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We present a computational model for human texture perception which assigns functional
principles to the Gestalt laws of similarity and proximity. Motivated by early vision
mechanisms, in a first step local texture features are extracted by utilizing multi-scale filtering
and non-linear spatial pooling. In the second stage, features are grouped according to the
spatial feature binding model of the Competitive Layer Model (CLM) (Wersing, Steil, &
Ritter, 2001). The CLM uses cooperative and competitive interactions in a recurrent network,
where binding is expressed by the layer-wise coactivation of feature-representing neurons.
The Gestalt law of similarity is expressed by a non-euclidean distance measure in the abstract
feature space with proximity being taken into account by a spatial component. To choose the
stimulus dimensions which allow the most salient similarity-based texture segmentation, the
feature similarity metrics is reduced to the directions of maximum variance. We show that
our combined texture feature extraction and binding model performs segmentation in strong
conformity with human perception. The examples range from classical microtextures and
Brodatz textures to other classical Gestalt stimuli, which offer a new perspective on the role of
texture for more abstract similarity grouping.
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I. Introduction mentalists. A large body of research has focused on tempo-
o . _rally correlated neural activity, for which evidence has been

~ Perhaps one of the most intriguing capabilities of the brainestablished by numerous experiments. (Kreiter & Singer,
is its ability to organize the tremendous amount of informa-1996) showed that cells in the middle temporal (MT) area,
tion supplied by our senses in such a way that the world isssociated with motion processing, show selective synchro-
not perceived as a chaotic stream of impressions, but as @zation if stimulated by a single bar stimulus and no syn-
well structured set of entities. A much discussed topic adchronization if stimulated by two coherently moving, but
dressing this issue is the “binding problem”. A classic exam-separate bars. For reviews discussing neurophysological evi-
ple for this was given by (Rosenblatt, 1962), in which four dence of this “temporal correlation hypothesis” see e.g. (Us-
neurons individually encode the visual properggsare, tri- ey & Reid, 1999; Singer, 1999).
angle, bottomandtop. If more than one object is present, . . .
a binding mechanism is required which produces a coherent [N ¢@se of human texture perception the binding of vi-

perception of the object's feature conjunctions, i.e. answerSt@l stimuli plays an important role. Experiments (Bergen
ing the question “Is the featurequareassociated with the & Adelson, 1988) have shown that humans are able to seg-

feature being in theop or bottomhalf of the image for a '€9ate certain types of texture stimuli (such as, e.g., depicted
given object?” — The associated features must be correcti{l! Fig. 7 below) preattentively. Therefore, some mechanism

boundtogether in order to avoid so called “illusory conjunc- MUSt exist in our early vision system enabling us to perceive
tions”. These have been reported by (Treisman & Schmidt@ coherent impression of the different texture regions — pre-
1982) in an experiment where arrays of colored objects opumably by some kind of binding.
different shapes have been briefly presented to subjects. Dur- Much research on visual texture perception was pioneered
ing the experiment subjects reported seeing objects made Wy Bela Julesz and his colleagues. Julesz was one of the
of the color from one array and the shape from a differenfirst who systematically investigated the abilities of humans
array. Their findings indicate, that the brain might indeedto discriminate between different textures. He proposed, that
have difficulties in correct bindings, which we might call a texture discrimination could be explained in terms of first or-
“binding problem”. For a more thorough discussion of theder differences between local features catdons(Julesz,
binding problem in human vision see the review of (Wolfe & 1981). However, Nothdurft has shown that the texton-theory
Cave, 1999). is inconsistent with the segregation of certain patterns (Noth-
The question how the brain actually solves the bindingdurft, 1991). Many studies have demonstrated the impor-
problem is still not answered satisfactorily and is receivingtance of spatial frequency information in connection with
continued controversal attention among theorists and expertexture segregation phenomena (Dunn, Higgins, & Wakeley,
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1994; Graham, Beck, & Sutter, 1992; Rentschler, Hubnerproach is that from Grossberg and Williamson (Grossberg &
& Caelli, 1988; Sutter, Sperling, & Chubb, 1995; Turner, Williamson, 1999). Their ARTEX model incorporates a self
1986). Therefore, many researchers have proposed comparganizing network which gives remarkable classification re-
tational models based on a standard model which texture pesults on multiple scale orientational contrast texture features.
ception scientists “routinely pull out from their back pocket” In this contribution we present another biologically plausible
(Chubb & Landy, 1991). Daugman has suggested that 2[@omputational model, the Competitive Layer Model (CLM)
Gabor filters (Daugman, 1985) provide a reasonable fit tavhich addresses the binding problem.
the receptive field of simple cells (Jones & Palmer, 1987). The key principle of the CLM is the encoding of feature
Since then this scale- and orientation selective mechanismindings by the assignment of feature responses to separate
has frequently been used as a biologically motivated featurpopulations of laterally interconnected and locally compet-
extraction process for computational models. Other commoitive neurons. The feature binding process is achieved by
filters are based upon wavelet transforms, quadrature mirran energy minimization scheme and exhibits strong simi-
filters, discrete cosine transforms, eigenfilters, linear prediclarities to region based relaxation labeling models (Wersing
tors and optimized finite impulse response filters. Randen adt al., 2001). A biologically realistic interpretation of the
al. have evaluated a remarkable range of different filter type€LM architecture may be expressed either in terms of the
and have compared their performance with two nonfilteringorominent layered structure of the real visual cortex, or it
approaches (co-occurence and autoregressive features) (Ranay be implemented in the rich local connectivity structure
den & Husgy, 1999). They conclude that no single approachf a single neural layer itself. Section Il introduces the ar-
did perfom best foall of their test images and could there- chitecture and main properties of the binding dynamics of
fore not select a clear “winner” of their study. We thereforethe CLM. In section Il we present the feature extraction
believe that the precise shape of the filtering function is not anechanism based on multi-scale filtering. Post-processing
critical choice. steps include a non-linear transfer function, spatial pooling
More decisive for the overall performance are the posﬁnd multi-dimensional scaling. Section IV is devoted to the
processing steps and their integration into a computationapplication of the CLM and describes how the neural net-
model. In the image analysis literature there exist two differ-work architecture can be employed for texture discrimination
ent approaches to model segmentation problesdge based tasks. A wide variety of application examples is presented in
and region basedmethods. “Back pocket models” based section V. We not only show that patterns which were ex-
on the former were presented by (Fogel & Sagi, 1989; Maplicitly designed for region based mechanisms are well sepa-
lik & Perona, 1990; Landy & Bergen, 1991; Manjunath & rated, but also reproduce phenomena which are usually only
Chellappa, 1993). The models of (Jain & Farrokhina, 1991gxplained by edge based properties. A comparison to psy-
Grossberg & Williamson, 1999; Hofmann, Puzicha, & Buh- chophysical data illustrates that the CLM discriminates dif-
mann, 1998) are using region based mechanisms to modtgrent textures in a very similar way as humans and is there-
texture segregation phenomena. fore consistent with human texture perception also from a
However, psychophysical studies have revealed that in huguantitive point of view. Furthermore we show that our sys-
man texture perceptioboth mechanisms are present: Some tem performs equally well as other state-of-the-art models if
experiments (Nothdurft, 1985) have demonstrated that foepplied to standard benchmarks taken from the Brodatz tex-
certain stimuli edge based mechanisms are utilized, wheredsre album. Additionally a few examples are given which
other studies (Wolfson & Landy, 1998) showed that regiondemonstrate, that the CLM also resembles human introspec-
based mechanisms are necessary to explain human textuen on more abstract figures which are commonly used to ex-
segregation. emplify some well known “Gestalt Laws”. Section VI closes
All of the edge based models mentioned above work in a simwith some concluding remarks.
ilar fashion: After computing local orientation or other fea-
ture maps an edge detection mechanism like gradient com- Il. The Competitive Layer Model
putation, a Sobel or a Laplacian operator is applied to detect
texture boundaries. For region based models there exist sev- The Competitive Layer Model (CLM), introduced by (Rit-
eral approaches: Jain and Farrokhina use a least square &+, 1990), is an approach to perceptual organization and fea-
ror clustering algorithm to partition a set of texture featuresture binding that is based on two principles. First, it is as-
(Jain & Farrokhina, 1991), Hofmann et al. a deterministicsumed that an initial processing stage derives a finite set of
annealing framework (Hofmann et al., 1998). Both modelsfeatures which represent some form of independent, usually
achieve a good performance, but expose a common problertacal, relevant structure in the sensory input. Second, there
The choice of the number of clusters has to be made a pris a measure of the mutual compatibility of features which
ori. The authors suggest a heuristic, where several runs witban be interpreted as a functional implementation of the phe-
different choices of the initial number of clusters are usednomenological Gestalt laws. The CLM uses these compati-
For each run an energy criterion is used to determine theéilities to partition the input features into salient groups by
“true” number of clusters in hindsight. Although the tex- the recurrent dynamics in a layered neural network with to-
ture segmentation performance of (Hofmann et al., 1998) ipographically structured competitive and cooperative inter-
very good, this heuristic and the annealing framework itselfactions. In the following we give an overview of the model
are biologically not very plausible. A more promising ap- as presented by (Wersing et al., 2001).
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Architecture thecolumnwith indexr. Therefore, the CLM haN columns
) ] . with L neurons each (see Figure 1). The feature vectprs

