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Abstract

RANSAC is the most widely used robust regression al-
gorithm in computer vision. However, RANSAC has a few
drawbacks which make it difficult to use in a lot of applica-
tions. Some of these problems have been addressed through
improved sampling algorithms or better cost functions, but
an important problem still remains. The algorithms are not
user independent, and require some knowledge of the scale
of the inlier noise. The projection based M-estimator (pbM)
offers a solution to this by reframing the regression problem
in a projection pursuit framework. In this paper we derive
the pbM algorithm for heteroscedastic data. Our algorithm
is applied to various real problems and its performance is
compared with RANSAC and MSAC. It is shown that pbM
gives better results than RANSAC and MSAC in spite of be-
ing user independent.

1. Introduction

Regression tries to estimate a parameter vector given a
data set and a functional relation between the data and the
parameters. In many cases, it is possible that not all of the
data satisfies the given relation. These points, referred to
as outliers, interfere with the regression and lead to incor-
rect results if they are not handled properly. Robust regres-
sion algorithms are methods which perform regression on
data sets which contain outliers without a loss of accuracy
in the parameter vector estimates. Due to the complex na-
ture of computer vision algorithms, outliers are a frequent
occurrence in many applications. Any system which aims
to solve even simple visual tasks, with minimal user inter-
ference, must address the problem of outliers.

The most widely used robust algorithm in computer vi-
sion is Random Sampling and Consensus (RANSAC) [6].
Due to its ease of implementation and its applicability
RANSAC is widely used. However, RANSAC also suffers
from a number of drawbacks which make it inappropriate
for some real world applications. A considerable amount of
research has been devoted to addressing these shortcomings

e.g. [3, 11, 21, 22, 23]. Effort has also been made to under-
stand the theoretical properties of RANSAC and its equiv-
alence to other robust techniques [2]. It was shown that
data with multiple structures (contains several instances of
a model) is not equivalent to having unstructured outliers.

In this paper, we discuss an important obstruction to ap-
plying RANSAC in practice which has largely been ignored
till recently, namely the sensitivity to scale. We propose a
robust estimator which manages to overcome this problem,
the projection based M-estimator (pbM), and does not re-
quire any user intervention. Therefore, the algorithm does
not require the user to specify a scale for the noise. The
algorithm proposed here uses random sampling. A number
of methods have been proposed for improving on random
sampling using other available information. These methods
can be used in the hypothesis generation part of pbM while
keeping the rest of the algorithm the same.

In Section 2 we briefly review some of the work that
has been done to improve the basic RANSAC algorithm.
In Section 3 the heteroscedastic errors-in-variables problem
is introduced and its robust M-estimator formulation is re-
framed in terms of kernel density estimation. The pbM al-
gorithm is discussed in Section 4. The results of the ppM
algorithm are presented in Section 5 and its performance is
compared to RANSAC and MSAC.

2. Previous Work

Random sampling and consensus (RANSAC) is the most
widely used robust estimator in computer vision today.
RANSAC was proposed in [6] and has since then been ap-
plied to a wide range of problems including fundamental
matrix estimation [21], trifocal tensor estimation [22], cam-
era pose estimation [11] and structure from motion [11].
Other applications of RANSAC can be found in [8].

RANSAC has been used extensively and has proven to
give better performance than various other robust estima-
tors. Some of these estimators such as LMedS [12] were
developed in the statistics community, but were found to



not give good results for complex vision applications [15].

Improvements have been proposed to the basic
RANSAC algorithm of [6]. In [22], it was pointed out that
RANSAC treats all inliers uniformly. In other words, in the
cost function that RANSAC tries to optimize, all the inliers
score nothing while all outliers score a constant penalty.
Better performance was obtained by using a cost function
where the inlier scores a penalty depending on how well it
satisfies the required functional relation. All outliers scored
a constant penalty. This new method is known as MSAC
(M-estimator sample consensus) and was found to give bet-
ter performance than basic RANSAC. Assuming the inliers
are corrupted by Gaussian noise and the scale of the noise
o is known, MSAC uses a scale of 1.96¢ so that inliers are
rejected only 5% of the time. A slightly different algorithm
was proposed in [23], where the cost function was modi-
fied to yield the maximum likelihood (ML) estimate under
the assumption that outliers are uniformly distributed. This
algorithm was called MLESAC (maximum likelihood sam-
pling and consensus). The parameters of the noise are re-
quired to be given by the user.

