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Abstract

Rybak, LA., N.A. Shevisova and V.M. Sandler, The model of a neural network visual preprocessor, Neurocomputing 4

(1992) 93-102.

The model of a neural network visual preprocessor and a system architecture for visual information processing are
proposed. The model of the preprocessor is based on the model of a visual cortex iso-orientation domain which is
considered as a neural network with retinotopically organized afferent inputs and anisotropic lateral inhibition formed by
feedback connections via inhibitory interneurons. The high-level system uses the preprocessor to process image fragments
with different resolutions and to represent the image as a set of contour segments of different sizes.
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1. Introduction

The major consumption of computer time dur-
ing image analysis by a sequential computer
occurs during the primary processing step which
is characterized by a large volume of processed
information and cumbersome computational pro-
cedures. Visual information processing may be
accelerated by the implementation of primary
processing procedures in a parallel way and by
preliminary compression of visual information.
However, parallelism in visual information pro-
cessing does not remove all the problems of
artificial vision. According to Minsky [1], for
lower levels of information processing, where
selection of primary features of images occurs,
parallelism is effective. On higher levels of anal-
ysis, serious limitations on the usefulness of

parallelism appear. It is believed that visual per-
ception is based on two interconnected pro-
cesses: parallel processing of visual information
by automatic mechanisms determined by the
neural organization of the retina, LGN, and
visual cortex, and sequential processing con-
nected with image recognition mechanisms and
controlled by attention processes [2-4]. Detector
properties of single neurons and neural groups,
such as orientation selectivity of cortical neu-
rons, play an important role in the first process.
In the second process, eye movements are of
great importance, by means of which the most
informative parts of an image are fixated on the
fovea which has the highest density of receptors.
Thus, the most adequate system for processing
and analysis of visual information is one, whose
architecture includes a neural network prepro-
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cessor simulating parallel processing of informa-
tion at lower levels of the visual system and a
sequential computer controlling the preprocessor
for obtaining information required for image rec-
ognition.

Prior to the development and design of neural
networks preprocessors, it is necessary to investi-
gate the neural organization of lower levels of
the visual system. The role of these structures is
likely to be a preliminary information process-
ing, filtering and encoding of sensory image fea-
tures. However, until now the problem of what
is encoded by these neural structures, and how,
has not been finally resolved. Beginning with the
classical work of Hubel and Wiesel [5, 6], the
orientation of contrast elements of images has
been considered to be one of the main features
extracted by neurons of the primary visual cor-
tex. Orientation-selective properties of neurons
of the visual cortex allow them not only to
encode orientations of image elements, but also
to compress initial information [7].

2. The model of the iso-orientation domain
of the visual cortex

2.1 Connectivity in the visual cortex and
mechanisms of orientation selectivity

In accordance with the concept of a columnar
organization, neighboring neurons of the visual
cortex have a similar orientation tuning, and
compose an orientation column or an iso-orien-
tation domain [5, 6]. The visual cortex as a whole
is characterized by a retinotopical organization
of afferent fibers [8]. As well as a ‘global’ map-
ping of the retina to the visual cortex, retinotopi-
cally organized projections of the receptive field
of hypercolurans on each iso-orientation domain
are supposed to exist [9]. It is probable that
afferent fibers terminate in the cortex with ex-
citatory synapses only, and inhibition is a con-
sequence of intracortical lateral inhibitory con-
nections due to inhibitory neurons [10-15].

The question of the type of lateral inhibition is
discussed next. The inhibition may be afferent
(when afferent fibers give excitatory synapses
directly onto inhibitory neurons) or recurrent
(when inhibitory interneurons are excited by col-
laterals of axons of cells excited by afferent
fibers). The investigations of Watanabe et al.
[11], Hayashi [16], and Supin [17] suggest that
the lateral inhibition in the visual cortex is of
recurrent type.