Suppose in a preprocessing step at a set of image posire then assigned to their corresponding columnsTwo
tionsr = (x,y) € | a set of features has been extracted. Thesgpes of interaction are involved in the construction of the
are represented as vectons € R" embedded in a possibly CLM: Firstly, a vertical interaction among the neurons of a
high-dimensional parameter space and can represent ariolumn enforces approximately tiseperposition condition
trary modalities such as: YL _1%a =~ hr. By meeting this constraint the pattefp of

e Spatial information: A stimulus can simply be de- the input intensities is divided upon theayers. Deviations
scribed by its position in the image. Therefams, = (x,y)",  from the exact input are used to represent contextual influ-
wherex andy denote thex- andy-coordinate of the stimulus’  ences of laterally interaction features. Secondly, between
position. neurons in the same layer there is a pairviéderal interac-

e Texture information: Surfaces can be characterized byion: Activities belonging to similar features — which there-
their specific textual appearance. @, = tiext, Wheretiext  fore might belong to the same perceptual group — are “bound
is a suitable local texture description. Section Ill describes inogether” by a positive interaction. Activities belonging to
detail how the features were generated for this contribution.diverse features are separated by a negative interaction.

e Edge Information: A common feature for contour inte-  For a set ofN featuresr with parameteran, derived
gration and grouping models are local edge elements, charafiom a particular image the pairwise compatibilities can
terized bym, = (x,y,8)", wherefis the orientation antk,y)  be stored into arN x N interaction matrix with elements
is the position of the edge. (Nattkemper, Wersing, Schubertf (m,,m,,) = f,.,. To guarantee convergence of the model,
& Ritter, 2000) used this approach to segment fluorescencge interaction must be symmetrié,, = f., for all r,r’.
microscope images with the CLM. Section IV elucidates the design of an interaction function

The above list is only a small selection of practicable fea-for texture segmentation.
tures. The combination of different modalities into a new at-
tribute is also feasible. After the features were extracted dur- The dynamics of the CLM is given by
ing a preprocessing stage, to each of them is assigned a scalar
intensity valueh,, which can be interpreted as the signifi- . ( _ ~ )
cance of the detection of featung. In a neurally plausible Xra = —Xra +0(J(hr %Xrg) + rz fioXeo ). (1)
setup we may consider a fixed set of topographically ordered

features, where the neural activity of a feature-detecting Cerherecy(x) = max(x,0) is a linear-threshold transfer func-

is related to the presence of the feature characterized by fon. This corresponds to gradient descent in the following
particular parameter set, like e.g. an edge at a particular orinergy function:

entation and a particular position. To reduce the complexity

for the simulation, however, we assume that at one image ] 2 1

position only one of the possibly many feature alternatives E=" %X —h _ = for XeaXer 2)

is active, e.g. the edge detector at that orientation which re- ZZ % P 2 ;; e

ceives maximal input. We therefore omit all features with

small intensities and choose a set with= 1 for all features.  The first term of (2) is a constraint term corresponding to

the superposition condition. The second term measures the
I ,7ﬁ74w'um"1
’ my a=t T12
“ Zr2

sum of all grouping energies of each layer. The parameter
11
my Zr1 column r
o -~ —] Z\i,
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and the overall grouping energy.

