A new Inlier identification scheme for robust
estimation problems

Abstract— Common goal of many computer vision and robotics tackled reliably. Many of the practical problems have been
algorithms s to extract geometric information from the sersory  successfully approached either by sampling based methods

data. Due to the presence of the sensor noise and errors |n(e g. RANSAC) or Hough Transform, which can empirically
matching or segmentation, the available data are often coupted e . . . '
tolerate high fractions of outliers.

with outliers. In such instances, the problem of estimationof . ) )
parametric models needs to be tackled by robust estimation ~ Our work is motivated by the class of sampling based meth-

methods. In the presence of large fraction of outliers samjilg  ods, similar in the spirit to RANSAC algorithm introduced
based methods are often employed to tackle the task. When the py Fishler and Bolles [1] , which is widely adopted for varsou
fraction of the outliers is significant and the parametric madel robust estimation problems in computer vision. When the

is complex, the traditionally used RANSAC algorithm requires . . C .
large number of samples, prior knowledge of the outlier ratd fraction of the outliers is significant and the parametricdelo

and additional, difficult to obtain, inlier threshold for hy pothesis IS complex, the traditional RANSAC algorithm requires karg

evaluation. number of samples and additional, difficult to obtain, inlie
To tackle these problems we propose a novel and efficient sam-threshold for hypothesis evaluation. In the basic algarjth

pling based method for robust estimation of model parametes individual hypotheses generated by the sampling process ar

from redundant data. The method is based on the observation | d with I d . d ked b d
that for each data point, the properties of the distribution of the ~€valuated with respect to all data points and ranked based on

residuals with respect to the generated hypotheses reveahether the number of their inliers, searching for the best hypathes
the point is an outlier or inlier. The problem of inlier/outl ier The number of needed samples is related to the fraction of
identification can then be formulated as a classification prblem.  gytliers which is often not known a-priori. Although RANSAC

The proposed method is demonstrated on motion estimation .,y handle more then 50% of outliers, as the fraction of
problems from with large percentage of outliers (70%) on both i . it b hibitivel .
synthetic and real data and estimation of planar models from OUtIErs increases it becomes prohibitively expensive.

range data. The method is shown to be of an order of magnitude ~ The main contribution of this paper is a novel inlier identi-

more efficient than currently existing methods and does not fication scheme, where we propose to classify the data points

require prior knowledge of an outlier ratio and inlier thres hold. directly based on the generated hypotheses. The proposed
|. INTRODUCTION approach is very efficient, especially for data sets contatat

with large fractions of outliers and eliminates the need of

ex't\:I:(?ty (;%r;pel::ﬁ:r i\élfc;?rgazgi ;?:r?qt'iﬁeaf:;gg:ns dsatgéveT%éedefined inlier scale (threshold) and prior knowledgehef t
9 : y ' uUtlier ratio which determines the number of needed samples
sensory data range from images, laser range data, or witrdso

and the geometric information is typically represented by a1 our work we are motivated and focus on the problem

parametric model. Different models include planar surgatce L :
of the estimation of camera motion from correspondences

be estimated and segmented from the range data, motion/pose : . . ;
N : etween two widely separated views. This problem is of
estimation problems from image correspondences or ran@e

, . o eat relevance for vision based localization problemsiigd
scans. In most scenarios the data, in addition to sensog,no : ; : .
S ) ; Scale environments. In particular in the context of rekativ
are corrupted with significant fraction of outliers, due iiner

) . Iposmomng and location recognition tasks, where the came
measurements errors, mismatches in correspondencesm err . X
: ) . Lo .. pose with respect to a known landmark or reference view
in segmentation. This rules out the applications of tradai

hats to be computed. As Figure 9 demonstrates, in large scale

least squares methods for estimation. The need for robuEban environments, the matching stage and search for cor-

estimation methods has been widely acknowledged in bot . .
I . s respondences, usually yields large number of incorreateeor
computer vision and robotics communities.

