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Abstract. This paper proposes a RANSAC modification that performs
automatic estimation of the scale of inlier noise. The scale estimation
takes advantage of accumulated inlier sets from all proposed models. It
is shown that the proposed method gives robust results in case of high
outlier ratio data, in spite that no user specified threshold is needed.
The method also improves sampling efficiency, without requiring any
auxiliary information other than the data to be modeled.

1 Introduction

Many computer vision problems boil down to fitting noisy data with paramet-
ric models. The problem is difficult due to the presence of outliers, i.e., data
points that do not satisfy underlying parametric models. The solution is often
formulated as maximum a posterior (MAP) estimation of the model parameter
θ, given input data D and an user-specified threshold ε differentiating outliers
from inliers:

[θ̂] = arg max
θ

p(θ|D, ε). (1)

For specific problems, one is able to evaluate the likelihood function L(θ|D, ε)
(or simply L(θ)) at certain discrete values of θ. From Bayesian theorem, the
posterior distribution is partially known up to a normalization constant1:

p(θ|D, ε) ∝ L(θ|D, ε)p(θ). (2)

If the prior distribution p(θ) is assumed to be uniform, one can simply seek
maximum likelihood (ML) estimation:

[θ̂] = argmax
θ

L(θ|D, ε). (3)

For many computer vision problems, data with high outlier ratio renders
the standard least squares fitting useless. The likelihood function L(θ|D, ε) has
1 The likelihood function is linked to the conditional probability p(D|θ, ε) by a nor-

malization constant L(θ|D, ε) = Z · p(D|θ, ε). This constant Z is irrelevant in the
optimization problem.
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to account for the statistical nature of inlier and outlier models. Often a set
of indicator variables γ = [γ1...γN ] is assigned such that γi = 1 if the ith
corresponding data point is an inlier, and γi = 0 otherwise. For instance, a
mixture model of Gaussian and uniform distributions is used in the context of
multiview geometry estimation [1]

L(θ|D, ε) =
N∑

i=1

(
log

(
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exp
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i

2σ2

)
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1
v

))
(4)

where ei stands for ith data point error, and v is the volume of the uniform
distribution for outliers. While γ depends on (θ, D, ε), it is difficult to come
up with an analytic formula γ(θ, D, ε) and optimize (3) directly. Instead, Ran-
dom Sampling Consensus (RANSAC) [2] algorithm and its numerous variants
[1,3,4,5,6] are used to make a robust estimate of inlier sets i.e., γ, followed by a
final refinement of model parameters.

One crucial issue concerning RANSAC is its sensitivity to the user specified
threshold or the scale of inlier noise ε. If no knowledge about scale is available,
one has to simultaneously estimate model parameter and the scale from given
data, which is the principal problem to be solved in this paper:

[θ̂, ε̂] = argmax
θ,ε

L(θ, ε|D). (5)

Since for many practical problems the number of permissible models is often
prohibitively huge, it is impossible to perform exhaustive search. RANSAC ap-
proach repeatedly evaluates L only at certain randomly drawn sample models
and the best model thus far is retained as the optimal solution. The random na-
ture of RANSAC brings about the concern of sampling efficiency, i.e., how likely
a new proposed model is better than already explored models. This problem
has been recognized and methods of using guided sampling have been proposed
[4,5,7,8,9,10].