(Wersing et al., 2001) have shown that

1. If the interaction matrix is symmetrid{: = f.,;), and
additionally J is sufficiently large then the dynamics of the
CLM is convergent. The critical value af is given by
J>max 3t 0 fr.

2. For positive self-coupling interaction functioner (:
frr > 0) stable attractors exhibit a “grouping assignment
Feature Set property”: Within each column there is maximally one ac-

Input Image + Intensities h,. Layer1 Layer2 e Layer L

Figure L The architecture of the Competitive Layer Model is char- tive neuron. Therefore, each featungis assigned to exactly

acterized by two types of interaction: Firstly, all neurons of a col-0ne layer(r) = argmax (Xq > 0).

umnr arevertically competing amongst all layers and secondly in  In other words, the CLM partitions the feature Setinto

every layera each neurornx is laterally interacting with all the L disjoint subset$iy,a € 1,...,L. Note, that the number of

other neurons in that layer to form the grouping process. layers does not need to correspond to the number of groups

in the image, since for sufficiently many layers only those are

The CLM consists oL layerswith index a, each con- active which carry a salient segment. This is a fundamental

taining N formal neurons with nonnegative activity, > 0.  difference to other clustering approaches like k-means clus-

Furthermore, we call all neurons sharing the same position tering. Although the energy (2) is conceptually similar to

e J controls the coupling between the superposition constraint
Tri1

IN1 ZN2 fcolumn N
Feature o
Extraction
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other pairwise approaches (Hofmann, Puzicha, & Buhmann,
1996), the dynamical coupling to the input results in more
flexible response properties, compared to other spin mod-
els and relaxation labeling models of segmentation (Wersing
etal., 2001).

The CLM dynamics can be simulated by an iterative
solution procedure which rapidly searches for fixed point
attractors. This procedure, also known as a Gauss-Seidel
approach has also been extensively used for Markov Random
Field approaches to image segmentation (Besag, Green,
Higdon, & Mengersen, 1995). It can be implemented in the
following way
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Figure 2 The set of 2D Gabor filters used for the feature extrac-

1. Initialize all Xq with small random tion: On the left hand side the daisy-like pattern in the frequency
values: domainu, v is shown. The circles denote the half-peak contours of
Xa(t=0) € [h/L—gh/L+g] each 2D Gabor. Their corresponding receptive fields in the spatial

domain are depicted on the right.
2. Do N - L times: Choose (r,0) randomly and

update Xq =max0,§), where

(e — S pa Xep (1)) + Srrpr frerXrg (1) (Watson, 1987) and (Lee, 1996) have demonstrated that a set
= J— 1, : of filters arranged in a daisy-like pattern as shown in Figure 2
‘ is able to give a good description of an image coding scheme.
3. Goto step 2 until convergence. It is “good” in such a sense that a sparse sampling of the

) . . . phase space (which is spannediay, xg andyp) is sufficient
The single activity update in step 2 corresponds to solvingor 4 complete representation of arbitrary image data.
the fixed point equation for activity, with all other activ- According to physiological data (Valois, Yund, & Hep-

ities h_eld constant. This asynchronous dynamics CONVerg8s, 1982: valois, Albrecht, & Thorell, 1982) the median fre-
(Wersing et al., 2001) due to a convergence result on asyny ency and orientation bandwidths of simple cells are 1.4

chronous iteration_in neqral networks by (Feng, 1997). FOlyctaves and 40 deg, respectively. By choosing a dyadic filter
a more thorough discussion of the spatio-temporal dynamic

: ; . ; ank with 5 equally spaced orientations we obtain receptive
involving an eigensubspace analysis of the approach towargg, s with their optimal stimuli separated by 36 deg. A band-
the possible attractors of the network the reader is referred

: Ridth of 1 octave allows an almost complete coverage of the
(Wersing et al., 2001). frequency domain without substantial overlap (c.f. Figure 2).
. We therefore used a dyadic Gabor filter bank with 5 orienta-
Ill. Feature extraction tions and 3 scales to filter the inputimage. Since Gabor filters
In this section we describe the feature extraction stagedre complex valued itis a priori not clear whether to evaluate
we use to obtain the local texture features which will be subtheir even symmetric, odd symmetric or both parts. (Malik
jected to the CLM feature binding model described in the& Perona, 1990) have presented arguments that preattentive

previous section. texture segr_egation is based on even symmetric mechanisms
] o only. In addition to their arguments we present an example
Multi-scale filtering of an artificially created texture which produces a pop-out

effect which can only be explained by the utilization of even

An ensemble of simple cells is best modelled as a faminSymmetric mechanisms

of self-similar 2D Gabor filters (Daugman, 1988)

(xx9)? (yfyo)2>

B e Nonlinearity

g(xy) = N CR

where(xo,Yo) is the center of the receptive field in the spatial N Figure 3 a texture pair is shown which segregates preat-
domain, oy ando, are the widths of the Gaussian envelopetent'vely’ although the average response of a zero d.c. filter

)

along thex andy axes, respectively, ankl= 2r/A is the IS 0 and the local variance is the same for both regions. This
spatial frequency of a complex plane wave with wave nor-motivates to add some sort of no_n!lnearlty to t_he channels.
mal along thex-axis and wavelength. We can construct a Commonly used choices are re_ctlflcatlon (Bovik, Clark, &

set of self-similar functions, commonly referred toGabor ~ Ceisler, 1990), energy computation (Landy & Bergen, 1991),

waveletsby scaling and rotation of they coordinate frame: intracortical inhibition (Malik & Perona, 1990) or a rectified
sigmoid (Jain & Farrokhina, 1991). Albrecht and Hamilton

