—I—l

ATHE B3P QA TS 93
ByteTrack 7|4t T-FAA 57

Feustn AZE o Est

ByteTrack-Based Multi-Object Tracking
for Recognition of Pedestrian in Crosswalk

Yujin Roh, Yujin Lee, Sangmin Lee’

College of Software and Convergence, Kwangwoon University

According to traffic accident statistics, 42% of traffic accidents between 2017 and 2021 were crossing
accidents. To reduce these accidents, the research on the collision avoidance assistance for pedestrian
safety is in the spotlight in machine learning field. However, there are few studies to improve the
accuracy of recognizing the crossing multiple pedestrians and estimating the residual time to the
crossing. We here propose using hybrid approach combining Yolo-X and ByteTrack to obtain the
accurate detector of pedestrians. We gathered the actual data set of the pedestrian crossing for the
accurate multi-pedestrian tracking model. The proposed approach can detect and track the crossing
pedestrians in real time. Furthermore, we can estimate the pedestrian’s walking direction, speed,
acceleration, and distance to the crosswalk for inferring the motion of pedestrians entering the
crosswalk. The experimental results present that the proposed approach outperforms the alternatives

in terms of tracking accuracy and computation cost.
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Aol g EFAI2H
A et al, 2021; ¥ m 2k 2142, 2020; ¢
HAZ 5Md B4 Bad =W 20179 58 202137}

o]x] et at., 2018). WEALIL A A 2l o) A wEFH
A AA 2 A 7ol LEALL 2096167 F FT F B FEAL AL 87,7860 02 42% S AHA| g
TH(Traffic Accident Analysis System., 2021). Z15 A3+ 7+ 3,385W, F-4AF 75 90,045 0.2 I &

<l Beto] tisl] o8 F A= FEHWA K Z(collision avoidance assistance: CAA) Al 2:glo] #gk A
7F dastty olgdt HAALE WAEHY] flal Aol ThfE A Eo] BREI ow, CAA A2=H
of &gt A7 A M dth(Akhauri et al., 2020; Althoff et al., 2009; Cho et al., 2019; Chu
et al., 2012; Grigorescu et al., 2020; Noh and Han, 2014; Park et al., 2018; Shalev-Shwartz et al., 2016).
H 4B e AEFH AEAtol A= ol2ldk CAA A2=Flo] IAFZ ol st AlA, # o]t (radio
detection and ranging: RADAR) 4l4], 2to]Th(light detection and ranging: LIDAR) A4 5& ©]&3}iL

. SHAI T RADAR= #H& A7]9) =4 2’0l o391, =3 LIDARE 972 S40] oldt= 4
22 A THLee et al, 2021; Jin et al, 2018). B-& CAA A 2®e] wdo| % 2781 RADAR, LIDAR Al
Aloll EZQ Aol Jv= CAA A2 F AlA e EAHS 7HAA "k o] 2A8E sidstr] sl

=l E 2 2719 A4 A8 FHAR] AF A A9 shet A E o] &t e AA

- '](Il’lultl object tracking: MOT) 7|Rto. &2 F FAH S fAsta=t ot

2 =S JPRES JPRE IS HYPAE GAsA 1) et = bF EPAE A&t A4 st

1,2) tF B3 T DR E7A 9 o NS FASE dagES NI SR
T 7HA ZAE EoloF wAE FFeA HA7] HolEAY RADAR AlA ARZEA| ol Fo ] B

