg e ’
Aero-Structural Coupling
& Multidisciplinary 23/50 Coupled aerodynamic—structural optimization frameworks integrating CFD with structural
Design Optimization solvers to account for deformation, load transfer, and aeroelastic effects.
(MDO)
Structural Analysis & Finite element modeling, compliant internal mechanisms, and large-deformation structural
. . 11/50 . O . .
Compliant Mechanisms analyses supporting morphing airfoil functionality.
Material System / 18 /50 Studies explicitly addressing composite laminates, elastomeric skins, smart materials (e.g.,
Composite Concept SMA, TPU), and material-driven deformation behavior in morphing airfoils.
Multi-Fidelity & 23/50 Hierarchical and reduced-order modeling approaches combining low- and high-fidelity
Reduced-Order Models simulations to improve computational efficiency in optimization studies.
Control Integration 6/50 Data-driven cont‘rol strategle;, adaptive conf[rol, and control-oriented morphing concepts
integrated with aerodynamic or aero-structural models.
Experimental Validation 3750 Wmd-t}mn_el expernlments, 1aboratory-scale t_ests, and e_x_perlmental assessments of morphing
airfoils or wings focusing on deformation capability and structural performance.
L . Practical implementations and case studies related to unmanned aerial vehicles (UAVs),
Application Domain 10/50 L - )
commercial aircraft, military, or conceptual morphing platforms.
Historical Trends & 3750 Chronological analyses and review papers addressing the evolution of morphing airfoil

Review Studies

technologies and associated optimization methodologies.

Note: Individual studies may belong to multiple thematic categories; therefore, the total count exceeds the number of reviewed studies (n = 50)

3.2 Optimization algorithms and multi-objective design
strategies

The analysis reveals that evolutionary MOO algorithms
dominate the selection of optimization algorithms for
morphing airfoil designs. Specifically, GA, NSGA-II, and
other meta-heuristic algorithms were used in over half of the
analyzed studies (see Table 1), and their potential for
addressing nonlinear multi-objective problems associated with
morphing airfoil designs.

The studies presented in Table 2 show the efficiency of
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evolutionary optimization algorithms for the improvement of
aerodynamic characteristics. For instance, Longtin Martel et
al. [7] showed the improvement of the lift-to-drag ratio by up
to 65% using the NSGA-II algorithm for optimizing a
morphing trailing-edge airfoil. In this regard, the authors of the
study demonstrate the efficiency of evolutionary algorithms
for solving multi-objective problems and finding the optimal
solution for conflicting requirements. A similar trend can be
observed from Ullah et al. [41], where an improvement in stall
characteristics and drag reduction is presented by applying a
Black Widow algorithm for optimizing a flexible droop nose



morphing airfoil.

The general scheme of the typical actuation layout for
morphing airfoils is presented in Figure 3, where composite
skins, internal linkages, and shape memory alloy (SMA)
actuators play a crucial role as enabling mechanisms for
controlled aerodynamic shape deformation [16]. These
structural parts will introduce new constraints for the
distribution of stiffness, deformation, and force requirements.

Adjoint-based gradient optimization methods are also
popular methods, especially for high-fidelity aerodynamic

optimizations that include transonic flight or cruise flight
conditions. The efficiency of the drag minimization problem
using an adjoint-based gradient optimization method for the
design of the morphing leading and trailing edges of an aircraft
has been successfully demonstrated in the research work
presented by Zhang et al. [13]. The efficiency of the adjoint
sensitivity analysis in the optimization of the morphing
trailing-edge wing was also effectively demonstrated in the
research by Lyu and Martins [14].

