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Abstract

An important research area in computer vision is parametenasson. Given a mathemati-

cal model and a sample of image measurement data, key parameters are sought to encapsulate
geometric properties of a relevant entity. An optimisation problem is often formulated in order

to find these parameters. This thesis presents an elaboration of fundamental numerical algo-
rithms for estimating parameters of multi-objective models of importance in computer vision
applications. The work examines ways to solve unconstrained and constrained minimisation
problems from the view points of theory, computational methods, and numerical performance.

The research starts by considering a particular form of multi-equation constraint function that
characterises a wide class of unconstrained optimisation tasks. Increasingly sophisticated cost
functions are developed within a consistent framework, ultimately resulting in the creation of

a new iterative estimation method. The scheme operates in a maximum likelihood setting and
yields near-optimal estimate of the parameters. Salient features of the method are that it has sim-
ple update rules and exhibits fast convergence. Then, to accommodate models with functional
dependencies, two variant of this initial algorithm are proposed. These methods are improved
again by reshaping the objective function in a way that presents the original estimation prob-
lem in a reduced form. This procedure leads to a novel algorithm with enhanced stability and
convergence properties.

To extend the capacity of these schemes to deal with constrained optimisation problems, several
a posteriori correction techniques are proposed to impose the so-called ancillary constraints.
This work culminates by giving two methods which can tackle ill-conditioned constrained func-
tions. The combination of the previous unconstrained methods with these post-hoc correction
schemes provides an array of powerful constrained algorithms.

The practicality and performance of the methods are evaluated on two specific applications. One
is planar homography matrix computation and the other trifocal tensor estimation. In the case
of fitting a homography to image data, only the unconstrained algorithms are necessary. For the
problem of estimating a trifocal tensor, significant work is done first on expressing sets of usable
constraints, especially the ancillary constraints which are critical to ensure that the computed
object conforms to the underlying geometry. Evidently here, the post-correction schemes must
be incorporated in the computational mechanism. For both of these example problems, the
performance of the unconstrained and constrained algorithms is compared to existing methods.
Experiments reveal that the new methods perform with high accuracy to match a state-of-the-art
technique but surpass it in execution speed.
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