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pp.114~123 ZAFH  HIH (Computer Vision: CV) 71& WHo & HYSZ TV(Closed-Circuit television:

CCTV)9t 22 ¥4 AXAE SH3ES AAS D itk 22y @4 ol 72 tii&
IARA Y AAE 7R Gt meba 24 Ahle] G4 MLV 94 e 94X 99
B AA ol e SAIZE SRS A2 A 2 3FE (Edge-computing) 7]&9] MHOE o]
T4 FEHARY AATE EAo] JtEEATE B AFe A= U AXE ol 444 AlA
(dashboard camera -2 dash cam)ell AFE Bl 7|&s E95te] TEER A AATORE
SWEF AR 7HeAel tEl Brlkete o] Rt o]& 913 FREEFAL &FAFFol
ZA2E dash camoll Al 3 H 4,388719] 2E 2 ¢ HolE 7|FEO.E IFu|olHE T531%
©.1, YOLO(You Only Look Once) ¢ E]ES &gste] B354t 24 A Ax 2% o=

PISSN 1738-0774 AUE7} 70% oldoZ Uehga, nEALE O 85%9 AUEE Eth =S mAP(mean
ISSN 2384-1729 Average Precision)®] 749~ 0.7692 eI, 214 AP(Average Precision)S R nFAMIL7}
https://doi.org/10. 12815kits. 0904=Z 7P A Yehsta, YshEe] 06292 71 WA UErstth
2023.22.6.114 o]t BE Jhve AL ZFE HIA, YOLO, B8 HAARL

ABSTRACT

With the development of computer vision technology, video sensors such as CCTV are detecting
incident. However, most of the current incident have been detected based on existing fixed imaging
equipment. Accordingly, there has been a limit to the detection of incident in shaded areas where
the image range of fixed equipment is not reached. With the recent development of edge-computing
technology, real-time analysis of mobile image information has become possible. The purpose of this
study is to evaluate the possibility of detecting expressway emergencies by introducing computer
vision technology to dash cam. To this end, annotation data was constructed based on 4,388 dash
Received 3 November 2023 cam still frame data collected by the Korea Expressway Corporation and analyzed using the YOLO
Revised 20 November 2023 algorithm. As a result of the analysis, the prediction accuracy of all objects was over 70%, and the
Accepted 12 December 2023  precision of traffic accidents was about 85%. In addition, in the case of mAP(mean Average

Precision), it was 0.769, and when looking at AP(Average Precision) for each object, traffic accidents

(©2023. The Korea Instie of o ghe highest at 0.904, and debris were the lowest at 0.629.
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1. nE &% E= uE o AH HX|of AFE HA J|=0] #S= Al
AFH v 71ee Ad 1097 2348 e aF dd A4 AAE 98 &eH] gtoH, g
A2 G AAE Bgsta JdE AR YebgTh 3 AFE HH dugEOE YOLO(You Only Look
Once) ¥ E|FS E83te 497F Bon, 3718 HolHE ¢udFe SFtolHz &8st 753
A2 Yttt ool sl 71& 1dd w5 3 uE dd AA Ao e vlde] &8 Ao
ARA WEEL <Table 1>0 AA kAT
<Table 1> Summary of Literature Review
Researchers Study .
Purpose of Stud: Dataset Findin
(year) © 0 4 atase Methodology fnaings
. . An on-road object detection SSD, YOLO, We confirmed that fine-tuning SSD on
Kim et al. |using SSD that overcomes the problems KITTI dataset SSD-ASP4, road dataset using data auementation
(2016) mentioned above and makes possible SSD-PED3, can improve thi detectioimresult
robust object detection in real-time. SSD-ASP4+PED3 P '
The training model has good test results
Lu et al A vehicle detection method for aerial | VEDAI dataset, especially for small objects, rotating
2018) " |image based on YOLO deep learning | COWC dataset, YOLO objects, as well as compact and dense
algorithm is presented. DOTA dataset objects, and meets the real-time
requirements.
The main obiective i . 1
e main ob.]ectl.ve is to incorporate a . 0,000 The proposed system provides a very
Ghosh et al. | system which is able to detect an | accident frames . . . . .
. . . . Inception v3 viable and effective solution to this
(2019) accident form video footage provided | and non-accident roblem
to it using a camera. frames P )
A vision-based crash detection 15.000
framework was proposed to quickly ’ Image enhancement method can largely
Wang et al. . . . crash frames, . .
detect various crash types in mixed YOLO v3 improve crash detection performance
(2020) . iy 40,000 o .
traffic flow environment, considering under low-visibility conditions.
s .. normal frames
low-visibility conditions.
The main purpose of this study is to| 1730 videos( Accuracy of the neural network is 97%
Naidenov | develop a car accident detecting system | released at Asian on train dataset and 62% on test dataset.
and Sysoev using data obtained from video Conference of VGG16 and This study could be promising at
(2021) recordings streams applying machine Computer fast reaction on accidents and building
learning algorithms. Vision in 2016) routes for emergency services.
Gunawan et This research aims to compare the
al performance of object detection of | Visdrone2019 YOLOV3, mAP of YOLOVS is higher than 5%
(202'2) UAYV images using various YOLO dateset YOLOvV5 mAP of YOLOV3.
architectures.
We proposed a real-time salient object The qualitative and quantitative
Qin et al detection network named experimental results show that
2022) " | increase-decrease YOLO (ID-YOLO) | ETOD dataset ID-YOLO ID-YOLO can predict drivers’ fixation
to discriminate the critical objects objects more efficiently than existing
within the drivers’ fixation region. models
Pavani and | This study compares state-of-the-art | Sminutes video CNN, KNN, | From the present study, it suggests that

