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ABSTRACT

We propose a fast and efficient two-stage hy-
pothesis filtering technique that can improve perfor-
mance of clustering based robust multi-model fitting
algorithms. Sampling based hypothesis generation
is nondeterministic and permits little control over
generating poor model hypotheses, often leading
to a significant proportion of bad hypotheses. Our
novel filtering approach leverages the asymmetry in
the distributions of points around the inlier/outlier
boundary via the sample skewness computed in the
residual space. The output is a set of promising hy-
potheses which aid multi-model fitting algorithms
in improving accuracy as well as running time. We
validate our approach on the AdelaideRMF dataset
and show favorable results along with comparisons
to state-of-the-art.

Index Terms— Hypothesis filtering, Multi-
model fitting.

1. INTRODUCTION

Estimating geometric entities (lines, planes, homo-
graphies, fundamental matrix etc.) is an integral
part of many computer vision applications like 3D
reconstruction and object detection and recogni-
tion. Following the sampling based hypothesis
generation strategy of Random Sample Consensus
(RANSACQ) [1], several multi-model fitting meth-
ods have been proposed like multiRANSAC [2],
generalized projection based M-estimator (gpbM)
[3], J-linkage [4] and T-linkage [5]. These methods
randomly sample a minimal subset of points (2 for
lines, 3 for planes, etc.), which are either selected
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befitting a predefined criterion [2, 1, 3] or are used
to cluster the data points [4, 5]. Due to the pres-
ence of outliers and pseudo-outliers in the data, it
is crucial to generate pure minimal sample subsets,
i.e., points arising from the same inlier structure.
Performance of clustering based methods like [4, 5]
depends significantly on the quality and number of
pure hypotheses generated by the random sampling
approach. For these methods to work in practical
scenarios, an intermediate step capable of efficiently
rejecting spurious, irrelevant hypotheses is required,
thus necessitating the requirement of a hypothesis
filtering algorithm.

Many approaches that aim at generating more
promising hypotheses rely on guided or biased sam-
pling techniques, primarily driven by using some a
priori information available about the data points.
Approaches like [7, 8, 9] rely on corresponding
matching scores (e.g SIFT [10] matching score)
to bias the sampling process. Multi-GS [11] does
not assume any a priori information and creates a
conditional distribution based on hypothesis prefer-
ences (defined in terms of ordered residuals) and is
used for sampling minimal subsets, however there
is still little control over generating impure minimal
subsets.

SCRAMSAC [12] on the other hand employs
a spatial consistency filter on the sampled minimal
subsets. AKSWH [13] assigns weights to each hy-
pothesis based on the kernel density estimate of its
residuals, followed by data driven thresholding for
hypothesis rejection. In Dynamic and Hierarchi-
cal Filtering (DHF) [14], each data point is asso-
ciated with the most promising hypothesis based on
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Fig. 1: Fast Hypothesis Filtering (FHF) illustrative example.

its preferences and the hypotheses that are not as-
sociated with a data point are filtered. In simulta-
neous sampling and filtering approaches like DHF
[15, 14] or ITKSF [14] that rely solely on prefer-
ence analysis, it is not straightforward to incorporate
prior information so readily taken by guided sam-
pling methods like [7, 8, 9].

Our hypothesis filtering approach works on the
principle that a pure model hypothesis results in a
sharp drop in density at the inlier/outlier boundary
for that structure. This results in an asymmetric dis-
tribution of residuals, which can be measured by the
sample skewness computed in the local neighbor-
hood of the inlier/outlier boundary. This intuition
is illustrated using a synthetic line fitting example
in Fig. 1. The subfigures show the various steps in
our algorithm. The dark and grey curves indicate
the response of good and irrelevant hypotheses re-
spectively. We do not make any assumptions on the
distribution of the inlier or the outliers.

The remainder of the paper is organized as fol-
lows. Section 2 describes our approach in detail. We
show empirical results in Section 3 and conclude in
Section 4.

2. PROPOSED APPROACH

Let X={z;}_, be a dataset of N data points aris-
ing from multiple structures and contaminated with
noise and outliers. We generate a set of model hy-
potheses ¥ = {6;}M, using minimal subsets of X
obtained by a random or guided sampling process.
We call a model hypothesis 6; as pure if the corre-
sponding minimal subset is comprised of only in-
lier points, all belonging to the same structure. The
hypotheses generated with mixed minimal subsets
comprising points from different structures or out-
liers are referred to as bad or irrelevant.

