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Abstract

Parametrizing computational models of vision, i.e. choosing values for their free parameters, is important both for applied computer vision
and for developing the models themselves. A new, principled technique for parametrizing computational models of early vision is presented.
It requires that some specific mathematical relationships are found between properties of the input to a model and some suitable psycho-
physical data. Comparing these either parametrizes the model, allowing it to be implemented as a computer vision system, or retutes it,
motivating further modelling. The application of the technique to two computational models of early vision is demonstrated. © 1998 Elsevier

Science B.V. All rights reserved.
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1. Introduction

Vision modelling research has produced many different
computational systems, each of which claims to model some
part of the human visual system at a particular level of
detail. A problem encountered when trying to re-implement
these models is that many of them are not fully parame-
trized, i.e. they include parameters whose values are either
unknown or unpublished. Consider, for instance, a very
simple system in which a Gaussian filter is applied to a
digitized image and which claims to model the blurring
effect of lateral retinal interconnections. The size of the
Gaussian is the parameter, if it is not given then the model
is not parametrized; setting the size of the Gaussian to a
particular value parametrizes the model. We argue that para-
metrization is an important but relatively neglected part of
the modelling process and present a method of parametriza-
tion which uses psychophysical data.

1.1. Background

The initial stimulus for this work came from an attempt to
use a computational model to help to choose between two
possible explanations of a psychophysical experiment (see
Humphreys et al. [1] ‘Qualitative analysis of contour pro-
cessing 2: Collinearity and contrast polarity’). The model
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used was Neumann’s model [2], based on, but extending,
the well-established Grossberg and Mingolla model [3,4].
While carrying out computational experiments we found
that the outcome of the model could be substantially chan-
ged by small changes in the value of a parameter and that the
model’s dependence on each of its parameters was itself
dependent on the values assigned to all the others. Different
parametrizations supported different conclusions and on the
basis of these experiments it was impossible to choose
between competing explanations. The difficulty of choosing
a parametrization for the model thus motivated work
towards the development of a principled technique for para-
metrizing models of early vision, the subject of this paper.

1.2. Information processing models and computational
models

Not all models of biological visual systems are meant to
be implemented. Some models are conceived to support
testing of qualitative nature, which seeks to answer general
questions regarding the system’s architecture or its informa-
tion processing model. In Marr’s [5] terminology such
models are concerned with the computational theories,
representations and algorithms. Any parameters present in
these models serve to indicate, in general terms, the factors
which affect the behaviour of the model. Models of this
nature can be collectively called theories. However, if
such a theory is to be implemented as a computer program



474 E. Claridge, I.R. Billups/Image and Vision Computing 16 (1998) 473-49%

(a computational model) and used for simulations, all its
parameters have to be given values.

A computational model with free parameters is in fact a
class of related models. In order to make statements about
the relationship between the model and some psycho-
physical data, or perhaps about the similarity between the
behaviour of the model and that of a biological visual
system, it is necessary to specify which model or class of
models is under discussion. If a computational model of a
biological visual system is completely parametrized it may
be implemented and this implementation may be used to
predict the results of psychophysical experiments. Com-
parison with such results would support or criticize the para-
metrized model. To evaluate a model itself, it is necessary to
find all of its acceptable parametrizations. If a given class of
psychophysical results cannot be explained given any of
these parametrizations this may indicate that the model is
either incomplete or invalid.

Unlike the trivial example of a Gaussian filter given
above, a published model may contain many parameters,
which may be mutually dependent and interact in complex
ways, resulting sometimes in radically different behaviour
of the model. If parameter values are not specified, how is
the reader to know which of these models is under discus-
sion by the author(s)? If computer simulations are used to
support or refute a theory, should a computational model
(and its underlying theory) be considered ‘valid’ if other-
wise successful simulations use very different parametriza-
tions for each different stimulus? Even if only general
statements are made about the model, they are very unlikely
to be true for all possible parametrizations.

