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Abstract

Texture discrimination plays an important role in image segmentation tasks. We
propose a model of visual texture perception which involves a biological motivated
feature extraction mechanism and the application of a neuro-dynamical model, the
Competitive Layer Model (CLM). After giving an introduction to the “Gestalt”-
approach of perceptual grouping, we will describe the architecture of the fully con-
nected recurrent CLM and propose an algorithm to efficiently simulate the dynamics
of the system. Based upon Gabor filters we present a detailed description of how to
gain a reliable representation of texture features from images. Further stages of pro-
cessing include an early nonlinearity and the spatial pooling of the texture features. A
single interaction function between these features which involves the two principles
of similarity and proximity then allows the usage of the CLM for image segmenta-
tion. We show that our model of texture perception can be applied to a remarkable
range of images known from psychophysical studies and that the results are in good
consistence with human introspection.

1 Introduction

One of the intriguing characteristics of the human brain is its ability to organize the
tremendous amount of information supplied by our senses in such a way that the world
is not perceived as a chaotic stream of impressions, but as a well structured set of entities.

Let us consider the following example to clarify this statement: The image of an old
English castle surrounded by a bunch of trees consists of thousands of different colours.
Hundreds of greenish tones characterize grass patches and tree leaves, a vast amount of
greyish colours might represent the walls of the castle. These walls are not necessarily
visible in whole pieces, but might be occluded by trees standing in front of them. The
sensory information collected by the retina of our eyes is nothingmore but an unstructured
multitude of data depicting frequency and intensity of light. Yet we are not observing an
unstructured set of separated impressions, but a coherently structured representation of
the scene: All elements sharing a common “idea” belong together, we’re just experiencing
a few single entities: the castle, the grass and some trees.�Email: jontrup@techfak.uni-bielefeld.de
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1.1 The Gestaltists

In the late 20’s of this century the Gestalt psychologists around Wertheimer, Koffka,
and Köhler proposed a general framework for understanding human perception. Their
intention was to provide a unified description of psychological phenomena applicable to
a wide range of domains, including other modalities such as auditory or tactile input,
as well as episodic memory, motivation, and problem solving. Their approach centered
around the idea, as Koffka [Kof62] states, that the mind perceptually organizes the world
such that internal representations are of minimal energy and acts within the world so as to
further reduce this energy as much as possible. The concept of “energy” was justified by the
reference to thermodynamical principles, where complex systems like a setup of magnetic
dipoles settle into configurations with minimal energy values. The Gestaltists therefore
postulated a structural isomorphism between brain and behaviour: For each aspect of
physiological neural dynamics there had to exist a corresponding aspect at the mental
level. A new light is shed on this rather bold assumption of an “energy field” in reference
to neurodynamical systems.

At the beginning of the Gestaltist’s approach to perception stands the concept of an en-
vironmental field, which enfolds the total influence on the brain by sensory input. This can
either be atemporal or temporal, which denotes an instantaneous “time slice” of perceptual
input or a continuous sensation, respectively. The way the world is perceived is then de-
scribed by the law of Prägnanz: the environmental field is mentally organized to maximize
simplicity. The direction of greater simplicity is described by greater regularity and fewer
experienced units, or Gestalten. Hence, the process of perception involves unit formation
and simplification in perceptual organization.

1.1.1 The Gestalt Laws

To make this rather vague formulation more concrete, the Gestaltists tried to specify the
form in which this minimization takes place within a general framework of laws. These
laws were mainly based upon introspection, relating external stimuli to internal subjec-
tive sensations. The examples of grouping phenomena were primarily from the visual
domain, although others present examples on auditory and somatosensory grouping as
well [Rob97]. The most important Gestalt laws mainly found in the literature are stated
below:� Law of Proximity: Stimuli are grouped together into higher order units based on

physical proximity.� Law of Similarity: Similar features tend to form salient groups, where similarity can
be applied to properties like brightness, colour, shape and orientation.� Law of Good Continuation: Elements of a contour are grouped togetherwhen these
elements establish an implied direction. Formation of a higher unit is strongly sup-
ported by line elements laying on a straight line. (See Figure 2(c))� Law of Closure: Stimuli forming closed contours are grouped together.

The Gestaltists intendedly chose such simple examples as depicted in Figure 1 and
2, because this made it easier to separate the different mechanisms which might be in-
volved in perceptual grouping. However, these laws are still not precisely formulated in
computational terms. Given such general terms as “similarity” it is impossible to derive
a quantitative theory. Therefore there also exists no general framework describing how
these laws are interacting if more than one is applicable to a given input. See Figure 2(d)
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(a) (b) (c)

Figure 1: Classical illustrations of visual grouping phenomena. Law of Proximity and Similarity: (a) Proxim-
ity: Perception of five vertical groups, (b) Similarity: Perception of five horizontal groups, (c) Similarity: The
region with tilted T’s segregates from the area with upright L’s and T’s (which seems to form a single unit at
first sight)

(a) (b) (c)

(d)

Figure 2: (a) Good Continuation: Looking at the left figure one rather experiences two crossing, instead
of two sharply bend lines, as suggested on the right hand side, (b) Good Continuation: Perception of an
“illusory contour”, the boundary elements are linked together, building a single line, (c) Closure & Good
Continuation: The line elements represented by the “mouths” of the “pacmans” are laying on straight lines,
they also form a closed figure, therefore a white square can be seen here, (d) Closure: Perception of three open
squares

for an example: The figure can either be interpreted as a set of open squares or vertical I’s,
depending on whether the Law of Closure or Proximity is dominating.

1.2 Relevance of Perceptual Grouping to Computer Vision

Consider a robot vehicle, which should navigate autonomously in an unknown environ-
ment. The most natural way for humans to extract information from the surroundings is
to “look and see what’s there”. However, these simple tasks to see where things are, and
what these things are, represent the two major problems in computational vision. They
are usually called image segmentation and object recognition, respectively.

The basic idea of conventional computational models is that visual perception involves
a feed-forward progression of sensory information through various stages of feature pro-
cessing. At each stage the information is gettingmore andmore abstract and finally results
in a symbolic representation of the scene. The beginning of this process is usually charac-
terized by the extraction of basic features like edge positions, colours, lengths, orientations
and contrasts. For a number of reasons, these features are not easy to interpretate (see
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Figure 3: Amodel for visual recognition: The lower part shows the classical bottom-up approach. Perceptual
grouping serves as a top-down control which reduces computational complexity.

[Zhe95] for a more detailed discussion):
Attributes extracted from natural images tend to be degenerateddue to a variety of fac-

tors, such as uncontrolled lightning – which causes highlights and shadows – occlusions,
and sampling effects. Therefore, one has to deal with unreliable and unstable features.

Furthermore, many features are just weak responses and of no significant meaning if
interpretated in isolation. In other words, local features are perceptually ambiguous and
contribute to the overall meaning of the scene only in combination with other – possibly
weak – features.

Therefore, the main problem of the classical bottom-up approach is its computational
complexity: Mohan [MN92] states, that for model matching, recognition is exponential if
no prior knowledge about the feature relations is available.

This is where perceptual grouping plays a significant role: Humans can immediately
detect relationships such as collinearity, connectivity and textual similarity. Unfortunately,
the generality of the Gestalt laws makes it difficult to apply them to artificial computa-
tional systems, “where precision and definitness of procedural description are at a pre-
mium” [Rob97]. Nevertheless, the Gestalt principles give a good heuristic for perceptual
analysis: Parts of the same object are likely to be close together (proximity) and have the
same surface texture (similarity). Occlusion is likely to leave connectable segments on ei-
ther side of the occlusion (good continuation) and distinct objects tend to have a close form
(closure).

Robert [Rob97] notes, that the Gestalt principles are a possible secondary result of
structure in the world: The relations of stimulus properties and the independently verified
breakdowns of these stimuli into objects are statistically correlated and incorporated into
the organization of the perceptual system. Therefore, the Gestalt laws provide a source
of a priori knowledge, which can be used for the integration of a top-down control which
serves as an input to a search-based recognition process. Figure 3 shows a possible inte-
gration of perceptual grouping into a classical model for visual recognition.
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2 The Competitive Layer Model

As Robert [Rob97] notes, one of the main principles in perceptual grouping is that “equal-
ity [similarity] of stimuli produces forces of cohesion, inequality separation.” This princi-
ple is mapped onto the architecture of the Competitive Layer Model which was first intro-
duced by Ritter [Rit90] as a model for spatial feature linking. Similarity and disparity are
expressed by an interaction function between characteristic features. This interaction func-
tion is then used to construct an energy function which measures the quality of a grouping
state. In order to achieve a good perceptual organization the energy is then minimized by
the dynamics of the recurrent CLM. See also [WSR97] for an analysis of the CLM’s dy-
namics and its application to perceptual grouping for point clustering and symmetry and
good continuation grouping of edge elements.

2.1 Architecture

2.1.1 Input and Features

In order to measure the similarity of perceived stimuli, it is necessary to extract a set of
parameterized feature vectors from the input image:mr 2M; 1 � r � N; (1)

where M � Rn is the set of feature vectors, and N the cardinality of M. Furthermore,
each r is associated with a position r 2 R2 which states from where in the input image the
feature was taken. This makes it possible to project the groups found during the grouping
process back into the imageplane, i.e. the image itself can be divided into a set of groups.
The gathered features can represent any modality, a few suggestions are:� Spatial information: Each stimulus can be described by its position in the image.

Therefore,mr = (x; y)T , where x and y denote the x- and y-coordinate of the stimu-
lus’ position.� Colour: Image regions can be described by their colour: mr = (r; g; b), where r; g; b
denote the values for the red, green and blue channel, respectively.� Textual information: Surfaces are usually characterized by a specific textual appear-
ance. So,mr = ttext, where ttext is a suitable local texture description.� Edge information: Objects usually form closed contours, which turn up through
edge detection. So,mr = (x; y; �)T , where x; y denote the position, and � the orien-
tation of an edge element.

The above list is only a small selection of practicable features. The combination of different
modalities into a new attribute is also feasible, e.g. the combination of colour and position.

After the features were extracted during a preprocessing stage, to each of them is as-
signed a scalar intensity value hr . Therefore, the input to the CLM is characterized byI = f(mr; hr)g ; r 2 f1; : : : ; Ng (2)

So, the question is now, how to actually find a good perceptual organization of this feature
set.
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2.1.2 Interactions and Energy Function

Reconsidering the ideas of the Gestaltist’s again, we can say that perceptual grouping
involves the integration of sensual information into higher units, or “Gestalten”. This
unit formation is characterized by some sort of energy minimization, which mirrors the
tendency to form simple and highly regular units.

To obtain a more quantitative mathematical model, the grouping problem can be
formulated in the following way [Wer96]: A good perceptual organization of the feature
setM is achieved if a partition ofM into L disjoint subsetsM�; � 2 f1; : : : ; Lg is found,
such that the sum of the grouping energies

P�E (M�) is minimal. Each M� then
corresponds to a salient “Gestalt”. This process of energy minimization is devolved upon
the recurrent architecture of the CLM.

The CLM consists ofL layerswith index�, each containingN formal neuronswith non-
negative activity xr� � 0. The second structure in addition to the layers are the columns:
Neurons sharing the same position r describe a column with index r. Therefore, we haveN columns with L neurons each. Each input component (mr; hr) is then associated with
its corresponding column r – see Figure 4 for a visualization of the CLM.

Two types of interaction are involved in the construction of the energy-function: Firstly,
a vertical interaction among the neurons of a column sustains the superposition conditionLX�=1xr� = hr; (3)

i.e. the sum over all activities in a column r has to be equal to the input intensity hr. By
meeting this constraint the pattern of the input intensities is divided upon the L layers.

Secondly, the grouping energy of a layer’s activity pattern is determined by a pairwise
lateral feature interaction function f : Activities belonging to similar features – which
therefore might belong to the same perceptual group – are “bound together” by a
positive interaction. Activities belonging to diverse features are separated by a negative
interaction. Hence, for each input image a symmetric N � N interaction matrix with
elements f(mr;mr0) = frr0 = fr0r is computed.