Imn(%,Y) = 9(X,Y), describe a non-linear contrast response function for the ma-
X = a ™(xcosOp +ysin®,) and jority of measured cells in striate cortex of monkey and cat
m . (Albrecht & Hamilton, 1982). Therefore, a nonlinear func-
y =a ™(~xsin®n +ycosy), tion as the hyperbolic tangent seems to be an appropriate
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choice, since it is not only biologically plausible, but also compute the global difference @fholeimages. In order to
enables our model to differentiate between such textures. detect local textual differencegthin a single image, a com-
mon approach is to divide the image into a set of small over-
lapping rectangular blocks centered on a regular grid (Hof-
mann et al., 1996). Then for each block the texture feature
vector is computed and associated with the corresponding
grid position. The more grid positions we use, the more ac-
curate is the localization of texture borders. Maximum ac-
curacy is achieved if the grid resolution is equal to the reso-
lution of the digital image in pixels. Note, that in this case
the computation of the mean value over a small block of size
M x N is equivalent to a convolution of the image with an
7 T T < M x N filter kernel with entrie%. 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 (dhne, 1993; Vernon, 1991). Much better results are

% \/ Wi \/ \/ obtained with Gaussian kernels. Therefore, we choose the
following texture features:

@ (0) Hnn(X, ) = CHIF (X, Y) * GSnn(X,Y) 3)

; . Omn(xY) =/ (SGIFOY) — Hun(,Y))2 < Gsma(x y),  (4)

o 0 wherex denotes the convolution operatioth,'F is the re-
1 L L 1 sponse in channehnafter the nonlinear scaling with the con-

-20 -10 0 10 20 20 -10 0 10 20 . . .

(© (d) trast transfer function, anglsyn is the corresponding Gaus-

Figure 3 Response to a micropattern with linear and nonlinearsian filter kernel given by
spatial pooling. The pattern shown at the top segregates preatten-
tively. (a) shows the crossection along tkeaxis of the response J2+2>'2
to a micropattern of the left texture area. The straight line at zero gSnn(X,y) =€ fn,
corresponds to the mean value taken over a region about the size of i . o
the filter's receptive field(b) shows the same information for the Wherepmnis the width of the smoothing filter. The parameter
right texture area. Note, that both the average response and the vafimn iS & critical choice since texture is a quality which cannot
ance are the same for both regions, which prevents their segregatidoe associated with a single point, but an image region of a
by filters that are based on these quantities onlycjrand(d) an  certain size. A reliable measurement of texture features calls
additional nonlinearity is applied. The nonlinear stretching of thefor large sizes. On the other hand, an accurate localization
curves changes the spatial average values of the signals which ngyf texture borders demands smaller sizes. In our experiments
differ between the two patterns. we found a heuristical value of three times the size of the

receptive field’s Gaussian envelope to be a good choice.

Spatial pooling Stages of feature processing
Because texture is a property which is not connected to
singular points in an image (like color is) but to a certain areag,
we need some sort of pooling process which takes an image
region as an input and produces some sort of texture measur,
Manjunath and Ma proposed a method based upon statistica
properties of filter responses in order to gain a meaningfujsp

texture description (Manjunath & Ma, 1996). For each chan-
nel they compute the unnormalized mean and standard dev('gh
ation over the whole image:

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

1. Compute a set of 2D Gabor filters tuned to 5 different
ientations and 3 scales.

2. For each element of the filter bank, compute its re-
onse image, or channel, to the given input.

3. Apply the nonlinear contrast transfer function to each
annekmn, yielding ¢

4. Compute the texture featurgsn and om, for each of

the 15 channels according to (3) and (4).
“m”:/ [Cmn(x, )| dxdy Therefore, for each positiofx, y) in the input image, we
— get a 30-dimensional feature vectgx,y) describing the lo-
Omn = \/// (ICmn(%,Y)| — Hmn) > dxdy; cal texture at that point:

T
wherecmn is the response in channein corresponding to  t(XY) = (H11(%.Y), ..., Ms3(X,¥), 011(XY), - -, O53(X,Y))
scalem and orientatiom. They use this feature vector to ()
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IV. The CLM Texture After the CLM has labelled this subsampled data set, we
Segmentation Model step through all original feature vectqes and find its near-
o . . est neighboupnearsuch thatpr — preal + |F — Meal = Min,
Multi-dimensional scaling wherer andr pearare the normalized positions in the images.

After the preprocessing we obtain a 30-dimensional deanchpr is then labelled according to the label of its nearest

scription of the local image texture. A central question is, ifne|ghbourpnear. The usage of this technique allows the lo-

we assume that in the brain a similar separation into man%j‘ahzatlon of texture borders with the same high resolution as

feature channels is performed, how these channels are co _éhae o?g;rz%l r:nc?futthl'rsngagceh?' F|%ure 4 depicts an example for
bined to obtain a segmentation which has largeshigRanz” pplicat ' que.

in the Gestalt sense — the partition which is most salient.
For the CLM grouping approach this leads to the questionto g
formulate a suitable feature compatibility function.

From a formal point of view, the 30-dimensional feature
vector introduces a problem often called the “curse of di-
mensionality”. In context with classification tasks it 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. Ideally, only those texture channels (@ (b) (c)
should be used for the construction of the feature compati-. : ,
bility which carry the necessary information to segmentrc)jif- Figure 4 (b) shows the grouping result of the CLM to the input

f It | h hich a). The resolution enhanceme(m) provides a more accuarte lo-
erent textures. It is not clear, however, which componentsjization of texture boundaries. Note that the black area in the left

have a high a priori discriminatory power for a given input region does not depict a salient group. The activities in this area do
image. On the other hand, if we take all vector elementsot exceed the threshold of2h, (cf. Fig. 5).

into account for the calculation of the distance measure, then
for each element with low discriminatory power, noisy infor- . .
mation is added. This can severely reduce the segmentatidAteraction function
performance - see also (Pichler, Teuner, & Hosticka, 1996)
for a discussion on this topic. &
For each distinct texture in the input image, we expect,
a 30-dimensional hyperellipsoid in our feature space. Con-
sequently, the variation of the dataset should be high along

