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Abstract: Outliers seriously affect the accuracy in geometric model fitting. Previous works in coping
with outliers involve threshold selection and scale estimation. However most scale estimators suppose
the inlier distribution as a Gaussian model, which usually poorly meets the cases in geometric model
fitting. Outliers, considered as the points with big residuals to all the true models, share common
items with big values in quantized residual preferences, thus making the outliers gather away from
the inliers in quantized residual preference space. In this paper we make use of this outlier consensus
in quantized residual preference space by extending the usage of energy minimization to combine the
model error and the spatial smoothness in quantized residual preference space for outlier detection.
The energy minimization based outlier detection process follows an alternate sampling and labeling
framework. After the outlier detection, an ordinary energy minimization method is employed to
optimize the inlier labels, which also follows the framework of alternate sampling and labeling. The
experimental results in this study show that the energy minimization based outlier detection method
can detect most of the outliers in the data. Furthermore, the proposed energy minimization based
inlier segmentation process segments the inliers into different models quite accurately. Overall, the
performance of the proposed method is better than most of the state-of-the-art methods.

Keywords: geometric model fitting; outlier detection; quantized residual; energy minimization

1. Introduction

The geometric model fitting, which refers to accurate estimation of model parameters in noisy
data, is a fundamental issue in computer vision, for example, estimation of homography/fundamental
matrix, i.e. plane detection and motion estimation. However, this task is non-trivial due to noise and
outliers. The situation is more challenging if the data consist of multiple geometric structures. To
illustrate the problem addressed in this paper, we take the planar homography estimation for example.
As presented in Figure 1 ("ladysymon" from AdelaideRMEF [1]), we deal with the matched points in
two-view images (Image 1 and Image 2) to estimate the homography matrix. There are two "plane”
structures corresponding to two homographies. And the number of model instances (homographies),
ratios of inliers (correct matched points) and outliers (mismatched points) are unknown. By proposing
the model fitting method, the two "plane” structures corresponding to two homographies can be
estimated, and the correct matched points on each planes can be segmented as the inliers of each
homography excluding the impact of the outliers. Certainly, the structures are not restricted to
"homography", we also consider the fundamental matrix in this paper.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. An example of the problem addressed in this paper.

Over the last 30 years, the classical random sample consensus (RANSAC) method [2] and the
RANSAC family of methods [3] have been widely used to handle the model fitting problem with
outliers. These methods often work well for single-model fitting, but they are not appropriate for
multi-model fitting (e.g., sequential RANSAC [4,5] and multi-RANSAC [6]), because many data are
viewed as noise/outliers, i.e., one data belonging to a specific model implies outliers to other models,
which yields many pseudo-outliers [7]. Hence, geometric multi-model fitting is still an open issue [8].

The multi-model fitting problem can be considered as a typical example of a chicken-and-egg
problem [9]: both the data-to-model assignments and model parameters are unavailable, but given
the solution to one sub-problem, the solution of the other can be easily derived. The multi-model
fitting methods start with a sampling process to generate lots of hypotheses. Because there are usually
multiple underlying structures and gross outliers, the minimum sample set (MSS) used to calculate the
hypotheses usually contains outliers or pseudo-outliers, which makes it quite impossible to distinguish
the inliers belonging to different models by using hypothesis parameters or hypothesis residuals
directly.

To address this issue, the preference analysis based methods [9-22] were developed, which made
use of the hypothesis residuals to calculate preference set for the data points for clustering. J-linkage
[10,11], as the earliest preference analysis based method, adopts a conceptual preference for points
by binarizing the residuals with an inlier threshold, and introduces the Jaccard distance to measure
the similarity between two points’ preference sets for linkage clustering. Finally, the inliers belonging
to different models are segmented into different clusters. T-linkage [12,13], an improved version of
J-linkage, uses relaxation of the binary preference function and the soft Tanimoto distance to improve
the conceptual preference in J-linkage for better clustering. Robust preference analysis (RPA) [16]
represents the data points in conceptual space as in J-linkage, and then performs robust principal
component analysis (PCA) and symmetric non-negative matrix factorization (NMF) to decompose
the multi-model fitting problem into many single-model fitting problems, which in turn are solved by
M-estimator sample consensus (MSAC) [23]. While both conceptual preference in J-linkage and soft
conceptual preference in T-linkage need inlier threshold to exclude the impact of the outliers, which
make the methods not robust and quite inconvenient to use when dealing with outliers.

