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Definition: Aircraft icing refers to the ice buildup on the surface of an aircraft flying in icing condi-
tions. The ice accretion on the aircraft alters the original aerodynamic configuration and degrades the
aerodynamic performances and may lead to unsafe flight conditions. Evaluating the flow structure,
icing mechanism and consequences is of great importance to the development of an anti/deicing
technique. Studies have shown computational fluid dynamics (CFD) and machine learning (ML)
to be effective in predicting the ice shape and icing severity under different flight conditions. CFD
solves a set of partial differential equations to obtain the air flow fields, water droplets trajectories and
ice shape. ML is a branch of artificial intelligence and, based on the data, the self-improved computer
algorithms can be effective in finding the nonlinear mapping relationship between the input flight
conditions and the output aircraft icing severity features.

Keywords: aircraft icing; aircraft safety; computational fluid dynamics; OpenFOAM; machine
learning; data-driven modeling

1. Introduction

Aircraft icing represents a serious hazard in aviation and has been the principal cause
of several flight accidents in the past [1]. According to the International Civil Aviation
Organization (ICAO), 42 plane accidents caused by icing are reported from 1986 to 1996,
and 39% of them were fatal for at least one person [2]. When an aircraft encounters the
supercooled water droplets that are naturally present in humid and cold atmosphere, a
fraction of the supercooled droplets freezes upon the impact on the aircraft surface. The
ice accretion on the wing’s leading edge changes the original wing’s shape and affects
the aerodynamic performances. For example, the ice buildup on the wing decreases the
maximum lift coefficient and increases the drag, which may cause instability and further
lead to a crash [3]. Additionally, the ice accretion position is extremely important in
evaluating the icing severity. For example, a small amount of ice at a key location might
cause more severe performance degradation than a large amount of ice at a less important
location. Therefore, evaluating the icing mechanism, ice shape and severity is of great
importance to improving the flight safety.

Aircraft icing is an active research area and several approaches have been developed
to investigate the ice accretion, including experimental study, numerical simulation and
data-driven modeling. In terms of experimental study, NASA conducted a test flight and
the testing data show that the effect of aircraft icing on the stability increases with the
increasing angle of attack [4]. Papadakis et al. conducted experiments to study the effect of
ice accretion on the aircraft aerodynamic performance and handling qualities at different
icing times [5]. Wind tunnel tests have also been conducted to study the ice accretion
process on aircraft, which provides valuable data of icing effects on aircraft stability [6].

Although experiments provide direct results and valuable information for icing mech-
anism investigation, carrying out the experimental study can be expensive and time-
consuming; thus, with the building up of the theoretical icing models, more research has
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been focusing on the numerical simulation approach. To conduct the numerical simula-
tion, the program that implements a mathematical model for the aircraft icing needs to
be established. Then, the program can be run on a computer to obtain the icing results.
Since the aircraft icing mathematical model is too complex to obtain the analytical solution,
numerical simulation is essential to study the ice accretion process. For example, the
LEWICE code [7,8], developed by the NASA Glenn Research Center, applied the Messinger
icing model [9] to study the ice accretion for different flight conditions. FENSAP-ICE [10]
implements a three-dimensional ice accretion solver which solves the Reynolds-Averaged
Navier—Stokes (RANS) equation for airflow field and Messinger model for ice accretion.
MULTI-ICE [11] achieves the functionality to compute ice accretion on multi-element air-
foils. It applies a panel method for solving the aerodynamic field and Messinger model for
icing computation. Cao et al. [12,13] established a numerical simulation method to predict
the ice accretions based on the Eulerian two-phase flow theory. The permeable wall was pro-
posed to simulate the droplet impingement on the iced surface effectively. Li et al. [14,15]
developed the icing solver based on the OpenFOAM framework [16] to investigate the ice
accretion process in a multi-shot manner; the icing solver is able to predict the ice shape
as well as the effect of the ice accretion on the aerodynamic performance. Moreover, due
to the highly modular structure of OpenFOAM, more features can be easily implemented
into the solver. For example, the PoliMIce ice accretion modeling framework [17] was
coupled with OpenFOAM to enable more accurate aerodynamics computation. Based on
the computed airflow field, a generalized mass balance was introduced in PoliMIce to con-
serve the liquid fraction at the interface between the glaze and the rime ice types to achieve
smooth transition between the two types of ice. In addition, surface roughness caused by
ice accretion is also an important factor due to its effect on the heat transfer characteristics.
For example, Fortin et al. [18] developed a thermodynamic model that combines mass and
heat balance equations to the water states analytical representation to calculate the airfoil
surface roughness caused by ice accretion. Han et al. [19] conducted experimental and
analytical studies on airfoils roughened by natural ice accretion to improve the accuracy of
current aircraft ice-accretion prediction tools. Recently, there have been studies focusing on
predicting the flow field around the iced airfoil by using time-accurate methods such as
detached eddy simulation (DES) [20]. Xiao et al. [21] improved the DES prediction of flow
around airfoils with leading edge horn ice, which is important in studying the effect of ice
on the aerodynamics.