=

Based upon a distance measure proposed by (Manjunath
Ma, 1996) we construct the following distance measure
etween two projected feature vectprsandp,:

those directions which connect the centers of hyperellip- 4 N
soids corresponding to diverse texture regions, and it should hext(r,r') = 1 M (6)
be small along those directions which resemble similar tex- I; o(p)

tures according to our texture measure. A simple multi-

dimensional scaling technique calculating the directions of wherem'r is theith component of vectam;, o(mi) is the
maximal variance is principal component analysis (PCA)standard deviation of thiéh component of all 102¢h,, andn
(Hancock, Baddeley, & Smith, 1992). By projecting the fea-is the dimension parameter of the Minkowski norm. In cases
ture vectord, onto their principal components we obtain a of small values fom, the Minkowski norm is less sensitive

new set of feature vectors. to differences in single channels. Following (Hofmann et al.,
. 1996; Ma & Manjunath, 1996) we have chooses 1 which
Feature subsampling yielded good results in all of our experiments. The interac-

The complexity of the simulation of the CLM's dynamics tion function we propose for the CLM consists of two parts:

(1) is of the orderO(N?), whereN is the number of neuron tr) Ier —x112

sitesr, which equals the number of feature vectors. For an fo—e Rm tce Foox _k (7)
input image of 256« 256 pixels the grouping of those 65536

feature vectors would take several hours. Note, that the net- Speaking in terms of Gestalt psychology, the first part can
work type of the CLM could also be implemented in silicon be identified with the Gestalt law of similarity, which states
in a biologically plausible way (Hahnloser, Sarpeshkar, Ma-that similar features are bound together; the second part cor-
howald, Douglas, & Seung, 2000). For the sequential proresponds to the Gestalt law of proximity (stimuli are grouped
cessing of the dynamics on a single processor, we subsarnegether based on their physical proximity). The constant
pled the 4 feature images obtained by the projection onto theontrols the weighting between these principles. The sum-
first 4 principal components. By dividing the 25@56 im-  mation of the two parts corresponds to a logicad™which
ages into 1024 & 8 regions we arrive at 1024 4-dimensional combines the two principles;,: is positive if the two image
feature vectorg, which are used as inputs for the CLM regions corresponding toandr’ have a similar textual ap-
yielding a tremendous speedup for (1) by a factor of 4096pearancer if they are close together. The paramekter 0
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characterizes a global inhibitory influence for features which 1. Artificial textures were created by using different types
are both dissimilar and far apart. Note, that all simulationof micropatterns. Following this way, we are able to con-
examples shown below were obtained with a constant set cftruct well defined test images.

the four parameterBsim, C, Ryrox, andk. 2. For the testing of real world textures we use a database
of textured images containing samples from the popular Bro-
Interpreting the CLM’s output datz album (Brodatz, 1966). Since many texture segmenta-

tion algorithms are tested with these images, we are able to
Once the dynamic of the CLM has reached an equilibriumevalute and compare the CLMs performance with other state
point, we get for each feature vector the numbeni(r) of  of the art models.
its active layer as an output from the CLM and use this to 3. Illustrations of well-known grouping phenomena were
label (or colorize) the input image. According to (Wersing employed in order to show that our texture-based approach
et al., 2001) for an equilibrium point of the dynamics either provides alternative explanations for classical visual stimuli
holds for Gestalt perception of similarity and proximity.
Note, that all results presented in this section were obtained
Xrq = hy + 1 Z frXrg OF X =O0. (8)  using the same set of parameters as described above. In cer-
Ji £ tain cases we additionally apply the model with other pa-
rameters to demonstrate their effects on the grouping resuilt.
Therefore, 0< X < h, means, that there is a significant In all of these cases the change of parameters is explicitly
amount of activities in the layer which belong to dissimilar described. Furthermore, if not otherwise noted, the CLM is
feature vectors, because in that case the sum ovéighieg-  applied with a constant number of 10 layers.
ative. Consequently, only layers with activities greater than
h: correspond to clear and distinct perceptual groups. Thidrtificial Textures
motivates a heuristical threshold of2lh,. It proved to be
a good value to discriminate between significant groupings First, we show the perceptual organization the model pro-
and layers containing noisy and ambiguous information. Thé&luces if applied to artificial textures consisting of mirror

effects of this thresholding operation can be seen in Figure 53ymmetric micropatterns. (Malik & Perona, 1990) have
presented arguments, that preattentive texture segregation is

based on even symmetric mechanisms only. We discovered
an interesting effect which strengthens their arguments: Con-
sider Figure 6: At the top we can see two different test im-

@) (b) (©

Figure 5  Effects of Thresholding: A CLM with 10 layers per-
ceptually groups the imag@). (b) shows that actually 7 of the ‘
10 layers are occpupied with active neurons. By using only those
layers for the labelling process which contain activities above the
proposed threshold, we gain the result as showft)n Only the

two distinct texture areas remain.

(b)

(d)
V. Benchmark Images and Figure 6. Grouping of textures consisting of mirror symmetric
results micropatterns. (c) and (e) are the grouping results for (a) and (b),

. . respectively. In (d) and (f) the preprocessing pathway was modified
So far we have motivated the feature extraction processyg discussed in the text.

the construction of the interaction function for the CLM, and
a method to obtain perceptually grouped images with theages which consist of mirror symmetric micropatterns. For
same resolution as the input images. Taking all these stagésimans (a) segregates preattentively, (b) does not. (b) how-
together we arrive at an artificial model of visual perceptionever, produces a “pop out” effect where the border region of
which describes the organization of visual stimuli accordingthe two areas is accentuated. This phenomenon is also repro-
to the two Gestalt principles of Similarity and Proximity. duced by our model which can be seenin (e). The two group-
ing results shown in (d) and (f) were obtained with exactly
In this section we present a set of images the model ithe same processing pathway, except that the even symmet-
applied to. It can be divided into three parts: ric 2D Gabors were exchanged by odd symmetric Gabors.
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In this case, the results are reversed: The “pop out” effecof the pattern extending into the inhibitory region of the re-

occurs for the first pattern, and the second segregates. Sinceptive field. Therefore, the average response ix-ttegion

humans observe the “pop out” effect only for (b), this might should be lower. This is indeed the case, if we inspegt

be additional evidence, that in human texture perception inalone, as plotted in Figure 9(b).

deed only even symmetric mechanisms are utilized. We are Therefore, our model segments the two regions not only

not aware that this kind of “pop out” effect was reported pre-because of different responses to the micropatterns them-

viously by other authors of texture segmentation models. selves, but also due to different responses tdtekground
generated by the different patterns. One might speculate that
this is also the case for the human observer.
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Figure 7. Grouping of textures consisting bk T's andx’s: Simi-

lar to the untrained human observer the CLM only distinguishes be-
tween three different regions {b). In (c) we descreased the param-
eterRsim in (7), such the model “looks closer at texture differences”
and perceptually organizes the image in four distinct groups.