It is obvious that the mechanism of orientation
selectivity of cortical neurons is connected with
the spatial anisotropy of a distribution of some
fibers. The first explanation for this mechanism
by Hubel and Wiesel [5] was based on the con-
cept of an anisotropic distribution of afferent
fibers forming the specific receptive fields of the
cortical neurons. Another explanation can be
based on a spatial anisotropy of the lateral exci-
tation. This idea was realized in the model of
Finette et al. [18]. However, the results of ex-
periments of Sillito [19, 20] in which a weakness
or disappearance of orientation selectivity by
blocking intracortical inhibition was demonstra-
ted, support the concept of Creutzfeldt et al.
[14, 21], according to which spatial anisotropy of
lateral inhibitory connections plays an essential
role in mechanisms of orientation selectivity.
Based on the description above, the iso-orienta-
tion domain of the visual cortex may be regarded
at the first approximation as a screen-type neural
structure with a retinotopical organization of af-
ferent inputs and with a spatially anisotropic
lateral inhibition between its elements which is
realized by feedback connections through inhibi-
tory interneurons.

2.2 The iso-orientation domain model

The model containing a two-dimensional neur-
al structure and a flat layer of receptors (S-layer)
of the same size was considered. For con-
venience the neural structure was subdivided
into two flat layers: the layer of excitatory ele-
ments (the E-layer) and the layer of inhibitory
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elements (the I-layer) (Fig. 1a, b). Each element
of the E-layer received an excitatory input from
the corresponding element of the S-layer (this
provided the topical projection S— E) and eight
similar excitatory inputs from its neighbors in the
E-layer that defined the isotropy of lateral exci-
tation inside the E-layer. It was also inhibited by
the corresponding interneuron of the I-layer
(Fig. 1a). Each element of the I-layer besides
the excitatory input from the corresponding ele-
ment of the E-layer also received a spatially
anisotropic excitation from some other elements
of the E-layer and provided a spatially aniso-

1))

tropic lateral inhibition (Fig. 1b). The anisot-
ropy was provided by a form of the region of
spatial summation of excitation from the E-layer
for every inhibitory interneuron. Examples of
regions for different orientation tuning are
shown in Fig. 2b-e. Fig. 2a schematically shows
an inhibitory interneuron with anisotropic den-
dritic branches which could realize a spatially
anisotropic lateral inhibition. The model was
described by a system of differential equations
which was solved numerically using the Runge-
Kutta algorithm.

Bars and edges, oriented along the optimal

neuron
excitatory synapse
inhibitory synapse
optimal stimulus
orientation

Fig. 1. The model of the iso-orientation domain of the visual cortex.
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Fig. 2. Anisotropy of lateral connections: (a) inhibitory interneuron with anisotropic dendritic tr?e; gb—e) regiqns of §patial
summation of excitation from the E-layer by an inhibitory interneuron of the I-layer for different directions (_)f optimal stimulus
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direction (orthogonal to the direction of anisot-
ropy of lateral inhibition) and under different
angles to the optimal one, were used as stimuli in
computer simulations. The purpose of the com-
puter simulations was to investigate the dynamic
responses of neurons to presentation of input
stimuli.
The E-layer neuron responses to optimally and
non-optimally oriented bars, edges and a diffuse
stimulus are shown in Fig. 3. Analysis of the
dynamics of the neuron responses has shown:
(i) the responses to the optimally oriented
stimulus are of a sustained or biphase
character with a well expressed later com-
ponent;

(ii) later components of neuron responses are
much more selective to the stimulus orienta-
tion than their initial phases.
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Fig. 3. The responses of the E-layer neurons to optimally
and non-optimally oriented stimuli and a diffuse stimulus.

2.3 Experimental results

The experimental neurophysiological studies
[22] investigated the dynamics of responses and
orientation selectivity of neurons of the visual
cortex. The studies were carried out on the
guinea-pig visual cortex (the 17 area). The re-
sponses of neurons to stationary light bars pre-
sented in neuron receptive fields were investi-
gated. Examples of histograms of neuron re-
sponses are shown in Fig. 4.

The experimental study results confirmed the
predictions described at the end of the preceding

Fig. 4. The histograms of responses of two (a, b) neurons in
guinea-pig’s visual cortex to optimally (the upper row) and
non-optimally oriented light bars and a diffuse stimulus (the
bottom row). The time of stimulus presenting is marked by
the vertical arrow. 4t, 4t,, At, are the time intervals corre-
sponding to the whole response, its initial phase and a later
component.
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section. Analysis of experimental data showed
that 73% of all (or 85% of having a later compo-
nent of responses) orientation-selective neurons
gave the responses that had later components
more sharply tuned to the stimulus orientation
than their initial phases.

