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From the outside it may not be apparent that Brown University
has a large, interdisciplinary, and vibrant computer vision community.
Despite being a small school (5,674 undergraduate and 1,343 graduate
students), Brown has a tightly knit community of vision researchers
in various departments. This can be partly seen in this special issue
which has contributions from researchers in the Division of Applied
Mathematics, the Department of Computer Science, the Division of
Engineering, and the Department of Cognitive and Linguistic Sciences.
What we find amazing and wonderful about Brown is the high degree
of interaction among researchers from these different disciplines.

We hope the papers in this special issue give some glimpse into the
computational vision research at Brown. Any collection of this type is
only a snapshot at an instant in time and cannot hope to capture the
full diversity of work going on here. White the is a broad range of vision
research at Brown, our focus here is specifically on conveying a sense
of the breadth and depth of computational vision research at Brown.
Towards that end, we briefly summarize some of the current research
efforts that are not represented by articles in this issue and provide
some references for the interested reader.

THE DIVISION OF APPLIED MATHEMATICS

Elie Bienenstock [7, 8, 9, 10] studies the ”compositional” nature of
vision and object recognition. Compositionality refers to the ability of
natural - and some artificial - vision systems to represent objects as
hierarchies of reusable parts. For example, a face is made of eyes, nose,
mouth, and each of these is made of simpler constituents. Constituents
can come together in an image only if they obey specific relational rules.
The compositionality principle has implications for both computational
and biological systems. In the brain for example, there must be a
mechanism for rapidly and reversibly binding otherwise uncorrelated
spatio-temporal patterns of neural activity.

Stuart Geman [32, 33, 34, 54, 35| also studies compositionality.
Compositional hierarchies can be viewed as parse trees derived under
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formal grammars. This sets up an equivalence between parsing and
scene analysis, and it suggests the use of probabilistic grammars for
representing the relative likelihoods of different aggregations of parts
and objects. Since the well-studied context-free grammars are inade-
quate, it is important to craft distributions for more general grammars
and to specify feasible algorithms for the inference of these grammars.
One natural way to implement compositional hierarchies in biological
vision systems would be to exploit fine-temporal structure of neuronal
spike trains. Statistical methods are being devised to systematically
search for fine-temporal structure in multi-unit neural recordings.

David Mumford studies vision from a broad range of perspec-
tives [61, 57, 62, 58, 63]. His focus has been on constructing probabilistic
models for the “variables of vision”. This includes capturing the statis-
tics of natural and range images and modeling occlusion and local
image structure. It also addresses the shapes of objects whose recogni-
tion requires a formalization of the concept of similarity between two
shapes. The aim here is to examine various metrics and the associated
completions of the space of shapes, the geodesics in these metrics and
the curvature of the space.

Basilis Gidas’s current research in computer vision includes: (i)
Simultaneous tracking and recognition of moving objects on the basis
of video images; the work explores hierarchical /syntactic (context-free-
grammar type) object representations and Monte Carlo type filters;
(ii) design of scale-invariant, non-Gaussian, 2-D stochastic models for
image generation and processing. His past work includes estimation of
topographic maps (“shape from shading”), tomographic reconstruction,
texture modeling and segmentation, multiscale Monte Carlo simulation
and optimization algorithms for image processing tasks [36, 37, 38, 39,
40].

Ulf Grenander is the originator of Pattern Theory whose aim is
to analyze from a statistical point of view the patterns in images and
other signals. This is an area of strength for Brown where numerous
other researches actively use this approach. He is a pioneer of the notion
of computational atlases where the anatomy is digitally represented as
patterns observed in 3D medical image datasets, e.g., from CT, MR,
and PET [43, 3, 60]. The goal is to facilitate automatic recognition and
component measurement of anatomical structures in these images. An-
other current interest is Automatic Target Recognition [41, 42] where
the research primarily involves developing jump-diffusion algorithms
for pattern inference based on knowledge about vehicle dynamics and
the physics of sensors. As another example of how computer vision can
be studied from the pattern theory perspective, shape can be modeled
as templates deformed by Lie group transformations.
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Donald McClure is interested in problems that benefit from the
use of temporal as well as spatial information for the analysis of im-
age sequences. Examples include the detection and removal of defects
from motion pictures, resolution conversion, image stabilization and
region-based decomposition of image sequences for more effective mo-
tion image compression [29, 30, 31, 55].