227, M62(2023H 129)



Researchers Study .
Purpose of Stud: Dataset Findin;
(year) © 0 Y atase Methodology 1naings
YOLO provides slightly better
' . . (392 frames) performance in detecting vehicles when
Sriramya | object detectors used to incorporate roduced b Haar Cascade, |compared to CNN, KNN, Haarcascade
(2022) traffic state estimates. P Y YOLO algorithms. YOLO produced an
SIMATS . ..
accuracy of 93% and with precision of
90% from the all videos.
Ghahrem: This paper present§ a new efﬁcmnt Expenmen?al' .evaluanons demons'trate
framework for accident detection at the feasibility of our method in
ezhad et al. | | . . COCO dataset YOLOv4 . .
2022) intersections for traffic surveillance real-time applications of traffic
applications. management.
Our novel apyproach introduces the . . .
I3D-ConvLSTM2D model architecture, By offering a cost-cffective and reliable
. . . . .. Trafficam accident detection system that can be
Adewopo | a lightweight solution tailored explicitly . . s
. Lo . dataset deployed in real-time within a smart
and Elsayed | for accident detection in smart city I3D-ConvLstm2D | .
. Dashcam dataset city framework, we pave the way for
(2023) traffic surveillance systems by . -
. . . . External data more accessible and ubiquitous
integrating RGB frames with optical . .
. . surveillance solutions.
flow information.
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B A 71639 QA AR 7S st B2 48] AA7 BAS F3) BR4ES Btk 7148
Jugth, B 71&e 54 =2, TET thF AAZ AAE 483} Holglont WEAL} 2

WS SGFdolHIL AjHAel7] wied AE3stele A e AeE e THKorea Expressway
Corporation, 2021). LU} A0 S 3Ee] ojn|A] Bd +3& Fal B2 gxulolEHrl greEtH, d

Ao FAE SES 5 e Aow wodHn:

a3, B Aol BEE /& AF ) AAE dANeR W7 A2E FAW 23 G4 Aol
B AN A H9lE B Yo nswel 4% ) A, Fo FL ¢
AR 7} 7hsst AR 4T A A)\\:}(Korea Expressway Corporation, 2021).
AAE SuaEe] AAZE AR Ago] JbseH, Al B4 £5E 29 228 Y0 F 100km/h 73 A oF
3m vttt 24 0] 7]'%'6]'13]-(Nam et al., 2023).
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<Table 1>l A Ag v}2} Zo], Ghosh et al.(2019)$} Naidenov and Sysoev(2021)7} 33+ AFE A &5k
W] Aol AN BF YOLO ¢agEol 2§=HAth 12 AA HAE Hfﬂ' ShEHlolE tEE

< 3709 dolHE 283t A E}‘i—ila—"— AYapsith. 22y 370" vlolEe AAl S23go] T A
of T 7t} Ato|7t ek & W A LI e 14 CCTVY A4 52 XA 1% 43
< FFstE A7 Wil A8 o]F AA 9 StgElolE 2 Fgstr|d FAZ s B 2 ATl A
283 dolE e AA Sl AEE2E sk oY AT AAMAA w33 vlolE Zite R ShEH o
B E 7Heiflong & AFolM A ol e AA 7Nt S8 ARl 7Hd AR HeolH=z Add
o oolol met B AFe AF W olsA AlM ZR s AA AYE JrPE HA ot
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M. YOLO €328 A4

