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Abstract—Robust model fitting is a critical technique for
artificial intelligence. The performance of most robust model
fitting techniques heavily depends on the use of sampling algo-
rithms. In this paper, we propose an efficient guided sampling
algorithm for multi-structure data by using the neighborhood
consensus and the residual sorting. Specifically, a Neighborhood
Consensus based Strategy (NCS) is first proposed to select the
first datum (i.e., seed datum) of a minimal subset, and then a
Residual Sorting based Strategy (RSS) samples the rest data
of the minimal subset based on the seed datum. This strategy
effectively combines the benefits of neighborhood consensus
and residual sorting, where neighborhood consensus can judge
whether a selected data point is an inlier, and residual sorting
encourages this strategy to select data points from the same
structure of the first selected data point. Moreover, to achieve
better fitting performance, the Markov Chain Monte Carlo
process is used to combine NCS with the random selection
strategy to select the seed datum, and an appropriate size is
set to the initial block of randomly sampled hypotheses for RSS.
Experimental results on three vision tasks (e.g., two-view motion
segmentation and 3D motion segmentation) demonstrate that the
proposed algorithm achieves superior performance to several
state-of-the-art sampling algorithms.
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I. INTRODUCTION

OBUST model fitting is a fundamental task in artificial

intelligence, and has been employed in various artificial
intelligence applications, such as predictive transform video
coding [1], visual augmented reality [2], 3D rigid registra-
tion [3], facial landmark detection [4] and plane detection [5].
The aim of robust model fitting is to fit geometric model
hypotheses among data with outliers and noise extracted from
input images, and further recover meaningful structures, such
as shapes of objects and moving objects.

The successes of most robust model fitting techniques such
as [6], [71, [8], [9], and [10] are depended on accurate hypothe-
ses generated by their sampling algorithms. Most sampling
algorithms try their best to sample clean minimal subsets to
generate more accurate hypotheses. A clean minimal subset
contains the minimum number of inliers from the same model
instance (i.e., structure) for estimating the parameters of a geo-
metric model. There is a uniform random sampling algorithm
which is still used by many robust model fitting methods such
as [7] and [11] and, also, there are guided sampling algorithms.
However, as the dimension of the geometric model increases,
the probability of sampling a clean minimal subset by using a
uniform random sampling algorithm decreases exponentially.

To reduce the disadvantage of the uniform random sampling
algorithm, many guided sampling algorithms have been pro-
posed. In the uniform random sampling algorithm, each data
point in input data is assigned an equal sampling probability
value. In contrast, in the guided sampling algorithms, each
data point is given a distinct sampling probability value by
using various auxiliary information (e.g., spatial proximity
information and residual sorting information). The guided
sampling algorithms can be roughly grouped into four types:
matching score-based, spatial proximity-based, greedy search-
based and residual sorting-based algorithms. The residual
sorting-based sampling algorithm is one of the most promising
guided sampling algorithms, because this kind of algorithms
innately encode the probability of two inliers belonging to the
same structure [12].

However, computing sampling probabilities from residual
sorting is relatively expensive, and most existing residual
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sorting-based sampling algorithms (e.g., [12], [13], [14])
require computing sampling probabilities of all input data
(p — 1) times to sample a minimal subset including
p data points. Recently, we propose an improved algorithm
(i.e., AGS [15]), which only computes one time sampling prob-
abilities for sampling a minimal subset. Specifically, AGS first
randomly chooses a data point from input data as most existing
residual sorting-based sampling algorithms (e.g., [12], [13])
do, and then selects significant data by using both information
theory principles and sampling probabilities computed from
residual sorting, and finally samples minimal subsets from the
chosen significant data. Nevertheless, if the first datum chosen
by these sampling algorithms is an outlier, then the sampled
data subset will be invalid [14]. Meanwhile, the higher outlier
rate the data contains, the more likely an outlier the first
randomly chosen datum will be. Thus, these algorithms cannot
effectively handle multi-structure data with a high outlier rate.
To reduce the drawback, a mode seeking technique is used
in [14] to select the first datum, but it is computationally
expensive.

To overcome the above drawbacks, this paper proposes
an efficient sampling algorithm, called Neighborhood Con-
sensus and Residual Sorting (NCRS). The first aim of the
proposed NCRS is to efficiently select inliers for the first
datum (i.e., seed datum) of a minimal subset. Different from
ModeSamp using a computationally expensive mode seeking
technique, a neighborhood consensus strategy is proposed to
judge whether a selected data point is an inlier, by computing
the neighborhood consensus information of the selected data
point. If the selected data point is an inlier, the data point will
be selected as the seed datum. Otherwise, the neighborhood
consensus strategy is repeatedly performed until an inlier is
selected or the maximum repetitions are reached. If no single
inlier is found after the iterative conduct of the neighborhood
consensus strategy, a data point is randomly selected as the
seed datum. In the Section III-C, we will show that the
probability of no single inlier found is relatively low.

Moreover, intuitively, sampling more clean minimal subsets
by using the neighborhood consensus strategy may lead to
better performance. However, this intuition is not true for
the residual sorting-based sampling algorithms. The detailed
analyses will be given in Section IV-B. Thus, the proposed
NCRS combines the neighborhood consensus strategy with
the uniform random sampling strategy by using the Markov
Chain Monte Carlo (MCMC) process for further improving
the performance of the proposed algorithm, where the uniform
random sampling strategy selects the seed datum randomly.
Furthermore, in Sections II and III-D, we will discuss the
influence of the initial block on the performance of the
proposed sampling algorithm. We will set an appropriate size
to the initial block for better performance.

