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1. Introduction
This dissertation is preceded already by about a decade long research of Cellular
Neural/Nonlinear Networks (CNN). There is no space to give a detailed review of this
period here, but it is important to sketch, what the trends were and what the state was
of the art of CNN research when I started my Ph.D. studies in 1997, to understand better the topic of this dissertation.
At that time, Cellular Neural Network was already a theoretically well-established
computing paradigm. The hardware implementation was in progress, and it was a fascinating question whether it would lead to a break through in application. Under this
circumstances the research for practical applications had a prosper. At the beginning
of my research many ideas were coming up, and it was in trend to write papers about
such applications, where the possibility and advantage of the application of CNN was
outlined.
As the hardware realizations of the CNN Universal Machine (CNN-UM) appeared
the claim to have important applications, which can be implemented on these chips
became more rigorous: the research community is searching for so called “killer applications”. I intended real-time, adaptive image sensing and enhancement as a candidate for such an application and I will give some reasons for this later.
It is common in CNN research and fruitful in general to involve in the models the
inspiration of the biological solutions. It is well known: natural solutions are often
very genuine and efficient but not always. Therefore my first priority objective was
efficiency and not biological relevance. According to this, the methods presented in
this dissertation are biologically inspired but they are far from to be accomplished
models from a neurobiological viewpoint. Both topics studied in this thesis are principally developed to move significantly further the applicability of Cellular Neural
Networks.
The dissertation is arranged as follows: Chapter 2 describes the paradigm of the
Cellular Neural Networks, both the theory and hardware realizations of the network
are described. General thoughts about using the CNN for image processing tasks are
also outlined.
In Chapter 3 a brief description of some relevant topics of neurobiology is given.
This summary is far from an expert neurobiological overview. Only a simplified view
is presented of the related topics. Some important aspects are summarized, which are
important for the topics of the dissertation.
Chapter 4 deals with the supervised learning of the CNN. The general theory of
supervised learning of neural networks is drawn up and the results, specific to the
CNN are also presented. Following a method of gradient based, supervised learning of
the CNN is described. Finally, the method of computing the gradients with a modified
CNN architecture is shown.
The topic of Chapter 5 is adaptive sensing with CNN. An adaptive method of image sensing using CNN is introduced and hardware realizations are also presented.
Finally, Chapter 6 consists of two methods of adaptive picture enhancement with
CNN. The first one is a single-step method, the second is a dynamic method. The second method solves the task by the equilibrium solution of a multi-layer system. The
possible hardware realizations of the two methods are also discussed.
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2. The paradigm of Cellular Neural Networks (CNN)
General theory of CNN
Cellular Neural Networks – as their name denotes – can be considered as special
neural networks. The special feature of the CNN is the interconnection structure of the
neurons. The restricted connection-configuration of the cells in the CNN is inspired
by the consideration about limits of VLSI realization. The accomplishment of full
connectivity of a neural network is a problem, which is difficult for the case when
large number of cells are present. There are two effects conflicting. First, a richer
connection-structure provides more computing capacity, second, it is problematic to
realize it in hardware. Consequently the development of a model with restricted but
powerful connection-structure had been important for a long time.
In Cellular Neural Networks the connectivity of the cells (sphere of influence) is
restricted to a certain distance (neighborhood). The most frequently applied architecture is a two dimensional grid. Figure 1 shows a CNN grid with the most common
nearest neighborhood connection-structure. This architecture seems to be implemented in VLSI easiest.
jth column

ith row

Figure 1. A 2-dimensional CNN defined on a square grid. The ij-th cell of the array is colored
by black, cells that fall within the sphere of influence of neighborhood radius r = 1 (the nearest
neighbors) by gray.

The paradigm of Cellular Neural Networks was introduced in [9]. The exact description of the topology of CNN is as follows. The cells lay on an MxN grid. Each
cell is connected to a neighborhood of radius r (usually r=1 or r=0). The neighborhood
of cell (i,j) is defined as follows