Table 2. Summary of key influential studies

Methodology / Optimization R Application .
Study Model Approach Key Findings Domain Material / Structural Concept
[28] Panel method + Multi-objective Improved aero- UAV/ Compliant internal structure,
FEM topology optimization structural trade-offs conceptual wings deformable wing concept
RANS CFD + <6% surrogate error, NP Implicit flexible airfoil geometry
(1] Kriging NSGA-II L/D improvement Transonic airfoils (material not explicitly specified)
[38] CFD + DRL Deep Reinforcement Efficient inverse UAV / adaptive Morphing airfoil with assumed
surrogate Learning morphing design wings flexible skin
CFD + structural Fuel savings & climate Flexible wing structure with
2] FEM GA benefits UAV aero-structural coupling
[21] Deep neural Gradient-enhanced Fast & accurate shape CFD surrogate Numerical shape representation
operators surrogate prediction applications (material-independent surrogate)
[36] DL surr.ogate + Hybrid ML-based H1gh-<.ilmen.519nal. Flexible wings Aeroelastic composite wing
aeroelastic model aeroelastic optimization model
[7] XFoil + SST NSGA-II Upto 65%L/D gain ~ UAY morphing Morphing trailing-edge with
airfoils flexible skin
. Morphing leading and trailing
[13] RANS + adjoint Gradient-based Drag iii?:glon at Transport aircraft edges (structural flexibility
assumed)
[11] SST CFD Blac.k W1dpw Stall gontrol & L/D UAV Flexible droop-nose leading edge
Optimization increase (compliant structure)
[18] RANS + Gradient-based Noise rf;?duct.lon with High-lift airfoils Camber morphing airfoil with
aeroacoustics high lift deformable geometry

Note: FEM = finite element method; RANS = Reynolds-averaged Navier Stokes; CFD = computational fluid dynamics; UAV = unmanned aerial vehicle; DL =

deep learning; SST = shear stress transport; GA = genetic algorithm; ML = machine learning
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Figure 3. Schematic of actuation layout in a morphing airfoil showing flexible skin, SMA actuators, and structural linkages
Source: Adapted from a previous study [16]

However, from the results, it is evident that the
effectiveness of these optimization algorithms is also
dependent on the composite material properties, deformation
limits, and aero-structural coupling effects. The anisotropic
properties, non-linear deformation, and actuator-material
interactions also impose additional constraints on the design

space, which affect the design solutions [11, 28, 29].

Hybrid optimization techniques, which include
evolutionary algorithms, have also been proposed in recent
studies on morphing wing design optimization [23, 24, 30].



3.3 Computational fluid dynamics modeling fidelity and
surrogate-assisted optimization

The aerodynamic performance of the morphing airfoils is
mainly computed using RANS-based CFD models coupled
with turbulence models such as the SST k- and Spalart-
Allmaras model in the studies reviewed. The RANS model is
widely used in aerodynamic optimizations due to its efficiency
in computing the aerodynamic performance in an iterative
manner.

Table 2 shows that many studies have successfully
incorporated the results of CFD simulations into the
framework of surrogate modeling techniques for reducing
computation costs while maintaining prediction accuracy. For
example, Wang et al. [1] have successfully demonstrated that
Kriging-based surrogate modeling techniques are capable of
producing prediction errors of less than 6% for the efficient
MOQO of transonic morphing airfoils. Similarly, Shukla et al.
[21] have successfully demonstrated that deep neural operator-
based surrogate modeling techniques are capable of producing
highly accurate aerodynamic shape predictions with
significantly reduced computation costs.

The surrogate modeling techniques that have been
successfully incorporated into the framework of morphing
airfoil optimization, based on the results of the literature

review, are Kriging models, RBF models, artificial neural
networks, deep neural operators, and multi-fidelity surrogate
models [21-27]. These surrogate modeling techniques enable
efficient exploration of high-dimensional morphing airfoil
design spaces while significantly reducing computational cost.
Moreover, the incorporation of advanced actuation
mechanisms and smart material systems in optimization
algorithms for morphing airfoil design emphasizes the
necessity of using a combination of surrogate optimization and
physical models of morphing systems [42].

