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Abstract

We propose an Efficient Guided Hypothesis Generation (EGHG) method for multi-structure epipolar geometry estimation. Based
on the Markov Chain Monte Carlo process, EGHG combines two guided sampling strategies: a global sampling strategy and a
local sampling strategy. The global sampling strategy, guided by using both spatial sampling probabilities and keypoint matching
scores, rapidly obtains promising solutions. The spatial sampling probabilities are computed by using a normalized exponential
loss function. The local sampling strategy, guided by using both Joint Feature Distributions (JFDs) and keypoint matching scores,
efficiently achieves accurate solutions. In the local sampling strategy, EGHG updates a set of current best hypothesis candidates on
the fly, and then computes JFDs between the input data and these candidates. Experimental results on public real image pairs show
that EGHG significantly outperforms several state-of-the-art sampling methods on multi-structure data.

Keywords: Epipolar geometry estimation, Multiple structures, Guided sampling, Joint feature distributions

1. Introduction

Epipolar geometry estimation is an important task in com-
puter vision and has been successfully employed in image reg-
istration [1], image segmentation [2], motion segmentation [3],
etc. RANSAC [4] has been extensively used in computer vi-5

sion, especially for recovering the epipolar geometry from a
pair of images. The success of RANSAC and its variants (such
as [2, 5–11]) depends on whether these methods can sample
at least one all-inlier minimal subset (i.e., one clean minimal
subset). The sampling strategy used in RANSAC is random10

sampling. Random sampling has been used in many recently
proposed fitting methods (e.g., [2, 12–14]) due to its simplicity,
so it is a rather ubiquitous element of robust fitting methods.

A main deficiency of random sampling lies in that it is not an
effective (in terms of efficiency and accuracy) sampling strate-15

gy. A robust fitting method based on random sampling needs
to exponentially increase the number of samples to ensure at
least one clean minimal subset is sampled when the dimension
of the model, or the outlier ratio of the input data, grows. More-
over, in practice, data in computer vision are usually composed20

of multiple structures (i.e., model instances) [15]. In such a
case, the outliers of a structure contain both gross outliers and
pseudo-outliers (i.e., inliers belonging to the other structures are
outliers to the structure), which often leads to high outlier rates
and thus severely affects the performance of random sampling.25

To reduce the deficiency of random sampling, many recently
proposed sampling methods (e.g., [16–18]) accelerate promis-
ing hypothesis generation by exploiting prior information from
keypoint matching scores. However, these sampling methods
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only consider the single structure case: They can efficiently find30

clean subsets for single-structure data (even with a large frac-
tion of outliers) benefiting from accurate matching scores, but
they usually fail to find a “clean” solution for multiple-structure
data in a reasonable time (e.g., 10 seconds)1, where a “clean”
solution means that at least one clean minimal or larger-than-35

minimal subset is sampled for each model instance in data. This
is because the data points in the subsets sampled by these meth-
ods usually have high matching scores, but they might be from
different structures. This may lead to overfitting (the inliers of
one fitted hypothesis contain the inliers of multiple structure).40

To efficiently sample for multi-structure fitting methods2

(e.g., [2, 19–24]), which aim to simultaneously estimate all
model instances of multi-structure data, some sampling meth-
ods (e.g., [25, 26]) have been proposed to simultaneously gen-
erate promising hypotheses for all the structures of multi-45

structure data, by residual sorting. However, in a reasonable
time budget, these methods may not obtain any accurate solu-
tion for data with a low inlier rate, because using all the gen-
erated hypotheses, via residual sorting, to guide the subsequent
hypothesis generation is time-consuming. Although some oth-50

er sampling methods (e.g., [27]) can also obtain clean solutions
for multi-structure data (even with a low inlier rate), the clean
solutions obtained by these methods may be inaccurate. This
is often because the spans of minimal subsets sampled by these
methods are small due to the use of local constraints [28].55

1The time to find an acceptable solution changes with problem complexi-
ty and what is “reasonable” time also changes with purpose such as real time
operation versus simply quick. Moreover, processor advances will inevitably
improve times. Here, simply to be concrete, we choose 10 seconds as an in-
dicative “reasonable time”, for the sort of problem complexity we tackle.

2These fitting methods sample a number of minimal subsets to generate
hypotheses before model selection. If there is no single clean solution achieved
in the sampling process, the fitting methods will fail.
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In this paper, we focus on simultaneously and efficiently
sampling promising hypotheses for multi-structure data. We
propose an Efficient Guided Hypothesis Generation (EGHG)
method, which contains two guided sampling strategies (i.e.,
a global sampling strategy and a local sampling strategy), for60

epipolar geometry estimation, which aims to simultaneously es-
timate all model instances of multi-structure data.

Although the global sampling strategy in EGHG can rapidly
obtain clean solutions, the obtained solutions may not be accu-
rate enough. The local sampling strategy, on the other hand,65

can efficiently generate more accurate solutions by using Joint
Feature Distributions (JFDs) [29], which use the epipolar con-
straint to accurately characterise the dependencies among key-
point matches. However, the local sampling strategy needs the
clean solutions (i.e., the clean subsets) to compute JFDs. Thus,70

we combine the global sampling strategy and the local sam-
pling strategy, based on a Markov Chain Monte Carlo (MCM-
C) process, to rapidly generate promising hypotheses for multi-
structure data.

In detail, the sampling strategies are given as follows:75

The global sampling strategy: We propose to sample min-
imal subsets by using both keypoint matching scores and com-
putationally cheap spatial sampling probabilities in the global
sampling process to rapidly “hit” clean solutions.

The local sampling strategy: A set of current best hypoth-80

esis candidates (corresponding to different model instances in
data) is updated from the generated hypotheses by using a non-
parametric kernel density estimate technique, on the fly. Then a
hypothesis is selected from these candidates in each local sam-
pling process, where the hypothesis is generated from a sam-85

pled subset S. Following this, the JFDs between the input data
and S are computed. Finally, we propose to sample subset-
s guided by using both JFDs and keypoint matching scores in
the local sampling process, to effectively generate accurate so-
lutions. The process of updating the hypothesis candidates and90

computing the JFDs is efficient.
The rest of the paper is constructed as follows: In Sec. 2, we

review related work. In Sec. 3, we present the global sampling
strategy. In Sec. 4, we describe the local sampling strategy. In
Sec. 5, we propose the complete EGHG method, and in Sec. 695

we show the experimental results on real image pairs. Finally,
we draw conclusions in Sec. 7.

2. Related work

Recently, some guided sampling methods (e.g., [5, 7, 25, 27,
30]) have been proposed for accelerating promising hypothesis100

generation. For example, LO-RANSAC [5] inserts a local opti-
mization step into the standard RANSAC to speed up promising
hypothesis generation. However, for data with a large number
of inliers, the local optimization step may increase the computa-
tional loads by one order of magnitude. Lebeda et al. [7] solve105

this problem by introducing a limit on the number of inlier-
s used to estimate model parameters in the local optimization
step. For single-structure data with a high outlier ratio or multi-
structure data, however, these two methods cannot effectively
generate promising hypotheses due to low inlier rates.110

In [16–18, 30, 31], information exploited from keypoint
matching scores is used to accelerate promising hypothesis
generation, which can effectively handle single-structure da-
ta. However, for multi-structure data, these methods may only
sample clean minimal subsets for some model instances, which115

have a larger number of inliers with higher matching scores.
Thus, these methods usually fail to achieve one clean solution
for multi-structure data, within a reasonable time budget.