S(i, j) = {(k, l) : max(| k - i |, | j - l |≤ r})
(1)
The basic CNN is a single-layer network, equipped with feed-forward and feedback connections as well. The later ones contribute to the computational power significantly. Each cell has a state xij, input uij and output yij. The network- behavior is
determined and defined by these variables. The input uij is usually the input of the
computation as well. The first equation of (2) describes the evolution of the state of
the cell as a function of itself, the outputs in the cell’s neighborhood, and the inputs in
the cell’s neighborhood and the template parameters. This equation is called the state
equation. The second equation describes the output of a certain cell as a function of its
state. This is the output equation. The dynamics of the network is described by an
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equation system, if the input, and the template parameters and the initial states are
given.
A single layer, continuous-time, Cellular Neural Network with linear templates has
the following equations:
dxij (t )
dt

= − xij (t ) +

∑ A(k − i, j − l ) y

( k ,l )∈S r ( i , j )

kl

(t ) +

∑ B(k − i, j − l )u

( k ,l )∈S r ( i , j )

kl

(t ) + z

y i , j (t ) = f ( xij (t ))

(2)
In this equation the matrix A and B and the value z are the template-parameters,
which describe the operation of the network. These values are considered as the “programming” of the network, since the network is mostly used in a way, in which these
parameters are fixed, and they determine the dynamics of the network. The input is
considered to be given by the problem to be solved and the initial state is either considered to be given, or to be arbitrary, or to be a special value. In the third case the
initial state is also part of the programming. In some cases the input of the problem is
downloaded to the initial state of the network and the input of the network becomes a
part of the programming. Finally, in special cases the problem has two inputs and the
problem can be solved by downloading the first to the input of the network and the
other to the initial state.
These considerations are usual but optional: one could use a CNN network in different way also.
Application of CNN in image processing
Both the matrices X=[xij]MxN , U=[uij]MxN and Y=[yij]MxN are real valued. The domain of matrix Y is in the range [-1,1] and it is reasonable to consider the matrix U
also to be in this range. The state variable may step out of this range. If the input and
output of a particular problem is not in this domain a transformation is used.
On the other hand a pixel of a coloured image can be defined by three variables.
One of the possible coding-standards is the RGB-channel coding, in this dissertation
this will be assumed. This way a colored picture is decomposed into three matrixes,
which describe the intensity distribution of the Red, Green and Blue component in
space. These real valued matrices can be transformed to the range [-1,1].
Hardware realizations
As it was described, the programming of the Cellular Neural Network means basically the adjustment of the so-called template-variables. However to become an efficient programmable device, CNN needs additional extensions. The CNN executes a
parallel, analog operation, this can be extended with storage of the images, logical operations and others.
The design of the CNN Universal Machine (CNN-UM, [10]), a stored program
nonlinear array computer was motivated by these considerations. The architecture is
able to combine analog array operations with logic efficiently. Thus complex, socalled analogic algorithms become available, i.e. algorithms including analog and
logical operations as well. To ensure programmability, a global programming unit was
added to the array, and to make efficient reuse of intermediate results possible, 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 2.
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Figure 2. The architecture of the CNN Universal Machine, the analogic array supercomputer.
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Table 1. Comparison of the performance characteristics of different CNN Universal Chips.

Different analog VLSI implementations of CNN Universal Chips and comparison
of their performance characteristics are summarized in Table 1. All the chips were
tested in our laboratory except of the chip designed in Leuven. The first fully working
implementation that can run analogic algorithms is the 1995 mixed-signal version (it
has an optical input) from Seville (a revised version of the 1994 prototype that was
6

only partially functional). This chip, embedded into the CNN Prototyping System,
was used in various experiments validating some of the templates and algorithms to
be presented in later chapters. The most promising is certainly the latest version of
these implementations (see the last column). It has a 64x64 CNN array and in addition to the features shown in Table 1 allows the use of fixed-state map techniques,
global logical lines and ARAMs during the algorithm synthesis. It is expected that this
chip will be a good candidate in some industrial applications.
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3. Two aspects of plasticity in neurobiology
In the following chapter those two components of neural plasticity are described
which are important from the aspect of the three main theses of this dissertation. Because
of limited space there is no way even to sketch up the topic of general plasticity of the
neural system with the intent of completeness. The term plasticity was introduced by William James (Principles of psychology 1890). He writes: “Plasticity means the possession
of a structure weak enough to yield to an influence, but strong enough not to yield at
once.” Plasticity of the nervous system is the effect of interaction of many components.
Presumably one cannot understand it completely without modeling the complete nervous
system.
To understand plasticity more, one can maybe imagine better it’s opposite: rigidity.
Until recent years, information-processing systems were very rigid. Imagine a hardware,
which is designed for one purpose: it is able only to do what is programmed in it in a
strict way. It can not learn, and it can only handle inputs in a very narrow range. If the
tiniest part of it went wrong the complete system fails.
Contrary to this, our brain is able to make much more than what is programmed in the
genetic information, i.e. it is capable to learn “on-line”. It can work quite reliably among
various extreme inputs. It is also able to keep performance after minor injuries in an acceptable quality and restore its functionality satisfactory. The mechanism of this skill varies for the parts of the system and type of injury, but it is undoubtedly wonderful.
The mechanism of plasticity can be decomposed to various components and various
levels, but it is an „emergent” feature of all of these components. One may speak about
the regeneration ability of nerves and cells after injuries, the redundant structures, which
can replace each other, the ability of the different parts to take over the function of each
other, the adaptivity in sensing in different circumstances, about learning of the nervous
system and many other features. Let’s make a list:
Ontogenesis
Regeneration
Adaptation
Learning

