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Abstract
Cellular nonlinear networks (CNN) belong to the class of twodimensional processor arrays or stacks of several two-dimensional arrays
in which the cells are identical nonlinear, dynamic systems or processors,
interconnected only in a small local neighborhood. The architectural
expansion of the CNN paradigm is the CNN Universal Machine (CNNUM), the first algorithmically programmable analogic (both analog and
logic) computer. This dissertation (i) demonstrates that the CNN
paradigm can be used effectively for modeling the mammalian retina
from neurobiological measurement data until the hardware-level
implementation; (ii) models the rapid global change suppression retina
function on sudden global spatial-temporal change detection; and (iii)
investigates the possibility of mapping artificial neural networks to the
CNN-UM platform for clustering and classification.

Background of the Doctoral Work
The task of my work was to contribute to the research of retinal
modeling and to find solutions for the hardware implementation of the
multi-layer analogic cellular nonlinear network universal machine (CNNUM) in mammalian retina modeling. I also had to prove that it is
worthwhile and feasible to deal with CNN-UM analog VLSI chips in
neurobiological modeling. This work included theoretical studies,
computer simulation and experimental chip evaluation and validation.
During the preparatory work I derived the abstract neuron model
based on the receptive field calculus for modeling different sensory
modalities and algorithms that might open new ways of integrating
neurobiological models into the common engineering practice. Some of
them have already been verified experimentally on the ACE4k and on
the CACE1k cellular visual microprocessors. These solutions exploit the
implicit parallelism and near-sensor properties of the CNN-UM to
enhance and speed-up the computation of different algorithms.
A CNN-UM can be applied as a stored programmable analogic
cellular computer using analog transient wave-type computing and logic
operators for feature extraction. Feature vectors can be used for object
recognition after post-processing. If we have a fast feature detector such
as the CNN-UM, the classification of feature vectors is an especially
important task.
I wish to point out that the synergy of the neurobiology, based on
retina modeling, and the CNN-UM technology, analog chips with optical
input, leads to powerful sensor-processors of future applications.
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Chapter 1

INTRODUCTION

This dissertation (i) demonstrates how to use efficiently the CNN paradigm to model the
mammalian retina from electrophysiological data to the hardware-level implementation; (ii)
applies it for the rapid global change suppression function on large, sudden spatial-temporal
change detection; and (iii) investigates the possibility of mapping artificial neural networks to
the CNN-UM platform for clustering and classification. A CNN-UM can be applied as a
stored programmable analogic cellular computer using analog transient wave-type computing
and logic operators for multi-channel feature extraction. Feature vectors can be used for
object recognition after post-processing. It is pointed out that the synergy of neurobiology,
based on retina modeling, and CNN-UM technology, especially analog chips with optical
input, can open new possibilities to solve engineering tasks.
The next section gives a short description about a rather complex example how the three
different topics of the dissertation can be applied in a real-world system; see Figure 1.1. The
rest of this chapter describes the CNN technology in detail and the other techniques used.
The next chapters in the dissertation discuss each particular topic in detail: retina modeling (2),
rapid global change detection (3), and classification (4), respectively. The last chapter (5)
summarizes the results and shows some application areas.

Figure 1.1 The structure of the terrain classification system with an example: the input
frame is classified to class “A”. This system utilizes the results of the dissertation; the
corresponding chapter numbers are indicated above the components.
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1. Case Study: Terrain Classification
Biological systems are constantly engulfed in sensory input that must be processed.
Attention has evolved in the brain to cut down on the magnitude of the input in order to
analyze the most relevant parts of the information.
The first and best-known part of the visual system is the retina, which is a sophisticated
feature preprocessor with a continuous input and several parallel output channels. These
interacting channels represent the visual scene. Each channel is operating independently and
several features are extracted. These features can be considered as components of a vector
that is classified with an adaptive resonance theory artificial neural network [Grossberg, 1992].
The classifier sorts the input vectors into several self-generated categories. These categories
can later be labeled with the predefined class names. The algorithmic solution of the terrain
classification task is based on these classes. The presented system differs from existing
topographic classification techniques in the intensive multi-channel pre-processing of the
input flow. The entire system is designed and implemented on the adaptive Cellular Nonlinear
Network architecture. Its hardware and software solutions have been developed in the
prototyping ACE-BOX industrial framework with the ACE4k cellular visual microprocessor,
which is capable of real-time image flow processing [Zarandy et al., 2002].
1.1. Statement of the problem
We humans perceive the world around us in marvelous detail. Of our senses, vision is the
most advanced and most important, providing us constantly with huge amounts of data. Our
brain has evolved some unique strategies to cope with the need to process this information
efficiently in real-time. Our eyes contain millions of photoreceptor cells, but the area of acute
vision –called the fovea– contains only about 50,000. The brain uses mostly this small sensing
area to construct the vivid perception of our surroundings by moving the eye in rapid jumps
called saccades several times per second. Recent biological studies have confirmed that
representations of each different characteristic of the visual world are formed in a parallel way,
and embodied in a stack of “strata” in the retina [Roska and Werblin, 2001]. Each of these
representations can be efficiently modeled in Cellular Nonlinear Networks (CNN) [Chua and
Roska, 2002]. When translated into CNN image processing operations, many of the biological
functions constitute algorithmic cornerstones, useful in practical applications.
As the resolution of various imaging sensors increases rapidly, engineers have been
confronted with the same problem that nature appeared to have solved so proficiently [Niebur
and Koch, 1998]. VLSI cellular neural network based visual microprocessors have matured to
a point to be useful in various imaging applications [Szatmari et al., 2002]. They have
unmatched speed for image processing functions (around 10,000 frames/sec) while providing
some unique capabilities of their own, namely using wave fronts to accomplish image
processing tasks [Rekeczky and Chua, 1999]. We considered the use of these chips also for
object recognition applications where the application would be visual search in a natural scene
for certain types of objects.
The intention of bio-inspired engineering of exploration systems is to learn the principles
found in successful, nature-tested mechanisms of specific “crucial functions” that are difficult
2

to accomplish by conventional methods, but which are realized rather effectively in nature by
biological organisms. The intent is not simply to mimic operational mechanisms found in
specific species but also to learn the salient principles from a variety of diverse bio-organisms
for a desired “crucial function”. The CNN technology based bio-inspired visual
microprocessor architecture, called CNN Universal Machine (CNN-UM) and a dedicated
algorithmic framework is used to realize many of these natural visual strategies. It is our hope
that these bio-inspired engineering experiments will lead to efficient and realizable System on
a Chip (SoC) architecture in several application areas, including the intelligent sensory systems
of various unmanned air vehicles (UAV).
1.2. Underlying Concepts
The task is to decide what we can identify on a grayscale input video frame. Our approach
incorporates biomorphic-motivated algorithms and the fact that the input frames come from a
continuous input video flow. This continuity is used in different places of the processing. The
algorithm uses the history, therefore if the input suddenly changes it should be re-initialized.
The implementation of the sudden change detection is based on neurobiological findings. The
input is processed by different spatial-temporal channels, which mimics the basics of the
retina processing. These interacting, loosely inter-correlated channels represent the visual
scene. Each channel is independently processed and several features are extracted. The
extracted features form a vector which is classified by an adaptive resonance theory network.
It sorts the input vectors to self-generated categories. Each component of the system is
described in Figure 1.1.
There is a strong biological motivation behind building a multi-channel adaptive algorithmic
framework for visual search and terrain classification. It has been long known that the
mammalian visual system processes the world through a set of separate spatio-temporal
channels. A recent study has confirmed that the organization of these channels begins in the
retina, where a vertical interaction across parallel stack representations can also be identified
[Roska and Werblin, 2001].
Beyond reflecting the biological motivations, our main goal was to create an efficient
algorithmic framework for real-life experiments, thus the enhanced image flow is analyzed via
temporal, spatial and spatio-temporal processing channels. The output of these sub-channels
are then combined in a programmable configuration to form the new channel responses. The
following key processing strategies have been learned from neurobiological modeling and
biological vision related experiments:
• spatial, temporal, and spatio-temporal decomposition of the input flow for sparse signal
representation
• adaptive parallel On-Off channel processing for signal flow normalization
• vertical interaction of the decomposed channels to decrease the correlation between the
processing flows
• global change detection mechanism for handling accidents and large shifts in the field of
view.

3

1.3. Topographic Multi-Channel Preprocessing
In Figure 1.2 examples are shown for calculating the spatial-temporal feature channels for
terrain video-flows. As illustrated these binary maps describe the density of edges, irregularity,
rough/fine structures, connected structures etc. of the input. It is also obvious that the
description is non-orthonormal in the feature space thus providing certain robustness when
some of these specific estimation strategies are too sensitive and not reliable enough for
further processing.
The image of the foveal window is processed with three different channels. Each channel
analyzes binary images and some local features are extracted, based on the assumption that the
black patches are objects. These objects as entities are collected in a list and their features such
as area, minor axis, eccentricity, etc are computed. The descriptive statistics is used to
aggregate the same feature of the different objects such as minimum, average, variance, etc.
The output of the channels are also analyzed as scenes, and the same direct spatial-temporal
features are extracted (e.g. number of the black pixels). An edge-based separation is performed
to distinguish between the stick-like and the box-like objects. A skeleton-based separation is
made to divide the objects as circle-like or tree-like items. The number of black pixels in these
channels are used as features. All of these computations are implemented on the CNN-UM
chip.

BM1

BM3

BM5

BM7

BM2

BM4

BM6

BM8

Input

Figure 1.2. Example for calculating the parallel spatial-temporal feature channels by CNN
processing. The input image flow is enhanced and after simple grayscale processing
complex binary filters are applied to get the binary maps (BM).
1.4. Feature Based Classification Schemes
There are several classifiers that could have been used for terrain feature analysis and global
classification. We have applied an adaptive resonance theory (ART) based module, capable of
learning on pre-selected image flows (training set) and performing the classification in an online manner. The process description of off-line supervised learning and on-line classification
is shown in Figure 1.3 and 1.4, respectively. The ART network has its inspiring roots in
neurobiological modeling and has a strong mathematical background. A further advantage is
that a modified version of ART can be implemented on existing CNN-UM architecture. Thus,
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the combined CNN-ART algorithmic framework is a biologically inspired algorithmic
approach to terrain feature analysis implemented in our current system.

Off-line learning
prototypes

supervised
learning

S.S.-T.
features

C
N
N

ART
NET

Class “A”

Figure 1.3. Terrain classification with off-line supervised learning. The topographic
processing (spatio-temporal feature extraction) is completed by a CNN block, while the
feature vector learning and classification is performed by an ART network.
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input

S.S.-T.
features

C
N
N
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ART
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…

…
Class “E”

Figure 1.4. On-line terrain exploration and recognition. A CNN block completes the
feature extraction, while the feature vector classification is performed by an ART network.
1.5. Rapid global change detection
The history based processing helps to stabilize the system, which became more robust
therefore fewer categories are sufficient to describe the environment –thus their generalization
power is larger. The continuous input flow, however, contains sudden content changes. The
main source of the change can be either external or internal. The system should be reinitialized after each large rapid spatial-temporal change.
The external change is caused by the user or by the automatic focus manager when it
changes the focus and so the processing window in the flow or it changes the scale of the
processing which sets the digital zoom of the camera. The change is critical if the overlapping
regions of the subsequent frames are not large enough. This type of function corresponds to
the motor command initiated saccadic suppression.
The unexpected internal change of the content is rooted in the camera itself, sometimes
jumping or suddenly moving randomly, due to unknown circumstances. It corresponds to the
visual scene-driven saccadic and rapid global change suppression (retina processing initiated)
[Roska and Weblin, 2003]. A short algorithm based on the comparison of subsequent frames
can detect these movements. If a rapid global change occurs for any reason, the homotopies
should be re-initialized to maintain the consistency of the input video flow.
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2. The CNN Technology Framework
This section details the underlying computing paradigm used in the dissertation. The first
seminal paper by L. O. Chua and T. Yang [1988] formulated the original idea of cellular
neural/nonlinear networks (CNN). CNN has grown into a general framework of cellular wave
computing, after the CNN universal machine (CNN-UM) had been introduced [Roska and
Chua, 1993].
The main difference between Cellular Nonlinear Network and Cellular Automata can be
found in Table 1.1. Historically, the roots of neural networks are in neuroscience. Neural
networks were, at the beginning, models for studying behavioral, perceptual phenomena. On
the other hand, cellular automata were looked at as models of complex natural phenomena,
which emerged from the interaction of simple individuals. Today, in both cases, the emphasis
is moving towards their parallel computing capabilities and fast hardware implementations.
These features were the primary motivation for proposition of the CNN informationprocessing systems. However, it can be used for modeling both neurobiological structures and
emerging behaviors.
Table 1.1 Comparison of the CNN (Cellular Nonlinear Network, PDE (Partial Differential
Equations) and CA (Cellular Automata)

space
time
input
value
state
output
operation type
locality

Cellular Automata
(CA)

Diff. equations
(PDE)

Cellular Nonlinear Network
(CNN-UM)

discrete
discrete
discrete
discrete
mat. function
local iterative

continuous
continuous
continuous
non-linear
global

discrete
continuous
continuous
continuous
continuous
analog transient and logic
local and global propagating

Cellular neural networks (CNN) [Chua and Roska 1993, Roska and Chua, 1999] are a class
of (mostly two-dimensional) processor arrays in which the cells are basically identical
nonlinear, dynamic systems or processors (e.g., analog circuits), interconnected only with a
relatively small local neighborhood. Owing to their local interconnections, a large number of
processors (∼10.000) can be integrated on a single chip (1million in optical implementation).
The operation of the network is determined by the local weight pattern connecting the cells’
state variables. This set of weights is termed the CNN cloning template [Chua, 1998]. The CNN
dynamics is the transient behavior of the state values of the cells, starting from an initial state,
governed by the input via a specific template. The complexity of a single CNN template
instruction may exceed the computational power of digital processors by 2-3 orders of
magnitude if we use the same VLSI technology. A further expansion to the CNN paradigm is
the CNN universal machine (CNN-UM) [Roska and Chua, 1993], in which analog and logic
6

memory units may store local and global intermediate results, the templates and logic
operations are programmable, and can be combined into complex algorithms. In this way, this
is the first algorithmically programmable analogic (both analog and logic) array computer.
Physical implementations tend to be slowly growing in functionality. Basic targets in the
design of CNN-UM chips are to increase the cell density (number of processing cells per unit
area) and the cell operation speed [Rodríguez-Vázquez et al., 1998], see Table 1.3. Optical
implementations are also under development [Frühauf et al., 1993, Andersson et al., 1998,
Tokes et al., 2002].
A number of different biological and physical systems can be modeled by the CNN
paradigm, but the primary application to CNN-UM chips is their use in image processing
[Domínguez-Castro et al. 1997, Espejo et al. 1998, Paasio et al. 1998, Zarándy et al., 1998].
Cell circuits are often built together with optic sensors. Those computations are performed
most effectively which can be easily mapped onto the regular, locally connected cell structure
of the CNN. CNN computers may enable real time information processing when the serial,
digital solution turns out to be very slow, based on the same size and power dissipation. Such
problems are the enhancement of images provided by fax and copy machines or orientation in
complex visual environment, but most importantly, when sensors are integrated with
processors. Beyond that, analogic CNN algorithms utilize a number of spatio-temporal effects
in their basic operations, opening new directions in algorithm design, which is the main theme
of this dissertation.
The proven limitations in pure digital computing motivated an intensive research on the
field of neural/nonlinear parallel processing ([Hopfield 1982, Kohonen 1988, Grossberg 1988,
Serrano et al. 1998]) and the fabrication of the first hardware prototypes. However, contrary
to all expectations, this did not lead to a breakthrough of a new technology. The reason for
that was not necessarily the well-known bottle-neck, the limited precision of all analog
hardware implementations, but other factors. The spread and utilization of these novel
computing tools in industrial applications were even more limited by the imperfection of the
architectures, to mention the most important: quick reprogramming of these new computing
structures was not possible, restricting their use to very specific tasks. Furthermore, the
approach assuming a fully connected processing net turned out to be a major obstacle from
the realization point of view, since the implementation complexity increases exponentially
with the number of processors.
Computing architectures based on the cellular neural/nonlinear network (CNN) paradigm
([Chua and Yang 1988, Chua and Roska 1993, Chua 1997]) offer an adequate solution for the
problems above. CNNs are regular, single or multi-layer, parallel processing structures with
analog nonlinear computing units (base cells). The state values of the individual processors are
continuous in time and their connectivity is local in space. The program of these networks is
completely determined by the pattern of the local interactions, the so-called template, and the
local logic and arithmetic (analog) instructions. The time-evolution of the analog transient,
"driven" by the template operator and the processor dynamics, represents the computation in
CNN. Results can be defined both in equilibrium and/or non-equilibrium states of the
network. Completing the base cells of CNN with local sensors, local data memories,
7

arithmetical and logical units, furthermore with global program memories and control units
results in the CNN Universal Machine (CNN-UM) architecture [Roska and Chua, 1993]. The
CNN-UM is an analogic (analog and logic) supercomputer, it is universal both in Turing sense
[Chua et al., 1993] and as a nonlinear operator [Roska, 1987], therefore it can be used as a
general architectural framework when designing CNN processors. Up to the present there
have been various physical implementations of this architecture: mixed-signal VLSI ([Espejo
et al., 1996], [Paasio et al., 1997], [Linan et al., 1998], [Carmona et al., 2002]), emulated digital
VLSI [Zarandy et al., 1998] and optical [Frühauf et al., 1993, Tokes et al., 2002].
The rapid advance of digital technology replaced the analog solution in a number of
important applications and –while keeping the cellular structure– even emulated digital CNNUM architectures are emerging [Szolgay et al., 2002]. Yet, there are several problems, e.g. nearsensor real-time image processing (filtering and detection) where the demand for a
supercomputing power in a dynamically interacting sensory and computing systems makes an
exclusively digital and sequential design inappropriate in the foreseeable future.
The dissertation focuses on the modeling and implementation of different neurobiological
phenomena on the CNN-UM architecture. Parallel algorithmic solutions are shown for some
application related problems, as well, where the demand for high computing power and the
requirement for fast processing make it impossible to apply a fully sequential approach. The
underlying idea of most methods is based on spatio-temporal dynamics of diffusion and wave
phenomena that can be well reproduced and controlled on a parallel processing array. The
majority of CNN templates used in the detection algorithms are such that their prototypes can
be tested on existing VLSI implemented CNN chips.
The goal of the research conducted in the field of retina modeling is twofold. Although
understanding the behavior and functionality of a biological system relying on morphological,
pharmacological and neurophysiological observations is a natural motivation of all modeling
experiments, in this dissertation the engineering approach is stressed to reveal the secrets of
robust and fault-tolerant feature detection.
First, the CNN paradigm is briefly described along with the mathematical formulation of a
CNN core cell and the inter-cell interactions (the CNN template). Then, the CNN Universal
Machine –the stored program array microprocessor– is introduced, which gives the general
hardware platform in all experiments. Finally the existing chip implementations are discussed.
2.1. Wave Computing - Formal Introduction*
1. Data is defined as a continuous image flow Φ(t)
Φ (t): {ϕij (t) , i = 1, 2, …, n; j = 1, 2, …, m} ∈ R×R

t ∈ T= [0, t*]

(1.1)

A frame is obtained by setting the time variable in a given finite time instance t*, i.e.
P = Φ (t∗). Without loss of generality, we may assume that in a gray scale image +1 and
-1 represent the black and white levels, respectively, and the gray levels are in between.
*

This section is based on [Roska, 2002]
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2. Elementary instructions Ψ are the basic wave instructions:
Φ input)
Φoutput (t) = Ψ(Φ
Input:

U(t) ≡ Φinput: uij(t), t ∈ T

State:

X(t) ≡ Φ(t): xij(t), t ∈ T

Output:

Y(t) ≡ Φoutput: yij(t), t ∈ T

Initial state: X(0)

Operator: the solution of the two-dimensional spatial-temporal state equation/output
equation not necessarily only at the equilibrium point(s)
τ

dxij (t )
dt

= − xij + z ij +

∑A

kl∈S r ( ij )

ij , kl

y kl (t ) +

∑B

kl∈S r ( ij )

Sr(.): sphere of influences:

ij , kl

(1.2)

u kl (t )

Sr(ij) ={C(kl): max{|k-i|,|l-j|} ≤ r }

yij(t) = σ(xij(t)); σ: a nonlinear, usually sigmoid function
Useful operator notations: xD ≡

dxij (t )
dt

;

A* y ≡

∑A

kl∈S r ( ij )

ij , kl

ykl (t )

(1.3)

Input
zz

dynamic layer
output

τ

Feedback

Figure 1.5. The graphical representation of the elementary wave processing. The horizontal
bar represents the processing structure as a two-dimensional layer and the arrows show the
external connections to each cell. The color of the arrow refers to the sign of the
connection. The individual ϕij(t) base units and their connections are shown on Figure 1.6.

2.2. The CNN Paradigm
A Cellular Neural/Nonlinear Network (CNN), as an operator, is defined by the following
constraints:
• A spatially discrete collection of continuous nonlinear dynamical systems called cells
where information can be encrypted into each cell via three independent variables called
input (u), threshold (z), and initial state (x(0)).
• A coupling law relating one or more relevant variables of each cell to all local neighboring
cells located within a prescribed sphere of influence Sr(ij) of radius r centered at ij.
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Figure 1.6 shows a 2D rectangular CNN composed of cells that are connected to their
nearest neighbors. Due to its symmetry, one regular structure and simplicity of this type of
arrangement (a rectangular grid) are for primary importance in all implementations.

