
Contents lists available at ScienceDirect

Aerospace Science and Technology

journal homepage: www.elsevier.com/locate/aescte

Original article

AI-Driven surrogate modeling for iced tailplane aerodynamic prediction

Ciro Cuozzo a,b, Vincenzo Cusati a, Agostino De Marco a, Salvatore Corcione a,∗, 
James H. Page b, Alessandro Zanon b

aUniversity of Naples Federico II, Industrial Engineering Department, via Claudio, 21, Napoli, 80125, Italy
bAIT Austrian Institute of Technology GmbH, Giefinggasse 4, Vienna, 1210, Austria

a r t i c l e  i n f o

Communicated by Jérôme Morio
Keywords:
Ice accretion
Deep learning
Convolutional neural networks
Aerodynamics

 a b s t r a c t

Aircraft tailplane icing poses a significant challenge to flight safety and aerodynamic efficiency, particularly 
under holding or approach conditions. While high-fidelity numerical tools exist for simulating ice accretion and 
its aerodynamic effects, their computational cost is prohibitive for integration into design workflows such as 
multidisciplinary design optimization (MDO). This work introduces a hybrid surrogate modeling framework that 
combines physics-based modeling with machine learning techniques to enable rapid aerodynamic assessment 
of iced configurations. An in-house dataset of 2D iced airfoils is generated using a numerical icing code and 
RANS-based CFD simulations. Neural networks, namely Multi-Layer Perceptrons (MLPs) for iced airfoil geometry 
prediction and Convolutional Neural Networks (CNNs) with Signed Distance Fields (SDFs) for lift prediction, are 
trained to replace expensive CFD computations. These models are then integrated into a quasi-3D nonlinear 
Vortex Lattice Method (VLM), allowing spanwise interpolation and global aerodynamic prediction for clean and 
iced tailplane geometries. The proposed framework achieves a three to four order-of-magnitude reduction in 
computational cost while preserving key aerodynamic trends with acceptable accuracy. A comparative study 
against full RANS simulations demonstrates good agreement, indicating the method’s suitability for use in early 
phase MDO of ice tolerant tailplanes.

1.  Introduction

Inflight icing remains a critical weather-related hazard to aviation. 
Between 1989 and early 1997, the National Transportation Safety Board 
(NTSB) identified in-flight icing as a contributing or causal factor in ap-
proximately 11% of all weather-related general aviation accidents [1]. 
From 1982 to 2000, 583 icing-related incidents resulted in over 800 fa-
talities [2], with two-thirds of fatal cases linked to ice accretion on the 
airframe during flight [3].

Ice accumulation on the wing disrupts the aerodynamics, promot-
ing earlier boundary layer transition and separation at lower angles of 
attack. This degradation typically results in a reduced lift curve slope, re-
duced maximum absolute lift coefficient, and increased drag. Ice accret-
ing near the leading edge shifts the center of pressure forward, though 
the accompanying loss in lift often precludes a corresponding increase 
in nose-up pitching moment [4,5]. Notably, in the presence of deflected 
ailerons, icing can diminish the differential lift between wings, poten-
tially impairing roll control or even leading to its complete loss [6].

While large aircraft wings are generally equipped with de-icing or 
anti-icing systems, these systems are seldom implemented on tailplanes 
due to constraints related to weight, complexity, and cost. A common 
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mitigation strategy involves oversizing the tailplane to ensure toler-
ance to aerodynamic degradation from ice. However, this approach in-
evitably increases structural weight and parasitic drag, thereby raising 
fuel consumption across all phases of flight. CS-25.143 [7] mandate that 
aircraft must remain controllable in all flight phases even under severe 
icing. Moreover, prior to activating ice protection systems, the aircraft 
must be capable of executing a 1.5 g pull-up maneuver under worst-case 
icing scenarios [7]. These requirements highlight the need to accurately 
assess aerodynamic degradation at high angles of attack caused by ice 
accretion.

Numerical simulation of ice accretion typically involves four sequen-
tial calculations: (1) flowfield computation, (2) droplet collection effi-
ciency estimation, (3) runback and ice growth, and (4) remeshing.

Early tools like LEWICE [8] employed full potential methods for 
rapid, low-cost analyses, while its successor LEWICE-E [9] introduced 
Euler-based solvers for improved physical fidelity, albeit with greater 
computational demands. Later advancements such as CANICE2D-
NS [10], FENSAP-ICE [11], and I2CE [12] coupled RANS or Eulerian 
solvers with thermodynamic icing models, often requiring multistep or 
predictor-corrector strategies to track evolving ice shapes. While these 
approaches enhanced model accuracy, they also increased simulation 
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time and meshing complexity. More recent solvers, including the NSMB-
based framework by Peña et al.[13], and the OpenFOAM-based solver 
by Li and Paoli [14], leverage fully coupled 3D solvers, mesh morph-
ing, and Eulerian droplet models. Similarly, LEWICE3D [15] and the 
two-phase flow approach of Cao et al. [16] integrate aerodynamic and 
thermodynamic solvers within unified environments.

Despite their sophistication, these high-fidelity tools remain imprac-
tical for integration into iterative design loops such as those in Multidis-
ciplinary Design Optimization (MDO), due to prohibitive computational 
cost, extensive preprocessing requirements, and slow turnaround time. 
A recent study by Page et al. [17] demonstrated the computational bur-
den of simulating a 45-minute in-flight icing event under FAR 25 Ap-
pendix C using FENSAP-ICE. Their high-fidelity 3D simulation on a jet 
transport aircraft tailplane required one week for ice accretion modeling 
and an additional week for the aerodynamic evaluation. Such intensive 
demands highlight the impracticality of embedding traditional CFD ap-
proaches within MDO loops, where rapid iteration is essential.

To address this bottleneck, considerable attention has shifted toward 
data-driven alternatives that eliminate the need for full CFD simulations 
at each design point. Machine learning models, surrogate techniques, 
and reduced-order frameworks offer promising avenues for estimating 
ice growth and its aerodynamic impact efficiently. These methods lever-
age precomputed data to deliver rapid predictions, enabling real-time 
evaluations during optimization. Notably, Corcione et al. [18,19] em-
ployed radial basis function (RBF)-based surrogates to model both aeroe-
lastic effects and aerodynamic behavior of advanced tailplane configu-
rations, exemplifying the integration of such techniques into modern 
design workflows.

Recent advances in data-driven approaches have shown promising 
potential in modeling ice accretion, offering a practical alternative to 
high-fidelity CFD. Jung et al. [20] applied Proper Orthogonal Decompo-
sition (POD) to extract dominant modes from complex datasets, enabling 
efficient prediction of ice shapes and collection efficiency. Li et al. [21] 
proposed a data-driven classification of icing severity based on Extreme 
Gradient Boosting (XGBoost), identifying flight conditions prone to haz-
ardous ice formation. Strijhak et al. [22] used neural networks to predict 
ice shapes across different airfoils, and Massegur et al. [23] introduced 
a local POD and convolutional autoencoder approach to reconstruct ice 
contours on a NACA 0012 profile.

