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Lane Detection Using Biased Discriminant Analysis
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Abstract

We propose a cascade lane detector that uses biased discriminant analysis (BDA) to work

effectively even when there are various external factors on the road. The proposed cascade detector

was designed with an existing lane detector and the detection module using BDA. By placing the

BDA module in the latter stage of the cascade detector, the erroneously detected results by the

existing detector due to sunlight or road fraction were filtered out at the final lane detection results.

Experimental results on road images taken under various environmental conditions showed that the

proposed method gave more robust lane detection results than conventional methods alone.

» Keyword : Lane detection; Advanced driver assistance systems; Biased discriminant analysis.
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Fig. 1. Lane detection results using Haar-like feature
based detector (a) input image, (b) result image.

Il. Lane Detection Methods

1. Haar-like Feature Based Lane Detector
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[Il. The Proposed Scheme

1. Biased Discriminant Analysis for Lane
Detection
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Fig. 2. Conceptual diagram of BDA.
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Fig. 3. Schematic diagram of the proposed cascade lane
detection method.

2. Lane Detector Design
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Fig. 4. Training samples for BDA (a) positive samples,
(b) negative samples.
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IV. Experimental Results

1. Experimental Data
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Table 1. Database Features
Data class Frames Shadow | Curve | Car
cordoval 250 few exist none
cordova2 406 none exist few
washington1 337 plenty none plenty
washington2 232 few none few

2. BDA Lane Detector Module
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4 W,

ot e TA%HE 74 HEE FoA
2 2 3l FHeigenvalue)S 2t F 7o £

22191¢] BDA 574 &3tllA 35 dlolg
o} g HET wrka s 7Hh A

ZEo|t). Fig. 59149} o] BDA 54 3F1tolA
o J

)
N
-

Fig. 5+ 59

Z
o
o
4 1

we
KS)

o,
oz
=2 O e ox roh oX

o n?: P

X
ML
2
i,
2
X9,
rir
P
o
ik
BN
32
o

"
1o, OH ﬂi{ﬂ: oL
A gl og ode o

o oX o o2

0
=
=
)
S
TR

[o)

2
O
o,
o
ilfz}
i
1o,
o,
Ml
=
F
[o
Nl
-z
i
lo,
Y
)
=

: \ :
: ' |~ Positive data
————— i A —Negative dataj]
|
1

Distance

Fig. 6. Distribution of distances between mean of
positive class and each training sample.

Fig. 62 BDA 574 &3tolA gk doly &5t p,
o Aed)e] EEE vehdl Aot} shhA] el wikg
agEE 74zt g AEGRdel x3E dADES 548 A
Soll ti3t gholth A AZEC] e do) FH(IFE NEE
o] FFEUAL 51701001, 4 BEE HF do] B2
12.61%}. utebA] Fig. 69 ARZEE %4 ME 34

o 3R FEse A S(Th)=

3. Evaluation of Cascade Lane Detector
Caltech Lanes tlo|Ej|o]29] odatel] thal A|etgl vl



Lane Detection Using Biased Discriminant Analysis 31

AZ719) 71%0] AkE 24 AZE7)S(Haar-like E% 79
HE71116], 7FpAIRE 2P HE71[13D)9] A4 A= s
] akgith

Fig. 7 Caltech lane "lo|EjHjo]2o] t3] Haar-like &
A 71ek AE719) Aol Aljke tidA HAE19 A AE
AFtolt}, Fig. 7914 (a)9 (b)e 27t 494} o5 959
W 3sk oJAfolH, (c)= Haar-like 54 7|RF HE& 7] 93] 3
" 2 TR A ($)ell RANSACS H83t] 42 HF A}
A HE: AFelEela, (e Akt oaA A&7 93
A
=

i

ih)

=9 A FH e HF A 4 % o]t} Fig. 7014
T Uxol, Haar-like 54 7|8k A&7]9] Z$- Caltech
Lanes Hlo|EjH]o]2e] U] TR/ 1F EFA ko] ofd
el FP7t ol wAste] HE A& Aol o7t wo] &
Aek wkd, A|oke W o) A= BDA A4 AE gl «]oH 2
49] FPEo| AAY Y HF HE AT dlefr) o] 7hast

ﬂﬂN-

cordova 1

284
Fig, 8¢ haobA2 ] 552 dlole) 1ael dhsl 7194

A%710) A3t} A e %719 A4 A%
A58 wagk Aolth FAR A4 A7) 2 Al A
AN 2NN 0] BB FEoa REE AES of
§ote] A1 AT, Fig. 84 49412 AE717F =2} o) © @
ohd Gl 5L el HF A4 A% oel7 A cordova 2

|

Table 2. The execution time for lane detection

Algorithm Times (sec)
Haar-like feature based detector 0.066 ‘
Proposed
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(c)

cordova 2
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washington 1
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(a) input image, (b) IPM
(c) results using Gaussian lane detector, (d)
results using the proposed detector.