The structure of our brain is not entirely genetically coded, but it
is developing “in use”, depending on the context and incoming information.
Human brain is able to recover its functions well after minor injuries.
It is able to work well with an extreme range of inputs by changing its inner state/structure accordingly.
It represents information in its structure and uses it in handling
new input.

Table 2. Types of plasticity

These functions are not distinct: for example ontogenetical development involves also
learning, and adaptation is also a special kind of learning and finally regeneration may
also occur in the way that a part of the brain learns the functionality of the other part,
which has broken down. Since these functions are interleaved it is plausible to speak
about an emergent feature consisting of them: plasticity.
For my purpose two aspects seems to be important: the first is the skill of learning,
which will be related to chapter 4 and the second is the adaptivity in sensing of the visual
system, which is an important source of results in chapter 5 and 6.
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The term “plasticity” is generally not used in computer sciences, however I think it
would be productive. One can recognize some features of latest computer systems, resembling the ability of the nervous system, and they surely can be referred as some kind
of basic adaptivity. To investigate at least some of the other features of plasticity is surely
one of the most challenging tasks of computer sciences.
The reason for omitting the designation “plasticity” in computer sciences may be that
these features are only developing most recently in information technology, and mainly
special features are realized by special methods, not as a complex plastic system. Nevertheless this notion seems to be suitable for biologically inspired systems, like neural networks and CNNs. In general computer technology artificial intelligence is the used denomination, which implicitly involves the features of plasticity.
3.1. Learning in nervous systems
Learning is not only involved in plasticity but also in intelligence. One can not imagine artificial intelligence, without learning, and this truth itself underlines the importance
of learning in CNN technology. Learning however is also important in plasticity, if adaptivity is considered. This fact connects this topic to the other topics of my dissertation.
It is already about a fifty-year-old paradigm that the neural basis of learning is connected to the synapses, and essentially it is true according to our knowledge today as
well1. In the theory of synaptic learning a basic contribution was done by Hebb [11]. This
theory has been considered as the main basis of neural learning since that time. Yet
Hebb's theory was based on behavioral psychology and it was only a neurobiological hypothesis explaining the psychological observations. It had no neurobiological verification
or detailed explanation at that time.
Since the exact biochemical mechanism of this synaptic learning was not known, there
was a wide space for inventing learning rules for artificial neural networks, when they
emerged in computer science (see for example [14]). The aim of studying artificial neural
networks usually was not to develop biological valid learning rules but to construct learning mechanism, which are efficient in applications.
On the other hand, later the biological theory of synaptic learning had also been investigated. Use-dependent long-term changes in synaptic efficacy are now thought to be a
basis for learning and memory. Long-term potentiation (LTP) was first discovered in the
hippocampus and published in [12]. Hippocampus is the brain area, which is responsible
for short-term memory (lasting few days), as it was presumptived by preceding studies.
The opposite mechanism is long-term depression (LTD), which was discovered later.
Both types of synaptic change are present in various brain structures.
These mechanisms can be considered as the realization of the Hebb-rule, which says
that the activity of the pre- and postsynaptic neurons influences the synaptic efficacy. For
example:

