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Abstract

Deep-learning-based image segmentation is one of the most widely employed lane detection approaches, and it requires a
post-process for extracting the key points on the lanes. A general approach for key-point extraction is using a fixed
threshold defined by a user. However, finding the best threshold is a manual process requiring much effort, and the best
one can differ depending on the target data set (or an image). We propose a novel key-point extraction algorithm that
automatically adapts to the target image without any manual threshold setting. In our adaptive key-point extraction
algorithm, we propose a line-level normalization method to distinguish the lane region from the background clearly. Then,
we extract a representative key point for each lane at a line (row of an image) using a kernel density estimation. To check
the benefits of our approach, we applied our method to two lane-detection data sets, including TuSimple and CULane. As a
result, our method achieved up to 1.80%p and 17.27% better results than using a fixed threshold in the perspectives of
accuracy and distance error between the ground truth key-point and the predicted point.

APE: Y A4, A WE 34, AEAE

, 984

Keywords: Lane detection, Kernel density estimation, Key-point, Deep learning

Received : 2022.10.23./ Review completed : 1st 2022.11.22. / Accepted : 2023.01.19.

DOI:

10.15701/kegs.2022.29.1.1

ISSN : 1975-7883(Print)/2383-529X(Online)

-1-

Vol. 29, No. 1, P. 1~11



L A

N
=
N
olr
ol
o
i
H
S
B
2
s
g
o,
Rl
>
[>
)

Keeping Assist System, LKAS)Z} 72 F3 HZ A|2Hl
Al E8EE T AEFEE dol g FopllA ZuA
e 7sol7|E Stk AEAA A A4 Ve A
= o 2](Canny  edge) AZ, 3=  H3K(Hough
transformation) < &3t 419 ¢ FAd(edge)e AEsH=
WE3-5] A4 dER A S FESE WHI(6]
= AR&3t) SkARh 22 H#d(deep learning) 719
Zof| met gy del] 719 & AR QA VjeEo] &
A= Jom, AEAA A A4 dugsHt =
AL E HoFa QITH7-9].

g9 7IaE AR QA4 71e2 A on|A] AlHlE el d
(image segmentation) 7%k 2 ®[7,8], °¥#](anchor) 7]¥F =
9[10,11], 28|22 w7} W oS (parameter prediction) &
9 [12,13]2 FEHTh omA] AldE ol ZHE Apad
Al Bdle 7] AFHAYE ou|A] AladH ol WE
AZE IHE AT & Atk FHo] At oyt o]
2 HA dAFEoA 7P Bol ALHY, AAHoE 2
e HoFs HIWelth oux] AladHeld 7|vF =
4o ojuxE A} w7 FJoz HI(segmentation) st
i, FAYE s EFZH A Fdox  FEIE
(key-point) & FEdh= WHOE A

B2 A olw|A| A XA

o=, g A F 74 AHE i
sith, aeja ZF EollA &4
2k AAE s (3.174).
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1o, ¢,

7] 98, B A+ ResNet[l4]2 ©o]-83F o|u|x] A 1wlH|
old 7I¥k A 1A HELZE FASIGTE 1831 &%
o7 22 HA9 JAZGE AR A B A7t Algkst
= A3Y 71ZRJE F& ¢SS 383 434E vt
Ak 67).

Aol A A4 A ASS S8 98 AeEHE F
789 A €14l HlolE A E(TuSimple[15]7} CULane[24]) S

NN s vl

ro

=
M el

to ro 13
HF
N X rlo

Huval 5[16]2 FHFAEHCNN)Z IEER 3
At A A4 9 AR FA] Fofol] AT
AUk o] HHYES o]&T A Q4 AT
3l K=o, tEAd HIHole ouA] Al1dH -]
A(image segmentation) 7%t XFA-uj7 £E][7-9,17,18], 3
A 7%k 2 FE11,19], 28] vi7h W o S (parameter
prediction)[12,13] 22 Fo] Itk

A ZIRF A Q14 vbHE AR HYH FAE
aAE FEjY xS FE2sh= 7IHolth o] WHE
H FAE Ao ZARXA FAE A wiEol,
A 9= A (no-visual-clue) FAel whs ZAsirh= 4
th Li 5[19]2 Faster R-CNN[20]¢] <o A<k
Y E ] A (region proposal network)?} -FARSE A Aot
YW(LPU, Line Proposal Unit)& ARtk 2 23, 4HA
7149k 2 94le g TuSimple ©lo]E] MEAA 96.87%2]
=2 AEEE HoFrh sx|vk mg] AHoH apMY
HE 7Rk R AAS RS 4A 71N A4 A4 B
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TuSimple ©|o]E] A|Eo] 3] 96.18%2] = ste 9} 420
FPS] WhE 4SS HelTgich AR olea w W4
A2 MEAIE A A A 8 1 B ol