So, taking the lateral and the vertical interaction together we arrive at the following
energy function for the CLM:E = J12 Xr 0@X� xr� � hr1A2 � 12X� Xrr0 frr0xr�xr0� (4)

The first term of (4) is a constraint term corresponding to the superposition condition (3).
The second term measures the sum of all grouping energies of each layer. The parameterJ1 controls the coupling between the superposition constraint and the overall grouping
energy. Unfortunately, it is not clear, how the interaction function f has to be choosen in
order to get a desired grouping behaviour. Once a suitable function is found, the problem
to actually find the minimum of (4) remains. This is a nontrivial problem, because the
complexity of the energy functionmakes it impossible to find a general analytical solution.
Therefore, we have to rely on numerical algorithms, which takes us to the next section.
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Figure 4: The architecture of the Competitive LayerModel is characterized by two types of interaction: Firstly,
all neurons of a column r are vertically competing amongst all layers and secondly in every layer� each neuronxr� is laterally interacting with all the other neurons in that layer.

2.2 Dynamics

2.2.1 Heat Bath Update

Amethod rooted in theoretical physics for the simulation of large scale dynamical systems
is called heat bath method. The key point of this method is to randomly select a state variable
and update its value in such a way that a local energy is minimized [KM97].

This method can be transfered to the CLM in the following way: The dynamics of the
CLM reaches a stable state if _x = 0. Since_xr� = ��r� @E@xr� = �r� �0@J1(hr �X� xr�) +Xr0 frr0xr0�1A ; (5)

we find that _xr� is a linear function of xr�, which gives us the possibility to solve _x = 0
locally, i.e. we look for a value of xr� such that its derivative with respect to time becomes
zero: 0 != _xr� = J1(hr �X� xr�) +Xr0 frr0xr0�= J1(hr �X� 6=�xr�)� J1xr� +Xr0 6=r frr0xr0� + frrxr�= xr�(frr � J1) + J1(hr �X� 6=� xr�) +Xr0 6=r frr0xr0�, xr� = J1(hr �P� 6=� xr�) +Pr0 6=r frr0xr0�J1 � frr (6)

The idea is now to use this as an update rule for an asynchronous dynamics: With prob-
ability pr� = 1NL a neuron xr� is selected and its state xr�(t) is updated to a new state
according to: xr�(t+ 1) = ��J1(hr �P� 6=� xr�(t)) +Pr0 6=r frr0xr0�(t)J1 � frr � ; (7)
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where � keeps up the constraint xr� � 0:�(x) = (0 if x < 0x otherwise
(8)

The question is now: Is the CLM’s dynamic convergent if defined by the stochasti-
cal update rule given by (7)? Feng [Fen97] constructs a Lyapunov function for a neural
network consisting ofN neuronsXi and an asynchronous dynamics defined byXi(t+ 1) = f 0@ NXj=1 aijrjXj(t) + bj1A ; (9)

where Xi(t) is selected with probability pi > 0;Pi pi = 1 and all the other states are kept
unchanged: Xj(t + 1) = Xj(t) 8j 6= i. Furthermore, A = (aij ; i; j = 1; : : : ; N) is a
symmetric N � N matrix, ri � 0; i = 1; : : : ; N and f(x) is a continuous function that is
strictly increasing if � � x � � and f(x) = � if x � �; f(x) = � if x � �. He shows that
the functionL(X(t)) = NXj=1 Z Xj(t)0 rjf�1(y)dy � 12 NXj;i=1ajiXj(t)Xi(t)rjri � NXj=1 rjbjXj(t) (10)

is a supermartingale, i.e. a stochastic process for which holds:E(L(X(t + 1)) j Ft) � L(X(t)); (11)

where L is a measurable function, Ft = �(X(1); : : : ;X(t)) the sigma algebra generated byX(s); s = 1; : : : ; t and E(� j Ft) is the conditional expectation with respect to the sigma
algebra Ft. With other words: The function given by (10) might increase occasionally,
but in the average L decreases with respect to its dynamical evolution, i.e. L is a sort of
“stochastic Lyapunov function” for a dynamical system defined by (9). Note, that when f
is differentiable, L is identical with Hopfield’s energy function for binary and continuous
neurons [Gro88].

Luckily, the heat bath update rule given by (7) is of the same form as (9). If we identify
the position i with position r�, we can setri = 1aij = 1J1 � frr (���0frr0(1� �rr0)� J1�rr0(1� ���0)) (12)bi = J1hrJ1 � frr ;
where �ij denotes the Kronecker symbol. The constraint function � (8) corresponds to the
nondifferentiable function f in (9). However, f is also bounded from above. This is not
the case for �, which is only bounded from below by 0. Fortunately, the Legendre-Fenchel
transformation Feng uses in his proofZ Xk(t+1)0 f�1(y)dy + Z uk(t)0 f(x)dx = uk(t)Xk(t+ 1); t � 0; (13)

where uk(t) = NXj=1 akjrjrkXj(t) + bk (14)
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�
R uk(t)0 �(x)dx

RXk(t+1)0 ��1(y)dy
uk(t)

Xk(t+ 1)= uk(t)
Figure 5: Explanation of the Legendre-Fenchel transformation for �: The sum of the two integrals corresponds
to the area of the square and is therefore equal to uk(t) �Xk(t+ 1).
also applies to �, since �(uk(t)) = Xk(t + 1) for uk(t) � 0. Therefore, as can be seen in
Figure 5, (13) also holds for �.

Therefore, we have that L given by (10) is also a supermartingale for the dynamics
defined by the proposed stochastical update rule (7). However, it is not clear that the pro-
posed Lyapunov function (10) corresponds to the energy function (4). To show that the
proposed stochastical update rule actually minimizes the CLM’s energy function, we ex-

amine the scalar product of�x and ~rE. Because x changes only in the randomly selected
component r�, whereas all the others are kept unchanged, we can write:�x = xr�(t+ 1)� xr�(t)= J1(hr �P� 6=� xr�(t)) +Pr0 6=r frr0xr0�(t)J1 � frr + (�J1 + frr)xr�(t)J1 � frr= J1(hr �P� xr�(t)) +Pr0 frr0xr0�(t)J1 � frr = 1frr � J1 ~rr�E (15)

Therefore, h�x; ~rEi = 1frr � J1 (~rr�E)2 � 0; (16)

if J1 > frr. Note, that (15) is only valid if the activity xr� has not reached its lower bound-
ary xr� � 0 yet. Otherwise, there are two cases possible:

1. xr�(t) = 0; xr�(t+ 1) = 0 ) �x = 0 ) h�x; ~rEi = 0
2. xr�(t) > 0, xr�(t + 1) = 0: In this case, the sign of �xr� is the same as for the

unconstrained case, therefore, h�x; ~rEi � 0 still holds.
So, for each update step �x and �~rE point into the same half-plane, which means that
the activities do not go “uphill” in the energy function:

These two properties – the existence of a global Lyapunov function plus that the
direction of�x points into the “right” direction – guarantee that the proposed stochastical
update rule behaves as desired.

Further Speed Up

Reconsidering the architecture and the grouping assignment property of the Competi-
tive Layer Model, we have that for an attractor state maximally N of the NL neurons are
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Figure 6: For each update step, the activi-
ties do not go “uphill” in the energy function:h�x;�~rEi � 0.

active. Furthermore, an examination of (7) shows that the activities xr� reach their max-
imal values very fast: If all activities are initialized with small random values xr� � hr
then the sums in (7) are close to zero. Hence,xr�(t+ 1) � J1hrJ1 � frr � hr (17)

If then a neuron of the same column r is picked up for an update, then the constraint termP� xr� = hr is already satisfied and therefore its new value is close to zero. This behaviour
was also observed during the simulations. Figure 7 shows a typical development of the
activities during a stochastical update run. It can be seen that already after the first time
step the activities reach a high value of � hr.

If we consider a neuron, which reaches its lower boundary it is likely, that the
constraint � in (7) will be active. Therefore, the expensive computation of the sums would
not be used at all. According to Feng [Fen97], the dynamics allows an arbitrary update
probability pr�. So, the idea is now to omit the computation of xr�(t + 1) if xr�(t) = 0.
However, a complete left out would not be very clever, since activities which were initially
set to zero would be doomed to stay there. Therefore, zero activities are updated with a
certain probability pup. Figure 8 shows the relation between pup and convergence timetConv. According to this data a value of pup � 0:2 seems to be a good choice. In Figure 9
three typical runs for different values of pup are plotted.

The data show, that the modification of the stochastical update mode gained a further
speed up by a factor of � 2.

t = 1 t = 4 t = 10 t = 16
Figure 7: Time development of activities during a stochastical update run: The interaction function for this
example was constructed using only the information about the spatial position of the stimuli. (For details see
[WSR97]). The values for the times t correspond to the number of NL activity updates. The size of the circles
are proportional to the activities of the neurons. It can be seen, that the neurons reach their maximal activity
already after the first update step. Note, that this result was obtained with pup = 0:2.
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Figure 8: Relation between pup and convergence time tConv: The squares depict the mean convergence for 100
runs of the CLM applied to the same input as above. The numbers below the errorbars correspond to the
number of runs, where the stochastical update did not converge to the global minimum. For too small values
of pup the grouping result is getting worse, because no activities are actually updated. Therefore,�E = 0 and
the system stops although the global minimum is not yet reached.
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Figure 9: Three typical runs for different values of pup: For pup = 0 the CLM is not able to find the global
minimum. The corresponding grouping result is shown in the upper right. For pup = 0:2 the grouping
process is about a factor 2 faster than the simple stochastical update with pup = 1.
3 Perceptual Grouping with the CLM

The perceptual grouping of images involves the processing of several features describing
the picture’s contents. As Bergen [Ber91] says:

We have many ways of describing objects of the visual world. We can talk about their
size, shape, colour and position in space. [: : : ] Even with all these words, however, our
description will be incomplete and unreal without some reference to the texture of the
surfaces of the object. They may be smooth or rough, glossy or matt, they may have the
more complex qualities of leather, satin, velvet, paper, slate, wood, sand, wax, fur, or
hundreds of other substances.

Consequently, a lot of researchers have discussed the theory of visual texture percep-
tion. We propose a model based upon the “Back Pocket Model” which texture perception
researchers “routinely pull out from their back pocket” [CL91]. This model applies a set
of linear filters motivated by cells found in the visual cortex of mammals. The response of
those filters is then used to compute a high dimensional texture feature. We will present
further stages of feature processing in order to apply the CLM to the obtained set of at-
tributes. Furthermore, we will construct a feature interaction function which is capable of
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measuring the textual appearance of image regions and which is used for the perceptual
grouping with the CLM.

Taking the texture perception model, the preprocessing of the data and the CLM to-
gether we arrive at a model of visual perception which is applied to a variety of test im-
ages. These include stimuli found in the classical literature about texture segregation,
natural textures taken from the widely cited Brodatz album [Bro66] and a set of images
used for the visualization of the Gestalt laws.

Furthermore, it is shown that the proposed system is also applicable to a restricted set
of simple scenes of a toy world, where it is able to dissolve ambiguous informations.

Most of the images displayed in the rest of this report contain a grey border. These
borders are not part of the pictures. They are just added to separate the figures from the
background and to provide a uniform visual appearance for all examples.

3.1 Texture Perception

Nowadays the assumption that the human visual systemoperates in twomodes is amatter
of records. These two modes can be described as preattentive and attentive [Tre86]. In
the former mode differences in a few local structural features are detected over the entire
visual field. Presumably this mode works in parallel, i.e. the total visual field is searched
instantaneously. The preattentive mode then gives important clues for the attentive mode,
which in turn works sequential. In this second mode, the attention is concentrated on a
small region of interest, and only here a recognition of objects is possible.

Psychophysical studies have revealed, that during the preattentive phase not only ba-
sic features such as colour or brightness are detected, but also more complex features like
orientation or texture [BJ83]; for a review see [Ber91]. An example for this phenomenon is
shown in Figure 10.

Figure 10: Example of preattentive texture based segregation (taken from [Ber91]): We immediately see a
center region which segregates from the region surrounding it. Both regions do not differ in brightness or
colour. The segregation is only defined by a difference in local spatial structure. Note, that the exact form
of the border cannot be seen instantaneously, in order to construct the precise shape of the central region we
probably need attentive mechanisms. The L’s and x’s are randomly orientated and a small jitter is imposed
on their spatial position. Note, that the length of the line elements is the same for both patterns.

Much research on visual texture perception was pioneered by Bela Julesz and his col-
leagues. Julesz was one of the first who systematically investigated the abilities of humans
to discriminate between different textures. His work goes back to 1962 where he studied
the perception of random dot textures. Later he proposed, that texture discrimination
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could be explained in terms of first order differences between local features called textons
[Jul81]. Textons are defined as elongated blobs of specific color, orientation, length and
width, along with their terminators and line crossings. However, later it was shown that
the texton-theory is inconsistent with the segregation of certain patterns [Not91].