Fig. 8. Lane detection result,
image,

V. Conclusions

e
&
ko
B

B ERAE e T 4B FES 99
5 /49 39 52 99 40 450 2
ASreicy. Alke &
Aen] cha e AAEAG. B el
7o AHRE L Qi AN AE PEES

4% 3 EAEDAE ¢

[0 M ot
Y
_O‘L
go Il
e R OR)
o Iy 2 xR

&
)
R
o
i
b
it

T mlo
=

7]
/\1° 1%@ HEH
HolA|uk, AA =

o2 Qleto] AE Aol ?'?}7413

0%

Lo,

L

A

F_E

e %
t

-

o =
N

L oy x

M R
o

H

s

olr

ol

0,

o (P
fn o
2

=2,

M e ME oo HT My o ﬂ r1r
fo
o,
M me o 2

- i tjo

lo,
ox,
r oY fo fo

o & 0

&[>
lo ot

do gL
1N

N,

ofr
—_

Az71g0] & 74?4‘41*] %
AAGOZH HF 2k A=
altech Lanes d|o|E]#o] 2ol djgt
%74] AE717F A% 48 Az F7}
FANME ARASHA T2l 7]E9]

o
o M
K
it
ol
N
O a2

o
>
b

W K o oR
@ iu'

e ¥Q o o
o
o]
N
f
iV
h}{l
K
)
(o R
fu o
_>|L
2
m1o
nﬁ
i
o
rlr
>i
o
foh
(o
ok

=

]
=

i
Py
=
H
oy
o2 :4‘
o

24

AE %}131%01] A-8-8ke] Bt vk
> =
=

ol
o 9 r_>n: E’

it % lo fo oy 3o > 9

&
o
o
o)
lo
i i
N
=
%
<

REFERENCES

[1] K. Matheus and T. Konigseder, “
Cambridge University Press, Cambridge, England, 2014.
[2] D. Felguera-Martin and J. T. Gonzalez-Partida, P

Almorox—-Gonzalez, and M. Burgos—Garcia, “Vehicular

Automotive ethernet,”

traffic surveillance and road lane detection using radar
interferometry,” IEEE transactions on vehicular
technology, Vol. 61, No. 3, pp. 959-970, Jan., 2012.

[3] J. Sparbert, K. Dietmayer, and D. Streller, “Lane detection
and street type classification using laser range images,”
IEEE Transactions on Intelligent Transportation Systems,
pp. 454-459, Aug., 2001.

[4] S. Nedevschi, R. Schmidt, T. Graf, R. Danescu, D. Frentiu,
T. Marita, and C. Pocol, “3D lane detection system based

on stereovision,” IEEE Transactions on Intelligent



Lane Detection Using Biased Discriminant Analysis 33

Transportation Systems, pp. 161-166, Oct., 2004.

[5] S. D. Min, and C. K Kwon, “Step Counts and Posture
Monitoring System using Insole type Textile Capacitive
pressure Sensor For Smart Gait Analysis,” Journal of
The Korea Society of Computer and Information, Vol.
17, No. 8, pp. 107-114, Aug., 2012.

[6] Li, Q., Chen, L., Li, M., Shaw, S. L., and Nuchter, A.
“A sensor-fusion drivable-region and lane-detection
system for autonomous vehicle navigation in challenging
road scenarios,” IEEE Transactions on Vehicular
Technology, Vol. 63, No. 2, pp. 540-555, Feb., 2014.

[7] J. Y. Sung, M. H. Han, and K. H. Ro,“Development of
a Vision—based Lane Change Assistance System for Safe
Driving.” Journal of The Korea Society of Computer and
Information, Vol. 11, No. 5, pp. 329-336, Nov., 2006.

[8] A. Bar Hillel, R. Lerner, D. Levi, and G. Raz, “Recent
progress in road and lane detection: a survey.” Machine
vision and applications, pp. 1-19, April, 2014.

[9] J. Son, H. Yoo, S. Kim, and K. Sohn, “Real-time illumination
invariant lane detection for lane departure warning
system,” Expert Systems with Applications, Vol. 42, No.
4, pp. 1816-1824, March, 2015.

[10] H. Yoo, U. Yang, and K. Sohn, “Gradient-enhancing
conversion for illumination-robust lane detection.”
[EEE Transactions on Intelligent Transportation
Systems, Vol. 14, No. 3, pp. 1083-1094, Sep, 2013.

[11] K. Y. Chiu, and S. F. Lin, “Lane detection using
color-based segmentation”, In Intelligent Vehicles
Symposium, pp. 706-711, 2005.