The drawbacks of the random sampling component of
RANSAC have also been well documented. RANSAC sam-
ples points randomly and this can be improved based on
other information. This idea was first proposed in [19],
where the match scores from the point matching stage are
used in the sampling. By replacing the random sampling
in RANSAC by guided sampling the probability of getting
a good elemental subset was drastically improved. In [3],
RANSAC is applied to fundamental matrix estimation by
giving each point match a score which indicates the sys-
tems belief whether the point is an inlier. This score is
used in the sampling and after each estimate the score is
recursively modified. Alternatively, the sampling step in
RANSAC can be improved by combining it with impor-
tance sampling [20]. The original RANSAC algorithm is
not directly applicable to real-time problems and needs to
be modified to adapt to time constraints. In [11], a termina-
tion condition based on the execution time of the algorithm
is used to limit the sampling so that RANSAC can be used
for live structure from motion.

In spite of the large amount of research devoted to im-
proving RANSAC, a difficulty to applying it to practical
problems has often been overlooked. In general, RANSAC
requires a user-defined scale which can be thought of as
an assumption on the scale of the inlier noise. The perfor-
mance of RANSAC is rather sensitive to this scale value.

Extensions of RANSAC such as MSAC [21] and MLE-
SAC [23] also suffer from this problem. All these methods
require an estimate of the scale of the noise corrupting the
inliers and their performance is sensitive to the accuracy of
this value. Usually there is a trade-off between the number
of inliers in the model and the scale of the noise. RANSAC,

MSAC and MLESAC attempt to maximize the number of
inliers while placing an upper limit on the scale.

In many applications we have no knowledge of the true
scale of the inlier noise and only recently that there has
been interest in developing solutions to the robust regres-
sion problem which are not dependent on scale [1, 14, 16,
17, 25]. Singh et al [14] use a maximum likelihood ap-
proach under the assumption that the inlier noise is normally
distributed. The cost function is then locally optimized us-
ing a provably convergent algorithm to obtain the parameter
estimates. Wang and Suter [25] propose a two step method
to solve the problem. In the first step, they propose a robust
estimator for the scale of the inlier noise. In the second step
they optimize a cost function which uses the scale found
in the first step. However, the robust scale estimate found
in the first step is used as an estimate of the inlier noise
when deciding the inlier-outlier dichotomy. Consequently,
this estimate needs to be re-estimated as better estimates of
the true parameters are obtained.

Projection based M-estimators [1, 17] offer a novel so-
lution to the scale selection problem. The dependence on
scale is circumvented by exploiting an intrinsic relation be-
tween the optimization criteria and the data space. The pbM
estimator can handle heteroscedastic data [17] and multiple
constraints [18]. The pbM estimator works well even with
data sets where the outliers dominate the inliers [1, 17].

3. Projection Based M-Estimator

The original pbM estimator was proposed as a solution
to the robust linear errors-in-variables (EIV) model [1]. It
was later generalized to the robust heteroscedastic-errors-
in-variables (HEIV) model which is more general then the
linear EIV problem [17]. The algorithm proposed here
solves the robust HEIV problem but modifies the method
of [17]. Our method can be generalized to handle multi-
ple constraints although the details of this are not presented
here.