Recent studies of texture perception have demonstrated the importance of spatial fre-
quency information in connection with texture segregation phenomena. It was shown
by various investigators that texture segregation can be explained on the basis of spatial-
frequency and orientation-selective linear filters. Therefore, many researchers have pro-
posed computational models based on a standard model called “Back Pocket Model”
[BCG90, Cae88, FS89, HPB96, IRSB95, JF91, LB91, MP90, MC93, RW91, Tur86], which uses
scale- and orientation-selective mechanisms. (See section 3.3 for a detailed description of
the model). These mechanisms – also commonly referred to as channels, pathways, detec-
tors, units or neurons – are believed to exist at a relatively low level in the visual system.
Therefore, the next section takes us to early vision models.

3.2 Motivation for the Feature Extraction

3.2.1 Early Vision

The human visual system has drawn the attention of many researchers and the visual
cortex is one of the most studied areas in the brain. It is certainly not in the scope of this
report to present the tremendous amount of biological information that has been gathered
so far. The interested reader is referred to the excellent summaries of Valois & Valois
[VV88] and Lennie [Len80]. However, to give a rough idea of its anatomy, a simple sketch
of the human visual pathway is depicted in Figure 11.

Of special interest in the light of texture perception are the studies of Hubel andWiesel
which go back to 1959. They found that cells in the primary visual cortex in cat, and the
vast majority of those in monkey, respond to lines of only certain orientations. Hubel and
Wiesel differentiated between simple and complex cells. The former only respond to stimuli
at a particular location in the visual field and are generally considered linear integrators
of luminance within their receptive fields. In contrast, complex cells exhibit a number of
fundamentally nonlinear behaviours and also respond across a region much wider than
the optimal stimulus. Hubel and Wiesel therefore suggested that complex cells receive

Optic
Radiation

Rays of
Light

Primary
Visual Cortex

LGN

Retina

Figure 11: The visual pathway in the human brain: Light falls through the eye on the retina, where cells of
different types encode features like colour and brightness. From there the information passes through the
optic nerve to the Lateral Geniculate Nucleus (LGN), from where it is projected via the optic radiation to the
visual cortex.
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inputs from lower level simple cells. However, recent studies have shown, that such a pure
hierachical model is probably not justified [MRA97]. In the following we will concentrate
on simple cells.

Mathematically, a simple cell can be described functionally

+ + +

- -

- -

Figure 12: Sketch of the re-
ceptive field of a simple cell

in terms of its receptive field, which depicts the response of that
neuron to a small spot of light depending on the stimulus po-
sition. An example for the receptive field of a simple cell is
shown on the left. The central oval region depicts those loca-
tions, where the neuron is excited by a spot of light, the sur-
rounding regions labelled with ’-’ inhibit the cell’s activity. The

receptive field of a simple cell is localized in the space-domain (location specific) as well
as in the frequency-domain (orientation and scale specific).

In 1946 Gabor showed that analogous to Heisenberg’s uncertainty principle in quan-
tum physics, an arbitrary accurate localization in both domains cannot be achieved simul-
taneously. Gabor proposed a certain class of functions achieving the theoretical lower limit
of joint uncertainty in time and frequency:g(t) = e� (t�t0)2�2 +i!t; (18)

which in complex notation describes the modulation product of a complex exponential
wave with frequency ! and a Gaussian envelope of duration � occurring at time t0.

Daugman [Dau85] extended Gabor’s work to a two-dimensional frame and demon-
strated that 2D Gabor filters have optimal joint resolution in such a sense that they mini-
mize the product of effective areas occupied in the 2D space and 2D frequency domains.
A two-dimensional Gabor function g(x; y) and its Fourier transformG(u; v) can be written
as: g(x; y) = e�� (x�x0)2�2x + (y�y0)2�2y �e�2�i! (x�x0) (19)G(u; v) = e�� (u�!)2�2u + v2�2v�e�2�i (x0(u�!)+y0v); (20)

where (x0; y0) is the center of the receptive field in the spatial domain, �x and �y are the
widths of the Gaussian envelope along the x and y axes, respectively, ! is the frequency of
a complex plane wave along the x-axis, and �u = 12��x , �v = 12��y . Filters with arbitrary

orientations can then be obtained via a rigid rotation of the x-y coordinate system. Note,
that (19) describes a complex function, which contains an even symmetric cosine and an
odd symmetric sine component. Such a filter is also called a quadrature filter. A plot of an
even symmetric 2D Gabor is shown in Figure 13. Daugman now proposed that

[...] the visual system is concerned with extracting information jointly in the 2D space
domain and in the 2D frequency domain, and because of the incompatibility of these
two demands, has evolved towards the optimal solution via 2D channels that roughly
approximate 2D Gabor filters.

This suggestion was based on the physiological experiments of Jones and Palmer [JP87],
who found that the great majority of their cells could be well fitted by 2D Gabor elemen-
tary functions. Since then many researchers have used 2D Gabors as “biological moti-
vated” filters.

In contrast to this opinion there also exist studies which criticize that the lower reso-
lution limit in the conjoint space is only achieved by 2D Gabors in their complex form,
whereas the receptive field of simple cells can be described only by real-valued functions
[Sto90]. However, there is also evidence that simple cells exist in quadrature-phase, i.e.
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Figure 13: An even symmetric two-dimensional Gabor function (a) and its Fourier transform (b). Note that
(a) resembles a receptive field as shown in Figure 12. The figure shows that the size of the receptive field is
limited in both domains.

adjacent neurons have spatial receptive fields which share the same location in space and
the same orientation preference but differ by 90 deg in their phase [PF81].

Other authors have proposed functions such as differences of Gaussians (DOGs) or dif-
ferences of offset Gaussians (DOOGs) to model the receptive fields of simple cells [Sto90].
We believe that the precise shape of these functions is not a critical choice. All of the
proposed functions exhibit very similar properties. All of them are orientation and scale
sensitive and should not make much differences for the outcome of any computational
model which uses “simple cells” as feature extractors.

Because Gabor functions are mathematically simple and heavily used in computer vi-
sion systems, we will follow the same way and concentrate on 2D Gabor functions as a
model for simple cells in primary visual cortex.

3.2.2 The Watson Model

In the section above we have motivated the class of functions which we use to model the
receptive fields of simple cells. The question is now, how these feature extractors should
be used to process a given input image.

Reexamining the definition (19) or (20) of the 2D Gabor functions, we see that they
have four degrees of freedom if we just want to characterize the form of the receptive field
and omit its spatial location (x0; y0). For the frequency domain these are !; �u; �v and
the orientation �. See Figure 14 for a visualization of these parameters in the frequency
domain.

A commonway to describe the size of the receptive fields is tomeasure their frequency
and orientation bandwidth, which are defined as:Bf = log2 ! +pln 2 �u! �pln 2 �u! (21)B� = 2 tan�1 pln 2 �v! ! ; (22)

where Bf is measured in octaves and B� in degrees.

Daugman [Dau88] and others [BCG90, MM96c, JF91] have proposed that an ensemble
of simple cells is bestmodelled as a family of self-similar 2DGabor filters. We can construct
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v pln 2 �upln 2 �v� !

Figure 14: Degrees of freedom of a 2D Gabor function in the frequency domain: The dashed ellipse indicates
the half-amplitude contour of the Gaussian (corresponding to one peak in Figure 13(b)) and is characterized
by �u and �v . The frequency ! denotes the distance from the origin, and the angle � the orientation of the
Gabor.

such a set of self-similar functions, commonly referred to asGabor wavelets by a scaling and
rotation of the x-y coordinate frame:gmn(x; y) = g(x0; y0);x0 = a�m(x cos�n + y sin�n) andy0 = a�m(�x sin�n + y cos�n); (23)

where a > 1 is the scaling factor, �n = n2�K , n = 1; : : : ;K is the rotation angle, where K is
the total number of orientations, andm = 1; : : : ; S, where S is the number of scales.

Watson [Wat87] and others [Lee96, Dau88] have demonstrated that a set of filters ar-
ranged in a daisy-like pattern as shown in Figure 15 is able to give a good description of
an image coding scheme. It is “good” in such a sense that a sparse sampling of the phase
space (which is spawned by m;n; x0 and y0) is sufficient for a complete representation of
arbitrary image data. Furthermore, physiological data suggests that the cortical sampling
density is far greater than the density required to obtain a complete representation. Lee
[Lee96] concludes in his paper that

the visual cortex is primarily concerned with extracting and computing perceptual
information [...] The simple cells, modelled by Gabor wavelets [...] facilitate these com-
putations by providing an ideal medium for representing surface texture and surface
boundary with high resolution.

3.3 Obtaining the Features for Perceptual Grouping

So far we have motivated a construction scheme for a set of filters which is suitable as an
image representation code. Because such a set of filters is able to reconstruct an image
without essential loss of information, the filter responses necessarily contain the informa-
tion for texture segregation. This has lead to a general model that “texture perception
researchers routinely pull out from their back pocket to make sense of new instances of
preattentive texture segregation” [CL91]. This Back Pocket Model generally consists of
three stages:

1. A variety of linear filters is applied to the input image, resulting in a set of neural
images, one for each filter. They are commonly referred to as channels.

2. Local transformation of each neural image by some sort of energy measure (e.g. tak-
ing the square or absolute value).
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Figure 15: 2D Gabor filter arrangement in a daisy-like pattern (taken from [MM96c]): As in Figure 14 the
ellipses indicate the half-peak contours of the Gabor filters in the frequency domain. The figure describes 6
orientations at 4 different scales. The advantage of this construction scheme is that almost the whole frequency
space is covered, whereas the individual filters have as little overlap as possible. Note, that one lobe of the
Gabors is omitted. This can be done without loss of information for even symmetric filters. (The reason for
this is that the Fourier transform of a real-valued image has conjugate symmetry. Therefore, the product of the
symmetric filter and the Fourier transform of the image also has conjugate symmetry and therefore contains
redundant information.)

3. Passing of the entire set resulting from step 2 to a segmentation system whose pur-
pose is to partition the visual field.

It is not clear, how exactly these steps have to look like in order to achieve results con-
sistent with human texture perception. Furthermore, there is evidence, that the sort of
nonlinearity described in step 2 is not sufficient to account for certain texture segregation
phenomena.

In the following sections we will present the steps described above in more detail and
propose some modifications to the model.

3.3.1 Channel Extraction

As we have seen in section 3.2.2, a set of self-similar 2D Gabor filters arranged on a
daisy-like pattern in the frequency domain provides a good method to represent visual
information in terms of early vision mechanisms. The question arises which parameters
exactly we should use to generate such a set of filters, i.e. how many scales and orienta-
tions and which type of filters (symmetric, asymmetric or both) we should use.

Even Symmetric vs. Odd Symmetric Mechanisms

There is strong evidence due to the results of Malik and Perona [MP90], that preat-
tentive texture segregation is mainly based on even symmetric mechanisms. Based
on experimental results [RHC88] they construct two different texture patterns, from
which only one segregates preattentively. Then they show, that for the segregation only
even symmetricmechanisms are relevant. We repeat their arguments in the following part.

Artificial textures can be easily constructed from so-called micropatterns. These in turn
can be described by their symmetry:

1. Two micropatternsM1 andM2 are said to be xy-mirror symmetric (xy-ms) ifM1(x) = �M2(�x) (24)
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(a) (b)

Figure 16: Two artificial textures constructed of mirror symmetric micropatterns: (a) is constructed of xy-ms
pairs as defined in (24) and segregates preattentively: the left hand side differs significantly from the right
hand side, (b) is constructed of y-ms pairs as defined in (25). Note, that the border region between the two
textures “pops out”, but the left hand side of the texture does not segregate from the right hand side.

2. Two micropatternsM1 andM2 are said to be y-mirror symmetric (y-ms) ifM1(x) = M2(�x) (25)

See Figure 16 for an example of such textures.

In order to achieve a segregation effect we need some sort of measure which gives us
a different description for different textures. Since we do not want a descriptor which
varies much if applied to a uniform texture, this measure has to work on an area at least
the size of one micropattern. Otherwise, only local differences within one texture element
would be measured. A widely used method to obtain such a measure is to compute
the statistical properties of the signal, such as the mean value or standard deviation. In
context of neural nets this approach is commonly referred to as spatial pooling, i.e. there is
one neuron that sums up the output of several other units from a lower level. The actual
pooling process used in our model is described in section 3.3.3.