In order to avoid the problem brought by the inlier threshold, permutation preference makes
use of the order number of the sorted residuals without introducing the inlier threshold, which is
widely used in multi-model fitting methods [9,18-22,24]. Similarly, kernel fitting (KF) [17] makes use
of the permutation by sorting the residuals of the hypotheses as the preferences to build the Mercer
kernel to elicit potential points belonging to a common structure and, as a result, the outliers and
noise can be removed. Meanwhile, permutation preference is also used to represent the hypotheses
for mode seeking [9,19]. Wong [20] made use of permutation preference for hypothesis sampling and
inlier clustering. The simulated annealing based random cluster model (SA-RCM) [21] integrates
permutation preference with graph-cut optimization for the hypothesis sampling, and the multi-model
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fitting task is solved efficiently in a simulated annealing framework. Lai [24] combines permutation
preference analysis and information theory principles to build a discriminative sparse affinity matrix
for clustering.

Because the preference analysis based methods make a great effort to take advantage of the
residuals and neglect the spatial distribution of the data points, i.e. the inliers belonging to
the same model are usually spatially close in image. A series of energy-based fitting methods
[21,25-30] have been proposed to optimize the fitting solution by accounting for the model error
and encouraging spatial smoothness of the points. The energy-based fitting methods formulate the
geometric multi-model fitting as an optimal labeling problem, with a global energy function balancing
the geometric errors and the regularity of the inlier clusters, the optimal labeling problem is solved
by means of the a-expansion algorithm [31]. Similar graph-based methods [32,33] are proposed to
solve this problem. And also hypergraph [34] has been introduced to represent the relation between
hypotheses and data points for multi-model fitting [35,36].

Although the energy-based fitting methods can make good use of the spatial prior of the data
points that inliers belonging to the same model will tend to be neighbours in image, which also achieve
a promising inlier segmentation result. While outliers are always randomly distributed in image
throughout the data points. Therefore the energy-based fitting methods can hardly handle outliers by
using the data error or spacial smoothness, and always need extra inlier threshold or scale estimator
[37-43] to exclude the impact of the outliers. However most of the scale estimation methods depend on
a certain noise distribution model (usually Gaussian distribution), and in the geometric model fitting
problem, the noise distribution is always extremely complicated after sampling, feature extraction
and matching, which make the scale estimators perform poorly in the geometric model fitting. Thus
making the energy-based fitting methods very restricted for geometric model fitting.

Most of the time, the key to improving the fitting accuracy is the outliers, whose residuals to all
the true models in the data set are bigger than the inliers, which makes the consensus of the outliers.
When the proportion of good hypotheses is high enough after the sampling process, the quantized
residual preferences[44,45] of the outliers will tend to have big values, which makes the outliers gather
away from the inliers in quantized residual preference space. However previously outlier detection by
quantized residual preferences conducted only in preferences space, thus making the results sensitive
to the sampling process. Once the percentage of correct models models from the sampling process is
not high enough, then the result is poor. Considering the points distribution in quantized residual
preference space, the energy minimization can be successfully used to deal with the outliers without
scale estimation. In the paper we extend the energy minimization to quantized residual preference
space by using the neighborhood graph constructed from Delaunay triangulation of the points in
quantized residual preference space, rather than points’ image coordinate, and rearrange the data cost
of the outlier label according to the pseudo-outliers. To further hit the outliers as many as possible,
the energy minimization process follows the framework of alternate sampling and labeling, which
involves alternately conducting energy minimization based labeling optimization and sampling the
model hypotheses within the labeling inlier clusters for next round energy minimization. Thus making
the sampling and labeling process mutually improved. After the outlier detection process, an inlier
segmentation process based on a conventional energy minimization fitting method is used on the data
points with outliers removed, which constructs the neighborhood graph from Delaunay triangulation
of the points” image coordinate. The energy-based inlier segmentation process also follows an alternate
sampling and labeling framework.

The rest of this paper is organized as follows. In Section 2, we introduce the proposed method in
detail. The experiments in geometric multi-model fitting, including two-view plane segmentation and
two-view motion segmentation, are presented in Section 3. Finally, we draw our conclusions in Section
4.
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2. Materials and Methods

The proposed method for geometric model fitting consists of two parts: outlier detection and
inlier segmentation. The outlier detection and inlier segmentation are both integrated with the energy
minimization, but with different neighborhood graphs. Because outliers and inliers are mixed in
image, but can be separated perfectly in quantized residual preference space, the neighborhood graph
is generated in quantized residual preference space during the outlier detection process; meanwhile,
the inliers belonging to different models show a strong aggregated distribution in image, then in inlier
segmentation process, the neighborhood graph is obtained from points coordinate.

