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Study of an AI Model for Airfoil Parameterization and Aerodynamic
Coefficient Prediction from Image Data
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Abstract The shape of an airfoil is a critical factor in determining aerodynamic characteristics such
as lift and drag. Aerodynamic properties of an airfoil have a decisive impact on the performance of
various engineering applications, including airplane wings and wind turbine blades. Therefore, it is
essential to analyze the aerodynamic characteristics of airfoils. Various analytical tools such as
experiments, computational fluid dynamics, and Xfoil are used to perform these analyses, but each
tool has its limitation. In this study, airfoil parameterization, image recognition, and artificial
intelligence are combined to overcome these limitations. Image and coordinate data are collected from
the UIUC airfoil database. Airfoil parameterization is performed by recognizing images from image
data to build a database for deep learning. Trained model can predict the aerodynamic characteristics
not only of airfoil images but also of sketches. The mean absolute error of untrained data is 0.0091.
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Fig. 1. Airfoil parameterization
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Fig. 2. Multilayer perceptron
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Table 1. Hyperopt’s hyper parameter values

Hyper Parameter Values

Densel
Dense2
Dense3
Dense4

16,32,64,128,256,512

Dense5

Learning rate 0.00001 ~ 1

epochs 500,750,1000,1250,1500,2000,2500

Batch size 32,64,96,118,160,192,224,256

Table 2. Optimized model’s hyperparameter

Hyper Parameter Values
Densel 512
Dense2 512
Dense3 64
Dense4 64
Dense5 16

Learning rate 0.006966482205030824

epochs 2500
Batch size 256
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Table 3. Model’s evaluation metrics

Parameter Train Test validation
MAE 0.0075 0.0091 0.0088
MSE 0.00014 0.00027 0.00017

R2 score 0.992 0.989 0.991

35 38 84 o5 Zut

Fig. 4 v 8}53lA] 22 HZE HolHY ¢
o= w3t A g vEkd :Uﬂ]ﬁo]ﬂr X label
= ZF gho] AmUE ol¥ds vrhll= ol
Fig. 4 o Yehd ¢, d ]H«] A= Ay LAk

W= 0.0055 > MSE > 0.0015, Ao @.x}e]
91+ 0.0741 > MAE > 0.0123 ©]t},
« Cl_predict .
. % Cl_ground_truth "
061 % 2 -3
-
x ; L - &
22 T
044 0T " e z ‘! i' "
O . L —— .
J ¥ X ° ®
0. : . : . L
x P 2 . o®
- > .. iﬁp ® & - ] u! " -.
¥ o x %3 L] L] g 5
01 s . ¥x
- . .
- ¥ - R - 2 % o

0.0

Fig. 4. Test C, data predict & ground truth

= Cd_predict
= Cd_ground_truth

0.8

0.6

&
IS ¥
a4l ®= % Xex w_ @ L] ° x ”
. s o P
¥ 5.0
5 oay, w U 5 ‘: 2 .
2 P! ¥ o
. ¥ W a 5
2 - 0 o s %
. n -w . " "
o L R N ] » - " [
- T I R LI
. T a = .y

0.0 %

Fig. 5. Test Cp data predict & ground truth



oA Ho[elE o83t ofF vihsst Bl FEAlE d5S 9% el Bl A 89

Fig. 5+ sh5ohA] &2 HIAE dolE9] G, 02 ezt A ] oSS AHEe] oled e
o) 5wt el whs vebd 1EiEzelt) Fig. 5 o -2 F7HAR] s H ks 7] dlo]E 9
of Yeld Cp tlolE]Q] oS Al 2xk2] W= 5o gtk B3k o] HlolHE Skt B
0.0355 > MSE > 0.0001, At 2x}o] He|= do]7] wjio] thE A4S o=o] Brlseta,
0.1884 > MAE > 0.0123 ©]t}. Agat7] sl F7HAR1 dlolE 9 gk

tlojEfe Al Yehd eA5S s FH et HE 873
™ Table 3 o] UER}= B 2~E d]o]E] 2] MAE ¢}
MSE #k& AL = At} shaal] &2 o1l 4 A E
ek o= gk o)7|wlEol A7} WA ¥

0y

I W Ao ©)@e] ofn]elA] ul
el G, Cp F3 o1A e A oFe] A, SE TARAAS UHR G, O F FH 5
018 o] dej7} Autzol ol&y} gl Y T A dS5ete ged 39 BhS Ak o]
2 ALY, o} RS SIS 717 98, o) = ue 39 54E 958 =7 by
o] Z3lol| A AAM Pﬁ,‘j‘% 714 ela S0 olg] Xfoil & ©F2 7] coordinate FHE Q=2 3}A| &
g olg dlolElrl o 2 oxt2 A p e 3L 349 owX| oy Ao R: ¥
2 Q)e} g 5AS A58 5 vk 54 Jgel

