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Classification of Road Types using Convolution Neural Network
and Continuous Wavelet Transform of Sound Signal
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ABSTRACT

This paper presents the method of classifying the road surface type using tire-pavement interaction

noise (TPIN) signal. TPIN refers to a noise caused by interactions between rolling tires and road

surfaces and is measured using the rugged microphone installed in the wheel cover of tire. The road

surface information is identified using continuous wavelets transform (CWT). CWT images for the

measured TPIN are used as the input of Convolutional neural network (CNN). The CNN extracts the

feature for road surface throughout convolution and pooling process and classifies the road surface

type in fully connected neural network. Two road surfaces, snow road and asphalt road, are classi-

fied using a method that combines the CWT and CNN methods The results indicate an accuracy of

over 97 %. Two different tires are used for the experiment. Results from the road classification can

be used to control the braking systems of autonomous vehicle in future.
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Fig. 1 Basic architecture of convolutional neural network

142 | Trans. Korean Soc. Noise Vib. Eng., 33(2) : 141~148, 2023



Chang Hun Lee et al.; Classification of Road Types using Convolution Neural Network and Continuous Wavelet Transform ...

nected layer)ol]l AAG T w5k SHAAAATY] =95
AN EUA S QEsle] - T A

= SSith Fig 12 A& 49

2.3 H-E}0|0] A=
Lw=H-Efolo] AS(TPIN: tire-pavement interaction
noise)™= T T¢Il Ao vpF| e} o] HoAg o
2 A AeS
7141 )
7191 17} Fo| glom, o] W thFet &S
3}7F EAFT. 53] speed”l TPINO| WX &
T

o] 714 At} w3 Speed”t F7Fel wil TPINC]
THo R UHA B, o= Age £rvt T

7heko] wet w9 AIZFR Elolo] 3T FTkske
Efolof7} el Theh= FA o] ZelA| L, tread®] &
7] 9 2 dlEo] Tl wiolti.
TPINS| W4 #AE 4 (4 2.

lo

L= A+Blog(v) “

A71NA L & A, v

T AR, L 2 93 At
Elo]ofe] T3l blocko] =S
(block impact, tread impact)@} EloJo]e} =W Alo]d
3717F dH|, FBEe] BAYshs Ag{air pumping)©]
7 FH 2golth Air pumpingS TPINS 7H
H Ao RN, AN O 1000 Hz ~ 2500 Hz2] %49
o] EA2lc} o] o]fJol%= horn effect, helmholtz
resonance, sidewall resonance, torus cavity resonance,
tire/rim assembly resonance 5©] EAFH} -
o] #slo] EZH 1 H(road texture)?] AZX HE7} 3
S vt EREAAE PHORNE w1 X2
o] xS wetth =W YA EololE WY o
e ASS texture impactZFL S} = tex-
ture?] wavelength(\)°l ™2} macro-texture(A < 0.5
mm), macro-Texture(0 mm < \ <50 mm), mega- tex-
ture(50 mm < A < 500 mm)Z YA ™, mega- tex-
ture7} Ao WA 7Y & AEFE A= sloE o
ARG, =3k 4 (9)9} 7o) tread impact S-S tex-
ture impact2] T34 block size = texture A}
] wave length9} A F}I319),

[l
I

3.1 A 53 F|

o] ¢17= Fig. 29} #o] 2k 3H5 & 7h=of nlo)
AREL Tkl sl 3
& aeste] 3 ke e KA

|

v
free-field P} TZF(GR.A.S 40 PH, Fn}l=)E A&
SFSItE ES Fig. 29 o] &% 34 M (LMS
SCADAS Mobile, =49 AHlZ=AhE o] &3l F3)
s SAT  AES A sampling fre-

quency™ 51200 HzZ 3}3ith

3.2 ¥ Eo|of & =™
w-Efo]o} 23572 2714 ERolojgt 2714
ig. 304 Hi= A3} o] A4

HI

oL

_/J\_%% —f';;gé‘]—%ﬂﬂr. =
& gl 1dztglon 40kmhe] B FHE 5 o

Acoustic Signal ,* "7
/

v " .
Ac : Signa
LMS SCADAS Mobile ypeonrtie Signal

4

—
Rear Microphone Front Microphone

Fig. 2 Position of microphones and measurement set
up

Trans. Korean Soc. Noise Vib. Eng., 33(2) : 141~148, 2023 | 143



Chang Hun Lee et al.;

