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Abstract; This paper presents a fast and accurate Random Sample Consensus (RANSAC) algorithm based on
sampling optimization. Firstly, the prior probability of the matching points is calculated by the similarity
measurement of matching points, and the minimum subset for model fitting is selected randomly according to the
prior probability, which is tested on all the data, until the suboptimal model is found through iteration. Then, the
interior point set corresponding to the suboptimal model is used as the initial set for sampling and the minimum
subset of the model is randomly exiracted and tested on all the data. If the model is better, then the initial set is
updated, and the optimal model is found through iteration. Finally, the optimal model is selected, and the interior
point and the final model parameters are obtained. The images with different changes are selected as the
experimental data, and the algorithm is tested on both the algorithm operation efficiency and the model precision.
The experimental data show that the number of iterations in this algorithm is about 20%, and its running time is
about 25% of the standard RANSAC algorithm, and the standard square root error is reduced by about 30% . This
paper makes full use of the prior knowledge of the matching point and the results of the model test to optimize the
sampling mode, so that the operation efficiency and precision of the algorithm are greatly improved.
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Fig.1 Process of the improved RANSAC
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Fig.2 Datasets used for experiments
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Tablel Comparison of different algorithms on efficiency

o RANSAC L5845

Eg B BREAR Inlies ERIKE B1THIE]S
RANSAC 1167 75 0.585
ube  BaySAC 1749 1165 56 0.378
AEk 1170 29 0.182
RANSAC 541 270 1.208
bark  BaySAC 950 538 128 0.833
A Bk 540 47 0.367
RANSAC 548 1257 4.159
graf  BaySAC 1166 532 798 2.561
AE 548 170 0.899
RANSAC 400 2290 10.639
bikes  BaySAC 890 398 1389 7.231
ASCE 406 279 2.589
RANSAC 752 4317 30.141
lewven  BaySAC 1880 749 3612 23.267
A Bk 756 1072 7.152
RANSAC 616 8330 54.746
wall  BaySAC 1660 610 5860 43.127
A Bk 626 1588 10.592
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Table 2 Comparison of different algorithms on accuracy
B ubc bark graf bikes leuven  wall
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