The contribution of this paper is twofold. Firstly we present a robust method
which estimates scales of inlier noise in the course of random sampling. Scales
are derived from statistics of repeated inlier data points accumulated from all
proposed models. The use of accumulated inlier points, i.e., Ensemble Inlier Sets
(EIS), provides a simple and efficient computational tool for classifying inliers
vs. outliers. The probabilistic inlier/outlier classification is then used to atten-
uate effects of extreme outliers. The resulting scale estimator, i.e., Weighted
Median Absolute Deviation (WMAD), considerably improves the accuracy of
fitting results. Secondly, this paper proposes to use Ensemble Inlier Sets for
guided sampling and demonstrates improved sampling efficiency for different fit-
ting problems. The proposed guided sampling approach does not require any
auxiliary information such as match scores and can be used in many different
fitting problems.
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1.1 Previous Work

The least median of squares (LMS) algorithm is widely used to obtain the esti-
mate of standard deviation of inlier data error [11]. Median Absolute Deviations
(MAD) was used by Torr et al. to estimate inlier noise scales in the context of
multi-view matching [12]. For data with high ratio outliers (> 0.5), MAD esti-
mator breaks down and tends to overestimate as observed by Chen et al. [13]
and present authors. In [6,13], scales were automatically derived from kernel den-
sity estimates by using a variable bandwidth mean-shift procedure [14]. Wang et
al. [15] proposed an iterative procedure alternating between estimating a scale
and using it to evaluate proposed models. Scale estimation was, again, based on
a mean-shift procedure with bandwidths linked to sample standard deviations.
Singh [16] used Kernel Maximum Likelihood estimator for decomposing range
images into a parametric model with additive unknown scale noise.

RANSAC sampling can be significantly improved by using information other
than the data to be modeled. For instance, methods in [4,5] used matching scores
from putative matching stage to classify inliers and achieved great computational
savings. Although effective in practice, these methods were restricted to multi-
view matching problem due to the inclusion of domain specific knowledge, i.e.,
matching scores. It is unclear whether the same trick can be applied to other
fitting problems, e.g. ellipse detection. Other research efforts to use guided sam-
pling included [7,8,9]. Our contribution along this direction follows our previous
work [10], in which a simple data point weighting method favored a local hill
climbing search instead of blind random sampling. The method presented in this
paper is similar in spirit, but in contrast to [10], data point weights are derived
from ensemble inlier sets instead of the best inlier set only. This modification
gracefully improves the capability of dealing with local optima for ellipse fitting
problem.

The rest of the paper is organized as follows. Section 2 is devoted to discussion
of robust scale estimators. Section 3 shows how to use Ensemble Inlier Sets to
estimate unknown scale and improve sampling efficiency. Experimental results
of applying the proposed method to line/ellipse detection, hyperplane fitting
and fundamental matrix estimation are presented in Section 4. Conclusion and
future research are discussed in Section 5.

2 Robust Scale Estimators

Let us define a model as a parameterized function f(x | θ), where x is a data
point and θ is an unknown model parameter. We aim to find models in a set
of N points xn ∈ D, n ∈ 1, 2, ...N . A point xn is said to perfectly fit the model
when f(xn | θ) = 0. For a subset of s points, there always exists a unique model
θ for which all s points fit perfectly2. We refer to such a set as a minimal sub-
set and s as the model dimensionality. For instance in line fitting, two points
would constitute a minimal subset, i.e., s = 2, while in ellipse fitting s = 5. A
2 Without loss of generality, we assume that the points in question are not degenerate.
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permissible model of D is the one defined by a minimal subset. And all permis-
sible models form a finite discrete model set Θ.

Given a scale parameter ε, we say that the inlier set for model θ is

Iε(θ) = {x ∈ D | |f(x | θ)| ≤ ε}, (6)

in which f(x | θ) is the error of fitting x with θ, and | · | is the absolute value of
the error. The value of ε is related to the scale of inlier noise. The inlier set is
referred to as the perfect set I0(θ) of model θ when ε = 0. For standard RANSAC
approach [2], the likelihood L is simply taken as the cardinality of inlier sets,
i.e., L = |Iε(θ)|. More robust results are obtained by taking into account how
well inlier points fit the estimated model [1,3].

