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Abstract

Contour integration is believed to be a fundamental process in object recognition
and image segmentation. However, its neuronal mechanisms are still not well
understood. Psychophysical experiments showed that humans are remarkably
efficient in integrating contours even if these are jittered or partially occluded.
Therefore the brain requires a reliable algorithm for extracting contours from
stimuli. Several recent publications demonstrated that the brain often uses op-
timal strategies to integrate sensory information. Hence in this thesis I want to
tackle the question which contour integration model describes human contour
integration best.

Mathematically, contour ensembles can be characterized by a conditional link
probability density between oriented edge elements, termed an association field.
This association field can be used to generate contours or vice versa to extract a
contour from a stimulus. While in most neuronal network models all inputs to a
neuron are summed up, in such a probabilistically motivated neural network for
contour integration the afferent input due to the visual stimuli and the lateral
input from horizontal network interactions are multiplied.

Long-range horizontal interactions in primary visual cortex link orientation
columns with similar preferred orientations and are often assumed to be the
neuronal substrate for the association field. Experimental findings in monkeys
suggest isotropic long-range horizontal connections, spreading symmetrically into
all directions from an orientation column. In contrast, probabilistic models re-
quire unidirectional lateral interactions, linking orientation columns in only one
direction, in order to get optimal contour detection performance.

Using stimuli generated from given association fields, our numerical sim-
ulations show that contour detection performance for both, probabilistic-
multiplicative as well as additive models reaches human performance. Hence
detection performance alone is insufficient to rule out either model class. How-
ever, psychophysical experiments with humans reveal that contour detection er-
rors are not made randomly, but are highly correlated among different subjects.
Thus a model describing contour integration in the brain should not only explain
human contour detection performance, but should also reproduce these system-
atic errors made by humans. Comparison between misdetections of humans and
mispredictions of the models on a trial-by-trial basis was used to evaluate dif-
ferent model dynamics and association fields. This suggests that unidirectional
multiplicatively coupled horizontal interactions are required in order to explain
human behavior. Furthermore, cortical magnification factors have to be taken
into account and a fixed association field geometry for all stimuli is preferable



instead of using for each contour the association field employed for the generation
of this contour.
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Notations and abbreviations

Notations

Here we list the notations for the variables which were used during this thesis.
Variables introduced in chapter 2 and 3 do not occur again in later sections of
this thesis and therefore are omitted in this list.

A(x, φ) activity of a neuronal population with receptive field at position
x and preferred orientation φ

Ab activity of a neuronal unit representing a background element
Ac activity of a neuronal unit representing a contour element
Ai,b activity of a neuronal unit representing an illusory edge element

at the position of a background element
Ai,c activity of a neuronal unit representing an illusory edge element

at the position of a contour element
As(x, φ) activity of a neuronal population with receptive field at position

x and preferred orientation φ in the stationary state
α viewing angle from source edge to destination edge
α ′ viewing angle from destination edge to source edge
β orientation difference between two edge elements
C contrast of an edge element
Cc contrast of contour elements
Cb contrast of background elements
ε mean eccentricity of the contour elements within one stimulus
ηθ alignment jitter in degree
ημ synaptic noise on the afferent input
ηs

μ static synaptic noise on the afferent input
ηd

μ dynamic synaptic noise on the afferent input
F(r) distance dependence of the association field
γα alignment parameter
γβ curvature parameter
g(.) gain function
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i edge element with position xi and orientation θi

I(x, φ) total neuronal input of an orientation column with preferred ori-
entation φ and receptive field at position x

I0(.) modified Bessel function of the first kind of order 0
Ia strength of the afferent input
Iaff afferent input
Iwide
aff wide afferent input
Ilat lateral input
Il strength of the lateral input
Im strength of total multiplicatively coupled neuronal input Iaff ·Ilat

κ concentration parameter
k sum over total neuronal input for all positions and orientations
K number of preferred orientations
Ka number of preferred orientations in a model where preferred ori-

entations are adapted such that it matches the orientation of the
stimulus

L number of contour elements
LH left hemifield
Lmax number of maximum saliencies used to determine the location of

the contour
λ wave length of Gabor patch
M(.) Von Mises function
M number of rows within a hexagonal stimuli
μ(x, φ) evidence for an edge at position x with orientation φ
N total number of edge elements within a stimulus
Nl number of elements within one row of a hexagonal stimulus
Ns number of stimuli from which the performance is determined
n normalization factor
nA,B number of correct responses of observer A, B
nid number of identical responses of two observers
nex

id number of expected identical responses of two observers assuming
randomly distributed errors

nm number of matching trials between generic model and observer
nob

id observed number of identical responses of two observers
nob number of observers
nori number of preferred orientations
nt number of trials in a contour detection experiment
niter number of iteration steps
ΔP difference between model performance and human performance

in terms of human standard deviation
P matrix containing the link probabilities pi,j

pA, pB performance of observer A or B, respectively
p(r, α, β) association field in circular coordinates
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Pelement relative number of trials where the maximum activity of the
model was at one of the contour elements

Phemifield relative number of trials where the observer detected the contour
on the correct hemifield of the screen

Pchance
hemi chance level of Phemi

PLmax performance as predicted by the model using the Lmax elements
of maximum salience to determine the location of the contour

Pchance
Lmax

chance level of PLmax

Prand probability for randomly arising contours in the background
φG phase of Gabor patch
φ preferred orientation of an orientation column
pcurv association field that links perfectly aligned edge elements, allow-

ing an orientation difference of up to π/2
pδ association field that connects only perfectly aligned collinear

edge elements
pex(nex

id) discrete probability distribution over identical responses nex
id ex-

pected when assuming that errors are distributed randomly
pob(nob

id) discrete probability distribution over identical responses nob
id ob-

served in an experiment
pf false alarm rate
pi,j probability that a contour through edge i next passes edge j
pt hit rate
pwide wide association field that links edge elements with α = β = 0

and with α = β = π/4

RH right hemifield
r0 average inter element distance between nearest neighbors
ρ association field
ρtot distribution over nearest neighboring contour elements averaged

over all jitters σj and element distances r0
ρ2,tot distribution over nearest and next-to-nearest neighboring contour

elements averaged over all jitters σj and element distances r0
ρL distribution over nearest neighbors for contours of L elements

averaged over all jitters σj

σaff width of the afferent input
σα alignment-dependent width of the association field
σβ curvature-dependent width of the association field
σA,B sequence of contour detection decisions of observer A, B
σG width of Gabor patch
< si,j > average link saliency between the two elements i and j
σj curvature and alignment jitter of a contour generated from an

association field with σα = σβ = σj

sb salience of a background element
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si,b salience of an edge at the same position as a background element
but with perpendicular orientation

sc salience of a contour element
si,c salience of an edge at the same position as a contour element but

with perpendicular orientation
sLH saliency of the left hemifield
sRH saliency of the right hemifield
smax(x) saliency of position x estimated with the maximum estimator
smax

b saliency at the positition of a background element as estimated
with the maximum estimator

smax
c saliency at the positition of a contour element as estimated with

the maximum estimator
ssum(x) saliency of position x estimated with the summation estimator
ssum

b saliency at the positition of a background element as estimated
with the summation estimator

ssum
c saliency at the positition of a contour element as estimated with

the summation estimator
t iteration time
Δt iteration time step
τ decay constant
θ orientation of an edge element
uθ(φ) afferent input to a neuron of preferred orientation φ caused by

an edge of orientation θ
x position of an edge element or of the receptive field of a neuron,

respectively

Abbreviations

AF association field
2AFC two-alternative forced choice
fMRI functional magnetic resonance imaging
IT inferior temporal cortex
LGN lateral geniculate nucleus
MST medial superior temporal area
MT middle temporal area
ROC receiver operator characteristic
SOA stimulus onset asynchrony
V1 primary visual cortex
V2 secondary visual cortex
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Chapter 1

Introduction

”He cannot see the wood for the trees!” This commonly used expression describes
a situation where someone does not grasp the big picture because he concentrates
too much on the details and is not able to put them together into a larger context.

When it comes to visual perception humans are remarkably good in grouping
different elements of a visual scene into meaningful objects. We effortlessly recog-
nize a squirrel in the trees even though it might be partly occluded by leaves and
smaller branches and we can only intermittently see its outline. To recognize this
visual input as one object is a difficult task for an image segmentation algorithm.
In fact there is no object recognition or image segmentation algorithm that could
compete with human visual perception of natural images. Even for non occluded,
clearly visible scenes this is astonishing when considering that many cells in the
retina and in the lower visual areas of the brain appear to have only localized re-
ceptive fields and are sensitive either to a certain color, or to a small edge element
of a certain orientation, or to a dark dot surrounded by light. Then in a second
step this local information seems to be combined in order to obtain contours or
objects. So there is really a danger not to ”see the contour for the edge elements”
as the brain has to group different elements in order to perceive the contours or
objects within a visual scene.

Gestalt rules which describe visual perception have first been proposed by
Wertheimer (133) and Koffka (64). The rule which is most important for contour
integration is the law of good continuation which states that collinearly aligned
elements are grouped together. The strength of this grouping effect can be seen
in psychophysical experiments, where a contour consisting of collinearly aligned
edge elements in a background of randomly oriented edge elements pops out.
This means it requires no attention or visual search to detect this contour and
the time necessary to detect this contour does not increase with the number
of background elements. One of the most prominent psychophysical studies on
contour integration is the study of Field and colleagues (27). There subjects had
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to detect a contour consisting of aligned Gabor patches along a curved path in
a background of randomly oriented edge elements. In a forced choice procedure
subjects were able to identify the path when the angles between adjacent edge
elements did not exceed 60 deg. Since then there have been many psychophysical
studies on contour integration on humans and monkeys using similar paradigms
(for a review see (67) and (47)). These dealt not only with the effect of orientation
jitter on human contour integration but also analyzed i.e. the effects of closure
(68) and eccentricity of the contour (45; 92; 79), as well as the speed of contour
integration (83; 6; 44; 9). These show that the processing time depends on the
curvature of the contour and ranges between 100 ms and 300 ms (6; 44). More
recent investigations reveal that even a stimulus presentation time of only 30-
60 ms is sufficient to perceive a contour (83). This poses the question which
mechanisms are capable of explaining the high speed and efficiency of contour
integration in humans and monkeys.

Field and colleagues (27) proposed an association field that links feature de-
tectors with proximally located receptive fields and approximately collinearly
aligned preferred orientations. It is often assumed that the neuronal substrate
for the association field are the long-range horizontal interactions in V1, as these
connect cells with similar preferred orientations (36; 37; 104). Furthermore in cat
these excitatory horizontal connections link primarily cells whose receptive fields
are approximately displaced collinearly to their preferred orientation (114; 118).

There are several ways of building a contour integration model: Many models,
which can be regarded as ’bottom up approaches’ start with the known neuronal
anatomy of V1 and sometimes also higher visual areas and construct a model
which solves the task of contour integration using these neuronal components
(i.e. (77; 97; 137; 131)). Generally models which are based on empirically ob-
served structures of the brain can have the advantage, that they sometimes do
not only explain the phenomenon for which the model originally was built, but
also additional effects. The opposite strategy would be a ’top-down approach’.
Models employing this approach search for the most effective strategy to solve
the given task. Based on that, they can draw conclusions of what components
and mechanisms are needed to build such a model. Depending on whether the
model aims at a technical application or at explaining brain functions in a sec-
ond step one can search for an approximation of these strategies which can be
implemented with neuronal components. While it is generally assumed that a
biological plausible model should be constructed from known neuronal structures
for which there is empirical evidence, top-down approaches have the advantage
that they identify the mechanisms and components which are required for solving
a certain task effectively. This could give hints on necessary neuronal components
or neuronal properties which so far have been missed in empirical studies.

Most models dealing with contour integration in the brain use ’bottom-up’ ap-
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proaches and are based on neurophysiological and neuroanatomical data. Already
one of the earlier contour integration models following this approach suggested
a nonlinear coupling of different synaptic inputs, which was termed the ’bipole
property’ (41). The main idea of this mechanism is that a neuronal column,
which does not receive direct afferent input from a visual stimulus, becomes only
activated when simultaneously receiving lateral input from neighboring columns
on both sides. This bipole property is also part of a later model developed in
Grossberg’s lab (106; 42), which focuses more on the laminar organization of the
visual cortex and interlaminar cortical circuits. It also includes area V2. In con-
trast to this multi-layered network, several other models based on physiological
findings and known neuronal components concentrate on contour integration in
V1 (77; 137; 131) and show that local processing in V1 is already sufficient to
extract contours even without feedback from higher cortical areas. In the models
from Li (77) and Yen and Finkel (137) contours are represented by oscillatory
neurons which synchronize on fast time scales. The main difference between the
two models is that Li assumes inhibition for cells whose receptive fields are dis-
placed orthogonally to their preferred orientation, while Yen and Finkel assume
excitation. Ursino and La Cara (131) especially investigated the cooperation be-
tween feed-forward and feedback connections in their model and suggest that the
interplay of these two connections helps to avoid too long processing times when
extracting contours from noise.

Only few models follow a top-down approach. One example for this is the
model of Williams and Thornber (136), who regard a contour as the trajectory
of a particle moving according to brownian motion. They derive a probabilistic
model for contour completion and show that illusions like the shape perceived in
the center of Koffka crosses can be explained by their model.

Many models can reproduce human behavior in psychophysical experiments
qualitatively, but usually they lack a quantitative comparison between psy-
chophysical experiments and modeling and I know of no work which uses further
benchmarks than just the averaged performance for such a quantitative compar-
ison. In this thesis we close this gap by comparing quantitatively the average
performance of several models to the contour detection performance of human
observers using the same stimuli for simulations and experiments. In addition
we develop a second method to evaluate different models by analyzing correla-
tions between human responses on a trial-by-trial basis and requiring models to
reproduce the systematic behavior revealed by this analysis.

The main question we want to tackle here is: Which contour integration model
describes human behavior best? In particular we want to know the advantages
and disadvantages of a nonlinear coupling of different inputs to a neuron as sug-
gested by probabilistic models compared to a purely linear coupling of inputs
as employed in many neuronal network models. Furthermore we want to test
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the influence of the geometry, range, and symmetry of the association field on
the model output. Experimental findings in monkeys suggest isotropic connec-
tions between columns of similar orientation preference, spreading symmetrically
into all directions from an orientation column. In contrast, probabilistic models
require unidirectional interactions, linking orientation columns in only one di-
rection, in order to get optimal contour detection performance. Hence we will
analyze the advantages and disadvantages of symmetric and unidirectional in-
teractions and answer the question, which symmetry of interaction structure is
more suitable to reproduce contour integration in the brain.

From a probabilistic point of view the association field can be regarded as
an edge link probability density which gives the probability for each pair of edge
elements to be linked into a contour. Hence an association field can be used to
generate mathematically well-defined contour ensembles. This attempt of an ex-
act definition of what humans regard as a contour enables a mathematically exact
formulation of the problem, which is missing in most studies trying to explain of
contour integration in the brain. This mathematical formulation is the basis for
finding a probabilistic contour integration model which makes use of the informa-
tion contained in the generating association field in order to infer contours from
a given stimulus and hence leads to an optimal performance. Given the speed
and efficiency of human contour detection an efficient mechanism for contour
integration is required. Hence it seems promising to start with a probabilistic
and most effective model and add biological constraints in order to approximate
human behavior.

For the psychophysical experiments we consequently used stimuli generated
from an association field. Therefore using the generating association field to ex-
tract contours from the stimulus results in maximum performance. However, the
brain is most probably not optimized for these artificial stimuli, but rather for
visual scenes important for everyday life. It has been shown, that models em-
ploying natural image statistics to obtain a probability for linking edge elements
perform similarly well as humans (33). In this thesis we show that using the gen-
erating association field for contour detection leads to a very high performance
but does not explain the correlations between responses of human observers.

In search for a contour integration model capable of explaining these corre-
lations, we proceeded by including different biological constraints. I.e. the area
of cortical surface representing a given area in visual space decreases with eccen-
tricity, leading to decreased contour detection performance for contours in the
periphery.

In order to answer the question, which contour integration model explains
human contour detection best, we test different ways to couple the inputs of
a neuron, different geometries, ranges and symmetries of association fields and
different functions of the afferent input.
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1.1. Outline of the dissertation

In a first step we want to identify special properties, advantages and disad-
vantages of the different model choices. Therefore we used very simplified stimuli
which also allow for analytic calculations.

Often illusions or ’mistakes’ of visual perception reveal more about the un-
derlying mechanisms than tasks which can be solved correctly. Hence a model
explaining contour integration in the brain should be sensitive to the same illu-
sions as humans or monkeys. One example for this are Kanizsa figures where a
contour is filled in between two inducing figures and observers seem to perceive a
clear boundary where there is no physical boundary present. This illusion can be
reproduced by models employing the bipole property (41). Analyzing simplified
stimuli helped us in identifying overestimation of the salience of radially conjoin-
ing edge elements as an illusion to which some model choices are sensitive while
others are not. This might help to rule out particular models when comparing
these model predictions to experiments using stimuli tailored to these illusions.

After having singled out several properties of the analyzed model dynamics
and input functions, we compare the outcome of numerical simulations using the
same stimuli as employed in human psychophysics to human behavior. This way
we can evaluate how closely the model predictions resemble human behavior. As
several of the analyzed models reach human performance, we search for further
methods to evaluate these models. We show that responses of different human
observers are not made randomly but are highly correlated among different sub-
jects. Therefore we do not only take into account the average performance but
also analyze the correlations between model predictions and human decisions for
each individual trial. With this we can formulate further benchmarks and rule
out more of the analyzed models. This model evaluation suggests that non-linear
coupling of different neuronal inputs and a unidirectional association field should
be involved in contour integration in the brain.

1.1 Outline of the dissertation

The dissertation contains a part about previous work which is organized as fol-
lows: After the introduction in chapter 1 we describe the biological background
which is relevant for contour integration in chapter 2, introducing the visual sys-
tem and mechanisms for multiplicative gain modulation. In chapter 3 we review
experimental findings, especially in psychophysics and existing contour integra-
tion models. Here we consider biologically inspired models as well as probabilistic
models. A representative model for each of these two approaches will be described
in some detail.

The part of this thesis that deals with my own research starts with chapter
4 explaining in detail the three models which will be investigated in this thesis:
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a probabilistic exact model, a probabilistically motivated iterative model with
multiplicative couplings and a standard neuronal network model with additive
couplings. In chapter 5 we discuss advantages and disadvantages of the differ-
ent model dynamics on the example of very simple stimuli which allow analytic
computations. In chapter 6 the influence of noise and orientation jitter on a
probabilistic model is investigated. In chapter 7 the psychophysical experiments
are presented and several benchmarks for evaluating the models are discussed.
Following we will show simulation results for different model choices and ana-
lyze their predictive power with respect to human behavior. In chapter 8 we
summarize the achievement of this study and discuss open questions.
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Chapter 2

Biological background

In this chapter we will introduce the biological background that is necessary to
understand neuronal contour integration models. Neurons are cells which receive
information, process it and transmit it to other neurons. This is done via action
potentials. Connected to large networks neurons can communicate information
over long distances. In section 2.1 we will describe the physiology of a neuron
and the information transmission between neurons. In section 2.2 we will extend
this to networks of multiple neurons. The brain has a hierarchical structures with
several areas which are concerned with vision. In section 2.3 the visual system
and the most important regions for processing visual input will be introduced.
Furthermore multiplicative gain modulation will be explained in section 2.2.2.
This is a biological plausible mechanism for implementing multiplication, which
we need for one of the models introduced in chapter 4.

2.1 Single neurons

A neuron consists of a cell body, also called soma, several branches of dendrites,
which receive signals from other neurons, and an elongated axon which sends
signals to other neurons. At its end the axon is branched and each branch ends
in a presynaptic terminal involved in the release of chemical neurotransmitters
which carry the signal to the dendrites of an adjacent neuron.

Neurons contain molecules and ions which can carry charges and usually the
negative charges prevail inside the neuron. The cell body of a neuron is covered
by a cell membrane which is essentially impermeable to most charged molecules.
The negatively charged ions inside the neuron repel each other and consequently
distribute at the inner membrane surface. These charges attract an equal density
of extracellular, positively charged ions which gather at the outside surface of the
membrane. In this way the separating cell membrane functions as a capacitor.
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Within this membrane there are different types of ion channels which are typically
selective to a specific type of ions which can permeate the membrane through
these channels. The number and type of the embedded ion channels determines
the resulting membrane conductance. Furthermore ion pumps in the membrane
spend energy to maintain a certain difference of ion concentration between the
interior and exterior of the cell. By convention the potential outside a neuron
is set to zero. The resting potential inside a neuron is usually around -65 mV.
This negative membrane potential attracts positive ions and repels negative ions.
At the same time the different concentrations of ions inside and outside the cell,
which are maintained by ion pumps lead to diffusion, i.e. Na+ and Ca+ ions
tend to diffuse inside the neuron while K+ ions are driven out of the cell. An
equilibrium potential is reached when the diffusive processes due to different
ion concentrations and the ion current due to electric forces are balanced. The
equilibrium potential E for an ion channel, that is selective to a single ion type,
can be calculated from the ion concentration inside and outside the cell, denoted
by [inside] and [outside], with the help of the Nernst equation

E =
kBT

qz
ln

(
[outside]

[inside]

)
(2.1)

Here zq is the charge of the ion where q denotes the charge of a proton. kBT is
the thermal energy of an ion at a temperature T and kB is the Boltzman constant.

The membrane current Im of a neuron is the sum of all currents flowing
through any of its ion channels. For a better comparison between neurons of
different sizes one usually uses im, the membrane current per unit area. We label
each type of ion channel by an index i. Then the conductance per unit area
due to this channels is gi which is also called specific conductance. The specific
membrane current depends on the conductance gi for each type of channel and on
its driving force, which is given by the difference between the membrane potential
V and the equilibrium potential Ei of that channel: im =

∑
igi(V − Ei). The

membrane conductances gi can change over time. For example there are voltage
dependent channels whose conductance changes with the membrane potential
or channels whose conductance varies with the concentration of specific interior
messengers like it is the case for Ca+-dependent channels. However, there are also
approximately constant components of the membrane current, like for instance
the currents carried by ion pumps, which are grouped together into the so called
leakage current. This is given by ḡL(V − EL) where the bar over gL indicates,
that the conductance is approximately constant.

In single compartment models the membrane potential is assumed to be the
same in all parts of the neuron and is accordingly described by a single variable V.
One can account for the spatial geometry of a neuron and the varying properties
of different parts of the neuron by a multi-compartment model. An introduction
into multi-compartment models can be found in (19), chapter 6.
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Figure 2.1: Equivalent electric circuit for a one-compartment neuron with
surface A, a synapse and a current Ie injected by an electrode. Only a single
synaptic conductance gs is indicated but in principle there can be several types
of synapses. g1 and g2 are voltage dependent conductances.

In single compartment models the membrane potential changes with the total
current entering the neuron, comprising all currents due to membrane or synaptic
conductances as well as any current Ie injected to the cell by an electrode. Hence
the basic equation underlying all single-compartment models is

cm

dV

dt
= im +

Ie

A
(2.2)

Here cm is the specific membrane capacitance, meaning the capacitance per unit
area, and A is the total surface area of the neuron. The structure of the model
is equivalent to an electric circuit consisting of a capacitor and various resistors
that correspond to the different membrane conductances (Fig. 2.1).

The interesting dynamics of the membrane potential including the generation
of action potentials comes primarily from the nonlinearities of the membrane
conductances. Ion channels stochastically fluctuate between open and closed
states. Due to the large number of ion channels for a specific ion, the fraction of
open channels is to a good approximation the probability Pi for a single channel to
be in an open state. By multiplying the density of channels and the conductance
of an open channel we obtain the maximal conductance ḡi per unit area. gi = Piḡi

gives then the actual specific conductance.

A formalism to describe voltage-dependent conductances was developed by
Hodgkin and Huxley (50). We distinguish between persistent conductances like
the delayed rectifier K+ conductance and transient conductances like the fastNa+

conductance. Persistent conductances have a swinging gate which is sensitive to
voltage. The channel is activated, if the gate is open and deactivated, if the
gate is closed. The opening probability increases with the depolarization of the
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neuron. Because of the delayed rectifier K+ conductance the neuron repolarizes
after the action potential. This conductance contains k = 4 identical subunits,
which must all be open for the channel to open. Hence PK = nk where 0 < n < 1
is the so called gating variable that describes the probability that a particular
subunit gate is open. The probability that a subunit gate opens depends on
the voltage and is given by the rate αn(V). The voltage dependent closing rate
of a subunit gate is βn(V). The probability that a subunit is open increases
when a closed subunit opens and decreases when an open subunit closes. Hence
dn
dt

= αn(V)(1− n) − βn(V)n. This gating equation can be rewritten as

τn(V)
dn

dt
= n∞(V) − n (2.3)

This shows that the limiting value n∞ =
αn(V)

αn(V)+βn(V)
is exponentially approached

with the time constant τn = (αn(V)+βn(V))−1. αn(V) and βn(V) are obtained
from fitting experimental data. αn increases with V and βn decreases with V.

Transient conductances are controlled by two gating mechanisms with oppo-
site voltage dependence. The first gate works like in the case described above.
For a fast Na+ conductance we have an activation variable m and the chan-
nel consists of k = 3 subunits. In addition the inactivation variable h with
0 < h < 1 is the probability that the second gate is not blocked. The proba-
bility that both gates are open and hence the ion channel can conduct is given
by PNa = mkh. This is the open probability for a transient conductance. The
Hodgkin Huxley model (50) describes the generation of action potentials by as-
suming Eq. 2.2, the gating equation Eq. 2.3 and a membrane current consist-
ing of a leakage current, a fast Na+ current and delayed-rectified K+ current
im = ḡL(V − EL) + ḡNam

3h(V − ENa) + ḡKn
4(V − Ek). Fig. 2.2 shows the mem-

brane potential and the state of the ion channels during an action potential as
described by the Hodgkin Huxley model. The Na+ concentration is higher out-
side the cell. When the cell reaches a certain depolarization, the Na+ channels
open and Na+ flows inside the cell. This causes further depolarization and with
some delay this leads to the opening of the K+ channels. As the K+ concentration
is higher inside the cell, the ions flowing out of the cell slow down the depolar-
ization due to the Na+ ions. At a membrane potential of about 35mV the Na+

channels are inactivated and the cell is repolarized to the resting potential due
to the K+ ions which leave the cell. Finally the K+ channels are deactivated and
all gating variables approach their initial conditions.

The Connor Stevens model (13; 14) differs from the Hodgkin Huxley model by
faster kinetics due to slightly different parameters and an additional A-current
from a transient K+ conductance. It has the specific membrane current im =

ḡL(V − EL) + ḡNam
3h(V − ENa) + ḡKn

4(V − Ek) + ḡAa
3b(V − EA). The main

effect of the A-current is a continuous rise of the firing rate as a function of the
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2.1. Single neurons

Figure 2.2: Membrane potential and state of ion channels during the firing
of an action potential (modified from (1)).

electrode current injected to the neuron, above some threshold θE. Without the
A-current the firing rate would jump to a non-zero value at θE instead of rising
continuously.

Synaptic conductances

Neurons can communicate with each other via chemical synapses. The neuron
sending the signal is called the presynaptic neuron and the postsynaptic cell
receives the signal. An action potential in the presynaptic neuron propagates
along the axon and activates voltage dependent Ca2− channels in the presynaptic
terminal causing a rise in the Ca2− ion concentration. Due to the higher Ca2−

concentration vesicles that contain neurotransmitter molecules fuse with the cell
membrane and release the transmitter into the synaptic cleft between the two
neurons. The transmitter molecules diffuse through the cleft and bind to the
postsynaptic neuron, which causes the ion channels to open and, subsequently,
the conductance of the postsynaptic neuron to change.
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2.2 Neuronal networks

In 2.1 we described how an isolated neuron can generate an action potential
and how an action potential can be transferred from one neuron to another via
chemical synapses. Now we want to look at the interaction of many neurons
within neural networks. There are three types of interactions: Feedforward in-
teractions go from earlier areas in the brain, concerned with earlier processing
stages to higher brain region, responsible for later processing stages. Recurrent
interactions are interactions within one area and between neurons at the same
information processing stage. Feedback or top-down interactions go from higher
areas back to regions from an earlier processing stage. As the models presented
in this thesis only contain feedforward and recurrent connections, I will omit the
top-down connections in this section about neuronal networks. An introduction
can be found in chapter 10 of (19).

2.2.1 Firing-rate models

In principle one could build networks from the Hodgkin-Huxley neurons described
in 2.1. However, depending on the size and complexity of the network this is a
serious computational challenge. It is much easier to study networks that are
constructed of neuronal populations whose output is a firing rate rather than a
sequence of action potentials. For firing-rate models it is also possible to inves-
tigate certain aspects of the network dynamics analytically which we could not
do for spiking networks. A drawback of firing rate models is that these models
assume that the spikes are uncorrelated and hence cannot account for aspects of
precise spike timing and synchronous firing.

Let us assume a neuron with Nu synaptic inputs labeled by b = 1, 2, ...Nu

with input firing rates denoted by ub. How does the neuron’s firing rate Is
depend on the presynaptic firing rates? An action potential at input b generates
the synaptic current wbKs(t) in the soma of the postsynaptic neuron. Here wb

is the synaptic weight, which is positive for excitatory synapses and negative for
inhibitory synapses. Ks(t) is the synaptic kernel and describes the time course
of the synaptic current which is evoked by a presynaptic spike that arrives at
time 0. For simplicity we assume the same Ks for each synapse of a neuron and
normalize

∑
t>0Ks(t) = 1.

A presynaptic spike train at input b with action potentials arriving at the
times ti can be described by a sequence of δ− functions ρb(τ) =

∑
iδ(τ − ti),

also called the neural response function. The effects of action potentials at a
single synapse b sum linearly. Hence the synaptic current from neuron b in
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response to this presynaptic spike train is given by

Ib(t) = wb

∫ t

−∞ dτKs(t− τ)ρb(τ)

The total synaptic current is then obtained by summing over different inputs. In
order to finally obtain Is in dependence of the firing rate we replace the neural
response functions by the input firing rates ub. Then we get

Is =

Nu∑
b=1

wb

∫ t

−∞ dτKs(t− τ)ub(t)

When assuming the frequently used exponential kernel Ks(t) = exp(−t/τs)/τs

and taking the derivative of Is with respect to t we get the differential equation

τs

dIs

dt
= −Is + w · u (2.4)

where the input rates ub and the weights wb have been combined in the vectors
u and w, respectively.

How do we now get the postsynaptic firing rate v as a function of Is? Here we
can make use of the activation function F(Is) as computed from a specific neuron
model or obtained from an experiment in which a cell was subjected to different
test currents. Let us assume v = F(Is(t)) where the activation function F(Is) is
typically a sigmoidal function which is bounded from above and thus stabilizes
recurrent networks against excessively high firing rates. An alternative choice
would be F(Is) = [Is − γ]+ where γ is a threshold and [ ]+ denotes a half-wave
rectification. The activation function together with Eq. 2.4 realizes a firing-rate
model.