A 7N e HaE ke A o

o)A AlzElE|old 7Nk AA 14 o

7w o] AL FE5E AR A AE
gtk o] Wy T ATE ol AlzHEold

< 97 8 5 A= FHol o
[7,8,17,18,21]. °o|m|A] AHZHE o] 2
5= 54l Stk Pan S8l °1U1X191 7&@(‘“:
<thol, slice) ©92 FAF AibE Sds= SCNN=
Al okelo], WEY I} ‘_O_ﬂ, F(global context)S }elsto
=5 ZfelR RRel s SR Sud & A ek
2 A3} TuSimple tlolg MEo|A 96.53%] =& 5=
DAt Zheng F(712 SEtola o9 S HE
) g]sk= RESAZS #|¢tste], SCNN thy] 10W] o]A+e] &
ol W] AT £TE HoFUTE Yonggi Dong S[21

2 SCNN3} RNNE FAlo] ARE-3le], TuSimple ©o]E] Al
Eof thgh 98.19%°] AFEE HAFTh

olu]z] Madd el WEYIE 4 o|mA A A <
95 }E%IH% Ags otv, A dds=2FH 74 S
FEohe A2 A8 AHAA o]Fo| Xt Pan T (8]
= 1‘3] AE A wjBe o] EFsh= Ao otd, 7
e FElA AlawE o] dsh= SCNNS Al<tstsitt. st
A ol o Fdlx AlawH ol (multi-class

segmentation) 2 AFE3H= A¢, 4 olux] U Aol A
+7F A A= ofof stthk= wEe] 9tk Neven 5[9]2 A4
91418 AxElA AZwlE o] A(instance segmentation) A
2 uHte], ol A ReE 7E olu Al E A=
ZF A dds & FEdch E=3, o|m|x|elA Al WS
(perspective transformation)2 o &%= H-NetS Al Qkshod,
A e FA ZRogHE AL oz mdd

3tgth Qu 52512 FOLOLane UWEYIE A3t
FOLOLane& x}A < Mlawlgel Azt g7, A £l

A e Ao R BRE the A9 HAE Al o)A
sto] Z|ZQEE /N AHoR EEskes Adee
Zheng 5[26]2 A4E 5T 14E AL 4TEAAC
2 ARgee VEHNa 729 A9 £ vk sk A4l
39 £Z(ROIGather)& AHg3h= CLRNetg AT
FOLOLanex} CLRNet2 tuSimple d©o|g] M Eo| tis] zZz+
96563 97.898}= =& Flaiio]e wAstlch
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AREstoh SRARE B A= Al dE| o] AR R E
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£ HHom, ouA ATwEHelA el AgHLk 3, o

AN AN REE
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T =
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(encoder-decoder)

A7 (foreground) 2.2, 18|31
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gEA Hey BdEs UNet2zle] itk AH4-u7
2o A e olnx 2 AMpixedol BhF FAY

83 w4 FEolrk
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AL AFstel MM A4 AANE A 4o DL
CREZIE L DS IR EDEEE B BT E
% AL Sk AEAEE QAo Fold AUE
g FEHH, AR wet Aot 3 gekd 4
gtk 27n E ATEL, ARS AWA Tr 4R
A oz £Eow ARHAL FUY FEI WAL
F52 9ed] uast] Qs WES ASITHTE
B oATe oled £54 AAg 449 wAS IRY 4
gt B3P AZAE 25 FueAZS ALk

Figure 1= & 77} Albsle AR Q14 dag|Ee 7H
2tk B A7 Ao W 7IRre] A A 7S A
23, AAHe 3 W REL AA-wA 2y 9384y
e "2 WEHIS] 982 RGB o|vAoln, &
go oEy 7o 372 JHAE F A9 229 HE ol 3
£ (probability map)elth. ztzke] EWL 9JE ojulx|
7 galo] AAY BET WAL FBL BAT @ A
. 284 vEHIE= AFY-tJFH(encoder-decoder)

0.