If the scale ε is unknown and can be chosen freely, the number of inliers
takes maximum as ε̂ → ∞. One obvious solution to this problem is to use the
likelihood function as suggested in [15]

L(θ, ε|D) =
|Iε(θ)|

ε
. (7)

Unfortunately, this likelihood function may bring about another degenerate so-
lution ε̂ → 0 when any one of minimal sets is selected. As a robust solution to
avoid these degenerate cases, one could estimate the median absolute deviation
(MAD) of fitting error

ε̂MAD = median (| f(xn|θ) − median(f(xn|θ)) |) ; xn ∈ D (8)

and use its inverse as the likelihood

L(θ|D) =
1

ε̂MAD
. (9)

Notice that ε̂MAD is not a free parameter but a maximum likelihood estimation
given D and θ [17]. MAD as such is a very robust scale estimator with breakdown
point 0.5 and bounded influence function, and it is often used as ancillary scale
estimation for iterative M-estimators [18]. If inlier set distribution is assumed to
be Gaussian, one could estimate the standard deviation:

σ̂ =
ε̂MAD

Φ−1(3
4 )

= 1.4826 ∗ ε̂MAD. (10)

In many computer vision applications, however, MAD tends to over-estimate
when the outlier ratio is high (> 0.5). As a modification to MAD, Weighted
Median Absolute Deviation (WMAD) can be used to attenuate effects of extreme
outliers:

ε̂WMAD = WM(|f(xn|θ) − WM(f(xn|θ), wn)|, wn); xn ∈ D (11)

in which wn, n ∈ [1...N ] is a non-negative scalar, proportional to the probability
of each data point being an inlier. Like ε̂MAD, scale estimator in (11) is not a
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free parameter, but a quantity uniquely determined by D, θ and weights W =
[w1w2...wn]. How to assign weights wn to each data point is of crucial importance
for robust estimation of scales.

It is worth mentioning that weighted median was first used by Laplace to
characterize the solution of the bivariate computational problem [19]. The term
“weighted median” however was due to Y.F. Edgeworth, who formulated
weighted median as the optimal solution minimizing weighed sum of absolute
residuals for any given ordered sample s1, ..., sn and associated weights, w1, ..., wn

[19]. Weighted median is simply sm such that m=min{j|∑j
i=1 wi ≥

∑n
i=1 wi/2}.

This definition leads to an efficient implementation of WM, which is adopted in
our work.

3 Ensemble Inlier Sets

It follows from (6) that for any given data set D and scale ε, there exists a
mapping from a model parameter θi to its inlier set Iε(θi). The inlier set can be
represented by an indication vector γ(θi) = [γ1...γN ] with each component:

γn =

{
1 if xn ∈ Iε(θi),
0 otherwise.

n ∈ 1, 2, ...N. (12)

When many new models are proposed, corresponding inlier sets can be accumu-
lated by summing up γ(θi). We end up with a weight vector W = [w1...wN ]
associated with all data points:

W =
T∑

i=1

γ(θi). (13)

The weight for each data point counts how many times the data point has been
selected as an inlier by all T models. Notice that accumulated inlier sets are not
union of inlier sets, since repeated inlier data points are counted multiple times.
To this end, we refer it as Ensemble Inlier Sets (EIS). In following sections, we
explain its rationale and elaborate how to use EIS for robust scale estimation
and efficient sampling.

3.1 Robust Scale Estimation Using Ensemble Inlier Sets

Given a scale threshold ε, the set of associate models for data point x is defined
as the collection of permissible models that accept x as its inlier, i.e.,

Aε(x) = {θ ∈ Θ | |f(x | θ)| ≤ ε}. (14)

For all inliers xk in set Iε(θ∗), corresponding associate models intersect and the
intersection contains θ∗:

θ∗ ∈
⋂

xk∈Iε(θ∗)

Aε(xk). (15)
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If θ∗ is the optimal model and an appropriate ε is given, associate models for
inliers Aε(xk) contain many suboptimal models in the vicinity of θ∗. In contrast,
associate models of outliers contain fewer permissible models. Figure 1 illustrates
a 2D line fitting problem with associate models of inliers and outliers. It is shown
that the relative number of associate models, i.e., the count of how many times
data points in question being selected as inliers by all permissible models, can be
used to identify inliers of the optimal model. It is also shown that classification
based on this quantity is insensitive to different scales. While it is practically
impossible to enumerate all associate models for high dimensional problems, in
this work, Ensemble Inlier Set W is used instead as an estimate of the number
of associate models.

