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KEYWORDS Abstract This study presents a data-driven approach to predict tailplane aerodynamics in icing
Data-driven aerodynamics; conditions, supporting the ice-tolerant design of aircraft horizontal stabilizers. The core of this
Forward swept tailplane; work is a low-cost predictive model for analyzing icing effects on swept tailplanes. The method
Gaussian process regression; relies on a multi-fidelity data gathering campaign, enabling seamless integration into multi-
Ice accretion prediction; disciplinary aircraft design workflows. A dataset of iced airfoil shapes was generated using 2D invis-
Machine learning for icing cid methods across various flight conditions. High-fidelity CFD simulations were conducted on
analysis both clean and iced geometries, forming a multidimensional aerodynamic database. This 2D data-

base feeds a nonlinear vortex lattice method to estimate 3D aerodynamic characteristics, following a
‘quasi-3D’ approach. The resulting reduced-order model delivers fast aerodynamic performance
estimates of iced tailplanes. To demonstrate its effectiveness, optimal ice-tolerant tailplane designs
were selected from a range of feasible shapes based on a reference transport aircraft. The analysis
validates the model’s reliability, accuracy, and limitations concerning 3D ice shapes and aerody-
namic characteristics. Most notably, the model offers near-zero computational cost compared to

high-fidelity simulations, making it a valuable tool for efficient aircraft design.
© 2025 The Authors. Published by Elsevier Ltd on behalf of Chinese Society of Aeronautics and
Astronautics. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org;
licenses/by-nc-nd/4.0/).

1. Introduction

Icing is one of the major causes of flight accidents posing sub-
stantial risks to aviation safety."” Because of ice accretion on
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ways. Under icing conditions, the aircraft experiences a reduc-
tion in the maximum lift coefficient and a decrease in the lift

&Sl . . . curve slope. Simultaneously, there is an increase in drag and
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airspeed and climb rate, the aircraft may approach the stall
boundary.®* Lampton and Valasek,’ and Sharma et al.® per-
formed some flight dynamics studies highlighting the sensitiv-
ity of an iced airplane response to pilot control inputs, and
showed the hazard of controlling an iced airplane as if it were
clean, whereas Wang et al.” proposed an intelligent approach
to flight risk prediction due to various icing conditions.

Icing on the wings can result in a reduction of the airfoil
stall angle of attack, while tailplane icing, particularly in flap
downwash flows, may induce a tailplane stall. These conditions
can trigger pitch instability and, ultimately, result in a crash.
Asymmetric icing can lead to additional rolling moments
imposing limitations on lateral control or resulting in rolling
and overturn.® Icing has adverse effects on control efficiency.’
Flight tests demonstrate that tailplane icing can result in signif-
icantly increased stick force, reaching hundreds of pounds,
making manipulation more challenging. Icing on the rudder’s
movable structure can lead to stuck rudder surfaces, rendering
the aircraft uncontrollable. Additionally, icing on the leading
edge of flaps causes premature air separation, reducing flap
efficiency.

Active de-icing or anti-ice systems are commonly utilized
for aircraft main wings due to their crucial role in providing
the majority of the aircraft lift. These systems are employed
to prevent potential catastrophic aerodynamic performance
degradation. However, when it comes to aircraft tailplanes,
CS-25 Section 25.143 requires that the aircraft must be con-
trollable and maneuverable with critical ice accretion during
different phases of flight, including minimum take-off speed
(V>), approach, go-around, and landing. When demonstrating
compliance with CS-25.143 in icing conditions, the airplane’s
controllability must be shown with the most critical ice accre-
tion for the specific flight phase. Moreover, before the ice pro-
tection system is activated and functioning, the airplane must
be controllable in a pull-up maneuver up to a 1.5g load factor
with the most critical ice accretion. This highlights the impor-
tance of evaluating the ice-induced loss in terms of maximum
lift coefficients.

In the preliminary stages of aircraft design, when consider-
ing the sizing of the empennage, it is common practice to
accept the presence of ice formation on the empennage and
offset the resulting loss in aerodynamic performance by over-
sizing the tails. Essentially, while active measures are often
taken for main wings, a more passive coexistence strategy is
typically adopted for tailplanes to optimize various design con-
siderations. Oversizing the tailplanes leads to additional
weight, increased parasitic drag, and higher fuel consumption
under all flight conditions. Accurate sizing necessitates a thor-
ough understanding of in-flight ice accretion and its effects on
aerodynamic performance. Addressing ice-induced tailplane
performance decay will facilitate the development of more
ice-tolerant and environmentally friendly aircraft designs,
accelerating the adoption of novel and greener configurations.

Currently, in addition to on-site observations, analysis of
in-flight icing is primarily conducted through icing wind tunnel
experiments and in-flight icing simulations. However, both in-
situ and icing wind tunnel experiments require a significant
amount of labor and lack flexibility in investigation. In con-
trast, simulating in-flight icing provides a more efficient and
flexible method for analyzing icing, offering the potential for
a more comprehensive examination of this phenomenon in air-
craft design.

The state-of-the-art in numerical ice accretion relays on 3D
solvers of Unsteady Reynolds Averaged Navier-Stokes
(URANS) equations. Beaugendre et al.'’ introduced
FENSAP-ICE, a modular system designed to calculate ice
shapes on 3D geometries efficiently, using field models based
on partial differential equations. Hasanzadeh et al.'' intro-
duced a newly developed two-dimensional ice accretion and
anti-icing simulation code, CANICE2D-NS. The method is
used to predict iced airfoil shapes and performance degrada-
tion with a multistep approach. Montreuil et al.'” developed
a modular icing suite, ONICE3D, based on 3D Navier-
Stokes flow solver, coupled with a 3D droplet impingement
module and a 3D ice accretion tool, ACCRET3D. Cao et al.'*
presents a numerical simulation method for predicting ice
accretions on aircraft wings, focusing on the Eulerian two-
phase flow theory. Gori et al.'* introduced “PoliMIce,” a mod-
elling framework developed to perform simulations of ice
accretion providing a flexible interface allowing different aero-
dynamic and ice accretion software to communicate. Li and
Paoli ' presented a comprehensive method for simulating ice
accretion on aircraft wings, integrating several models into
OpenFOAM to study the effects of ice on aerodynamics. They
combined a 3D compressible Navier-Stokes solver, droplet
flow, mesh morphing, and thermodynamics into one solver
for ice accretion. Despite the high level of accuracy and
increasing computational power, fully relying on CFD still
makes it prohibitive to integrate such an approach into a
step-by-step aircraft Multi-Disciplinary Optimization process.
In a recent paper, Page et al.'® presented the results of the
ice accretion on a horizontal stabilizer of a jet transport air-
craft calculated using the commercial software Ansys
FENSAP-ICE to conduct state-of-the-art three-dimensional
multishot in-flight icing simulations.

Despite only the tail being affected by icing in the analysis,
while the wing and the rest of the fuselage remained clean, the
reported computational expense illustrates the extensive time
required for the investigation of a 45-minute holding flight
condition in FAR 25 Appendix C cloud conditions. It took
one week of wall clock time for the in-flight icing calculations,
one day for the clean aerodynamic performance calculation,
and another week for the calculation of the iced aerodynamics
assessment, all utilizing 140 CPU processes. This highlights
once more how the introduction of high-fidelity tools to pre-
dict ice accretion and the ice-induced aerodynamic losses
would introduce a severe bottleneck into modern complex
Multi-Disciplinary Optimization (MDO) workflows.

