$9% H5H g2 et E N 5 & A 2019 £9 A
Vol.9 No.5 Intelligent Computer and Applications Sep. 2019

XE4HS: 2095-2163(2019)05-0017-08 FE 425 TP391

MiFE—BER EETE R R

BER, 2HER
(AILZAXZE EREAFR, ARE 050061)

8 ZE: A —-ZEAE (Random Sample Consensus, RANSAC) J&—FhER @M B Al 105k, %07k vz i il THLE AL
TEATIR AT 1 1% T PR D B A A ) B, B JE40 T T RANSAC B ESE v, #AJ5 % RANSAC, Optimal -RANSAC,
NAPSAC, Mapsac L) Jz RANSAC-Tdd &8 50047 7T FLSCHe, fiem il ad SeR 25 50 M 1 45 Fh e e B A A e o o

K$E17 : RANSAC; BimIffii]; EMRICHL; Pl

XHERRERS A

Overview of the RANSAC and its improvement algorithm
WEI Ruoyan, JIN Yasu
( School of Information Technology, Hebei University of Economics and Business, Shijiazhuang 050061, China)
[ Abstract] RANSAC is a robust method for model estimation, this method has been widely used in machine vision. For the

problem of estimating image matching model, this paper firstly analyzes the improved RANSAC algorithm; then, series of
comparative experiments are conducted on the algorithms such as RANSAC, Optimal-RANSAC,NAPSAC, Mapsac and RANSAC-

Tdd to test their performance; finally, the features analysis of various improved algorithms are given.
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Tab. 4 Contrast information

% FehR RANSAC OPTIMAL-RANSAC Mlesac Mapsac NAPSAC RANSAC-Tdd
Building 1 12 154 7 62 121 18
t 5 000 107 5 000 5 000 5 000 1267
vpm 871 871 871 871 871 62.8
times /'s 2.89 2.89 1.941 1.864 2.484 1.97
Wall 1 9 216 21 65 54 23
t 5 000 80 5 000 5 000 5 000 989
vpm 993 993 993 993 993 34.4
times /'s 3.17 0.578 2.12 2.06 3.12 0.584
Graft 1 26 344 19 21 48 28
t 5 000 284 5 000 5 000 5 000 5 000
vpm 2 415 2 415 2 415 2 415 2 415 28.9
times /s 3.98 6.441 3.235 3.351 4.508 2.988
Book I 98 349 100 159 330 201
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vpm 1539 1539 1 539 1539 1539 23.1
times /s 2.71 0.797 2.313 2.62 1.563 2.85
Boatl 1 169 859 538 471 339 399
t 5 000 23 5 000 5 000 5 000 5 000
vpm 3151 3151 3151 3151 3151 32.2
times /'s 4.96 1.714 4.219 4.272 5.76 5.32
Boat2 1 43 273 16 22 24 31
t 5 000 112 5 000 5 000 5 000 5 000
vpm 3151 3151 3151 3151 3151 31.9
times /'s 4.89 2.257 4.247 4.285 5.74 5.413
Asteroid 1 21 344 56 51 171 89
t 5000 51 5 000 5 000 5 000 5 000
vpm 1571 1571 1571 1571 1571 24.65
times /s 2.99 0.477 2.422 2.425 3.259 1.893
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