Throughout random sampling iterations, each sampling model θi, together
with W , gives rise to an estimation of scale ε̂i according to (11). Since the
likelihood function is defined as the inverse of ε̂, the maximum likelihood scale
is taken as the minima of all estimated scales:

ε̂ = min(ε̂i). (16)

The estimated ε̂ is then used to update W according to (12) and (13) in the
next iteration. The whole estimation process starts from an initial ε0 (e.g. =
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Fig. 1. Upper Left: Line fitting with 10 inliers (red circles) and 10 outliers (blue
dots). Red dotted line denotes the optimal model, blue dotted line the optimal model
±ε(= 0.45). X1 is an inlier and X2 outlier. Upper Right: Associate models plotted
in Hough domain. XY axes represent model parameters, i.e., normal vector angle α
and distance to origin r. Inlier X1 has 114 associate models (red circles) which contain
the optimal model (red star). Outlier X2 has 42 associate models (blue triangles), 224
green dots denote the rest of permissible models. Bottom Left: Number of associate
models for 10 inliers, when overestimated (dotted), true (dashed) and underestimated
(solid) scales = {2, 1, 0.5} ∗ ε are used. Bottom Right: Number of associate models
for 10 outliers.
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sigma:15.76 ninliers:28 sigma: 4.07 ninliers:16

sigma: 1.18 ninliers:13 sigma: 1.02 ninliers:11

Fig. 2. 1D point fitting example with 10 inliers (true σ = 0.98) and 20 outliers uni-
formly distributed. Four images correspond to iterations 1, 17, 70, 165 respectively. 11
detected inliers (marked with circles) have σ̂ = 1.4286 ∗ ε̂WMAD = 1.02. Dotted line:
estimated mean. Dashdot line: mean ±σ̂. Notice that σ̂ decreases from 15.76 to 1.02
while W transforms from an uniform to a peaked distribution.

∞ or ε̂MAD) and iterates between updating W and refining ε̂ separately (see
Algorithm 2). Due to (16), ε̂ decreases monotonically. It is worth mentioning
that under two boundary conditions, i.e., ε → ∞ and ε = 0, the number of
associate models are constant for any data points, and W always converges
to an uniform weighting after many iterations. Therefore, these two boundary
conditions ensure that ε̂ converges to some positive fixed point ε∗ ∈ (0, +∞).
Figure 2 illustrates an 1D data point fitting example.

Algorithm 1. RANSAC-MAD
1. Initialize ε0 = ∞.
2. Randomly draw s data points and compute the model θi defined by these points.
3. Evaluate the model and estimate ε̂i according to (8).
4. If ε̂i < ε̂, set θ̂ = θi and ε̂ = ε̂i.
5. Repeat 2–4 until #MaxIter has been reached.

Algorithm 2. RANSAC-EIS
1. Initialize ε0 = ∞, wn = 1 in W = [w1w2...wn] for all points xn.
2. Randomly draw s data points and compute the model θi.
3. Evaluate the model and update W according to (12) and (13).
4. Estimate ε̂i according to (11) by using weights W .
5. If ε̂i < ε̂, set θ̂ = θi and ε̂ = ε̂i.
6. Repeat 2–5 until #MaxIter has been reached.
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Algorithm 3. RANSAC-EIS-Metropolis
1. Initialize ε0 = ∞, assign wn = 1 in W = [w1w2...wn] and w′

n = 1 in W samp =
[w′

1w
′
2...w

′
n] for all point xn.

