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Abstract

Dimensionality reduction method+ high-dimensional
data®| feature’s B2 C 2 FEo77] w70 F 2
ofofl A= A HA), gl £A4, oY Y & o
QFet oo gHgE 1 Qirf. 53], X o= HarE B
Holo] ur o 2 915]] deep neural network Z7]HF2] non-
linear dimensionality method T oF o] 2]-&x]7] A Z}5}
2 Qlok J &L} 7]E linear based Y8 I} nonlinear based
S e A BT EAS = G of ) HE
oF Holt. 2 Z2 A E = gkg FoF9] benchmark 74
2] A] transonic airfoil 2} cylinder problem ]| tfjs}<] lin-
ear/nonlinear based dimensionality method 2] /J-5-S Tl 9F
oF #HFoJA] B] W EASFACE E5], dataset size2} latent
variable ©] 5~& parameter 2 X}l E S A applica-
tion O A] AFg-E]= AFSFS 171 8]519], dimensionality reduc-
tion method & ‘£ F£&5 feautre 53} 55 X9 gjet
regression model-S BFHE 11, regression errorS 245}

1. Introduction

Computational fluid dynamic (CFD)+ experimental
method®]| B]3]] simulation cost7} A& o2 35},
similarity?} Z-2 AW ZAIA AfFEthe A o
Fof| design optimization, sensitivity analysis, uncertainty
quantification®]] @o| AL&¥ ). CFDof| F2 85+
finite difference method (FDM), finite volume method
(FVM), finite element method (FEM) &} Z+-& 42| ]| A4 =
HE2E0 5|4 718 discretes}7 fine grid © 2 U= 1}
AlZ o] 83t AREA © 2 fine grid®] 7= 10%%6 89
orderE 7}2]7] Wj-&o] CFD data+= high-dimensional vec-
toro] FE = FAH
High-dimensional data+= curse of dimensionality =4S of
715171 wizell, elolE EAlolut o & el S5 oA
Sh= 8.¢10] Ht}. 7]& CFD 2o A = o] & sl 2 5t7] 9
3f| proper orthogonal decomposition (POD) [15} 931 [8]], dy-
namic mode decomposition (DMD)[14]5 9] linear dimen-
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sionality reduction method& A85}itt o] gt HF
S potH o 2 9HAE JH|E 7FR] 2, training dataZ} 2
EAON A stability & 2™, A3} sfjAo] k=
12|l CFD Zofof| A Ho] &g & of gt

S, Z|ofli= computer vision £OF0] Ad-F-ofl FFS T
o} CFD Bo}of| A& neural network 7]E8F9] autoencoder
(AE), convolutional autoencoder (CAE)[2]]"s- nonlinear di-
mensionality reduction method”} -8 &] 7] A|Z+s}al Q).
Nonlinear dimensionality reduction method”} 7} A= =&
model capacity+= distributed flow, transonic flow 5 highly
nonlinear problemo]| 4] ot Al 52 HRIth= A o] &
ATFES Foll Bl =]ar it (6 5L ]

1234 7]Z linear dimensionality reduction ¥} non-
linear dimensionality reduction B2 | A4 © & v 1w st
A= obF] F4-5] XY= 2] L SkTh. E3], large training
set2 2+H 5}7] o] -2 aerodynamic application EAJ-2 11
25}99-2 ], linear/nonlinear dimensionality reduction HF
H O] /J-5 7 dataset size 7HO] A THIAE 5= A2
293t guidelineo] = 4 Utt B T2 A Eo| A= lin-

= T
ear/nonlinear dimensionality reduction Y HE &, t)E4

=3
H
3

£ rlo

¢l &= 2 ¢ POD, AEQ] A-5-& dataset £/ ¢l whe} v w o
Zlo|tt.
2. Related work

2.1. Linear dimensionality reduction

%7 aerodynamic £0F9] linear dimensionality reduc-
tione fluid flow?] coherent featureS 3Z35}o] fluid-
dynamic, transport }742 #45k= Z o AFEE| STt T
HZ 9l 2= proper orthogonal decomposition (POD)
2 0|85t Sirovich et. al. 2] 427} @} [13]. Sirovich=
high-dimensional CFD dataof| 4] €82 © 2 POD modeE
F=5 4= ¢J+= method of snapshotS o] 22191 7 of A
A A5FSITE. o] HFH-2 Holmes et al. [9], Dowell et al [3]],
and Hall et al. [§] 52] &AL A AA| fluid dynamic
Al ThgetA A-8-= AT
e, 574 A Aol s A POD 452 7R Al 71 112k