In the context of aerodynamic prediction, machine learning has in-
creasingly been adopted to reduce reliance on high-fidelity CFD simu-
lations. Balla et al. [24] employed Multi-Layer Perceptrons (MLPs) to 
predict aerodynamic coefficients for parametrized 2D airfoils and 3D 
wings, demonstrating the feasibility of using lightweight neural archi-
tectures for fast aerodynamic evaluation. Liu, Li, and Lu [25] explored 
the use of Convolutional Neural Networks (CNNs), incorporating bina-
rized representations of airfoil geometries combined with rotation to 
account for varying angles of attack. Bhatnagar et al. [26], Zhang et 
al. [27], and Duru et al. [28] further advanced this approach by using 
Signed Distance Fields (SDFs) to represent geometry, providing richer 
spatial information than binary masks. Guo et al. [29] systematically 
compared binary and SDF-based representations for flowfield predic-
tion around airfoils, finding that SDF encodings resulted in significantly 
lower predictive errors. This improvement was attributed to the ability 
of SDFs to capture global geometric features more effectively, reducing 
the need for excessively deep or complex network architectures.

Despite these developments, data-driven applications to the aero-
dynamics of iced lifting surfaces remain limited. Corcione et al. [30] 
developed a reduced-order model for iced tailplane aerodynamics, 
enabling fast prediction of key parameters such as lift curve slope 
and high-lift performance to support ice-tolerant tail design. Masse-
gur et al. [23] analyzed ice-induced high-lift performance degradation, 
while Zhao et al. [31] employed Deep Operator Networks to map iced 
shapes to aerodynamic coefficients.

While this paper focuses on 3D aerodynamic evaluation, it builds on 
2D high-fidelity data integrated through a quasi-3D methodology. Previ-

ous efforts in this direction include the modified Vortex Lattice Method 
(VLM) by Della Vecchia et al. [32], and the conceptual framework of Fu-
jiwara and Bragg [33], which combined 2D solvers and empirical icing 
codes. Although effective, such methods typically fall short of RANS-
level fidelity in modeling the degraded performance of iced sections.

This study proposes the formulation of a computational framework 
that substantially reduces the cost associated with the prediction of aero-
dynamic performance degradation under icing conditions, while pre-
serving a level of accuracy compatible with both preliminary design and 
certification-oriented analyses. In contrast to conventional methodolo-
gies, which are often constrained to either prohibitively expensive three-
dimensional CFD simulations or overly simplified two-dimensional anal-
yses, the present approach exploits high-fidelity two-dimensional aero-
dynamic data to train machine-learning surrogates subsequently embed-
ded within a quasi-three-dimensional solver. This enables the efficient 
reproduction of key three-dimensional effects-such as the spanwise vari-
ation of lift-within a computationally affordable 2.5D formulation, thus 
making the methodology suitable for integration into multidisciplinary 
design optimization environments. The proposed framework demon-
strates a reduction in computational cost of several orders of magnitude 
compared to full RANS-based icing workflows, while maintaining dis-
crepancies with high-fidelity references within acceptable bounds for 
engineering applications. This integration enables a robust yet compu-
tationally efficient simulation of iced tailplane behavior, with direct im-
plications for tailplane sizing, control authority assessment, and compli-
ance with FAR 25 Appendix C requirements.

2.  Methodology

This study presents a predictive framework for estimating the three-
dimensional lift curve of a tailplane subjected to ice accretion. The 
framework integrates a nonlinear Vortex Lattice Method (VLM) en-
hanced by high-fidelity two-dimensional data. This hybrid approach 
exploits the computational efficiency of the VLM while incorporating 
detailed aerodynamic characteristics derived from two-dimensional vis-
cous simulations, thereby aiming to strike a balance between compu-
tational cost and predictive accuracy. The workflow is summarized in 
Fig. 1.

The analysis process begins by defining the geometry and flight con-
ditions through a set of macro-level parameters, which include both 
design and flow field variables. The baseline airfoil adopted in this 
study is the symmetrical supercritical NASA SC(2)-0010 airfoil [34] 
parametrized with its leading-edge-radius-to-chord ratio (𝑅LE∕𝑐), and 
thickness-to-chord ratio (𝑡∕𝑐). The wing planform is characterized by its 
root chord (𝑐r,w), taper ratio (𝜆w), aspect ratio (Aw), wingspan (𝑏w), and 
leading-edge sweep angle (ΛLE,w). The flow conditions considered in the 
analysis are the Mach number (𝑀ice), icing angle of attack (𝛼ice),median 
volume diameter (𝑀𝑉𝐷), liquid water content (𝐿𝑊 𝐶), and ambient 
temperature (𝑇 ). The macro-level parameters of the lifting surface are 
formally collected in the following array:
𝒙 = [𝑥1, … , 𝑥12 ] =

[

𝑅LE∕𝑐, 𝑡∕𝑐, 𝑐r,w, 𝜆w, Aw, 𝑏w, ΛLE,w,

𝛼ice, 𝑀ice, 𝑀𝑉 𝐷, 𝐿𝑊 𝐶, 𝑇
]

(1)

Once the design vector 𝒙 is defined, the lifting surface is dis-
cretized into several user-defined cross sections, each associated with 
an airfoil geometry. For a spanwise discretization w =

{

𝑦𝑘 ∶ 𝑦1 =
0, 𝑦2, … , 𝑦𝑁sec

= 1
2 𝑏w

} over 𝑁sec sections chosen along the semi-wing, 
the 3D geometry is represented by a collection w =

{

𝑐(𝑦𝑘) ∶ 𝑐root =
𝑐(0), 𝑐(𝑦2), … , 𝑐

( 1
2 𝑏w

)

= 𝜆w𝑐root
} of chords. The ice accretion process is 

then simulated using a trained neural network, described in Section 2.1. 
This model maps the local flow parameters and global atmospheric con-
ditions to a corresponding ice shape for each section. The output is a set 
of iced airfoil geometries distributed along the span of the lifting sur-
face. These iced airfoils are subsequently analyzed by a second neural 
network, detailed in Section 2.2, which estimates their two-dimensional 
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Fig. 1. Workflow for quasi-3D, iced-wing aerodynamic performance estimation. The method uses data-driven surrogate models for 2D ice accretion and 2D iced, 
viscous airfoil aerodynamics predictions; the latter are the inputs to a nonlinear VLM for the estimation of lifting surface aerodynamics.

Table 1 
Design space for 2D icing simulations including relevant physical effects.
Variable Description Lower bound Upper bound
 Airfoil Geometry
𝑅LE Leading-edge radius 0.8𝑅LE,ref 1.2𝑅LE,ref
𝑡∕𝑐 Thickness-to-chord ratio 8% 15%
𝑐 Chord length 0.5m 3.5m

 Flight Conditions
𝑀 Mach number 0.2 0.4
𝑀𝑉𝐷 Median Volume Diameter of droplets 15 µm 40 µm
𝑇 Free-stream temperature −30 ◦C 0 ◦C
𝛼ice Angle of attack during icing −4◦ 4◦

 Atmospheric Reference Conditions (ISA, fixed)
ℎ Altitude 5000m
𝑝 Static pressure 54 000 Pa
𝜌air Air density (ISA + ideal gas) 0.736 kgm−3

aerodynamic performance over a range of angles of attack. This results 
in a collection of 2D aerodynamic datasets that include the lift curves 
of clean and iced airfoils along the span.

The final step of the process involves the computation of three-
dimensional aerodynamic characteristics. The 2D data obtained from 
the iced sections are input to a quasi-3D aerodynamic solver based on a 

VLM [32], which accounts for the spanwise distribution of aerodynamic 
properties and returns the overall lift curve and load distribution of the 
iced wing.

The input space used to define the simulations incorporates both 
aerodynamic design parameters and environmental conditions rele-
vant to icing. In particular, ice accretion is driven by free-stream
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Fig. 2. Appendix C icing envelope division into three regions for three neural networks: zone 1 corresponds to glaze icing, zone 2 to mixed icing, and zone 3 to rime 
icing.

thermodynamic conditions, with the most influential variables being 
𝑀𝑉𝐷, 𝐿𝑊 𝐶, and 𝑇 . These parameters govern both the collection effi-
ciency and freezing behavior of supercooled droplets on the surface.