Fig 6 ©1& dlo]E] StiiLe] ojS7hxe] 3 B R EAIS WelE Xioil 2 dE i 2d
A4S oA A vrhE agolth aga AT FHEA 4 odde] EAEA R
el Ax} o] AFE Ake] 98 ojujxm AR BEe] 79 A3} of Hofl v ofe] 3
gl olUE} dale] A7 ol FHEA aﬂz 54 oS =R ME 02 29 ARl A8

A et 5= ek oju|Ae vEhd w4 4 Tk
2 OpenCV & &8k ool oJF& <14
3l bounding box & Y}ERATH S 7|

2 7o) A% BEe Wkl v . AT gsjeR el A1
_ = [¢) = ShA - =5 Skl AlA] 3l
of HelElE JuroR Srg AHy] oppe)  © TTE 20209 e gniSa A
T AFATANANY A B AR
Training Prediction
Step 1 2 3 4 5 6
Airfoil
Progress | : —_— aerodynamics
(€ Cp)
| . . | .
Method Layout ProT:gs?ng Train Handwritten Prong:gs?ng Deep learning
. Airfoil . Airfoil i
Process Data Collection parameterization Model train Sketch parameterization Prediction

Fig. 6. Progress of sketch airfoil prediction



90 olE - 1Kz} oy

ARZAE 0] Aoz S ATATEe] F]lo]
AL 71570 AFA(2020M3C1C1A02086326)2]
A e Wol = H 5T

REFERENCE

1) Drela, M., 1989, "XFOIL: An analysis and
design system for low Reynolds number airfoils,"
In Low Reynolds Number Aerodynamics, Springer,
Berlin, Heidelberg., pp.1~12.

2) Xflr5., 2019, http://www.xflr5.tech/xflr5.html.

3) Oliver, J. M., Kipouros, T., and Savill, A.M.,
2013, "A Self-adaptive Genetic Algorithm Applied
to Multi-Objective Optimization of an Airfoil," In
EVOLVE-A Bridge between Probability, Set
Oriented Numerics, and Evolutionary Computation
IV. Advances in Intelligent Systems and Computing,
Springer Heidelberg., pp.261~ 276.

4) Echavarria, C., Hoyos, J. D., Jimenez, J. H.,
Suarez, G., and Saldarriaga, A., 2022, "Optimal
airfoil design through particle swarm optimization
fed by CFD and XFOIL," J. Braz. Soc. Mech.
Sci. Eng., Vol. 44(11), p.561.

5) Kim, B. R., Lee, S. H., Jang, S. H., Hwang, G.
I, and Yoon, M., 2022,
aerodynamics using VGG16 and U-Net," .
Korean Soc. Vis., Vol. 20(3), pp.109~116.

6) Seo, J. H., Yoon, H. S., Kim, and M. 1., 2022,
"Prediction of aerodynamic force coefficients and
flow fields of airfoils using CNN and Encoder-
Decoder models.," J. Korean Soc. Vis., Vol.
20(3), pp-94~101.

7) Bradski, G., 2000, "The openCV library," Dr. Dobb's
Journal: Software Tools for the Professional
Programmer, Vol. 25(11), pp.120~ 123.

8) Ramchoun, H., Ghanou, Y., Ettaouil, M., and
Janati Idrissi, M. A., 2016, "Multilayer perceptron:
Architecture optimization and training,", Proc.
IJIMAI, Vol. 4(1), pp.26~30.

9) Pokhrel, P., 2023, "A Comparison of AutoML
Hyperparameter Optimization Tools for Tabular

"Prediction of

Data," Master's thesis, Youngstown State University.
10) Frazier, P. 1., 2018, "A tutorial on Bayesian
optimization," arXiv preprint arXiv:1807.02811.
11) Selig, M. S., 1996, "UIUC airfoil data site,"
Department of Aeronautical and Astronautical
Engineering University of Illinois at Urbana-
Champaign.

12) Chicco, D., Warrens, M. J., and Jurman, G.,
2021, "The coefficient of determination R-squared
is more informative than SMAPE, MAE, MAPE,
MSE and RMSE in
evaluation," Peer] Comput. Sci., Vol. 7, pp.623.

13) Nagelkerke, N. J., 1991," A note on a general
definition of the coefficient of determination,"
Biometrika., Vol. 78(3), pp.691~ 692.

regression  analysis





