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Parameter estimation plays an important role in computer vision. Many computer vision prob-
lems can be reduced to estimating the parameters of a mathematical model of interest from
the observed data. Parameter estimation in computer vision is challenging, since vision data
unavoidably have small-scale measurement noise and large-scale measurement errors (outliers)
due to imperfect data acquisition and preprocessing. Traditional parameter estimation methods
developed in the statistics literature mainly deal with noise and are very sensitive to outliers.
Robust parameter estimation techniques are thus crucial for effectively removing outliers and
accurately estimating the model parameters with vision data. The research conducted in this
thesis focuses on single structure parameter estimation and makes a direct contribution to two

specific branches under that topic: geometric fitting and deformable registration.

In geometric fitting problems, a geometric model is used to represent the information of interest,
such as a homography matrix in image stitching, or a fundamental matrix in three-dimensional
reconstruction. Many robust techniques for geometric fitting involve sampling and testing a
number of model hypotheses, where each hypothesis consists of a minimal subset of data for
yielding a model estimate. It is commonly known that, due to the noise added to the true data
(inliers), drawing a single all-inlier minimal subset is not sufficient to guarantee a good model
estimate that fits the data well; the inliers therein should also have a large spatial extent. This
thesis investigates a theoretical reasoning behind this long-standing principle, and shows a clear
correlation between the span of data points used for estimation and the quality of model estimate.
Based on this finding, the thesis explains why naive distance-based sampling fails as a strategy
to maximise the span of all-inlier minimal subsets produced, and develops a novel sampling
algorithm which, unlike previous approaches, consciously targets all-inlier minimal subsets with

large span for robust geometric fitting.

The second major contribution of this thesis relates to another computer vision problem which
also requires the knowledge of robust parameter estimation: deformable registration. The goal
of deformable registration is to align regions in two or more images corresponding to a com-

mon object that can deform nonrigidly such as a bending piece of paper or a waving flag. The
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information of interest is the nonlinear transformation that maps points from one image to an-
other, and is represented by a deformable model, for example, a thin plate spline warp. Most of
the previous approaches to outlier rejection in deformable registration rely on optimising fully
deformable models in the presence of outliers due to the assumption of the highly nonlinear
correspondence manifold which contains the inliers. This thesis makes an interesting observa-
tion that, for many realistic physical deformations, the scale of errors of the outliers usually
dwarfs the nonlinear effects of the correspondence manifold on which the inliers lie. The find-
ing suggests that standard robust techniques for geometric fitting are applicable to model the
approximately linear correspondence manifold for outlier rejection. Moreover, the thesis devel-
ops two novel outlier rejection methods for deformable registration, which are based entirely
on fitting simple linear models and shown to be considerably faster but at least as accurate as

previous approaches.
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