The robust heteroscedastic errors-in-variables problem

can be stated as follows. Lety,, € RP, 7 = 1,...,n;
represent the true value of the given data points y,. Given
n > np data points y,,¢ = 1,...,n, we would like to esti-

mate € R? and & € R such that,

yI0—a=0,i=1,...,m (1)
Yi = Yio + 6y1 6y1 ~ GI(O,O'ZCZ')

where, ¥, is an estimate of y,,. The remaining points
y;, ¢ =n1 + 1,...,n are outliers and no assumptions are
made about their distribution.

The number of inliers, 1, is unknown. Each y, is al-
lowed to be corrupted by noise of a different covariance.
This makes the problem heteroscedastic as opposed to ho-
moscedastic, where all the covariances are the same. Het-



eroscedasticity usually occurs in vision due to nonlinear
mappings between known image data and the vectors in-
volved in the regression. Given the covariance of the image
data the covariances of the vectors can be found by error
propagation. We assume that the various covariance matri-
ces, C;, are known up to a common scale o2 A global scal-
ing does not affect any further analysis and is ignored from
now on. The multiplicative ambiguity in (1) is removed by
imposing the constraint ||@|| = 1.
The robust M-estimator formulation of this problem is,

[o?é} = ar minli (y?G—a) 2)
’ B0 ns Pt "\ Ve c.o

where, s is a scale parameter. The term, y; 6 — a mea-
sures the deviation of data point from the required con-
straint. Deviations of points with larger covariances should
have less weight than points with smaller covariances. This
is achieved by the dividing by /6% C;0 which is the stan-
dard deviation of the projection, y; 6.

The loss function p(u) is non-negative, even, symmet-
ric and non-decreasing with |u|. It has a unique minimum
of p(0) = 0 and a maximum of 1 as u — Zoo. There-
fore, it penalizes points on how much they deviate from the
constraint. Greater deviations are penalized more, with the
maximum possible penalty being one.

The scale, s, controls how much error the cost function is
allowed to tolerate. The s also appears in the denominator
of (2) outside the summation. This term is usually neglected
and if the scale is held constant it does not affect the max-
imization. However, in many cases, including pbM, scores
evaluated at multiple scales are compared and this term is
necessary to account for the different scales [13, 17].

Any redescending M-estimator can be used, but in our
implementation, we use the biweight loss function,

p(u) = { i_ A=y’

The M-estimator formulation can be rewritten as

R 1 « vl -«
&,0| = argmax — k| e )
[ } & .0 nsg <s~/0TCi0>
The function k(u) = 1 — p(u) in (4) is the M-kernel func-

tion. The M-kernel function corresponding to the biweight
loss function is given by

_ [ =w?)? if <1
“(“)_{ 0 if |ul > 1.

if lul <1

if Jul > 1. 3)
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3.1. Kernel Density Estimation

Let 6 be a given direction. The projection of the data
points y; along this direction are given by y'8 and the co-
variance of this projection is given by 87 C;0. The weighted

kernel density estimate of these points, based on an even
kernel function K (u) and a bandwidth £ is

Ty
CK,h Yy z > (6)

K
nhw ; V6'C,o (h\/eTCiH

where, w; are nonnegative weights which control the rela-
tive importance of each point. The constant cx j, satisfies

cKJ,,/RK (%) de =1 %

and a normalization factor of w = ), w; is necessary to
ensure that f integrates to 1 over the real line and is a valid
density function.

The mode of this distribution is defined as the global
maximum of fe(x) Therefore

fo(z) =

Lmode — fe (LII) (8)

and this value can be computed efficiently using the mean
shift algorithm [4].

Comparing (4) and (6), it can be seen that the two func-
tions are similar. To make this similarity mathematically
precise, we have do the following. The kernel function K
is chosen to be the M-kernel function «, the weights are
taken as w; = /07 C;0 and the bandwidth h is taken as
the scale s. With these modifications, the kernel density
estimate equation of (6) becomes,

Cr s — yZTO —x

T)=— K| ——— 9
fo() nsw; <S FTCﬁ) ©)
which differs from the M-kernel formulation of (4) only by
the constant factor ¢, s /w.

