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Abstract

In this paper, we proposed the algorithm for the extraction of the corresponding points from images. The proposed
algorithm, EMSAC is based on RANSAC and EM algorithms. In the RANSAC procedure, the N corresponding points . are
randomly selected from the observed total corresponding points to estimate the homography matrix, H This procedure
continues on its repetition until the optimum H are estimated within number of repetition maxirmum. Therefore, it takes
much time and does not converge sometimes. To overcome the drawbacks, the EM algorithm was used for the selection
of N corresponding points. The EM algorithm extracts the corresponding points with the highest probability density to
estimate the optimum H. By the experiments, it is demonstrated that the proposed method has exact and fast performance
on extraction of corresponding points by combining RANSAC with EM.
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step 1. Randomly selects of N pairs of points to
compute an H.
step 2. Estimates parameter H
step 3. Compute the distance d(x’ Hx) for
every data
step 4. Compute the number of inliers whose
d is less a threshold.
These inliers consist a consensus set S.
step 5. If the size of S is greater than a
threshold T.
Accept parameter H and terminate.
step 6. If the size of S is less than T, repeat
above steps.
step 7. After N samplings, re-compute H from the
largest consensus set.

step 8. Fail if you get here
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Fig. 2. RANSAC algorithm.
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Step 1. Initialize @ Z(U,OZ,B'

Step 2. Expectation - step :

Estimate completed data using @’.

Step 3. Maximization ~ step :

1) Estimate @by using completed data
and update @. '

2) Compute maximum likelihood
estiration.

Step 4. Repeat E & M-step until convergence
If L is maximum value or @ =@,
accept @ and exit with success.

Step 5. Select N-points using accepted
parameter @.

Step 6. Estimates homography matrix H using
selected N-points.

Step 7. Compute the distance d(x’' Hx) for
every data.

Step 8. Compute the number of inliers whose d
is less a threshold D. These inliers consist a
consensus set S.

Step 9. If the size of S is greater than a
threshold T, accept parameter H and
terminate.

Step 10. If the size of S is less than T,

repeat above steps.
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Fig. 5 EMSAC algorithm.
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10. lteration process of EM convergence process.
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11. The results of the image matching.
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