Droplet size determines the inertial response of particles near the 
stagnation region: smaller droplets (typically ≤ 15 µm) tend to follow 
streamlines, reducing their likelihood of impacting the surface. The 
runback dynamics, convective heat transfer and phase change thermo-
dynamics decide the ice morphology. Rime ice generally forms under 
colder, low-𝐿𝑊 𝐶 conditions, where droplets freeze upon impact. In 
contrast, glaze ice is typically observed when 𝑇  is closer to freezing and 
𝐿𝑊 𝐶 is high, resulting in liquid film flow and delayed freezing. These 
phenomena significantly affect the shape and location of accreted ice, 
with significant implications for the aerodynamic degradation observed 
in both 2D and 3D performance.

To assess the aerodynamic impact of ice accretion under conserva-
tive and operationally relevant conditions, this study adopts a 45-minute 
holding scenario, consistent with the continuous maximum icing enve-
lope defined in Appendix C of 14 CFR Part 25 [35]. This scenario is 
recognized as one of the most critical for stability and control evalu-
ations. In such conditions, 𝐿𝑊 𝐶 is parameterized as a function of 𝑇 , 
𝑀𝑉𝐷, and fixed exposure time of 45min.

As a result, the design vector used to characterize each simulation 
becomes: 

𝒙 =
[

Wing Geometry
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
𝑅LE∕𝑐, 𝑡∕𝑐, 𝑐r,w, 𝜆w,Aw, 𝑏w, ΛLE,w,

Flow Conditions
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
𝛼ice, 𝑀ice, 𝑀𝑉 𝐷, 𝑇

]

(2)

To reduce computational complexity while preserving representa-
tiveness, atmospheric conditions are fixed according to the International 
Standard Atmosphere (ISA) at a typical holding altitude of 5000m. Static 
pressure is set to 54 000 Pa, air density is calculated using the ideal 
gas law, water and ice density are assumed constant at 997 kgm−3 and 
917 kgm−3, respectively.

The design space thus reflects a physically informed range of vari-
ables spanning both geometry and flight conditions, enabling the sim-
ulation of ice accretion across various supercritical, symmetrical airfoil 
configurations. Table 1 summarises the parameter bounds adopted in 
the 2D icing calculations.

2.1.  Data-Driven prediction of 2D ice shapes using neural networks

Accurate prediction of iced airfoil geometries is a prerequisite for 
evaluating their aerodynamic performance, which serves as input to the 

3D aerodynamic solver. To avoid computationally expensive CFD-based 
accretion simulations in the final toolchain, this work employs machine 
learning techniques to estimate 2D ice shapes over a broad design space. 
Due to the complex physics of ice accretion, a wide variety of ice ge-
ometries may form under different environmental and operational con-
ditions. To capture this variability, an empirical classification of icing 
regimes was developed based on the primary influencing parameters: 𝑇 , 
𝐿𝑊 𝐶, and 𝑀ice. The design space was divided into three distinct zones 
as shown in Fig.  2: zone 1 is dominated by glaze ice formations, zone 
3 by rime ice, and zone 2 represents transitional or mixed ice shapes 
with increased sensitivity to Mach number. Three neural networks were 
trained, one for each zone.

The dataset used for training was generated using a proprietary in-
house ice accretion code that mimics the typical numerical sequence 
used in icing analysis. The tool includes: a 2D inviscid flow solver, a 
Lagrangian particle tracking algorithm for droplet trajectories, a heat 
transfer model using the Makkonen correlation [36], and the Messinger 
equations [37] for computing local energy balance. Starting from the 
stagnation point, the solver iteratively computes local equilibrium sur-
face temperatures and freezing fractions along the airfoil surface. Any 
unfrozen water is allowed to convect downstream, enabling the repre-
sentation of complex geometries including glaze features. Surface rough-
ness is estimated following Shin et al. [38]. The validation and bench-
marking of this icing code is reported in [30]. Although the tool supports 
both ice-on and ice-off aerodynamic evaluations using inviscid flow as-
sumptions, viscous computations are preferred for post-processing aero-
dynamic performance. A total of 2100 simulations were performed us-
ing Latin Hypercube Sampling (LHS) over the design space defined in
Table 1, randomly split into training (75%), validation (15%), and test 
(10%) sets. To further augment the dataset without performing addi-
tional simulations, geometric symmetry was leveraged. Specifically, for 
cases where the clean airfoil is symmetric, new samples were generated 
by mirroring the iced airfoil geometry, that is, by inverting both the 
icing angle of attack and the 𝑧 coordinates, according to Eq. 3. 
𝑧(𝛼ice) = −𝑧(−𝛼ice) (3)

Two neural network architectures were explored to predict iced air-
foil shapes: a Multi-Layer Perceptron (MLP), denoted MLPice, and a 
Convolutional Neural Network (CNN), denoted CNNice. In the MLPice
model, each input sample is a vector that contains seven scalar in-
put variables. The MLPice model is not described in detail, as it rep-
resents a well-established and widely adopted architecture. In contrast, 
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Fig. 3. A CNNice input sample, shown with reduced grid resolution for clarity.

Table 2 
Summary of hyperparameter configurations for MLPice. Best validation and test-set performance 
highlighted in green.
 Set 𝐹𝐶1 𝐹𝐶2 𝐹𝐶3 𝐹𝐶4 𝐹𝐶5 𝐿1,train

(

×10−3
)

𝐿1,val
(

×10−3
)

𝐿1,test
(

×10−3
)

 1  512  512  512  1024  –  1.51  1.61  1.64
 2  512  512  512  1024  1024  1.24  1.51  1.48
 3  1024  1024  1024  2048  2048  0.71  1.06  1.09
 4  2048  2048  2048  4096  4096  0.59  1.28  1.24

Fig. 4. Convergence of the training and testing loss functions for the MLPice model, with a zoom on the final 2000 epochs.

Fig. 5. Example of a structured O-grid generated using Construct2D for an iced airfoil. The mesh is refined near the leading edge and along the boundary layer to 
capture steep gradients.
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Table 3 
CFD setup used in SU2 for 2D iced airfoil simulations.
Parameter Description

Solver type Compressible RANS - Pressure based
Turbulence model Spalart-Allmaras
Mach number 0.35 (holding condition)
Reynolds number Based on chord; evaluated using ISA conditions at 5000m
Altitude 5000m (ISA standard atmosphere)
Angle of attack range −14 deg to 14 deg
Grid topology Structured O-grid (Construct2D)
Grid resolution Typical: 512 × 256 (points × layers), clustered near walls
Grid format Plot3D converted to SU2 using Python script
Non-dimensionalization Not applied; grid scaled by chord length
CFL number 2.0
Convergence criterion Residual threshold: 10−3
Automation mesh generation and SU2 execution scripted in Python

Fig. 6. Example of an SDF of an iced airfoil. The zero-level set (black) represents 
the airfoil boundary.

Fig. 7. Schematic representation of CNN architectures for lift prediction.