Figure 1.6 A two-dimensional CNN defined on a square grid.
The ij-th cell of the array and cells that fall within the sphere of influence of neighborhood
radius r = 1 (the nearest neighbors) are highlighted.
The CNN paradigm does not specify the properties of a cell. The implemented cell models
are in Table 1.2. As the basic framework throughout this dissertation, let us consider a twodimensional (MxN) CNN array in which the cell dynamics is described by nonlinear ordinary
differential equations with linear and nonlinear terms. The extension to three dimensions is
straightforward allowing similar interlayer interactions.
The bias (also referred to as the “bias map”) of a CNN layer is a gray-scale image. The bias
map can be viewed as the space-variant part of the cell threshold. By using pre-calculated bias
maps, “linear” spatial adaptivity can be added to the templates in CNN algorithms. If the bias
map is not specified, it is assumed to be zero.
The mask (also referred to as the “fixed-state map”) of a CNN layer is a binary image
specifying whether the corresponding CNN cell is in active or inactive state in the actual
operation. Using the binary mask is one of the simplest ways to incorporate “nonlinear”
spatial adaptivity to the templates in CNN algorithms. If the mask is not specified, it is
assumed that all CNN cells are in active state, that is, the initial state is not fixed.
In order to fully specify the dynamics of the array, the boundary conditions have to be
defined. Cells along the edges of the array may see the value of cells on the opposite side of
the array (circular boundary), a fixed value (Dirichlet-boundary) or the value of mirrored cells
(zero-flux boundary).
State equation of a single layer CNN with first order cell model
The standard first order CNN array dynamics is described by the following equations,
which are equivalent to the simplest wave instruction. The C:{A, B, z} is the cloning template.
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τ x ij ( t ) = − x ij ( t ) + z ij

cell dynamics

A * y ij + B * u ij

local cell interactions

1
| x + 1 | + | x − 1 | 
y ij ( t ) = f ( x ij ( t )) =
= x ij ( t )
2

− 1

•

•
•
•
•
•

(1.4)

(1.5)

if x ij ( t ) ≥ 1
if − 1 ≤ x ij ( t ) ≤ 1

output equation

if x ij ( t ) ≤ −1

where
xij, yij, uij are the state, the output, and the input voltage of the specified CNN cell,
respectively. The state and output vary in time, the input is static (time independent), ij
refers to a grid point associated with a cell on the 2D grid.
zij is the cell bias (also referred to as threshold) which could be space and time variant.
τ is the cell time-constant
Term A represents the linear coupling, B the linear control.
Term f(.) is the output nonlinearity, in our case a unity gain sigmoid.
t is the continuous time variable.

The first part of Eq. 1.4 is called cell dynamics, the following additive terms represent the
synaptic linear and nonlinear interactions. Though the threshold zij may be space-variant,
usually it is added to the template (space-invariant case). Eq. 1.5 is the output equation. A
CNN cloning template, the program of the CNN array, is given by the linear and nonlinear
terms completed by the cell current.
Many times, the CNN cell dynamics is implemented via an electronic circuit and the
interactions are added as shown in Figure 1.7. The input, state and output variables are
voltages, the A and B templates are VCCS-s (voltage controlled current sources) and the time
constant comes from the capacitance (C) and resistance (R) of the cells as τ = RC.

A∗ y + B ∗u
bijuij

zij

aijyij

uij

xij

f(xij)

yij

Figure 1.7 A CNN base cell corresponding to the equations (1.4), (1.5). The linear control
and coupling terms are represented by voltage controlled current sources (B and A).
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State equation of a general multi-layer CNN
The simplified state-equation of the multi-layer second-order cellular nonlinear network is
shown in Eqs. 1.6-7., which is the differential equations of the (i,j)th abstract neuron in the nth layer.
τ n xD n ,ij ( t ) = − x n , ij ( t ) + z n ,ij
A nn * y n (t ) + B n * u n ( t ) +

cell dynamics

∑ {f mn (Â mn * y m (t ))+ B̂mn * u m (t )}

m∈L

τ' n yD n , ij (t) = y n , ij + f n (x n , ij (t))

(1.6)

intra-layer interactions
inter-layer interactions
second-order output equation

(1.7)

where
• time constants of the second-order cell are τ and τ',
• xij, yij, uij zij are the state, the output, the input voltages and the cell current,
• t is the continuous time variable,
• Ann represents the linear coupling, Bn the linear control of the layer,
• L is number of layers of the network,
• fmn(.) is the input non-linearity,
• Â mn ,B̂mn are the nonlinear templates operating from the mth layer,
• fn(.) is the output non-linearity, usually unity gain sigmoid.
2.3. The CNN Universal Machine
All early neural network chip realizations had a common problem: they implemented a
single instruction only, thus the weight matrix was fixed when processing some input.
Reprogramming (i.e. changing the weight matrix) was possible for some devices but took an
order of magnitudes longer time than the computation itself.
This observation motivated the design of the CNN Universal Machine (CNN-UM, [Roska
and Chua, 1993]), a stored program nonlinear array computer. This new architecture is able to
combine analog array operations with local logic efficiently. Since the reprogramming time is
approximately equal to the settling time of a non-propagating analog operation, it is capable of
executing complex analogic algorithms. To ensure programmability, a global programming
unit was added to the array, and to ensure an efficient reuse of intermediate results, each
computing cell was extended by local memories. In addition to local storage, every cell might
be equipped with local sensors and additional circuitry to perform cell-wise analog and logical
operations. The architecture of the CNN-UM is shown in Figure 1.8.
As illustrated in Figure 1.8 the CNN-UM is built around the dynamic computing core of a
simple CNN. An image can be acquired through the sensory input (e.g. OPT: Optical Sensor).
Local memories store analog (LAM: Local Analog Memory) and logic (LLM: Local Logical
Memory) values in each cell. A Local Analog Output Unit (LAOU) and a Local Logic Unit
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(LLU) perform cell-wise analog and logic operations on the stored values. The output is
always transferred to one of the local memories. The Local Communication and Control Unit
(LCCU) provides for communication between the extended cell and the central programming
unit of the machine, the Global Analogic Programming Unit (GAPU). The GAPU has four
functional blocks. The Analog Program Register (APR) stores the analog program
instructions, the CNN templates. In case of linear templates, for a connectivity r = 1 a set of
19 real numbers have to be stored. If spatial symmetry and isotropy is assumed, this is even
less. All other units within the GAPU are registers containing the control codes for operating
the cell array. The Local Program Register (LPR) contains control sequences for the individual
cell’s LLU, the Switch Configuration Register (SCR) stores the codes to initiate the different
switch configurations when accessing the different functional units (e.g. whether to run a
linear or nonlinear template). The Global Analogic Control Unit (GACU) stores the
instruction sequence of the main (analogic) program. The GACU also controls timing,
sequence of instructions and data transfers on the chip and synchronizes the communication
with any external controlling device. It has its own global analog and logic memories (GAM
and GLM, respectively) and global Arithmetic Logic Unit (ALU). As a special case, the GACU
can be implemented by a digital signal processor (DSP) or a microcontroller.
LCCU OPT
L Analog
CNN
L
nucleus
M

L
A
M

LAOU LLU

GAPU
GAPU

Global Analogic Program Unit
APR
LPR
SCR
GACU

Analog Program Register
Logic Program Register
Switch Configuration Register
Global Analogic Control Unit

LCCU: Local Comm. & Control Unit
OPT: Sensor (typically optical)
LLM: Local Logic Memory
LAM: Local Analog Memory
LLU: Local Logic Unit
LAOU: Local Analog Output Unit

Figure 1.8 The architecture of the CNN Universal Machine
Different cell-models are used in the CNN-UM implementations. The simplest one is the
discreet time CNN (DT-CNN), when the state evolution is not continuous but discreet in
time. The so-called full signal range model (FSR) is a VLSI-friend non-linear cell model, where
the voltage of the state variable is always the same as the output [Espejo et al., 1996b].
Synthesizing an analogic algorithm running on the CNN-UM the designer should
decompose the solution in a sequence of analog and logical operations. A limited number of
intermediate results can be locally stored and combined. Some of these outputs can be used as
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a bias map (space-variant current) or fixed-state map (space-variant mask) in the next
operation adding spatial adaptivity to the algorithms without introducing complicated intercell couplings. Analog operations are defined by either linear or nonlinear templates. The
output can be defined both in fixed and non-fixed state of the network (equilibrium and nonequilibrium computing) depending on the control of the transient length. It can be assumed
that elementary logical (NOT, AND, OR, etc.) and arithmetical (ADD, SUB, MUL) operations
are implemented and can be used on the cell level between LLM and LAM locations,
respectively. Certain operators (e.g. arithmetical) might have two input values, denoted by P
and Q. In addition, data transfer and conversion can be performed between LAMs and LLMs.
Table 1.2. The different cell models
Cell Model Name

Place of
design

DTCNN
Discrete time CNN
First order
Chua-Yang model
PHS positive high-gain
sigmoid
FSR
Full state range
vBJP – pseudo Bipolar
Junction Transistor
FSR Complex-kernel

Munich,
1993
Berkeley,
1996
Helsinki,
1997
Seville,
1998
Taiwan,
2000
Seville,
2002

R-Unit

Number of
parameters

19
11

Remarks
Only the value of the state is analog, the time
and space are discrete.
Standard first-order CNN cell

12

Hard-limited output for binary image
processing,
The state and output are the same and the
voltage swing of the transient is limited [-1;1]
4-connected, 2-neighborhood

25

2nd-order FSR-based model

21

3rd-order spatially isotropic templates

20

In most image processing tasks, the input and state of the CNN array are loaded with image
data, and the result of CNN computation is generally defined as the steady state after the
transient of the network. If each cell of the CNN array is equipped with analog and logic
memory units, logic operations can be defined between these logic memory units, and these
logic functions along with the templates become programmable, we arrive at the concept of
the CNN Universal Machine (CNN-UM) [Roska and Chua, 1993]. This (re)programmability
makes the CNN a real computer, the first algorithmically programmable analogic (i.e., both
analog and logic) computer. In this framework, each particular CNN operation (analog
transient computation, or local logic operation) can be thought of as an analogic instruction of
this computer. This allows to store intermediate results of the processing, and to build up and
run complex image processing algorithms on a CNN chip using some control hardware.
In the course of CNN template and algorithm design, many useful specialized templates
and simple template combinations have been found, many of which are compiled in a CNN
Software Library [Roska and Kek, 2000]. These provide basic components of several standard
image processing techniques. Beyond that, analogic CNN algorithms may utilize a number of
spatio-temporal effects in their basic operations which can hardly be applied if conventional
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image processing technology is used. These may be mathematical morphology or different
PDE-based techniques.
2.4. CNN-UM chips
Possibly the most important reason for the interest in VLSI implementation of the CNNUM platform is the fast power of parallel analog computation. The first operational CNN
chips have already clearly indicated the computing power of CNN. Local memories can be
used to store input and output images, and local logic operations can be executed as well.
There is always a gap between the system level design and chip implementations. Trying to
synthesize powerful algorithms that can keep up with the state-of-the art methods of signal
processing disciplines, the engineers at the system level always face the problem of hardware
limitations and have to simplify the methodologies used. On the other hand, a VLSI designer
would like to know the priority of requirements motivated by different applications.
The optical implementations are in the state of research. An optical proof-of-the-concept
model built on a joint transform correlator (JTC) is used as an experimental setup (Budapest,
1999-2002).
We will demonstrate the capabilities of the associated architectures in order to support and
guide the design of the next generation CNN Universal Chips. For example, the next
generation 3-layer complex-kernel chip will have an optical input and different adaptation
effects (e.g. gain control) based on the adaptive CNN-UM architecture. This will simplify the
outer retina block calculation and speed-up the whole procedure.
Table 1.3 Comparison of the design and performance characteristics of different
analog VLSI CNN Universal Machine Chips
Chip name
Place of design
Date
Array size
Cell model
CMOS
Technology
Density (cell/mm2)
Time constant
(τcnn)
Optical sensor
Input
Output
Template register
SCR (switch conf.)
Local logic unit
Binary memory
Analog memory

ACE440
Seville
1995
20x22
FSR
0.8µm

POS48
Helsinki
1997
48x48
PHS
0.5µm

ACE4k
Seville
1998
64x64
FSR
0.5µm

400ns

290
50ns

82
250ns

1
Binary
Binary

Binary
Binary

8
√
4
0

1
√
2
0
15

CACE1k
Seville
2001
32x32x2
FSR
0.5µm

30
100ns …
1600ns
parasitic
Analog
Analog
Analog & Analog &
binary
binary
32
32
64
64
√
√
4
4
4
4

ACE16k
Seville
2002
128x128
FSR
0.35µm

Taiwan
2004
64x64
vBJP
0.25µm

180
160ns

300

3
Digital
Digital

Analog
Analog

32
64x2
√
2
8

0
1
X
0
0

An experimental CNN-UM chip measurement and test environment was designed in the
analogical and neural computing laboratory (ANCL) hosting most of the chips designed. A
high level language was also defined in order to enable easy programming. A professional,
industrial framework, called Aladdin Pro, was developed by the AnaLogic Computers
Corporation, hosting the most advanced chips.
My work is implemented on the ACE4k and CACE1k cellular visual microprocessors. They
have rectangular CNN arrays and allow the use of fixed-state map techniques, and global
logical lines.

The ACE4k Chip Architecture
A professional development environment, called Aladdin Professional [Zarándy et al.,
2003], is built up around a single-layer CNN universal machine vision chip (ACE4k). The
software environment supports several different methods to reach the potential of the chip
from a high level language to low level direct commands. The hardware interface between the
PC and the ACE4k chip is illustrated in Figure 1.9. Firstly, the analogic program is
downloaded to the Texas digital signal processor (DSP module) through the standard PCI
bus. The DSP schedules the program and gives the interface between the PC and the platform
holding the chip. Secondly, the digital platform generates the analog signals to the CACE1k
chip and contains the external digital memory. Finally, the analog platform receives the digital
control signals and the analog data for the direct control of the CNN-UM visual
microprocessor: ACE4k or CACE1k. After the computation is done, the results are read out
from the chip’s local analog memories and are displayed.

Figure 1.9. The Aladdin Pro system for the CNN-UM chips (ACE4k, CACE1k)
The internal structure of the ACE4k chip consists of an analog programmable array
processor of 64×64 identical cells, surrounded by the boundary conditions of the CNN
dynamics. There is also an I/O interface, timing and control unit and a program memory. The
analog instructions, template values and reference signals need to be transmitted to every cell
in the network in the form of analog voltages. Finally, the timing unit is made of an internal
clock that generates the internal signals which enable the processes of image up/downloading
and program memory access.

16

The CACE1k Chip Architecture
The architecture of the chip follows the design of the standard one layer CNN-UM chip:
ACE4k [Espejo et al., 1996a, Liñan et al., 2000], but its first order cell core is replaced by a
second order one, see Figure 1.10.
input
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z22

b11u11

b22u22

layer 1

a12
y
12 11

a21
y
21 22

τ1

A11
y
11 11

τ2

layer 2
y11

output

A22
y
22 22

y22

Figure 1.10. The processing structure of the complex-kernel cellular neural network chip
The dynamic evolution law of the complex-kernel CNN is the system of differential
equations as follows:
dx (t )
τ 1 1,ij = − h(x1,ij (t ) ) + ∑ A11,ijkl x1,kl (t ) + a21 x2,ij (t ) + b1uij + z1,ij
dt
kl∈S1

τ2

dx2,ij (t )
dt

= − h(x2,ij (t ) ) +

∑A

kl∈S1

22 ,ijkl

x2,kl (t ) + a12 x1,ij (t ) + b2 uij + z 2,ij

(1.8)

1 ≤ i ≤ N , 1 ≤ j ≤ N , uij ≤ 1, FSR: − 1 ≤ xij (t ≥ 0) ≤ 1
Where:
m( x − 1) + 1 ≈ +∞, if x > 1

h( x) = lim 
x,
if x ≤ 1
m → ∞
m( x + 1) − 1 ≈ −∞, if x < −1

(1.9)

The hard-limiter function h(.) regulates the state so that it stays within the +1…-1 interval,
FSR cell-model. Variables u1, u2 are the independent inputs, b1, b2 are their weight factors
respectively; z1,ij, z2,ij are space variant bias maps. Variables x1, x2 denotes the state variables of
the layers. Each xij corresponds to one cell; it is one pixel if we consider the system’s output as
a picture. A11, A22 are the weights of the intra-layer couplings, a12, a21 are the inter-layer
weights.
The elementary processor of the complex-kernel CNN visual microprocessor chip includes
two coupled continuous-time CNN cores belonging to each of the two different layers of the
network [Carmona et al., 2003]. The synaptic connections between processing elements of the
same or different layers are represented by arrows in Figure 1.11. The base unit also contains a
programmable local logic unit (LLU) and local analog and logic memories (LAMs and LLMs)
to store intermediate results. All the blocks in the cell communicate via an intra-cell data bus,
which is multiplexed to the array I/O interface. Control bits and switch configurations are
passed to the cell directly from the global programming unit.
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2nd CNN
layer node

Logic Memories
Logic Unit

I/O interface

1st CNN
layer node

Analog Memories

Timing unit

Global Analogic Program control Unit
Switch Config. Reg. Logic Prog. Reg. Analog Prog. Reg.

Figure 1.11. Conceptual diagram of the complex-kernel CNN units and its universal
machine environment. The different connecting lines and buses are represented by arrows.
Each CNN node receives contributions from the rest of the processing nodes in the
neighborhood, which are subsequently summed and integrated in the state capacitor. The time
constants of the two layers are different. The first layer has a scalable time constant (α τcnn,
where α is an integer between 1 and 16), controlled by the appropriate binary code, while the
second layer has a fixed time constant (τcnn). The evolution of the state variable is also driven
by self-feedback and by the feed forward action of the stored input and bias patterns. There is
a voltage limiter for implementing the full signal range property of the implemented CNNUM. The state variable is transmitted to the synaptic blocks, in the periphery of the cell, where
weighted contributions to the neighbors are generated. Initialization of the state X(0), input U
and bias Z voltages is made through a mesh of multiplexing analog switches that connect to
the cell’s internal data bus.
The elementary program of the chip is the template. It contains the weight factors of the
coupling between the cells and weights for the input and the bias map.
a 1−1, −1

A 11 =  a 10, −1
 a11, −1


a 1−1,0
a 10, 0
a11, 0

a 1−1,1 

a 01,1 ;
a11,1 

b1 ; b2 ; z1 ; z 2 ;

A 22

a −21, −1

=  a 02, −1
 a12, −1


a −21,0
a 02,0
a12,0

a −21,1 

a 02,1 ; a 21 ; a12
a12,1 

(1.10)

τ 1 : τ 2 = τ : 1; τ = 1,2..16

The operation of the array computer is completely determined by the 25 template values,
the initial states and boundary conditions. In Eq. 1.10 the A11 and A22 matrices include the
weights of the intra layer connections of the slower and the faster layer, respectively. The
strength of the influence of the second layer on the first is controlled by a21 and a12 stands for
the reverse case. Symbols b1, b2, z1 and z2 are the weights of the independent inputs and the
space variant bias maps. The ratio of the time constants of the two CNN layers are controlled
by τ1, while τ2 is fixed. An analogic algorithm is made up from combination of template
executions, logic instructions and spatial arithmetic operations.
18

3. Background knowledge
This section summarizes some ideas and concepts related to the dissertation:
neurobiological outline of the retina, classification concepts and methods, and the adaptive
resonance theory.
3.1. The vertebrate retina
From an engineering point of view, the retina has two main parts: the outer and the inner
retina, see Figure 1.12. The outer retina is the same for all the actions in the different inner
retina processing [Werblin and Coppenhagen, 1974]. The inner retina has several types of
ganglion cells with their preprocessing layers. The typical two qualitatively different inputs of a
ganglion cell are its excitation and its inhibition. The excitation comes from a bipolar cell; the
inhibition derives through an amacrine cell [Bloomfield and Miller, 1986]. Each amacrine cell
has connections at least with one bipolar cell. The input of the bipolar cells comes from the
outer retina. The outer retina has interacting cone and horizontal layers.

