Fl6k HF8M
2011 4¢ 8 J

[ R e 4l

Journal of Image and Graphics

Vol. 16, No.8
Aug. , 2011

HE%ES %S TP39] SCERARIRAG : A

X EHS:1006-8961(2011)08-1418-06

WIXRSMER I, SR, B 2T MSA AR E B R bR srdE [T]. T EEKGEIB#H,2011,16(8) :1418-1423

BT MSA AL IEHIER FEFRLTE

wam, Kasky, Eut’

D (RS AR S TR, Kb 410083 )

2 (RIS T 2R, K v 410081)

B OE: PO AR AT IR P 7 8 S b 2 i TR 5 1R, A 7 B AR AR PRI 22 RUBE 1 A AR (MSA)
I Rl U T BRI 1) S8 PR DXCSRR A, M3 ) — Bl T3l e [l AR 9 BRSO IR Al -, SR I S5 1) AL
(SVM) HEATER HAR 326 o SEUaa AR 1208 7 HAT T fRLS 52 AN A8 P, REAT A0 T A [ B A R i 2 T o

PRI PRI 2K

KR EHRI PR 2 R A B U7 B AR SCRp AL

Road oriented marking classification based on MSA invariant moment
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Abstract: To solve the road oriented marking recognition problem in complex driving environment, this paper presents a

novel approach with two steps: 1) merge multi-scale autoconvolution ( MSA) moment with affine invariant and image region

property to define a new feature descriptor to describe road oriented marking; 2) apply support vector machine (SVM) to

classify the image objects. The experimental data demonstrate that the new descriptor has an approximate projective

invariance and is suitable for road oriented marking classification in different visual angles and partly being occluded .
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Fig. 1 Straight and turn right marking in different

visual angles
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Fig.2  Orientation ellipse for different oriented marking
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Fig.3 8-class training set of road oriented marking
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