An alternative firing-rate model assumes that the firing rate does not change
with Is instantaneously. Because of the membrane capacitance and resistance
the sum of the postsynaptic action potentials is approximately a low-pass filtered
version of the synaptic current. Hence we can write the time-depending firing
rate as a low-pass filtered version of the steady state firing rate

τr

dv

dt
= −v+ F(Is(t)) (2.5)

The time constant τr describes how rapidly the firing rate approaches its steady
state value for constant Is. This second model consist of Eq. 2.4 and Eq. 2.5.
However, for τr � τs Eq. 2.5 rapidly approaches v = F(Is(t)) and the model
equals the first model description. If vice versa τr � τs the synaptic current
comes quickly to its steady state Is = w · u and it holds

τr

dv

dt
= −v+ F(w · u) (2.6)
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Now let us now assume a feedforward network, which has the input rates ub

(b = 1, 2, ..., Nv) and the output rates va (a = 1, 2, ..., Nv). This can be described
by the differential equation

τr

dv

dt
= −v + F(W · u) (2.7)

In contrast to Eq. 2.6 here the weights are given by a matrix W whose com-
ponents Wab represent the mean strength of the synapses between output unit
a and input unit b. Furthermore we can introduce recurrent connections into
the network described above by including an additional weight matrix M with
components Maa′ describing the synaptic strength between output unit a ′ and
output unit a. The output rates can then be described by

τr

dv

dt
= −v + F(W · u + M · v) (2.8)

According to Dale’s law a neuron can be either excitatory or inhibitory. An
excitatory neuron can only excite postsynaptic neurons and an inhibitory neuron
inhibits all its postsynaptic neurons. Hence for a given presynaptic neuron a
the components of M should have the same sign for all postsynaptic neurons
a ′. Hence we can distinguish between the output rates vE and vI of excitatory
neurons and inhibitory neurons, respectively. We end up with a set of coupled
differential equations for the two types of neurons.

τE

dvE

dt
= −vE + FE(hE + MEE · vE + MEI · vI) (2.9)

and

τI

dvI

dt
= −vI + FI(hI + MIE · vE + MII · vI) (2.10)

Here h = W · u is the total feedforward input to each neuron. The components
of MEE and MIE are positive or zero and analogously the elements of MEI

and MII are smaller or equal to zero. This set of coupled differential equations
gives the possibility to choose different time constants, activation functions and
feedforward inputs for inhibitory and excitatory neurons.

2.2.2 Multiplicative gain modulation

As we will see later in more detail, multiplication of neuronally represented vari-
ables is a desirable operation for general computations. In a neurophysiological
context this can be implemented by multiplicative gain modulation. The term
’multiplicative gain modulation’ describes an approximately multiplicative or di-
visive change of the amplitude of the stimulus-response function of a neuron
without modification of the response selectivity. This is equivalent to a change of
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the slope of the firing rate plotted against synaptic input current without shifting
the threshold.

Earlier models (11; 89) proposed that multiplicative gain modulation could
be obtained by changing the input conductance by so called shunting or silent
inhibition, an inhibitory input with a reversal potential close or equal to the
resting potential of the cell, which will affect the membrane potential of the
cell in a divisive manner. It was suggested that when the inhibitory input rate
increases, the slope of the firing rate in dependence of the synaptic input current
decreases, while the threshold stays approximately constant.

However, if the reversal potential of the inhibition is far from the spiking
threshold, the inhibitory synapse rather acts like a current source. The cell’s
conductance is not changed much by the inhibitory current Iinh and the input
current Isyn is shifted to Isyn − Iinh.

In contrast to (11; 89) Holt and Koch (51) as well as Salinas and Abbott
(110) found that shunting which increases the total membrane conductance has a
subtractive effect and cannot explain multiplicative gain modulation. Only if the
shunting is accompanied by an increase of the input noise that the cell receives,
it has an approximately multiplicative effect. This can be the case if a neuron
receives significant amounts of balanced excitatory and inhibitory input (110) as
was shown in the neocortical pyramidal neurons (12).

There is plenty of experimental evidence for multiplicative gain modula-
tion in many cortical areas. For example in the primary visual areas the gain
of orientation or direction tuning curves increases with attention (85; 128).
Gain modulation has also been proposed to be a neural mechanism underly-
ing coordinate transformations, which are relevant for visually guided reaching
(139; 111; 110; 100; 101) and necessary for invariant object recognition (112).

2.3 The visual system

The processing of visual information in the brain happens in parallel as well as
hierarchically. Visual information is split into its components like color, orienta-
tion, motion, texture, shape and depth. These features are processed in parallel
in separate areas of the visual cortex specialized for these particular features. It
is assumed that afterwards the information is reassembled into a single coherent
percept of the visual scene in higher visual areas. In this section we will give an
overview over the brain areas concerned with the processing of visual informa-
tion. Here our main focus will be on the areas processing orientation, as this is
the feature being crucial for the perception of contours.
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Figure 2.3: Retinal ganglion cells with on-center-off-surround receptive fields
(a) respond maximally when their center is exposed to light while their sur-
round lies in darkness. Vice versa off-center-on surround cells (b) respond
maximally if only their surround is exposed to light. (c) shows the neural
response of an on-center-off surround cell for different stimuli.

2.3.1 The retina and LGN

The retina

Processing of visual information starts in the retina, which is already part of the
central nervous system. The retina contains two types of photoreceptors: rods
and cones. While cones are important for day vision, rods are responsible for night
vision and can be excited by even one single photon (43). These photoreceptors
absorb light and transduce it into electrical signals which are transferred to the
retinal ganglion cells via bipolar cells. Ganglion cells can have two different types
of receptive fields. Cells with on-center receptive fields are maximally excited if
the center region of the receptive field is stimulated by light while the region
surrounding the center lies in the dark. Light in the surround has an inhibitory
effect on these cells. Vice versa ganglion cells with off-center receptive fields are
inhibited due to light in the center of the receptive field and excited by light
in the region surrounding the center (see Fig. 2.3). The axons of the retinal
ganglion cells of each eye come together at the optic disc where they are bundled
into the optic nerve (see Fig. 2.4). In the optic chiasm the two optic nerves
join. The fibres from the temporal hemiretina continue on the same side of the
brain. However, the axons from ganglion cells from the nasal hemiretina cross
to the opposite side of the brain, such that the right optic tract contains only
information from the left visual hemifield, while the left optic tract carries only
information from the right hemifield. The optic tracts project to the pretectum,
the superior colliculus and the lateral geniculate nucleus (LGN).
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Figure 2.4: Visual pathway from the retina to the primary visual cortex in
the human brain, Adapted from: (54)

The lateral geniculate nucleus

The fibres of the optic tracts terminate topographically organized in the left and
right LGNs. Each LGN contains a retinotopic representation of the contralateral
visual field, meaning that the right hemifield is represented in the left LGN and
vice versa. In the neural map emerging from the topological structure the pe-
riphery has a proportionally much smaller representation than the fovea, which
is the retinal area with the highest acuity.

The human LGN has six layers of cell bodies which each get input from only
one eye. The two most ventral layers are called magnocellular layers. They are
named after the relatively large cells they consist of. They mainly receive input
from the M-cells of the retina. The four dorsal layers are termed parvocellular
layers which get input from the retinal P-cells respectively. Like the retina the
LGN has concentric receptive fields with on-center and off-surround structure
or vice versa with off-center and on-surround organization. The retinal P-cells
and M-cells form the origin of separate pathways, which are subdivided into
a magnocellular and a parvocellular pathway. The magnocellular pathway is
responsible for the detection of motion and the location of an object while the
parvocellular pathway processes information about color.
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Figure 2.5: Simple scheme proposed by Hubel and Wiesel (52) showing how
cells with circular receptive fields from LGN are combined to form orientation
selective simple cells in V1.

2.3.2 The organization of the primary visual cortex

The primary visual cortex (V1) consists of six layers with different cell and fibre
density. Each cerebral hemisphere receives only direct visual information from the
contralateral visual hemifield. The fourth layer is again divided into four sublayers
4A, 4B, 4Cα and 4Cβ. Layer 4Cα belongs to the magnocellular pathway and
receives mainly input from the M-cells of the LGN. The layer 4Cβ belongs to
the parvocellular pathway. Axons of the P-cells of the LGN terminate in layer
4Cβ. Like the cells in the LGN the spiny stellate cells in 4Cβ have concentric
receptive fields. In this layer one finds so-called simple cells which are pyramidal
neurons with elongated rectilinear receptive fields being larger than the concentric
receptive fields in the LGN and in the spiny stellate cells. These cells respond
maximally to a bar of light that matches their orientation of the receptive fields
(see Fig. 2.5).

For an optimal response this bar must have a specific position within the
receptive field, i.e. it must lie in the excitatory region of the receptive field. If
the bar is not well positioned or if its orientation deviates from the preferred
orientation of the cell, the response will not be maximal because the excitatory
region is not completely filled and because the bar partly extends into the in-
hibitory region. Cortical cells which receive input from the same location on
the retina can have the same spacial shape of receptive fields but with different
preferred orientations, such that all orientations are represented for each point
of the retina. The receptive field properties of simple cells could be generated
by a certain topographical arrangement of cells with concentric receptive fields.
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They could arise from stellate cells with similar center-surround receptive fields
with slightly displaced positions on the retina which are aligned such that their
centers taken together represent a certain axis of orientation within the visual
field.

A second class of receptive fields, named complex receptive fields, can be
found for pyramidal cells in layer 2, 3, 5 and 6. Like the simple cells they have
rectilinear receptive fields of a certain orientation. However, in contrast to the
simple cells they have no clearly defined on and off zones. Hence the response of
the cell is independent of the position of the bar. There are certain complex cells
which respond to stimuli that move in a certain direction through the receptive
field. Hubel and Wiesel (52) proposed that these movement-sensitive cells receive
input from simple cells with the same axis of preferred orientation and receptive
fields positioned along the preferred direction of movement.

Organization of V1 into blobs and columns

The neurons in V1, which receive input from the parvocellular and the mag-
nocellular pathway, are organized into orientation columns. Neurons within an
orientation column all respond optimally to the same preferred orientation and
their receptive fields are located at nearly the same retinal position, even though
they might differ in size. The topology of orientation columns on the surface of
the cortex can be visualized by using the optical imaging technique. Full-field
gratings of varying orientations are presented, and active cells are then detected
using voltage-sensitive dyes and a highly sensitive camera. This technique shows
that orientation columns are arranged around orientation singularities which are
termed pinwheels. Around each pinwheel every single orientation from 0 to 180
degrees is represented. The axes of similar preferred orientations are organized
radially around the pinwheel. Orientation maps have specific length scales which
differ among species. In addition to the structure of orientation columns the
striate cortex is also organized into other feature maps as for example ocular
dominance columns, spatial frequency, columns sensitive to the color of a stimu-
lus, and others. The structures of these maps are not independent of each other,
but show certain statistical correlations. In analyzing the processing of visual in-
formation it is useful to introduce the concept of a hypercolumn, which contains
cells sensitive to all combinations of features on a localized region in retinal space.
When focusing on orientations as a feature of great importance for contour in-
tegration, this means that a hypercolumn contains orientation-sensitive cells for
all preferred orientations representing edge elements at approximately the same
position in the visual scene.
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Figure 2.6: On the left an orientation preference map from visual cortex is
shown. Each color represents a certain preferred orientation. On the right we
see a close-up of this map. Here all preferred orientations are arranged around
a pinwheel. Perpendicular to the surface of cortex, orientation preference is
similar throughout all layers of V1 with the exception of layer 4C.

Horizontal connections

The three constituents of the hypercolumns, namely the orientation columns,
ocular dominance columns, and blobs, extend perpendicular to the cortex surface
and cross the layers of V1. Between these vertically oriented structures there are
horizontal connections which link cells within one cortical layer.

Anatomical and neurophysiological studies in tree shrews (105), cats (36) and
monkeys (114) reveal that long range, lateral connections which link cells with
non-overlapping receptive fields, project primarily to cells of similar orientation
preference. Malach et al. (82) and Bosking et al. (8) used optical imaging to
determine the orientation preferences of the orientation columns across the visual
cortex. They combined this method with inducing biochemical tracers to track
where the horizontal axons of a particular cell project. The result is depicted in
Fig. 2.8, which shows a map of the visual cortex, where the preferred orientation
of the cells is color-coded. The white dots mark the cells where the tracer was
injected. The orientation preference of these cells is also shown in the upper edge
of the pictures. The black dots mark the terminals of the axons of those cells. It
can be seen that long-range connections mainly project to orientation columns
with similar preferred orientation. Bosking also showed that axons along the axis
of the receptive field extend for greater distances than axons orthogonal to the
orientation of the receptive field.

While long-range horizontal connections link neurons with similar preferred
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Figure 2.7: A hypercolumn is an idealized scheme of a basic cortical build-
ing block, comprising ocular dominance columns for both eyes, orientation
columns, and blobs which are concerned with processing color.
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Figure 2.8: Color coded orientation map within primary visual cortex of the
tree shrew. The lateral connections are made visible by induced biochemical
tracers. The injection points are marked in white. The termination of the
axons are shown in black. Source: (8).
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Figure 2.9: (a) Stimulus shown to a macaque monkey. (b) Radioactive trace
of the activity evoked by the image shown in (a). The vertical lines correspond
to concentric circles in the stimulus at an eccentricity of 1°, 2.3° and 5.4° (126).

orientations and hence are thought to mediate contour integration, short-range
connections appear to link cells with different preferred orientations and have
been suggested to mediate detection of border discontinuities (17; 18).

Cortical magnification factors

Visual acuity is far better in the fovea than in the periphery. The reason for this
lies in the structure of the retina. The visual field is mapped topographically on
the surface of the striate cortex. However, the projection has a certain size for the
central visual field and is gradually compressed towards the periphery (87; 116).
This compression can be measured by a cortical magnification factor (16), which
is defined as the distance of cortical surface to which one degree of visual angle
is projected at a given eccentricity. Its reciprocal increases linearly from about
0.15 degrees per mm at the fovea to 1.5 degrees per mm at an eccentricity of 20
degrees. The resulting retinotopic map is illustrated in Fig. 2.9. The pattern
seen in Fig. 2.9 (b) was obtained by imaging a radioactive analogue of glucose
in macaque monkeys (126). It shows the neurons which were active while the
monkey observed the pattern shown in Fig. 2.9 (a).

2.3.3 Non-linear response properties within the primary

visual cortex

Center-surround modulations of spiking neuron responses in V1

The classical receptive field of a neuron is defined as the region where the presen-
tation or the distinction of light evokes a response, like described above. How-
ever, this is an incomplete description of the area that influences a neuron. Even
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2.3. The visual system

though stimuli in the surround of a classical receptive field are not sufficient for
driving spiking responses, they can modulate the neuronal response evoked by a
stimuli inside the classical receptive field (29; 31). These modulations are termed
center/surround modulations and provide a comparison of stimuli within the re-
ceptive field and outside the receptive field. In V1 the surround can cover up
to 10 times the size of the classical receptive field (73). Some neurons in the
primary visual cortex have a stronger response to a single bar that is flashed in
their receptive field, if this bar is embedded in a field of orthogonally oriented
bars in compared to a bar surrounded by edges of the same orientation (63). The
bar surrounded by orthogonal edges is perceived as being much more salient than
the bar under the other condition and can be detected without paying attention.
One says it ”pops out” (127). Another hint for the preattentiveness of these
processes is that such orientation-selective modulations by the surround can also
be measured in anesthetized animals (74; 91; 115; 119).

End-stopped cells

As long as a bar of light is within the excitatory zone of the receptive field of
a simple or a complex cell, the response of that cell increases with the length
of that bar. If the receptive field consists of longitudinal on- and off- zones,
extending the length of the bar beyond the borders of the receptive field has no
effect on the response. However, so called end-inhibited or end-stopped cells
have an additional inhibitory region on top and bottom of the excitatory region.
Hence lengthening the stimulus bar in either direction beyond the excitatory
region leads to attenuation and abolition of the cell’s response. Cells termed
single end-stopped cells have this inhibitory region either on top or on bottom of
the excitatory region. Thus this limitation occurs only on one side. End-stopped
cells are assumed to be necessary for measuring the length of a line. Furthermore
they could be important for detecting corners, curvature and breaks in a line.
For these signals not only the orientation but also the length of a bar is relevant.

2.3.4 Visual pathways and higher cortical areas

The information processing which is necessary to perceive an object or a per-
son clearly goes beyond the primary visual cortex with its simple and complex
cells. Information relevant for form perception is processed in the parvocellular
interblob system while color information is processed in the parvopcellular blob
system. The parvocellular pathway starts in the parvocellular cells in the retina,
and continues through LGN and primary visual cortex via V2 to V4. Similar
as in V1, there are cells in V2 which are sensitive to orientation, to color, or to
horizontal disparity. The orientation-selective neurons have larger receptive fields
as the neurons in V1. Hence a given neuron in V1 receives input from cells in V2
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or higher area cells whose receptive fields extend far beyond the receptive field of
the target cell in V1 (108; 109). For example in macaque monkey feedback con-
nections from V2 to V1 convey information from a region within the visual scene
which is five to six times larger than an average receptive field in V1 (5). Hence
feedback connections from V2 or higher areas are another good candidate for the
neuronal substrate of center-surround modulation. However, when inactivating
V2 Hupé and colleagues (55) found no effect on the center-surround modulation
in V1 in the case of a bar surrounded by a static texture.

Another property of V2 is that in contrast to the cells in V1 many cells in
V2 also respond to illusionary contours and not only to edge elements defined by
contrast.

V4 is organized retinotopically and contains neurons selective to form and
color. From there signals are projected to the inferior temporal cortex (IT), a
region which is relevant for the what rather than the where of the visual scene.
The inferior temporal cortex is not retinotopically organized and has much larger
receptive fields than the striate cortex, with an average size of 25deg × 25deg.
Ten percent of these cells respond to specific images like, for example, a hand
or a face. Lesions of the inferior temporal cortex lead to impairment in the
recognition of faces, forms, and patterns without affecting more basic functions
of visual perception like acuity or the perception of color or motion.

The magnocellular pathway projects from the magnocellular layers of the LGN
via the layers 4Cα and 4B of the primary visual cortex to the middle temporal
area (MT). Another projection goes from V2 to MT, which then projects to
the posterior parietal cortex. This pathway is termed dorsal pathway and it is
concerned with where in the scene an object can be seen. The area MT (V5)
mostly consists of motion-sensitive cells. These are direction-selective, meaning
that they respond to spots or bars moving in one direction, but not to stimuli
moving into the opposite direction. Like V1, the MT is retinotopically organized
and cells with similar preferred direction are forming columns. For each part of
the visual field there is a set of columns with different direction preferences.

When we move through the environment we perceive the motion of the entire
visual field. This global motion is called optic flow, which is processed in the
medial superior temporal area (MST), a cortical area adjacent to MT which
contains cells that respond to optic flow.
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Chapter 3

Contour integration - existing

models and experimental findings

To make sense of a visual scene our visual system has to group different parts of
the scene into coherent objects. During this process of perceptual grouping the
Gestalt rules play an important role (64; 133). Following these rules, elements
of a visual scene are grouped according to proximity, common faith, similarity,
closure, and good continuation.

Receptive fields of the early visual system are localized in space. This means
that independent local inputs must be combined in order to obtain information
over the image structure of extended areas of the visual scene, i.e. information
about contours. This spatial integration process has been investigated in many
psychophysical studies.

Contour integration plays an important role in the process of image segmen-
tation and object recognition. Contours ’pop out’ of their environment if they
fulfill the Gestalt rule of good continuation. Pop out means that the contour
can be recognized without effort and without directing attention to it. Also the
time needed for contour detection is independent of the number of distractors.
In contrast, many search tasks, like for example searching for a combination of
several features (conjunction search), require attention and take more time with
increasing number of distractor elements.

As already mentioned in chapter 2 neurons in the early visual system have
receptive fields which are tuned to a specific orientation. These receptive fields are
localized (52; 53; 26). In order to perceive extended objects of a visual scene, like
for example contours, the input from these localized units needs to be combined.
This spatial integration process which groups single elements into contours is
termed contour integration. Contour integration and image segmentation are
believed to be fundamental steps in the process of object recognition.

25



Chapter 3. Contour integration - existing models and experimental

findings

3.1 Psychophysical studies

The quantification of human perception goes back to (133; 64) who first formu-
lated the Gestalt rules, namely the rule of good continuation, proximity, closure,
common fate, and similarity.

Proximity

The Gestalt rule of proximity states, that elements which are close to each other
are more likely to be grouped than elements with a greater distance. This is
demonstrated in Fig. 3.1 (a). An observer will most likely perceive the dots as
being arranged in two horizontal rows rather than being arranged in three vertical
columns. The Gestalt rule of proximity was investigated psychophysically with
stimuli consisting of dots (see i.e. (124)) as well as with typical contour detection
stimuli consisting of oriented Gabor patches.

Good Continuation

The gestalt law of good continuation states that elements which are collinearly
aligned are likely to be grouped together. For example, in Fig. 3.1 (b) an observer
would rather perceive two straight lines from A to C and from B to D that are
crossing in point E than two curved lines (A−E−D) and (B−E−C) which meet
at point E. Similarly, distinct elements like bars or Gabor patches are grouped
together if they are aligned. This Gestalt rule is fundamental to the process
of contour integration. Its importance for contour integration has repeatedly
shown in psychophysical experiments, i.e. (27; 98; 99; 83). Review articles on
contour integration have been written by Hess (46) and Kovacs (67). One of
the most influential psychophysical studies was (27). For their ’path paradigm’
Field and colleagues used Gabor patches whose spatial frequency and orientation
properties resembled that of visual cortical cells. Contours of various curvature
consisted of ten aligned Gabor elements which were embedded in a background
of identical but randomly oriented Gabors. The contour path was constructed of
invisible line segments joining at an angle which is uniformly distributed between
+a and −a, where a is the ’path angle’. This stimulus served as the target in
a two-alternative-forced-choice (2AFC)-task. A stimulus consisting of the same,
but randomly rotated Gabors was used as the distractor. Subjects were required
to decide which of the two presentations contained the contour. Elements were
spaced at a distance at which it is unlikely that a single neuron responds to more
than one element.

The experiments demonstrated that the contour detection performance de-
creased with increasing path angle. The linking strength between two elements
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depends on their orientations. This dependence is commonly termed the ’asso-
ciation field’. It is often assumed that the neuronal substrate of this association
field are the long-ranging horizontal connections between cortical V1 neurons
(35; 103).

Closure

Elder and Zucker (22) proposed that closure is crucial for the inference of shape
from a contour. Their hypothesis is based on the fact that an isolated object
always has a closed boundary. However, there are varying opinions whether
closure as an additional Gestalt criterion enhances salience or if the enhanced
saliency of closed contours is already explained by the rule of good continuation.
Kovacs (68) and Braun (9) both found a closure effect. However, as in their
stimuli there was a larger variability in shape for open contours than for closed
ones and they did not control for the eccentricity of the contour, this could also
be the reason for an enhanced saliency for the closed contours. In contrast,
Tversky and colleagues (130), who tested for the impact of these effects found no
evidence for an enhancement of closed contours as compared to open contours.
He proposed that the closure effect can be explained solely by good continuation
and probability summation. For example, in a closed contour of eight elements
there are eight different possibilities to find a contour comprising eight elements.
In an open contour of the same number of elements one has only one possibility
to find a contour of that length. Hence a closed contour is supposed to be more
salient.

Similarity

The rule of similarity states that similar elements, i.e. elements that have the
same color or the same shape, are more likely to be grouped than differently
looking elements. Psychophysical studies investigating the role of color or of
spatial frequency as an additional feature facilitating contour integration are,
e.g. (84; 95).

Common fate

The rule of common fate predicts that humans group elements which have the
same fate, i.e. which move coherently into one direction or which are flashed
at the same time. This seems to be the first Gestalt rule which emerges in the
developing visual system. For example in contrast to adults, infants do not make
use of the Gestalt rule of good continuation in order to recognize an object as a
unity (123). Instead they use the common motion of parts of objects in order to
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Figure 3.1: Examples for the Gestalt laws of (a) proximity and (b) good
continuation; (c) Richard Gregory’s picture of a Dalmatian dog, which can
hardly be recognized without prior knowledge.

group them into one percept (61). Similarly older children or adults which have
been blind since birth and have recovered vision after medical treatment, first
recognize moving objects as unity, but have problems to tell overlapping objects
apart. With visual experience they learn from the Gestalt rule of common fate,
to make use of the Gestalt rule of good continuation in order to recognize objects
(93). So even though this Gestalt rule is of no relevance when trying to find
contours in static images, it seems to be fundamental for building an internal
representation of a contour, i.e. for learning an association field.

Apart from motion (72; 49), additional cues that can facilitate contour detec-
tion are contrast and spatial scale (95), depth (48), and disparity (2). In addition
to these and the Gestalt criteria, other knowledge about typical feature conjunc-
tions in the world can also be crucial in order to interpret a visual scene. One
example for an object which can hardly be recognized without prior knowledge
about the world is Richard Gregory’s Dalmatian dog, which is shown in Fig.
3.1(c). This picture contains a Dalmatian dog, sniffing on the floor and heading
to the left, whose texture is so similar to the environment, that he can only be
detected with the help of prior knowledge.

3.1.1 Contour integration in the visual periphery

Several psychophysical contour integration studies report that contour integra-
tion is better near the fovea than in the periphery (46; 45; 92). Hess and Dakin
(46; 45) reported that human subjects were unable to detect contours consisting
of alternating-phase Gabors in the periphery (beyond 10 degrees of visual an-
gle eccentricity) of a display of randomly positioned and oriented edge elements.
However, the subjects could see contours if they consisted of same-phase Gabor
elements. Hence Hess and Dakin concluded, that there must be a fundamen-
tal difference between contour processing in central and peripheral vision. They
claim, that an association field mechanism is available only for eccentricities < 10
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degrees of visual angle, and that contour integration in the periphery can be mod-
eled by a simple filter model without any subsequent cellular linking interactions.
In contrast, (92) found that contour detection performance decreases gradually
with eccentricity between 0 and 30 degrees visual angle. Only for the more dif-
ficult condition of alternating-phase stimuli the performance decreased slightly
faster. Furthermore, subjects who suffered from the loss of their central vision
could detect contours of 13 to 17 degree visual angle eccentricity in both phase
conditions. Therefore (92) assume a similar mechanism for contour integration
in central and peripheral vision, with similarity between edge elements of iden-
tical phase improving perception by adding a second Gestalt property as a hint
to the location of a target, in this case a contour. Also (79) finds that both,
phase-aligned and phase-alternated contours can be detected at an eccentricity
of 13 degree visual angle. Furthermore Lovell changed smoothness and eccentric-
ity of the contours, where a smooth contour is defined as a contour existing of
few long arcs rather than having many inflections. Hence a closed contour has
a greater smoothness than an open contour, given that path angle, element dis-
tance, and contour length are the same in both cases. It was shown that contour
detection performance increases with the smoothness of the contour regardless of
the eccentricity at which the contour was presented. However, the simple filter
model proposed by Hess and collaborators shows decreasing performance for in-
creasing smoothness and hence cannot explain the experimental findings, while
an association field model could account for increasing performance for smooth
contours. In contrast to the above works, there is a recent publication (70), which
states that for circles or ellipses with good Gestalt properties, displayed centered
within the visual field, contour integration performance for shape detection and
discrimination is nearly constant between 0 and 35 degree eccentricity.

3.1.2 Subjective contours

Not all perceived contours need to be physically present. Two of the most promi-
nent examples for subjective contours are Kanizsa figures (58) and Koffka crosses.
A Kanizsa triangle is shown in Fig. 3.2 (a). Observers perceive a triangle, though
there is no physical boundary line of the triangle. Similarly observers tend to per-
ceive a white square or circle in the center of a Koffka cross (see Fig. 3.2 (b)).
The perceived shape changes from a square for large arm widths of the cross to
a circle for small arm widths (113). In neither case is a physical boundary of
the shape present. These perceived boundaries are termed subjective contours
or illusionary contours. There is experimental evidence that real contours and
illusory contours are processed or integrated by the same neuronal substrate in
primary visual cortex (81). As a consequence a plausible contour integration
model should also reproduce the perception of illusionary contours.
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Figure 3.2: Two of the most famous contour illusions, the Kanizsa triangle
(a) and the Koffka cross (b).

3.2 Imaging studies

Several studies tested the role of lower and higher visual areas in contour inte-
gration by combining functional magnetic resonance imaging (fMRI) and psy-
chophysics (3; 66; 2; 84). fMRI lacks the high spatial resolution of intracortical
recordings. However, compared to standard recording techniques it has the ad-
vantage that one can simultaneously measure the responses to the same set of
stimuli in multiple visual areas.

Kourtzi and colleagues (66) tested responses across visual areas to collinear
patterns, consisting of similarly oriented edge elements embedded in a background
or randomly oriented edges, versus random patterns containing solely randomly
oriented edge elements. Both, in humans and anesthetized monkeys, they found
responses selective to collinear rather than to random patterns in earlier visual
areas (V1 to V4) as well as in higher cortical areas (regions in the inferotem-
poral cortex). Selective responses to collinear patterns varied for different early
visual areas depending on the size of receptive fields in that area, suggesting the
involvement of multiple visual areas in contour integration at different spatial
scales.

Despite some differences between the experiments with humans and monkeys
Kourtzi obtained similar results for both species, suggesting similar mechanisms
for the integration of local elements to global shapes for human and nonhuman
primates.
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3.3 Computational models

To construct a contour integration model one can have two different approaches.
One approach would be to gather information about the response properties of
the neurons, the organization of the visual system, and the connections between
the neurons and construct a model on the basis of these known constituents of
the visual system, and finally hope that it is as efficient in finding contours as
humans. These models are bottom-up approaches.

As the brain is very effective in integrating contours and often uses strategies
which are close to optimal for solving a given task, one could also think of a
different strategy. One could try to build a model which processes and combines
the given information efficiently in order to solve a given task in an optimal way.
Such a model follows a top-down approach to explain visual perception. For
stochastic problems a top-down approach requires a probabilistic algorithm. In a
further step towards biological realism one can then search for neuronal substrates
which can approximate the dynamics of the model.

3.3.1 Neuronal models

There are a number of models aiming to explain the mechanism underlying human
contour integration. While some models use only known structures of the brain
and emphasize biological plausibility others just try to reproduce human behavior
or find an effective model of contour extraction for computer vision.

One influential biophysical model which uses only known elements and con-
nections from primary visual cortex is the one from Li (77).

It assumes hypercolumns at discrete spatial locations i. Each hypercolumn
has K = 12 pairs of neurons having different preferred orientations. Each pair
of neurons can represent an edge segment and consists of an excitatory neuron
and an inhibitory interneuron, which are mutually connected. The excitatory
cells receive visual input, and their output to higher visual areas quantifies the
salience of the edge element. For a sketch of the model see Fig. 3.3.

The input a cell with preferred orientation φ receives from an edge segment
at position i with orientation θ is Iiθ = Îiθ exp(−|φ− θ|/(π/8)), where Îiφ is the
input strength. The membrane potentials of the excitatory and inhibitory cells
are denoted by xiφ and yiφ, respectively. Their outputs are firing rates which
are obtained from the membrane potential by the sigmoidal functions gx(.) and
gy(.), respectively. Neuron pairs representing an oriented edge segment mutually
exchange their activity gx(xiφ) and gy(yiφ). In addition the excitatory cells
excite themselves with synaptic strength J0. An edge segment jφ ′ at a different
position can excite edge iφ by directing an excitatory signal Jiφ,jφ′gx(xjφ′) to the
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Figure 3.3: Neural components of the contour integration model by Li. J0 de-
notes self-excitatory connections and J lateral excitatory connections between
neurons representing edges at different locations. W is the lateral disynaptic
inhibitory connection between edge elements. Figure redrawn from (77).

excitatory cell representing edge iφ. Similarly edge jφ ′ can inhibit edge iφ by
sending an excitatory signal Wiφ,jφ′gx(xjφ′) to the inhibitory cell.

In total the neural dynamics is given by

ẋiφ = −αxxiφ −
∑
Δφ

ψ(Δφ)gy(yi,φ+Δφ) + J0gx(xiφ)

+
∑

j�=i,φ′

Ji,φ,jφ′gx(xjφ′) + Iiφ + I0 (3.1)

ẏiφ = −αyyiφ + gx(xiφ) +
∑

j�=i,φ′

Wi,φ,jφ′gx(xjφ′) + Ic (3.2)

where Jiφ,jφ′ and Wiφ,jφ′ are the strength of horizontal cortical connections and
1/αx = 1/αy = 1 are the membrane time constants. Ic is the background input
to inhibitory cells which is used to model top-down control signals. I0 is the
background input to the excitatory neurons which also serves to normalize the
activity. ψ(Δφ) is a symmetric function that decreases with |Δφ| and provides
inhibition within a hypercolumn. Furthermore each neuron gets noisy input.
After a time interval of several membrane time constants the network approaches
a limit cycle and the activity pattern gx(xiφ) can be interpreted as a salience
map.

