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Airfoil Performance Model (APM) :
This work presents the development of a machine learning model to estimate the
effect of the surface distributed roughness or erosion on the aerodynamic
performance of airfoils. The model is called Airfoil Performance Model (APM). The
aerodynamic coefficients predicted are the lift, drag and efficiency.

AIRFOIL PERFORMANCE MODEL description

Results

Training database

Figure 3. Mean values of the R2 metric for each airfoil 
considered in Table 1

Conclusions
• It has been demonstrated that the APM can generate accurate

predictions for new roughness conditions, provided that the
predicted airfoil is represented within the training dataset.

• For rough conditions: Airfoils with geometric characteristics similar to
those included in the training set are predicted accurately, whereas
airfoils outside the range of the training dataset are estimated with
lower accuracy.

• For erosion: The aerodynamic performance prediction is accurate for 
the airfoils and surface conditions that were tested.

Figure 1. Roughness and Erosion parametrizations
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Figure 2. Bézier parametrization of the NACA63418 airfoil
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Geometry Module

Machine Learning Algorithm description

The database consists of 39 airfoils, with a variable
thickness ranging from 7,5% to 30%, simulated
using a steady fully turbulent CFD approach
(OpenFOAM) for clean, rough and erosion
conditions (3465 simulations per airfoil) and
Reynolds numbers of 6, 9 and 12 million. The rough
and erosion parametrization used to generate the
database are shown in Figure 1.

Camber and thickness curves are obtained from
the airfoil geometry coordinates. Then, each curve
is fitted with a 5th degree Bézier polynomial,
where the corresponding control points for camber
and thickness are defined (Figure 2).

Neural networks are used: one model is trained for each aerodynamic coefficient (lift, drag and
efficiency) and surface condition (rough and eroded surfaces) resulting in six models. Two main
metrics have been employed to evaluate the models: the root mean square error (RMSE) and
the coefficient of determination or R2 score (R2).

Test 1: roughness model with new 
conditions for known airfoils

Test 2: roughness model with unknown airfoils

Figure 4. Lift and drag curves of the worse estimation in Test 1, corresponding to the NACA63418 airfoil on clean conditions
and Reynolds 11 millions. Blue dots are the computed values using CFD and orange stars are the model estimation

Figure 6. Estimations of the lift and drag coefficient of the L5T14 airfoil. Re 9 million and ur = 0.2, lr = 0.1 and
hr = 0.0005. Blue dots are the computed values using CFD and orange stars are the model estimation

Figure 5. Mean values of the R2 metric for each 
airfoil considered in Table 2

Three airfoils employed for model
training are tested under
roughness conditions and Reynolds
numbers outside the range used to
generate the training dataset

Six new airfoils estimated with the
rough model (three of them are
high thickness airfoils with
complex thickness and camber
curves)

Table 1. Airfoils and conditions considered in Test 1.

Table 2. Airfoils and conditions considered in Test 2.