Considering an xy-ms pair of texture elements, such as depicted in Figure 16(a), we
see that a convolution with an even symmetric filter preserves xy-mirror symmetry. On
the other hand, a convolution with an odd symmetric filter, turns it into a y-ms pair, as
can be seen in Figure 17. Now, any two patterns with y-mirror symmetry necessarily have
identical spatial averages – this follows directly from (25). This is not the case for xy-
ms pairs, which have spatial averages of opposite sign. Therefore, to segment a texture
consisting of xy-mirror symmetric pairs, we have to rely on even symmetric mechanisms.
Note, that the above comments still hold, if we apply a nonlinear scaling function to the
output of the filter responses.

The situation is reversed if we consider a y-ms pair of texture elements as shown in
Figure 16(b). Convolution with an even or odd symmetric filter yields a pair of y-ms orxy-ms patterns, respectively – see Figure 18. Hence, segregation of y-ms patterns can only
occur if the visual system uses the different outputs of odd symmetric channels.

Figure 16(a) segregates preattentively, Figure 16(b) does not. Therefore, Malik and
Perona [MP90] state: “One could conclude from this result that odd symmetric mecha-
nisms are not utilized in texture perception but that even symmetric are.” They report that
they have not found any textures for which odd symmetric mechanisms were necessary.
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Figure 17: Convolution of an xy-ms pair of micropatterns with an even and odd symmetric filter, respectively:
(a) shows the cross section of an xy-ms pair of micropatterns (see Figure 16(a)) along the x axis, (b) denotes
the convolution of (a) with an even symmetric filter as depicted in the upper middle, (c) the convolution of
(a) with an odd symmetric filter as shown in the lower middle. Note that (b) is also xy-ms, whereas the odd
symmetric convolution “reversed” the symmetry and yielded a y-ms pair, where both patterns necessarily
have identical spatial averages.
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Figure 18: Convolution of an y-ms pair of micropatterns with an even and odd symmetric filter, respectively:
(a) shows the cross section of an y-ms pair of micropatterns (see Figure 16(b)) along the x axis, (b) denotes the
convolution of (a) with an even symmetric filter as depicted in the upper middle, (c) the convolution of (a)
with an odd symmetric filter as shown in the lower middle. Again, the convolution with an even symmetric
filter preserved the symmetry, whereas the odd symmetric filter reversed it.
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This is the same observation we made in our experiments, and we therefore exclude odd
symmetric mechanisms from our model.

An important behaviour of simple cells is that they have zero d.c. response, i.e.
they do not respond to uniform luminance. This is also necessarily the case for odd
symmetric filters, since

R1�1 g(x) dx = 0, for any odd symmetric function g. On the other
hand, for even filters we generally cannot guarantee this property. In order to reduce
the computational complexity, we apply the set of filters in the frequency domain. By
explicitly setting each filter at (u; v) = (0; 0) to zero we force that their responses have zero
mean and do not respond to uniform luminance. A filter response to a given input im-
age is then equivalent to a convolution of the corresponding receptive fieldwith this input.

Number of Scales and Orientations

We still have not specified the number of scales and orientations we should use for
the filter bank. According to physiological experiments [VYH82, VAT82] the median fre-
quency and orientation bandwidths of simple cells are 1:4 octaves and 40 deg, respectively.
Because we only use even symmetric filters, two filters of orientations � and �+ 180 deg
are equivalent. By choosing 5 equally spaced orientations we therefore arrive at a filter
bank with their optimal stimuli separated by 180=5 = 36 deg.

In order to achieve a good coverage of the frequency domain with little overlap be-
tween each filter we use the following scheme to construct the proposed daisy-like pat-
tern: !m = �34!max

� 2�m+1 (26)�m = !m 2Bf � 1pln 2 (2Bf + 1) ; (27)

where !m is the frequency of the filter corresponding to scale m, m = 1; :::; S, !max is
the highest spatial frequency in the input image, �m is the width of the corresponding
Gaussian, and Bf is the frequency bandwidth. The different orientations are obtained via
a rigid rotation of the (u; v) coordinate frame analogous to (23).

By choosing S = 3, Bf = 1, and an aspect ratio of one, i.e. �u = �v , we obtain a set of
Gabor filters as shown in Figure 19. The figure shows, that the pattern actually achieves an
almost coverage of the frequency domain. By applying this filter bank to an input image
and summing up all responses, we obtain a reconstruction of this input, where only those
spatial frequencies are missing which are not covered by our set of filters. An evaluation of
this reconstruction can be used as a heuristic to estimate the numbers of scales we should
use.

Figure 20 shows three different reconstructions of the texture in Figure 16(a). The first
was obtained by a filter bank using only two scales, i.e. the same set as shown in Figure 19
was used but the innermost ring denoted by C was omitted. The second and third recon-
struction used three and four scales, respectively. It can be seen, that two scales are not
sufficient to capture the structure of the original image. The center region of the micropat-
terns is too large to be covered by the receptive fields. Three scales give a still somewhat
distorted image, but in contrast to two scales the structure of the micropatterns is com-
pletely captured. The usage of four scales does not significantly improve the quality of the
reconstruction. Since in our experiments no textures with larger structures than shown in
this example were used, we will rely on a filter bank consisting of three scales.
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Figure 19: The set of 2D Gabor filters used for the feature extraction: On the left hand side the daisy-like
pattern of the frequency domain is shown. Again, the circles denote the half-peak contours of each 2D Gabor.
Their corresponding receptive fields in the spatial domain are depicted on the right. Note, that small receptive
fields in the spatial domain have a large counterpart in the frequency domain, and vice versa. This also
expresses the uncertainty relation and shows that information content in spatial and frequency domain are
inversely related.

(a) (b) (c)

Figure 20: Reconstruction of an input image: The images (a)–(c) were obtained by the summation over the
responses of all filter elements to the input shown in Fig. 16(a) For visualization issues, the reconstructions
were scaled to full contrast. In (a) only two scales were used, (b)was obtained using the three different scales
shown in Fig. 19, and in (c) a further scale was added to the set. See the text below for an interpretation.

Taking everything together, we apply a set of 15 even symmetric 2D Gabor filters with
forced zero d.c. response to a given input image. In the frequency domain these filters are
arranged in a daisy-like pattern with 5 orientations and 3 scales. Therefore, for each input
image we obtain a set of 15 filter response images, or channels, as shown in Figure 21.

...Input Image

Filter Bank c1 c2 c3 c15
Figure 21: Obtaining the channel responses: The filter bank is applied to a given input image, resulting in 15
different filter responses, or channels, c1 to c15. The sum over all ci almost completely reconstructs the input
image.
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3.3.2 The Nonlinearity

As we will see in this section, we need to incorporate some nonlinear mechanism in order
to reproduce certain aspects of human texture segregation.

Let g(x; y) and G(u; v) be the receptive field of the filter in the spatial and frequency
domain, respectively. Furthermore, let m(x; y) and M(u; v) be a texture pattern and its
Fourier transform. Because we use zero d.c. filters, G(0; 0) = 0. Therefore, the productGM is zero at (0; 0) as well. This means that the average of g�m is also zero. Consequently,
if we average the filter response over a region large enough, we obtain an average response
of zero for any pattern. This can be seen in Figure 22, where two filter responses to the
different textures of Figure 16(a) and their corresponding averages are shown.

-1

-0.5

0

0.5

1

-20 -10 0 10 20

(a)

-1

-0.5

0

0.5

1

-20 -10 0 10 20

(b)

Figure 22: Average response of one of the proposed filters to the two different texture regions of Figure 16(a):
(a) shows the crossection along the x axis of the response to the left texture area. The straight line at zero
corresponds to the mean value taken over a region about the size of the filter’s receptive field. (b) shows
the same information for the right texture area. Note, that the average response is the same for both regions.
Therefore, a segregation is not possible.

The average response of the zero d.c. filter is the same for both textures. Therefore, a
segregation is not possible. This circumstance provides a motivation to add some sort of
nonlinearity to the channels. According to Malik and Perona [MP90] there are at least two
physiologically plausible choices for such a nonlinearity:

1. A nonlinear contrast response function, or

2. Lateral interactions within and among different channels

Albrecht and Hamilton [AH82] measured the responses of 247 neurons recorded from
the striate cortex of monkeys and cats as a function of the contrast intensity of luminance-
modulated sine-wave gratings. They describe a qualitative contrast response function that
applied to the majority (some 80–90%) of the measured cells:

In general then, as the contrast of a grating increases, the response of a striate cell
increases in a relatively linear fashion. [...] The slope covers a restricted contrast range
(generally less than 1 log unit of contrast). At approximately 50–60% of the maximum
response of a cell, the function begins an accelerating compression. Ultimately, the
response totally saturates.

In order to mimique this behaviour, we introduce a sigmodial contrast transfer function
(CTF), which operates on each channel. The actual function we use is a hyperbolic tangent
as shown in Figure 23.
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Figure 23: Contrast response function: A hyperbolic tangent is used tomimique the contrast response function
of simple cells. For high contrast this function causes a saturation effect. In the first 10% of the contrast range,
the response increases linearly, then it quickly approaches the saturation level.

If we now apply this contrast transfer function to each channel, we avoid the problem
that the filter responses become zero if spatially pooled over a larger region. The same tex-
ture pattern as above is used to demonstrate the effects of the nonlinear CTF in Figure 24.
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Figure 24: Effects of the nonlinear CTF: Comparing (a) and (b) with the responses shown in Figure 22, we
see that the nonlinear stretching of the curves has changed the average values of the signals which can now
be used to discriminate between the two patterns. Note, that the xy-mirror symmetry of the patterns causes
average values of opposite sign. A y-ms texture patternwould still not segregate due to the reasonsmentioned
in section 3.3.1.

The usage of the CTF is also motivated by empirical evidence that an early nonlinearity
is necessary in order to explain human texture perception [GBS92, LB91]. A similar con-
trast response function is also used in the models of Caelli [Cae88] and Jain & Farrokhina
[JF91].

3.3.3 From Gabor Responses to Texture Features

After the application of the CTF we arrive at a set of 15 nonlinear transformed response
images. The question is now, how to extract a meaningful texture description from this set.
Manjunath andMa [MM96c] propose a method based upon the statistical properties of the
response signals. For each channel they compute the unnormalized mean and standard
deviation over the whole image:�mn = ZZ jcmn(x; y)j dxdy (28)�mn =sZZ (jcmn(x; y)j � �mn)2 dxdy; (29)
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where cmn is the response in channel mn corresponding to scale m and orientation n.
Taking all channels together, they arrive at a 2KS-dimensional feature vector�h = (�11; �11; �12; �12; : : : ; �SK ; �SK)T ; (30)

where S and K are the total number of scales and orientations, respectively. They use this
feature vector to compute the global difference in the textual appearance ofwhole images.
In contrast to this, our aim is to detect local textual differences within a single image. A
common approach to establish this is to divide the image into a set of small overlapping
rectangular blocks centered on a regular grid. Hofmann et al [HPB96], for example, used32� 32 sized blocks on a 64� 64 grid for 512� 512 images. Then for each block the texture
feature vector is computed and associated with the corresponding grid position.

Themore grid positionswe use, themore accurate is the localization of texture borders.
Maximum accuracy is achieved if the grid resolution is equal to the resolution of the digital
image in pixels. Note, that in this case the computation of the mean value over a small
block of sizeM�N is equivalent to a convolution of the image with anM�N filter kernel
with entries 1MN . Such a convolution in turn corresponds to a smoothing of the image data.
In digital image processing it is well known, that the convolution with rectangular filter
masks only leads to suboptimal smoothing results [Jäh93, Ver91]. Much better results are
obtained with Gaussian kernels. Therefore, we arrive at the following texture features:�mn(x; y) = cCTFmn (x; y) � gsmn(x; y) (31)�mn(x; y) =q�cCTFmn (x; y)� �mn(x; y)�2 � gsmn(x; y); (32)

where � denotes the convolution operation, cCTFmn is the response in channel mn after the
nonlinear scaling with the contrast transfer function, and gsmn is the corresponding Gaus-
sian filter kernel given by gsmn(x; y) = e�x2+y2�mn ; (33)

where �mn is the width of the smoothing filter.

Note, that in contrast to (28) and (29) we do not use the absolute value of the channels
response. The reason for this is clear, if we reconsider Figure 24: The two patterns only
segregate due to their different signs. By taking the absolute value of the response, this
difference would be lost, and thus the textures would not segregate.

A critical choice is the filter width �mn. Since texture is a quality which cannot be asso-
ciated with a single point, but a certain region of the image, a more reliable measurement
of texture features calls for large sizes. On the other hand, an accurate localization of tex-
ture borders demands smaller sizes. In our experiments we found a heuristical value of
three times the size of the receptive field’s Gaussian envelope to be a good choice. The
relation of the sizes is shown in Figure 25.