The practice of publishing model parametrizations is only
slowly beginning to take place in vision community [6,7].
This practice, which is common in experimental sciences, is
essential for the healthy development of computer vision as
a science and it’s lack has been criticized in the past
Haralick [8] was one of the first to raise the general issue
of ‘“‘the ad hoc nature of much computer vision research™
(p. 385). Since then, awareness of this shortcoming has been
increasing in the computer vision community, with papers
suggesting general methodologies as well as particular solu-
tions. In the former category Price [9], among the others,
vividly makes the point that researchers should share their
results and implementations (including parametrization).
One of his open questions is particularly relevant in the context
of this paper: ‘‘How do you control the tuning of algorithms? If
the choice of a single threshold can greatly change the entire
result, is the solution in the method for choosing the threshold
or in the algorithm?’’. A contribution by Haralick {10] makes
similar points. His recent seminal paper ‘Performance
characterization in computer vision” [11] suggests a general
protocol for determining the performance characterization of
a vision algorithm. In a related discussion paper, Weng et al.
[12] refer specifically to the importance of considering para-
metrization in characterizing and evaluating the performance
of computer vision algorithms.
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Fig. 1. Two different models (architectures), each using different set of
parameters, both produce outputs which are consistent with psychophysical
experiments.

1.3. Model parametrization

Any model that has been implemented and used to pro-
duce results of simulations must have been completely para-
metrized. A literature survey (see later) found that the
existence of a parametrization technique is usually only
implied by the existence of a parametrized computational
model. Parametrization is rarely mentioned explicitly and
very rarely discussed. Where it is, the two most common
approaches are either to select parameters by experimenta-
tion so that the results of the model fit best the given experi-
mental data’ or to derive (mathematically) a set of
parameters such that the model meets some general criteria
(for example, its convergence to a certain state or a solution
is guaranteed). Other approaches include the use of neuro-
physiological measurements (such as for example the size of
a receptive field) and their derivatives, or the use of ‘learn-
ing’ techniques, by exposing a model to examples. Although
these common themes could be observed, no technique was
found whose application to more than one model was
discussed, suggesting that no general techniques exist for
parametrizing computational models of early vision.>

Within the context of our work, the rdle of a computa-
tional model was to find support for or to refute a hypothe-
sized information processing model of early vision
processes concerned with grouping (see Humphreys et al.
[1]). The success criterion was whether or not the model
outputs were consistent with the results of psychological
experiments, given equivalent stimuli. As the behaviour of
parametrized computational models could be made very
different, depending on the choice of parameters, the valid-
ity of the underlying information processing model could
not be established. Two situations occurring commonly in
simulations are diagramatically represented in Figs 1 and 2.
Fig. | illustrates the case where two different models (archi-
tectures), each using different set of parameters, both pro-
duce outputs which are consistent with psychophysical
experiments. Fig. 2 illustrates the case where a given

" A model parametrized according to this type of criteria is sometimes
referred to as ‘isomorphistic’—see Pessoa et al. [6].

2 e y . . .

“The term ‘early vision’ used here is synonymous with ‘pre-attentive
vision’.
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Fig. 2. A given model produced plausible results when different sets of parameters were used for different sets of stimuli: however, the model failed if

parameters from experiment 3 were used for the stimulus set in experiment 4.

model produced plausible results when different sets of
parameters were used for different sets of stimuli; however,
the model failed if parameters from experiment 3 were used
for the stimulus set in experiment 4.

Clearly, on the basis of such simulations one cannot draw
unambiguous conclusions either about the model itself or
about its parameters. The reason is that both the model and
the parametrization are the components we are trying to
establish. Such a system is undetermined and it is necessary
to find some additional criteria; for example, by supplying
the system with some ‘ground truth’ data [13,14]. Psycho-
logical experiments can provide a set of inputs and corre-
sponding outputs which characterize the system. If the
model and the parametrization are correct then, when pre-
sented with the inputs, together they should produce outputs
which are consistent with the outputs of psychological
experiments. Thus, if we make an assumption that a given
architecture is correct and have a set of inputs and outputs,
we may be able to recover the parameters. Moreover, if no
parameters are found which are consistent with the set of
inputs and outputs, this may suggest that the architecture
itself is incorrect.