Sl= AFE XY & ATt Schmid [14]+= temporal dataset



< average sense2 5= POD9] $HA|S 7§A41517] 9
3l dynamic mode decomposition (DMD)E A|A|5}4t}.
o] 2]o]| Iz DMD®]| optimization variables& 3=7}5}o] Qut
S}A1Z1 optimal mode decomposition(OMD) [16]], physical
constraintE F-¢J5t constrained proper orthogonal decom-
position(CPOD) [17] 5 PODE 7|4l o 2 3t thoFsh Hi
250 23t

OFx A|A]= linear dimensionality reduction ®HEL
mathematically cleard}al, =02 dataseto] oS} unique
optimal solutiong AJA|gtct= AH-S 71ATh I8y
datasetZ orthogonal basis®] linear combination7t o 2
Fdorstth= Aok wizell, Tt featureE 7HAl=
highly-nonlinear problemof| A= A%50o] ol &= SHAE
7He Aoz A ot

2.2. Nonlinear dimensionality reduction
o]

thEZ Q] nonlinear dimensionality reduction method
2= neural network 7|HFe] AE”} It} AE+ high-
dimensional dataE latent space 2 mappings}t+ encoder2}t
latent space= THA] high-dimensional data= reconstructs}
+= decoder® o] FolXIth 7H 7hHet JH| o] AE+= en-
coder®} decoder”} fully connected layer= ©]Fo]4 ]t}
Z} layer 9] activation function-2 nonlinear feature S ¥+ 5}
= A8kS 5}, activation function©| gl= AE2] 7 Q-0 =
POD&} F-AMRE A A& Hol= Z o2 A Tl
AEQ] variation® 2= encoder?} decoderS convolution
layer®?} deconvolution layer®2 G- 5Fo] o|n]z] ¢|o]E| 9|
291517 YA St convolutional AE (CAE) [2]7} & A gttt
CFD Eo}o| A 2D structured grid flow field®] 739 im-
age data®} AR QFH|7} B Hof|A 2Qtsto] CAEE
283t A-Eo] ZPE Ut [6l 5, [11]. o] 2ok varia-
tional autoencoder (VAE) 5 theFst AEZ} CFD Hofof A
285 1 QIeHT).
o]23t AE 7]|4t9] nonlinear dimensionality reduction
method+= linear based method ]| H| 3}l model capacity”7} 7]
A nonlinear problemo]] t] £& A5 Ho|= Aoz ¢
A It 12} dataseto] 1A over-fitting == A2
7}YA)7] wj&of dataset®] 7|7} Z-& 749 regularization
5o &l over-fitting-& ®A|5}= -2l o] T Q5T
2.3. Dimensionality reduction combined with re-

gression model

Linear/nonlinear dimensionality reduction< 53| high-
dimensional flow field data”} low-dimensional latent vari-
able ©f mapping®]1l U o]& &S| flow structurelt
transport processE 248 4= 1t} FZo]+= dimension-
ality reduction methodE- regression modelx} Ag}s}o] 5
o] 2] input condition®]] 4] high-dimensional flow fieldE |
=% 4~ Q)= reduced order modeling (ROM)of gt &
T T3 gdobA A= ok (13 18, 4]. ROM2 di-
mension reductionS =3} 4] dataset-2- latent variable =
mappingA] 7] 11, ©]% dataE generationgt input condition
T} latent variable®] TA| S regression model=2 SH5A] 7]
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A1 0 2 2P =Tt Regression model 2= A5Z 0 2
riging (Gaussian process) [10]7} 2 2259 x|t ]
—Lof| = artificial neural network T35}t Tro] &2 5] 31 Q]t},
o]|Z& A FHE-0] % ROM-2 sensitivity analysis, design opti-

mization 5 TFFSh applicationo]| 4] &-8&] 11 Qlt}.