2. Randomly draw s data points with probability proportional to w′
n, and compute

the model θi.
3. Evaluate the model and update W according to (12) and (13).
4. Estimate ε̂i according to (11) by using weights W .
5. If ε̂i < ε̂, set θ̂ = θi and ε̂ = ε̂i.
6. If t = 1, set θs1 = θi and update W samp. Otherwise, calculate the ratio using (8):

α =
LMAD(θi)

LMAD(θst−1)
. (17)

7. Draw uniformly distributed random number U ∈ [0 1]. Set θst = θi and update
W samp if U ≤ min(α, 1), otherwise set θst = θst−1 and keep W samp unchanged.

8. Repeat 2–7 until #MaxIter has been reached.

3.2 Efficient Sampling Using Ensemble Inlier Sets

In standard RANSAC sampling, proposed models are uniformly distributed over
all permissible models:

q(θi) = 1
C ; θi ∈ Θ (18)

in which C(≈ Ns) is the total number of all permissible models. One immedi-
ately identifies a major drawback in (18): even if a suboptimal model has been
proposed and deemed as a good model, the probability of hitting the nearby
optimal model is still unchanged. We used in [10] a hill climbing algorithm to
explore the neighborhood of the best model. In this work, we use ensemble inlier
sets W to achieve efficient sampling.

If we randomly draw s data points with probability proportional to correspond-
ing weights wn, the probability of sampling a new model θ is given by

q(θ) ∝
∏

{n|xn∈I0(θ)}
wn (19)

in which I0(θ) is the perfect inlier set of θ.
We know from (12) and (13), that W has high weights for potentially true

inlier points and low weights for outliers. Therefore, this non-uniform sampling
distribution revisits more often high likelihood models, while pays less attention
to those with low likelihood scores. However, remember that W are accumulated
inlier sets of all proposed models. If some models are favored by the current W ,
they will be more likely selected and accumulated again in the updated W .
This will lead to a biased histogram with one or few models peaked while others
unduely suppressed. Special care has to been taken before we applying this
sampling strategy. In this work, we incorporate a Metropolis step [20] to ensure
that the globally optimal model can be reached in finite number of iterations.
See Algorithm 3 for detailed descriptions of the Metropolis step.
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Notice that the score function L(·|D) in (17) is set as the inverse of ε̂MAD

in (8) instead of ε̂WMAD in (11). This Metropolis step ensures the distribution
of models that are used to update W samp is independent of W samp. With this
adaptive sampling step, sampling efficiency can be significant improved, while
the accumulated histogram faithfully respects input dataset.

3.3 Algorithm Implementation

Pseudo code of three algorithms are outlined in Algorithms 1 to 3. Notice that
RANSAC-MAD is implemented as a reference point for performance evaluation.
For RANSAC-EIS-Metropolis algorithm, we need to draw random points ac-
cording to wn. This is implemented by first computing the cumulative sum of
wn and finding the index of a cumulative sum element whose ratio to the total
sum exceeds a random number U ∈ [0 1]. In order to avoid sampling degen-
erate models, we do not take repeated points. Also, if a model is numerically
ill-conditioned, it is not evaluated and a new sample model is proposed instead.

4 Experimental Results

Three algorithms are implemented in Matlab code and tested with different
fitting problems. To compare scale estimation accuracy, following [13], we mea-
sure the number of detected inliers vs. true inliers, and the ratio of estimated
inlier standard deviation to true inlier standard deviation. Sampling efficiency
is related to the number of required iterations before reaching the best model.
Note that for RANSAC-EIS-Metropolis algorithm, even if a model is rejected in
Metropolis step, it is evaluated and still counts one iteration. This gives a fair
comparison of the number of required iterations for different methods.