Both NAPSAC [32] and Proximity [27] focus on sampling
neighboring data to obtain clean minimal subsets. SCRAMSAC120

[6] increases the inlier ratio of filtered data by using a spatial
consistency check before sampling. These methods can achieve
good performance when the spatial proximity assumption (of
data points) is satisfied. However, this assumption may be easi-
ly violated for data with high outlier rates because outliers may125

become the neighbourhood of inliers. Note that, although the
spatial proximity assumption is also applied to guide the global
sampling strategy in the proposed EGHG, EGHG further em-
ploys a local sampling strategy, guiding sampling by using both
a set of current best hypothesis candidates and keypoint match-130

ing scores, to effectively generate accurate solutions.
All of Multi-GS [25], ITKSF [26], Multi-GS-Offset [28] and

RCMSA [33] accelerate promising hypothesis generation by
using information derived from residual sorting. These meth-
ods can effectively handle most multi-structure data. But the135

disadvantage of these methods is in that they derive informa-
tion from residual sorting, which is computationally expensive.
Thus these methods may not hit an accurate solution for data
with a high outlier ratio, within a reasonable time budget. In
addition, as pointed out in [28], another limitation of some of140

the sampling methods (such as RCMSA) is that they assume s-
patial smoothness (i.e., the inliers of a model instance must be
coherent). This assumption is more restrictive than the spatial
proximity assumed by [6, 27, 32] and is often violated in prac-
tice. The method proposed in [34] guides sampling process by145

using residual information as well. However, this method per-
forms a sequential “fit-and-remove” procedure to estimate mod-
el instances of multi-structure data. Thus, this method suffers
the drawback3 of the sequential “fit-and-remove” procedure.

Both BEEM [31] and BLOGS [30] perform a global and150

a local sampling strategy to generate promising hypotheses.
However, these methods usually cannot obtain clean solutions,
for multi-structure data, within a reasonable time budget, be-
cause they only consider the single-structure case. The pro-
posed EGHG, inspired by BLOGS, aims to effectively gener-155

ate promising hypotheses for multi-structure data. However,
EGHG is significantly different from BLOGS: (1) In the glob-
al sampling strategy, BLOGS samples minimal subsets guided
by only keypoint matching scores. This may lead to overfit-
ting on multi-structure data. In comparison, EGHG guides hy-160

pothesis generation by using sampling weights, derived from
both keypoint matching scores and spatial sampling probabili-
ties, which is described in Sec. 3. Thus, EGHG is usually much

3If the parameters of one structure are inaccurately estimated, this will af-
fect the subsequent estimation of the remaining structures as noted by several
authors (e.g., [2, 35]).
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faster than BLOGS in hitting the first clean solution, especial-
ly for multi-structure data (see Table 2 for some experimental165

results). Moreover, EGHG effectively overcomes the drawback
(i.e., overfitting) of BLOGS. (2) In the local sampling strategy,
BLOGS only selects the current best hypothesis to guide the
sampling process. In contrast, based on the weights (scored by
using a nonparametric kernel density estimate technique) of the170

generated hypotheses, we propose an update algorithm to main-
tain a set of current best hypothesis candidates on the fly (see
Sec. 4.2) and guide the local sampling process by using these
candidates (see Sec. 4.3). This enables EGHG to effectively
obtain accurate solutions for multi-structure data. Therefore,175

EGHG can be considered as an improved version of BLOGS.

3. The global sampling strategy

In this section, we first introduce the notation used in this
paper, and then we present the global sampling strategy.

Let X = {xi}
N
i=1 = {(ui, vi)}Ni=1 be N input data (i.e., the180

matches between two input images), where ui = (τλi , υλi , 1) and
vi = (τ′λi

, υ′λi
, 1) are respectively the normalized coordinates of

the ith match on the two input images (we assume that putative
matches are established by using a similarity metric), where the
global coordinate normalization [36] is performed on putative185

matches to normalize coordinates. Let ϑ = {ϑi}
N
i=1 be the key-

point matching score vector associated with X, and let Θ =

{θ1, θ2, . . . , θH} be a set of putative hypotheses generated from
the sampled subsets. The residual vector ri = [ri

1, r
i
2, . . . , r

i
N]

represents the absolute residuals of the input data with regard190

to the ith hypothesis θi.
Now, we describe the process of computing the spatial sam-

pling probability. Firstly, a datum xi is randomly chosen from
X, then the spatial sampling probability of the jth datum x j ∈ X

with regard to xi is computed as follows:

φ(x j|xi) =
1
ξ

exp
(
−
‖x j − xi‖

2

σ2

)
, (1)

where ξ =
∑N

k=1 exp
(
−
‖xk−xi‖

2

σ2

)
is a normalization constant and

the value of variance σ2 is experimentally set to 0.2.
In addition, based on the keypoint matches in the input im-

ages, we normalize the matching score ϑ j of x j as:

ϕ(x j) =
ϑ j∑N

k=1 ϑk
. (2)

The inliers from the same structure tend to be of high spatial
proximity (e.g., [6, 27, 32]), and better matched data are more
likely to be inliers (as discussed in [16–18, 30, 31]). Thus, we
propose to combine the spatial sampling probability with the
matching score of x j as follows:

% j = φ(x j|xi) ∗ ϕ(x j). (3)

In the global sample strategy, % = {% j}
N
j=1 is used as the sam-

pling weights to sample a minimal subset from the input data195

by using the Monte-Carlo method as in [30].
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Figure 1: Illustration of JFDs. (a) The original image pair with SIFT features.
The gross outliers are marked as red “+”, and the inliers of the three structures
are marked in different colors respectively. (b) A chosen subset S for funda-
mental matrix estimation. (c) The JFDs, between the input data and S, are
computed (the x axis shows the grouped data index according to the structure
membership and the y axis shows the corresponding values of JFDs). The JFD-
s between S and the data belonging to the same structure as S, are shown in
green color and they usually have higher values, while the other JFDs are shown
in red color and they usually have smaller values.

4. The local sampling strategy

The local sampling strategy aims to generate more promis-
ing hypotheses by using the matching scores and the JFDs [29]
between input data and the set of current best hypothesis can-200

didates (that are updated from the generated hypotheses, on the
fly). In this section, we describe the process of computing the
JFDs between input data and a sampled subset in Sec. 4.1. Fol-
lowing this, we propose an update algorithm for maintaining a
set of current best hypothesis candidates (corresponding to d-205

ifferent model instances in data) in Sec. 4.2. In Sec. 4.3, we
discuss the details of the local sampling strategy.

4.1. Joint Feature Distributions

JFDs can capture the dependencies among the matches.
Specifically, JFDs between a clean subset Si and the data be-210

longing to the same structure as Si have large values. Other-
wise, JFDs have low values (see Fig. 1(c)). Thus, JFDs [29]
are used to guide the local sampling process of the proposed
method.

To compute the Joint Feature Distribution (JFD) between a
datum and a subset of data, as in [29], we need to compute a
9 × m outer product vector for m matches (U,V) as:

U ⊗V = (ττ′, τυ′, τ, υτ′, υυ′, υ, τ′, υ′, 1)T, (4)

whereU andV are respectively the coordinates of the matched215

features in the two input images, and U = {uλi }
m
i=1 =
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{(τλi , υλi , 1)}mi=1 = (τ, υ, 1), V = {vλi }
m
i=1 = (τ′, υ′, 1), where

{λi}
m
i=1 ⊂ {1, 2, ...,N} is a set of indices used to identify the ele-

ments of the input data X in the m matches.
Given a sampled subset Si with a size of p, a 9 × p matrix

M is built by (4). Then, a homogeneous scatter matrix A =
1
pMM

T is obtained. The information tensor is computed as
Z =A−1. In practice, as in [29],Z = (A+ diag(ω, ..., ω, 0))−1

is computed with ω = 10−8, where ω is used to eliminate the
effect of the singularity of the smallest eigenvalue. As [30], the
JFD between the jth datum x j ∈ X and the given subset Si is
computed as:

d(x j|Si) = exp
(
−
ΛT

jZΛ j

2γ

)
, (5)

where Λ j is a 9 × 1 outer product vector based on x j by (4),
and γ is a scale parameter (usually it is set to 104) [30]. We
normalize the JFD between x j and Si as follows:

η(x j|Si) =
d(x j|Si)∑N

k=1 d(xk |Si)
. (6)

In the local sampling process of the proposed method,220

η(x j|Si) is used to compute the sampling weight of the jth da-
tum to guide sampling for multi-structure data, while BLOGS
[30] directly uses JFDs to guide local sampling for single-
structure data.