Several approaches have been implemented to reduce com-
putational costs associated with icing. Hedde and Guffond'’
presented a numerical model developed by ONERA, the
French aerospace research center, to simulate the formation
and evolution of ice on aircraft surfaces in three dimensions.
The model combines a Eulerian approach for the water droplet
flow field, a Lagrangian approach for the ice accretion, and a
mesh deformation technique for the geometry update. It also
accounts for the effects of runback water, surface temperature,
and ice shedding, showing good agreement in terms of ice
shape, mass, and location.

Li et al.'® introduced a data-driven approach to quickly
evaluate the severity of aircraft icing using the eXtreme Gradi-
ent Boosting (XG-Boost) machine learning method. By using a
database of 1736 samples consisting of high-fidelity simulation
data based on Delayed Detached Eddy Simulation (DDES)
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and RANS results, they trained, validated, and tested the
eXtreme Gradient Boosting (XG-Boost) models. Their model
takes the liquid water content, droplet diameter, and exposure
time as inputs and outputs the icing severity level, the area cov-
ered by ice, and the maximum ice thickness. Jung et al.'” devel-
oped a method for predicting droplet impingement and ice
shapes on aircraft surfaces in CFD simulation of in-flight icing
by exploiting a Eulerian-based droplet impingement code and
a Proper Orthogonal Decomposition (POD) method. A
reduced order model, to capture the collection efficiency and
the iced shapes on an airfoil has been developed. The proposed
method can accurately predict the collection efficiency and the
iced shapes for different mean volume diameters, liquid water
contents, and angles of attack. Kang and Yee” used proper
orthogonal decomposition to reduce the dimensionality of ice
shape data generated under various icing conditions, and to
interpolate the POD coefficients using Radial Basis Functions
(RBFs) or Kriging models. Han and Palacios®' aimed to vali-
date their icing code named LEWICE3D based on the original
NASA’s code LEWICE.” The latter can predict the heat
transfer and aerodynamic performance of an iced airfoil in a
wind tunnel test. Han and Palacios”' used a coupled solver that
integrates the LEWICE3D ice accretion model with the
FUN3D computational fluid dynamics solver. The solver
accounts for the thermal effects of ice. accretion on the airfoil
surface and the aerodynamic effects of the ice shape on the
flow field. A recent work by Massegur et al.” presents a frame-
work for developing low-dimensional models for airfoil icing
predictions, based on adaptive sampling, proper orthogonal
decomposition, and neural networks. The paper uses
FENSAP-ICE to simulate ice accretion and aerodynamics
for a NACAO0012 airfoil under various icing conditions. Then,
it applies different methods to reduce the dimensionality of the
problem and reconstruct the ice shapes and the aerodynamic
performance from a limited number of samples. Other
approaches have been developed in the past decades to reduce
the computational burden of such a complex discipline by har-
nessing the potential of quasi-3D approaches. Fujiwara and
Bragg®, Hedde and Guffond** developed a quasi-3D algo-
rithm to calculate the aerodynamic flow field by integrating a
3D vortex-lattice code with a 2D viscous solver. Ice shapes
and aerodynamics at various wing cross sections are calculated
using a 2D droplet trajectory and the LEWICE inviscid icing
code. This approach has been checked against the experimen-
tal results on the 65%-scale common research model aircraft
acquired at the NASA Glenn Icing Research Tunnel. The lift
and drag results demonstrate reasonable agreement with the
experiment, except in the vicinity of the stall region, and show
comparable results to the 3D RANS computation for the case
under study.

The above-mentioned works focus on developing methods
to reduce the computational costs of predicting ice shape over
2D or 3D wings and estimating the decay of aerodynamic
characteristics. However, none of these approaches has been
systematically exploited to develop a prediction method for
3D aerodynamic performance under icing conditions of a
parametrically defined aircraft horizontal empennage. The
study proposed here exploits a mixed-fidelity quasi-3D
approach to significantly reduce the computational cost of pre-
dicting ice shapes and estimating aerodynamics. By exploring a
broad design space of tailplane shapes and icing conditions, as
suggested by regulations,” the present work develops an ad

hoc and reliable Reduced Order Model (ROM), achieving neg-
ligible computational costs in practice. The developed predic-
tion method can be seamlessly integrated into a step-by-step
aircraft Multi-Disciplinary Optimization (MDQO) process,
effectively addressing the bottleneck associated with simulat-
ing and analyzing ice accretion. The idea of accelerating
MDO by using surrogate models of various disciplines has
been already addressed in several other works in the past. Rel-
evant examples to this research were provided by Corcione
et al.”**” who developed surrogate models based on RBFs to
predict the aeroelastic effects as well as the aerodynamic per-
formance of innovative tailplane designs.

By drastically cutting the computational costs of predicting
the effects of icing on tails, the present effort unlocks the inclu-
sion of another relevant discipline into the aircraft MDO pro-
cess. This is a key innovation towards the optimization of
innovative tailplanes for future ice-tolerant designs that are
safer and more environmentally friendly. The rest of the article
is organized as follows. Section 2 introduces the quasi-3D tech-
nique used to develop the data-driven prediction of ice-induced
aerodynamics on 3D swept tailplanes; the section also includes
a benchmark to assess the reliability of the method. Section 3
discusses the approach used to develop prediction methods in
the form of ROMs and compares the computational burden
required to develop such models with the efforts required by
high-fidelity CFD tools. Section 4 presents an application of
the proposed data-driven model to a design case study; the
example demonstrates the horizontal tailplane sizing process,
accounting for ice-induced aerodynamic performance degrada-
tion. Finally, some conclusions and remarks are discussed in
Section 5.

2. A quasi-3D approach to ice accretion modeling

There are three dominant environmental parameters governing
the ice accretion phenomena: Medium Volume Diameter
(MVD), Liquid Water Content (LWC), and atmospheric tem-
perature (here called Ti.) super cooled water droplets in
clouds tend to be of different sizes. The MVD range is usually
at 2-50 um. Larger water droplets may exist but require partic-
ular conditions. Water droplets with MVDs smaller than
15 pm can be neglected because they tend to flow around the
wing surface 145 with air and cannot be collected. The atmo-
spheric temperature (7..) significantly affects the energy trans-
formation during the icing process. Aircraft icing occurs at
temperatures below 0 °C. If the water droplet temperature is
much lower (e.g., below 10 °C) than the wing surface, severe
convective heat transfer occurs, causing the droplets to imme-
diately freeze into an ice substrate.”® This is the basic forma-
tion mechanism of rime ice. Conversely, horn-shaped glaze
ice forms at higher temperatures. Here, collected droplets
may not freeze upon impact but instead form a water film that
moves along the substrate and freezes at the tip, creating horn-
shaped ice on the upper and lower surfaces. Generally, higher
temperatures lead to glaze ice, which is more hazardous than
rime ice at lower temperatures. The LWC in the air depends
on temperature. At very low temperatures, water vapor con-
denses into ice crystals, resulting in a low LWC state. LWC
decreases with increasing Median Volume Diameter (MVD).
High LWC levels result in more liquid water collecting on
the wing surface, where the unfrozen water film can move
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toward the rear of the impact zone, forming large horn heights.
Therefore, an atmosphere with high LWC is particularly dan-
gerous for flight safety. To consider the effects of the main
parameters influencing ice accretion and resulting ice shapes,
the methodology proposed in this study aims to utilize a
‘quasi-3D’ approach. This modelling strategy aims to signifi-
cantly reduce the time needed to estimate the ice shape and
its impact on the aerodynamic behavior of a transport aircraft,
parametrically defined horizontal stabilizer. A low time-
consuming analysis tool is mandatory to produce hundreds
or even thousands of cases required to develop a data-driven
prediction method in the form of reduced order model.