Many efforts have been made to obtain provably rObugpondences. The need for robust estimation methods has been

estimators. However their breakdown poirttsire usually low previously explored in this context by several authors [10]
and they are very costly to implement in practice. Estingto

such as LMedS and LTS [9] can tolerate only 50% of outliers.;-g?.erfel strgf .f:e &ipf);lss'cogzﬁlszi(é a; fgll.?r\:vnf';: ng_cSt éogsz
Although it is desirable to design estimators with a soli ey Teview ! gor IScu

. . . Its drawbacks. Related work and partial improvements over
Lhai/oeregr?]a}alllf otc:ggﬂnandogrovrztélt(iacglr ear:bﬁgasoaﬁé;hgff t%}readitional RANSAC are discussed in Section 3. The proposed
9 P P ' ypothesis evaluation and inlier/outlier identificatiocheme

1Breakdown point of an estimator corresponds to a smallaseptage of
outliers, which can cause arbitrarily large values of thiénesor. 2RANdom SAmple Consensus.



. . . . . Outlier percentage 30%  40% 50%  60% 70%
is descrlbed in Section 4 and (_jemonstrated on synthetic dq &7 -nomt algorthm 35 106 387 1807 13694
In Section 5 we present experiments on real data and Sectipns-point algorithm 51 177 766 4570 45658
6 concludes the paper. TABLE |

I RANSAC ALGORITHM THE THEORETICAL NUMBER OF SAMPLES REQUIRED TO ENSUR®5%

. . . ONFIDENCE THAT AT LEAST ONE OUTLIER FREE SAMPLE IS OBTAINED
The essence of the RANSAC algorithm is the generation o

multiple hypotheses by means of sampling of the data. Given
the minimal number of data poings needed to estimate the
model and the fraction of the outliees we can compute the
probability p that givenm samples, at least one of the sampl
is outlier free:

of samples, expensive hypothesis evaluation stage arat inli
Cthreshold selection in various ways.

_ _ _ _ pym
p=1-(1-(1-¢")" ) I1l. RELATED WORK

In order to achieve a desired probability (confidene&f an
outlier free hypothesis and provided that the outlierstiomc ~ Chum and Matas [5] suggested to improve the efficiency of
e is known, we can compute from the above equation tliee standard RANSAC by a pre-evaluation, callgd; test. It

required number of samples: exploits the fact that for erroneous model, only a small nemb
In(1 = p) of data points needs to be evaluatedd Ifandomly selected
M=| P (2) points pass thel; 4, test the hypothesis is not considered
In(l—(1-e¢)P) |

further. This enables the authors to increase the efficieficy
Given the determined number of samplds(calculated based the hypothesis evaluation stage, but the number of samples
on Equation 2), hypothesis model parameters are estimatedremains still large. In [6], the authors proposed to selentge
each sample, followed by finding the support (typically nunsets of adjacent points based on the assumption that inliers
ber of inliers) for each hypothesis. Alternatively, a stimgp will tend to be closer to one another than outliers and there-
criterion can be used to terminate the sampling if sufficiefire increasing the probability of an outlier free hypoikes
percentage of inliers has been encountered. It has beemsh@uided sampling by quality of matches was proposed by [11]
in [5] that the stopping times for the two strategies merdibn increased the chance of sampling 'good’ correspondences
above differ only by a multiplicative factor. In the secotdge more often and hence generate good hypotheses. Torr and
the hypothesis with the largest support is chosen, andsall fisserman [12] have noticed that simple evaluation of the
inliers are used to refine the model parameters. More ddtaileypotheses by their inlier count is faulty, since it trealls a
description of the RANSAC algorithm can be found in manthe inliers equally (error terms for the inliers are congtan
papers such as [13]. Consequently, if the threshold on the residual errors which is
The larger the sample sizg it is likely that the sample is used for classifying the data points as inliers and outlgerot
outlier free and more samples are needed to achieve a tasgdtappropriately, the final model estimate will be poor.yTrhe
confidence. For illustration we show the number of samplssggested using log likelihood of the solution as the suppor
needed to estimate fundamental matrix model for displacéménstead of number of inliers. Nister [7] has demonstrated a
between two views. The fundamental matrix has 9 elemenpseemptive RANSAC scheme which can run in real time.
but only 7 degrees of freedom. When data set contaibe preemptive score was used to sequentially remove bad
50% of outliers, to estimate the fundamental matrix usingypotheses, until only the best hypothesis is left or timegdat
linear 8-point algorithm, 766 samples are needed to assiseused out. The scheme was tested on synthetic data with
95% confidence that one outlier free sample is obtained. TR8% outliers. In real experiments the points were tracked
number of required samples goes to 11779@¥ confidence. between individual frame of the video sequence and cordaine
As pointed out by [11], the theoretical number of samples s@nall fraction of outliers. Additional speed up was obtdine
wildly optimistic. In practice, the number of samples raqdi by the use of the 5-point algorithm method assuming that
to reach a good hypothesis is around an order of magnitutie camera is calibrated in advance. The issue of threshold
more. The experiments in [5] also validated this rule. Theelection for inlier identification have been addresseénty
actual number of samples needed for 99% confidence is lopn[14]. They proposed an automatic scale selection methods
the order of 5000 (our simulations confirm this), which mearfer estimation of the scale of inlier noise by analyzing the
around 5000 hypotheses need to be evaluated. As showrdistribution of residuals of each hypothesis and hencedavpi
Table I, whene = 0.7, the number of required samplegshe threshold selection stage. The inlier scale was estunat
is 45658. Consequently, the number of hypotheses to bsing iterative mean shift algorithm for locating the modes
evaluated will be on the order dfo®. For each hypothesis, the residual distribution. Although the approach was cigpab
standard RANSAC algorithm computes the residual for evehandling large percentage of outliers 85% ) on simple line
data point. Hence the computation increases linearly wifitting examples, the efficiency related to the required nemb
the number of data points. Most of the related work triesf samples and additional overhead caused by iterative scal
to alleviate the efficiency problems related to large numbestimation have not been addressed.