The main contributions of this paper are summarized as fol-
lows. First, by using the neighborhood consensus information,
a novel sampling strategy is proposed to select inliers as the
seed data for efficiently sampling clean data subsets, i.e., the
proposed sampling strategy effectively combines the benefits
of residual sorting and neighborhood consensus information
for data sampling. Second, the MCMC process is used to
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combine the proposed neighborhood consensus strategy with
the uniform random sampling strategy for better performance.
Moreover, we set a relatively large size to the initial block of
randomly sampled hypotheses to further improve the perfor-
mance of the proposed sampling algorithm.

The rest of this article is organized as follows. In Section II,
we review the related work. In Section III, we present the
proposed sampling algorithm. In Section IV, we show experi-
mental results on three computer vision applications by using
the proposed sampling algorithm. Finally, we give conclusions
in Section V.

II. RELATED WORK

In this paper, we mainly study data sampling. Thus, we only
review guided sampling algorithms as follows.

A. Matching Score-Based Algorithms

This group sampling algorithms such as [5], [10], and
[23] assume that the data points with larger matching score
values are more likely to be inliers. These algorithms can
effectively sample clean minimal subsets for data with single
structure, while for multiple structure data, these algorithms
are prone to sample minimal subsets, whose data points are
from different structures [14]. The reason is that inliers from
different structures are with larger matching score values.
Thus, these algorithms are difficult to sample clean minimal
subsets for multi-structure data.

B. Spatial Proximity-Based Algorithms

This group sampling algorithms such as [19], [20], [21],
and [22] assume that the neighbors of inliers are likely to
be inliers. These algorithms sample minimal subsets from
neighbour data points. However, the assumption is not true
when the data has high outlier ratio [12]. In this case, the
neighbors of inliers are more likely to be outliers. Thus, these
algorithms are difficult to sample clean minimal subsets for
data with a high outlier ratio.

C. Greedy Search-Based Algorithms

This group sampling algorithms such as [10], [5], and [23]
use a greedy search for fast generating promising hypotheses.
However, these algorithms have a key input parameter, i.e., the
minimal acceptable size of a structure. If the given minimal
acceptable size is close to the true value of the structure, these
sampling algorithms may fast generate accurate hypotheses,
and vice versa. The authors of [5] and [23] need to give this
parameter for each structure manually. The method in [10]
tries to give the same value to all structures. Nevertheless,
in practice, the true structure sizes in data are unknown in
advance. This leads to difficultly specifying the parameter.

D. Residual Sorting-Based Algorithms

The authors of [12] find that the probabilities computed
from residual sorting can be effectively used to judge whether
two data points are from the same structure. Because Multi-
GS [12] can relatively fast sample clean minimal subsets,
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several improved versions of Multi-GS have been proposed.
Multi-GS-Offset [24] tries to sample minimal subsets with
large spans to generate more accurate hypotheses. We find that,
to sample a minimal subset containing p data points, the two
methods need to compute sampling probabilities for all input
data (p—1) times. To reduce the computational cost, our previ-
ous work [13] uses local constraints to only compute sampling
probabilities of part of rather than all input data. However,
RHG [13] still need to compute sampling probabilities (p — 1)
times for sampling a minimal subset. To further reduce the
computational cost, RCMSA [9] first uses a random cluster
model to cluster input data by using probabilities computed
from residual sorting, then generates a hypothesis by using
the data points of one of clusters. In our another previous
work [15], information theory principles are used to choose
significant data, and minimal subsets are sampled from the
chosen significant data. AGS [15] only computes one time
sampling probabilities for sampling a minimal subset.

The sampling algorithms (i.e., Multi-GS, Multi-GS-Offset,
RHG and AGS) select the first datum (i.e., seed datum) of
a data subset randomly. If the seed datum is an outlier, then
the sampled data subset will be invalid. In contrast, RCMSA
assumes that inliers from the same structure are prone to stay
together, which may be not true in practice [14]. To reduce
the drawback of the above methods, ModeSamp [14] uses
information obtained from the generated hypotheses by the
mode seeking technique to select the seed datum. However,
the mode seeking step becomes the most computationally
expensive part as the experimental results in [14] show. Thus,
this reduces its practicality.

In addition, all the residual sorting-based sampling algo-
rithms need to sample an initial block hypotheses by using
the uniform random sampling algorithm to guide their resid-
ual sorting-based sampling strategy. In the whole sampling
process, these algorithms re-sort their residuals for computing
sampling probabilities when each new block including the
initial block of hypotheses is sampled. All these algorithms
set the size of the initial block the same as that of the block
for simplicity. However, this is suboptimal.

III. THE PROPOSED SAMPLING ALGORITHM

The proposed sampling algorithm is based on our previ-
ous proposed AGS sampling algorithm [15]. In this section,
we first review AGS [15] in Section III-A. Then, we intro-
duce the neighborhood consensus in Section III-B. After
that, we present the proposed NCRS sampling strategy in
Section III-C. Finally, we describe the complete sampling
algorithm in Section III-D.