From the results of the literature review, however, it is
evident that the predictive reliability of the results of surrogate
modeling techniques is highly dependent on the quality of the
training data and the composite structural deformation. For
example, there are many studies that have reported limitations
of the generalization capability of surrogate modeling
techniques for morphing airfoils that are different from the
training dataset or have different deformation conditions [35,
43].

Furthermore, turbulence modeling and transition prediction
are significant limitations of the results of CFD simulations for
morphing airfoil analysis, particularly under large deformation
conditions. The limitations of the results of CFD simulations
have a direct influence on the accuracy of the results of
optimization techniques.
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Figure 4. Multi-segment morphing airfoil configuration showing actuator placement and structural segmentation
Source: Adapted from a previous study [16]

3.4 Multidisciplinary aero-structural integration and
composite material influence

A significant portion of the studies that have been
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incorporated into the results of the literature review have
successfully incorporated multidisciplinary aero-structural
optimization techniques for integrating the results of CFD
simulations with structural analysis techniques such as the



finite element method (FEM). The multidisciplinary aero-
structural analysis techniques have been successfully
incorporated into the framework of morphing airfoil analysis
for efficiently evaluating the aerodynamic performance of
morphing airfoils.

Composite materials are recognized as the main facilitators
for the implementation of morphing airfoils, given their
anisotropic stiffness, fatigue, and high elastic deformation
capabilities [4, 10, 44, 45]. Advanced material systems, such
as flexible composite skins and morphing structures, have
been identified to play a crucial role in enabling the
aerodynamic adaptation of airfoils. Numerical and
experimental validation of the structural and aerodynamic
performance of composite morphing airfoils has been
achieved in previous studies. Liu et al. [10] analyzed the
deformation and failure characteristics of flexible composite
skins, while De Gaspari et al. [46] experimentally validated
the aerodynamic performance and structural viability of a full-
scale composite morphing droop nose airfoil.

Figure 4 shows the multi-segment configuration of the
morphing airfoil, focusing on the position of the actuators, the
segmentation of the structure, and the deformation of the
structure for the improvement of aerodynamic performance.
These structural configurations for the morphing airfoil show
the importance of the material's stiffness properties, the
actuators, and the aero-structural coupling behavior for the
improvement of aerodynamic performance.

Even though the aerodynamic benefits of the morphing
airfoil are significant, the findings of the present study reveal
the limitations of the optimization studies, where the behavior
of the composite material is considered a constraint instead of
a design variable for the improvement of aerodynamic
performance.

3.5 Thematic and chronological trends

Thematic classification of the 50 studies reveals several
main themes:

(i) Evolutionary and adjoint-based algorithms for multi-

objective morphing of airfoils.

(i) Multidisciplinary and multi-fidelity methodologies:
coupled CFD-FEM methods, hierarchically mixed
models.

(iii) Surrogate modeling and ML: Deep SURROGATES,
multi-fidelity neural networks, physics-informed
models.

(iv) CFD and turbulence modeling: high-fidelity RANS and
transitional models for morphing flows

(v) Structural and material-based modeling and
parameterization methods: FEM-based
parameterization, mesh morphing, geometric DL.

(vi) Applications: UAV, commercial aircraft, and tiltrotor
morphing concepts.

(vii) Composite materials and compliant structural concepts
for morphing applications.

Chronologically, the literature evolves from foundational
GA + CFD optimization and basic parameterization (2006—
2010) to multidisciplinary and multi-fidelity frameworks
(2012-2018), and, more recently, to deep-learning-based
surrogates, advanced multi-fidelity modeling, and automated
parameterization (2019-2025). This trajectory indicates a
clear shift from single-discipline, high-cost CFD optimization
to data-driven, integrated, and computationally efficient
design workflows.
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4. DISCUSSION

