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Abstract—Texture of various appearances, geometric distortions, spatial frequency content and
densities is utilized by the human visual system to segregate items from background and to enable
recognition of complex geometric forms. For automatic, or pre-attentive, segmentation of a visual
scene, sophisticated analysis and comparison of surface properties over wide areas of the visual field
are required. We investigated the neural substrate underlying human texture processing, particularly
the computational mechanisms of texture boundary detection. We present a neural network model
which uses as building blocks model cortical areas that are bi-directionally linked to implement cycles
of feedforward and feedback interaction for signal detection, hypothesis generation and testing within
the infero-temporal pathway of form processing.

In the spirit of Jake Beck’s early investigations our model particularly builds upon two key
hypotheses, namely that (i) texture segregation is based on boundary detection, rather than clustering
homogeneous items, and (ii) texture boundaries are detected mainly on the basis of larger scenic
contexts mediated by higher cortical areas, such as area V4. The latter constraint provides a basis
for element grouping in accordance to the Gestalt laws of similarity and good continuation. It
is shown through simulations that the model integrates a variety of psychophysical findings on
texture processing and provides a link to the underlying physiology. The functional role of feedback
processing is demonstrated by context dependent modulation of V1 cell activation, leading to sharply
localized detection of texture boundaries. It furthermore explains why pre-attentive processing in
visual search tasks can be directly linked to texture boundary processing as revealed by recent EEG
studies on visual search.
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INTRODUCTION

The human visual system reliably detects and identifies objects or assigns surface
properties even in complex and cluttered environments. Texture is utilized in
several ways by the visual system to segregate items from background and to
enable recognition of complex geometric forms. In order to solve these tasks, the
visual system must deal with textures for a great variety of appearances, geometric
distortions, different spatial frequency content and density. This competence
crucially depends on the robust grouping and segregation of the raw visual stimulus
into distinct items, thus enabling the segregation of figural components from the
background as well as the adaptive focusing on important parts of the scene (Crick,
1984; Grossberg, 1980; Kastner and Ungerleider, 2000).

Segmentation is an automatic and pre-attentive process based on the detection
of pattern arrangements which signal coherent or salient surface quantities. A
variety of features such as color, luminance, motion or stereoscopic depth is
processed by the visual system. In particular, the use of texture information for
segmentation is compelling as it requires a sophisticated analysis and comparison
of surface properties over wide areas of the visual field. Beck investigated the
neural mechanisms underlying texture segregation and boundary finding (Beck,
1966, 1983, 1993; Beck et al., 1983). He particularly emphasized the emergent
properties of texture segmentation based on the measurement of individual items
along with their properties and their binding into perceptual units utilizing the
Gestalt principles of perceptual organization. His findings provided an alternative
view on visual texture processing as the one proposed by, for example, Julesz (1981,
1986), that local elementary features (textons) determine the discriminability of
texture regions. It was proposed that global energy measures provide the basis to
determine correlations between regions over larger spatial distances. Beck (1982)
instead conjectured that texture processing is distributed over several levels of
spatial filtering and lateral interaction, namely (a) feature detection, (b) linking
items into boundary fragments, (c) local difference encoding (measuring feature
contrast), and (d) decision-making (thresholding).

Computational models can be classified according to their general processing
strategy, to achieve region oriented or contrast oriented segmentation, respectively.
In particular, region oriented segmentation approaches attempt to cluster items into
patches according to a proper homogeneity criterion. Such homogeneity is defined
by, for example, statistical properties or by similarities of spatial frequency content
in different bandwidth and orientation channels (Bergen, 1991; Caelli, 1985).
Approaches that belong to the second category try to detect boundaries of otherwise
homogeneous regions by utilizing some stage of contrast detection in some feature
domain (Bergen and Landy, 1991; Malik and Perona, 1990). More recent evidence
supporting that mechanisms are involved to measure feature differences is gathered
by a series of psychophysical investigations by Nothdurft (1985, 1991, 1992) as
well as physiological findings of Gallant et al. (Gallant et al., 1995; Nothdurft
et al., 1999) and Lamme et al. (1998).
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There exists a continuum of stimulus properties that cause immediate stimulus
segmentation or pop-out of items in a field of distracters. However, if the same
type of elementary items is presented with decreasing density, salient pop-out might
gradually diminish such that sequential searching for the presence of a change in
stimulus properties is required (Meinecke and Donk, 2002). It is appropriate from
these observations to ask whether mechanisms of pre-attentive texture segregation
also provide the basis for visual search mechanisms even when stimulus properties
vary along a dimension that is not considered a basic feature (Schubö et al., 2001;
Wolfe, 1998).

In Thielscher and Neumann (2003) we presented a neural model for the pre-
attentive processing of oriented textures that belongs to the category of boundary
finding mechanisms which are assigned to the cortical pathway of areas V1, V2,
and V4. The model mechanisms were motivated by models of V1–V2 interaction
for contour completion and illusory contour formation (Grossberg and Raizada,
2000; Neumann and Sepp, 1999; Ross et al., 2000). Unlike other previous
models of texture boundary detection, in our approach hierarchical feedforward
processing is combined with mechanisms of feedback processing. Feedback is
acting in a gradual fashion to modulate spatially localized activity distributions by
the influence of more global context-related information. Here we show that the
model successfully generates texture boundaries based on orientation contrast even
in cases of significant orientation noise in target and background regions. It will be
demonstrated that the feedback interaction enables the model network to improve
its stability to successfully perform even in severe noise conditions. In addition, it
provides a successful explanation of recent VEP studies that such process of texture
segregation is at the root of bottom-up feature processing in visual search tasks.

The paper is organized as follows. In the next section we introduce our neural
computational model with its components and dynamics. The computational ele-
ments are model cells that consist of three successive stages of signal integration,
processing and transformation. The model is intended to capture the main computa-
tional properties of cortical stages, or areas, of early and mid-level shape and form
processing along the ventral pathway. The third section sketches the computational
experiments conducted with the proposed model and the results achieved. Here we
explain the input stimuli as well as specific manipulations in the model that were
made to selectively investigate computational properties such as, for example, the
contribution of feedback. In the discussion section we relate our model to previous
developments and particularly refer to recent experimental observations of the role
of area V4 in texture segregation and the spotting of salient regions. We finally
conclude with a brief summary.

NEURAL COMPUTATIONAL MODEL

A recurrent model of human texture processing is proposed, thereby utilizing
a large database of available anatomical and physiological data. The model
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Figure 1. Outline of the hierarchy of model areas and model cells. Receptive field kernels are
sketched in the left column (white: excitatory subfields; black: inhibitory subfields). The field sizes
are not drawn to scale.

consists of hierarchically organized visual areas LGN, V1, V2 and V4 (Fig. 1)
each containing a topographical map of model cells. Model LGN cells filter the
luminance distribution of the input image in a linear feedforward process. This
preprocessed activity constitutes the input to the recurrent stage of texture boundary
processing implemented by bi-directionally linked model areas V1, V2 and V4.
In accordance with data from Smith et al. (2001) the cells’ receptive field sizes
increase monotonically within the hierarchy (ratio V1 : V2 : V4 = 1 : 2.5 : 8). In the
following, the cells’ receptive field properties as well as the non-linear recurrent
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cell dynamics utilized in model areas V1, V2 and V4 are outlined. A complete
description of the mathematical equations and model parameters can be found in
the Appendix (the definition of mechanisms and their mathematical description also
appeared in Thielscher and Neumann, 2003).

Model cell dynamics

Model cells are single-compartment units of gradual activation dynamics, repre-
senting groups (or assemblies) of individual neurons. The activity of a model LGN
cell is determined in a single linear feedforward process implemented by spatial
convolutions. In contrast, the activation level of model V1, V2 and V4 cells is de-
termined in three successive computational stages, as depicted in Fig. 2. First, the
bottom-up input is linearly pooled within a cell’s receptive field to determine its ini-
tial activation. The cells’ receptive field properties are outlined in the next section.
Second, the initial activation is modulated by shunting feedback interaction from
higher model areas. Third, this top-down modulated, i.e. biased, activity undergoes
a stage of shunting ON-center/OFF-surround competition between cells in a space-
orientation neighborhood. In the following, the responses of the second and third
stages of the model cell network are outlined utilizing a first-order dynamics. The
values of the parameters are listed in Table A.1 in the Appendix.