The connection structure Jiφ,jφ′gx(xjφ′) and Wiφ,jφ′gx(xjφ′) is designed such
that edge elements which are part of a smooth contour enhance each other while
isolated edge elements should be suppressed or at least not enhanced. Excitatory
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and inhibitory connections link cells with similar preferred orientations. How-
ever, the connections Jiφ,jφ′ mainly connect cells whose preferred orientations are
aligned to the relative displacement of their receptive fields, while the connec-
tionsWiφ,jφ′ link cells whose preferred orientation is approximately orthogonal to
the relative displacement of their receptive fields. This is consistent with experi-
mental results (34), showing that there are some horizontal connections between
neurons whose orientation preference and relative receptive field displacement are
approximately orthogonal to each other. These connections Wiφ,jφ′ also cause
competition between two alternative paths of a single contour. This interaction
pattern resembles qualitatively the edge compatibility function in (140).

Contour detection is a fast process and only few membrane time constants
after stimulus onset the saliency of contour elements is significantly higher than
those for the background elements. On the examples of a line and a circle Li
shows that the response levels of a segment which is part of the contour as
compared to an isolated segment differ by the factor (sy − J0 + 1)/sy − J0 −∑

i�=j Jij + 1) where sy denotes the slope of the curve at ẏ = 0 and
∑

i�=j Jij
is the sum of horizontal connection strengths between a contour element and all
others. sy usually decreases with lower input strength. Hence this model predicts
much stronger contour enhancement for low input contrasts like used e.g. in
experiments by Kapadia et al. (59) or Kovacs et al. (68). In a finite contour the
end segments get less extinction from other segments and thus a closed contour
or a longer contour is more salient than a finite shorter contour. However, this
closure effect is weaker than predicted by psychophysical experiments (68) as
salience between closed and open contours only differs towards the end elements
of the open contour.

Each neuron pair of excitatory and inhibitory cells can be seen as a neural
oscillator (78), that oscillates around the equilibrium point (x̄, ȳ). These oscilla-
tors are coupled and express collective behavior when embedded into a contour.
When changing the notation such that xi − x̄i −→ x̃i with X = (x1, x2, ...)

T and
Y = (y1, y2, ...)

T. Then it holds for small X and Y :

Ẋ = −X − G ′
yY + JX (3.3)

Ẏ = −Y − G ′
xX (3.4)

where the elements of J are (J)ij = J0g
′
x(x̄j) for i = j and (J)ij = Jijg

′
x(x̄j)

for i �= j. The diagonal matrices G ′
x and G ′

y have the entries (G ′
x)ii = g ′

x(x̄i)

and (G ′
y)ii = g ′

y(ȳi). For contours of constant curvature J has an orthogonal
set of eigenvectors {Xk} with real eigenvalues λk and k = 1, 2, .... Ordering the
eigenvectors such that λ1 ≤ λ2 ≤ ... and taking {Xk} as new basis for X and Y ,
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results in the differential equations

ẋk = −xk − g ′
y(ȳ)y

k + λkxk (3.5)

ẋk = −yk − g ′
x(x̄)x

k (3.6)

with the solution

xk(t) = xk(0) exp (−(1− λk/2)t) cosωkt+φk (3.7)

Here ωk =
√
g ′

y(ȳ)g
′
x(x̄) − (λk)2/4 is the oscillation frequency, xk(0) is the am-

plitude and φk the phase. As λ1 is the highest eigenvalue, the system will be
dominated by the first oscillation mode X1. The components of the complex
vector X1 determine the relative oscillation amplitudes and phases of the con-
tour segments. For a contour of constant curvature with uniform inputs to its
segments all components of X1 are the same. Hence all segments of a contour
have the same amplitude and oscillate in phase. The strength of oscillation is
largest for a straight line and decreases with curvature. Although Li derives these
predictions on the example of a line and a circle, she expects them to carry over
to arbitrary contours.

Even if the input for different contour segments is turned on at different
times, synchronization will occur within that contour, while synchronization is
rare between the elements of different contours.

This model is capable of enhancing contours solely by V1 neural circuits.
However, when assuming that higher visual areas already know which elements
belong to the contour, or expect the contour in a specific part of the visual field,
Li’s model can in addition make use of feedback sent back to V1. This feedback
signal Ic is assumed to be sent to the inhibitory neurons. It influences the output
of an edge detector as follows:

δgx(x̄)/δIc = −
g ′

y(ȳ)g ′
x(x̄)

1+ g ′
y(ȳ)g

′
x(x̄) − J0g ′

x(x̄)
(3.8)

Here Ic = Ic,background+Ic,control contains a background signal Ic,background which
is identical for all elements and modulates the overall visual alertness. Ic,control

can be either positive or negative and enhances or suppresses selected edge seg-
ments. The feedback signal in this model is sent to inhibitory cells in order to
prevent a mixing of visual input from the external world and internal feedback. In
this way weak or incomplete contours can be enhanced or filled in under the con-
trol feedback. However, no contour is enhanced, that does not at least partially
exist in the visual input.

A similar model was published by Yen and collaborators (137). Here hyper-
columns consist of multi-compartment pyramidal cells and interneurons. Cells
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within one hypercolumn are densely interconnected with negligible delay. Half
of the cells within a hypercolumn project to cells of the same orientation prefer-
ence in neighboring hypercolumns via long-range horizontal connections. These
connections have a short axonal delay when they extend parallel to the preferred
orientation axis of the cell. These co-axial connections serve to synchronize the
neuronal activity of spatially aligned cells. In contrast to Li (77) Yen and Finkel
also assume connections orthogonal to the preferred orientation which facilitate
synchronization as there is anatomical (103; 104; 86; 80; 28) and psychophysical
(27; 99) evidence consistent with these trans-axial connections. The salience of a
contour is represented by the sum of activities of all synchronized elements. The
network output corresponds to the most salient contour.

Pettet et al. (97) also start with orientation selective spatial filters like those
found in primary visual cortex. However, they assume that each Gabor patch
in the stimulus display activates only one optimally tuned neuron. Units in the
second stage of the neural network get constant input from the orientation se-
lective cells in the first stage and facilitatory input from the other units of the
network. In addition there is a normalizing shunting inhibition which leads to the
convergence of the network to a steady state with bounded activity. The facili-
tatory interaction decreases with the distance between two receptive fields, with
the curvature, and with the change in curvature of a function fitted through the
orientation axis of the receptive fields. The parameters of these facilitatory inputs
were matched to find the best agreement between simulations and psychophysical
experiments. The model performance was then estimated using signal detection
theory comparing responses for noise-alone stimuli and stimuli containing the
contour.

Like the three models presented so far (77; 97; 137) also a more recent model
by Ursino and La Cara (131) shows that local processing in V1 without the
influence of higher areas can already emphasize contours. This model has four
main components, namely feed-forward input from LGN, inhibitory feed-forward
input which is maximally orthogonal to the target cell and suppresses non-optimal
stimuli, excitatory cortical feedback, and long-range isotropic feedback inhibition,
which suppresses noise and small contours due to the competition with longer
contours. The main interest of the model was to investigate the cooperation
between feedforward and feedback inputs. It suggests that the cooperation of
these two interactions is necessary to extract contours from noise within short
processing times. The model has been tested on artificial and natural images and
was able to extract contours within only 30-40 ms stimulus presentation time.

Another model based on psychophysical and electrophysiological data which
uses feed-forward and feedback is the one from Neumann and Sepp (90). This
mainly investigates the role of feedback from V2.

Van Rullen and colleagues (132) simulated contour integration in a spiking
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neural network. The main idea of their work was to use few spikes exchanged
over horizontal connections between collinearly aligned edge detectors in order
to cause neuronal units representing contour elements to fire prior to units re-
sponding to the presence of background elements. This mechanism basing on the
ideas of temporal rank order coding put forward by Thorpe and coworkers (125)
was supposed to explain the high speed of contour integration. In contrast to
Ursino and colleagues (131), Van Rullen expected feedback cortical mechanisms
to converge too slowly to reach an equilibrium solution within the time required
for human contour integration or object recognition tasks.

Grossberg and Mingolla suggested the so-termed ’bipole property’ of cells
(40; 41; 38) as a key computational principle: For contour completion a linking
mechanism must be activated only when a cell is stimulated simultaneously from
two sides by horizontal connections. Input from only one side should not activate
the linking mechanism, independently of the input strength. In order to avoid
this extrapolation of a contour from a single inducer, and only interpolate the
contour in between two appropriate inducers, a non-linear computing mechanism
is needed. A more recent model developed in Grossberg’s group (106) which
incorporates the bipole property stresses the laminar organization of the visual
cortex and investigates how the interacting structures of laminae, columns and
maps in V1 and V2 cooperate to perceptual grouping.

Sherwood (117) modeled a network of simple cells in layer 2 and 3 of the
primary visual cortex. These cells, which are involved in contour integration
were modeled with high biophysical plausibility using Izhikevich’s model (56).
It was shown, that for certain sets of synaptic weights the neuronal activity
of the cells representing the contour was synchronized. However the frequency
of action potentials was much higher than the frequency observed empirically
(21). Furthermore the simulations were performed using a synchronized initial
condition. It remains unclear, whether synchrony would also arise when starting
with irregular neuronal behavior.

3.3.2 Probabilistic and ideal observer models

As an example for probabilistic models of contour integration I want to introduce
the framework of Williams and Thornber (136). Their approach is based on the
idea that the distribution of contour paths can be described by particles moving
with constant velocity in one direction while subjected to Brownian motion in
the perpendicular direction (88). For this model Williams and Jacobs introduced
the stochastic completion field, given by the distribution of particle trajectories
passing a set of certain positions in certain directions (135), and devised an
algorithm to compute the stochastic completion field in a local parallel network
(134). Williams and Thornber modified this model in order to compute a scale-
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invariant distribution of closed contours (’completion field’) from the positions of
distinct edge elements (136).

The advection, diffusion and decay of particles can be described by a Fokker-
Planck equation. Solving the Fokker Planck equation yields the Green’s function
Gγ(�x, θ; t1|�u,φ; t0). This describes the probability that a particle traveling at
speed γ, that passes position �u at time t0 in direction φ will subsequently pass
position �x at time t1 in direction θ. This Green’s function is invariant to time
reversal, meaning the probability of passing two edges is identical when reversing
the order and directions of the edges.

Gγ(�x, θ; t1|�u,φ; t0) = Gγ(�u,φ+ π; t1|�x, θ+ π; t0)

Furthermore the Green’s function is invariant when scaling the speed of the par-
ticle and the distance between the two edges by the same factor

Gγ(�x, θ; t1|�u,φ; t0) = G1(�x/γ, θ; t1|�u/γ, φ; t0)

Given an input pattern of N edges i with positions �xi and orientations θi,
Williams and Thornber assume two states i and ī for each edge i. Both states
have the same position �xi = �xī but opposite directions θi = θī+π representing the
two directions in which a randomly moving particle could join the edge element.

The probability P(j|i) that a particle traveling with unit speed which was
observed at edge i will later pass edge j can be obtained from the Green’s function
by integrating over time.

P(j|i) =

∫∞
0

dt1G1(�xj, θj; t1|�xi, θi; 0) (3.9)

This is a path of length one, as there are no intermediate edges visited. The prob-
ability of a path of length n between edge i and edge j visiting n−1 intermediate
edges is given by

P(n)(j|i) =
∑
kn

...
∑
k1

P(j|kn)...P(k1|i) = (Pn)ji (3.10)

where P is a 2N× 2N matrix with Pji = P(j|i). Hence it is no longer necessary
to look at the continuous time random process underlying a particle visiting n
edges at n real valued times. Instead the analysis of the particle trajectory can
be based on a discrete time random process with no memory (Markov process)
and with transition probabilities specified by the matrix P.

Williams and Thornber define the edge saliency ci of element i as the relative
number of closed contours passing through edge i which is given by

ci = lim
n→∞

P(n)(i|i)∑
j P

(n)(j|j)
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ci can also be expressed as

ci =
(ss̄T)ii

sTs̄
(3.11)

where s and s̄ are the right and left eigenvectors of P with the largest real positive
eigenvalue λ, meaning λs = Ps and λs̄ = PTs̄. With this framework one can not
only compute the relative number of contours passing a certain edge element in
the display, but also the probability for a contour passing an arbitrary position
�u in an arbitrary direction φ in the plane, i.e. one can determine the stochastic
completion field. With η = (�u,φ) this is given by

cη =
1

λsTs̄

∑
i

P(η|i)si ·
∑

j

P(j|η)s̄j (3.12)

In an extension of this algorithm the model input consisting of exact positions
and directions is replaced by an input bias function b(�x, φ), a probability den-
sity function, that gives the probability that an edge with orientation θ exists at
position �x. One of the successes of this model is the explanation of the experi-
mental finding that the perceived shape of the illusionary contour in the center
of a Koffka cross changes from a circle to a square with increasing widths of the
arms of the cross (113). A Koffka cross is shown in Fig. 3.2 (b) in Section 3.1.2.

Another probabilistic model which uses natural image statistics was proposed
by Geisler and colleagues (33). Already in 1953 Brunswick hypothesized that
environmental image statistics may underly the Gestalt principles of perceptual
grouping, and that using statistical correlations of the visual world would allow
the brain to disambiguate natural scenes, leading to its amazing performance
in object segmentation and perception. Geisler and collaborators measured the
co-occurrence of all edges within a visual scene, as well as the co-occurrence
of edge elements which belong to the same contour, termed the Bayesian edge
co-occurrence. Using this natural image statistics data to link all edges whose
probability to belong to the same contour exceeds a certain threshold, can already
explain human contour detection performance.

Now we have looked at two different kinds of contour integration models in
more detail. Li’s model is an example for a bottom-up approach to the contour
integration problem. It is constructed from known components of V1 and works
with operations and on connection patterns which were found in experiments.
Li analyzes how well this reproduces human contour integration behavior. In
contrast, Thornber and collaborators pursued a top-down approach. They start
by quantifying the task the model is supposed to solve. From this they construct
a model that ideally combines all the information which can be gathered from
the stimuli in order to solve the problem. Then they speculate how far this
probabilistic model can be mapped on the structure of the brain.

So what are the main similarities and the fundamental differences of these
two model classes? Both models start with some evidence for the edge elements
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in the stimulus, which is the afferent input in the neuronal model and a prob-
ability distribution in the probabilistic model. These could easily be identified.
Between the representations of single edge elements there are interactions which
can be excitatory or inhibitory in the neuronal framework, while the probabilistic
approach uses only excitatory connections. However, due to the normalization,
little or no excitation in the Thornber model should have a similar effect as inhi-
bition in the Li model. So even though the motivation for the interaction pattern
is quite different in both models, the connections in both models are similar in
the sense that they strongly link edge elements between collinearly aligned edges
and weaken or do not strengthen the connections between edge elements whose
centers are displaced orthogonally to their orientation. However one qualitative
difference lies in their symmetry: While edge elements in the neuronal model con-
nect symmetrically to neurons in both directions, connections in the probabilistic
model are unidirectional and connect only to one direction.

In contrast to Thornber, Li uses two neurons to represent one edge element.
Computationally, a single cell representing one edge element can realize the same
operations, as long as it can receive and send both, excitatory and inhibitory
signals. However, such a cell is not biologically plausible as it violates Dale’s
principle after which a neuron has either inhibitory or exhibitory outputs, but
not both.

So far, we can at least to some approximation map the components of the
two models onto each other. However, one fundamental difference between the
two approaches is how the lateral interactions are coupled to the evidence for
some edge element. While these two quantities are multiplied in the probabilistic
model, they are summed in Li’s model as well as in many other bottom-up models
(i.e. (97; 137)) with the exception of the model by Grossberg (i.e. (42)).

This difference provides the motivation to compare these two classes of models:
Models with multiplicative couplings and unidirectional interactions on the one
side and models with additive couplings and bidirectional interactions on the
other side.
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Chapter 4

Theory: model classes and their

dynamics

In this section the models used for this study will be introduced. We want to
start with a Bayesian model for contours of finite length that inverts the contour
generation process and extracts contours from stimuli generated by a Markov
process. Following that we will describe a model, which is also probabilistically
motivated but less restrictive than the Bayesian model. The third model is a
standard neuronal network.

4.1 Bayesian contour integration

The first model we want to introduce is a Bayesian model. This is the model
that ”inverts” the contour generation process in order to optimally detect con-
tours in a stimulus. Before we construct such a model, we want to discuss, how
mathematically well-defined contours can be generated.

4.1.1 Contour creation

Mathematically, a contour ensemble can be characterized by a conditional link
probability, a so called ’association field’ ρ (88; 27). If an edge at position x with
orientation φ belongs to a contour, then p(x ′, φ ′|x, φ) gives the probability that
the contour next passes through position x ′ with orientation φ ′. The associa-
tion field can be used to generate contour ensembles with well-defined statistical
properties. Vice versa, the association field can be used in order to determine
the probability that a certain edge configuration belongs to a contour. Hence it
can be employed to extract contours from a visual stimulus.
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For the generation of contours we first choose the hemifield in which the
contour will be located, assuming that the probability for each hemifield is 1/2.

In this hemifield we generate the contour configuration�ij by a statistical process.

We start by randomly choosing the first element ij1 = (xj1, φj1) of the contour �ij
with position xj1 within the given hemifield and orientationφj1. Then we draw the
next contour element from the probability distribution p(xjl+1, φjl+1|xjl, φjl). We
continue drawing successive contour elements from this probability distribution
until we have the desired number L of contour elements. In this process the
probability for an edge ijl to belong to the contour only depends on the preceding

edge element ijl−1. The probability for an edge configuration �ij given that all

its edge elements belong to the contour (cont) is given by p(�ij|�ij ∈ cont) =∏L−1
l=1 p(ijl+1|ijl).

When the generation of the contour is completed we place background ele-
ments of random position and orientation in the two hemifields. In this process
we want the distance distribution ρCC between contour elements, the distance
distribution ρBB between background elements and the distance distribution ρCB

between contour and background elements to be identical. Hence the contour is
generated with a distance distribution which usually occurs in the background
when randomly placing background elements and in a second step the back-
ground elements are randomly shifted until ρBB = ρCC = ρCB is true in a good
approximation.

4.1.2 Contour integration

Let us consider we have a stimulus with N Gabor elements whose positions and
orientations are given by �i = {�x, �φ} and that we can split this stimulus into a

right hemifield RH which is characterized by �iRH and a left hemifield LH with
elements at �iLH, respectively, where �i = �iRH ∪�iLH. Furthermore we assume that
one contour consisting of L elements is placed in either hemifield with equal
probability p(cont ∈ RH) = p(cont ∈ LH). Now we want to know, which side
contains the contour (cont) and which side contains solely background elements
(back). To answer this question we use the rule of Bayes to derive the conditional
probability for a contour on the right hemifield, given the stimulus configuration
�i

p(cont ∈ RH|�i) =
p(�i|cont ∈ RH) · p(cont ∈ RH)∑

S=RH,LHp(
�i|cont ∈ S) · p(cont ∈ S)

(4.1)

Let us assume there coexist Nj possible contour configurations in the stimulus.
A contour configuration is one possible way to route a contour through L edge
elements. We denote a contour configuration by�ij = (ij1, ..., ijL). Summing up the

probabilities for all possible contour configurations �ij within the right hemifield
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RH, associating all other elements to the background, we obtain

p(�i|cont ∈ RH) =
∑

�ij∈RH

p(�iRH/�ij|�iRH/�ij ∈ back)p(�ij|�ij ∈ cont)p(�iLH|�iLH ∈ back)

(4.2)

p(�iRH|�iRH ∈ back) can be factorized into a probability p(�ij|�ij ∈ back) to observe

an edge configuration �ij ∈ �iRH which is part of the background and the proba-

bility p(�iRH/�ij|�iRH/�ij ∈ back) for the remaining edge elements �iRH/�ij within this
hemifield, given that they belong to the background. Hence we can rewrite Eq.
4.2 as

p(�i|cont ∈ RH) =
∑

�ij∈RH

p(�iRH|�iRH ∈ back)
p(�ij|�ij ∈ back)

p(�ij|�ij ∈ cont)p(�iLH|�iLH ∈ back)

(4.3)

With this and the analog expression for p(�i|cont ∈ LH) Eq. 4.1 becomes

p(cont ∈ RH|�i) =

∑
�ij∈RH

p(�ij |�ij∈cont)

p(�ij |�ij∈back)∑
�ij∈RH

p(�ij|�ij∈cont)

p(�ij |�ij∈back)
+

∑
�ij∈LH

p(�ij |�ij∈cont)

p(�ij |�ij∈back)

(4.4)

Eq. 4.4 and the analog expression for p(cont ∈ LH|�i) are normalized such

that
∑

S=RH,LHp(cont ∈ S|�i) = 1. Hence Eq. 4.4 should equally hold when

replacing the probabilities p(�ij|�ij ∈ cont) and p(�ij|�ij ∈ back) by the likelihoods

q(�ij|�ij ∈ cont) and q(�ij|�ij ∈ cont). Here q(�ij|�ij ∈ cont) is the likelihood that

we obtain the configuration �ij by drawing the contour elements ij1, ..., ijL from

an association field. q(�ij|�ij ∈ back) is the likelihood to place the background
elements ij1...ijL.

The likelihood q(�ij|�ij ∈ cont) can be expressed by the edge link probabili-

ties given by the association field. q(�ij|�ij ∈ cont) =
∏L−1

l=1 p(xjl+1, φjl+1|xjl, φjl).
Here the link probabilities depend on the positions and orientations of the edge el-
ements. However, when performing a coordinate transformation we can write the
link probability in terms of the distance rjl,jl+1 =

√
(xjl − xjl+1)2 between edge

ijl and edge ijl+1, the viewing angle αjl,jl+1 = arctan 2
(

xjl+1,2−xjl,2

xjl+1,1−xjl,1

)
− φjl under

which edge ijl+1 is seen from edge ijl and the difference βjl,jl+1 = φjl+1 − φjl

between the orientations of edge ijl+1 and edge ijl (see Fig. 4.1). Here xjl,1

and xjl,2 denote the two components of the position vector of edge ijl. These
coordinates have the advantage that the link probability between edge ele-
ments factorizes into a distance-dependent part and an angle-dependent part
p(rjl,jl+1, αjl,jl+1, βjl,jl+1) = pdist(rjl,jl+1) · pang(αjl,jl+1, βjl,jl+1).

Hence the likelihood q(�ij|�ij ∈ cont) can be split into the likelihood
qdist

C (�rj) to draw contour elements with the inter-element distances �rj =
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Chapter 4. Theory: model classes and their dynamics

Figure 4.1: Illustrated are the inter element distance r, the viewing angle
α under which the destination edge is seen from the source edge, and the
orientation difference β between the two edges.

rj1,j2, ..., rjL−1,jL and the likelihood q
ang
C (αj1,j2, ..., αjL−1,jL, βj1,j2, ..., βjL−1,jL) =

ΠL−1
l=1p

ang(αj,l;j,l+1, βj,l;j,l+1) that these contour elements have the orientation dif-
ferences βj1,j2, ..., βjL−1,jL) and the viewing angles αj1,j2, ..., αjL−1,jL. It holds

q(�ij|�ij ∈ cont) = qdist
C (�rj) · ΠL−1

l=1p(αj,l;j,l+1, βj,l;j,l+1)

In the background each orientation occurs with the same probability
and independently of the orientations of the neighboring edges. Hence
the likelihood for any orientation configuration in the background is
q

ang
B (αj1,j2, ..., αjL−1,jL, βj1,j2, ..., βjL−1,jL) = const ∀ j and the likelihood

q(�ij|back) basically corresponds to the likelihood qdist
B (�rj) to place background

elements with element distances �rj.

With these likelihoods Eq. 4.4 becomes

p(cont ∈ RH|�i) =

∑
�ij∈RH

qdist
C (�rj)

qdist
B (�rj)

ΠL
l=1p(αj,l;j,l+1, βj,l;j,l+1)∑

S=RH,LH

∑
�ij∈S

qdist
C (�rj)

qdist
B

(�rj)
ΠL

l=1p(αj,l;j,l+1, βj,l;j,l+1)
(4.5)

The likelihoods of a distance configuration �rj can be expressed as the like-
lihoods of each single position xjl. It yields qdist

C (�xj) = ΠL
l=1q

dist
B (xjl) and

qdist
B (�xj) = ΠL

l=1q
dist
B (xjl), respectively.

qdist
C (xjl) and qdist

B (xjl) depend on the probability distributions over the dis-
tance to the neighboring elements of xjl. As we generated the contours such that
position and orientation of each element only depend on the preceding element,

we only take into account nearest neighbors here. With dmnjl =
√
x2

mn − x2
jl

being the distance between xjl and its nearest neighboring elements xmn, the
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4.1. Bayesian contour integration

probability to find a background element at position xjl is

qdist
B (xjl) =

∏
mn;imn∈back

√
ρBB(dmnjl) ·

∏
mn;imn∈cont

√
ρBC(dmnjl)

where ρBB is the distance distribution between nearest neighboring background
elements and ρBC the distance distribution between nearest neighboring contour
and background elements. Accordingly

qdist
C (xjl) =

∏
mn;imn∈back

√
ρCB(dmnjl) ·

∏
mn;imn∈cont

√
ρCC(dmnjl)

where ρCC is the distance distribution between nearest neighboring contour ele-
ments. However, all stimuli subjected to this model throughout this thesis are
designed such that ρBB = ρCC = ρCB = ρBC. It follows pdist

C = pdist
B and hence

the distance dependence cancels when inserting this in Eq. 4.5. Then we obtain

p(cont ∈ RH|�i) =

∑
�ij∈RH

ΠL
l=1p(αj,l;j,l+1, βj,l;j,l+1)∑

S=RH,LH

∑
�ij∈S

ΠL
l=1p(αj,l;j,l+1, βj,l;j,l+1)

(4.6)

However, for stimuli where the distance statistics differ for contour and back-
ground elements, this could lead to the integration of contour elements of random
orientation based on element distance alone. Assume for example that the dis-
tance distribution ρBB between background elements is shifted to larger element
distances compared to ρCC. Then an association field which employs the correct
distance distribution ρCC on average predicts a higher link probability between
contour elements than between background elements and hence this prior knowl-
edge about this distance distribution can be sufficient to find the contour even if
the orientations of the contour elements are not aligned.

So far we assumed that the exact orientation of each edge element is known.
Now we consider the more general case in which we know only a probability
distribution over nori possible orientations φjl,k with k = 1, ..., nori for the edge
ijl. Let us denote the probability that edge ijl has orientation φjl,k by ujlk.
Comprising the orientation probabilities ujlk for all edge elements within the right
hemifield to vector �uRH and analogously the probabilities for the orientations of
elements on the left hemifield to �uLH we can include this orientation uncertainty
into Eq. 4.6 rewriting it as matrix multiplication. Therefore we define the matrix
PRH with the elements PRH,mn = p(αm,n, βm,n) ∀ im, in ∈ RH. Analogously PLH

contains the link probabilities between all edge elements on the left hemifield.
Then it holds

p(cont ∈ RH|�i) =

√
�uT

RHQL−1
RH

√
�uRH√

�uT
RHQL−1

RH

√
�uRH +

√
�uT

LHQL−1
LH

√
�uLH

(4.7)

Here the orientation probability is included into the matrix QRH =√
�uRHPRH

√
�uT

RH and QLH =
√

�uLHPLH

√
�uT

LH and Ql denotes the l-th power
of the matrix Q.
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Chapter 4. Theory: model classes and their dynamics

4.1.3 Bayesian model for specific contour position

So far we derived a Bayesian model which is optimal for the task of detecting
a contour on either hemifield of the screen. However, this is an artificial task
imposed by an experimentalist on a human observer. In everyday life we usually
want to know the exact location of an object rather than just the side of our
visual field where the object is located. Thus it seems more plausible to assume
that subjects first determine the location of the most salient object and in a
second step decide which hemifield this location belongs to.

This observation motivated to compute for each edge element the probability
that it belongs to the contour. This probability also serves as a measure of
the salience for this edge element. The probability Pl

L(i) that edge i is the l-th
element of a contour of length L is given by

Pl
L(i) =

(√
�uTQL−lQl−1

√
�u
)

i∑
j

(√
�uTQL−lQl−1

√
�u
)

j

(4.8)

Here Q =
√

�uTP
√

�u, where the matrix P contains link probabilities between all
edge elements within the stimulus, regardless on which hemifield they are located.
The probability PL(i) that edge i belongs to the contour is then obtained by
summing over the Pl

L(i).

PL(i) =

L∑
l=1

Pl
L(i)∑

iP
l
L(i)

(4.9)

From a probabilistic point of view this model is not ideal as it ignores the prior
knowledge that no contour passes the border between the two hemifields. How-
ever, this model is still optimal under the assumption that the visual system is
not specialized to the task of finding an object in either hemifield and rather
searches for the position of an object. Hence we will use this model rather than
the one defined by Eq. 4.7. Also the term ’Bayesian model’ will refer to the
model given by Eq. 4.9 and Eq. 4.8.

4.2 Contour detection and read out mechanisms

4.2.1 Neuronal context

This purely probabilistic algorithm can be mapped onto a neuronal context.
There the evidence μ for an oriented edge corresponds to the afferent input to
a neuron with preferred orientation φ. The link probabilities resemble the ef-
ficacy of horizontal connections between orientation columns. PL(x, φ) can be
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4.2. Contour detection and read out mechanisms

Contour integration models

activity A(x, φk) of each neuron

��

Salience estimator

maximum estimators summation estimator

smax(x) =
K

max
k=1

A(x, φk) ssum(x) =

K∑
k=1

A(x, φk)

��

Contour detection criteria

Lmax = 1 Lmax = 3 Lmax = 5
∑

x∈ left/right

s(x)

�� ��

PLmax Pr,l
Lmax

Pr,l

Representations of performance

Figure 4.2: From model to performance: Overview over different model dy-
namics, salience estimators, contour detection criteria, and representations of
performance.
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Chapter 4. Theory: model classes and their dynamics

identified with the activity A(x, φ) of a neuron with preferred orientation φ and
receptive field located at position x. This neuronal activity can be interpreted as
the firing-rate of the neuron.

4.2.2 Estimating the saliency

There are many possibilities to define the salience of a certain location x, of which
we will discuss two generic choices here. We can either sum the activity A(x, φk)

over all possible orientations in a hypercolumn

ssum(x) =

K∑
k=1

A(x, φk) (summation estimator) (4.10)

or we can take the maximum

smax(x) = max
k

(A(x, φk)) (maximum estimator) (4.11)

4.2.3 Criteria for contour detection

Having determined the salience of each edge element the model has to make a
decision on which hemifield of the screen the contour is located. There are again
several possibilities: One can evaluate the saliencies of the complete hemifields
sRH =

∑
i∈RHs(i) or sLH =

∑
i∈LH s(i), respectively and choose the more salient

hemifield, which would be the ideal strategy for the given task. Or one could
search for the most likely position of a contour and choose the corresponding
hemifield. This corresponds to detecting the contour at the position x with the
highest saliency smax or ssum, respectively. However, when taking only into ac-
count the maximum salience, contours sometimes are mispredicted despite having
a very high salience, because of a single background element which exceeds the
salience of the contour element. Especially when counting a contour as detected
only when the maximum salience is located at one of the contour elements, many
’mistakes’ of the model arise due to a ’background element’ ib adjacent to the
contour, which is collinearly aligned to the last contour element. In this case ib
often is the most salient edge element in the display as the multiplicative model
predicts a particularly high salience for the ends of the contours. To avoid this
we used as criterion for contour detection that more than half of the n = 1, 3 or
5 highest saliencies should be on the hemifield containing the contour.