A. Our Previous Proposed AGS

Suppose that the input data X has N data points and
a set of M model hypotheses ®@ has been generated from
the input data, where X = {xi,x2,...,xy} and ® =
{01,062, ...,0p}. Let the residual between the ith data point x;
and the jth hypothesis denote as rij , then the residual vector

r; between x; and ® can be denoted as

ri=1Irl, 2. M. (1)
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Sorting the elements in the residual vector r; in a non-
descending order can obtain the residual index vector

! K-z,...,K-M], 2)

Ki:[Ki’ i i

where k; ranks the preference of the data point x; to the M
hypotheses, i.e., the higher a hypothesis ranks, the more likely
that x; will be an inlier of the hypothesis.

The authors of [12] find that two inliers from the same
structure share more common residual indices of the top of
their residual vectors. If x; is selected, the inlier probability
of x; is computed as

fij =% i i, 3)
where the vector lc}:h is the first 7 elements of k;, and
|k ll h ﬂlc}:h| is the number of common elements between k; and
k. his a window size, and 1 < 7 < M. For the input data,
our previous proposed AGS [15] samples a minimal subset
by the following four steps: it first computes inlier probability
vector by Eq. (3). By using information theory principles, AGS
then selects the significant data based on the inlier probability
vector. After that, AGS [15] computes sampling probabilities
by using both inlier probabilities and matching scores for
the significant data. Finally, AGS samples a minimal subset
from the significant data by using the computed sampling
probabilities.

In addition, in most residual sorting-based algorithms, resid-
ual sorting is time-consuming because these algorithms re-sort
all the residuals after generating each new block hypotheses.
We find that the computation of the inlier probability only
uses the first & rather than all elements of residual vectors.
Thus, AGS [15] only sorts part of the top ranked elements of
residual vectors for improving the performance of the residual
sorting step.

B. The Neighborhood Consensus

Although AGS [15] can relatively efficiently generate
promising hypotheses, it still selects the seed data for minimal
subsets randomly. However, for the input data with high outlier
rate, AGS tends to sample non-clean minimal subsets. In this
section, we show that how to use neighborhood consensus
information for efficiently selecting inliers as seed data of
minimal subsets.

In the use of spatial information (i.e., neighborhood con-
sensus information uses spatial information of two images),
the differences between the proposed method and the existing
methods (e.g., [21], [22], [25]) are as follows. First, different
from [21], [22], and [25] directly using spatial information
to sample data subsets, the proposed method uses spatial
information only to determine whether a selected data point is
an inlier. In other words, spatial information is only used to
select the first datum of a data subset, and the rest data of the
data subset are selected by using residual sorting. In summary,
the main aim of using spatial information is to select an
inlier as the first datum of a minimal subset to improve the
performance of the residual sorting-based sampling algorithm.
Second, to compute the neighbors of data points, the authors
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of [21] and [25] used a Fast Approximated Nearest Neighbors
technique [26]. Torr et al. [22] only used one of two views.
The proposed method computes neighbors of a data point in
two views respectively as in [22], and then computes an inlier
probability by using Eq. (5) and the neighbors of a data point.

We further denote a match as x; = {u;, v;}, where multiple
view images can be regarded as multiple two-view images.
Feature points u; and v; are extracted from the first and
the second images, respectively. The neighborhood consensus
means that if #; and v; share more common neighborhoods of
the top of their sorted neighborhood index vectors, then x; is
more likely to be an inlier [27], where the sorted neighborhood
index vectors are obtained by sorting the elements in the
neighborhood vectors in a non-descending order as Eq. (2).
The probability of x; to be an inlier is computed as follows.

First, we compute the first K nearest neighbors for u; and
v; by using Euclidean distance, denoted as A5 and N,
respectively. K is a given threshold. Then the inlier probability
of x; is computed as

1
Pl = X |
Different from Eq. (3), which is used to compute the inlier
probability of x; related to the selected x; based on the
generated hypotheses, Eq. (4) is used to compute the inlier
probability of x; by using neighbors of its two feature points
(i.e., u; and v;).

As in [27], because the distribution of the putative matches
is not uniform, multi-scale neighborhood consensus informa-
tion is used to compute inlier probability for better perfor-
mance as

NEONKI 4)

1< K
pi==2 P )
j=1
where IC = {K j}‘;‘zl is the multiple scales. If the inlier

probability p; of x; is larger than a threshold, then x; is
regarded as an inlier. Otherwise, x; is regarded as an outlier.

We note that the neighborhood consensus information has
been widely used in feature matching such as [27], [28],
and [29]. Feature matching aims to cluster the input data
into two clusters (i.e., inlier and outlier clusters), whereas
robust model fitting aims to cluster the input data to multiple
clusters (i.e., multiple model instances and one outlier) by
estimating geometric models. Thus, robust model fitting is a
more challenging task than feature matching.