In recent years, there has been growing interest in applying machine learning methods
to aircraft icing research. It is motivated, on one hand, by the progress of artificial intelli-
gence (Al) incorporating richer and/or more complex algorithms and, on the other hand,
by the need of limiting the high computational cost of carrying out the numerical simula-
tion [22]. Al is intelligence demonstrated by a computer program which has the ability to
perform tasks associated with intelligence displayed by human beings. Machine learning
(ML) is a branch of Al Based on the training data, ML models are capable of addressing
strong nonlinearity with the aid of constructing black-box input—output mapping [23]. Due
to the complex interaction of multiple flight conditions, the mapping relationship between
the input flight conditions and the output aircraft icing severity features is likely to be
strongly nonlinear [24]; thus, ML has been implemented in several applications in aircraft
icing to predict ice shape [25], icing area, maximum ice thickness, icing severity level [24,26]
and the effect of ice on the aircraft aerodynamic performance [27]. The details will be
given in Section 4. The accuracy of the ML models’ predictions needs to be evaluated
quantitatively by the error analysis method containing multiple statistical measures [23].
The trained ML models can make predictions based on any given flight conditions at a
very fast pace. With reasonable accuracy, the built ML model has the potential to be an
attractive alternative to the numerical simulation approach. Specifically, in aircraft icing,
ML has a significant impact at three levels: for fast evaluating icing severity under different
flight conditions, for estimating degradation of the aircraft aerodynamic performance by
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coupling with other computational fluid dynamics (CFD) codes and for increasing the
flight safety by incorporating ice protection systems [26].

2. Aircraft Icing
2.1. Aircraft Icing Type

Based on the aerodynamic and meteorological factors, three types of ice can be gener-
ated in aircraft icing: rime ice, glaze ice and mixed ice [28]. The main characteristics and
forming conditions for the three types of ice are summarized. It should be noted that the
ice accretion depends on many factors and due to the complexity of icing mechanism, only
the main features are discussed here. A detailed explanation can be found in the Aircraft
Icing Handbook [29].

2.1.1. Rime Ice

When the supercooled water droplets become fully frozen immediately upon the
impact on the aircraft surface, rime ice is formed [30]. It usually occurs in an environment
of low flight speed and low temperature; the freezing is very fast and there exists no liquid
water film. The shape of rime ice is relatively smooth and usually seen as a spear-like shape
on the leading edge.

2.1.2. Glaze Ice

Glaze ice usually occurs in relatively warm temperatures and high flight speed. In
such conditions, only a fraction of the supercooled water droplets become frozen upon the
impact on the aircraft surface and the rest still remain in liquid state. The formed liquid
film moves along the aircraft surface, which might be blown away by the aerodynamic
forces or become frozen when its energy is deprived. Due to the movement of the liquid
film, the shape of glaze ice is often characterized by the formation of one or two horns.
Additionally, glaze ice often has a greater density and is usually tightly attached to the
aircraft surface, and thus is more difficult to remove [3]. Mikkelsen et al. [31] demonstrated
that due to the irregular shape, glaze ice might affect the aircraft performance far more
seriously than rime or mixed ice.