In every iteration, it takes RANSAC-EIS and RANSAC-EIS-Metropolis meth-
ods on average 0.07ms (3.6%) and 0.2ms (10%) extra time compared with
RANSAC-MAD. The former is the overhead in evaluating (11) and (13), while
the latter is mainly attributed to weighted sampling in step 2 and evaluating
(17) in Metropolis step. The elapse time is measured by Matlab profile, on a
1.6GHz Intel Core Duo CPU laptop.

4.1 Line, Ellipse and Hyperplane Fitting

For line fitting, 2 points are randomly drawn from dataset, and recovered models
are evaluated during each iteration. For ellipse fitting, 5 points are drawn and
the algorithm in [21] is used to recover model parameters. Ground truth line
segments and ellipses are randomly generated on a 2D region with x, y coordi-
nates between [0 100]. Each model consists of 100 points and has a random size
between 20 to 50. Gaussian noise with standard deviation 2.5 is added to x, y
coordinates of each inlier point. 200 and 160 outliers for line and ellipse respec-
tively are randomly distributed over the same region. 100 datasets are generated
and each algorithm repeats 10 times with 5 different threshold values for each
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Table 1. Performance comparison for fundamental matrix estimation

F estimation: #inliers/#true inliers σ̂in/σt #Iter

RANSAC-MAD 140/100 5.3 1623.3

RANSAC-EIS 122/100 1.7 5383.1

RANSAC-EIS-Metropolis 100/94 0.95 797.6

Table 2. Performance comparison for line, ellipse and hyperplane fitting. All numbers
are averages over 100 datasets with 10 runs for each algorithm. #Iter is the number
of iterations when each algorithm reaches the best model.

Line fitting: #inliers/#true inliers σ̂in/σt #Iter

RANSAC-MAD 257.3/94.2 17.8 4128.3

RANSAC-EIS 122.3/95.8 1.79 3137.2

RANSAC-EIS-Metropolis 105.1/96.1 0.95 175.2

Ellipse fitting: #inliers/#true inliers σ̂in/σt #Iter

RANSAC-MAD 186.3/100 24.3 1158.3

RANSAC-EIS 114.5/98.2 1.21 843.8

RANSAC-EIS-Metropolis 112.3/99.2 0.97 109.7

Hyperplane fitting #inliers/#true inliers σ̂in/σt #Iter
(d = 5):

RANSAC-MAD 148.3/93.7 5.31 3598.2

RANSAC-EIS 112.3/96.3 1.23 4178.9

RANSAC-EIS-Metropolis 113.6/98.5 1.07 357.8

Hyperplane fitting #inliers/#true inliers σ̂in/σt #Iter
(d = 9):

RANSAC-MAD 238.2/98.9 32.3 15784.3

RANSAC-EIS 124.8/92.3 1.43 23174.8

RANSAC-EIS-Metropolis 110.1/96.7 0.93 1073.1

dataset. Randomly selected fitting results are illustrated in Figures 4 and 5.
Table 2 summarizes the statistics of fitting results for different algorithms.

Hyperplane with dimension d(=5 and 9) are randomly generated on d − 1
hypercube with side length of 1. Gaussian noise with standard deviation 0.02
is added to inliers. Outliers are generated from an uniform distribution over 5
and 9 dimension hypercube which spans from -1 to 1 on each axis. Statistics of
fitting results are summarized in Table 2 as well.

As observed from Figures 4 and 5, RANSAC-MAD scale estimates are often
far too big to create the correct model. Even if the correct model is found, in-
lier noise level is considerably higher than those by RANSAC-EIS algorithm.
In contrast, RANSAC-EIS estimates scales and models more accurately, how-
ever, sometimes at the cost of more iterations. It is observed that whenever ε̂
is updated, it might take many iterations before the new scale manifests itself
into W . For RANSAC-EIS-Metropolis, on the other hand, a sharply peaked
W is accumulated in far less number of iterations. Consequently, RANSAC-
EIS-Metropolis outperforms in terms of both accuracy and efficiency. Indeed,
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Fig. 3. Fundamental matrix estimation with corridor sequence (frames 0 and 9). Up:
104 true inliers (pentagons) and 150 outliers (dots) uniformly distributed over images.
Bottom: RANSAC-EIS-Metropolis fitting result with 100 inliers, in which 94 are true
inliers and 6 mismatch. 144 outliers and 10 true inliers are rejected.