Restrictions

This model assumes open contours of a given length L. In real life observers
effortlessly detect contours without prior knowledge about their length. Hence
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4.2. Contour detection and read out mechanisms

this model is too restrictive and therefore not plausible. Nevertheless it can serve
as a benchmark: provided that the brain uses no other information than is also
available to the model, human contour detection performance should not exceed
the performance of the model. Hence if we find a case where humans significantly
outperform the model, we know that humans must take into account additional
information.

As the performance of human observers increases with stimulus presentation
time one could assume that contour integration is an iterative process. However
this model is only iterative when calculating the saliency sRH or sLH for a complete
hemifield, not when calculating the saliency for each edge element i.

4.2.4 Iterative models

The dynamics of these two models is given by

τȦ(x, φ) = −A(x, φ) + n(t)g(I(x, φ)) (4.12)

where n(x, φ) = (
∑

x,φg(I(x, φ)))−1 is a normalization factor, τ is the decay
constant, and g(I) = I for I > 0, and 0 otherwise is the gain function. The total
synaptic input is given by

I(x, φ) = Ia · Iaff(x, φ) ∗ Il · Ilat(x, φ) (4.13)

where ∗ means a multiplication for the multiplicative model and a summation
for the additive model. For the additive model this is a simplified linear Wil-
son Cowan model. To solve the differential equation 4.12 numerically, the Euler
method is employed. The precision of this iterative method depends on the
integration time step δt as illustrated in Fig. 4.3. There Δsmax(Δt1, Δt2) =

|smax(Δt2)−smax(Δt1)|/smax(Δt1) is used as a measure for the quality of the ap-
proximation of the differential equation. While for the additive model a precision
in the one percent range is achieved already with Δt = 0.032. For the multi-
plicative model a step width of about Δt = 0.004 is needed for this precision.

The multiplicative model approximates the probabilistic model for closed con-
tours or infinitely long contours. This can be seen when rewriting Eq. 4.12 as a
difference equation. Then we get

A(x, φ, t+ dt) = A(x, φ, t)(1− Δt/τ) + n(t)I(x, φ, t)

where A(x, φ, t+dt) is the activity of the neuronal unit with preferred orientation
φ and receptive field at position x at iteration time t+Δt. Accordingly A(x, φ, t)

is the activity at time t. When the time Δt for each iteration is set to τ, exactly
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.
(a)

. .
(b)

.

.
(c)

. .
(d)

.

Figure 4.3: Maximum salience smax in a hypercolumn representing a contour
element predicted by the multiplicative (a) and the additive (b) model for an
example stimulus, computed with a step width of 0.002; (c) + (d) Δsmax for
different Δt for multiplicative and additive model, respectively.

50



4.3. Synaptic input

one further edge element is integrated in each iteration time step. Then we obtain
in the z-th iteration

A(iz, t+ z · Δt) =

∑
iz−1

...
∑

i1
Iaff(iz)p(iz|iz−1)...Iaff(i2)p(i2|i1)Iaff(i1)∑

iz
numerator

(4.14)

where iz = (xz, φz). This is the probability pz
z(iz) that an edge at position xz

with orientation φz is the last element of a contour of length z. Hence in the
stationary state A(x, φ, t) gives the probability that edge element (x, φ) belongs
to a closed or infinitely long contour.

4.3 Synaptic input

The contour integration models described in this chapter have two kinds of synap-
tic input: afferent input from lower visual areas due to the visual stimuli and
lateral input from the horizontal interaction between neuronal edge detectors. In
the simulations we generally use Von Mises functions

M(z, μ, κ) =
1

2πI0(κ)
exp(κ cos(z− μ)) (4.15)

to characterize lateral and afferent input distributions. This is a continuous
distribution defined on the range z ∈ [0, 2π) with mean μ and a concentration
parameter κ > 0. I0(κ) is the modified Bessel function of the first kind of order
0. The Von Mises function is the circular analog in S1 of a Gaussian distribution
in R.

4.3.1 The afferent input

The afferent input
Iaff(φ, θ) = M(2φ, 2θ, 1/σ2

aff) (4.16)

is centered around the preferred orientation φ of the neuronal orientation column
with a width of σaff. Here the angles are multiplied by two in order to get the
same afferent input for θ and θ+π as a bar or Gabor patch has only an orientation.
Thus no distinction between these two directions is possible.

Discretization of orientation columns

So far we assumed that the possible orientations φk are the same for each hy-
percolumn. This means that especially for small σaff one needs a large number
K of orientations for each hypercolumn in order to avoid sampling problems, as-
suring that each Gabor patch within the stimulus results in an afferent input
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Figure 4.4: Afferent input with σaff = π/8.

to at least one orientation column. For this reason the performance decreases
with decreasing K due to the lack of information about the orientation of certain
Gabor elements. The impact of decreasing K is shown in Fig. 4.5 (a) and (b).

Large K result in long running times for the simulations, which makes it
extremely difficult to search certain parameter ranges in order to find the optimal
working regime for a model. However, this seems to be inevitable for the additive
model where afferent and lateral input need to be balanced in order to compute a
plausible performance. One possibility to avoid sampling problems as well as long
computing times is to adapt the orientations of each hypercolumn such that one
orientation matches the orientation of the Gabor patch at the position represented
by this hypercolumn, i.e. φk = mod(θ + k · 2π, 2π) where k = 1...Ka. Here the
performance increases for smaller Ka, especially for Ka ≤ 12 (see Fig. 4.5 (c) and
(d)). Both, the additive and the multiplicative model show the best performance
for Ka = 1 as there is no uncertainty about the orientation of an edge. In
this case the afferent input is just a constant. For the multiplicative model
this constant factor cancels due to the normalization, such that the differential
equation describing this model simplifies to

τȦ = −A+
Ilat∑
Ilat

(4.17)

With the additive model optimal performances are achieved when the contri-
butions of afferent and lateral input are balanced. Therefore the ratio of Il/Ia
needs to be adjusted because for IlIlat � IaIaff or IaIaff � IlIlat the perfor-
mance decreases. However, for IaIaff � IlIlat the afferent input can be neglected
and Eq. 4.12 approximates Eq. 4.17. Hence for K = 1 the multiplicative model
is equivalent to an additive model with large lateral input and performs worse
than the additive model with balanced inputs.

Of the two options just discussed, the biologically more plausible implemen-
tation of orientation columns is certainly a model with neuronal columns with
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Figure 4.5: The colored lines show the performance of (a) the additive model
and (b) the multiplicative model for different numbers K of equidistributed
preferred orientations φk. The φk are the same for each hypercolumn inde-
pendently of the stimulus presented. For comparison the grey line shows the
model performance for Ka = 72 preferred orientations when assuming that
the preferred orientations φk are adapted such that one preferred orientation
φk of each hypercolumn exactly matches the orientation θ of the Gabor ele-
ment presented in the receptive field of this hypercolumn. The lower diagrams
depict the performance for (c) the additive model and (d) the multiplica-
tive model for different numbers Ka of preferred orientations employing these
adapted orientation preferences. All performances shown are for stimuli of
jitter σα = σβ = 13.5 degree and element distance of 3.5 degree visual an-
gle. Simulations were performed with a unidirectional association field of the
same width as the generating association field and saliences estimated with
Lmax = 3.
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Figure 4.6: Eccentricity dependence of the afferent input as described by
Eq. 4.18. The width of the afferent input is σaff = π/8 and the wavelength
λ = 0.36 degree visual angle.

fixed preferred orientations which are independent of the stimulus and where K
is sufficiently high to avoid sampling problems. The models with adapted pre-
ferred orientations have its limitations for Ka = 1. However, the performance for
Ka ≥ 18 seems not to depend on the exact Ka any more and in this range of Ka

it approximates the performance of the stimulus-independent model with large
K far better, than the stimulus independent model with small K.

Modulation by stimulus eccentricity

So far our afferent input is independent of the eccentricity of a stimulus. However,
as already discussed in 2.3.2, the size of the area of cortical surface onto which an
object in the visual field is mapped decreases with eccentricity. With the decrease
of this area of cortical surface the visual acuity decreases (15; 20) and the contrast
threshold increases (107). In a recent study Foley and colleagues (30) measured
contrast thresholds of Gabor patterns as a function of eccentricity and obtained
the eccentricity parameter a, which is the factor by which the sensitivity of a
receptive field decreases with eccentricity ε for a given wavelength λ of the Gabor
pattern. They modeled sensitivity of the receptive field as well as excitation of
the corresponding cells to be proportional to aε/λ where ε is the eccentricity of
the center of the receptive field. We used this factor to model the decrease of
afferent input with eccentricity.

Iaff(θ, φ, ε) = Iaff(θ, φ)aε/λ (4.18)

Here the eccentricity parameter was a = 0.947. The decrease of afferent input
with eccentricity as described by Eq. 4.18 is illustrated in Fig. 4.6.
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4.3. Synaptic input

4.3.2 Lateral input

The lateral input is given by

Ilat(xl, φl, x1...xN, φ1...φN) =

N∑
i,j

p(xl, φl|xi, φj)A(xi, φj) (4.19)

and depends crucially on the connection strength p(xl, φl|xi, φj) between neu-
ronal orientation columns which is specified by the association field.

Association fields for contour integration

The models are supposed to judge the same edge configurations as being salient
as humans do. Hence the association field should be based on the Gestalt rules.
The Gestalt criterion of proximity states that edge elements at small distances
are more likely to be perceived as belonging to the same object than distant edge
elements. Consequently, there should be a distance-dependent factor F(r) in the
association field.

According to the Gestalt law of good continuation collinearly aligned edge el-
ements should have a high probability to be linked together. Connection strength
should then decrease for higher curvature or alignment jitter.

A contour has no direction. Hence the probability p(xj, φj|xi, φi) that a con-
tour which passes an element at position xi with orientation φi next passes an
edge element at location xj with orientation φj should be the same as the proba-
bility p(xi, φi+π|xj, φj+π) to pass these two contour elements in reversed order
and in the opposite direction. An association field which fulfills these require-
ments is

p (r, α, β) = F(r)· [
M(γα, 0, 1/σ

2
α)M(γβ, 0, 1/σ

2
β)

+ M(γα, π, 1/σ
2
α)M(γβ, π, 1/σ

2
β)

]
(4.20)

where F(r) describes the dependence on the inter-element distance r. γα = β/2−

α specifies the alignment and γβ = β/2 the curvature of two elements, where
α is the viewing angle from the source edge to the destination edge and β is
the difference of the two edge orientations (see Fig. 4.7 (a)). Assuming the
source edge has location xi = (xi,1, xi,2) and orientation φi and the destination
edge is located at xj = (xj,1, xj,2) and has orientation φj, we can express r as

r(xi, xj) =
√

(xi − xj)2, α as α(xi, xj, φi) = arctan
(

xj,1−xi,1

xj,2−xi,2

)
− φi and β as

β(φi, φj) = φi − φj. With this we can rewrite Eq. 4.20 in terms of element
positions and orientation. Then the transition probability from edge i to edge j

55



Chapter 4. Theory: model classes and their dynamics

i

’
j

αr
’β

(b)

r

i
j

β

α

α

(a)

(c)

’

α

Figure 4.7: (a) Curvature and alignment for a contour passing from edge i
to edge j can be expressed in terms of the viewing angle α from source edge i
to destination edge j and β = φi − φj. (b) Same as (a) for a contour passing
from j to i. (c) Two edges are perfectly aligned, if they are tangents of a circle
passing through the edges, i.e. α = α ′. Figure modified from (94)

is given by

p (xj, φj|xi, φi) = F(xi − xj) · (4.21)[
M

(
φi + φj

2
− arctan

(
xj,1 − xi,1

xj,2 − xi,2

)
, 0, 1/σ2

α

)
M

(
φi − φj, 0, 1/σ

2
β

)
+

M

(
φi +φj

2
− arctan

(
xj,1 − xi,1

xj,2 − xi,2

)
, π, 1/σ2

α

)
M

(
φi −φj, π, 1/σ

2
β

)]

The two notations are equivalent and throughout this thesis we will switch be-
tween them where appropriate.

We get the same link probability between edge i and j as in the opposite
direction from j to i, p(r, α, β) = p(r, α ′, β ′) (see Fig. 4.7 (b) for the definition
of α ′ and β ′). Two edges are aligned, if they are tangents of a circle passing
through these edges, i.e. α = α ′ (see Fig. 4.7(c))(94).

Symmetry of the association field

Eq. 4.20 describes a unidirectional association field. In contrast to this choice,
many models for contour integration in striate cortex use a bidirectional asso-
ciation field where connections to both directions in retinal space have equal
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Figure 4.8: The contour in (a) can be generated by a unidirectional or by a
bidirectional association field. Contours in (b) and (c) are equally likely to be
generated by a bidirectional association field, but cannot occur when using a
unidirectional association field.

strength (e.g. (77; 137)). We use association fields for two purposes: First, we
generate mathematically well-defined contours by successively drawing the con-
tour elements from an association field in a Markov process . This means that the
probability of a contour element at position xi with orientation φi depends only
on the position and orientation of the preceding contour element (xi−1, φi−1).
Second, we invert the process of contour generation to extract a contour from a
given stimulus. Therefore we use the association field to determine the probabil-
ity of each edge element to belong to the contour. This probability corresponds
then to the saliency of the contour.

To generate contours we use a unidirectional association field. This gives long
and, depending on the width σβ of the association field, relatively straight con-
tours like the one shown in Fig. 4.8 (a). However, when generating contours
using a bidirectional association field, a zigzagged contour like in Fig. 4.8 (b)
is produced with equal probability. In fact there are more possibilities to pro-
duce contours with kinks than to generate straight contours. Furthermore, if we
generate a contour of L � 2 elements, we can get the edge configuration shown
in Fig. 4.8 (c). Starting with element i it is very likely to draw element j as
the next contour element. Then we have a high probability to go back to ele-
ment i and again a high probability to go to element j next. By going back and
forth we can generate infinitely long contours which consist only of two differ-
ent elements and which humans would perceive only as a contour of length two.
Because humans perceive long straight contours as much more salient than con-
tours with an abrupt change in direction or short contours, we always used the
unidirectional association field for contour generation. For a probabilistic model
one had to use the same association field for contour generation and contour
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unidirectional

Representation
in visual cortex

Stimulus

bidirectional

Figure 4.9: Possible implementations of unidirectional and bidirectional as-
sociation fields: While for bidirectional interactions one representation of the
contour in the visual cortex is sufficient one would assume two separate repre-
sentations when using a unidirectional association field. In one representation
edge detectors are linked only in one direction, in the other representation
interaction go solely in the opposite direction.

integration. As there is no experimental evidence for unidirectional connections
between neuronal orientation columns, we also tried to use bidirectional associ-
ation fields for contour integration. A possible implementation of unidirectional
and bidirectional association fields is depicted in Fig. 4.9. As already mentioned
we require the probability to pass a contour in one direction to be the same as
for passing the contour elements in reverse order in opposite direction. For bidi-
rectional association fields a single representation of each edge element would be
sufficient to fulfill this symmetry requirement as interactions between two edge
elements could go in both directions. In contrast, two separate representations
of each edge element are necessary when using a unidirectional association field.
In one of the representations for the contour elements activity could propagate
into one direction, while in the other it propagates in the opposite direction.

Association field geometries

A similar conflict between a probabilistic approach and the biophysically most
plausible approach exists for the question whether we need different association
fields for contours with different statistical properties. A mathematically ideal
model would require to use the same association field that was applied for contour
generation also for contour detection. This would mean that we need different
association fields for contours with different curvature, alignment, or element dis-
tances. From a biological point of view it is rather unlikely that the brain changes
its functional connectivity structure for contours of varying statistical properties.
And even if it were able to adapt its connection structure, it first needed to know
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4.3. Synaptic input

the characteristics of the stimulus before it could choose a suitable connection
structure. Hence we will investigate both possibilities: contour integration with
a fixed width for curvature and alignment jitter as well as contour integration
with an association field using the same σα and σβ as the contour generating pro-
cess. Where simulations were directly compared to human behavior, we always
used an association field of the same range for all contours independently of their
inter-element distance.

4.3.3 Relations between different forms and couplings of

inputs

So far we posed the question which of the models, the multiplicative or the
additive one would be better. However, these two are not the only models one
can think of and the model best suitable to describe human behavior could also
be a mixture of these two models. As we will see in 5.2 it can be advantageous
for purely multiplicative models with unidirectional association field to introduce
an offset cl for the lateral input. In this way Ilat > 0 for all edge elements and
hence the activity A will not drop to zero due to edge detectors which receive
or spread zero lateral input. Biologically such an offset can be interpreted as
spontaneous activity. However, introducing this offset is nothing else as mixing
multiplication and addition of the two inputs. A multiplicative coupled input
I = Iaff · Ĩlat with Ĩlat = Ilat+ cl is equivalent to I = Ilat · Iaff+ cl · Iaff. Similarly
one could think of spontaneous activity for the afferent input Ĩaff = Iaff + ca.
Then I = Ĩaff · Ĩlat = cl · Iaff + ca · Iaff + clca + Iaff · Ilat. Hence if we use the
most general input I = IaIaff + IlIlat + ImIaffIlat + I0, all offsets for lateral and
afferent input are already included. This is true provided the offset is added to
each neuron and not e.g. only to the lateral input for the nearest neighbors. In
principle we can also skip the last term. As I0 is added to each neuron and the
decision of the model depends only on the relative values and not on the absolute
values, this does not interfere with the decision for the neuron with the maximum
activity, at least not if there is no noise included in the model.

4.3.4 Summary

In this chapter we introduced a Bayesian model which from a mathematically
point of view is optimal for contour integration. From this we derived an itera-
tive model which can evaluate the afferent input from the visual stimuli against
the lateral input from horizontal interactions in various ways. In the following
chapters we will investigate the two generic cases of multiplicatively bound affer-
ent and lateral input and a total neuronal input obtained by the summation of
all inputs. Throughout this thesis we will discuss advantages and disadvantages
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of these two cases and compare them to psychophysical experiments. Similarly
we analytically investigate special properties of the two different estimators we
introduced in this chapter. In chapter 7 we will test the different possible choices
for the afferent input and different symmetries and geometries of the association
field. By analyzing the model performance compared to the human performance
and by analyzing the correlations between the model and human observers we will
evaluate different model and association field choices and search for the model
which is closest to human behavior.
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Chapter 5

Analysis of model dynamics

Large simulations can take into account many different influences on a dynamical
system, but in the end it can be complicated to identify what effect is caused by
which mechanism. Sometimes one can learn more about a complex system by
simplifying it such that one can investigate basic principles in great detail. Also
simplification often allows the application of analytic methods which are difficult
to use otherwise. However, one should be aware that for simplified systems one
might miss many phenomena.

Having introduced the different models and salience estimators in chapter
4 we now want to investigate some of the basic dynamic properties of these
models subjected to simple stimuli. Later we compare the different models to
psychophysical experiments, where more complex stimuli are used. In particular,
this chapter will tackle questions like the effect of normalization and the param-
eter range for a stable fixed point. Furthermore we will see that under certain
circumstances the representation of an edge element which is not present in the
stimulus is predicted by the additive model to have non-zero salience, as e.g. for
star-like edge configurations which sometimes are predicted to be more salient
than a contour. In addition we investigate what happens if the balance between
afferent and lateral input is changed.

5.1 Stability of the iterative models and effect

of normalization

We investigate the simplified stimulus depicted in Fig. 5.1 assuming periodic
boundary conditions. Accordingly, the lower two edge elements form an infinitely
long contour. The upper two edges are considered as background elements. We
also assume that background elements and contour elements are of different con-
trast Cb and Cc, respectively. In the simplified model we have neurons with only
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Figure 5.1: (a) Simplified stimulus with periodic boundary conditions con-
taining a horizontal contour. Contour and background elements have different
contrast Cc and Cb, respectively. (b) Neuronal representation of the stimulus
situation depicted in (a). Each hypercolumn has neurons with two different
preferred orientations. Ac is the activity of the neuron representing the contour
element, Ai,c the activity for the element at the same position but perpendic-
ular to the contour element. Ab and Ai,b are the corresponding activities in
the hypercolumns representing the background.

two different preferred orientations: horizontal and vertical. The association field
connects only perfectly aligned, neighboring edges with pi,j = Il.

In our model the saliency of an element corresponds to the activity of the
neuron representing this edge element. As the stimulus contains an infinitely
long contour the model is supposed to predict the highest saliency for the contour
elements.

This means, that

(a) the activity Ac of the contour elements should be higher than the activity
Ab of the background elements and

(b) the activities Ac and Ab of the neurons representing the elements which
are actually present should exceed the activities Ai,c and Ai,b of the cor-
responding neurons with preferred orientations perpendicular to the bars
presented in their receptive field.

It can happen that the model predicts the highest salience for an edge element
which is not present in the stimulus. This can be an edge at the same position xi

as an edge i which is depicted in the stimulus, but with an orientation θ �= θi or
it can be an edge element at a position where no edge is present in the stimulus.
In these cases we speak of illusions and accordingly we call elements which are
not physically present in the stimulus but which activate an orientation column
representing this edge element, ’illusory elements’. The fact that a model finds
illusory elements is not necessarily bad, as humans also perceive certain illusions,
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Figure 5.2: The three pictures show the salience ratios discussed in the text.
The green line denotes a salience ratio as specified by the subfigure title equal
to 1. In the purple area above the green line the model can detect (a) con-
tour elements in contrast to background elements predicted by the maximum
estimator (b) contour elements opposed to illusionary elements (c) contour
elements in contrast to background elements as predicted by the summation
estimator.

i.e. the filling in of the borders of the Kanizsa triangle (see Fig. 3.2) where there
are no physical boundaries present. However, the salience of illusory contours is
generally lower than that of a contour which is physically present. We want to
investigate which illusions the different models are sensitive to. In comparison
with psychophysics these results can give hints which models are plausible.

Additive model without normalization

One potential difficulty for the dynamical systems given by Eq. 4.12 is that,
depending on the employed parameter range and on the stimuli subjected to this
systems, they do not necessarily have a stable stationary point, if we omit the
global divisive normalization by setting the normalization factor n = 1. So here
we want to determine the stable regime for both models without normalization.
Let us start with the additive model and carry out a linear stability analysis
around the fixed point. We find a stable fixed point for 0 < Il < 1.

We calculate the actual stationary state As by solving for Ȧ = 0 and build
the ratio Ac/Ab

Ac

Ab

=
Cc

Cb

(Il + 1) (5.1)

This relation is plotted in Fig. 5.2. When using the maximum estimator, the
activity corresponds directly to the saliency smax and if Ac/Ab = smax

c /smax
b > 1,

the contour is detected correctly. Ac/Ab = 1 is denoted by the green line in Fig.
5.2 (a) and in the purple region above this line the contour position is detected
by the maximum estimator.
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Chapter 5. Analysis of model dynamics

Furthermore we want to know under which circumstances the model finds
illusory elements. For this stimulus the neurons with preferred orientation per-
pendicular to the background elements get no input at all. Hence Ai,b = 0 for
all Il and all Cc/Cb. This means that the model finds no illusionary elements
at the positions of the background elements. However, this is not so simple for
the positions occupied by the contour elements. Neurons representing elements
perpendicular to the contour elements get lateral input from the cells represent-
ing background elements. Depending on the strength Il of the lateral input and
the contrast Cc and Cb it can indeed happen, that the model finds illusionary
elements instead of contour elements. This means it predicts a higher activity
for neurons representing elements at the position of the contour elements which
are not present in the stimulus than it determines for cells representing contour
elements. This shows the ratio

Ac

Ai,c

=
Cc(1+ Il)

CbIl
(5.2)

which is illustrated in Fig. 5.2 (b). The green line shows where real elements and
illusory contour elements are equally salient. Here we see that illusions occur for
high overall coupling strength and high contrast Cb, while in the purple region
above the green line the model does not exhibit any illusions. Furthermore, if we
compare with Fig. 5.2 (a), it also finds the contour in this region. Hence this is
the region where for this particular stimulus the model does what it is supposed
to do. This changes with different stimuli.

Next we want to investigate the behavior of the summation estimator. As the
activity of neurons representing illusionary elements in this case strengthen the
salience of the position of the contour in contrast to the background, we would
expect that the summation estimator finds the contour in a larger parameter
range. To check this we calculate the ratio

ssum
c

ssum
b

=
Ac +Ai,c

Ab +Ai,b

=
Cc

Cb

(1+ Il) + Il =
smax

c

smax
b

+ Il (5.3)

and plot it in Fig. 5.2 (c). As expected we find a larger area where the model
detects the contour. This estimator only finds a position, without distinguishing
between the contour element and the corresponding illusionary element. Compar-
ing Fig. 5.2 (a) and (c) we see that the summation estimator predicts a higher
salience for the contour elements than for the background elements in a much
larger parameter range than the maximum estimator does. Also ssum

c

ssum
b

exceeds
smax
c

smax
b

especially for high Il. This is consistent with finding illusory elements sup-

porting the position of the contour especially for a large strength Il of the lateral
input.
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with normalization without normalization

smax
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smax
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)
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Cb
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)
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c

ssum
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(
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k
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)
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k

ssum
c

ssum
b

= Cc

Cb
(Il + 1) + Il

Table 5.1: Salience ratios for the additive model with and without normal-
ization.

Additive model with normalization

Having investigated the additive model without normalization, we are now in-
terested in the changes which occur if we reintroduce the normalization n(t) =(∑

x,φ I(x, φ)
)−1

in Eq. 4.12. n prevents the neuronal activity to grow to infinity

and it is chosen such that
∑
A(i, t) = 1 ∀t. Because of this stabilization we find

for all values of Il a stable stationary point for this stimulus. In order to study
the behavior of the model in this range, we compute the same three ratios as
already done in 5.1 for the model without normalization.

These ratios are presented in Table 5.1, which gives an overview over the
salience ratios for the models with and without normalization. Here k =∑

x,φ I(x, φ) where I(x, φ) is the total neuronal input as defined in Eq. 4.13.
k is a constant consisting of two parts:

∑
x,φ Iaff(x, φ) is constant for every stim-

ulus which does not change with time and
∑

x,φ Ilat is constant for this edge
configuration as here

∑
x,φ P · A(x, φ) =

∑
x,φ A(x, φ) = 1. Here the matrix

P = {pi,j} denotes the link probability between different edge elements. If we
also normalize the afferent input to

∑
x,φ Iaff(x, φ) = N, where N is the total

number of edge elements within the stimulus, the saliency ratios depend only on
Il/Ia and on Cc/Cb. The three ratios are shown in Fig. 5.3. Here the green lines
indicate salience ratios equal to one. The dashed black line shows the same for
the additive model without normalization to allow for a better comparison. For
the x-axis of the dashed black line we assumed Il/Ia = Il. However, when taking
the limit Il/Ia → ∞ we find for all three saliency ratios the same values as for
the model without normalization for Il → 1. So the behavior at the borders of
the parameter range leading to a stable fixed point is the same. Hence the main
effect of the normalization is to stabilize the system on a much broader range than
without normalization without changing the qualitative model behavior which is
possible in this range.
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Figure 5.3: The three pictures illustrate the investigated salience ratios as
specified by the subfigure titles for the additive model with normalization. The
green line denotes a salience ratio equal to 1. In the purple area above the
green line the model can detect (a) contour elements in contrast to background
elements predicted by the maximum estimator, (b) contour elements opposed
to illusionary elements and (c) contour elements in contrast to background
elements with the summation estimator.

5.1.1 Illusions supporting the background

For the stimulus investigated so far the activity of neurons representing illusory
elements help the summation estimator to detect the contour. However, we can
think of different stimuli where illusory elements have the opposite effect and are
in rivalry to the contour. One such stimulus is depicted in Fig. 5.4 (a).

Again we assume periodic boundary conditions, two preferred orientations in
each hypercolumn and interaction of perfectly aligned neighboring edge elements
only. The contour elements have contrast Cc and form an infinitely long con-
tour along the diagonal due to the periodic boundary conditions. The crucial
difference to the stimulus in Fig. 5.1 is that here the illusions strengthen the
salience at the positions occupied by background elements. Each neuronal unit
corresponding to an illusory element at the position of a background element
gets lateral input from two neighboring units, like the orientation columns cor-
responding to contour elements get lateral input from two neighboring columns.
Like before we determine the saliency ratios for the additive model with and
without normalization. They are presented in Table 5.2.

The ratios for the normalized model are plotted in Fig. 5.6. Even though the
background elements are more salient than the corresponding illusory elements
for the full parameter range (see Fig. 5.6 (a)), the parameter range where the
summation estimator finds the contour is reduced compared to the parameter
range, in which the maximum estimator finds the contour. The reason for this
is that the neuronal units corresponding to illusory background elements get
lateral input from two neighboring edge detectors. As before, the activation of
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Figure 5.4: (a) Simple stimulus where illusory elements support the back-
ground. Periodic boundary conditions are assumed. Contour and background
elements have contrast Cc and Cb, respectively. (b) Neuronal representation
of the stimulus. Hypercolumns contain two preferred orientations for each po-
sition. Ac and Ab denote the activity of the neurons representing the contour
or background elements respectively. Ai,c and Ai,b are the activities for the
neurons representing illusory elements not present in the stimulus.
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Table 5.2: Salience ratios for the additive model with and without normal-
ization.
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Figure 5.5: Saliency ratios in the stationary state of the additive model
without normalization. The green line corresponds to a salience ratio equal to
one.
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Figure 5.6: Saliency ratios in the stationary state for the additive model
with normalization. The green line corresponds to a salience ratio equal to
one. The black dashed line shows this ratio for the additive model without
normalization.

edge detectors representing elements which are absent in the stimulus is stronger
for higher Il. Normalization scales the salience ratios from the stable Il-regime
0 ≤ Il ≤ 1 to the full possible range of Il, namely 0 ≤ Il ≤ ∞.

Wider tuning curves for input functions

In the simplified model investigated so far, each edge element can get lateral
input from at most two neighboring elements. However, in a plausible model
we have much more than just two possible orientations and neither the afferent
input nor the association field is δ-shaped. Hence we would expect more complex
effects. However, for a complex model with nori preferred orientations, afferent
input tuning width σaff, and association field curvature and alignment tuning
σα,β it would be difficult to calculate the stationary point analytically. Hence in
order to investigate the influence of more possible orientations and wider input
functions we restrict ourselves nori = 4. We use the same stimulus as in Fig. 5.4,
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Figure 5.7: Saliency ratios in the stationary state for the additive model with

(a+b) Iwide
aff and δ-shaped association field. (c+d) The same for wide afferent

input and wide association field. The green line corresponds to an activity
ratio equal to one.

but modify the afferent input to

Iwide
aff (φ, θ) =

⎧⎨
⎩
C/2 for |θ− φ| = 0

C/4 for |θ− φ| = π/4

0 else

where C is the contrast of the edge element. A wider afferent input gives input to
more neurons representing edge elements which are not present in the stimulus.
However, this is also the case for cortical neurons which also have a finite tuning
widths and do not only respond to stimuli in their preferred orientation. Just
using a wider afferent input and allowing for more possible orientations leaves the
parameter range in which we find a stable attractor unchanged. There are more
possibilities for illusions as there are more illusionary elements now. However, as
long as only neurons representing perfectly aligned elements interact with each
other, we have basically four mutually independent systems of edge detectors,
which have no impact on the other systems: Neurons with a horizontal preferred
orientation interact only with other neurons of horizontal preferred orientation.
Equally we have a system of vertical edges, one of right oblique edges and one
of left oblique edges. As those neurons, which get maximum afferent input are
the same, which also would be activated when assuming a δ-shaped tuning curve,
smax

c /smax
b stays unchanged (see Fig. 5.7 (a)).

The summation estimator still detects the contour in the same cases as before.
However, due to the additional illusory elements the gradient

d(ssum
c /ssum

b )

d(Cc/Cb)
near

ssum
c /ssum

b = 1 is much lower than with a sharply tuned afferent input, especially
for large Il. Hence noise is expected to have a much bigger impact on making
contour detection more difficult.