H
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3. Method

H x2AEL t}oFst linear/nonlinear dimensionality
%ol[4] PODSE AE®] 452 454 ZAIO|A vl Lok
Ag mxoz gof] 2 ol tia A 44 A
e B mgAE 9] scope HOJUER £]9] reference
2 A5 2 stot B sectionof| A=, CFDE 53t data
preparation I}4], generate® Z} dataset®] E-AJ, 18] 1! di-
mensionality reduction method 9] 57} A& 5] F=2

th7] 2 g,
3.1. Data preparation

Data generation®]|:= structured grid 7]%¥+9] KFLOW
[12]& ©]-&35F¥t}. Benchmark problem © 2 += transonic
airfoil, unsteady cylinder problem F7}2] & A A 5}19 0™,
7k ZA) ol gk ApAIRE 42 o2 2ok

3.1.1 Transonic airfoil

i)

Transonic airfoil 2 o}-2-4; o] &
Q)= flow fieldE 7}t}. &5 o0
A & 9] discontinuityE -G
&|=tl, o] A2 dataseto]] vf-9-
c}.

H mZAEof| A= dimensionality reduction method”}
dataset®] 7} nonlinearitys Huhyt S2F 02 re-
constructionsF=%] 2}215}7] £t benchmark problem
O = transonic airfoil problem2 AASFAt}. AirfoilS
RAE28222 A}85}51.0 1, flight speed = 88.5 269 m/s,
angle of attack = 0.5 3 degree, flight altitude = 1,000
11,000 m ZZA HE oA & 1007}]2] dataset-2 generation
sttt A A= 401 x 152 2.7]9] structured grid =
axaree

3.1.2 Unsteady cylinder

A glol== P 9] eylinder+= =4 $Hof] Karman vortex
2f 27149l unsteady §5-2 RSO Wt B m2AE
o] Al = dataset®] sequence”} 4|2 highly-correlated o]
212 uj, dimension reduction method®] 4'5-& 2}215}7]
45| benchmark problem © 2 unsteady cylinder problem
< A5 Ma=0.2, Re=2009] % X710 A 237
59 = 100711 9] dataset2 generation S} T 3[4 AHAt=
201 x 89 =71 9] structure grid2 475} ot

O v ©O

S}
=
5

23] CAE, VAE, CVAE 5 T2 W] tisiA = v 23]
0] QA %, parameter tunningo] & o]0} 7| 2] gro} fou|gt A
L E517] 2ottt 25 ofo] i@t A7-E YT Aolrt.
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(a) Computational grid (structured)

(b) Pressure field

Figure 1: Computational grid and pressure field of transonic airfoil; Shockwave attached on the airfoil surface can be observed
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Figure 2: Computational grid and vorticitiy field of unsteady cylinder problem; oscillating vortex structure can be observed

3.2. Performance evaluation

Z+ ndo] tfst A% T 7l train data®} test dataS Lf
=o] AsYstgct. Train data AEQ} PODE SH5A171 5
o], test data”} g2 d|°]E] & reconstruction®] & E=32]
SFol5H4t}. Reconstruction 2= ZF grid®] physical
quantity©]] Tt normalized mean square error (NMSE)&
o]-&5F¢tt. $HH, dimensionality reduction methodS %
3l =25 featureo]| T3t regression error= =45} =4,
0] -2 leave-one-out cross validation (LOOCV)S ©]-85
Ath. LOOCV+= gt A2 Al 2] gt hm 2] H| o] Bl 2 model-&
AlZ1 5, Al el gk gt it o & A3HE B W she] model

AZsk ol
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4. Results and Discussion

H sectionof| A= kA A3 T benchmark problem
of tf5}o] linear/nonlinear based dimensionality reduction
technique2 B Aot H|n= ZF HFHE9] recon-
struction/, regression, prediction erroro] tsto] o]Fo]2

Zoltt.
4.1. Reconstruction error
4.1.1 Qualitative analysis

WA, reconstruction errorg #

4Aom EASY

AES} POD2] latent variable 5= 57|12 AA3519 0,
train:test?] H|-&-2 9:12 A5}t WA, transonic



airfoil o] 79 FAnsE S S casest AT}
AP S case S U] 3 case =2 A1 A 5}o] reconstruction 2 Y&
pressure contourZ Fig. 3 and 49] A A5}t =HEH
ground truth, reconstructed, residualo] 1l HH A =] AE
Ax}t, T A Zo] POD Z3}to|t}. ResidualS ground truth
of| A reconstructed o] E]E Wil Zlo|ct.