We also note that the neighborhood consensus information
has been used in recently proposed robust model fitting
technique MCF [30]. MCF not only uses the neighborhood
consensus information to select the seed datum, but also uses it
to search the neighbors of the seed datum and then samples the
rest data of the minimal subset from the neighbors. However,
MCF may sample inliers of two model instances form a
minimal subset resulting in poor performance, when inliers of
two model instances are close, even in contact. To overcome
the drawback, the proposed algorithm samples the rest data of
a minimal subset by using sampling weights computed from
residual sorting.
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C. The Proposed NCRS Sampling Strategy

The proposed NCRS sampling strategy mainly consists of
two steps: select the seed datum and sample the minimal
subset by using AGS [15] based on the seed datum. The
detailed descriptions are shown in Lines 6 to 18 of Algorithm 1
(i.e., the proposed sampling algorithm). To increase the prob-
ability of sampling the clean minimal subset, we introduce the
neighborhood consensus information to select the inlier as the
seed datum. Intuitively, the more clean subsets sampled by
the proposed NCRS sampling strategy, the better performance
of the proposed sampling algorithm will be. However, this
intuition is not true. The corresponding experimental results
and analyses are shown in Section IV-B. To achieve better
fitting performance, NCRS uses the MCMC process to com-
bine the neighborhood consensus information with the random
selection to select the seed datum.

Algorithm 1 The Proposed Sampling Algorithm

Input: input data X, number of samples M, number of initial
hypotheses L, parameter f for MCMC, maximum number
of selecting seed datum G and batch size b.

Output: the generated hypothesis set ©.

1: Let ® = null.

2: forz =1to M do

3: if ¢ < L then

4: Sample a minimal subset S; by the uniform random
sampling algorithm.

5: else

6 if rand(0, 1)< S then

7: fori =110 G do

8: Select a data point X;; from input data randomly.

9: Determine whether X, is an inlier by Eq. (5).

10: if x;; is an inlier then

11: Let x,; be the seed datum and break.

12: end if

13 end for

14 end if

15: if the seed datum is not found then

16: Select a data point as the seed datum randomly.

17: end if

18: Sample a minimal subset S; by using AGS and the
seed datum.

19:  end if

20:  Generate a model hypothesis @, using S;.
21: if ¢ > b and mod (7, b) = O then
22: Update residual indices for Eq. (3).

23:  end if
24: Let® =0 U {0;}.
25: end for

On the one hand, the neighborhood consensus is used to
select the seed datum with a f probability. The selection
process contains two steps. First, NCRS randomly selects a
data point from input data. Second, NCRS judges whether the
selected data point is an inlier by using Eq. (5). The first and
the second steps are repeated until either an inlier is found
or the number of repetitions is larger than the specified one
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(i.e., the parameter G). If an inlier is found after performing
the first and the second steps, the inlier is regarded as the
seed datum. Given an appropriate G value, the probability of
no single inlier found is low after performing the first and
the second steps G times. For example, if the inlier rate is
0.2 and the G value is 20, then the probability of no single
inlier found will be (1 — 0.2)>° &~ 0.01. On the other hand,
the random selection is used to select the seed datum with a
(1 — ) probability. In addition, failure to find the inlier point
may still occur after performing the neighborhood consensus
information G times. In this case, the random selection is used
to select the seed datum. For simplicity, the two cases using
the random selection to select the seed datum are combined in
our implementation (please see Lines 15 to 17 of Algorithm 1).
The influence of § and G on the proposed sampling algorithm
is evaluated in Section IV-B.

After the seed datum is selected, a minimal subset is
sampled by using AGS [15] and the seed datum as below:
(1) Compute the inlier probabilities of input data based on the
generated hypotheses and the seed datum by using Eq. (3).
(2) Select the significant data based on the inlier probabilities.
(3) Compute sampling probabilities by using both the inlier
probabilities and the corresponding matching scores. (4) Sam-
ple a minimal subset from the significant data by using the
computed sampling probabilities.

In [31], an MCMC process is designed to sample data sub-
sets from inliers and sample data subsets from outliers based
on a greedy search-based sampling algorithm. In contrast, the
proposed method uses the MCMC process to combine the
neighborhood consensus-based strategy with the random selec-
tion strategy for selecting the first datum rather than all data of
a minimal subset. To the best of our knowledge, the proposed
method is the first one using the MCMC process to select the
first datum of a minimal subset for the residual sorting-based
sampling algorithm. Because of effectively using the MCMC
process to select the first datum for the residual sorting-based
sampling algorithm, the proposed method achieves superior
performance to the method proposed in [31] (experimental
results please see Table I).

D. The Proposed Sampling Algorithm

The complete proposed sampling algorithm is summarized
in Algorithm 1, which mainly consists of the uniform random
sampling strategy and the proposed NCRS sampling strategy.
The main aim of the uniform random sampling strategy is
to sample initial hypotheses to compute inlier probabilities
for the NCRS sampling strategy. Different from the existing
residual sorting-based sampling algorithms, which aim to
sample as many clean minimal subsets as possible and thus
sample a small batch of initial minimal subsets by using the
uniform random sampling algorithm, the proposed sampling
algorithm aims to achieve as good fitting performance as
possible. We find that sampling a large batch of initial minimal
subsets by using the uniform random sampling algorithm will
improve the fitting performance. In contrast, the aim of the
NCRS sampling strategy is to sample accurate hypotheses
based on the generated hypotheses. As the existing residual
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sorting-based sampling algorithms, we update the residual
indices for the inlier probability computation after generating
a new batch of hypotheses (Lines 21 to 23).