This new formulation offers a computational advantage.
If 0 is close to the true value of the model and the bandwidth
h is reasonably close to s, then the mode x,,,4. should be
a good estimate of the intercept . Now, any value of the
bandwidth is satisfactory as long as we can reliably esti-
mate the intercept for a given 6. This is a much easier
requirement to satisfy than requiring the scale estimate to
be an estimate of the unknown noise scale. Furthermore,
for kernel density estimation, there exist plug in rules for
bandwidth selection which are purely data driven. For one-
dimensional kernel density estimation the bandwidth

hg =n"""med |y’ —medy] 0| < n” /50 4q (10)
J K

is proposed in [24, Sec.3.2.2]. The bandwidth is now explic-
itly dependent on the direction 8. This bandwidth is pro-
portional to the robust median absolute deviations (MAD)
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Figure 1. An example of projection pursuit. The 2D data points and the two directions, 61 and 62 are shown in the middle image. The
kernel density estimate of the projections along 6, is shown on the left. There is a clear peak at the intercept. The projections along 6> give

a more diffuse density, as seen in the right figure.

scale estimate, 0,44, Which is commonly used in vision ap-
plications. The cost function with this new bandwidth is

. 1 «— vyl -z
fo(x) = —— ) K| .
0 nhg ; hg\V 07 C;0

The constant ¢, s/w is dropped since it does not affect
the function maximization, and the dependence of the cost
function and bandwidth on the direction 0 is made explicit
in the subscript. This cost function does not integrate to
one and is not longer a kernel density. However, it is pro-
portional to a kernel density estimate and the position of
the maximum does not change. The robust heteroscedastic
errors-in-variables problem becomes

Y

[& HA} = argmax [max fo(x)} . (12)
0 T
This is a projection pursuit definition of the M-estimator
problem. The projection index is the quantity in the brack-
ets and accounts for the heteroscedasticity of the data. The
deviation of each point from the hyperplane is y7 0 — a,
and this deviation is normalized by its standard deviation,
2V OTCiO, to account for the heteroscedasticity. The inner
maximization returns the intercept as function of 6
= arg max f@(x) (13)
x

The projection pursuit approach toward M-estimation
has a clear geometric interpretation. The direction 6 can
be regarded as the unit normal of a candidate hyperplane
fitted to the p-dimensional data. The bandwidth hg defines
a band along the direction 8. The band is translated in R?,
along 6, to maximize the M-score of the orthogonal dis-
tances from the hyperplane. The M-estimate corresponds to

the densest band over all 6.
These ideas are geometrically illustrated in Figure 1. The
inliers, which lie close to a line, and outliers are shown in

the middle figure. Their projections are taken along two
directions, #; and 5. The kernel density estimate of the
projections along direction €7 is shown on the left and it
exhibits a clear mode at the intercept. The kernel density
estimate based on the projections along 6 is much more
diffuse. The mode is not that high and consequently, 65 will
have a much lower projection index than 6.

4. The pbM Algorithm

The first step of pbM consists of probabilistic sampling.
Both RANSAC [6] and LMedS [12] also rely on proba-
bilistic sampling. Elemental subsets containing the small-
est number of data points which uniquely define the model
parameters are chosen, without replacement, from the given
data set. The elemental subsets are used to get initial esti-
mate of 6.

Given an estimate of 6, the intercept « is estimated ac-
cording to (13). This mode search is done through mean
shift [4]. The density at « given by (11) is the projection
index for 8. To improve this estimate, a local search is per-
formed in the neighbourhood of 6.

The optimization criteria of (12) is non-differentiable
and derivative based methods are not directly applicable to
the function optimization. However, if we ignore the de-
pendence of hg on 6 and the relation between « and 6
as expressed in (13), the function is differentiable. These
approximations are locally valid and it is now possible to
compute the Jacobians of fO with respect to 8 and «.