THE DEPARTMENT OF COMPUTER SCIENCE

Michael Black’s research focuses on motion estimation and motion
understanding in video sequences. In particular, his work on optical
flow addresses the detection of occlusion boundaries and the estima-
tion of image motion in layers using robust statistical methods and
probabilistic models [11, 15]. Understanding the motion of the human
body is of special interest but is made challenging by the variability of
human appearance, the high dimensionality of articulated body models,
and the complexity of human motion. His work on this topic exploits
learning methods and probabilistic inference techniques to model the
motion of the face and body, their appearance, how they change due
to motion, and to track deformable face or articulated body models in
image sequences [14, 13, 12].

Thomas Hofmann’s research focuses on the theoretical founda-
tions of learning with applications to computer vision and pattern
recognition in addition to natural language learning and data mining
[1, 46, 70, 47]. Like many vision researchers at Brown his focus is on
statistical and information theoretic techniques.

David Laidlaw works primarily in the areas of scientific visualiza-
tion, computational modeling, and computer graphics. He has worked
on geometric model extraction from MR volume data [2] and classifi-
cation of MR data using Bayesian mixture model techniques [18]. He is
currently collaborating with researchers in the Division of Engineering
on the digital archaeology project [44].

THE DIVISION OF ENGINEERING

David Cooper [19, 49, 78, 17, 5] has been a pioneer of applying the
Bayesian approach to computer vision. His recent research focuses on:
(i) Automatic extraction of 3D geometrically, algebraically, stochas-
tically modeled structure and semantically meaningful geometry from
unordered sets of 3D data points or from images from multiple cameras.
(ii) Applications to archaeological site data, which includes: Recon-
struction of 3D ceramic pot models by automatically assembling laser
scans of the many small pot sherds; Indexing into databases of extracted
3D geometric representations; Semi-automatic site reconstruction for
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VR viewing. (iii) Using 3D sketching and user-controlled interpolation
for high precision, user-intuitive, sculpting in a VR environment. (iv)
3D geometric learning; indexing into image and video databases.

Benjamin Kimia’s work focuses on shape representation, object
recognition, and perceptual grouping. Robust recognition in the pres-
ence of numerous sources of variability requires an explicit topology for
shape, constructed by formally studying the transitions of the shock
graph (with Giblin, this volume), which is a variant of the medial axis
(with Tek, this volume). Recognition is based on a metric of dissimilar-
ity which is the cost of the least action deformation path. Computations
are made practical by defining equivalence classes and developing an
edit-distance approach to shock graph matching. Other research in-
terests include perceptual grouping using shock graphs, exploring the
viability of this framework from psychophysics and neurophysiology
perspectives, medical imaging, and digital archaeology [51, 72, 77, 73,
53].

Joseph Mundy is working in the area of video processing and
analysis with particular emphasis on object recognition and modeling.
A current research theme is the concept of active models which combine
the activities of modeling and recognition. In this approach, the object
model acts as a recognition agent and refines its recognition strategy as
more sensor information is accrued. The object representation combines
both 3-d geometric and illumination scattering models [64, 65, 71, 66].

Gabriel Taubin’s main research interests include: Computer Vi-
sion, Applied Computational Geometry, Computer Graphics, Geomet-
ric Modeling, and 3D Photography [83, 4, 6, 84, 85]. For the last few
years his main line of research has been on the development of effi-
cient, simple, and mathematically sound algorithms to operate on 3D
objects represented as polygonal meshes, with an emphasis on Web-
based applications. This work has spanned several areas such as: 3D
capturing and surface reconstruction, modeling, compression, progres-
sive transmission, and display of polygonal meshes, and mesh signal
processing.