@) (b)

The image shown in Figure 7(a) is composed of four dif- -
ferent regions. Because orientation is an important criteFigure 9. The sketch ina) indicates, that there are a large number
rion to detect similarity, the regions with uprighis andL’s of neurons in the tilted region whose receptive fields generate a
look similar. Consequently, the untrained observer usuallyfer® "esponse. Th'st;f not the Casd‘? for ﬁhmg"l"gs In (br)] the
sees only three different regions in this figure. Interestingly? < aJ€ reSPonse in the corresponding channet B5 1S snown — see

. - . , Figure 2 for the naming of the channels.
enough, the region with equally oriented andL’s segre-
gates well to the human observer. To get an idea of how our
model segregates these two regions we plot the first four prin- .
cipal components of the texture feature vectors. As we see iFd9€ and region based phenomena
Figure 8, mainly the differences of the feature vectors along . T .
the direction of the 3rd principal component are responsibl Nothdurit studied human texture discrimination using pat-
for the segregation of the two regions. The correspondin%ems with different orientated line segments (Nothdurft,

linear combination of the 2D Gabor filters in the frequencytugrg‘r’()j‘ o ni(ietysﬁtehnaﬁ;{gr?lgegmrzgz?i:)end ;2‘:} (;?;Lljaer]r;(;e ogsct(r)L:g
domain is dominated by the compongg of the feature ing to his experiments 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
arrangements. He suggests that texture segmentation is
achieved by the evaluation of gradients and concluded that
edge based mechanisms probably play a significant role for
the detection of certain texture patterns. Some of his exper-
. ______ SN IJ R - iments and the output generated by our CLM approach are
(a) 1st (b) 2nd (c) 3rd (d) 4th shown in Figure 10. For these experiments he created tex-
Figure 8 First four principal components of the texture featuresture pqtterns_ Wlt.h glopal flgl_Jres .COﬂS'Stmg of Sm‘?‘” line ele-
extracted from Figure 7(a). It can be seen that the 3rd p.c. is rements‘. in which I|n_e orientation differed from that in the sur-
sponsible for the segregation of the top and rightmost region in Figfounding texture field. The results (Nothdurft, 1985) showed
ure 7(b). that textures with strong differences in line orientation can be
discriminated down to shorter line lengths than textures with
The corresponding receptive field of the filter from which smaller orientation difference.
s is extracted is sensitive to gratings orientated diagonally Nothdurft presents another experiment which strenghtens
from the upper right to the lower left. If we project this re- the assumption that edge based mechanisms are employed
ceptive field on the input image, as indicated in Figure 9(a)in human texture perception (Nothdurft, 1985). A texture
we see that in the region with tilteids a large number of pair is constructed analogous to the Craik-Cornsweet
neurons with this receptive field have zero response. This i8lusion of luminance perception. The illusion is caused
not the case for the region constructed oftlse If we tryto by the fact that the human visual system has only limited
position the fields between tixés, there is always some part sensitivity for absolute luminance levels. Subthreshold

vectorsh(x,y) as defined in (5).
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even though lines in the centre of the square have the same
orientation as lines at the pattern’s edges.” (Nothdurft,
1985). In (b) the global variation of texture differences is
identical as in (a), but becomes imperceptible with respect
to texture perception. As can be seen in Figure 11 the
perceptual organization achieved by the CLM model is
consistent with Nothdurft's observations.

In addition to the experiments above, other studies were
conducted which were specifically designed to demonstrate
that also region based mechanisms are utilized in human tex-
ture perception (Landy & Bergen, 1991). In order to show
that the CLM grouping behaviour also exhibits region based
Figure 10 The patterns contain global figures in which line ori- properties, we constructed a pattern according to (Landy &

entation differs from that in the surrounding texture field by 90 Bergen, 1991) as shown in Figure 12. The two texture re-
((8),(c)) and 24 ((b),(d)). For each difference, two patterns with 9ions consist of elements which have the same mean orien-

different line lengths are shown ((a),(b): 0.8 raster width, (c),(d):tation but differ in their standard deviation. Additionally, the
0.5 raster width). The CLM grouping results are consistent withtwo regions do not share a common border such that a pure
Nothdurft's observations. utilization of edge based mechanisms could not explain why
humans are able to tell that two distinct patterns are visible in
the image. In this case, the CLM model basically identifies
three distinct groups: the background and the left and right
half circle. As can be seen, the CLM model also mimics
human perception in this case.

B,
‘,‘%@ .- A

(@) (b)

Figure 12 This result shows that the model is also able to detect
different texture stimuli which were specifically designed for region
based mechanisms - as described by (Landy & Bergen, 1991).