IV. THE PROPOSED SCHEME A. Inlier identification procedure

We will describe the proposed method on an example of

We are motivated by motion estimation problem from twg . =~ . . ) )
. ) ) : . stimation of the epipolar geometry between two views. Give
widely separated views, given image correspondencesign t O i
set of correspondences;, x; } i~ ; between two views of the

problem the model to be estimated is complex and the d%gme scene, our goal is to estimate the fundamental mtrix
often contain significant fraction of outliers. The presend ' 9

. ; . N Similarly as in the standard RANSAC scheme we first use
the outliers is particularly pervasive in large scale ootdo

urban environments and it is due to the often significaﬁ?mplmg 0 ger_1erate_a set of hypothesee, (fundamental
. . . o - matrices). This is achieved by sampling the set of correspon
viewpoint change, illumination changes and ambiguities d

u . . . )
to the repetitive structures inherent to buildings. Thes st denges by sglectln_g 8-point .Sa”.‘p'es anq estimakingsing

) : 8-point algorithm with normalization. At this stage our imed
correspondences often contain more tH&Y, outliers. As dramatically departs from the previously proposed appitesc
the Table 1 indicates using the traditional RANSAC sampli y dep P Y prop P

techniques would be prohibitively time consuming, in aidait "Wstead of evaluating/scoring each hypothesis, we lookeat t

to the issues of inlier threshold selection. Even though tﬁgta points dlrec_tly._ Fo_r each data point (e.g. correspuee):
. we study the distribution of the errors with respect to all
automated threshold selection methods [14] can overcomé

some of the difficulties, they introduce an additional oezrth hypotheses. For a hypothesisinstead of considering residual

AV T 1.+1\2

and do not affect the number of samples favorably, nor is tﬁgor (r5) - (x; F-7x?) we use the =0 cqlled Sampson
. istance which approximates the geometric distance [d®f t

number of samples known ahead of time.

s PR oint to the epipolar line and is defined as:
Note that inlier identification is at the core of RANSAC al-IO PP
(x{ Eix})*

