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Noise Level Prediction from R-EPS Automobile Steering Shaft
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Because dealing with noises in automobile becomes more important, it is valuable to predict in-vehicle noise
levels and use them for the product noise design. With the recent development of artificial intelligence, many
studies have attempted to use deep learning models for various types of data generated in automobile industry.
However, to the best of our knowledge, no studies have been conducted to predict in-vehicle noise levels based
on deep learning models. In this study, we propose a deep learning framework that can predict in-vehicle noise
levels and identify the causes of noises. Our framework is developed to recognize in-vehicle noise levels with
automobile acceleration data from various locations of electric power steering devices. Our deep learning
framework consists of several convolutional neural backbone networks to extract representation vectors for each
acceleration axis. In addition, acceleration data are converted into a spectrogram through the short-term Fourier
transformation technique, and high frequency bands in the spectrogram are removed to better represent the input
data. We demonstrated that our proposed framework is suitable for predicting in-vehicle noises and identifying
the major causes of noises. We expect that the explanation for prediction results will be helpful in the design

low-noise vehicles.
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Table 1. Data Structure

Number of Experiment | Number of Data After
1.0 RPS 1.5 RPS Removing Noise
Sedan 11 11 12,847
SUV 13 12 11,158
Electric car 20 20 19,177
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BNAZ Extraction Encoder 3 |
Feature CNN
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Figure 2. Multi-encoder Convolutional Neural Networks
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ResNet18 VGGNet19, EfficientNet-b0 S AF-&-3 S th A HA
640""1 ‘3} Zﬂ‘é" 7L7ﬂ “;‘4?\’} Feoll A 4 &7
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AdamW (Loshchilov and Hutter, 2017)%, &
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& dlolH, B7HE vlolE 5 et |, slo B = 43 4
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mlm
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Table 2. Classification of Data for Experiments

Car type Train data |Validation data| Test data
Sedan 7235 1419 4193
N Y 0964 776 3418
Electric car 10322 1515 7340

4197} A%

758 A2 vde) 458 W) 98 ARz 42
A 2 X(mean absolute error, MAE)S} B AlF T 2k (root
mean square error, RMSE), 24 Al5(R?)E AHL3IAT B
A Qb= AA a5 2fo] & AUg oz W &
Wit A FakH A (6)F 2ol RPHET. A AFT L

A= AR FT 23k 2ho]7h Aup Batbso} Q=R & =
A3E Wik ARZ 4 ()3 2] FRD o), /= o =
e,y e AA ghe YEH, ne E29 £E ord
MAE= “1ly 7yi|: 2 lel (6)
n n
in* (yz _yi)
RMSE= - 0

& A=

H 5(total sum of squares, SST)oll gt 2 (10)2.2 HH &

@G AY 7hs e ¥ (residual sum of squares, SSR)<

H &2 Yepd Y 4] (8)2 HHTE SSTE SSRFY 4] (11)ZE

AolH e sy A Bk H4E(err0r sum of squares,
ES ol &3l 274 Alg

3 A& 7hs stk 4714 g = A5, yE BSHY %‘Eﬁ

T

2

R ="gsr SST ®)
SST=] ( ’ )

i=1
SSR=Y (y—y)? (10)

i=1
SSE=Y) (y,—v,)* (11)

i=1
42 A 327 FHAN WE AF W 25 2 45 2
E A 2%7]= ResNetl8, VGGNetl9, EfficientNet-b0 2=
73ety AE-& 73 3FA T ResNet> F4 5 Aol 2o

o w2l YEbUE 7]&7] 4% (gradient vanishing) &4 & 3l
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Table 3. Regression Results Depend on Encoder Table 4. Regression Results Depend on Feature Extraction Method
Car type Model MAE RMSE R? Car type Input data MAE RMSE R’
ResNetl8 1.073 1.381 0.688 Waveform 1.318 1.688 0.534
Sedan VGGNetl19 1.255 1.574 0.595 Spectrogram 1.264 1.610 0.576
EfficientNet-b0| 1.233 1.555 0.605 Sedan Removed
ResNet!8 | 0.840 1.131 0.733 Spectrogram | 1.073 1.381 0.688
SUV | VGGNetl9 | 0.994 1.309 0.642 (Proposed)
EfficientNet-b0|  0.954 1271 0.662 Waveform 1.001 1309 0.644
ResNetI8 | 0969 | 1.389 0.874 Spectrogram | 0.895 1214 0.692

Electric car| VGGNetl9 1.523 1.963 0.748 UV Removed
Spectrogram 0.840 1.131 0.733

EfficientNet-b0|  1.506 2308 0.651 (Proposed)