IV. EXPERIMENTS

In this section, we first introduce three datasets and an evalu-
ation metric in Section IV-A. Then, we evaluate the influence
of both different components and parameters on the perfor-
mance of the proposed sampling algorithm in Section IV-B.
After that, we compare the proposed method with several
state-of-the-art model fitting methods on three vision tasks
(i.e, two-view motion segmentation, image registration and
3D motion segmentation) in Sections IV-C, IV-D and IV-E,
respectively, where the proposed method uses the proposed
sampling algorithm and the existing model fitting frameworks.
Finally, we give the discussion about what will happen when
the assumptions made in the proposed method are violated in
Section IV-F. We run all experiments on a desktop computer
with a 3.4 GHz i7 CPU on the Windows 10.

A. Datasets and Evaluation Metric

We use image pairs from SNU [32] and the popu-
lar benchmark AdelaideRMF [33] for the two-view motion
segmentation. We also use Printed Circuit Board (PCB)
images from [30] to further evaluate the performance of
the proposed method. In addition, we use video sequences
from KT3DMoSeg [11] and the popular benchmark Hopkins
155 [34] for the 3D motion segmentation. As in [35] and [36],
we use the Clustering Error (CE) to evaluate the fitting
performance, and CE is computed as

CE number of incorrectly clustered data points

(6)

number of input data points

The lower value of CE means the better fitting performance.

B. Influence of Parameters and Components

In this section, we use the image pairs from Adelai-
deRMF [33] for the two-view motion segmentation to evaluate
the influence of the components and the parameters on the
performance of the propose method. We report the mean and
the standard deviation of clustering errors over 200 repetitions.

For two-view motion segmentation, we use the framework
of CBS [10] due to its relative efficiency. We first evaluate
the influence of the parameter f on the performance of the
propose method. Fig. 1 shows the results. f# = 0 means that
the proposed NCRS is not used. In contrast, f = 1 means that
the proposed method totally uses NCRS for the seed datum
selection. Intuitively, the more inliers selected by the proposed
NCRS, the better performance of the proposed method is.
However, this is not true in fact. The reasons behind this are
as follows. (1) As shown in Eq. (3), the computation of the
inlier probability only uses the first 4 residual indices. In most
of residual-sorting based sampling methods (e.g., [12], [15]),
h is fixed to one-tenth of the number of the generated
hypotheses. It is difficult to ensure that the first 4 residual
indices of two inliers from the same structure have many
common elements when many clean minimal subsets are
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TABLE I

THE CLUSTERING ERRORS (%) ACHIEVED BY THE TWELVE METHODS
FOR THE TWO-VIEW MOTION SEGMENTATION ON
THE AdelaideRMF DATASET

Method | PEARL| T-linkage | RCMSA] MSMH | Prog-X | MCNC |

Mean 29.54 13.39 8.05 7.41 10.73 7.01
std 14.80 7.20 4.65 2.98 8.73 4.22

[ Method| MLink [ CBS | HRMP [ MCF [ AGS | Ours |
Mean 8.59 4.65 7.37 4.01 2.80 2.38
std 4.67 2.68 6.90 4.64 1.27 1.03

sampled. (2) The inlier rates of different structures in an
input data may vary greatly, and it is also true in different
input data. Thus, it is hard to set an adaptive h for diffe-
rent input data or its structures.

In Table I, the results of AGS seem to be the results of
Fig. 1 when f = 0. However, the results of the proposed
method are different from Fig. 1 when f = 0.4. The reason
is that in Fig. 1, the number of initial hypotheses sampling by
the uniform random sampling algorithm is the same as that
of AGS. In contrast, in Table I, the proposed method samples
a relatively large number of initial hypotheses based on the
evaluation in Fig. 3, and thus achieves better performance.

Both the proposed method and our previous proposed AGS
method [15] achieve low mean clustering errors on the Adelai-
deRMF dataset for the two-view motion segmentation. Thus,
it is hard to significantly improve the performance of AGS
on this dataset. On the relatively challenging dataset (i.e., the
SNU dataset), from Table II, we can see that the proposed
method achieves a much lower mean clustering error than
AGS (3.21 vs. 8.39). In addition, from Fig. 1, we can see that
the mean clustering error first decreases and then increases
generally as the value of f§ increases. Although the standard
deviation seems random, both the mean clustering error and
the standard deviation are low when f = 0.4.

Fig. 2 shows that the influence of the proposed method
with different number of iterations (the parameter G in
Line 7 of Algorithm 1) on the performance. The experimental
results demonstrate that the proposed method is tolerant to
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Fig. 2. Influence of the proposed method with different number of iterations.
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Fig. 3. Influence of different block size on the proposed method.

the parameter G. The main reason is the proposed method
can sample accurate hypotheses in the given time. We also
evaluate the influence of the proposed method with different
initial block sizes in Fig. 3. The proposed method achieves the
best performance when the block size is set to 1000. When
the block size is set to 2000 and 3000, the performance is
bad because the proposed method mainly and almost totally
uses the uniform random sampling strategy in these two cases
respectively. We finally evaluate the influence of the proposed
method with different sampling time in Fig. 4. The mean and
the standard deviation of the clustering errors obtained by the
proposed method decrease generally as the value of sampling
time increases, especially for the standard deviation of the
clustering errors.

In addition, the neighbourhood consensus threshold K in
Eq. (5) has been discussed in detail in [27]. We empirically set
the default values for the multiple scale threshold IC = [4, 6, 8]
as [27]. The window size h in Eq. (3) is set to 0.1 x M as
in [11] and [15], where N is the number of the generated
model hypotheses.