Summing everything up, we arrive at the following stages for the feature extraction
process:

1. Compute the set of 2D Gabor filters tuned to 5 different orientations and 3 scales
according to the daisy-like pattern scheme described by (26) and (27).

2. For each element of the filter bank, compute its response image, or channel, cmn to
the given input.

3. Apply the nonlinear contrast transfer function to each channel cmn, yielding cCTFmn .
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(a) (b)

Figure 25: Size of Gaussian smoothing filter in relation to its corresponding receptive field: (a) shows the
channel’s receptive field in the spatial domain, (b) shows the Gaussian filter which is used to smooth the
response in that channel. The width of the smoothing Gaussian is three times the size of the receptive field’s
Gaussian envelope.

4. Compute the texture features �mn and �mn for each of the 15 channels according to
(31) and (32).

Therefore, we get 30 images which summarize the relevant properties of the textual ap-
pearance of the input. Hence, for each position (x; y) in the input image, we get a 30-
dimensional feature vector h(x; y) describing the local texture at that point:h(x; y) = (�11(x; y); : : : ; �53(x; y); �11(x; y); : : : ; �53(x; y))T (34)

To give an idea of how the feature images actually look like, an example is shown in
Figure 26.

3.4 Grouping of Texture Features with the CLM

So far we have motivated the feature extraction process which generates the set of feature
vectors h(x; y) with Mx �My elements, where Mx and My denote the width and height
of the input image, respectively. For a description of the feature extraction in context to
perceptual grouping with the CLM, reconsider section 2.1.1.

In order to apply the CLM, we need to find a suitable pairwise interaction function frr0
as described in section 2.1.2. Since frr0 expresses the similarity of two stimuli we can think
of frr0 as a kind of distance metric defined on M, the set of feature vectors. As we will
see in the next section, it is a nontrivial problem to find a good distance measure on a high
dimensional space.

3.4.1 The Curse of Dimensionality

The term “curse of dimensionality” was first introduced in 1961 by Bellman who used it to
describe the complexity of computations where the number of computations exceeds the
available computing power [HH96]. Recently, it is also used in context with classification
tasks and refers to the difficulties associated with the exponential growth of hypervolume
as a function of dimensionality. In a high dimensional space, data samples quickly become
“lost” in the wealth of space.

In our case this problem is caused by the 30-dimensional feature vector we use to
describe the textual appearance in an image. As can be seen in Figure 26 just a few
features contain the necessary information to segment the different textures. Ideally,
only these vector components should be incorporated into the interaction functionfrr0 . This cannot be done, because it is not clear a priori which features have a high
discriminatory power for a given input image. On the other hand, if we take all vector
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(a) (b) (c)

(d)

Figure 26: Example for the set of feature images: (a) shows the input image consisting of different micropat-
terns, (b) illustrates channel c22 , which is the response of a filter tuned to a diagonal orientation from the
upper left to the lower right (corresponding to B2 in Fig. 19), (c) shows the response after transformation with
the nonlinear CTF. In (d) the feature images �mn and �mn form = 1; : : : ; 3, n = 1; : : : ; 5 are shown. The orga-
nization is as follows: The three rows correspond to the three scales with the first row describing the smallest
scale. In each row, the first five images display �mn, the last five �mn. Note, that mainly �25 contributes to
the segregation of the two different textures. For visualization issues each image was scaled to the interval
[0,255].

elements into account for the calculation of the distance measure, then for each element
with low discriminatory power, noisy information is added. This can severely reduce the
segmentation performance – see also Pichler et al [PTH96] for a discussion on this topic.
Therefore, we seek for a representation of the feature vectors in a lower dimensional space
without loosing much of the information contained in the data.

Principle Component Analysis

Principal Component Analysis (PCA) is a statistical technique for calculating the direc-
tions of maximal variance of a set of data points in some high dimensional space. Consider
a set of n-dimensional data samples fxrgr=1;:::;N � Rn , whereN is the number of samples.
The covariance matrix of the data set is given byC = 1N NXr=1(xr � �x)(xr � �x)T ; (35)

where �x = 1N NXr=1 xr (36)
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is the mean of the data vectors. The elements Cij describe the covariance of the vector
components xi and xj . Since C is a symmetricN �N matrix, it may be written in the formC = GLGT ; (37)

where L is the diagonal matrix of eigenvalues �i of C, and G is an orthogonal matrix whose
columns are the normalized eigenvectors vi of C with length jjvijj = 1; vi is then called
the ith principal component of the data sample.

The principal components fvigi=1;:::;n form an orthogonal basis set of the n-
dimensional vector space. Furthermore, the principal component v1 corresponding to
the largest eigenvalue �1 is the direction of greatest variance, v2 is the direction of second
greatest variance, and so on – see also Figure 27.

x1
x2 v1v2

Figure 27: Illustration of the principal components of a 2-dimensional data distribution: The elongated blob
denotes a set of 2D data points in the x1x2 space. The vectors v1 and v2 correspond to the direction of greatest
and smallest variance of the data set, respectively. They are called the principal components.

Since the vi form an orthogonal basis set, we can represent the data sample in terms of
this new basis as wr = GTxr; (38)

The transformation given by (38) is commonly referred to as the Karhunen-Loeve Transfor-
mation (KHL). The components of the wr are uncorrelated. The idea is now to summarize
most of the variability of the data using only the principal components with the highest
variances, and therefore reducing the dimensionality.

The “proportion of total variation” [MKB79] explained by the first k principal compo-
nents is given by (�1+ � � �+�k)=(�1+ � � �+�n). Therefore, if we reconsider the example of
the feature vectors shown in Figure 26, we obtain from the PCA, that the first 4 principal
components of fh(x; y)g contribute to 75% of the overall variation in the data – see also
Figure 28.
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Figure 28: Eigenvalues corresponding to the principal components of the 30-dimensional feature space shown
in Figure 26. The first four principal components contribute to 75% of the overall variation in the data. Note,
that the bars were scaled, so that their total height is equal to one.

We get additional information about the relevance of these four components, if we
take a look at the feature vectors after the Karhunen Loeve Transformation: As shown in
Figure 26 the set of the 30-dimensional feature vectors h correspond to 30 feature images.
After the transformation of h according to (38) we obtain a new set of 30 images, which
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now describe the set of feature vectors in terms of their principal components. The first 4
of these images are shown in Figure 29.

(a):1st (b):2nd (c):3rd (d):4th

Figure 29: Orthogonal projection of the feature vectors: (a) corresponds to the projection of h(x; y) as defined
in (34) onto its first principal component. It can be seen, that this linear-combination of feature vector com-
ponents separates the outermost border region from the rest of the texture. This is due to the fact, that the
texture elements at the border do not have any neighbours, and therefore produce a different local texture de-
scription. In (b) it can be nicely seen, that the feature set contains a direction, where the two different textures
segregate very well. In (c) noisy information predominates. The visible structure in (d) corresponds to the
micropatterns themselves: The small bright speckles indicate the position of a single texture element.

To gain a better intuition of the topological structure of the transformed data set, we
plot the first 3 components in R3 as shown in Figure 30. Though two components contain
noisy information, a clear structure is visible and allows a sensible texture segmentation.
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Figure 30: (a): 3D-plot of the first 3 components of the data set after the KHL transformation. The colour of
the points is chosen according to their position in the transformed space: The red channel corresponds to the
first principal component and goes from the back to the front, the green channel corresponds to the second
p.c. and goes from the left the right, and the blue channel corresponds to the third p.c. and goes from the
bottom to the top. In (b) the colour of the points is mapped back into the image space: Each pixel at position(x; y) is coloured according to the colour of its feature vector in (a).

Another interesting aspect of the PCA is that it provides us with a method to see which
linear combination of 2D Gabor filters produces a good segmentation of two textures. The
projection onto the second p.c. as shown in Figure 29(b) is a linear combination of 30
features corresponding to the mean and variance of the response of 15 2D Gabor filters,
respectively. If we now map the coefficients of this linear combination onto the daisy-like
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pattern of the filter arrangement, we get two images indicating which features contributed
mostly to the segregation of the texture pattern: One for the features that were obtained
from the mean responses, the other for the features obtained from the responses’ variance.
As can be seen in Figure 31, the linear combination of �22; �23, and �25 with an emphasize
on �25 is responsible for the segregation of Figure 26(a).
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Figure 31: Linear combination of 2DGabor filters in the frequency domain: The left and right part of the image
show the arrangement of filters whosemean responses and variances contributed to Figure 29(b), respectively.
It can be seen, that �25 is the most important feature for the segregation of the texture in Figure 26(a).

So, the PCA has proven to be a valuable technique in order to reduce the high
dimensional data set. Prior to the KHL-transformation only 1 component of 30 others
contained a high discriminatory information, afterwards, this relation was reduced to 1:4.
Furthermore, the PCA supplies us with a method to visualize the high dimensional data
and to get an intuitive understanding of its organization. The profit of the PCA is not
restricted to the discussed example of Figure 26, but also applies to all other investigated
examples as shown in sections 3.5 –3.6.

Resolution Reduction

As we have seen, the PCA provides a method to significantly reduce the dimension-
ality of the feature space we use to describe the local textual appearance of an image.
Therefore, for a 256 � 256 sized digital image, we arrive at a set of 65536 4-dimensional
feature vectors pr = (v1 �h(x; y);v2 �h(x; y);v3 �h(x; y);v4 �h(x; y))T , where r corresponds
to the position (x; y), h(x; y) is the feature vector defined by (34), and vi is the ith principal
component of the set fh(x; y)jx = 1; : : : ;Mx; y = 1; : : : ;Myg, where Mx and My are the
width and height of the input image, respectively.

The computational complexity of the simulation of the CLM’s dynamic is of the orderO(N2), where N is the number of feature vectors. Since the grouping of 180 stimuli took
approximately 3 seconds, the grouping of 65536 stimuli would take 655362 � 3=1802 sec �4:6 days. Therefore, we need to reduce the number of feature vectors in order to attain a
practicable utilization of the CLM for textual grouping. We achieve a drastical reduction
of the set of feature vectors by the following subsampling technique:

We can interpretate fprgr=1;:::;N as a set of 4 images, where the first component of p1
and pN denotes the upper left and lower right pixel of Figure 29(a), respectively. The
second components of the pr correspond to Figure 29(b) and so on – see also Figure 32

Each of these images is then subsampled by a factor 8 according to the scheme depicted
in Figure 32. Hence, we arrive at a new set of 4 images with a resolution of 256=8�256=8 =32� 32 = 1024 pixels each. From this stack of reduced images we extract the set of feature
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vectors fmrgr=1;:::;1024 which is then used as the input for the CLM. Analogous to Figure 30
the subsampled space is plotted in Figure 33.

256x256 32x32

pr mr
Figure 32: The process of the feature vector subsampling: The stack of large images shown on the left hand
side correspond to the set of feature vectors p obtained from the PCA. The subsampling is done in the follow-
ing way: The 256 � 256 images are divided into 1024 8 � 8 sized regions. For each of these regions the mean
value is computed and is assigned to the corresponding pixel of the smaller subsampled image.
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Figure 33: 3D-plot of the subsampled feature data: This figure shows the same information as Figure 30 for
the subsampled feature data. Note, that the structure of the cloud is completely preserved, while the density
was drastically reduced. In (b) it can be seen, that the image space looks somewhat pixelized due to the
subsampling of the data.

3.4.2 The Interaction Function

We are now in the position to construct the interaction function for the extracted feature
vectors mr. We will use a distance measure based upon the one Manjunath and Ma
propose for an application, which we will briefly summarize below. For details see
[MM96c, MM96a].

The Measure for Texture Similarity

Manjunath and Ma present a systemwhich is able to retrieve patterns from a database
containing 1856 textured images each of the size 128 � 128 pixels. The idea is to submit

30



a query pattern and ask the system to retrieve all images from the database which “look
similar”. They propose a distance measure based upon the global texture features defined
by (28) and (29). The distance between two image patterns i and j is then given byd(i; j) =Xm Xn dmn(i; j); (39)

where dmn(i; j) = ������(i)mn � �(j)mn�(�mn) �����+ ������(i)mn � �(j)mn�(�mn) ����� ; (40)�(�mn) and �(�mn) are the standard deviations of the respective features over the entire
database, and are used to normalize the individual vector components.

