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Abstract

Edge detection is a basic problem in image processing. This paper presents a summary of related
works and introduces how to apply the tensor voting method in edge detection. The algorithm’s
flowchart and typical experimental result are demonstrated to show the completion characteris-
tics of the algorithm.
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Figure 1. The basic theory for tensor voting to extract the boundary
E 1 kERERIFNFREREE



SRR ] 1 PR B EEAT I S I AR AR A 1 2 R . e, TR T SR 2 () B
s K, sTORELE, o ATRKMRESH; SR RRIERIL A B K LR b, SRR
BRI R A RGAAT RN, RS R RN IIL 5 .

DF(&U)zexp(—S;j 1)

4, SLIGLERRHI

KBS BT FAREU s Bl an ] 3 A1 4 R 3 b, Bl AR B El(b) ik B
ZJa R IX A A R L B () v S A R . NIRRT BLE Y, JE SRR, X i R A
BIAFETT SR MR =AY, A5 T RSB0 - MRS A B 58, el SR rd AR B m]
IRELDCIRIL . P 3 MIAT 4 BRI SI0 e i By — 8 Bt

2 5K AR AR DUA A i R h, i T BRI E YR T & b B SR EE, 8w
LMEE R A T, 18] 3 A 4 s AR B 5] 3 R AERE S S R T — AL T, IR E
SIS R TR A 4 REET X R ) AR R I 2 ——Kanizsa FETE AR ISR, T LA Bk
KRIPAFRR TR

—ZE

SRk -

SRR

LGS R

Figure 2. The flowchart for tensor voting to extract the boundary
B 2. skERFRUFHHEREER

@ (b) ©

Figure 3. Example 1 for boundary completion. (a) Edge elements and noise; (b)
Saliency map of the boundary; (c) Detection results
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Figure 4. Example 2 for boundary completion. (a) Kanizsa rectangle; (b) Sa-
liency map of the subjective contour
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