William Wolovich’s primary research areas are: (i) Object Mod-
eling/Measurement, where a new, primitive, conic/line decomposition
of algebraic curves has been developed. This decomposition can out-
line the boundaries of free-form objects, defines canonical curves for
object identification, and can be used to obtain geometric invariants
for object identification/classification. (ii) Geometric Design where new
methods are being developed for blending two or more two-dimensional
profile curves to create three-dimensional sweep surfaces that are easy
to model, measure and modify. (iii) Motion Modeling and Control,
where motion signature surfaces have been created to analyze databases
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containing normal and abnormal motion for the diagnosis ergonomic
injuries.

THE DEPARTMENT OF COGNITIVE AND LINGUISTIC SCIENCES

Fulvio Domini studies how the human visual system can exploit the
2D flow of image features to recover structure and motion. In particular
he is concerned with mathematical models of how different cues are
combined by the brain to interpret a moving scene. In psychophysical
experiments, he has shown (i) the visual system relies on properties of
the optic flow that are not necessarily sufficient for deriving the pro-
jected object and its 3D motion; (ii) the derivation of the 3D structure
and motion is based primarily on a heuristic (rather than a veridical
mathematical) analysis of the optic flow [20, 21, 22, 23, 24].

Michael Tarr’s research focuses on behavioral and computational
approaches to object recognition and visual perception [79, 80, 28, 81,
82]. He is interested in perceptual expertise as a model of plasticity in
the visual system (and as an explanation for putatively ”face-specific”
phenomena), the degree to which surface properties such as color or
luminance are intrinsic to object vision, and how different kinds of
visual information are recruited for tasks such as object recognition
or navigation. Earlier work investigated how observers recognize three-
dimensional objects from two-dimensional views.

Bill Warren’s research focuses on the visual control of action - in
particular, human locomotion and navigation [25, 59, 86, 26, 50]. Using
virtual reality techniques, his research team investigates problems such
as the visual control of balance, steering, and obstacle avoidance during
walking. This VR technology allows researchers to manipulate what
human subjects see while walking through a virtual landscape, and to
measure how they respond to this information. The ultimate aim of
this research is to understand how adaptive behavior emerges from the
dynamic interaction of an organism and its environment.

THE BRAIN SCIENCES PROGRAM

While our focus here is primarily on researchers studying computational
vision, it should be clear that many of us are inspired by biological
vision or directly work on neural models of vision. The departments
above are all part of a broader Brain Sciences Program where we have
many other colleagues who deal primarily with the biological basis
of vision. At Brown, research into the cognitive, computational, and
neural mechanisms of vision is diverse and interdisciplinary.

For example, David Sheinberg in the Department of Neuroscience
studies the neural mechanisms of natural vision [74, 75, 76]. Michael
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Paradiso, also in Neuroscience, studies how neurons code visual infor-
mation and how the communication and cooperation of these neurons
underlies visual perception [67, 68, 69]. Both Scheinberg and Paradiso
conduct perception experiments during which the activity of brain cells
is recorded.

In the Department of Psychology Leslie Welch studies the human
visual psychophysics of motion perception, binocular vision, and spatial
vision. Her work also addresses issues of perceptual learning in the
visual system [88, 89, 90].

In the Department of Physics Nathan Intrator studies biological
vision as well as image pattern recognition and classification [16, 27,
48]. His work on early vision includes nonlinear feature extraction and
dimensionality reduction [48]. His work focuses on neural models of
vision, receptive field formation in natural environments, learning in
early visual cortex, and learning in network models of vision.

CONCLUSION

We hope you enjoy this issue and will take the opportunity to explore
the work of our colleagues in more depth. We also welcome you to come
and visit if your travels bring you near Providence. If you like updated
information the following web sites may provide addition information:

http://www.dam.brown.edu/ptg
http://www.cs.brown.edu
http://www.lems.brown.edu/vision
http://www.cog.brown.edu
http://www.brainscience.brown.edu
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