4.2. Updating a set of current best hypothesis candidates225

In order to effectively guide local sampling for multi-
structure data, EGHG maintains a set of current best hypothesis
candidates. To achieve this, EGHG first estimates the inlier
noise scales of the generated hypotheses (which can be consid-
ered as the noise level of the hypotheses) by an inlier noise scale230

estimator (described in Sec. 4.2.1). Then, based on a nonpara-
metric kernel density estimate technique, EGHG weighs the
generated hypotheses by using the obtained inlier noise scales
in Sec. 4.2.2. Finally, EGHG updates a set of current best hy-
pothesis candidates, using the obtained hypothesis weights and235

inlier noise scales, and adaptively determines the cardinality of
the hypothesis candidate set in Sec. 4.2.3.

4.2.1. The inlier noise scale estimator: IKOSE
To update a set of current best hypothesis candidates, EGHG

uses an inlier noise scale estimator to estimate scales to identify
inliers from outliers. The estimated inlier noise scales will be
used to weigh the generated hypotheses, and the identified in-
liers will be used to check if two hypotheses correspond to the
same structure. The recently proposed inlier noise scale estima-
tor (i.e., IKOSE [2]) is used in this paper. Given r̂i (a residual
vector corresponding to the ith hypothesis) and the K value,
IKOSE estimates the inlier noise scale ŝi of the ith hypothesis
as follows:

ŝi =
|r̂i

K |

F−1(0.5(1 + K/ni))
, (7)

where |r̂i
K | is the Kth ordered absolute residual by sorting r̂i in

a non-descending order; F−1(.) is the argument of the normal240

cumulative density function; and ni is the inlier number of the
ith hypothesis. More specifically, ni is set to be the number of
the input data N initially. The corresponding ŝi is computed by
using (7). After that, IKOSE iteratively estimates ni using new-
ly computed ŝi, and then computes ŝi using newly estimated ni

245

until ŝi is unchanged. The inliers of the ith hypothesis should
satisfy |r̂i

j/ŝi| < T , where 98% inliers of a Gaussian distribution
will be identified when T is set to 2.5. K is fixed to be 10%
of the whole number of data points as in [2] for all the follow-
ing experiments (i.e., IKOSE assumes that each model instance250

should contain at least 10% of the whole data points as inliers).

4.2.2. Weighting hypotheses
The nonparametric kernel density estimate technique [37]

(which computes a soft inlier count with an adaptive thresh-
old) is used for weighing each generated hypothesis. The more255

significant hypotheses are assigned with higher weight values.
The variable bandwidth kernel density is estimated at ρ in the

residual space as [2]:

v̂KE ,θ̂i
(ρ) =

1
N

N∑
j=1

1
h(θ̂i)

KE(
ρ − r̂i

j

h(θ̂i)
), (8)

where {r̂i
j} j=1,...,N is a residual vector r̂i corresponding to the ith

hypothesis θ̂i, and h(θ̂i) is the bandwidth.
The variable bandwidth is computed as [37]:

h(θ̂i) =

 243
∫ 1
−1 KE(z)2dz

35N
∫ 1
−1 z2KE(z)dz


1
5

ŝi, (9)

where ŝi is the inlier noise scale (estimated by IKOSE) of θ̂i and
KE(z) is the popular Epanechnikov kernel, which is defined as
follows:

KE(z) =

{
0.75(1 − |z|2), i f |z| ≤ 1.

0, otherwise. (10)

As in [2], the weight of the ith hypothesis is scored by using
the density estimate at the origin (O), i.e.,

wi :=
v̂KE ,θ̂i

(O)
ŝi =

1
N

N∑
j=1

1
h(θ̂i)ŝi

KE(
r̂i

j

h(θ̂i)
). (11)

EGHG uses the weights of the hypotheses to update a set of
current best hypothesis candidates to guide the local sampling260

process. This is significantly different from [2], which uses the
weights of hypotheses to fit multi-structure model instances.

4.2.3. The updating process
Let P be a set of current best hypothesis candidates selected

from the generated hypotheses so far. To guide the local sam-265

pling process, EGHG updates P for multi-structure data on the
fly, instead of only selecting the current best hypothesis as in
BLOGS [30], which usually guides the local sampling process
to generate more accurate hypotheses for only one structure.
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Algorithm 1 Updating a set of current best hypothesis candi-
dates
Input: A newly generated hypothesis θi, a set of current best

hypothesis candidates P, and a threshold δ.
Output: The updated current best hypothesis candidates P.

1: Initialize< = null
2: for each θ j ∈ P (we weigh the hypotheses by (11))
3: if θ j and θi are generated from the same structure (adju-

sted using δ), and θ j has a smaller weight value than θi

4: < =< ∪ {θ j}.
5: end if
6: end for
7: if |<| ≥ 1
8: P = (P \<) ∪ {θi}.
9: else if no hypothesis in P is generated from the same

structure as θi

10: P = P ∪ {θi}.
11: end if

This improvement enables EGHG to effectively handle multi-270

structure data. The updating process is described in Algorith-
m 1.

Inspired by [9], the proposed update algorithm is based on
the intuition that, two uncontaminated hypotheses4, generated
from different structures, will share a low fraction of their inlier-275

s in common. On the other hand, two uncontaminated hypothe-
ses, generated from the same structure, or one uncontaminated
hypothesis and one contaminated hypothesis, will share a large
fraction of their inliers in common. Note that contaminated hy-
potheses usually contain most input data as its inliers when we280

use IKOSE to distinguish inliers from outliers. However, the
main difference between [9] and the proposed update algorithm
is as follow: [9] only considers the single-structure case. Thus,
[9] cannot handle the case that two uncontaminated hypotheses
are generated from different structures. However, the proposed285

update algorithm can effectively deal with the multi-structure
case.

Here, EGHG adopts the following strategy to check whether
two hypotheses (i.e., θi and θ j) are generated from the same
structure. First, EGHG identifies the inliers of θi and θ j by
IKOSE. Second, EGHG counts the inlier number ni, j shared
by θi and θ j. The inlier numbers ni and n j of θi and θ j are also
recorded respectively. Third, EGHG computes the ratio of the
inliers shared between θi and θ j as:

χ = max(ni, j/ni, ni, j/n j). (12)

If χ ≥ δ, then θi and θ j are considered to be generated from
the same structure, where δ is a threshold (its influence on the
performance of EGHG will be evaluated in Sec. 6.3.1). Oth-290

erwise, θi and θ j are considered to be generated from different
structures.

4Uncontaminated hypotheses are the hypotheses generated from clean sub-
sets. In contrast, contaminated hypotheses are the hypotheses generated from
non-clean subsets.

In Algorithm 1, EGHG may update a number of inaccurate
hypotheses in P for a model instance in data at the beginning
of the sampling process due to the use of the global sampling.295

EGHG will generate a more accurate hypothesis θi for the mod-
el instance by using the local sampling strategy. After that,
EGHG finds the inaccurate hypotheses< inP (Lines 2-6), and
then replaces < with θi (Line 8). In addition, θi may be the
first hypothesis generated for one model instance in the data, if300

there is no hypothesis in P sharing the same structure as θi. In
this case, we directly add θi to P (Line 10). Moreover, we do
not update P if it contains a hypothesis θ j corresponding to the
same structure as θi and the hypothesis θ j has a larger weight
value than θi, since in such case, θ j is more promising than θi.305

To effectively perform the search process (Lines 2-6), we do
not check each hypothesis in P in each search process. We
rearrange the hypotheses in P by sorting the weights of the hy-
potheses in a non-ascending order. We stop the search process
if a hypothesis θ j inP and θi are generated from the same struc-310

ture and the weight of θ j is larger than that of θi (in this case, θ j

is more promising than θi).