Ao it QA &S Y T ATh 53], AYE 45E =ol7] AsA At 7IHS AA &A Fw A
A F2 FZol ojx 7}% Aol A U2 F /A A 7S 283t J9EE A e B2
crosswalk detection network) 22 (Zhang Z, et al., 2022)& &-&3}a1, <l
= oiL@] —ir 3l7] 913 MOTell £3}% ByteTrack(Zhang Y, et al., 2021)< 3h5AlA
g F2 28AE FAEH. A, 7heZ AR FRE HolEd FI Hol
g Fol shaetr] flel dAgsta MOT ¢ag]+<] ByteTracke &3 RPAE F4
ot =A, Eﬁﬂz}al AP, £5, 7H4E, BPzte} szggic 7 A2 AT 2AE S o]
A mazte] AAtge] YRREE Fobx, YUREAR B ALls} A% 250 /HEws} Bad
A grethd A b5l Sl HART FHDG. o) F BAN HAA F 4E VA Yoo
FRYAE AT F AT ADA) 20 S8 WY} JAEA9l SHADE
2ol AdsHe YN L Fol HUAe] YVRE AYARE 43T 4 dow, ot Iu F A
B 9] BEAT WEE A9 O8] M FEo] AEIE AEFD CAA AWl Au]

%ol Hele} ARk
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Wl 718k, sl AL AT Azl tha 43t 1 ojelo] s} slw @k VA FOR 6ol HE 2
g5 AFaAel sl 7 &t
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2. YA+

Figure 1914 & 4 1% 2017378 202137k By A 5 2pFell o7 FEAaL7) vlsf eF 20,000
A7 dASa Aok =3, wid oF 150009 o]/de] AT F aF AMIAIRLE BFetal A h(Traffic
Accident Analysis System., 2021). o] & & W FALE Eo]7] fa] I U B e S + A
T ZTEWA B Z(collision avoidance assistance: CAA) Al 2=Hlol| &gt AF7} &ib3s] o] Fojxa lor,
CAA A|z=gle ApgFo] F2E o AlA HelHES TR Aste asAaet 2 S8 vdd
WA= S HZ3th(Akhauri et al, 2020; Althoff et al, 2009; Cho et al., 2019; Chu et al., 2012;
Grigorescu et al., 2020; Noh and Han, 2014; Park et al., 2018; Shalev-Shwartz et al., 2016).

30,001
a
25,00 25,000 .
20,000 2 Lt — —
500K 500K ~
~ : = ——
00X X
o - I I
2017 2018 2019 2020 2021 2017 1¢ ) ¥, )

——— 25,381 18,390 18,101 13,147 12,767 =

(a) Statistics of crosswalk traffic accidents for the (b) Statistics of crossing accidents and casualties

last five years in the last years

Figure 1. Statistics of traffic accidents in South Korea between 2017 and 2021
(Traffic Accident Analysis System, 2022)

HIoe ARV 23 AAEY AUET} —'—’!'-71] FEAeH, g AA HolHE &8st 7s
o] Be #AS B ok EF o] HolHES A& 0E B4 B AHYsty] A8 vdd JdFAF

71eE°] AT5HA At (Almalioglu et al., 2022; Al—QlZeru et al., 2017; Farag et al.,, 2018; Kwon et al.,
2021; Li et al., 2021; Okuyama et al., 2018; Pak A et al., 2022; Prabhakar et al., 2017). 3], o]7]A] ©]o]
Elol| 535 4 #4174 D (convolution neural networks: CNNs)> IAMY FFE Ao o= U3
o, 4, A&Fd T HofdA FEHAE AHAE Holal th(He et al, 2016; Krizhevsky et al.,
2017; LeCun et al., 1998; Simonyan et al., 2014; Szegedy et al., 2015). CNNs 7|5t o= =] Q12| F-ofej A
+ T (classification), 72AH &% (object segmentation), 2| EA|(object detection), Th& A F2 (multi
object tracking: MOT) 522 :nlv‘i'—%E]-(Girshick, 2014; Redmon et al.,, 2016). ©] 5 CAA Al2=®H& X33
A-&F8 AFa 7lEAME F2 MOTE &83 d77F 18 Foloh.