2.1.3. Mixed Ice

During flight, it is possible to form different mixtures of the rime ice and glaze ice,
both in time and space. The water droplets diameter and concentration vary widely in the
atmosphere; in certain temperature range, the ice might characterize both the glaze ice and
rime ice features. Additionally, rime ice may occur in the beginning of the icing process;
however, as the icing process continues, the thickness of the ice layer increases and the heat
loss due to conduction becomes weaker, which may lead to the generation of a liquid water
layer. Therefore, glaze ice might be formed in the later icing stage.

2.2. Aircraft Icing Parameters

Ice accretion process is a complex interaction of aerodynamic and environmental
variables, including flight speed, attack angle, exposure time, liquid water content (LWC),
droplet diameter and environmental temperature.

The faster the flight speed, the greater the mass of water droplets that will impact on
the aircraft surface, and hence the greater the amount of ice accretion. Additionally, the
higher flight speed led to higher aerodynamic heat. Aerodynamic heat might cause the
temperature increase near the stagnation point of the wing leading edge, which affects the
type and shape of the formed ice. Indeed, based on the US military standard (MIL-A9482),
when the flight speed is above 530 knots (sea level), the ice can be melted completely by
the aerodynamic heat [28].

Changing the aircraft angle of attack affects the water droplets impingement location,
collection efficiency distribution and the ice shape. Li et al. [14] developed a simulation
framework to effectively study the ice accretion under a different angle of attack. It was
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found that when the wing is at a 4° angle of attack, the main impingement region is
the lower surface of the wing. The same phenomenon is also observed in the ice height
distribution, as shown in Figure 1 [14], with more ice accreted in the lower region. The
black line represents the clean airfoil shape, the green dots represent the ice shape obtained
in the experiment [32] and the blue and red solid lines represent the numerical predicted
ice shape in Cao [12] and Li’s [14] work, respectively.
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Figure 1. Visualization of the ice shape comparison on the NACA0012 airfoil [14].

Exposure time is the time that an aircraft spent in the icing condition. It directly affects
the ice shape and the longer a flight stays in icing condition, the more severe the icing
severity is. During flight, the exposure time is directly related to the cloud size [33].

Liquid water content (LWC) is normally expressed as the number of grams of liquid
water per cubic meter of air. It represents the amount of supercooled water droplets that
can impact on the aircraft surface in a given air mass. Therefore, LWC is an important
factor in aircraft icing. As LWC increases, the amount of ice and ice thickness also increase,
which cause more severe damage to the flight safety.

A water droplet’s mass is directly proportional to the cube of the droplet diameter.
Due to higher inertia, the droplets with higher diameter will be more likely to impact on the
aircraft surface. On the other hand, smaller droplets tend to follow the air streamlines and
avoid impacting on the surface. Therefore, the droplet diameter can affect the ice shape and
ice layer thickness. The water droplet diameter is usually characterized as median volumet-
ric diameter (MVD). According to the FAR-25 [33], the LWC and MVD is closely related;
the relationship depends on the cloud type and environmental temperature. Therefore,
at different temperatures, the distribution of LWC and MVD varies. The environmental
temperature also affects the ice type. For example, it is more likely to form rime ice when
the environmental temperature is low enough to make the entire water droplet to become
frozen immediately upon the impact. On the other hand, glaze ice is more likely to be
created when the water droplets only partially freeze [3].

2.3. Aircraft Icing Severity Levels

Defining the aircraft icing severity levels is important to give pilots a good idea how
hazardous the icing is. The Aeronautical Information Manual [34] introduces four icing
severity levels: trace, light, moderate and severe. However, since it simply serves as
a reference for the pilots to give icing severity to the control tower, its classification is
qualitative and vague. Later on, the NCCAM icing standard [35] defines the classification
based on the accretion rate on a small probe (Table 1). Similarly, a icing severity level, as
shown in Table 2, is established based on the maximum ice thickness [32]. Four levels are
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introduced to describe the icing severity, including light, moderate, heavy and severe. The
pilots could use the standard as a reference to assess the severity of the flight condition [36].
It is reasonable to establish the standard based on the maximum ice thickness instead of
the ice accretion rate because, during flight, the aircraft safety will only be a little affected if
the time spent in severe icing state is limited.

Table 1. 1964 NCCAM icing standards [35].