)

= o.l)l(
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N
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I case B #HE o 2 AE7} PODHECT}
reconsturctions}l §J= 722 &Helgd 4= Qi
o] 7St transonic regime (Fig. 4)2] 732,
Agsto] o tal7t S A SHA Wohs Faol
residual o7} | AR = AL & 4= Qlch. o
A7 A AEZ} H] A P A <l feature S T
= 7] wlZol=tar s 4= 8l
gHH, AE7} PODe] H|sf HutH o=
of| =35}3 QA9 residual 1] Tof A
A AE| A 2F7te] noise”} A 71+= A
olef thet Q12 o2 et 1
tent variable 2] =7} Eold== o] gt
H 2= Ao 2 Hol AES] model capacity} AT o2
FA =t dlo] 8 9] smoothness7} 533 EA| oA AEE
AFL-SF A 2 o]l = smoothness 2} ZHE 5t 32712 Q1 loss term
£ Y71} latent variable 4= A A o] o7 W astzoz
HIt}t// Unsteady cylinder H|o|E+= W& 0 & GAFSH
A& BV wizoll gF Alo]ARE A 5te] Fig. 5o Al
A]5}9ith. Reconstruction error= transonic %A o] H| 5}
1029] 1 =22 ¢ 7| eyt AE?F POD X5
nonlinearity 7} At & 0 2 735t 5.5 G Aof| A error/} =
Al S = 2w, PODO error7t ¥ A UET $HE,
transonicof| 4] 3 E 1 H H] o] E] 7} noisys}7] reconstruc-
tion &)= &/ A ] ¢rtrt.
4.2. Quantitative analysis

AeFA Q] B A2 training data®] 3.7] 9} latent variable
TE HAAZIHEA RElS SF5A7] 1, test datao]] gt

NMSE= ZI5)5}9t}. training data®] 37]%& [10:20:90],
latent variable 4= [2:2:10] 2.2 A A3}9l o, sh&of &
|5 7] &2 U A] ol Bl testol] 85| Qlth. AES] 7
- initialization} o} 254 ThE A¥7F e 7] miZof &
2 ARL 59 WEsle] 374k A% weE 445
A th. Figure 52 1 A3} log scale=2 LERA A o|th

B, 314 Holdl 47t A 0 2 e AL (507 o]
5}) latent variable g~of] A% glo] AEX.tt POD2] recon-
struction error7} B 22 Z1-& 2FQ1gF 4= §lot. &+ H|o]H
2717071 4w = latent variable £~7} 22 4 2ol = AE”},
B2 7 -folli= PODY] error7} © 24Qt o, Sk T|o]E
7T A A © 2 S wfj = latent variable F=of] AT §10]
autodencoder®] error7} ¢ 2ottt

4.3. Regression error

o 52T 557 fea-
4= ¢t} Aerodynamic
-2 o] feature2} input

Dimensionality reductionE
turex= A A applicationof &

=

gd
Hofol 4] Quba o 2 A EE

o
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condition AFo] 9] A& regression model §H53H ¢ in-
put condition - feature - reconstructed data 2] pipeline-2-
T+ Aot} o]H sectiono]| A= PODS} AEE 53l +&
= feature”} regression model-2 FHE= TR A= o]H
EAS 712 =2 AT A o]t} latent variable2] dimen-
sion-2 52 75} © ™, regression model 2+ Gaussian
process regression (Kriging)-2- 0]%6}933:]—6 Train data=
FE F55 907]9] feature®} T &5 += F& =4
o 2 5452 Z1385}19] 2 1, model evaluation-& leave-one-
out cross validation (LOOCV) H'HH-& 0]-835}9ith d3t=
Fig. 83} 90 AJA| =] o] ¢t

