
 
 

 

  

Abstract—This paper proposes a visual cognitive neural 
network for automatic object searching and locating. The model 
consists of two sub-networks. One is a visual perceiving network, 
which simulates human eyes to input image signals and 
recognize an object’s direction and distance in terms of a 
high-level perceiving neuron’s maximum response. The other 
one is an eyeball-motion controlling network, which simulates 
that human brain’s high-level perceiving neurons transfer their 
responses to eyeball-motion controlling muscle cells to change 
eye’s gaze to the position of the object that the perceiving system 
is attentive to or interested in. The system is applied to human 
face features searching and experiments show a promising 
result. 

I. INTRODUCTION 
uman and animals’ perception and cognition have been 
rather difficult problems, among which visual 
perception and cognition are focuses and fundamental 

fields. One of the main questions is that people don’t know 
how all the visual neurons work together though a lot of 
knowledge have been obtained on a single neuron or a small 
group of neurons through physiological and anatomical 
experiments.   Scientist from psychology, neural physiology, 
computer science, information science, mathematics and 
philosophy are experiencing their excitation and exhaustion 
in exploration of the natural principles of human and animals’ 
vision.  

During the past half-century, many theories and 
hypotheses are suggested for visual perception. One of the 
most well known models is Marr’s vision computational 
theory[1], whose framework consists of three representations: 
primal sketch, 2.5D sketch and 3D model, which understands 
vision as an information processing task that converts a 
numerical image representation into a symbolic 
shape-oriented representation[2]. However, this strict 
hierarchical architecture makes learning difficult and “only 
toy problems (block worlds, Lambertian surfaces, smooth 
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contours, controlled illumination, and the like) can be 
successfully solved”[3]. Different from Marr, Fukushima 
built the Cognitron and Neocognitron models for visual 
pattern recognition[4-5], which simulate receptive field 
characteristics of animal’s visual simple and complex cells 
and achieved significant success.  

From middle 1980s to early 1990s, Carpenter and 
Grossberg founded the Adaptive Resonance 
Theories(ART)[6-8]-a group of new cognition theories and 
related visual perception architectures[9-10]. ART theories 
and models are incorporated with quite a few elements from 
neural biology and psychology, which has produced a strong 
impaction on the cognitive and recognition researches. In 
order to avoiding the  “curse of interconnecting wires”[17] 
leaded by full connectivity of Hopfield networks, Chua and 
Yang proposed Cellular Neural Network (CNN)[18-19] to 
simulates cellular structure in local excitatory connections 
between network units, which can be used for early visual 
processing.  

In last decade, there came some new models, theories and 
relative architectures on perception and cognition. Different 
from CNN, used for midlevel visual perception, 
LEGION[20-21] is a neural network of oscillators with local 
excitatory connections between oscillators and global 
inhibition via a global inhibitor, which was proposed by 
Terman and Wang to address the binding problem (how the 
responses of local feature-responding neurons in different 
areas of the brain are bound together to form global percepts). 
As for high-level visual perception, Riesenhuber and Poggio 
proposed a quantitative model to explain aspects of 
higher-level visual processing such as object recognition[14]. 
At the aspect of cognitive theories and architectures, one of 
the representatives is J. Anderson’s “Atomic Components of 
Thought”(ACT) and ACT-R theories[11-12], which simulate 
human cognition and can be used to understand how people 
organize knowledge and produce intelligent behavior. The 
other one is EPIC[13], a cognitive architecture proposed by  
Kieras and Meyer, which include quite comprehensive 
simulations for human’s auditory, visual, tactile perception 
and ocular, vocal, manual motor controlling.  