MOT+= &9 AAGA B AAEDH FA A48tz st A7 F2 o= B2 o =4
A (frame) o A EA A AA e} FY AAJNA AFRE ?_’—\1‘3]-*‘:— F38 7les AAgY. HIMAE MOTE
Fstr] g we dugFEe MEHI Jed, HEE dA#G Bu 2 g@Xdxet A2zt
(tracklet) & A3t T AAE FHH It AAFHY FIEE =ol7] fsixes =¥ 2 ==
(brightness and contrast) M3} &4 2] A 3t F3 (occlusion)® A Y AHA| F3 (self-occlusion) ¥ &= 7 -¢-

Al

7F R Ao thg A A ¥t (bounding box) F8 0] AH YA = EA & NEAT 27 AH(Bochinski
et al., 2017, Wang et al., 2020; Xu et al., 2022; Zeng et al., 2021; Zhanget al., 2021).

H AFE ByteTracke 7]1& MOT &ag|FollA TAstE 7HR EA4Y AANAE AASE A
£ tracklete] $AH S BEao] B AANART op 2} we AAN AT Adsto] AAF 2Hes B
Ho 2 43 th(Zhang Y, et al,, 2021). Tracklet= A 2] ID & FA 3= Tale #Fe Tl 4
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£ 9" gt} ByteTrack< YOLO(You Only Look Once) 71%+2] YOLO-X o€ A& A3t YOLO
AE FHsE AeAS dads shutolth YOLO o] 9 AAEA dag]ES £/ A
3}(localization)®] F+ 7FA ¥4& ¢AH o= Q.L{?f?]'ﬂ o Zofl 8t H(convergence) =71 =¥ T
o] AATE YOLOE 71& ¢ elEEH 2 o F 7IA 4& FAldl X238l one-stage-detection <
At A AAGA 7 7hsskA et ek YOLO= F& &= WA wE AAZ A7t
a3k AEFPAA ZF 23 . YOLO+= YOLOv1, YOLOv2, YOLOv3, YOLOv4, 133l YOLOvVSE
5 . F 3 E =E2 YOLOv4, YOLOvSE o] 24918 anchor $1F2 2 3}7} 218 =9
7] W&ell, YukAel do] 938 "ol F kil #dEte A YOLOv3E YOLO-X9| Hlo] =& 4hgkth,

r-m

YOLO-X+= YOLOV3E 7Hte. 2 ARg3}A| T, head H-Eo| A& 71€ YOLOvV3S 28] decoupled head S
A8 THGe Z, et al, 2021). &/ A A2 3] F(bounding box regression)& A= & 54& Ztet
ERole edddd oloi(fully connected layer)7t E3#Z o] x5}, WhH o] xS 3}oll= convolution head”}
Ef”}ﬂ olty. webA 7]1E ATl A ©] 217 head & double-head W2 o2 W75t ERolls A

Z head, A9 s}to)= convolution headE A &0 ZH H5& FHAATE EFoE oI AAEZT
(binary cross entropy) <=4 % (loss function)& AH83tal #| 93}l = IoU(intersection over union) <4
GE AFESIY S Mgt A 2H, sld WA o] 7] coupled head WA BT} 85 7 &5V}
W2 31 AP(average precision)”} &% JAthal gtk ®3H, YOLOv3-ultralytics € 1l2]&2] 45 (AP: 44.3)
o YOLO-XQ] A5 (AP: 51.2)0] &4d Hes HoFEo

ol 2o 27 S J8l] AAZ FddRE AE g Fol digh A7 =3 @33 IP= tH(Chen
et al., 2019; Uddin and Shioyama., 2005; Zhang Z, et al., 2022). 3 A|FH CDNet(crosswalk detection
network)> AbE 2kl 7k gt Al A€} Jetson nano deviceE F25hal, Fhvlet AlA ZEE 3 E dolHE
Jetson nano devicedll Al AAZFO R AGRTE HE37] g ZHUYIE AU H(Zhang Z, et al,
2022). CDNet2> AAZF AR E HAEE 93] YOLOvS 2dE 7|Hto 2 AA| 71484 (75, &, v, ¢
A A 22 AA B33 AlvgedA A&str] Qs ok dHoly $4 ol A EHIA
CDNet2 Jetson nano deveicedl A% 33.1 fpsE 8] £%7} W23 F1 score 94.83% %] =2 45 24

