| SERITSR =2 X| J. Korea Inst. Intell. Transp. Syst.
=) A< o =L Z A ) =)
zsHs BHE o] 43 FAsi B4 sy AF

Research on Driving Pattern Analysis Techniques Using Contrastive Learning Methods
dyF-dsot-AdE-HF
* AR 9l
we 3AA ;L
wee A Q)
kK JT,—}L];HX]' . 0]5‘].

S A B ity

st AFE T AT

sta Eznf;w} EREE

et AFEFIS Jag

Hoe Jun Jeong™ - Seung Ha Kim** - Joon Hee Kim*** - Jang Woo Kwon****
* Dept of Electric Computer Eng, Inha University
** Dept of Computer Eng, Inha University

**% Dept of Statistics, Inha University

#*%% Dept of Computer Eng, Inha University

¥ Corresponding author : Jangwoo Kwon, jwkwon@inha.ac.kr

Vol. 23 No.1(2024) e o
February, 2024 . -
pp.182~196 AL s A AE LR Q1% BA th3dfel, ADASSE € £ HE 7)&o]

FELL AT, HZoe 2MEZ WA AAE AT 233" 4 ol At

o] ATelAE dolE §lo] Eﬁii‘{%% o+ e 542 st Wk e AAse

AZL HS AYZT o] THE Y EF= 4 7Hestd, vl A2 Hol&F

OJE|RIO® £ BF A5S %“é & < =8 48§ Aol deAE =gl W E4

of NsHA ¥k-&-8kAl %OP dirstE Jed AT & dve AYS /AL o =3

ATelMe 5 2nEE A 84L& 188t 6714 EHE@?_ J %3 Jeld E‘éoﬂ il Al
7

PISSN 1738-0774 Qhele WS A 43la MRl 33 AnEE 7Nk A2 Al 24T & JES
eISSN 2384-1729 3t

https://doi.org/10.12815/kits.

2024.23.1.182 o] 2HWE 4, 9ed, I3A T, +AA B 2E

ABSTRACT

This study introduces driving pattern analysis and change detection methods using smartphone
sensors, based on contrastive learning. These methods characterize driving patterns without labeled
data, allowing accurate classification with minimal labeling. In addition, they are robust to domain
changes, such as different vehicle types. The study also examined the applicability of these methods
to smartphones by comparing them with six lightweight deep-learning models. This comparison
supported the development of smartphone-based driving pattern analysis and assistance systems,
utilizing smartphone sensors and contrastive learning to enhance driving safety and efficiency while
reducing the need for extensive labeled data. This research offers a promising avenue for addressing
(©) 2024. The Korea Institute of ~ contemporary transportation challenges and advancing intelligent transportation systems.
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Bl WEE, ]
FEWD gl LEAILY 4§ thiEe] A} gkl o) wHEth: A7 AvkEe] EASIT Kim
et al, 2014) 71%9) W3} 37 o]l Amo] oS 9I% WT LA B ASHADASY) o Weto] o] Foiz)
0 TR 7Y 52 B8] LAAE BESE 7142 el A3 9tk Kime et al, 2018) 7] S B
AzRe A% AFAF A2H, 74 23 Bx Axd, 252 AES A2 5 A6 BEod 14