2.1. Outlier Detection

Like most of the preference based fitting methods, the outlier detection process starts with a
sampling process to generate many model hypotheses. In order to make sure the proportion of good
hypothesis, we generate the model hypotheses by a region-based random sampling process. After the
hypothesis generation, the quantized residual preference is calculated from the hypotheses residuals
to represent the data points in quantized residual preference space. Finally the energy minimization is
proposed in quantized residual preference space to segment the whole data set into several clusters,
then the outlier cluster is selected as the outlier detection result. In order to decrease the instability
caused by the sampling process and detect the outlier as many as possible, the whole outlier detection
process follows an alternate sampling and labeling framework, which alternately conducts sampling
to generate hypotheses for quantized residual preference, and carrying out energy minimization to
optimize the labeling classes in quantized residual preference space, then the next round sampling
process will be conducted in each inlier clusters. The whole work flow for the proposed outlier
detection is presented in Figure 2.
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Figure 2. The flowchart of outlier detection.
2.1.1. Region-based Random Sampling

Random sampling is a common hypothesis generation method for robust model fitting, but it is
of extremely low efficiency and the hitting rate (possibility to get true model) is also very low. Spatial
information has been widely used in guided sampling to improve the efficiency of the sampling
[5,46-48], which assume that inliers are closer to each other than outliers in the spatial domain of the
data. In order to take full use of the spatial information that inliers belonging to one model tends to be
neighbours, we conduct random sampling within a region, i.e., region-based random sampling.

The region-based random sampling is undertaken by directly randomly sampling the MSS within
a region (Figure 3). Firstly, the whole data points are divided into several sub-regions, and then we
conduct random sampling as in RANSAC on each sub-region to get a number of model hypotheses.
The sub-regions are obtained by an even spacial division with a stable region size. Every time we find
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the nearest neighbours to form a region and remove the points, then the next region will be obtained
in the remaining data points, until the remaining points are less than the region size.

\

Sub-region 4
L]
. . . °
. o. . . .o’ ¢
o % '. ¢ . [ N
..:.o ) ] ) :: ’
. o or o - Random » Model
e ¢ e sampling hypotheses
. . * ‘e S Spatial
o e Ce . division
[ . . ..
. ..v. .
Data points ]

Figure 3. The sketch map of region-based random sampling.

Because inliers belonging to the same model tend to be neighbors in image, the MSS extracted
from sub-regions will be more likely to be made up of inliers from the same model. As a result, more
good hypotheses will be generated. In practical experiments on AdelaideRMF data, we found the
model hypotheses generated through region-based random sampling can guarantee more than 40%
hypotheses are calculated from inliers form the same model, while random sampling can only get less
than 15%.

2.1.2. Quantized Residual Preference

After the hypothesis generation, the hypothesis residuals are calculated for the quantized residual
preferences. The quantized residual preferences are obtained by quantizing the residuals and taking
the quantized values as the preference values for the data points. The other key fact for quantized
residual preference space is the distance measurement.

Given the data point set X = {x1,x, ..., xx }, the hypotheses set H = {hl,hz, W, ,hM}
after the hypothesis generation, and the residual matrix R = {rl,rz, e, ,rM}, where ¥/ =
[rl,]-, o i rN,j]T refers to the residuals of hypothesis 7/ to all the data points in X, N is the
data number, and M is the number of hypotheses. We conduct quantization on R by Equation 1:

j
~ Yij = Timin
Tij = L]] “0

‘ max rmm (1)
Phax = mﬂx{rl,jrfz,j/' T ,VN,j}
P =min{ry o, v N}
where 6 refers to the quantization level. When using the quantized residuals to represent the hypotheses
or the data points, a valid quantization length A is needed to decrease the complexity of the quantized
residual preferences.

5. . 5. . <= A
qij = 4 71’] 2)
0 dijj > A

In this way, we can obtain the quantized residual matrix Q = [q; T 12 T ...,
gn’], where each row of Q is the quantized residual preference for the data point. That is, the
quantized residual preference for data point x; is the ith row of Q,i.e. g; = [§i1,9i2, - - - Sijr i M)
When comparing two quantized residual preferences g; and g;, the distance measurement defined by
Equation 3 is used.
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W(qi,q;) = max(p(q;),0(4;)) o(qi),0(q;
else
1 ifq, = g0 £ 0
(i1, q) = it = it/ qip 7 .
0 else
M
o(qi) = Z @Gt qir)
=1

Because the residuals of outliers will be bigger for all the models in the data, the bigger residuals
will more likely tend to be close to A or 0 (Equation 2) after quantization. In this way, the quantized
residual preferences of the outliers will tend to have more values with 0 or A, and when the proportion
of good hypotheses is high enough, most of the values in the quantized residual preferences of
the outliers will tend to be close to A or 0, whereas the corresponding inliers will have quite small
values. When projecting the data points into quantized residual preference space with the distance
measurement in Equation 3, most of the outliers will present a concentrated distribution (Figure 4),
and will be far away from the inliers, making the outliers easily separated from the inliers.