The proposed approach is based on a data collection pro-
duced by tools executing specific tasks, as depicted by the
workflow of Fig. 1. The process starts by defining a reference
lifting surface planform in terms of macro design parameters
such as span b, aspect ratio AR, taper ratio 4, planform area
S, and the sweep angle at the leading edge Aj. In this work,
the lifting surface is discretized into several cross sections, with
each section being associated to an airfoil. This set of ‘dry’ (i.e.,
non-iced) airfoils is then analyzed using a CFD-RANS solver,
specifically Simcenter STAR-CCM +, under specific aerody-
namic conditions (such as flight altitude, Mach number, and
a range of angles of attack) to generate the required aerody-
namic database for input into a nonlinear Vortex Lattice
Method (VLM) code. The VLM is then executed to provide

3D data based on 2D, high-fidelity sectional data. Once the
‘clean’ lifting surface has been investigated, the icing calcula-
tion is then executed. That is, a 2D ice accretion prediction
code is applied to each of the defined cross sections, taking into
account local flow characteristics such as speed, effective inci-
dence angles, and global thermodynamic parameters like the
LWC, MVD, flight speed, and exposure time. Once the ice
accretion step has been completed, each of the iced cross sec-
tions is reanalyzed using a RANS solver. The latter step pro-
vides the necessary aerodynamics in icing conditions. The
iced airfoil dataset provides input for the VLM code to calcu-
late 3D aerodynamics under icing conditions. Moreover, once
the complete set of iced airfoils for the specific wing has been
generated, a 3D CAD model of the lifting surface is produced.
The process is then concluded by exporting all the necessary
data related to clean and iced 3D aerodynamic characteristics.
A fast in-house developed code is used in this work to predict
ice accretion on airfoils. The proposed approach is based on
2D inviscid methods to simulate the fluid, a Lagrangian for-
mulation to predict droplets trajectories, a layer method”’ to
evaluate the heat transfer, and a Messinger model is used to
compute the local ice thickness™ as well as the new ice shape.
This one-way coupling process is repeated to simulate the
desired exposure in a multi-step approach.'' This procedure
exhibits a satisfying level of accuracy with a reduced
computational cost. In a nutshell, the ice accretion workflow

3D iced surface from quasi-3D icing accretion approach
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implemented with the above-described technique follows these
steps: (A) Calculating the trajectories of droplets and the local
catch efficiency coefficient. (B) Computing the heat transfer
coefficient for a rough surface profile. (C) Computing the ther-
modynamic balance that provides the rate of ice growth and
the resulting ice shapes after a specified exposure time. The tra-
jectories are calculated using an explicit method that considers
only the drag forces resulting from the velocity difference
between the droplet and the surrounding flow field. The collec-
tion efficiency is evaluated by calculating the ratio of the mass
flow. To take into account for the roughness effects while esti-
mating the heat transfer coefficient, the Makkonen correla-
tion’' is used. The roughness of the airfoil surface is
estimated according to Shin et al.>> Messinger’s equations™
are used to calculate the local freezing fraction. Starting from
the stagnation point the tool solves the steady heat balance
equation for each consecutive facet, and then calculated the
local equilibrium of the surface temperature, the freezing frac-
tion and then the rate of icing. The unfrozen portion is then
allowed to flow back to the nearby surface.

This code can also compute the 2D aerodynamic character-
istics in both ice-on and ice-off conditions. However, the code
considers the effects of compressibility but not those of viscos-
ity. An improved VLM for fast and reliable aerodynamic pre-
dictions,> built on classical vortex methods like NASA’s,*
has been adopted to carry out fast and reliable predictions of
the 3D aerodynamics. Classical vortex methods suffer from
reliability issues limited to the linear 205 lift curve range and
assume a fixed lift coefficient slope of 2r based on Glauert the-
ory. The VLM here, based on Blackwell’s method,** extends
results to nonlinear lift regions, including stall, by utilizing
experimental data or high-fidelity airfoil curves for aerody-
namic load distribution. The method involves two phases:
the first utilizes classic VLM to compute spanwise lift and
induced angle distributions for a given angle of attack. In
the second phase, the VLM’s applicability to the nonlinear lift
curve range is expanded by accessing an external database of
2D airfoil aerodynamic curves. Adjustments for 3D effects,
particularly sweep, are made to the 2D airfoil data.’”> Sweep
considerations impact the boundary layer flow backward
sweep promotes tip stall, while forward sweep promotes root
stall, as evidenced by NACA studies (TN-2445).>° Estimation
of 2.5D aerodynamic characteristics of the wing section per-
pendicular to the sweep line is done using basic sweep theory,
recommended by Mariens et al.”’

To evaluate the predictive capabilities for ice shapes pro-
duced by the application of the proposed approach when a
3D swept wing is considered, some relevant experimental test
cases have been selected to perform a comparison. In particu-
lar, the test cases AIAA-361 and AIAA-362 from the first
AIAA ice prediction workshop database have been selected™
to serve at this purpose. All the information about the test con-
ditions and all the necessary data are summarized in Table 1,
including the geometric features and icing conditions. It is
worth noting that for these specific test-cases a restrained
CFD-based aerodynamic database has been specifically gener-
ated to be compliant with the assigned airfoil, test-case geome-
tries, and aerodynamic conditions. The comparison between
the ice shapes at the root and tip section, provided by the
experimental test cases, and the computed ones is shown in
Fig. 2 and Fig. 3. The charts show three different curves, the
green ones represent the experimental shapes, while the blue

Table 1 Experimental conditions for 3D test cases.
Parameter CASE 361 CASE 362
MVD (um) 34.7 34.7

LWC (g/m°) 0.5 0.5

Mach number 0.32 0.32

Static temperature (K) 257 266

Static pressure (Pa) 92.321 92.321
Water density (kg/m?>) 997 997

Icing time (s) 1 200 1 200
Angle of attack (°) 0 0

Span (m) 2.28 2.28
Sweep at leading edge (°) 30 30

Airfoil NACA0012 NACA0012

ones show the results in terms of ice shapes that can be
obtained by means of quasi-3D simulation when the aerody-
namics of the sections are computed with the same 2D inviscid
tool used for the ice accretion. Red curves show instead the ice
shapes that can be obtained by a quasi-3D simulation relying
on 2D viscous database generated with CFD simulations. A
more reliable aerodynamic dataset can provide more accurate
local aerodynamics in terms of lift curve variation with respect
to the local angle of attack. The latter gives more accurate
feeds to the VLM tool, leading to local aerodynamic condi-
tions closer to the experimental ones, this is reflecting on the
accuracy of the ice shapes that can be achieved by the pro-
posed approach.

3. Design of experiments on 3D swept horizontal empennages

Since the ultimate goal of this work is the development of a
prediction method for the ice-dependent decay of aerodynamic
characteristics of a generalized swept tailplane in the form of
ROM, there is a need to analyze hundreds of cases under var-
ious icing conditions. In order to further reduce the computa-
tional cost of running a quasi-3D approach involving 2D
CFD-RANS simulations for various wing sections under dif-
ferent conditions, the 2D aerodynamics have been ‘surrogated’
by developing a dedicated database. A reference airfoil has
been selected to serve as the standard cross-sectional profile
for all tailplane planform designs under consideration. The
chosen reference airfoil is the symmetrical four-digit
NACAO0009, which is suitable for the tailplane of a transport
jet aircraft. This airfoil has been investigated across a broad
range of airspeeds, angles of attack, liquid water contents, dro-
plet diameters, air temperatures, and chord lengths by means
of high-fidelity two-dimensional CFD simulations. A Design
of Experiment (DoE) has been generated by varying all rele-
vant parameters for ice accretion phenomena like air tempera-
ture, liquid water content, droplet mean volumetric diameter,
Mach number, airfoil chord length and the angle of attack at
which the ice shape is computed. Each point of the design
space is analyzed over a wide range of angles of attack for both
ice-off and ice-on conditions, specifically from —16° to 16°.
Due to the high number of costly numerical simulations, the
design space has been generated by means of a Latin
Hyper-Cube Sampling (LHCS) approach. LHCS is a method
for generating a nearly random sample of parameter values
from a multidimensional distribution,” *' chosen to achieve
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Table 2 Design of experiments for 2D aerodynamics.