@ (b)
Figure 11  Craik-Cornsweet illusion for textured images (taken Why is the model able to distinguish between the two

from [29]): In (a) lines are arranged to generate a maximal texture"©gions differing in their standard deviation of bar orienta-
gradient, in(b) line orientation is varied in a smooth way (as indi- tion? The CLM architecture binds stimuli together which

cated by the two graphs below the patterns mirroring the line orienshare common features with respect to their interaction as
tations across the center). The human observer perceives a distimdefined by Eq. (7). By analyzing the eigenvectors of the
and homogenous square (a), and just a uniform background in texture features — akin to the procedure as shown in Fig. 8 —
(b). we found that not a feature related to the deviation measure
as defined by Eqg. (4) contributes most to the segregation, but
mainly a component based on the mean responses in the low
variation of luminance may remain undetected and areaBequency channel C3 (as shown in Fig. 2). Therefore, the
displaying identical luminance values on an absolute scal€LM models separates the two half circles mainly because
may appear different when the noticeable luminance contrast channel sensitive tioorizontalgratings produces different
to neighbouring areas is different. The analogous texturesesponses tdhe backgroundgenerated by the bars. An
corresponding the Craik-Cornsweet illusion are shown ininteresting experimental question would be if the supression
Figure 11. In (a) the orientation of the line elements changesf certain orientation selective channels by GABA injections
continously from the periphery to the centre, with a suddercould switch on/off texture segregations like this.
step in midway between center and perimeter. “As far
as texture is concerned, the central square appears to beTaking these results toghether we can summarize, that our
homogeneous and obviuosly distinct from the backgroundtexture segmentation model based on the CLM resembles hu-
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man texture perception connected to edge basettegion ~ Texture Pair| Psychophysical Data  CLM Model
based phenomenons. (Discriminability) | (Classification rate)
@ 100 89.1
i i (b) 88.1 89.3
Comparison to psychophysical data © i g1
In order to give a quantitive comparison of our model's  (d) 52.3 79.7
performance with human data, we have constructed a set of ~ (€) 37.6 74.7
texture pairs according to (Kse, 1987). The images used ®) 30.6 69.7
for the benchmark are shown in Figure 13. For each mi-  (9) 30.3 69.0

cropattern pair, 10 texture images with a size of 512x512 pix-l- ble 1
els were created. The elements were randomly oriented a
positioned on a rectangular grid superimposed with a rang
dom jitter of 4 pixels. Then for each Input image the CLM's cation rate of the CLM matches the rank order of the psy-
output was evaluated. The numbers given in Table 1 Sho"éfhophysical data remarkably well

the classification rates of the CLM model, which denotes the '
percentage of correctly classified pixels. Note, that a clas-

sification rate of 90% is almost perfect for these examples,

since border effects cause a classification error of about 10% ) o _

as can be seen in Figure 13(h). The rank order of discrim- | N€ images presented in this section show, that the group-
inability for the CLM model matches the data from @¢e, N9 results obtained with .the CLM in connection with the.
1987) remarkably well and we therefore conclude that thé?foPosed feature extraction mechanisms are generally in

CLM texture model also resembles human texture perceptioB°0d accordance with human texture perception. In some
from a quantitive point of view. cases the model has difficulties to detect the borders of dif-

ferent textures properly. These misclassifications are occur-
ring in those examples, where different texture regions have
a great similarity in visual appearance. Figure 4 shows that
local differences within otherwise uniform textures are de-
tected. Figure 14 presents some examples where the clas-
sification rate was not close to 100%. A visual inspection
reveals that also the human observer has difficulties to de-
tect the exact border of two textures if no a priori knowledge
about the geometrical properties is assumed.

omparison of psychophysical data from @<e, 1987) with
LM Model’s performance. Theank orderof the classifi-

S7V544 Poulnsdnhaan 7
P IS a7 bEdn YSEYdvOT

@ (b) ()

<IPI33ANY
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(e) (f) (9) (h)

Figure 13  (a)—(g) depict the types of testimages used for the
benchmark. (h) is an example for a typical grouping result for (b)
with a classification error of approximately 86% mainly caused by
border effects.

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 album (Brodatz, 1966). This album con-
tains photographs from natural textures, such as water, grass, (@) (b)

leather, sand, br.'thi Etf(.:' I;’esfttlm?ges from th'ts ?Ibur‘(\Nare q;igure 14 Two examples where the CLM achieved a classification
common usage In the Nield ot texture segmentation. We USgye ot close to 100%. If®) the center region is not well seperated

images from a database taken from (Hofmann et al., 1996}, the top, in(b) the top and left region seem to be interwaved.
which contains pictures each assembled from five differenfote, that these “errors” resemble quite well the human perception

textures. We will present a few examples, which show theof these texture examples.
most important properties of our model if applied to this kind
of natural images.
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Gestalt Laws used to fit the set of Gabor filters to the visual angle which is

needed to perceive that phenomenon.

In this section we will present the grouping results of the
D I
| |* l ]
with the direction of maximal variance in the feature set. (®) © %)
Consider Figures 15: They show arrangements of dot pat-

CLM if applied to some of the images which illustrate the

Gestalt laws proposed by the Gestalt psychologists. We have

terns which exemplify the Laws of Proximity and Similarity. Figure 16 In (a) a pattern of broken lines is shown. Because
the points marked by the discontinuities lie on a smooth line, we

choosen these abstract figures to demonstrate that the featu
set generated by the multi-scale filtering contains directions
which might be interpreted as the largest&fnanz” in the

Although no explicit texture is contained in the images, the erceive a wavelike illusory contour. The grouping result obtained
feature binding process of the CLM generates groups Whlcﬁlith the CLM also shows this wavelike contour(in).

Gestalt sense. The term ‘&ynanz” can then be identified
are meaningful and correspond well to human introspection.

@)
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X NN NN N . T
000000 0® o©0eesee _ Allexamples presented above involved static stimuli, and
0000000 L0000 E® 00cscee it remains an interesting question, how the model can be
0000009 00000009 | 00eeecee extended to dynamic stimuli. If we consider a sequence of
YoX XoX XoX MIEX XX XXX frames, where the grouping dynamics does not start from a
0000000 e00000C0 eccccee fully initialized state, but from an already converged group-
INE XX XN X BN JoX NoX Yo BN W N N N N N ing state, we can expect an effect of hysteresis, that will

lead to a perceptually plausible temporal integration. Only
a major change in the visual input will induce a complete
reorganization of the grouping. See also (Giese, 1999) for
a comparison of similar perceptual hysteresis effects in re-
lated dynamical models of motion perception. The grouping
of local optical flow features using the CLM has also been
investigated in (Wersing, 2000).