[12] D. Schreiber, D. B. Alefs, and M. Clabian, “Single camera
lane detection and tracking,” IEEE Transactions on
Intelligent Transportation Systems, pp. 302-307, Sep.,
2005.

[13] M. Aly, “Real time detection of lane markers in urban
streets,” In Intelligent Vehicles Symposium, pp. 7-12,
2008.

[14] J. Canny, “A computational approach to edge detection,”
IEEE Transactions on pattern analysis and machine
intelligence, Vol. 8, No. 6, pp. 679-698, Nov., 1986.

[15] A. H. Lai, and N. H. Yung, “Lane detection by orientation
and length discrimination,” IEEE Transactions on
Systems, Man, and Cybernetics, Part B, Vol. 30, No.
4, pp. 539-548, Aug., 2000.

[16] R. Gopalan, T. Hong, M. Shneier, and R. Chellappa,
“Video—based lane detection using boosting principles,”
Snowbird Learning, 2009.

[17] R. Gopalan, T. Hong, M. Shneier, and R. Chellappa, “A

learning approach towards detection and tracking of lane

markings,” IEEE Transactions on Intelligent
Transportation Systems, Vol. 13, No. 3, pp. 1088-1098,
Sep., 2012.

[18] R. E. Schapire, and Y. Singer, “Improved boosting

confidence-rated predictions,”
Machine learning, Vol. 37, No. 3, pp. 297-336, Dec.,
1999.

[19] H. A. Mallot, H. H. Biilthoff, J. J. Little, and S. Bohrer,

“Inverse perspective mapping simplifies optical flow

algorithms using

computation and obstacle detection,” Biological
cybernetics, Vol. 64, No. 3, pp. 177-185, Jan., 1991.

[20] M. Turk, and A. Pentland, “Eigenfaces for recognition,”
Journal of cognitive neuroscience, Vol. 3, No. 1, pp.
71-86, Dec., 1991.

[21] P. N. Belhumeur, J. P. Hespanha, and D. J. Kriegman,
“Eigenfaces vs. fisherfaces: Recognition using class
specific linear projection,” IEEE Transactions on pattern
analysis and machine intelligence, Vol. 19, No. 7, pp.
711-720, July, 1997.

[22] X. S. Zhou, and T. S. Huang, “Small sample learning

IEEE
Computer Society Conference on Computer Vision and
Pattern Recognition, pp. 11-17, Dec., 2001.

[23] Y. Lee, and S. I. Choi, “A New Confidence Measure

for Eye Detection Using Pixel Selection,” Journal of

during multimedia retrieval using biasmap,”

Korea Information Processing Society, Vol. 4, No. 7,
pp. 291-296, July, 2015.

[24] M. A. Fischler, and R. C. Bolles, “Random sample
consensus: a paradigm for model fitting with applications
to image analysis and automated cartography,”
Communications of the ACM, Vol. 24, No. 6, pp. 381-395,
June, 1981.



34  Journal of The Korea Society of Computer and Information

Authors

Tae Young Kim received the B.S.
degree from the Department of Applied
Computer Engineering, Dankook
University, Korea, in 2015 and the M.S.
degree from the Department of
Computer Scinece and Engineering,

Dankook University, Korea in 2017.

His research interests include machine learning and
computer vision, and their applications.

Nojun Kwak received the B.S., M.S.,
and Ph.D. degrees from the School of
Electrical Engineering and Computer
Science, Seoul National University,
Korea, in 1997, 1999, and 2003,
f respectively. He was with Samsung

xs Electronics, Korea, from 2003 to 2006.
In 2006, he joined Seoul National University as a BK21
Assistant Professor. From 2007 to 2013, he was a
Faculty Member of the Department of FElectrical and
Computer Engineering, Ajou University, Suwon, Korea.
Since 2013, he has been with the Graduate School of
Convergence Science and Technology, Seoul National
University, Suwon, Korea, where he is currently an
Associate Professor. His current research interests
include pattern recognition, machine learning, computer

vision, data mining, image processing, and their

applications.

Sang-Il Choi received the B.S. degree

from the Division of Electronic
Engineering, Sogang University, Korea,
in 2005 and the Ph.D. degree from the
School of Electrical Engineering and
Computer Science, Seoul National
University, Korea, in 2010.

He was a Postdoctoral Researcher in the BK21
Information Technology, Seoul National University, in
2010 and in the Institute for Robotics and Intelligent
Systems of Computer Science Department, University of
Southern California, Los Angeles, until August of 2011.
He is currently an Associate Professor with the
Department of Computer Science and Engineering,
Dankook University, Korea. His research interests
include pattern recognition, feature extraction and
selection, machine learning, computer vision, and their
applications.