Cone
Horizontal
Bipolar ON

1

outer
retina

Bipolar OFF
2

Amacrine ON

Amacrine FB
inner
retina

Amacrine FF
Ganglion
On-pathway

Amacrine OFF
3

Off-pathway

Figure 1.12. The sketch shows the interacting general neuron-types in the retina. The left
hand side is a cartoon drawing of the retina, the right side shows the CNN structure. The
connected pairs of the interacting diffusion layers are numbered one to three. The first
forms the outer retina. The dashed lines stand for the inhibitory synapses and the
continuous lines show the excitatory synapses.
The first processing stage is the outer retina. The subsequent processing can be divided into
two pathways: the On- and the Off-pathway. Both pathway models should contain a bipolar
layer. This layer transfers and transforms the output of the outer retina toward the ganglion
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excitation. The inhibitory input of a ganglion cell comes from one or more amacrine cells,
therefore the inhibitory-part of the inner retina model has amacrine cells [Roska et al. 1998].
More than ten different ganglion cell types are in the mammalian rabbit retina [Roska and
Werblin, 2001], they form parallel output channels to the brain. The optic nerve consists of
the axons of the ganglion cells. The classification of the ganglion cell types is based on electrophysiology [Amthor et al., 1989] using a bright spot as the stimulus. If the cell responses
during the lighting it is called On-cell, if it responses after the spot disappears, it is called Off-cell
and if the response is measurable at both cases, it is called On-Off ganglion. The cell response
could be transient (brisk cell) or sustained (sluggish cell). The morphology is parallel with this
classification. The retina has some more special ganglion cell types too, like the direction
selective neurons [Kandel et al., 1995].
These parallel operating ganglion cell populations are feature detectors, from an engineering
point of view, and are built from a series of space-time transformations generated at different
retinal levels. Underlying each of these transformations is a subtractive interaction between at
least two sheets of neural activity having different space-time characteristics. Each parallel
pathway in the retina consists of three, serially connected pairs of diffusion layers. In the first
and second pair (cone-horizontal and bipolar-amacrine feedback pairs) the second layer feeds
back to the first layer. In the third pair (amacrine-ganglion feed-forward) both layers receive
input from the previous feedback system and the outputs of the two layers add to form the
output of a specific ganglion cell layer [Teeters et al., 1997]. The interactions of the first pair of
diffusion layers can be approximated by a linear function [Sakai and Naka, 1988], whereas at
least one interaction between the second pair of diffusion layers is nonlinear [Werblin, 1991].
Each diffusion layer can be associated with a diffusion constant (called also space constant)
and a local time constant, representing the fact that each diffusion layer is “leaky” [Roska et
al., 2000]. The transfer function between the diffusion layers can be linear or nonlinear.
There are numerous types of bipolar cells, ordered across the depth of the inner retina, each
with different temporal properties, formed at the dendrites of the bipolar cells [Dowling,
1987]. This layer of diverse activity interacts with the next layer to generate more sophisticated
feature extracting filters whose output is sent to the brain.
In a light adopted retina it is assumed that the rods are saturated and “silent”, therefore in
the photoreceptor layer only the cones are modeled. The cones receive the light input and
make excitatory connection to the horizontal and bipolar cells.
Most neurons in the retina do not communicate with spikes (discreet impulses) but with
analog signals. However, the optical nerve, the ganglion cell’s output, carries the information
in the form of spikes. These spikes are summed in a sliding window (50ms wide, 1ms time
step), to get the analog value for a comparison.
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3.2. Classification
The task of classification is to find a rule, which, based on external observations, assigns an
object to one of several classes. A pattern (or feature vector) is the single object used by the
classification algorithm. It typically consists of a vector of measurements. The individual scalar
components of a pattern are called features (or attributes). Hard clustering techniques assign a
class label to each pattern, identifying its class. Fuzzy clustering procedures assign to each input
pattern a fractional degree of membership in each output cluster. Some of the algorithms
generate categories and these are assigned to classes or clusters.
In supervised classification, we are provided with a collection of pre-classified patterns; the
problem is to sort a newly encountered feature vector. Typically, the given training patterns
are used to learn the descriptions of classes, which in turn are used to label a new pattern. One
possible formalization of this task is to estimate a function fc : RN  {1…cj}, using inputoutput training data pairs (with pattern size N) such that fc will correctly classify unseen
examples.
In the case of clustering or unsupervised classification, the problem is to group a given collection
of unlabeled patterns into meaningful clusters. Given a set of objects and a clustering
criterion, partitional clustering obtains a partition of the objects into clusters in a way that the
objects in a cluster are more similar to each other than to objects in different clusters [Jain et
al., 1999].
It is possible that a particular input pattern is sorted into different output categories at
different iterations; this brings up the stability issue of learning systems. The system is said to
be stable if no pattern in the training data changes its category after a finite number of learning
iterations, that is

∀xi t > ts : fct(xi) = cj,i = 1 ... n, j = 1…C

(1.11)

where
t is the time and ts is the time to reach the stable classification
xi is the ith input vector
cj is the jth class identifier number
The stability problem is closely associated with the problem of plasticity, which is the ability
of the algorithm to adapt to new data. For example, the number of the possible categories is
not fixed, but it is regulated by the input. The classification is robust if a new input vector does
not damage the already memorized vectors; the system is able to extend its knowledge without
forgetting.
An algorithm is order-independent if it generates the same partition for any order in which the
data is presented; otherwise, it is order-dependent.
In incremental clustering, it is possible to examine patterns one at a time and assign them to
existing clusters. Therefore, a newly encountered pattern is assigned to a cluster without
affecting the existing clusters significantly. In incremental clustering only the cluster
representations need to be stored in the main memory.
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The basic idea of a single scan algorithm is to group neighboring objects of the database into
clusters based on a local cluster condition, thus performing only one scan through the
database. Single scan clustering algorithms are very efficient if the retrieval of the
neighborhood of an object is efficiently supported.
One pass learning means that the system reaches its stable clustering after a single step or no
pattern in the training data changes its category after one learning iteration.
In the on-line learning the weights are adjusted each time a new input is presented. In batch
learning, the weights are adjusted after summing over all the patterns in the training set.
Neural networks can be used in several different tasks: function approximation, classification,
data reduction, etc. The idea of the systems come from the neurobiology, simple nodes are
connected together to form a processing structure. Competitive (typically winner–take–all)
neural networks are often used to cluster and classify input data. In competitive learning,
similar patterns are grouped by the network, while it learns their interconnection weights
adaptively. One of the most popular such network is the ART, because of its stability and
plasticity properties, which do not hinder its easy implementation.
3.3. Adaptive Resonance Theory
Adaptive Resonance Theory (ART) architectures are neural networks that develop stable
recognition codes on-line by self-organization, in response to arbitrary sequences of input
patterns. ART networks were originally proposed to accept binary input patterns, and were
later extended for continuous inputs. The classification can be defined as the steady state of a
specific differential equation or as an artificial neural network circuitry [Haykin, 1998]. It can
be seen as an algorithm, as well. In the following we use the latter approach. It has
neurobiologic roots based on neurophysiology measurements. It offers a stable, reliable and
fast learning. The input vectors should be shown only a few times to learn the set with 100
percent accuracy. It is a robust and plastic algorithm because the number of the classes is
based on the input vector set, which drives the automatic new class creation and the
resolution of the classes. It is robust and has an adjustable attention parameter called vigilance.
In due course of its design the stability-plasticity dilemma emerged that every intelligent
machine learning system has to face: how to keep learning from new events without forgetting
previously learned information. The solution involves automatic new class creation. Among
the many useful properties of ART networks - in contrast to other common models like backpropagation – we emphasize the fast and stable learning, the incremental creation of new
categories controlled via a system parameter (called vigilance) [Carpenter and Grossberg,
1987]. ART networks and its variants have been applied successfully to a wide range of test
and real-world tasks [Serrano et al., 1998]. It is possible to extend the ART to a supervised online classification, too. The ART offers a stable, reliable and fast learning classification.
Since the introduction of ART, numerous variants of it have been proposed. For practical
applications, the most notable ones are the different hierarchical ART models [Bartfai, 1996],
the Fuzzy ART [Carpenter and Grossberg, 1987] and Fuzzy ARTMAP networks, which
combine fuzzy logic with ART and ARTMAP, respectively.
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The learning process of the adaptive resonance theory (ART) network can be outlined as
follows, see Figure 1.13. At each presentation of a binary input vector (I) the network
attempts to place it into one of its existing categories based on its similarity to the stored
prototype of each category node (P). The complement encoding of the input provides
automatic normalization, (|I|=constant).
1.

Input
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√
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fm 10
fl 10

11
01
01

11
01
01

00
00
00

choice value (EQU)
vigilance test
learning (AND)

replace
prototype

Categories

Figure 1.13. A processing example for the unsupervised ART classification algorithm
Initially, the categories database is empty. The first input defines the first prototype. The
second input is compared to this prototype using the fc and fm functions. It passes the
vigilance test thus the original prototype is replaced with the learned one (fl).

features : ( x1 , x 2 ...x n ) ⇒ I = ( x1 , x1 , x 2 , x 2 ...x n , x n )

(1.12)

The prototype with the highest choice value (W) is selected (winner-takes-all competition).
The choice function (fc) computes the similarity between the input (I) and the prototypes (p).
The choice function is defined originally as in Eq. 1.13 [Carpenter and Grossberg, 1987].
f c (I, p) =

I∧p
p +α

,α>0

W = max f c (I, p i )
∀p i ∈P

(1.13)

The weight vector of the winning category will then be compared to the actual input
according to the match function. Using complement encoding the denominator in Eq. 1.14
will be constant.

f m (I, p) =

I∧p
I

,

f m (I, w ) > ρ

(1.14)

If they are similar enough, i.e. they satisfy the matching condition, the output category is
selected and the chosen category learns by modifying its prototype vector due to the learning
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function. All other prototypes in the network remain unchanged. The learning can only
decrease the stored value of each component of a prototype to be convergent, so it is
important that all weights be initialized to their maximum value.
fl(I, p, β) = β ( I ∧ p ) + ( 1 – β ) p

pw = fl(I, w, β)

(1.15)

The β parameter is the learning rate.
If the stored prototype does not match the input closely enough, i.e. the matching condition
is not met, the winning category will be reset (by activating the reset signal) for the period of
presentation of the current input (no permanent change in the prototype vector). Then
another category is selected with the highest choice value, whose prototype will be matched
against the input, and so on. This “hypothesis-testing" cycle is repeated until the network
either ends a stored category whose prototype matches the input well enough, or allocates a
new category (store the input as its prototype vector) when no more prototypes remains or
the category database is empty. This feature makes possible, that the system can work without
initial category definitions. Then learning takes place according to the learning function, where
β is the learning speed. Figure 1.14 shows the steps of the unsupervised classification.
Note also that, as a consequence of its stability-plasticity property, the network is capable of
learning on-line, i.e. refining its learned categories in response to a stream of input patterns (I)
as opposed to being trained off-line on a finite training set. The number of developed
categories can be controlled via the vigilance value (ρ), the higher the vigilance level, the larger
number of more specific categories will be created.

Input
Compute the similarity
with the Choice function

Categories

Select the best category
Winner-Takes-All strategy

Create new
category

winner
Check the difference
Match function

ρ
Reset

no more
valid category

pass

Update the winner
Learning function

fail

Figure 1.14. The flowchart of the classic unsupervised ART classification algorithm.
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The three critical functions in the ART process contain open operators. The definition of
these operators gives the character of the classification. The binary ART1 network usually
specified according to Eq. 1.16.
x := ∑

x ,
∀i i

x i ∧ y i := x i AND y i , β = 1 ⇒ f l (I, p) = ∑ I i AND p i
∀i

(1.16)

The fuzzy ART network uses the following functions (Eq. 1.17).

x :=

∑∀i x i ,

(1.17)

x i ∧ yi := min(x i , yi ), β ≤ 1

In supervised ART classification, we are provided with a collection of pre-classified patterns
or labeled feature vectors to train the classifier and the task is to sort a new feature vector into
one of the existing classes or declare it to be an outlier. In the simplest case the supervised
ART network defines an additional function (fp2c) which maps the categories to the prescribed
classes (C
C). The formalization of the supervised classification task is described by Eq. 1.18.
f ( I, p )

f

( p)

p 2c
c
→ p∈ P: {p1 …pi) → c∈C: {c1 …cj, coutlier}
I 
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i>j

(1.18)

Chapter 2

MAMMALIAN RETINA MODEL

This chapter presents an analogic CNN algorithm in order to mimic the mammalian retina.
The modeling approach is neuromorphic in its spirit, relying on both morphological and
electro-physiological information. The fine-tuning of the model is based on the flashed square
response in the rabbit retina. Such an algorithm can be useful for many purposes, e.g. to
improve and develop more efficient algorithms for object classification, recognition and
tracking. The model can also help to create sensing aids, like retinal prosthesis or retina-chips
[Wyatt and Rizzo, 1996; Dagnelie and Massof, 1996; Boahen, 2002; Hesse et al., 2000].
The presented mammalian retina model reproduces several 2D space-time patterns,
embedded in a multi-layer CNN framework [Balya et al., 2002]. The algorithmic approach
enables us to adapt the model to different measured retinal phenomena. The steps of the
algorithm can also be implemented by hardware. By combining a few simple CNN layers copying
receptive field dynamics, and embedding these into a stored programmable CNN-UM we can generate
complex spatial-temporal patterns. This is the first time that a programmable, realistic, and
implemented complete mammalian retina model is presented.

1. High level model framework
We present here a multi-layer Cellular Neural/Nonlinear Network (CNN) [Roska and
Chua, 1993] model of the mammalian retina, capable of implementation on CNN Universal
Machine (CNN-UM) chips [Espejo et al 1998]. The basis for the model is a multi-layer
Cellular Neural/nonlinear Network [Chua and Yang 1988, Chua and Roska 1993]. The
characterization of the elements in the CNN model is based on anatomical and physiological
studies performed in the rabbit retina. The living mammalian retina represents the visual world
in a set of about a dozen different “feature detecting” parallel representations [Roska and
Werblin 2001]. Our CNN model is capable of reproducing qualitatively the same full set of
space-time patterns as the living retina in response to a flashed square. The modeling
framework can then be used to predict the set of retinal responses to more complex patterns
and is also applicable to studies of the other biological sensory systems.
Because of the striking similarity between the architectures of the retina and CNN, the
mapping of biological cell layers and function to CNN is straightforward [Werblin et al 1995].
Our model includes only those layers that are functionally significant for our task to
qualitatively reproduce the electrophysiological space-time measurements. Our goal is to
develop a simple model that is sufficiently robust to produce qualitatively correct patterns for
all representations in response to the flashed square.
Before our work, no complete (CNN) retina model was available. Some previous models
tried to find answers for specific questions but sometimes without a general approach [Shapley
and Enroth-Cugell 1984, Lotz et al 1996, Baylor et al 1978]. They are mostly theoretical
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[Ringach et al 1997, Field 1994] therefore can not be implemented on a chip easily. The
existing models [Meister and Berry 1999] differ in several aspects from the model described
here. Through the years, starting with the early CNN models [Roska et al 1993] several
simulators have been developed. Embedding a retina transformation into the video flow
preprocessing we are able to develop more efficient algorithms for several types of tracking,
classification and recognition tasks [Csapodi and Roska 1996].
Though largely built on the experience of previous studies ([Roska et al. 1993; Lotz et al.
1993, Jacobs et al. 1996, Werblin et al. 1995, Werblin et al. 1996, Bouzerdoum and Pinter
1993]) the CNN computational framework is considerably simplified: first order RC cells are
used with space-invariant nearest neighbor interactions only. The modeling approach is
neuromorphic in its spirit relying on all three: morphological, electro-physiological, and
pharmacological information. However, the primary motivation lies in fitting the spatiotemporal output of the model to the data recorded from biological cells. In order to meet a
low complexity (VLSI) implementation framework some structural simplifications have been
made and large neighborhood interaction, furthermore the inter-layer signal propagation are
modeled through diffusion phenomena. It describes an approach that focuses on efficient
parameter tuning but also makes it possible to discuss adaptation (plasticity), sensitivity and
robustness issues on retinal “image processing” from an engineering point of view.
There are several strong arguments to justify why the CNN computational framework was
chosen. The retinal cells are organized into layers, process analog signals and interact locally.
Similarly, a CNN is composed of planar arrays of mainly identical dynamical elements and the
program of the entire network is determined by the strength (weights) of the local
interactions. It is emphasized that the primary motivation is to build a retinal model on a level
of abstraction that also defines a realizable physical architecture. It is discussed how global
optimization methods can help in tuning the network parameters. The sensitivity and
robustness (plasticity) analysis of the entire model is presented, as well.
1.1. The model framework
The described model framework and simulator is proposed for qualitative spatio-temporal
studies for biologic sensory systems. The proposed framework defines a huge number of
layer-ordered simple base cells with neuromorphic relevant parameters. The created models
can be translated to hardware-level general multi-layer Cellular Nonlinear Neural Network
(CNN) templates [Chua and Yang, 1998]. The framework is used to create a complete
mammalian retina model. The definition of the model elements is based on retinal anatomy
and electrophysiology measurements [Roska and Werblin, 2001]. The developed model
complexity is moderate, compared to a fully neuromorphic one [Chua and Roska, 1993]
therefore chances of its implementation on a complex-kernel CNN Universal Machine [Roska
and Chua 1993] chips using multi-layer technology and algorithmic programmability are good.
The development of the model components is based on neurobiologic measurements
[Roska and Werblin, 2001]. The primary aim was to fit the spatial and temporal output of the
model to the recorded data as close as possible.
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The common neuronal modeling packages simulate networks of synaptically connected
neurons [Ringach et al., 1997], a few examples are Genesis, Saber, Spice, Swim, and NeuronC
[Field 1994, Shapley and Enroth-Cugell, 1984]. The structural size of the model depends on
the task of the network and the size can reach even 50.000 neurons per network. Each neuron
is modeled by compartments (state equations describing the behavior of the different parts of
the neuron represented by the attached electrical circuits) and sometimes the models use not
less than 20 compartments for one neuron. Simulating biologic sensory system with several
neuron-types require powerful workstations because of the huge number of variables that
need to be involved [Ringach et al., 1997]. The proposed simulation framework is simpler
than the previous ones because a single neuron is composed from maximum three simple
compartments and only same relevant parameters have to be specified. Although the size of
the simulated network is much bigger, measured in millions of cells. In a typical simulation
project huge fraction of time is spent on creating and modifying the model [Enroth-Cugell,
1984] therefore a good user interface is inevitable. The simulator RefineC [Balya, 2000] has
user-friendly graphical interface for creating, simulating, analyzing, tuning, and managing the
abstract neuronal network models without the need to write any program code.
The presented model is developed to mimic the mammalian retina from photoreceptors to
the ganglion cells, which is the output of the retina. The presented whole mammalian retina
model incorporates the abstract neuron model framework. The structure of the model is
based on the morphology and the parameters determined by the flashed square
measurements. The results of the model for the flashed square stimuli are very similar to the
measurement of the rabbit retina for each excitation, inhibition and spiking patterns [Roska
and Werblin, 2001].
The multi-layer mammalian retina model can be iteratively decomposed in time and space
to a sequence of a low-level, low-complexity, stored programmability, simple 3-layer units
(Complex R-units) with different specified parameters [Werblin et al., 2000]. These units can
be directly mapped to the complex-kernel of a CNN Universal Machine.
The proposed framework can be applied to create a low-complexity therefore hardware
feasible, neurobiologic models, which can be incorporated into any sensory prosthetic device
that is required to send biologically correct stimuli to the brain. The developed simulator
serves as a basic research tool, allowing us to manipulate parameters and to utilize the wisdom
of biological design. Some examples that could be directly inserted into the image processing
algorithms are static and dynamic trailing and leading edge and object corner detection in
space and time, object level motion detection and tracking with size selectivity, speed, size,
direction, and intensity selective video-flow processing.
1.2. The building blocks
The parallel processing and the receptive field organization is a common feature in many
natural neuron-systems [Schellart et al., 1979] therefore it could be used successfully in
modeling several different parts of the brain in the olfactory (smelling) and tactile (touching)
systems [Gal et al., 2003]. The most natural example is the retina and the retino-topic part of
the visual pathways.
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The abstract neuron model gives the basics for our mammalian retina-modeling framework.
The abstract neurons are defined with a few key parameters. The components of the abstract
neuron model are illustrated on Figure 2.1. The abstract neuron cell body has an own first or
second order membrane dynamics, described and analyzed in the next section. The neurons
organized into two-dimensional layers. An abstract neuron in a given layer affects another
neuron in another layer though synapses. If two neurons are connected together: one neuron
before the synapse, which affects, is called presynaptic cell and the neuron which receives the
signal is called postsynaptic cell. The synapse has its own dynamics, and temporal
characteristics and implements a non-linear input to the neuron. The output of the neuron is a
non-linear transform of its membrane dynamics. Both the synapse as well as the output has
non-linear transfer functions, which derive from the same function set.

fr
fo

1

fo

Plain

f2o

st

Desensitized

fo

1 - order
nd
2 - order

Synapse

Transfer

f2r

Delayed

3

f1r

Cell body

pre- postsynaptic cells

Abstract Neuron
Figure 2.1. The principles of the abstract neuron model. The connections between the
model components are shown: each abstract neuron has one cell body and output transfer
function and some synapses with its own dynamics. The synapse is the connection between
two neurons.
The abstract neuron model defines different types of neurons with synapses using as few
parameters as possible. It is important to mention that our model is as abstract as it can be
with keeping the qualitatively interesting features. An abstract neuron model can be translated
into the CNN description as differential equation system. In general, one type of neuron is
implemented on more than one CNN layer.

Abstract neuron
The basic blocks of the model are the abstract neurons. Each abstract neuron type has a
name. It is advisable to give a name because this name is used in other places to identify the
neuron-type. The name could be the neurobiologic name of the neuron-type (e.g. Cone).
The parameters of the neuron are the time constant(s), coupling, density and the transmitter
output function. The time constant (τ) is given in ms. Coupling (λ) describes the spatial coupling
29

strength between the same type of neurons, including both electrical and fast chemical
connections. The weighting is symmetric and isotropic in all spatial directions. It is specified
experimentally to obtain a calculated space constant value the same as the measured one. The
neurons are organized into separate layers and the density is the distance to the next neurons (in
µm) in a given layer. The transmitter output function is the non-linear output of the neuron
(voltage to transmitter release) [Johnston and Wu, 1995].
The resting potential is set to zero therefore the modeled voltage of the neuron is not equal
to the measured value. The space-constant is obtained from the model so it is not an
independent parameter but a measurable (verifiable) result.
First-order neuron membrane dynamics
The linear time-dynamics of a first order neuron is
Differential equation

τ xC ( t ) = − x ( t ) + u ( t )

Parameters

τ is the time-constant

CNN equivalent

if (u=1, x(0)=0)
Steady state value

τ

dynamic layer

processing structure
Unit-step response

out = fo(x(t))

xc (t ) = 1 − e

−t
τ

lim x(t ) = 1 ; xc(t) - xc (t→∞) < ε , if

t →∞

t ≥ −τ ln ε

τ=0.1;0.05

Figure 2.2a. The square input response of the first-order neuron membrane dynamics.
Second-order membrane dynamics
The time-dynamics of the second order neuron is
Differential equation

τ1xC ( t ) = − x ( t ) + u ( t ) − g z ( t )
τ 2 zC ( t ) = −z( t ) + x ( t )
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out = fo(x(t))

Parameters

•

τ1 and τ2 are the time-constants

•

g is the neuronal feedback gain

CNN equivalent

g

processing structure

e
xτ1,τ 2 , g (t ) =

a=
Steady state value

τ2

nd layer
2nd

Unit-step response
if (u=1, x(0)=z(0)=0)

τ1

1stst layer

−

( a +τ 2 +τ 2 )t
2τ1τ 2

1
1+ g

at 




τ1τ 2 
 1 − e
(a + τ 1 − τ 2 (1 + 2 g )) − 2a 






2a( g + 1)

(τ 1 − τ 2 )2 − 4τ 1τ 2 g

lim x(t ) =

t →∞

1
1+ g

One can realize this property using an additional CNN-layer. It is a capacitor and it
implements a feedback connection. The system is in the limit state, when the overshoot is
maximal without oscillation. It gives an interesting structure, thus we examined.
There is no oscillation if

Differential equation

g ≤

(τ 1 − τ 2 ) 2
4 τ 1τ 2

τ1 x ( t ) = − x ( t ) −

(2.1)

(τ1 − τ 2 ) 2
z( t ) + u ( t )
4τ1τ 2

out = fo(x(t))

τ 2 z ( t ) = −z( t ) + x ( t )

Parameters

•

τ1 < τ2 are the time-constants

CNN equivalent
processing structure

e

Unit-step response
if (u=1, x(0)=z(0)=0)

(τ +τ )t
− 1 2 
2τ 1τ 2 

xτ 1 ,τ 2 (t ) =
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Figure 2.2b. The square input response of the second-order neuron membrane dynamics

Synapses
Neurons are connected with synapses: see Figure 2.1. The presynaptic neuron gives the
input of the synapse and the postsynaptic neuron is the receiver of the synapse. The input of
the synapse could be any defined abstract neuron layer or the stimulus. Each abstract neuron
has some synapses and each synapse has various parameters.
The gain is the strength of the connection. The synapse transfer curve describes the non-linear
input transformation of the synapse, including the behavior of the transmitter release to
voltage [Johnston and Wu, 1995]. Three different types of synapses are modeled: plain,
delayed and desensitized. The plain synapse is a simple gain connection between the neurons.
Delayed synapse
The delayed synapse has one more parameter, which describes the time delay of the
connection. This type of synapse is especially useful to model the slow synapses (e.g. some
second-messenger mechanisms).
The time-model of the delayed synapse:
Differential equation

Parameters

τ r zD ( t ) = −z( t ) + u ( t )
τ m xD ( t ) = − x ( t ) + z( t )

•

out = fo(x(t))

u is the output voltage of the presynaptic layer:

u (t ) = f r ( y source (t ) )
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•

τm is the time-constant of the neuron

•

τr is the delay, the time-constant of the synapse

CNN equivalent
processing structure

Unit-step response
if (u=1, x(0)=z(0)=0)
Steady state value

1stst layer

τr

nd layer
2nd

τm

t 
t


−
−



τ m 1 − e τ m  − τ r  1 − e τ r





xτ m ,τ r (t ) = 
τ m −τ r







lim x(t ) = 1
t →∞

The delayed synapse is transformed using an additional CNN-layer. It is a linear capacitor
and implements a feed-forward excitation. The effect of the τr parameter is illustrated by the
right side of Figure 2.2c.