Icing Severity Level Accretion Rate on a Small Probe
Trace 1/2 inch in 80 miles
Light 1/2 inch in 40 miles
Moderate 1/2 inch in 20 miles
Heavy 1/2 inch in 10 miles

Table 2. Icing severity level based on icing thickness [37].

Icing Severity Level Maximum Ice Thickness (mm)
Light 0.1-5.0
Moderate 5.1-15
Heavy 15.1-30
Severe >30

3. Numerical Simulation for Aircraft Icing

Since the flight test and experimental simulations are expensive to carry out, nu-
merical simulation is adopted widely. There have been numerous discussions about the
numerical tools to predict the ice accretion under different flight conditions [7,13-15]. The
computational method proposed by Li et al. [14] for aircraft icing includes four main steps:

1. Solve the air flow field around the aircraft.

2. Simulate the droplet impingement on the aircraft surface.

3. Solve the ice accretion model to compute the ice shape.

4. Apply mesh morphing algorithm to account for the shape change caused by ice accretion.

The four steps construct the conventional icing simulation framework. This numerical
tool is able to predict the ice shape as well as the effect of ice accretion on the aerodynamics
performance. The framework is presented in Figure 2.

Start
Airflow solver |«
Mesh
movement
Droplet phase :
solver Yes

Max(ice thickness
Icing solver increment) >
0.01*Chord length

Icing shape

Figure 2. Ice accretion numerical modeling framework (* represents product of 0.01 and chord length).
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3.1. Airflow Field

Solving the airflow field is the first step in the ice accretion numerical modeling
framework. The airflow field will affect the movement of the supercooled water droplets
via drag force. The airflow field can be obtained by solving the potential flow equation [38]
or the Euler equations [39] or the Navier-Stokes equations [14]. For example, the potential
flow equation is solved in LEWICE code [7]. Cao et al. [13] solve the Eulerian equations
to obtain the airflow field. Li et al. [14] solve the compressible Navier-Stokes equations
based on the OpenFOAM framework [16,40]. Generally speaking, the Navier-Stokes is
more complex to solve; however, the airflow field obtained by solving Navier-Stokes is
more accurate, especially in the icing simulation where complex flow behavior often occurs.
By solving the airflow field, the air flow velocity, pressure and temperature distribution is
obtained and passed to the droplet impingement simulation.

3.2. Droplet Impingement

In the droplet impingement simulation, the crucial quantity that needs to be deter-
mined is the water droplet collection efficiency which reflects how often the droplets impact
on the aircraft surface. The calculation of droplet collection efficiency on the airfoil /wing
surface is crucial in numerically simulating ice accretions. The most natural technique to
track the droplet motion is to individually compute the trajectory of each droplet, which is
referred as Lagrangian method [41]. The Lagrangian method is easy to implement; however,
it has a severe drawback in icing simulations, which is the enormous computational cost
required to model the droplets. Another computational method available is Eulerian two-
phase flow method [14]. Eulerian two-phase model considers the droplets in the airflow as
continuous field which interpenetrates with the air. The collection efficiency is obtained
through solving the droplet velocity and droplet volume fraction. The computational grid
used in the airflow field simulation can be used for the Eulerian two-phase model, which
further improved the efficiency. Eulerian two-phase model has been applied in many
studies to simulate the droplet impingement [12,14,15].

When applying the Eulerian two-phase model, different levels of interaction between
air and droplets can be defined, as shown in Figure 3. The simplest model is one-way
interaction in which only the airflow field affects the droplet phase. The most complex one is
the four-way interaction where not only two-way interaction between air and droplets exist
but the collision effect between droplets is considered as well. In many icing conditions,
the droplet volume fraction is below 10~°; thus, one-way interaction is accepted [42].

Air Air Air

One-way Two-way Four-way
Figure 3. Different levels of interaction between air and droplet.

In constructing the governing equations for the Eulerian two-phase model, the follow-
ing assumptions [14] need to be made.

1.  The distribution of the water droplets is uniform, and they are simplified as sphere
with a median volumetric diameter.

2. The physical parameters of the droplets do not change by assuming that there is no

heat or mass transfer between the droplets and air.

The droplet collision, splashing and bouncing effects are neglected.