The dynamics of feedforward processing and excitatory top-down modulatory
interaction (second stage) is denoted by the equation

∂

∂t
l
(1)
iθ = −α1l

(1)
iθ + (

β1 − γ1l
(1)
iθ

)
ciθ [1 + C · hiθ ]. (1)

The input activation ciθ is given by the bottom-up input that is weighted by the
receptive field kernel (first processing stage), sensitive to spatial location i and
orientation θ . The spatial structure of the receptive fields is outlined in the next
section. Excitatory feedback activity hiθ delivered by descending cortical pathways
modulates the initial input activation. Feedback is sensitive to spatial location and
orientation and its strength is controlled by the gain factor C. Feedback activity hiθ

multiplicatively enhances the initial activation ciθ and is therefore only effective at
positions with non-zero initial activation. This prevents unspecific activity to spread
unintentionally within the topographical map. The term −γ1l

(1)
iθ ciθ [1 + C · hiθ ]

accounts for an upper saturation level of activity l
(1)
iθ , which is given by the

ratio β1/γ1. The constant α1 determines the rate of activity decay.
The top-down modulated activity l(1) of the second stage is the input to the

third computational stage determining the final cell activation level l(2). The third
stage exerts a scheme of shunting ON-center/OFF-surround competition, which is
described by the algebraic equation

l
(2)
iθ = β2{ l(1) ∗ �+ ∗ �+}iθ − δ2{ l(1) ∗ �− ∗ �−}iθ

α2 + ζ2{ l(1) ∗ �− ∗ �−}iθ . (2)
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Figure 2. Three-stage cell dynamics used to determine its activation level. (1) The bottom-up input
is pooled by the cell’s receptive field to generate its initial activation. (2) Multiplicative feedback
interaction from higher model areas modulates the initial activation. (3) The top-down modulated
activity finally undergoes a stage of shunting ON-center/OFF-surround competition in a spatial and
orientational neighborhood.

The profile of weighting the input activation from the previous stage resembles a
‘Mexican Hat’ shape for spatial as well as orientation information. The symbols
�+, ψ+, �− and ψ− denote excitatory (+) and inhibitory (−) Gaussian weighting
functions in space and orientation, respectively, used to integrate the top-down
modulated activity l(1) (‘∗’ denotes the convolution operator). The constant δ2

controls the strength of subtractive inhibition by surround activity given by the
term δ2{ l(1) ∗ �− ∗ �−}iθ . In addition, shunting interaction is employed to
incorporate divisive inhibition by the term ζ2{ l(1) ∗ �− ∗ �−}iθ . Shunting
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interaction achieves a contrast-enhancement and normalization of the initial top-
down modulated activities, resulting in an activity dependent tuning of the cells’
responsiveness.

In all, the three stages of computation together realize a soft-gating mechanism.
The initial activities that match the context-sensitive feedback activity from higher
areas are further enhanced and in turn inhibit cells in their neighborhood. Thus,
salient texture arrangements are enhanced while at the same time spurious and per-
ceptually irrelevant activities are suppressed. This scheme of feedback interaction
followed by center–surround competition was motivated by several physiological
studies indicating that feedback from higher visual areas is not capable of driving
cells in lower areas, but modulates their activity (Hupe et al., 1998; Mignard and
Malpeli, 1991; Przybyszewski et al., 2000; Salin and Bullier, 1995; Sandell and
Schiller, 1982). Using multiplicative instead of, for example, additive excitatory
feedback is one possible implementation of such modulatory connections. The divi-
sive inhibition in equation (2) guarantees an upper saturation level of l(2)-activation
after excitatory top-down modulation. Thus, a bounded-input bounded-output sta-
bility is ensured. Our scheme of feedback interaction is also supported by the ‘no-
strong-loops hypothesis’ of Crick and Koch (1998). They suggest that a directed
loop between two cortical areas will not consist of two driving connections, but
will use one driving and one modulatory connection in order to avoid uncontrolled
oscillations of the overall system and to limit the amount of inhibition necessary
to achieve a stable network behavior. Taken together, feedback from higher model
areas realizes a context-selective gain enhancement or soft-gating mechanism in our
model dynamics, which facilitates initial bottom-up activity matching the ‘expecta-
tion’ of the cells in higher model areas.

Model areas and receptive field properties

The model consists of hierarchically organized areas LGN, V1, V2 and V4 (Fig. 1).
Model areas V1 and V2 as well as V2 and V4 are bi-directionally linked, according
to the known anatomical data (Felleman and van Essen, 1991; Zilles and Clarke,
1997). In the following, the receptive field properties of the model cells are
outlined. The reader is referred to the Appendix for a complete description of the
mathematical equations used.

• The first two processing stages emulate roughly the functionality seen in the
parvocellular layer of LGN and simple cells in V1. They were incorporated in
the model for preprocessing the initial luminance distribution and their activity is
determined by pure feedforward processing. Model LGN ON and OFF cells with
concentric center–surround receptive fields (Hubel and Wiesel, 1962) initially
detect local luminance transitions in the input image based on a subtractive
and half-wave rectified interaction between Gaussian weighted input intensities.
Model V1 simple cells have elongated ON and OFF subfields to pool the input
that is delivered by appropriately aligned LGN cells. They respond to local
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luminance transitions along a given orientation preference and are selective to
contrast polarity (dark-light and light-dark in 8 discrete orientations).

• Model V1 complex cells form the lowest level of recurrent texture border
processing. Model complex cells pool the activity of two simple cells of opposite
polarity at each position. In combination, the computation performed by model
LGN, simple and complex cells result in complex cell activity that is sensitive to
orientation but insensitive to the direction of contrast. The output of the model V1
complex cells thus resembles that of real cortical complex cells. This output
activation is subsequently modulated by excitatory top-down interaction from
model area V2 and intra-areal center–surround competition utilizing the three-
stage cell dynamics described above.

• Model V2 bipole cells employ two prolated subfields aligned along the axis of the
cell’s orientation preference to pool the input delivered by appropriately aligned
V1 complex cells (Grossberg and Mingolla, 1985; Neumann and Sepp, 1999;
Ross et al., 2000). Model V2 bipole cells respond to luminance contrasts as
well as to illusory contours, thus resembling the functional properties of contour
neurons in V2 (Heitger et al., 1998; van der Heydt et al., 1984, 1993). The bipole
cells combine the activities of the subfields using a soft-AND-gate, thus they only
generate significant responses when both subfields are excited simultaneously
(Grossberg and Mingolla, 1985; Neumann and Sepp, 1999; Thielscher and
Neumann, 2003). The initial V2 bipole cell activities are subsequently modulated
by feedback activity from V4 and center–surround competition again utilizing the
three-stage model cell dynamics described above.

The cells complete fragmented contours and respond to illusory contours
induced by two or more line ends that excite both subfields. On the other
hand, the soft-AND-gate prevents blurring of V2 activity at isolated line ends
and corners which stimulate only one of the subfields. Furthermore, the
combination of two subfield responses by a soft-AND-gate mechanism prevents
model area V2 to signal a distorted region outline in case of texture regions
composed of uniformly oriented elements. Take, for example, a texture square
composed of horizontal line elements and presented on a uniform background.
Simple anisotropic filtering with elongated receptive fields would result in a
V2 activity pattern preserving the height of the square, but broadening it due
to the anisotropic filtering along the orientation of the texture elements (i.e. in
horizontal orientation). This effect is prevented by the functionality of the bipole
cell integration.

The bipole cells were incorporated into the model in order to allow for a
realistic preprocessing of the bottom-up input that is delivered to model area V4
in accordance to the electrophysiological data of orientation selective cells
in V2. Furthermore, incorporation of V2 bipole cells enables us to preserve the
computational capabilities of previous models of robust boundary formation from
luminance contrast in our approach (Grossberg and Mingolla, 1985; Mansson,
2000; Neumann and Sepp, 1999). This results in a unified model of boundary
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processing based on both luminance and texture information in the ventral visual
stream.

• Model V4 cells represent the highest level in our model of texture border
processing. They detect texture borders defined by activity changes in the
fields of oriented input responses generated by oriented model V1 and V2 cells.
Discontinuities in the activity distribution can occur in each input orientation
field (depending on the orientation of the elements constituting the texture
stimulus and the background) and can themselves have different orientations
(depending on the orientation of the texture boundaries). Accordingly, model V4
cells compare the bottom-up activities to detect the position and orientation
of discontinuities in the activity distributions in each input orientation field.
This comparison is mediated by pooling the bottom-up activities by one central
excitatory and two lateral inhibitory subfields of model V4 cells (8 V4 cell
orientations per input orientation and 8 input orientations from model V2 result
in a matrix of 8 × 8 = 64 model V4 cells at each location). All cells selective to
the same input orientation undergo center–surround competition. The activities
of model V4 cells with the same orientation selectivity are subsequently pooled
at each position over the separate input orientations and finally fed back to
corresponding orientation channels in the preceding model areas.