C. Two-View Motion Segmentation

The two-view motion segmentation aims to segment cor-
respondences belonging to the same moving object in two
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Fig. 4. Influence of different sampling time (in seconds) on the performance
of the proposed method.

views [10]. Assume that N correspondences {x,-}lN: | of two
input images include multiple moving objects, where x; =
{u;,v;}. A fundamental matrix F € R3*3 can be used to
model correspondences belonging to the same moving object
by (v;)T Fu; = 0. The two-view motion segmentation has been
widely employed in various vision applications such as visual
localization, camera calibration and 3D reconstruction.

We compare the proposed method with eleven model fitting
methods, containing PEARL [37], MCNC [31], T-linkage [38],
RCMSA [9], MSMH (8], Prog-X [39], MLink [40], CBS [10],
HRMP [41], MCF [30], and AGS [15]. The reasons of choos-
ing the above competing methods are as follows: (1) RCMSA
and AGS are residual sorting-based sampling algorithms. The
proposed sampling algorithm is based on AGS. (2) We use the
overall framework of CBS for two-view motion segmentation.
(3) MLink, HRMP, MSMH and MCF are most recently pro-
posed model fitting methods. Both the proposed method and
MCEF use the neighborhood consensus information for their
data sampling. (4) The other competing methods (i.e., PEARL,
MCNC, T-linkage and Prog-X) are popularly compared in
recent literature for fitting data with multiple structures. The
source code of CBS is provided by its authors. The results of
PEARL, Prog-X and MLink are cited from [40]. The results
of T-linkage and MSMH are cited from [8]. The results of
MCNC are cited from [31]. The results of RCMSA, HRMP
and MCF are cited from [30]. CBS, AGS and the proposed
method are performed 200 times. The results obtained by
twelve competing methods are shown in Table I and Fig. 5.

From Table I, we can see that the proposed method achieves
the lowest mean clustering error and the lowest standard devi-
ation of the clustering errors compared with the other eleven
competing methods. Our previous proposed AGS achieves the
second lowest mean clustering error and the second lowest
standard deviation of the clustering errors. In other words,
the proposed method reduces 15% the mean clustering error
obtained by our previous proposed AGS (i.e., 2.38% vs.
2.80%). MCF and CBS also achieve good performance. The
mean clustering errors obtained by the two methods are less
than 5%, but are significantly larger than that obtained by the
proposed method.
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TABLE II

THE CLUSTERING ERRORS (%) ACHIEVED BY THE SEVEN METHODS
FOR AFFINE MATRIX ESTIMATION ON THE SNU DATASET

[ Method | RCMSA] MSMH | HOMF| HRMP| MCF | AGS [ Ours |

Mean 11.60
std 3.21

15.31
4.13

13.02
4.29

12.76
7.45

4.57
2.70

8.39
3.70

3.21
1.72

RCMSA, MSMH, MLink, MCNC and HRMP achieve rel-
atively low clustering errors, and the mean clustering errors
obtained by the four methods are larger than 5% but lower than
10%. The mean clustering error obtained by Prog-X is slightly
larger than 10%. The performance obtained by T-linkage is
worse than Prog-X, and the mean clustering error obtained
by T-linkage is larger than 13%. PEARL achieves the worst
performance, and the mean clustering errors obtained by the
two methods are larger than 20%.

Finally, Fig. 5 provides a qualitative results obtained by
the proposed method. From the Fig. 5, we can see that the
proposed method accurately segment eight example image
pairs of the AdelaideRMF dataset.

To further show the effectiveness of the proposed method,
we evaluate the proposed method on the SNU dataset. In this
experiment, we estimate the affine matrix as [30]. AGS and
the proposed method are performed 200 times. The results
of RCMSA, MSMH, HOMF, HRMP and MCF are cited
from [30]. The experimental results obtained by seven methods
are shown in Table II.

From Table II, we can observe that the proposed method
achieves the lowest mean clustering error and the lowest
standard deviation of the clustering errors compared with other
six competing methods. MCF (AGS) achieves the second
(third) lowest mean clustering error. The reasons of AGS
achieving the large mean clustering error are as follows.
(1) Matches extracted from many image pairs in the SNU
dataset have a large proportion outliers and multiple struc-
tures. For example, the outlier ratio in the Mickeys image
pair is 73.75% and this image pair has 3 structures. The
mean clustering error obtained by AGS is 21.34% on this
image pair. (2) As stated before, AGS is prone to sample
invalid data subset when the outlier ratio is high. In addition,
the other four competing methods (i.e., RCMSA, MSMH,
HOMF and HRMP) achieve relatively bad performance, and
the mean clustering errors obtained by the four methods are
larger than 10%.

D. Registration of Printed Circuit Board Images

Printed Circuit Boards (PCBs) are widely used in comput-
ers, televisions and other electronic equipments. The defect
inspection is an important step in the PCB production process.
The automatic optical inspection is one of most common
means of the defect inspection of PCBs [42], where image
registration plays a critical role in the automatic optical inspec-
tion. However, feature matches obtained from PCB image pairs
probably contain a large proportion of outliers because PCBs
often contain a large number of repetitive elements (see Fig. 6).
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(b) Biscuitbookbox

(f) Carchipscube

(a) Biscuitbook

(e) Breadtoycar

Fig. 5.
An oultier is incorrectly
labeled as an inlier
Fig. 6.
respectively.

Thus, the defect inspection of PCBs needs to use a robust
model fitting method for image registration.