Choosing a broader tuned association field couples the previously separated
subsystems. In our simplified example such an association field could be

pcurv(i, j) =

⎧⎨
⎩
1/2 for α = α ′ = 0

0 for |φ1 − φ2| = π/4, 3π/4

1/4 for α = α ′ and |φ1 − φ2| = π/2
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where the angles α and α ′ are defined as the viewing angles under which the
destination edge is seen from the originating edge, and vice versa (see Fig. 4.7).
φi is the preferred orientation of neuron i. This association field demands perfect
alignment but allows higher curvature between edge elements that are to be
linked.

This modified association field narrows the parameter range where we find a
stable fixed point for the system. Now this is only the case for 0 ≤ Il ≤ 1/3. As
there is now a link probability greater than zero between contour and background
elements, the parameter range in which the maximum estimator finds the contour
decreases. For both maximum and summation estimator we find a small gradient
d(ssum

c /ssum
b )

d(Cc/Cb)
near ssum

c /ssum
b = 1 which in combination with noise makes it very

difficult to detect the contour in this parameter range (see Fig. 5.7 (c) and (d)).

In general, we observe that the impact of elements which are not present in
the stimulus increases with nori and with broader tuning curves for afferent input
and association field. The width of the association field has a bigger impact than
the width of the afferent input, as the association field determines whether the
differential equations for our model are mutually coupled or can be separated
into isolated subsystems. The association field used in this example might seem
inappropriate, as it links edge detectors with β = π/2 while in the human visual
system we actually find inhibition for perpendicular edge elements. However, in
this simplified model there is no possibility to allow a smaller non-zero curvature
jitter. And even though the analyzed association field has little similarity with the
association field that might be implemented in the human visual system, it shows
the general effect that illusions become more influential for wider association
fields. This finding should also be valid for a biologically plausible association
field.

The multiplicative model

In contrast to the additive model, the multiplicative model only has a stable
stationary point when it is normalized. However, the normalized model detects
the contour for both stimuli. It judges all elements of the infinitely long contour
equally salient while it predicts zero saliency for the background elements (see
Fig. 5.8). Furthermore the saliency of all non-present elements i vanishes, as
their total input I is proportional to Iaff(xi, φi) = 0.

5.1.2 Star-Illusions

Having seen in detail how illusions emerge in different model classes, we can now
construct a stimulus trying to maximize the effect that can be caused by such
illusions. Such a stimulus is depicted in Fig. 5.9 (a). The longest contour within
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Figure 5.8: (a) and (b) show the saliency as predicted by the normalized
multiplicative model for the two stimuli investigated before for the additive
model. In the above diagram the white bars with black borders represent the
stimulus and the color of the background demonstrates the saliency of that
edge element. Black corresponds to maximum saliency and white represents
zero saliency. Here both estimators predict identical saliences smax and ssum.

this stimulus (contour A) has three perfectly aligned elements and should thus
be the most salient contour within the stimulus. However, the background is
arranged such that only one background element is directed towards the center
of a neighboring contour element. Hence few illusionary elements supporting
contour A are expected. In addition, there are several contours of length two.
One of these shorter contours includes an edge element i = (xi, θi) that has 7 out
of 8 neighboring elements oriented such that they are directed towards the center
xi of edge i. We assume neurons of nori = 4 possible preferred orientationsφj with
j = 1...nori at each position x. The afferent input is chosen as Iaff(φi, θj) = Ia for
θj = φi, and 0 otherwise. The association field is delta-shaped with pδ(α, β) = 1

for α = β = 0 and pδ(α, β) = 0 otherwise. Here α is the viewing angle under
which the target edge i2 is seen from the source edge i1, β is the difference of
preferred orientations φ2 − φ1 and the range of pδ(α, β) is limited to nearest
neighbors. For an illustration of α and β see Fig. 4.7.

Fig. 5.9 (b) and (c) show the saliences ssum and smax as predicted by the
additive model. As desired from a good contour integration model the maximum
estimator finds the highest salience for the three elements that belong to contour
A. In contrast the summation estimator predicts the highest salience for edge
i, the center of a star-like edge configuration. The multiplicative model with
pδ shows a salience greater zero only for the three contour elements. In the
multiplicative model smax = ssum because only the neurons representing the
orientations �φ that are present in the stimulus receive a total input I �= 0.

Why does the summation estimator applied to the additive model find this
high salience for edge i, despite it is not part of the longest and hence most
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Figure 5.9: (a) A stimulus with periodic boundary conditions is depicted
within the dashed square. It contains one contour with three elements (pur-
ple) and several contours of length two. One of these contours of length two is
highlighted (pink), as it contains an element i with most neighboring elements
directed towards the location of i, which makes it very salient for the additive
model. (b) and (c) show the salience for each edge element as predicted by the
additive model with couplings solely between perfectly aligned collinear edge
detectors. (d) shows the same for the multiplicative model. As the predictions
with summation and maximum estimator are the same only one diagram is
shown. (e) and (f) show the corresponding salience as predicted by the addi-
tive model using a wider association field that also couples elements with 45°
alignment jitter. (g) shows the salience predictions of the multiplicative model
with wide association field. In each diagram black corresponds to the highest
predicted salience and white corresponds to zero salience.
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(a) (b) (c)

Figure 5.10: (a) Stimulus with periodic boundary conditions. Two finite
perfectly aligned contours are highlighted. (b) All closed contours consisting of
four elements are highlighted. (c) One closed contour consisting of 8 elements
is highlighted as an example. Combinations of the contours highlighted in (b)
will give further closed contours consisting of more than four elements.

salient contour? Only one neighboring element is perfectly aligned with edge i.
However, there are nori neurons representing edge elements at position xi with
different orientations. And even though only one of the represented orientations
is present in the stimulus, the other nori − 1 neurons get lateral input from
neighboring edges that are aligned to the non-present edge elements represented
by these neurons. In the multiplicative model this has no effect as Ilat(xi, φj) is
multiplied by Iaff(φi, θj) which is zero for the non-present edges. However, in the
additive model Ilat always contributes to the total input of a neuron independent
of its afferent input. And as the summation estimator sums the salience of all
non-present edge elements, it predicts a salience ssum(xi) that is twice as high
as the salience of any other position in this stimulus. The maximum estimator
counts only the activity of the most active neuron at position xi, and this activity
is still lower than the highest activity at the contour elements.

In summary, for a δ-shaped association field the additive model with summa-
tion estimator is the only model which is sensitive to star-like edge configurations
instead of the contour. However, if a wider association field is used, the situation
changes. Now let us assume the association field pwide(α, β) = 1/2 for α = β = 0

and pwide(α, β) = 1/4 for α = β = π/4. With pwide both models and both es-
timators predict the highest salience for edge element i instead for the contour
A. However, the reason for this is different. While the additive model indeed
predicts high saliences for star-like edge configurations, the multiplicative model
computes a high salience for edge i. The reason for this is that i is part of many
strongly jittered, but closed contours, while contour A is a finite contour (see
Fig. 5.10).

As the multiplicative model computes the probability for each element to be-
long to an infinitely long contour, the activity of the finite contour A increases
during the first iterations but then decreases again. To show that the multiplica-
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Figure 5.11: (a) Within the dashed square a stimulus with periodic boundary
conditions is depicted. It contains one infinitely long contour (dark purple)
and a finite contour of three elements (pink). (b)+(c) show the salience for
each edge element as predicted by the additive model and (d) shows the corre-
sponding salience as predicted by the multiplicative model, which is identical
for both estimators. In each diagram black corresponds to the highest pre-
dicted salience and white corresponds to zero. For all diagrams pwide(α,β)

was used.

P  =0i,jP  =0i,j

Figure 5.12: One-dimensional stimulus containing a finite contour sur-
rounded by perpendicular background elements.

tive model is sensitive to closed contours rather than star-like edge configurations
a second stimulus was analyzed (see Fig. 5.11). This stimulus contains a perfectly
aligned infinitely long contour and the center edge of the star-like edge configu-
ration is only part of strongly jittered closed contours. As before, the additive
model with pwide judges the center of the star-like edge configuration as most
salient. However, the multiplicative model obtains the highest salience for the
least jittered closed contour, as a good contour integration model is supposed to
do.

5.2 Fading activity

Having seen situations in which the additive model with summation estimator has
some disadvantages in the last section, we now want to look at a situation in which
the multiplicative model has some shortcomings. Consider a one-dimensional
stimulus containing a finite contour of L elements. If this contour is surrounded
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by edge elements perpendicular to the contour elements, like depicted in Fig.
5.12, there is no lateral connection between the neuron activated by the last
contour element and the neuron activated by to the neighboring background
element. During the first L−1 iteration steps the activity of the contour elements,
particularly the activity of the first and the last element, will increase in the both
the additive and the multiplicative model. However, at the Lth iteration the
activity will be multiplied by 0 in the multiplicative model and thus drop to zero.
Originally this model was designed to detect closed or infinitely long contours
and in the stationary state this model gives for each element the probability to
belong to a closed contour. Hence very jittered closed contours are judged more
salient than straight finite curves.

In practice this model nevertheless works very well for the complex stimuli we
use for the psychophysical experiments, as there is almost always a way to close
the contour via a more or less jittered and curved path in the background. How-
ever, what this example demonstrates, is that when searching for finite contours,
the model performs much better transiently before reaching the stationary state.

One possibility to preserve the high activity which builds up during the first
L − 1 iterations could be to use an association field that is greater zero for all
angles α and β of two adjacent edge elements. This can be achieved by a small
offset to the association field, which is mathematically similar to introducing
spontaneous activity. Another solution would be to combine the multiplicative
model with the additive model, which would not have this decrease in activity at
the Lth iteration. As already discussed in 4.3.3 such a combination of linear and
nonlinear model dynamics would already include the effect, that an offset for the
association field in the multiplicative model has. It remains to be shown, to what
extend such a combined model dynamics will be less sensitive to the problem
of fading activity from which a purely multiplicative model suffers. Also it is
not clear to what extent the problem of illusions for star like edge geometries,
a disadvantage of purely linear model dynamics, can be cured by this combined
model dynamics.

A different method to fix this shortcoming of the multiplicative model is to use
a bidirectional association field. However, when assuming horizontal interactions
in the range of nearest neighbors this leads to a very high salience for two perfectly
aligned edge elements in comparison to longer, but slightly jittered contours.

5.3 Adjustment of afferent and lateral input

strength

In the additive model the total neuronal input is I = Ia·Iaff+Il·Ilat. Therefore the
influence of the afferent and the lateral input and hence the model performance
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depend on the balance of Ia and Il. There are three qualitatively different working
regimes which can be considered: Ia � Il, Ia � Il and Ia ≈ Il.

If Ia � Il, the lateral input is negligible and we obtain A ≈ Iaff. So ssum is the
same in each hypercolumn, which represents a visible edge of a given contrast.
Equally smax is identical for all hypercolumns representing visible edges with
the same contrast. Hence the saliency depends only on the contrast of an edge
element and the contour will be detected at the element with the highest contrast
regardless of its alignment with neighboring edges. In this case, no real contour
integration takes place.

This effect is demonstrated in Fig. 5.13. We designed a stimulus, where the
contour is very easily distinguishable from the background. For this purpose we
assumed periodic boundary conditions and an infinitely long, oblique contour.
Furthermore, we chose a very regular background, that does not even contain
contours of length 2 (see Fig. 5.13 (a)). And as expected in the working regime
Il ≈ Ia the additive model clearly finds a high saliency smax for the contour
elements and a much lower saliency for the background elements (see Fig. 5.13
(c)). However, for Ia � Il the difference between the predicted smax for contour
and background elements is much smaller (see Fig. 5.13 (d)).

If in contrast Ia � Il, the additive model also will not detect the contour.
If the overall afferent input is negligible compared to the lateral input, we loose
the information about the orientation of the edges. As we have neurons with all
preferred orientations at each edge location x, the activity will depend only on
the position of an edge and its distance to the neighboring edge elements, but
not on their alignment and curvature. Hence the regular distance distribution
between contour elements, background elements and contour and background
elements, like in the stimuli used for the psychophysical experiments will lead
to an equidistributed activity. This is also true for the simple stimulus depicted
in Fig. 5.13 (a). The saliency for this stimulus also increasingly resembles an
equidistribution the more the lateral input exceeds the afferent input (see Fig.
5.13 (b)).

The only working regime, in which the additive model performs well is Ia ≈ Il,
where both inputs have a similar influence. This subtle balance of the two input
strengths is only necessary for the additive model. In the multiplicative model
the total neuronal input I depends only on Im = Ia · Il. Thus no adjustment of
Ia and Il is needed.

Having analyzed the dynamical properties of both model classes, revealing
both, potential pitfalls as well as putative advantages in detecting contours, we are
now well prepared to investigate which of the models provides the most plausible
account of human behavior in psychophysical experiments.
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Figure 5.13: Plot (a) shows a stimulus with an infinitely long contour em-
bedded in a very regular background. Plot (b) - (d) show the saliency as
predicted by the additive model with different balance of afferent and lateral
input strength. Here black corresponds to the maximum saliency and white
represents zero saliency. In plot (c) afferent and lateral input are optimally
tuned and the model judges the contour clearly more salient than the back-
ground. If either the overall afferent input strongly exceeds the lateral input
(diagram (b)) or vice versa the lateral input is much stronger than the affer-
ent input (diagram (d)) the predicted saliency approaches more and more an
equidistribution.
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Chapter 6

Robustness against noise and

orientation jitter

One of the important questions of this thesis is, which contour integration model
can explain the surprising speed and high performance of human observers in
psychophysical experiments. In contrast to the simple stimuli used for the theo-
retical investigations in chapter 5, these experiments employed complex displays
of Gabor patches similar to the ones first introduced by Field and colleagues (27).
However, before processing stimuli employed during the psychophysical experi-
ments, we study stimuli based on a hexagonal grid, which due to their symmetry
still give the opportunity to supplement numeric simulations with analytic com-
putations. Of the three model classes introduced in chapter 4 we select the model
from which we expect the highest contour detection performance for contours of
finite length and analyze the impact of orientation jitter and noise.

6.1 Stimuli and simulations

As we are interested in the robustness of the model against orientation jitter,
we want to exclude any influence of the distance between edge elements on the
model’s performance. Hence we place Gabor patches on a hexagonal grid with
periodic boundary conditions. This topology has the advantage that all elements
have exactly the same distance r to their neighbors. We place a straight contour
consisting of L = 9 elements horizontally, right oblique, or left oblique on the
hexagonal grid which contains in total N = 324 edge elements. Now we can
vary the alignment of the edges without changing the contour’s curvature by
rotating each contour element by ±ηθ(2π/K), with K = 72 and an orientation
jitter ηθ varying between 0 and 6. The orientation of each background element
was randomly chosen from all possible orientations θi = i · 2π/K where i = 1...K.
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Chapter 6. Robustness against noise and orientation jitter

Figure 6.1: Example stimulus: Hexagonal grid with a straight contour with-
out orientation jitter (ηθ = 0) consisting of 9 elements.

An example of these stimuli is depicted in Fig. 6.1. These stimuli were only
used for modeling studies investigating the robustness against orientation jitter.
In order to investigate the dependence of the contour detection performance on
the curvature of the contour, these stimuli are not suitable as for this hexagonal
geometry only contours of zero curvature or contours with an angle of a multiple
of 60° between two edge elements are possible. These highly curved contours are
hardly recognized by humans, even if they are perfectly aligned.

These very regular stimuli have the second drawback that edge positions line
up in three orientations: horizontal, right oblique and left oblique. Hence there
is a high probability that contour-like structures along these lines arise by chance
in the randomly generated background. In order to be able to include horizontal,
right oblique or left oblique perfectly aligned contours in the stimuli we have to
discretize the possible orientations for the edge elements into K = 3K0 orientations
with K0 ∈ N, such that they contain the three orientations necessary to construct
these contours.

Hence, given that these three orientations are possible, the smaller K the
higher is the probability to get contours in the background, which occur by chance
when choosing random orientations for the background elements. Let us derive
the probability for such randomly occurring contours in the background.

The probability that L randomly chosen edge elements located in either a
horizontal, a right oblique, or a left oblique line are perfectly aligned is (2/K)L

and the probability P(L|Nl, K) that in a line of Nl elements with K possible
directions, there exists at least one contour of L aligned elements is

P(L|Nl, K) =

(
2

K

)L (
1+ (Nl − L)

K− 2

K

)
(6.1)
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for Nl ≤ 2L and

P(L|Nl, K) =

(
2

K

)L

+
K− 2

K

(
2

K

)L
[
Nl − L−

Nl−L−1∑
Z=L

P(L|Z, K)

]
(6.2)

for Nl > 2L. The derivation of Eq. 6.1 and 6.2 can be found in Appendix A The
probability Prand(L|M,Nl, K) to find at least one such contour in a display of M
lines of Nl elements each is then

Prand(L|M,Nl, K) =

M∑
k=1

(
M

k

)
P(L|Nl, K)k(1− P(L|Nl, K))M−k (6.3)

So for example in a hexagonal grid with Nl = M = 18, like the one used for
the simulations in this section, the probability to find by chance a horizontal
contour of length L = 9 is Prand = 1.7 · 10−12. When assuming only half the
possible directions K = 36 the probability increases by more than two orders of
magnitude to Prand = 8.6 · 10−10. The probability to find a contour of length
L = 4 is Prand = 1.6 · 10−4 for K = 72 and Prand = 0.0024 for K = 36.

If we would assume a less regular geometry of edge locations xi such that no L
elements are positioned in a straight row and only curved contours are possible,
it is not possible to build a perfectly aligned contour, when only few different
orientations θi are possible. Many different θi are needed and hence for irregular
stimuli the probability for randomly arising contours of small alignment jitter is
far lower than for a hexagonal geometry.

If the stimulus includes a huge number of different orientations θi, but the
contour integration model only has few orientation preferences φi and employs a
narrow input tuning, we can encounter sampling problems when no orientation
preference matches the orientation of a particular edge element. These problems
can be avoided either by choosing sufficiently many orientation preferences φj

together with an afferent input tuning curve which is wide enough such that each
edge causes afferent input to at least one orientation column. Alternatively we
could adapt the preferred orientation at each position xj such that one orientation
preference φk,j matches θi. In the case of the hexagonal grid stimulus we avoid
sampling problems as all θi occurring in the stimuli are also preferred directions
of the model neurons.

We modeled the contour detection performance for the stimuli described in
section 6.1 using the ideal model (see 4.1.2) using the maximum estimator to
determine the saliency smax (see 4.2.2). We choose the distance dependence of
the association field as

F(r) =

{
1 for r = r0
0 else

(6.4)

which means that there were only couplings of a neuron to its nearest neighbors.
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6.2 Performance and chance level

In psychophysical contour detection experiments where the contour has to be
detected on either hemifield of the screen, the chance level is Pchance

hemi = 50%.
For varying degrees of difficulty the performance Phemi ranges from Pchance

hemi ≤
Phemi ≤ 100%. However, even if the observer gives a correct response we cannot
know, whether he really detected the contour, or something different which is by
chance located in the same hemifield as the contour itself. It is also possible that
the observer just made a lucky guess without recognizing anything in particular.
When running a simulation, we first get a saliency distribution for all elements
from which we can decide whether the highest saliency was predicted for a con-
tour or for a background element. When using the contour detection criterion
that more than half of the Lmax elements with the highest saliency must be con-
tour elements in order to predict the location of the contour correctly, we get a
chance level Pchance

Lmax
� Pchance

hemi . The probability PLmax(X = k) that k of these
Lmax elements are contour elements is given by the hypergeometric distribution,
a probability distribution describing selection from a finite population without
replacement. Hence it yields

pLmax(X = k) =

(
L

k

)(
N−L

Lmax−k

)
(

N

Lmax

) (6.5)

Here L is the number of contour elements and N is the number of total edge
elements within the stimulus. The chance level is then Pchance

Lmax
= pLmax(X >

Lmax/2) with a standard deviation of

σchance =

√
Pchance

Lmax
· (1− Pchance

Lmax

)
Ns

where Ns is the number of stimuli over which the performance is averaged. Here
we used Ns = 300 and get the chance level Pchance

1 = 2.8 ± 0.9%, Pchance
3 =

0.2 ± 0.26% and Pchance
5 = 0.014 ± 0.069%, in 1-σ-precision. Hence we have

a much larger regime for performance values than we have when using Phemi.
The drawback is that these performance values cannot be compared to human
performances in a 2AFC-task directly.

However, assuming that there is an equal number of stimuli containing the
contour on either side and that furthermore all randomly arising edge configura-
tions in the background which happen to be similarly or more salient than the
contour are also equally likely on both hemifields, the relation between the two
different performance measures is simply

Phemi =
1− PLmax

2
+ PLmax
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Figure 6.2: (a) Performance for different Lmax: Performance decreases with
larger σaff but is approximately the same for all Lmax. (b) Association field
with σα = 2σβ = π/12 for two horizontal neighboring edge elements. This
association field was used for all simulations within this chapter.

So a comparison to psychophysical performances is possible if there is no bias for
contours on either side of the display.

Performances for Lmax = 1, 3 and 5 are approximately equal (see Fig. 6.2 (a)).
For this simulation we used a stimulus containing a contour with ηθ = 0. How-
ever, also for higher orientation jitter all Lmax lead to a very similar performance.
Thus we show in the following diagrams in this chapter only the performance for
Lmax = 5. The simulations are done with an association field having the width
σα = 2σβ = π/12. The association field is illustrated in Fig. 6.2 (b). There the
connection strength between two neurons with preferred orientation φ and φ ′

corresponding to two horizontal neighboring edge elements is shown.

6.3 Robustness against synaptic noise

In the brain we have random fluctuations in the membrane potential leading to
synaptic background activity. Consequently, we added synaptic noise to the affer-
ent input Iaff. This noise is uniformly distributed between 0 and ημ ·maxφ (Iaff).
It can be either static noise ηs

μ which is constant for each iteration of the model
or dynamic noise ηd

μ varying with time. We investigated dynamic and static noise
with ημ = 0.001 and ημ = 0.05 for the orientation jitter ηθ = 0 (see Fig. 6.3). For
both noise levels the contour detection performance was better for dynamic noise
than for static noise, as the dynamic noise in contrast to the static noise averages
out over time. With increasing width σaff of the afferent input the information
about the orientation φ of an edge becomes less evident and the performance
decreases. Here it starts decreasing at the critical width of σaff ≈ 10 for a noise
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Figure 6.3: Contour detection performance in dependence of the afferent
tuning width for different levels of synaptic noise. Static noise has a stronger
impact on the performance than dynamic noise.

level of ημ = 0.001 and σaff ≈ 4 for ημ = 0.05, respectively, where the noise
level exceeds the amplitude of the tuning curve of the afferent input. When the
width of the afferent input increases further until a distinction between a noisy
Von Mises-function and a noisy equidistribution is no longer possible, the per-
formance drops to chance level. When applying no noise at all the decrease of
performance is determined solely by the computing precision, which in our case
is 10−16.

6.4 Robustness against orientation jitter

Another type of noise that we investigated was noise on the stimulus, i.e. the
orientation jitter. We varied ηθ from 0 to 6 and plotted the model performance
for different ηθ against σaff (see Fig. 6.4). As a wider σaff means less specific
information about the orientations θi of the edge elements, we expect that the
performance monotonically decreases with increasing σaff. For small jitters up
to ηθ = 2 performance indeed starts at 100% and monotonically decreases to
chance level. However, for ηθ ≥ 3 the performance first increases with σaff

until it reaches a plateau starting between σaff = 0.1 and σaff = 1.0. Finally
it decreases to chance level because of synaptic noise. The critical value of σaff

where the performance starts decreasing, and where it finally reaches chance level
seem to be independent of ηθ.

At first glance this result seems to be counterintuitive. Why does the perfor-
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Figure 6.4: Contour detection performance as predicted by the ideal model
in dependence of orientation jitter ηθ and tuning width σaff of the afferent
input. The performances for ηθ = 1 and ηθ = 2 are omitted here, because
they are nearly indistinguishable from the performance for ηθ = 0.

mance increase for less specific information about θ? To answer this question let
us consider two horizontally neighboring edges i and i ′. In the worst case i is
jittered by +ηθ and i ′ by −ηθ or vice versa as depicted in Fig. 6.5 (a). In order
to be grouped together as a contour the mean link probability between the two
hypercolumns corresponding to edge i and i ′ should exceed the average link prob-
ability < sl(ib, i

′
b) > between the hypercolumns of two neighboring background

elements ib and i ′b. This leads to the condition

o(x ′i, x
′) =

K∑
k′=1

Iaff(x
′
i, φ

′
k) · Ilat(x

′
i, φ

′
k, xi, �φ) > < sl(ib, i

′
b) > (6.6)

where < sl(ib, i
′
b) > for continuous orientations is given by

< sl(ib, i
′
b) >=

Ia · F(r)
4π2

(6.7)

Here Ia is the overall strength of the afferent input and F(r) is the distance
dependence of the association field (see 6.4). A detailed calculation of Eq. 6.7
can be found in appendix B. The link salience between element i and i ′ increases
with the overlap of�Iaff(x

′
i) and�Ilat(x

′
i, xi, �φ) which is illustrated in Fig. 6.5. This

overlap increases with wider σaff and hence the contour detection performance
increases. For a broader σaff, horizontal interactions which were inactive before
can be recruited in order to strengthen the effective link between the edges i
and i ′. The same effect occurs when instead of σaff the association field is
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Figure 6.5: (a) Two horizontally neighboring edge elements i and i ′ with
orientation jitter +ηθ and −ηθ, respectively. (b) - (d) show the afferent input
distribution Iaff(x

′
i, φ

′
k) at destination element i ′ (dashed line), together with

the lateral input Ilat(x
′
i, φ

′
k, xi, �φ) (solid line) in different situations, namely (b)

with small σaff and small σα = 2σβ, (c) with large σaff and small σα = 2σβ,
and (d) with narrow σaff and wide σα = 2σβ. The shaded areas depict the
overlap of the two curves symbolizing the relative link probability of i ′ and i.

broadened by increasing σα or σβ. However, for very wide tuning widths for
either the afferent input or the association field, contour integration does not
benefit from enlarged σ’s as the probability for the detection of strongly jittered
pseudo-contours in the background also increases with the widths of afferent input
and association field.

We saw in this chapter that contour detection performance is approximately
independent of the width of the afferent input for a wide range of σaff. The
performance plateau we found is shifted to smaller σaff’s compared to tuning
widths measured experimentally. For example Lampl and colleagues (71) found
intracellular recorded tuning widths in simple cells of cat primary visual cortex
that varied between 12 deg and 34 deg, depending on the spatial frequency.
However, the used association field was chosen in order to get a high performance
of the model and is also smaller than experimentally obtained association fields
(60). For broader σα and σβ we would also expect a broader plateau which might
include experimentally found σaff.

Even though the dependence of the performance on the afferent input here
was only investigated for the probabilistic model for contours of finite length,
we would expect a qualitatively similar result for the iterative model that cou-
ples afferent and lateral input multiplicatively. All investigations about the link
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salience should yield there in exactly the same way.
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Chapter 7

Evaluation of model classes

7.1 Human psychophysics

In order to compare different models we need a benchmark. And as we de-
sire to explain the human brain, rather than finding an algorithm for contour
integration that works perfect for technical image processing applications, this
benchmark needs to be the human behavior. Hence we compare the results of
different contour integration models to psychophysical experiments where human
subjects have to detect a contour consisting of curvilinear aligned Gabor ele-
ments embedded in a background of randomly oriented Gabor elements. This
is a paradigm that is often used in psychophysics and there are several con-
tour detection experiments of this kind that can be found in the literature (i.e.
(27; 98; 68; 99; 6; 44; 7; 83)). The experiments described in this chapter were
conducted by Simon Neitzel, Sunita Mandon and Andreas Kreiter. What dis-
tinguishes this empirical work from the publications just mentioned and makes
it particularly useful for our work, is that the stimuli were generated by an as-
sociation field and thus the probabilistic model described in 4.1.2 is the optimal
model for detecting the contours hidden in these stimuli.

7.1.1 Generation of stimuli

Stimuli were composed of randomly oriented Gabor patches as background and
L = 4 to 10 collinearly aligned Gabors as contour. Element distances (1.2 - 3.5
degree of visual angle) varied with the number of contour elements L such that the
length of the contour in degrees of visual angle was kept constant. Gabor patches
were used because they closely resemble the shape of experimentally measured

89



Chapter 7. Evaluation of model classes
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Figure 7.1: Section of the stimuli used for the psychophysical contour de-
tection experiment: (a) contour consisting of 9 elements with zero orientation
jitter, (b) contour with 10 elements and the largest orientation jitter used
(22,5°), (c) contour consisting of four elements with a jitter of 9°.

receptive fields (57). Here they were defined by

G(x, y, θ) = cos

(
2πx cosθ+ 2πy sinθ

λ
+φG

)
exp

(
−
x2 + y2

2σ2
G

)
(7.1)

where (x, y) denote the position of the edge element and θ its orientation. λ is
the wavelength and σG the width of the Gabor element. The phase φG ∈ [0, π]

was chosen randomly for each individual Gabor patch.

The element distances were chosen such that even for the smallest employed
element distance of 1.2 degree of visual angle it can be assumed that long-range
horizontal connections in V1 link only nearest neighboring elements, but not next-
to-nearest neighbors. Long-range horizontal interactions span up to 5− 8mm in
cats (129; 36), but only 1.5 − 2.1mm in primates (104; 62; 4; 120). When
mapping element distances in the stimulus onto the cortical surface, one has to
take into account the eccentricity at which the elements were shown. The highest
eccentricity in our stimuli, averaged over the elements of a contour, is 12.9 degree
of visual angle. Using data on cortical magnification in human visual cortex (121)
we find that for this eccentricity and the smallest element spacing the distance
to next-to nearest neighbors corresponds to at least 3.6mm in the cortex, which
is not linked by long-range horizontal interactions in primates. For an average
eccentricity of 7.6 degree visual angle, this even corresponds to more than 6.1mm.

The contour was created by starting with a random element and successively
drawing the following L− 1 elements from an association field p(r, α, β) (see Eq.
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fixation point stimulus mask

t=SOA timet=0lever press

Figure 7.2: Psychophysical contour detection experiment: First a fixation
point is shown. Then the stimulus is shown and with a certain SOA a second
stimulus serving as backward mask is shown.

4.20). The contour was placed either on the right or on the left hemifield of
the display. Then background elements of random orientation were added, such
that the distance distribution between contour elements, between background
elements and between contour and background elements were the same. To com-
plicate contour integration we also introduced curvature jitter and alignment
jitter. This is specified by the width σα and σβ of the generating association
field. However, as all contours used in the psychophysical experiment have the
same curvature and alignment jitter, we summarize the two parameters into a
combined curvature and alignment jitter σj = σα = σβ of the stimulus. To dis-
tinguish between contour jitter and the possibly different width of an association
field employed by a contour integration model, σj will only be used to describe the
jitter of the stimulus, while from now on solely σα and σβ will be used to denote
properties of an association field employed to detect contours. The curvature and
alignment jitter of the contours for this experiment varied between σj = 0deg

and σj = 22, 5deg. Three example contours for different σj and different average
element distances r0 are shown in Fig. 7.1.

The stimuli were displayed on a 21 inch CRT (cathode ray tube) monitor with
a resolution of 1152× 864. The refresh rate was 100 Hz. The screen was placed
approximately 80cm in front of the subjects eyes, such that the display spanned
26.6◦ × 20.0◦ visual angle.
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Figure 7.3: The diagrams (a) - (e) show the human contour detection per-
formance in percent correct, averaged over all observers for 20ms, 30ms, 60ms,
100ms, and 200ms SOA. The color coding is the same in each. diagram

7.1.2 The contour integration task

The experiment was performed by five human subjects with normal or corrected
to normal vision. Subjects were trained to do a two-alternative forced choice
(2AFC) contour detection task. For each combination of the seven element dis-
tances and the six orientation jitters a set of 48 stimuli was used. In the beginning
of each trial a fixation point appeared in the middle of the screen and the subject
had 3 sec time to start the trial by pressing a lever. 1 sec after the lever press
the contour stimulus was presented. Next a backwards mask was shown. The
stimulus onset asynchrony (SOA) between target and mask stimulus varied be-
tween 20 - 200 ms. The backward mask consisted of Gabor elements at the same
position as in the original stimulus. However, all Gabors were randomly rotated,
such that the contour was no longer visible. Finally subjects had to report on
which hemifield of the screen they saw the contour by pressing a left or right
button. Chance level was 50%. Stimuli of different jitter and element distances
were shown interleaved and subjects saw each stimulus only once. The order of
the stimuli was different for each observer.