Prior to the actual simulations, we empirically determined the constant model
parameters in such a way that the whole network could reach a stable activation
pattern quickly after onset of input pattern presentation. In order to speed up
processing, the differential equations were solved at equilibrium in response to a
constant input. Initially, the activities of all model layers were set to zero. The
input image was clamped and the activities of the model areas were sequentially
updated. The final activation patterns were achieved after 4–5 iterative cycles.
Each simulation was continued until iteration 9 in order to visually demonstrate
the stability of the solution. A comparison with results obtained by numerical
integration of the model equations revealed that the use of equilibrium responses
did not affect the results of the final activation patterns. The values for the constants
and the standard deviations of the Gaussian kernels used in the simulations are given
in the Appendix. They were kept constant through all numerical experiments and
are identical to those used in (Thielscher and Neumann, 2003).

COMPUTATIONAL EXPERIMENTS

Stimuli and model variations

The stimuli were adopted from psychophysical as well as EEG studies in order to be
able to directly link model activation patterns with results on human performance
in texture segregatation. In the first set of simulations, gray scale images of sizes
270×270 pixels containing texture arrays of 13×13 (Fig. 3) and 12×12 (Fig. 4A)
black line elements on a white background were utilized (Nothdurft, 1985, 1991). In
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Figure 3. Equilibrated cell activation patterns in response to two pop-out squares, summed over all
orientations for purposes of visualization. The borders of the texture regions and the pop-out squares
are detected by model V4 cells. Model V2 cell responses at the borders are enhanced via excitatory
feedback connections from V4. (A) Model V2 bipole cells group the line elements at the border of
the pop-out square to continuous concave and convex contours, resulting in smooth V4 activation
patterns. (B) V2 bipole groupings along the border of the pop-out square are disrupted, leading to
more wiggled and irregular model V4 patterns.
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Figure 4. Systematic investigation of model V4 activation patterns in dependence on border OC.
(A) In all simulations, BN was fixed at 20◦ while systematically increasing OC. The mean inner
and surround activity levels in model V4 were determined for each value of OC. Their ratio was
subsequently plotted against OC. (B) Dependencies of the inner-to-surround ratio on OC for the
network configurations depicted in (C). High ratios crucially depend on the existence of feedback
connections from model V4 to V2. Part of the data presented in (B) are reproduced with permission
from Thielscher and Neumann (2003).

the central region a square or bar pops out, caused by sufficient orientation contrast
(OC) between the neighboring lines at the region border. Line positions were
slightly varied to avoid spatial alignment effects. An additional constant orientation
shift between neighboring line elements leads to apparent ‘flow patterns’ and thus
introduces orientation noise. Difficulty in detecting the central pop-out square or bar
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can be controlled by means of the OC at the border and the background orientation
noise (BN), allowing a systematic examination of the model behavior.

The precise functionality of feedback projections between cortical areas is still
a focus of intensive investigations. We used artificial lesions of specific model
feedback connections (Fig. 4C) in order to define their functional roles in texture
segmentation more precisely. The impact of lesions was characterized using
quantitative values of mean cell activation levels in model area V4 obtained for
several network configurations (Fig. 4C). The BN of the input stimulus was fixed
at 20◦ (Fig. 4A left), and the OC was systematically varied between 0◦ and 90◦
(OC values were 0, 10, 15, 20, 25, 30, 40, 50, 70, 90◦). For each value of OC,
model V4 activation levels were averaged at each spatial position over several
simulations using different background line orientations (Fig. 4A left: background
line orientation was controlled by the orientation of the line in the left top corner,
which was varied between 0◦ and 90◦ in steps of 15◦). The mean values of the
averaged activation levels in the region corresponding to the inner pop-out bar
(Fig. 4A right: light gray region) as well as the region corresponding to the surround
(dark gray region) were determined and the ratio between the resulting mean values
was finally plotted against OC.

In the second set of simulations, simplified texture arrays of 7 × 7 oblique lines
containing a single target line (OC = 90◦) were used (Fig. 5 right column; Schubö,
2002; Schubö et al., 2001). The density and homogeneity of the texture array were
controlled by reducing the number of lines to, say, 5 or 25 (Fig. 5 left and middle
columns) to introduce gaps of increasing size.

Humans are capable to detect the presence of a pop-out texture region even
when the border between this region and the background is not sharply localized,
but significantly blurred. Detection performance decreases with increasing level
of blurring, but remains above chance level even in case of heavily camouflaged
texture borders (Landy and Bergen, 1991). We investigated whether our model is
still able to successfully signal the presence of different texture regions when the
orientation discontinuities constituting the region borders are blurred. In a third
set of simulations, texture stimuli (270 × 270 pixel) were utilized in which the
dominant orientation changed smoothly from the background to the foreground
orientation (see Fig. 6). The stimuli were adopted from Landy and Bergen (1991)
in which the stimulus generation is described in detail. Briefly, an image containing
two-dimensional Gaussian noise was filtered by oriented Gabor filters having the
fore- or background orientation. At the border between fore- and background, the
orientation of the Gabor filters was smoothly varied. The level of blurring could be
controlled by the width of the border region, which was 0, 16, 24, 32 or 40 pixels.
The orientation contrast between the foreground and background was held constant
at 36◦. In order to ensure that the observed model activations did not result from
the general stimulus pattern or appearance, but were specific to the orientation
contrast even for high levels of blurring, an additional simulation with OC = 0◦
was performed as a control.



Neural mechanisms for texture boundary detection 239

Figure 5. Equilibrated responses of model area V4 to texture stimuli of varying set size. Set size
49: The texture border as well as the presence of a target pop-out line is signaled by model V4 cells.
Target and blank stimuli result in clearly distinct V4 activation patterns. Set size 5: Each line element
results in a separate activity blob in model V4. Consequently, V4 activation patterns of target and
blank trials are rather similar. Set size 25: Model V4 responses to line elements in the inner texture
region are diminished due to center–surround competition. Model V4 activation patterns of target and
blank trials are rather similar. However, the position of the perpendicular target line is signaled by
enhanced model V4 cell activity (dotted circle).

In order to circumvent numerical boundary artifacts, white pixels were padded to
each side of the stimulus prior to each simulation. The number of rows and columns
padded was three times the standard deviation of the widest Gaussian used. This is
equivalent to presenting the stimulus on a uniform white background.
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Figure 6. Model behavior in response to increasingly blurred texture borders. Shown are the
equilibrated V4 activation patterns. Left: The model recovers the outline of the pop-out area for
border width up to 16 pixels. For border width of 24 to 40 pixels, the model gradually declines in its
capability to process the outline of the pop-out area. However, even in these cases the central part of
area V4 activation signals the presence of the orientation discontinuity in the input image. Right: The
central part of model V4 activity does not react to the stimulus when no orientation discontinuity is
present. Consequently, activations in model V4 are specific to an OC in the stimulus.
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Simulation results

General model behavior: Line groupings and texture boundary detection. The
model behavior is demonstrated in Fig. 3, for example, using two stimuli adopted
from psychophysical experiments (Nothdurft, 1992). The equilibrated activity
patterns of all model areas are shown that were summed up over all orientations at
each spatial position for purpose of visualization. The resulting activity patterns are
illustrated as gray-scale images, with the maximal activity of each model area coded
as white. Each of the two stimuli of Fig. 3 consists of a square composed of oriented
line elements whose outline is defined by an border OC of 90◦. A systematic
orientation shift of BN = 15◦ between neighboring lines introduces orientation
noise.

Model V1 complex cells signal the outlines and orientations of the line elements
composing the stimulus. This V1 activity pattern serves as bottom-up input to
model V2 bipole cells, which group these inputs to form continuous smooth curves.
The resulting V2 activation pattern corresponds well with the subjective impression
of apparent ‘flow patterns’ visible in the stimuli. Finally, the borders of the squares
and the entire texture fields are detected by model V4 cells which respond to
orientation discontinuities in the input delivered by model area V2. In turn, the
responses of model V2 cells at the borders are enhanced via modulatory feedback
interaction. This enhancement leads to an indirect and weaker modulation of
model V1 cells in the range of 10%–20% of their mean activation level (this weak
influence is hardly visible the gray scale pictures; please refer to Thielscher and
Neumann, 2003 for quantitative results).