Variable Description Lower Upper

bound  bound
MVD (um) Mean volume 15 40
Tice (K) Temperature 243.15  273.15
Ma. Mach number 0.3 0.5
¢(m) Chord length 0.8 4.5
%ice (°) Angle of attack for ice accretion 0 6

maximum coverage of the design space with a reduced number
of sample points.

Table 2 resumes all variables envisaged into the DoE and
their lower and upper bounds. The values for the airfoil chord
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length are conceived to cover a wide spectrum of chord length
distributions that could potentially represent the tailplane
planform of a jet transport aircraft.

Regarding the atmospheric icing conditions, the range of
the DoE has been established in accordance with Appendix
C of 14 CFR Part 25.*

Appendix C provides two different charts representing two
scenarios:  “‘continuous maximum” and  “intermittent
maximum”. These charts essentially show the probable maxi-
mum value of cloud water concentration (also known as the
LWC) that is anticipated on average over a specific reference
distance, based on the temperature and droplet size in the
cloud. Generally, continuous maximum conditions are applied
to the sizing of ice protection systems for large aircraft, while
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intermittent maximum conditions are applied to engine ice
protection devices.”> Based on the objectives of this study,
the first scenario will be considered. According to Part II of
Appendix C to Part 25,** the most critical ice accretion for air-
plane performance and handling qualities during each flight
phase must be considered to demonstrate compliance with
the relevant airplane performance and handling requirements
in icing conditions. To reduce the number of ice accretions that
need to be considered, the regulation allows for any of the
specified ice accretions to be accepted if it is demonstrated to
be more severe than the ice accretion defined for that phase
of flight. Additionally, the most severe ice accretion in terms
of its impact on handling qualities may be utilized for airplane
performance tests, ensuring that any performance differences
are conservatively considered. The latter is the main reason
behind the common choice to estimate ice buildups on unpro-
tected surfaces during a 45-minute holding condition. In this
case, the LWC must be taken from the “continuous maxi-
mum” chart without any reduction, assuming the worst-case
scenario of a holding pattern occurring entirely within a region
of cloudiness with the maximum probable LWC. Given the
above, the sampling approach considered in this study aims
to encompass the entire range of temperatures, liquid water
contents, and droplet mean diameters specified by the “contin-
uous maximum” as well as flight speeds and attitude angles as
comprehensively as possible. To reduce the number of simula-
tions required, a 45-minute holding situation has been deemed
a sufficiently conservative scenario for assessing the impact of
ice on aircraft tailplane aerodynamics.

According to the charts of Appendix C, the LWC values
must be constrained by the limitations in terms of MVD and
temperature. To introduce the constraints between the sam-
pled variables, a Latin Hypercube Sampling (LHCS) with
rejection has been implemented. The best compromise between
the number of samples to be analyzed and the coverage of the
LWC, MVD and Temperature chart has been achieved by hav-
ing at least 100 samples laying within the prescribed chart lim-
itations. A representation of the sampling performed in terms
of the area covered of the continuous maximum exposure sce-
nario of Appendix C, is shown in Fig. 4.

The data produced has been organized into a multidimen-
sional database, which serves as the data source for a nonlinear
3D Vortex Lattice Method (VLM). Once the set of 2D data for
both ice-off and ice-on conditions was established, the devel-

0.8+F T=+32°F

Fig. 4 3D sampling of Appendix C of 14 CFR Part 25
continuous maximum scenario.*

oped quasi-3D approach has been used to investigate a large
number of possible jet aircraft tailplane planforms under sev-
eral icing conditions. The aim is to generate enough informa-
tion to build a prediction method of the ice-induced
aerodynamics degradation in the form of Reduced Order
Model (ROM). The latter could be exploitable into prelimi-
nary aircraft design and optimization processes unlocking
the possibility to include a complex and very computational-
costly discipline such as the ice accretion. In this study, in addi-
tion to the atmospheric icing conditions a set of additional
variables will be introduced to investigate over a wide portfolio
of potential horizontal tailplane geometries.

The complete list of the exposed design variables and their
lower and upper bounds are summarized in Table 3. To dras-
tically cut the computational burden, the tailplane geometries
investigated in this DoE will be provided with a single airfoil
being the NACAO0009. This airfoil has been investigated under
several icing conditions and chord lengths, as described in
Table 2. A design of experiments consisting of 1 500 cases,
encompassing 8 design variables (4 geometrical and 4 aerody-
namic parameters) has been generated by means of LHCS
approach. For each sampling point, all key acrodynamic char-
acteristics, and their relative variations between ice-off and ice-
on have been extracted to reconstruct the tailplane aerody-
namic coefficient curves. The stored information deals with
the following aspects:

(1) Lift coefficient — to reconstruct the zero-lift angle of
attack ogz, the lift coefficient at zero angle of attack
Cpo, the lift curve slope C,, the stall angle of attack o
stall, the maximum lift coefficient C; ., the angle of
attack at the end of the linear range of lift o*, and the
corresponding lift coefficient C;

(2) Drag coefficient—to estimate the penalty introduced in
terms of the minimum drag coefficient Cp -

(3) Pitching moment coefficient—to evaluate the impact the
ice has on the pitching moment coefficient at zero lift
CM().

Several reduced-order models of the degradation of all
these aerodynamic characteristics due to ice have been devel-
oped as a function of the key geometrical and aerodynamic
variables.

3.1. ROM models

Once the DoE has been executed all the aerodynamic charac-
teristics of interest have been collected and prediction methods
have been prepared relying on Reduced Order Models (ROM)
produced by using the ROM builder capabilities of the com-
mercial software Simcenter Amesim (Advanced Modeling
Environment for performing Simulations of engineering sys-
tems approach) by SIEMENS.*' This approach is well suited
to work with a sampling pool built on ‘scattered’ data like
the one that has been generated by using the LHCS approach.
A Reduced Order Model (ROM) has been developed to pre-
dict the aerodynamic performance degradation caused by ice
accretion in terms of maximum lifting capabilities for both
negative and positive directions, as well as the lift curve slope.
Despite the adopted methodology providing a larger list of
coefficients of interest, including the drag, and pitching
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Table 3 Design space for quasi-3D analysis explorations.

Variable Description Lower bound Upper bound
AR Geometrical parameter Tailplane aspect ratio 4 7
S (m?) Tailplane area 20 35
Ak (°) Leading edge sweep angle -20 35
A Taper ratio 0.25 0.8
Ma. Icing condition Mach number 0.3 0.5
Tice (K) Temperature 243.15 243.15
MVD (um) Water droplet median diameter 15 40
%ice (°) Angle of attack for ice accretion 0 6
moment coefficients, this study aims to focus on the ice- ne = (1+K*) (5)

induced losses in terms of lift. This is motivated by the sizing
condition for a tailplane, which pertains to stability and han-
dling qualities. The latter are dominated by the lift curve slope
and the maximum lift coefficients. The database generated
employing the proposed approach features a finite number p
of input space variables, collected in the following array:

x = [x1,%2,..., %)
= [ARv 57 A167 ;“7 Olice s Maice: MVD LWC> Tice} (1)

whose N samples are arranged in a matrix X of size N x p. For
all N simulations, the calculated values of the generic output
variable y are stored and arranged in a vector Y of size N x 1.