} _ : . Waveform 2.104 2.603 0.556
AshaAt ST A Sr(residual leaming) o] E3h4 | Spectrogram |  1.065 1.491 0.854
TZolth 71¢7] &8 FAE 4t 2 AR E  Electric Removed
TE A5 HAFAT VGGNet A48 Zol7t mde] ] Spectrogram | 0969 | 1389 | 0.874
Ao =88 84YE AAs AtE Fxolt F4F (Proposed)

AR Y A 2715 7P A2 3308 148t Tt

A NGE 29 FHE EAE TAFHEA 42 4T =Y AY A3 BE }F A STFTS 58 9& ~2FEZ T
£ Fdske A& 7hestAl ok nA T O R EfficientNet-b0 o 135} §9L A AT A AT SUV, A7) 2FEo] 0]
S FAF A Zol, ydnl, 4 o|m A A7) Aolol= 2 Zb7E 1,073, 0.840, 0.9699] %irﬂ o2 g3 1381, 1.131,
A WA AT A& S, ol Al VA 4= A& 13899 B AFE 23 7, 0.732, 0730, 08689 A A5
O% 2ok e AdS SUT AMFE Hole OE e /MAn M & AS S Hole AL AT £ gl
Tzl H& F2 Adee Hole ASE UdHA At B AP ANE B 2d9ERZ IR 135 9L A A E
<Table 3>oll = A5, 54 FE7He Fod Ath L4 H B4 2 o] FF YR 28 £2L o 28t EA 9 A
T AFZ 3k A4 AF s A8k Fahs etk =9, AErte 29A4HE 153 g F ol

ResNetl85 54 F 27| 2 AT A AR AF7HAG 2 wo)z 988 sgths AL & 4 gtk
ol tiall M= 0.688, SUV 2FaFol rﬂﬁHH £0.733, /7] 2

_z_ o A o
ﬂoﬂﬁ = 0.8745 71 &8t A 7+ oz;iﬂcﬁgi} 4 E8 20 g 23 A5

It =3k FF A A% E X}%Oﬂ oia) 1.073, 0.840,

09699 714 W& =22 B 9l th ¥ VGGNet19S ¢l 3H B A2 A7) 23 Mg suv, A7)kl taf 424
ZAEEAS 7S, 2 Aol ola) 1.255,0.994,1.5239 B A o) ResNet]8S 0l R T 2 A&-3Fo] t‘z}ﬁi\]z_] T2 AT B
o o5 7|55 PR e s Hole A AUL F A Dol tf3) saliency map TFoH 0] & A& ) goltt. A)E
ATk A B A 2ol VGONetl 95 HEH L HE AN B2 saliency map S T31W, 4 HlolE U3} 5UH =
E735l4 0.6 OV‘L“] A AT =7 AE p_o}r,}z & 719 saliency map 2 ¥ 4 ATk Saliency map®] AIHHEL
AE A7 mdo] A Wi A5S dSstet 54 327 a9 924 gro] Wald u) 723 nd Axgho] duh W3}
Tl #AY ] AFWE AS FEd FAHA %k% MAE  Exd @ AR S 21 T £, saliency map?] AFao] A
FEHEHEASIN T S 900 gw wdo] Avto] Z Y-S Frhu A = 9lon, A
W &5S dSehed $8% 990 add ¢ O‘E}

4.3 1 ool e FF B 28 22 )& AT} <Figure 3>2 7| #ZA U] 714 % Fol] #3F saliency map<
TZ3}3 o] & 3 E W(heatmap) &2 A Z3}Sk Aol A3}

ARtstE 54 5 WHEC AF WE &F A3l 4 o] 242 sk Moz eI o] 2 B 2 25,
gt FHety] A A APsart. 948 HolH ¥ sjem 2wz 29 Fi4 gdo] 22X g2 AL ol
HE 38 FEHE Agste 299, 139 S 28F S 9g.
2HERIYE Adete 459 Ao g e AAT A <Figure 4>& saliency map 2 ATE vgo 2 3340 A
T2 FEA 5 AeS HusAtt §A F27 e A I uel 33y 28T 204 gde FavE 74]
424 A5 vaoA 71 Hold 455 Bl ResNetl82  ak5l1 0|2 =2 Jepd Aot} o]& E3| Aw
gkt BNA 9149 X& 7} 57} SUVE Motor 4219 X% 7H4 =
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7}, A7) 3 Motor 9131 9] Y& 7H4 57 43 U R 288 o
Zalt v 7b 2R AR L AL HAL 5 AT
<Flgure SE/MEEFEE PN FR5 dY FAEY
TS U] A2 AubAQl F3 ¢ Y FAEE IE PO
2 A7 Aotk B E Y yZ o ool A Y2 Z4E 1
49 UrEthﬁ 20HzPICE F 0 499 FAEE YERY)

