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Abstract: In this paper, a new fast and robust fundamental matrix estimation method was proposed to
solve the problem that the estimation of fundamental matrix leads to lower estimation accuracy and
lower stability due to outliers. The method removed outliers into the computation of the fundamental
matrix instead of taking it as an independent processing step. The potential error corresponding points
were eliminated by iteration to achieve the stable estimation of the fundamental matrix. Then, the epi-
polar geometry error criterion was used to identify outliers and the estimation results of the fundamen-
tal matrix were obtained during each iteration. The iterative process could converge quickly, even if a
large number of matched outliers were present, the calculated values would soon become stable. The
results of simulation and actual experimental show that the proposed algorithm improves the estima-
tion accuracy greatly, and also ensures similar calculation efficiency at the same time. Compared with

the method of M-estimator, it has more than 30% speed improvement, and compared with the MAP-
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SAC algorithm with higher estimation accuracy, it even achieves more than 4 times.
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Fig. 2 Comparison results of simulation data sets un-

der different degrees of noise
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Tab. 1 Comparison of results by various methods in the

case of outliers of different proportions, when

standard deviation of noise is 1

M-esti- LMedS- RANS- MAPS- Propos-

Data )
mator eig AC AC ed
outliers 0.990  1.531 3.933 1.271 1.272
0% 0.640 1.536 11.598 0.948  0.950
outliers 1.023 1.366 21.079 1.191  1.220
10% 0.673 1.548 50.439 0.902  0.922
outliers 1.138  1.594 27.975 1.802  1.489
20% 0.777  1.772 61.182 1.502  1.265
outliers 1.208 1.889 63.523 1.780 1.576
30% 0.925 2.287 94.031 1.655 1.338
outliers 1.509 3.302 59.889 1.791 1.673
40% 1.177  5.058 80.247 1.615 1.399
outliers 1.977 4.273 70.657 2.386 1. 395
50 % 2.619 7.880 86.680 7.559 @ 1.221
outliers 10.453 16.423 95.367 9.075  1.690
60 % 15.189 21.184 101.17 12.818 1.697
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Tab.2 Comparison of results by various methods in the case

of outliers is 40%, standard deviation of noise is 0.5

M-esti- LMedS- RANS- MAPS- Propos-

Data
mator eig AC AC ed
9.344  20.288 93.083 0.514 0. 865
20 8.619 33.243 92.509 0.491 1. 956
7.872 12.374 77.603 3.021 1. 601
30 8.106 12.548 76.458 5.155 2.047
16.626 31.643 121.16 1.404 1.214
40 18.852 33.962 134.27 1.679 1. 796
21.542 18.499 134.71  3.747 0.771
60 24,184 28.952 139.19  4.955 1. 081
14.123 13.302 93.008 4.019 1. 358
80 18.960 15.058 126.77 5.685 1. 930
10.201 29.868 134.54 2.767 1. 793
100 11.449 35.657 152.21 4.692 1. 851
8.509 16.405 129.89 5.626 1.673
125 10.177 17.268 134.25 6.476 1. 789
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larged view of (a).
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(a)Image 1 (b) Image 2
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Tab. 3 Comparison of different methods for estimation

of real image data

M-esti  LmedS RANS MAPS Propos

Methods
mator -eig -AC -AC -ed
20.144 1.301 122.67 2.978 6.043
Imagel 26.529  3.343 157.88 4.998 4.623
64.853 91.597 148.28 38.053 8.609
Image?2 57.795 78.787 153.08 69.129 6.793
48,839 51.313 545.32 8.419 5. 306
Image3 56.229 63.776 2352.3 9.041 6. 336
0. 105 0.260 17.506  0.399 0. 308
Imaged 0.082 0.456  46.689 1.015 0.733

(g) Image 7 (h)Image 8
B4 SRR Y O 32 6 AN TR) 3 30 04 AR 1 Ak 11759
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Fig.4 Epipolar geometry is obtained by utilizing the
proposed method for the estimation of images

of different scenes
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In the image data, the internal set of points
calculated by different methods is compared,
among which (a) is the initial matching point
setsand (b) — (f) corresponds to M-estima-
tor, LMedSeig, RANSAC, MAPSAC, and
the inner set of points obtained by the pro-

posed method
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Fig. 6 Comparison of interior point sets compu-

ted by different methods in image data.
The meaning of (a) — (f) is consistent

with that given in Figure 5
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)
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Fig. 7 A comparison of the average processing time

of simulated data, in which (2) is a partial

enlarged view of (1).
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