They compare this distance measure based on Gabor filter image representation and
demonstrate that the proposed method outperforms several other multiscale texture fea-
tures. Therefore, it has proven to be able to express the textual similarity of different im-
ages very well. For this reason we will adopt this type of metric for the usage with the
CLM to evaluate the similarity between two feature vectors mr and mr0 . We generalize
the proposed metric to an arbitrary Minkowski norm of the following type:dtext(r; r0) = nvuut 4Xi=1  jmir �mir0 jp�(mi) !n; (41)

where mir is the ith component of vector mr, �(mi) is the standard deviation of the ith
component of all 1024mr, and n is the dimension parameter of the Minkowski norm. Forn = 1 it resembles the so-called Cityblock metric, for n = 2 it is equivalent to the Euclidean
distance, and for n = 1 it is called the maximum norm. If the vectorsmr andmr0 differ
in only one component, then (41) results in the same distance for all n. On the other hand,
if the vectors differ in more than one component, then the Cityblock metric with n = 1
yields the largest distance.

During our simulations we observed, that for a single grouping problem the quality
of the segmentation does not depend on n. The parameters of the interaction function as
described later in section 3.4.2 can always be tuned in such a way, that a sensible grouping
occurs. However, we found that the usage of the Cityblock metric made it easier to control
the set of parameters in such a way, that it can be kept constant for a large class of input
images. Therefore, we choose n = 1 in (41). This is also consistent with the observations
of Hofmann et al [HPB96] who state, that “small n often yields superior results”.

Note, that in contrast to Manjunath and Ma we normalize each feature with the
square root of its standard deviation. This results in normalization factors closer to 1. We
found that this choice leads to a better segmentation performance especially for textures
consisting of micropatterns.

Incorporation of the Gestalt Principle “Proximity”

As we have seen in section 1, one of the most basic Gestalt principles is the Law of
Proximity. This principle is also relevant in context with texture segregation: Because
texture is an attribute which always stretches over a certain region, neighbouring pixels
are very likely to belong to the same texture category. If we neglect this information, then
noise in the feature vectors can easily lead to speckle-like noise in the segmented images.
Therefore, we also have to take the information about the spatial location of the texture
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features into consideration. In the literature there are several ways employed to establish
the principle of proximity.

Hofmann et al use so-called Objective Functionswhich describe the relation of two tex-
ture regions. One element in this set of functions is a cost function Htop which intro-
duces “topological costs”. These are based on the four-connected neighbourhood of im-
age blocks and “glue” these blocks together. For details see [HPB96]. They furthermore
suggest a post-processing of the labelled images. That is, after an initial grouping of the
feature vectors, a smoothing operation like a median filter enforces the spatial constraints
and eliminates the noise.

Jain and Farrokhnia [JF91] propose an incorporation of the spatial adjacency informa-
tion directly into the clustering process. They achieve this by including the spatial coordi-
nates of the pixels as two additional features.

Wersing [WSR97] has shown that the principle of proximity can be expressed by
an interaction function between two feature vectors. We therefore adopt this kind of
interaction and include it as an integral component of the new interaction function as
shown below.

Construction of the Interaction Function

So far we have motivated a distance measure on the set of feature vectors mr which
measures the textual similarity of two image regions. Furthermore we reasoned, that we
need to incorporate the principle of proximity. We therefore propose an interaction func-
tion composed of two parts: The first part corresponds to the Gestalt principle of Similarity
and the second to the principle of Proximity:frr0 = e� d2text(r;r0)R2

sim + cprox e� jxr�xr0 j2R2prox � k; (42)

where dtext is the distance measure defined in (41) with n = 1, cprox is a coupling constant
between the two Gestalt principles, Rsim is the distance, for which two image regions are
said to be similar, xr is the position from where in the input imagemr was taken, Rprox is
the radius which controls the proximity grouping, and k is the inhibitory constant.

The summation of the two components corresponds to a logical orwhich combines the
two principles: frr0 is positive if the two image regions corresponding to r and r0 have a
similar textual appearance or if they are close together. The exact grouping behaviour is
controlled by the set of 4 parameters:

1. Rsim corresponds to the range of the interaction in terms of textual similarity. If Rsim

is too large, then even for large distances dtext the first part of the interaction function
is close to 1. Thus, the CLM cannot differentiate between different texture regions,
resulting in a single perceptual group for the whole image. On the other hand, ifRsim

is too small, then even for similar textures, the first part becomes zero. The grouping
behaviour then depends on the parameters controlling the proximity interaction.

2. cprox controls the coupling between the two parts of the interaction function. The
larger it is chosen, the more the Gestalt principle of Proximity will dominate.

3. Rprox corresponds to the range of the proximity interaction. Here, the same notes as
for Rsim are holding: If it is too large, then the whole image will be grouped into one
perceptual group. If it is too small and cprox is large, than the image will be splitted
up into many small subgroups.

4. k is the global inhibitory constant. It has to be choosen in such a way, that frr0 is
neither completely positive nor negative ([WSR97]).
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During our simulations we found that the following heuristically chosen parameters give
a good overall grouping performance:

1. Rsim = 6:6. This rather random appearing number has no intuitive meaning. It is
related to the extracted feature vectors and the distance measure dtext.

2. cprox = 0:6 is choosen because a larger value causes a domination of the Proxim-
ity principle and a split up of large regions containing the same texture. Since k is
choosen k = 0:5, the interaction is still positive for regions very close together even if
they do not appear similar. In this way, small local differences in texture are levelled.

3. Rprox = 0:63. The vectors describing the spatial location of the features are scaled
in such way, that x- and y-coordinate are always in the interval [0; 1]. Therefore,
the proposed value Rprox = 0:63 causes a proximity interaction as shown below in
Figure 34(b).

4. k = 0:5. Together with cprox = 0:6 this results in values of frr0 2 [�0:5; 1:1]
To get an idea of how the two components of the interaction function are working together,
its assembly is depicted below in Figure 34. The effect of the incorporation of the Law of
Proximity into the feature interaction function can be seen in Figure 35.

(a) (b) (c)

Figure 34: Composition of the feature interaction function: (a) shows the part of frr0 based on the texture
distance measure as defined in (41): The texture distance of the region denoted by the yellow point to all other
positions in the image is plotted. Red and blue code a positive and negative interaction, respectively. The
range of the pure texture interaction is from�0:25 to 0:75. (b) shows the topological component only. Due to
the coupling constant of ctop = 0:6 the values range from �0:25 to 0:35. In (c) the sum over both components
is depicted, resulting in a range of �0:5 to 1:1.
3.4.3 Obtaining Perceptually Grouped Images

Interpreting the CLM’s Output

Once the dynamic of the CLM has reached an equilibrium point, for each feature
vector we get the number of its active layer as an output from the CLM. Since we know
the position, from where in the image the feature vectormr was taken from, we can label
the corresponding points in the image space with this output. By coding each label with a
different colour, we obtain an image, where different colours denote different perceptual
groups.

According to Wersing [WSR97] for an equilibrium point of the dynamics either holdsxr� = hr + 1J1 Xr0 frr0xr0� or xr� = 0:
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Therefore, 0 < xr� < hr means, that there is a significant amount of activities in the layer� which belong to dissimilar feature vectors, because in that case the sum over all r0 is
negative. Consequently, only layers with activities greater than hr correspond to clear and
distinct perceptual groups. This motivates a heuristical threshold of 1:2hr we found in our
experiments. It proved to be a good value to discriminate between significant groupings
and layers containing noisy and ambiguous information. An example for the thresholding
effect and the benefits of the Proximity principle are shown in Figure 35.

(a) (b) (c) (d)

Figure 35: Effects of Proximity principle and Thresholding: We used a CLMwith 10 layers for the perceptual
grouping of the image shown in Figure 26(a) on page 26. The image regions are coloured according to the
scheme described in the text above. In (a) the principle of Proximity is not incorporated into the interaction
function, and no threshold is applied to the CLM’s output. It can be seen that the left hand side of the grouped
image suffers from speckle-like noise. This is due to the fact, that the corresponding region in the input
image appears less homogeneous than the right hand side. In (b) only those regions are labelled, where the
corresponding activities are greater than the proposed threshold of 1:2hr . The erroneous classifications are
removed, but now holes are disturbing the output. In (c) the benefits of the Gestalt principle of Proximity can
be seen: The noise is removed and only 7 of the 10 layers are actually used. In (d) the threshold removes the
outermost region of the image, where border effects lead to different feature vectors. Only the two distinct
texture areas remain. Note, that all images in this example were obtained with the resolution enhancement
technique described below.

Resolution Enhancement

Due to the resolution reduction described above we have lost information about the
precise localization of the feature vectors. Consequently, texture boundaries in the input
image of 256 � 256 pixels can only be detected with an accuracy allowed by the subsam-
pled 32 � 32 sized images. Therefore, we propose a method to improve this rather small
localization accuracy of 8 pixels.

The CLM only labelled the subsampled data set of the 1024 feature vectors mr as
shown in Figure 36(a). What we actually seek is a grouping of all the 65536 feature vectorspi. Since the subsampling preserved the structure of the data set, we can also label the
65536 pi in the following way: For each pi its nearest neighbourmnear is found such thatjpi �mnearj+ jxi � xnearj = min; (43)

where xi and xnear are the normalized positions from where in the images pi and mnear

were taken, respectively. I.e. the lower left position in the images corresponds to x = (0; 0)
and the upper right to x = (1; 1). Each pi is then labelled according to the label of its
nearest neighbourmnear. The distancemetric in (43) is motivated as follows: By using only
the distance jpi�mnearjwewould introduce errors in those regions of the data distribution,
where different labelled clouds are meeting. For this case the additional information about
the spatial position of the feature vectors allows a more accurate labelling. The usage of
this technique allows the location of texture borders with the same high resolution as of
the input images, as can be seen in Figure 49 on page 43.
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Figure 36: Grouping of 1024 feature vectors mr and labelling of 65536 original feature set pi: In (a) each
feature vector is coloured according to its active layer in the CLM, (b) shows the distribution of the feature
vectors extracted from the high resolution input image and their labelling according to the proposed nearest
neighbour algorithm.

3.5 Application to Textures

So far we have motivated the feature extraction process, the construction of the interaction
function for the CLM, and a method to obtain perceptually grouped images with the
same high resolution as of the input images. Taking all these stages together we arrive at
an artificial model of visual perception which describes the organization of visual stimuli
according to the two Gestalt principles of Similarity and Proximity.

In this section we present the set of images the model is applied to. It can be divided
into three main parts:

1. Artificial textures are created using different types of micropatterns. Following this
way, we are able to construct well defined test images and to “get a feeling” about
the models behaviour.

2. For the testing of real world textureswe use a database of textured images containing
samples from the popular Brodatz album [Bro66]. Since many texture segmentation
algorithms are tested with these images, we are able to compare the models perfor-
mance with other texture segmentation models.

3. In section 1 we presented a few images which the Gestaltists used to illustrate their
proposedGestalt laws. We also apply themodel to this type of images to seewhether
the results are consistent with their predictions.

Note, that all results presented in this section were obtained using the same set of param-
eters as described in section 3.4.2. In certain cases we additionally apply the model with
other parameters to demonstrate their effects on the grouping result. In all of these cases
the change of parameters is explicitly described. Furthermore, if not otherwise noted, the
CLM is applied with a constant number of 10 layers.

3.5.1 Artificial Textures

Mirror Symmetric Micropatterns
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(a) (b) (c) (d) (e) (f)

Figure 37: Grouping of textures consisting of mirror symmetric micropatterns: (a) and (d) show the grouping
result of our model using even symmetric 2D Gabor filters with an applied nonlinearity. The corresponding
input images are shown in the row above. The achieved grouping behaviour is consistent with human percep-
tion: In (a) the two regions segregate and in (d) the border between the two textures “pops out” whereas the
regions themselves do not segregate preattentively. (b) and (e) show the result if the nonlinearity is omitted.
In the first case, the two textures cannot be discriminated any more. In the second case, the texture border still
pops out. In (c) and (f) only odd symmetric mechanisms were used. For a discussion see the text.

First, we show the perceptual organization the model produces if applied to artificial
textures consisting of mirror symmetric micropatterns. In section 3.3.1 and 3.3.2 we used
these patterns to motivate the usage of pure even symmetric mechanisms and the need
for a nonlinearity, respectively. The results shown in Figure 37 are consistent with human
perception: The first pattern segregates and the second pattern does not. Note, that the
model also produces a “pop-out” effect of the texture border for the second one. The
results also show, that the nonlinearity is essential to segment the two different pattern
areas in the first image. In contrast, it is not essential for the “pop-out” effect in the second
image.