Table 4 
Hyperparameter study results for CNNaero,1. Best validation and test-set per-
formance highlighted in green.
 Set 𝑁ch,1 𝑁ch,2 𝑁ch,3 𝐹𝐶1 𝐹𝐶2 𝐿1,train

(

×10−2
)

𝐿1,val
(

×10−2
)

𝐿1,test
(

×10−2
)

 1  4  –  –  16  –  8.4  9.2  9.1
 2  4  8  –  16  –  4.9  7.5  7.8
 3  8  8  –  16  32  2.9  4.2  4.3
 4  8  8  8  32  32  1.8  5.8  6.0

the CNNice model encodes each sample as an artificial image in which 
pixel intensities represent encoded input variables within a structured 
2D grid. The discretization for CNN input was carried out on a 150 × 
150 uniform grid, covering the spatial domain −0.05 < 𝑥∕𝑐 < 1.05 and 
−0.08 < 𝑧∕𝑐 < 0.08. Pixel intensities 𝐼(𝑥, 𝑦) were defined using an indi-
cator function 𝕀𝐷(𝑥, 𝑦), as shown in Eq. 4. A visual example of a CNNice
input sample is shown in Fig. 3. The input tensor is processed through a 
sequence of convolutional layers, after which the resulting feature maps 
are flattened into a one-dimensional vector. This vector is then passed 
through fully connected layers up to the final output. The CNNice archi-
tecture is not reported, as it is identical to that shown in Fig. 9, except 

for the absence of angle of attack and Reynolds number as additional in-
puts. Specifically, CNNice employs two convolutional layers with 8 and 
16 output channels, respectively followed by two fully connected layers 
with 32 and 64 neurons. A kernel size of 3, a stride of 1, and no padding 
were applied in the convolutional layers. 

𝐼(𝑥, 𝑦) = 𝕀𝐷(𝑥, 𝑦) ⋅ (𝑇 ,MVD, 𝛼ice) + (1 − 𝕀𝐷(𝑥, 𝑦)) ⋅ (𝑐,𝑀, 0) (4)

To improve training stability and avoid inactive neurons, the Leaky 
ReLU activation function was adopted in hidden layers, with a slope 
coefficient 𝛼 = 0.05 [39]. The Adam optimizer [40] was used with a 
learning rate of 10−4, a batch size of 16, and a training duration of 
4000 epochs. This learning rate was selected after tests with values in 
the range 10−6 – 10−2, which indicated that 10−4 provided stable conver-
gence with minimal loss oscillations while keeping a reasonable training 
time. An 𝐿1 loss function was used to reduce the sensitivity to outliers. 
Although dropout regularization was initially tested, it did not signifi-
cantly improve performance. Lasso (𝐿1) regularization [41] was incor-
porated into the training process, with a penalty coefficient 𝜆 set to 10−3. 
Although both architectures were initially tested, hyperparameter tun-
ing was performed only for MLPice due to its higher accuracy. Table 2 
summarizes the performance of four tested configurations. The third 
configuration provided the best trade-off between accuracy and gener-
alization, minimizing test loss with low overfitting.

Fig. 4 presents the convergence of the 𝐿1 loss function for the MLPice
model using the selected set of hyperparameters. Both training and 
validation losses decrease rapidly during the initial epochs, followed 
by a more gradual reduction. As highlighted in the magnified region, 
the validation loss reaches a plateau, whereas the training loss contin-
ues to decline. This divergence suggests the onset of overfitting, where 
the model achieves improved performance on the training data with-
out a corresponding gain on validation data. Consequently, the train-
ing process was not extended beyond 4000 epochs to avoid further
overfitting.

2.2.  CFD-Based Dataset generation and machine learning framework for 
lift prediction

This section introduces the methodology used to predict the lift curve 
of iced airfoils, whose geometries are computed as described in Sec-
tion 2.1. As with the ice shape prediction, neural networks are em-
ployed to estimate aerodynamic performance, thereby avoiding direct 
CFD simulations in the final 3D workflow. For all lift predictions, the 
Mach number is fixed at 0.35, representative of typical holding condi-
tions. This choice is motivated by the relatively minor influence of Mach 
number on subsonic lift, particularly when compared to the dominant 
effects of geometric deformation due to ice accretion. Should alterna-
tive flight conditions be required, well-established compressibility cor-
rections such as the Prandtl-Glauert or Laitone transformations can be 
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Fig. 8. Convergence of the training and testing loss functions for the CNNaero,1 model, with a zoom on the final 4000 epochs.

Table 5 
Comparison of neural network architectures for 2D lift prediction.
Model Geometry Input 𝛼 + 𝑅𝑒 Injection Observations

MLPaero 7 scalars Scalars in input layer Limited accuracy
CNNaero,1 SDF (grayscale) Post-convolution (1 × 1 scalars) Best generalization observed
CNNaero,2 SDF + 𝛼 + 𝑅𝑒 (RGB) Input layer (150 × 150 uniform tensors) High model capacity

Fig. 9. CNNaero,1 architecture, metadata merged post-convolution.

Table 6 
Input variables of 6 test samples for 2D ice prediction validation. Design space zone refers to the Appendix C division 
reported in Fig. 2.
 Case  Mach 𝑇  (◦C)  MVD (µm)  c (m) 𝑅LE∕𝑅LE,ref 𝑡∕𝑐 (%) 𝛼ice (deg)  LWC (gm−3)  Design space zone
 TC1  0.37 −10.8  23.1  1.31  0.91  11.1 −1.54  0.33  Mixed (zone 2)
 TC2  0.35 −14.6  34.4  0.54  1.05  9.3 −2.52  0.13  Rime (zone 3)
 TC3  0.22 −7.8  22.0  0.56  0.81  12.1  2.23  0.42  Glaze (zone 1)
 TC4  0.28 −3.8  19.5  2.66  0.93  14.0  0.34  0.57  Glaze (zone 1)
 TC5  0.25 −1.7  29.3  1.42  1.10  10.9 −1.93  0.37  Glaze (zone 1)
 TC6  0.38 −21.7  22.2  3.23  1.14  10.2 −3.71  0.17  Rime (zone 3)

applied with sufficient accuracy. The dataset used to train the neural net-
works was generated using the SU2 suite (Stanford University Unstruc-
tured) [42], a widely adopted open-source CFD solver. Since SU2 lacks a 
built-in grid generator, Construct2D [43], an open-source Fortran-based 
code, was used to create structured C- and O-type meshes around two-
dimensional geometries. This tool allows fine control over key meshing 

parameters, including boundary layer resolution, 𝑦+, and far-field do-
main size. As Construct2D outputs meshes in Plot3D format,1 a Python 
script was used to convert these files into SU2-compatible format. To

1 See NASA Ames’ documentation on Plot3D format.
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Fig. 10. Performance evaluation of 2D ice shape prediction for 6 airfoils. “Ground truth” indicates the results obtained with the ice accretion code described in 
Section 2.1. All airfoils are scaled such that the corresponding clean airfoil has unitary chord.

Table 7 
Input variables of 6 test samples for 2D lift prediction validation.
 Case  Mach 𝑇  (◦C)  MVD (µm) 𝑐 (m) 𝑅LE∕𝑅LE,ref 𝑡∕𝑐 (%) 𝛼ice (deg)
 TC1  0.27 −7.8  33.5  1.53  1.13  8.4  0.86
 TC2  0.25 −29.1  16.3  0.90  1.18  11.7 −1.30
 TC3  0.21 −15.1  25.7  2.78  1.17  10.1  3.88
 TC4  0.36 −4.0  27.2  1.74  0.97  9.1  2.4
 TC5  0.36 −18.1  22.2  1.16  0.89  11.4  1.05
 TC6  0.34 −11.7  31.4  3.35  0.81  14.9  1.71

ensure dimensional consistency in compressible RANS simulations 
(which are not non-dimensionalized with Reynolds number), mesh scal-
ing by the airfoil chord length was applied using the SU2_DEF executable. 
Both Construct2D and SU2 support automation via scripting, which was 
essential to efficiently generate a large and diverse dataset. An example 
of a structured grid over an iced airfoil is shown in Fig. 5.