N, 1o

-3



A 4
- " KDE-based
iy

key-point
extraction

Row-wise
normalization

|

Segmentation i
gnetwork Probability map Norrr;]ﬁ:FI)lzed

Input image

Key-point map

Figure 1: Overview of the proposed lane detection algorithm
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Convt A HESZE B8, 2 HAde
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£ HolErh A 9 FASo] AR =& =
THle A Btk shAe, A ol e FERE
92 o)A & Ade] A4 B G werk ot
Z2 gAelstgon, Mo 2 ResNet[14]S ARSIt EA0l 7HelA Aol HeolAl gAY HA Fef apdo] 7h
Figwre 2= £ 77} A3 ATuEold YEgzel 7 Aol WolAx BEAQ otk A4l e A4 9
% HoZErh o A%, WAT A A Abeld] BB Fel7} ZolA
e 7IEZRE F& EEE AGHT: 7|EAE F . T2 AFEEE 7HAA Aok
BE2 £ &9 AF3Hrow-wise normalization), 7@ B2 1= Az EWA(softmax) AFIE AFESE], 2FA -
% FA(kemnel density estimation), 12|31 Z|EQE FZ&F A FES WA EAE s A} Figure 3-(0= EE
(key-point extraction) ©AZ FAAT = & AFs W AA diE] azZEWA TNE JFIE 3P 7331}D},
e AEAIIA 49 HBUL RS ARE ARNE FA A gels) Fiol § o B A8 B
tow) D= Leld F AFHE Fustel A4 94e AT & ok AW, WA FAolN ¥ FEYS 7}%11

Figure 2: Segmentation network architecture
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(a) Input image (b) Network output (c) Image-level normalization (d) Line-level normalization

Figure 3: These images show the input image (a), the output of the segmentation network (b), the image-level

normalization result (c), and the line-level normalization result (d).
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Figure 4: The process of key-point extraction by the ker

nel density estimation
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ThE Aol Hls) e FEel o8 Aol ohd Aow  sEoE 2ES Z Uiz AL, U4 oz 53
gos] A AS 2 5 Ak & 99 AAE AEe A Ak B A7, 2EA) 248 s A 2l
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XQE WL AA F& BREE AYFY, xpxloz nHdy
Hr} (3.27).
5. 2% 3 4

5.1 dloJg] AE

2 AFE Adske duese & FUkehr] 98 A,
A 4 HEYIS Frkl g2 AME+E CULane(24]
3} TuSimple[15] ©lo]8 MNEZ AREstgith. Table 12
F oHolH AMES EAN 2 A7 AAelAM %
(training) @ E|AE(test)ol]l AME3E tlolE] MES ==
HojZrh CULanee 139 3 oAt olu|AE zZ3ah=
U5 dolg NER, TAXY tigst FHoM ==
XV* of FHAAAY A IR7}F EA 8t
EATh £ AT oA
WAL 5 kst AS(noise) ©]

-0,
1>
n

il o|=7t =& HeolH=® o] X3
st Yrk= AL ZHAth TuSimple 6,000 29
dolel MER, A%d A4 A4 £ AA 2 A}
o 2P 301% ] o2 1989 dA&5d =AY ovAt
ZYE oty BEERA FE FAGE A7) wiRel] A
o] g @ ZFA7} CULane ojn] B33 Ho|oh =31 7}
HEZs X8k Ao AT & Fd§ 7] wiol, CULane
iy o] A2 229 omARr FAHY ks EALS
A,

N

] I e A
% A% A5 wass) A5, A 94 FRee A=
A= AY o3} ARE AT

24 914 A% (accuracy) : A QA4 FFEE 7o
olg] MECNA Aot = A Wil wek SAsk
t}. TuSimple dlolg] HES] A9, X A

20/sin(@) FAL AH I Azl dAFGLE /\}%??}V/P- =,
NE53 7|2 EL} A 7|XEJAE Aole] A7t LAG ©]
stebd, ks 83 Aor dAdste] s A
CUlane Hlole] AlEe] A%, % 447 A 449 7]
XQEE oJuxE HE I F oJujx|9] I0U(Intersection

Over Union)& =A3It}. CULane 24 wWx|ul7] T oA
A

9} Ze] 10U7} 0.4 o4 wf Hgs] F2F Zlez dAd
3, Fl scoreg 7|22 =S AASh

F|ZR1E A7 <2 7|ZEJE Al 2 AH(key-point
distance erron)= AW 7|EQEQ} FEFH 7|EQAEQ A
2] zfolo] P o®, AL ths £ () 2tk

Table 1 : Information of the data sets used in the experiments

Dataset CULane TuSimple

Training set size 16.3% 18.2%

Test set size 33.8% 29.8%

Resolution 12.1% 11.1%

Environment Urban, Highway Highway

# of lanes <=4 <=5

Errory, = Zabs GT,—k;) 1)

24 WA GT= AR A A 9, kK,
dq5d 7|EAE

CULanex} TuSimple:= A& T}2 ojmz] =Z7] ¥ H|&S
ZHAa Qlen, Aladdeld WEYRIH d& we o] v
AS zZtzh 800*3003} 640%368% =4l AZHE 0]
ez % A, £ARSRE aAdER
(cross-entropy) & ARSI o™ wly wjx =Z7|E 4(o]n]
A 4hHE Stk B2 olm Ao AL HA o]m A
2~ 3% TFY AL vEs AATE WA} AEZI] ARG
of glof o3 Fefx E7d wAE W2t Asl, A
of &3t Halo] ojsh 20009 AEHE Rolsigich &