4.1 Interpretation of optimization algorithm performance
and design trade-offs

The synthesis of the above-referenced literature review
indicates that the use of evolutionary MOO algorithms, such
as NSGA-II and other genetic-based optimization schemes,
represents the most effective optimization methodology for the
morphing airfoil design problem [6, 7, 41]. As indicated in
Table 1 and Table 2, the dominant performance of the NSGA-
IT and other genetic-based optimization schemes can be
attributed to the fact that they are the only optimization
methodologies that are able to address the complexities of the
nonlinear and multi-modal nature of the morphing airfoil
design problem, including the conflicting objectives of
maximizing the lift-to-drag ratio while minimizing the
structural stress and actuation requirements [6, 7]. As
indicated by Longtin Martel et al. [7] and Bashir et al. [11]. In
addition, the use of evolutionary optimization algorithms has
the ability to optimize the trade-off between aerodynamic
performance and structural feasibility, and this has the ability
to lead to substantial performance improvements, such as stall
characteristics and improvements in the lift-drag ratio.

However, the performance of the evolutionary optimization
algorithms is accompanied by substantial computational
requirements due to the need to perform numerous evaluations
of the designs to be optimized. As such, the use of surrogate-
based optimization has emerged as an important aspect of the
morphing airfoil design problem [21-27].

Adjoint gradient optimization techniques offer an
alternative method for solving optimization problems,
especially for aerodynamic optimization problems. Adjoint
gradient optimization techniques are found to be beneficial for
efficiently computing the gradients and achieving accelerated
convergence rates compared to the evolutionary algorithms
[13, 14]. For example, the efficacy of the adjoint gradient
optimization methods in the precise achievement of drag
reduction and the improvement of the aerodynamic
performance of morphing wing geometries has been
demonstrated by Zhang et al. [13] and Lyu and Martins [14].
It is, however, important to note that the application of the
adjoint gradient optimization methods is largely dependent on
the precision of the aerodynamic and structural models,
especially for the case of composite morphing structures that
may be affected by non-linear effects during deformation [10,
28, 29]. This is an example of how the application of
evolutionary and gradient-based optimization techniques is
complementary.

4.2 Surrogate modeling as a computational enabler and its
limitations

Surrogate modeling has emerged as an important enabling
technology in the morphing airfoil optimization problem by
alleviating the computational expense of repeated CFD
calculations. Kriging, neural networks, deep neural network
operators, and multi-fidelity surrogate modeling methods have
been used by various researchers for the prediction of
aerodynamic performance of the morphing airfoil with
sufficient accuracy while exploring the design space in a
computationally efficient manner [21-27]. For instance, the
prediction errors of the aerodynamic performance of the airfoil
were found to be less than 6% by Wang et al. [1], thereby



confirming the prospect
optimization methods to
optimization problem.

Among the surrogate modeling techniques discussed above,
the models based on the Kriging method have been found to
perform better in low-dimensional morphing optimization
problems because of the ability of the Kriging method to
handle the nonlinearity of aerodynamic problems using a
limited amount of data [1, 22]. However, the potential of the
neural network-based models and deep neural operators in
handling high-dimensional composite morphing problems is
higher due to the ability of the models to handle the
nonlinearity of the problem, especially when enough data is
available [21, 23, 36].

However, the results obtained in this study suggest that the
performance of the surrogate models is largely dependent on
the quality of the training data, the extent of the design space,
and the incorporation of the appropriate physical parameters.
Most of the surrogate models are trained on the data obtained
from the CFD calculations, considering the deformation range
of the morphing airfoil, which is often restricted. The
performance of the surrogate models is compromised in the
case of composite morphing airfoils, as the aerodynamic
performance of the morphing airfoil is directly influenced by
the deformation behavior of the structure, the anisotropy of the
composite materials, and the interaction effects of the
actuators.

Furthermore, the use of surrogate models based on
geometric and aerodynamic parameters without the
incorporation of structural deformation physics may lead to
accurate numerical solutions within the range of the data used
for the development of the surrogate model, but the accuracy
of the solution in terms of aero-structural behavior of the
composite material used in the morphing system would be
compromised.

