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Cynajaraanbl YHAICJIAJI

.
-

o I3JIXuiH Ipyya Mb>HauitH

balryysuiarsia (A9MBb)
MIIIJICHIIP [AIIXUN Jasiap KUl
oyp 13 cas rapyid XxyH 3am
TIIBPUHH OCJIBIH YJIMAaac HAc 0apxk
Oaiina.

c3aM TIIBPUHUH OCOJ Hb HAaC
O0apaJTbiH IXHUMN HaliMaH
HIAJITTAAHBI HAT IOM.

o TYYHWI3H 3aM TI3BPMHH OCJIbIH
AUHJIIHX Hb aHxaapaJ
CAPHHUYJICAHAAC YYAIJITII.




Cynaaracan oaiaaJa

Data-Driven ereraeJia cyypujcaH apryya:
duznonoruitH y3yymdaTyya (KAMM3I0311, 3ypxHauid noxuit, EEG) acBan

JKOJIOOHBI XYpZl MAIPArd, XypAarrail X3MXKUATY, THPOCKOI X MAT TI3BPUUH
X3PArCIAUKUH MOBAPITYUUAT  AIIMIVIAH KOJIOOAO0X YE€I aHxaapajl CapHUYIIXK
Oaliraar MITIAX €p OyChIH XOA0JITOOHUNT HIPYYJIdX.

Bu3syaJj ererae/ CyypujicaH apryyau:

TexHuK XaHraMXWJ CYypWJICAH apryyl Hb HX3BWIOH KOJOOYMUH XapaaHbl
aHXaapJIbIT TOAOPXOMIJIOXBIH TYJIJI HOMDJIT TOXOOPOMK AIUTIIAIAT.

T'aoaao mepxeo cyypuncan ap2yyo0 Hb HCOT00UUUH HOXUOS O0AUOIBIZ
UIPYYAIXUUH MYTI0 HYYPHUIL OHUJIOZHIZ AUIU2TIA0a2.



Cymiaaracan oamaan

Choi et al: Deep learning-based gaze mapping:
Gaze mapping = HAAR-Face Detection + MOSSE tracker

A
t
N
&

I. H. Choi, S. K. Hong and Y. G. Kim, “Real-time categorization of driver’s gaze zone using the deep learning techniques,” in Proceedings of the International Conference
on Big Data and Smart Computing, 143-148 .




Cymiaaracan oamaan

Naqgvi et al: Deep learning-based gaze detection system using a NIR camera sensor:

Six NIR LEDs

of 850nm USB Camera with

NIR band pass filter
a4

Gaze detection system in Captured images when the driver
vehicle environment looked at 17 gaze zone

R. Naqvi, M. Arsalan, G. Batchuluun, H. Yoon and K. Park, “Deep learning-based gaze detection system for automobile drivers using a NIR camera sensor,”
Sensors, vol. 18, no. 2, p. 456




Cynaaracan 0auaadn

Lee et al: Real-time gaze estimator based on head orientation for collision warning system:

S. J. Lee, J. Jo, H. G. Jung, K. R. Park and J. Kim, “Real-time gaze estimator based on driver’s head orientation for forward collision warning system,” IEEE Transactions on
Intelligent Transportation Systems, vol. 12, no. 1, pp. 254-267




CynaJjraansl 30puJiro

* BUaHUU cyrajaraa Hb HAMIT TOXOOPOMIKIYH, HYYPHUH ragaaa Tepx Oauaana
CYYPHMJICAH OHAOP HAPUUBUWIAJTANraap KOJOOYUHWH aAHXAapaJ CAPHUJITHUT
WIIPYYJIIX 30PUIITOTOH.

* Cypajraanbl XYpP33HA:

*  Tonzoun oaiipnan 6010H HYOHUIL XAPYBIZ XOCIYVIAH WUHIC YAHAPM CYYPUILCAH apad.

*  Cypzanmuin 0yc 6202001 033p 4 HapuueyuLan oyypaxzyiu oaux.