K

= Ao, HZole A BEE T8 BHzxol thgk #Alo] BolA|
, s &Rz AAEE BAsHE 7]Edd Uik AUt Wol s gk
A HEES S Y3 o]r]A|(Xu et al., 2014), =3FXie et al., 2019), 7} A (Wang et al, 2017) & ©F
|BE &&3te dF50] E2AEStt 15 7HEEAE 83 &350 9dl dAshes 7HEs
AR E8Q AR jEY A=7 &3 o|n|A| Holg| B} HlojEle] =
717F Zrol B2 Ad AFEe] JHEE HolEHE e R 34 dEHe EHste dTFES FIEHS
t}.(Nickel et al., 2011; Song et al., 2012) 53] o= =2 FuldY A s A7 B3z o2 &4
Hol e 2PEZAA HET 7HEE tolHE &83te WRol tig A7t st
Jeyg giREe] ATEodAE AEA BA 7oy EAFE e vkele maleld 7IHE A 851,
Ag=rt oA AY AHES sl F A 2= gErg 2ol Fesite dAE A Q)
T} (Fazeen et al,, 2012) HZoll& A3A % 7€ T HOlHERYH A& 228 SGste ASAAY 7<ol
WAStAA, 9EdS o] 83 AR SiE 24
A7 = -] Hed PHESS AEF 7|Re g 39 7HEE AlAd tig gol& ARE g5
3t EFAY A HEE A-dste &4 dES B4y wio] HolEe] A= Uy dHolErt &
THOE AV Aok E=E Foi7 vlojElo] s wRste AP VIt E &t Q7] wiEel] &4 359
HIAH S e Ao dig F718<Q Aol
A

B AT s AR 7o) J3d H2 e sHAE AMAE] fd golse] fle 7HEE tolH
g 7|Wo 2 T3] WS Fohlle WO R FFsta 33 vA S B EFE FEcke PEE
AFgT), A behs WHE A7 A Z85(SSL2) F Ul Z3<5(Contrastive Leamning)S 831 #o] & A%
H dolHe EAE FEEE 5t Zlo] olyet "oy A9 EAL FEY & AEE HHd 29
& shatal o] 2 JHko g S viRle] MElye =E3 g4E ded 2 HL golHo nA 24
S AX EFVIE 249 £ 9oy o] u &GS A F&ste Walryg 2ol 7474 (Robustness) 7|
e, AL s HolEE 2 4% d F dte AHE /T =28 Ajbste W] Aads A
33171 8l 2vtEE gHAVMES AHs Hejd RdEdd il sgs Fdsta AdEs BAS

1) ADAS : Adavanced Driver Assistance System
2) SSL : Self Supervised Learning
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1. ADIEES &85 2MA s 24

A 7| dFR4o R S 71E st A g AREEC] AnfEES B3t QUth AUEE
S Ot AAES EFHCE AR 5 glom, 1T A ZEAA 9 HEIZF "AH qitth o
# ATFEL o3 AnEEY] {FEAS %L%“}Ocl FAE5o] 7Fss AlA dlolHE o] &3t oy 7k AF
g Hg dol tigk =950 gt tiF ol g ~utEE e A, W 9 ot
374 208 S5 AAZE WA= ok Olrﬂﬂ NEEA AXNE 52 A9 Ao HolHE A
33l 71719 2249 2UHY AU = 49 Wes 2UEHH sEE A$ol &3tk

Akram et al& AREAS] ATLEZA AAH 3% 7IEE HolEHE o] &3 AlEe $3YUS
£ JPtAh HolEHE AF3 DHE AHES) 58 7R 9 7HERE BEdtia, 59 FA Y
gt 7F&EETS ARSE] S-S FA3SEH T (Akram et al., 2014) 3 €4 SFlA AU tisiA Ho)
91.15%°] &&F =5 24 Fodstell A ASEHE vlolH | 7HAE BoFTh 3 AnfEES]
AR5 FEsi EF715 AP 29, 25 52 A5S BYFY did AT Wo] AnfEES] fX]of 7
A= A& BAFIUT 2nEES 53 A5 7SR HolHe 53] &4 3T &4 EofolA st
A 2&H3 Utk Song et al.(2012) A8kl %W A4S T ~AnEEOE HSH JMEE HolHE
A s, A F o|MES}L HAYT TS EH AZE % (Dynamic Time Warping) &2 FAHH HE1-S <l
25 F3 o|HIEE EF3h= WHES A8 2 (Song et al, 2012) Lu et al.2018)2 Xt =& ol
E 7+A A Z~E(VADS) S A¢HITh(Lu et al, 2018) Z~2PFEES] 7145 HoE| S o] &3t 2o FFH(AE
x} W2, QEnbo]l F)9h AR, A7, -3 5o &7 oHIEE A% AY THXE, Yo]H Ho]
, AEZEAE H2(SVM) 59 BFR7ES AHEste] A A= Wi AE % 98.83%, LEHIC] 32
1E Qo) B A 98.95%5 2935t Lindow et al.(2020)> 2=PFEE 4] vlo|E ¢} 7] A 85
25 883 &4 o)} AF S BYET ke A HEE ATE P HTh(Lindow et al,, 2020) A
AZE-AE BASVM), K-H2H o] 2(KNN), APEA U K-means 18 Z, Hlo]x|¢F W E =, T
EE Y 2F YHEESS FE3a, o THES F83 &R g A AW A 2"E Akt
Agste o Hold 71AEE 7|9k Al2'g Fal o FHAT A8 85 T3}

