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A Method for Fundamental Matrix Estimation Using LQS
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Abstract The fundamental matrix is an effective tool to analyze epipolar geometry and plays an important role in computer
vision. This paper analyzes the shortcoming of traditional robust methods in estimating the fundamental matrix, and
proposes a novel technique for estimating the fundamental matrix using LQS and bucketing technique in robust regression,
which eliminates the drawbacks of RANSAC and LMedS. Experimental results on synthetic data and real images show that

the proposed algorithm achieves high accuracy and robustness.
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Tab.1 The averages of discrepancy between points

and epipolar lines of 3 methods in

different noise level ( pixel)

EZS ¢ LMedS LQS LQS & 5 x5 buckets
0.5 1.074 5 0.935 4 0.762 3(£=0.2)
1.0 1.601 1 1.501 0 1.450 1(£=0.3)
1.5 5.466 5 3.2312 2.9942 (£=0.4)
2.0 7.911 2 7.173 6 6.1313 (£=0.4)
2.5 8.952 1 8.710 8 6.5692 (£=0.6)
3.0 11.115 7 9.302 5 7.141 6(£=0.6)
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Fig. 2 Comparing the computing precision of 3methods
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Fig. 3 Two real images and point correspondences
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