JE} S E WS A8 A s # A Ald, SuV
o s A& 58 T35 o] FE AT FEH YA
oh A7 A s A = F 8 FI g G o] T F EX3FAL Y
= A& A £ AT 9 YolrbA 20Hz B9 vhet 34
YA FA5 £ E A & AF AT A S 340~360Hz,
0~20Hz, 120~140Hz 9§ % ©], SUV &2 100~120Hz, 60~80Hz,
160~180Hz ¥ o], A7) 3= 1,300~1,320Hz, 1,340~1,360Hz,
1,380Hz~1,400Hz G & o] Zt7} 1,2, 3591 1A 3hed 2haf v 5
g EFFE A= FHF YO E TEHA
<Figure 6>, <Figure 7>3} <Figure 8> 7+t A, SUV 9} A
712k o 928 A mH| Ao A dHE noise transfer func-
tion(NTF)< 7|§to. 2, QE%% saliency map 235 7|¥HS.
2 Zy4 9oy 2952 79 =2 Jeld Aotk NTFE
29 ZYAANA 3 (hammer) S o] &3t A Fop4ol 2
s 7he &, AW (receiver) ol Al Fopgoll mE SHE
of Aot o] & H Foge SHO| = 0|
Hzl %E FoTE S8 WOl NTFE A5 4
[e)

> of

H
o}
=
T

rL K

-

o
- =
- T
sali-

TFE
BA e

A_ > n’,% rlo 1->

o]

o] 2ol 7]utate] AtgF 7 Lgol FadHA st
o Gl tigt AEE Yeh A ot whebA] NT
ency ap Ao}l Hlws] e e 153 md S
o E&& 2ok vlus] £ 23, WA7|d aEkd Ad,
SUVel thafl A= NTFS} saliency map 237} H 523 & €] <]
P ZE eI A, A7)k A e o2 e 2z
£ Yell= AS &3] & 4 AU <Figure 6> <Figure
7>¢] Y ZE Hws) W /‘ﬂ t, SUV e T gk NTF 9} saliency
map 7|5He] I TN BF A Fuol| A 1F9E ZFE F
A7) GopA = A e Bl WHH <Figure 89 1Y T E
Hl e B Xdﬂx}fﬂl oS NTF 7]5ke] 28] Z= A 50}l A

J?i

£gdE 415

MOTOR_X MOTOR_Y

= e -
DFARE F5E FAR ROIE AFE HOIA, sl
ency map 7]9Fe] LEfZo A= 1,200~1,400Hz7HA & 34
999 257k FHL 1 ol FRE Fadte AP B
o] k.
Frequency Importance by axis - Sedan
0.025 — amnax
— BNAY
0.020 —— BNA Z
MOTOR_X
o — MOTOR_Y
20,015 —— MOTOR_Z
o]
i
g
£0.010 ¢
- L\,,y ("/\'zl ﬁ{;
0.005( Tl ¢
™ el
S ¢ g g g 8 &8 8 8 g8 g8 8 g
New o280y 208 B8 8B 8 1
Frequency
Frequency Importance by axis - SUV
— BNAX
0.014 - BNAY
0.012 — BNAZ
MOTOR_X
©0.010 - MOTOR_Y
c -~ MOTOR Z
£ 0.008
o
o
E o006
0.004
0.002

(=] o i=3 [=] o [=] (=] o [=] = (=] (=] o
=] =3 =} =} =] =] o o =] =] =] o
~N = =} o =] o~ =+ w o = o~ i
= % 2 5 & & & R
Frequency

Frequency Importance by axis - Electric car

= = (=] D [=] D [=] o [=] [=] i= Q
=] o =] =] =] =] (=] [=] =] [=3 i=1
" ¥ & ® 2 R § @ 8 2 =~
= 2 2 A& & & 8
Frequency

Figure 4. Frequency Importance of Each Axis



416

Eunsung Ko + Keewon Jeong * Yongwon Jo *

Eunji Koh + Sihu Ahn - Gue Hwan Nam + Sang Wook Kim * Kyung Hwan Park - Seoung Bum Kim

Importance

™
o

100

80

Importance

100

80

60

Importance

40

Sedan Electric car
-10 -1.0 =10
_ 08 - 08 - 08
06 06 06
04 0.4 0.4
0.2 0.2 02
00 0.0 0.0

Figure S. Integrated Frequency Importance Heatmap

Frequency Importance Based on NTF
— All Axis

=3 =3 < (=] =3 [=3 O (=3 =3 =] (=3 (=]
(=3 =] > =3 =3 =3 =3 =3 =3 =] (=} =]
& % 8 8 8 & &8 8 & & =® 3
/= = 32 2 34 ! =R &
Frequency
Figure