Table 8 
Error statistics (maximum, mean, and median absolute errors) for 2D lift pre-
diction models evaluated on the test set in the pre-stall range. Percentages in 
parentheses denote relative errors with respect to the ground-truth 𝐶𝑙.

 Model  Max Absolute Error  Mean Absolute Error  Median Absolute Error
 MLPaero  0.82 (> 100%)  0.119 (15.6%)  0.067
 CNNaero,1  0.27 (38.3%)  0.043 (6.7%)  0.021
 CNNaero,2  0.33 (60.9%)  0.050 (7.5%)  0.024

The dataset used to train the neural networks for lift curve prediction 
was constructed from CFD simulations performed on 50 iced airfoils. 
Each configuration was evaluated at angles of attack ranging from −14◦
to 14◦ in 2◦ increments, excluding ±2◦. This choice yielded a total of 
650 simulations, of which 80% were allocated for training and 20% re-
served for validation. The final performance of the models was assessed 
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Fig. 11. Box plots of the 𝐿1 norm between model predictions and ground truth, 
normalized by the corresponding clean airfoil chord, for MLPice and CNNice.

Table 9 
Geometric parameters and flight conditions used in the 3D simula-
tion. 𝑡∕𝑐 and 𝑅LE∕𝑐 are constant along the lifting surface span.
 Parameter  Description  Unit  Value
 Geometry
Aw  Wing Aspect Ratio  –  6
𝑆w  Wing area m2  25
Λ𝐿𝐸,w  Leading Edge sweep angle deg  15
𝜆w  Taper ratio  –  0.6
𝑡∕𝑐  Thickness to chord ratio  –  0.10
𝑅LE∕𝑐  Leading Edge Radius to chord ratio  –  0.01428
 Flight conditions
𝑇  Freestream temperature ◦C −8
𝑀𝑉𝐷  Droplets Median Volume Diameter µm  20
𝐿𝑊 𝐶  Droplets Liquid Water Content g∕m3  0.459
𝑀  Mach number  –  0.35
𝛼ice  Freestream Icing Angle of Attack deg  3

on an independent test set comprising 16 previously unseen airfoils, as 
described in Section 3.2. The solver settings used in these computations, 
representative of a loitering flight condition, are summarized in Table 3. 
To expand the dataset without additional CFD computations, geometric 
symmetry was exploited. Specifically, the lift curve of an airfoil mir-
rored about the 𝑥-axis can be obtained by leveraging the antisymmetry 
of the lift coefficient with respect to the angle of attack.

The use of surrogate models significantly reduces the computa-
tional burden typically associated with aerodynamic performance eval-
uation. On average, each compressible RANS simulation required ap-
proximately 15–30minutes to converge on a standard workstation (8-
core CPU), depending on the complexity of the iced geometry and angle 
of attack. In contrast, inference with the trained neural network takes 
around 1 s per sample.

Considering the generation of a full lift curve with 13 angles of at-
tack per airfoil, the CFD-based process requires approximately 5–6 hours
of wall-clock time per airfoil. When extrapolated to a design optimiza-
tion loop or uncertainty quantification scenario involving thousands of 
evaluations, the computational savings enabled by the surrogate model 
become substantial, often exceeding a factor of 104 in terms of wall-clock 
time.

2.2.1.  Selection of the most suitable neural network architecture for iced 
airfoil lift prediction

Three neural network architectures were evaluated for predicting the 
lift coefficient of iced airfoils: a Multi-Layer Perceptron (MLPaero), and 

two convolutional neural networks, denoted CNNaero,1 and CNNaero,2, 
respectively. The architecture of MLPaero is analogous to the one de-
scribed in Section 2.1, with the only difference being the output format-
here, the network outputs a scalar lift coefficient rather than a set of 2D 
airfoil coordinates. Due to its architectural similarity and lower perfor-
mance, MLPaero is not analyzed further in this section.

Results (Section 3.1) showed that the CNN model used for ice shape 
prediction underperformed relative to its MLP counterpart. This moti-
vated the development of alternative CNN-based representations for lift 
prediction. In particular, the goal was to enhance the geometric input’s 
informativeness by transitioning from binary masks to Signed Distance 
Functions (SDF), which are known to preserve more spatial and topo-
logical information [44].

Let Ω ⊂ ℝ𝑛 be a region (e.g., the interior of the airfoil), and let 𝜕Ω
denote its boundary. The SDF 𝜙 ∶ ℝ𝑛 → ℝ is defined as

𝜙(𝒙) =
⎧

⎪

⎨

⎪

⎩

+dist(𝒙, 𝜕Ω), 𝒙 ∉ Ω (outside)
0 𝒙 ∈ 𝜕Ω (on the boundary)
−dist(𝒙, 𝜕Ω), 𝒙 ∈ Ω (inside)

where

dist(𝒙, 𝜕Ω) = min
𝒚 ∈ 𝜕Ω

‖𝒙 − 𝒚‖

To determine whether a point 𝒙 ∈ ℝ2 lies inside the domain Ω, the 
Winding Number algorithm [45] is used. The domain is discretized over 
a 150 × 150 grid spanning −0.15 < 𝑥∕𝑐 < 1.01 and −0.12 < 𝑧∕𝑐 < 0.12, 
which is sufficient to fully encapsulate all iced geometries in the dataset, 
and the SDF is computed for each of the grid points. An example SDF 
calculated on an iced airfoil is shown in Fig. 6.

In addition to geometry, both CNN architectures receive the 
Reynolds number and angle of attack as inputs. In CNNaero,1,  these two 
quantities are provided as scalars and concatenated with the flattened 
convolutional output— thus increasing its size by two units—and the 
resulting vector is processed through fully connected layers up to the 
final regression head.  In contrast, CNNaero,2 embeds these quantities 
directly into the image input as constant-value tensors, each matching 
the shape of the SDF (150 × 150). As a result, the input to CNNaero,2 can 
be interpreted as an RGB image, where the red channel encodes SDF 
values, the green channel represents the angle of attack, and the blue 
channel corresponds to the Reynolds number. The CNN architectures 
are schematized in Fig. 7.

All models were trained using the Adam optimizer [40] with a learn-
ing rate of 10−4, 𝐿1 loss function, a batch size of 8, and a training dura-
tion of 10,000 epochs. Dropout was evaluated but found to have negli-
gible impact. Lasso (𝐿1) regularization was applied with a penalty term 
𝜆 = 10−5 to prevent overfitting and encourage sparsity. A hyperparam-
eter study was conducted on the CNN models, exploring different con-
figurations of convolutional channel depths (𝑁ch,i) and fully connected 
layer widths (𝐹𝐶𝑖), the main quantity of interest is the loss function eval-
uated on the validation set val. Table 4 summarizes the results obtained 
for CNNaero,1. As expected, performance improved with model capacity 
up to a certain number of network parameters, beyond which further 
increases led to overfitting. This trend mirrors observations made in the 
ice prediction network. The convergence of the training and testing loss 
functions with this hyperparameter set is shown in Fig. 8. Similarly to 
MLPice, although the training loss continues to decrease, training was 
not extended to additional epochs due to minimal gains in the valida-
tion loss function.

A comprehensive validation of model performance is presented in 
Section 3.2. Table 5 provides a comparative summary of the three neural 
network architectures explored for predicting the lift coefficient of iced 
airfoils. The models differ primarily in how the airfoil geometry and the 
physical metadata-angle of attack (𝛼) and Reynolds number (𝑅𝑒)-are 
represented and processed.