4. The airflow viscosity has no effect on the droplets.

@
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3.3. Ice Accretion

Many numerical approaches [7,12-14] apply the Messinger model [9] to solve the
ice accretion process. The Messinger model constructs the mass balance and energy
balance equations in the control volume on the aircraft surface based on the following
assumptions [14].

1. There is no runback water in the control volume at the stagnation point, and any
runback water flowing out of the control volume flows along the direction away from
the stagnation point.

2. The heat and mass transfer only happens in the direction normal to the wing’s surface.

3. Inthe mixture of water and ice, a balance temperature is reached.

As shown in Figure 4 [14], the mass coming into the control volume includes impinging
water droplets, mimp, and the water flow into the control volume from the upstream adjacent
cell, m flowin- The mass going out of the control volume consists of the generated ice, Mice,
the evaporation or sublimation, 1., and the water flow out of the control volume to the
downstream adjacent cell, m flowout- The mass balance equation can be written as

mimp + Thflowin = Mice + Mes + mflowout 1
mme Imes
mflowip %mflowa_yt
Ice
Wing

Figure 4. Mass balance in the control volume [14].

For the energy conservation, as shown in Figure 5 [14], the contributing energy terms
are the convective heat, Q.,, kinetic energy of impinging water droplets, Q;;,,,, latent heat,

Qlatent, and sensible heat, Q,,sip.- The energy balance equation can be written as

ch + Qimp + Qlatent + Qsensible =0 )

Qsimp I Qsensible

Qiatent Qca

Ice

Wing

Figure 5. Energy balance in the control volume [14].

By solving the mass balance and energy balance equations, the ice layer thickness
distribution can be obtained. Many studies [12-14] have shown that this approach can give
good agreement with the experimental data [32].
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3.4. Mesh Morphing

Ice accretion changes the wing’s shape, which affects the previously solved airflow
field and droplet impingement in step 1 and step 2 of the ice accretion numerical modeling
framework. Therefore, it is necessary to re-calculate the airflow field and droplet flow
field in order to obtain the new ice shape accurately based on the updated mesh. The
irregular ice shape represents a major challenge in numerical simulation of long-time icing
because manually remeshing is a time-consuming procedure. Kinzel et al. [43] use the
mesh generation tool, AFLR3, to achieve the automated re-gridding procedure. Li et al. [14]
build a mesh morphing algorithm to move the internal mesh nodes to achieve a smooth
transition and maintain the mesh quality after constructing the ice shape.

4. Data-Driven Modeling for Aircraft Icing

This section details the different types of ML and then presents prominent research
and findings of ML applications in aircraft icing. As described in the previous section,
the aircraft icing process is a complex interaction of multiple variables and explicitly
modeling the icing formation process often requires computationally expensive and/or
cumbersome treatments to calculate the ice displacement and accretion along the wing,
such as remeshing [22]. Data-driven methods can help alleviate this constraint by applying
regression analysis and machine learning models to predict the aircraft icing based on icing
data collected in experimental campaigns and/or numerical simulations [24]. Within the
domain of aircraft icing, ML is applied in two main areas: ice shape prediction and icing
severity evaluation.

4.1. Machine Learning

Since the ice accretion process shows strong nonlinearity, linear algorithms such as
linear regression [44] and logistic regression [45] are not suitable [24]. Common nonlin-
ear algorithms include the classification and regression trees (CART) [46], Naive Bayes
(NB) [47], k-Nearest Neighbors (KNN) [48] and Support Vector Machines (SVM) [49]. CART
is referred to as decision tree (DT) algorithms that can be used for classification or regres-
sion predictive modeling problems. DT is a supervised learning method which can be
used to make predictions in both regression and classification problems. DT constructs
a binary tree from the training data, and the goal is to predict values by learning simple
decision rules inferred from the data features. A tree can be seen as a piecewise constant
approximation, and the split points are chosen greedily to minimize a cost function, such
as Gini index [46]. The recursive binary splitting procedure needs to know when to stop
splitting. The most common stopping criteria is the number of training instances assigned
to each leaf node, whose value should be carefully tuned during the training process to
avoid overfitting. Naive Bayes calculates the probability of each class based on the Bayes
theorem. It computes the conditional probability of each class given each input value based
on the assumption of conditional independence between every pair of features given the
value of the class variable. KNN is implemented through the instance bases learning with
parameter k, which uses a majority voting mechanism [48] to make predictions in both
regression and classification problems. One critical step in KNN is to determine which of
the k instances in the training dataset are most similar to a new input. The common way is
to use a distance measure, such as Euclidean distance and Hamming Distance. SVM seeks
a line that best separates two classes. The optimal line will have the largest margin, which
is the distance between the line and the closest data points. In practice, the SVM algorithm
is implemented using a kernel, such as linear kernel and polynomial kernel, which defines
the similarity or a distance measure between new data and the support vectors.