BATANE 2BA U 5 2YA I 50l AGRAAN TAR AL A4A 0N, Y
@ A7t AYH D Yok AT BAA AET} Y YVRE EE ©ed By IW 478 FH5
C a7el LA, ot FUAUClY HEA ATl Y AS A0l ARST Bdl G FFE of
Zalt AL AT AVREAA Sdeli Ae @] ogy] @] Ao RAARTY WA g
@A BB B7] ojYLh ol WE BEL WASHE AUt Bk A2 Aol $AN BYAT} 3

3 A

A7 Ry A5 Fek AASA S
FAGERENA AN E BHPAS <
(Hashimoto et al., 2015).

5 I
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B =FdAe A& EAo BFail AAT HEE A&l YOLOE £ 29 (backbone)E A&
&= ByteTrack® CDNetS #g3le] T Q1o Baz &2 9 g o= A7E JAYsint. It
HE AZd = CDNet Edd Z/Eo A= ]’FX](Welght)E ggsgon, Rz AEL 3
ByteTrack ¢118]& < 5A1Fth CDNet¥ ByteTrack®] =¥ Zk(output) 5= ol &3l FdRE 19 B
A B2 g A oS AT Y-S Ak
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Step 2

Acceleration

Direction

Distance
From crosswalk

Speed

3FoME FdEE QI B &x oA dagFel sl &g Adtetes LSS
Figure 2%} o] =23}& 4 §) 2 7AET AA, 7zt A 2EY s E dHolEd
Z HolHE JIEA T dagEol € AEF A st HAolth. A 2] 7] (pre-processor) ]
R R L?J_ ojH|A R YHEIL o]uA] Fx % Jﬂ(lmage enhancement) & ¥T}. ©] & ByteTracks 53l
HA dAlANAE F88 B AAE A W, £, 7HEE,

f

= > o
B rr of rlo

~—
<

3 WA dANAE AFA T dagFol Ayl A deoleE dA 3. doly dArde §
BAE T (frame) GHE FEt T oA R TETL, o]H] A ] B (brightness)$} T Bl (contrast
A 3}(sharpening) 52 HE & AA EAS FE3T} ByteTracks T3l AAZICE HYPAE FH gl
ByteTrack &ile]l&ol EPAE <5 (fine-tuning)dt At HE3H ByteTrack €ael&o 4% d545<S
gtRet7] 943l H o8 F7(data augmentation) 71 & A 83t FFHOlHE FASIATE olH| Ao Tigh
Hole 57 Al #-$-HEAd (horizontal flip), 3] % (rotation), ©]%&(translation) &2 A ©tlo]gele] o]AA

v
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(heterogeneity)o] 22 F7 7|WHwE& AHESEATH
7 ZE S 29 307 PR 7P of, 4 ByteTracke. = &3 B3 2}+2] bounding box &
HE FAH o]F W 5l Lo tid A& LS 9 271 = fF AR ol R A 2

O] f+z-% }‘IBE ‘:_l_]:}-

;(ﬂ,ﬁ) 3 (x1,y1) (x33)
O, 9y
(xdyd)  (x2,2) (x656)  (xd¥4)
(@) An example schematically illustrating a (b) An example illustrating a method of
method of the proposed system. It detects estimating the remaining time until the

crosswalks (red box) and navigates pedestrains Eedestrlans arrive at a crosswalk. The speed of
towards crosswalks (yellow box). Additionally, the pedestrian and the remainin g time of arrival
the proposed system performs object tracking on at the crosswalk are estimate according to
a frame-by-frame basis to identify movement for Equations (1) to (

the pedestrian.

Figure 3. Scenarios of the proposed system to detect the crosswalk, track the pedestrians, and estimate

the remaining time to the crosswalk.