4.3. The local sampling process
After obtaining a set of current best hypothesis candidates

P = {θ1, θ2, . . . , θn}, EGHG can randomly choose a hypothe-
sis from P to guide the local sampling process. However, this
may not be the most effective way, since a hypothesis with a
higher weight value could be more valuable in guiding the lo-
cal sampling process (see Sec. 6.4). Thus, EGHG uses the
weights of the hypotheses inP to compute probabilities, which
will be used to choose a hypothesis from P to guide the sam-
pling process5. LetW = {w1,w2, . . . ,wn} be the weights of the
hypotheses in P, and define ai as ai := log wi. Then, a vector
A = {a1, a2, . . . , an} is computed for P. For each ai ∈ A if
min(A) ≤ 0, we set

ai := ai + 1 −min(A), (13)

so that the value of ai is always larger than zero. After this,
ai is normalized as bi = ai∑n

k=1 ak
, where bi is the probability of

selecting θi in P. The normalized probability vector

B = {b1, b2, . . . , bn} (14)

is used to choose a hypothesis in P.
Once a hypothesis θi is chosen from P, EGHG derives the

subset Si that is used to estimate θi. We combine the JFD (by
(6)) with the normalized matching score (by (2)) of x j as:

q j = η(x j|Si) ∗ ϕ(x j). (15)

In the local sampling process, Q = {q j}
N
j=1 is used as sampling315

weights to perform the conditional sampling of a subset from
the input data. x j is more likely to be selected if q j has a higher
value.

5Note that the weights of hypotheses can be used as the likelihood to directly
select a hypothesis from P to guide sampling. However, this may cause the
hypothesis with the largest weight value to be frequently selected, and some
hypotheses with small weight values may be hardly selected.
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(a) Elderhalla (b) Breadcartoychips (c) Cubebreadtoychips

Figure 2: Example image pairs used in the experiments. The gross outliers are marked as red “+”, while the inliers of different structures are marked as different
shapes in different colors, respectively.

5. The complete method

Similar to [30], EGHG adopts a MCMC process to combine320

both the global sampling strategy and the local sampling strat-
egy for hypothesis generation. The proposed EGHG sampling
method is summarized in Algorithm 2. The parameter β of M-
CMC in Algorithm 2 controls the balance between global sam-
pling and local sampling; and its influence on the performance325

of EGHG will be evaluated in Sec. 6.3.2. Two crucial compo-
nents of Algorithm 2: the global sampling strategy (Line 4)
and the local sampling strategy (Line 6), have been described
in Sec. 3 and Sec. 4, respectively. Similar to BLOGS [30],
the global sampling strategy aims to avoid getting trapped in330

locally optimal solutions whereas the local sampling strategy
aims to obtain a better solution by searching a set of current
best hypothesis candidates (found so far). However, different
from BLOGS, which only works on the single-structure case,
the proposed method focuses on the multi-structure case.335

Algorithm 2 Efficient Guided Hypothesis Generation (EGHG)
Input: data X, the maximum number of sampling M, the pa-

rameter β, and the threshold δ used in Algorithm 1.
Output: a set of generated model hypotheses Θ.

1: Initialize a set of current best hypothesis candidates P:
Sample a minimal subset by the global sampling strategy.
Estimate a hypothesis θ0 using the sampled subset.
Let P = {θ0}.

2: for i = 1 to M do
3: if rand(0,1)≤ β then
4: Sample a minimal subset Si by the global sampling

strategy.
5: else
6: Sample a minimal (EGHG1) or a larger-than-minimal

(EGHG2) subset Si by the local sampling strategy.
7: end if
8: Estimate a hypothesis θi using the sampled subset Si.
9: Update P using θi and δ by Algorithm 1.

10: Let Θ = Θ ∪ {θi}.
11: end for

In this paragraph, we discuss the necessary of the local sam-
pling strategy. As noted by several authors (e.g., [5, 33]), a
clean subset sampled from a structure cannot ensure that the
parameters of the structure can be correctly estimated. More
specifically, the authors of [5] find that, to correctly estimate340

the parameters of a structure, the number of samples required

by RANSAC is greatly larger than that predicted by the theo-
ry. To resolve this problem, the authors of [5] propose a local
optimization step (i.e., a local sampling strategy) in their LO-
RANSAC [5]. The experimental results in [5] show that the345

number of samples drawn in LO-RANSAC is in good agree-
ment with that predicted by the theory. For single-structure data
with a high outlier ratio, however, LO-RANSAC cannot effec-
tively generate promising hypotheses due to low inlier rates.
Thus, BLOGS [30] and BEEM [31] have been proposed. Nev-350

ertheless, the two methods cannot effectively handle with multi-
structure data. Therefore, we propose EGHG in this paper. The
influence of the local sampling strategy on the performance of
the proposed method will be evaluated in Sec. 6.3.2.

6. Experiments355

We first discuss the size of the subsets sampled in the local
sampling strategy of the proposed EGHG in Sec. 6.1. Then, we
describe the dataset and evaluation metrics used in the experi-
ments in Sec. 6.2. In Sec. 6.3, we evaluate the sensitivity of the
proposed method to the parameters. We assess the influence of360

different hypothesis selection strategies used to guide the local
sampling process in Sec. 6.4. We compare the proposed method
with several state-of-the-art sampling methods in Sec. 6.5. Fi-
nally, we show the final fitting results in Sec. 6.6.

In the following experiments, all the competing sampling365

methods are implemented based on the “hypothesize-and-
verify” framework. To estimate fundamental matrices, the 8-
point algorithm [38] is adopted. Once a subset is sampled, a
hypothesis is generated from the sampled subset, and the resid-
uals between input data and the hypothesis are computed by370

using the Sampson distance [38].
We emphasize that the proposed method focuses on hypoth-

esis generation, rather than on model selection. Although we
propose an update algorithm to select a set of current best hy-
pothesis candidates, we use these candidates to guide the lo-375

cal sampling process, not as the final results of model selec-
tion. Thus we do not directly compare the proposed method
with multi-structure fitting methods [2, 14, 19, 35]. Instead,
we compare the proposed method with the sampling method-
s used in these multi-structure fitting methods (both T-Linkage380

[19] and Multiransac [35] use Proximity [27], while EFM [14]
and AKSWH [2] use random sampling [4]). The proposed sam-
pling method can be also applied to these multi-structure fitting
methods.
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The competing sampling methods used for comparison in-385

clude Multi-GS [25] and the sampling methods originally pro-
posed in the following robust fitting methods: RANSAC [4],
LO-RANSAC [5], PROSAC [16], Proximity [27], BLOGS [30]
and RCMSA [33]. For simplicity, we call these sampling meth-
ods the same as the corresponding fitting methods. Note that390

the source code of Proximity [27] is not available, and the
source code of Proximity used in this paper are from the au-
thors of [20]. The source code of RANSAC, LO-RANSAC and
PROSAC are provided by the authors of [25]. The source code
of the other three competing methods (i.e., Multi-GS, BLOGS395

and RCMSA) are from the authors of [25, 30, 33], respective-
ly. The experiments are run on a computer with the Windows 7
system and a 3.2GHz i5 CPU.

6.1. Minimal vs larger-than-minimal subsets (EGHG1 vs
EGHG2)400

Note that [5] has shown that the more matches that are used
to estimate the parameters of a model, the more accurate the
estimated model hypothesis is. In addition, JFDs between a
clean subset Si and the data belonging to the same structure
as Si, have large values. Thus, in the local sampling strategy,405

the proposed EGHG can sample larger-than-minimal subsets to
generate more accurate solutions by using the computed JFD-
s. Moreover, in this case, the probability of sampling a clean
subset is not exponentially decreased as the size of the subset
increases. Experimental results of [5] have shown that the sub-410

sets having 14 data points can achieve good performance for
fundamental matrix estimation. Therefore, in this paper, we
will also sample larger-than-minimal subsets (each contains 14
data points) for fundamental matrix estimation as in [5].

