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Abstract: A fast and robust fundamental matrix estimation method based on Sequential Similarity De-
tection Algorithm (SSDA) is presented to estimate the fundamental matrix rapidly and accurately.
The SSDA is introduced into the Maximum a Posteriori Sample Consensus (MAPSAC) to search the
optimum model parameters and the accumulation times of computing a cost function are cut down by
eliminating the false model as soon as possible, which not only keeps the better robustness of MAP-
SAC, but also reduces its computation effectively. Then, the initial inliers obtained by the improved
MAPSAC are optimized with a M-estimator. Those inliers with larger residual errors are removed and
the optimized inliers are used to compute the fundamental matrix to enhance the precision and improve
the robustness of the algorithm. Experiment results demonstrate that the proposed algorithm per-
forms better in accuracy and robustness, and its average speed has increased at least 30% as compared
with that of the MAPSAC. The proposed algorithm can satisfy the requirements for real-time, preci-

sion and robustness in the fields such as three-dimensional reconstruction, image matching, image
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tracking and camera self-calibration.

Key words: Sequential Similarity Detection Algorithm(SSDA) ; fundamental matrix estimation; Maxi-

mum a Posteriori Sample Consensus(MAPSAC); M-estimator
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Fig. 1 Flow scheme of proposed algorithm
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Tab.1 Accuracy comparison of five algorithms
MestTorr LMedSeig RANCAC MAPSAC Proposed
WE bR BE ARdEXE W bR I MR E 0 RRdER
6=0. 0,outliers 0% 0. 000 0. 000 0. 000 0. 000 0. 000 0. 000 0.007 0.011 0. 000 0. 000
6=0. 0,outliers 10% 4.714 2.994 0. 000 0.000 17.124 31.204 0.122 0. 106 0. 000 0. 000
6=0. 1.outliers 0% 0.062 0.041 0.107 0.088 0.107 0.088 0.157 0.142 0.045 0.029
6=0. 1,outliers 10% 4.130 2.997 0.098 0.077 19.675 46.505 0.789 0. 810 0.047 0.027
6=0. 5,outliers 0% 0.367 0.207 0.538 0.362 0.538 0.362 0.877 0.731 0.260 0.133
6=0. 5,outliers 10% 3.147  2.883 0.586 0.434 19.262 49.243 0.611 0.464 0.243  0.150
6=1. 0,outliers 0% 0. 814 0.463 1. 065 0. 744 1. 065 0. 744 1.315 0.993. 0. 556 0.322
6=1. 0,outliers 10% 4,089 4.326 1.052 0.803 21.264 53.481 2.557 1.966  0.454  0.246
Urban scene 0.279 0. 189 0. 319 0.269 0. 440 0. 334 0.463 0. 380 0.184 0.109
Underwater scene 0.475  0.368 1.487 1.514 1.725 2.138 0.928 0.890 0.390  0.238
Wall scene 0.529  0.434 14.274 14.481 18.714 21.027 1.927 2.830 0.307 0.196
Arial scene 0.161 0.106 0.149 0.142 0.149 0.142 0.209 0.179 0.116 0.071
Mobile robot scene 0.593 0.524 1.319 2.020 4.080 7.684 1.346 2.025 0.198 0.131
Kitchen scene 0.263 0.191 0.545 0.686 2.623 3.327 0.617 0.685 0.172 0.128
Graffiti scene 1.419 4.636  3.412  6.358 171.99 263.22 1.611 2.542 0.318 0.219
Boat scene 70.67  75.97 30.49  64.98 132.31 213.38 6.025 41.64  0.366  0.285
Cars scene 0.530 0.355 0.818 1.673 50.334 72.84 41.375 3.106 0.101  0.065
Bikes scene 0.447 0.310 0.781 0.982 10.442 16.566 1.088 1.872 0.282 0.166
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Fig.5 Robustness comparison of five algorithms with the wall scene
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Fig. 6 Robustness comparison of five algorithms with the boat scene
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