Consider the stimuli shown in Figs 3A and 3B. Although both exhibit identical
values of OC and BN, the model responses (as well as the subjective impressions;
see Nothdurft, 1992) are markedly different. In the stimulus of Fig. 3A, the
line elements at the border of the pop-out square form convex and concave flow
patterns whose orientations are approximately parallel to the border. This results in
continuous model V2 bipole groupings of the line elements at the border, which
in turn lead to smooth and continuous V4 activation patterns. Finally, the V2
activations at the border are enhanced via feedback, resulting in activity patterns
which agree well with the subjective impression of a barrel-shaped central pop
out area. In contrast, the lines in the stimulus of Fig. 3B prevent the creation
of continuous flow patterns at the border of the square. Consequently, V2 bipole
groupings are disturbed and, in turn, V4 activity patterns delineating the shape of
the square are more wiggled and irregular. Moreover, the absence of continuous V2
groupings agrees with the impression of an undistorted, rectangular square.

Effects of feedback. Feedback from model area V4 enhances model V2 and
V1 cell activities at topographically corresponding positions at texture borders.
In the following, the impact of this recurrent flow of activity on the performance
of the complete model in texture border processing is demonstrated. Several
model variants with artificially lesioned feedback connections are considered and
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compared with the full recurrent model, namely a pure feedforward model, a variant
without connections from V4 to V2 and a network without connections from V2
to V1 (Fig. 4C).

Texture arrays of 12 × 12 line elements with a background orientation shift of
BN = 20◦ were used as test stimuli (Fig. 4A left). For each model variant, the
border OC of a central pop-out bar is systematically varied between 0◦ and 90◦.
Mean cell activities were determined in the inner V4 region which contains model
cells mainly reacting to the border of the texture bar. Also, mean activities were
identified in the surrounding V4 region which contains cells responding solely to
the orientation noise (Fig. 4A right). The ratio between the two mean activities is
plotted against OC for each model variant (Fig. 4B; refer to subsection Stimuli and
Model Variations for details).

The comparison of the curves depicting the behavior of the full recurrent and
pure feedforward variants reveals a clear impact of the recurrent flow of activity
on model V4 activation patterns (Fig. 4B; solid and dashed lines). Cycles of
feedforward and feedback interaction enhance model V4 responses at the border
of the texture bar and suppress spurious activities evoked by orientation noise,
resulting in higher activation ratios between the inner and the sourrounding regions.
Ratios with a value significantly larger than 1 indicate the successful detection of the
texture bar by the model architecture. Compared to the feedforward network, the
full recurrent model exceeds the ratio of 1 and reaches high ratios at markedly lower
values of OC. Moreover, the inner-to-surround ratio of the feedforward variant
is markedly lower even for the maximal OC of 90◦. Taken together, the general
effect of feedback is to enhance the sensitivity of model V4 cells to salient pattern
arrangements signaling region boundaries and to enhance the signal-to-noise ratio
in model V4 area in the presence of orientation noise.

Lesions of specific feedback connections help to determine their relative contri-
butions to noise suppression via feedback modulation, as observed above. For ex-
ample, the performance of a model without feedback from V4 to V2 is comparable
to that of the pure feedforward model (Fig. 4B; dotted and dashed lines). In this
model variant, V4 completely looses its ability to modulate cell activities in lower
model areas and, in turn, is unable to enhance salient texture patterns at putative
region boundaries. However, the capabilities of the network are markedly dimin-
ished even when the V4–V2 connections are left intact, but feedback from V2 to
V1 is selectively lesioned (Fig. 4B; chain dotted line). In the full model, V2 cells
with top-down modulated activity levels modulate V1 cell activity at corresponding
spatial positions and in turn receive modulated bottom-up input. This effect boosts
the impact of feedback activity from model area V4 on model area V2, resulting
in a higher signal-to-noise ratio of the full recurrent model compared to the variant
with lesioned V2–V1 connections.

Model area V4 as saliency map. It has been demonstrated above that model
area V4 successfully signals the boundaries of a texture region composed of oriented
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line elements even in noisy situations. We now consider the case that the texture
region is reduced to a single pop-out line element for which the V4 activities
signaling its boundaries reduce to a single contiguous blob of activation. In this
case model V4 cell activation strengths at the spatial position of the pop-out line and
at the positions of the surrounding background lines depend on the overall texture
density and homogeneity:

• Take, for example, a perfectly homogeneous texture field in which a pop-out
target line is present or absent (Fig. 5; right column: set size 49). In this case,
model V4 cells respond to the borders of the texture field and in turn completely
suppress the responses to the inner region that is composed of iso-oriented texture
elements via center–surround competition. In addition, they detect the orientation
discontinuity caused by the perpendicular pop-out line element of the target
stimulus. Consequently, the presence or absence of model V4 cell activity in
the inner region of the map directly signals the presence or absence of a target
line element in the stimulus.

• In the case of very low texture densities, each line element results in a separate
blob of model V4 activity (Fig. 5; left column: set size 5). As a consequence, no
difference in mean cell response level between target and non-target trials can be
observed.

• In the case of intermediate texture densities (Fig. 5; middle column: set size 25),
the model V4 cell responses to the texture border are enhanced and the responses
to inner iso-oriented line elements are markedly suppressed through center–
surround competition. Furthermore, the presence of a perpendicular target line in
the inner texture region is signaled by increased cell activity at the corresponding
spatial position (model V4 map within the dotted circle). However, due to the
lower density and the inhomogeneity of the spatial arrangement, the suppression
of the surrounding line elements is incomplete and, consequently, no single
circumscribed activity blob caused by the perpendicular target line can be
observed in the target trail.

Taken together, the degree to which model area V4 unambiguously signals the
presence or absence of a target line crucially depends on texture density and
homogeneity of the input stimulus. No information can be derived from model V4
activation patterns for low texture densities, while the activation patterns are
unambiguous for high texture densities. In the case of intermediate densities, the
activation patterns remain ambiguous to a certain degree, but positions of putative
target lines are indicated by enhanced cell activation levels. We suggest that model
area V4 is the main site that signals the positions of presumably interesting image
regions in a gradual fashion, i.e. it acts as a saliency map in the orientation domain.

Model area V4 responses to blurred texture borders. Psychophysical studies
indicate that humans are capable of discriminating between neighboring texture
regions even when the region boundaries are heavily blurred (Gurnsey and Laundry,
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1992; Landy and Bergen, 1991). The question therefore arises if mechanisms of
boundary processing alone are sufficient to recover at least the rough shapes of the
texture regions, or if surface-based mechanisms are necessary to judge the presence
of different texture patterns in these cases. We tested the performance of our model
of texture border processing in response to a central pop-out area defined by an OC
of 36◦ between fore- and background (Fig. 6). The border of the pop-out area was
increasingly blurred by broadening the region in which the dominant orientation
smoothly changed from the back- to the foreground orientation (see stimuli in the
left column of Fig. 6). Simulation results show that the model is capable to recover
the shape of the pop-out region for border width up to 16 pixels, as can be seen from
the model V4 activation patterns in the second column of Fig. 6. For even larger
border width, the exact region outline gets gradually lost. However, even in these
cases, the activation pattern in the central part of model area V4 unambiguously
signals the presence (Fig. 6; second column) or absence (Fig. 6; third column) of the
target area. Consequently, mechanisms of texture border processing as integrated
in our model are sufficient to detect the presence of different texture regions in
the input image even in cases of strongly blurred region borders. This capability
crucially relies on the rather wide receptive fields of the model V4 cells that allow
them to integrate and compare information over extended regions in the stimulus. In
turn, center–surround competition within V4 helps to keep the model V4 activations
spatially focused at topographical positions corresponding to borders or pop-out
targets in the input image.

DISCUSSION

Summary of main results

In this paper, we investigated a neural model of texture boundary detection,
which builds upon a large body of available anatomical, physiological, as well as
psychophysical data. Our primary aim of this contribution was to evaluate the model
with regard to stimuli composed of line items of varying orientation and density
(compare Figs 4 and 5) that were utilized in psychophysical texture segregation as
well as visual search tasks. In addition, the sharpness of the transition between
texture regions of different orientations (boundary sharpness) was also investigated
(see Fig. 6). As a main result of our investigation, we provide evidence from
computational studies for a key role of area V4 in texture boundary finding, the
computation of a saliency map and the guidance of attention that is precursory of
texture search tasks.

Our model consists of three hierarchically organized cortical areas and their
pair-wise bi-directional interconnections which is based on known anatomical data
(Felleman and van Essen, 1991; Ungerleider and Haxby, 1994). We demonstrated
that the activation patterns observed in model area V4 of the full recurrent model
successfully signal the presence or absence of texture boundaries that were defined
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by a proper ratio of line orientation contrast against background orientation noise.
Such contrast boundaries delineate a figural shape against a background of simi-
lar line statistics. The computational results correspond to the subjective impres-
sion of the stimuli and concur with the visual detectability that was investigated
psychophysically by parametric variation of figural line orientation contrast (Noth-
durft, 1985, 1991). Human observers cannot only detect texture figures with sharp
boundaries, but also versions with gradual figure-ground transitions. Such ‘blurred’
texture boundaries were defined by (Landy and Bergen, 1991) by a strip where
orientations smoothly change between figure and ground texture. We have shown
above that our model also successfully accounts for this observation through grad-
ual response modulation that varies as a function of the width of the transition and
the size of spatial integration of model V4 contrast cells.