The goal of hypothesis filtering is to signifi-

cantly increase the proportion of pure hypotheses
by rejecting irrelevant hypothesis. Our approach,
dubbed Fast Hypothesis Filtering (FHF), is a two-
stage process, where the first stage uses a simple
and efficient skewness-based statistic to filter out a
large number of irrelevant hypotheses. The second
stage adopts a preference analysis based strategy to
select hypotheses that are more likely to be pure.

2.1. Stage-1: Skewness Based Filtering

For each hypothesis 6; € 9, we compute the ab-
solute residuals ! = ¢(6;, ;) for all the N data
points and sort them in non-decreasing order. The
sorted residual vectors for each hypothesis are
stacked along the rows to construct the M x N
matrix R of ordered residuals.

We measure the asymmetry around the in-
lier/outlier boundary by computing the sample
skewness over R. We take a sliding window
along each row R;. of size [wN| points, where
0 < w < 1 is the fraction of points in a window.
The step size for the sliding window is given by
[tN7], where 4 < ¢ < w. We obtain Q) overlapping
fraction bins for the i*" row R,;., each denoted by
the index set f, ¢ = 1,...,Q of the constituent
[wN] points.

We compute the sample skewness over each bin

2 i=1,...,M, ¢=1,...,Q and construct the

M x @ matrix S with entries as

sa=may 2 (05) 0

JEf]

where p and o are the sample mean and the sam-
ple standard deviation of residuals corresponding to
points in f;, respectively. Since the fraction bin
containing the inlier/outlier boundary is expected to
have a high positive skewness score, for each model
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hypothesis, we retain only the top three skewness
scores and set the rest to zero. This yields an M x
@ matrix S, with each row containing only three
nonzero values, which are the candidate bins con-
taining the inlier/outlier boundary.

We expect higher skewness values for pure hy-
potheses and lower values for irrelevant hypotheses.
We first determine a threshold 7 on the skewness
scores, which is computed as 7 = min, max; §iq,
wherei =1,...,M and g =1,..., Q. The thresh-
old 7 serves as the skewness value corresponding to
the lowest degree of asymmetry in the distribution
of residuals at the inlier/outlier boundary for a pure
hypothesis. Thus we update our skewness matrix as

S - giqv giq >T
" 0, otherwise

The nonzero entries in the rows S;. are the candi-
date fraction bins for pure and bad hypotheses alike.
However, we expect the pure hypotheses arising
from the same structure to have candidate fraction
bins correlated in terms of location and skewness
value. On the other hand, bad hypotheses will
typically have uncorrelated skewness values. We
leverage this intuition by considering a weighted
sum of the skewness scores.

Algorithm 1: Preference based pruning

1 Input:{Z, V1, k, B8, a}

2 Output:{Yn} (set of hypotheses after Stage-II)
3 begin

4 for j < 110 || do
5

6

ﬂtempe{Q},C(—O
for i < 1to |94;1 # j do

oL 6!
7 olap= (|2, NZT,}'| ) /k
8 if olap > [ then
9 c+—c+1
10 Tgtemp — {'ﬂtemp U 9;}
11 if ¢ > « then
12 I+ {91 U dtemp U 9;}
13 | O {0\ du}

4 return Uy

—

Let Hy,qg = 1,...,Q be the index set of hy-
potheses at the ¢*" fraction bin that yield a skewness
value at least 7. We compute the weighted score as

cq=Hal Y Sig @

i€H,

and chose ¢ = argmax, ¢, as the largest fraction
bin index for an inlier structure. A large struc-
ture (with high inlier fraction) will generate a large
number of pure hypotheses, thus leading to posi-
tive skewness scores at the inlier/outlier boundary.
The multiplicative factor |H,| biases c, to peak at
the largest bin index. Empirical evidence in our
experiments support this intuition.

We retain all hypotheses from o that yield a
large positive skewness value (> 7) at a fraction
smaller than ¢. Our filtered hypothesis set after
Stage-I is -

191:{9i|Siq27', 01‘619,(]:1,...,(’]\} (3)
2.2. Stage-2: Preference Based Pruning

The filtered set of hypotheses U; = {6}}, j =
1,..., |0, may still contain bad hypotheses. How-
ever, this set is considerably smaller than 1} and we
can use preference analysis efficiently to eliminate
irrelevant hypotheses.