Thus, we refer to EGHG as EGHG1 when hypotheses are415

estimated from a set of minimal subsets (each contains 8 data
points) sampled by the local sampling strategy and we refer to
EGHG as EGHG2 when hypotheses are estimated from a set
of larger-than-minimal subsets (each contains 14 data points)
sampled by the local sampling strategy.420

6.2. Dataset and evaluation metrics
All image pairs used in this paper are from the AdelaideRMF

dataset [26]6. The dataset provides the keypoint matching s-
cores and ground truth labels (i.e., the labels of inliers and out-
liers) of image pairs. The selected image pairs contain single-,425

two-, three- and four-structure data with high outlier rates. For
the image pair Elderhalla including two separate planes, simi-
lar to [25], we treat these two structures as one structure (one
fundamental matrix). We note that the image pair Elderhalla
used in [25] uses keypoint matches provided by the authors of430

[25], but the image pair is not from the AdelaideRMF dataset.
While all other image pairs are unchanged.

As in [25, 26], the ground truth labels are used to verify
whether a subset is a clean subset, and the number of sampled
clean subsets per unit time is counted for each structure. TFCS
(the Time of hitting the First Clean Solution) reports the time

6http://cs.adelaide.edu.au/ hwong/doku.php?id=data

to achieve the first clean solution. In addition, similar to [30],
we use the Sampson Error (SE) to measure the quality of the
generated hypotheses as well due to the fact that we adopt the
overall framework of BLOGS [30]. SE is computed as:

S E =

k0∑
i=1

min(S Di), (16)

where k0 is the number of true structures in data, and S Di =

{sdi,1, sdi,2, . . . , sdi,H}. Here, sdi, j represents the sum of the
Sampson distance of the data, belonging to the ith true struc-435

ture identified by the ground truth labels, with regard to the jth
hypothesis in Θ. H is the number of hypotheses Θ generated
by the sampling methods.

In summary, three performance metrics are used for evalua-
tion: the number of clean subsets sampled per unit time, TFCS440

and SE.

6.3. Influence of parameters

For each parameter setting, we run EGHG1/EGHG2 100
times, and we set the maximum sampling time budget in each
experiment to be 10 seconds. In this Section, the Sampson er-445

rors are computed in normalized coordinates.

6.3.1. The influence of the parameter δ
The value of the threshold δ (in Algorithm 1) affects the

cardinality of the set of current best hypothesis candidates P,
which has a significant influence on the performance of the pro-450

posed method. The higher value the parameter δ has, the higher
the number of insignificant hypotheses in P is. To evaluate
the influence of δ on the performance of the proposed method
(EGHG1/EGHG2), we set the value of δ to various values with-
in the range [0.05 1.00]. Note that the set of current best hypoth-455

esis candidatesPwill only contain a few significant hypotheses
when δ < 0.05. This is not appropriate to multi-structure data.
In the extreme case (i.e., δ = 0),P contains only one significant
hypothesis (i.e., the most significant hypothesis), which is only
appropriate to single-structure data. Fig. 3 shows the median460

results obtained by EGHG1/EGHG2.
From Fig. 3(a), we can see that the Sampson errors ob-

tained by EGHG1 on the one-structure (Unionhouse) and two-
structure (Biscuitbook) image pairs slightly change as the val-
ue of δ increases. In contrast, on the three-structure (Bread-465

cubechips) and four-structure (Breadcartoychips and Cube-
breadtoychips) image pairs, the obtained Sampson errors first
slightly change, then greatly increase as the value of δ grows.
This is because less and less number of promising hypotheses
are generated for these image pairs as the value of δ grows.470

For all the test image pairs, the total number of clean subset-
s (Fig. 3(b)) sampled within the time budget decreases greatly
as the value of δ increases due to more number of insignifican-
t hypotheses selected in P, which are used to guide the local
sampling process. Fig. 3(c) shows that EGHG1 achieves the475

first clean solution in less than 0.10 second for all the test im-
age pairs. The TFCS obtained by EGHG1 slightly changes be-
cause the global sampling strategy guided by using both spatial
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sampling probabilities and matching scores can rapidly achieve
clean solutions. A similar result is obtained by EGHG2, which480

is shown in Fig. 3 (d) to (f). We observe that EGHG1 and
EGHG2 achieve good performance considering all the three
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Figure 3: Sensitivity evaluation of the influence of the threshold δ used in the proposed method: (a) and (d) The Sampson errors obtained by EGHG1 and EGHG2.
(b) and (e) The total number of clean subsets sampled by EGHG1 and EGHG2 within 10 seconds . (c) and (f) TFCS obtained by EGHG1 and EGHG2.
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Figure 4: Sensitivity evaluation of the influence of the threshold β used in the proposed method: (a) and (d) The Sampson errors obtained by EGHG1 and EGHG2.
(b) and (e) The total number of clean subsets sampled by EGHG1 and EGHG2 within 10 seconds . (c) and (f) TFCS obtained by EGHG1 and EGHG2.
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measures when δ is set within the range [0.05, 0.20]. Thus,
we set δ = 0.10 for EGHG1 and EGHG2 in all the following
experiments.485

6.3.2. The influence of the parameter β
The parameter β controls the balance between the two pro-

posed sampling strategies. The higher value the parameter β
has, the more time the global sampling process will be involved.
β is set in the range of [0.00 1.00] with an interval 0.10. Fig. 4490

records the median results obtained by EGHG1/EGHG2 with
various β values.

On all the multi-structure data, within the range of [0.10,
1.00], as the value of β increases, the Sampson errors gener-
ally increase (see Fig. 4(a) and 4(d)) and the total number of495

clean subsets sampled within the time budget greatly decreas-
es (see Fig. 4(b) and 4(e)) because of the fact that: the less
time the local sampling process is involved, the less number of
promising hypotheses are generated. The achieved TFCS gen-
erally decreases when the value of β increases (see Fig. 4(c)500

and 4(f)) because the global sampling process involves less and
less time. In the extreme case (i.e., the proposed method does
not use local sampling strategy when β = 1), the Sampson er-
rors obtained by the proposed method drastically increase, es-
pecially for EGHG2. In another extreme case (i.e., β = 0.00),505

EGHG1/EGHG2 cannot achieve any clean solution, and both
EGHG1 and EGHG2 obtain very high Sampson errors for all
multi-structure data. This is because, in this case, EGHG only
performs the global sampling strategy once for initializing the
set of current best hypothesis candidatesP, which may not con-510

tain clean subsets for most model instances of multi-structure
data. EGHG1/EGHG2 obtain good performance when the val-
ue of β ranges from 0.20 to 0.60. To reduce the Sampson errors
and TFCS, β is experimentally set to be 0.40 for EGHG1 and
EGHG2 in the following experiments.515

6.4. Effects of different hypothesis selection strategies

Using the Cubebreadtoychips image pair, we investigate
the effects of different hypothesis selection strategies used to
choose a hypothesis from P to guide the local sampling pro-
cess. As discussed in Sec. 4.3, three hypothesis selection s-520

trategies could be used: (1) Random selection; (2) Selection by
directly using the weights of hypotheses; (3) Selection by using
(14). For simplification, the three hypothesis selection strate-
gies are called as ST1, ST2 and ST3 respectively. The median
results obtained by EGHG1/EGHG2 using the three selection525

strategies are shown in Table 1.
Table 1 shows that, the Sampson error obtained by EGHG1

using ST2 is the largest. This is because EGHG1 using ST2
mainly samples for the structure (i.e., the first structure) with
the largest weight value and it may not sample any accurate hy-530

pothesis for the other structures with the relatively low weight
values. The Sampson error obtained by the proposed EGHG1
(EGHG2) using ST1 is much lower than that of the proposed
EGHG1 (EGHG2) using ST2. While the proposed EGHG1
(EGHG2) using ST3 samples about 5% (10%) clean subsets535

more than that sampled by EGHG1 (EGHG2) using ST1. In

EGHG1 EGHG2
ST1 ST2 ST3 ST1 ST2 ST3

#S-1 1701 5016 2032 1645 5091 1967
#S-2 1360 298 1396 773 291 798
#S-3 1387 234 1156 278 234 269
#S-4 1859 1075 2051 1768 755 1932
#Sum 6307 6623 6635 4464 6371 4966
Median 0.0184 0.0223 0.0183 0.0153 0.0211 0.0152
Std 0.0012 0.0018 0.0012 0.0013 0.0018 0.0017
TFCS 0.0414 0.0522 0.0368 0.0413 0.0613 0.0486

Table 1: Performance of the proposed EGHG1/EGHG2 using three hypothesis
selection strategies. Legend: #S-i reports the total number of clean subsets sam-
pled within 10 seconds by different strategies for the ith structure; #Sum reports
the total number of clean subsets sampled within 10 seconds by different strate-
gies for the whole data; Median and Std report the median and the standard
variance of the obtained Sampson errors over 100 repetitions in normalized co-
ordinates, respectively; TFCS reports the time of hitting the first clean solution.

short, EGHG1 (EGHG2) using ST3 generally shows better per-
formance than EGHG1 (EGHG2) using ST1 and ST2 in terms
of the total number of clean subsets sampled within a given time
and Sampson error, and thus the proposed ST3 will be used in540

the following experiments.