We also found that model V4 cells respond gradually to non-target and target
trials in visual search stimuli. The response appears to be sufficiently detailed
only for displays with dense item arrangements (set size 49 in our example).
In contrast, the response patterns to stimuli of low or intermediate density (set
size 5 and 25, respectively) differ either not at all or only slightly when target
and non-target trials were compared. This again is in accordance with data from
recent empirical investigation. For example, in an event-related brain potential
(ERP) study (Schubö et al., 2001) significant differences in posterior N2 (N2p)
amplitude between target and non-target trials could only be observed for the
‘set size 49’ display. Since N2p is thought to reflect pre-attentive processing, it
is likely to assume that it is the electrophysiological correlate of a segmentation
process mediated by visual area V4, as suggested by the model. Model V4
responses to target and non-target stimuli of ‘set size 25’ did not reveal such a
clear difference. The model predicts that V4 activity is markedly enhanced at the
position of the target line. We propose that this enhancement helps subsequent
attentive processes to identify the presence of the target. Our results suggest that
detection performance in visual search will decrease with increasing set size as long
as model V4 center–surround competition is not effective due to inter-item distance.
We predict that performance will start to increase again when the number of items
is further increased, beginning to gradually suppress V4 activations to non-target
items via center–surround competition. Indeed, it has been demonstrated in a recent
psychophysical study by Meinecke and Donk (2002) that detection performance
follows the predicted behavior.

In this contribution we have also emphasized the computational role of different
stages in the model by either utilizing specific item arrangements or by selectively
damaging the model stages and their connectivity pattern. In particular, we
demonstrated that the alignment of oriented items along shape boundaries is
enhanced through the interaction of model V2 long-range integration and model V4
boundary detection mechanisms. The results show that the visual appearance of
texture flows in stimuli used by Nothdurft (1991) (see Fig. 3) can be attributed
to grouping processes in model V2 creating the barrel-shape representation of the
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figure. Also, the simulation of selective lesions of V4–V2 feedback connections
permitted to determine the influence of model area V2 on the capabilities of the
complete model in texture segmentation.

Taken together, our simulations reproduce key findings from psychophysical
investigations of texture segregation. This supports the view suggested by Nothdurft
that segmentation of texture regions proceeds by means of boundary detection
that is based on discontinuities along feature dimensions rather than grouping (or
clustering) of similar feature elements (Nothdurft, 1985, 1991, 1992). Model cells
in V4 detect discontinuities in the spatial arrangement of responses in the orientation
fields of model areas V1 and V2. Excitatory feedback from model area V4 enhances
activations at contrast locations at earlier stages. This enhancement biases activities
which, in turn, suppress ambiguous responses via competitive interactions to finally
signal salient image structures. In behavioral terms, such influences from recurrent
cycles of processing help to detect objects even when they are camouflaged and,
therefore, only visible when there is enough time for detection (Lamme and
Roelfsema, 2000).

Texture segregation, the role of higher visual areas and a visual saliency map

Emphasis has been devoted to investigate, both experimentally and computationally,
the role of cortical area V1 in texture boundary detection and the determination of
pop-out targets (e.g. Li, 1999). There is now increasing evidence that argues in
favor of a crucial role for extra-striate areas in texture segregation and saliency
computation. For example, Lamme et al. (1999) reported that multi-unit activity
is moderately pronounced at positions belonging to the surface of a central pop
out square. This modulation was delayed relative to the enhancement effect at the
texture border and was abolished by ablation of extra-striate visual areas. Monkeys
with lesioned area V4 were severely impaired in the perception of texture-defined
contours as well as illusory contours (de Weerd et al., 1996; Merigan, 1996,
2000). This indicates that a hierarchy of visual areas rather than the primary
visual cortex alone is involved in texture segregation and figure–ground separation.
The contribution of higher cortical areas to a task of texture segregation has been
demonstrated in a functional brain-imaging study by Kastner et al. (2000). Unlike
lower visual areas, activities in areas V4 and TEO were significantly increased
during presentation of texture stimuli containing region boundaries from orientation
contrast when compared against homogeneous textures without such orientation
contrasts.

Recent findings by Pasupathy and Connor (2001) indicate that a significant portion
of V4 cells is selective to luminance defined boundaries. Findings by Pollen et al.
(2002) demonstrate that V4 cells show stereotyped RF properties through selective
integration of input activities from cells belonging to a single specific orientation
channel. These findings support key properties of our model V4 cells, which
integrate input activations from specific orientation fields that were generated at
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previous model stages. The spatial center–surround organization of model V4 cell
RF in turn enables the generation of boundary activities at texture discontinuities.

A recent electrophysiological study by (Mazer and Gallant, 2003) demonstrates
that saccades during a free viewing visual search task were directed toward the
topographic locations of high V4 activity. In half of the recorded neurons that
exhibit an increased activity level when positioned at the target location of the
next saccade, this increase was determined solely by (bottom-up) stimulus features.
The activity of the other half of the observed cells was additionally modulated
by task demands, thus demonstrating a feature-based attention modulation. The
authors concluded that the spatially distributed activity in area V4 encodes the
retinotopic locations of salient features throughout the visual field. Restricted to
the orientation domain, our model V4 activation patterns exactly replicate these
findings: model V4 activity is a gradual signal of the saliency of the underlying local
orientation discontinuities in the input image, either evoked by a single target line
or due to region borders. Although it was beyond the scope of the current modeling
investigations, our model architecture is extendable to allow the integration of
task-dependent mechanisms, as observed in the electrophysiological study. A
feature-specific modulation of V4 cell activity could be achieved by biasing the
model V4 center–surround competition to, say, a specific orientation channel using
modulatory feedback interactions from putative higher model areas.

Taken together, our modeling approach links the psychophysical and physiologi-
cal results of Nothdurft (1991, 1992, 2000) and Meinecke and colleagues (Meinecke
and Donk, 2002; Schubö et al., 2001) on target salience and shape detectability with
the results of single-cell electrophysiology results by Mazer and Gallant (2003) and
Pollen et al. (2002). We claim that these findings support the suggested neural im-
plementation of saliency computations which result in the distributed representation
of model V4 activation patterns.

Other neural models of texture processing

Several computational models exist that do also attempt to elucidate the neural
mechanisms underlying texture segmentation. In many approaches the output
energy of a set of filters with different spatial frequency channels (scales) and
orientations is computed and further processed for response normalization, output
combinations from different channels, etc. For texture segregation, the responses
from different frequency representations and different orientation maps need to be
combined (Bergen, 1991; Graham et al., 1993; Lee, 1995). Our model differs from
these approaches in that cells utilize filters of increasing sizes along the processing
pathway in different higher-order model areas. Therefore, the input integration at
a particular stage is based on processing results from previous stages and not on
the input luminance itself as in multi-scale filtering. Some of these multi-scale
models utilize computational strategies based on the detection of borders between
different textures (Graham et al., 1993). They employ a second processing stage
which utilizes filters to detect activity changes in the output of the first filter bank.
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This is to some extent comparable to the computation in our model area V4. The
model perhaps most similar to our V1–V4 feedforward processing stream has been
proposed in (Malik and Perona, 1990). In that model, initial V1 responses undergo a
non-linear center–surround interaction computed over a neighborhood in the spatial
and orientation domain, which is similar to our stage of V1 shunting competition.
In their model, responses were subsequently blurred and gradients are measured
in each orientation field separately. Finally, at each spatial location the maximum
response is selected over all orientation channels. This cascade of processing stages
is a simplified version of the feedforward path in our model V4 computation. Taking
the gradient is a computational simplification of the functionality implemented
by our orientation and input selective model V4 cell kernels. The model of
Malik and Perona and our approach have also some parallels with the scheme of
texture segregation proposed by Beck (1982). Beck conjectured the existence of
several processing levels involved in texture segregation, namely, detection, linking,
difference encoding, and (threshold-based) decision for segmentation. Our model
incorporates the overall functionality of this proposed hierarchy of processing units.
For example, feature detection and linking into boundary fragments is achieved
by cells of model areas V1 and V2, respectively. The functionality of difference
detectors and decision units is realized by the function of model area V4.