Figure 4 shows two-view data"johnsona" from the AdelaideRMF data set [1] for
multi-homography estimation. Figure 4(a) presents the two-view images and the feature matching
points between two images, and the points labelled by red triangle are the mismatched points, which
are regarded as outliers in multi-homography estimation. Figure 4(b) presents the multidimensional
scaling (MDS) plot of the quantized residual preferences of the points, where the points labeled with
red color are the outliers (mismatched points) corresponding to Figure 4(a). It is clearly shown that the
outliers are distributed close to each other and far away from the inliers.
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(b) Quantized residual preference MDS plot of the hypotheses
Figure 4. Quantized residual preference MDS plot for the "johnsona” data.
2.1.3. Energy Minimization Based Outlier Detection

Energy minimization is widely used in geometric model fitting problems, generally the energy

minimization is formulated using the labeling f = {f;}¥,, combining data costs and smoothness costs
[21,25]:

ﬂ/& smoothness  cost
N —_—
E(f) = ;D(xirfi) +a-) V(i fj) (4)

<ij>eN

for which a set of labels f = {f;} | assigns each x; to the structures, and f; = 0 refers to the labels for
the outliers. The data cost is constructed according to the residuals.

zx%ﬂ):{:ﬂﬁﬂ i ®

Where r(x;, T15,) is the absolute residual of x; to structure 715, and o refers to the penalty for labeling
x; as an outlier. The smoothness cost is defined as Potts Model:

wnm:{giﬁzg 6)
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And Equation 4 requires a neighborhood graph G = (V, '), where the vertices are the data points
V = X, and the edge N is constructed from the Delaunay triangulation on X [21,25,26]. Thus making
good use of spacial information of the points for fitting.

Energy (4) can be minimized by a-expansion algorithm [31]. And most of the time the a-expansion
follows the expand and re-estimate framework as in PEARL [25] to further decrease the energy until
convergence.

While in practice the outliers is randomly distributed on X, the spacial information of the outliers
on X can hardly be used in the energy minimization method, which means that the outlier segmentation
result totally depends on inlier threshold ¢. Because the actual inlier threshold of different model
varies, the single specified inlier threshold ¢ can hardly satisfy all the models. Thus making the energy
minimization method perform poorly when outliers involved.

As presented in Figure 4, the outliers present a clear aggregated distribution in quantized
residual preference space Q, which can be used for constructing the neighborhood graph in the
energy minimization. Through the combination of the residuals and the aggregated distribution in Q
by means of energy minimization, the outliers and inliers can be successfully separated.

Similarly the neighborhood graph in Q is also constructed from the Delaunay triangulation on Q
accordingly. The vertices are the quantized residual preference of data points V = Q, and the edges N/
is constructed from the Delaunay triangulation on Q by the distance measurement of Equation 3. This
way the distribution of outliers in quantized residual preference space can be introduced into energy
minimization function.

However, the data cost can not simply defined as the absolute residuals to the structure, since
the accurate parameter of the structure is unknown, which usually estimated from the points with
the same label. Only if all the points are from the same structure inliers, the fitted parameter can be
regarded close to the true parameter, which is quite difficult to be guaranteed. In practice, in order to
exclude the impact of the outliers and pseudo-outliers as many as possible, to obtain accurate structure
parameter, the hypothesis iy, for calculating the residuals is obtained by randomly sampling a number
of hypotheses H . from points labeled with f;, and then calculating the residuals of the points labeled
with f;, and choosing the hypothesis with the minimum mean residual as the model parameter 7, to
calculate the data cost. Since the smaller the mean residual of the hypothesis is, the closer to the true
model it will be. This way we can estimate the parameter much closer to the true one.

ZxEL(fl) r(xi/ h)z
hy = argmin ———%
e, card(L(f)

where L(k) = {x;|f; = k} refers to the data points labeled with k, i.e., the inlier set of the hypothesis
labeled with k.

The data cost for the inlier labels is defined as the squared residuals for hypothesis 71y, generated
from data points labeled with f;:

(7)

D(x;, f;) = r(xi,1i5)%, fi # 0 (8)

where r(x;, fi,) refers the residuals of x; to hypothesis 7.