Exposure time is one of the most critical parameters influ-
encing ice formation, and consequently, the degradation of a
lifting surface’s aerodynamic performance. The longer the
exposure time, the more severe the ice accretion becomes, lead-
ing to more pronounced aerodynamic penalties. Although
exposure time plays such a significant role, for the purpose
of developing the prediction method presented in this study,
it has been fixed at 45 min. This specific duration was selected
as it represents the most critical scenario under ““‘continuous
maximum” icing conditions, in alignment with Appendix C
of FAR2S. It provides a conservative estimate of the ice-
induced penalties on tailplane performance, which is crucial
for its preliminary sizing and design evaluation. By focusing
on this worst-case scenario, the method aims to offer a robust
basis for initial tailplane sizing during early design stages,
where detailed information on variable exposure times may
not yet be available.

Examples of output variables are the tail maximum and
minimum lift coefficient variations due to ice accretion, as well
as the lift curve slope. Hence, the output variable y is one of
the following variations from ice-off to ice-on conditions
(Egs. (2)~(4)):

Cfinin = (1 + Kg;) CLmin 2)
it = (1K) Crmas (3)
= (1+ K8, ) Cu @)

The combination of the above defined K correction fac-
tors lead to the efficiency factor 7' defined in Eq. (5) that
can be calculated as follows:

The 20% of the sampling points have been randomly iso-
lated from the set of samples over the complete design space
to serve as a testing dataset. Thus, 1 200 samples have been
used to train the ROM model whereas the remaining 300 sam-
ples have been used to validate the prediction model. ROM
builder by Simcenter Amesim software offers the possibility
of generating a predicting method by leveraging different
approaches: (A) Response Surface Models (RSM), (B) Gaus-
sian Process (GP) and (C) Neural Network (NN).

Response Surface Models (RSM) are polynomial models
that describe algebraic relationships between inputs x and out-
puts y. They can address problems with multiple inputs (N,)
and outputs by mapping them using polynomial functions of
the inputs. The following model equation:

Nmon

n=3 (el ©

i=1

presents a generic output formula for an RSM model. The
polynomial consists of Np,,, monomial terms, where each ith
term is a product of inputs raised to the powers specified by
orders O; and scaled by the corresponding coefficient C;.

The fixed-point coordinates determine the offsets x;. The coef-
ficients are identified by solving a least-squares problem.

RSM can be configured with input powers up to order 10
(e.g. (x;—x,)" with n < 10) and cross terms up to order 4
(e.g., x]' - x3? - ..., where n; + np + ... < 4). However, in most
cases, linear, quadratic, or cubic RSM models are sufficient,
while also reducing extrapolation issues associated with
higher-order models.

Neural networks are a type of non-linear regressor that can
model the complex relationships between inputs and outputs
by being trained on large datasets. These networks are com-
posed of multiple layers, each containing a fixed number of
units, also known as neurons. The first layer, called the input
layer, corresponds to the number of system inputs, while the
final layer, the output layer, matches the number of system
outputs. The layers between them, referred to as hidden layers,
vary in size depending on the number of neurons they contain.
The input and output layers are automatically defined, leaving
only the hidden layers to be configured. The network architec-
ture and its hyper-parameters is defined by

(1) The number of hidden layers (from 1 to 6).
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(2) The number of inter-connected dense layers, excluding
input and output layers. This number usually depends
on the complexity of the function to be mapped. Net-
work with more than one hidden layer are called deep
networks.

(3) The number of cells per layer that gives the number of
units or cells in each layer. This number increases with
complexity of the model typically ranging from 3 up to
40.

(4) The activation function that could be linear, tanh
(hyperbolic tangent) or relu (rectified linear unit). The
first one should be reserved to linear problems.

A neural network is trained by specifying the number of
epochs, which defines how many times the optimizer will iter-
ate through the entire training dataset. Each epoch represents
one full pass over the data, during which the optimizer works
to minimize the loss function. The loss function, typically rep-
resented by the root mean square error, decreases progressively
as the optimizer adjusts the network’s parameters over succes-
sive epochs.

A Gaussian process model** is a probabilistic model that
can capture both linear and nonlinear input—output relation-
ships. A kernel function and a noise level characterize such a
model. The kernel function K(x,x") describes the covariance
(similarity) between two inputs, projected to a higher dimen-
sional space. The Gaussian process model mean prediction y
for a generic input x, is given by
v =K(x., X)(K(X,Y)+021)'Y (7)
where K is the (N x N) kernel matrix, X is a matrix of inputs
from the training dataset, g, is the noise level, 7 is the identity
matrix, and Y is the above defined column matrix of collected
outputs. The projection of the inputs to a higher dimensional
space allows Gaussian process models to capture nonlinear
relationships between inputs and outputs. This is also known
as the ‘kernel trick’ and it is used in several machine learning
algorithms.

Some of the most commonly used kernel functions to calcu-
late K in Eq. (7) are: (A) the Gaussian or squared exponential,
which provides smooth fit and is continuously differentiable;
(B) the exponential, often used to fit non-smooth outputs
thanks to its exponentially decaying covariance; (C) the linear,
i.e. the simplest kernel, which leads to linear regression in a
Bayesian setting; (D) the “Matern Type 57, that represents a
generalization of the Gaussian and exponential kernels, which
is suitable for nonsmoothed outputs. These kernels have two
hyperparameters: the variance o and the length scale /.

The fidelity of the models is assessed on the training and
validation sets, and various kernel functions are utilized. To
maximize the Gaussian Process (GP) model’s performance
and predictive accuracy, the optimisation of hyperparameters
is crucial. The key hyperparameters in a GP model are the
following:

(1) Length scale (/): Determines the smoothness of the GP.
It defines how far apart input points need to be for their
outputs to be considered correlated.

(2) Noise variance (o,): Accounts for noise in the data. A
higher noise variance allows the model to tolerate noisy
observations.

These hyperparameters dictate how well the reduced-order
model can capture the relationships between the input param-
eters and the lower-dimensional output space. All these param-
eters have been optimized by maximizing the Log Marginal
Likelihood (LML) by means of a conjugate gradient-based
minimization process.

An example of hyperparameters set obtained after training
several ROM models for the output variable K"(C,f“m (variation

of positive maximum lift coefficient from ice-off to ice-on con-
ditions) is reported in Table 4. The kernel variance, length
scale, and noise level are also reported. Training durations
are also reported, and they are quite fast, as the models are
trained on a dataset consisting of 1 200 training samples and
300 testing samples. The input variables are the design vari-
ables listed in Eq. (1), while the output variable is the degrada-
tion of the finite wing’s maximum positive lift coefficient. All
models are trained on a single CPU core.

By inspecting Table 4, it turns out that the best ROM to
predict K‘Ezmax is the one marked as “ROM 3”, which relies

on a Static Gaussian Process (SGP) with an Exponential
(Exp) kernel. The same selection process has been applied to
the remaining outputs listed in Egs. (2) and (4). The hyperpa-
rameters of the best models for each of the investigated coeffi-
cients are reported in Table 5. These data confirm that, for this
study, ROMs based on SGP with Exponential kernels are the
most effective, both in terms of training and validation metrics.