τm=0.05
τr=0.01;0.5

Figure 2.2c. The square input response of the first-order neuron membrane with a delayed
synapse on the right side.
Desensitized synapse
Some synapse possess the desensitivity feature which involves that the effect of the synapse
decreases over time as the synapse becomes less effective. If the output of the source is the
same the input of the destination is smaller or even zero. In other words, it makes the abstract
neuron insensitive to the input of the presynaptic layer. This type of synapse is used to model
different types of connections, which are not necessarily involves desensitizing molecularbiologic structures, but their behavior can be qualitatively reproduced.
The parameters describing this synapse are the speed of reaching the final stage and the
ratio between the transient- and the sustained-part of the input at the steady state.
The model of the desensitized synapse involves an additional state variable z:
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Differential equation

τ r z ' (t ) = − z (t ) + u (t )
τ m x' (t ) = − x(t ) + u (t ) − r z (t )
•

out = fo(x(t))

u is the output voltage of the presynaptic layer:

u (t ) = f r ( y source (t ) )
Parameters

•

τm is the time-constant of the neuron

•

τr is the time-constant of the synapse

•

r is the ratio parameter

CNN equivalent
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One can implement this property using an additional working CNN-layer. It is a simple
capacitor and implements a feed-forward inhibition.

τm=0.1 τr=0.2
τm=0.05; τr=0.2

r=0.75

τm=0.05 τr=0.1;0.2

r=0.5;0.75;1.0

Figure 2.2d. The response of the first-order neuron membrane with a desensitized synapse
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Transfer functions
Each abstract neuron and each synapse has its own transfer function. This section describes
the various characteristics of the synapse and output transfer functions. The transfer function
has to satisfy certain constraints. The system has a well-defined steady state description: the
state value of each layer is zero (the resting potential and the reversal potential are zero). In a
biologic system, in the retina, the steady state value depends on the environment. This value
defines the resting potential of the neuron. It is set to zero in order to keep the complexity of
the modeling system low. The transfer function in our model has to have a zero crossing in
the origin to ascertain this property, i.e.
f(0)=0
(2.2a)
The abstract neuron works in a pre-defined state interval [-1, 1] and it is worth to preserve
for making easier comparisons between different layers.
f(1)=1
(2.2b)
which helps to maintain but it does not necessarily guarantee the pre-defined interval
constraint. It is assumed that the transfer function is monotonic and continuous. Two groups
of functions are defined: piecewise linear and exponential.
Rectilinear functions
The linear function is the simplest function that satisfies the constraints.

f(x) = x

(2.3a)

An important simple non-linear function class is the rectifiers
f ( x) =
c

x−c+ c−x
2 (1 − c )

:0
 x < cn
x
−c

n
f
( x ) = c ≤ x ≤ c :
n
x c −c
c ,c
n x
x
n
 cx ≤ x
:1

0<c<1

(2.3b)

0 < cn < cx < 1

(2.3c)

Exponential functions
The general form of this function class is
1
1

f s, m, g , h ( x) = 2
− g + h
− s (−m + x)
2
1+ e
Using the constraint 2.2a one get the following requirements
e sm − 1 g
(1 + e sm )h
g+h
h=
g
=
;
; e sm =
sm
sm
g −h
e −1
1+ e

(

)
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(2.4)

(2.5)

Using the constraints (2.2a and 2.2b) and eliminating two parameters gives
1 − e s − e ms + e s − ms
1 + e s + e ms + e s −ms
h
=
;
g=
2e s − 2
2 − 2e s

(2.6)

It can define the general sigmoid function including 2.6 into 2.4. The remaining parameters
are the slope (s) and the midpoint (m) of the curve.
G
f sm
( x) =

(e s + e ms ) (e sx − 1)
s

(e − 1) (e

ms

sx

+e )

=

Cosh( s − sm) Sinh( sx)
Sinh( s )Cosh( sm − sx)

(2.7)

The effect of the parameters is shown on Figure 2.3a

s= 4

Figure 2.3a The general sigmoid transfer function. Dashed curves stand for s=4 and
continuous lines for s=8.
Special case 1: Bipolar sigmoid
Symmetric (even) bipolar function is obtained by setting the midpoint to zero.
(1 + e s )(e sx − 1)
,
s>0
f sB ( x) = s
(e − 1)(1 + e sx )
Special case 2: Concave rectifier
Quasi saturation outside the [0, 1] interval is obtained by setting midpoint to 0.5
e sx − 1
f sCc ( x) =
1

s (− + x) 
s/2

e
−1 1+ e 2 





(

)

Special case 3: Convex rectifier
2(e sx − 1)
f sCx ( x) = s
(e − 1) 1 + e s ( x −1)

(

)

(2.8)

(2.9)

(2.10)
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Figure 2.3b shows the effect of the slope parameter in the three special cases:
bipolar, convex and concave sigmoid functions.
Dashed curves stand for s=8 and black lines for s=2.
At x = -1 the general sigmoid function has the value:
e s + e sm
− f sG,m (−1) =
1 + e s + sm

(2.11)

which characterizes the strength of the rectification. An illustration is given in Figure 2.3c. The
dashed line shows the 10% value, the curves correspond to the concave (2.9), the convex
(2.10), and the general (2.7) with midpoint = 1.5 cases.

0.8

Figure 2.3c The strength of the rectification ability of the sigmoid functions

1.3. Model building methodology
In this section we will explain the methodology followed in the current modeling work and
discuss some details connected to parameter tuning, sensitivity and robustness (plasticity)
analysis, see Figure 2.4. In advance it should be noted that for this nonlinear system well
developed methods for linear system identification (see e.g. [Kollár, 1993]) can not be used
directly.
The starting point of the model building is the mammalian retina. The retina can be
observed using different tools: morphology, pharmacology and electrophysiology. The
morphology explores the structure of the retina and the possible connections. In one of the
used methods the neuron is filled with a luminescent paint and a confocal microscope is used
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to determine the cell-body and dendrite position of the neuron in the retina. The position
carries some useful information about the behavior of the neuron, for example the On-Off,
sustained-transient characterization or the number of interacting neurons and neuron-types
[Roska and Werblin, 2001]. If the ganglion dendrites are closer to the top of the retina it is an
Off-type, near the ganglion cell body is an On-type. If the dendrites are at the middle of the
IPL (inner plexiform layer) it is a transient cell, near the nucleus layers it is a sustained one.
The size of the dendrites corresponds to the number of interacting neurons [Dowling, 1987].
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Figure 2.4. The flow-chart of the model building. The starting point is the mammalian
retina. The model is improved using error pattern analysis: continuous lines. The model
can be confirmed by new measurements: dotted lines.
Pharmacology studies the retina at the molecular level. Specific neurotransmitters and
synapses of the neurons can be identified and blocked using drugs. For example APB
completely abolishes the excitatory input or picrotoxin blocks some special receptors
(GABAC) which play an important role in the amacrine feedback [Kandel et al., 1995].
Using electrophysiology the neurobiologists measure the cell in vivo. The rabbit retina is
kept live and using a patch clamp method the response of a cell can be recorded under
different conditions using different stimuli [Johnston and Wu, 1995]. The stimulus is projected
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to the light-adapted whole-mount retina and the spike frequency; the excitation and inhibition
can be measured. The raw data should be post-processed to receive the space-time patterns.
The model uses the abstract neuron framework. First, the model structure is defined. The
base of the structure is the morphologic information, which defines the main blocks of the
model. Morphological observations give an overall view on the location, shape and spatial
extension of different cell types, furthermore determine the possible synaptic connections (i.e.
there must be certain spatial proximity). However, synaptic connections stand for electrochemical signal transfers that cannot be identified relying exclusively on anatomical data. This
information should be correlated with pharmacological (e.g. identification of different
neurotransmitters and the corresponding receptors) and physiological findings (e.g. recording
changes in a cell’s membrane potential when some neighboring cells are excited) to validate all
possible synaptic connections and generate a better hypothesis on the underlying network
structure. Modeling work starts with the synthesis of a base model, called the initial
configuration. A configuration defines all cell types and all synaptic connections. Once this
base model is built, we may proceed to parameter estimation, tuning and optimization.
The space-time pattern analysis is able to find the functional blocks of the model more
precisely, especially in the inner retina. It tries to extract the main components from the
measured space-time pattern. The characteristically different factors can be identified from the
data by examining the time and spatial behavior of the neuron. For example, one can
distinguish between the fast transient response and the sustained one.
The model parameters can be roughly estimated from the measured space-time patterns
using spatial-temporal analysis for each determined component (Φm). The time constants and
spatial coupling for each neuron layer and the transfer function and gain for each synapse
should be set. Theoretically, these could be derived from single cell temporal and spatial
recordings, but these measurements are not feasible with the current technology in the rabbit
retina; only the ganglion cells can be measured.
The developed modeling software [Balya, 2000] transforms the retina model into multi-layer
CNN template with a simple CNN-UM code [Roska and Chua, 2000]. The CNN simulator or
the complex-kernel CNN-UM chip computes the engineering result using the same stimulus
(video file) as in the measurements. The result is the complete space-time dynamics for each
modeled neuron-type.
Unfortunately, neurobiological measurement data are not available for each neuron-type.
When some parameter related recordings are not available one has to make assumptions,
which is one of the main reasons why modeling is interesting and useful for a neuroscientist, a
working model that performs like the real thing validates the measurements and assumptions
or generates a hypothesis on some synaptic connections and the corresponding parameters
[Teeters et al., 1997]. When all model parameters have some initial values we can move on and
use some global optimization algorithm that searches for the optimal values according to
some cost (or error) function.
A proper analysis and comparison of the spatio-temporal patterns is a critical phase in
parameter tuning. Since the primary motivation of this modeling is a qualitatively adequate
reproduction of the spatio-temporal dynamics, a number of different approaches can be taken.
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It is clear that the simulation output and the recorded data cannot be directly compared since
the latter might be highly corrupted by noise. In a straightforward approach after low-pass
filtering the amplitude of the maximum measured response for the light stimulus can be
calculated, furthermore the relative overshoots (and oscillations) at light on and off in both
space and time. These parameters can be considered as principal feature parameters (Φm) in a
qualitative characterization of the spatio-temporal patterns for the simple stimulus used in the
experiments.
Using principal component analysis and other techniques extracts the most valuable
features form the results (Φs). The error estimation function is defined taking the goal of the
modeling into consideration, which is the qualitatively correct functional retina model. The
modeling error (ε) is a quantitative measure for the goodness of the model and can be used to
make decisions on further steps to be taken. The simulated and measured features are
compared and depending on the error (ε) three actions can take place: (i) the model is
improved; (ii) the falsification and confirmation is attempted; (iii) at any point one can make a
parameter study to perform sensitivity and robustness analysis.
Decisions in the model improving procedure are based on two user defined error
thresholds (εlimit < εparam). If the computed modeling error is larger than the first (εlimit < ε) the
model should be tuned. The error pattern is analyzed using the knowledge about the hidden
layers, which are not measured neurobiologically, but simulated. For example the effect of the
On and Off pathway is easy to determine: during and after the stimulus. The parameters can
be changed by a global optimization procedure. It could be based on genetic algorithms or
another non-linear optimization approach (e.g. simulated annealing). If the error is
manageable (εlimit < ε < εparam) only the parameters are tuned else the structure of the
concerned block should be changed (εparam < ε ). The abstraction level is adjusted using global
learning techniques, like genetic programming and fuzzy expert systems. A simple example for
changing the structure could be the synapse-type replacement from plain synapse to
desensitizing synapse or the abstract neuron upgrade to 2nd-order. In order to keep the
complexity of the whole model low the structural tuning should work on the other direction,
too. Sometimes simplifications should also be made.
In general, one cannot hope that this leads to a convex optimization problem in the multidimensional parameter space, when both excitatory and inhibitory synapses are defined.
Rather it is a non-convex optimization and it seems advisable to use a combinatorial or
evolutionary strategy when tuning the model parameters. Fortunately, in most cases the
situation is not that complicated. It is a good assumption that a working retina model is very
robust and therefore it is not critically tuned, i.e. slight alteration of the model parameters
close to their optimal value will not drastically change the output. Thus the simplex-type
searching is reasonable.
The complete validation of the developed model is usually not possible. Each simulationcomparison is only a confirmation. The falsification is more feasible. New stimuli are created
and used in the measurements and in the simulations. The model is tested comparing the
results. The structural falsification can be made using pharmacology. The neurobiologist can
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block some structural elements in the retina and measure the space-time response. Changing
the same structural blocks the effects of the drugs is simulated.
The parameter study is important to determine the robustness of the model. A well-defined
parameter interval is examined using simple gradient or exhaustive-search techniques. The
results help to understand the behavior and limits of the model. It is important to notice that
the analysis of the time history of the error function also reveals important sensitivity and
robustness (plasticity) properties of the model related to the modeling parameters.
1.4. Simulating the multi-layer model
The goal of the modeling is to qualitatively reproduce the transient response of the
biological system to a given stimulus. The established multi-layer model defines a differential
equation system and its temporally continuous solution gives the result and not the steadystate solution of the system.
The generic problem in differential equations can be reduced to the study of a set of
coupled first-order differential equations for the functions xi(t); having the general form:
X’ = f(X), where the functions f(.) on the right-hand side are known. Our task is an initial
value problem, where X is given at some starting value X(t0) and it is desired to find the X(t) at
some certain discrete points (for example, at tabulated intervals) to show the transient of the
solution. X contains all state-variables of the model: all neurons of all layers.
The underlying idea of any routine for solving the initial value problem is to rewrite the
equation as finite steps, and multiply the equations by the time-step. This gives algebraic
formulas for the change in the functions when the independent variable t is increased by one
stepsize (or time-step). In the limit of making the time-step very small, a good approximation
to the underlying differential equation can be achieved. Literal implementation of this
procedure results in Euler’s method.
The Runge-Kutta method succeeds virtually always; but it is rather slow, except when
evaluating f(.) is cheap and moderate accuracy is required. Fehlberg discovered a fifth-order
method with six function evaluations where one combination of the six functions gives
truncation error to adjust the stepsize and another combination gives a fourth-order method
to compute the next step. In our case the evaluation of the right-hand side takes a lot of time,
because it involves computing all the couplings in and across the layers and the intermediate
results should be stored. In consequence, it worth only if the average stepsize is much greater
then the Euler’s one.
A good integrator should exert some adaptive control over its own progress, making
frequent changes in its stepsize. The purpose of this adaptive stepsize control is to achieve
some predetermined accuracy in the solution with minimum computational effort. The
resulting gains in efficiency are not mere tens of percents but factors of ten, a hundred, or
more. Implementation of adaptive stepsize control requires that the stepping algorithm signal
information about its performance, most important, an estimate of its truncation error. By far
the most straightforward technique is step doubling. We take each step twice, once as a full
step, then, independently, as two half steps.
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If the estimated truncation error is larger than the desired accuracy, an equation tells the
new decreased stepsize with which we retry the present (failed) step. If the error is smaller
than the pre-described, then the equation tells how much we can safely increase the stepsize
for the next step. The proposed adaptive Euler method estimates the error before actually
making the step, therefore never makes a failed step and adjusts the stepsize for the actual
step.

Adaptive Euler Algorithm
The formula for the Euler method is: xn+1 = xn + h f(x). It advances the solution through an
interval h, but uses derivative information only at the beginning of that interval.
An adaptive explicit formula can be derived to compute the transient. It is based on the
simple forward Euler formula to solve the first-order differential equation systems [Szlavik et
al, 2003]. The error is estimated as the difference between one large step (1) and two small
steps (2). The state vector (or matrix) is x, h is the stepsize, the right-hand side is f(x), and ∆ is
the local error.
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The integration process should be controlled by the local error. Our goal is to keep the
error under a pre-described level. The error at time (n+2) depends on the previous right-hand
sides and the last stepsize. Recognize, that the x at (n+2) can be computed exactly at the
prescribed error level if the stepsize is chosen as the error level divided by the difference
between the previous two f(x) evaluation, which gives an estimate for the error. It means that
the algorithm takes adaptive time-steps without stepping back, which is a main advantage
because double evaluation never occurs. The space requirement of the algorithm is only to
store one right-hand side and no need to store intermediate results of integration in earlier
time-steps as in Runge-Kutta integration algorithm.
Our notation hides the fact that ∆n is actually a vector of the estimated truncation error,
components correspond to consecutive equations in the set of the differential equations. In
general, our accuracy requirement will be that all equations are within their respective allowed
errors. In other words, we will rescale the stepsize according to the needs of the worstoffender equation or the maximum error value.
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The careful implementation of this algorithm involves some heuristics. The stepsize should
never drop below a minimum. We allow a maximum increase of the stepsize. If the error does
not decrease, a punishment is applied for a few next steps: the stepsize is decreased. The
pseudo-code of the algorithm is given.
The input parameters and variables are:
• tend – the target time-instance
• Eps – the pre-described maximum error per cell, typically 10-4
• hmin – the minimum stepsize
• hmul – the maximum increase of the stepsize, typically 2-3
• punish – the iteration number how long effect an increased error
• h – scalar – the automatically adjusted stepsize
• dx – matrices – store the evaluated right-hand sides, initialized to zero
Adaptive Euler Algorithm
tactual = 0, actp = 0
while tactual < tend
ak = right-hand side evaluation
for each pixel
error = abs( dx[] – ak[])
dx[] = ak[]
find maximum error2
h2 = Eps / error2
h = max[min(h2, hmul * h), hmin]
if (error2 – error > Eps*h) actp = actp + punish
if (actp > 0)
h = h / hmul, actp =actp-1
if (tactual + h > tend) h = tend - tactual
tactual = tactual + h, error = error2
state = state + h dx, output = f(state)

compute f(.)
[ ] indicates one pixel
the optimal stepsize
min/max limiting
convergence criteria
punishment
last step handling
this is an Euler step with h

The actual time requirement of the implemented algorithm shows that the fist line (righthand side evaluation) takes 54.6% and the last line (the Euler step) needs 33.2% of the total
computation time, therefore the total extra time required by the algorithm is only 12.2%.
The dedicated compiler for the target processor with the most advanced settings including
parallel (SIMD) optimization together with vendor developed low-level libraries (Intel Image
Processing Library) and the structure of the implementation, e.g. memory organization, can
improve the speed of the critical parts of the algorithm by about 10-20% and 50-60%,
respectively. The main performance gain, what might be orders of magnitudes, comes from
the adaptive stepsize method in the multi-layer retina modeling case.
The behavior of the algorithm is examined with different parameter settings. According to
the target moderate accuracy the pre-described maximum error (Eps) is typically low (10-4).
The maximum increase of the stepsize (hmul) and the iteration number how long effect an
increased error (punish) parameters are discussed in the next tables, where the experimental
average step number is given. The Euler forward step number is shown for reference.
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The minimum stepsize (hmin) should be less than the optimal. The integration is stable if
the stepsize is less than two divided by the largest eigenvalue of the system (h < 2/λmax)
[Parker and Chua, 1980]. The optimal choice for the stepsize in locally regular CNN is the
time-constant (τ) [Hanggi and Moschytz, 2000]. The optimal choice of the stepsize for grey
level linear CNN is the time-constant of the layer divided by the absolute value of the central
element of the template A (τ / |a00|) [Saatci and Tavsanoglu, 2002].
Punishment parameters (experimental step number):
punish
Euler
0
1
2
hmul = 2
3000
2387 2069 1770
hmul = 3
3000
1595
Total execution time (diffusion template)
t= 100
t= 200
Forward Euler
563
734
Adaptive Runge-Kutta
391
1109
Adaptive Euler
141
219
Simulating the presented multi-layer retina model:
Step
Time
Forward Euler
55364
2163
Adaptive Runge-Kutta
20421
5850
Adaptive Euler
11900
761

3
1100
1053

4
1223
1033

5
1489
1302

t=1000
5516
3531
531
Typical Step Size (10-3)
0.07
1.2
9.8

1.5. Summary
In this section, I defined the basic blocks of a multi-layer CNN retina model framework and
described a method for the tuning (Thesis 1.1). The mammalian retina modeling is based on
morphology and electro-physiological measurements. The building blocks of the model are
the nonlinear abstract neuron layers with special synapses. I showed how this framework can
be transformed to CNN differential equations. I analyzed the framework and in some typical
cases I derived explicit formulas for the overshoot ratio and the time to reach the peak value
of the transient. I presented the possible exponential transfer functions for the models.
I developed a method to tune the model parameters and fine-tune the structure and used it
for model improvement (tuning), confirmation (falsification), and robustness analysis. I
derived an explicit and adaptive-stepsize integration formula, which takes no back-step and
has only small extra cost, consequently it speeds up the simulation.