VI. Discussion & Conclusion

Figure 15
the Law of Proximity [36]: Because the horizontal spacing be'the CLM to other binding models and shed some light on its

(a) shows an image which is often used to illustrate | the following two sections we discuss the relation of

tween the elements is smaller than the vertical spacing, we pe
ceive five horizontal groups. The CLM grouping result below iden-
tifies three distinct groups: The first (white) corresponds to the el . PT
ements themselves, the second (bright gray) connects the eleme;%elatlon to other Bmdlng Models
together, forming a horizontal structure. The third group (dark gray) Since synchronous activity in the visual cortex has
expresses the horizontal structure generated from the backgrounge

! - e ) en established by several experiments, a variety of
Therefore, the perceptual grouping of this image mirrors the human hronization-based deli hes h d
introspection very well(b) exemplifies the Law of Similarity: The synchronization-based modeling approaches have emerged.

spacing between elements is constant, but the elements themselvdarge class of models uses local activity-based oscillatory
consist of different stimuli arranged in vertical grougis) shows  Circuits which are coupled by long-range horizontal interac-
equally spaced stimuli which do not differ in appearance. Consetions to facilitate the synchronization of the single oscilla-
quently the human observer just perceives black dots on a uniforrtory modules. Early work on such nonlinear oscillator mod-
background - exactly as the CLM model as shown below. els for feature binding considered local (von der Malsburg &
Buhmann, 1992) and global (Schillen &Mig, 1994) con-
Figure 16(a) shows an example where the CLM groupingnection schemes, but simulations were only carried out on
result forms an illusory contour. Note, that the creation ofsmall networks and highly simplified test images. (Terman
such an illusory contour depends on the line spacing. If we& Wang, 1995) proposed the LEGION model which uses re-
increase the spacing as indicated in Figure 16(c), the groupaxation oscillators to achive fast synchronization and desyn-
ing shows a complete different behaviour. In the latter casehronization with local excitatory and global inhibitory cou-
not the wavelike contour is predominant, but the backgroungbling schemes. This is very similar to the CLM grouping we
structure generated by the vertical lines. This example couldre considering here, where the lateral interactions are based
inspire a psychophysical experiment which investigates then a local similarity measure superimposed by a weak global
correlation between background line spacing and sensatianhibition. The main difference lies in the dynamical imple-
of illusory contours. Results of such an experiment could benentation, which for the CLM is given by a consistent model

biological relevance.
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of neural activity dynamics in a layered system of coupledread out a grouping result from the CLM architecture. One

winner-take-all columns. possibilty as suggested by (Roelfsema, Lamme, Spekreisje,
& Bosch, 2002) could employ a layer of nonmodulated cells.
Biological Relevance Perceptual groups can then be read out if neurons in other ar-

eas receive excitatory input from the CLM group layers and

The LEGION model has successfully been applied to anhibitory input from the nonmodulated cells. An alternative
wide range of problems such as greyscale image segmenteeuld employ the combination of topological and temporal
tion, range image segmentation, auditory processing and tesegregation by introducing layers of neural oscillators which
ture segmentation (Cesmeli & Wang, 2001) as well. How-receive input from the activation-based CLM layers.
ever, experiments indicate that texture segregation may not _
be represented by neuronal synchrony: (Lamme & SpekreiConclusion
jse, 1998) have presented various texture based figure- .
ground stimuli to monkey. Recordings of neural activity in V& have presented a novel computational model for hu-
the primary visual cortex (V1) showed “no systematic re-Man texture perception. Based upon standard filter tech-
lationship between the synchrony of firing of pairs of neu-Niqués which are commonly used in the texture segmenta-
rons and the perceptual organization of the scene.” Therdion literature we have developed a feature extraction system
fore, they conclude that “synchrony in V1 does not represengfféctively producing a meaningful texture description. The
the binding of local features into segregating textures, put'sage of these features_ as inputs for the CLM have demon-
is instead a reflection of the horizontal connections in V1.7Strated tha’_[ the model is able to rep_roduce edge based as
Hence, for the case of texture segregation, the CLM archiwell as region based p_henomena V‘.’h'Ch aré bc_)th present in
tecture presents an alternative which in a biological way ma)?uman texture perception. A quantitive analysis has shown
appear more plausible than synchronization models. hat the model not only behaves qualitatively correct, but

The filtering stage of our architecture corresponds to re{Jllso cfloseI)t/hresetrjnt?les_tpzyghoghtysmlzl datHa. Ngtural tex-
sponses of simple cells in V1. It is widely accepted (Val- \Ur€s rom the widely cited brodatz album have been suc-

ois & Valois, 1988) that these resemble Gabor-like recepceSSfully segmented and proven that the CLM's performance
comparable with other state-of-the-art texture segmenta-

tive fields as proposed for the early processing stages of oU? X L
model (c.f. Fig 2‘)). The computatioynpof statisti?:al qgantitiest'on approaches. The results obtained from the application

- : tional figures exemplifying some well known
during a pooling process as suggested by Eq. (3) and (4) rég more conce"p .
quires neurons with larger receptive fields and might be car];Gestalt Lal\:/)vst of{er a}_new perspgctlverR thetrr]ole ?rf]tegﬁlrv?
ried out by cortical complex cells (Sakai & Tanaka, 2000).'0" More abstract saliency grouping. Altogetner, the
Neurophysiological experiments (Nothdurft, Gallant, & Van was applied toa W'd.e variety of different visual S“”.‘“" _and
Essen, 2000) support the notion that responses in V1 can oduced strikingly similar results to human perception in all

strongly modulated by texture borders. Further experiment ese cases. All grouping re_sul@s were obtained with the same
suggest that these response modulations in V1 do not depefgnStant set of parameters, indicating that our model does not
eed a “parameter tuning process” many other models suffer

on feedback connections from V2 (Hupe, James, Girard, Theref the C titive L Model
Bullier, 2001). These data suggest that local feature contra fom. 1heretore, the Lompeltive Layer Vodel appears as
a biologically plausible recurrent neural network implement-

in V1 is sufficent to allow for texture segregation. Based on; - i - .
recent findings where awake monkey reported figure-grounH1g afeature b|nd|_ng process which can mimic a large variety
perception based on texture segregation (Super, van der To&f, human perception phenomena.

Spekreijse, & Lamme, 2003) suggest “that perception de-
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