Besides the conventional ML models mentioned above, ensemble machine learning
algorithms are also widely used in aircraft icing applications [24,26]. Ensemble ML methods
create multiple models and then combine them to generate improved prediction results [50].
Li and Paoli [51] investigated the effectiveness of different conventional and ensemble ML
methods on the icing applications. Ensemble methods usually have stronger prediction
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power and produce more accurate solutions than a single model would. Random Forest
(RF) [52] is a type of ensemble method. RF constructs a set of decision trees during training,
each individual tree gives a class prediction and the class that has the most votes becomes
the model’s prediction. XGBoost is another ensemble model, which shows excellent
performance on structured or tabular datasets on classification and regression predictive
modeling problems [53]. In XGBoost, models are added sequentially, and new models are
added to correct the errors made by existing models. Additionally, to avoid overfitting,
XGBoost adds the regularization factor to the loss, which represents the complexity of the
trees. It has been shown that XGBoost has promising performance in exploring the complex
pattern between different types of icing conditions [26].

4.2. Machine Learning for Ice Shape Prediction

In aircraft icing, one of the applications of ML is to predict the ice shape. Predicting
ice shape by using numerical simulation approach generally requires solving the partial
different equations, which requires high computational cost. Many studies have been
carried out to develop ML data-driven models as an alternative to the traditional numerical
simulation approach. Ogretim et al. [25] incorporate the Fourier series expansion of an ice
shape following a conformal mapping, which suppresses the effect of airfoil geometry, and
then utilize neural networks to model the Fourier coefficients and the downstream extent
of the ice shape. A set of 20 Fourier terms is given to the network. The training data for
the NNs were generated at the NASA Icing Research Tunnel at NASA Glenn, which was
reported in the LEWICE validation report [54]. Neural networks (NNs) have been widely
used in supervised learning; an input space is mapped onto an output space through
the constructed hidden layers [55]. The small computational resource requirement and
reasonable accuracy make this method a promising alternative to the numerical simulation
approach. NNs can also be combined with wavelet packet transform (WRT) to predict the
ice shape [56]. Chang et al. [56] selected five variables (velocity, temperature, liquid water
content, median volumetric diameter and exposure time) as input data and WRT is applied
to reduce the number of input vectors to increase the convergence efficiency. The number
of training samples is 43. Then, a back propagation network that consists of 1 hidden layer
with 39 nodes is established, and the output coefficients are reconstructed to generate ice
shape. The neural network schematic diagram is shown in Figure 6. The hyperbolic tangent
sigmoid transfer function is used in the hidden layer, and the linear function is used in the
output layer.

Output layer

Hidden layer

Figure 6. Schematic diagram of neural network structure [55].



Encyclopedia 2022, 2

65

4.3. Machine Learning for Icing Severity Prediction

In aircraft icing severity evaluation, the use of ML methods has been shown to aid
in reducing the computational time, enabling aircraft safety improvement. Li et al. [24]
proposed a method for aircraft icing severity prediction at different flight conditions based
on machine learning model XGBoost. Based on the numerical modeling, six flight condi-
tions (flight speed, angle of attack, exposure time, LWC, MVD and freestream temperature)
are considered as input to the ML model. A total of 1890 samples are selected to form the
dataset. The model is trained to predict three icing severity features: the size of the area on
the airfoil covered by ice, maximum ice thickness and icing severity level (Table 2). During
the training process, an important step is to find the optimal parameter settings for the
ML models. A scikit-learn class called “GridSearchCV” [57] can be applied to identify the
optimal hyperparameter set to improve the prediction accuracy of the ML models. For
example, in predicting the icing severity level using XGBoost [24], the number of trees
is 80, interaction depth is 10, shrinkage factor is 0.1, subsample ratio is 1 and minimum
child weight is 0.1. In order to evaluate the models’ performance, multiple statistical mea-
sures can be applied. For regression problems, the Root Mean Square Error (RMSE) [26],
coefficient of determination R? [26] and Median Absolute Error (MAE) [24] can be applied.