44

2. Qualitatively correct mammalian retina model
In this section, the general structure of the mammalian retina will be built up from the
defined model elements and tuned to qualitatively reproduce the rabbit retina effects.
2.1. The structure of the retina model
Retinal models based on the Cellular Neural Network (CNN) paradigm have been
extensively studied [Lotz et al. 1996, Jacobs and Werblin 1996, Jacobs et al. 1996, Rekeczky et
al. 2001] to understand special retina behaviors. These neuromorphic models are based on
retinal anatomy and physiology. The underlying retinal anatomy is followed as faithfully as
possible, the characteristics of the physiological models, however, are kept simple. Our model
building approach is to incorporate the available knowledge on morphology,
electrophysiology, and pharmacology and use only elementary building blocks [Werblin 1991,
Bloomfield and Miller 1986, Amthor et al. 1989, Dowling 1987].
To build up a multi-layer CNN model, based on the computational structure of a retina, we
have to define various simple CNN model elements. The parameters of the CNN model
elements are derived from measurement made in the living rabbit retina. Each array of
biological retinal neurons is modeled by CNN layers and the synapses (inter and intra layer,
excitatory, inhibitory as well) are represented by a specific CNN template.
The input of the retina is the activation of the cone (photoreceptor) layer [Attwell et al.,
1984] and the output is the ganglion cell output, a specific transformation of the visual scene
[Amthor et al. 1989, Atick and Redlich 1992].
The basic blocks of the model are the abstract neurons. These neurons are organized into
separate layers. The parameters of a layer (and so the layer properties) are the neuron time
constant(s), the intra-layer diffusion, a special receptive field derived from the measured spaceconstant in µm, and the abstract neuron’s output function. The time constant is given in ms
and it determines the speed of the layer. Diffusion describes the spatial direct coupling
between the neurons. The abstract neuron output function may be linear or non-linear.
Hence, the abstract neuron plus the receptive field organization, represented by the
diffusion template and the output function together form a neuron model. Subsequent layers
supply the input of the next layer through synapses. Each synapse has a gain value, the
strength of the interaction. Three different types of synapses are modeled: plain, delayed and
desensitizing.
This modeling framework can be used to build up a general circuit diagram of the model,
which is shown in Figure 2.5. The parameters of the blocks are the time and space constants
of layers, the values of the gains of some inter-layer feed-forward and feedback synapses.
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Figure 2.5. The structural scheme of the complete retina model. The different neuron types
in the retina are organized into two-dimensional strata modeled with CNN layers
(horizontal lines). A neuron in a given layer affects other neurons through non-linear
synapses (arrows). The layers have different time and space constants. The first row is the
outer retina. The last row shows the ganglion cell models, the inputs of the ganglion cells
are some excitation and some inhibition blocks.
The complete light-adapted mammalian retina model consists of several parts. The main
parts are the outer retina model and the ganglion models, the latter contain three functional
blocks: the excitation pattern generator, the inhibitory subsystem and the ganglion cell model.
The outer retina is a uniform block, which transforms the stimulus to the ganglion models. In
Figure 2.5 the rectangles symbolize the blocks: the excitation is a shaded box with a white
Bipolar layer, the inhibition is a shaded box with a black Bipolar layer, and the ganglion cell
model is in the unshaded box. The On-Off ganglion models have two pathways: On and Off.
The minimal model framework has the following restrictions:
(i)
In the retina, only the cone (and rod) cells are able to transform the light to
electrical signal [Attwell et al., 1984], hence in the modeling, the stimulus is the
input for one layer.
(ii)
The cell delay is continuous, not an ideal step delay, because the neurons are
working in “analog” mode. [Dowling, 1987]
(iii)
The inter-layer synaptic feedbacks negative (inhibitory) as advised in [Wu, 1992].
This condition ensures the stability of the system, the excitation (positive) can only
be feed-forward.
(iv)
In the modeling we have developed different types of ganglion responses using the
same outer retina model. We modified only the inner retina model.
The general elementary ganglion model structure is the following. The outer retina has
interacting cone and horizontal layers, which model the time- and space-behavior of the outer
retina [Wu, 1992]. It seems that at least a second-order cone model is needed for obtaining
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correct results [Rekeczky et al., 2001]. The coupling on the horizontal layer should be
extremely strong relative to the other layers.
The inner retina is divided into parts each one representing a given type of ganglion cells
and its input layers. The model of the inner retina contains two parts: the excitatory subsystem
and the inhibitory subsystem, see Figure 2.6.

Outer retina: normalization
Excitation:
detect target

Inhibition:
non-target

+

Combination: one output channel
Figure 2.6. The twin wave processing principle as the fundamental base of our retina
model. The names of the stages refer to a retina model block and to its function, where
‘target’ is the specific feature arises from the property of the channel’s filter.
The excitatory subsystems have one or more excitatory blocks (see the second row in
Figure 2.5). The bipolar layer conveys the output of the outer retina to the ganglion excitation.
If the time-shape of the measured excitation is highly different from the general response of
the outer retina, one might use a desensitized synapse and/or an amacrine feedback layer. If
the spatial pattern of the measured excitation is different from the pattern of the outer retina,
one can use an amacrine feedback layer to improve the quality of the model. In general, we
need a bipolar and an amacrine layer for modeling one excitatory block of the ganglion cell.
The input of the inhibitory subsystem is a bipolar layer (see the third row in Figure 2.5).
The inhibitory input of the ganglion cell is an amacrine cell therefore the inhibitory-part of the
inner retina has an amacrine feed-forward cell. In summary, the model has a bipolar and an
amacrine layer. The bipolar cells could be the same for the excitation and inhibition or the
inhibitory feed-forward amacrine layer could have input from the excitation subsystem.
The general minimal model contains a second-order cone and horizontal layer modeling the
outer retina, a bipolar and amacrine feedback layer creating the excitation, a bipolar and an
amacrine feed-forward layer for the inhibitory subsystem and the modeled ganglion cell.
The middle abstraction-level ganglion model can be transformed into a multi-layer CNN
template. The resulting CNN template contains several simple layers. Each layer has its own
time-constant and connections. The inter-layer connections are zero neighborhood neuron to
neuron links. These connections have linear or rectifier transfer functions. These restrictions
guarantee the hardware feasibility of the designed models in the near future.
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2.2. One realistic retina channel
The light-adapted mammalian retina model consists of the following parts: the outer retina
model and the multi-channel feature extracting inner retina model. Each channel consists of
three functional blocks: the excitation, the inhibitory subsystem and the combining ganglion
cell model. Each of these blocks can be partially or completely implemented on the CACE1k
chip [Carmona et al., 2002] as a multi-layer template.
The input image flow is separated into two parts, these are processed simultaneously to
form the excitation and the inhibition flows, respectively, and then combined together giving
the result of the computation. The processing can be seen as a wave computation in the CNN
terminology [Chua and Roska, 2002]. The abstract description of the retina channel processing
is the following. The first wave instruction divides the continuous input into two flows. The
next wave instructions operate on one of these flows to enhance some predefined features.
These two qualitatively different processing flows are combined into the last stage: the
inhibition flow blocks out some part of the excitation flow to form the output of the system.
This is the twin wave processing principle [Roska, 2002].
The general minimal model of one retina channel contains a second-order photoreceptor
and horizontal layer to model the outer retina. The names of the CNN layers refer to the
name of the modeled neuron class. The main role of the outer retina may be the normalization
through local adaptation. During the twin wave processing the output of the outer retina is
processed in a non-linear fashion to form the two different input to the ganglion cell layer. A
bipolar and amacrine feedback layer generates the excitation, a bipolar and an amacrine feedforward layer forms the inhibitory subsystem. The sign of the bipolar layers’ inputs are
different and the outputs of the bipolar layers are nonlinear. The modeled ganglion cell layer
subtracts the inhibition from the excitation and computes the dynamic, continuous output of
the system.
2.3. The complete mammalian retina model
The mammalian retina sends a parallel set of about a dozen different space-time
representations of the visual world to the brain. These are the retina channels [Roska and
Werblin, 2001]. Each output channel corresponds to one ganglion cell type. It is important
that there is no discrete time image –snapshot or frame– in the retina. Each of these
representations is generated by the twin wave processing by feature detecting transformations.
The identifications of the model elements and the implemented functions in the parallel
processing channels are based on retinal anatomy and electrophysiology measurements for a
flashed square stimulus. Our complete mammalian retina model reproduces qualitatively the
same outputs for the flashed square stimulus [Balya et al., 2002].
Each parallel pathway in the retina consists of interacting, hierarchically organized and
locally connected diffusion layers with different space and time constants. The details of the
processing structure is given by [Werblin & Roska, 2003]. Figure 2.5 gives an overview about
our mammalian retina model showing the common outer retina and the parallel twin wave
computing blocks, called channels. The output of the complete mammalian retina is not a
single image but it consists of several parallel, continuous image flows. Each block of the inner
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retina may have different complexity. The simplest blocks are depicted on the left hand side of
Figure 2.5 and some more complex blocks are shown on the right side. The latter ones
incorporate second-order cell models (double horizontal line) or desensitizing synapses
(double vertical arrow) [Balya et al., 2002]. Desensitization makes a sensitized or
hypersensitive model cell insensitive (synaptically not sensitive) to the sensitizing agent, in this
case to the input layer.
Before simulation starts one has to decide the spatial scale of neuron representation. In the
approach taken a photoreceptor is mapped to a single CNN unit and a grid with a resolution
of 180x135 pixels covers a major part of the entire retina. In the current model all layers have
the same density, the effect of the neurons’ different morphological sizes are modeled with the
strength of the lateral interactions.
The established model is verified using the flashed On square stimulus, when a white square
against a gray background is projected to the retina for a second and a blank gray field during
the next second. The image is shown constantly until the next frame appears.
Figure 2.7 shows the results of the simulation and the electrophysiological measurements
[Roska and Werblin, 2001]. The figure contains patterns of spiking, excitation and inhibition
for different channels. These patterns are arrays of responses for the stimulus along a onedimensional path. The x-axis represents the time evolution of the response of each cell in the
y-axis. In other words, the time runs horizontally and the space is displayed vertically or the
pattern is a color-coded space-time plot. In this color code (top-right corner) red indicates the
highest activity. White bars indicate the time and the space dimensions of the stimulus.
The neurobiological measurement’s patterns represent the spike frequency binned in time,
the inhibitory current, and the minus excitatory current. In the case of the simulation: spiking
patterns are the output of the different ganglion layer models, the excitations and inhibitions
are the bipolar and amacrine inputs of the ganglion layers, respectively. The model
qualitatively reproduces the inhibition, excitation and spiking patterns.
Names of the channels (e.g. On Brisk TrN) come from the names of the corresponding
ganglion cell types [Amthor et al., 1989]. The different spiking patterns represent different
aspects of the visual stimulus. The verbal description of the channels is challenging, because
these representations are generated for the brain and interpreted by higher visual centers,
where the decoding process is unknown. Most of the channels respond transiently thus the
retinal coding is extremely sparse. According to the case study experiments using the artificial
retina channel processing described in Chapter 1, these spatial-temporal channels can
effectively compress the visual information; moreover better features can be extracted from
them, than from the original scene. They evolved to capture the visual world efficiently and
robustly.
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Stimulus
Cell Name
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Response

On Sluggish

On Brisk TrN

Off Brisk-Tr

Off Brisk-L

Measurement Simulation Measurement Simulation Measurement Simulation

Spiking

Excitation

Inhibition

Figure 2.7. The measured and simulated space-time patterns in different classes of retinal
outputs. The time runs horizontally and space is on the vertical axes, c.f. Fig. 2.9 (p. 58).
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Table 2.1. The parameters of the mammalian retina model except for the OnBeta block.
The model structure is shown in Figure 2.9. The horizontal and the amacrine feedback
gains are of one unit.
Ganglion types
On
On
OnBrisk OffBrisk OffBrisk
Bistratified Sluggish
TrN
Tr
L
time-constants
20 and 60
neuronal FB
1
Neuron
Cone
coupling
10
Receptor Stimulus gain
-1.5
time-constant
22
Neuron
coupling
340
Horizontal
Receptor Cone gain
4
time-constant
45
50
30
30
40
Neuron
coupling
20
85
8
8
13
Bipolar
-4
-4
-4
4
4
Excitation Receptor Cone gain
(BE)
desensitivity
80
250
50
200
plain
ratio
0.9
1
1
1
time-constant
80
Amacrine Neuron
coupling
67
not modeled
Feedback
Receptor BE gain
1.5
time-constant
40
13
20
70
20
Neuron
coupling
20
27
13
27
10
Bipolar
4
-2
4
-5
-3
Inhibition Receptor Cone gain
(BI)
desensitivity
100
85
80
80
plain
ratio
1
1
1
1
time-const.
40
10
15
10
10
Amacrine Neuron
coupling
20
67
27
33
10
Feed-forward
BI gain
3
1
1
1
0.8
(AFF)
Receptors
BE gain
0.2
0.15
Neuron
coupling
3
50
8
3
7
BE gain
2
2
2
2
2
Ganglion
Receptors
AFF gain
-2
-2
-2
-2
-2

Neuron name

Parameters

2.4. Summary
In this section, I defined the structure of the multi-layer CNN retina model and showed
that a qualitatively correct mammalian retina can be build within the presented framework,
which can reproduce the electro-physiology measurement of several channels of the rabbit
retina (Thesis 1). I modeled different cell-layers of the retina with space-invariant nearest
neighbor interactions and monotonic synaptic characteristics to mimic the structure of the
retina. I compared the spatio-temporal patterns of the model output to the experimental data
recorded from rabbit retina [Roska and Werblin, 2001] during the verification process.
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3. Implementation
The established mammalian retina model should be further transformed in order to be able
to implement on silicon. This section deals with the arising questions and shows the first chip
measurements.
3.1. Model Decomposition
The developed multi-layer CNN mammalian retina model should be decomposed to make
it suitable for existing chip technologies. The decomposition takes place in three different
domains:
• Structural decomposition of the multi-layer model into complex-kernel blocks;
• Temporal decomposition to compute the “frames” iteratively; and
• Spatial decomposition of the whole visual field to map higher resolution scene on the
low resolution chip.
The target platform of our decomposition is the 3-layer “Retinal Unit” [Werblin et al.,
2001], the differential equations are Eqs. 2.13-14 and the structure of the unit is shown on
Figure 2.8. Each layer of the unit consists of first order RC cells having adjustable time
constants (multiple time-scale property). The output characteristics are sigmoid-type functions
f(.) and the boundary condition can be constant or zero flux. The neighborhood radii are one
for intra-layer connections (e.g. A11) and zero, cell-to-cell links, for inter-layer connections (A12
 a12, A21  a21) in our present model framework. The inter-layer feedback connections (e.g.
a21) can be non-linear e.g. rectifier.
τ1
τ2
τ3

dx1, ij ( t )
dt
dx 2, ij ( t )
dt
dx 3, ij ( t )
dt

= − x1, ij ( t ) +

∑ A11, ijkl f (x1, kl (t )) + ∑ A 21, ijkl f̂ (x1, kl (t )) − a 31 x 3, ij (t ) + b1u ij + z1, ij

kl∈S1

= − x 2, ij ( t ) +

kl∈S1

∑ A 22, ijkl f (x 2, kl ( t) ) + ∑ A12, ijkl f̂ (x1, kl (t )) + b 2 u ij + z 2, ij

kl∈S1

kl∈S1

(2.13)

= − x 3, ij ( t ) + x1, ij ( t ) + z 3, ij

Where:
| x +1| + | x −1|
2
a 2a a
intra - layer, i.e. i = j : c = 1 − 12a
A ij = 2a c 2a , if 
otherwise : c > 2a

a 2a a

f (x) =
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(2.14)

z11

b11u11

input

b22u22

layer 1
1

a12
y
12 11

-1

τ1
A11
11

τ3

a21
y
21 22

τ2

layer 2

z22
y11

output

A22
22

y22

Figure 2.8. The structure of the Retinal Unit. The horizontal bars represent twodimensional CNN layers and the arrows represent the effects between the locally
connected cells.

Structural decomposition
The developed complete mammalian retina model is a multi-layer CNN model [Balya et al
2002]. It consists of several coupled CNN layers that can fortunately be decomposed into
smaller blocks. The first step of the decomposition is to determine the tightly coupled blocks.
They have both feed-forward and feedback connections but between two such blocks only
feed-forward links exist and these connections can be cut off. The results are Retinal Units,
simple complex-kernel blocks, as shown in Figure 2.8. The blocks of the decomposed model
are the outer retina, the excitation blocks and the ganglion-complex blocks. The latter is the
combination of the inhibitory layer and the ganglion layer. The excitation block can be either
second-order or desensitized. The parameters of the blocks can be straightforwardly derived
from the existing model. The pseudo-code of the decomposed retina model algorithm and the
interfaces between the blocks are presented in Table 2.2. The blocks should be computed
parallel (e.g. as threads). The operators are spatial-temporal wave instructions on the Retinal
Unit structure and the outputs are the sampled frames of the transient and not the steady state
of the system.
The inhibition is complex if it needs more than one dynamic layer. The comp_nonlin
operation implements a rectifier or Heavyside-function: the output y is equal to zero under the
threshold (th). The corresponding CNN template is described with Eq. 2.15.
 A = A = 0; g = 0, a =1, a = 0; z = 1 − th; z = th − 1
31
12
21
1
2
22
C :  11
 out = x2


b1 = 1; b2 = 0;τ 1 =τ 2
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(2.15)

Table 2.2: Algorithm scheme of the structurally decomposed
complete mammalian retina model (pseudo-code)
Compute the parallel channels
in: stimulus; out: retina channels
• comp_dynamics outer retina block
in1: stimulus; out: oplout
• parallel for each bipolar block
in1: oplout
comp_dynamics ith bipolar block
comp_nonlin function
out: excitation
• parallel for each ganglion block
sum relevant excitations
if inhibition is complex
comp_dynamics inhibition
in1: excitation; out: inhibition
comp_dynamics ith ganglion block
in1: ith excitation - inhibition
in2: jth excitation
comp_nonlin function
out: ganglion channel

Spatial decomposition
The resolution of the complete visual field is usually larger than the actual chip, in other
words, the input is larger than the processing area. The classical solution says that the input
should be split into overlapping areas. The size of the overlapping bands can be computed if
the processing lasts for a finite time, because the number of the affected cells depends on the
diffusion constant, only. The processing time and the coupling (λ) rule the number of the
potentially influenced cells.
It is worth mentioning that the fovea size of the biological mammalian retina (about 50,000
neurons) will be attainable with the current VLSI technology in the near future, thus a spatial
decomposition will not be needed. Since this, we are not dealing with spatial decomposition in
the chip experiments.

Temporal decomposition
The real world gives continuous input to the retina, but the artificial test stimulus, a video
flow, is frame based. In the latter case the temporal decomposition is straightforward; the
consecutive frames can be computed independently if the output sampling is correct. During
the video stimulus a video-flow is projected to the retina. A frame is shown for a constant
period of time until the next frame appears; therefore the temporal signal is band limited. If
the output sampling is twice the input frame rate and the system is linear the Shannon
sampling theorem is satisfied. This suggests that the double frame-rate output sampling is
sufficient for the transient computation in the Retinal Unit case as well. The used CACE1k
prototype complex-kernel chip does not have any optical input therefore the input of the
algorithm is a frame based video flow.
In the first case, when the system perceives the visual world, the decomposition should
externally sample the input. Two solutions seem reasonable: (i) sample the world with a
computed sampling rate depending on the fastest neuron in the mammalian retina and on the
input signal or (ii) use an adaptive sub-sampling method. The first one could result
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unacceptably high sampling frequency because the bandwidth of the input signal may be
enormous and/or the model contains some special fast movement detecting transient cells.
The latter solution (ii) could be implemented using special purpose LAMs (local analog
memories on the chip), where the important events are stored and later the whole transient
can be approximated from them. The local reconstruction can be done via adaptive CNN-UM
[Roska, 1999].

Table 2.3: Algorithm skeleton for computing one channel
of the mammalian retina model (pseudo-code)
Compute a video clip for one channel
1. Load the next frame
2. Repeat twice:
3.
Execute: Outer retina template (input: the frame)
4.
Repeat twice:
5.
Execute: Bipolar #1 template (both input: outer retina)
6.
Execute: Nonlinear template
7.
Execute: Bipolar #2 template (both input: outer retina)
8.
Execute: Nonlinear template
9.
Execute: Output template (inputs: the two bipolar output)
10.
Threshold template gives the result
11. Send back the result and jump to 1.

3.2. Scaling
The decomposed blocks can be directly implemented on silicon as a custom designed
analog VLSI chip. A research group in Taiwan follows this approach [LiJu et al., 2003]. Their
retina chip consists of three coupled layers, each containing 32x32 pixels. Only the key
parameters can be set, such as the time and space constants. The implementation follows the
vBJP cell-model (c.f. Table 1.2 on page 14) and the cell density is 79 cells per mm2. The chip
has optical input and analog output (c.f. Table 1.3 on page 15).
Our approach is to program a general purpose CNN-UM chip. The CACE1k chip has
some limitations, which is due to the nature of the silicon implementation. Only one of the
time-constants can be adjusted. The absolute weight of the connections has an upper limit
therefore the spatial-coupling (λ) is limited. In simulation the execution time of the system is
uniform: 1 unit simulation time corresponds to 1 ms measurement time. In the
implementation the transient is stopped after a pre-computed time but this timing is not
directly connected to the measurement time. This additional degree of freedom enables us to
overcome the limitation of the hardware.
The structural decomposition has to store the suspended transient state. The temporal
decomposition demands the higher output-sampling rate. For example, if the input frame rate
is 25 frames per second (fps), then the output of the outer retina is 50 fps and the output of
the bipolar block should be 100 fps.
The main idea of the scaling is to compensate the changes of the space and time constants
with the running time of the template and so different chip transient times can correspond to
the same measurement time. The absolute time constants of the layers in a block are not
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important. Only their ratio plays a role in the processing. If the feasible time-constant is
smaller than the prescribed value (this is the typical case) then the execution time should be
decreased.
Each layer has a specific space-constant, which is implemented by a diffusion template. This
is the only intra-layer coupling in these blocks. The effect of the diffusion depends on both
the values of the template, determined by λ, and the execution time. The longer it runs and/or
the bigger is λ the more blurry is the output. If the λ parameter defines an exceedingly large
(not programmable) template value, then an appropriate smaller λ value should be chosen and
decrease the input coupling. Correspondingly the execution time must be increased in order to
maintain the same effect. However, this affects the other layer as well, therefore the spaceconstant of the other layers should also be modified keeping the ratio between the λ
parameters. To sum up the required modifications, the parameters of each block should be
modified as described in Table 2.4.