CanaJ 0ourosk Oyin apra:
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Canau 00J1rok Oy CUCTEM Hb Japaax 2 MOAYJITAM:
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Canaua 0oJaro:x 0yi apra:

Driver’s distraction detection module (DDD):

Fig. 3: Predeflned 15 gaze regions
Output vector (9)

Pedestrian .

detection Detected gaze regions

Py
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Fig. 2: Overview of DDD module




Canau 0oJro:xx Oyu apra:
Gaze mapping -a face generalization apra amuriax:

Video acquisitions:

COOAU D30
Dash camera
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CanaJ 0osrox Oyu apra:

2. XapuHbl YU TOAOPOiiaox: JJoMailHa JacaH 30XMIOX apra

Video acquisitions:

COOAU D30
Dash camera

Face bounding m
box & crop Face

unage

Full appearance with envmonment

 Pre-processing step: y

JloMmaiiHa JacaH 30XMIIOX apra aumMIjiax sKoJ00YUHH

1. Pre-training process:

Feature
extraction
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CanaJ 0osrox Oyu apra:

SBran 30p4yurd WRpyyInx:

by siBran 30puurd WispyyJIsxaim,
1. The Lucas-Kanade dense method
2. YOLOV4 model

Detected
position (X,y)

Pedestrian

Front-view camera

Determine
detected region

2

Detected
gaze region



CanaJ 00Js1rosx 0ym apra:

7K0/1004MiTH aHXaapaJl CAPHUWIT WIIPYYJIIX MOAY.JI:

1
Safe State:
2 . -
3 Evaluation of the D . 9 PedeStrlan
tates of th river's gaze I 1
;B 58 == region
14 driver reg |On
\Driver monitoring camera 15 1.Safe
2.Risky
Pedestrian detection procedure: Predicted regions 2.Distracted
1
2
Pedestrian 3
detection -
8 Driver’s gaze wmm  cdestrian
Front-View camera - ] 1 1
| region neighbor region

List_of_neighbor[]:= Neighboring gaze regions

l
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A stracted State
No " Pedestrian detected 1\\.\‘“ Yes P e d eSt rian
N region == driver’s gaze P o ) -
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T T~ T~ _— —t region And
Yes — SAmE region as T~ . State:=Safe . .
l_<’:f pedestrian detfcted was T No _ N el g h bo r reg 10NS
~_ found in _—
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State:=Risky a"‘wxh//f’ State:=Distracted

Fig 13. Flowchart of evaluation of the distraction level of the driver 13




B ... —————————————
CanaJ 0osrox Oyu apra:

Pedestrian safety module:

Detected
position - o Safe
T (x, ) S <
ol Pedestrian distance S » 1.Safe 25m hisisl
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Fig 18. Flowchart of evaluation of risk level of pedestrian _ _ _
Fig 17. Road sections by risk levels

» D. Geronimo, A. Sappa, D. Ponsa and A. Lopez, “2d—-3d-based on-board pedestrian detection system,” Computer Vision and Image Understanding, vol. 114, no. 5, pp. 583-595.




TypumiuarsiH yp AYH &
OroIVINMH CaH




Typummar yp ayH:

COMPUTER PERFORMANCE

- CPU: INTEL core 17

d GPU: GeForce 3080

J RAM: 8GB

USED TECHNOLOGY

1 OS: Ubuntu 22.04

2 Programming Language: Python 3.6
USED CAMREA

- COOAU-D30-1080P Dual-Dash-camera




Typummar yp ayH:

Evaluation metrics:

SCER: Strictly correct estimation rate (%)
LCER: Loosely correct estimation rate (%)

Number Of Strictly Corrected Frames (GT)

SCER =
Total Number Of Frames

Strictly Correct Frame: A frame is considered strictly correct if the estimated gaze
region is precisely equal to the ground truth gaze region.

Number Of Frames With Estimated Region In (GT U N)

LCER =
¢ Total Number Of Frames

GT : Ground truth gaze region
N : The set of neighboring regions.

Loosely Correct Frame: A frame is considered loosely correct if the estimated gaze
region is placed within the ground truth gaze region or in one of the neighboring
regions.



Typummar yp ayH:

AIIMIVICAH OTOIIJIMIH CAHTYY:

1. Driver’s Gaze Mapping (DGM) dataset:

O 2 xamepbIH Oaitpian, 15 XapiHsl
quUIII Oyxui 26625 3yparrai.