=c‘>1='
5.:.
A

o
N
N,
S
oz
=

oF 2 ATFEC] APEE AAME o] 83 &4 HES EAsts Ay Fovga o]d digh ot
Fe A A S BAFAUTh B AFodA e &Y AutEE 7HEE HolEE o8ty &4 EF A
ke ¥, dE 0] =¥ e W3l Ao ek HEk 538, 984 55 gAse 9 A
HE EFske e A7 E dFdAe doly dAg A GAZE FElo HEKSTFT) < 4 &
At ol Azt WE Ful HEE AZFHoR gofd £ A dFHen, AYstd Fu AT
g 5o] 7beA At E3 71EY] AFEL HolHE HFEE 2F Edd &80y B A= WA
©2](Change Point Detection) 0k} BIA = b5 WPHEQ] OIZ858 A&t dT5 Yo

2. W™ EFX[(Change Point Detection)

H &A= AAE wlolE oM et 2R AHE AAse Ve, vdd Y daeEe] 3
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|51 AT Holgoh Ms g@A 9] AL o] FEi7HA FAHY FA9F WSt Aol ths AlZE 1H4 9
M5 Tt B AE gAEta, 48] N2 Wt o] s Ag ol ol tE HEt
Hutks Ao ® s Wk OIE} F21 olF gAs= Zlolth

2719 H3ly gXE BAE o] &3 WHoR tJEAHOE Cumulative Sum(°]3F CUSUM)(page, 1954) 2t
Sdste] AL Ao F4 wstE A

EE &9 0.2 DA WU AL, CUSIME TS A
of Aelzl ARE 23 © WHE A, 4L AHE WA 2T 4 dE 54L AL
G ol AATIOE A8 P BB SIS olE AT A WOl HRE Bl Lol A
Ael

HlH & B3l Wo] A= th(Adams and MacKay, 2007) B-Statistice =314 ¥ 38le] 7154
S FAI, TolF Z2A| 2~ TS 831 AZtol| whgt WElst= dlolEolA AAEeE HelyE 7

Astes oty ol Y 7led sHCoE Wi BAE Hud 7les 285t FYstaa = Al
T7F dolgtth EA 02 LSTMS &8 AAQ HolElolA 9] o] & Rdo|t} (Malhotra et al., 2015)
7129 FAA WY FAE FE3H] Y8 LSTM HES T A& &85t AAE siels sh5atal o
&= A8 ol AANENT. AAAR] dEFeRFe hHF A 222 R EY, WA 3
59| 7Fe e HrskeH AREEY. sl Aol 2 dlolE Aol thel A <Table 1> 22 HeAEE &
Ao a7 =7 Wiol 27 Ad o] 78 F S AT
<Table 1> Performance of Change Point Detection based on Deep Learning
DataSet Architecture Precision Recall
LST™M RNN LSTM RNN LSTM RNN
Space Shuttle (35~35) (30~30) 0.93 0.89 0.1 0.03
Power (30~20) (60~60) 0.94 0.71 0.17 0.19
Engine 25) (50~40~30) 0.94 0.98 0.12 0.10

ouk LSTMEE AA7L 7HA = oot dlolE Al A ¢ Sk F F80 &2 AL &o] a7t FE
o] ©go] Ht}h b2 gy HLWH O ZE DeepAR EHo| At g S (Salinas et al., 2020) &3
ANAE &S st & X5 sty BSAAES 188y, gdst 435l 9 g5 A AH83t
of BEAAE HAsoh A5Z QA HIHAA AHg g2 A1 HR] ZAE Held Ves J 8T EN
5L & dte As BAFT AAE ol FEA A AHEshE tiEARQl 374A] LEH| ol Al (parts,
electricity, traffic)ll A @2 Wi Eo] AEH H