Zto] figure®] AWA| =2 POD, FHA| &2 AER 5
Z 5 featureo] st LOOCV ZAi}o]tt. PODE dominant
feature’} H 2| ¥ 35]7] wjZof YZ 0] reconsturction®] T
dominantdt ¢J8FS =X modelo] T, AEX= B2F9] 2 B3]
7] "ol 5719} model €] g o] F5 3ttt L Lo x5
< regression modelS &) A|SH 7k, yF2 AA 3=
olujgtt}. &, = sample pointEo] 5 y=x 9o Fo]A
&= Zlo] o] ARl Aol

Transonic airfoil?} cylinder EA| o)A 2% POD7} AE X
T} regression model©| H & BhE0]2|= d¥HH HAF IS
S 4= QlQdth R-squre 32 ESA4 X PODY] feautre
TS 0] A regression modelo] A2HSH A2 HgFA oz
5telst 4= 9t o]2]st dANE PODS} AEY} feature S =
L vpa]e) 2jo] wo] SAlst Ao 2H L, ¥
, POD-= orthogonal basis 9] linear combination © & ¥ &
%] += linear space 2 dataE projectionsl= B4 © 2 feature
£ Woldith. mebA, 7} feature 5 0] =P AJo] HAE 1,
Z1of w2t input condition¥} feature 2] correlation®] ZF X
EH+= AoR YZHET) §HH, AEE 417379 activation
functionS =3} nonlinear manifold®f dataE projections}
7] W&o, POD¢] H| S} 4] regression model &] &= 7
oJ2]= Ao 72 FAEL} o] -2 dimensionality reduction
7} regression /-5 Ato]ol] U-E9] trade-off WA 7} U th=
ofn| 2 AR 4 St o] Fiol dfat gL £5
A7 ol O A ThEold 4 9 ol

4.4. Prediction error

utz|et o 2 AEQ} POD9] prediction errorE H]|nl &
Skt o 7] of| A prediction©] & regression model-2 E-f 4]
A =5 feature 52 ©]-8&5t] thA] §-5%S reconstruc-
tion St -2 2]n]| sttt Regression model-& 9FA] o]of7|sH
Z 2™ 9071 9] training setE ©]-§5to] SH55H1AL, LM
2] 1071 9] test sei featureE o= & G572 recon-
sturction 5}$1th. A1} table 19]) A A =] o] )t}
H2], AEQ] 7% regression model 2] error % &F wj&Zo]| re-
construct error®} prediction error®] xfo|7} 2 7S sFelst
4> QIt}. Transonic Airfoil &4 2] 7% 2.54], cylinder & A]|

2Gaussian process-2 MLP©]| H]35]| model parameter”} 2 7] wj&of &+
&o] o dAARI Zlo g erel 4 )t uf2kA] leave-one-out cross valida-
tion H}4] 9] AZof T fo0]& 7] © 2 wrhs}o] regression model = A4
shlet.

30] test data= dimensionality reduction model©]L} regression model
& e =t ARG E 2] S
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Figure 3: Comparison of the reconstruction error between autoencoder and proper orthogonal decomposition; Subsonic
regime
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Figure 4: Comparison of the reconstruction error between autoencoder and proper orthogonal decomposition; Transonic
regime
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Figure 5: Comparison of the reconstruction error between autoencoder and proper orthogonal decomposition; Cylinder, Note
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Figure 6: Comparison of reconstruction error with respect to the size of dataset and the number of latent variables; Transonic
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Figure 7: Comparison of reconstruction error with respect to the size of dataset and the number of latent variables; Cylinder

