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ABSTRACT

This paper proposes a system that performs object detection and distance estimation for application
to autonomous vehicles. Object detection is performed by a network that adjusts the split grid to the
input image ratio using the characteristics of the recently actively used deep learning model YOLOv4,
and is trained to a custom dataset. The distance to the detected object is estimated using a bounding
box and homography. As a result of the experiment, the proposed method improved in overall
detection performance and processing speed close to real-time. Compared to the existing YOLOv4,
the total mAP of the proposed method increased by 4.03%. The accuracy of object recognition such
as pedestrians, vehicles, construction sites, and PE drums, which frequently occur when driving to
the city center, has been improved. The processing speed is approximately 55 FPS. The average of
(© 2022. The Korea Institute of the distance estimation error was 5.25m in the X coordinate and 0.97m in the Y coordinate.
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1. YOLOv4

YOLOE HHY Z# YUY =2l Darknetol| A Al &= CNN(Convolutlonal Neural Network) 7|5k A 212
YESFo|H ZHZZ Onestage detection 22 Q] AAZIOZ A HE0] 7[s3t=s & mdo|t)
(Redmon et al,, 2016). Thdt A2l B AF 2B AddsA /‘]'%3}: T 7|E A AE 2RI
I 24 YOLOE= ¢ #Ao] Sd= o] Slol #+x7 Atdsta AE £571 W Zlo] 54 o|th ‘YOLO' =+
+ ©]&<2 ‘You Only Look Once’?] ¢kxF2, o]m|2] HAE & W Erb= YOLOY T 2 E4& Jepd
ok o] classoll thdk WEFHQ ol E Fole AHV} Ut

Type Filters Size Output
Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x 128
Convolutional 32 1x1

1x| Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64x64
Convolutional 64 1x1

2x| Convolutional 128 3 x3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1 x1

8x| Convolutional 256 3 x3

Residual 32 x 32
Convolutional 512 3x3/2 16x 16
Convolutional 256 1 x1

8x| Convolutional 512 3 x3

a5 gl 0 gt

Residual 16 x 16
R P Convolutional 1024 3x3/2 8x8

Convolutional 512 1 x1

<Fig. 1> Process model of the YOLO object detection 4x| Convolutional 1024 3 x 3
Residual 8x8
Avgpool Global
Connected 1000
Softmax

<Fig. 2> Architecture of Darknet-53

YOLOS A% WL gest 2. Y o212 s+ B &9 grid® £33 5 7t grid cellol A bounding
box$} ©] boxa-/] confidence$} class FES d&3HTh <Fig. 1> o] AL s YeRd olw| A ojt),
YOLOv40l| AH&-%]= YOLOv3-2 YOLOOIA] Heke WH O Z box7} obd grid cellvbtt alg A4ke 3}
2o g ZF cell& A7} Q)& BE, anchor box A H, class 8 52 A4t} Anchor boxE cellrit} zh=
AR 214 E B]E2] boxelH.

YOLO= o3 HMAE AXH HE=} £55 59 YTHRedmon and Farhadi, 2018). YOLOv4= T4 Al
Held 7S &835te] RES AABIL SrFAA AR B £55 Bol&Ee AT7E AYsAL,
Aol & Ao ded 71 2§E 4713 thBochkovskiy et al., 2020). 272 ©F YOLOv4 HEY I

mlo
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Backbone | Z$ FQ] CSPDarknet53, Neck W E$ =91 SPP&PAN, 121 Head W E Y A YOLOVIL.ZE T
5ol gtk YOLOS 183 #A1Q 2 AA A& A A AstEe £AE sidsh] f8 49 sy =E
= % 31(608*608), receptive field’} o1 S FEE AWMSL7] 230 layers S7HAHT. 283 27]7F TE o
2l e AAE AEshe B 75 s87] al o e wpl M ARSSHATh 1o wE AgkEke]
7t ©l 3% backbone UEHZE T3l R4S TE CSPDarknet53-2 CSPNet &2 H-E olo|tjo]& 7} <9}
712 YOLOv39] Backbone Y| EH =%l Darknet533 Z33s WESY Zo|th. CSPDarknetoll 2-8-% CSPNet2| 3
4l ofo]t]ol & input feature maps EE Wro] 3 FER A4S AXYT UHA] & FELS A4S AAA
REE 3 H Uz TA FHAEE st oY costE E0l= Aotk <Fig. 2> YOLOv3¥ v42] backbone
o] F&= HWEYA2 Darknet-539] ﬁléolc}.