Hence, the best ROMs for the current study are constructed
by adopting an exponential covariance function ke, (X, x'),
defined as

— P
Kexp(x,x') = o® exp ( %) (8)

where 7 is the variance parameter, / is the length scale param-
eter, and || x — X’ || denotes the distance between x and x’ in
the input space. Given a set of N training data points
X = [x;, X2, ..., xy] and corresponding output values
y = [, ¥55 --., Yal, the covariance matrix K is constructed
as K; = kexp (x;, x)), fori,j = 1,2, ..,N.

The ROM based on Gaussian processes approximates the
true function f{x), expressing the dependence of one of the
variables on inputs Eqs. (2)-(4), using a linear combination
of kernel functions evaluated at the training data points:

N

) %3 sy (6,) 9)

i=1

where a = [ay, dp, ..., ocN]T is a set of weights. The vector of
weights o is found by solving the system of linear equations:
Ka =Y. Once the weights a are determined, the ROM can
be used to predict the function value at any new input point
X« as

f(x*) = Z OCikexp (-x*7 X,‘)
i=1

The fidelity levels of each trained ROM are highlighted by
the regression charts of Fig. 5 and Fig. 6, where the true and
predicted values are plotted against the ideal regression for
both the training and testing dataset.

All models have been exported as S-functions for use in the
MATLAB Simulink environment. From there, it can be



Table 4 Several examples of ROMs predicting K‘gf __» variation of positive maximum lift coefficient from ice-off to ice-on conditions. Summary of model parameters. The best trained

model is the ROM 3.

Model name ROM 3 ROM 2 ROM 10 ROM 4 ROM 9 ROM 5 ROM 8 ROM 6 ROM 7 ROM 11 ROM 1
Type Static Static Static Static Static Static Static Static Static Static Static
of model Gaussian response neural Gaussian neural Gaussian neural neural neural neural response
process surface network process network process network network network network surface
model model
Training fidelity (%) 95.28 91.72 91.84 91.31 91.16 90.00 90.93 87.79 88.55 89.28 91.98
Validation fidelity (%) 91.84 86.84 85.47 84.94 84.66 84.22 83.61 83.58 82.75 82.55 82.55
Kernel Precise Exp. — Exp. — Exp. — — — — —
Exp.
Kernel variance 1.73 — — 39.08 — 123.33 — — — — —
Noise level 0 - 0 = = 0 = = = = =
Fitting method Subset — — Subset — Subset — — — — —
of of of
regressors regressors regressors
Training duration (s) 100 0 4 13 S 13 4 1 2 7 0
Total trained epochs — — 50 — 50 — 50 50 50 50 —
Number of layers — - 3 — 2 — 2 1 1 3 —
Layer type — — Dense — Dense — Dense Dense Dense Dense —
Dense Dense Dense Dense
Dense Dense
Number of cells - - 29 — 28 — 24 19 21 31 -
5 8 4 7
3 5
Activation types — — relu — tanh — tanh tanh tanh relu —
relu tanh tanh relu
relu relu
Training method — - Levenberg- — Levenberg- — Levenberg- Levenberg- Levenberg- Levenberg- —
Marquardt Marquardt Marquardt Marquardt Marquardt Marquardt
Learning rate — - — — — — — — — — —
Batch size — - - - — - — — — - —
Adaptive learning — - — — — — — — — — —
Data shuffling — — False — False — False False False False —
Max order of inputs — 3 - — - — — — — — 2
Max order of terms — 3 — — — — — — — — 2
Number of — 220 — — — — — — — — 55
coeflicients
Minimal size = False = = = = = = = = False
Fixed point — False - - - - - - - - False

01
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Table S Hyperparameters of the best ROM models for each
aerodynamic coefficient.

Hyper parameter K'gim K‘gi K'gi

Type of model SGP SGP SGP
Training fidelity (%)  95.28 93.5 92.02
Validation fidelity (%) 91.84 90.6 89.45
Kernel Precise Exp. Precise Exp. Precise Exp.
Kernel variance 1.73 2.2 1.85

Noise level g, 0 0 0

Fitting method Regressors  Regressors ~ Regressors
Training duration (s) 100 95 157

recompiled or exported for various Simulink-compatible tar-
gets using Simulink coder or Embedded coder. By feeding
the model a vector containing the design variables reported
in Eq. (1) exposed in this research, the required output can
be calculated.

These models can be easily integrated into a workflow to
estimate the decay of aerodynamic characteristics under icing
conditions. They can serve various purposes. For example,
ROMs can be exploited for a fixed tailplane design under var-
ious icing conditions to ensure compliance with regulations,
helping to identify the most critical conditions that reduce tail
lift capabilities. Alternatively, they can be integrated into a
MDO workflow to account for ice-induced aerodynamic
degradation under specific icing conditions. This integration
helps evaluate the impact of key geometric design variables
towards a more ice-tolerant tailplane design.

The charts of Figs. 7 and 8 provide an example of this kind
of application. The effect of the sweep angle and air tempera-
ture, under a fixed set of all other parameters such as the tail
aspect ratio, taper ratio, reference area, and median diameter
of the water droplets, has been evaluated. It is worth noting
that the LWC is a function of air temperature and MVD to
comply with the chart of Appendix C of 14 CFR Part 25
(see Fig. 4). Results clearly highlight the impact that the sweep
angle may have on designing a more ice-tolerant tail arrange-
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ment. This example highlights how the introduction of ROMs,
which are computationally efficient (excluding training costs
and data production computational burden), can unlock the
possibility of incorporating complex and expansive disciplines
into Multi-Disciplinary Optimization (MDO) workflows, as
proposed by Corcione et al.>’ to enhance and expedite the
development of innovative configurations for more fuel-
efficient aircraft.

3.2. Overall computational cost analysis and accuracy
assessment of the proposed methodology

The primary objective of this study was to develop a rapid and
reliable method to integrate ice accretion modeling into air-
craft Multi-Disciplinary Optimization (MDO) workflows, aim-
ing to evaluate designs with enhanced ice tolerance. This
objective was accomplished by generating extensive data and
organizing these databases to obtain several response surfaces,
which are computationally cost-effective. While the computa-
tional cost of running a ROM is negligible, the data produc-
tion necessary for training these models imposes a significant
computational burden. It is essential to compare the time
required for a comprehensive high-fidelity ice accretion simula-
tion and an aerodynamic behavior assessment across various
angles of attack under ice-free and iced conditions with the
time needed to develop and execute the ROMs. Data regarding
the high-fidelity approach are sourced from Page et al.'®
Table 6 provides a detailed comparison of the computational
demands associated with these approaches.

Data shown in Table 6 indicates that the time required to
set up, run, and post-process a single case study using the most
accurate numerical approach is comparable to the time needed
to generate a large dataset for training a prediction method
based on response surface methodology. It is clear that the
proposed approach could be a viable solution to unlock the
possibility of incorporating icing into complex Multidisci-
plinary Design Optimization (MDO) processes, where hun-
dreds or even thousands of different aircraft designs need to
be explored.

To assess the accuracy of the proposed approach, Table 7
compares the ice-induced degradation of aerodynamic charac-
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Table 6 Comparison of computational costs between CFD
from Page et al.'® and the proposed approach.

ROMs preparation

Task No. of  Average time Time (s)
cases per case (s)

2D ice shape 100 5 500

2D CFD ice-off 100 4 000 400 000

2D CFD ice-on 100 4 620 462 000

Quasi-3D ice-off 1 500 36 54 000

Quasi-3D ice-on 1 500 45 67 500

ROMs set-up 10 135 1 350
Total time (s) 985 350

Total time (days) 11

CFD analysis

Task No. of  Average time Time (s)
cases per case (s)
3D ice shape 1 604 800 604 800
3D ice-off 1 86 400 86 400
3D ice-on 1 604 800 604 800
Total time (s) 1 296 000

Total time (days) 15

Table 7 Comparison of percentage variation of aerodynamic
coefficient between CFD results from Page et al.'® and the
proposed ROM model for forward swept tailplane case study.