Except for ART, ACT-R and EPIC, most of the above 
models, when used in visual perception, seldom concern 
active vision functions, which seem indispensable for human 
being’s visual cognition. For example, due to lacking 
context-reasoning ability on objects’ positions and scales, 
when used for object searching and locating, perceiving 
systems cannot make decision where to search and has to 
traverse a series of shrunk images in a blind and 
time-consuming mode. Quite different from it, human can 
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repeatedly reason and control his eyeballs to rotate for 
changing gaze quickly to acquire richer and richer visual 
information to approach and locate interested objects. Its 
neural mechanism[22] is that in the brain superior colliculus 
and relative oculomotor nucleus control eye movement due to 
low-level perception of salient features or high-level 
cognition of objects spatial relationship. Some work has been 
done to simulate oculomotor mechanism for “where-what” 
recognition [23] and autonomous robot vision [24]. Different 
from their functional simulation approaches, according to the 
cognitive physiological principles and corresponding neuron 
inter-connecting structure, this paper proposes a visual 
cognitive neural network model consisting of visual 
perceiving and eyeball-motion controlling sub-networks for 
automatic and active visual object searching and locating.  

In the following paragraphs, firstly the whole visual 
cognitive neural network is suggested in section II. Then the 
two sub-networks are introduced respectively in section IIA 
and IIB. Section III gives the detailed cognizing and learning 
mechanism. In section IV, experiments on human facial 
features searching and results are discussed. Finally, 
conclusion and future directions are given in last section. 

II. A VISUAL COGNITIVE NEURAL NETWORK 
Fig. 1 and 2 illustrate a cognitive neural network 

architecture and its system implementation for visual object 
searching and recognition. 

 
Fig. 1.    Visual cognitive neural network architecture 

The neural network consists of two sub-networks. One is a 
visual perceiving neural network, which simulates human 
eyes to input original image signals and recognize an object’s 
direction and distance in terms of a cognizing neuron’s 
maximum response. The other one is a motion controlling 
neural network, which simulates that human brain’s 
cognizing neurons transfer their responses to eyeball-motion 
controlling muscle cells to change eye’s gaze to the position 
of the object that the perceiving system is attentive to or 
interested in.  
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Fig. 2.  Visual cognitive system 

The two networks naturally are incorporated into an 
autonomic neural network and cooperate to perceive and 
move gaze in a repeated mode from a global low resolution to 
a local high resolution until the system acquire a full 
cognition of the object. 

A. Visual perceiving neural network 
This network consists of four parts: retina, simple 

perceiving neurons, complex perceiving neurons and 
cognizing-controlling neurons(with reference to Fig. 2). The 
retina receives original visual signals and transmits them to 
the perceiving neurons. The perceiving neurons simulate the 
simple and complex cells in visual cortex, which extract 
brightness, contrast and some shift-invariant features from 
their receptive fields on the retina.  Fig.4 and 5 illustrates 
some examples of such receptive fields and their 
corresponding feature extracting patterns. The 
cognizing-controlling neurons receive the responses from 
complex perceiving neurons and recognize the visual input 
signals. 

 
Fig. 3.  Visual fields in different scales and their corresponding visual signal 
receiving cells’ resolutions and distributions in retina, where the central cross 
indicates the position of gaze point 

 
As we know well, human and animals’ retina has a 

significant characteristic: its visual signal receiving cells has 
a high-density distribution in the central region and a 
low-density distribution surrounding the central part. An 
explicit artificial retina has been introduced in reference 15. 
Here we simulates retina with an overlapping of a group of 
visual cells arrays  or visual fields from global low resolution 
to local high resolution(with reference to Fig. 3). 

 
Fig. 4.  Simple cells’ receptive fields(size=2x2=4 pixels) and corresponding 
brightness and contrast feature extracting patterns 
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In Fig. 4, two types of simple cells’ feature extracting 
patterns are given: brightness and contrast.  There is one 
feature pattern for brightness (f0) and there are 14 patterns for 
contrast (f 1~ f 14) respectively. Among them, the 14 contrast 
features are actually representing 3 kinds of geometrical 
features, which are points, line segments and arcs with 
different positions or orientations, which simulate the simple 
cells’ receptive fields(size=2x2=4 pixels) characteristics 
described in reference[16]. 