O MamuH KabuH 10TOP, K0JI00 0apbK
Oaitx yeuiH.

2. Columbia gaze dataset CAVE-DB:
O 56 opostorubia 5880 3ypar

0 105 xapiHbl YU O TOJTONH
Oaitpnanraii, 6alipnan Oyp 21 xapunsl
YUTIITIU.

Fig.7: Kamepbin oaiipaaayyna: (1) qyHm TOdUHBI
100D, (2) 5K0JI00UBIH YPJ CaJIXHUH LIKUIYH 33D




Typummar yp ayH:

1. DGM Dataset: Kamepbin O0aiipaaJ 1

15 xaprasl unrman Oyxuit 12,425 3ypartai.
1 Mamun kabuH 10TOp, K000 Oapbk OalX YeHiiH.

Fig.8: Predefined 15 gaze regions using Camera position 1




Typummar yp ayH:

1. DGM Dataset: Kamepbin O0aiipJaJ 2

15 xaprasl unrman oyxuit 14,200 3ypartaii.
1 Mamun kabuH 10TOp, K000 Oapbk OalX YeHiiH.

{16

14
- Faan,

it

Fig.9: Predefined 15 gaze regions using Camera position 2




Typummar yp ayH:

2. Cave-DB =321 erernjiviid caH

56 opoamorunin 5880 3ypar
J 105 xapunbI YU 5 TOJTOHH OaiipaanTaii,

OaiipJaJj Oyp 21 xapuHbI YUIJITI. Fig 10. Chosen 13 gaze direction images considering the
driver’s gaze in the car environment.

7 4 1
Fig 11. Eye gaze and head pose images selected from CAVE-DB

* B. A. Smith, Q. Yin, S. K. Feiner and S. K. Nayar, “Gaze locking: Passive eye contact detection for human-object interaction,” in Proc. 26th ACM Symp.
User Interface Softw. Technol, 271-280




Typummar yp ayH:

XapuHbI YUV TOAOPOI0X: JIoMaliH/I JacaH 30XMII0X apra

DGM-2
Same driver, dlfferent environment
(DGM dataset using camera position 2)
DGM-1
DG\l dataset
(using camera position 1)
CAVE-DB

Different driver and different environment
(Cave-DB)

Fig 12. Prepared datasets and domain adaptation versions

TABLE VII. Amount of datasets used in domain adaptation versions

Source (images / labels) | Target (images / labels) | Test (images / labels)

DGM 1 to DGM-2 12285/13 3900/13 1300/ 13

DGM-1 to DGM -1 12285/ 13 3900/ 13 1300/ 13
different driver

DGM-1 to Cave-DB 12285/ 13 3900/ 13 1300/ 13




Typummiar yp ayH:

Kamepuiin yxaajar roxupyyJara: UnNseen ezezoen 033px mypuiuim

Gaze Mapping

System

Trained on DGM Predicted

region

‘ f" 1

5-p 3ypar. Kamepbin ToxupyyJara xuix 0yC4nJIcIH TOHM

TABLE VI. PERFORMANCE RESULTS ON CAVE-DB DATASET

No Strategies DGM dataset Cave-DB dataset
Domain adaptation method W/O camera

1 calibration 92.80% 80.4%
Domain adaptation method WITH

2 camera calibration 92.85% 85 . 6%




Typummar yp ayH:

XapuHbI YU TOAOPOMJIOX: JloMallH/a JacaH 30XMII0X apra

SCER: Strictly correct estimation rate (%)
LLCER: Loosely correct estimation rate (%)

TABLE VIII. Performance results on domain adaptation versions

MNe | Training versions Full image Face image
SCER LCER SCER LCER
1 DGM-1 to DGM-2 85.00% 98.80% 94.85% t 99.23%
DGM-1 to DGM-1
0} (0) - -
2 (diff driver) 88.76% 96.23%
3 DGM-1 to Cave-DB 81.38% 96.69% 93.53% f 98.90%




Typummar yp ayH:

SCER: Strictly correct estimation rate (%)
LCER: Loosely correct estimation rate (%)