Coefficient CFD ROM
Crtm Ice-off —0.677 —0.512
Ice-on —0.477 —0.346
K‘(Cf (%) —29.53 -33.00
Cr, (1/(°) Ice-off 0.058 6 0.052 9
Ice-on 0.045 1 0.035 7
K (%) ~22.96 -32.05

teristics, specifically, the maximum negative lift coefficient and
the tailplane lift curve slope, with the findings of Page et al.'®

4. Icing impact on aircraft tailplane sizing

This section presents a design case demonstrating the sizing
process of a horizontal tailplane taking into account the ice-
induced aerodynamic performance degradation of the stabi-
lizer itself. It is an application example of the ROM presented
in Section 3.1, that shows how effectively the icing effects on
tails can be incorporated in early stages of aircraft design.

In preliminary aircraft design stages, the tailplane sizing
procedure is based on some relevant aerodynamic require-
ments, including stability and control. In terms of controllabil-
ity, the horizontal stabilizer is designed to: (A) ensure an
appropriate negative lift coefficient required to reach a
required airplane’s pitching attitude for landing, and (B) apply
the necessary pitch rotation at the end of the on-ground seg-
ment during take-off. One of the most important design
choices, as an output of the sizing, is the horizontal tailplane

area Sy or the tail area ratio Sy/Sw, where Sw is the main
wing planform area, which is usually fixed in an earlier stage
by mission requirements.

The quantitative equations used in the design process are
based on the schematic of forces and moments acting on the
aircraft shown in Fig. 9. This picture features an aircraft center
of gravity shifted forward, which is an important condition for
tailplane sizing, when the airspeed is medium-slow, and the
horizontal tail must provide an adequate downforce for equi-
librium nonpitching flight. As usual, all longitudinal coordi-
nates x originating at the leading edge of the wing Mean
Aerodynamic Chord (MAC), are divided by ¢ and made
nondimensional, that is, x = x/ c.

The effects of icing on tail aerodynamic behavior are often
overlooked during the preliminary sizing phase, but in more
detailed investigations these effects can lead to significant
changes in the tailplane shape and, eventually, to weight penal-
ties. However, designers always reach for an optimal tail size
variation to improve empennage aerodynamic efficiency and
achieve aircraft performance gains through fuel burn and
lower weight.

This research introduces a tailplane sizing process that
accounts for the effects of icing on the stabilizer’s aerodynamic
performance. The proposed method is based on the following
two sizing criteria (see function f; and f> below, and Fig. 10),
which are used to determine the tailplane area Sy for a given
wing-body configuration of reference area Syw:

(1) Control limitation criterion, equilibrium at landing
(implicit formulation)

~LND
Yo — QLND +KZ Mucw
Su 1 N0 TaeWs TV G e
Sw — ni<e Ky K2 Kc
C LND / d ukyKep,n (- LND
v K P (1 — Kep &) + - (lo.H + Tede — oy )
der 1
= - /1(Xa) (10)
ne,,

obtained from Fig. 9 by neglecting the tail focal moment coef-
ficient Cyacn, assuming the landing requirement as the most
severe, with the following engineering coefficients
Ky = VINP JEND = 1.2 (speed factor at landing), Kgg = 0.9
(ground-effect factor), Ki*? = Cp1/Cpwg (lift curve slope

ratio), and

1

Kep,w = m

(11)

representing the tailplane’s effect on the aircraft total lift curve
slope C;,, influenced by factors such as tailplane incidence
angle, wing zero-lift angle of attack, elevator deflection, and
elevator efficiency.®

(2) Stability limitation criterion, neutral point in cruise:

— Xae Ax N R
Xac,WwB T AXssm d:f?fz(xc) (12)

g n ”li(cfix . WHKH( - %) (;CG — X’ac.H) Ney,

Su 1 X6

ice

where n&
ing for the icing effects on the tailplane.

=1+ K*g; is a correction factor such that account-
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Fig. 9 Forces, moments, longitudinal coordinates, and lever arms used to calculate the pitching moment of an aircraft. Typical situation
in which the aircraft center of gravity is shifted forward, the flight speed is medium-slow, and the horizontal tail provides a negative lift at
equilibrium. 3D sampling of Appendix C of 14 CFR Part 25, continuous maximum scenario.

Control Sy
Ice-on

I Stability
limitation S Ice-on __limitation
-

Ice-off

o Desired
Minimum CG range AX;
horizontal tail
area ratio

for a desired

CG excursion

Safety required
static stability

margin
Safety required Axgoy Ice-on
static stability margin
Axgqy Ice-off _4 X6— X, wp
MAC-LE -0.2 0.1 0 0.1 0.2 MAC-TE

Wing-body
aerodynamic center

Fig. 10 A typical scissor plot diagram of a large airplane, used to
calculate the minimum required horizontal tail area Sy, account-
ing for control and stability limitations in both cases of ice-off and
ice-on; see Eqs. (10), (12), and (13). The abscissas represent the
center-of-gravity offsets with respect to wing-body aerodynamic
center in cruise.

(50). i (s2)
SW ice-on rll(cfd SW ice-off

The common practice for determining the tail area during
the preliminary sizing stage is to use the Egs. (10) and (12)
to calculate the tailplane area ratio Sy/Sw after having estab-
lished: (A) the maximum allowable aft location X af (> XacwB»

(13)

but less than the neutral point of a prescribed amount Axggy
named safety static stability margin), (B) a desired center of
gravity excursion Axg (> 0, coming from previous design

considerations), and hence (C) a maximum forward location
Xgfwd = Xgan. The tailplane area Sy is then determined by
entering a scissor plot diagram, such as the one shown in
Fig. 10, where the tailplane area ratio is plotted against the
nondimensional difference x¢ — )‘cg‘;‘\ffB; the latter might be pos-
itive or negative depending on the aircraft balancing condi-
tions. The icing effects result in modified slopes of the
functions f; and f, in the scissor plot diagram. Iced horizontal
stabilizers exhibit a reduced absolute value of their minimum
lift coefficient ClZem(::H and a reduced lift curve slope Cyopr.

In Fig. 10 are also reported the two limiting functions f} /7ice
and f,/nice, Which are used to determine the tailplane area
required to meet the stability and control requirements in icing
conditions. As a reference aircraft an A320 like platform has
been selected. The key geometrical parameters have been
extracted from the publicly available data and three-view of
the aircraft: The top view of the aircraft is shown in Fig. 11.
The figure also reports the comparison with a reference
advanced rear-end arrangement that has been investigated in
a European research project called IMPACT. The main char-
acteristics of the reference aircraft are summarized in Table 8.
The innovative concept introduces a forward-swept horizontal
tailplane connected to the fuselage’s tail. This configuration
contributes to a reduction in structural weight and aerody-
namic drag, thereby enhancing the aircraft’s fuel efficiency.”®*’
The investigation focuses on developing an innovative tail
arrangement to enhance ice tolerance while minimizing the
tailplane’s planform area. The goal is to design a tailplane that
maintains stability and control across a center of gravity travel
range wider than that of the reference tail.

Designs of Experiments (DoEs) have been created by vary-
ing the same tailplane design parameters used to generate the
reduced-order models. To avoid trivial solutions that rely
solely on moving the tail backward to increase its lever arm,
the tail’s X, pex TP and Xapex Fsprp have been fixed to their ref-
erence values as reported in Table 8. Two distinct DoEs, each
comprising 100 000 samples, have been generated using a
LHCS procedure. The first DoE investigates positive sweep
tails exclusively, while the second explores negative sweep tail
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Table 8 Reference aircraft characteristics.