By definition @ is a unit vector and therefore we need
to restrict the search to the unit sphere in R” which is a
particular case of a Grassmann manifold, G, 1, consisting
of vectors @ € RP satisfying 870 = 1. We use the first
order conjugate gradient method for Grassmann manifolds
[5] which requires the computation of Jacobians. The de-
tails can be found in [5, 18]. At convergence of this local
search, the mode is refined again using mean shift starting
at the current estimate of o and the constraint (13) is again



Figure 2. Images used for affine motion estimation. All the 51
points (inliers and outliers) matched in the two views are shown.

enforced.

This procedure of local optimization is repeated for each
elemental subset and the parameter pair (0, «) with the
highest score is taken as (6,d). Given (,@), the in-
lier/outlier dichotomy estimation is based on the kernel den-
sity estimate of the projections along 6. Starting from the
mode at & the first local minima of the distribution on both
sides are estimated. Only points with projections lying in
this window are taken to be inliers and all other points are
classified outliers.

Replacing the scale s by the bandwidth of the kernel den-
sity estimator hg is more than a simple substitution. For M-
estimators and RANSAC, the scale determines a band, and
the data points within this band are taken into consideration.
For pbM the bandwidth h@, which is data driven, is only
used in estimating the density of the projected points. The
inlier/outlier dichotomy is determined by the shape of the
density of projections along 0 and hg is not the threshold
for acceptance. The acceptance or rejection of data points
is based on the minima of the density around the mode, and
these are not sensitive to changes of bandwidth hg.

The pbM algorithm can be extended to handle multiple
constraints [18] by generalizing the M-estimator formula-
tion of (2). The parameter values now lie on a general
Grassmann manifold, G, & < p, and the computational
aspects of the algorithm can be directly extended to handle
these spaces. The procedure to obtain the inlier/outlier di-
chotomy also needs to be adapted for multiple constraints.

5. Experimental Results

In this section we compare the performance of various
robust estimators on real problems. Our algorithm was ex-
tensively tested and performed better than other estimators.
Here we present results on a few well known images which
have been commonly used to test various other methods.
In our experiments, we compare pbM with RANSAC and
MSAC. MSAC was compared to RANSAC [22], and was
shown to do at least as well as RANSAC in all cases.

For each experiment, the ground truth was either avail-

Figure 3. Results of affine motion estimation. The 19 inliers re-
turned by pbM are shown in the two images.

able or computed by hand. Given the ground truth, the scale
of the inlier noise o; was estimated. Both RANSAC and
MSAC were tuned to the optimal value of o, = 1.960%. In
a real application the ground truth is unknown and the scale
of the inlier noise is also unknown. To simulate the real
situation, RANSAC and MSAC were also run after tuning
them to the MAD scale estimate given by

Omad(0) = med |y] 6 —medy] 6| . (14)
7 7

The performance of pbM was compared to RANSAC and
MSAC tuned to both the optimal and MAD scale estimates.
The MAD scale estimate is a function of the direction 6.
Adapting the scale to 8 is slightly better than using an ini-
tial TLS fit. When RANSAC and MSAC score for two dif-
ferent direction are being compared, the scores have been
evaluated at different scales. To account for the scale vari-
ation, it is necessary to divide the score by the scale. How-
ever, RANSAC and MSAC do not do this and this affects
the results. For each of the five estimators, the same 1000
elemental subsets were used.

5.1. Affine Motion Estimation

For 2D affine transformation associated with a moving
object, ¥,, = [¥i10 Yi2o|, © = 1,2, are the (unknown) true
coordinates of a pair of salient points in correspondence.
The six parameter affine transformation between them

[y21o}:(a11 012)[y110]+[t1] (15)
Y220 a1 a2 Y120 t2

can be decoupled into two three-dimensional problems, in
ayl, a1z, t1 and ag, age, to respectively, each obeying a
linear model. Thus, the noisy measurements of correspond-
ing points are distributed around two planes in two differ-
ent 3D spaces. The transformation parameters can be found
through two separate estimation processes, and points obey-
ing the transformation must be inliers for both processes.