Table XI. Comparison of the Existing Studies on Cave-DB

Accuracy /%/

Ne Methods

SCER LCER
1 | Choi et al. (Study-1 using AlexNet CNN model) 53.1% 88.7%
2 | Naqvi et al. (Study-2 using VGG CNN model) 77.7% 96.3%
3 | Lee et al. (Study-3 using MOSSE tracker) 44.0% 85.1%
4 | Gaze mapping using Strategy using triple features 80.4% 98.3%
5 | OpenFace with SVM Strategy using quadruple features 85.6% 98.7%
6 | Gaze mapping using Strategy using full appearance 81.3% 96.6%

Domain adaptation _ _ o o
7 | method Strategy using face image 93.5% 98.9%
1. |. H. Choi, S. K. Hong and Y. G. Kim, “Real-time categorization of driver s gaze zone using the deep learning techniques,” in Proceedings

of the International Conference on Big Data and Smart Computing, 143-148 .

2. R.Naqgvi, M. Arsalan, G. Batchuluun, H. Yoon and K. Park, “Deep learning-based gaze detection system for automobile drivers using a NIR
camera sensor,” Sensors, vol. 18, no. 2, p. 456

3. S.J. Lee, J. Jo, H. G. Jung, K. R. Park and J. Kim, “Real-time gaze estimator based on drivers head orientation for forward collision
warning system, ” IEEE Transactions on Intelligent Transportation Systems, vol. 12, no. 1, pp. 254-267



Typummar yp ayH:

A. City center road

TABLE XIIl. EVALUATION OF PEDESTRIAN SAFETY MODULE ON
ROAD VIDEO WITH DIFFERENT ENVIRONMENT

Accurate
Recognition Rate

Recognition Rate :
(%) of the lane line (%) ol pedestr_lqn
distance & position

96.07% 94.24%
98.45% 80.97%
e . 92.85% 84.15%

C. Blurred or no lane line road ‘ 95.79% 86.45%

Fig. 16: Evaluation scenes of the combination of gaze

B. Suburban road
Accurate




JlyraaJr:

DHIXYY OryYJIdJA OUJ KOJTO0UHITH aHXaapaJj CAPHUJIT 00JIOH IBIraH 30PYUTIMIH Al0YyJAryd 0anajibIir
YHRJIIXI/I YMIVIACOH, 3apAaJl 0araTta MIMHI TOPJIMHH KOJOOUYHHUT J3MKUX yxaauaar cucrem (KLY C)-
UUT TAHWINYYJL1aa.

7K0/1004UiiH aHXAAPJIbIH TYBIIMHI TOAOPXOMJIOX MOAYJb Hb aHXAapaJj TOBJOPOJTHIH 3yparjiaj
00JI0H HYYPHHMH OHILIOT IIMHKUUT ALIUIJIAH XOEP 66p cTpaTeru A33p TYPUIIMUIICAH 00re6/ crpareru
B up 88.76% (Strictly Correct Estimation Rate, SCER), 96.07% (Loosely Correct Estimation Rate,

LCER)-niiH HapuiiBWwIaJ a XYpc3H Hb TYC MOAYJb OHAOP YP AYHTIH aKM/JIaK Oaiiraar xapyyJnk
OaiiHa.

YyH33¢ ragHa Ouj SIBraH XYHUH awyJry OaujabIil TOAOPXOMJIOX MOAYJIMHUI CHUCTEM/l HII'TIIK,
3aMbIH HIYraM 0O0JIOH fIBraH XYHHUU 3ail, 0alpiaJjbIl YHIIIX 00JI0MAKTON 00Jr0oCcOH. TYpIIMJITBHIH YP
AYHA, D3H3 MOAYJb Hb 3aMbIH mIyram wipyymara 95.79%, saBran XyHud 3ail, Oaiipiaan
TogopxoijoaTon 86.45%-uiiH ayHAak HapuidBwiIaaTai axuiuiacaH. CucteMMidlH HaiiaBaprai
AKWJUIATAAH]] yXaajJar KaMepbIH TOXHMProo, 0alpjajbIl OHOBYTOW TOJIOBJOX Hb 4yXxaj a4
X0J100T0JITOM 00JI0X Hb CYAAJIraaraap ToA0pXou 00JICOH.
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