In this experiment, we compare the proposed method with
the recently proposed and better-performing method MCFE.
To clearly show the detailed scenes in the PCB image pair,
we only select 10% of the totally 2514 feature matches.
The results obtained by MCF and the proposed method are
shown in Figs. 6 and 7. Fig. 6 shows that the proposed
method accurately segments inliers from outliers. In contrast,
MCEF cannot accurately segment inliers from outliers, and an
example is shown in Fig. 6. Based on the obtained inliers,
we achieve the registration results. Fig. 7 shows the proposed
method achieves satisfactory registration result, whereas the
result achieved by MCF contains multiple “ghosting” areas
highlighted with the red ellipses, in which the words are not
clear.

E. 3D Motion Segmentation

The aim of the 3D motion segmentation is the same as that
of the two-view motion segmentation. The main difference
between the two tasks is: The video sequences used for the
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(d) Breadcubechips

(h) Toycubecar

(g) Cubebreadtoychips

Eight successful two-view segmentation examples obtained by the proposed method (only showing the first view).

Segmentation results obtained by MCF (left) and the proposed method (right). Inliers and outliers are marked with green circles and red crosses,

TABLE III

THE CLUSTERING ERRORS (%) ACHIEVED BY THE TWELVE
METHODS ON THE KT3DMoSeg DATASET

Method | LSA SSC MSMC ALC Affine Homo
Mean 38.30 33.88 27.74 24.31 15.76 11.45
Median | 38.58 33.54 35.80 19.04 11.52 7.14
Method | KerAdd| CoReg | Subset Fund Oursy| Oursp
Mean 8.31 7.92 8.08 13.92 10.13 7.80
Median 1.02 0.75 0.71 5.09 3.59 2.63

3D motion segmentation contain multiple frames while the
image pairs used for the two-view motion segmentation only
contain two views. In the 3D motion segmentation, given N
feature points {t,’:, e R? ,{;llfv tracked through F frames
in a video sequence, the aim is to segment the N feature
points into multiple motions (i.e., moving objects). The 3D
motion segmentation has been widely used as an important
pre-processing step for many vision applications such as visual
surveillance, object tracking and action recognition.

We compare the proposed method with ten motion segmen-
tation methods, containing LSA [43], SSC [35], MSMC [44],
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ALC [45], Affine, Homo, KerAdd, CoReg, Subset and
Fund [11] on the KT3DMoSeg dataset. Among these compet-
ing methods, LSA is a local subspace affinity-based method.
SSC is a sparse subspace clustering method. ALC is an
information-theory method. All other competing methods
(i.e., MSMC, Affine, Homo, KerAdd, CoReg, Subset and
Fund) are model fitting-based methods. Affine, Homo,
KerAdd, CoReg, Subset and Fund are introduced in [11].
Affine, Homo and Fund only use single motion model, and
they use affine, homography and fundamental matrix, respec-
tively. In contrast, KerAdd, CoReg and Subset use multi-
ple motion models. In other words, three motion models
(i.e., affine, homography and fundamental matrix) are used in
the three methods. They use different techniques to exploit
three types of motion model information to achieve bet-
ter segmentation performance, and they use kernel addition,
co-regularization and constrained clustering, respectively. The
experimental results of the ten competing motion segmentation
methods are cited from [11]. We use the framework of
Fund [11] for the proposed method, where we use two motion
models (i.e., homography and fundamental matrix) and denote
them as QOursy and Oursp. As in [11], each consecutive
frame pair (defined as the fth and the (f + 1)th frames)
is selected as two views, i.e., the proposed method will be
performed (F — 1) times to sample data subsets for a video
sequence with F frames. Table III shows the experimental
results achieved by the twelve motion segmentation methods.

Table III shows that the proposed Oursp achieves the
lowest mean clustering error compared with all the other
eleven competing methods. Although the gap between the
proposed Oursp and the best of the other ten compet-
ing methods is small (i.e., 7.80% vs. 7.92%), the gap
between the proposed Oursp and Fund is significantly large
(i.e., 7.80% vs. 13.92%). We emphasize that the same as Fund,
the proposed Oursr only uses one motion model (i.e., the
fundamental matrix). As the second best method CoReg, the
proposed method can also fuse three motion models together to
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Registration results obtained by MCF (left) and the proposed method (right), respectively.

achieve better segmentation performance. However, our main
aim is only to demonstrate the effectiveness of the proposed
guided sampling algorithm in this paper. The above results
demonstrate that.

For other competing methods, Subset and KerAdd achieve
the similar results as CoReg. The mean clustering errors
obtained by the three methods are about 8.00%. Homo, Fund
and Affine achieve relatively worse performance due to the
use of only one motion model. The mean clustering errors
obtained by the three methods range from 11.45 to 15.16.
Although MSMC is also a model fitting based method, the
mean clustering error obtained by it is large because it cannot
effectively use the motion information of all frames of a video
sequence. The non-model fitting methods cannot effectively
handle practical problems such as strong perspectives and
object occlusions, and thus the mean clustering errors obtained
by these methods (i.e., LSA, MSMC, SSC and ALC) are larger
than 20%.