While for the outliers, the residuals cannot simply be regarded as the data cost to the outlier label,
since a single structure parameter calculated from the outliers means nothing to the whole data set. We
therefore consider the statistical consistency of the inliers using the pseudo-outliers, which are the data
points belonging to one model that are outliers to other models. For example, points labeled with f;
can be regarded as outliers to the model labeled with f;, and f; # f;. Therefore, we calculate the mean
residuals of the inliers labeled with f; to other structure hypotheses {7 f].} as the data cost of outliers
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to inlier model. Furthermore we enhance the statistical consistency by using the hypotheses {# f].}
sampled from points labeled with f]-, and f] €{1,2,---,n}.

Yhe g } r(xi, h)?

D(x;, fi) = card({Hy. })

Ji=0,f#0 ©)

When calculating the data cost of the outliers to the outlier label, we simply take the minimum
residual of outliers over all the hypotheses as the data cost value to the outlier label.

Generally the energy minimization process needs an initial input labels, which contain outlier
label and inlier label. In order to obtain the initial labels, a linkage clustering process based on the
quantized residual preference is proposed to divide the data points into several clusters, and then
the initial outlier cluster is selected using an outlier index. Because the hypotheses generated from
the outliers will tend to have larger residuals, while hypotheses generated from the inliers will have
smaller residuals, the outlier index (¢, can be defined using the mean hypothesis residuals generated
by MSS from each cluster, which is calculated as Equation 10.

 Lnefnyy Exer() (% 1)
fi card(Hy,) * card(L(f;))

(10)

Because the outlier index is the mean hypothesis residuals generated by MSS from each cluster,
cluster with bigger outlier index will more likely tend to be outlier cluster. Then the cluster with the
maximum outlier index ¢ is selected as the initial outlier cluster, and points within the cluster are
labeled as 0, while the points within the other clusters are labeled with the corresponding number.

After the initial labeling, energy minimization is then conducted to obtain the optimized labels
of the data points. And the result labels often produce more than two clusters, which contain
outlier cluster and several other inlier clusters. Note that these inlier clusters contain serious
under-segmentation and can not be considered as the inlier segmentation result. Similarly the outlier
indexes will be calculated for each cluster to select the outlier cluster, and find the other inlier clusters.
If the outlier cluster is unchanged compared to the initial outlier cluster or previous detection result,
then it will be returned as the final outlier detection result; otherwise the inlier clusters will be regarded
as the sub-regions for random sampling for the next round detection following the alternate sampling
and labeling framework. The full work flow is shown in Figure 2, and the details of the algorithm is
presented in Algorithm 1.
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Algorithm 1 Energy Minimization Based Outlier Detection

1: Divide X into m sub-regions D = {Dl, D%, D™} and initialize the outlier cluster ¢ =;

2: Conduct random sampling on each sub-region in D and generate hypotheses H;

3: Calculate the quantized residual preference matrix Q and calculate the distance matrix W for every
two points” quantized residual preferences;

4: Conduct linkage clustering with the distance matrix W and obtain clusters C = {C Lec2,..., cr } ;

5. Calculate the outlier index & = [¢ Fir ¢ ot ¢ fn] for each cluster in C, and select the cluster with
the maximum outlier index as the outlier cluster C° = Cf, t = argmax (., the inlier cluster

]

C! = X — C°, and initialize the outlier and inlier labels fy = {f;|f; =0, if x; € C; else f; = 1};

6: Calculate the data cost using clusters C = C — C°, build the neighborhood graph A in quantized
residual preference space, and calculate the smoothness cost;

7. Conduct energy minimization and obtain the optimized labels f with a-expansion, collect the label
inlier set £ by L(k) = {x;|fi = k, f; € f}, and obtain the outlier and inlier labels fy = {f|f; =
0, if fi =0; else f; =1};

8: If fo == fy, return the outlier points labeled with 0 in f;, else fo = fo;

9: Randomly sample hypotheses in each label inlier set, except for the outlier label set, select the
hypothesis with the minimum mean residual as the model, re-estimate the model parameters, and
refine the label by the minimum residual to the model parameters f; = argmin r(x;, £ ), fi 0,

f=iiy
10: Update the data cost using the sampling hypotheses obtained in step 9;

11: Calculate the quantized residual preference space and update the neighborhood graph N and
smoothness cost;

12: Return to step 7 and undertake the label optimization process again.

i

2.2. Inlier Segmentation

After the outlier detection, it is usually possible to find most of the outliers in the data set, and
there will be few outliers left after removing the detected outliers. A conventional energy minimization
process [21,25] can then be used to segment the inliers, without considering the outliers, which makes
the labeling optimization more convenient and accurate.