T oA dACAE Rl £x JiEs, AN, ok ¢ AYE A4t Figure 32
A A SACA BAG Ao & =433 Ao|th Figure 3 (a)¢] 7HE -5l e BAMEE A
AR Z oA FAE BPAeln, #Z FAdAE F HA ZH oA EAE BIPAE | gt

Figure 3 (b)e] ZAM2e F HA ZH oA &AE BA(F-F)ok Al HA Zd JolA &FAd 23
(FH=)E EA Aotk

H3zke] JYWF, £5, 7hEE, olF A, DR Ee} Bt 2k} AYE Al4tstry] ¢l AAH 22
FHEE o] &30 Figure 3 ()5 AE €9, 3 HA ZH Yol BPA AAN2=S HARE (r,y,),
(29, 9,) 2 71, BPA7F 22 thg Zd oA HAEE (23, 93), (2 9,)T2L 73T o)W, B}
o AW, HE(s,), LI © (dy)= A4 2 1)~@)H* 2o olsAd= FEdt Ad
(Euclidean distance)E ©]-&3tH, £ 5+ o] &7 2]E AlXt(frame per second: fps)o.& U0 Attt

oft
N
B

LEFT (23— 2, <0)

__ |RIGHT (x5 =2, >0)

v,= { FORWARD (y35—y,>0) and (y, —y, <0) (1)
BACKWARD(y; —y; <0) and(y, —y, > 0)
STOP (23— 2, <€) and (y;—y, <€)

dzz\/<x3_1’1>2+(ﬁl/3_y1>2 (2)
dy

Sy = T 3)
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A @ () BH o2 Figure 3 () RAA o)A @ HEE @), ()7 2ol =T 5 Uk

A ook 2 (6)~(8)F 2t olw, f= ZHAUS WS, x4, via T A Bl
Iz Yol Ao FHZd(left-up), $-Z38H(right-down)oll A 2] 9t yFEE o3t

df:\/(x(f.lu)_x(ffl,lu))z—’—(y(f.lu)_y(ffl.lu))z (f=1) (6)
L=y
Sf = di—d; (7)
. (f=2)
_ |8y f<2)
afi Sffsffl(f > 3) (8)

2] oz HPA7} AdrR T =2317]71R| 2] 7k A7 (remaining time)
o B diy e BEEES} B A o] Az Ao 4 Q) FAHE cAF ol F
=, d& £ r=30(frame)°ll A 180 JARF o] 5PN, 5=

= sHee FEL F vk AYEE, B YA ZHH of&i}_
WA 8] AdR] dyoll st AN £, 2 A 92 B dE S0, AIRE W 180 ATF ol 57

S WVBEIA 360 ol Fe AP, AlATEE 20 oy,

d(s.cp)

Hrep) = fp X fps (f=1) ©)
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AFA T dagFs FFA717] AsliAe 285 T28E A2l %X (graphics processing unit: GPU)
ot & AFolA = 3FNA ALT JIEA S LagF 5<S f8 GPUE TITAN XpEe A3t
i, &ZE9| o]+ python 3.8.13, openCV 4.6.0.66, torch 1.12.15 A}-&3}3th.

ByteTrack ¢8| &< 5A1717] 218 do]EA S 2 MOT17, MOT20, ETHZE ©]-§-3}% tH(Dendorfer.,
2020; Ess et al., 2018; Milan., 2016). 313 to|E &2 Bt} #HAS HHolEE o8 7lHIZES &
e (segmentation)3t A} &4 (detection), 4 (tracking)st= 2 HIEE o} Ho]HA F 50,4267%2]
ojm|xjolH, |4 = 640x480~1920x1080, 12| A fpsi= 14~302 o] Fo Jth. @A dHolElAl F 43,311
&S & (train) HIoJHA S E, 711545 7 5 (validation) HoJEJM S 2 A-8-3}5 T