Table 2.4: Algorithmic steps of the parameter scaling of each block
Algorithm
Compute the simulated execution time
from the output sampling rate
Select the bigger space-constant:
set it to the maximum
scale down the other space-constant
increase the execution time
Select the smaller time-constant
and link to the fixed-timing layer
scale down the other time-constant
decrease the execution time

Example
t = 20 τ1=210 λ1=4
τ2= 30 λ2=8
τ2= 30 λ2= 1
τ1=210 λ1= 0.5
t =160
τ2= 1 λ2= 1
τ1= 7 λ1= 0.5
t= 2

The diffusion template is applied in the computation of each of the retina dynamic blocks,
therefore the diffusion constant (λ) completely determines the values of the template A.
0.25 0.50 0.25
A = λ2 0.50 − 3 0.50 ,
0.25 0.50 0.25

λ <1

(2.16)

The evaluation of the dynamics of the template is based on a test stimulus. After the
computation is done, the results are read out from the chip’s local analog memories and are
displayed. Results of the execution are displayed in a complex figure, which compose of four
areas which are organized into rows and columns. The drawing areas contain different views
of the outputs of the second, faster layer of the CACE1k chip. Figure 2.9 explains the
extraction method, which produces the output diagrams from the measured space-time flow.
The fields in the left column are amplitude-space diagrams. The right-hand column of the panel
contains space-time diagrams, where one column is taken and the samples of that line of cells
are depicted spatially at consecutive time instants. The plots in the upper row are cross
sections of the diagrams of the bottom row superposed on the stimulus (rectangle). The
horizontal line in the bottom-right and the vertical line in the bottom-left show the selected
spatial position. The vertical line in the bottom-right shows the time instant, at which the
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images displayed were sampled and displayed on the left-hand side and the vertical line in the
bottom-left denotes the position of the sampled column displayed on the right-hand side.
Y
frame at
x
t=T
input
frame at
X
t = Tcut
t
frame at
t=0
end

Τ

cut

y

Figure 2.9. The derivation of the common diagrams from the space-time measurement
flow. The prism on the left hand side represents the space time flow and the cuts resulting
the different diagrams on the right hand side.
3.3. Chip experiments

Outer retina measurement
In the modeling process, we developed different types of ganglion responses using the same
outer retina model.
τ c xD (t ) = − x(t ) + g u (t ) − s z (t ) + A ∗ x(t )
out = y2
Differential equation
τ j zD (t ) = − z (t ) + x(t )
Template format

λ
λ

 A 1 = 0; A222 ; a 21 = 1; a12 = − s; z1 = z 2 = 0; b1 ; b2 = 0;

C :  11

←
=
<
=
λ
A
;
τ
τ
τ
τ


2
2
c
1
j



stimulus

g uu

Processing structure

-s
-s y11

layer 1

τ1

y22

τ2

layer 2

Cone

A

y22

Input flow:

Figure 2.10a. Programming the CACE1k chip for outer retina model computation
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The outer retina is responsible, among others, for enhancing the spatial-temporal edge
information of the image. The next figure illustrates the CACE1k computation of the outer
retina block. The input is a smaller and a larger black rectangle in a gray field. The input frame
is displayed for a certain time, then removed (erased to zero). At the beginning of the flash-up
of the input we get an activity peak that decays soon, but the final (steady) output depends on
the size of the black square. If the flashed square is small, a certain level of activity is
preserved inside the object until the removal of the input. Otherwise, in the case of a larger
rectangle, only the edges of the object are preserved. When the input is removed deactivation
follows. However, excitation occurs along the edges.

Figure 2.10b. CACE1k measurement result of the outer retina block of the retina model.
The transient response of the system is displayed using
the representation described in Figure 2.9.

Second–order bipolar block
The next template demonstrates the operation of a 2nd-order excitation block. It contains a
bipolar layer with one strongly coupled amacrine feedback layer. If different temporal
characteristics are needed, e.g. a larger overshoot ratio, the desensitized-block should be used.
At the beginning of the flash-up of the input we get an activity peak that decays.
Differential equation

τ b x (t ) = − x (t ) + g u (t ) − z (t ) + A ∗ x (t )
τ a z (t ) = − z (t ) + g a x (t ) + Aa ∗ x (t )

Template format

 A λ1 ; A λ2 ; a = g ; a = − 1; z = z = 0; b ; b = 0 
21
12
1
2
1 2
C :  11 22



τ
τ
τ
τ
;
λ
;
λ
=
<
=
←
A
←
A
2
b
1
a 1
a
2
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out = y2

gu
Amacrine

layer 1
-y11

Processing structure

g y22

τ1
Aaa
τ2

layer 2

Bipolar

A

y22

Input flow:

Figure 2.11a. Programming the CACE1k chip for second-order bipolar model computation

Figure 2.11b. CACE1k measurement result of a typical second-order bipolar block of the
retina model. The transient response of the system is displayed using
the space-time representation described in Figure 2.9.

The desensitizing effect
Some synapses possess a desensitivity feature. This means that the synapse weight is
decreasing over time hence the synapse becomes less effective. Even if the input flow is the
same, the effect of the input is smaller or even zero as time evolves. In modeling this feature
the first layer plays the role of the special synapse, which desensitizes.
The length of the two active periods is influenced by the time constant of the slower layer
τ1. The bigger is τ1 the longer is the response.
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Differential equation

τ b xD (t ) = − x (t ) + g u (t ) − r z (t ) + A ∗ x (t )
τ d zD (t ) = − z (t ) + g u (t )

Template format

 A λ1 = 0; A λ2 ; a = 0; a = − r ; z = z = 0; b = b 
21
12
1
2
1
2
22
C :  11



τ
τ
τ
τ
;
λ
=
<
=
←
A
2
b
1
d
2
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Figure 2.12a. Programming the CACE1k chip for desensitizing bipolar model
computation. The first CNN layer models the special synapse, which is desensitizing.

Figure 2.12b. CACE1k measurement of the desensitizing effect with two different τ1
parameters: the left-part of image τ1=13 and the right-part of image τ1=7.
The transient response of the system is displayed using the space-time representation
described in Figure 2.9. The output is a transient detection: the input black objects appear
and disappear when the scene is changing.
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Ganglion block
The ganglion block models a single ganglion cell channel and the simple inhibition
computation. This subtracts the inhibitory path from the excitatory path. The first layer
represents the inhibitory path, computes the inhibition from a previously computed bipolar
block. The second layer stands for the ganglion output.
Differential equation

τ a xD (t ) = − x(t ) + g i ui (t ) + Aa ∗ x(t )
τ g zD (t ) = − z (t ) + g e ue (t ) − x(t ) + Ag ∗ z (t )

Template format

 A λ1 ; A λ 2 ; a = 0; a = − g ; z = z = 0; b ; b 
21
12
1
2
1 2
C :  11 22

τ 2 = τ g <<τ 1 = τ a ; λ1 ← Aa ; λ 2 ← A g
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Figure 2.13. Programming the CACE1k chip for the ganglion block computation. The first
layer represents the inhibitory path and the second layer stands for the ganglion output.

3.4. Summary
The decomposition and chip experiments are not necessarily tightly connected to the
efforts of discovering new image processing operators but rather serve more ambitious goals:
building the front-end processing of an artificial vision system like in Chapter 1 and designing
the software of retinal implants where these observations and model could be directly used.
In this section, I worked out how to implement the developed multi-layer retina model on
VLSI chip using decompositions in three domains: spatial, temporal, and structural (Thesis
1.2). I designed a method to transform the originally multi-layer, temporally continuous retina
model to the general purpose, programmable, complex-kernel CNN-UM as an analogic
algorithm. The analogic algorithm, the decomposed model blocks, was implemented on a
complex-kernel CNN-UM chip, the CACE1k chip.
In summary, I defined the steps and gave a method, to establish a qualitatively correct retina
model starting from the neurobiological findings through the CNN model until the hardware
implementation and applied this method to create a qualitatively correct model of the rabbit
retina.
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Chapter 3

RAPID GLOBAL CHANGE DETECTION

1. Introduction
One may think that our eyes move smoothly and continuously to investigate the visual
environment, but that is not the case. Our eyes lock on an object, stop for a moment then
suddenly jump to a new position where a particular visual detail attracts our eyes. During this
jump our eyes move rapidly and we hardly notice that –relative to our eye position– the entire
visual world shifts 2-3 times per second. Vision is in some sense turned off during these
movements, which is called saccadic suppression [Dowling, 1987]. Thus, our visual processing
is regularly interrupted, because our eyes jump in rapid succession from one place to another.
There is a long debate on the place of evoking the saccadic suppression: the motor center
that generates the signal for the ballistic eye movements, or the spatial-temporal dynamics of
the scene detected by the retina [Mackay, 1970], or higher visual centers [Ross et al., 2001].
Our work focuses exclusively on the case when the initiation of the saccadic suppression
depends exceptionally on the fast changing retinal imagining, especially on the rapid global
change or shifts [Roska and Werblin, 2003]. The trigger event for the rapid global change
suppression is defined by these sudden changes.
A bio-inspired engineering approach is followed and the applied methods are in some way
reminiscent of retinal processing, therefore may have some relevance to the neurobiological
modeling as well. Our main goal, however, is to give a simple and therefore quick algorithm to
detect the events when rapid global change suppression may happen.
In our engineering case, the rapid global change suppression as a global event can be
temporally divided into two parts. The first is the trigger event, when a global sudden change
in the visual input happens. The second one is the reaction to the trigger: a predefined
transient inhibition in the visual processing. An engineering example illustrating the trigger
event is an attention controlled camera movement or an accident, when the tripod overturns.
From an engineering point of view, during the rapid global change suppression the fast
changing parts of the scene mask out the local processing.
The rigorously defined timing of the saccade is ignored, our task is to find the Sudden
Abrupt Change in a Complex Analog or Digital Environment (SACCADE) and compute the
hypothetical saccadic and rapid global change suppression response. The next section
summarizes the properties of the trigger event. The spatial-temporal detection algorithm will
be described, followed by the implementation as an analogic CNN-UM algorithm. The actual
implementation takes less than two milliseconds on the ACE-BOX hardware [Zarándy et al.,
2003].
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2. The model
2.1. The properties of the trigger event
The critical event, what will be detected, is a fast global change, which should last a few
milliseconds. It is supposed to be locally independent from several spatial-temporal features of
the flow:
• The direction of the change is not important, it can be a local illumination change from
dark to bright (On) as well as a change from bright to dark (Off). Moreover it should not
depend on the local or global illumination of the original scene.
• The trigger of the effect is a global change, and a small but global illumination change
should be enough, e.g. to switch on the light in the room. As to the temporal tuning, from
an engineering point of view, it is useful to assume that a global change of a single frame is
enough to initiate the event.
Local On-Off illumination changes should trigger the event, therefore the spatial-temporal
difference between the frames is computed as the first step. The implementation of this step
depends on the environment of the algorithm. If it is the general decomposed mammalian
retina model [Balya et al., 2002, Rekeczky et al., 2001], the inputs of the algorithm are the
output of two (On and Off) bipolar blocks. If the goal is a compact analogic algorithm for
different applications it is simply an absolute difference between two consecutive low-pass
filtered frames. The computed local change should be greater than a low-level threshold.
The change has to occur over a significantly large area to trigger the effect. “Large” is
defined by the spatial properties of the event. The successful initiating starts fast non-linear
trigger wave propagation. In the mammalian retina model environment [Bálya et al., 2002], it
should be non-additive to the other inhibitions; the dynamics of the input visual scene can
suppress (disable) some of the output channels of the retina [Roska and Werblin, 2001]. A
compact analogic algorithm can compute the output directly.

Input

Difference

Spatial integration Saccade Expansion

t-1

t
Binarized diff. image

Trigger centers

Output

Figure 3.1 The sudden global change detection algorithm. The input is video-flow frames
(rows) while the output is a black and white image.
The black area shows the involved regions.
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2.2. The detection algorithm
This section describes a compact algorithm to compute the rapid global change suppression
retina effect. The input of the algorithm is a video-flow that can be either a prerecorded video
file or an on-line video camera input. The output of the algorithm is a black and white image,
where the black areas represent the site that will be the subject of suppression. This output
can be used as a mask in the host application. If it is a motion compensation application, it can
use the previous, stable image at the black regions to enhance the output. If the host
application extracts advanced information from the video flow it typically incorporates the
previous frames, but scene changes may fool the system, therefore the output of the algorithm
can serve as a mask to re-initiate the history based processing flow.

Input
t-1

t

Noise f. Difference Spatial integration Expansion Saccade

On
Off
OnOff

OR

t+1

Figure 3.2 The sudden global change detection algorithm. The input is a special
neurobiological test stimulus, where the center region is masked out and the saccadic
camera motion begins at time (t+1). The output is the computed field of the rapid global
change suppression influence area.
•
•
•

•

The steps of the algorithm are the following (see Figure 3.1 and 3.2.).
Filter the input frame with a low-pass for noise suppression.
Compute the difference between the previous and the current frame.
Decide whether the change is above a pre-specified level. As the trigger event does not
depend on the direction of the change, the binarized spatial difference image must contain
both change directions. The black pixels indicate the positions where the absolute
difference is above a threshold level.
Check the spatial extension on the binarized difference image. Where a black object is
larger than a threshold measured with wave-metric –not Hamming–, mark its center
region.
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•

Start a trigger-wave from the selected centers to inhibit a larger area than the objects’ own
original sizes. The timing of the rapid global change suppression event is controlled by the
time duration (number of frames) when this inhibition-map is applied. One particular
frame is inhibited by the binary OR combination of the previous n inhibition-map.
The algorithm has three key parameters. The local change threshold is based on the locally
independent property of the effect. It should be set low, just above the camera noise level.
This is not a critical value; the algorithm performs well in a wide parameter range. The size of
the spatial integration should be large enough to avoid false positive outputs. At last we
should define the expansion of the trigger centers in space and time. The spatial extension
should be much larger than the spatial integration. The spatial parameters are robust because
they depend only slightly on the input flow.
2.3. Mathematical analysis
It is also desirable to formalize the proposed algorithm -in addition to the verbal
description- in order to understand the nature of the algorithm better. The following equation
stands for the binary output Y based on the grayscale input U flow and the three parameters:
threshold (thres), spatial extension radius (r), and trigger wave expansion (ex).
∃~
x , ~y : i − ~
x < ex, j − ~y < ex ∧ ∀x, y : x − ~
x < r, y − ~y < r :
Yt (i, j) active ⇔
Q( x , y) = U t −1 ( x, y) − U t ( x , y) > thres

(3.1)

Possible improvements may come from an adaptive DC compensation and input
homotopy. The latter one is a common engineering technique, while the first one is reasonable
from a neurobiological point of view because that is one of the main functions of the outer
retina. It will be demonstrated, however, that none of them can improve the proposed
algorithm.
The DC compensation or grayscale normalization of the input image flow should operate as
a slow adaptation therefore the DC compensation parts of two consecutive frames are almost
identical.

Q’ = |Ut-1 – DC(Ut-1) – (Ut – DC(Ut) )| = |Ut-1 – Ut + (DC(Ut) – DC(Ut-1))| =
≈ |Ut-1 – Ut| = Q

(3.2)

Homotopy is defined as a linear combination between the aggregated previous frames and
the current one. The past should be similar to the last frame (t-1), else it were the first frame
of a new scene. As the next equation shows, homotopy only modifies the threshold level.

Q’ = |λU + (1-λ)Ut-1 – {λ(λU + (1-λ)Ut-1) + (1-λ)Ut}|
= |(1-λ) {(Ut-1 - Ut) + λ(U - Ut-1)}| ≈ Q(1-λ)−1
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(3.3)

2.4. The implementation
The algorithm is implemented on the ACE4k chip, which is a VLSI implementation of the
CNN-UM. The whole routine is fast on this platform because it takes less than 1.5 ms
compared to the desired input frame rate, which is 33ms assuming a standard 30 frames per
second input video. The implementation uses binary morphology and wave computations.
The first stage of the implementation generates the thresholded difference image. The
low-pass filtering is implemented by applying a diffusion template to the input frame
(“Diffusion”). The difference between the current and the previous filtered frame is computed
by a local arithmetic step. The threshold template transforms the grayscale difference image to
a binary one, where the black pixels correspond to places above the threshold. The used
threshold levels are: thres2 = -thres1. The last local logic operation integrates the two results.
The second stage is spatial integration, which is performed by a mathematical morphology
erosion operator using alternating cross and block structuring elements: “Erosion A” and
“Erosion B”. The required area is determined by the iteration number.
The last stage is expansion, which is controlled by the running time of the trigger wave
template. The output of the algorithm is the logic OR operation between the expanded and
the previously computed frames. The pseudo-code of the complete algorithm is in Table 3.1.

Table 3.1. Steps of the rapid global change detection algorithm. The input flow (U) is
processed using the templates in Table 3.2.
Load the next frame: Ut
∆t = Diffusion(Ut) - Diffusion(Ut-1)
B∆t = Threshold(∆t, -thres) NOTOR Threshold(∆t, thres)
TCt = [ErosionB (ErosionA (B∆t) )]r
TYt = Trigger(TCt, ex)
Yt = TYt OR TYt-1

The described analogic algorithm runs on the ACE-BOX hardware, which contains a
250Mhz Texas Digital Signal Processor (DSP TMS320C6202) and a Cellular Visual
Microprocessor (CVM ACE4k) [Zarándy et al., 2003]. The computational time of the first
stage is one millisecond and the rest only 0.3 millisecond, totaling 1.3 ms or 750 frame per
second. The image transfers between the DSP and the CVM add up to 60% of the total time.
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Table 3.2. The applied CNN templates
The name of the template
Diffusion

A
0.2
0.3
0.2

0.3
–1.0
0.3

Threshold
NOTOR
Erosion A

B
0.2
0.3
0.2

0.0
1.0
0.0

X(0)

0

0

P

2

0

thres

0

P

2

1

P

Q

0
1
0

-4

P

P

1
1
1

-8

P

P

0

4.5

0

P

1

1

P

Q

0

0
1
0

-1
1
1
1

0

1
1
1

1
1
1

1.0
2.0
1.0

OR

U

0

Erosion B
Trigger

z

0.0
1.0
0.0

2

3. Application: video shot change detection
Given the rapid expansion in the volume of multimedia data and the increasing demand for
fast access to relevant data, the need for parsing, interpretation and retrieval of multimedia
information has become inevitable. Computer vision techniques can support content-based
browsing of image sequences [Lienhart, 2001]. For example, we may be able to replace the
“fast forward” button on current video browsers with a button that searches for the next cut
or change. This requires algorithms for automatic detection of such events.
The sources of the trigger events in the neurobiological rapid global change suppression are
physical change of the observer: either their eyes jumped to a new position, or their body
moves suddenly. The scene rarely changes, except if it is an artificial video flow e.g. a movie.
This latter case is a practical and self-contained usage of the proposed algorithm because the
algorithm should work with artificially produced sudden changes, as well.
A video shot is an uninterrupted segment of a video frame sequence recorded by a static or
continuously moving camera motion, possibly including vivid object motions. For video shot
change detection, a matching process between two consecutive frames is required. There are a
number of methods for video shot change detection in the literature [Lienhart, 2001]. The
solutions can be classified the following ways:
• statistical, histogram measures [Lelescu and Schonfeld, 2002]: intensity bins and standard
deviation, color similarities, Gabor filtered orientation distribution…,
• methods using low-level features [Zabih et al., 1999] such as edges, contours…,
• motion based video representation [Chong-Wah et al., 2001],
• domain knowledge, object-level features used also for image segmentation and tracking,
etc.
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Successful implementations combine several techniques such as weighted summation of
edge orientation and gradient histogram with multi-scale masked processing [Oh et al., 2000].
The presented extended rapid global change suppression method is able to detect different
types of production effects: abrupt changes (hard cuts) and gradual changes (fading), see
Figure 3.3, but not wipes and other special effects. The input video is re-sampled to 64 by 64
pixels. If the number of the black pixels at the final output is above a certain threshold, which
is one third of the image size (1400), video shot change is signaled. The speed of our
algorithm, using the existing ACE4k CNN-UM chip, is much faster than any previously
mentioned method. Off-line processing one-hour video takes only two minutes plus the video
uncompressing time.

Natural saccade

Artificial: Hard cut

59
56

45
51

Fading

Dissolve

Input
frames

Trigger
centers

Inhibitory
output

ECR (in%)
DIF (in%)

0.1
41

7
16

Figure 3.3. Some typical video-shot transition effect and its detection. Each column
represents a typical natural or artificial production effect, which cause suppression. The
first two columns demonstrate fast camera motion. The first row displays the consecutive
video frames, the second row shows the trigger centers and the last row is the output of the
algorithm, the black area indicates the place where the spatial-temporal difference between
the frames is significant. The last row shows the performance of the common video shot
change detection algorithms: ECR -the edge change ratio in percent and DIF - sum of the
absolute difference between the frames.
3.1. Edge feature analysis
The edge feature method is implemented on the CNN-UM platform to evaluate the
performance of the proposed video shot change detector. It’s based on the observation that
during a cut or a dissolve, new intensity edges appear far from the locations of old edges.
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Similarly, old edges disappear far from the location of new edges [Zabih et al., 1999].
According to the studies the method performs well in detecting hard cuts and fades, but its
computational burden seems too great for practical use: approximately two frames per second
on a digital computer [Kim et al., 2000].