gorithm. The final model parameters are then estimated based , ;.o
on the identified inliers. The basic premise of the sampling (r)” = (Fjx;)3 + (Fjxi)3 + (FJ,Tx;)f + (Fix})3
based algorithms, is the generation of many hypothesistwhic '
would guarantee with some confidence that an outlier frééhere (Fx); represents the square of theth entry of the
hypothesis is encountered in the set. As shown in Table VECtor F'x. Figure 1(a) and Figure 1(b) shows typical error
this depends on the complexity of the model and fraction #fstributions with respect to all generated hypothesesafor
the outliers, which is not known ahead of time. The preeneptifiata containing20% outliers. The data was generated using
RANSAC [7] is the only exception which uses a fixed numbet total of 200 3D points projected into two views related
of Samp|es (500_800), assuming outlier percentage is drod.?y genel‘al motion. Note that the residual hiStOgramS of the
20% and calibrated setting with 5-point algorithm. The asse inliers and outliers are very different. The inliers tydiga
of the preemptive RANSAC scheme is to still try to find thdave strong peaks close to 0, while the outliers don’t. We wil
good hypotheses. Although this method has been show to wé8€ this observation for classification of the points toeirdi
well with video sequence (and hence low outlier ratios)ai h and outliers based onh order statistics of their residual
not been extended to data Containing more Out“erS. distribution. The 0ut|ierS histogram Of residua|S, Carll)diave

In the presented approach, we instead of evaluating tAigh count in the first bin, because some hypotheses are
goodness of individual hypothesis generated by the Sammﬁenergted using the s_amples which cqntaln the outl|_erf.|tsel
process, we evaluate the residuals of each data point withf this reason the*" bin was set to 0 prior to computation of
respect to all hypotheses. The proposed method is based!é Statistics. The strong peak of the inlier's error duition
the observation, that for each data point the propertiggh@ri COMeS from two sources: the inlier can be included in several
order statistics) of the distribution of the residuals wigspect S&MPples and it can be expected that several good hypotheses
to the generated hypotheses reveal whether the point is YApding a low residual error are included in the hypotheses
outlier or inlier. The problem of inlier/outlier identifian can S€t- In this example the probability that an 8-point sample i
then be formulated as a classification problem. The pregengitlier free is0.8% ~ 0.168, the expect number Og outlier
approach relies on the continuity of the hypothesis spaft§® Samples is approximately.168 x 500 = 84. * The
populated by hypotheses generated by sampling and does#¥pPer of samples used to generate the hypotheses is set
require per se a presence of an outlier free hypothesis.eHeffe P& IV = 500. Based on our experiments, 500 samples
the large number of samples is not necessary. The approdBRroximate sufficiently the residual histogram, whichhie t
in addition to its efficiency does not require prior knowledgfoun_dat'on for |nI|_er identification. Con5|_der|ng the siné
of the outliers percentage and doesn’t need any threshfl§ image plane isl00 x 600, the error histogram has 150
for identification of inlier's support of the hypothesis. WePinS, representing the Sampson error ranging from 0 to 149
demonstrate the performance of the proposed method on {39€ enough to capture the detail of the error distrioytio
problem of motion estimation, with varying outlier percages Ve disregard errors greater than 149.
(up to 70%) and show that we can correctly identify the 1) Feat.ures for characf[enzmg the distributionin ord(.er.to
inliers over varying fractions of outliers with fixed numbefharacterize the qualitative differences between theillist
of samples. In the next section we will describe the approaCQThe number of outlier free samples obeys a binomial digiobuwith N

and Jl'_IStlfy itona swr_1p|e example. EXtenSN_e S|mUI_at|0nd Akials and the probability of success is the probabilityt taample is outlier
experiments on real images are presented in Section 4.  free.
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with no more thanl0% outliers as our experiments show.
The inlier identification procedure for the case of funda-

P mental matrix estimation is summarized below.
J?$.
y - I d_,,«ﬂ‘”"ﬁ Algorithm 1 Inliers identifications procedure
T N o o 1) Randomly selectV 8-point samples and generaié
@ (b) © fundamental matrix hypothes¢$’;},j =1,2..., N.
Fig. 1. Error distribution for a true inlier (a) and a true lart (b), € = 0.2. 2) For each correspondence (data point), compute its Samp-
(c): plot of skewness vs. kurtosis computed for all residlisfributions of the son error [3]sz‘ with regard to each hypothesis.

200 data points (red '+’ represents inliers, while blue 'gpresents outliers.) 3) For each correspondence, estimate its residual distribu

tion by constructing histogram d¥ residuals associated
with it. The histogram is used to evaluate whether the
correspondence is an inlier.

) For theC' histograms, of residuals compute the value of
kurtosis 8, to characterize each of them. In this stage
each correspondence is represented by a point in the 1D
kurtosis space.