A gray small box in a feature pattern in Fig. 4 represents an 
excitatory input with a positive weight and a black box 
represents an inhibitory input with a negative weight. Thus a 
feature pattern could be represented by a vector with a group 
of weights(here are 4 weights). Generally, all weights in each 
feature vector are normalized to length 1 for unified feature 
response/similarity computation and comparison. 

Let vector xi=(xi1, xi2, xi3, xi4) represent the i-th local visual 
signal input pattern and vector fij=(aj1, aj2, aj3, aj4) represent 
the j-th feature extracting or perceiving pattern at current 
location i, then the simple perceiving neuron’s feature 
response rij=fij(xi), which feature fij responds to input xi, or the 
similarity s(xi, fij) between xi and fij, could be obtained by 
orthogonal projection or inner product computation: 

rij= fij(xi)=s(xi, fij) =<xi, fij>=aj1xi1+aj2xi2+aj3xi3+aj4xi4 

Generally, a neuron is firing only if its response is larger 
than a threshold, for example, threshold=0. Thus the real 
response of a neuron is: 

⎩
⎨
⎧ >><><==

otherwise        0
 0f,x if    f,x)x(fr ijiiji

iijij

rrrr
r  

Mathematically these feature patterns constitute a set of 
non-orthogonal bases in local feature vector space for 
describing local visual input pattern xi. For example, with 
reference to Fig. 4, fi0=(1,1,1,1)/ 4 , fi1=(-3,1,1,1)/ 12 , fi5=(-1, 
-1,1,1) / 4 , fi11=(3,-1,-1,-1) / 12 . Among these feature bases, 
the brightness feature vector fi0 is orthogonal to any one of the 
contrast feature vectors fi1~fi14.  

According to Hubel and Wisel’s outstanding work on 
simple and complex cells’ receptive field characteristics [16], 
we can simulate complex perceiving cells’ shift-invariant 
feature responding mechanism and explain their nature with 
mathematical principles.  

 

 
Fig. 5.  Complex cells’ receptive fields(size=4x4=16 pixels) and 
corresponding shift-invariant feature extracting patterns 

Fig. 5 shows the complex perceiving neurons’ receptive 
fields and their shift-invariant feature extracting patterns. Let 
vector Xi=(xi1, xi2, •••, xi9)=(xi1, xi2, •••, xi16) represent a larger 
neighborhood i which is composed of 9 adjacent smaller 
neighborhoods xik(k=1~9), then the j-th (j=0~14) kind of 
complex cells’ perceiving responses Rij=Fij(Xi), which 
feature Fij responding to neighborhood input Xi, are: 
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Generally, as a result of irrelative properties between each 
two features Fij and Fik (j,k=0~14, j≠k), the neighborhood 
visual pattern Xi can be approximately reconstructed by a 
sum of weighted Fij(j=0~14), i.e.:  

∑
=

≈
14

0
ijiji FcX

j

rr
 

where cij is closely relative to the connecting strength (in 
terms of weight wij ) of a synapse between a complex 
perceiving neuron and a cognizing neuron. In other words, 
local neighborhood visual pattern Xi can be represented by a 
group of reconstructed coefficients cij or a group of synapse 
strengths wij (j=0~14). 

From the point of view of biological visual system, 
perceptive feature competition is necessary for human and 
animals to remove noise and insignificant features for 
efficient object searching and recognition. From the point of 
view of feature reduction in pattern recognition, the first m 
features (F’i1(Xi), F’i2(Xi), •••, F’im(Xi)) that have the largest 
responses(R’i1, R’i2, •••, R’im) to the local neighborhood input 
pattern Xi could approximately describe or represent the Xi at 
the cost of minimum reconstruction error. Generally, m is less 
than the pixel number or dimension of the local visual input 
pattern Xi, i.e.: 

∑
=

≈
m

j 0
ijiji 'FcX

rr
 

In our implementation, as illustrated in Fig. 5, the size of 
the receptive fields of complex perceiving neurons is 4x4=16 
pixels when an image is used as a visual signal input. Thus the 
dimension of local neighborhood visual pattern Xi is 16. For 
the purpose of reducing features, for example, m could be 
taken with 10 that is less than the number of pixels of the local 
visual pattern Xi. 