7.1.3 Results: human performance

In the experiments the contour detection performance of the observers in depen-
dence of orientation jitter, average element distance r0, which in our case recipro-
cally corresponds to the number of contour elements L, and stimulus presentation
time was measured. A summary of all experimental results is shown in Fig. 7.3.
Performance generally increases with SOA, lower jitter, and number of contour

92



7.1. Human psychophysics

.
(a)

.

1.2 1.3 1.5 1.8 2.1 2.6 3.5
50

60

70

80

90

100

element distance [deg]

P
er

fo
rm

an
ce

 [%
 c

or
re

ct
]

0 deg
4.5 deg
9 deg
13.5 deg
18 deg
22.5 deg

.
(b)

.

0 4.5 9 13.5 18 22.5
50

60

70

80

90

100

Jitter [deg]

P
er

fo
rm

an
ce

 [%
 c

or
re

ct
]

SOA=200ms
SOA=100ms
SOA=60ms
SOA=30ms
SOA=20ms

Figure 7.4: (a) Human contour detection performance with 200 ms SOA for
different curvature and alignment jitter σj and different element distances r0,
corresponding to different L. Performance decreases with higher σj and with
larger r0. (b) Human contour detection performance for different SOAs. Only
the data for L = 10 is shown. Performance increases with longer stimulus
presentation times. In both plots performance is averaged over five observers
and the chance level is 50%. Error bars in both plots denote the variance of
the performance.

elements. Fig. 7.4 (a) shows how the contour detection performance for 200 ms
SOA decreases with increasing orientation jitter and element distances. Qualita-
tively this has been found by many psychophysical studies (27; 68; 75; 96; 9; 83).
However, quantitatively the decrease of performance in dependence of orienta-
tion jitter can differ enormously between studies. Field and colleagues found a
human contour detection performance near chance level for an orientation jitter
near 30°, and similarly in a contour detection study with highly trained macaque
monkeys a contour detection rate near chance level for 36° was measured (83).
Contrary, in a psychophysical study with amblyopic monkeys a performance of
75% could still be reached for orientation jitters between 40° and 60° (69). The
experimental data used in this thesis shows a much faster decrease in perfor-
mance, i.e. the performance for 22.5° orientation jitter, L=10 and SOA=200 ms
is 65% ± 7%. However, here orientation jitter is not defined in the same way as
in the studies just mentioned. One major difference to the study with amblyopic
monkeys is that in our study the distance statistics between contour elements
and background elements is the same. This was not the case in their stimuli and
could serve as an additional cue for the position of the contour (9).

Fig. 7.4 (b) shows that the performance decreases for shorter stimulus presen-
tation times. However, while in this study the performance for straight contours
of L = 10 is still 89% ± 5% for SOA=30 ms, and a similarly rapid contour de-
tection was found in a recent study with macaque monkeys (83), earlier works
(6; 44) stated that contour integration is a rather slow process, requiring 100 ms
processing time for straight contours and 250-300 ms for higher curvature.
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Figure 7.5: Human contour detection performance in percent correct versus
mean eccentricity of the contour elements in degrees of visual angle. The
performance was averaged over all jitters, element distances, and SOAs. The
error bars denote one standard deviation.
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Figure 7.6: Human contour detection performance versus mean eccentricity
of the contour elements in degrees of visual angle. The performance was aver-
aged over all combinations of jitter, element distances, and SOA, which lead
to a performance of (a) more than 75%, and (b) less than 75% when averaging
over all ε. The errorbars denote one standard deviation.

Human contour detection in the periphery

Many psychophysical studies have shown that human contour detection perfor-
mance is worse in the periphery than in central vision. However, there is an
ongoing debate whether the performance decreases gradually with eccentricity
(79; 92) or whether there are fundamental differences between contour integra-
tion in the fovea and in the periphery (eccentricities > 10 degree visual angle),
suggesting a different mechanism for contour integration (45; 46).

In this psychophysical study the mean eccentricity ε of all contour elements
within one stimulus varied between 2.9 and 12.9 degree visual angle. As it was
not the aim of this study to investigate contour integration in the periphery, the
stimuli do not contain contours at large enough eccentricities to draw any conclu-
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sion about the existence of a different mechanism for eccentric contour detection.
Also the eccentricity of every single element can differ by up to five degree from
the mean eccentricity ε as the contours span up to 10 degrees of visual angle.
However, when plotting the performance against ε we do see a significant de-
crease of the performance with eccentricity (see Fig. 7.5), which would support
the theses of gradually decreasing performance. Nugent (92) reported a faster
decrease of performance for the more difficult condition, where stimuli consisted
of phase-alternating Gabor patches, as compared to phase aligned stimuli. The
study used in this thesis uses only random phase Gabor elements, but the diffi-
culty varies with average element distance r0, stimulus presentation time (SOA)
and curvature and alignment jitter σj. In order to investigate whether we find
a stronger effect for the more difficult tasks, we distinguished between combina-
tions of r0, σj, and SOA-values that lead to an eccentricity-averaged performance
higher, respectively lower than 75%. The corresponding histograms are shown in
Fig. 7.6. However, here we find a stronger absolute effect for easier stimuli.

7.1.4 Correlations among human subjects

Performance is one important quantity to characterize human contour integra-
tion. However, performance only measures how many mistakes an average ob-
server makes regardless of the nature of these misdetections. On the one hand
there are errors which occur randomly. The probability for such a random error
should depend on the difficulty of the task, i.e. the element distance, the orienta-
tion jitter and the presentation time, but not on the particular stimulus geometry.
On the other hand, it can happen that the ’contour’ that was implemented in
the stimulus on purpose is not the most salient or contour-like object within the
stimulus, but that by chance some edge configuration in the background is more
salient than the actual ’contour’. In this case the detection of the most salient
edge configuration is counted as a mistake, even though the subject did indeed
find the most salient or contour-like object within the display. Hence one can
hardly call this a misdetection. For such stimuli we would expect most observers
to give the same ’wrong’ answer.

In the case where a ’wrong’ response from an observer is caused by a longer,
less jittered contour in the background, the Bayesian model should also fail.
Hence we could avoid counting trials as mistakes even though the longest and
least jittered contour was detected, by defining a wrong response as a response
that differs from the prediction of the Bayesian model. Even though this example
suggests that the Bayesian model predictions seem to be a more plausible basis for
evaluating human responses than the task, posed by the experimentalist, it is still
unclear if or to what extent the Bayesian model resembles the model underlying
human observers.
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In fact the first question is whether there is such an underlying strategy for all
observers and how much responses of individual subjects differ from each other.
Hence it will be interesting to see, to what extent responses of different observers
are correlated on the basis of individual trials. Thus a correlation analysis can
reveal to what extent the underlying contour integration mechanism is the same
for each observer.

7.1.5 Method: correlation analysis of human decisions

and model predictions

Discriminating systematic and random decisions

In this section I will explain the method for correlation analysis involving ROC
analysis (receiver operator characteristic analysis) for the example of the 2AFC-
contour detection experiments described in 7.1 (24). Here we assume we have nt

trials of the same difficulty, meaning with constant σj and L. We denote a correct
detection of the contour with 1 and a misdetection with 0. For two observers A
and B we then get two sequences σA and σB of ones and zeros containing their
contour detection hits and misses for the nt trials. Now we want to know whether
observers A and B have the same underlying contour integration strategy. If this
is the case, and the common strategy is not just to randomly guess a contour
position, the responses σA and σB of the two observers should be correlated and
there should be a high number nid of identical decisions of observers A and B. If
both observers had the same underlying model without any noise, then we would
expect nid = nt. However, nid ≈ nt does not necessarily mean a high correlation
between σA and σB. E.g. for pA = pB = 1 it yields nid = nt independent of the
underlying models.

In general the observed number nob
id of identical responses of observer A and

B is given by

nob
id =

nt∑
i=1

(σA(i) · σB(i) + (1− σA(i))(1− σB(i))) (7.2)

In order to appraise the number of identical responses of the two observers we
determine the probability p(nex

id|pA, pB) of expected identical responses nex
id given

their performances pA and pB under the assumption that errors are not made sys-
tematically and thus are randomly distributed over all trials. If the two observers
have the observed performances pA =

∑nt

i=1σA(i)/nt and pB =
∑nt

i=1σB(i)/nt,
respectively, the probability to find nex

id identical responses is given by

p(nex
id|pA, pB) =

rnB
(a)rnt−nB

(nA − a)

rnt(nA)
(7.3)
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Here nex
id = a+nt−nB−(nA−a) where nA = pA·nt and nB = pB·nt is the number

of correct responses of observer A and B, respectively. rnB
(a) =

(
nB

a

)
denotes

the number of possibilities to distribute a correct responses onto the subset of nB

trials in which observer B answered correctly. rnt−nB
(nA − a) =

(
nt − nB

nA − a

)
stands for the number of possibilities to distribute nA − a correct responses of
observer A onto the nt−nB trials in which observer B failed to detect the contour.

rnt(nA) =

(
nt

nA

)
gives the number of possible distributions of the nA correct

responses of observer A onto the nt trials. With this we obtain

p(nex
id|pA, pB) =

nA!nB!(nt − nA)!(nt − nA)!

nt!a!(nA − a)!(nB − a)!(nt − nA − nB − a)!
(7.4)

where a = (nex
id − nt + nA + nB)/2. This expression holds for nB < a < nA +

nB − nt. For a > nB it is not possible to distribute a correct responses of
observer A onto only nB correct responses of observer B. Hence for a > nB it
holds rnB

(a) = 0 and accordingly p(nid|nA, nB) = 0. Similarly for nA − a it
holds p(nid|nA, nB) = 0, as nA − a correct responses cannot be distributed onto
nt − nB responses.

We assume that human observer use a similar contour integration strategy and
that therefore the discrete distribution of observed identical responses pob(nob

id)

is shifted to higher values than the discrete distribution of expected identical
responses pex(nex

id). Consequently we can formulate the hypothesis pob �= pex.
If nob

id exceeds a threshold z we assume that the hypothesis is true. If this
guess is correct we call this decision a ”true positive” otherwise it is a ”false
alarm”. In signal detection theory the quantity nid used to verify or falsify
the hypothesis pob �= pex is called a test. The probability for a true positive
pt(z) = p(nex

id > z|pob �= pex) is termed the hit rate or the power of the test.
pf(z) = p(nex

id > z|p
ob = pex) is the false alarm rate or the size of the test. The

following table shows the probabilities for the test to give a correct answer.

probability
underlying model correct incorrect

pob �= pex pt(z) 1− pt(z)

pob = pex 1− pf(z) pf(z)

The performance of the test depends crucially on the value of the threshold
z. Ideally we want the power of the test to be close to 1 and the size of the test
to be near 0. However, generally it is not possible to optimize both, power and
size of a test. Instead one can maximize the probability pc to obtain a correct
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test result. This is given by pc(z) = p(pex(nex
id) = pob(nob

id ))pt(z)+p(pex(nex
id) �=

pob(nob
id))(1− pf(z)). Assuming that

p(pex(nex
id) = pob(nob

id)) = p(pex(nex
id) �= pob(nob

id )) = 0.5 (7.5)

the maximum probability pmax
c for correct test results is

pmax
c (pf

0) = 0.5(pt(pf
0) + 1− pf

0) where
dpt

dpf

∣∣∣∣
pf

0

= 1 (7.6)

Another possibility where we do not need the assumption 7.5 is the ROC-curve.
Here the threshold z is varied continuously, and the hit rate pt is plotted against
the false alarm rate pf parameterized by the decision criterion z. This ROC-
curve demonstrates how the size and the power of the test depend on z. For the
hypothesis that observers make systematic errors rather than random errors the
probability for a true positive is

pt(z) =

∞∑
nob

id =z

pob(nob
id) (7.7)

and the probability for a false positive is

pf(z) =

∞∑
nex

id
=z

pex(nex
id) (7.8)

Equivalently we can write

pt(pf) =

∞∑
nid=z:

∑∞
nid=z pex(nid)=pf

pob(nid) (7.9)

Receiver operator characteristic for trials of varying difficulty

In the psychophysical experiments we have stimuli of different alignment and
curvature jitter σj and of different element distances r0. For each set of stim-
uli with different parameters r0 and σj observers show a different performance.
Let us assume that we have the stimuli sets m = 1, ...,M. The trials from
all sets were viewed by each observers in a different order. This way a pos-
sible influence of the previous trial cannot have the same effect on the re-
sponses of all observers. For each combination of observers A and B we have
a different distribution pex

A,B,m(nid) = p(nid|nA, nB) of expected identical re-
sponses nid under the assumption that the errors are distributed randomly. A
second ’probability distribution’ pob

A,B,m(nid) = δnid,nob
id (σA,σB,m) is given by the
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actually observed number nob
id (σA, σB,m) of identical responses of observers A

and B. We now define zA,B,m =
∑nt

nid=nob
id

(σA,σB,m)+1
pex

A,B,m(nid) and ZA,B,m =∑nt

nid=nob
id

(σA,σB,m)
pex

A,B,m(nid). Between those two magnitudes we interpolate lin-

early and obtain

pt
A,B,m(pf) =

⎧⎨
⎩

0 for pf ≤ zA,B,m

1 for pf ≥ ZA,B,m

pf−zA,B,m

ZA,B,m−zA,B,m
otherwise

(7.10)

This interpolation is necessary to obtain a continuous function from the discrete
distributions pex(nex

id) and pob(nob
id ). From pt

A,B,m(pf) we can compute the mean
receiver operator characteristics for all possible pairs of observers and all sets of
stimuli of various difficulty

〈
pt(pf)

〉
A,B,m

=
1

Mnob(nob − 1)

nob∑
A=1

nob∑
B�=A

M∑
m=1

pt
A,B,m(pf) (7.11)

Here nob is the number of observers.

7.1.6 The model as nullhypothesis

So far we counted a decision as correct, if the contour was detected on the hemi-
field where we placed the contour, and as wrong otherwise. However, maybe
other criteria for classifying human or model decisions as hits or misses are more
sensible. Let us assume, we placed a contour consisting of four elements with a
strong orientation jitter in the left hemifield. Then it could happen just by chance
that in the right hemifield four elements in the background form a contour with
stronger alignment and less curvature than the contour we inserted on purpose.
In this case not only humans, but also the best possible contour integration model
would predict the contour on the right hemifield. So how can we say that this
is wrong? Furthermore what we are searching for is not the best model in the
sense that it is most efficient in finding contours, but the model that describes
human behavior best. Hence we would like the model to reproduce the ’generic
human decision’ for a specific stimulus. Assuming an infinite number of human
observers this could be obtained from the response that the majority of human
observers give. Let us assume for a moment that we would know the model that
exactly reproduces this mean human behavior. For a given stimuli sequence this
model produces a sequence of left or right responses (L/R) which we can take
as null hypothesis for the generic model (see Fig. 7.7). Now we evaluate the
responses of the observers according to this null hypothesis: Identical decisions
of an observer and the model taken as null hypothesis for the generic model are
counted as correct responses of the observers and different decisions as mistakes
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*C *C *C *C
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stimulus number

observer 2: 
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exact model: 

model matches: 

model matches: 
uncorrelated
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L L LR RR L

C*: correct with
respect to model

Figure 7.7: Correlation analysis with changed null hypothesis: In the upper
table we assume we knew the exact model underlying human behavior. Its
decisions for different trials are denoted by R (right) and L (left). Then observer
1 and observer 2 would give similar responses as the exact model but differ
for some trials due to noise. When an observer gives the same response as
the exact model we regard this as a correct response C∗. Wrong responses are
due to noise and hence not correlated. In the lower picture we assume that
the model which we take as null hypothesis for the human behavior is not the
generic model describing human behavior but differs from that model for the
first trial. Hence we expect significantly more wrong responses for this trial
(marked in green) and thus a correlated behavior of the two observers.
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of the observers. Now there will always be deviations of the human response to
the generic model as human behavior is influenced by other factors which may
be regarded as noise. However, as errors because of noise are made randomly,
there should be no correlations of these deviations from the null hypothesis for
different subjects. If in contrast the model does not describe the generic human
behavior, but makes a systematic error, then the deviations of different observer
decisions from the model predictions should be correlated. This means when
taking a certain model as null hypothesis the correlation between the decisions
of different human observers with respect to this null hypothesis can serve as a
measure for the quality of this model. The less correlation we have, the closer
does this model resemble the generic human behavior.

Throughout this thesis we will refer to these correlations of the deviations of
human decisions from the model prediction as ”ROC2”-correlations. The previ-
ously described correlations between model predictions and human responses will
be termed ”ROC1”-correlations.

7.1.7 Testing the ROC-methods on surrogate data

In order to better understand the ROC1 and ROC2 method we tested it on sur-
rogate data. Therefore we generated a string σgeneric containing the decisions
of a surrogate generic model for nt trials. Correct responses are denoted by 1
and wrong decisions by 0. These were drawn from a random probability dis-
tribution, assuming the probability for the generic model to detect a contour
is pgeneric. Then we generated the responses σobs for nob = 5 surrogate ob-
servers assuming their responses match the decisions of the generic model with
the probability pm, and that their deviations from the generic model were dis-
tributed randomly. Then we computed the ROC1-correlation between these nob

observers. For an example of pgeneric = 0.8 and pm = 0.8 this is shown in Fig.
7.8 (a). Next we wanted to know, the curve progression of the ROC1-correlation
between the responses of a model and these observers in dependence of the match
of this model to the generic model. Therefore we generated a random sequence
σrand of hits (1) and misses (0), assuming the same probability for correct de-
cisions as in the generic model. Then we can combine the first nm components
of σgeneric and the last nt − nm entries of σrand in order to create the responses
σm = {σgeneric,1, ..., σgeneric,nm, σrand,nm+1, ..., σrand,nt} of a model whose match
with the generic model increases with nm = 0, ..., nt. In Fig. 7.8 (a) we see
that with increasing nm the ROC1 correlation between σm and σobs rises above
the correlations among the nob observers. This suggests that the random de-
viations of the observer responses from the generic model have a bigger impact
on the correlation between the observers responses than on the correlations be-
tween observers and model. Consequently we also expect the correlations among
humans and a plausible contour integration model to exceed the correlations
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among humans as human behavior is also affected by noise and hence should
randomly deviate from the generic model which describes human contour inte-
gration. However, due to the limited number of observers, it is not possible to
obtain the decisions of the generic model and the probability for human responses
different from these decisions. Hence we cannot determine to which extend the
correlations between a plausible contour integration model and humans should
exceed the human correlations.

In addition Fig. 7.8 (a) shows that the ROC2-correlation indeed decreases
to 0.5 for nm → nt. This decrease to 0.5 can also be observed, if the observers
have different performances, or if they are subjected to different amounts of noise,
corresponding to different pm for each observer, as long as pm is the same for
each trial (diagrams not shown). However, if the nt trails can be divided into
two subsets with different amounts of noise, this is not the case any more. This
is shown in Fig. 7.8 (b). There we used again a performance of the generic
model of pgeneric = 0.8, but split the nt trials in two subsets of equal size,
assuming pm = 0.7 for one subset and pm = 0.9 for the other subset. Trials
from both subsets were arranged in random order. Here the ROC2-correlation
stays far above 0.5 even for nm = nt. Nevertheless it is monotonously decreasing,
indicating that a lower ROC2-correlation indicates an improvement of the tested
model.

In human contour detection experiments an example for such a bias could be
the preference of a subject for a particular hemifield. For example voting for the
right side whenever one did not perceive the real location of the contour, leads
to a higher performance for contours on the right hemifields than for contours on
the other side. In the psychophysical study used for our correlation analysis, a
difference in performance for the two hemifields of up to 14% was observed. As
this is presumable not the only bias the observers had, it is not possible to give
a realistic lower bound of the ROC2-correlation. However, despite the fact that
the ROC2-correlation cannot serve as an absolute measure for the predictive
power of a model, the monotonous decrease of the ROC2-correlation with nm

indicates, that a lower ROC2-correlation still corresponds to a better description
of human behavior by the tested model. Thus the ROC2-correlation still provides
an additional measure for the evaluation of our contour integration models.

7.1.8 Correlations among human observers

Now we apply the ROC-correlation analysis on the data from the psychophysical
contour integration experiment. Fig. 7.9 (a) shows the ROC-curve for human
decisions for a stimulus presentation time of 200 ms. To have a measure for the
error and the significance of this result we obtained surrogate data by randomly
shuffling the order of human responses within each subset of 48 trials. This
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.
(a)

. .
(b)

.

Figure 7.8: ROC-correlations in dependence of the match nm/nt between the
analyzed model and the generic model underlying the observer responses: (a)
shows ROC1-correlation between model and observers (blue line), the ROC2-
correlation (red line) and the correlation between different observers (green
line) averaged over 1000 data sets of nt = 48 trials each. The shaded areas
around the curves denote one standard deviation. Here we assumed, that
the probability for deviations of the observer responses from the responses of
the generic model is equal for each trial. (b) shows the same assuming two
subsets of stimuli with different probability (1− pm) for mismatches between
the decisions of the generic model and the observer’s responses. Here the
ROC2 curve does not reach the benchmark of 0.5 (black dashed line).
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Figure 7.9: (a) ROC-curve (red line) representing the correlations between
human observers for 200 ms SOA. The diagonal shows the ROC curve for
random decisions. The three grey shaded areas surrounding the diagonal il-
lustrate three standard deviations for random decisions. They were computed
from 100 surrogate ROC curves which were obtained by randomly shuffling the
decisions of each human observer in each trial sequence before computing the
ROC-curve. The inset shows the integral over the randomly shuffled curves
(blue) and over the ROC curve of the human observers (red). (b) Correlation
between different human observers for different stimulus presentation times.
The error bars denote one standard deviation.

uncorrelated data set yields ROC-curves close to the diagonal. The grey shaded
area in Fig. 7.9 (a) shows 3 standard deviations of these curves obtained from
the shuffled data. This gives a measure which shows weather the ROC-curve
significantly differs from ROC-curves obtained from uncorrelated data sets of
finite size. The red curve representing the correlations of the human observers
is clearly above the grey shaded area which means that human decisions are
indeed significantly correlated. The degree of correlation is represented by the
area under the ROC-curve, whose integral is a very convenient measure for the
correlations. The integral over the ROC-curve for 200 ms SOA is 0.67. The area
under the diagonal is 0.5± 0.01 in 1-σ-precision. Fig. 7.9 (b) shows the integral
over the ROC-curve for different stimulus presentation times. Not surprisingly
the correlation among human observers increases with higher SOA, meaning their
decisions become less random the longer they see the stimulus.

For the experiments two different sets of stimuli were used. Only for 200 ms
SOA all five observers saw the same set of stimuli, allowing here to average the
correlations of 10 different observer combinations. In contrast, for 100 ms SOA
one set of stimuli was employed for the first two observers, and the remaining
three subjects did the experiment with the second set of stimuli. This means
that only four comparisons between observers having seen the same stimuli are
possible. Experiments with all other SOA times were performed with four ob-
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servers searching contours in the same stimuli. These limitations in the existing
data cause higher uncertainties in the correlations derived for certain SOAs.

For the ROC-analysis we distinguished stimuli sets of different curvature and
alignment jitter and of different element distance. However, the performance also
varies with eccentricity of the contour. Hence in principal one should also dis-
tinguish between different eccentricities and take their performance into account.
However, as it was not the original intention of the psychophysical study to ana-
lyze the effect of eccentricity, the stimuli were not generated such that there is a
given number of contours for certain ranges of eccentricity. Still one could simply
sort all stimuli for a given σj and r0 by their eccentricity and divide them into
several classes of eccentricities. However, a stimuli set for one combination of cur-
vature and alignment jitter and element distance only contains 48 stimuli. When
reducing the number of stimuli even further, the performance obtained becomes
increasingly inaccurate. Also the number of expected identical responses of two
observers and thus the whole ROC-analysis suffers from a huge amount of noise.
For this reason the given data does not allow to determine to what extent the
correlation between human observers is caused by the eccentricity- dependence of
the performance and to what extent it might be caused by any other influences
which we did not take into account so far.

7.1.9 Benchmarks

The benchmark for our models has to be the human behavior. So the first thing
to do is to compare the contour detection performance of any model with the per-
formance of humans in psychophysical contour detection experiments. Human
contour detection performance increases with longer SOA (compare Fig. 7.9). As
a plausible contour integration model should also explain the highest observed
human performance, we compare the model performance with the human per-
formance at a contour processing time of 200 ms. Usually one would rule out
a model that exceeds the human performance by far more than 3σ. However,
human contour integration is subjected to different kinds of noise, but in our
models there is no noise included. Noise would certainly decrease the contour
detection performance (compare chapter 6 for the Bayesian model). Furthermore
it is possible that human contour detection performance improves even further
when increasing the stimulus presentation time above 200 ms and we do not know
which iteration time corresponds to which stimulus presentation time. Hence we
require a plausible model to reach or exceed the average human performance.
This, however, should not only be the case for the human performance averaged
over all element distances, curvature and alignment jitters, and eccentricities, but
also for the performance of each combination of these parameters. Furthermore
we saw in section 7.1.3 that human performance decreases with eccentricity, with
higher curvature and alignment jitter, and with higher element distance. Hence
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we want to find the dependencies on ε, σj, and r0 also in the model performance.
A performance that for example exceeds the human performance for each eccen-
tricity, but does not decrease with eccentricity, is not a plausible model.

Performance is an important and the most commonly used benchmark for
contour integration models. However, we will see that there are many models
which exceed human performance. Hence performance alone is not sufficient to
decide which model explains human behavior best. Given that human contour
detection behavior is highly correlated, it is logical to request in addition that
the predictions of a plausible contour integration model are correlated to the hu-
man responses. As human behavior in contrast to the model is subject to noise,
these correlations should be at least as high as the correlations among humans.
We found different correlations among humans for different SOA. The correla-
tions between model and humans for different SOA should each reach or exceed
the corresponding human-human correlation. We do not know the correlation
between our five human subjects and the underlying model. For large nob the
decisions of the generic model could be obtained for each trial from the responses
given by the majority of observers, and correlations between the responses of
the generic model and single observers could be analyzed. However, in order to
perform this investigation with sufficient statistics we would need many more
subjects and many more experiments. Hence we do not know how much bigger
than the human-human correlation the correlation between the observer and the
model should be. However, no matter what amount of noise the human behavior
is subjected to, the ROC2-analysis gives us the possibility to check whether our
model systematically differs from the model underlying human behavior. So the
ROC2-analysis should be as low as possible. Ideally it should reach 0.5 which
would mean that the model makes no systematic errors, when considering the
generic human behavior as null hypothesis. For a given SOA, all those conditions
need to be fulfilled by the model at the same iteration time.

Not surprisingly none of the investigated models fulfills all those requirements,
especially that of ROC2-correlations of 0.5 which would be only given for the best
possible model that exactly describes the model underlying human behavior and
unbiased observers. Nevertheless these criteria help us to rule out several model
and to decide, which of the analyzed models explains human behavior best.

7.1.10 Simulations and model performance

Numerical complexity

All simulations presented in this chapter were performed with an afferent input
width of σaff = π/8 which lies well within the range of experimental results for
tuning curves of orientation selective cells in V1 (i.e. (71; 102)). As discussed in
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Figure 7.10: The crosses show the maximum performance of the additive
model reached during iteration time in dependence of Il for constant Ia. The
performance was averaged over all orientation jitter. The dashed lines illus-
trate the corresponding human performance after 200 ms SOA.

4.3.1 we use nori = 18 preferred orientations which is a good compromise between
reducing computation time and artifacts from low nori. For sufficient accuracy in
solving the differential equation 4.12, simulations were performed with iteration
time steps of Δt = 0.002τ. However, to cut down computation time, the corre-
lation analysis was done only for every 16th time step. Depending on the inter
element distance r0 and the range of the association field it takes between 1 and
48 hours on a Pentium 4 processor at 3,2 GHz to compute the performance of
the additive and multiplicative model for just one stimulus subset containing 48
contours of given r0 and σj. In order to perform a complete correlation analysis
this procedure needs to be repeated for all 84 subsets of the two complete sets of
stimuli which were used in the psychophysical experiments.

Parameter scaling

As already described in section 5.3 the additive model relies on the adjustment
of Il and Ia such that afferent and lateral input have a balanced influence. The
ratio Il/Ia where the model performs best changes with the stimulus as well as
with the properties of afferent input and association field.

Due to normalizing the total activity
∑

x,φA(x, φ) = 1 it yields A ∝ 1/N

where N is the number of edge elements in the display. Hence Ilat ∝ 1/N while
Iaff is independent of N, which means that we had to adjust Il/Ia for different
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N in order to find the best performance for each N. Stimuli with L = 10 which
contain on average < N10 >= 342 elements while stimuli with L = 4 consist on
average of only < N4 >= 55 Gabors. Assuming that horizontal interactions link
only nearest neighbors or next to nearest neighbors, respectively, this means that
the maximum performance for L = 10 is shifted to < N10 > / < N4 >= 6.2

times higher values of Il compared to the maximum performance for L = 4. If
we choose an association field of constant range independently of r0, we also
have to take into account, that the number of cells from which a cell gets input
increases with smaller r0 such that Il should decrease again. For an association
field with constant range this is shown in Fig. 7.10. Apart from the range of the
association field also the width σα = σβ of the association field has an influence
on the average lateral input and hence on the optimal Il/Ia. Also we expect
a lower average Iaff when eccentricity dependence is taken into account than
without eccentricity dependence.

When searching for a model of optimal contour detection performance we had
to adjust Il/Ia for each stimulus and each association field. However, from a bio-
logical point of view it is rather unlikely that the brain changes its synaptic weight
for each stimulus. Hence we search for a ratio Il/Ia which leads to reasonable
results for all stimuli. If possible we try to adjust Il/Ia such that performance
for each L reaches or exceeds the corresponding human performance.

In principle we should not only optimize the performance for each L, but also
ROC1 and ROC2 correlations. Therefore we would have to perform simulations
for the two complete sets of stimuli for several values of Il while keeping Ia
constant. However, because of the enormous additional computational effort this
would mean, we only optimized the performance. From a few examples where
we computed the maximum performance in dependence of Il for L = 4, L = 8,
and L = 10 we know how the maximum performance is shifted with higher L.
For the remaining input and association field parameters we first look at the
maximum performance for L = 4 as this is determined comparatively quickly and
try to infer a suitable Il. If we are in doubt we also compute the performance for
L = 8. This solution allows us to do the adjustment of Il and Ia with reasonable
computation time. However, with this method it is still possible that the results
for the additive model could be improved when adjusting Il/Ia on the basis of
the full data and taking into account both, performance and correlation. But as
one requirement for a plausible model is that its performance reaches or exceeds
human performance and the additive model fulfills this requirement only for a
limited range of Il/Ia, especially for the more plausible choices of afferent input
and association field, the balance of afferent and lateral input obtained when
taking into account correlation and performance cannot differ much from our
choice of Il/Ia.

We did not include noise in the simulations as this would require averaging
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over even more trials and hence increase the computational effort even further.

7.1.11 Comparison of different estimators and readout

mechanisms

In 4.2.2 we introduced two different ways of defining the saliency, either by sum-
ming or by taking the maximum of the activities within one hypercolumn. For
very simple stimuli these two salience estimators were already discussed in chap-
ter 5. In this special case we saw no difference between smax and ssum for the
non-linear model, but for the additive model the summation estimator was much
more sensitive to star-illusions than the maximum-estimator (see 5.1.2). How-
ever, lacking psychophysical experiments revealing how sensitive humans are to
star-illusions, we cannot rule out either estimator. As a consequence we did all
simulations for both estimators.