Top view of reference aircraft: conventional positive swept tail and innovative rear end with a negative swept empennage.

Table 9 Objective functions, variables, and constraints.

Symbol Value Unit Description Function Variable
Sw 125 m?  Wing planform area Objective function No. 1 Maximize (AXG)ice.on a5 % of MAC
Su 3136 m® Reference tailplane planform area Objective function No. 2 Minimise §_$
c 429 m Wing Mean Aerodynamic Chord With respect to ARy S, A, 4
(MAC)
I 17.19 m Wing-tail aerodynamic centre distance Subject to Sy ( Su ) <
Crigrvss, 1.337 Wing-body maximum lift coefficient Sw ST
WB (X6hwd = XGwd )jepon S O
CD wp  2-84 Wing-body maximum lift coefficient at (Gatt — X6att) oy = 0
landing
Xac W 0.25 Position of the wing aerodynamic
centre
Wwmrto 7249 kN  Maximum take-off weight
X6 fwd 0.17 Maximum forward position of centre of To facilitate the identification of solutions that meet the
gravity imposed conditions, the investigated points have been plotted
(% of wing MAC) » on a plane where the abscissa represents the maximum avail-
XGat Ly xagxrgir;l etz pasiilon of caie able center of gravity nondimensional excursion

(% of wing MAC)

Position of the tail root leading edge of
the conventional tail

Position of the tail root leading edge of
the conventional tail

Xapex, HTP 15.62 m

o, 18 m

FSHTP

arrangements. The statement of the investigated problem is
mathematically described in Table 9.

The chart in Fig. 12 shows the resulting scissor plot for the
reference conventional tailplane. The control condition at
landing is represented by the solid red line, while the stability
condition is shown as a solid black line. Dashed lines represent
ice-on conditions, where the tailplane’s lifting capabilities are
reduced due to ice-induced performance decay, as estimated
through the proposed reduced-order models. Grey dots repre-
sent all solution that have been rejected since they are not com-
pliant with all the prescribed constraints.

(AXG = XGare — XGwa), and the ordinate represents the tail-
to-wing planform area ratio. This plane allows for the identifi-
cation of a Pareto front, as illustrated by the red solid line in
Fig. 13.

Notably, in the case of a conventional positive swept tail,
no significantly better solutions than the reference one are
identified. However, for the forward swept tail, several solu-
tions exhibit more ice tolerant behavior than the reference tail
arrangement. Additionally, many feasible solutions indicate a
reduced tailplane area. According to the Pareto front in the
right panel of Fig. 13, a designer can select from various tail-
plane arrangements based on specific design criteria. For
instance, two alternative forward swept tail solutions have
been selected from the depicted Pareto front: the first corre-
sponds to the minimum tail planform area (indicated by the
magenta square), and the second provides the largest center
of gravity travel in ice-on conditions (represented by the green
square on the chart). These solutions are shown and compared
with the reference conventional tail arrangement in Fig. 14.
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0.34

0.32 -

0.30 -

0.28 -

Su/Sy

0.26 -

0.24 -

0.22 -
Pareto

0.20 ? 2 ; 2
0.05 0.10 0.15 0.20 0.25 0.30

AX(%MAC)
(b)Negative swept design

o Feasible ice-tolerant designs S;<Sy; ¢

Fig. 13  Pareto fronts for a more ice tolerant tailplane design.

The tailplane design process discussed in this study is not
exhaustive as it primarily addresses stability requirements
and landing control (conditions (1) and (2) outlined in Egs.
(10) and (12)). A more comprehensive tail sizing process is
influenced by other factors,* such as tailplane incidence and
elevator deflection.

The tailplane needs to generate significant downward lift,
achieved either through a high negative tailplane angle of
attack or elevator deflection, as well as a lesser amount of

upward lift. Critical flow conditions at the tail may arise,
particularly in scenarios where the flaps are in the landing
position and the center of gravity is at the most forward
location during a push-over maneuver at low airspeed
(e.g., following an initial pull-up in a baulked landing or
during a stall recovery maneuver). Therefore, it is relevant
to estimate the tail’s maximum negative lift coefficient (Cy,
min) and the corresponding angle of attack (the negative stall
angle).
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Fig. 14  Top view of reference aircraft and two innovative ice-tolerant tail arrangements. Tail in green: design with the largest center of
gravity range under icing conditions; tail in magenta: design with the minimum tail planform area.

Although these characteristics have not been explicitly
reported in this work, the developed reduced order models
(ROMs) also encompass these parameters. The comparison
of the tailplane stall angle, C; min, and C;, is presented in
Table 10 for further analysis.

The proposed exercise illustrates a potential application of
the developed ROMs. This example highlights that incorporat-
ing ice accretion considerations into aircraft multidisciplinary
optimization is feasible only if fast and reliable methods are
available. In this respect, the proposed approach represents a
significant advancement, accelerating the development of inno-
vative, safer, and more ice-tolerant tailplane designs.

5. Conclusions and further developments

This study has introduced a data-driven approach for predict-
ing tailplane aerodynamics in icing conditions and demon-
strated its application to the ice-tolerant design of aircraft
horizontal stabilizers. The core innovation lies in a low-
computational-cost model for analyzing the effects of icing
on swept and tapered planforms, leveraging an extensive
multi-fidelity data gathering campaign. This method integrates
seamlessly into aircraft design multi-disciplinary optimization
workflows, offering a cost effective yet reliable predictive tool
essential for contemporary aerospace engineering challenges.

Table 10 Icing effects on the proposed tailplanes
characteristics.

Parameter ggan(®) CL min Cr(1/(°))
HTP (reference) —6 —0.35 0.035
FSHTP, max.(AXc) =7 —0.53 0.051
FSHTP, min. Su/Sw -8 —0.52 0.055

The predictive approach, based on a comprehensive dataset
of iced airfoil shapes obtained using well-established 2D invis-
cid methods, spans a wide range of operational parameters.
High-fidelity computational fluid dynamics simulations further
enriched this dataset, encompassing both clean and iced
geometries across diverse flight conditions. These results were
systematically organized into a multidimensional aerodynamic
database. The utilization of this 2D database within a nonlin-
ear vortex lattice method enabled the prediction of the three-
dimensional aerodynamic characteristics of lifting surfaces,
culminating in a quasi-3D model. This reduced-order model
delivers rapid aerodynamic performance estimates of iced lift-
ing surfaces, proving to be a pivotal tool in ice-tolerant aircraft
design.

The practical application of the proposed model was
demonstrated through a detailed design study of the Airbus
A320-like tailplane, comparing conventional and forward-
swept configurations. The forward-swept tailplane configura-
tion showcased the model’s potential to expand the aircraft
design space. Specifically, the forward-swept tailplane could
either reduce the tailplane surface while maintaining the same
center of gravity excursion or maintain the same surface area
while allowing for a larger center of gravity excursion under
icing conditions. This versatility underscores the capability of
forward-swept configurations to enhance design efficiency
and performance.

In conclusion, the proposed model has proven its reliability
and accuracy in predicting the aerodynamic characteristics of
iced lifting surfaces, with negligible computational cost com-
pared to high-fidelity numerical analyses. The application to
tailplane design demonstrated the model’s value towards
industrial practical needs. The findings of this research pave
the way for further exploration and refinement of ice-
tolerant designs, with implications for enhancing aircraft
safety and performance in adverse weather conditions. Fur-
thermore, the open-access availability of these models ensures
that the scientific community can leverage the presented find-
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ings to advance research and development in the field of air-
craft icing.
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