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Algorithm 15.4: RANSAC: fitting lines using random sample consensus

Determine:
§ — the smallest number of points required
N — the number of iterations required
d— the threshold used to identify a point that fits well
T — the number of nearby points required
to assert a model fits well
Until Niterations have occurred
Draw a sample of § points from the data
uniformly and at random
Fit to that set of § points
For each data point outside the sample
Test the distance from the point to the line
against d if the distance from the point to the line
is less than d the point is close
end
If there are T or more points close to the line
then there is a good fit. Refit the line using all
these points.
end
Use the best fit from this collection, using the
fitting error as a criterion

(Forsyth & Ponce)
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Line search types

exact line search: £ = argmin,. ; f(z + tAz)

backtracking line search (with parameters o € (0,1/2), 7€ (0,1))

o starting at £ =1, repeat £ := [t untl

(o +tAz) < f(x) + otV f(z) Ax

o graphical interpretation: backtrack until t <t

t=1 fy
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= Zhengyou Zhang, Parameter Estimation Techniques: A Tutorial with Application to Conic Fitting.
' http://research.microsoft.com/en-us/um/people/zhang/inria/publis/tutorial-estim/Main.html

= J.R. Shewchuk, An Introduction to the Conjugate Gradient Method Without the Agonizing Pain.
5 http://www.cs.cmu.edu/~quake-papers/painless-conjugate-gradient.pdf

= K. Madsen, H.B. Nielsen, O. Tingleff, Methods for Non-Linear Least Squares Problems.
0 http://www2.imm.dtu.dk/pubdb/views/edoc_download.php/3215/pdf/imm3215.pdf



http://research.microsoft.com/en-us/um/people/zhang/inria/publis/tutorial-estim/Main.html
http://research.microsoft.com/en-us/um/people/zhang/inria/publis/tutorial-estim/Main.html
http://www.cs.cmu.edu/~quake-papers/painless-conjugate-gradient.pdf
http://www.cs.cmu.edu/~quake-papers/painless-conjugate-gradient.pdf
http://www2.imm.dtu.dk/pubdb/views/edoc_download.php/3215/pdf/imm3215.pdf
http://www2.imm.dtu.dk/pubdb/views/edoc_download.php/3215/pdf/imm3215.pdf