1

There are theories developing about a diffusion-like, non-connectivity based neural learning mechanism
in the brain, but it seems that this effect is a general inhibition or stimulation. This effect can influence the
neural activities and so it can be important in learning information but I think it is not the most important
process. I consider it as a secondary process at this time.
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If the pre-synaptic and post-synaptic cells are active simultaneously2, then the synapse
between them will be strengthen due to metabolical processes. It is important that this
rule is local and timing is important.
In artificial neural network one of the mostly applied supervised learning algorithm is
called back-propagation, which is a recursive procedure for computing the gradient of the
error in function of the weight parameters. It is not clear whether the same or a similar
process is present also in the brain. However, the rule of back-propagation is very similar
to the hebbian learning rule, presumably a back-propagation like learning mechanism can
be composed from hebbian neurons by using the appropriate structure3.
In unsupervised learning used for self-organizing networks the quantitative version of
the hebbian learning rule is used. It is already well understood what kind of learning such
a network is capable (see for example [13] and other publications of Erkki Oja).
In my dissertation I only consider supervised and back-propagating type learning of
CNNs. A CNN with unsupervised learning and hebbian-like learning rule would also be
an interesting topic.
3.2. Adaptivity in the visual system
The front end of the human visual system is the retina, which captures the visual input.
However, it is evident now that the retina is not only simply for capturing and coding the
stimuli, but a complex processing system is also involved in its layers. The visual information flow passing out from the eye goes in several ways and passes several switching
centers. The most important pathway for vision is going through the Lateral Geniculate
Nuclei to the primary visual cortex.
Since we are only interested in those adaptive features, which are related to the retina,
we focus on the visual processing on this part of the visual system.
In opposition to the artificial capturing devices, like photo and video cameras the human retina is a very complex and sophisticated system. It can sense one single photon and
it can also see in bright daylight. So one can say that the range of the suitable operation of
the eye clasps 12 order of magnitudes in intensity. It is widely known that the pupil takes
part in this adaptivity, but it is not so commonly known that the major part of this adaptation takes place in the photoreceptors themselves, and only a minor part is due to the pupil. We are interested here in the first part. This adaptation is not only a physical, local
adaptation of each photoreceptor but also a regional adaptation. This means that all receptors of a bright region are inhibited, and all receptors in a dark region are sensitized adequately, so that the pattern of that part of the picture is kept (recognized) in both cases.
This is the most fascinating in this phenomenon, and this is what we want to reconstruct
in our method.
Despite the eye, current video and photo cameras do not work properly if there is even
a fair less difference in the lighting condition. Although there is a possibility to adjust the
cameras, but this was not automated till the very latest development. Nowadays the cam2

“Simultaneous” means in fact a small time delay between the two activities. In computer science this is
omitted, because in synchronous networks simultaneous activities are synchronous.
3
Hebbian learning is generally modeled as a multiplication of neural activities. Back-propagation differs
from this only in that the error is fed-back and propagated backward by a process, where the recursive step
is a similar multiplication. The result of the multiplication is the change of the weights in both cases. Therefore - I think - it is possible to implement back-propagation with an appropriate hebbian based networkstructure
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eras adjust themselves automatically, but this adjustment is usually global, and not sensitive to regional changes. The analogy of such a system would be an eye with pupils without retinal adaptation.
To solve the problem of regional adaptation, regional computations need to be carried
out which is not possible in real-time with the current digital technology. If CNN is used,
then the demand of computations could be satisfied.
We know that our eye is capable to see bright and dark details in the same scene, this
means that there must be a regional intensity adaptation in our visual system. Similar
mechanism should be performed in cameras as well to have an increased dynamic input
range. This gives the idea of using a retinotopic architecture with parallel and local computations included.
The connection between the retina and CNN technology is twofold: first, CNN was inspired by the retina4. Second, there are general models of the retina implemented on CNN
[15]. These models cover the full “feature-space” of the retina by a complex model, but it
is difficult to realize them on-chip. In the future there is a possibility of constructing a
bionic-eye, which is an important inspiration of CNN research [16]. On the other hand, I
was not interested in modeling the whole, complex retina, only its adaptive features. Accordingly I was searching for simpler models, which are realizable at this time or in the
near future and so it can be applied in video and photo devices.