The situation outlined above is reminiscent of a central
problem in system theory, namely the recovery of an inter-
nal model (a state-variable representation) for a given exter-
nal model (input—output data). The underlying idea is that
the state-variable model provides an explanation of the
observed data [15]; if model is assumed correct, the vari-
ables can be recovered and the internal model made explicit.
Our approach to parametrization follows this scheme, in
very broad terms. The adopted solutions will be described
using system theory concepts, where appropriate.

If g(k), k € K, indicates an uninstantiated model
whose output depends on parameter set K C R", u(?) is an
input, ¢ is an instance of a stimulus of the class T and y(7) is
the corresponding output, then a simulation can be
expressed as:

y(t) = g(k) & u(r). (1)

The operator (X) specifies how g and u are combined (for
example, linear combination, convolution, etc.). An evalua-
tion function:

IT: v®Oher— 10, 1}, 2)

specifies whether the output from a simulation is valid (1) or
invalid (0).

Experiments 1 and 2, where the preference for one of two
competing models g, and g; is sought, can be expressed as
follows:

3k,, k; € K such that Vi € Tl
Y=g k) ®@u@), []o)ern=1and
Y =g:k) @ u(t), [ Jo®)er=1. 3)

Experiments 3-5, illustrating the use of isomorphistic
criteria, can lead to the following situation where the
validity of the model g cannot be established:

3k,, k, € K such that

ViETI yi)=gk) @u(t). []0:)eri =1 and
ViET2 y()=gky) @u(t). []0t))er=1but
HETL Y=gk ®u(t), []o)en =0. @

1.4. Limitations

It may be helpful to state, at the onset, the limitations to
the power and scope of this approach. The early vision
system which is the subject of analysis is embedded in a
large and complex ‘super-system’ and it cannot easily be
isolated from it. This necessitates making quite strong
assumptions regarding the interactions of the sub-system
with the super-system. A particularly difficult problem
arises from the fact that the outputs from the system are
not directly accessible. Our technique has been developed
on two assumptions regarding the interactions of the
modelled early vision system (‘the early vision’) and the
remaining part of the visual system which receives
output from the modelled system and produces output
(‘the post-processor’). The first assumption is that the entire
input on which the output of the system depends is
being processed first by the early vision, i.e. no part of
the input that has not been processed by the early vision
is used to form the output. The second assumption is that
the post-processor is consistent. This assumption
means that given two identical outputs from the
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early vision®, the post-processor will produce identical
outputs.

The usual form of input in vision experiments is an
image, which is a very ‘non-parametric’ representation
and is very unlike inputs usually considered in system the-
ory, which can be expressed by a (relatively small) set of
parameters. This is also partially true for outputs, although
in some experiments the ‘output’ can be a binary ‘yes’ or
‘no’. One of the novel contributions of this work is a pro-
posal for parametric representation for classes of images. A
related problem, for which we found a (tentative) solution,
is how to express the relationship between the input and
output and the system parameters.

One has to carefully consider assumptions made with
respect to models underlying experimental data and used
to parametrize the system. First, in most such experiments
it is assumed that the samples are independent and this
cannot be taken for granted in a biological visual system.
Second, an assumption originally underlying the contrast
sensitivity function (CSF) experiments, used here to
parametrize models, was that the visual system’s response
is a linear combination of outputs of individual frequency-
selective channels. If a system or a model is non-linear,
then parametrization arrived at on the basis of single-
frequency inputs is not guaranteed to be correct for
arbitrary inputs.