5) Use k-means clustering algorithm to cluster the data into

two groups, which are identified inliers and outliers or

E(z —p)® @ simply rank the points by their kurtosis value.

o3 '
Skewness of the normal distribution (or any perfectly symme Note that the proposed scheme doesn't need a predefined
ric distribution) is zero. If the value .Of skewness is pesifithe threshold for inliers. The RANSAC schemes require a thresh-
data are sp_reaq out more to the right of the mean_thgn O %8 7 to determine whether a data is inlier. As mentioned
left. Kurtosis3 is the degree of peakedness of a d|str|but|oi [12], the choice of the threshold is a sensitive parameter

WhiCh in our case measures how outlier prone a diStribUti%d can affect the performance dramatically. Without thexdne
is. Kurtosis is defined as: for the predefined” makes the proposed scheme very flexible
= E(z —p)* (5) to handle different data, which shows clear advantage over
4 standard RANSAC scheme.

For the two histogra}ms shown in Figure 1, .the kurtosis qrgi_ Asymptotic running time analysis

skewness for the inlier are 24.4 and 4.6, while for the outlie , )

they are much smaller: 7.6 and 1.7, respectively. These char'VOt€ the steps 3, 4, and 5 of Algorithm 1 require extra
acteristics capture the fact that inlier's histogram ofdeals CcomMPutation compared to standard RANSAC. Givérsam-

has much stronger peak than that of an outlier and can be uBlep and” correspond_ences, constructing the histograms takes
as feature for further classification. O(N_X_C) "_md computing the Vall_Je OT kurt05|s_ taI(é(a_Nx_C)
We can plot the values of skewness and kurtosis for ea@jltiPlications; k-means clustering in one dimension isyve

data point in 2D, as Figure 1(c) shows. Note that the kurto&Hicient. Together, the computation time they require are
and skewness are correlated, thus it's not necessary to than the second hypothesis evaluation stage of standar

the two statistics together. In our case only kurtosis isidee RANSAC which requiresO(N x C') matrix multiplication.
identifying the inliers, making the classification more @ént. In our experiments the number of sampl_]@ffswas set to be
From the plot, we can see that the inliers and outliers havd0- We have also evaluated the sensitivity of our methods
different values of skewness and kurtosis. Hence they can'¥ih respect to the number of samples and obtained repeatabl

easily separated, either by k-means clustering algorithmeo performance for varying outlier ratio when the number of

can simply rank the points in the order of decreasing kmtoﬁamples varied between (400 - 100_0)' Note that this is an
and consider the tog: to be inliers. Notice that the true IMProvement of an order of magnitude compared to the

inliers have kurtosis with much larger variance than thateg WOTKS [3]. Just for comparison, the standard RANSAC reguire
outliers. Consequently, some true inliers will be misdkes O (1 > C) matrix multiplication to evaluate all the hypotheses.
as outliers after the grouping. This however will not cause ithout knowing outlier percentage a-priofi/ has to be set
problem for the model estimation, because enough truergnligonservatively, e.gM = 30000 to handIeGO% outhers_ [.15]'

are identified. Also, a small number of true outliers might pgence the presented approach is much more efficient than

included in the identified inliers set. The standard RANSA&!andard RANSAC, especially when the outlier percentage is

can be applied for this inliers set. The computational deteani9n-
are very low, since the outlier percentage small in this tasg_ Jjustification based on synthetic data

tions of inliers and outliers depicted in Figure 1, severdien
statistics can be used. Most commonly used are the lower
order statistics such as mean, standard deviation, skewnes
and kurtosis. Our experiments show that the skewness and
kurtosis are very discriminative for the two kinds of resatiu
histograms. Skewness measures the asymmetry of the data
around the sample mean

’7:

g

4This step is not used in our inlier identification scheme, wekasize in We have ShO\_Nn 'n_ _SeCt|(_)n IV-A conceptual e_:xample _that
the inlier identification scheme. inliers can be identified directly. In the following section