The preference based pruning is summarized in
Algroithm 1. We create a set Y"1 C X, comprising
all minimal subsets corresponding to hypotheses in
J1. We expect many of the points in X' to be inliers
as they are minimal subsets which generated several
pure hypotheses.

1

Let Izj be the index set of points in X' with
the smallest & residuals with respect to 0; € V. For
each hypothesis in 9, we find other hypotheses that
are similar, i.e., ones for which the corresponding
k-preference sets overlap significantly (> [, lines
7-8). If there are sufficient number of similar hy-
potheses (> «), we retain them as potential pure
hypotheses in ¥y (lines 11-12). The retained hy-
potheses are removed from the input set J; (line 13),
and the process is repeated until all hypotheses in ¥,
have been explored.

3. EXPERIMENTAL RESULTS
We evaluate our algorithm on the AdelaideRMF[15]
data set, which contains two sets of 19 image pairs
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Fig. 2: Multiple homography fitting.

B TKSFIEIDHF [JFHF

(2

S ROR (OB (P T \0* <& \3\
o\%@z\b e V*&\\ 28 “\e'?% Ko o8 \Q RS q’; c’\)
O
6\92\5\‘%"?’ RIS «ib ¥ ?o %v‘ S o &“ S
S [
o ‘e'b ¢ 0'\
o S

(a) IS% - all inlier subset hypotheses % after filtering

100 B TKSFIIDHF [JFHF
3s0
0 N I A T . .
S 355 é\d \)"ecﬁ Q‘” N e\o* \‘%b@ N
5O

RSN \
R S e> 'b O P O’
\%0\@00@ (\0* @'b Sid 0‘ 'b & 5\0* 0\3 b\‘\ ,bé‘e’o*c’
O o e Sl
o @ & &

0 Y

(b) CA(%)- Clustering Accuracy of T-Linkage

Fig. 3: Multiple fundamental matrix fitting.

for multiple homography and multiple fundamental
matrices each. Each image pair contains SIFT [10]
point matches and uniformly distributed outliers.
We ran all experiments using MATLAB on a 2.00
GHz Core i7 processor with 4GB RAM without any
parallel processing. We fix the parameters through
all our experiments for FHF. Stage-I: w = 0.15 and
t = 0.025; Stage-II: 3 = 0.85,k = 0.2|X"1| and
a=3.

We compared our algorithm with two state-of-
art hypothesis filtering methods: DHF [14] and
ITKSF [14]. Both competing methods use a preal-
located time budget for hypothesis generation and
filtering. We use multi-GS [11] to generate the set
1 as input to FHF. Let 7" be the total time by multi-
GS and FHF combined to process an image pair,
then we allocate 7" as the time budget for ITKSF
and DHF both. We report results averaged over 10
independent runs in Fig. 2 and Fig. 3 for multiple
homographies and multiple fundamental matrices
respectively. We say the filtering approach failed if
it did not retain any pure hypotheses for at least one
structure. The asterisk (*) indicates the algorithms
failed in at least three runs out of 10.

The percentage of pure hypotheses (IS%) re-
tained after filtering is shown in Fig. 2a and Fig.
3a. In most cases, we see that FHF outperforms
the other two competing methods for the same time

budget. We also measured the clustering accuracy
achieved by T-Linkage [5] when the input was the
set of filtered hypotheses from the competing al-
gorithms. For multiple homographies, as seen in
Fig. 2b, T-Linkage usually performs better when
FHF is used, while in case of multiple fundamental
matrices (Fig. 3b) the results for FHF are compet-
itive with the other two methods. Fig. 4 shows
sample results from the AdelaideRMF dataset. Due
to space limitations, we report the detailed results
of these experlments in the supplementary material.

(c) cubebrdtoychps

(a) johnb V
Fig. 4: Sample results of T-Linkage with FHF.

(b) symon

4. CONCLUSION

We presented a two-stage hypothesis filtering ap-
proach (FHF) that filters out bad hypotheses and
improves the performance of clustering based mul-
tiple model fitting methods. The algorithm relies on
local skewness scores in residual space and lever-
ages preference analysis to eliminate poor hypothe-
ses. We showed competitive performance with state
of the art hypothesis filtering techniques on the Ade-
laideRMF dataset.
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