< BoAFth

S
o2
&
ye
=
>
©
or

H3ly Bx 2 £3d v gukzl o g Wil o] HE 7L Y FYP2E sG] BRE Sy, A
2 golE7} Mk Rt gtmA oz Wol ZA& Aolgt= /1AL R A4 HolENt shsEln =S
tolEl7} A= A -H S Fetslhs Zo] It olt), o]#d HHEEL A8 7skAY HolE 9
A2l BEE 7St HollAd A 7HA L Utk B AFoMe oy A dAE 2 g2 543
WHEY 8o AT A YEE gxdGS Sl Hikd X & FystaAl )

3. [i=8k&(Contrastive Learning)
Hzshse A7|A =S HE] dFoz HolHEdd A5 U3 (Consistency)E A3k o] &
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<Fig. 1> SImCLR : Contrastive Learning based on
Augmentation
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(Negative Pair)2} F-2r}. tZ35& —?46}] 2 AFA &g3te dBAHLS A 3 (Time Consistency)
ojt}. At AL ol et E4o] wste o, AT Ao HolHe 54
W3yl 27 @3 W A dHolHe EAL A tdEvE JHEE AAR fAEE EEEse yelth
B AFolA = AR Q8-S SFet] fel, HelE S AR eAd wet Mix 2 e} 4% & o
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2. MojehsE #8st 20 I 2R

gojEo] gl tlolHzE 24 Y Wiy 471 sgd Fole 24 dEHs 7t AYS Sadth
ojmj = AEdE WHOE ER/E ShEsy] wlE golEo] EAlske dHolE7t a7t Ty &4 R
tlolElE H5dh= A2 ul$ o AgolH, 711 gl dlolElel] thal] &7 sjEe] HolE-S REE ofiH|o]
A (Annotation) 2> 7HEEA] Al Ao tig £& o] =5 Qs AIRHE Q1F Hlgo] QFHET AARF o Z
golEge] | HolE= vt &R E A Aok Held-e Al En e &7Fo] A, £& JRkst
TEE 7 Joy L& Aes feiAe g7 tolHrt a7 E e SIS 7R AL §7) Wil dolEH
tlolE7t Ae &7 sjE tlo]HE Sgdtr)ol AshA 2 Aotk B AFoAe Held e vloly 25
Tﬂ]* s|Asta Frdt A% G8S dl 194 HolE5d HolE7t gle oA Stad Rds 54
2718 &8st F29 EA HHE o] &3 S 2=E E7/3t= SVC(Support Vector Clasaﬁer);; Zggth
SVCE 4ol AAHo = HolHd tal & d5S BAth weti A7|AEsES F38f ol ol
A fromdt E4E FEIAER St RS B4 FEV|E AMSSa R 2 54 WEHE Yo
2 3lo lolEE —E—TET'S]'E% SVCE FFAZIT owl, BERAA A= EF F5& T3 Zd F7}
el sk5e gloemH, S o] ger T ol EStEE sty AA A &7 5 ZEAAE v
AR e
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<Fig. 4> Overview of Classification Process
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V. A3 (Experiment)