6.5. Comparisons with other sampling methods

6.5.1. Performance under degeneracies
We first examine the performance of the competing guided

sampling methods under degeneracies. A minimal subset is re-545

garded as a degenerate configuration when the 8-point algorith-
m is used for fundamental matrix estimation and more than six
matches in the minimal subset are sampled from the same plane
[25, 28]. This usually occurs in the scene when there exists a
dominant plane [39, 40].550

Following the similar experimental settings as some recent
works (e.g., [25, 28]), we evaluate the performance of the guid-
ed sampling methods under degeneracies on the image pair Di-
nobooks (see Fig. 5(a)). The gross outliers are marked with red
crosses, and the inliers of the three true model instances are
marked with different shapes in different colors, respectively.
One of the three model instances (i.e., the model instance E)
is marked by two different shapes. The inliers of this model
instance lie on two different planes (i.e., the plane O (the “off-
plane”) marked by the yellow squares including 29 matches and
the plane D (the “dominant plane”) marked by the blue circles
including 49 matches). The inliers of the other two structures
are retained to make the task more challenging (than the sce-
nario in [25, 28], for example). We create a series of different
ratios of data subsets by selecting all inliers of plane D and con-
trolling the number of the inliers of plane O. The ratio between
the inliers of plane D and the inliers of both planes D and O is
computed as [25]:

α = nD/(nO + nD), (17)

where nO and nD are the numbers of the inliers selected from
plane O and plane D, respectively.

We only evaluate the performance of the three sampling
methods (i.e., Proximity, Multi-GS and EGHG1). Note that
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Figure 5: Performance comparisons of the three guided sampling methods un-
der degeneracy configurations. (a) The image pair Dinobooks with three true
structures for fundamental matrix estimation. (b) The number of both clean
minimal subsets and non-degenerate clean minimal subsets sampled for the
model instance E by the three sampling methods with various α values.

we do not evaluate the performance of all the other compet-555

ing methods. This is because, both EGHG2 and RCMSA may
generate hypotheses from larger-than-minimal subsets and the
other methods (i.e., RANSAC, LO-RANSAC, PROSAC and
BLOGS) cannot sample any clean minimal subset for the mod-
el instance E within the given time budget. For each ratio α (in560

the range [0.70 0.90] with an interval of 0.05), 100 data subsets
are generated. On each generated data subset, each method is
limited to run 10 seconds. We record the total number of both

clean minimal subsets and non-degenerate clean minimal sub-
sets obtained by these sampling methods for the model instance565

E. The median results over 100 runs are plotted in Fig. 5(b).
As shown in Fig. 5(b), EGHG1 significantly outperform-

s Proximity and Multi-GS in term of the numbers of both
clean minimal subsets and non-degenerate clean minimal sub-
sets sampled when α ≤ 0.85. In the extreme case (i.e., α = 0.90,570

where only five inliers have been selected from the “off-plane”),
the numbers of both clean minimal subsets and non-degenerate
clean minimal subsets obtained by EGHG1 are also more than
those obtained by both Proximity and Multi-GS.

6.5.2. Performance without using keypoint matching scores575

In this section, we investigate the influence on the perfor-
mance of the proposed method when we do not consider key-
point matching scores in both the global and local strategies.
Without using matching scores, the global sampling strategy in
EGHG and BLOGS become Proximity and random sampling,580

respectively. In this experiment, we assign the same matching
scores to all data points for PROSAC, BLOGS, EGHG1 and
EGHG2 while all other competing methods (i.e., RANSAC,
LO-RANSAC, Proximity, Multi-GS and RCMSA) do not need
matching scores. We run each method 100 times on each im-585

age pair, and each run is limited to 10 seconds. The median
of the Sampson errors obtained by each sampling method over
100 repetitions are shown in Fig. 6.

Fig. 6(a) shows that the proposed methods (both EGHG1 and
EGHG2) and BLOGS have achieved good performance on the590

single-structure image pair Elderhalla. Without using match-
ing scores, although the global sampling strategy in EGHG be-
comes Proximity and the performance of Proximity is the worst,
EGHG captures the dependencies among the matches by com-
puting JFDs in the local sampling strategy, and thus it yields ac-595

curate solutions by using the dependencies. Fig. 6(b) show that,
the proposed method EGHG2 (EGHG1) achieves the best (sec-
ond best) performance on the multi-structure image pair Bread-
cartoychips.

Although the proposed method can also achieve good perfor-600

mance without using matching scores, the TFCS obtained by
the proposed method without using matching scores is larger
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Figure 6: The median of the Sampson errors obtained by the nine guided sampling methods over 100 repetitions without using keypoint matching scores. Here, the
Sampson errors are computed in pixel coordinates. (a) On the single-structure image pair Elderhalla. (b) On the multi-structure image pair Breadcartoychips.

10



0 2 4 6 8 10
0

50

100

150

200

Time (s)

S
am

ps
on

 E
rr

or
 (

S
E

)

 

 
RANSAC
LO−RANSAC
Proximity
PROSAC
Multi−GS
BLOGS
RCMSA
EGHG1
EGHG2

(a)

0 2 4 6 8 10
0

500

1000

1500

Time (s)

S
am

ps
on

 E
rr

or
 (

S
E

)

 

 
RANSAC
LO−RANSAC
Proximity
PROSAC
Multi−GS
BLOGS
RCMSA
EGHG1
EGHG2

(b)

0 2 4 6 8 10
0

250

500

750

1000

Time (s)

S
am

ps
on

 E
rr

or
 (

S
E

)

 

 
RANSAC
LO−RANSAC
Proximity
PROSAC
Multi−GS
BLOGS
RCMSA
EGHG1
EGHG2

(c)

0 2 4 6 8 10
0

1000

2000

3000

4000

5000

Time (s)

S
am

ps
on

 E
rr

or
 (

S
E

)

 

 
RANSAC
LO−RANSAC
Proximity
PROSAC
Multi−GS
BLOGS
RCMSA
EGHG1
EGHG2

(d)

Figure 7: The evolution of the median Sampson errors obtained by the nine competing sampling methods over 100 repetitions. The Sampson errors are computed
in pixel coordinates. (a) On the single-structure image pair (Unionhouse). (b) to (d) On the three multi-structure image pairs (Breadcube, Carchipscube and
Cubebreadtoychips) respectively.

than that of the proposed method using matching scores. Par-
ticularly, on Breadcartoychips, the TFCS obtained by EGHG2
is 0.57 second, which is about eight times larger than that ob-605

tained by EGHG2 using matching scores (i.e., 0.07 second–see
Table 2).

6.5.3. Performance in the Sampson error
We evaluate the evolution of the Sampson errors obtained

by the nine sampling methods on single-structure and multi-610

structure image pairs for fundamental matrix estimation within
a time budget (say, 10 seconds) window. We run the nine meth-
ods 100 times on each image pair. The median results over the
100 repetitions are shown in Fig. 7.