1.5. Application of the method

The parametrization method is demonstrated in appli-
cation to two models: Neumann’s model {2,16], which is
an extension to a well-known Grossberg and Mingolla
model, and Watt’s [17,18] MIRAGE model. In the first
case, it is demonstrated that parametrization can be found,
but on the assumption that the model, as described, is a
single-frequency model (as, indeed, stated by Neumann).
Furthermore, the outcome of parametrization suggests that
one of the system parameters considered to be a neurophy-
siological ‘global constant’ (the passive decay constant)
should in fact take different values for different frequency
channels. Taking the ‘best’ value for this parameter it is
shown how two further model parameters (defining the cen-
tre-surround architecture) are found. Values of these para-
meters are within the limits known from neurophysiology.
The second demonstration shows that after extending the
noise model, estimates can be found for the number of fre-
quency channels and, indirectly, the sizes of the associated
spatial filters. Here, the conclusions and the parameters are
only tentative because the inclusion of the stochastic
component in the model made the parametrization much
harder.

? But not necessarily two different inputs.

2. Existing techniques
2.1. The scope of the survey

The problem of parametrizing computational models
exists in all the sciences, some of the social sciences and
in engineering, and so an exhaustive survey of existing
techniques would be impractical. As indicated above, para-
metrization is also one of central problems in system theory.
However, because of the problems peculiar to parametrizing
models of early vision, it seemed most appropriate to survey
the early vision literature which contains non-trivial exam-
ples of computer simulations and to identify papers repre-
sentative of different parametrization methods. The
existing, model-specific, techniques for parametrizing com-
putational models of early vision are discussed below.
Where a model is chosen to illustrate a particular technique,
all the available information about how it was parametrized
is presented.

2.2. Unseen techniques

The majority of computational models found are pub-
lished without any statement of parameter values. Those
which are published with parameter values often do not
include any indication of how, or why, the values were
chosen. Such models are, at least, fully specified and any
results shown can be reproduced. Examples include
Grossberg and Wyse’s [19] and Cohen and Grossberg's
[20} models. Another example is the model of Malik and
Perona [21], which discriminates regions of different texture
in its input directly from the outputs of linear filters, rather
than after edge detection. It aims to be general, biologically
plausible and to give a quantitative match to psychophysical
data about the salience of the boundary between any two
textured regions. Parameter values are chosen and the model
matches the data as a result, so it is at least implicit why
those values were chosen, but not how. A brightness percep-
tion model of Pessoa et al. [6] specifies all the parameter
values and discusses the rationale for their choices. Gove et
al. [22] in their paper on extensions and enhancements to
Grossberg’s BCS/FCS model, report parameter values for
most of the model’s parameters; it can be seen that different
parameters are often used for different stimuli. This and the
previous two papers are examples of ‘isomorphistic’ models
(as referred to by Pessoa et al. [6]) where the parameters are
manipulated so that the ‘‘output of the model is an activity
profile that is, ideally, isomorphistic with a human’s
brightness distribution in response to the corresponding
stimulus™’.

2.3. Numerical analysis
One example of a principled method for model para-

metrization is work by Raijmakers et al. [7]. They undertook
an interesting study of stability analysis of Exact ART, a
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complete implementation of an ART network, which imple-
ments on-centre off-surround shunting neural networks
using contents-addressable memory. By systematically
varying the model parameters o, and o; (which determine
the range of lateral connections) and d, and d; (which deter-
mine the strength of lateral connections), they employed the
numerical bifurcation analysis to study the model’s
behaviour in this four-dimensional parameter space. The
analysis identified several stable regions in the parameter
space such that different regions corresponded to different
behaviours of the model. Thus, the parameters required for a
particular model’s outputs could be selected explicitly on
the basis of this analysis.

2.4. Neurophysiological techniques

Dobbins et al. [23] presented a computational model of
curvature detection that was closely based on the behaviour
of end-stopped neurons in the visual cortex of the cat. Their
only statement about parametrization was that two of the
model’s parameters, each analogous to a neuron’s receptive
field size, were ‘‘within physiological limits™.