The result of modeling and the experiments
allowed to suppose that feature discrimination in
the visual cortex takes place not only in space
but also in time. The initial phase of the re-
sponse of the iso-orientation domain perhaps
encodes the presence of the stimulus in the
receptive field of the hypercolumn and its inten-
sity, and the later temporal component of the
response encodes the presence of the edge or
contour elements in the same receptive field with
the appropriate orientation.

3. Screen-type neuron-like structure as a
functional module for a neural network
preprocessor

The model of the Screen-type Neuron-like
Structure (SNS) developed was based on the
model of the iso-orientation domain described
above. In principle it should realize in the pre-
processor the same function as the iso-orienta-
tion domain (orientation column) in the visual
cortex. SNS was represented in the model by a
flat layer of 25 (5 X 5) neuron-like elements (Fig.
5). Each SNS transformed an 5 X 5 input signal
matrix ||S,|| into an output matrix {|.Z,|| of the

sl

Fig. 5. The Screen-type Neuron-like Structure (SNS).

same size. The center 3 X 3 of this matrix was
considered to be functional while the surround-
ing elements served to eliminate boundary ef-
fects. Outputs of nine central elements of SNS
entered the output section which encoded fea-
tures characterizing the processed part of the
input raster consisting of nine central elements of
the matrix [|S;||. Each neuron-like element of
SNS was an analog of the pair of an E-neuron
and an inhibitory I-neuron (Fig. 6). An ‘affer-
ent’ input signal X; for each (i, j)-element of
SNS was formed through the block F° producing
a spatial convolution with the input matrix ||, ||
according to the type of on-center/off-periphery
receptive field. The inertial recurrent inhibition
on (i, j)-element of SNS was realized through an
inertial block and an F'-block producing spatial
convolution with output matrix ||Z,||. These
convolution coefficients provided the anisotropic
character of lateral inhibition.

According i the simulation results described
above each (i, j)-element of SNS will exhibit
either a monophase response (Fig. 7a) or a
response with a later component (Fig. 7b). The
intensities of the initial phase of response and of
its later component were estimated at the mo-
ments ¢, and ¢, correspondingly. The moment ¢,
corresponded to the moments of presenting a
stimulus and the moment ¢, was chosen depend-
ing on the time constant 7 and the maximal
possible value of the stimulus intensity. The
states of the outputs [|Z,|| of SNS, which were

Fig. 6. Scheme of the (i, j)th neuron-like element of SNS.
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Fig. 7. Dynamics of the SNS responses a, b - two types of
response dynamics of the SNS elements; c—f - the output
responses of SNS to different input stimuli.

tuned to the vertical orientation of the stimulus
at the moments ¢, and ¢, with different input
stimuli are shown schematically in Fig. 7c-f. If
there was an optimally oriented edge in ||S;! at
t, (Fig. 7¢) the functional area contained three
excited elements, otherwise the number of ex-
cited elements was less than three. At ¢,, the
initial phase of the response was characterized by
the presence of excited elements in all cases
except the case of uniform intensity in ||S,||, i.e.
when all non-uniformities were lower than the
threshold (Fig. 7f). Thus, during information
processing, SNS at the moment ¢, provides an
output signal indicating the presence of supra-
threshold contrasts in this area and then, at the
moment ¢,, produces a signal indicating the pres-
ence of visual image elements (bars or edges)

whose orientation corresponds to the tuning of
SNS.

4. The nieural network preprocessor in the

system for processing and analysis of visual
information

4.1 Multiresolution encoding of contour
features and parallel-sequential processing
of visual image

In drawing a representational picture from
nature, an artist is trying to achieve similarity,
using an algorithm of drawing ‘from-coarse-to-
fine’. In this process he draws a set of auxiliary
lines that do not correspond to exact real con-
tours of the subject, but are observable by con-
sideration of the subject with a less visual resolu-
tion. These generalized contour elements and
the spatial relations between them are of great
importance for the exact reproduction of sub-
jects. Evaluation of the spatial relations (dis-
tances and orientations) between smaller ele-
ments of the contours (found by finer definition)
and these generalized auxiliary lines are not less
important. Also, the artist does not complete the
process of detailing but elaborates in detail only
the most important or significant parts of the
picture.