T, B =TolA AT FaRE Tl By HEI B FejE ALter] Hs) FrrH s
pedestrian datasets AF&-3} % Th(Meschke., 2017). pedestrian dataset TR % (crosswalk), AHAE
(fourway), HF(night)oll I3 3702 T2 AT 3l == 1920x1080°]1 ™, 30 fpsZ o] Fo1 A 3
o 3] HAEVE ol &8t TG vlolHE ATRE 3784, AAE 1,659%, LElal ¥ 5657 B
ojm A 2 Wt ARSI

Figure 5. Sample frames of tracking people in MOT20 dataset

Figure 6. Sample frames in Pedestrian dataset
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42

oX,
or

37}

1) 45A

ar

L

2 =FdAe Aes H/E A% F2 ASAREEZ MOTA(multi-object tracking accuracy)<}
IDF1(identification F1 score), 18] 3L IDs(ID switches)E AFH8-3l3TH MOTA+ Bernardin K et al(2006)°]

MOT <atg]Fol el Ze=E SAs7] A8 At dsAxolth MOTAS] 42 (10)3 2T 2 (10)°

At AREE ek, me AX SR E3E AA Y FE YR fpS mmes FHS AAE T BFX
ke AL ofnstm Z+z; 9 A (false positive: FP)# 934 (false negative: FN)oll 3l @sl= 7 4E oW
gt gv EAEkE e A9 AFE ordh
Y (m,+ b, + mme,)
MOTA=1—— (10)
th
t
IDF1& MOT €ag]&e] 438t Q+ ID7F AE T (ground truth)? dwiit 21‘3]-—‘:— A5 HB7tat7]
A AFZZ D Wi F1 Aotk IDF1S 4 (13)3 2ov, DR IDP= 27 Do) U3 A3 &
(identification recall)¥ ' = (identification precision)® 2] (11), (12)¢} 2t
_ IDTP
PR = Ih7p+ IDFN ()
_ IDTP
PP = IDTP+ IDFP (12)
B 2IDTP
IPEL = 5 IDTP+ IDFP+ IDFN (13)
IDs= &AIZE Aol AA] AA o &dEo] = ID7F & As gt 11 9 RrhER] AsARE

MT(number of mostly tracked trajectories), ML(number of mostly lost trajectories), FP, 123l FN< A}
&3t AsS Brkskth

<Table 1> Performance evaluation of ByteTrack regarding MOT17 and MOT20 datasets. The

experiments were conducted on ByteTrack without additional training phase.

Dataset (N) MOTA T IDF1 T IDs| MT T ML FP| FN |
MOT17 (2,652) 75.3% 77.1% 134 186 55 2,101 11,093
MOT20 (4,463) 63.5% 66.2% 1,320 642 201 65,462 157,580

ByteTrack ¥12]& 9
MOT20 dlo]El Al A&

o] =
AN

= o

AES Frslr] Yall s5EA ES MOT17¢ MOT202] HlolE & o] 833t
A% Brt A= obg <Table 1>3 2t MOT17904+ MOTAVF 753% 2 7 =& A% S BFo}

EF

2 635%° A%
= 53,8907 2 MOT209] 615,137709 Hl&) @A 3] &7 o &
AA7F B4 E3E o] o] MOT173 Hla
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<Table 2> Performance evaluation of Pedestrian dataset

in terms of detection and tracking accuracy.