The images used in the experiment are shown in Figure
2. A large number of point correspondences were estab-



Figure 4. Fundamental matrix estimation for the corridor se-
quence. Frame 0O and frame 9 are shown along with all the 127
point matches (inliers and outliers).

lished using [7]. Next, the point matches on the static back-
ground were identified by having zero displacement and re-
moved. The estimation process used the remaining 51 point
correspondences of which 21 are inliers. The covariances
of the matched points are found using the method of [9] and
using a 7 x 7 window around each corner. Each data point
has a different covariance and the data is heteroscedastic.

The performance of pbM is compared with RANSAC
and MSAC in Table 1. For the ground truth, the inliers
were manually selected. This was used to estimate the inlier
noise standard deviation for each of the two 3-dimensional
problems, o\ = 1.62, ¢? = 1.17. The final RANSAC
and MSAC estimates were obtained by applying them to
the two subproblems and then combining the results. The
performance of the estimators was compared based on the
number of true inliers among points classified as inliers and
the ratio of the standard deviation of the selected points to
that of the true inlier noise. The closer the measures are to
unity the better the performance. The inliers found by pbM
are shown in Figure 3.

Table 1. Performance Comparison - Affine Motion Estimation

/3

[seldin [ 207000 [ @50

RANSAC(0,p¢) 9/9 0.30 0.28
MSAC(oopt) 9/9 0.29 0.28
RANSAC(0maq) || 14/10 9.20 22.83
MSAC(0mad) 12/10 9.76 16.52
pbM 19/19 1.13 0.92

RANSAC and MSAC give similar performances when
the true scale of noise is known. The performance degrades
when the MAD scale estimate is used while pbM does better
then both of them even without any scale estimate.

5.2. Fundamental Matrix Estimation

For fundamental matrix estimation it is necessary to ac-
count for the heteroscedasticity of the data [10]. The fun-
damental matrix between two images of the same scene ex-

Figure 5. Results of fundamental matrix estimation for the corri-
dor sequence. The 66 inliers returned by pbM and epipolar lines
of the 8 outliers misclassified as inliers are shown.

presses the geometric epipolar constraint on corresponding
points. The constraint is bilinear, and generally can be ex-
pressed as [x7, 1]F[xJ, 1]7 = 0. On linearizing we get

y=[&T L vee(x;x1)]” € RS (16)
0" &) = vee(F) 17
vio-a=0 6] = (18)

where the vec operator transforms a matrix into its column-
organized form. In the absence of any further knowledge it
is reasonable to assume that the given estimates of x;, and
Xy, are corrupted by diagonal covariance matrices. How-
ever, the linearized data vectors y are bilinear functions of
the point locations x; and x5, and therefore the vectors y do
not have the same covariances. The data vectors for the re-
gression are heteroscedastic [10]. The linearized data vector
covariances are found by error propagation.

To test our algorithm, we use two far apart frames,
frames 0 and 9, from the well known corridor sequence.
These images and the point matches are shown in Figure 4.
The ground truth for this sequence is known and from this
the inlier noise standard deviation is estimated as o; = 0.88.

Points were matched using the method of [7]. This gives
127 points with 58 inliers. Large portions of the first im-
age are not visible in the second image and these points get
mismatched. Performance is compared based on the num-
ber of true inliers among the points selected by an estimator
and the ratio between the noise standard deviation of the se-
lected points and the standard deviation of the inlier noise.
The results of the various estimators are shown in Table 2.

Table 2. Performance Comparison - Corridor Image Pair

\ | selected points/true inliers | ¢, /oy |

RANSAC(00p7) 35/30 12.61
MSAC(Gopt) 11/8 9.81
RANSAC(0,a0) 103/52 15.80
MSAC(Trmad) 41/18 9.76
pbM 66/58 1.99




Figure 6. Fundamental matrix estimation for the Valbonne se-
quence. Both images are shown along with the 85 point matches
(inliers and outliers).