YOLO <& 2016 =Al #ledo] s 7idtd Hed dagses HwE A%
Convolution Neural Network)S 83l E} ¢32]F(R-CNN, Fast R-CNN, Faster R-CNN, SSD
A AA £E& Hole 5Fo] UthElgendy, 2021). YOLO ¥ 8]EF9] +2& 37HA S(FA
A%3)E 7M™ <Fig. 1>9} 2t
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<Fig. 1> Structure of YOLO algorithm (Source: Redmon et al., 2016)

olu|A W Ao EAS = ITL M, <Fig. 2>9 o] Uehdth HEFH ZE|(<Fig.
2>2] Convolution filter)7} Y92 ©]7]*|(<Fig. 2>2] Source pixel) Y& A T2 o] FHA 7152 wet
HAzs Axtetd, Asxkd ZA ks Bol M2 oW A (<Fig. 2>¢] Target pixel)E A4 TTh(Elgendy,

2021). 94714 MZ AYAE olu|X= EA ®(Feature map) =+ 413} W(Activation map)Zt1 o},

.)'1 4 ) >
.-295,%' 17110 : .
2 102 ] 1
1 }
- ro|ll
Sc.iurr_e - Convolution filter Target pixel

<Fig. 2> Example of Convolutional Layer

Ak FHF 5 7 2745k ARs
o). o] £AE ]
&

Y Agre 72 A

227, M62(2023H 129)



HILTE SUNE PX HUE

08!

7t

Z9) 9 A& <Fig. 3>9} 2tk Ao F3(<Fig. 3>2] Max Pooling)& A7)
£ 2 A = O FAIZIHA HUgLE Fol 9 o|v]A|
o2 AeEnt Wit EY(<Fig. 3>9] Average Pooling)> Ul EH oA Uz oAl HFas &850

1 3|2 1

29 1 1 9 | 2
—

1 3 2 3 Max Pooling 6 3

5| 6 1 2

1 3|2 1

29 1 1 375 125
R —

1 3 2 3 Average Pooling 316 | 20

5|6 1 2

<Fig. 3> Example of Pooling Layer

A4S FEETH EL30A SHE sk & AA onAE E/ste Folth AAdTE 3714
84E 7HAH, <Fig. 4> Zo] Yepdth 1243 A HAl= 49
FZoA THEozl A WEE fYdith. T HAls 24 3(<Fig. 4>2 Dense #1, Dense #2)2.2 ¢
H 7|Wto g EAS AAR FFshe Foln, st o) F& 7HIth npA Yo 2 Z¥ 5 (<Fig. 4>
oftmax) 9| Ay} EYEE FO2 A7} HF ERF(<Fig. 4> Class 1, Class 2, Class 3)¥th

F(<Fig. 4>9] Inpup o2 FAF

Input Dense #1 Dense #2 Softmax

- O" Class 1

<Fig. 4> Example of Fully Connected Layer
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A tH(Korea Expressway Corporation, 2021). ¥ A9 H42 11
A0l tall Bt Aotk o]d wep B Aol A S
G AFZ7HRA = ALstith = Ao A A F =¥
FHE a7HA FEOE FE8HH O™, <Table 2>} QO] A o3ttt

<Table 2> Classification of incident types

Type Definition
Crash Vehicle damage, Unusual vehicle direction etc
Stopped Vehicle Stopped Vehicle in the shoulder, Breakdown sign, Open trunk etc
Debris Debris, Roadkill, Falling Rock etc
Person Person in road

2. HlOIE +F ¥ &t

2 AFolA &85 HolEe =2 FAF <2 47l 39 S48 28 ZH Y(Stll frame)
glojgolt}. 3 717h2 2021d 6¥lA 8¥€7A] 370 ulolEl 9} 20221 12X 3€71X4] 371€Y HoJE|E
Z 67147t dlolEolth A& A8 HE HA HolHE A&t 3 30l 2 st o,
W4 F8o] 3k o] Uehd ouA] gdells A Tt e Aol dis) stk HEH
o2 gt x3hd o|m A= 4,388, SHEH H HolH 4= 23547002 Yelgon, AxEE gy
& o8 4= <Table 3>3} o] Yebgth 24 tlolg 715 3] 2y doly 5 80%S g<5dlo]
HZ 831901, 20%5 ZASUolHZ 83519 om, wjx] Alo]29} o Z(Epoch)= MAAsIe] §&F o0
g5S AP A7)A wix Alolze Bdlo] g Mo Shgdte tlolE AE TS ov]EiH, BE Ho]
EHE g Wl 5T Al Sgol 285 Agte] vlg- 2ide]r] sl g5Fshe HolH AE & U