The energy minimization also starts with region-based random sampling to obtain a number of
hypotheses, and the initial label of the data points is obtained from the sub-regions of the data points
in image, that points in the same sub-region will share one label. Given that the data set X; = X — C°
after outlier cluster C° removed, and X; is divided evenly into sub-regions D= {Dl, D?,..., D”’},
then the initial label f = {f?|f =k, if x; € D¥}.

Because this energy minimization is conducted on inliers, the data cost is calculated following
Equation 8, i.e., we select the hypothesis with the minimum mean residual to calculate the data cost for
the label during the random sampling process. The neighborhood graph is constructed from Delaunay
triangulation of data points X;. The smoothness cost uses the Potts model in Equation 6. The whole
label optimization process also follows an alternating sampling and labeling process, similar to outlier
detection process. The full work flow is shown in Figure 5, and the details of the inlier segmentation
process are provided in Algorithm 2.
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Figure 5. The flowchart of inlier segmentation.

Algorithm 2 Inlier Segmentation

. Divide X into sub-regions D = {D!,D?,--- ,D"};
. Construct the neighborhood graph on X; and initialize point labels f according to D;
: Conduct random sampling on each sub-region in D, and calculate the data cost;
. Conduct energy minimization to obtain optimized label f by a-expansion;
. Collect inlier sets £ by L(k) = {x;|f; = k, f; € f} according to the label f;
If f == f, end the algorithm and return the inlier point label f ;
else f = f, D = L, go to step 3;

N U= W N =

The alternating sampling and labeling framework is very easy to converge, which usually takes
a few iterations. Since the sampling is conducted within each optimized clusters by the energy
minimization process, which in turn further makes the data cost accurate for the next round labeling
process and improves the labeling result. Thus the mutual improvement of the sampling and labeling
process guarantees rapid convergence during the outlier detection (Figure 2) and inlier segmentation
(Algorithm 2).

3. Results

In this section, the experiments undertaken in geometric multi-model fitting, contain two-view
plane segmentation and two-view motion segmentation. The two-view plane segmentation is actually
a multi-homography estimation problem, and a plane can be parametrized by homography matrix
calculated from the matched points on the plane in two images. So in order to achieve two-view plane
segmentation, we need to fit multiple homographies from the matched points. Every time we need at
least four pairs of matched points to calculate the homography matrix using DLT method [49], and we
use Sampson distance for computing the residuals.

We first test the proposed outlier detection method on "Merton College II'! for two-view plane
segmentation compared to kernel fitting [17]. We have added 75 outlier corners in the data, the ground
truth outliers and inliers are labelled in different shape in Figure 6.

1 http:/ /www.robots.ox.ac.uk/~vgg/data2. html
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l. True Outliers

Image1 Image2

Figure 6. Outliers in "Merton College II" for two-view plane segmentation.

In the outlier detection experiment on "Merton College II", the proposed method detected all
the 75 outliers with only 3 false detected outliers that belongs to the inliers. While the kernel fitting
method found out 66 outliers and had 4 false detected outliers. The corresponding detected outlier
results are presented in Figure 7.

[ .| KernelFitting
[\ Proposed

®  True Outliers)

Figure 7. Detected outliers in "Merton College II" by kernel fitting and the proposed method.

While for two-view motion segmentation, the rigid-body motion (R, t) can be described by
a fundamental matrix F = [K't]yK’RK~! corresponding to two views. So the two-view motion
segmentation is actually a multi-fundamental matrices estimation problem, and the rigid-body motion
can be generally described by fundamental matrix. In the multi-fundamental matrix estimation, we
use normalized 8-point algorithm [50] to estimate the fundamental matrix, and calculate the residuals
by Sampson distance.

The proposed outlier detection method for two-view motion segmentation is initially tested on
"cars5" from the Hopkins 155 motion dataset?, which is mainly used for testing motion segmentation
algorithms to segment feature trajectories [51]. While in this experiment, we just select two frames (the
1th frame and 21th frame) from the "cars5" video sequence and the corresponding tracking features as
the ground truth inliers, and then 100 outliers have been added to test the proposed outlier detection
algorithm.

2 http:/ /www.vision.jhu.edu/data/hopkins155/
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Figure 8. Outliers in "cars5" for two-view motion segmentation.