Fig. 6 shows the architecture of a visual perceiving neural 
network in which the highest-level perceiving neurons, as roll 
of cognizing-controlling neurons, receive synaptic inputs 
(weighted with strengths wij) from the lower perceiving 
neurons (with response Rij) that perceive brightness and 
geometrical contrast shift-invariant features in their receptive 
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fields on retina. So the cognizing neuron’s response R=F(X), 
for the global visual signal X=(X1, X2, •••, XN) which is 
composed of the local neighborhood visual pattern Xi(i=1~N), 
is:  

R=F(X)=F((X 1, X 2, •••, X N)) 
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Fig. 6.  Visual perceiving neural network 

According to universally competitive interaction facts 
found in the biological perception and cognition systems, the 
cognizing neuron that has the largest response will win the 
competition among all the responding cognizing neurons, 
which means that the winner cognizing neuron represents the 
visual input signal and recognize an object by behaving as a 
motion controlling neuron to transfer its response to the 
motion-effecting muscle cells that directly rotate the eyeball 
or gaze to the object. 

B. Eyeball-motion controlling neural network 

 
Fig. 7.  Eyeball-motion controlling neural network 

 
The eyeball-motion controlling neural network consists of 

two parts: cognizing-controlling neurons and 
motion-effecting muscle cells(Fig. 2 and 7). The 
cognizing-controlling neurons are actually the high-level 
perceiving neurons that recognize the positions of the 
attentive visual object. In order to acquire richer information 
about the object for enhanced recognition, from a global low 
resolution to a local high resolution, such high-level 
perceiving neurons transform their recognition of the object 

into gaze’s movement by conducting their responses(Ri) 
through synapses (weighted with strengths wij) to four muscle 
cells that directly rotate eyeball by muscle tightening(with 
response Rj that is proportional to distances from gaze point 
to object position in horizontal or vertical directions 
respectively). 

III. COGNIZING AND LEARNING MECHANISM 

The system’s cognition include a series of perceiving and 
controlling procedures, which begin with an initial gaze point 
and end with a final gaze point. Perception is achieved by a 
cognizing neuron responding largest among all the cognizing 
neurons and becoming a winner through competitive 
interaction.  Controlling is achieved by a winner cognizing 
neuron transferring its response to eyeball-movement 
controlling muscle cells to change eye’s gaze to the position 
of the object that the perceiving system is attentive to or 
interested in. 

The system’s learning experiences are preserved in the 
system’s memory, which is represented by synapses’ 
connecting strengths or weights. Hebbian rule is the 
fundamental learning rule, i.e., ∆wij=αRiRj, where wij is 
connecting synapse’s strength; α is learning rate; Ri and Rj are 
responses of two cells that are connected with the synapse. 
Learning mechanism is as followed: 

1. Given a visual field range with the corresponding 
resolution of visual signal receiving cells in retina and an 
gaze position, perceive the attentive object’s position 
(x-distance and y-distance); 

2. If perception result is not correct, generate a new 
cognizing-controlling neuron(let response R=1); else go 
to 4; 

3. Compute synapses’ strengths between the new cognizing 
neuron and lower perceiving neurons and that between the 
new controlling neuron and motion-effecting muscle cells 
using Hebbian rule wij=αRiRj; 

4. Move current gaze point to the position of the object in the 
current visual field and change the visual field range and 
the corresponding visual signal receiving cells’ resolution 
to a smaller and a higher ones respectively; 

5. Go to 1, until all visual field ranges with corresponding 
resolutions and all given initial gaze points are learned. 

IV. EXPERIMENTS 
The neural network is applied to automatic human facial 

features searching, such as two eye centers searching and 
locating in still images.  