5 FastAth B o2 HA s dlolE] Als Bl g ¥l ke S on|shH, 8071 ey
tlolEl & wjx|Ato] = 82 BhGettd 10| Z-2 107 HiAE 53 & S5H-S ofv|dith vlolElY] uix] AL
o]|Z& 8, o|& 50, IoU(Intersection over Union) YZAZEE 0.5 °] o2 HAAstA HolHE EA43%H

ol

<Table 3> Labeling of incident in image

Class number Type Definition Number of labeling
0 Crash Vehicle damage, Unusual vehicle direction 1,617
1 Stopped Vehicle | Stoped Vehicle in the shoulder, Breakdown sign, Open trunk 2,369
2 Debris Debirs, Roadkill, Falling Rock etc 1,429
3 Person Person in road 3,033
4 Normal vehicle Normal vehicle in image including incident labeling 15,099
V. 24 23

<Fig. 5> 2t to|e HAE E3f3ste] £43 &5 P (Confusion matrix)©|th. <Fig. 5> E5HE
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NA x5 AA FEPT AAE on|siH, yE& Edo| A& AAE ou|dtth PE o FAE 7 £
= AU E(Precision)E 9Jvlstd, 2y ¢ 24 T 2d S A9 v&E gt o E EW <Fig
5> x%2| A =K(Stopped vehicle)Z ZHATEF A A)(0.04+0.72+0.02+0.08+0.14=1) F ZHo] HAZ o =3+ 24
0.72)9] BI&o] Azt AA e AYUErL Ack o2 o] AAgty 53 2 F AA hdd 3 A

H &2 AP E(Recall)©] 2} 3}H, <Fig. 5> yZ2] A 2H0.08+0.72+0.01+0.10=091)Z It A F AA =2}
2 a8 3 240.72)9) HlEo] APEo|t}h <Fig. 6> PRFAOE A Eo] F71e wjx HUE7

312 & ), £ 2d=E YrlHET E=§ <Fig 60 TAIE FA= B AU E(Average Precision: AP)S
ouste, Z+ AAe] HF JUEE H3HH mAP(mean Average Precision)”} Tt Hd AUE/} =5 o
AAE & &3 Z o2 AAsH, mAP T3 glo] =455 £2 HFo=E Hrid,

=~
of

o
1o

Confusion Matrix . Precision-Recall Curve

0.04 0.02 0.04

Crash

'g.g 08 \
k= 0.01 0.10 \
2% — Crash 0.904 \

Stopped vehicle 0.740 \
] — Debris 0.629 \
2 0.12 061 — Pperson 0.770

— Normal vehicle 0.804 \
= all classes 0.769 mAP@0.5

Predicted
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5

2 .17

& 0 04 \

T e “\

E2 003 008 078 | 057 \

2% |
0.2 \
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Crash S\::hp:%zd Debris Person \':‘:,:E;l Badg;mxi OAOO.U 02 02 06 Y .
True Recall
<Fig. 5> Confusion matrix for 5 objects <Fig. 6> PR curve for 5 objects

BN A3s Bd 570 AA 2T mdo] o2 AUert 70% o)4o s Uehda, wEAaLe] A9 oF 85%
of AUEE Hol= oz BAH YatEe A=t 710%2 78 WA UehsEt), o= YOLO ¢
gFol AA A717F AL v AA FEo] WolAE EAC o 210 R HRlth Bdo] AR o5 A¢e
AA AAE EAEA Fof SpEH S A oy RS AAFAAFORE A B9t 57%2 I
A Uebth ol olnA] W AgFo] e Al T A AY F E—FM% 2 BARZ A Aol A

fin)
I}
bri
e
k]
k)
N -
=

oA g abgFolehs SO Fobd wf BT AAFPAFOR HANY] WEo s
oEth <Fig. 65014 AAE HF AYEE BH uFE }zt 09042 7V A vebwtal, ARFPAF
0.804, B2} 0.770, 8=} 0.740, F3HE-2 0.629% 7Hd WA UEFE O 1, mAPE 0.769% LEFRTE 2 F AL
B AL 7P =4 YRt olf= B AA o BlE) o]mA] YellA 7|7} 2 397t Bon, g Ao
Hal SEREEF &, A A B0l W] W e ® Bt o]o) Hle| Y3lEe A9 HF AEEI}
w2 ol ouA] W AA e F7|7} AL Aol WS HRl AoRE HATh me AN F3 A=F A9}
A g AA o] EAo] viFlE Esta A4 T A7 B AUET #A4 vERd ol fr= 2hEE
HA ¥ AAE Tdo| B F3 A AAR QAste =2 Adgo] UEy] gEo® FgHT
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