An interesting effect can be observed if we change the type of 2D Gabor filters for
the feature extraction. The processing pathway for this experiment was identical as
before, but the even symmetric 2D Gabors were exchanged by odd symmetric Gabors
with otherwise the same parameters. In this case, the results are reversed: The “pop-out”
effect occurs for the first pattern, and the second segregates. Since humans observe the
“pop-out” effect only for the second pattern, this might be an evidence, that in human
texture perception indeed only even symmetric mechanisms are utilized.

Other Common Micropatterns

In the following we present the grouping results of other artificial textures commonly
found in the literature. Figure 38 for example, shows the perceptual organization of the
image presented in the introduction to this section.

The image shown in Figure 39(a) is composed of four different regions. Because ori-
entation is an important criterion to detect similarity, the regions with upright T’s and
L’s look similar. Consequently, the untrained observer usually sees only three different
regions in this figure.

Interestingly enough, the region with equal orientated x’s and L’s segregates well to
the human observer. To get an idea of how our model segregates the yellow and cyan
region in Figure 39(b) we plot the first four principal components of the texture feature
vectors analogous to Figure 29. As we see in Figure 40, mainly the differences of the
feature vectors along the direction of the 3rd principle component are responsible for the
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segregation of the two regions. If we inspect the corresponding linear combination of the
2D Gabor filters in the frequency domain, we see, that mainly the component �25 of the
feature vectors h(x; y) as defined in (34) contributes to the segregation.

(a) (b)

Figure 38: Grouping of two textures consisting of L’s and x’s: (a) is the same image as shown in the introduc-
tion of this section on page 12. The grouping result in (b) shows that the model is able to differentiate between
the two regions of the image. Note, that although the principle of Proximity is incorporated into the feature
interaction function, noise leads to small holes in the lower region of the image.

(a) (b) (c)

Figure 39: Grouping of textures consisting of L’s T’s and x’s: (a) shows the input image consisting of four
different regions. It was constructed by placing the patterns on a rectangular grid with a grid size of 16 pixels
and a superimposed random jitter with a standard deviation of 1.6 pixels. In (b) the output of the CLM is
shown. Similar to the untrained human observer the CLM only distinguishes between three different regions.
In (c) we changed the parameter Rsim of (42) to a smaller value, such that difference in texture plays a larger
role. In this case the model perceptually organizes the image in four distinct groups.

The corresponding receptive field of the filter from which �25 is extracted is sensitive
to gratings orientated from the upper right to the lower left. If we project this receptive
field on the input image, as indicated in Figure 41(a), we see that in the region with tilted
L’s a lot of neurons with this receptive field have zero response. This is not the case for
the region constructed of the x’s. If we try to position the fields between the x’s, there is
always some part of the pattern extending into the inhibitory region of the receptive field.
Therefore, the average response in the x-region should be lower. This is indeed the case, if
we inspect �25 alone, as plotted in Figure 41(b).

Therefore, our model segments the two regions not because of different responses to
the micropatterns themselves, but due to different responses to the background generated
by the different patterns. One might speculate that this is also the case for the human
observer.
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1st 2nd 3rd 4th

Figure 40: First four principal components of the texture features extracted from Figure 39(a). It can be
seen that the 3rd p.c. is responsible for the segregation of the yellow and cyan region in Figure 39(b). The
corresponding linear combination of 2D Gabor filters in the frequency domain is shown in the row below. For
a description of how these pictures were generated, reconsider section 3.4.1.

(a) (b)

Figure 41: The sketch in (a) indicates, that there are a lot of neurons in the tilted L regionwhose receptive fields
generate a zero response. This is not the case for the x region. In (b) the average response in the corresponding
channel B5 is shown – see Figure 19 for the naming of the channels.

(a) (b)

Figure 42: Grouping of texture consisting of L’s and +’s. (a): Though the orientation of the micropatterns and
the length of their bars are the same for both regions they segregate well. (b): Grouping result according to
the texture perception model.
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Comparison to Psychophysical Studies

In this section we compare the model’s performance if applied to textures used in psy-
chophysical experiments. In these experiments artificial textures are constructed in order
to study human texture perception.

Figure 43 shows two textures taken from Julez et al [JGV78]. Both textures have iden-
tical second order statistics. The first does segregate preattentively and is therefore a
counter-example to the original Julez conjecture that texture pairs with identical second
order statistics cannot be discriminated. The second texture does indeed not segregate
preattentively.

(a) (b)

(c) (d)

Figure 43: Two textures with identical second order statistics (taken from [JGV78]): Experiments have shown
that (a) segregates preattentively, (c) on the other hand does not. The grouping results of the CLM in (b) and
(d) show that our model is consistent with these experiments.

Nothdurft studied human texture discrimination using patterns with different orien-
tated line segments. He systematically measured the influence of structure density on
human segregation performance. He found that texture discrimination depends not only
on form, but also on the spacing of texture elements. Humans commonly fail to segment
widely spaced texture elements, despite their instantaneous segregation in close arrange-
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ments. For details see [Not85]. The types of textures used for the experiments and the
grouping results obtained with the CLM are shown in Figure 44.

(a) (b) (c) (d)

(e)

Figure 44: Dependence on orientation difference and line length for the segregation of equally spaced line
arrays (taken from [Not85]): The patterns contain global figures in which line orientation differs from that
in the surrounding texture field by 90� ((a),(c)) and 24� ((b),(d)). For each difference, patterns with different
line lengths are shown ((a),(b): 0.8 raster width, (c),(d): 0.5 raster width). Nothdurft found, that textures with
strong differences in line orientation ((a),(c)) can be discriminated down to shorter line lengths than textures
with smaller orientation difference ((b),(d)). The corresponding perceptually grouped images obtained by our
model are shown in the second row. The results are consistent with Nothdurft’s observations: The model is
able to segment (c), but fails to detect the number in (d), where the short line segments have less orientation
difference. In (e) the threshold applied to the CLM’s output was increased to 2:2hr . It can be seen that
the activity pattern in the active layer contains the structure of the texture. This is due to the fact that the
interaction function produces smaller interactions for pairs from different regions. Nevertheless, the model is
not able to segment the pattern using the global set of parameters.

Nothdurft also presents another interesting pair of textures in [Not85]. The principle
for the construction of these textures is based upon the Craik-Cornsweet illusion from lu-
minance perception, which is illustrated in Figure 45. The illusion is caused by the fact that
the human visual system has only limited sensitivity for absolute luminance levels. Sub-
threshold variation of luminance may remain undetected and areas displaying identical
luminance values on an absolute scale may appear different when the noticeable lumi-
nance contrast to neighbouring areas is different. The analogous textures corresponding
to Figure 45 are shown in Figure 46. The following description is taken from [Not85]:
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From periphery to centre of the pattern in (a) orientation of single line elements changes
continuously, with a sudden step in the opposite direction at points midway between
periphery and centre. As far as texture is concerned, the central square appears to be
homogeneous and obviously distinct from the background, even though lines in the
centre of the square have the same orientation as lines at the pattern’s edges. [...] The
influence of local, rather than global structure variation is illustrated in (b). Although
texture differences are identical, as far as the global variation is concerned they become
perceptible only in the pattern with a sufficiently strong local structure gradient.
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(b)

Figure 45: The Craik-Cornsweet illusion for luminance perception: (a) shows a pattern, where the luminance
changes continuously from the border to the center, in (b) the luminance distribution is characterized by a
strong discontinuity along the circle’s radius. White noise was added to both images as indicated in the plot
below the figures. The steady fixation of the left figure from a near distance causes the pattern to disappear.
The changing of the fixation point causes the figure to abruptly appear again and to disappear after a while of
steady fixation. This is not the case for the right figure, which remains present even after long steady fixation.

(a) (b)

Figure 46: Craik-Cornsweet illusion for textured images (taken from [Not85]): Lines inside and outside the
central square differ slightly in their average orientation. In (b) lines are arranged to generate a maximal
texture gradient: In texture, both areas appear to be homogeneous and distinct. In (a) the pattern was re-
organized and the same lines were distributed randomly (separately for each texture area): In consequence,
the texture border disappears.
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As can be seen in Figure 47 the perceptual organization found by our model is con-
sistent with Nothdurft’s observations. To understand why the model is able to mimique
the human perception, we take a look at the distribution of the texture feature vectors.
Figure 48 shows, that the continuous change of orientation in Figure 46(a) corresponds
to a continuous data distribution in the feature space. In contrast, the feature space cor-
responding to Figure 46(b) reflects the discontinuity generated by the step in orientation
change as a visible gap in the data distribution. This gap causes the CLM to separate the
large cluster into two smaller ones as can be seen in Figure 48(c) and 48(d).

(a) (b)

Figure 47: Grouping result for Craik-Cornsweet textures: (a) and (b) show the grouping results of Figure 46
(a) and (b), respectively. Also in this example, the perceptual organization achieved by the model is consistent
with human perception.
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Figure 48: Feature vectors corresponding to Craik-Cornsweet textures and grouping result obtained with the
CLM: The top row shows the first 3 components of the feature vectors plotted in R3 . It can be seen that the
structure of the two distributions is very similar. In (a) the main cloud stretches from the upper left to the
lower right region in the back of the cube. In (b) the distribution is almost the same, but a gap is visible in
the cloud of data. This gap corresponds to the discontinuous change in the orientation of the line segments.
In (c) and (d) it can be seen that the CLM’s clustering behaviour does not only depend on the size of the
individual groups, but also on their structure: The gap causes a segmentation of the large cluster into two
smaller ones. The grey points in (c) and (d) correspond to those activities whose output is smaller than the
proposed threshold of 1:2hr .
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3.5.2 Natural Textures

In this section we present the application of the CLM to a set of images constructed of
natural textures taken from the popular Brodatz [Bro66] album. This album contains pho-
tographs from natural textures, such as water, grass, leather, sand, bricks and so on. Test
images from this album are of common usage in the field of texture segmentation. We use
images from a database taken from Hofmann et al [HPB96] which contains pictures each
assembled of five different textures. Wewill present a few examples, which show the most
important properties of our model if applied to this kind of natural images.

(a) (b) (c)

Figure 49: First example for natural texture segregation: (a) shows a test image taken from [HPB96]. In (b) the
grouping result on the subsampled feature vectors is displayed, (c) shows that the resolution enhancement as
described in section 3.4.3 provides a more accurate localization of the texture boundaries. Note that the black
area in the left region does not depict a salient group. The activities in this area do not exceed the threshold
of 1:2hr , which expresses that this area is dissimilar to the rest of the region. A visual inspection of the input
image shows indeed, that the texture looks significantly different at this position. This grouping behaviour
could be used in industrial inspection to detect flaws in certain kinds of material.

The images presented in this section show, that the grouping results obtained with
the CLM in connection with the proposed feature extraction mechanisms are generally in
good accordance with human texture perception. In some cases the model has difficulties
to detect the borders of different textures properly. These misclassifications are occurring
in those examples, where different texture regions have a great similarity in visual ap-
pearance. As the results of Figure 49 and 52 show, also local differences within otherwise
uniform textures are detected.

Figure 51 shows, that the combination of the two principles of Similarity and Proxim-
ity is not sufficient to produce satisfying results in every case. The reason for this is that
the principle of Proximity only utilizes absolute distances. The construction of the feature
interaction function according to (42) does not include any information about the connect-
edness of two regions, which in turn is an important principle of human perception: We
only tend to group those areas together which are connected or share a common region.
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(a) (b)

Figure 50: In this example also for the human observer the upper left region of the image looks ambiguous.
Without prior knowledge about the pattern arrangement it is hard to say, where one region ends and the
other begins. This is also reflected by the grouping result of the CLM in (b), which shows that the texture
description we use is not able to discriminate between the two textures in the upper left region.

(a) (b)

Figure 51: This example shows that the model is not able to differentiate between the four corners of the
image. Furthermore, the border between the center and lower texture is not detected properly. Both effects
are caused by the great similarity of the textures in the corresponding regions. The splitting of the left region is
probably caused by the different contrasts within the texture: The lower part has significantly lower contrast
than its central region. Note, that the incorporation of the Law of Proximity does not forbid such a grouping
result: The upper right region has the same distance from the lower right as the erroneous labelled lower left
region. What would help in this case is a principle of Connectedness – which is actually a further Gestalt
principle: Only those regions should be grouped together, which form a connected area.
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(a) (b)

Figure 52: In this example the nonuniform texture in the right region causes a hole in the grouped image.
Also note, that the border between the lower and the center texture is not detected properly, because the two
textures look too similar.