‘‘‘‘‘‘‘‘‘ Inlier identification result (50% outliers in data)
500

we will demonstrate the feasibility of our approach base
on a synthetic experiments. Set of 200 correspondences \,
generated by projecting 200 random cloud of 3D point:
placed 1000 units of focal length in front of the camere
with the depth variation of 2000. The two views were relate,
by general motion of translation around x-axis and rotatic
around y-axis of the camera frame. All the correspondenees i
corrupted by Gaussian noise (standard deviation was 1)pix¢
200 random correspondences were uniformly distributeten t *
image plane, yielding an outlier ratio ef= 0.5. Fig. 3. The kurtosis of the 400 errdtig. 4. The classification result based

As Figure 2(a) and Figure 2(b) show, error distribution fofistributions. on kurtosis.
inlier and outliers are rather different in this case=(50%).
This can be explained as follow: the residual distributidn o
each point is a mixture of two distributions. Residuals dhotion and 3D structure are set the same as in Figure 1.
Wrong hypotheses are approximately random because WrdN@ can see that kurtOSiS Value Of Out|ieI’S iS a.lWayS Sma”,
hypotheses are computed based on combination of inliers gf¢ause they have no significant peaks. The kurtosis ofsnlie
outliers; while residuals of correct hypotheses are catterdS much larger at first, meaning their error distributionddwe
and close together, because correct hypotheses are campBt¢ng peaks. Then it decreases as more outliers are added,
based on inliers only. Thus residual distributions of irfiare because outliers would disperse the peaks. When fraction of

well peaked unimodal distribution, where the mode is close eutliers e is less than0.6, the mean of kurtosis computed
0. On the other hand, for the outliers the distribution is enoPased on inliers is above t96% confidence interval of that of

spread out and has multiple modes. outliers. Therefore, the kurtosis of error histogram aisged
with inliers and outliers are statistically different, aidier
group obtained through k-means clustering is very unlikely
contain true outliers. When the outlier percentage in@gas
further but no more tha.7, the mean of inliers’ kurtosis
is close to the upper bound of that of outliers’. In this case,
the inlier cluster obtained from k-means may contain some
true outliers, but the percentage will be much lower than in
the original data. As we mentioned before, an additionad ste
of standard RANSAC on this inlier group can obtain model
parameter with a small number of samples. When outlier
@ ®) percentage goes further 75, inliers and outliers become
Fig. 2. Error distribution for a true inlier (a) and a true lart (b), e = 0.5.  indistinguishable. Figure 6 depicts the separation ofersli
and outliers in the skewness/kurtosis space as the oudlier r
Figure 3 shows kurtosis of all the 400 data points (corrécreases. The settings for the experiment were the same as
spondences). For better visibility, the data are organasd in Figure 1. This indicates that the proposed approach can
200 inliers followed by 200 outliers. Note that the inlier§10t tolerate more thaf5% outliers. In theory the standard
and outliers have quite different kurtosis. Inlier idewtion RANSAC does not have such limitation as long as enough
by k-means clustering is shown in Figure 4, depicting th&amples are evaluated. When the outlier ra®too high, the
actual projections of points on simulated image plane. Thequired number of samples is so large that it's impractical
true inliers are represented by "x”, the 138 identified irsie Work in practice. As mentioned in Section 2, whes 0.7, the
are circled and 2 false positives (outliers identified aieis) required number of samples is on the order of a half million,
are included and colored red. Other outliers are not shown fgghich is already too huge to work. So the proposed method has
better visibility. With the true positive rate aB8/200 = 68% the same working range as standard RANSAC in practice, only
and false positive rate/200 = 1%, the inlier identification thatits much more efficient. Note that the limitation is obéal
performs fairly well with this heavily contaminated data.se based on the estimation of fundamental matrix, which rexuir
As the percentage of outliers increases, it can be expec@édeast 7 data points. If the model to be estimated is simpler
that peak of inliers” error histogram becomes lower and evel@r instance affine model which requires only 3 data points
tually undistinguishable from the outlier. It's interestito see t0 estimate, more outliers can be tolerated. The reasorats th
to what extent our approach can tolerate outliers. We tred the required number of samples would decrease dramatically
study the separability of inliers from data containing efiéint i this case based on the relationship in Equation 2. We will
percentage of outliers. The number of inliers is fixed to be 2@lemonstrate this using example of plane fitting.
obtained by projecting 200 random 3D points into two widely 1) Plane fitting in 3D space:Figure 7 shows 3D data
separated views, while the number of outliers varies foirdds with 500 points, 100 points lie in a plane and are corrupted
percentage. Figure 5 illustrates the changing of kurtddi® by Gaussian noises(= 1) and 400 outliers are uniformly

250




Mean of kurtosis (computed based on error distribution) for inliers and outliers, bounded by their 95% confidence ir
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(a) One view of the data.