The MLP operates on scalar inputs and offers limited modeling 
capacity for geometric complexity. In contrast, both CNN variants
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Fig. 12. Performance evaluation of 2D Lift Predictor for 6 airfoils. “Ground truth” indicates the results obtained with SU2.

leverage image-based representation. CNNaero,1 processes the airfoil ge-
ometry through an SDF, with 𝛼 and 𝑅𝑒 appended after convolutional fea-
ture extraction, while CNNaero,2 embeds all three inputs directly into the 
image channels, simulating an RGB structure. This structural difference 
impacts learning performance and generalization, as further discussed 
in Section 3.2. Preliminary training results indicated that CNNaero,1 pro-
duced the most stable and generalizable predictions. Although CNNaero,2
also achieved good accuracy, its performance was inferior to that of 
CNNaero,1. The final architecture employed for the aerodynamic predic-
tions, the CNNaero,1, is reported in Fig. 9, where the structural arrange-
ment of convolutional and dense layers, along with the integration of 
physical inputs, is clearly illustrated.

The final neural network model, selected for lift prediction, maps 
the iced airfoil geometry and flow condition parameters to the corre-
sponding two-dimensional lift coefficient. The model input consists of 
a combination of geometric and aerodynamic features: the SDF, paired 

with 𝛼 and 𝑅𝑒, forming the complete input to the neural network. The 
output is the corresponding lift coefficient 𝐶𝑙, thereby learning the func-
tional mapping: 

𝐶𝑙 =  (SDF, 𝛼, 𝑅𝑒) (5)

3.  Validation and benchmarking of the neural networks’ 
predictive capability

This section validates the proposed hybrid methodology for aerody-
namic performance prediction of iced airfoils. The evaluation focuses on 
the individual components of the toolchain, namely ice shape prediction 
and lift curve estimation, both of which rely on machine learning sur-
rogates trained on numerical simulations. Each model is benchmarked 
against reference results withheld during dataset generation. The ob-
jective is to determine the most robust surrogate model for integration 
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Fig. 13. Statistical evaluation of 2D lift coefficient predictions on test set, pre-stall range. For clarity, the box plot is trimmed at 100% relative error; MLPaero data 
points with 𝜀𝐶𝑙 > 100 are not shown in the box plot but are encircled in blue in the regression plot. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

into the quasi-3D solver, with selection based on predictive accuracy, 
robustness across scenarios, and ease of deployment. Six test cases are 
considered for each phase of the evaluation, denoted as TCi for the i-th 
test case.

3.1.  2D iced airfoil shape prediction

In this section, the benchmarking of the neural network for iced air-
foil shape prediction is presented. A selection of 6 samples from the 
benchmarking process is reported in Fig. 10, which refers to the input 
variables defined in Table 6. Both MLPice and CNNice accurately recon-
struct the iced airfoil in test cases TC2, TC4, and TC6. In TC1, MLPice
achieves a satisfactory reconstruction, whereas CNNice fails to capture 
the overall icing phenomena effectively. In TC5, both models success-
fully predict ice accretion on the lower part of the leading edge; how-
ever, CNNice overestimates the ice extension on the upper surface. In 
TC3, CNNice slightly outperforms MLPice, which underestimates the ice 
extent but still provides a qualitatively accurate reconstruction.

Overall, MLPice consistently achieves higher accuracy across a range 
of icing scenarios. This performance advantage is quantitatively sup-
ported by a statistical analysis conducted on test data. As illustrated 
in Fig. 11, the box plot of the 𝐿1 norm between model predictions and 
ground truth (normalized by the chord length of the clean airfoil) shows 
that MLPice yields lower median and interquartile values compared to 
CNNice.

From a deployment standpoint, the simpler MLPice architecture also 
offers reduced inference time and lower memory overhead, making it a 
more practical choice for integration with the 3D VLM framework. How-
ever, future work may revisit CNN-based encodings in combination with 
Signed Distance Functions, which have proven effective in aerodynamic 
prediction.

3.2.  2D iced airfoil lift prediction

As illustrated in Fig. 12, which presents the lift curves obtained us-
ing the three models tested on the input samples defined in Table 7, in 
TC1 and TC4, all three models exhibit strong performance, accurately 

predicting the lift curve. In TC2, MLPaero does not capture the correct 
slope and stall behavior, whereas both CNN models successfully predict 
these aerodynamic characteristics. In TC3, all models accurately predict 
the lift curve slope; however, the CNNs correctly capture both negative 
and positive stall, while MLPaero accurately predicts only the positive 
stall. In TC5, MLPaero fails to predict the lift curve altogether, whereas 
the CNN models correctly capture the slope. Additionally, CNNaero,1 pro-
vides a more accurate prediction of the negative stall, while CNNaero,2
performs better in predicting the positive stall. In TC6, all three mod-
els accurately predict the lift curve slope and capture the negative stall. 
However, while MLPaero and CNNaero,2 slightly outperform CNNaero,1 in 
this regard, MLPaero fails to predict the positive stall, whereas the CNN 
models provide a better prediction. However, it is important to note 
that, in post-stall conditions, the predictions of all three models become 
less reliable. This limitation suggests that a larger dataset at high angles 
of attack or modifications to the models’ architectures may be necessary 
to capture the more complex physics occurring in this regime.

The CNN-based architectures clearly outperform the MLP baseline in 
modeling the nonlinear aerodynamic response of iced airfoils. In partic-
ular, CNNaero,1 provides the most robust predictions, balancing model 
expressivity with generalization. Unlike CNNaero,2, which embeds physi-
cal metadata directly into the input tensor, CNNaero,1 decouples geomet-
ric encoding from physical parameters, a design that appears to improve 
learning stability and reduce overfitting, especially at high angles of at-
tack.

A statistical evaluation was carried out to identify the most suit-
able model for integration into the VLM framework. Box plots and re-
gression plots are utilized to assess model performance across a broad 
dataset made up of 224 simulations carried out using SU2, restricted to 
samples with lift coefficients obtained in pre-stall threshold. To avoid 
singularities, data points corresponding to zero angle of attack were 
excluded from the box plots and instead highlighted in the regression
plots.

The results, presented in Table 8 and Fig. 13, reveal that the distri-
butions of lift coefficient percentage error for all three models exhibit 
positive skew, indicating that most prediction errors are relatively small, 
while a few larger errors extend the tail toward higher values, thereby 
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Fig. 14. Schematic representation of the nonlinear VLM framework [30].

Fig. 15. Workflow for high-fidelity ice accretion simulation.

the mean is higher than the median. Among them, the MLP-based model 
(MLPaero) demonstrates a higher median prediction value compared to 
both CNNs, which share similar interquartile ranges. Notably, CNNaero,1 
achieves slightly lower median, quartile values and exhibits fewer out-
liers than CNNaero,2. Based on this analysis, CNNaero,1 was selected for 
subsequent integration into the VLM-based aerodynamic solver.

Although post-stall prediction remains challenging for all models due 
to limited data and turbulent separation effects, the selected CNNaero,1
model provides reliable lift predictions up to 𝐶𝑙,max, making it the most 
suitable candidate for integration into the VLM pipeline.

