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Abstract: Large amounts of highly useful driving data are being collected by dashboard cameras. By extract-
ing dangerous situations from them and then classifying them into traffic accidents and near-miss incidents,
many attractive applications are made possible. However, manually extraction is expensive because it re-
quires a large amount of labeling. One method uses a model trained on an existing supervised dataset. If
the collection conditions such as the model of vehicle and camera are different, the tendency of the dataset
changes and the accuracy of the model is poor. In this paper, we propose a method that classifies target data
with high accuracy by training based on two kinds of datasets: unlabeled target dataset, and labeled source
dataset collected in an environment different from the target data. Specifically, our solution adds a layer
to the existing convolutional recurrent neural network-based near-miss detection method. The added layer
realizes unsupervised domain adaptation based on adversarial learning. As a result, the features extracted
by the convolutional neural network are independent of the environment. An experiment on actual driving
data verifies that the proposed method is effective.
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Table 1 Number of data per label in each data set.
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T3BE L, KBHMEONAINST X =5 TdHhHNIT
T=Fty My Ay, FEILIT(10] LFERIC, reverse
validation |2 & o CTPsE L 7=,

Reverse validation (3#fifiZe L N X A ¥ @45 A OREE
FHETHY, V—A ALV OF—¥EES, BLU, ¥—
Ty MRAAL YOT=SEET 2HCWT, BREXSROET
W f DINAIOING A= DRERATR B, BARR % FIHIZ
TIVIT)ALLTRTEBYTHA., 3, V—AFXA
VOT=5EE S EENETNFEALBREHO T — 5 4
&St SYIZET A (L4TH). FRRICY =7y P FAA
YOF—FEET E T, TV IZHET 5 (247H). kI,
V=ARAL T —=F Y b F AL Y ENENDFET
FFELE S, TCEHWT, fE%ET5 347H). =
DIFIZ, V—=ANXA YOBGFEHT—% SY 2 H\v, early
stopping % EFHWT f ORXT A= B EIRL, 15517
FRFHRETVE P ETh, ZOHK, BEY—ZAFNAA
YEZ =T N RAAL Y ENENOEENT— 745 ST,
T' %W, fEFETL AAfTH). 72720, V—AFX
A MNEEEI L, ¥—=7 v 8 FAAL I 34T7H TS
N7ZETN P CHZE LTV EHAIE LTHwS, 2
DB, ¥ =479 b FAL VOWMERT—% TV % AW,
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early stopping %= & HIWT f OXT X — 7 IR, 15
SNZEBEAET VT ff T 5h, wmEIZ, V—AFX
A Y ORBFEH 7= 5 1220W T, #HhiT e 47HTHES
N7z fr B L TINVERLERT S LICE > THIESL
FHT 4. % B, reverse validation THEHNAHKET LD
FEEEIZNA 7ONT X — 5 DIRFED RIS,

5.2 HEEFE
A CTIREHHIC T ORETFEL GO 2 MOH % L F

AA VEBIZOWT, 2O R v b — 7GR e

DARNN w/ GEL 3CHk [21] TIRE & 1172 DANN Ol
HHEEZRH LTV, 228 Tk7- X 912, RNN
T2 b EH T DANN 2@ 9 5. 20720, M1
® GRL ® AJjA5 ANet T7% { TL @ Concat @D 7]
L5,

DARNN w/o GEL GEL % DARNN w/ GEL 75 i
DBz T B, GELIZ 4B THRRAZL9 12
A OFERZ KR E CERET 5720 D Attention |2
HOCETH 5.