Classification of Road Types using Convolution Neural Network and Continuous Wavelet Transform ...

|

D SNOW ROAD
i s dl

ASPHALT ROAD

Fig.3 Road for noise measurement

TIRE -A

TIRE - B

Fig. 4 Tire for noise measurement

Tire-A / Front Wheel / Asphalt Road

Tire-A / Rear Wheel / Asphalt Road

£ & 10f
z. S opwiminupmirmamiehiy
%10 1 &t 1
[¢] 2 4 6 0 2 4 [
time(sec) time(sec)
Tire-A / Front Wheel / Snow Road Tire-A / Rear Wheel / Snow Road
£ 10 E | |
5 WWM
10 v
0 2 4 -]
time(sec) nme(sec)
Tire-B / Front Wheel / Asphalt Road Tire-B / Rear Wheel / Asphalt Road
a o ]
n‘? 10 E 101
€% £ o
%10 2.0
0 2 4 [

0 2 4 3]
time(sec)
Tlre-B ! Frcnl Wheel ! Snow Road

50
S0
.10 4

time(sec)
Tire-B / Rear Wheel / Snow Road

A

SPL(Pa)

o]
hme(sec)

hme sec)

Fig.5 Time history for noise data measured on the

wheel cover

Foliet. Aol AR BRololi= Fig. 4914 BojF=

uhsl o] AX}e] Elololst BAL] ElololZ o] §ale]

Z = o O
ng i\ja

=289 a1,

tire-BZ JH3I3TE 7+ =
tire-A, tire-Bell tal] z+z+
F-8o] o]FojHt

o] oA Z
HE 60m~90m AEo|H
asphalt =W B5F 79,

27} tire-A,

snow =2 22%, 201 9]
3.3 &3 dio|g % 24
Ao

144 | Trans. Korean Soc. Noise Vib. Eng., 33(2) : 141~148, 2023

AHgE 274 wRst 274 EololE Bt

Front Wheel
100
Tire-A,Asphalt
80 Tire-A, Snow ]
Tire-B,Asphalt
60 Tire-B,.Snow | |
. 407
[an]
o
o 201
o
w
o
-20 -
A0 -
-60 - - -
0 1 2 3 4
frequency(kHz)
Rear Wheel
100 T T -
Tire-A,Asphalt
80 Tire-A,Snow | |
| Tire-B Asphalt
60 Tire-B,Snow | |

SPL(dB)

frequency(kHz)

Fig. 6 Frequency spectrum difference between roads
and tires

2 AW oA SAHE 259 ra
o thato] Fig. 50l LAlEIGIaL 10l e Fule ~HE
#S Fig. 69 =AISISITE Fig. 65 HH 0Hz~
T G snow =9 A4S0 asphalt =19
2R A S5 o] FHHA =S Bro}
Ue 2R I8 20, 600 Hz ©]3ke] Ago] A
Aow A7 F7keklth g 600 Hz~2500 Hz -3t
I gHo A asphalt =9 40| snow =19 A
SR 4 A SA-FNA

Aol T7FekE ol Ebelo] tread impact® $1%H
2B v texture®] impact® ¢13F 2819 ajr
Sso] ofafo] o ola okl

olelgt AS Adsh= Ao

pumpmgoﬂ A3t ASE
Ao FAHL. Fig. 72



Chang Hun Lee et al.; Classification of Road Types using Convolution Neural Network and Continuous Wavelet Transform ...

Asphalt Road

-Air Pumping noise
-Texture impact noise
-Tread impact noise noise

Snow Road

Fig. 7 Noise generation mechanism difference between
roads

2 ol ofal] elelo] 1gHe} vjel FE7 e 23
o TiFol 7] Wlolk, 2500 Hz ol4] Fatr el
A tire-A%} tire-B7} =A3} Ag3glo] 122 Efolo}7]
2] v o Eelve BEs B 5 Atk

&

4. Hole Xzl 2 stg

sl Ht dso] Fofok 5

Tire-A / Front Wheel /Asphall Road Tre-A/Fronl Wheel /Snow Road

fraquency(kHz)
trequency(kHz)

time{sec)