1. HIOIE{Al(Dataset)

2 AFME EAT &4 oHIEESS Fste 5 2rEE AAZ #3E tolHE AE3 AT @
F o] Bl Ferreira et al Hho E A dolgMloes tex MY
VR, AN 4 EE X3S (Ferreira et al, 2017) =AX7)F 1384 43 $4S F34stH A o|WlE
E AN A0 E FRHEAT
B AFo A= 228l B, &eto] A, STFT(Short Time Fourier Transform) ©] ¥MH-S AL8-3}a] Ho]H
AAE S Tk vlolE e AEH Alzbo] IASIA ol ~Fe] BIPHE AHEste] dAsHA
S5k =3 vlolE WollA dukARl Fa 3 £ o[ ES] Hl& gk FAZ Aoyt ERlEE A &
ettt olEdt B dS sidstaal, £ oWlETL HAS 73t AFE IA HolE Yt &etolA

2 AR Ao HolEE AE A7k BRI 2 AT welo] the) AL BB AEE 7HA)
Fe)o] WS s STFT ML AT o2 Fal A50) 0542 4L SAo] Bshe] A
FAS ANEE FAT 5 AU 5 AAHA T FEioh 54 oIET BAT AE ko] Aol F A
Axoz B3 5 A AT 2 o4 W] WE STFT W A2 Az o9 o 19 2o,

Vol.23 No.1(2024. 2) The Journal of The Korea Institute of Intelligent Transport Systems 189



SkA HIHIS |25 =8l =] =]
tz=sts 2ye ol8% FHWME =4 7/ AT
L] | ]
n
I u
: " . : Aggressive Aggressive
Aggressive Acceleration Aggressive Acceleration Left Lane Change Left Turn
il
Aggressive Aggressive Non Aggressive
Right Lange Change Right Turn

<Fig. 5> Data Visualization using STFT
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Bacess

E

o)
z33;

EANE o

HolB g shiz mol, del
\*37}0}71 CEREEREE

gt A= ne

st ol BH1E 4 s A

THo)7} obd, AA 702 7] 0.2 Slicing B HloElZ AA|
I BREF 2vARE FAH Jlon, tixgFe] ¢ dolE
8387 7] Wzl 50171 vloE A 91371 <] A SegmentE
5ol A9 A dlolE oA A FolEo] FES G0l
oo dlolE 7t AMEE AT B/
Y391, AS5S Al 61712 Segment =
Aol AHgE HolEle AR TOE AFelA 3= tolHER FA338IA

2HSHA gl AR = AT Y
A E o 9, skt ATl ElolHE A

18 Si%537] SAE A S8 B
AgSAT w9 4AT 54

Number of Data Segment
Before Split (Contrastive Training) 913
Classification Training 58
After Split
Classification Validation 61
HIX|0}3 (BenchMark)
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3, dizstsrinte] SX0E Wehd g0k &Y £/ Aee st 4 REE F5 AnEE
of ¥4 7FeAe Este] ofgf :ob o] FA2 JiEA Ar|9k AdEe 7H RdE AASTh Feo
Paramst RHo] A4ke 98l 7HAAL e FetrlE e g orlsiy RdS 2] 913 mRed
HAQ A¥o] 9lem, GFLOPs + Rdo| 3 F2st7] 98l FaH= Aqtel Sl et 7I7HG) &4
E FYWHT GFLOPs © RHo] F2sle v &85 AR 2329 ddo] o
<Table 3> BenchMark Models and Params with GFLOPs
Model Name Params GFLOPs
SqueezeNet 1.2M 0.35
ShuffleNet 1.4M 0.04
RegNet 2.5M 0.06
MobileNet 35M 0.3
EfficientNet 53M 0.39
MnasNet 22M 0.1
SqueezeNet2 A4t &S Foistslr] 93l 1x1 HEFAS Fdl v +5 0|1, Fire ZE0|g}
= OPIMAE TR Squeeze Layersh Expand Layer MRH 0.2 18] e AT oIl E SHE
F2 5 AA At ShuffleNet> 54 FF AAlA S 4 Shuffle A4te T3l A'd 3ol FHw
o] 7H53tEE st ARH o R venE FF £ EPo|th RegNet As3td WESY A HARl 71
< o] &sfA 31% e S HAste HAele AT A9 Layer7HT9Jr A=A dErEE 4
835 P°=] g ot 45 #8HES ol A3l MobialeNet2 Depth-wise AEFAHE 7|Hto 2 7]&9] 7
EFA At Hlg) detrE 8 dEAHCR o Bk fupo] o A8 # UEF 19Hd mdojr,
EfficientNet> H2ld 29| #ojo] ¢, HEFA 7129 yo|, oln|A| 27| o #AE F4o=2 FHs L