In the outlier detection experiment on "cars5" for two-view motion segmentation, the proposed
method successfully detected 90 outliers with only 10 missing outliers, without false detection. While
the kernel fitting method found out only 59 outliers and had 35 false detected outliers. The proposed
method shows much superiority to kernel fitting, which can detected the most outliers with few false
detection. The corresponding detected outlier results are presented in Figure 9.

[,| KernelFitting
£\ Proposed
True Outliers

Figure 9. Detected outliers in "cars5" by kernel fitting and the proposed method.

Further more, the proposed outlier detection method has been fully tested on the AdelaideRMF
data set 3 to show the performance of outlier detection and the corresponding overall inlier classification
for both of the two-view plane segmentation and two-view motion segmentation. Comparisons in
inlier segmentation with the state-of-the-art methods of "propose expand and re-estimate labels"
(PEARL) [25], SA-RCM [21], ]-linkage [10], T-linkage [12], Prog-X [30] and CLSA [52] were undertaken.
The overall misclassification percentage (number of misclassified points divided by the number of
points in the data set) [53] is used to represent the model fitting performance.

The outlier detection results are shown in Figure 10, compared to the results of kernel fitting [17],
for both two-view plane segmentation and two-view motion segmentation. Figure 10(a)-10(f) are the
two-view plane segmentation data and Figure 10(g)-10(l) are the two-view motion segmentation data.
We can see that both the kernel fitting method and the proposed method can find most of the outliers

3 https://cs.adelaide.edu.au/ ~ssl/adelaidermf/
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in the data. However, most of the time, the detected outliers by kernel fitting contain more inliers,
and more outliers are undetected than with the proposed method. The proposed method can usually
identify almost all the outliers, with very few undetected outliers, and the false detection is nonexistent,
except for "dinobooks". In the "dinobooks" data, a number of model inliers are misclassified into
outliers, because the even division of the data points during the region-based random sampling process
makes the MSS contain some outliers, which in turn makes the inliers close to the outliers in quantized
residual preference space, and thus makes them difficult to separate from the outliers. And adequate
sampling of inliers of each real model can further improve the performance of the proposed algorithm,
which will be the focus of our next work. Table 1 shows the number of correctly detected outliers
("Correct"), undetected outliers ("Missing"), and falsely detected outliers ("False") for kernel fitting and
the proposed method. This quantitative comparison indicates that the proposed method can generally
detect almost all the outliers in the data, with fewer falsely detected and undetected outliers than
kernel fitting.
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Figure 10. Results of the outlier detection for both the plane segmentation and motion segmentation
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Table 1. Outlier detection results

Total Total Kernel fitting Proposed
points  outliers

Correct Missing False Correct Missing False

two-view plane segmentation

johnsona 373 78 70 8 0 75 3 0
johnsonb 649 78 63 15 33 71 7 0
ladysymon 273 77 70 7 0 76 1 0
neem 241 88 88 0 4 88 0 0
oldclassicswing 379 123 123 0 0 123 0 0
sene 250 118 106 12 3 117 1 0
two-view motion segmentation
biscuitbookbox 259 97 90 7 3 97 0 0
breadcartoychips 237 82 76 6 0 81 1 0
breadcubechips 230 81 69 12 4 80 1 0
breadtoycar 166 56 43 13 1 53 3 0
carchipscube 165 60 52 8 0 60 0 0
dinobooks 360 155 128 27 25 151 4 41

Table 2 shows the misclassification results of the two-view plane segmentation, compared to
PEARL [25], J-linkage [10], T-linkage [12], SA-RCM [21], Prog-X [30] and CLSA [52]. Please note, the
misclassification for CLSA referred to [52] only retained two decimal number for the percentage, so
the misclassifications for "neem", "oldclassicswing" and "sene" are at the same level with proposed
method. It can be seen that the proposed method obtains the lowest level of misclassification on most
of the data sets. The corresponding inlier segmentation results are presented in Figure 11, where most
of the inliers on the different planes can be segmented quite accurately. For "neem", "ladysymon"
and "sene", . For the "johnsonb" data, although there are seven planes in the data, and the inliers of
model 3 (points labeled with blue) occupy a large proportion, while the inliers of model 1 (red points)
and model 6 (magenta points) occupy a smaller proportion, which results in uneven sampling, few
hypotheses are generated from the inliers in models 1 and 6, making these two models difficult to
extract. However, the proposed method can separate models with both a large inlier scale and a small
scale quite well, and obtains a much lower misclassification level than some of the state-of-the-art
methods. Our method performs better in the case with more instances for "johnsona" and "johnsonb"

data set.
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Figure 11. Inlier segmentation results for two-view plane segmentation

Table 2. Misclassification (%) for two-view plane segmentation .