3.3.  3D aerodynamic behavior via nonlinear VLM

To extend the aerodynamic evaluation to 3D lifting surfaces, a quasi-
three-dimensional (quasi-3D) methodology based on a nonlinear Vortex 
Lattice Method (VLM) was adopted. This approach enables the estima-
tion of the aerodynamic forces on horizontal tailplanes – both clean 
and iced – by coupling 2D high-fidelity section data with a spanwise 
lifting-line formulation that accounts for nonlinearity in the sectional 
lift response.  The implemented framework is based on the architecture 
previously proposed in [30], and schematically illustrated in Fig. 14. 
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The lifting surface (i.e., the tailplane) is discretized into multiple span-
wise sections, each modeled with its own nonlinear lift curve, including 
stall and post-stall behavior. These curves are provided by the surro-
gate models described in Section 2.2, which are trained on a combina-
tion of clean and iced 2D simulations.  The aerodynamic load distribu-
tion is computed iteratively by solving the induced downwash equations 
through a Newton-type relaxation method, as detailed in [18]. At each 
iteration, the local effective angle of attack is updated by accounting for 
both geometric incidence and downwash effects, and the corresponding 
sectional lift is evaluated through the nonlinear airfoil surrogate. The 
spanwise coupling is performed under the assumptions of incompress-
ible, inviscid, and irrotational flow, following a Biot-Savart formulation 
with Horseshoe vortices.  This formulation has two main advantages: 
(i) it allows for the inclusion of complex aerodynamic degradation (e.g., 
due to ice accretion) without requiring full 3D CFD simulations; and (ii) 
it retains the physical interaction between sections through induced ve-
locities, which is essential for capturing redistribution effects typical of 
non-elliptic lift distributions. Notably, the method was shown to predict 
with reasonable accuracy the aerodynamic coefficients of iced tailplanes 
when compared to RANS simulations [30], with typical errors on 𝐶𝐿 and 
𝐶𝑚 below 10% for a range of angles of attack.  The nonlinear VLM was 
previously validated in Appendix A of [18] by applying it to a reference 
aircraft configuration featuring a forward-swept tailplane.

4.  Application of the surrogate framework to full-scale 3D wing 
simulation

To assess the consistency of the proposed surrogate-based framework 
with higher-fidelity tools, a comparative analysis is carried out against a 
RANS simulation performed in Fluent Icing [46] on a three-dimensional 
wing geometry. Rather than serving as a strict validation, this compar-
ison highlights the agreement and discrepancies between two model-
ing approaches of differing fidelity. The simulation parameters, summa-
rized in Table 9, correspond to a representative loiter flight condition 
with hazard of glaze ice formation. 𝑇  and 𝑀𝑉𝐷 have been arbitrarily 
chosen to simulate a glaze ice condition, while 𝐿𝑊 𝐶 is calculated by 
Appendix C of 14 CFR Part 25.

After the icing simulation, aerodynamic simulations are conducted 
over a range of negative angles of attack. These conditions are repre-
sentative of the horizontal tailplane’s typical operational regime, where 
downforce is generated to ensure longitudinal trim. In practice, the hor-
izontal stabilizer is set at a negative incidence angle (e.g., lower than 
−10 deg for aircraft such as the A320), which leads to flow conditions 
equivalent to operating at a negative angle of attack relative to the 
freestream. For this reason, aerodynamic simulations at negative an-
gles are physically consistent and particularly relevant for evaluating 
the tail’s ability to provide sufficient stability and control during ap-
proach, roundout, and pitch-up maneuvers.

4.1.  3D CFD setup

The process begins by defining the wing CAD model and serves as 
the basis for all subsequent simulations. From this geometry, the base-
line mesh is created and provided to Fluent Icing for the multi-shot cal-
culation process. The calculation begins with the solution of the flow-
field using Fluent. Subsequently, droplet trajectories are computed with 
DROP3D, an Eulerian solver for droplet distribution. This is followed 
by the ice accretion calculation in ICE3D, where the results from the 
flowfield and droplet calculations are used to model the buildup of ice 
on the wing surface. The final step in each sequence is remeshing, per-
formed through meshing journals, which update the mesh to accom-
modate changes in surface geometry due to ice formation. Each RANS-
Droplets-Ice Accretion-Remeshing cycle constitutes one shot. The output 
of the remeshing step, a new grid, is then used to compute the updated 
flowfield. This process is repeated iteratively until the user-defined num-
ber of shots is reached. A schematic representation of this process is 

Fig. 16. Volumetric mesh visualized through a planar cut at 𝑦 = 2m, illustrating 
the unstructured tetrahedral topology and the refined near-wall region.

shown in Fig. 15, and the iced wing shape obtained at the last shot is 
reported in Fig. 18.

The CAD model was generated using Ansys DesignModeler [47]. The 
global coordinate system is defined with its origin located at the leading 
edge of the wing root, the 𝑥-axis extends from the leading edge to the 
trailing edge, the 𝑦-axis spans from the root towards the wingtip, and 
the 𝑧-axis is oriented to ensure a right-handed coordinate system. Ex-
ploiting the geometric symmetry about the 𝑥𝑧-plane and assuming zero 
sideslip angle, only half of the wing was modeled, applying a symmetry 
boundary condition at 𝑦 = 0. The computational domain consists of a 
bullet-shaped volume, where the upstream region is a hemisphere with 
radius 2.5𝑏𝐻∕2, followed by a half-cylindrical section of length 10𝑏𝐻∕2, 
with 𝑏𝐻  denoting the span of the tail. Unstructured tetrahedral meshes 
with prism layers were generated using Fluent Meshing[48] to ensure 
accurate resolution of the boundary layer. The first cell centroid in the 
wall-normal direction is located within the viscous sublayer (𝑦+ < 5), al-
lowing for the direct integration of the RANS equations without relying 
on wall function approximations. The baseline mesh consists of approx-
imately 16 million elements. However, as the simulation progresses, the 
number of elements increases significantly due to adaptive mesh refine-
ment, which is highly sensitive to the geometry of the iced surface, par-
ticularly to the local wing curvature. In the current case study, the mesh 
reaches approximately 50 million elements at the final shot. A visualiza-
tion of the baseline grid used in the simulations is provided in Fig. 16.

The setup used in the high-fidelity simulations is summarized in Ta-
ble 10. The maximum number of iterations for the airflow solver was set 
to 200. However, convergence was consistently achieved before reach-
ing this limit, as the solution satisfied the convergence criterion of all 
residuals falling below 5 × 10−4. For the droplet solver, a fixed iteration 
count of 140 was adopted without enforcing an explicit convergence 
criterion. This value was empirically determined to be sufficiently high 
to ensure that the computed collection efficiency reached a steady-state 
value. For ICE3D, the adaptive timestep provided good accuracy and 
fast computations. For the calculation of the lift curve of the iced wing, 
the 𝑎1 coefficient of the SST 𝑘 − 𝜔 model has been set to 0.35, and pres-
sure, momentum and energy under-relaxation factors of 0.5, 0.1, 0.5 
have been set based on the best practice settings proposed in [49].

Representative examples of the simulation convergence are pre-
sented in Fig. 17, which illustrates the RANS residuals and the collection 
efficiency histories for the first and last simulation shots. Although the 
convergence behavior of the final shot exhibits increased stiffness, char-
acterized by mild oscillations and a less monotonic decline in residuals, 
this does not compromise the overall convergence. In both cases, all 
RANS residuals fall below the prescribed threshold within the allocated 
maximum number of iterations. Furthermore, the collection efficiency 
reaches a steady-state condition, with relative changes between succes-
sive iterations on the order between 10−9 and 10−8, confirming the nu-
merical stability of the solution.