Fig. 7(a) shows that the proposed method (including EGHG1615

and EGHG2) and BLOGS are the most effective method-
s, which achieves the lowest Sampson errors on the single-
structure image pair Unionhouse (note that the curves of
EGHG1, EGHG2 and BLOGS are pretty close due to their sim-
ilar performance). Fig. 7(b) to (d) show that, on the multi-620

structure image pairs (Breadcube, Carchipscube and Cube-
breadtoychips), the Sampson errors obtained by the nine meth-
ods generally decrease when the run time increases. However,
compared with the other seven sampling methods, the proposed
methods (EGHG1 and EGHG2) achieve the lowest Sampson er-625

rors within 3.00 seconds (note that the curves of both EGHG1

and EGHG2 overlap on the image pairs Carchipscube and
Cubebreadtoychips). Particularly, on the four-structure image
pair Cubebreadtoychips, both EGHG1 and EGHG2 achieve the
lowest Sampson errors in less than 1.00 second (i.e., the pro-630

posed method is much faster (more than ten times) than all the
other competing sampling methods in generating promising hy-
potheses).

6.5.4. Quantitative results on fundamental matrix estimation
We also quantitatively compare the nine competing sampling635

methods on single-structure and multi-structure image pairs.
On every image pair, each method is run 100 repetitions. The
results are shown in Table 2.

From the results in Table 2, we can see that: (1) EGHG1 is
the fastest method in hitting the first clean solution on almost all640

the test image pairs. Particularly, EGHG1 hits the first clean so-
lutions within 0.10 second for all the test image pairs. Especial-
ly, on the three-structure image pair Toycubecar, considering
the time of hitting the first clean solution, EGHG1 is about 50
times faster than Multi-GS, where Multi-GS is the third fastest645

and EGHG2 is the second fastest. Moreover, the total number
of clean minimal subsets obtained by EGHG1 is the most on
all the multi-structure image pairs. (2) On all the test image
pairs, EGHG1 or EGHG2 achieves the lowest median Sampson
errors.650
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Data RANSAC LO-
RANSAC

Proximity PROSAC Multi-GS BLOGS RCMSA EGHG1 EGHG2

#S-1 (97, 32%) 1 17 139 2 230 4819 966 3520 2791
Cube Median 152 110 199 117 90 54 1156 54 57

Std 106 42 76 61 37 2 392 2 3
TFCS 6.0372 0.0468 0.0618 0.2693 0.0648 0.0142 0.0786 0.0047 0.0062
#S-1 (84, 39%) 7 32 528 24 343 6240 1601 5067 3654

Elderhalla Median 143 39 279 87 91 23 267 23 21
Std 124 30 211 57 210 2 6032 2 1
TFCS 1.1310 0.0312 0.0170 0.0047 0.0302 0.0041 0.0502 0.0032 0.0051
#S-1 (78, 23%) 0 4 12 24 143 1788 548 3126 2757

Unionhouse Median 51 25 45 27 20 16 35 17 16
Std 21 8 11 8 3 1 11 1 1
TFCS × 0.2184 0.5739 0.0011 0.0988 0.0067 0.1203 0.0054 0.0083
#S-1 (97, 28%) 0 9 220 1 223 3663 553 2686 2308
#S-2 (82, 24%) 0 0 216 1 176 268 483 2598 2489

Biscuitbook Median 307 184 148 205 121 77 361 62 69
Std 118 74 47 77 40 41 86 6 10
TFCS × × 0.0624 × 0.0901 1.4617 0.0893 0.0113 0.0142
#S-1 (63, 26%) 0 0 715 0 228 0 872 3096 2982
#S-2 (102, 42%) 13 18 1755 29 395 7337 1061 4975 4283

Breadcube Median 334 304 178 276 178 329 903 85 111
Std 97 101 51 88 62 66 210 13 18
TFCS × × 0.0147 × 0.0521 × 0.0508 0.0078 0.0092
#S-1 (34, 15%) 0 0 258 0 83 0 461 1916 1780
#S-2 (57, 25%) 0 0 821 1 242 267 528 3054 3026

Breadcubechips #S-3 (58, 25%) 0 0 355 0 231 7 673 2551 585
Median 297 246 151 232 147 109 862 48 64
Std 106 103 51 101 62 71 1279 10 16
TFCS × × 0.0470 × 0.1222 × 0.0800 0.0201 0.0249
#S-1 (19, 12%) 0 0 77 0 48 0 501 651 202
#S-2 (33, 20%) 0 0 579 0 134 0 716 2705 1493

Carchipscube #S-3 (53, 32%) 1 6 2546 7 467 7621 989 4903 4656
Median 196 197 53 180 65 286 96 47 45
Std 54 53 5 45 10 172 286 3 3
TFCS × × 0.1042 × 0.1852 × 0.0737 0.0283 0.0325
#S-1 (45, 23%) 0 0 1168 0 185 0 587 2899 2663
#S-2 (69, 35%) 2 14 1762 6 379 7626 868 4447 3756

Toycubecar #S-3 (14, 7%) 0 0 1 0 1 0 0 356 13
Median 759 694 246 715 304 360 1704 87 95
Std 251 249 81 259 108 129 1962 8 13
TFCS × × 5.8626 × 4.4475 × × 0.0840 0.4704
#S-1 (33, 14%) 0 0 106 0 96 0 410 1328 199
#S-2 (23, 10%) 0 0 28 0 31 0 259 1034 143
#S-3 (41, 17%) 0 0 308 0 174 83 328 2408 2360

Breadcartoychips #S-4 (58, 24%) 0 1 331 0 215 34 567 2261 1739
Median 1793 1551 328 1631 353 1477 374 236 208
Std 362 341 31 327 51 383 2166 23 24
TFCS × × 0.3263 × 0.3685 × 0.1269 0.0474 0.0740
#S-1 (71, 22%) 0 0 538 0 185 7 161 2032 1967
#S-2 (49, 15%) 0 0 291 0 103 0 338 1396 798
#S-3 (38, 12%) 0 0 81 0 60 0 124 1156 269

Cubebreadtoychips #S-4 (81, 25%) 0 0 370 1 219 500 297 2051 1932
Median 1759 1543 447 1380 454 1419 1103 305 294
Std 417 396 53 308 59 384 2798 22 24
TFCS × × 0.1036 × 0.2216 × 0.1765 0.0368 0.0486

Table 2: The performance obtained by the nine sampling methods for fundamental matrix estimation. Legend: #S-i (the number of inliers belonging to the ith
structure, the inlier ratio of the ith structure) reports the total number of clean subsets sampled within 10 seconds obtained by different methods for the ith structure;
Median and Std report the median and the standard variance of the obtained Sampson errors over 100 repetitions, respectively, where the Sampson errors are
computed in pixel coordinates; TFCS reports the time of hitting the first clean solution; ’×’ represents the case of failure to find a clean solution. The best result
obtained by the competing methods on each evaluation criteria is boldfaced.
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The reasons that EGHG (EGHG1/EGHG2) performs better
than (or similarly to) the other competing methods on the one-
structure image pairs are because: First, similar to BLOGS,
EGHG (EGHG1/EGHG2) uses JFDs to accurately capture the
dependencies among the matches. Second, EGHG2 generates655

more accurate hypotheses by sampling larger-than-minimal
subsets in the local sampling step (see Sec. 6.1). Thus, EGHG1
performs similarly to the state-of-the-art single-structure sam-
pling method (i.e., BLOGS) on the one-structure image pairs,
while EGHG2 performs similarly to/better than BLOGS.660

Among the other seven competing sampling methods, on al-
most all the multi-structure image pairs, these methods (except
for Proximity, Multi-GS and RCMSA) cannot hit one clean so-
lution within the given time budget. Although Proximity can
hit clean solutions for all the test image pairs, the Sampson er-665

rors obtained by Proximity are larger than those obtained by all
the other competing sampling methods on highly contaminat-
ed image pairs (e.g., Elderhalla). Multi-GS achieves relatively
good performance on all the test image pairs. However it finds
only one clean minimal subset for the third structure with a low670

inlier ratio on the image pair Toycubecar. The Sampson error
on this image pair obtained by Multi-GS is large. This is be-
cause the hypothesis generated from the clean minimal subset
may be inaccurate due to the inlier noise. The assumption (i.e.,
spatial smoothness) used in RCMSA is sometimes violated, for675

example, when two continuous surfaces are in contact, the as-
sumption will try to “bridge across” the two surfaces. Thus the
Sampson errors obtained by RCMSA are larger than those ob-
tained by all the other competing sampling methods on some
image pairs (e.g., Biscuitbook). On the single-structure image680

pairs (Cube, Elderhalla and Unionhouse), BLOGS achieves
low Sampson errors, and it obtains a large number of clean
minimal subsets. However, on some multi-structure image
pairs (e.g., Carchipscube), the Sampson errors obtained by
BLOGS are larger than those obtained by all the other compet-685

ing sampling methods. In contrast, RANSAC, LO-RANSAC
and PROSAC perform worse than the other methods (EGHG1,
EGHG2, Proximity and Multi-GS) on most of the image pairs,
especially on the multi-structure image pairs.