Such optimization challenges are directly related to the
intrinsic properties of composite materials, such as anisotropic
distribution of material stiffness, non-linear deformation
response, and sensitivity to environmental conditions. Such
material properties play a crucial role in aerodynamic shape
stability and deformation response, which in turn affect the
reliability of surrogate model generalization and optimization
convergence [44].

of utilizing
expedite the

surrogate-based
aerodynamic

4.3 Computational fluid dynamics fidelity, turbulence
modeling, and aero-structural coupling challenges

Solutions based on the RANS method of CFD are mostly
used for aerodynamic optimization problems due to their
accuracy and efficiency. However, the simulation of the
aerodynamics of a morphing airfoil is faced with several
challenges in modeling the turbulence and transition for
problems involving large deformation of the airfoil surfaces,
as reported in the literature [17, 18, 36].

Turbulence and transition modeling are critical factors in
accurately predicting the aerodynamic behavior of morphing
airfoils, and the use of simplified or inaccurate turbulence
models may lead to incorrect estimation of aerodynamic
characteristics, thereby misleading optimization algorithms
toward unrealistic solutions [17, 18, 47]. These limitations are
particularly important in morphing configurations, where
geometric deformation alters flow separation, transition
location, and aerodynamic loading.

Significant improvements in the prediction accuracy of the
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aerodynamic characteristics for the morphing airfoil have been
reported with the inclusion of the effect of the aero-structural
coupling, finite element modeling, and multidisciplinary
optimization. As reported in the studies in Table 2, the
stiffness properties, deformation limits, and compliance of the
composite materials are significant in the determination of the
aerodynamic characteristics and the deformation limits [10,
44, 48]. Figure 4 also highlights the importance of the
positioning and segmentation of the structure in the
determination of the deformation characteristics and the
effectiveness in the aerodynamic application.

Coupled aero-servo-elastic optimization, however, remains
a computationally costly process and is not commonly used in
the design process for morphing airfoils. Therefore, simplified
models are often used for the structure and aerodynamics,
which could affect the accuracy in the prediction of the
aerodynamic performance and the reliability of the
optimization process [49, 47]. The aforementioned modeling
issues cause discrepancies between the results obtained from
the optimization process and the experimental results for the
aerodynamic performance, as reported in experimental studies
on composite morphing wings and high-lift morphing
configurations [50].

4.4 Role of composite materials as active design drivers

Composite materials are not just structural components of
morphing airfoils. Instead, they play an active role in the
design of morphing airfoils. The anisotropic properties of
composite materials are used for designing the deformation of
the morphing airfoil. This allows for the adaptation of the
aerodynamic shape of the airfoil while maintaining structural
integrity.

The studies of Liu et al. [10] and De Gaspari et al. [46]
proved that composite morphing airfoil skins are capable of
undergoing significant deformation while maintaining
aerodynamic performance and structural stability. However,
the review of existing studies indicates that composite
materials are treated as constants during the optimization of
morphing airfoils. This is one of the factors that limit the
potential of optimization algorithms for designing morphing
airfoils.

The non-linear properties of composite materials, fatigue,
interaction between the material and actuators, and durability
are some of the factors that influence the design of morphing
airfoils. However, there is insufficient consideration of these
factors during the optimization of morphing airfoils.

4.5 Gap between numerical optimization and practical
implementation

While numerous research works on numerical optimization
of aerodynamic performance show positive results, the actual
implementation of morphing airfoil technologies has been
limited. This is attributed to various factors such as a lack of
experimental validation, complexities, and certification issues
[48, 50].

Empirical validation studies carried out by various
researchers, including De Gaspari et al. [46] and Auteri et al.
[50], confirm the viability of composite morphing concepts.
However, the studies also highlight some of the problems that
come with scaling up morphing technology to full-scale
aircraft. The studies also highlight that some of the
optimization studies carried out so far have been limited to



two-dimensional airfoil structures. These studies did not
adequately represent the complexities associated with full-
scale aircraft structures.

In conclusion, some of the critical issues that have to be
considered before morphing airfoil technologies can be
adopted for commercial aviation purposes include actuation
integration, power requirements, durability, and reliability.