(a) (b)

Figure 53: This example shows, that textures with different scales are properly segmented. The structure in
the texture of the right region is of a much larger scale than the structure in the lower texture. Despite the
border of the upper and center region, all other borders are detected with high accuracy.
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To demonstrate which features are used for the segmentation of natural textures, we
use the same technique as described above for Figure 39. In Figure 54 the first 4 principal
components of the feature vectors extracted from Figure 53 are plotted. The corresponding
linear combinations of the features are depicted below. As can be seen in this example, the
variance in the channels is an important criterion for the segmentation of natural textures.
This is also consistent with the observation of Manjunath and Ma [MM96c], who noticed
that “the use of the �mn feature in addition to themean improves the retrieval performance
considerably”.

1st 2nd 3rd 4th

Figure 54: Principal components of feature vectors extracted from Figure 53 and their corresponding linear
combinations in the feature space: As the latter show, the features generated from the variance in the chan-
nels contribute more to the segmentation of the image as in the case of micropattern textures (compare with
Figure 40 on page 38).
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3.5.3 Gestalt Laws

In this section we will present the grouping results of the CLM if applied to some of the
images which illustrate the Gestalt laws proposed by the Gestalt psychologists – see also
section 1.1.1. All images in this section were created using the xfig-drawing program.

(a) (b)

Figure 55: (a) shows an image which is often used to illustrate the Law of Proximity [Rob97]]: Because the
horizontal spacing between the elements is smaller than the vertical spacing, we perceive five horizontal
groups. In (b) the grouping result obtained with our model is shown. It can be seen, that despite of the border
region, there are three distinct groups: The first (magenta) corresponds to the elements themselves, the second
(green) connects the elements together, forming a horizontal structure. The third group (orange) expresses the
horizontal structure generated from the background. Therefore, the perceptual grouping of this imagemirrors
the human introspection very well.

(a) (b)

Figure 56: (a) is a common example to visualize the Law of Similarity [Rob97]: In contrast to the figure above,
the spacing between the elements is constant, but the elements themselves consist of different stimuli arranged
in a vertical structure. We therefore perceive vertical groups. The grouping result in (b) shows that our model
also produces vertical arranged patterns. Note, that the filled elements form a salient group (yellow), but the
open elements do not.

(a) (b)

Figure 57: This figure shows equally spaced stimuli which do not differ in appearance. Since there is no
information in this image indicating any vertical or horizontal structure, we just perceive black dots on a
uniform background. As (b) shows, this is exactly the way, how our model groups the image.
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(a) (b)

Figure 58: In (a) a pattern of broken lines is shown. Because the points marked by the discontinuities lie on a
smooth line, we perceive a wavelike illusory contour. The grouping result obtained with the CLM also shows
this wavelike contour. For a description of how this result is actually achieved, see the text.

As the results show, the perceptual grouping behaviour of our model is also in these
cases consistent with human perception. An example of special interest is depicted in Fig-
ure 58. Although the principle of Connectedness or GoodContinuation is not incorporated
into our model, the grouping result is in good accordance with human perception. To un-
derstand this result, we again apply the proposed method of the inspection of that linear
combination of features, which causes the segregation. As can be seen in Figure 59(a), rele-
vant features are those which are extracted from channels sensitive to horizontal gratings.
The mean features do not contribute to the segregation, because even after the nonlinear-
ity the average response is close to zero in all regions (compare the black and white areas
of Figure 59(b) which denote negative and positive response, respectively). The variance
feature on the other hand separates those points where the lines are broken very well from
the otherwise homogeneous background. The variance of the signal is computed over a re-
gion greater than the channel’s receptive field and the spacing of the lines is rather dense.
Therefore, themechanismwhich produces a continuous line of connected stimuli is part of
the feature extraction and not of the grouping process itself. This is also supported by Fig-
ure 60, where the spacing of the broken lines is increased, such that the range of the largest
receptive field used within the feature extraction is smaller than this spacing. As can be
seen in the grouping result, our model is then not able anymore to connect the elements.
Furthermore, the large spacing of the lines destroys the illusion of a homogeneous back-
ground. Now the lines themselves constitute a salient group. Again, this result does not
disagree with the human perception of Figure 60. Compared to Figure 58 the perception
of a continuous wavelike line is indeed reduced significantly.

(a) (b) (c)

Figure 59: (a): Linear combination of 2D Gabor filters corresponding to 1st principle component. Relevant
features are those extracted from channels sensitive to horizontal gratings. (b): channel response after the
nonlinearity, and (b): the corresponding feature �23 according to (32). For a discussion, see the text.
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(a) (b)

Figure 60: (a) shows the same figure as 58, but with increased line spacing. (b) shows the corresponding
grouping result. The homogeneous background of 58 disappears and the vertical structure of the lines be-
comes visible. Furthermore, the broken line elements are not connected anymore.

3.6 Application to Baufix Scenes

In this section we will present the grouping results if we apply our model to some simple
scenes from a “Baufix” toyworld. We propose a modification of the feature extraction
process and will show that for a certain class of images the modified model is able to
achieve a reasonable perceptual grouping.

Consider the image shown in Figure 61(a). It shows some pieces of the wooden set of
construction parts which belong to the “Baufix” world. Human beings have no difficulties
to identify three crossing bars. However, Figure 61(b) shows that our model does not
achieve a grouping of the image consistent with our experience. We gain more insight into
the reasonwhy this happens, if we inspect the principal components of the feature vectors,
on which the grouping process is based.

(a) (b)

Figure 61: (a) shows an image of three crossing Baufix bars, and (b) the grouping result achieved by our
model. It can be seen that this perceptual organization is not consistent with human perception.

As we can see in Figure 62, the feature vectors along the direction of the first principle
component separate the three pieces from the background. The inspection of the eigen-
values (see Figure 63) shows that the first p.c. contributes to approximately 80% of the
variation in the data. Therefore, the texture features mainly describe the separation of the
objects from the background. So, the idea is to take all those feature vectors corresponding
to the background from the data set to “leave more space” for the other features to
structure the available volume in which the data is clustered by the CLM. Therefore, we
propose the following modification to the model:
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1st 2nd 3rd 4th

Figure 62: The first 4 principle components of the feature vectors extracted from the Baufix image.
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Figure 63: Eigenvalues corresponding to principle components depicted in Figure 62

Since the zero d.c. filters do not respond to the uniform luminance, we can assume that
the channel responses in the background are very low and therefore use this information
to segment the objects. We compute the Euclidean length of the feature vector h(x; y) as
defined in (34) and apply a threshold operation to separate regions with high from those
with low response. Figure 64 shows the result of this operation. Using this technique we
also include the “holes” into our thresholded image, which would be lost by applying a
simple threshold operation to the input image itself. The reason for this is that the holes
are covered by long range 2D Gabors which give a significant response in this regions.

(a) (b)

Figure 64: Thresholding of the input image based on the Euclidean length of feature vectors h(x; y): In (a) the
Euclidean length of the feature vector is coded in greyvalues and scaled to the interval [0,255]. In (b) a simple
threshold operation was applied to (a) and shows those areas of the image which are “regions of interest”.

The next stages of feature processing are exactly the same as described in section 3.4.
The only difference is that we omit the those feature vectors which describe the back-
ground of the image. After the KHL of the data set, we obtain the first 4 principle compo-
nents as shown in Figure 65.

If we now apply our model with the type of interaction function as defined by (42) and
increase the sensitivity for Similarity by decreasing Rsim, we obtain a grouped image as
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Figure 65: The first 4 principle components after the elimination of the background information.

shown in Figure 66.

(a) (b)

Figure 66: Grouping of Baufix image: (a) shows the input image again, and in (b) the grouping result obtained
with the CLM is shown. It can be seen that this perceptual organization describes the image contents very
well: The system identifies four salient groups. Three of them correspond to the three bars and the 4th depicts
the center of the cross which belongs equally to all pieces.

Also, the next image shows that an arrangement of four crossing bars is grouped in a
sensible way. However, as can be seen in Figure 68 generalization to arbitrary organized
Baufix elements is quite poor. The reason for this lies in the set of feature vectors we use for
the perceptual grouping: They are especially designed to measure the textual appearance
in an image. As we see in Figure 66 and 67 good results are achieved if the single pieces are
separated by a large enough distance which exceeds the range of the 2D Gabor filters (the
ends of the bars are far away from each other, only in the relatively small center region the
pieces are close resp. overlapping). In this cases, the feature vectors are able to measure
the orientation of a single piece. On the other hand, if the Baufix parts are close together,
the texture features – which are computed over a certain region – are not able to describe a
single element. Instead they describe the appearance of a region which contains more than
one element and are therefore not a good choice to describe the perceptual organization of
a general Baufix scenario.
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(a) (b)

Figure 67: Grouping of four crossing Baufix bars: Also for this example a reasonable perceptual organization
is achieved.

(a) (b)

Figure 68: Grouping of arbitrary organized Baufix elements: As can be seen in this image, generalization to
arbitrary Baufix scenes is quite poor. For a discussion, see the text.
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4 Discussion and Outlook

4.1 Summary

In this report we have described a neuro-dynamical system which models the visual
perception of images based upon the Gestalt principles of Proximity and Similarity.

In section 2 we have described the recurrent Competitive Layer Model (CLM) which
was first introduced by Ritter [Rit90] as a model for spatial feature linking. We have
proposed the “Heat Bath Update Rule”, a new dynamics for the CLM and have shown
that a Lyapunov function constructed by Feng [Fen97] also applies to the proposed
stochastical dynamics.

In section 3 we have motivated the feature extraction in order to obtain the input stim-
uli for the CLM by early vision mechanisms found in the visual cortex of mammals. We
have applied a bank of linear filters to each point of the input image and obtained a set of
15 images containing the responses of each filter.

Based on Malik and Perona [MP90] we have presented arguments that only even sym-
metric mechanisms are utilzed in preattentive texture segregation and that we need some
sort of nonlinearity to model human perception.

In order to obtain a description of textual appearance, for each pixel of the input image
we have constructed a 30-dimensional feature vector based on the statistical properties of
the filter responses. Furthermore we have shown that the reduction of dimensionality by
a Karhunen Loeve Transformation produces a set of features which is more reliable for a
stable texture segmentation.

Because the computational complexity of the simulation of the CLM’s dynamics is
of the order O(N2), we have proposed a subsampling mechanism which significantly
reduces the amount of data which is then grouped by the CLM. This grouping is char-
acterized by a pairwise feature interaction function composed of two parts: The first is
based upon a distance metric on the texture feature space and corresponds to the Gestalt
Law of Similarity, and the second incorporates the Law of Proximity using the Euclidean
distance of the feature vectors spatial positions. To achieve a grouping result with higher
resolution than of the subsampled data, we have used the output of the CLM and a
nearest neighbour classificator to label the original feature space.

By putting everything together we have constructed a model of visual perception
which was applied to a variety of test images. The results have shown that the model is
able to reproduce a large amount of phenomena related to human texture perception.

An important advantage of the Competitive Layer Model over other models which
are used in texture segmentation is, that the number of salient groups does not have to be
specified beforehand. Only the maximal expected number of distinct groups is given as
a parameter to the CLM. Practically, this number is chosen so high that it does not limit
the grouping performance. The CLM then dynamically allocates that number of layers,
which are necessary to describe the image.

The application to “Baufix” scenes has revealed that the texture features are not suffi-
cient to produce stable grouping results for a larger set of such inputs. In the next section
we will as an outlook present the introduction of a “local association field”, which might
be incorporated into the model to produce more stable grouping results for images con-
sisting of Baufix elements.
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4.2 Outlook

In the feature interaction function we used for the perceptual grouping only the Gestalt
principles of Similarity and Proximity were incorporated. Another important principle is
the Gestalt law of “Good Continuation”. As a first test we have implemented a feature
interaction function based on the orientation of line elements. Using the response of 5
different orientated Gabors we were able to determine the orientation of a stimulus with
an accuracy of about 5 degrees. Based on the studies of Field et al [FHH93] we have
implemented a “local association field” as depicted in Figure 69.

Figure 69: The association field as proposed by Field et al (taken from [FHH93]): Features are interacting
positive with neighbouring features if lying on a smooth line – denoted by the black curves.

The first results of the grouped images as shown in Figure 70 look quite promising, and
a further investigation might show that an interaction function based on such an “associa-
tion field” is able to produce reliable results if applied to images from the Baufix scenario,
where the orientation of edges plays a significant role.

(a) (b) (c)

Figure 70: Grouping of orientated stimuli with an interaction function based on a “local association field”: (a)
shows the input image consisting of orientated line elements. In (b) the grouping result of the CLM is shown,
and (c) shows the output after the application of a threshold function which leaves only salient groups.
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