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Abstract
Robust model fitting is a crucial task in numerous computer vision applications,
where the information of interest is often expressed as a mathematical model. The
goal of model fitting is to estimate the model parameters that “best” explain the
observed data. However, robust model fitting is a challenging problem in com-
puter vision, since vision data are (1) unavoidably contaminated by outliers due to
imperfections in data acquisition and preprocessing, and (2) often contain multiple
instances (or structures) of a model.

Many robust fitting methods involve generating hypotheses using random sam-
pling, and then (1) score the hypotheses using a robust criterion or (2) use a mode
seeking or clustering method to elicit the potential structures in the data. Obtain-
ing a good set of hypotheses is crucial for success, however this is often time-
consuming, especially for heavily contaminated data. In addition, many irrelevant
hypotheses are unavoidably generated during sampling process. This frequently
becomes an obstacle for accurate estimation, and has been ignored in previous
methods. In particular, mode seeking-based fitting methods are very sensitive to
the proportion of good/bad hypotheses.

This thesis proposes several sampling methods for rapid and effective gen-
eration of good hypotheses, and hypothesis filtering methods to remove bad hy-
potheses for accurate estimation. The techniques developed here can be easily
integrated into existing fitting methods to significantly improve fitting accuracy.
We also propose a hierarchical fitting method, which recognizes that details in
real-life data are organized hierarchically (i.e., large structures cascading down to
finer structures). This can avoid excessive parameter tuning to obtain a particular
fitting result, whereas existing fitting methods often fit data with a single number
of structures and permit only one interpretation of the data.

The algorithms in this thesis are motivated by preference (or ranking) analysis,
which has been widely used in areas such as information retrieval, artificial intelli-
gence and marketing. Preference analysis provides a sophisticated non-parametric
approach to analyzing the data and hypotheses in model fitting problems. The al-
gorithms developed here are shown to be more reliable than previous methods, and
to perform well in various vision tasks.
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