4.6 Implications for future morphing airfoil optimization
frameworks

From the review carried out above, it is evident that there is
aneed to integrate high-fidelity acrodynamic models, physics-
informed surrogate models, and aero-structural optimization
frameworks to ensure that there is progress in morphing airfoil
optimization. The development of ML technologies also
presents promising opportunities for resolving computational
challenges without compromising predictive accuracy.

Another important direction for future research is the
development of standard benchmark morphing airfoil designs
with specific composite skin definitions, as well as
aerodynamic and structural loading conditions. The
development of standard benchmark designs will help in
validating, comparing, and reproducing different optimization
approaches, especially in terms of capturing nonlinear
deformations of composite materials and aero-structural
effects.

In addition, developing physics-informed surrogate models,
which include specific definitions of composite material
constitutive properties, anisotropic stiffness, and deformation-
dependent aerodynamic effects, is also important. The
optimization of composite material behavior as an active
design variable rather than a passive constraint is also expected
to improve optimization convergence reliability, which will be
important for the practical application of morphing airfoil
technologies in future aircraft systems [44, 50].

4.7 Limitations of existing morphing airfoil optimization
studies

Despite the significant advancements in the optimization of
the morphing airfoil, certain limitations were also evident in
the literature reviewed. The most significant limitation is
related to the varying levels of modeling fidelity in the
aerodynamic modeling. Although most literature reviewed
relies on high-fidelity RANS-based CFD, there is also
considerable literature that relies on lower-fidelity modeling,
such as panel codes or inviscid formulations. Such modeling
may not capture the complex aerodynamic features, especially
in the context of morphing airfoils, where significant
geometric deformation is involved.

The second significant limitation is related to the
insufficient level of experimental verification. Although wind
tunnel experiments were included in a limited number of the
literature reviewed, as evident in Table 1, most of the literature
reviewed relies on numerical simulations only. The limited
level of experimental verification is also limiting the
applicability of the optimization results, especially in the
context of real-world morphing airfoil configurations.

The computational cost is also an important constraint,
especially in the context of multidisciplinary design
optimization (MDO), where the integration of structural
analysis is also included in the optimization process. Although
high-fidelity aero-structural optimization is computationally
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expensive, especially in the context of high-fidelity RANS-
based CFD, surrogate-based optimization is also limited in
terms of robustness, especially in the context of insufficient
datasets.

The applicability of most literature reviewed is also limited,
especially in the context of three-dimensional wing
configurations, where most literature reviewed is limited to
two-dimensional airfoil configurations only. Although the
integration of structural, aerodynamic, and control system
optimization is included in most literature reviewed, certain
limitations were also evident, especially in terms of coupling
assumptions, where the coupling may not be representative of
real-world configurations.

Although most of the literature reviewed is related to UAV-
scale morphing configurations, relatively limited literature is
related to full-scale commercial aircraft configurations.

5. CONCLUSION

This review aims to provide a comprehensive overview of
numerical methods applied to morphing airfoil optimization,
with special focus on MOO strategies, high-fidelity CFD
methods, and surrogate model techniques. From analyzing the
50 peer-reviewed articles, it can be noted that evolutionary
algorithms are preferred methods for exploring the design
space, whereas adjoint-based gradient methods are precise
methods when applied with high-fidelity methods. The
promising results from notable advancements include Kriging
methods, DL methods, and multi-fidelity surrogate models.
The morphing airfoil concept has now transformed into an
interdisciplinary area where aerodynamics, structural
response, and material response are strongly interconnected.
This can be noted from UAV applications, where morphing
airfoils have shown significant improvements in lift-drag ratio,
range, and maneuverability when compared to conventional
airfoils. However, morphing airfoils have not yet been applied
to commercial and military aircraft due to difficulties in
integrating morphing structures, durability, and certification of
morphing  composite  materials.  Although  notable
advancements have been made, many limitations need to be
overcome before morphing airfoils can be applied to real-
world applications. Notable limitations include turbulence and
transition models for morphed wings, insufficient
experimental validations, and optimization problems being
restricted to two-dimensional wing models. Surrogate models
have shown difficulties in generalization due to material
nonlinearity, large deformations of composite materials, and
insufficient training data. The focus areas for future work
include material-aware surrogate models, aero-structural
control-oriented optimization methods, and three-dimensional
morphing composite wings. The morphing airfoil concept
must be validated at the wind tunnel and flight scale to ensure
reliable performance. The morphing airfoil concept must be
transformed from a numerical model to a real-world
application.
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APPENDIX