Input

Edges

Dilation

Y
Exiting:

t-1

34%
Entering:

t

52%
Exiting:

t-1

37%

Entering:

t

25%

Figure 3.4. The calculation of the edge change ratio.
The inputs are two consecutive frames from a video-flow (rows).
The output is the classified edge-map: entering and exiting edges.
The algorithm seems reasonable for comparison because the structure of the method is
analogic implementation friendly and the unique possibilities of the CNN-UM enable us to
decrease the computational time and thus make the algorithm more usable. This section gives
the analogic algorithm version of the method. The actual CNN-UM implementation takes
about 3 milliseconds.
The steps of the algorithm are the following, see Figure 3.4.
• Compute the edge map of the new grayscale input frame with the “edge” template after an
adaptive “threshold”. The threshold level is chosen as the median gray-level value of the
image.
• Compensate for global camera motion by finding matching with the edge map of the
previous frame within a predefined interval [Barron et al., 1994].
• Expand the edges to suppress object motion by using “dilation”. It defines the edges
outside the predefined partial Hausdorf distance [Szatmari et al, 1999].
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Compute the number of the entering and exiting edges using the difference between the
previous maps. The video shot change is signaled if the edge change ratio is above a threshold,
which is defined by a sliding-window. The edge change ratio (ECR) is defined by the Eq. 3.4.
 ExitingEdg es t EnteringEd ges t
ECR t = max 
,
 TotalEdges t −1 TotalEdges t






(3.4)

The sum of the absolute difference between the frames, edge feature analysis, and rapid
global change event detection algorithm are applied for automatic video shot change
detection. We have carried out experiments on a few test videos including TV captures,
neurobiological artificial and natural test videos and on-line camera input. The sum of the
absolute difference between the frames was not satisfactory with an extremely high false
positive rate. Edge feature analysis performed well at detecting hard cuts, but missed some of
the neurobiological test stimuli. The presented rapid global change event detector found
almost all hard cuts and fades, e.g. on Figure 3.3 the change is detected not because of the new
object (candle on the left) but the global shift changes in the background. False events were
detected when a relatively large object moved relatively rapidly in the foreground.

4. Conclusions
The presented rapid global change suppression event detector is a bio-inspired algorithm.
The algorithm is capable of detecting abrupt and gradual global spatial-temporal events in
natural or artificial video flows. The presented event detector can serve as an algorithmic unit
in any video-flow preprocessing algorithm. It is anticipated that this rapidly computable global
event can be embedded into several complex on-line algorithms and applications targeting
real-life applications.
• The binary output of the presented algorithm can be used as a mask in the host
application. A motion compensation application can use the previous frame of the flow at
the black region to stabilize and enhance the perceived input-flow and so keep the image
sharp.
• A video shot is an uninterrupted segment of video frames with static or continuous
camera motion and possible vivid object motions. The presented algorithm is able to
detect artificially produced sudden changes, as well. It can recognize abrupt changes (hard
cuts) and gradual changes (fading) in the input video-flow. Video shots change is defined
if the number of the black pixels at the final output is above a certain threshold. The
algorithm was tested on video sequences and the preliminary results suggest that the
proposed algorithm is a fast and reliable video-shot change detector [Balya, 2003].
• The automatic video shot change detection is the first processing step for the key-frame
selection in video compression or indexing of a video database.
• The camera may be mounted on a moving platform, which platform is controlled by an
external attention algorithm or the user. This control can cause rapid movements or
jumps of the camera and therefore the input-flow suffers from problems such as blurry
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•

•

frames or sudden content change, therefore it is worth detecting these global events
[Szatmari et al., 2003].
The camera or the platform can have an accident e.g. the tripod overturns or the plane
goes through turbulence. The presented method can detect these events using only the
input-flow. An alert message is generated if the number of the black pixels at the final
output is above a certain limit.
Our general decomposed mammalian retina model [Balya et al., 2002] builds up in the
CNN environment as an iterative series of complex template executions [Balya et al.,
2003]. This base model can be improved by including different types of adaptations and
functional phenomena. The presented rapid global change event detector can be included
in the retina model as a special amacrine layer, which gives a non-additive inhibition to
the ganglion output channels and bipolar cells [Roska and Werblin, 2001]. Two special
desensitizing bipolar blocks, one 'On' and one 'Off' type, serve as the input of the
algorithm.

In this chapter, I worked out and implemented an efficient analogic bio-inspired algorithm
to detect rapid global changes in the visual scene. (Thesis 2). The algorithm is based on the
properties of the measured rapid global change suppression spatial-temporal retinal event
[Roska and Werblin, 2003]. The steps of the algorithm are the following: difference
calculation, spatial integration, influence expansion, and transient inhibition. I implemented
this algorithm on a general purpose CNN-UM chip (ACE4k) therefore it became an on-line,
real-time tool to detect sudden global changes in the input video-flow. I applied the rapid
global change suppression algorithm successfully for video-shot change detection.
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Chapter 4

CLASSIFICATION ON THE CNN-UM

1. Introduction
This chapter shows how to map the adaptive resonance theory (ART) [Carpenter and
Grossberg, 1987], which is a classic robust and adaptable classification method, to the CNNUM platform. The presented analogic CNN-UM algorithm can classify the extracted binary
feature vectors while keeping the advantages of the ART networks. The parallel comparisons
and best selection computations are performed in constant time, i.e. the computational time
does not depend on the size of the input vector or the number of classes. An analogic
algorithm is presented for unsupervised clustering and supervised classification with tunable
sensitivity and automatic new class creation. The presented classification algorithms are
implemented on the commercially available CNN-UM environment with an ACE4k cellular
visual microprocessor [Liñán et al., 2000, Zarándy et al., 2003].
ART and CNN-UM have proven to be successful in their respective sub-fields due to their
modeling power and numerous practical applications. The ART network is particularly good
at fast and stable learning of arbitrary input sequences, while the main strength of CNN
technology is its ability to quickly process the complex sensory (e.g. visual) input. The CNN
module pre-processes the raw input and provides feature vectors to the ART module, which
in turn learns a suitable and useful representation of the input sequence [Serrano et al., 1998,
Bartfai, 1996, Caudell et al., 1994]. This ART module can be implemented using the
programmable CNN-UM environment. It permits the creation of a complex application by
using a single existing technology to merge two different paradigms.
The Adaptive Resonance Theory Network has some neurobiologic relevance. The useful
properties of ART network include fast and stable learning, and the incremental creation of
categories controlled via a system parameter, called vigilance [Carpenter and Grossberg, 1987].
ART networks and its variants have been applied successfully in a wide range of artificial and
real-world tasks [Serrano et al., 1998, Caudell et al., 1987]. ART classification can also be
extended to a supervised classification.
This chapter gives a general approach to map the different neural networks to the cellular
nonlinear network universal machine (CNN-UM) platform. Contrary to the previous works
our approach is not to design a tricky cost function and a template to solve the problem as a
2D global optimization task [Levendovszky, 2000] but to give an algorithmic map from the
original structure to the analogic platform. The idea is to store the information of the
algorithm in grayscale images and the structure in the sequential code. The mapping capitalizes
on the VLSI realized parallelism of the common CNN-UM platforms. The possibility of the
effective mapping of different paradigms to the CNN-UM proves the universal machine
power of the emergent computation.
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The next section describes the mapping from general neural network to the CNN-UM
using state distribution and aggregation. The next section shows the details of the
implementation in both binary and grayscale cases with the four main subroutines: state
aggregation, hard-limited output, winner selection, and new node creation. The second half of
the chapter describes the details of the analogic ART-like classification algorithm. At first, the
optimal binary functions are deducted and next the algorithm is extended for supervised
classification.

2. Mapping neural networks to the CNN-UM
The cellular nonlinear network (CNN) is a parallel processing structure with rectangularly
arranged analog nonlinear computing base cells [Chua and Roska, 1993a]. The state value of
each individual processor is continuous in time and their connectivity is local in space. The
function of the network is completely determined by the pattern of the local interactions or
template. The result of the time-evolution of the analog array transient can be defined in
equilibrium points for image processing tasks. Completing the base cells of CNN with local
sensors, local data memories, arithmetical, and logical units, furthermore global program
memories and control units have resulted in the CNN Universal Machine (CNN-UM)
architecture [Roska and Chua, 1993b]. An analogic algorithm is a sequence of template
operations and local or global processing, such as local logic between two arrays of base cells.
The basic idea of the mapping between artificial neural networks (ANN) and cellular
nonlinear network (CNN) is to devise an analogic algorithm which constructs pictures from
the vectors. The neural networks generally operate on vectors: on the input feature vector and
on the weight vectors. If elements of an input vector are logic values, each of them can be
mapped to one pixel, e.g.: true ↔ black and false ↔ white. If the input vectors and the
prototypes have real-valued properties, than these values can be transformed to the (-1,1)
interval, and can be represented by grayscale pixels: see Table 4.1. The transformation
function is generally monotonic and even, e.g. a sigmoid function such in (4.1).
f: x∈Rn → Rn (-1,1)

f (x) =

2
1 + e − δx

−1 ; δ > 0

(4.1)

Table 4.1. Mapping between the different type of features to CNN cells
Type
binary
fuzzy
real

Domain
xi ∈ B: {0, 1}
xi ∈ R: [0, 1]
xi ∈ R: (∞, -∞)

Mapping
black/white cell
grayscale cell
grayscale cell

Size
1
1
1

The connection weights of one node are stored in one row as grayscale pixel values. The
state-independent and uniform nodes can be stored in one image (e.g. one layer of the multi-
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layer perceptron neural network). State-independent means that the output of any node is not
the input of another node at the same group. The uniformity refers to the type of the node.
The processing of the node is done by the analogic algorithm and the output comes from
the state aggregation. After the parallel processing the next node-set is computed therefore the
continuous processing of the system is discretized as in any conventional digital
implementation. The general mapping approach is detailed in some basic neural network
cases.
2.1. Perceptron – mapping one node
The base element of the artificial neural network (ANN) is the processing element or
neuron node. A simple memory-less artificial neuron has a weight coefficient vector (w) and a
bias term. The neuron makes a simple processing: y = f(Σ (w * u) + b). The individual element
inputs are multiplexed by weights and the weighted values plus the bias term are fed to the
summing junction. If the bias term of the node is represented as a static unit input, their sum
is simply the dot product of the weight and input vector. This sum is the argument of the
non-linear function (f). The output of the neuron is a non-linear function of the linear
combination between the input and the node’s weights [Rosenblatt, 1958]. The input is a
vector and the output is a scalar value. The perceptron network consists of a single neuron
connected to the vector of input through a set of weights as shown below.
The CNN-UM map of the processing structure incorporates images of size: one times the
size of the input vector. The steps to do:
1. Each component of the weight vector is coded as a pixel in a picture: P, so that the vector
forms a row: pi1 = wi. The input is coded in the same fashion. This is the state distribution
phase. The result is two images: P, I.
2. The multiplication between the input and the weights is computed parallel by the local
arithmetic unit of the CNN-UM.
3. The output of the previous step should be processed to get the single scalar output value
of the node. This is the state aggregation phase, which sums up the products.
4. The last step is to compute the output of the node or read out a pixel through the required
non-linearity: f(.), which is usually is a hard-limiter.

Neuron

f
Σ

Input

w1
I1

w2
I2

Bias

w3
I3

4.
3.
2.
1.

Figure 4.1a The processing steps of a perceptron
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2.2. Kohonen-net – mapping one layer
The neurons of competitive networks learn to recognize groups of similar input vectors.
The Kohonen network uses several neurons and it is able to classify its inputs with the
winner-takes-all strategy (WTA) [Kohonen, 1982, Kohonen, 1987]. The competitive transfer
function accepts a net input vector from the neurons and returns neuron outputs of zero for
all neurons except for the winner, the neuron associated with the most positive element. One
single output node is selected, and the weights of this node (and optionally its neighbors) are
updated. The structural mapping of the network is similar to the previous case, but now each
row of the image P codes one node. The input is a vector and the output is a node. The CNNUM map of the processing structure incorporates images of size: node number times the size
of the input vector. The steps of processing are:
1. Each component of a single weight vector is coded as before, but because the network
contains more than one node, they are coded into different rows: pij = wij. The input is
coded in the same fashion and repeated in all rows resulting in a bar code like pattern. The
same row (input code) is repeated node times. This is the state distribution phase.
2. The multiplication between the input and the weights is computed parallel by the local
arithmetic unit of the CNN-UM.
3. The state aggregation phase takes place to compute the activation for each node.
4. The last step is to find the greatest pixel value in the image and its row index gives the
result. This step employs the wave computing capability of the CNN.
4.
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3.
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…
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Figure 4.1b Mapping a competitive network to an analogic algorithm

2.3. MLP – mapping several layers
The multi-layer perceptron (MLP) neural network consists of feed-forward linked uniform
nodes [Haykin, 1998]. Each node output is the sigmoid function of its weighted input. A layer
includes the combination of the weights, the multiplication and summing operation and the
transfer function. The vector of inputs is not included in or called a layer. Feedforward
networks often have one or more hidden layers of sigmoid neurons followed by an output
layer of linear neurons. Multiple layers of neurons with nonlinear transfer functions allow the
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network to learn nonlinear and linear relationships between input and output vectors. This
network can be used as a general function approximator, because it can approximate any
function with a finite number of discontinuities, arbitrarily well, given sufficient neurons in the
hidden layer.
Each layer of the network is mapped to an image, which stores the connection weights of
one node in one row: see Figure 4.1. Each processing epoch starts with the state distribution,
when the input of the system or the output of the previous layer’s nodes are selected and
repeated in each row, forming a bar-code pattern. The parallel multiplication takes one step.
The state aggregation integrates the result, and the output non-linearity is computed in the last
step. This cycle is repeated until all layers are computed in Figure 4.1c: Oi = f(Σw1,ij Ii),
Yi = g(Σw2,ij Oi).
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Figure 4.1c. Mapping the MLP network (left-hand side) to an analogic algorithm (righthand side)

2.4. ART network – mapping the parameters
The ART algorithm operates on vectors: on the input feature vector and on the category
prototype vectors. These are mapped to images, as before. The logic values (ART1) are
mapped to binary images and the real values (e.g. fuzzy ART) to grayscale images. The
parameters of the ART algorithm can be used directly as a single real value that defines a
parameter of the CNN operator (e.g. the transient time or the current of a template), or may
be used as a mask image, where the number of the black pixels (or the grayscale levels)
corresponds to the predefined real value. The supervised learning needs the correct class for
each input. This information can be coded into the input vector or stored externally as
another image. In the first case, the algorithm can ignore those pixels which code the class
during learning and use them during matching by using an output mask.
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3. Implementation on the CNN-UM
The structures of the neural networks are mapped to a CNN-friendly representation as
images. The behavior of the original network is realized by an analogic algorithm. The logic of
these algorithms depends on the type of the network, but can be built up from a few simple
subroutines: state aggregation, hard-limited output computation, winner selection, and new node creation.
The learning of the network is to update the weights of the selected nodes, which can be done
by the local arithmetic unit according to the learning rule of the network. The pseudo-codes of
the subroutines are given, where words in italics are images, capital-letter words are logic
operators, and words in lowercase are template operators. An example for each subroutine is
given, as well.

Table 4.2. The used analogic templates and settings
Template name
masked OR
masked AND
DIF
horizontal erosion
horizontal shadow
vertical erosion
vertical shadow
vertical dilation
h1.tem
h2.tem
diffusion
subtract bin
fill
threshold
vertical min
vertical fill

A
2
2
2
0
[2 3 2]
0
[2 3 0]T
0
1
1
[1 –1 1]
-1
2
2
-1
2

B
1
1
-1
[1 1 1]
0
[1 1 0]T
0
[1 1 0]T
[0 1 1]
[1 –1 0]
0
2
-1
1
[2 0 0] T
[-1 0 0] T

z
1
-1
-1
-2
3
-1
3
1
1
1
0
0
0
ε
0
0

U
P
P
P
P
0
P
0
P
P
P
0
P
P
Q
P
P

X(0)
Q
Q
Q
P
P
P
P
P
P
P
P
Q
Q
P
P
P

3.1. Binary routines
The above-described algorithmic skeletons can be efficiently implemented on the existing
CNN-UM chips if the input is binary. The used operators are local logic, as AND, DIF, XOR;
special masked logic: maskedAND, maskedOR; mathematical morphology (erosion, dilation) and
some other templates (directed shadow, aggregation) [Roska and Kék, 2000], see Table 4.2. The
running time of routines on the ACE4k cellular visual microprocessor is given.
The state aggregation collects the black pixels in each row on one side. The
implementation uses an iterative binary method as a robust solution. Execution time: 400µs.
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Code

in cycle PMask = h1.tem(PMask) AND h2.tem(PMask)

Example

The hard-limited output can be easily computed if the threshold is coded as a mask image
(VigilanceMask), where the number of the black pixels in one row represents the threshold
level of the corresponding node. The outputs of those rows are black where more pixels are
black in the aggregated image than in the mask image. Execution time: 160µs
Code

NonlinOutput = PMask DIF VigilanceMask
NonlinOutput = horizontal_shadow(NonlinOutput)

PMask

Example

NonlinOutput
VigilanceMask

The computing time of the winner selection is independent from the number of the
existing nodes. The output is the first non-white row in the mask image (PMask). The
Kohonen updating neighborhood can be easily computed by a dilation operator on the
winner. Execution time: 440µs

Code

Winner = vertical_shadow PMask
Best = Winner DIF horizontal_erosion(Winner)
Winner = horizontal_shadow(Best AND PMask)
Winner = PMask XOR vertical_erosion( vertical_shadow(Winner))
[ Winner = vertical_dilation(Winner) ]

PMask

Best

Example
Winner

The new node creation extends the existing weight image (Weights) to store the new one.
In the practical implementations, the image size is fixed and the unused weights are zeros to
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avoid their possible side-effects on the computations. The node’s weights usually should be
set to the input (Input). Execution time: 200µs
PMask = horizontal_shadow(Weights)
NewNode = PMask XOR ( vertical_dilation(PMask) )
Weights = Weights OR Input masked with NewNode

Code

Weights

NewNode

Example

Weights

Input

3.2. Grayscale routines
The fuzzy logic offers the transient from the binary logic to the grayscale logic, see Table
4.2. The local min and max functions can be implemented on CNN-UM in two steps: replace
the pixel values in one image from the other masked with a preprocessed threshold.
MinXY = fill(X, Y) masked with subtract_bin(X,Y)
MaxXY = fill(X, Y) masked with subtract_bin(Y,X)

Table 4.3. The transformation of the binary functions to fuzzy operators
Binary logic
AND
OR

Fuzzy logic
T-norm
S-norm

Zadeh type [13]
min
max

The state aggregation can be implemented as diffusion; it computes the average of each
row. In the next generation of the CNN-UM implementations will contain two hardware ways
to compute it: resistive grid and horizontal read-out lines
Code

PAvg = diffusion(PMask)

Example

PMask
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PAvg

The hard-limited output implementation is straightforward: threshold the computed and
aggregated state value (PAvg) using the vigilance value as the current of the template. The
result is a binary image, which can be used exactly as in the binary case.
Code

NonlinOutput = threshold(PAvg, VigilanceValue)

Example

PAvg

NonlinOutput

The winner selection is similar to the binary case, but now the greatest value of a row
should be found. The computed global maximum value is used as a threshold level for the
winner node selection.
in cycle PLevel = vertical fill(PAvg) masked with (NOT vertical min(PAvg))

Code

Winner = threshold(PAvg, PLevel)
PMask = vertical_shadow(Winner)
Winner = PMask XOR vertical_erosion(PMask)

PAvg

PLevel

Example

Winner

The new node creation extends the existing weight image (Weights) to store the new one,
as in the binary case. The new node’s weights usually should be set to the input (Input).

Code

PMask = horizontal_shadow(threshold(Weights,0))
NewNode = PMask XOR ( vertical_dilation(PMask) )
Weights = max(Weights, Input) masked with NewNode

Weights

NewNode

Example

Weights
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4. The ART-like classification algorithm
4.1. Optimal binary decision functions
The main idea of the category-based classification is to sort the input vectors into different
categories, based on the distance between the input and the category prototypes. The
prototype describes the position of the category in the feature space. The input vector is
classified to that category whose prototype is the closest to the input, using the distance metric
or choice function. If the distance is greater than a predefined threshold in some sense using
the match function, a new prototype is formed. This heuristic helps the plasticity of the
algorithm, namely the outliers do not destroy the category structure. The category should be
modified, using the learning function, to ensure that this input will be selected to the same
category next time. During the supervised learning, the categories are assigned to classes. If an
input is classified to an existing category with incorrect class information, a repair step should
take place. The repair step usually tries to unlearn the incorrectly selected category and
generates a new category based on this input. This type of classification scheme is capable for
robust unsupervised learning.
The ART network, described in Chapter 1 (page 22), can group a given collection of input
patterns into meaningful clusters. The reordering of the traditional algorithm can eliminate the
iterative class search caused by the reset. The analogic classification algorithm requires the
following steps. First, it reduces the number of the possible categories using the vigilance
criteria, deleting those prototypes where the match function fails. If no candidate is left, a new
category is created; otherwise, the most similar category (called the winner category) is selected
using the choice function. Then the winner prototype is updated with the current input and
the output of the algorithm becomes the prototype index of the winner category.
Input features: [
Code: [1001] 
I - Input pattern

convex, not filled, no vertical, ellipse

C - Class prototypes

ρ − Vigilance mask

]

o - Output mask

CNN ART algorithm

Figure 4.2. The data-flow of the analogic ART-like classification algorithm.
One row in the images represents one input/prototype vector. A typical example is shown
for the input and output images in Figure 4.2. The output of the algorithm is an image where
the position of the horizontal line determines the identifier of the selected category. The upper
81

part of the image shows an example of the complement coding and mapping of the features to
pixels.
The described algorithmic skeleton should be completed by defining and implementing the
different functions. The key elements are the match (fm), the choice (fc) and the learning (fl)
functions.
The input and the output class (C) information are both coded into one row of the binary
image and this row is distributed to the parallel comparison, therefore the input image looks
like a striped pattern or bar code. The category prototypes are stored as another binary image.
This coding scheme can store N category with N/2-log|C| features in an N by N image,
because the input is complement coded and the correct class is stored next to the category
prototype, see Figure 4.2. The vigilance value is coded as a mask image, which makes possible
to use different vigilance levels to the different categories.
The algorithm updates the prototype image (P) using the learning function where one row
represents one class. Initially no prototype is present, consequently all values are white. The
input image (I) is created from the input vector by complement coding and repeating in each
row. The number of the black and white pixels is the same for all input vectors because it is
complement coded. The number of the white pixels is greater than the number of the black
pixels on the category image because the learning algorithm converges to the white image.
The functions are locally independent decisions that operate on two binary vectors (the input
vector and the prototype weights). We specified the match function as a local AND operator,
the choice function as an EQU, and the learning function is AND. The reason of the
definitions is as follows.