Frequency Importance Based on NTF
— All Axis

U M “ ”” \’H |||

%
Qe NP Y O S

=3 =3 =] =] (=3 (=] =] =] (=3 o (=] =3
= =3 =3 =3 =] =} =4 =] =3 o =} E=3
& ¥ 2 8 3 ] 2 g 8 &8 & =%
=1 5 3 = 2 ] 8 &

Frequency

0.016

0.014

Importance
o
>
a
I~

o o
o o
=1 pt
@ o

0.006

0.004

Frequency Importance Based on Saliency map

|h/\/\ \.’\ — All Axis
"y

Vo

N\
WWKVW

0.008

0.007

Importance
=] =
o o
& 8
g 8

0.004

0.003

0.002

[=] o o [=] o i=4 i=3 i=4 (=] k=3 i= o
g & 8 &8 & & &8 8 & g &g 2
~N - w0 =) (=] o~ - (=3 o0 o o~ -
A A 4 2 ! & &

Frequency

6. Frequency Importance of Sedan

Frequency Importance Based on Saliency map
n —— All Axis

=] =3 =] =] (=] (=3 (=} =3 (=3 =3 (=3
=3 =3 =3 =3 =3 =3 =3 =3 < (=3 [=1
] ¥ 83 ®8 & K& = 2 8 2 R
A & 3 4 A2 & R

Frequency

Figure 7. Frequency Importance of SUV

Frequency Importance Based on NTF
“ —— All Axis

= < o = o 1= & = o o a o
=3 =] =] =3 =] =} =] =] (=3 o Q o
~ - =] =] =1 ™~ - =] o o ™ A
=1 = 2 2= 2 & 8 &

Frequency

0.0030

0.0025

0.0020

Importance

0.0015

0.0010

Frequency Importance Based on Saliency map

M NM ‘IJ“”M‘ rﬁ —— Al Axis
Ml || ‘lf "w’\l V \p W V Lmrhll“ M ‘rﬂ“\
il w/ W R /)
~ P D
! A
4y

Frequency

Figure 8. Frequency Importance of Electric Car



Noise Level Prediction from R-EPS Automobile Steering Shaft Sensors Based on Multi-encoder Convolutional Neural Networks 417

Table 5. Rank of Frequency Importance by Car Type

Rank Sedan SUV Electric car
NTF Saliency Map NTF Saliency Map NTF Saliency Map
1 0~200 200~400 0~200 0~200 200~400 1,200~1,400
2 200~400 0~200 200~400 200~400 0~200 600~800
3 400~600 400~600 400~600 600~800 400~600 800~1000
4 600~800 600~800 600~800 400~600 600~800 1,000~1,200
5 1,400~1,600 1,000~1,200 800~1,000 1,200~1,400 800~1,000 1,400~1,600
6 1,200~1,400 800~1,000 1,000~1,200 800~1,000 1,000~1,200 1,600~1,800
7 1,000~1,200 1,200~1,400 1,200~1,400 1,800~2,000 1,200~1,400 1,800~2,000
8 800~1,000 1,400~1,600 1,400~1,600 1,000~1,200 1,400~1,600 400~600
9 2,200~2,400 1,600~1,800 1,600~1,800 1,400~1,600 1,600~1,800 200~400
10 1,800~2,000 1,800~2,000 2,000~2,200 1,600~1,800 1,800~2,000 2,000~2,200
11 2,000~2,200 2,000~2,200 1,800~2,000 2,000~2,200 2,000~2,200 2,200~2,400
12 1,600~1,800 2,400~2,600 2,200~2,400 2,200~2,400 2,200~2,400 0~200
13 2,400~2,600 2,200~2,400 2,400~2,600 2,400~2,600 2,400~2,600 2,400~2,600
<Table 5>+ 0~2,600Hz8] 3t & 200Hz B2 7+ W&, 150 g e AAs e 54 F2 W E0 AF
&3l NTF, saliency map 235 7|W O & 3 73t Lot WE &5 £F dFd a3449& FHsAT AL s
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At AF FREE AZAE NTFE 7|, QX 2 IFE VA T A9 ANT = AAT FF AF
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ANE G Aok A de Fogr 9SS R, 7N oE AFA A4 okl AF WE &S FES HE S
A, SUV AHEoll thak NTF, saliency map 7] A3 A 5 Q& AFS 1%ste b 344 9F2 € AL 7Idd =
0~800Hz Atol 9] Fot G E0] 49 ol EAst= A&+ Ak
3le 4= A A A5 <Figure 8> T ZE FIA = & B ATE ZE AT del b5 FAF AEE 22 A
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