It is clear that pbM outperforms RANSAC and MSAC in
spite of being user independent. The point retained as in-
liers by pbM are shown in Figure 5. True inliers are shown
as asterisks. Eight mismatches have been classified as in-
liers and these are shown as squares along with their epipo-
lar lines. For these points, the epipolar lines pass very close
to the mismatched points or one of the points lies close to
the epipoles. In such cases the epipolar constraint (17) is
satisfied. Since this is the only constraint that is being en-
forced, the system cannot detect such mismatches and these
few mismatches are labeled inliers.

We find that pbM returns accurate estimates of the fun-
damental matrix. The fundamental matrix between two im-
ages should be of rank-2. This condition is usually ignored
by robust regression algorithms. Once a satisfactory in-
lier/outlier dichotomy has been obtained, more complex es-
timation methods are applied to the inliers while enforcing
the rank-2 constraint. Consequently, the fundamental ma-
trix estimate returned by most robust regression algorithms
are not good estimates of the true fundamental matrix. In
[1] a different version of pbM, which does not account for
the heteroscedasticity of the data, was used for robust fun-
damental matrix estimation. Even in this case, it was found
that pbM gives good inlier/outlier dichotomies but incorrect
estimates of the fundamental matrix.

The heteroscedastic pbM algorithm discussed here, satis-
fies the rank-2 constraint even though it is not explicitly en-
forced. This is probably because the heteroscedastic nature
of the noise is accounted for and our estimate is very close
to the true fundamental matrix. For the estimate returned
by pbM, the ratio of the second singular value to the third
singular value is of the order of 1000. The epipoles com-
puted from the estimated fundamental matrix also matched
the ground truth epipoles.

Figure 7. Results of fundamental matrix estimation for the Val-
bonne sequence. The 45 inliers returned by pbM and epipolar lines
of the 3 outliers misclassified as inliers are shown.

The system was tested on another image pair taken from
the Valbonne sequence. The images and the point matches
are shown in Figure 6. The true matches were selected by
manual inspection to obtain the ground truth. The standard
deviation of the inlier noise was fond to be o; = 0.072.
Of the 85 points matched, 42 were inliers and the rest are
mismatches. The results of the various estimators are com-
pared in Table 3. Again, pbM does better than RANSAC
and MSAC in spite of being user-independent. The rank-2
constraint is satisfied with the ratio between the second and
third singular values of the fundamental matrix being of the
order of 10000. The epipoles from the estimated fundamen-
tal matrix also match the true epipoles.

Table 3. Performance Comparison - Valbonne Image Pair

\ | selected points/true inliers | 0, /0¢ |

RANSAC(00p7) 31726 7.36
MSAC(opt) 9/6 6.93
RANSAC(0,mad) 46/37 17.73
MSAC(Trmad) 2721 11.82
pbM 45/42 0.97

In all experiments, RANSAC and MSAC performed bet-
ter when tuned to the optimal scale value. When using the
MAD scale, the scores for each trial are estimated at dif-
ferent scales. The effect of the scale needs to be accounted
for by dividing the score by the scale. Both RANSAC and
MSAC do not do this. When using the same scale selec-
tion mechanism, MSAC does better than RANSAC which
was expected. Among the estimators compared here, pbM
clearly gives the best performance. It uses a robust data-
drive scale, and accounts for the variation in scale by nor-
malizing the score. The inlier/outlier dichotomy is sepa-
rated from the scale estimation and this makes the inlier se-



lection procedure more robust.

6. Conclusion

We presented a new robust estimator, the projection
based M-estimator, which is user-independent and does not
require an estimate of the scale of inlier noise. Other meth-
ods like RANSAC and MSAC can be improved by ac-
counting for the scale variation for different elemental sub-

sets.

However, pbM still outperforms them, gives better in-

lier/outlier dichotomies and better parameter estimates, in
spite of being completely autonomous.
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