Unlike our approach, the models discussed above are not capable of explaining
either alignment effects or the possible functional role of feedback from higher
visual areas. Unlike the selection of maximal responses in a winner-takes-all
fashion in the model of Malik and Perona or Beck’s proposal of a hard-wired
decision stage, segmentation in our model emerges from V4 center–surround
competition. This leads to the generation of a map of graded responses and, in
turn, the enhancement of compatible activity distributions at previous processing
stages. Feedback connections facilitate a recurrent flow of activation which
creates more computational flexibility and renders simple all-or-none decisions
unnecessary that are utilized in feedforward models to generate localized results.
Modulation of activity patterns by way of excitatory feedback from higher areas
biases competitive interactions between cells. This has been proposed to implement
a key computational mechanism that is replicated throughout several stages of
cortical processing (Salinas and Thier, 2000). In particular, we have demonstrated
in this contribution that such feedback stabilizes the segregation of figural elements
from the background even in cases of high orientation noise (compare Fig. 4).

Other neural models were proposed to simulate processes of preattentive bound-
ary formation and long-range spatial grouping by recurrent interaction of V1 com-
plex cells and V2 bipole cells (Grossberg and Mingolla, 1985; Mansson, 2000;
Neumann and Sepp, 1999). More recently, Grossberg and Raizada (2000) inves-
tigated the layered structure of areas V1 and V2. They propose lateral grouping
mechanisms in the superficial layers of model areas V1 and V2, respectively, uti-
lizing grouping cells that were spatially homologous with increasing scales along
the hierarchy. Processing results suggest that short-range grouping in V1 enhances
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like-oriented items, such as bars (see Hansen and Neumann, 2004), while long-
range grouping in V2 also allows to induce illusory contours (compare Grossberg
and Mingolla, 1985; Neumann and Sepp, 1999). With respect to texture segrega-
tion, Cruthirds et al. (1991) demonstrated how long-range integration might help
to group items into salient structures. The computational capabilities of the above
mentioned models are preserved and incorporated by our approach. In particular,
our model shows how grouping of aligned fragments into curved texture flow pat-
terns (in model area V2) influences texture boundary detection by model V4 cells
(compare Figs 3 and 4) and leads to the perception of deformed shape outlines. At
the same time, we kept the model as simple as possible and have, therefore, excluded
mechanisms of lateral horizontal integration at the stage of model V1. Long-range
integration in model V1 improves the signal-to-noise ratio and enhances locally
aligned pattern (Hansen and Neumann, 2004). Since the study presented here par-
ticularly focuses on large-scale contextual effects of texture orientation contrast we
have omitted this component of the model that makes only minor contributions to
the effects investigated in this paper.

CONCLUSIONS

The detailed neural mechanisms underlying texture segregation in the human visual
system are largely unknown and a matter of ongoing research. Since the early works
of Beck (1966) and Julesz (1965), a variety of studies has been conducted in order
to elucidate the mechanisms underlying texture segmentation. In this contribution,
we have attempted to unravel these basic mechanisms through the development of
a neural computational model that consists of model areas V1, V2, and V4 and
their inter-connections, each of which containing topographic maps of orientation
selective cells. The full hierarchy of areas defines a biologically plausible model of
texture processing in the ventral cortical pathway. Unlike previous approaches our
proposed model fully employs feedback connections and their functionality of mod-
ulating activity distributions at earlier stages in the processing hierarchy. Several
computational experiments demonstrate that the modulatory feedback selectively
enhances those activations that match the expectations derived from more global
integration at higher cortical processing stages. The enhancement in turn provides a
competitive advantage for the matching stimulus arrangements that undergo mutual
competition through energy normalization in a pool of cells in the space-orientation
domain. Even slight biases from feedback in noisy situations, such as in the case of
high background orientation noise in Fig. 4, help to segregate a figural shape that
would be invisible for pure feedforward architectures.

Furthermore, the model successfully links the computational mechanisms of
texture segregation to mechanisms involved in visual search for oriented items
without any changes in the components of the model. In particular, we could
demonstrate that gradual differences exist between neural model V4 responses in
cases with texture target present or non-present depending on the density of the
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texture items. Due to the spatial range of competition, stimuli with increased density
lead to increased mutual suppression for items in the same orientation in the non-
target case. When the target is present, it pops out because of the high orientation
contrast. If the density decreases, mutual inhibition also diminishes gradually such
that individual items produce significant activations irrespective of their orientation
in the presence or absence of the target. We propose that these differences are
reflected in the presence of the posterior negativity (N2p) in event related brain
potentials (ERP) and that this response is mainly influenced by V4 segmentation
results.

The model presented here focuses on the processing of textures that were
composed of oriented items and the detection of contrasts between them. Texture
stimuli as well as search displays, however, often use items that were composed
of multiple equal-oriented elements, such as L’s, T’s, and crosses (‘+’). Also,
shapes of different size and orientation have been utilized, such as small- and
large-scale crosses. Our model focuses on one of the key feature dimensions
of texture compositions, namely orientation. The importance of orientation in
texture segregation has been supported by several investigations. For example,
(Beck, 1966) presented homogeneous regions composed of L’s, T’s, and tilted
T’s, respectively. He showed that those regions composed of tilted T’s can be
segregated preattentively, while regions composed of L’s and T’s cannot. We claim
that processes of contrast detection between orientations, such as the ones proposed
by our model, mainly contribute to this finding.

Our modeling results suggest that area V4 plays a central role in the computational
processes investigated here. Representations of gross feature contrast result for
texture boundaries as well as for search items both defined by salient orientation
contrasts. These observations motivate the conjecture that a saliency map in V4
may emerge during such processes. Recent physiological findings indeed support
this view by showing that topographic arrangements of high V4 activation depict
saccadic target locations. The information that is incorporated during feedback
processing in our study reflects the visual signal integration that has been acquired
on the basis of a much broader context. Thus, cell responses at earlier stages are
modulated by contextual information that has been inferred from outside the cells’
classical receptive field. Even more, feedback back from higher cortical stages
could act in concert with such mid-level results in order to selectively prime regions
where significant targets will be expected during attentional guidance.

To sum up, we emphasize that Jake Beck’s early developments towards a theory
of texture segmentation already identified the role of feature contrast and grouping
processes. These key ideas have now been further developed here in a model of
cortico-cortical interaction that draws upon available physiological and anatomical
data. We believe that this contributes to a further understanding of the core
mechanisms involved in early and mid-level visual processing. We claim that such
mechanisms, namely feedforward feature integration, mutual competition in space-
feature domain, and modulatory feedback for gain enhancement, define a basic set
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of operations that is also employed in other cortical computations. For example,
these mechanisms extend to higher processing stages to realize attention selection
processes; they also implement mechanisms of motion segregation and integration
in the dorsal pathway (Bayerl and Neumann, 2004), and probably further extend to
other modalities, such as auditory processing as well.

Acknowledgements

We thank Anna Schubö (University of Erlangen, Germany) for providing us with
the visual-search stimuli (Fig. 5) as well as for helpful discussion of the results
of the ERP-study. The constructive criticism by two anonymous reviewers is also
gratefully acknowledged.

REFERENCES

Bayerl, P. and Neumann, H. (2004). Disambiguating visual motion through contextual feedback
modulation, Neural Computation 16, 2041–2066.

Beck, J. (1966). Effect of orientation and of shape similarity on perceptual grouping, Perception and
Psychophysics 1, 300–302.

Beck, J. (1982). Textural segmentation, in: Organization and Representation in Perception, Beck, J.
(Ed.), pp. 285–317. Lawrence Erlbaum Associates, Hillsdale, NJ, USA.

Beck, J. (1983). Texture segmentation, second-order statistics and textural elements, Biological
Cybernetics 48, 125–130.

Beck, J. (1993). The British aerospace lecture: Visual processing in texture segregation, in: Visual
Search, Brogan, D., Gale, A. and Carr, K. (Eds), Vol. 2, pp. 1–35. Taylor and Francis, London.

Beck, J., Prazdny, K. and Rosenfeld, A. (1983). A theory of textural segmentation, in: Human and
Machine Vision, Beck, J., Hope, B. and Rosenfeld, A. (Eds), pp. 1–38. Academic Press, New York.

Bergen, J. R. (1991). Theories of visual texture perception, in: Spatial Vision, Regan, D. (Ed.), Vol. 10,
pp. 115–134. Macmillan Press, London.

Bergen, J. R. and Landy, M. S. (1991). Computational modeling of visual texture segregation, in:
Computational Models of Visual Processing, Landy, M. S. and Movshon, J. A. (Eds), pp. 253–
271. MIT Press, Cambridge, MA, USA.

Caelli, T. (1985). Three processing characteristics of visual texture segmentation, Spatial Vision 1,
19–30.