The models of vision proposed by neurophysiologists are
clearly based on their knowledge of the structure and func-
tion of the biological visual systems they study, e.g. they
often propose models with spatial filtering schemes whose
behaviour qualitatively resembles that of simple or complex
cortical neurons [24]. However, despite the large number of
computational models that are physiologically based and
that have parameters analogous to neurophysiological
values such as receptive field sizes, there are remarkably
tew examples of such models whose parameter values are
set directly from quantitative neurophysiological data. One
such example is a model of Heitger et al. [24] in which the
ratio of the sizes of two Gaussian filters was set to the ratio
of the sizes of two receptive fields, those of neurons in V1 of
the monkey cortex and those of neurons in V2, as measured
by von der Heydt and Peterhans [25]. It may be that this
parametrization technique is used so infrequently because.
due to the invasive nature of neurophysiological techniques.
quantitative neurophysiological data about the human visual
system is scarce.

2.5. Learning techniques

Gerrissen’s [26] model of visual search in humans is
loosely based on Treisman’s [27] feature integration theory
and incorporates a multi-layer perceptron network. It is
certainly a computational model, although its author calls
it an emulation of early vision rather than a simulation, to
stress that it is a computer vision application based on a
computational model. The weights on the links between
its processing units can be considered as a large number
of free parameters which are explicitly parametrized when
the network is trained (under supervision and by back-
propagation of errors). However, it could be argued that

this type of model also contains a number of implicit para-
meters which define its behaviour, for example the overall
network architecture, its connectivity structure, the number
of neurons and layers, learning rules etc. More interesting,
though, is the technique used to parametrize the model of
Westland and Foster [29]. Their model combines the out-
puts of a linear filtering scheme using a non-linear opera-
tion, to model detection of oriented line segments. It is
similar to Malik and Perona’s [21] model of texture discri-
mination cited above. Its six free parameters were set by
simulated annealing: a stochastic technique for solving large
optimization problems. In this case, the large optimization
problem was to assign values to six parameters so that the
model matched some psychophysical data as closely as
possible. Simulated annealing can hence be considered as
a technique for parametrizing computational models of
early vision. Marshall’s [28] neural network EXIN is an
example of a self-organizing general pattern-recognition
system. Its structure (including topology and parameters)
develops through the exposure to complex perceptual envir-
onments. The in-built basic neural mechanisms (based on
neurobiological mechanisms) enable it exhibit phenomena
usually associated with ‘low-level’ vision such as contour
completion.

2.6. Psychophysical techniques

While the simulated annealing technique above used psy-
chophysical data to constrain the output of the model, such
data may occasionally be used even more directly. Skrzypek
and Ringer [30] used a network with competitive feedback
to model the perception of anomalous contours. Of the 17
free parameters in the model [31]. one was set: the para-
meter controlling the distance over which the model could
form an anomalous contour was set to the largest distance
over which the human visual system can form one, as
measured by a psychophysical experiment.

Two other models parametrized using psychophysical
data are those of Watt [18] and Wilson and Bergen [32].
Watt’s [18] mode] of early vision is based on a set of linear
filters whose outputs are combined by a non-linear operation
and are not available directly to higher-level visual pro-
cesses. Watt states values for the parameters controlling
the sizes of the smallest and largest of the filters and then
goes on to show, using computational simulations, that the
model explains the results of three very different psycho-
physical experiments |[17].

The model of Wilson and Bergen [32] had, in fact, been
completely parametrized. It is a general model of threshold
spatial vision, based on four channels each with different
spatial and temporal characteristics. The channels vary in
size with retinal eccentricity and their outputs are combined
by probability summation to give a measure of the delect-
ability of their input. Parameters were set by constraining
the output of the model to match subjects’ performance in
one detection task and then the completely parametrized