CULane2 250 epoch, TuSimple2 200 epoch &<t A

Ko

Table 2+ F+

tole MEel tisl], & A7 Alds= A



(a) Ours

(b) Threshold

Figure 5 : These images show the key-point extraction results of two algorithms, Threshold and Ours. The green lines

show the ground truth lane, and the red points are the key points extracted by the algorithm

Table 2: Performance comparison between two algorithms

Threshold
Acc.
92.96
69.98

Ours
Erroradist
273.25
279.39

Acc.
94.76
70.71

Erroradist
330.28
336.21

TuSimple
CULane

1E

w

o2t
N
kel

(e}

e A8 AT As WHIE Ho
o} F dolg NE BFoA Ours7} Threshold tj¥] ¢
2 AT (accuracy) @} W2 F|EQE AL L XHErrordis)
7He 22 8 4 Qth TuSimple dolE AES] A9,
A= 92.96%°1 4 94.76%=Z 1.80%p A= AT TS
ZOlE A A= 17.27%HE Z4astth CULane d
olE] MES AL, Ours?} Threshold th¥] RBE=9} 7=
AE AT 245 77 0.73%p 9} 16.90% % 7HA= STk
Figure 5= TuSimple tlolg] MEo| 23dH 34 F s}
o thdt Threshold®} Ours® 7|ZE FZ& ZAych wzh
AL F59 7IZJESY, 54 He ghiy | A A

4
oy

AMolt}y. Ours7t Threshold Thu] 24 el thgt 7)<
EE ¢ AFEA FEIE BH5E AT 5 Uk E9),

AzFE Dol ALZ(ABAC) AAAASR), Thesholde)

Table 3 : Effect of the normalization method

TuSimple CULane
OUrs oo Acc. 93.47 69.19
Errordist 287.62 302.75
Ours, Acc. 93.31 68.72
mINOTI By ordist 279.17 291.36
Ours Acc. 94.76 70.71
Errordist 273.25 279.39

2L F|TE 2Z AdeZEL, ojujx A awlE o)A
Aol A QAT WA TR WAL o7
Z U9 3FSE £V B ATE F U TS

® Ours,/onorm: AIZHHOIA UELZS =¥ gt A
T3 38 glo]l ARRRE dalgjEo R, AdEA 92 &
£ (Figure 3-(b))oll th3H T FAE 7N 7IEQE
FE2 TSk

® OUTS g norm: ATHEIOIA MELZY] & tis) &
49 B3I obd EEW AACl oidk A-+3HFigure
3-(©)E THsh= dagFolth

Table 3 A& 2 A 714 AF3F WES ALst 23
£ HoZrh T dolE ME BEFoA B I3} Aekst=

-7-



Table 4: This table shows the performance (F1 score and
Erroraist) of our algorithm with different line spacing for
the CULane data set. The bold font denotes the best score,

and the italic font means the second one for each column.

Line spacing | Acc. (F1 score) FP FN Error s
1 pixel 0.668 0.572 | 0.803 280.23
2 pixels 0.633 0.562 | 0.725 282.71
3 pixels 0.707 0.627 | 0.811 279.39
5 pixels 0.701 0.692 | 0.710 265.23
7 pixels 0.667 0.683 | 0.652 300.27
10 pixels 0.638 0.614 | 0.664 287.14
15 pixels 0.585 0.592 | 0.578 292.76
= 9 7S A8 A9 MY B AFEE A
3= BEHS A 4 9ty TuSimple dlolE] AMES] F

-, Ours7k Ours, oy WY BEEE 1.29%p, 7]Z9)
E Ag A= 5.00% 7MA= 9ty CULane ©|o]E] AHEC|
Al OQurs=  Ourspy, gnorn SR BE=E 1.99%p, L
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Table 5: This table shows the performance (accuracy and
Errordist) of our algorithm with different line spacing for

the TuSimple dataset. FN and FP mean false negative and
false positive, respectively. The bold font denotes the best

score, and the italic font means the second one for each

column.

Line spacing | Acc. (F1 score) FP FN Errorgig
1 pixel 92.18 0.143 | 0.093 275.50
2 pixels 94.75 0.093 | 0.039 263.36
3 pixels 94.76 0.091 | 0.041 273.25
5 pixels 93.38 0.099 | 0.050 286.25
7 pixels 92.95 0.117 | 0.064 297.72
10 pixels 79.92 0.461 | 0.476 285.50
15 pixels 79.23 0.460 | 0.475 289.62

Table 6. Processing times of each step in our method

Step Runtime (ms) FPS
Segmentation (network) 3231 30.95
Row-wise
Lane normalization 1.69 591.71
modeling KDE-based
key-point Extraction 11.74 85.17
Total 45.74 21.86
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