Crick, F. (1984). Function of the thalamic reticular complex: the searchlight hypothesis, Proc. Natl.
Acad. Sci. USA 81 (14), 4586–4590.

Crick, F. and Koch, C. (1998). Constraints on cortical and thalamic projections: the no-strong-loops
hypothesis, Nature 391, 245–250.

Cruthirds, D., Gove, A., Grossberg, S. and Mingolla, E. (1991). Preattentive texture segmentation
and grouping by the boundary contour system, in: Proc. Intern. Joint Conf. on Neural Networks
(IJCNN-91), Seattle, WA, Vol. I, pp. 655–660.

de Weerd, P., Desimone, R. and Ungerleider, L. G. (1996). Cue-dependent deficits in grating
orientation discrimination after V4 lesions in macaques, Visual Neuroscience 13, 529–538.

Felleman, D. J. and van Essen, D. C. (1991). Distributed hierarchical processing in the primate
cerebral cortex, Cerebral Cortex 1, 1–47.

Gallant, J. L., van Essen, D. C. and Nothdurft, H. C. (1995). Two-dimensional and three-dimensional
texture processing in visual cortex of the Macaque monkey, in: Early Vision and Beyond,
Papathomas, T. V. (Ed.). The MIT Press, Cambridge, MA, USA.



252 A. Thielscher and H. Neumann

Graham, N., Sutter, A. and Venkatesan, C. (1993). Spatial-frequency- and orientation-selectivity of
simple and complex channels in region segregation, Vision Research 33 (14), 1893–1911.

Grossberg, S. (1980). How does a brain build a cognitive code? Psychological Review 87 (1), 1–51.
Grossberg, S. and Mingolla, E. (1985). Neural dynamics of perceptual grouping: textures, boundaries,

and emergent segmentations, Perception and Psychophysics 38 (2), 141–171.
Grossberg, S. and Raizada, R. D. S. (2000). Contrast-sensitive perceptual grouping and object-based

attention in the laminar circuits of primary visual cortex, Vision Research 40, 1413–1432.
Gurnsey, R. and Laundry, D. (1992). Texture discrimination with and without abrupt texture gradients,

Can. J. Psychol. 46 (2), 306–332.
Hansen, T. and Neumann, H. (2004). Neural mechanisms for the robust representation of junctions,

Neural Computation 16, 1013–1037.
Heitger, F., van der Heydt, R., Peterhans, E., Rosenthaler, L. and Kübler, O. (1998). Simulation of

neural contour mechanisms: Representing anomalous contours, Image and Vision Computing 6,
407–421.

Hubel, D. H. and Wiesel, T. N. (1962). Receptive fields, binocular interaction and functional
architecture in the cat’s visual cortex, J. Physiol. 160, 106–154.

Hupe, J. M., James, A. C., Payne, B. R., Lomber, S. G., Girard, P. and Bullier, J. (1998). Cortical
feedback improves discrimination between figure and background by V1, V2 and V3 neurons,
Nature 394 (6695), 784–787.

Julesz, B. (1965). Texture and visual perception, Scientific American 212, 38–48.
Julesz, B. (1981). Textons, the elements of texture perception, and their interactions, Nature 290,

91–97.
Julesz, B. (1986). Texton gradients: the texton theory revisted, Biological Cybernetics 54, 245–251.
Kastner, S. and Ungerleider, L. G. (2000). Mechanisms of visual attention in the human cortex, Annu.

Rev. Neurosci 23, 315–341.
Kastner, S., de Weerd, P. and Ungerleider, L. G. (2000). Texture segregation in the human visual

cortex: a functional MRI study, J. Neurophysiol. 83, 2453–2457.
Lamme, V. A. F. and Roelfsema, P. R. (2000). The distinct modes of vision offered by feedforward

and recurrent processing, Trends in Neurosciences 2000 (23), 571–579.
Lamme, V., Super, H. and Spekreijse, H. (1998). Feedforward, horizontal, and feedback processing in

the visual cortex, Current Opinion in Neurobiology 8, 529–535.
Lamme, V., Rodriguez-Rodriguez, V. and Spekreijse, H. (1999). Separate processing dynamics for

texture elements, boundaries and surfaces in primary visual cortex of the macaque monkey,
Cerebral Cortex 9 (4), 406–413.

Landy, M. S. and Bergen, J. R. (1991). Texture segregation and orientation gradient, Vision Research
31 (4), 679–691.

Lee, T. S. (1995). A Bayesian framework for understanding texture segmentation in the primary visual
cortex, Vision Research 35 (18), 2643–2657.

Li, Z. (1999). Contextual influences in V1 as a basis for pop out and asymmetry in visual search, Proc.
Natl. Acad. Sci. USA 96 (18), 10530–10535.

Malik, J. and Perona, P. (1990). Preattentive texture discrimination with early vision mechanisms,
J. Opt. Soc. Amer. A 7 (5), 923–932.

Mansson, J. (2000). Occluding contours: a computational model of suppressive mechanisms in human
contour perception, Paper presented at the Lund University Cognitive Studies, Lund.

Mazer, J. A. and Gallant, J. L. (2003). Goal-related activity in V4 during free viewing visual search:
evidence for a ventral stream visual salience map, Neuron 40, 1241–1250.

Meinecke, C. and Donk, M. (2002). Detection performance in pop-out tasks: nonmonotonic changes
with display size and eccentricitiy, Perception 31, 591–602.

Merigan, W. H. (1996). Basic visual capacities in shape discrimination after lesions of extrastriate
area V4 in macaques, Visual Neuroscience 13, 51–60.



Neural mechanisms for texture boundary detection 253

Merigan, W. H. (2000). Cortical area V4 is critical for certain texture discriminations, but this effect
is not dependent on attention, Visual Neuroscience 17, 949–958.

Mignard, M. and Malpeli, J. G. (1991). Paths of information flow through visual cortex, Science 251
(4998), 1249–1251.

Neumann, H. and Mingolla, E. (2001). Computational neural models of spatial integration in
perceptual grouping, in: From Fragments to Objects: Segmentation and Grouping in Vision,
Shipley, T. F. and Kellman, P. J. (Eds), pp. 353–400. Elsevier, Amsterdam, The Netherlands.

Neumann, H. and Sepp, W. (1999). Recurrent V1-V2 interaction in early visual boundary processing,
Biological Cybernetics 81, 425–444.

Nothdurft, H. C. (1985). Sensitivity for structure gradient in texture discrimination tasks, Vision
Research 25 (12), 1957–1968.

Nothdurft, H. C. (1991). Texture segmentation and pop-out from orientation contrast, Vision Research
31 (6), 1073–1078.

Nothdurft, H. C. (1992). Feature analysis and the role of similarity in preattentive vision, Perception
and Psychophysics 52 (4), 355–375.

Nothdurft, H. C. (2000). Salience from feature contrast: variations with texture density, Vision
Research 40, 3181–3200.

Nothdurft, H. C., Gallant, J. L. and van Essen, D. C. (1999). Response modulation by texture surround
in primate area V1: correlates of ‘popout’ under anesthesia, Visual Neuroscience 16 (1), 15–34.

Pasupathy, A. and Connor, C. E. (2001). Shape representation in area V4: position-specific tuning for
boundary conformation, J. Neurosci. 86, 2505–2519.

Pollen, D. A., Przybyszewski, A. W., Rubin, M. A. and Foote, W. (2002). Spatial receptive field
organization of macaque V4 neurons, Cerebral Cortex 12, 601–616.

Przybyszewski, A. W., Gaska, J. P., Foote, W. and Pollen, D. A. (2000). Striate cortex increases
contrast gain of macaque LGN neurons, Vis. Neurosci. 17 (4), 485–494.

Ross, W. D., Grossberg, S. and Mingolla, E. (2000). Visual cortical mechanisms of perceptual
grouping: Interacting layers, networks, columns, and maps, Neural Networks 13, 571–588.

Salin, P. A. and Bullier, J. (1995). Corticocortical connections in the visual system: structure and
function, Physiol. Rev. 75 (1), 107–154.

Salinas, E. and Thier, P. (2000). Gain modulation: A major computational principle of the central
nervous system, Neuron 27, 15–21.

Sandell, J. H. and Schiller, P. H. (1982). Effect of cooling area 18 on striate cortex cells in the squirrel
monkey, J. Neurophysiol. 48 (1), 38–48.

Schubö, A. (2002). Is preattentive processing in visual search similar to preattentive processing in
texture segmentation? Paper presented at the TWK, Tübingen.

Schubö, A., Meinecke, C. and Schröger, E. (2001). Automaticity and attention: investigating
automatic processing in texture segmentation with event-related brain potentials, Cognative Brain
Res. 11, 341–361.