It is attractive to assume that the artist intui-
tively uses an algorithm of successive analysis of
images in the visual system connected with the
sequential fixations of the moving eyes. In the
process of image recognition the human eyes are
permanently moving and fixate on the most in-
formative fragments of the picture (Fig. 8).
When the gaze is fixated, the fragment is project-
ed onto the fovea, which has the largest repre-
sentation in the visual cortex. It may be noted
that usually one does not attach great impor-
tance to the fact that during the process of
successive fixations one and the same fragment
of an image is repeatedly projected onto the
retina with different distances from its center and
processed in the visual cortex with a different
degree of resolution. In this case, the system of
iso-orientation domains of the appropriate parts
of the visual cortex can extract and encode the
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Fig. 8. Trajectories of eye movements and gaze fixations in image recognition by a human observer [23].

edge and contour elements of different extent of
generality. Encoding some generalized contour
elements and the spatial relations betwcen them
and contour elements extracted in more detailed
subsequent analysis (when the parts of the image
are projected on the center of the retina) can
provide the set of primary features for the in-
variant representation of the shape of analyzed
images. As described above, the two-phase
character of the response of the iso-orientation
domains of the visual cortex allows to presume
that the intensive first phase (that carries infor-
mation about the presence of a pronounced re-
lief of brightness in the processed fragment of an
image) may be a signal for the system controlling
an automatical transfer of the gaze. In the sec-
ondary phase of the responses of the system of
iso-orientation domains the orientation filtration
and the discrimination of contour elements and
edges take place. It should be noted that reaffer-
ence from the oculomotor system to the visual
cortex is of great importance in the encoding of
spatial relations.

4.2 An example of processing a test image

The structural scheme of the system for pro-
cessing and analysis of visual information is pre-

sented in Fig. 9. An initial image is given in the
raster of 243 X243 pixels. The programmed
switch module which connects the preprocessor
with one or another part of the image plays the
role of the oculomotor system. Five levels of
resolution were examined, on each of which the
raster contained 3" X 3" pixels (where n is the
number of the resolution level, n=1,...,5).
The stimulus intensity at every point of the lower
resolution raster was determined by averaging
the intensity along nine (3 X 3) higher resolution
raster points.

During each time step of sequential processing
a part of the image of size 5 X5 elements was

SWITCH
CONTROL
] NEURAL NETWORK
- PREPROCESSOR “
3]
el JEt 17 -—~\| {53
Rl |& 2 =%
&S
|
T T 11

Fig. 9. Scheme of the system for processing and analysis of
visual information with the neural network preprocessor.
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Fig. 11. Result of processing of the test image at the third
level of resolution.
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Fig. 12. Result of initial image processing of the typical
fragments with enough degree of detail. Processing was
carried out by scanning the raster at the third level of
resolution with the additional processing of some fragments
at the third and fourth levels. In (b), additionally processed

fragments are framed.
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presented to the input of the neural network
preprocessor consisting of six SNS whose selec-
tive orientation tuning was varied successively in
steps of 30°. The set of SNS initially gave infor-
mation on the presence of intensity non-unifor-
mity and then discriminated the orientation of
the edges or contour elements belonging to this
part of the image. The preprocessor output
(from the set of SNS) should be taken to the
main medule which should store this information
and, using data about the location and the level
of resolution, calculate invariant relations be-
tween contour clements detected in different
steps of analysis. The main module should also
compare the detected features (invariant spatial
relations) with the template ones and form a
strategy for the next steps of image processing.
This strategy should be realized by the module of
switch control.

The test image (Nefertiti head) is given in Fig.
10. Figure 11 represents the result of test image
processing on the third level of resolution. In
Fig. 12, the result of processing on the third level
with detailing of some parts on the fourth level
of resolution is shown. The degree of detail
appears to be high enough to recognize the
object.
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