YOLOv4 ©]3o|= 27 AE A5e =o|7] Y3 A7 A% AaE o] YOLOvS, PP-YOLO(Long et al.,
2020) 5 UMES A7t S/HEUT olF 7P HEH o2 AHEEE 29 YOLOvS®F YOLOv4olth AE
45 YOLOVSZ) Bl A o] YWA|¥F YOLOv4E= FPS A's< A38E & 911, YOLOvsS} 2] =& ¢
HjzEo] o] HA 7S B8 AP AAE BoFH opF|dA ] gt olsrt FHdIEE Fete Aol
Al 2ol ztol7} gtk YOLOVSE YOLOS o5& olofitr|= dlou /E FA vael HlE| 7]&
YOLO7} 71 EAellA Blojdt Ao] otz H7HS BHLTHZhang et al., 2021). YOLOv47} YOLO &alg]
< S8 SHAA FHol F3gr] W E =82 YOLOWE o] &3t ATE Wyt

M ox

olN

2. Molsts

1) Holats

UREH O 2 CNN 7|9 H2id RS A2 Fdsted of Wi e dlolE7t asitt ol3 &
o7 "Eo]7 HolEA 2.2+ COCO Dataset, KITTI Dataset 5°] th o]& dolEAE WHE7] sia+
B2 H& Algto] B, A2 FAvT nlEsks 9 AU O R HA] ¥k od oH RS A
Ae) & sh&Rlo] o]k (Transfer Learning)©|THPan and Yang, 2010).

Aolstgolgt ofF Z HolHA R FHH 9| JtAE 7HA AL 94A s AstaAt sk Ao B
ANBAGE sto] ARgshe Aotk mebA] A2 9] HolEHE 7M1 date AAE st Jed ZES
TEE g A Bk AA EAES HAske A FFHEA AR

f

Large Dataset Trained DL Model

}

Transfer Learning

U
Q
D

<Fig. 3> Transfer Learning

B EEL darknetS3conv.4 71X E o) §tel HolsgE £ASAT BT HoEMOE AAGE
NFAE BHRAN B F JE AANES AEHES AA dolHAL olgde] JEAAL B =AE
A Q4oleke BAd i FAE A8 WEo] Wtk <Fig. 3-& Mol TZA2E vhehd o
Ak,

—
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1. MIotst= i

A AH g xol YOLOS A A= BAe A9 o|n|AE §*S grid2 £&3t 2} grid?] cellPtt} o S5
TPt ol

Ag el AzkE ghgke] AlolzE 7EE 192084, AlZ 1080 A 2] 16:9 H| Lot} YOLOv4S Y E
Aae g 7SR ke oA E 712 N, AlZ N9 1:1 H & grid2 B33} 3 grid cell®] =
Fe 7tEE 1 AXAPo] Ftk & grid cell 3] S-S dith £ AFoA AHEEE dHlolHASY AE
thAto] = class & cone, stick, drum, personS 7FE Zo] &1 A2 Zo] 71 M| &L 7H7ITh 2L ojuA] H
2 QoM 7t22 31 AAAE ] cello] AAE ] cellth o] 2|3 objecteS U Bol TFT &Eo] EH
mEbA 7 =2 oled B4 YOLOv4S] dEeo] gridE w8 o xpfoll A2Hd 7hvleke] w3
2L 1692 BIE == o} 71E 608%608 inputll A 800%450 input O 2 733 T

<Fig. 4, 5> ©|P|A|7} YA Ao AAHE vl &o me} o]r A7} £ o] 2 v]&9 grid cell ZF
o 7= 2Fol& YENZ] 13 dlAlo|t) <Fig. 4>+ 71£2] YOLO WES 7} ke s*S H&-9] Edo|n
<Fig. 5> AFsh= WHE 169 v ot}

= ol dumes EZF3HE cellS AAE W, 9 onA M TtEE 21 AALY celloll Al 9] 2
drume] Z3rE=d] ot o]m| Ao HAAZAE ] cellZ U F R cellt E3SIEE ulATh kA 7}
2 Zo] FILMEZZ 7 EAES U aRFHOE HEY F QU