As one example, performance and correlations for the model without ε-
dependence and with fixed-range unidirectional association field of the same an-
gular dependence as the generating association fields is depicted in Fig. 7.11.
There is little difference between the two estimators for the multiplicative model.
However, for the model with linear coupling between different inputs we see a
much higher performance for the maximum estimator. Also the correlations be-
tween model and human behavior are higher for smax than for ssum and the
ROC2-correlations, where a low correlation is desirable, are lower for the max-
imum estimator. Even though we show only one example here, we observed
similar results for all simulations we performed. This suggests that the human
brain rather uses the maximum estimator than the summation estimator and
hence we would conclude, that humans are not as sensitive to star illusions as
the linear model with summation estimator.

After obtaining a saliency for each element we have to make a decision, which
hemifield contains the contour. In 4.2.3 we introduced several possible contour
detection criteria. Either one builds the sums sRH =

∑
i∈RH s(i) and sLH =∑

i∈LH s(i) over all saliences within the right hemifield (RH) and the left hemifield
(LH), respectively. Then the contour is detected in the right hemifield if sRH >

sLH and vice versa in the left hemifield if sLH > sRH. Another possible contour
detection criterion is to detect the contour on the hemifield that contains more
than half of the Lmax highest saliences s(i).

Performance and correlations for these different contour detection criteria are
also shown in Fig. 7.11. For the non-linear model there are little differences
between the contour detection criteria. However, already here we obtain bet-
ter results, i.e. the highest performance and ROC1-correlation and the lowest
ROC2-correlation, for higher Lmax. Summing over the complete hemifield should
mathematically be the optimal strategy to detect contours in probabilistic models
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and we find that performance and correlations for this contour detection crite-
rion are similar to the results for the highest Lmax. For the additive model the
differences between performance and correlations obtained with different contour
detection criteria increase. Here it becomes even clearer that within the tested
Lmax the performance and the predictive power of the model increase with Lmax.
However, in contrast to the multiplicative model, here summing over hemifields
is the worst contour detection criterion of all. The reason for this could be that
the differences in the computed salience for contour and background elements is
much smaller for the additive model than for the multiplicative model. So if the
salience of the hemifield which does not contain the contour is increased by some
smaller or strongly jittered contours which arise by chance in the background,
in the additive model this salience is more likely to exceed the salience of the
hemifield containing the contour than in the multiplicative model. Even though
we just show one example here, the result that the maximum estimator with
Lmax = 5 seems to be the best of the tested estimators and contour detection
criteria is consistent with the results of all other simulations. Hence in the fol-
lowing we will only show performances or correlations which were obtained from
smax with Lmax = 5.

7.2 Results of model evaluation

In the following we will analyze different choices for model dynamics, association
fields and afferent input functions. For this exploration of different models we
performed many simulations of which the essential results will be illustrated and
discussed here in more detail. An overview over the results of all simulations is
given in table 7.1.

We started by investigating both, the additive and the multiplicative model
as described by Eq. 4.12 with an afferent input given by Eq. 4.16. This affer-
ent input depends solely on the preferred orientation of an orientation column
and the orientation of the Gabor patch displayed in the receptive field of this
neuronal population. As a plausible contour integration model has to explain
the high human performance, we first use for each stimulus an association field
with the same angular dependence as the association field employed to generate
this stimulus. This way we expect to obtain an optimal performance. For the
spatial extension of the association field we employed the distribution rtot over
the distances between nearest neighboring contour elements of all stimuli (see
Fig. 7.12).

As we see in Fig. 7.13 (a) the averaged simulation performance clearly exceeds
the human performance over a certain range of iteration time and hence meets the
first requirement for a plausible model formulated in 7.1.9. To analyze how well
human performance Phuman for each combination of jitter and element distance is
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Figure 7.11: The first column depicts for the multiplicative model (a) the
performance, (c) correlation to human behavior and (e) correlation between
deviation of human responses from model prediction. (b), (d) and (f) show the
same for the additive model. The solid lines show these magnitudes as derived
from smax, the slightly darker dashed lines show them as obtained from ssum.
The different colors correspond to different contour detection criteria, namely
detecting the contour on the hemifield where more than half of the Lmax = 1

(red line), Lmax = 3 (green line) or Lmax = 5 (blue line) elements of maximum
salience can be found. For the pink/purple line the contour was detected on
the basis of the saliences for the total hemifields sLH and sRH, respectively.
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Figure 7.12: Distribution ρtot of inter-element distances between nearest
neighboring contour elements for the complete set of stimuli used for the ex-
periment.
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Figure 7.13: Performance of the model with unidirectional, multiplicative
couplings and ε-independent afferent input. The AF has ideal angular depen-
dence and range ρtot taken from the nearest neighbor distribution summed
over all stimuli: (a) Performance averaged over all jitter and element dis-
tances. The solid line shows the model performance, the dotted line the hu-
man performance for 200 ms SOA. (b) ΔP for all combinations of σj and r0.
(c) Performance for different jitters averaged over all element distances and
eccentricities. (d) Performance for different element distances averaged over
jitters and eccentricities. (e) Performance in dependence of mean eccentricity
of the elements of a contour averaged over jitters and element distances. For
(c-e) solid lines denote model performance while dashed lines of the same color
illustrate the corresponding human performance.
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Figure 7.14: Correlations of the model with unidirectional, multiplicative
coupling, ε-independent Iaff, and an AF with ideal angular dependence and
range ρtot: (a) Solid lines show the correlations between model predictions and
human responses color coded for different SOA (see legend in (b)). Dotted lines
show the correlations between human responses of different subjects for the
stimulus presentation times shown in the same color code. (b) Correlations
between deviations from human responses from model predictions for different
SOA (see legend).

reached by the model performance Pmodel we compute ΔP = Pmodel−Phuman

σhuman
where

σhuman is the standard deviation of human performance. Ideally ΔP should ex-
ceed −3 for all combinations of r0 and curvature and alignment jitter σj. For
the analyzed model ΔP > 0 for all r0 and σj with especially high values for
strong jitters and large element distances (Fig. 7.13 (b)). Due to the ceiling
effect human performance for the easier tasks cannot be exceeded by far. The
model performance increases with decreasing curvature and alignment jitter until
it reaches 100% and cannot increase any more (Fig. 7.13 (c)). This reproduces
the trend of the jitter dependence of the human contour detection performance.
Like human performance the model performance decreases also for larger element
distances, which in our case is equivalent to having fewer contour elements L (see
Fig. 7.13 (d)). In 7.1.3 we saw that human performance decreases with eccentric-
ity. Hence our model should show the same eccentricity dependence. However,
as neither afferent input nor the association field is eccentricity-dependent, the
performance is independent of eccentricity (see Fig. 7.13 (e)). As the model does
not show any decrease of performance in the periphery it is not surprising, that
the correlations between these model’s predictions and human responses do not
reach the correlations among the responses of human observers (see Fig. 7.14).
Nevertheless there is comparatively little correlation between deviations of the
human responses from the model prediction, indicating that the model already
partly explains human behavior even though it neither reproduces the eccentric-
ity dependence of the human performance nor does it explain the correlations
between human observers.

Let us now look at the additive model with the same association field and
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Figure 7.15: Performance of the model with unidirectional, additive cou-
plings, and eccentricity-independent afferent input. The AF has ideal angular
dependence and a range ρtot taken to be identical to the nearest neighbor
distribution ρtot summed over all stimuli: (a) Performance averaged over all
jitters and element distances. The solid line shows the model performance,
the dotted line the human performance for 200 ms SOA. (b) ΔP for each com-
bination of σj and r0. (c) Performance for different jitters averaged over all
element distances and eccentricities. (d) Performance for different element dis-
tances averaged over jitters and eccentricities. (e) Performance in dependence
of mean eccentricity of the elements of a contour averaged over jitters and el-
ement distances. For (c-e) solid lines denote model performance while dashed
lines of the same color illustrate the corresponding human performance.

afferent input as the multiplicative model just shown.

The performance of the model with additive couplings is lower than that
of the model with nonlinear dynamics. However, it still exceeds the average
human performance and is in fact much closer to the average human performance
(Fig. 7.15 (a)). Also ΔP > −3 for all σj and r0 combinations. In fact there
are few combinations for which ΔP < 0 (Fig. 7.15 (b)). When looking at the
dependence of the performance on jitter, element distance, and eccentricity we
see the same trends as in the multiplicative models: decreasing performance with
higher element distance and alignment, but no change of performance with higher
eccentricity (Fig. 7.15 (c-e)).

The correlation of the model with the human responses seems to be a little
higher for the linear model than for the model with non-linear dynamics. How-
ever, the correlation between human observers is not reached by the model for
any of the investigated SOA values. This suggest that neither the additive nor
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Figure 7.16: Correlations of the model with unidirectional, additive coupling,
eccentricity-independent afferent input, and an AF with ideal angular depen-
dence and range ρtot: (a) Solid lines show the correlations between model
predictions and human responses color coded for different SOA (see legend in
(b)). Dotted lines show the correlations between human responses of different
subjects for the stimulus presentation times using the same color code. (b)
Correlations between deviations from human responses from model predictions
for different SOA (see legend).

the multiplicative model with these properties of afferent and lateral input is ca-
pable of explaining human behavior. However, when comparing the correlation
between deviations of the human responses from the model predictions, we see
much lower correlations for the multiplicative model, which implies that the mul-
tiplicative model at least for these parameters explains human behavior better
than the additive model. In both models we have the least correlation between
deviation of human responses from model predictions for the shortest SOA. The
reason for this is that for short SOA the correlation between human responses
also decreases and there is less systematic behavior which needs to be explained
by a contour integration model. As the models can not explain the performance
decrease with eccentricity, this suggests to insert eccentricity dependence into the
model.

Similar as in the presented example the additive model compared to the mul-
tiplicative model is worse in performance and ROC2 correlation for most tested
model choices. For this reason we will focus on the multiplicative model in this
discussion and come back to the additive model after having finished the explo-
ration of eccentricity scaling and association fields for the multiplicative model.
However, all results for the additive model are summarized in table 7.1.

7.2.1 Eccentricity dependence

In order to account for the eccentricity dependence of the human performance
we used eccentricity modulated afferent input (see Eq. 4.18). As afferent input
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Figure 7.17: Model performance for the model with unidirectional, multi-
plicative couplings and eccentricity-dependent afferent input. The AF has
ideal angular dependence and range ρtot: (a) Performance averaged over all
jitter and element distances. The solid line shows the model performance, the
dotted line the human performance for 200 ms SOA. (b) ΔP for different com-
binations of r0 and σj (c) Performance for different jitters averaged over all
element distances and eccentricities. (d) Performance for different element dis-
tances averaged over jitters and eccentricities. (e) Performance in dependence
of mean eccentricity of the elements of a contour averaged over jitters and el-
ement distances. For (c-e) solid lines denote model performance while dashed
lines of the same color illustrate the corresponding human performance.

in the periphery is lower than close to the fovea the performance for eccentric
contours and hence also the averaged performance is decreased. Fortunately,
the performance of the multiplicative model is still far above the average human
performance (Fig. 7.17 (a)). Model performance for very easy tasks is slightly
below human performance, but still ΔP > −1 for all σj and r0 (Fig. 7.17 (b)).

As before the performance decreases with higher jitter σj (Fig. 7.17 (c)).
However, it seems now that the performance decreases with smaller element dis-
tances. This is exactly the opposite of what the human behavior shows. This
problem arises not only for this parameter combination, and one possible expla-
nation which has to do with the range of the association field will be discussed in
subsection 7.2.4 where the influence of the range of the association field on the
model performance and correlation is analyzed.

Now the performance decreases with eccentricity. The maximum performance
of the model still exceeds the performance of human observers for each analyzed
eccentricity (see Fig. 7.17 (e)).
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Figure 7.18: Correlations of the model with unidirectional, multiplicative
coupling, eccentricity-dependent afferent input, and an AF with ideal angular
dependence and a range ρtot obtained from the nearest neighbor distribution
summed over all stimuli: (a) Solid lines show the correlations between model
predictions and human responses color coded for different SOA (see legend in
(b)). Dotted lines show the correlations between human responses of different
subjects for the stimulus presentation times using the same color code. (b)
Correlations between deviations from human responses from model predictions
for different SOA (see legend).

The correlation is now higher than for the multiplicative model without depen-
dence on ε. However, the correlation among human observers is still not reached
by the correlations between the multiplicative model and humans. Hence it is
surprising that the ROC2-correlations are higher, which suggests that this model
explains less of the human behavior than the multiplicative model without ε
dependence.

7.2.2 Angular dependence of the association field

For the probabilistic model we would expect an optimal performance when using
an association field with the same angular dependence as the generating asso-
ciation field. However, this would mean using a different association field for
different stimuli. Even if this was possible, without prior knowledge about the
contour it is not possible to decide which is the most suitable association field for
the shown stimulus. From a biological point of view we would expect that there is
a fixed association field implemented in the brain, which might be adapted to the
statistics of natural scenes, but which is independent of the stimulus the observer
is viewing. Hence we performed simulations employing a fixed association field
for which we chose σα = σβ = 18 deg. This association field resembles the spatial
distribution of surround interactions around a neuron’s receptive field in V1 (60).
As shown in Fig. 7.20 (a) here the average performance decreases compared to
simulations using an association field with optimal angular dependence. How-
ever, it still exceeds human performance. When looking at the performances for
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Figure 7.19: Performance of the model with unidirectional, multiplicative
couplings and eccentricity-dependent afferent input. The AF has fixed angular
dependence σα = σβ = 18 deg and range ρtot: (a) Performance averaged over
all jitters and element distances. The solid line shows the model performance,
the dotted line the human performance for 200 ms SOA. (b) ΔP for different
combinations of r0 and σj (c) Performance for different jitters averaged over all
element distances and eccentricities. (d) Performance for different element dis-
tances averaged over jitters and eccentricities. (e) Performance in dependence
of mean eccentricity of the elements of a contour averaged over jitters and el-
ement distances. For (c-e) solid lines denote model performance while dashed
lines of the same color illustrate the corresponding human performance.
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Figure 7.20: Correlations of the model with unidirectional, multiplicative
coupling, eccentricity-dependent afferent input, and an AF with ideal angular
dependence and range ρtot: (a) Solid lines show the correlations between model
predictions and human responses color coded for different SOA (see legend in
(b)). Dotted lines show the correlations between human responses of different
subjects for the same color coded stimulus presentation times. (b) Correlations
between deviations from human responses from model predictions for different
SOA (see legend).

each jitter and element distance separately, they lie within or above the 3σ-range
around human performance (Fig. 7.20 (b)). Not surprisingly we find particularly
high performances for jitters close to the width σα = σβ = 18 of the association
field for contour integration. As required the performance decreases with jitter
and eccentricity (Fig. 7.19 (c+e)). As in Fig. 7.17 the performance does not
decrease with wider element distances (Fig. 7.19 (d)).

When looking at the correlation we see, that with the change from the gener-
ating association field to a fixed association field with properties similar to those
found in experiments, the multiplicative model with ε-dependent Iaff can repro-
duce the correlations among human subjects for all SOAs at least for a certain
iteration time. The ROC-curve for SOA=200 ms reaches its maximum at an
iteration time where the model performance is close to the human performance
after 200 ms stimulus presentation time. Then performance increases further and
the ROC1-curve decreases again.

We assume that contour integration is an iterative process. Hence we would
expect the iteration time t for which the correlation between model predictions
and human responses for a certain SOA surpass the human-human correlation
or reach a maximum should be proportional to the stimulus presentation time.
However, in Fig. 7.20 (a) this shift to longer iteration times for higher SOAs
cannot be observed. Also the minimum of the ROC2-correlation is reached at
about the same iteration time for different SOA (7.20 (b)). Furthermore the
minimum of the ROC2-curves comes at later iteration times as the maximum of
the ROC1-correlations. Hence neither ROC1 nor ROC2 correlations can be used
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to map iteration time to stimulus presentation time.

Here ROC2-correlations are comparatively high. So even though this model
finally fulfills the benchmark for ROC1-correlations we seem not to have found a
model which explains human behavior satisfactorily.

When using only the AF with fixed width but no ε-dependence, the ROC1-
correlation again decreases and cannot explain human behavior (corresponding
graphs not shown, see table 7.1 for benchmark values).

7.2.3 Symmetry of association field

It is often assumed that long-range horizontal interactions in V1 serve as the
neuronal substrate for the association field (36). So far we assumed unidirec-
tional lateral interactions as required by probabilistic models. These link orien-
tation columns in only one direction and should lead to an optimal performance.
However, experimental findings in monkeys rather suggest isotropic connections,
spreading symmetrically into all directions from an orientation column. This in-
spired us to also investigate contour integration with a bidirectional association
field. Here we see that for the multiplicative model the average model perfor-
mance does not reach human performance (Fig. 7.21 (a)). However, in contrast
to the unidirectional model the performance only slightly decreases after reach-
ing its maximum. When looking at the performance for each σj and r0 we see
that especially for easy tasks the human performance is not reached and not all
performance values lie within the 3σ-range of the human performance (Fig. 7.21
(b)).

A possible explanation for the low performance is that if by chance there are
two collinearly aligned edge elements, the bidirectional model will judge them
as being more salient than a much longer, but slightly jittered contour. Con-
sequently, it finds much more contours in the background as the unidirectional
model. Also it evaluates zigzagged contours as being equally salient as straight
contours (see Fig. 4.8). This also increases the probability to find illusory con-
tours in the background.

When looking at the performance for each element distance averaged over
all jitters (Fig. 7.21 (c)), we see that in contrast to human performance the
model computes the highest performance for the largest element distances and
vice versa. This was already the case for the unidirectional association field.
However, here it is easier to understand than in the unidirectional case.

The probability to find two collinearly aligned edge elements in the back-
ground increases with the number of background elements, which is highest for
the smallest inter-element distances. Hence we would expect a bigger impact of
the detection of these short contours in the background for smaller inter-element
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Figure 7.21: Performance of the model with bidirectional, multiplicative
couplings and eccentricity-dependent afferent input. The AF has fixed width
σα = σβ = 18 deg and range ρtot: (a) Performance averaged over all jitters
and element distances. The solid line shows the model performance, the dotted
line the human performance for 200 ms SOA. (b) ΔP for different combinations
of r0 and σj (c) Performance for different jitters averaged over all element
distances and eccentricities. (d) Performance for different element distances
averaged over jitters and eccentricities. (e) Performance in dependence of mean
eccentricity of the elements of a contour averaged over jitters and element
distances. For (c-e) solid lines denote model performance while dashed lines
of the same color illustrate the corresponding human performance.
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Figure 7.22: Correlations of the model with bidirectional, multiplicative
coupling, eccentricity-dependent afferent, input and an AF with fixed width
σα = σβ = 18 deg and a range obtained from the nearest neighbor distribution
summed over all stimuli: (a) Solid lines show the correlations between model
predictions and human responses color-coded for different SOA (see legend in
(b)). Dotted lines show the correlations between human responses of different
subjects for the stimulus presentation times using the same color code. (b)
Correlations between deviations from human responses from model predictions
for different SOA (see legend).

distances. This could then account for the fact, that we find higher performances
for larger element distances. Also for unidirectional models the probability for
random contours in the background increases for small element distances. How-
ever, unidirectional models usually judge longer contours much more salient than
short contours. Hence for L = 10 a short contour in the background should not
change the decision of the model, and a contour of 10 elements in the background
is very unlikely.

Despite these shortcomings with respect to the performance, this model
reaches the correlations among human observers for each of the tested stimu-
lus presentation times. The maximum correlations are similarly high as for the
unidirectional model. However, in contrast to the unidirectional model the bidi-
rectional model keeps a high level of correlations over a large time interval. The
reason for the nearly constant performance and the high level of correlation over
a large time is, that once the model detected a contour within the first few itera-
tions it can go back and forth between the contour elements. The unidirectional
model cannot do this and hence its neuronal activity for cells representing con-
tour elements decreases when iterating further than needed to link all elements
of a contour (compare 5.12).

As this bidirectional model does not reach a high enough performance, it
might be worth trying to use the bidirectional association field with optimal an-
gular dependence. As expected this increases the performance. However, for this
model the correlation decreases and hence the correlation between different sub-
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Figure 7.23: Distribution ρ2,tot of inter-element distances between nearest
and next-to-nearest neighboring contour elements. Shown is the distribution
of element distances for the complete set of stimuli used for the experiment.

jects is not reached (see table 7.1). So this bidirectional model cannot reproduce
human behavior.

7.2.4 The range of the association field

So far we used the distance distribution ρtot over nearest neighboring contour
elements to describe the range of the association field. This means that for the
larger element distances (2.1, 2.7 and 3.5 degree visual angle) the association
field connects only nearest neighboring edge elements. However, a problem of
the bidirectional association field is that it finds contours by alternately linking
two adjacent aligned edge elements. Possibly the bidirectional model improves
with longer range of the horizontal connections. When assuming connections to
the next-to-nearest neighboring elements a contour of length L = 2 and zero jitter
should not become equally salient to a longer, but slightly jittered contour. At
least L = 3 adjacent aligned elements are needed for the described alternately
linking of few elements that leads to a high salience of short, straight and perfectly
aligned contours (see first row of the table in Fig. 7.24). As randomly arising
contours of L = 3 are a lot less likely than contours of L = 2 they should have less
influence on the performance. Even more importantly, the salience of contours
containing abrupt changes of direction should decrease compared to the salience
of straight contours. For contours with only moderate changes in directions all
nearest neighboring elements as well as all next-to-nearest neighboring elements
are linked by connections of the according range (see second row of the table in
Fig. 7.24). Now we ”fold” this contour by flipping edge elements l and m to the
opposite site of element k but leaving the orientations of each element unchanged.
A model using bidirectional nearest neighbor interactions would compute exactly
the same saliency for the folded contour as for the unfolded contour. However,
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Figure 7.24: Here the effect of a longer range of bidirectional connections is
shown for the examples of a short contour (first row), a longer contour without
abrupt changes in direction (second row), and a longer contour with a kink
(third row): While bidirectional interactions between nearest neighbors allow
activity to be recursively exchanged between the neuronal representations of
two adjacent collinearly aligned edge elements, at least three such elements are
necessary for this effect when assuming interactions between next-to-nearest
neighbors (first row). For longer contours without kinks depending on the
range of the association field all next-to-nearest neighbors or all next-to-nearest
neighbors are connected (second row, for lucidity of the figure next-to-nearest
neighbor connections between edges i and k as well as between k and m are
omitted). When using edge elements of the same orientations to generate a
contour with a kink, by flipping over edge element l and m to the opposite
side of element k, we obtain the same nearest neighbor connections as before.
In contrast, next-to-nearest neighbor connections do not link edge detectors
representing edge j and l any more because of the kink in the contour.
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when analyzing next-to-nearest neighbor connections we realize that in contrast
to the straight contour edge j and l are not linked any longer for the contour with
kink. Hence the salience as computed using next-to-nearest neighbor interactions
is lower for the contour with abrupt change in direction than for the straight con-
tour. This suggests, that a longer range of the association field could enhance the
salience of longer, approximately straight contours compared to short contours
or contours with kinks, like observed in human perception.

In order to test whether a longer range of the horizontal connections indeed
improves performance and correlations to humans, we extend the range of the as-
sociation field such that each element is at least connected to its next-to-nearest
neighbors. As we want the same association field range for each stimulus, we take
the distance distribution ρ2,tot over next-to-nearest contour elements of all stim-
uli. However, this comes at the cost of having connections spanning 5 times the
inter-element distance for the stimuli with the smallest element distance. Con-
trary to our hope that this model would show increased performance as it should
detect fewer short contours in the background and fewer contours containing
kinks, its averaged performance is decreased due to the longer association field
range (Fig. 7.25 (a)). It shows especially low performance for small element dis-
tances (Fig. 7.25 (b+c)). As already mentioned for the smallest element distance
an association field of range ρ2,tot connects elements with a distance of up to 5r0.
This suggests that the connections extending beyond next-to-nearest neighbors
make the performance worse. It seems highly unlikely that within human percep-
tion two collinearly aligned elements at such a distance would be grouped together
if the intermediate edges are not nearly aligned to these two edges. Hence it is
not surprising that for small element distances human performance is not reached
by the model. However, when comparing only the performance for L = 4 and
L = 5 for which connections do not reach beyond next-to-nearest neighbor ele-
ments, we see an increase of performance compared to the same model employing
an association field with range ρtot. This suggests that next-to-nearest neighbor
connections indeed facilitate contour detection for a bidirectional model.

Despite the bad average performance, the correlation between model predic-
tions and human responses is equally good as for the model of smaller range.
However, the ROC2-correlation is much higher here than in the model with the
shorter range, which means that a model with an association field of shorter
range explains human behavior far better. This finding together with the de-
creased performance for small r0 indicates that the chosen range ρ2,tot of the
association field is too large.

For comparison we also tested the long-range association field for unidirec-
tional connections. Here the decrease in average performance was much more
drastic than for the bidirectional model (Fig. 7.27 (a)). In contrast to the bidi-
rectional model, here also the performance for small element distances decreases
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Figure 7.25: Performance of the model with bidirectional, multiplicative
couplings and eccentricity-dependent afferent input. The AF has fixed width
σα = σβ = 18 deg and range ρ2,tot: (a) Performance averaged over all jitters
and element distances. The solid line shows the model performance, the dotted
line the human performance for 200 ms SOA. (b) ΔP for different combinations
of r0 and σj (c) Performance for different jitters averaged over all element
distances and eccentricities. (d) Performance for different element distances
averaged over jitters and eccentricities. (e) Performance in dependence of mean
eccentricity of the elements of a contour averaged over jitters and element
distances. For (c-e) solid lines denote model performance while dashed lines
of the same color illustrate the corresponding human performance.
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Figure 7.26: Correlations of the model with bidirectional, multiplicative
coupling, eccentricity-dependent afferent input, and an AF with fixed width
σα = σβ = 18deg and a range obtained from the next to nearest neighbor
distribution averaged over all stimuli: (a) Solid lines show the correlations be-
tween model predictions and human responses color coded for different SOA
(see legend in (b)). Dotted lines show the correlations between human re-
sponses of different subjects for the same color coded stimulus presentation
times. (b) Correlations between deviations from human responses from model
predictions for different SOA (see legend).

(Fig. 7.27 (b+c)). Also performance for small jitters and performance for ec-
centric contours does not reach human performance (Fig. 7.27 (d+e)). When
looking at the r0-dependence of the performance we see that again the highest
performance is reached for the largest r0 (Fig. 7.27 (c)). Here and in the bidirec-
tional model with range ρ2,tot the difference between performances for L = 4 and
L = 10 is larger than in the models using an association field with range ρtot.

Despite the low performance, correlations among human observers are reached
by the ROC1-correlation for all SOAs. However, ROC2-correlations are clearly
higher than in the corresponding model with an association field of range ρtot.
Hence performance and ROC2-correlations give a strong hint, that the unidirec-
tional connections assumed in this model extend too far.

Using different association field ranges for different stimuli seems not to be
biologically plausible as horizontal connections do not change with the stimulus
the subject is viewing. However, despite this biological implausibility we want to
investigate the principal effects of connections between nearest neighbors. This
would also be the range one would use for a probabilistic model. Therefore
we perform simulations using an association field which extends exactly to the
nearest neighboring units for each element distance. Average performance as well
as performances for all combinations of jitter, element distance, and eccentricity
exceed human performance (Fig. 7.29). And in contrast to the models that used
the same association field for all stimuli, in this case the performance decreases
with wider element distances like the human performance does. So it seems that
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Figure 7.27: Performance of the model with unidirectional, multiplicative
couplings, and eccentricity-dependent afferent input. The AF has fixed width
σα = σβ = 18 deg and range ρ2,tot: (a) Performance averaged over all jitters
and element distances. The solid line shows the model performance, the dotted
line the human performance for 200 ms SOA. (b) ΔP for different combinations
of r0 and σj (c) Performance for different jitters averaged over all element
distances and eccentricities. (d) Performance for different element distances
averaged over jitters and eccentricities. (e) Performance in dependence of mean
eccentricity of the elements of a contour averaged over jitters and element
distances. For (c-e) solid lines denote model performance while dashed lines
of the same color illustrate the corresponding human performance.
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Figure 7.28: Correlations of the model with unidirectional, multiplicative
coupling, eccentricity-dependent afferent input, and an AF with σα = σβ = 18

deg and a range obtained from the distance distribution between next-to-
nearest neighbors averaged over all stimuli: (a) Solid lines show the correla-
tions between model predictions and human responses color coded for different
SOA (see legend in (b)). Dotted lines show the correlations between human
responses of different subjects for the same color coded stimulus presentation
times. (b) Correlations between deviations from human responses from model
predictions for different SOA (see legend).

the reason for the unexpected increase of performance with element distance
when using the same association for all element distances, was the fact that for
smaller element distances the same range of association field links more elements
together than for large element distances and interactions beyond next-to-nearest
neighbors decrease the performance.

The correlation analysis shows that for all SOAs except the 200 ms condition
the correlation between human responses is reached by the correlation between
humans and models. And also the correlation for 200 ms SOA is within the
2-σ-range of the correlation among humans. From all models which reach the
human-human correlation this is the one which has the lowest ROC2-correlation
for the longer SOAs. Unfortunately, the minimum of the ROC2-curves is reached
at a later iteration time when the ROC1-correlation already dropped again far
below the correlation among humans. This means we still did not find a model
that fulfills all three requirements, namely a high enough performance, a high
enough ROC1 correlation, and a low ROC2-correlation, at the same time.

Given that performance for unidirectional association fields increases when
going from an association field range of ρ2,tot over ρtot to ρL suggests that the ρtot

distribution already contains connections which extend too far. Hence it would
be interesting to use an association field with shorter horizontal connections.
However, at the moment we assume a hypercolumn for each edge element in
the stimulus, which means that for the longest element distance hypercolumns
representing adjacent edge elements are not linked any more when using shorter
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Figure 7.29: Performance of the model with unidirectional, multiplicative
couplings and eccentricity-dependent afferent input. The AF has fixed width
σα = σβ = 18 deg and range ρL to the nearest neighbor for each element
distance: (a) Performance averaged over all jitters and element distances. The
solid line shows the model performance, the dotted line the human performance
for 200 ms SOA. (b) ΔP for different combinations of r0 and σj (c) Performance
for different jitters averaged over all element distances and eccentricities. (d)
Performance for different element distances averaged over jitters and eccen-
tricities. (e) Performance in dependence of mean eccentricity of the elements
of a contour averaged over jitters and element distances. For (c-e) solid lines
denote model performance while dashed lines of the same color illustrate the
corresponding human performance.
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Figure 7.30: Correlations of the model with unidirectional, multiplicative
coupling, eccentricity-dependent afferent input, and an AF with σα = σβ = 18

deg and nearest neighbor connections for each element distance: (a) Solid lines
show the correlations between model predictions and human responses color
coded for different SOA (see legend in (b)). Dotted lines show the correla-
tions between human responses of different subjects for the same color coded
stimulus presentation times. (b) Correlations between deviations from human
responses from model predictions for different SOA (see legend).

range connections. Hence one had to insert additional hypercolumns between the
already existing hypercolumns representing the edge elements of the stimulus.
This would be a natural extension of our model as in visual cortex there are
hypercolumns with receptive fields at each position in the visual field. This way
hypercolumns representing neighboring edge elements in the used stimuli get
not linked directly in one iteration step but with further iteration steps they get
linked via the intermediate hypercolumns. This mechanism could also explain the
filling in effect effect like for example observed for Kanizsa figures. However, this
also means that the computational effort for the simulation will be significantly
increased.