A. Design of system 
With reference to Fig. 3 and 8, the retina is designed with a 

group of 5 different scale visual field(16x16, 32x32, 64x64, 
128x128 and 256x256 pixels) layers of visual signal 
receiving cells at same 16x16 cell arrays, which simulates 
human and animals’ visual cells’ distribution. Its 
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physiological meaning is that human and animals look at or 
watch objects with their visual receiving cells at fitted scale 
and in specific visual field other than with that at all scales 
and in whole visual field. Thus human and animals can 
rapidly react to environmental variations and efficiently 
memorize the most significant features. 

 

 
Fig. 8.  Retina composed of 5 overlapped different scale visual field layers of 
visual signal receiving cells at same 16x16 cell arrays 

 
With reference to Fig. 4, 5 and 6, the receptive filed sizes 

of simple and complex cells are 2x2 and 4x4 pixels 
respectively, and there are 15 kinds of features for both two 
types of perceiving neurons. Thus there are totally 
15×5×[((16/2)×2-1)]2=16875 simple perceiving cells and 
15×5×[((16/4)×2-1)]2=3675 complex perceiving cells, in 
which only 3675×(10/15)=2450 complex cells(the first m 
largest responding cells, m=10, see section IIA) win through 
competitive interactions and transfer their responses Rij 
through wij-weighted synapse to the highest-level perceiving 
cells, i.e., cognizing-controlling neurons. In our experiment 
the learning rate α is 0.01 when using Hebbian rule. 

B. Experiments 
Two experiments are done on the face database of the 

University of Bern, which has total 300 images(320x214 
pixels) with 30 people(ten images each person) at different 
poses.  

 

 
Fig. 9.  Training for sequentially searching two eye centers from a group of 
initial gaze points in even distribution 

 

 
Fig. 10.  Testing for sequentially searching two eye centers from a group of 
initial gaze points in random distribution 

As illustrated in Fig. 9 and 10, training is with a group of 
initial gaze points in even distribution while testing is with a 
group of initial gaze points in random distribution. Given a 
initial gaze position, the system is trained or tested to search 
and locate the left eye center first and then the right eye center 
on the basis of left eye center’s searching results. 

In the first experiment, 30 images of 30 people (one frontal 
image each person) are learned with 368 initial gaze positions 
on each image, and the rest of 270 images are tested at 48 
random initial gaze positions on each image.  The average 
searching error is 5.51 pixels for left eye centers and 7.44 
pixels for right eye centers.  

In the second experiment, 90 images of 9 people (10 
images each one) are learned with 1944 initial gaze positions 
on each image, and the rest of 210 images are tested at 48 
random initial gaze positions on each image. The searching 
error is 8.82 pixels for left eye centers and 11.10 pixels for 
right eye centers. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 10 19 28 37 46 55 64 73 82 91 100

left eye centers

right eye centers

 
Fig. 11.  Test results experiment 1 

Fig. 11 and 12 show the statistical results for feature 
searching, in which the horizontal axis represents the 
percentage of the distance between searching results and 
ground truth over the distance between two real eye centers. 
The vertical axis represents the accumulative correct 
searching/localization rate. In our experiments, right eye 
center searching is designed to follow the searching of left 
eye centers. As a result of such dependence, the performance 
for left eye centers is better than that for right eye centers. The 
experiments also show that that the generalizing ability in 
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experiment 1, in which training and testing faces are in 
different poses from same persons, are a bit better than that in 
experiment 2, in which training and testing faces are from 
different persons. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1 10 19 28 37 46 55 64 73 82 91 100

left eye centers

right eye centers

 
Fig. 12.  Test results in experiment 2 

V. CONCLUSION 
This paper proposed a visual cognitive neural network 

consisting of perceiving and controlling sub-networks for 
automatic and active object searching and recognition. The 
autonomic system is applied to human face features searching 
and experiments show a promising result. As a result of 
temporarily lacking rotation-invariant and scale-invariant 
feature representations and hierarchical neighborhood 
perception, the cognizing system’s generalizing ability needs 
to be enhanced, which is the next step that we would improve 
the system with more robust feature representations and more 
compact cognitive neural network architecture. 
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