Fig. 4. 2D line segment fitting examples with 100 inliers and 200 outliers. Up to bottom
rows: the best model found by RANSAC-MAD, RANSAC-EIS and RANSAC-EIS-
Metropolis for 5 datasets. Dotted line: estimated line model. Solid line: estimated line
model ±3 ∗ σ̂.
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Fig. 5. Ellipse fitting examples with 100 inliers and 160 outliers. Up to bottom rows: the
best model found by RANSAC-MAD, RANSAC-EIS and RANSAC-EIS-Metropolis for
5 datasets. Pentagon point: estimated center. Length of solid line = 3∗σ̂ along max/min
axes.

the speedup is even more considerable for high dimensional(d = 9) hyperplane
fitting.

4.2 Fundamental Matrix Estimation

For fundamental matrix estimation, we use two frames with wide baseline (frames
0 and 9) from corridor sequence to test three algorithms. The ground truth for
this sequence is known and there are 104 inlier matches between frames 0 and
9. Eight points are randomly drawn from dataset, and a standard eight point
algorithm is used to estimate F for each iteration [22]. Gaussian noise with
standard deviation 1.0 is added to 2D coordinates of inlier points. 150 uni-
formly distributed outlier points are add to each frame. All algorithms repeat 10
times with 5 different threshold values. Figure 3 illustrates one of RANSAC-EIS-
Metropolis algorithm outputs. Table 1 summarizes comparison between different
algorithms. With no surprise, RANSAC-EIS-Metropolis still outperforms with
inlier variation ratio closest to 1 and the minimal number of iterations to reach
the best model.

We applied the proposed method to realistic fundamental matrix estimation
problem, in an application of 3D point cloud reconstruction from a collection of
photos. It was observed that the speedup over standard RANSAC ranges from
3 to 10 on average, which is less pronounced as with synthetic data in Figure 3.
This is due to the fact that outlier ratios in realistic data are relatively low,
ranging from 10% to 30%. As the proposed modification is easy to implement,
it makes sense to use the method for realistic data, regardless of outlier ratios.



194 L. Fan and T. Pylvänäinen

5 Conclusion

The proposed method addresses two important aspects of RANSAC type of
methods. Firstly, automatic scale estimation is achieved by using accumulated
inlier points from previous RANSAC iterations. Compared with other scale
estimation methods, which often rely on mean-shift algorithms, the proposed
method is self-contained and requires no additional parameters. The combina-
tion of Ensemble Inlier Set and Weighted Median Absolute Deviation provides a
robust scale estimation approach, which requires very limited modification from
standard RANSAC algorithm. Secondly, RANSAC sampling efficiency can be
significantly boosted by using EIS-based sampling. Since no auxiliary informa-
tion other than the given data is required, this method can be readily applied
to different fitting problems as demonstrated in the paper.

Ensemble Inlier Sets is a robust and efficient computational tool suitable for
any methods with random sampling nature. However, there are still open ques-
tions not addressed here. For instance, an interesting topic is to study the con-
nection between EIS-based sampling and sampling from parameter space using
Markov Chain Monte Carlo (MCMC) approaches (e.g. see pp. 361 in [1]). It fol-
lows from (19) that a Gaussian transition distribution in parameter space can be
simulated by drawing s data points according to appropriate EIS weights. But
what is the exact mapping from some arbitrary non-Gaussian transition distri-
bution to corresponding weights? Or how to design proper weight schemes such
that corresponding transition distribution have controlled behavior? All these
questions call for more research efforts and we are working on theoretic analysis
along these directions.
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