Methods PEARL J-linkage T-linkage SA-RCM Prog-X CLSA Proposed
johnsona 4.02 5.07 4.02 5.90 5.07 6.00 1.61
johnsonb 18.18 18.33 18.33 17.95 6.12 20.0 3.39
ladysymon 5.49 9.25 5.06 7.17 3.92 1.00 2.11
neem 5.39 3.73 3.73 5.81 6.75 1.00 0.83
oldclassicswing 1.58 0.27 0.26 211 0.52 0.00 0.26
sene 0.80 0.84 0.40 0.80 0.40 0.00 0.4

The misclassification results for two-view motion segmentation are presented in Table 3, compared
to the other six methods same with two-view plane segmentation experiment. The proposed method
obtains the lowest misclassification level on most of the data sets, except for the "breadtoycar" and
"dinobooks" data, and even obtains a zero misclassification level with two of the data sets. These
six data sets selected from .The corresponding inlier segmentation results are presented in Figure 12,
from which we can see that most of the inliers for the different fundamental matrix models can be
segmented quite accurately, except for the "dinobooks" data, where many inliers for model 1 (red
points) are classified into outliers (Figure 10(1)), and the inlier segmentation result is poor. For the
"dinobooks" data, the proportion of outliers (43%) is very high and, every time, eight points need
to be randomly selected to generate a fundamental matrix hypothesis. The MSS will have a great
possibility of containing outliers by means of random sampling within evenly divided sub-regions
by the Euclidean distance of the data points. This will make the proportion of good hypotheses very
low, and will seriously impact the performance of the quantized residual preferences, thus resulting
in a poor performance for the outlier detection. Since the outlier detection result directly affects the
final inlier segmentation accuracy, and improving the sampling method will help to solve the problem.
Therefor we will consider to introduce preference analysis into the improvement in further study.
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Figure 12. Inlier segmentation results for two-view motion segmentation

Table 3. Misclassification (%) for two-view motion segmentation .

Methods PEARL J-linkage T-linkage SA-RCM Prog-X CLSA Proposed
biscuitbookbox 4.25 1.55 1.54 7.04 3.11 1.00 0
breadcartoychips 591 11.26 3.37 4.81 2.87 5.00 0.42
breadcubechips 4.78 3.04 0.86 7.85 1.33 1.00 0.43
breadtoycar 6.63 5.49 4.21 3.82 3.06 0.00 1.81
carchipscube 11.82 427 1.81 11.75 13.90 3.00 0
dinobooks 14.72 17.11 9.44 8.03 7.66 10.00 12.50

In the experiments, during the region-based random sampling the size of sub-region is set 20,
which means 20 nearest neighbouring points make up a sub-region, and every time we randomly
sample 200 hypotheses in a sub-region. For outlier detection, the common residuals of good hypotheses
need to be quantized to close values, then the quantization level 6§ should be small; while the big
residuals most likely belonging to the outliers need to be extremely highlighted from the inliers’
residuals, the quantization length A usually set to 1. Most of the time, the parameters of quantization
level 6 and quantization length A are much related to the types of model. In two-view plane
segmentation (multi-homography estimation), quantization level # = 20 and quantization length A =1
will get quite good results for all the data; while in two-view plane segmentation (multi-fundamental
matrix estimation), quantization level 8 = 200 and quantization length A = 1 are suitable.

4. Conclusions

In this paper, we have extended the energy minimization on quantized residual preference
space for outlier detection. Generally, when the sampling hypotheses contain a great many of good
hypotheses close to the real models, the consensus of the outliers will be shown out on quantized
residual preference space obviously, i.e. the outliers will gather away from the inliers on quantized
residual preference space. To make good use of the outlier consensus, we construct the neighbour
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graph of the energy minimization on quantized residual preference space and adjust the data cost for
the outlier label and inlier label according to the statistical residuals from pseudo-outliers. And follow
the alternate labeling and sampling framework, the outliers can be well detected. After removing the
outliers, a conventional energy minimization process for inlier segmentation is conducted based on
the neighborhood graph constructed from Delaunay triangulation of the data points. Both the energy
minimization for outlier detection and inlier segmentation are integrated into an alternating labeling
and sampling framework. The experimental results show that the proposed energy minimization
based outlier detection method can successfully detect most of the outliers in the data. The proposed
method can separate the inliers for different models, and outperforms the state-of-the-art methods in
geometric multi-model fitting.
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