4.2.  Assessing surrogate model fidelity using RANS reference data

The lift curves for both clean and iced wing configurations, along 
with the predictions obtained using the present surrogate method, are 
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Table 10 
Setup used in fluent for iced wing CFD simulations. Flight conditions parameters are reported in Table 9. 
Parameter Description

Solver type Compressible RANS - Pressure based
Density model Ideal gas
Turbulence model SST 𝑘 − 𝜔
Operating pressure 54,000 Pa
Gradient discretization Green-Gauss Node Based
Primitive variables discretization Second order
SST 𝑘 − 𝜔 𝑎1 coefficient 0.35
𝑝 − 𝑣 coupling Coupled
Fluent max number of iterations 200
Residuals convergence criteria 5 × 10−4

DROP3D number of iterations 140
ICE3D timestep Adaptive

Fig. 17. Convergence of flowfield and collection efficiency of the first and last shot. Δ𝛽 is defined as 𝛽𝑖 − 𝛽𝑖−1, where 𝛽 is the collection efficiency and 𝑖 is the iteration 
index.

illustrated in Fig. 20. For consistency and readability, all lift and angle 
of attack values are described in terms of their absolute magnitudes. 
Hence, increasing (i.e., more negative) angles of attack and lift coeffi-
cients are referred to as “higher absolute 𝛼” and “greater absolute 𝐶𝐿,” 
respectively.

The iced configuration exhibits a markedly altered 𝐶𝐿-𝛼 response. 
The lift curve no longer presents a well-defined stall point. Instead, the 
lift curve of the iced wing shows a progressive reduction in lift slope 
without a clear reversal in gradient. This behavior is consistent with ex-
perimental and numerical findings in the literature [17,49], and reflects 

the disruption of the conventional stall mechanism due to ice accretion. 
In particular, ice-induced shape irregularities suppress the development 
of coherent flow separation patterns, thus delaying or altering the stall 
onset.

The discrepancy between high-fidelity CFD predictions and those 
of the 2.5D surrogate model is primarily due to the formation of lo-
calized, ice-induced vortices at the leading edge. These vortices en-
train high-momentum freestream air into the separated boundary layer, 
thereby promoting early reattachment and locally enhancing lift. An il-
lustration of this mechanism is provided in Fig. 19: the flow separates
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Fig. 18. Iced wing shape (wing root airfoil in foreground) with ice growth rate contour, as obtained at the last shot.

Fig. 19. Iced wing at 𝛼 = −3 deg, suction surface 𝑊𝑆𝑆𝑥 contour with 𝑊𝑆𝑆
surface streamlines.

immediately at the iced leading edges, as indicated by the negative com-
ponent 𝑊𝑆𝑆𝑥 of the wall shear stress along an 𝑥 direction positively ori-
ented towards the wing’s trailing edge; the flow then reattaches shortly 
downstream. Localized regions of elevated 𝑊𝑆𝑆𝑥, shown in orange and 
red, correspond to these early reattachment points. As described by Page 
et al. [17], the interaction between these vortices and the surround-
ing flow generates localized zones of favorable pressure gradient, which 
mitigate some of the adverse aerodynamic effects of ice accretion and 
contribute to lift preservation at increasing absolute 𝛼.

Despite its reduced fidelity, the surrogate 2.5D method provides a 
reasonable approximation of the iced configuration’s aerodynamic char-
acteristics, although a slight underprediction in lift gradient is observed. 
The discrepancy in lift slope, quantified as approximately 14%, reflects 
the surrogate’s inability to capture complex 3D flow phenomena asso-
ciated with iced geometries – particularly those related to leading-edge 
vortex dynamics.

The suitability of the present 2.5D approach in preliminary design is 
primarily justified by the substantial reduction in computational cost it 
offers compared to full three-dimensional CFD simulations. By captur-
ing key aerodynamic trends with acceptable accuracy, the framework 
facilitates early-stage assessment of icing effects without incurring the 
prohibitive computational overhead of high-fidelity methods. A quanti-
tative comparison of computational time of the two approaches is pre-
sented in Table 11. Although CFD runtimes are known to vary signifi-
cantly with solver settings and convergence criteria, the surrogate ap-
proach demonstrates a computational time reduction of approximately 
three to four orders of magnitude in this case. This gain in efficiency 
underscores the practical advantage of the proposed methodology for 
iterative design and optimization tasks.

It is worth noting that the prediction of two-dimensional ice shapes 
is nearly instantaneous, as the input data are directly fed into the neu-
ral network. In contrast, the prediction of two-dimensional lift curves 
involves a preprocessing step in which the raw airfoil coordinates (both 

Fig. 20. Comparison of lift curves obtained using the present 2.5D method and 
high-fidelity CFD simulations.

Table 11 
Comparison of execution times between the proposed method and full 3D CFD 
icing simulations. CFD computations were performed on a workstation equipped 
with two Intel Xeon E5-2670 CPUs (2.6GHz, 8 cores each) and 128GB of RAM. 
The proposed method was implemented in Python 3.11.7 and executed on the 
same hardware without the need for parallelization.

Present method  2D iced shapes  2D lift curves  2.5D execution  Total time
< 1 s ≈ 20 s ≈ 30 s ≈ 50 s

CFD analysis  Clean wing lift curve  Iced wing shape  Iced wing lift curve  Total time
≈ 12 h ≈ 48 h ≈ 36 h ≈ 96 h

iced and clean) are converted into SDFs, resulting in a comparatively 
higher overall inference time for this component of the framework.

5.  Conclusions and further developments

This study presents a low-computational-cost framework for predict-
ing the aerodynamic performance of clean and iced wings by coupling 
a nonlinear Vortex Lattice Method with neural network-based surrogate 
models. The methodology has been applied to wings adopting a sym-
metrical supercritical airfoil, parametrized by its leading-edge radius 
and thickness-to-chord ratio. The key innovation lies in replacing direct 
high-fidelity simulations with a hybrid approach that leverages machine 
learning to supply two-dimensional aerodynamic data to a VLM-based 
aerodynamic prediction tool, enabling rapid yet reasonably accurate 
performance predictions.
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The proposed method integrates two sequential neural networks: 
a Multi-Layer Perceptron that predicts iced airfoil shapes trained on 
inviscid data, followed by a Convolutional Neural Network trained 
on high fidelity data and utilizing SDF geometry representations to
predict the associated lift curves. This setup enables the computation 
of the lift curve of un-iced and iced wings in two minutes per configura-
tion on a standard workstation, making it highly suitable for integration 
within multidisciplinary design optimization loops.

Validation against high-fidelity three-dimensional numerical simu-
lations using ANSYS Fluent demonstrates that the framework achieves 
strong agreement for the clean wing case, with prediction errors below 
6% across all angles of attack. For the iced wing, the lift curve slope 
is underestimated by approximately 14%, and although the stall be-
havior is not captured by the model, the predicted lift coefficients at 
high angles of attack remain in reasonable agreement with high fidelity 
numerical results. These outcomes underscore the capability of the pro-
posed method to capture key aerodynamic trends induced by ice accre-
tion while maintaining computational efficiency. Future developments 
will aim to enhance model accuracy in terms of lift curve prediction.

The current limitation to symmetrical supercritical airfoils will be ad-
dressed by expanding the training dataset to include cambered airfoils 
with a broader range of geometrical parameters. In addition, the frame-
work will be extended to include the prediction of the drag and moment 
coefficients, offering a more complete aerodynamic assessment. In con-
clusion, this study presents a computationally efficient and flexible sur-
rogate modeling framework that integrates data-driven approaches with 
classical aerodynamic methods, offering a promising tool for rapid aero-
dynamic analysis in early design phases where the computational cost 
of predictive tools is a critical constraint.
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