Table 4.3a. The analysis of the possible functions
P – Prototype bit
I – Input bit
Match function
Learning function

0
0
0 (iv)
0 (i)

0
1

1
0

1
1

0 (i)

0 (iii)

1 (ii)

Table 4.3b. The analysis of the possible binary match and choice functions
Prototype Input bit
0
0
0
1
1
0
1
1
Analysis

The 16 possible binary functions
0 1 0 1 0 1 0
0
0
0 1 0 1 1 0 1
0
1
0 1 1 0 0 1 0
1
1
0 1 1 0 1 0 0
0
0
dummy functions auto-value = 0
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0 1
1 1
1 1
1 0
(c1)

1 1
0 1
0 0
0 1
(c2)

1
0
0
1

1
0
1
1
(c3)

0
0
0
1

Match function
Let us define fm(I, P) as auto-match value if I = P.
The auto-match value should be greater then or equal to any prototype - input value pair
else it excludes the newly generated prototype.
∀p∀I f m ( I, I) ≥ f m (I, p) : p ≠ I

(4.2)

The auto-match value is zero if both the input and the prototype bits are equal, therefore
0100, 0010, 0110, 0000 (here the four bits define the choice function such as a row in Table 3a
or a column in Table 3b) are not valid functions. The match should depend on the prototype
and the input, therefore 0101 (I), 0011 (P), 1010 (NOT I), 1100 (NOT P), 1111 (constant) are
not valid functions. Consider the following case: input (110010) and prototype (011010)
binary vectors, if the function is 0111 (OR) or 1110 (NAND) the match function value is four
and the auto-match value is three, therefore again these are not valid functions (case c1 in
Table 4.3b). The remaining functions are the following (cases c2 and c3 in Table 3b): 1000,
1101, 1001, 1011 and 0001. The match function is to prevent the over-training, in other words
to keep enough positive features in a prototype. If the input and the prototype features are
both zero then the result has to be zero (case iv in Table 4.3a). The only function which
satisfies the two criteria is the 0001 (AND) function.

Choice function
The only requirement for the choice function is that the auto-choice value has to be strictly
greater than any prototype - input value, otherwise the newly generated prototype and input
will not have the greatest choice value. From this simple requirement a surprising number of
conclusions can be drawn for the choice function. Requirements given in the previous section
for the match function is valid to the choice function as well with the exception of the case
(iv) in Table 4.3a: if the input and the prototype features are both zero then the result can be
one. Let us examine the case where the prototype is (010010) and the input is (110010) if the
choice function is 1000 (NOR) than the choice function value is the same as the auto-choice
value: three. At last, if the function is 1101 (NOT1OR2), using the same configuration, the
choice function value is the same as the auto-choice value: six (case c2 in Table 4.3b).
Therefore these are not valid choice functions. The remaining three cases supply valid
functions. These are 0001 (AND), 1001 (EQU) and 1011 (1ORNOT2) functions (case c3 in
Table 4.3b). According to the tests, the EQU function generates the smallest number of
classes.

Learning function
The prototype represents the category, consequently the natural choice is to store the new
input as the prototype. The learning function will decrease the prototype bits.
The algorithm should converge (i) thus the prototypes should converge to zero. If the
prototype has a zero bit, the modified prototype will have to be zero. Keep the prototype
feature if it is the same as the input (ii) and change something if the prototype and the input
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are not equal (iii). Only the AND function satisfies the three criteria, as it is illustrated in Table
4.3a.
4.2. The supervised classification algorithm
In supervised classification, we are provided with a collection of pre-classified patterns; the
problem is to classify a newly encountered pattern. Typically, the given labeled training
patterns are used to learn the descriptions of classes, which in turn are used to classify a new
pattern. During the test, supervised classification takes the same steps as the unsupervised,
except that the output is not a category but a class. The training of the classification needs an
additional step before the learning. The class of the selected category is checked against the
correct class and if it matches the winner then the previously selected category remains,
otherwise a correction step is made to choose a new correct category [Carpenter et al., 1992].
Figure 4.3 shows the processing steps of the analogic supervised classification algorithm and
Figure 4.2 shows the data-flow.

Input
I
ρ

Exclude too different classes
Match function

Categories

no candidate
Compute the similarity
with the Choice function
Select the best prototype
Winner-Takes-All strategy

o

Classification test
Supervised learning

Create
new class
repair

pass

Update the winner
Learning function

Figure 4.3. The flowchart of the implemented classification algorithm; in the unsupervised
case, the classification test always pass
The classic method for the correction of the wrongly selected category is to temporarily
increase the vigilance level and find an appropriate category. We examined another method,
where the role of the correction is to guarantee that the correct category will be selected next
time. The input vector defines a new category prototype and the vigilance is increased in order
to make sure that this new category will be selected next time. Because the auto-choice
function value of the newly created category is the highest and the match function is one of
the greatest, it will not be rejected and the vigilance value need not be changed. This method
results in faster and real-time (the classification needs constant time) learning.
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4.3. Implementation and test of the ART-like classifier
The ART-like algorithm is implemented on the ACE-BOX visual computer using the
previously described algorithmic blocks (Section 3) and functions (Section 4). The ACE-BOX
contains an ACE4K CNN chip with 64 by 64 processing units and a Texas Instruments
TMSC6202 250Mhz DSP [Zarandy et al, 2003]. The achieved system performance with a
desktop PC was 523 input vector per second with all the extra time requirements, e.g. loading
the vector from a file and transfer to the chip.
A standard real-world database (United States Congressional Voting Records Database
[Blake and Merz, 1998]) test was made using the proposed algorithm. The database contains
binary input vectors with 16 features, which can be classified into two classes. 100 training and
100 test input vectors were randomly selected.
Figure 4.4 shows the results of the test. The training was applied until the classification was
100% on the training set. It needed five rounds on average and in the worst case the inputs
had to be shown ten times. The larger is the vigilance the faster is the convergence. Compared
to a uniform distribution the most popular category included on average 4.5 times more input
at the end of the classification. As one can see the higher the vigilance value the higher the
number of the created new categories and the lower the number of the repaired prototypes.
Naturally, as the vigilance level is increased the resolution of the input vector space becomes
finer, thus the number of the unclassified test-vectors increases and the classification error
decreases. The optimal vigilance value was around 15 and the best result was 3% error with
3% non-classification.
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Figure 4.4 The horizontal axis shows the vigilance-level. The vertical axis is the number of
the created categories in the training phase (fields) and the errors (bars) in the test phase.
The classification algorithm is envisioned to be embedded into a platform with multi-task
processing capability such as the Compact Cellular Visual Microprocessor (COMPACT
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CVM). The COMPACT CVM architecture builds on state-of-the-art CVM type ACE16k with
128 by 128 processing units [Liñan et al, 2001] and DSP type controller microprocessors. The
architecture is stand-alone and with the interfacing communication processor it is capable of
fast information exchange with the environment over TCP/IP. The COMPACT CVM is also
a re-configurable and fault tolerant visual computer for bio-inspired tasks, such as feature
extraction and classification. This architecture also provides a framework for a System on a
Chip design toward a fully integrated cellular sensor-computer.

5. Conclusions
The presented mapping method gives a general approach to transform the different neural
networks to the cellular nonlinear network universal machine (CNN-UM) platform. The
mapping capitalizes on the VLSI realized parallelism of the common and commercial CNNUM platforms. The possibility of the effective mapping of different paradigms to the CNNUM proves the universal machine power of the emergent computation platform.
The presented analogic CNN-UM algorithm is able to classify binary feature vectors in
constant time meeting the real-time requirement for an industrial device. The algorithm is
stable, adaptive and flexible; moreover, it is feasible on the existing analog CNN-UM chips,
because of its fault-tolerant behavior. For example, the ACE16k chip [Liñan et al., 2001] can
handle 64 features in 128 categories.
The proposed method enables us to use a unified framework for different type of
recognition tasks. A stand-alone device with a CNN-UM chip (COMPACT CVM) could solve
difficult problems by using the optical input of the chip and applying sophisticated analogic
feature extraction algorithms together with a fast ART-like classification algorithm.
In this chapter, I developed a method to transform the general feed-forward neural
networks to the CNN-UM platform based on state distribution and used this idea to
implement the adaptive resonance theory (ART) network (Thesis 3). Thus the original
networks can be computed in the general purpose, programmable, parallel CNN-UM
environment as analogic algorithms, which make possible to employ the astuteness of artificial
neural networks. The logic of the transformed analogic algorithm depends on the type of the
network, but can be built up from a few simple subroutines: state aggregation, hard-limited
output computation, winner selection, and new node creation. I designed the implementation
of these for both binary and grayscale cases (Thesis 3.1).
I showed how to implement the ART network on the CNN-UM architecture and on the
ACE4k cellular visual microprocessor, also. I modified the original algorithm to be suitable for
real-time computing and I derived the optimal binary decision functions: a choice function to
select the most similar category, a match function to reject the inappropriate categories, and a
learning function to update the category prototype (Thesis 3.2).
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Chapter 5

SUMMARY

1. Main findings and results
The results of our mammalian retina research were presented in Chapter 2. The chapter
showed that the proposed modeling framework is a powerful and effective simulation
platform for creating retinal and other sensory models with biologically relevant parameters. A
CNN structure and abstract neurons are developed for modeling the mammalian retina from
photoreceptors to ganglion cells. The presented complete mammalian rabbit retina model
incorporates simple building blocks. The structure of the model is based on the morphology
and the parameters determined by flashed square measurements. The abstraction level of the
model is not as low as a plain CNN core or a complex neuro-physiologically-modeled cell with
ion channels and not as high as some special neuron simulator or abstract mathematical
transfer function. It uses qualitatively important and biologically relevant parameters and
retinamorphic structure. It is possible to transform the model description to a low-complexity
multi-layer CNN-UM code.
The proposed CNN modeling system represents a powerful and flexible system for
representing each of the dozen space-time feature detectors found in the rabbit retina. The
developed CNN model faithfully predicts the space-time patterns of activity at the different
ganglion cell populations in the rabbit retina. The existing model works properly for
simulating natural scene stimuli, as well. The recently discovered effects were tested on the
latest model. Most of the results are qualitatively similar to the measurements, for example the
computed retina output is as sparse as the measurements and controlled by the inhibition.
The prototype complex-kernel CNN-UM chip is a special tool to constitute spatialtemporal effects. The effects can be programmed as a CNN template and the sequences of the
stored templates define an analogic algorithm. Therefore this chip opens new possibilities in
high-speed spatial-temporal wave dynamics computations. It is the first step of the hardware
implementation toward the stored programmable neuromorphic CNN mammalian retina
model. The analogic algorithm iteratively computes the inner structural blocks and the
different retina channels to mimic the mammalian retina from photoreceptors to the output.
The multi-layer CNN model has been decomposed and scaled to meet the hardware
requirements.
The decomposed model can serve as the algorithmic base for sensing aids, like retina
prosthesis and can transform the programmable complex-kernel visual microprocessors to
retina-chips. These chips can be reprogrammed even after a possible retinal implementation
and so open to any new discovery. The system can be used to create a retinal camera that could
be incorporated into any vision prosthetic device, either retinal or cortical implanted, that is
required to send retina-like images to the brain. This device could also serve as a basic
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research tool, allowing us to manipulate parameters so that we can evaluate the specific
conditions established in biological systems.
Finally this system allows us to utilize the wisdom of biological design in a powerful
adaptable silicon device. The retina, as a computational device, is a sophisticated tool for
multi-channel preprocessing of a video flow. It is anticipated that the results can be embedded
into several complex algorithms and applications targeting real-life applications.
In Chapter 3, a bio-inspired algorithm is presented to mimic the rapid global change
suppression neuromorphic event. The algorithm is capable of detecting abrupt and gradual
global spatial-temporal events in natural or artificial video flows. The presented event detector
can serve as an algorithmic unit in any video-flow preprocessing algorithm to reinitialize the
computation after a sudden content or context change. It is anticipated that this rapidly
executable global event detector can be embedded into several complex algorithms targeting
real-life applications, where the sudden changes and accidents are common. The next section
demonstrates the application of the rapid global change suppression algorithm for video-shot
change detection.
In Chapter 4, a general approach is presented to transform the different neural networks,
e.g. ART, to the cellular nonlinear network universal machine (CNN-UM). The mapping
capitalizes on the VLSI realized parallelism of the common and commercial CNN-UM
platforms.
The mapping was used to transform the ART network to an analogic ART-like algorithm
for binary supervised classification. The method of the classification is ART-like, but the
traditional algorithm is reordered and a new repair mode is introduced. The optimal binary
Match/Choice/Learn functions are showed. The implementation has a tunable sensitivity,
called vigilance. It uses parallel logic and constant step winner-takes-all computation therefore
this CNN-UM implementation is theoretically faster than its sequential equivalents.
It is able to classify binary feature vectors in constant time, meeting the real-time
requirement for an industrial device. The algorithm is stable, adaptive, flexible, and faulttolerant, which is an important feature for hardware implementations.
The complete algorithm is implemented on the existing, working and integrated CNN-UM
chip: ACE4k, which can handle 64 classes with 32 features. The next generational ACE16k
chip can handle 64 features in 128 categories.
The proposed method enables us to use a unified framework for different type of
recognition tasks. A stand-alone device with a CNN-UM chip (COMPACT CVM) could solve
difficult problems by using the optical input of the chip and applying sophisticated analogic
feature extraction algorithms together with a fast ART-like classification algorithm.
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2. Examples for application
The results of the mammalian retina research (Chapter 2) can be embedded into several
complex algorithms and applications targeting real-life applications, like object classification,
recognition, tracking, and alarming. The examined and reproduced retinal effects may be
useful for image processing tasks such as:
• edge and object corner detection in space and time
• object level motion detection with size selectivity (beside local interactions)
• speed, size and intensity selective video-flow processing with noise filtering in space and
time
and for design principles, as well:
• spatial, temporal, and spatio-temporal decomposition of the input flow for sparse signal
representation
• adaptive parallel On-Off channel processing for signal flow normalization
• vertical interaction of the decomposed channels to decrease the correlation between the
processing flows.
The presented global spatial-temporal event detector (Chapter 3) can be used in different
environments. The algorithm serves as a preprocessing or filtering function indicating sudden
changes of the input-flow. The algorithm, due to its low memory requirements and fast
processing speed, can be a common function in any on-line, real-time spatial-temporal
algorithm, such as:
• Motion compensation and image stabilization,
• Artificial video-shot change detection (e.g. hard cuts, fades and dissolve),
• Key-frame selection for content-based video compression,
• Time instance determination for re-initialization of the history based processing flow,
• Accident detection of the mounted camera (e.g. the tripod overturns),
• Mammalian retina model improvement: rapid global change suppression effect.
The proposed analogic ART-like algorithm (Chapter 4) can be applied wherever is a need
for high-speed adaptive classification and it is possible to compute several simple features. A
low-cost and high-speed pattern recognition system with low power consumption and limited
accuracy can be a viable alternative to existing solutions. Some possible application areas are:
• On-line morphological identification
• Site identification by texture classification, e.g. the road ahead is sandy, rocky or wet.
• Biometric security systems, e.g. fingerprint verification or face recognition
• Biomedical signal (e.g. EEG) analysis
• Pattern recognition
• Target tracing: object – model binding
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3. Methods used in the experiments
In the course of my work, theorems and assertions from the field of ordinary and partial
differential equations, reported results on robustness and feasibility analysis connected to
nonlinear networks, methodologies related to neurobiological modeling were explored. The
biological modeling is based on morphological, pharmacological and neurophysiological
observations and measurements.
Designed CNN templates and algorithmic procedures were tested on software simulators,
such as the CANDY package and ALADDIN PRO 2.x, and on an industrial framework
embedding different Cellular Visual Microprocessors: ACE4k and CACE1k. The simulators
were developed in the Analogical and Neural Computing Laboratory. The implementation
independent description of the developed methods was completed in different "CNN
languages" (template, UMF, Alpha, AMC) ensuring their applicability on different hardware
platforms. During the design process the VLSI implementation complexity was minimized,
therefore, for solving various tasks only nearest neighbor templates were required. Most of
these are linear interaction operators (templates) that can be tested on existing VLSI prototype
systems or nonlinear operators with simple nonlinear interactions. These operators are
expected to be built in the near future. In software simulations, the numerical integration of
coupled ordinary differential equations was based on first order adaptive explicit Euler
formula. In certain cases, for validation, a higher order (fourth order Runge-Kutta) formula
could also be used.
The experiments and research efforts were interdisciplinary. A number of analyses were
performed in a close cooperation with neurobiologists. In retina modeling experiments,
observations and guidance of biologists supported the synthesis and analysis of various CNN
based models.

4. New scientific results
1. Thesis: Establishing a sophisticated hardware implemented mammalian retina
model based on neurobiological data; Chapter 2
I have shown that a qualitatively correct typical mammalian retina can be build with the
cellular nonlinear network (CNN) technology, which can be implemented on silicon as a
programmable analog very large-scale integrated (VLSI) chip. I have designed different celllayers of the retina with space-invariant nearest neighbor interactions and monotonic
continuous synaptic characteristics. In the verification process, the spatio-temporal patterns of
the model output were compared to the experimental data recorded from rabbit retina.
Published in IJBC, CTA, ISCAS, CNNA, ECCTD
1.1

I defined the structure of the multi-layer CNN retina model and described a
method for its tuning.
I have worked out the structure of the multi-layer mammalian retina model based on
morphology and electro-physiological measurements. The building blocks of the model are
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the nonlinear abstract neuron layers with special synapses. A method to tune the model
parameters and fine-tune the structure is developed and used it for model improvement
(tuning), confirmation (falsification), and robustness analysis. I have tuned the model to
qualitatively reproduce the electro-physiological measurements of several channels of the
rabbit retina. This is the first neuromorph mammalian retina model that reproduces some of
the measured outputs of several parallel channels.
1.2

The feasibility of implementing the developed multi-layer retina model on
analog VLSI chips
I have worked out how to implement the developed multi-layer retina model on VLSI chips
using decompositions in three domains: spatial, temporal, and structural. The method to
transform the originally multi-layer, temporally continuous retina model to the general
purpose, programmable, complex-kernel cellular nonlinear network universal machine (CNNUM) is given as an analogic (analog transient and logic) algorithm. This analogic algorithm, the
decomposed model blocks, was implemented on a hardware implementation of the complexkernel CNN-UM, the CACE1k chip. In summary, I defined the steps and gave a method, to
establish a qualitatively correct retina model starting from the neurobiological findings
through the CNN model until the hardware implementation.
2. Thesis: I implemented an efficient analogic algorithm, based on a measured retinal
function, to detect rapid global changes in the visual scene; Chapter 3
I designed an algorithm based on the properties of the rapid global change suppression
global spatial-temporal event. The steps of the algorithm are the following: difference
calculation, spatial integration, influence expansion, and transient inhibition. This algorithm is
implemented on a general purpose CNN-UM chip (ACE4k) therefore it became an on-line,
real-time tool to detect sudden global changes in the input video-flow. The algorithm can be
plugged into the retina model as a special retina function block.
Published in JCSC, ISCAS03
3. Thesis: On-line learning on the CNN-UM architecture, classification with neural
networks; Chapter 4
The typical implementation of the artificial neural networks is simulation; although some
custom designed processors have been proposed. However, these processors should be
integrated into the commonly used framework. I have developed a method to transform the
general feed-forward neural networks to the CNN-UM platform based on state distribution.
Thus the original network can be computed in the general purpose, programmable, parallel
CNN-UM environment as an analogic algorithm. The method was used to efficiently
implement the adaptive resonance theory (ART) network.
Published in IJNS, CNNA02, ECCTD03

91

3.1

I designed a method to transform the general feed-forward artificial neural
networks to the CNN-UM platform.
The key of the method is how to represent the weights of the general feed-forward neural
networks by the states of cells in the CNN array. I have applied state distribution for this
purpose, which is followed by the parallel computation of the CNN-UM as an analogic
algorithm. Finally the state aggregation collects the results. The method makes possible to
efficiently employ the widely used artificial neural networks on CNN-UM, which can be
implemented in a general-purpose hardware. The logic of the transformed analogic algorithms
depend on the type of the network, but can be built up from a few simple subroutines, which
are given for both binary and grayscale cases: state aggregation, hard-limited output
computation, winner selection, and new node creation.
3.2: I implemented the ART classification network on a CNN-UM chip.
I have shown how to implement the ART network on the CNN-UM architecture. The
original algorithm is modified to be suitable for real-time computing and I have derived the
optimal binary decision functions: a choice function to select the most similar category, a
match function to reject the inappropriate categories, and a learning function to update the
category prototype. The algorithm is suitable to cluster the input vectors into self-generated
categories with adjustable resolution or can be applied for supervised classification without
predefining the number of categories. The algorithm is convergent, stable, robust, and its
execution time is independent of the number of the existing categories and features. The
method is implemented on the ACE4k cellular visual microprocessor, which can handle
maximum 32 features in 64 categories.

5. New practical results
•

I designed a model framework to describe cellular networks composed by several
common analog neurons, where only the key parameters should be set, but the system is
still neuromorph. I have shown how this framework can be transformed into CNN
differential equations.

•

I analyzed the previously described model framework and in some typical cases I derived
explicit formulas for the overshoot and the time to reach the peak value of the transient. I
derived the possible exponential transfer functions for the models.

•

I derived an explicit and adaptive-stepsize integration formula, which has only small extra
cost plus uses no back-step and speeds up the simulation tremendously.

•

I tuned the retina model to qualitatively reproduce the rabbit retina measurements.

•

I applied the rapid global change suppression algorithm successfully for video-shot
detection.
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