Additive model

As can be seen in table 7.1 (corresponding diagrams not shown) the additive
model has generally a lower performance, lower ROC1-correlations, and higher
ROC2-correlations than the corresponding multiplicative model. The only ad-
ditive model which nearly reaches correlations among human observers uses an
ε-modulated afferent input and a fixed, bidirectional association field of range
ρtot. However, for all tested additive models with eccentricity-modulated Iaff

and fixed association field geometry human performance is not reached within
the 3σ-range for all jitters and element distances. Due to compromises in the
determination of Il/Ia it is possible that this improves to some extent for a more
precise adjustment of afferent and lateral input. However, these results are still a
strong hint that some nonlinear interaction is required for a contour integration
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Figure 7.31: Performance of the model with bidirectional, multiplicative
couplings and eccentricity-dependent afferent input. The AF has fixed width
σα = σβ = 18deg and range ρL to nearest neighboring elements for each
individual element distance: (a) Performance averaged over all jitters and
element distances. The solid line shows the model performance, the dotted
line the human performance for 200 ms SOA. (b) ΔP for different combinations
of r0 and σj (c) Performance for different jitters averaged over all element
distances and eccentricities. (d) Performance for different element distances
averaged over jitters and eccentricities. (e) Performance in dependence of mean
eccentricity of the elements of a contour averaged over jitters and element
distances. For (c-e) solid lines denote model performance while dashed lines
of the same color illustrate the corresponding human performance.
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Figure 7.32: Correlations of the model with bidirectional, multiplicative cou-
pling, eccentricity-dependent afferent input, and an AF with σα = σβ = 18

deg and couplings between nearest neighbors for each element distance: (a)
Solid lines show the correlations between model predictions and human re-
sponses color coded for different SOA (see legend in (b)). Dotted lines show
the correlations between human responses of different subjects for the same
color coded stimulus presentation times. (b) Correlations between deviations
from human responses from model predictions for different SOA (see legend).

model which is capable of reproducing human behavior. This does not need to
be a purely multiplicative model, but can also be a combination of multiplicative
and additive models.

Combining linear and nonlinear model dynamics

We saw in chapter 5 that the multiplicative model has the problem of fading
activity for finite contours or contours containing gaps. This is no problem for the
additive model. In contrast, the additive model is quite sensitive to star-illusions.
Therefore it is a good idea to combine the two dynamics in order to make use
of the advantages of both models and to overcome their shortcomings. Here we
tested an ε-dependent model with combined dynamics, assuming I = IaIaff +

IlIlat+ImIaff ·Ilat, using a unidirectional association field with σα = σβ = 18deg

and distance distribution ρtot over all nearest neighbor distances between contour
elements. We chose Im = Il · Ia as this corresponds to a balanced influence of
linear and non-linear model dynamics and like for the purely additive model we
adjusted the strength of afferent and lateral input by searching for the Ia/Il that
leads to the maximum performance by exploring the Il/Ia dependence for N = 4

and N = 8 and interpolating for the remaining N. For the chosen relation of
Il and Im performances and ROC1-correlation are slightly reduced compared to
the purely multiplicative model. Due to the range of the association field we still
find the wrong dependence for the performance on the element distance r0. The
ROC2-correlation is higher than in the purely multiplicative model. Similarly
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Figure 7.33: Performance of the model with I = IaIaff + IlIlat + ImIaff · Ilat

and eccentricity-dependent afferent input. The AF is unidirectional and has
fixed width σα = σβ = 18deg and range ρtot: (a) Performance averaged over
all jitters and element distances. The solid line shows the model performance,
the dotted line the human performance for 200 ms SOA. (b) ΔP for different
combinations of r0 and σj (c) Performance for different jitters averaged over all
element distances and eccentricities. (d) Performance for different element dis-
tances averaged over jitters and eccentricities. (e) Performance in dependence
of mean eccentricity of the elements of a contour averaged over jitters and el-
ement distances. For (c-e) solid lines denote model performance while dashed
lines of the same color illustrate the corresponding human performance.

the results for the bidirectional model are slightly worse than the results of the
corresponding purely multiplicative model (see table 7.1). Obviously the model
does not improve by simply averaging additive and multiplicative dynamics with
Il · Ia = Im. As the purely multiplicative model outperforms both, the additive
model and a model with balanced influence of additive and multiplicative input
coupling, it seems that the contribution of the multiplicative dynamics is more
important than the contribution of the additive dynamics. However, in order to
really answer the question, whether a mixing of the two dynamics can improve
the model, one needs to explore further possible relations of the values Il, Ia and
Im. Here we expect large Im to be promising, as the multiplicative model so far
leads to the best results and even a small input contribution of IaIaff+IlIlat could
be sufficient to fix the problem of fading activity for finite contours or contours
with gaps.
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Figure 7.34: Correlations of the model with I = IaIaff + IlIlat+ ImIaff · Ilat,
eccentricity-dependent afferent input, and a unidirectional AF with σα = σβ =

18deg and range ρtot: (a) Solid lines show the correlations between model
predictions and human responses color coded for different SOA (see legend in
(b)). Dotted lines show the correlations between human responses of different
subjects for the same color coded stimulus presentation times. (b) Correlations
between deviations from human responses from model predictions for different
SOA (see legend).

7.3 Discussion

In this chapter we realized, that there are many different influences which need to
be taken into account in order to build a plausible contour integration model and
there are several free parameters which need to be investigated. We explored dif-
ferent choices for model dynamics and input functions. For assessing the validity
of a model we formulated several benchmarks based on human behavior. We saw
that performance already can rule out some model choices, but especially if we
do not know how much the noiseless model performance can be reduced due to
a realistic amount of noise, performance alone is not sufficient to decide which of
the analyzed models describes human behavior best. For example, models with
ideal angular dependence as well as models with a fixed association field geome-
try of σα = σβ reach human performance. But when looking at the correlations
between model prediction and the responses of human observers, the model with
fixed association field clearly explains human behavior better than a model em-
ploying multiple optimal association fields. Hence correlation analysis turns out
to be a powerful tool for evaluating possible model choices. We saw that models
using a multiplicative coupling between afferent and lateral input can explain
human behavior better than those who sum all inputs to a neuron. Due to con-
straints of computer power we could only approximately determine the optimal
balance between afferent and lateral input in the additive model and hence can-
not say whether the model may improve further for better adjusted Ia/Il. The
most general choice of an input would be to combine the sum and the product of
different inputs to a neuron. We tested one such model assuming balanced influ-
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ences of additively and multiplicatively coupled inputs. This, however, did not
improve correlations compared to the purely multiplicative model, but it remains
to be tested whether a different balance of the additive and multiplicative term
could improve the match between simulation and reality.

We showed that the correlations among human observers could only be
reached when modulating the afferent input by eccentricity. However, a dif-
ferent way to include this dependence would be to scale the range of horizontal
connections with eccentricity. Different cortical magnification factors depending
on eccentricity have been found in experiments. We did not test yet, whether
this improves the model further. However, the modulation of afferent input seems
already sufficient to reproduce the correlation among human responses.

It would also be interesting to test to what extent the correlations among
human observers are caused by this eccentricity dependence of contour integra-
tion performance. However, to test this we would need additional psychophysical
data which has stimuli subsets for different contour eccentricity. With sufficiently
many trials in each subset we could then distinguish between different eccentricity
classes in the ROC analysis and eliminate the effect of the different performances
for different eccentricities on the correlation analysis as we did for different el-
ement distances and different jitters. Furthermore it would be helpful to have
more than 48 trials for each stimuli subset in order to get a better statistics for
the ROC analysis which allows us to evaluate the correlations for each subset
and not only the correlation for the complete set of data. For the correlation
analysis it would also be sensible to use the same set of stimuli for each hu-
man observer in order to increase the number of pairs of subjects between which
response correlations can be analyzed.

We saw that an association field with a fixed geometry for all stimuli leads
to better results than using the generating association field for each stimulus.
Also unidirectional association fields lead to better results as bidirectional ones
because in models with bidirectional interactions the salience of short contours
or contours with kinks is overestimated. This effect is stronger for nearest neigh-
bor connections than for next-to-nearest neighbor connections. However, when
assuming that the range of the association field does not change for different
stimuli, we cannot adapt the association field such that it connects nearest and
next-to-nearest neighboring elements regardless of r0. However, as especially for
unidirectional models performance improves when going from an association field
range of ρ2,tot over ρtot to ρL, we expect that the connections of range ρtot are
already too long. In our study the range was an ad hoc assumption based on the
fact that a probabilistic model performs best when taking the same range for the
association field used to detect contours as for the generating association field.
It needs to be explored with which range of the association field human con-
tour detection can be explained best. As already mentioned in 7.1.1 the element
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distances used in these stimuli are already larger than the long-range horizontal
interactions found in V1. This is an additional reason to test shorter horizon-
tal interaction than we did in this study. However, recent work suggests that
higher cortical areas as V1 are involved in contour integration (76). In those
areas long-range horizontal connections are assumed to link edge detectors for
spatially further separated edge elements, and our model could equally well be
implemented in those areas.

It is in the nature of exploratory studies with numerically demanding simula-
tions that not for all parameters the optimal choice can be determined. However,
we did introduce an effective method for evaluating models and ruled out several
choices of input functions.
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linear Iaff(φ) optimal uni ρtot 80,7 0 0,60 0,77
dynamics ρ2,tot 82,4 0 0,61 0,74

bi ρtot 86,5 0 0,62 0,72
ρ2,tot 90,9 0 0,58 0,69

fixed uni ρtot 78,4 0 0,63 0,82
ρ2,tot 82,5 0 0,59 0,78

bi ρtot 85,1 0 0,62 0,74
ρ2,tot 90,1 0 0,59 0,69

Iaff(φ, ε) optimal uni ρtot 74,6 2 0,60 0,82
ρ2,tot 71,2 1 0,58 0,82
ρL 84,6 0 0,54 0,74

bi ρtot 79,6 0 0,63 0,79
ρ2,tot 80,1 0 0,61 0,79
ρL 79,6 0 0,60 0,81

fixed uni ρtot 68,6 9 0,62 0,89
ρ2,tot 64,0 12 0,61 0,91
ρL 76,6 3 0,57 0,88

bi ρtot 73,6 4 0,66 0,89
ρ2,tot 73,6 5 0,65 0,89
ρL 73,5 7 0,63 0,88

combined Iaff(φ, ε) fixed uni ρtot 78,8 0 0,66 0,85
dynamics bi ρtot 75,1 3 0,65 0,89
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nonlinear Iaff(φ) optimal uni ρtot 94,2 0 0,59 0,66
dynamics ρ2,tot 91,1 0 0,60 0,69

bi ρtot 87,4 0 0,62 0,71
ρ2,tot 91,1 0 0,61 0,69

fixed uni ρtot 94,3 0 0,61 0,68
ρ2,tot 91,5 0 0,61 0,69

bi ρtot 87,2 0 0,62 0,72
ρ2,tot 91,4 0 0,63 0,68

Iaff(φ, ε) optimal uni ρtot 88,2 0 0,63 0,72
ρ2,tot 82,8 0 0,63 0,74
ρL 93,8 0 0,62 0,67

bi ρtot 81,7 0 0,62 0,76
ρ2,tot 81,9 0 0,62 0,76
ρL 82,2 0 0,63 0,77

fixed uni ρtot 84,8 0 0,68 0,81
ρ2,tot 75,5 5 0,67 0,87
ρL 93,2 0 0,65 0,70

bi ρtot 76,4 3 0,67 0,87
ρ2,tot 74,8 5 0,67 0,87
ρL 77,3 3 0,67 0,87

Table 7.1: This table gives an overview over different model dynamics, asso-
ciation field ranges, symmetries and geometries and afferent input properties.
The most important model results are summarized here. P̄model denotes the
average model performance. For ΔP and the ROC-correlations given in this
table we used the human data for SOA=200 ms.
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Chapter 8

Conclusion

The aim of this study was to learn more about contour integration in the brain, an
important process in human and animal visual perception. For this purpose hu-
man psychophysical contour detection experiments were combined with extensive
numerical simulations.

Many contour detection experiments use a similar paradigm as the psy-
chophysical study which underlies this thesis. For the stimuli employed in this
thesis, the distance distributions between contour elements, between background
elements and between contour and background elements were carefully controlled
to be identical in a good approximation. In contrast to this, several other studies
(i.e. (48; 69; 27; 68)) used stimuli, where this was not the case and prior knowl-
edge about the distance distribution of the contour could facilitate the detection
of the contour (9). Another distinguishing feature of the stimuli employed in
this thesis is that they contain contours generated from association fields. To my
knowledge, no other study created contours in this manner. This mathematical
precise contour generation makes it possible to formulate a Bayesian algorithm
which from a mathematical point of view is the best contour integration model
for this kind of stimuli and the given task. In recent years there were several
publications demonstrating an optimal integration of sensory information (i.e.
(65; 23)), and studies using probabilistically motivated models for contour inte-
gration (136). Stochastically generated stimuli have the advantage that we can
derive a probabilistic model which in a way inverts the generation process and
leads to the best possible contour detection performance for these stimuli and the
given task. This gives us the possibility to see how much the human performance
differs from the performance of an ideal observer model.

As the brain is assumed to be optimized to tasks and stimuli important in
everyday life and not to artificial stimuli used in psychophysical experiments,
it is not surprising that the Bayesian model leads to a high contour detection
performance, but not to model predictions which were closest to human decisions.
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However, as this ideal model bears the possibility to include prior information
about the geometry of contours, it might be interesting to use this model for
image processing applications where a high performance but not necessarily a
resemblance to human perception is desired. In case a visual scene contains
several contours with different geometrical properties, but only contours of a
certain geometry are of interest, the prior knowledge about the geometry of the
relevant contours can help to find them opposed to other less interesting contours.

Even though human behavior cannot be explained by an ideal observer model,
there are some similarities between human performance and the ideal observer
performance. Human performance is very high and its increase with stimulus
presentation resembles the performance increase of the ideal observer model with
longer iteration times, hinting to an iterative process also in the brain. Thus
it seems possible that the brain employs similar strategies to those suggested
by a probabilistic model. For this reason we first investigated the characteristic
properties of probabilistic and of additive neural network models and the general
differences between the model predictions. Therefore we analyzed basic properties
of the models for very simple stimuli. This revealed that the additive model finds
a very high salience for star-like edge configurations. Especially the additive
model with summation estimator is very sensitive to these star-illusions, which
motivates to perform psychophysical experiments with stimuli containing star-
like edge configurations as well as contours in order to test to what extent human
observers are sensitive to these star-illusions. However, our simulations with more
complex stimuli showed, that the additive model with summation estimator leads
to a comparatively low performance and also the correlations between model and
human behavior are lowest for this model estimator combination. We did not
include star-like edge configurations on purpose into the stimuli. However, edge
configurations which could lead to stronger or weaker star-illusions can arise in
the background just by chance. Hence there are almost certainly some stimuli
containing star-like edge configurations and it is very well possible that these
cause the bad performance of the summation estimator for the additive model.
It remains to be tested, how many of these stimuli really contain star-like edge
configurations and how much the average performance predicted for those stimuli
by the additive model with summation estimator is decreased compared to the
performance for the rest of the stimuli.

The multiplicative model is not sensitive to this kind of star illusions. How-
ever, in contrast to the additive model the multiplicative model has the problem
that for finite contours the neuronal activity of the cells representing contour
elements first increases but decreases after a certain iteration time. Depending
on the association field and the elements surrounding the contour neuronal ac-
tivity can even decrease to zero. This can be prevented by introducing spon-
taneous activity for the lateral input. It has a similar effect to replace the
purely multiplicative coupling between afferent and lateral input by an input
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I = IaIaff + IlIlat + ImIaff · Ilat that consists of a linear and a non-linear part.
The multiplicative model further has the disadvantage that a global divisive nor-
malization of the neuronal activity is needed in order to prevent that the activity
drops to zero or rises beyond all bounds. For the additive model one can find
a stable regime also without normalization. Another difficulty for the additive
model is the need of a subtle balance of afferent and lateral input. This compli-
cates simulations for complex stimuli as it is an enormous computational effort to
determine this balance and due to constraints in computer power we could only
approximately adjust this parameter.

In order to obtain a model which closer resembles human contour detection,
we included several biological constraints in our model. This leads to a variety of
model choices, starting with the probabilistic model, which uses unidirectional,
multiplicative interactions with differing association field geometry and range
for different contour ensembles, and no modulation of any input with eccentric-
ity, and ending with a model relying on bidirectional additively interactions, an
association field of fixed range and geometry for all stimuli, and an eccentricity-
modulated afferent input.

In order to evaluate all these model choices, we did extensive numerical sim-
ulations on the same stimuli used in psychophysics. The model predictions were
then compared to human decisions. For this quantitative comparison of model
and human behavior we simulated for each model more than 4000 stimuli with
widely varying curvature and alignment jitter, element distance, and mean ec-
centricity of contour elements. We showed that performance can rule out some
models, but also realized that many models reach human performance and hence
a comparison of performance is not sufficient to decide which of the analyzed
models explains human behavior best.

A correlation analysis between the responses of different human observers
showed, that human errors are not made randomly but are highly correlated
among different subjects. This result can be used to better evaluate contour
integration models, as a model capable of explaining human contour integration
should reproduce not only human performance but also these systematic errors
made by human observers. Hence the correlations between model predictions and
human responses should reach the correlations among different subjects. Finally
we found with the ROC2-correlation analysis a method to analyze to what extent
our model reproduces the generic behavior of humans and how far we are away
from the contour integration mechanism underlying human behavior. We showed,
that with such a quantitative comparison of model and experiment, it is possible
to draw predictions about connection structures and coupling dynamics from
purely behavioral data. This kind of correlation analysis could be a powerful
tool for the comparison of numerical simulations and behavioral data wherever
complex stimuli are used which contain random components. The predictions
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resulting from this study will be presented in the following paragraphs.

The quantitative comparison of model predictions and human responses
showed that an eccentricity modulation of the input is necessary in order to
explain the decrease of performance with the eccentricity of the contour. We
only modulated the afferent input, which was sufficient to obtain a model capa-
ble of reproducing performance as well as ROC1-correlations. However, in many
animals we also observe a modulation of the range of horizontal connections with
eccentricity. It remains to be tested, whether an implementation of this increasing
range of long-range horizontal interactions in the periphery improves the model
further.

In some situations the human brain works close to optimal (65; 23). If the
brain was optimized for detecting our contours, it would make sense to use the
generating association field for contour integration. However, our correlation
analysis showed that a single association field geometry leads to a better re-
production of human behavior than using for each stimulus the association field
employed for stimulus creation. This is not surprising as the brain is not necessar-
ily optimized for artificial tasks used in psychophysical experiments but rather
for natural images. Hence when trying to find the optimal association field it
would be interesting to analyze the statistics of natural images. Here the more
interesting edge co-occurrence is not the one between all edge elements within
the stimulus but the one between edge elements belonging to the same object.
In fact one needs humans to mark contours of objects in order to determine this
edge co-occurence. This procedure was performed by Geisler and colleagues (33)
who termed the resulting statistics ’Bayesian edge co-occurrence’. With this data
we could test the predictive power of the model when using an association field
obtained from natural image statistics. Geisler and colleagues did this only for a
very simplified contour integration model which binds all edge elements if their
link probability exceeds a certain threshold. Hence it would be interesting to
perform simulations with the multiplicative model analyzed in this thesis and an
association field obtained from Geisler’s data.

In our simulations it was not possible to reproduce human performance with
bidirectional association fields because models with this connection structure
overestimate the salience of very short contours or contours with kinks. Also
the well established model of Li (77) which also uses bidirectional interactions
cannot reproduce human performance for the stimuli set we used here (25). This
need for unidirectional interactions seems to be a disagreement to the biologi-
cal finding that long range horizontal interactions which are believed to be the
neuronal substrate for the association field spread isotropically in all directions.
However, this asymmetry does not necessarily need to be caused by the anatom-
ical structure. It would also be sufficient if there was some symmetry breaking
by a refractory period of a neuron starting an asymmetrical process like the
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propagation of a wave of activity.

A contour per se has no direction and passing the edge elements of a contour
in one direction should be equivalent to passing them in reverse order in the
opposite direction. The Gestalt rule underlying contour integration is the rule of
good continuation. Psychophysical studies show that while adults use the Gestalt
rule of good continuation in order to perceive an object as unity, children younger
than one year cannot use this rule for object perception (123). The dominating
principle for perceiving an object as unity in 12 week old infants is the Gestalt rule
of common fate realized in the form of common motion of different object parts
(61). Also adults who have been deprived from visual experience due to blindness
from birth and have gained vision after medical treatment, can recognize moving
objects in a visual scene as a unity before they can perceive stationary objects
as a unity (93). This suggest that the rule of good continuation is learned from
the visual experience of moving objects, and motion is a directed process. Hence
it seems plausible to learn a unidirectional association field from moving scenes.

An influence we did not include in our models so far are top-down interac-
tions from higher cortical areas. The receptive field size in humans and monkeys
increases with higher level of the processing hierarchy from V1 to V4 (138; 122).
At any given eccentricity receptive fields in V2 have more than twice the size than
receptive fields in V1 (32; 10). Hence a cell in V2 gets stronger excitation from
a longer contour matching its receptive field than from a shorter contour. Ac-
cordingly top-down interactions will enhance longer contours more than shorter
contours and improve the performance of models with bidirectional horizontal
interactions. However, for a model which uses only feed-forward and recurrent
connections it is rather difficult to reach human performance with a single bidi-
rectional association field.

In physiological experiments one finds facilitation for neurons representing
collinearly aligned elements and inhibition between receptive fields whose centers
are displaced perpendicular to their preferred orientation (60; 114; 118). Due to
this inhibition the salience of contours with kinks is reduced compared to contours
without kinks. The association fields employed in this study have only excitatory
connections as we originally interpreted those as link probabilities which cannot
become negative. Due to the overall normalization of neuronal activity a zero-
excitation has a similar effect as an inhibition. However, it would be possible
that an inhibition for parallel displaced edge detectors improves the performance
of models using bidirectional association fields, especially for models containing
additive interactions.

We assumed that contour integration is an iterative process. However, we
observed neither that the maximum correlation between model and human ob-
servers shifted to longer iteration times for longer SOA, nor that the minimum
ROC2-correlation shifted to longer iteration times for longer SOA, as we would
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expect for an iterative model. Maximum correlations between model and hu-
mans increased with longer SOA. Hence it might be interesting to see, what
performance and correlations can be reached for SOAs larger than 200 ms. Fur-
thermore it could be that we then observe clearer maxima and the expected shift
to larger SOAs.

Another way of obtaining more information about the temporal dynamics of
contour integration could be to use dynamic stimuli where positions and orien-
tations of Gabors vary with time instead of the static stimuli used so far.

If larger correlations between human subjects occur for longer SOA this would
lead to even higher demands on the model, as the correlations between model and
human observers should at least reach correlations among humans. An important
issue which could not be solved satisfactorily in this study is the question about
the origin of the correlations among human observers. At least partly they arise
due to the decreased performance for contours in the periphery. For curvature and
alignment jitter as well as element spacing we defined different subsets of data and
took into account the different performance for each subset in the ROC-analysis.
However, we could not distinguish between different eccentricities as there was
too little data in each subset if we had partitioned the data further into several
eccentricity classes. In order to determine to what extent the correlations are
caused by eccentricity and to what extent other influences are responsible for
the correlations, it would be necessary to obtain more psychophysical data using
stimuli subsets of different eccentricities of contour elements with sufficiently
many trials for each eccentricity.

An influence which was neglected in the comparison of simulations and human
psychophysics because of the large additional computational effort this would
mean, was the effect of noise on performance and correlations between models
and humans. Generally we would expect noise to reduce the performance of
the model. This effect of noise is particularly relevant wherever the contour is
detected on the basis of small differences between saliences. As the differences in
salience for contour and background elements are generally smaller in the additive
model than in the multiplicative model, we would expect a bigger impact of noise
on the additive model. This could result in the exclusion of additional models,
which do not reach human performance when subjected to noise.

Even though the nature of the systematic errors of humans could not be com-
pletely identified, this study provided a quantitative comparison between model
predictions and human decisions which does not stay on the level of average
performances but takes into account correlations between human responses and
model predictions on a trial-by-trial basis as an additional benchmark. It ana-
lyzed basic properties of different model dynamics and coupling structures and
evaluated many possible model choices employing stimuli of a large range of ec-
centricity, element distance and curvature and alignment jitter. This allowed
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us to rule out several possible model choices and suggested that multiplicative
unidirectional lateral interactions are involved in contour integration in the brain.
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Appendix A

Randomly emerging contours in

a hexagonal grid

In chapter 6 we discussed that the probability of randomly emerging contours in
the background increases with the symmetry of the background positions. Here
we want to determine the probability for randomly arising contours in a hexagonal
grid, like the stimuli used for the simulations in 6.1 analytically.

As stimuli are not perceived with periodic boundary conditions we use non-
periodic boundary conditions here. Given a horizontal row of Nl background
elements and K possible orientations for each background element, what is the
probability P(L|Nl, K) to find a randomly arising contour consisting of L elements?
Under these conditions a contour of length L arises if L adjacent elements of this
row are horizontally oriented. The probability for an element to have a horizontal
orientation is p = 2/K. Vice versa q = 1−p is the probability for an orientation
other than horizontal. We distinguish three different cases: If Nl = L we simply
get P(L|Nl, K) = pL. For L < Nl ≤ 2L we have Nl − L + 1 possibilities to
position a contour of L elements. An example with L = 3 and Nl = 6 is shown
in Fig. A.1. The first possible position for the contour is a contour starting
with the first element. All elements following behind the contour may have
arbitrary orientations. The probability for such a situation is pL. The second
possible position of the contour is a contour starting with the second element in
the row. However, to avoid double counting of the case where the first L + 1

elements form a contour, we require that in this case the first elements must
not be horizontal. All elements following the contour can again have arbitrary
orientations. The probability for this is qpL. Similarly we require for all following
starting positions x of the contour that the element at position x − 1 has not a
horizontal orientation. At the positions 1...(x−2) we allow arbitrary orientations.
For Nl ≤ 2L there are not sufficiently many elements in front of the contour, such
that these could form a second contour of length L. Hence these cases also have
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(b)(a)

Figure A.1: Here horizontal bars stand for horizontal edge elements, ver-
tical bars denote all orientations except horizontal and dots mean arbitrary
orientations. We determine the probability for each possible contour position
requiring some non-horizontal elements prior to the contour in order to avoid
double counting of some edge configurations. (a) Example for Nl ≤ 2L. (b)
Example for Nl > 2L.

the probability qpL. Summing over all these contour starting positions we get
P(L|Nl, K) = pL(1+ (Nl − L)q).

The last possibility is that we have Nl > 2L elements in a row. The first L+1

starting positions for the contour have the same probability as in the case with
Nl ≤ 2L, as we just add elements of arbitrary orientation behind the contour.
However, when the starting position of the contour is x > L + 1 and we have
again a non-horizontal element at position x− 1 we still could have a contour of
length L before the contour starts. This would lead to double counting of certain
edge configurations. Hence for all elements at positions larger than x − 1 all
combinations of orientations are allowed except for configurations which contain
a contour of length L. It follows that the probability to find the first x−2 elements
in such an orientation configuration is 1 − P(L|x − 2, K). This term must again
be multiplied by qpL, and if we sum over all possible starting positions of the
contour we get the recursive expression

P(L|Nl, K) = pL + qpL ·
[
Nl − L−

Nl−L−1∑
Z=L

P(L|Z, K)

]
(A.1)

Now we have the probability to obtain a randomly arising contour in one row.
If we furthermore assume that the display has M such rows, the probability to

150



find at least one such contour is given by

Prand(L|M,Nl, K) =

M∑
k=1

(
M

k

)
P(L|Nl, K)k(1− P(L|Nl, K))M−k (A.2)

according to the binomial distribution. Similarly this can be determined for
diagonal contours. In that case we just have to take into account that the rows
consist of different numbers of elements.
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Appendix B

Average link saliency between

background elements

We want to determine the average link saliency < si,j > between two randomly
oriented background elements i and j. In order to extract a contour from a stim-
ulus, the link saliency between two contour elements as computed by the model
should significantly exceed < si,j >. In order to calculate < si,j > we assume a
continuous distribution of possible orientations and use mean field theory.

The main idea of mean field theory is to replace all interactions, which in a
specific realization of a stimulus target to one body, in this case edge i, by an
averaged or effective interaction. In this way we can reduce a multi-body problem
to an effective one-body problem.

We start with the link saliency between two elements i and j, which is given
by

si,j =

∫
dφi

∫
dφjuθj

(φj)P(φj|φi)uθi
(φi)

where uθj
(φj) is the afferent input for a neuron that has the preferred orien-

tation φj. Here θj is the orientation of the Gabor patch. In order to evaluate the
average link saliency we have to include the probabilistic distribution over edge
orientations ρ(θ) and to integrate over all stimulus orientations

< si,j >=

∫
dθi

∫
dθj

∫
dφi

∫
dφjρ(θi)ρ(θj)uθj

(φj)P(φj|φi)uθi
(φj)

Now we have to distinguish between contour elements and background el-
ements. For background elements the orientations of the stimuli are equally
distributed, thus ρ(θ) = 1

2π
. With this we get

< si,j >
back=

1

(2π)2

∫
dφi

∫
dφj

∫
dθjuθj

(φj)P(φj|φi)

∫
dθiuθi

(φi)
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We can solve the θ-integrals by substituting z = 2θ − 2φ.

∫2π

0

dθ
Ia

2πI0(κ)
exp (κ cos (2θ− 2φ))

=

∫4π−2φ

−2φ

dz
Ia

2πI0(κ)
exp(κ cos(z))

and as the Van Mises-function is periodic in 2π and normalized to 1,

= 2

∫2π

0

dz
Ia

2πI0(κ)
exp(κ cos(z)) = 2Ia

So we find for the averaged background link saliency

< si,j >
back=

I2a
π2

∫
dφi

∫
dφjP(φj|φi)

The association field is given by

P(r, α, β) =
F(r)

2 · (2π)2I0(κα)I0(κβ)
[exp(κα cos(β/2− α) exp(κβ cos(β/2)

+ exp(κα cos(β/2− α− π) exp(κβ cos(β/2− π)]

For simplicity we assume κα = κβ = κaff = κ. As we have only horizontal

connections between the elements we have α = φi and β =
φi−φj

2
. With this

coordinate transformation we obtain the association field

P(φj|φi) = P(r, α, β) =
F(r)

2 · (2π)2I20(κ)

[
exp

(
κ

(
cos

(
φi +φj

2

)
+ cos

(
φi −φj

2

)))

+ exp

(
κ

(
cos

(
φi +φj

2
− π

)
+ cos

(
φi − φj

2
− π

)))]

=
F(r)

8π2I20(κ)

[
exp

(
2κ cos

(
φi

2

)
cos

(
φj

2

))

+ exp

(
2κ cos

(
φj

2
− π

)
cos

(
φi

2

))]

Finally the average background link saliency reads

< si,j >
back =

Ia · F(r)
8π4I20(κ)

[
exp

(
2κ cos

(
φi

2

)
cos

(
φj

2

))

+ exp

(
2κ cos

(
φj

2
− π

)
cos

(
φ1

2

))]
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Substituting φ1/2 = x and performing the integrations with∫π

0

exp(z cos(x))dx = 2πI0(z)

( see i.e. (39), p.336) we obtain

< si,j >
back =

Ia · F(r)
8π3I20(κ)

∫2π

0

[I0(2κ cos(φj/2)) + I0(2κ cos(φj/2− π))]

By substituting u = x − π in the second integral, we see that the two integrals
are the same because cos(u) = cos(−u).

< si,j >
back =

Ia · F(r)
4π3I20(κ)

∫2π

0

I0(2κ cos(φj/2))

We can again substitute φj/2. With

∫π/2

0

J0(2κ cos(x))dx =

∫π/2

0

J0(2κ sin(x))dx = π/2J20(κ)

((39) p.657) and
I0(z) = J0(iz)

we find ∫π

0

I0(2κ cos(x))dx = πI20(κ)

as
∫π/2

0
I0(2κ sin(x))dx =

∫π/2

0
I0(2κ cos(x−π/2))dx =

∫π

π/2
I0(2κ cos(y))dy. This

allows us to compute the average background link saliency as

< si,j >
back =

Ia · F(r)
4π2
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