T8-& Y= compound scalingS 53] 7—‘1 S HEYE £ 4 ¥ 7 5T 1¢H 2otk MnasNet
& RegNet? frARSHAl 2502 HAstd U ELAE Foldle 7o g AL mrgoA & Hse olF
of Wislth 53] o AlUd ThejolA Rds FAHTO RN, Hrh &4 mdlS ARGt

7t 292 iy tuto] oM 54 & AER 2 R UESFoH, B FE7E 8317 At
o 1x329] 54 WHE FE3=F HTF golow A5t SFAFt 24 mdef sebu]Eu; AlF v 29
A A BF =oA duE AerHE IdE ZEskth

l

3. MlglZd 1 Experiment Result)

Ao AAZ AAAEL 7] Y, A FAET} 0.0, 04,
0.6 ol = Hold A5 Wt o g gxshs RS A48, g FAHAA /M @2 Loss ahe
A MEAE A AEAR TR BF A WUt xdgold 9% 24 st A3
3171 98] YA zul 78 <+ Hyper Parameter)= U3 %9} o] 443130

AP A o7l 2ol A wstd &
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<Table 4> Hyper Parameter Setting

Hyper Parameter Setting
Epoch 200(with Early Stopping)
Batch Size 32
Number of FFT 32
Number of Features 32
Optimizer Adam
7 B9S 200 A% SGAZ O, olu) 33 o)¢ LAY vt flow 2] FE 24 FAT WA
AojzE B $Us 02 HYSYOW, STFT) A5 E FFT9) A5E 2702 24shdn. gad =
We 53} FEHE 54 W) Lol N MYHGAOH A8} P4 Adm Optimizer & FE3FHTh
Wek A e AUECrcision B/ OH, AUEE AFAS mdo| o3 A% F A3
Zo] W gg oplsiel, HEE 03} 14019 A5 S HAE, 19 The FUSE T 45 BT
& o|ulReh AY AT TS <Table 459 Lk BRE FUES U] AW ERecal) S F7H3H] 27)
X =

: Fgsisch AR g A Age] v F mdol Hgoletn wod Aste] lgolth sl
BN ABEL AFA e AL QA dolE AN WAHOE ol B o] = Hol UF 3]

g, o)t Holy doliael A8E Felah A4l FAE WalE BF WS Roha rka o
s107] mWEolc,

LT R (R =
)
N
N
)
==

<Table 5> Result for Change Point Detection and Classification

Change Point Detection Result Classification Result
Model Name . v
Threshold Precision Precision Recall
0.0 0
SqueezeNet 04 0.75 1.0 1.0
0.6 0.69
0.0 0
ShuffleNet 0.4 0.73 0.886 0.869
0.6 0.61
0.0 1
RegNet 0.4 092 0.956 0.951
0.6 0.72
0.0 0
MobileNet 04 0.69 0.039 0.197
0.6 0.60
0.0 0
EfficientNet 04 0.67 0.26 0.34
0.6 0.76
0.0 0
MnasNet 04 0 0.17 0.25
0.6 0
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<Table 6> Visualization of Loss Reduction

SqueezeNet ShuffleNet RegNet

MobileNet EfficientNet MnasNet

nnnnnnnnnnnnnnn

<Table 6>& T3 WA RdE9| 3 A9 EAFE GAT + Yok mE 2 W
Z S5o] SRHoH, HAHORE oA A FHEtY o] HAFS U F Utk S5
RASE A3 A3} <Table 5>9F o] ti-io] oA HsPd &40 JAZS 042 st9le o M =
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