D0
B

,,,'*gyg ko 3 " .»‘; o

= =Y e L‘"‘;_:g,,,, = BT
o 44 s Sl A
<Fig. 4> Image segmented by S x S grld <Fig. 5> Image segmented by 16 x 9 grid

2. Bounding box 7|t H2| £

B =E Adske A2"e AA A8S A AA dE Z2AEREH AP FHE s3I 2ol Hol
8 59 AlA Qlo] 7hiletE o] &3 Held 718k A4 34 W S 2= bounding box®] Z71E o] &3 W
(Elzayat et al., 2018).%} &A] 7&%3} A F4 47 A5 ZEE ARt §33ke WH(Cao et al., 2018)°]
At B =4 AHgE BHS bounding boxE ©]-83 WHOZ boxe] TH 271‘4% object$} X|Ho] grek
of v A¥o=E By, i A et A2E 2] Al HEE ALste W olth

<Fig. 6>°] A C& 7hviletolx, 3 pe oA B A 2] object®] ZtEolH. Xd P= A9 AW 2ol
o 7hEte] EE HEe G, 34 HEe G0, H pol €= FHEE p,olaL, JA HEE p, oItk AT
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%742 Homography matrixE o]-&3F ¥18]&S AME-31% thKriegman, 2007). Homography+= & A
E YHoZ g wWslshs ¥ A oth Homography matrix= HH 2] 2D A& Yehl= 334 HMEE ¥
gah= 3x3 W o|th Homographyw 21 A1 FF Al sle 7 HW Aol ofet FF Al ofa) -

e 3x3
AT AAHE BE YRS AojoAE Qukdo Y o WEE 5F Auea Bk of

<Fig. 6> The relationship between camera origin C and object position P

Image plane Scene point

ge p i s

Imageé point

L

¥
X
¥

¢ z

Focal length

<Fig. 7> Homogeneous coordinates

% FFET AFE A WY AE Yee £ 3otk AKE AL o 3D 2DE WEE] o

Qo] ~AYo] £Ad 8y HxE e 2AYES T 2] ol FYsith 5F FHEIF F
AW BE 845 WEY npAY 8 AY AAHE UFH H7IZE HEE vpAY 8A4AF A9 BE

25 TS WEZE It <Fig. 7>2 ol s W8S 2435 Aot ouA] HHe Aztgo] AAR
o 91 o F 5 JAR A4 FYE onAE AT & St

ol FRE nig oz AA7A 9 FARE Tk WS T 2t} oln|A HHd} NHrtel ¥
g WA, & F @Al W3 Homography matrixE 73t object®] AWl St 2 o] ojw|x] A 23 (x,
y)7h AA 9EREX, Y, 2)9 20 FHNA d&HE HE Tt WAlolth AT MIH FU AR olA
AHo g £AS Yy whE AFHS (0, 0, 0002 F1 A x, y HEES Tk AA Y AxE= A4}
Highol] Zeke 21 o2 HA3EH 1, bounding boxe] B T 7\]7801] &gt} ofs <Fig. 8> S 7]
FoF 3 x, y FEFH FUAZE Uehith

AA 9] Aol s|Fet= A HFE object detectorZ2H-E bounding box HEE YT F boxo €W
FH o Aol Al4tE Homography MatrixE Z-§-3tch 288 3 & olv|A] P A4 4= H3xF9 z=0

yde] A7 &8 AA €= #HxE Ik

88 AU=ITSYL|=EN M217, THI32(2022H 637)



HI
0>
Hu
M
o
mjo

Sl Elold Iy AH 2% 2 Azl FF ¥1elE HE

(0, 0) X

¥

<Fig. 8> Distance from an object

1. Alag 7o

daE]Fe 4 A5 ASTY SUFol ARE AR sk AFE A AVlAl~ GI0=, PCo}
A7, gloldt, gloltt 5 4% 14 AMFo] A AT U <Fig. 9> A9 3 tloJE] 5ol A2
FeF3 Apge) R Rgolth <Fig. 10> <Fig. 9>9] akgdel A2td Aol 74& yehd 3ot

<Fig. 9> The exterior of the vehicle

' Control PC

Mobileye front camera

. MRP2000  16ch Lidar
32ch Lidar
Sekonix front camera Digital Tachograph
a ' ..... h Rear right radar
- - v