Data extraction form and coding scheme for morphing
airfoil optimization review are summarized below.



S1. Purpose of the data extraction form

In order to ensure transparency, reproducibility, and
consistency in the systematic synthesis, a data extraction form
has been established and used for all studies considered for
review (n = 50). The data extraction form has been conceived
with the aim of collecting methodological, aerodynamic,

optimization.

All studies have been analyzed with a similar extraction
methodology, and each variable has been coded following a
series of categories, as follows.

S2. Data extraction template

optimization,  surrogate-based, @ and  material-related The following is the standardized data extraction sheet used
information pertinent to composite morphing airfoil for the review, as depicted in Table S1.
Table S1. Data extraction form used for literature synthesis
Field Category Extracted Parameter Description Coding Example
Study Identification Study ID Unique identifier assigned to each study S01
Authors and Year First author and publication year Wu et al., 2017
Publication Type Journal / Conference / Preprint Journal
Morphing Configuration Morphing Type Type of geometric morphing Camber morphing
Application Platform Airfoil / Wing / UAV / Aircraft Airfoil
Aerodynamic Modeling CFD Method Aerodynamic simulation fidelity RANS
Turbulence Model Turbulence closure model SST k-®
Coupling Type Aero-only / One-way FSI / Two-way FSI One-way FSI
Structural Modeling Structural Model Structural analysis method FEM nonlinear
Material Type Composite material used Carbon fiber composite
Optimization Optimization Algorithm Optimization method used NSGA-II
Optimization Type Single-objective / Multi-objective Multi-objective
Objective Functions Optimization goals Max L/D, Min drag
Surrogate Modeling Surrogate Model Type Surrogate algorithm Kriging
Training Data Size Number of training samples 200
Validation Validation Method Validation approach used CFD-only
Experimental Validation Wind tunnel / Flight / None None
Performance Outcome Reported Improvement Performance improvement +12% L/D

Limitations

Reported Limitation

Limitations mentioned in the study

Limited validation

S3. Coding scheme

To ensure consistent classification, categorical coding rules
were applied:
Optimization algorithms:

e EA: Evolutionary algorithms (GA, NSGA-II, MOGA)

e ADJ: Adjoint-based optimization

e HYB: Hybrid optimization

¢ GRAD: Gradient-based optimization
CFD fidelity:

e LOW: Panel methods

e MED: Euler methods

e HIGH: RANS/URANS

e VERY HIGH: LES / DNS
Surrogate models:

e KRG: Kriging

e  ANN: Neural network

e RBF: Radial basis function

e  MF: Multi-fidelity surrogate
Validation level:

e VO0: CFD only

e VI: Experimental validation

e  V2: Flight validation
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S4. Example of completed extraction entry

Table S2 shows an example of a completed extraction entry
for one study.

Table S2. Example extracted data entry

Parameter Example Value
Study ID S17
Authors Wu et al.
Year 2017
Morphing Type Camber morphing
Material Composite
CFD Method RANS
Optimization NSGA-II
Surrogate Kriging
Validation CFD-only
Outcome 10% improvement in L/D
Limitation Limited experimental validation

S5. Reproducibility statement

The standardized extraction form ensures consistent
evaluation and reproducibility. All variables, classification
rules, and coding schemes are defined in this Appendix.