Tre-B/ Front Wheel /Snow Road

frequency(kHz)
frequency(kHz)

frequen cy(kHz)
frequency(kHz)

lime(sec)

Tire-B / Rear Wheel /Asphalt Road

fraquency(kHz)
frequency (kHz)

lime{sec)

Fig. 8 Continuous wavelet transform of measurement
data

o]-&3t4] Fig. 80l YEMTE Fig. 85 HW snow =
o] A4, 10Hz~600 Hz9| AF3 Fqeln &
¢ro] asphalt =X} snow w=HolA X A3, as-
phalt =] 7% 800 Hz~ 1000 Hz F3}4= <o
2] asphalt =9 TPINo| Z Whedxo] vjelst
CNNZ $3F 99 o|nA|Z Fig. 83} 72 AA o]
Elol tigk o|w]x] dlo|ElE 24 @il SAHE &g
dolHE 0.05% (HA 0% e CWTsI 27 mag-
nitudeE 07 1A10]9] %S Z min-max scaling®t $-
204 %224 x 3A}0| 22 o] X 58},

HHE CNNEHS 918 o]v]A] HlolHE gk Bo]
FZU7] 8l 0.016732(0.05%2] 1/3 )4 shift-

Trans. Korean Soc. Noise Vib. Eng., 33(2) : 141~148, 2023 | 145



Chang Hun Lee et al.;

Classification of Road Types using Convolution Neural Network and Continuous Wavelet Transform ...

Tire-A/Front Wheel /Asphalt Road

Tire-B/RearWheel /Asphalt Road

146

Tire-B/ Front Wheel /Asphalt Road

Tire-A/ Front Wheel /Snow Read

Tire-B/ Front Wheel /Snow Road

Tire-A/ Rear Wheel/Snow Road

Tire-B/ RearWheel/Snow Road

Inpui image Convolution (313, 16)
(224x224x3) + Bateh Normalization
+AC vation

ingdt) CWTSISIEE HF 92 o]mlA]9] elA]= Fig. 9
o} 2t} HF fJF ovAE B asphaltd] 74-¢- =9
9 texture’7} ZF WFAE A snow? A AT

Ao e Aol 2 HAHeS o & ol

4.2 SEF MF Yo sty

CWTE &8 o]n|#] Wghs 3 vHEoll o]
dlo]E 9] 7H4= Table 13+ Zth.

Zzto] AuolHE 23]0] F3 g dlojgolw,
Train data= 21 9] WX 3o tisk do|golck

CNN- 8F v} 5l vl VIESTE iz st 8
o A8si3irh. CNNE o}7|8lx:= Fig. 103} #o] 7
ATk A HA] F-2 224 x224 x39] o]n|z|E QlF o
B k= olujx] gEF, F ‘H’VH S 3x39 Y 3-7]
2 1671°] FHE 3% M AlTolaL, Al WA 5

¥ 18 oA|, 7k 27)ke] 9 A, o E%
S o= wlx] A8l AlS(batch normalization
Layer)7 o2 F43I5ich U] WA Alg2 &3] 2ol
ReLu EA4s} 35 AMeE Ao= 388tk ol

HAl= &9 AS 0= 2x2 Alo|=R Ht FY3)%] o
2Eglo]| == 2238)9] feature mapO] ZHHQ] 712 &9
E T AEF S oA dA -~ T 7
Table 1 Put table title put table title
Front wheel Asphalt Snow Total
. Tire-A | 3000 | Tire-A | 9718
Train data =0 BT 2673 | TireB | 6231 | 2102
Tire-A 1056 | Tire-A 1389
Test data 0 B 1197 | TireB | 1515 | 0
Rear wheel Asphalt Snow Total
Tire-A | 2766 | Tire-A | 9718
Trai 21
rain data L B 2673 | Tire B | 6231 387
Tire-A | 1338 | Tire-A | 1389
Test data = B 1197 | TireB | 1515 | >F°
Fully Conmected laver
r?ﬁ Softmax Layer
by =
— ‘ ,; _._( — 1'\‘nlm
Average pooling (212) o i [} A
- oavoluion 32y Average pooling (212) & P! J
it o s E -
FActivation
Output Class

Fig. 10 Architecture of convolutional neural network for road and tire classification
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