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Explainable Deep Learning Model for Wind Noise Prediction
from Changes in Vehicle Exterior Design
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Reducing vehicle interior noise to provide a pleasant driving environment is important in the vehicle industry
because the interior noise is one of the important factors in evaluating the vehicle’s quality. In the case of
eco-friendly electric vehicles, noises generated by the wind while driving is considered to be the main cause of
vehicle noise. The most influential factor for wind noise is the vehicle exterior design. Previously, a
vehicle-specific analysis model was constructed using computer-aided engineering to predict wind noises.
However, the existing methods require an additional analysis according to changes in the exterior design, and it
depends on the subjective opinions of experts. Therefore, it is necessary to develop an effective model that
predicts and analyzes wind noises through various exterior design images. In this study, we propose an
explainable deep learning model that can predict internal noises by using the vehicle's exterior design images.
The proposed method can extract features and detect important areas of each design image through
multi-convolutional neural networks and self-attention. The experimental results show that the proposed method
accurately predicts wind noises while detecting the importance of each exterior design feature.

Keywords: Wind Noise Prediction, NVH(noise, vibration and harshness), Vehicle Exterior Design,
Computer-aided Engineering, Self-attention Network, Explainable Artificial Intelligence

FH o2 Az} epojofof o &
w0l Eo A HHA T F 2pA o 3719 FEZ s T
H]

1.4 & al,2012). AF9| 5% 7€
3
st Aol A 2519

o5 Ao $x7S HrlsteEd o] S (noise), X
(vibration) @ uFZ(harshness) "l 523+ 8 4t E3] 2} F U 2FdA 0 B2 HFE ZAA A = ATHQiliang et
oA LAsE &g AR} A FS AEEter 9 al., 2022). =, A7 AE ] ko] EalA o] FARHA A}
NAE QAR AT A 44 b w$ st F ) &% 73 A F el WS SE3x] ol nigte|
(Genuit et al., 2004). A W 28-S TRLUUOCEE 97 2% UL £ 83 HAATL H A THMartin ef al., 2022).
A, AHEG S, =2 g Efolo], vig Fo] AR THQatuer  A3F 9 R TR}

2 A 5(aerodynamic noise)©]

c

m[o o&‘, ofrt

2 %4 5(wind noise) =AY

re

lo
ok
L)
b
oo

g

£ =88 $3A7AY BK2I FOUR, BUAER 2434 9 7lop FASA2RE (FpgzaYel A5e 71489 <2aAed W o
@ vhgad o3 AR dee] A7z,
T oAgAA DAY 2, 02841 ASEEA AET GLE 145, 1Y G Z3+3, Tel : 02-3290-3397, Fax : 02-3290-4550,

E-mail : sbkiml@korea.ac.kr
2022 69 99 A 2022 7€ 19Y FAE A 2022 7€ 269 AA A,


https://crossmark.crossref.org/dialog/?doi=10.7232/JKIIE.2022.48.5.538&domain=https://jkiie.org/&uri_scheme=http:&cm_version=v1.5

A% 9% T4 ARl

i

of $23 4TS k= 2ot Ty 9 b2 A
4 T Z2EE] AF A WA s Aol 7 d] BiE
of 27] "l gAA e Mol A o|tHRim er al,
2018). whebA o F AR H S-S #A A i A+
o] &ukslA = 1 T}, Senthooran et al.(2013)2 £Fo]H
o oF A% W 288 23] YAN B4 fA et
(computational fluid dynamics; CFD)& 3l 4] 9}o] 3] H]X]
o] m )= GFo] tha) A0, Rim ef al (2018)

HE-S- 32 H 54 M (response surface methodology)< &-8-31¢] A-
et 2 gojgy gads ALY FAES B

Zaareer et al.(2022)2 Ao O3 Alo] = v 2] $14] 9] F&FH
< f3k 84 3] 4(finite element analysis; FEA)& &-8-3}o] £
Attt ZLEiL]- AFH 0]% %"Q(computer-aided engineer-
TES AR 84 WA o
= 'FEH OF 3}—5 Hl g & olghe A9 &
6]-1:]—‘— fﬂ-j:ﬂ 3| o] ZH 6]—]:]-

et al(2012)2 A8 XL E WE] A (linear support vector ma-
chine)& Z&3t= AUl &5 o5 PHES AIstAom, Li
S Jd o}
T [e}

et al.(2021)2 AT+ A7 "HElman neural network) S 83}
A7 840 dE '}%M A A5 AFHOE F319 0
o, g T AFA 729 A3 S Al ekt