,un=500 outieRratio=0.800000
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Fraction of outliers “

Fig. 5. This figure shows how the kurtosis value changes wiferdnt L
portion of outliers. Mean an®5% confidence interval of inliers’ kurtosis

are shown in red, mean af$% confidence interval of outliers’ kurtosis are  ° .
shown in blue. ! o

pointr,un=500 outlRrato=0.400000 pointn,un=500 outleRrato=0.600000

e
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,5 3‘ (c) Plot of skewness vs. kurtosis cdfh- Inlier/Outlier identification result.
u it . puted for all residual distributions.

Fig. 7. Fitting 3D plane wittB0% outliers.

approach on correspondences sets with significant porfion o

. outliers of more thand0%. Three examples are shown in
Figures 9, 8 and 10. The identified inlier sets include most
true inliers with very few outliers.

Fig. 6. Plots of kurtosis vs. skewness for different outhercentage.

distributed in the space. 108 points are identified as mliet
only 10% of which are false positives.

V. EXPERIMENTS WITH REAL DATA

The proposed scheme was tested with real corresponden |
sets obtained from wide baseline matching. The putativi
correspondences were initiated based on matching of SIF
keypoints [4]. Two keypoints are set to be correspondenc
when the distance between the two SIFT keypoint descript
is less than some threshotd We ran extensive experiments
with correspondences sets containing different portiooudf
liers. We tested the methods in the domain of wide baselir
matching between two views of urban scenes and/or buildings
In addition to large change of viewpoint between the views,
these scene contain many repetitive structures, making the 8. 750 correspondences are initiated with aro&6t outliers. 364
problem of finding correspondences by means of matchitigers are identified without false positive.
local feature descriptors highly ambiguous. Our focus is on
the inlier identification capability of the proposed scheifiee It is known that the distance threshatdused for matching
identified inliers are not refined with additional RANSACthe SIFT keypoint descriptors affects the number of matches
so they might still contain few true outliers for severelyoose threshold results in many false correspondences. If
contaminated data sets. the threshold is set too tight, hardly any matches could be

When percentage of outliers is low, our approach can ideiound. Our work suggest a straightforward way to handle
tify inliers and outliers directly almost without mistak€he this: set a relatively loose threshold to obtain initial sét
low percentage of outliers can also be handled by RANSAgrrespondences, and apply the proposed scheme to identify
without excessive computational overhead. We emphasize the true inliers.

(a) identified inliers. (b) identified outliers.



for outlier identification as well as need for prior knowledg
about the percentage of outliers (which is needed when fixed
number of samples is used in standard RANSAC). We would
like to emphasize that the proposed method is especially
suitable for data with large number of outliers as motivated
and demonstrated in our application and often encountered
in wide baseline matching. The proposed scheme is tested
extensively with both synthetic and real data. We plan taeefi
the inlier identification step in future, by replacing therleans
clustering by its probabilistic version and hence obtajrtime
probability of being an inlier for each data point. We arepals

in the process of carrying out more extensive experiments
with different distributions of outliers, in order to asstée
generality of the presented method.
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(a) Pair of images. (b) identified inliers.

Fig. 10. Two frames of the widely used Corridor sequenceOQt.and
bt.006), obtained from http://www.robots.ox.ac.uk/ \dgé/. Outlier percent-
age is over50%. 134 inliers are identified with no false positive.

VI. CONCLUSION AND FUTURE WORK

In this paper we proposed a new inlier identification scheme
for robust estimation problems. We have demonstrated that i
can efficiently handle data sets containing significantlleve
outliers. Inliers can be identified directly without loogirfior
good hypothesis, thus avoiding the need for large number of
samples, which is required for standard RANSAC algorithm.
In addition to the efficiency of the proposed approach, we
have also eliminated the need for sensitive threshold tatec