16ch Lidar

Rear left radar

>

Front right radar

16¢h Lidar

Frontradar  Fyont left radar

<Fig. 10> The car with self-driving platform
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B AFolA 1te 93d 2de dnk 4°L SAE 39 oA v 5 e AAE AEsta 39
371 918l akE ATk mekA HolHAlY] AE o] HE F 15719 casstE EAE 9 FAF FAA =
4 = ZHE(cone), PEEH (drum)3 XA 714 AJA =3 (stick), A A (stopline), TR % (crossline), 4!
559 47k A5, A 47HA, B ZKperson)= EFHECE HOJEAY class HES ol B ¢ UEH
<Table 1>2 AR

5 2 AFE A% dol”HA omAE FF AW, o7 ¢3AE, 3 kcity 5 U EAZANA A
Aoz FPshy A HEI 1= 192094, A= 10804 2] jpg ©|vA] 285700|T}. U] A EL UA
A 2=Ell oA g ERFo] AR AFo R A BEAE TIPS HFIT Yo EZHEH de
labeling toolS AH&-314] annotation2 A Th ‘=AZ FY ozl 2o =of 2 &3t cone, stick, drum, 12|31
AT classE BT Xt 20E 7HAH F5 AT AR TS Eske] AF dHolEAlS 1t
3t7] 9lsf nhAstoh

tlolEAle] AL S8 2507587 Bl 2ER 3500808 o] FolA QUth o}#fo <Fig. 11, 12><
tlo]EJAl o]m] 2] 9] o Alo|t}.

40

<Table 1> Classes

class ID class
0 cone
1 stick
2 stopline
3 crossline
4 red_light
5 yellow_light
6 green_light
7 str_and_left
8 left_turn
9 drum
10 bus
11 bicycle
12 truck
13 car
14 person

<Fig. 11> An example of Dataset Images 1 <Fig. 12> An example of Dataset Images 2
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Taz Fee 98 Haid Jlv A 24E U el 2% 2walE N

00

3. 27 A% 2d M5 A

Akt AA HE 9 A F4 A"l AA AZ Gt detectore] AE S S35 H3l
Fefl2~E AP(Average Precision) S A14HeFATE AP A4l ARSE BlolHE A3 53 dlolEjAll o]H]#] 35007 0]t

<Fig. 13> EE Z# 29 mAPY AAE APE AANAHOE vuE F UEF Yepd Tgzolt)
‘Original’®] H|°]E]&= 7]& YOLOv4 U ESIIZ B ~Ed AFE, ‘Proposed’d] HlolEH & AQtehs MEYA
2 H2ES 4745 Jepdth

<Table 2>= A AP 7S Yehd Zo|th ‘Original’ F2] TloJE= 7|2 YOLOv4S H|XE ZAIE,
‘Proposed” 49| TlolE = A|¢tel= WES A9 H2E AAE Yepdth FY HAEAS F UES A
Yyt AR vwstdh. AA mAP7F 4.03% F7HHAL, Al55] oAl ) AlE A7 AP SUtekGATh
cone¥} sticke] APE Zt7+ Z7)akith WHH stopline crosswalkoll A+ AP} Z+43HA .

<Fig. 14-17>& 7]& YOLOv4 WES I} Adsh= YEYAE 22 AU LS 43y AA HE&
33 Aito|th. <Fig. 149} 15>, <Fig. 167 17>°] Z+7} -2 AlUe] ot} <Fig. 14>94 AEHA 42 %
drum©] <Fig. 15>914 HZHAh =& <Fig. 16>o4 AZHA 2 FHZ F&29 cone, 1T T%
crossline®] <Fig. 17>014 AEH Z1& AT 4 Ut} AE =& HAEA Hi A3 001752, AARE
o A3 £5=& BATh

L o 4

—_

Average Precision

mAP
person

car

truck
bicycle
bus

drum

left turn
strand left
green light
yellow light
red light
crosswalk
stopline
stick

cone

(=]
—
(=]
)
(=]
w
(=]