Smith, A. T., Singh, K. D., Williams, A. L. and Greenlee, M. W. (2001). Estimating receptive field size
from fMRI data in human striate and extrastriate visual cortex, Cerebral Cortex 11, 1182–1190.

Thielscher, A. and Neumann, H. (2003). Neural mechanisms of cortico-cortical interaction in texture
boundary detection: a modeling approach, Neuroscience 122, 921–939.

Ungerleider, L. G. and Haxby, J. V. (1994). ‘What’ and ‘where’ in the human brain, Current Opinion
in Neurobiology 4, 157–165.

van der Heydt, R., Peterhans, E. and Baumgartner, G. (1984). Illusory contours and cortical neuron
responses, Science 224 (4654), 1260–1262.

van der Heydt, R., Heitger, F. and Peterhans, E. (1993). Perception of occluding contours: Neural
mechanisms and a computational model, Biomed. Res. 14, 1–6.

Wolfe, J. M. (1998). Visual search, in: Attention, Pashler, H. (Ed.). University College London Press,
London.



254 A. Thielscher and H. Neumann

Zilles, K. and Clarke, S. (1997). Architecture, connectivity, and transmitter receptors of human
extrastriate visual cortex — comparison with nonhuman primates, in: Extrastriate Cortex in
Primates, Rockland, K. S., Kaas, J. H. and Peters, A. (Eds), Vol. 12. Plenum Press, New York.

APPENDIX

In the following, the equations which define the receptive field properties of the
model cells are outlined. They are used to determine the initial activation c of a cell.
The letter l(2) denotes the output activation of the cells in the previous area after
top-down modulation and center–surround competition. Capital letters A, B, C, D
or E denote constants. Anisotropic Gaussians in the spatial domain are described
by �σx,σy,τx,τy,θ . Their size (in pixels) is defined by standard deviations σx and σy

in the x- and y-direction, respectively. They are shifted by τx and τy pixel in the x-
and y-direction and finally rotated by angle θ . Spatial locations in the topographical
maps are expressed by the index i. � denotes isotropic Gaussians in the orientation
domain, ∗ is the convolution operator and [x]+ := max{x, 0} denotes a half-wave
rectification.

LGN ON/OFF cells

LGN cell activity is determined by convolution of the input image with a difference-
of-Gaussians operator followed by a half-wave rectification:

x = I ∗ (�Center − �Surround),

xon = [x]+,
(3)

xoff = [−x]+,

σCenter = 0.8; σSurround = 3σCenter.

V1 simple cells

Simple cells have elongated subfields which pool the input of appropriately aligned
LGN responses. The subfields are shifted perpendicular to their main axis and then

Table A.1.
Parameters of the three-stage cell dynamics and standard deviations σ of the Gaussians pooling the
center and surround activity in the spatial and orientational domains (see equation (1) and (2)). The
values were kept constant through all experiments

parameters for l(1) parameters for l(2)

α1 β1 γ1 C α2 β2 δ2 ζ2 σ of

ψ+ �+ ψ− �−

V1 12.0 0.73 3.7 25 1.0 2.8 3.5 5.0 0.2 1.0 2.0 3.0
V2 12.0 0.85 4.2 20 1.0 2.9 3.1 50.0 0.2 2.0 2.0 6.0
V4 — — — — 1.0 10.6 9.9 1000 0.2 8.0 2.0 24.0
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rotated by θ . The activity of the subfields denoted by p is subsequently fed into a
softAND-circuit to determine the response s of the simple cell. Simple cells exist
for two polarities (dark-light, dl; light-dark, ld) and eight orientations.

The activation sld
iθ of a simple cell sensitive for polarity light-dark is given by:

sld
iθ = As(p

on_left
iθ + p

off_right
iθ ) + 2Bsp

on_left
iθ p

off_right
iθ

AsDs + Es(p
on_left
iθ + p

off_right
iθ )

, (4)

with:

p
on_left
θ = xon ∗ �σx,σy,0,−τy/2,θ ,

p
off_right
θ = xoff ∗ �σx,σy,0,τy/2,θ ,

(5)
p

off_left
θ = · · · ; p

on_right
θ = · · ·

sdl
iθ = · · · ,

σy = 0.8; σx = 3.5σy ; τy = 1.6σy ; As = 1.0; Bs = 10000.0; Ds = 0.05;
Es = 100.0; norient = 8; θ = 0, π/norient, . . . , (norient − 1)π/norient.

V1 complex cells

The initial V1 complex cell response cV 1
iθ is determined by the sum of half-wave

rectified differences of the two simple cell activities of opposite contrast polarity
(dark-light and light-dark) at each position:

cV 1
iθ = Ac

([
sld
iθ − sdl

iθ

]+ + [
sdl
iθ − sld

iθ

]+)
,

(6)
Ac = 0.1.

V2 bipole cells

Model bipole cells consist of two prolated subfields K left and Kright which are
shifted parallel to the main axis of the target cell at the center location. They
pool activities l

(2)

V1 of V1 complex cells with approximately the same orientation
selectivities as the bipole cell. The activities f of the subfields are combined using
a soft-AND-gate to determine the initial activation cV 2

iθ of the cell. The subfields K

are modeled by anisotropic Gaussian weights and shifted along their long axis in
opposite directions from the target cell location. The weighting functions were cut
off in the central part of the cell (target location) by means of a sigmoid function.
The partial overlap of the subfields in the center of the cell defines the classical
receptive field.

The initial activation cV 2
iθ of a V2 bipole cell is given by:

cV 2
iθ = At(f

left
iθ + f

right
iθ ) + 2Btf

left
iθ f

right
iθ

AtDt + Et(f
left
iθ + f

right
iθ )

, (7)
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with:

f left = l
(2)

V1 ∗ �f ∗ K left,
(8)

f right = l
(2)

V1 ∗ �f ∗ Kright.

Subfields:

K
left
iθ = �σk_x ,σk_y ,τk_x ,0,θ (�xi) · 1

1 + exp
(
−Ak �xi ·

( cos θ

sin θ

)
− Bk

) ,

(9)

K
right
iθ = �σk_x ,σk_y ,−τk_x ,0,θ (�xi) · 1

1 + exp
(
+Ak �xi ·

( cos θ

sin θ

)
+ Bk

) ,

�xi : cartesian coordinates of point i; σk_x = 22.0; σk_y = 1.0; τk_x = 2.0; Ak = 0.8;
Bk = 9.0; At = 2.3; Bt = 2600.0; Dt = 0.15; Et = 100.0; �f : σf_orient = 0.3.

Model V4 cells

Model V4 cells consist of one central excitatory and two elongated lateral inhibitory
subfields all sensitive to the same input orientation. The lateral inhibitory fields are
shifted perpendicularly to their main axis. The differences between the V2 bipole
cell activities l

(2)

V2 pooled by the center field and the left and right inhibitory subfields
are determined. The sum of the two half-wave rectified differences is the initial
activation of the V4 cell. For each of the eight V1 complex cell orientations (denoted
by the angle θ), V4 cells exist for eight orientations (denoted by the angle ϕ).

The initial activation cV 4
iθϕ of a model V4 cell is given by:

cV 4
iθϕ = [

qcenter
iθϕ − Cq

left
iθϕ

]+ + [
qcenter

iθϕ − Cq
right
iθϕ

]+
, (10)

with:

qcenter
ϕ = l

(2)

V2 ∗ �q ∗ �σq_x ,σq_y ,0,0,ϕ,

q left
ϕ = l

(2)

V2 ∗ �q ∗ �σq_x ,σq_y ,0,−τq_y ,ϕ, (11)

qright
ϕ = l

(2)

V2 ∗ �q ∗ �σq_x ,σq_y ,0,τq_y ,ϕ,

σq_x = 22.0; σq_y = 8.0; τq_y = 16.0; C = 1.25; �q : σq_orient_θ = 0.4;
ϕ = 0, π/norient , . . . , (norient − 1)π/norient.

As V4 constitutes the highest area in the model, the input activation cV 4
iθϕ is not

modulated via feedback, but is directly fed into the center–surround competition
denoted by equation (3). In this competition, all V4 cells sensitive to the same
V1 (or V2) orientation interact in a spatial and orientational (denoted by ϕ)

neighborhood. No interaction between different V1 orientation channels exists in
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model area V4. The final responses l
(2)

V4 of all V4 cells sensitive to the same V1
orientation are summed up after center–surround competition and fed back to model
area V2:

l
(2)
V 4iθ =

norient∑

k=1

l
(2)

V 4iθ(k−1)∗π/norient
. (12)


