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1. INTRODUCTION

This document contains additional results obtained for [1]. In such document results were provided for synthetic data that
was used to test several robust algorithms for fundamental matrix estimation. Provided results consisted on epipole error be-
tween estimated epipoles and ground truth epipoles obtained from ground truth fundamental matrices to obtain a measure of
accuracy, and secondly, also the number of iterations needed for convergence into a solution was measured in order to obtain
a relative measure of computational cost between each fundamental matrix estimation method.

Obtained results on synthetic data allowed to determine the behavior of our implementation (i.e. PROMedS) with greater
accuracy, however, this document also provides detailed results on real data to validate the behavior of our implementation in
a more realistic scenario.

To validate our algorithm with real data, we used datasets from Middlebury’s stereo web size [2],where ground truth disparity
is available for a set of images with up to 1 pixel of precision. Such ground truth disparity was used to estimate ground truth
fundamental matrix for each dataset, however, because precision of disparity is up to 1 pixel, this method is not as accurate as
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Fig. 1. Left: Average epipolar error [5] for several fundamental matrix estimation algorithms. Outliers contain Gaussian noise
with 6 = 5 pixels, inliers do not have noise. Right: Same as left but outliers contain Gaussian noise with ¢ = 5 pixels and
inliers Gaussian noise with ¢ = 0.25 pixels, which can be seen as a more realistic measure. Non-robust methods are shown
with dashed lines and robust methods are shown with solid lines. Figures shows that PROMedS and Mixed PROMedS is
capable to adapt to the amount of inlier noise.



the one used in [1] over synthetic data where a pair of randomly generated pinhole cameras is used to directly estimate the
ground truth of the fundamental matrix.

To validate our algorithm on Middlebury’s datasets, we used a harris corner detector [3] on each pair of images to determine
the points of interest on a pair of images with up to 1 pixel of precision. Those points of interests were used to obtain possible
matches between the pair of images using Normalized Cross Correlation (NCC). For each match an NCC score ranging be-
tween -1 (i.e. worse match) and 1 (i.e. best match) was obtained. These matching scores were provided as input along with
the matched point coordinates on PROSAC and PROMedS methods.

A set of robust (e.g. RANSAC, MSAC, LMedS, PROSAC and PROMedS) and non robust (e.g. 8-points algorithm, 7-points
algorithm, weighted algorithm) algorithms [4] were used for each dataset in Middlebury’s site using the method described
above to retrieve point matches. The process was repeated several times and results were averaged on robust methods such as
RANSAC because they provide results up to a certain confidence by picking points in a random manner, which can produce
slightly different results on each run of the algorithm.

Because images on Middlebury’s site are rectified, we do not provide the epipole distance since epipoles would be located at
infinity (or as close as machine precision allows us to). Hence, measuring distance to such locations becomes meaningless
mostly because of machine precision. Instead, to compare fundamental matrices we provide an epipolar comparison measure
which is comparable to providing averaged measures of distances of projected image points towards their respective epipolar
lines. The method is further described in [5]. Figure 1 shows the epipolar comparison for the synthetic data that we used in
[1]. We provide such figure to compare later the performance of each algorithm on real data using Middlebury’s datasets.

2. RESULTS ON REAL DATA

Below we provide a table containing epipolar comparison results for datasets in Middlebury’s site for all the algorithms that
we have taken into consideration. The table shows that results are within the values that we expected, and we can see that
both PROMedS and Mixed PROMedS performs very similar to PROSAC, mostly because the accuracy of the matches and
the ground truth is limited to 1 pixel. However, PROMedS proves to be advantageous respect to PROSAC in the fact that no
threshold is needed to determine which points are inliers, since such threshold is computed automatically. This improvement
can be helpful since the threshold for methods such as RANSAC, MSAC or PROSAC might need to be adjusted in a problem
specific manner. Besides, synthetic data shows that in case that matches are provided with sub-pixel accuracy, both
PROMedS and Mixed PROMedS would yield a more precise solution with a similar computational cost than PROSAC,
which is considerably faster respect to other robust methods as was shown in [1].

As a final note, the table below also shows that non-robust methods produced better than expected results on the images that
we have tested. This fact indicates that Harris corner detector is a suitable way of finding good matches to estimate funda-
mental matrices with a small amount of outliers, otherwise non-robust algorithms would have performed worse.
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