The performance obtained by the proposed method using
homography model is worse than that obtained by the pro-
posed method using fundamental matrix model. The reasons
are as follows: (1) As stated in the introduction, as the
dimension of the geometric model increases, the probability
of sampling a clean minimal subset by using the uniform
random sampling algorithm decreases exponentially. In [11],
the authors use the uniform random sampling for data sam-
pling. Thus, by using the uniform random sampling, sampling
accurate hypotheses for homography model is easier than
sampling accurate hypotheses for fundamental matrix model,
and as expected, the performance obtained by the method
Homo using homography model is better than that obtained
by the method Fund using fundamental matrix model. (2)
The experimental results in [12] and [15] show that as the
dimension of the geometric model increases, the probability
of sampling a clean minimal subset by using guided sampling
algorithms still decreases. By using the same fundamental
matrix model, the performance obtained by the proposed
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(a) Seq005_Clip01
Fig. 8.

(b) Seq009_Clip01

(c) Seq038_Clip02

3D motion segmentation examples (only showing the one view). The first row shows the ground truth segmentations. The second to the fourth rows

show the results obtained by Fund, Subset and the proposed Oursp, respectively.

(a) The ground truth

(b) MCF

Fig. 9. Qualitative results on the Barrsmith image pair.
method is much better than that obtained by Fund [11]. This
demonstrates that the proposed sampling algorithm generates
significantly more accurate hypotheses than the uniform ran-
dom sampling. However, by using homography model, the
performance of the proposed becomes worse. This is because
the proposed method by using homography model generates
more accurate hypotheses than the proposed method by using
fundamental matrix model, but the value of the parameter % in
Eq. (3) for computing affinity matrix for clustering is still set
to the same value as [11]. It should be set a relatively large
value to & for better performance. However, it is hard to set an
adaptive value for A, and this is out of the scope of this paper.
The final segmentation results obtained by the proposed
method on three video sequences from the K73DMoSeg
dataset are shown in Fig. 8. Fig. 8 shows the proposed method
achieves better results than the state-of-the-art Subset method.
To further strengthen this work, we perform more evalua-
tions on the Hopkins 155 dataset. We compare the proposed
method with eleven motion segmentation methods, including
LSA, SSC, MSMC, ALC, MCNC [31], Affine, Homo,
KerAdd, CoReg, Subset and Fund. In this experiment, we only
use one motion models (i.e., fundamental matrix) for the
proposed method. The results of MCNC are cited from [31],

TABLE IV
THE CLUSTERING ERRORS (%) ACHIEVED BY THE TWELVE METHODS

ON THE Hopkins 155 DATASET. “—" MEANS NOT REPORTED
Method | LSA SSC MSMC | ALC MCNC | Affine
Mean 4.86 2.18 433 3.56 2.34 0.59
Median | 0.89 0.00 0.00 0.50 - -
Method | Homo | KerAdd| CoReg | Subset Fund Ours
Mean 0.71 0.36 0.46 0.31 1.79 0.85
Median - - - - - 0.00

and the results of LSA, SSC, ALC are cited from [35]. The
other seven competing methods are cited from [11].

Table IV shows that the proposed method achieves compa-
rable results with the state-of-the-art methods. We emphasize
that the mean clustering error obtained by the proposed method
is about only half of that obtained by Fund, where the proposed
method and Fund use the same motion model and framework,
but use different sampling algorithms. This further demon-
strates the effectiveness of the proposed sampling algorithm.

F. Discussion

As stated before, different from most of spatial proximity-
based algorithms [21], [22], [25] sampling all data of
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a minimal subset from neighbour data points, the proposed
method only uses a neighborhood consensus information to
judge whether a selected data point is an inlier, and tries
to select an inlier as the first datum of a minimal subset.
The proposed method repeatedly performs the following two
steps (please see Lines 7 to 13 of Algorithm 1) G times:
(1) Select a match x; = {u;, v;} from input data randomly;
(2) Judge whether the selected match is an inlier; (3) If
x; is an inlier, then let x; be the seed datum and break.
When the spatial proximity assumption is violated, x; will
be discarded probably because u; and v; share fewer or
no common neighborhoods. Even when the spatial proximity
assumption is violated and x; is selected as the seed datum
with a certain smaller probability, but the proposed method
still achieves good results. Experimental results show that the
proposed method successfully segments input data because it
repeatedly performs the sampling process M times rather than
only one time (please see Line 2 of Algorithm 1), and it only
needs to sample appropriate data points to generate an accurate
hypothesis one time. For example, the mean segmentation
errors obtained by the proposed method are 2.58% and 1.14%
on the image pairs of Toycubecar and Barrsmith in Adelaide
RMF, where the Toycubecar image pair has a small structure
(i.e., its car structure only has 7% inliers) and the Barrsmith
image pair has segregated structures. Qualitative results please
see Figs. 5(h) and 9.

V. CONCLUSION

In this paper, we propose a novel guided sampling algorithm
by using the neighborhood consensus and the residual sorting.
Based on the neighborhood consensus, we propose a sampling
strategy to choose inliers as the seed data for increasing the
probabilities of sampling clean data subsets. Moreover, we use
the MCMC process to combine the above proposed sampling
strategy with the uniform random sampling strategy for better
fitting performance. Finally, we set a relatively large size to the
initial block of the randomly generated hypotheses to further
improve the performance of the proposed algorithm. We eval-
uate the proposed algorithm on the tasks of two-view motion
segmentation, image registration and 3D motion segmentation.
The promising results show the efficiency of the proposed
algorithm for guided sampling.
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