Finally, we note that BLOGS can sample a large number of690

clean subsets for one structure of both single-structure and two-
structure data, however, it only samples a small number of clean
subsets for many multi-structure data (e.g, Breadcubechips and
Breadcartoychips) and thus it cannot sample clean solutions for
these data within the give time budget. On these image pairs,695

the data points in the invalid subsets sampled by BLOGS are
from different structures. In comparison, EGHG achieves the
best results on these image pairs among all the competing meth-
ods, which further validates the superiority of EGHG. In addi-
tion, IKOSE assumes that all structures contain at least 10% of700

the whole data when K is set to 0.1. However, IKOSE is on-
ly used in the local sampling strategy of the proposed method.
When one structure of an input data contains less than 10% of
the whole data (such as Toycubecar), although IKOSE does not
work well, which leads to the ineffectiveness of local sampling,705

the global sampling strategy of the proposed method can sample
all-inlier minimal subsets for the model instance (i.e., the third

object), which has less than 10% of the whole data as inliers.
This shows the robustness of the proposed sampling method on
challenging data.710

6.6. The final fitting results

In the previous sections, we have shown that the proposed
method EGHG is more efficient than all other competing sam-
pling methods, especially on multi-structure data. Next, we will
investigate the final fitting results obtained by various sampling
methods using the multi-structure fitting method J-Linkage [20]
as done in [26]. Specifically, each sampling method first gen-
erates hypotheses in the given 10 seconds for each test data,
and then J-Linkage is used to perform clustering on the gener-
ated hypotheses. As in [26], the mean of the maximum inli-
er residuals on each structure is set as the inlier threshold for
J-Linkage, and only the largest l clusters are chosen (the other
clusters are regarded as outliers) after the clustering step, where
l is the ground truth number of the structures in the data. The
clustering error is adopted to measure the fitting accuracy. It is
defined as [13]:

error =
number of misclustered points

total number of points
. (18)

We compare the proposed EGHG1 with the other three sam-
pling methods including RANSAC, Multi-GS and BLOGS,
where RANSAC is considered as the baseline whereas BLOGS
and Multi-GS can generate promising hypotheses for both715

single-structure data and multi-structure data. All the four com-
peting methods are used to sample a set of minimal subsets,
from which the hypotheses are generated. We test all the image
pairs used in Table 2 in this experiment. On each image pair, all
the four sampling methods are run 100 times. The median of720

the clustering errors obtained by J-Linkage with EGHG1, Ran-
dom, Multi-GS and BLOGS over 100 runs are shown in Fig. 8.
Fig. 9 shows some qualitative comparisons on the performance
of J-Linkage adopting the four sampling methods on a subset
of the test image pairs.725

From Fig. 8, we can see that the proposed EGHG1 achieves
the best performance on all the test image pairs except for
Breadcartoychips, on which EGHG1 achieves the second best
performance. It is no surprise that RANSAC yields relatively
high clustering errors on all the test image pairs, and BLOGS730

achieves good performance on the image pairs with a sin-
gle structure and it yields high clustering errors on most im-
age pairs with multiple structures. Note that BLOGS suffers
from the problem of overfitting on the four-structure image pair
Cubebreadtoychips (see the bottom row of Fig. 9(c)), because735

the global sampling strategy used in BLOGS guides sampling
minimal subsets by only using keypoint matching scores. In
contrast, the proposed EGHG effectively overcomes the draw-
back of BLOGS by combining spatial constraints with keypoint
matching scores (see Sec. 3). Moreover, we can see that Multi-740

GS achieves the worst performance on the five test image pairs
(i.e., Elderhalla, Biscuitbook, Breadcube, Carchipscube and
Toycubecar). This is because, although Multi-GS can sample a
number of all-inlier minimal subsets for these image pairs, for
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Figure 8: The median of the clustering errors obtained by J-Linkage with the four competing sampling methods over 100 runs on all the image pairs used in Table 2.

(a) Ground truth (b) RANSAC (c) Multi-GS (d) BLOGS (e) EGHG1

Figure 9: Qualitative comparisons with various sampling methods (here we only show one of the two views): The fitting results obtained by the four competing
sampling methods and the ground truth results on the image pairs of Elderhalla and Cubebreadtoychips (in the top-down order) are shown.

some model instances, most of the hypotheses derived from the745

sampled all-inlier minimal subsets are inaccurate. First, the in-
liers (including some gross outliers) of the inaccurate hypothe-
ses are clustered into one class when J-Linkage is used to cluster
the input data. Then, the merging process of clusters for these
model instances stops, and thus Multi-GS yields inaccurate fit-750

ting results (see the top row of Fig. 9(b)). This is due to the fact
that the inliers of the accurate hypotheses, generated by Multi-
GS, do not contain the gross outliers that are wrongly included
in the inliers of the inaccurate hypotheses. Although RANSAC
only samples several all-inlier minimal subsets, the hypotheses755

generated by these sampled all-inlier minimal subsets are rela-
tively accurate (e.g., the image pair Elderhalla).

In summary, the proposed EGHG1 can sample a large num-
ber of all-inlier minimal subsets for both single-structure and
multi-structure image pairs (see Table 2). The hypotheses de-760

rived from the sampled all-inlier minimal subsets by EGHG1
contain abundant promising hypotheses. Thus, EGHG1 can
achieve good fitting performance when it is adopted by the J-
Linkage fitting method (see Fig. 8). Moreover, the proposed
EGHG1 can also be used for other fitting methods for efficient765

sampling.

7. Conclusions

In this paper, we present an efficient sampling method called
EGHG to accelerate promising hypothesis generation for multi-
structure epipolar geometry estimation. The key idea of EGHG770

is that, instead of selecting the current best hypothesis, a set
of current best hypothesis candidates are updated on the fly
to guide the local sampling process. Thus, EGHG can rapid-
ly and accurately generate hypotheses for multi-structure data,
and it also works well on single-structure data. We evaluate775

EGHG on public available datasets including many challeng-
ing data, which include more than 90% outliers. Experimental
results show that EGHG achieves good performances in terms
of Sampson error, total number of clean subsets sampled, and
speed to hit the first clean solutions for multi-structure data.780

EGHG outperforms most of the state-of-the-art sampling meth-
ods, such as BLOGS, Proximity, Multi-GS and RCMSA.

EGHG combines both the global sampling strategy and the
local sampling strategy by adopting the MCMC process. This is
somewhat similar to Simulated Annealing [41]. Thus, a “cool-785

ing schedule” may be introduced here, i.e., EGHG may per-
form more global sampling at the earlier stage and more local
sampling at the later stage within the “time budget” by vary-
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ing the parameter β, which balances both the local sampling
strategy and the global sampling strategy in the MCMC pro-790

cess. Although EGHG can achieve good performance by using
a fixed parameter setting, an adaptive parameter setting may
make EGHG more efficient. Hence, in our future work, we are
interested in adaptively setting the values of the parameters to
improve the performance of EGHG.795
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