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Abstract Robust geometric model fitting is a fundamental research problem in computer vision.
It has been widely used in a variety of applications such as homography/fundamental matrix
estimation, motion segmentation, image matching and medical image analysis. Given that data
usually contain noise and outliers caused by sensing or preprocessing errors, the main task of
robust geometric model fitting is to estimate the number and the parameters of model instances in

data. Although a number of robust geometric model fitting methods have been proposed during
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the past few decades, it is still a challenging task since a scene typically contains multiple geometric
structures, especially, when the observed data are largely contaminated with noise and outliers.
Traditional robust model fitting methods can be roughly classified into consensus statistic based
methods and preference analysis based methods. The consensus statistic based methods aim to
search the maximum consensus sets that yield the underlying model instances in data, and then
segment the data points into inliers and outliers by a certain threshold. Preference analysis based
methods describe the relationship of data points based on the preference information which is
usually used to define a similarity measurement, and then the data points are grouped into inliers
and outliers based on a similarity-based clustering algorithm. However, the preference analysis
potentially keeps redundant information (small differences in the residuals are probably unimportant) ,
whilst the consensus statistic throws away too much potentially useful information. These methods
might lead to poor fitting results. In this paper, we aim to use a compromise statistic that keeps
sufficient and compact information for model fitting and segmentation purposes. We present an
effective robust geometric fitting method based on a novel data representation (called preference-
statistic-based data representation) algorithm to deal with multiple-structure data contaminated with
noise and outliers. Specifically, the proposed data representation algorithm analyzes the residuals (of
each data point with respect to model hypotheses) in a histogram for the data representation, taking
advantage of both preference analysis and consensus statistic. Thus, the accuracy and robustness for
the proposed data representation are boosted. To utilize the statistical information embedded in the
proposed data representation, a simple entropy threshold algorithm is used for the adaptive outlier
detection, based on using the frequency count of bins of histogram. In addition, we present an effective
model selection algorithm (which is able to effectively deal with data points near the intersection
of model instances), based on similarity matrix learning for graph clustering. Specifically, we
analyze the eigenvalues of the Laplacian matrix and use a constraint of the number of a minimal
subset to automatically estimate the number of model instances. We evaluate the performance of
the proposed method on both synthetic datasets and real image pairs. We firstly compare the
proposed data representation algorithm (preference-statistic-based data representation) with the
consensus statistic based data representation algorithm and the preference analysis based data
representation algorithm, in the framework of T-Linkage method. Experimental results demonstrate
that the proposed data representation algorithm is effective and helpful to achieve better fitting
results for different fitting tasks. Then, we compare the proposed fitting method with several

state—of-the-art fitting methods to show the promising fitting results of the proposed method.

Keywords  robust model fitting; multiple-structure data; preference-statistic-based data representation;

outlier detection; model parameter estimation
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main task of model fitting is to robustly estimate the number
and the parameters of model instances in data. It is a challenging
task since a scene typically contains multiple geometric

structures and the observed data are usually contaminated
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with noise and outliers. One of the most classical fitting
methods is RANSAC that works effectively for fitting single-
structure data. However it is difficult to handle multiple-
structure data, even when the percentage of outliers is low.
In this work, we propose a robust model fitting method
to deal with the multiple-structure data contaminated with
noise and outliers. The key idea is to represent residuals below
a threshold using K bins of a histogram for data representation.
The method initially filters insignificant hypotheses using
non-parametric density estimation, and then removes outliers
based on the entropy of their residuals (with respect to each
hypothesis) which are categorized into K-bins. Using the
cosine distance of the binned residual representation, we
construct a similarity matrix which is used to cluster the data
points. Then, we learn the similarity matrix and assign
labels to the data points. The number of model instances is

estimated by re-applying the graph clustering algorithm for a

decreasing number of clusters, until the minimum members
of each cluster satisfy a chosen threshold (i. e. , the members
of minimal sampled subset). The proposed method is
compared with several state-of-the-art methods on synthetic
data and real image pairs to show the effectiveness of the
proposed method. The main insight of this work is the
regularization afforded by the binned representation of
residuals that provides a good balance between the consensus
based methods and preference based methods.
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