1 Nd/zt/z 2

RMSE = Z (Ym,predicted - Ym,ﬁrue) (3)

data ;=1

2
> Zm (Ym,predicted - Ym,true)
RE=1- = 2 (4)
Em (Y - Ym,true)

1 Niata
MAE = N Z Ym,predicted = Yo true 5)

data ;=1

where N4, is the number of data samples, Y eicres and Yirue represent the value predicted
by the model and the value prepared in the dataset, respectively.

For classification problems, several model evaluation indicators, such as precision,
recall rate, F1 score and confusion matrix, can be applied [26]. Figure 7 shows the compari-
son between the observed results and predicted results. The red line has an intercept of
zero and a slope of one, which represents a perfect prediction. It can be observed that the
sufficient agreement is achieved between the predicted and observed results in predicting
the maximum ice thickness and icing area. The R? computed from Figure 6 is 0.995 for
both cases. Due to the low computational cost requirement and skillful prediction, some
potential uses for this prediction model include the following:

1.  The proposed method has the potential to be coupled with other ice protection systems
to further increase the flight safety, such as being an ice protection mechanism trigger.

2. The hybrid machine learning and CFD methods can be applied to the estimation of
the degradation of the aircraft performance.

The built model can also output feature importance to indicate how valuable each
flight condition is toward the three icing severity features. As an example, Figure 8 presents
the feature importance of LWC, exposure time and droplet diameter in regard to the icing
severity level. The F score value indicates how useful each feature is in the model building
process. The higher the F score is, the more important the feature is. It can be seen that
exposure time and droplet diameter have a comparable level of importance, while LWC
has the lowest importance with regards to icing severity level.

Cao et al. [27] developed a methodology for predicting the effects of ice shape on
airfoil aerodynamic performance based on a feed-forward neural network (NN). The model
considers multiple ice geometry features, including ice horn leading-edge radius, ice height
and ice horn position on airfoil surface. The model is trained to predict the lift coefficient,
drag coefficient and moment coefficient, which are critical aerodynamic coefficients toward
flight safety. Due to the sufficient agreement with the tunnel test data, the model can be
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further developed as a research tool to evaluate airfoil performance in different ice cloud
conditions. McCann [37] built a pair of neural networks (NNICE) to recognize vertical
atmospheric patterns associated to different icing intensities. A total of 398 samples are
prepared for training the network. NNICE includes not only temperature and relative
humidity at the flight level but also humidity data above and below flight level and a
profile of the potential instability; therefore, it can make icing forecasts of all intensities
with reasonable accuracy.
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Figure 7. Scatter plot of observed results vs. predicted results. Left panel: maximum ice thickness;
right panel: icing area [24].
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Figure 8. Bar chart of XGBoost feature importance in regard to icing severity level prediction [26].

5. Conclusions and Prospects

Aircraft icing has been studied by numerical modeling and machine learning methods.
In research, numerical simulation has been shown to be effective in calculating the ice shape,
analyzing the detailed flow fields and predicting the effect of ice shape on aerodynamics.
The highly modular structure of the numerical simulation framework can easily incorporate
different CFD and ice accretion models to provide more in-depth analysis. ML has been
successfully used to accelerate the ice shape prediction process and enable fast evaluation
of aircraft icing severity. The ability of ML models to generate the feature importance can
help to study the effect of different aerodynamic and meteorological factors on the icing
severity results. Due to the small computational resource requirement, fast performance and
reasonable accuracy, the ML models can provide an attractive alternative to the traditional



Encyclopedia 2022, 2 67

numerical simulation approach. Additionally, the ML models have the potential to be
coupled with CFD codes and ice protection system to further increase the flight safety.
Accurate data, such as those from high-fidelity CFD simulation, would help build useful
training datasets for ML developments, especially for unsteady flows that occur in certain
phases and/or specific wing configurations (flap deployment, retraction).
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