Dataset (N) MOTA T IDF1 T IDs | MT T ML | FP| FN|
Crosswalk (378) 100.0% 100.0% 0 1 0 0 0
Fourway (1,659) 90.9% 28.8% 5 1 0 52 59

Night (565) 49.9% 55.5% 2 0 0 13 268

Overall (2,224) 82.1% 47.3% 7 2 0 65 327

<Table 2>+ Pedestrian datasetoll A9 A5 H7} Aoty A& Ql(overall) 452 MOTAZ} 821% %
Zrzyo] gl olEJ Aol A 100%, 90.9%, 49.9% 2] A& HIth o] 5 ¥l siFste vlolEAlL A7 & 1
o] A &= olH A EFo g sl FNo|] F71et dilH o g e FeS Btk Figure 7+ MOT &iL
gjFol BAR AAM 2} AgaS 1902 YEhd Zolth 54 AAM A= Agdolr, g gA%
ZAA R, O3 w7 AdR T o Aot (T, oq7]A W7 objects FTHEE] gk CDNet¥}

e}
¢

FE 49E EUE HE #E7|3t3 T Figure 7 (a), (b)= B2 & (pred score)7} lEJI(SO o], 7 AHr 2~
= AgTy ol A% AP FAF F Yok L} Figure 7 (9 2ol BAHS7E LAY Figure 7
(AR olm A7 UF ofF& A5 GASA Xdhs A7 TSI

(a) Example of detecting crosswalk and a (b) Example of detecting multiple crossroads and

pedestrian a pedestrian

(c) Example of detecting a pedestrian in dark (d) Example of in-screen detection of insufficient

situations light, not even pedestrians

Figure 7. Examples of pedestrian detection and tracking results
Figure 8% Figure 9 Pedestrian dataset®] TR = HoJHA S o] &af & =FolA Altst= g
=9 A3E ALt a9 £718 ZAo|th Figure 82 1 Z#H ] ~ 8 Z#|Y71A 2 Ao, Figure 9=
Bt Fan o =2ste] A9 wj7h| (62 Z Y ~ 69 Z )] Aoty FA 2T HaYAE 2
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—k

Frame: 2
v LEFT s 1.41 a: 1.41
Tep: 4.20second

Frame:
v: STOP s: 0.00 a: 0.00
TCR 0.00second

Frame: 4
v LEFT s: 0.59 a: —0.23
Tep: 2.06second

Frame: 3
v LEFT s: 0.82 a —0.59
Tep: 2.63second

Frame: &
v: LEFT s: 0.61 a: 0.43
Tep: 1.56second

Frame: 5
v: LEFT s: 017 a: —0.42
Tep: 1.91second

Frame: 7
v: LEFT s: 0.44 a: —0.16
Tcp: 1.?459(;:;&_[:!

Frame: 8
v LEFT s: 1.75 a: 1.30
Tep: 3.8/second

s

Figure 8. Examples of tracking a pedestrian at crosswalks and estimating the remaining time
through eight sequential frames(1-8) (direction: v, speed: s, acceleration: a, remaining time until

arrival at crosswalk: Tcp, status: crossing)
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Frame: B2
v: LEFT 5: 0,93 a: 0.93
Tep: 0.57second -

Frame: B3
v LEFT g 0.24 a —0.69
Tep: 0.81second -

W
Y-

Frame: B3
v LEFT s: 0.24 o —0.69
Tep: 0.81second -

Frame: &5
Crossing

Frame: B8
Crossing

Frame: &7
Crossing

Frame: B8
Crossing

Frame: B9
Crossing

Figure 9. Examples of tracking a pedestrian at crosswalks and estimating the remaining time
through eight sequential frames(62-69) (direction: v, speed: s, acceleration: a, remaining time until

arrival at crosswalk: Tcp, status: crossing)
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Figure 11. An example of deteting the ID#1 pedestrian approaching the crosswalk (direction: v,

speed: s, acceleration: a, time remaining until arrival at crosswalk: Tcp, status: crossing)
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Figure 12. An example of detecting multiple pedestrians approaching a crosswalk (direction: v,

speed: s, acceleration: a, time remaining until arrival at crosswalk: Tcp, status: crossing)
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Figure 13. An example of detecting the ID#11 pedestrian running into a crosswalk (direction: v,

speed: s, acceleration: a, time remaining until arrival at crosswalk: Tcp, status: crossing)
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Figure 14. Experimental results of estimating the time the pedestrian arrives at the crosswalk
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