NMSE

NMSE

Dataset Size: 30

T T T T

4 6 8 10
The number of latent variable

Dataset Size: 70

4 6 8 10
The number of latent variable

—— Autoencoder
POD

Dataset Size: 90

NMSE

2 4 6 8
The number of latent variable

10

POD mode 1 POD mode 2 POD mode 3 POD mode 4 POD mode 5
x %
2 s z e H . 1o 2 ¥ ¢ 2
40 R® = 0.9992 # 50 R* = 09715 ’ 25 R = 0.9678 y R* = 0.8104 « R* = 0.9459
/ 7/ x s /
® 4 *
,)' 0 ’/ 20 P i 5 ' 4
) ' ’ ’ Ve 4
4 /s
< g s g ® ’ g’ g? ¥
R 2 E E 4 E = 3
E ] ’ BT s R L] S
-] v = 20 o ] s -] x <0
3 ‘f 3 4 = = 4 = *
210 P = 5 =0 e -
, 2
0
x 5 e 4 e
-10 =10 /ﬁ( 20 7 p ’
-10 %
40 0 10 20 30 40 0 20 a0 -10 0 10 20 20 10 0 10 ] 0
Prediction Prediction Prediction Prediction Prediction
AE mode 1 AE mode 2 AE mode 3 AE mode 4 AE mode 5
x p p 3 , 6
/ s / 4
51 RP=0s486 ’ ) R =-3.206 . 3 R =0.9193 . R =0.8722 . R? = 0.9864
’ ’ - 2 5
4 s % 2 o * ’
’ rd
: . ’ f’f 1 X ! ¢ !
g / g x ) e - X
S 2 M ] / 3 N 2 2 /
2 f{ 52 ’ Z0 20 S /
R . = s~ 2 bl = = -
= ] = = e
) x >4 i = ;Sv Z, 2 %
is 7 4
x ’ 2 y 1 ¥
1 I ’ . 2 f
x ’ ’
2 : T . ? x, ?
’ 2 Mg 3 A
a A
2 0 2 4 6 4 2 0 2 " 2 0 2 2 [ 2 [ 2 4
Prediction Prediction Prediction Prediction Prediction

9] A9 1.44) error7} Z7}3ith HHH, POD2] 7 -$- recon-
struction error2} predlctlon error2] Z]-O] A=

olgt 4 9tk B2

=
=

Figure 8: Comparison of regression error; Transonic airfoil

o o
B AS

, regression erroro]| W= A5 A
e o}uq S} AU O 2 AE7} PODO| H]3)Aq 2.2

o,

s

J%5& Holal 9t T2 training data®] 7|7} AES]

4327

reconstruction error’} 714 w2kl 907
glole] %7} o 2ol 7]

w2 prediction 4% 447 5% A% 4 9 Aole.

1

.

ol
m
o= regr

2 Zrotstade
ression erroro]|



POD mode 1 POD mode 2 POD mode 3 POD mode 4 POD mode 5
. - -
06 RY = 0.9995 "_«"f s RY = 09975 02 RY = 0.9853 o o R = 09941 f o1 R = 0.9853 <
)gf . 0.15 o ,p“ f ) ¥
0.4 {,‘- 01 rf 0.1 21‘-; 0.05 J’? e LI
g% x*"’f £ /{ 2 005 « K . £ p. £ ‘1’2
3: o X E; o },” ¥ Z 0 f Z ! . 3: f
- - - ” - X -
0.2 N .05 w ;?‘2:: ! f
<01 0.05 ;,;“ £
0.4 o s 0.05
06 o 015 xf& 0.1 a"'z
0.5 0 05 0.2 0.1 0 o 02 0.1 1] 01 02 01 005 1] 0.058 01 0.05 0 0.05 0.1
Prediction Prediction Prediction Prediction Prediction
AE mode 1 AE mode 2 AE mode 3 AE mode 4 AE mode 5
¥ o L * o
R? = 0986 e R? = 09535 y? R =0.9742 4 2l RTegemn /‘E ! R = 0,953 7
: e : )4 : . ' " "
;’f‘r S * }-ﬂ;f 1 2&"( 0 ot
g’ ! g g ' * 5 g 0s # g s
£ 2 = L i, # R Tea
20 ] =] 4 - - - 2
] Zo0 x = X ~ = o 5(/ = x %{*
- - - 4, - “ - » * £
1 ’ | ji s |
1 /X x, x»?( x
A ; I % x
2| X 2 X % sf A
> 27 " 2 I
2 1 0 1 2 -2 -1 0 1 2 2 1 0 1 2 -2 -1 0 1 2 -3 2 -1 0
Prediction Prediction Prediction Prediction Prediction
Figure 9: Comparison of regression error; Cylinder
Problem Autoencoder POD
Error type Reconstruction Prediction | Reconstruction Prediction \
Transonic Airfoil 1.95E-05 4.82E-05 1.10E-04 1.21E-04
Cylinder 2.52E-07 3.56E-07 3.53E-07 3.86E-07
Table 1: Comparison of regression and prediction error
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