Proposed w/ GEL 4 % Tk R7zFE 5Tk,

Proposed w/o GEL DARNN w/o GEL & [Alf£1Z GEL
% Proposed w/ GEL 2> 5 iU v 72 ik,

DARNN (& TL (RNN #43) 2 &® TR A A Vs 247

I, Lal, 4BTBRALEIIC, YUy POKEB

O ZA712B0WTIE, FAA VEO#ERIZFEL T

ESZAHFICEFDIZEAEREOLN, TLTELZ A

LY Uy PREEEIOETERIZOVTIE F A A U H

DENEMTHLLEZONL, ZD72%, FEL I3 L

T DCL 7 & HIEAEEH % ¥ {53 5 Proposed D575,

TL %4 L TR % #5735 DARNN X ) 3= R

CRAA VHEIEEERT L LD WEETE S, 2B, GEL

FORy NI —2 & GEL ZH) Bwizky T — 27 M

HeRHWb0lE, FLROFRESFFED Sy b T — 71K

LW LIERT 5720 Th 5.

5.3 EaioMh

KEITIX, 37 FAHE A7 ITHVWATFT—4% 1y b
£oT, FAA VIEOEGHPHEPITHLET H I &2 RT.
3 IEKADT—F1y NOMEDOLA NS T LERL
t%@f@é(%?—7#%¢%®7D—A@@@w%%
L, 27 e ERFLIEBILEITo72). 2ol
Mo, BTRT—7 TV — 7 5%, HIZEST
LTCWBEENL N L5 ANNG. ZiE, NCS 7 —
FIFEERM 7 EOFEARMICL > TESNTWE I L
no, BB, bbb, HRIGETTAZE0%0V0
WL, BTRTF—2135 7 =12k TIUEES N TV A
ZEDDL, MERREDEDPOFERIIPITTETTAZ L
NEWZ EIZLbbobEZONDL. /2, EHELDT—
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Fig. 3 Histogram and kernel density estimation results of lu-

minance for each dataset.

+= 2 377 AGFEIIBITS Accuracy DILT

Table 2 The decline in accuracy in 3-class classifications.

BIK = NCS*™ NCS= LK
Source Model w/ GEL 0.362 0.406
Target Model w/ GEL 0.958 0.922

Xy MIBWTHHEEH 200 LEDERG D% 1322 TH
N, KGEOZBEIZL->THEDDPEL TV DIEEDLRD D
HENATOUWRREEIZL > THMISE VLTS
LEZOLND.

T2, ®2IFEBIC N AL VOB X 258 ED
BT MRS L7017 2723 27 FAGHHS A 71285
FHFEBEDOEELTH 5. Source Model 1V — A F X A ~
THH Y 278 %47\, Target Model 1% —7 v 8 B A A
VTS ) R EToIGEDETVERL, RHOK
fEIZS =7y b R XA 2B 55 8EE (accuracy) &
KLTWD., ZOMENS, §—7 v M AL TFE%E
19 L 9ELLOKEZERTLHbDD, R kb FAAL Y
THEH LG AEIIEEORENT 4 HBELREKTT2
CENHERRTE .

UEDZENS 200D F XA VBIIZFEN ISR D 5
PR T & 7.

5.4 EERER
BEIAZIIBITLEETIVORBEIIRS, R4DLBY
ThHh. B, TILEDEEIL reverse validation 12 & -
THROLNIBETIER L, ¥—=7 Y N ALV OFHET—
T T ARETHAE., TNODERETS, Y1)y b
BB LOGES A7 12BWT, BOHEBIZES F XA
VHIEDSARNTH Y, EE OIS DB RIE LD
DD YEITNIEEZ EHTETH DL Z EWah b, £z,

*3 B A NST LD bin @l seaborn (http://seaborn.pydata.org)
DFTHNVETHET7 )= Ny =547 a=ZADFEANZL > T
PeE L7z,

Y= ARAL Y = =Ty b FAL Y (DT

© 2020 Information Processing Society of Japan

K3 KIAT - ZBETND Accuracy DL

Table 3 Accuracy for each task, each model.

RIK = NCS NCS = LK
377A 4UVFA|37TA 47T
DARNN w/o GEL | 0.952 0.873 0.904 0.919
Proposed w/o GEL | 0.950 0.906 0.916 0.933
DARNN w/ GEL 0.956 0.881 0.918 0.925
Proposed w/ GEL 0.960 0.891 0.896 0.933

KA BYA7 - HETFLVDFAE (ERMFEFY) ol

Table 4 F-measure for each task, each model.

