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Preface

Images contain information about the spatial properties of the scene they depict.
When coupled with suitable assumptions, images can be used to infer three-
dimensional information. For instance, if the scene contains objects made with
homogeneous material, such as marble, variations in image intensity can be as-
sociated with variations in shape, and hence the “shading” in the image can be
exploited to infer the “shape” of the scene (shape from shading). Similarly, if the
scene contains (statistically) regular structures, variations in image intensity can
be used to infer shape (shape from textures). Shading, texture, cast shadows, oc-
cluding boundaries are all “cues” that can be exploited to infer spatial properties
of the scene from a single image, when the underlying assumptions are satis-
fied. In addition, one can obtain spatial cues from multiple images of the same
scene taken with changing conditions. For instance, changes in the image due to
a moving light source are used in “photometric stereo,” changes in the image due
to changes in the position of the cameras are used in “stereo,” “structure from
motion,” and “motion blur.” Finally, changes in the image due to changes in the
geometry of the camera are used in “shape from defocus.” In this book, we will
concentrate on the latter two approaches, motion blur and defocus, which are
referred to collectively as “accommodation cues.” Accommodation cues can be
exploited to infer the 3-D structure of the scene as well as its radiance proper-
ties, which in turn can be used to generate better quality novel images than the
originals.

Among visual cues, defocus has received relatively little attention in the lit-
erature. This is due in part to the difficulty in exploiting accommodation cues:
the mathematical tools necessary to analyze accommodation cues involve con-
tinuous analysis; unlike stereo and motion which can be attacked with simple
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linear algebra. Similarly, the design of algorithms to estimate 3-D geometry from
accommodation cues is more difficult because one has to solve optimization prob-
lems in infinite-dimensional spaces. Most of the resulting algorithms are known
to be slow and lack robustness in respect to noise.

Recently, however, it has been shown that by exploiting the mathematical struc-
ture of the problem one can reduce it to linear algebra, (as we show in Chapter 4,)
yielding very simple algorithms that can be implemented in a few lines of code.
Furthermore, links established with recent developments in variational methods
allow the design of computationally efficient algorithms. Robustness to noise has
significantly improved as a result of designing optimal algorithms.

This book presents a coherent analytical framework for the analysis and design
of algorithms to estimate 3-D shape from defocused and blurred images, and to
eliminate defocus and blur and thus yield “restored” images. It presents a collec-
tion of algorithms that are shown to be optimal with respect to the chosen model
and estimation criterion. Such algorithms are reported in MATLAB� notation in
the appendix, and their performance is tested experimentally.

The style of the book is tailored to individuals with a background in engineer-
ing, science, or mathematics, and is meant to be accessible to first-year graduate
students or anyone with a degree that included basic linear algebra and calcu-
lus courses. We provide the necessary background in optimization and partial
differential equations in a series of appendices.

The research leading to this book was made possible by the generous support
of our funding agencies and their program managers. We owe our gratitude in
particular to Belinda King, Sharon Heise, and Fariba Fahroo of AFOSR, and Be-
hzad Kamgar-Parsi of ONR. We also wish to thank Jean-Yves Bouguet of Intel,
Shree K. Nayar of Columbia University, New York, and also the National Science
Foundation.

September 2006 PAOLO FAVARO
STEFANO SOATTO
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