:1‘3}"’ okl EEHE HelYd R A5 S A
ATE JJr O o] Zdl o] Aitof thel| Abgho] o] s & < =
7458 Q184 5 (explainable artificial intelligence; XAI)ll
uH5] A3 5] 1 Tk Vaswani er al.(2017)S 4
fo g8ota] Shgol T8 FE EHEAE
&2 A she A o) 'll A (self- attention)—‘l 243
Z] 35 AR M T8¢ 9TE F FES FA A
H] A Fokoll A= @43 5 417 % (convolutional neural
8 o] A & EFshed =83 FFS 7%
A7} 218 5 L thSimonyan et al., 2013). Zhou
etal (2016)2 J‘ :S‘ 2737 wp A u @A &) £ " (feature map)
o %+ & (global average pooling) 7%} E}

AL A %71% Eﬂ ]Oi(fully-connected layer) 2 A A3} 7153
£ 7ot o] & B3 B o] m| A o] 3 F 8 HAE A A3
8k 4= 9= CAM (class activation map) ' &8 A|¢Fst At o] &

Selvaraju et al.(2017)& 54 W W 24t A&7 &4 Eef 220 T+
ST AT 18 Y A E(gradient) S ©]-8-3kef o v] 2] f
9] Z8 ¥49<& gAY 4 9= Grad-CAM(gradient-weighted
class activation mapping)¥ &< A ¢Hak %o}

A% 25 A5E A 71E AT UA 24 MR
et 2 4 Bd-& FE8 oF sk B &H ol T
Mol AT B A 84 AP AA F FEOE 4
Zo Y& = T2 YA AR g Bt 7HA A

il
A
—

AT

o

Hd 2 539

N\
o

A4 53 Y

Qs Ao] o AT Aot A AFEF A
R OARIE ddo] WA A5E AT 5 g7
o &gl %%k% nAE 2 YAl 84
o] &3 dF RIS ok Ao AEA
Fo. ] -r]?SH B ATFdA = A F Bd 9
EHOE AL F o AY 7t HYd B
??}U} ARt ‘ﬂ“ﬂio ko] o7 tApels
EH&WW«] + AZA S
-rﬂ EV]'OI AEE AF
271942 e 2.

{e

L:o

oxl
o
0 m{m

o2 o
e

N
L

2
A\
E-3
oR
oo
mlo

fo B OSL @ O ofN i

o
Q‘L
¥
&
e
i3
Hr
Ag

fo O @ 2 1R 2k

'
ox >
=

3 5 A
AYPE B3lA REn iAo R
AT HA G 7 EHE A A g
2. AL AR
A md gtk JR OARIE EA 2 D FQ F9 3o}
£ BT PHF AR A 48 D AT FL 0
Ae T8 U] FAS A AT ol VY ES 2, 8|2
F2H S B OE ok T oA 9 &3 4
=& 93 0% H A E Z(multi-layer perceptron) & o &7 2
TAE T} <Figure 1> Al¢H o] F2E 29Fg 1ot}

Multi-output [Uutputl} [Oulpulz] [Output:»]

MLP head
1

Self - attention network

[ )
Featurevector D:I:ﬁ - D:Ijﬁ -1 D]:I:'?]D]

[CNN feature extrac(mn] [CNN feature extramon] [CNN feature exlrattion]

I .

A-pillar angle Tumble angle Top view
Figure 1. Architecture of Proposed Multi-CNN with Self-Attention
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Figure 2. Architecture of CNN Feature Extraction
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Table 1. Summary of Train/Validation/Test Set

Dataset Number of Data
Train Set 7,227
Validation Set 800
Test Set 2,000
Total 10,027
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500 Hz 1,000 Hz 2,000 Hz
£ £ £
Actual values Actual values Actual values
Figure 6. Scatter Plot for Results of Proposed Methods
Table 2. Regression Results of Models
Models Frequency MAE RMSE

500 Hz 0.446+0.009 0.55240.012

Single CNN 1,000 Hz 0.755+0.026 0.92440.046

2,000 Hz 0.938+0.010 1.137+0.009

500 Hz 0.016+0.002 0.020+0.002

Multi-CNN without Self-attention 1,000 Hz 0.021+0.002 0.027+0.002

2,000 Hz 0.028+0.002 0.035+0.003

. 500 Hz 0.012+0.001 0.016+0.002

Multi-CNN with Self-attention
1,000 Hz 0.017+0.002 0.022+0.002
(Proposed Method)

2,000 Hz 0.025+0.003 0.032+0.004
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Front View ‘ 0.094
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T T
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Figure 7. Importance Score Graph by Exterior Design
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Table 3. Regression Results of Proposed Method with Utilization Image Type

Models Frequency MAE RMSE

500 Hz 0.012+0.001 0.016+0.002

Proposed Method
. 1,000 Hz 0.017£0.002 0.022+0.002

(Local + Global images)

2,000 Hz 0.025+0.003 0.032+0.004
> 4 Method 500 Hz 0.010+0.001 0.013£0.002
roposed Wetho 1,000 Hz 0.014+0.002 0.018£0.002

(Local images)
2,000 Hz 0.018+0.002 0.023£0.003
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