Ik = NCS NCS = RTK
32JA AV7JA|3VTFA 47T
DARNN w/o GEL | 0.946 0.867 0.900 0.915
Proposed w/o GEL | 0.943 0.901 0.912 0.927
DARNN w/ GEL 0.953 0.881 0.914 0.916
Proposed w/ GEL | 0.958 0.886 0.896 0.927

ety
VAN

ground truth

ground truth
vy
AN

W
=

e EvUny b Hil e
estimate label

EvyUny b =
estimate label

(a) DARNN w/ GEL (b) Proposed w/ GEL

M 4 NCS= BILKD3 7 I 25T % RFATH0
Fig. 4 Confusion matrix for 3-class classifications of NCS =
TUAT.

DARNN & Proposed L35 &, KETIVED 400
FA7DHH, 3D0DF A7 2BV T Proposed DA E
BRLAGoTnAL I EPHRTE L., €D2H, 20D F
AL Y EOEFIE FEL 5 IAFEL, TLTEH DY
YNy FOREOBIBIZIE N XA YHITHETHL Z L,
REFHIPNFOETVTENTHL I LRI NG,

12, DARNN & Proposed [ Tix b Proposed O 1§ &
WENLENCS F—F %) —AFXAL v, BT RF—F%
=7y b RAAL L ETH I3 TAGEHIAZIIBITS
GEL ) DY OfRICEHT 4. B4 3&THIZLD
SRR L FZTRAITHTH B, T OHERD S Proposed
FeXY Ny b2 I RAEBESTERZ TAL LTHET 5
720, FEMITLTWLZERNgnsb. I, V—2A
FAL VBT BHEK T TADT =5 034wt L,
HGDBEDMLETTIZRTH DL LEh D, MBERIRE
LTwhwicwrEzohnsb,

2T, 1 BTN EEBERF L EICB T AFEMZ
EXIHE, BT —% (eXY )Ny b7 TABLIUH
5 O RIFATHINOBEIZE L T — 5
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Table 5 Accuracy and F-measure based on two-class

classification tasks.

accuracy precision recall F f#

HTK = NCS
DARNN w/ GEL 0.974 0.966 0.947  0.956
Proposed w/ GEL 0.986 0.980 0.973 0.977
NCS = BTk
DARNN w/ GEL 0.950 0.984 0.847  0.910
Proposed w/ GEL 0.956 0.978 0.873 0.923

WMo R) LRERT—Y (KerI7A) il
TalEZLND, 3VIAGEIAIRZDL ) R, f&
Wi 77— 25 2 7 5 AGHES A7 L b 52 0E
DIGEIIR 5 2VRTEBY THA. £ 5 25 accuracy, F
fii & b 12 Proposed DREEDR <, recall b KEW7zH & D)
KLDBDHRL>THDL I ERNGND.

6. F&&b

KEFIZBWTIE, #hiT— 7 0%V — 7 UESNT T
DYy Ny MEHB X OGHEICID A, 2OF A
R 720, BOTEEICED L F AL VEInICER L
FEBFEHD Yy P — 7SN D XA Y HOERIKE
WERG EFETE LG L CORDBEH 2 IT-72. F
7o, FEBEOFIA TV a—=FF =522 EBETIE, #
Body M7 —2kEEIT L, REFESEY S AL~
HIBEEIHL, 9EBREOREZEBTETH S Z & &R
L7z, A%OBEE LT, HHEOMWE 2 ZE LTk
SRR [27) BERT B LI %, 7 TRAEEF Y —RL Y —
7y NETRRLGEICBIT L F AL VEIEe, KlFER
BEV=ARXAL NIBTH T = BBL R VgGED s
T AGEOREER LB T O NS,

HEE OARBFZEIE, BAT =V 2= 3 v AkAE&HEL
StV NI A4 7L a—¥F— % LENRFEA
WETREAY— TV 7 1 RS oMt s (v
YNy bTF=FRX=Z] ZFH L7, ZZICRRLTHE
ZRT.
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