40 50

o
=]
=5
=]
o
=]
¥a
=]
8

M Proposed W Original

<Fig. 13> Average Precision comparison by object (above: Original YOLOV4, below: Proposed method)
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<Table 2> Average precision by classes

unit Original Proposed Variance
cone 54.98 65.99 11.01
stick 66.09 78.85 12.76
stopline 37.24 34.28 -2.96
crosswalk 85.19 75.39 -9.8
red light 97.12 97.59 0.47
yellow light 83.99 94.97 10.98
green light 92.54 96.74 42
str and left 94.23 96.07 1.84

left turn 100 100 0

drum 83.18 94.40 1122
bus 94.07 96.94 2.87
bicycle 82.46 88.22 5.76
truck 93.25 94.99 1.74
car 96.33 97.56 1.23
person 78.38 87.49 9.11
mAP 82.60 86.63 4.03

<Fig. 14> The detection result of the original network 1

|

<Fig. 16> The detection result of the original network 2

<Fig. 15> The detection result of the proposed network 1

<Fig. 17> The detection result of the proposed network 2
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AY #4 duelze 45 A AR5} B A0R B eloltk AMR WA HEHUT <Fig
5, 198 27 AR & A% B A, oldw W] AE D AL BAD BHolT, <Fig
19> ool A AAlst= 2] FH B4 S top-viewE HIEHE BFo|th 1389 _‘?.%é? v}gko] ek A
Pol AT Wk YARYP o2 EAE FEL BolR HW Ul el megolnh

gholth= =3 =43 )i AR Y AYE 7FoE Aoksls dufEe 01%611 Akt A&
g § eas Sk B0 A At dagEY 4%S AFEith 10mTH 50m7HA 10m# 5

AR AR 53 APS WA W 0AE AMSAT AE X, Y BE F4 A #EZ 03
AUgke oF <Table 3>°] Yebdh X W&k Adke] A &S, Y Hc}fé} X o] 291 2o
o= ke Uehith A9 A% X 2% 2 Y F=olA 242 Az 24 Ase} eolvtz 24 @ Aste] H
7 3= Z47F 525m, 097melth X, Y FHE 25 20mellA 7P ©37F ar somel A b 227} =9k
AMHos oxfe Y ARG X HFIA o IA vebith
<Table 3> Absolute Value of Estimated Distance Error by Distance

Distance (m) X coordinate (m) Y coordinate (m)
10 3.40 0.45
20 1.81 0.20
30 5.12 0.96
40 7.78 1.02
50 8.12 224
Mean Error (m) 525 0.97

<Fig. 18> The Target Car <Fig. 19> Detection of the target car via Lidar
5. 1 &

Aotst= HEHN IS AA A& s A9 Al 4 A5 A4¥ A%< o233 2o A4 A& d3=
mAPE =439 01 71 YOLOv4 €182 thy] 4.03% Z7Fstth £55 A3 3T 001752, 27 ¢
572818 HEshes AAAS Btk A 4 Ade AdE X, Y HF o349 AUz =314

el
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TNE FHS A% Eeld ViU AH AE 2 2 2Y %185 NS

o
4o

k

A A8+ 10mTFH 50m7HA 10m¥ F7Hekeh X 329 BE Al "t @&k AUghS 525mol 1, Y&
& 097mo]t}
WA AE FEA Akl A o] Ak Atshs WHoE 712 Zo] FolRl grid cell cone,
drum, stick, person 5] 7F2 Fo] F2 AAEY A AAEE =J3 I ¢ 2EFY 74 A5 AF 5
o] AAANAE 50| AT T3 v =3 A EAS 7 B hOl T} cone, drum, stickS Z 7#
HHow FRAT FAl 71Ee] B £521 65 FPSY H
o] olu]z] H|&o] 2R Po} AA Ut EAFE RS HASE AL & 5 Utk B3] FS B4 <14
715 AR FASIA T
A F4 Ao Y FHxo HlE) X x| HEgETF @A YT o)A dF5A B4 5= bounding
box?] A7} B3R 2 A Fhul|Et KA 9 % Jol| o3l T e ARV o] AEs s o
Qo B 4 ok wiet gt M dS & e AT FAV AdSS & 5 Ut oA FHEH Hﬂ

r

e e M 274 Agsh $H5 o e AF=e A4 Aol A8 F A= AL Helde A
$% A7 24 4FEE wolt WU TUT BEY 5 UG AFHolop ¥ Ao Bl

B RS 99 VENIE Age AT A A AERE AL TR $RE A2
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