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» RANSAC is the gold-standard algorithm for robust estimation in computer vision, in Sampling + Hopothdsis 4 Infier Coulting

tasks such as camera localization, visual odometry, and 3D mapping, among others; I|e£ prObE.\bl:Blty |s.mode|ted bi ' ' * » Fundamental matrix estimation:
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| | | Before the update:
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: | - - the best model so far — O™:
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» Our approach outperforms the 6 0°,C* < best_model ((,”f7 Qk); » Varying number of fixed iterations: Without a stopping criterion. » Varying inlier ratio: 60% inliers at a score of 0.82 and 30% at 0.92.
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