4. The supervised learning of CNN
Supervised learning is a widely used method in computing theory. There are advantages and drawbacks of this artificial-intelligence technique. Supervised learning can be
used in all tasks and for all architectures, where the following presumptions hold:
(i)
The task can be represented by appropriate samples.
(ii)
An error can be defined in function of the desired solutions of the samples and
actual outputs taking the inputs of the samples respectively.
(iii) A learning rule can be defined, related to this error.
The samples (S[1],S[2],…,S[L]) consists of inputs (U[1],U[2],…,U[L]) and desired outputs
(D[1],D[2],…,D[L]). The architecture produces the output (Y[1],Y[2],…,Y[L]), hence the error
(E[1],E[2],…,E[L]) can be computed.
The technique is to present the inputs, compute the errors and applying the learning rule
to minimize the overall error of the presented samples. The learning rule modifies something in the “program” P of the architecture according to the learning rule. The “program” can be a set of some parameters, or many values. In the case of neural networks,
the program is the set of weights. In the case of CNN - specifically - this weight-set is
called the template. The two structures are similar, and therefore the learning algorithm is
also analogous.
The schedule of presenting the samples and updating the program can be generally different: there are several kind of learning techniques: batch-mode, single-sample mode.

4

The main features that are similar are: local connectivity (receptive field), a 2D structure and a layered
architecture.
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The later consists of at least two types: random mode and ordered mode. Many possible
algorithms are available.
The task of supervised learning can be considered also as an optimization problem: the
error function of the sample-set is to be minimized as a function of the parameters constituting the program. As an optimization-problem, all optimization methods can be used as
a learning rule. Among the most common methods in supervised learning are the gradient-based methods.
There are many variations of gradient-based methods and many special improvements of
each variation. Also especially enhanced methods for special classes of learning tasks are
investigated. As I know, there is no special gradient-based method for CNN training. On
the other hand, several other training methods were already tested on CNN template
training ([27], [28] and [29]). The topic of this dissertation is not the improvement of the
gradient-based methods or other methods, but only the investigation of gradient computation for CNN.
The advantage of supervised learning is its generality: no special information is needed
about the task, only samples. An other possibility would be to use special knowledge in
automated training of CNN templates5 to achieve higher efficiency, but as I know there
are no issues in this topic: special knowledge is only used in human template design. It is
not trivial, how one could apply special knowledge about CNN templates used in template design in automated and general CNN template training.
Gradient based optimization is a technique, which uses local optimization (the gradient is
a local feature of the error function at the actual point) for global search. The drawback of
this method is the gap between the notion of global and local optimum. Local search
methods can find local optimums, but in general there is no guarantee that the global optimum can be found in this way. There are techniques trying to solve this problem, but
there are no generally guaranteed solutions so far. I think, there cannot be a general solution, because in general there is no logical inference from local optimum to global optimum. Hence if a global method cannot be applied, because of the nature of the problem,
and no special information is given, then I think, there is basically no better solution than
local search restarted from random initial points.
A possibility would be to make restarts of local searches intelligent by a technique, which
uses special knowledge related to CNN. We tried this possibility with the method of Andrew Boyan ([59]), but the results were ambiguous. The key was to find general features
of templates, which are efficient in learning.
The other drawback of supervised learning is the difference between the real problem and
its representation by the samples. This is called the sampling problem. If the architecture
learns the solution for the representation, it is not sure, that this is also a reasonable solution of the task. Efficient representation is needed and the architecture has to be able to
make a good generalization to the cases, which are not included in the samples.
The sampling is usually predefined, or tha task of human design. However there are aslo
methods for “optimal experiment design” also called “active learning”[73]. In these algo-
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Special knowledge means some features of the template, which influences the dynamics of CNN in a
known and direct way, and on the other hand, the dynamics of the network can also be related in an exact
way to the desired solution. If we have such knowledge and can incorporate it somehow in learning, it
would improve training.
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rithms the gradient of the network is often used, this underlines also the importance of
computing the gradient effectivelly.
Since the introduction of cellular neural networks [9], the design and training of CNN
has also been a major topic of research. A summary of template design methods can be
found in [18] (see [19], [21], [22] and [20]).
Supervised learning is only one of the CNN template design methods. It is a general
method, which can be applied without special knowledge about the CNN. There are also
special design methods that are based on special know-how.
Template design is most developed for
(i)
feed-forward,
(ii)
uncoupled,
(iii) coupled, binary input-binary output templates.
The study of CNN template training (CNN learning) has also been an important topic
ever since the first CNN conference CNNA’90 [23]. A comprehensive summary of the
early period of template design and learning can be found in [24] or [25].
Template training has been based on basically the same, mean square error concept.
However, various kinds of minimization methods were used for optimization of the error
function over the parameter space. These optimization methods are the gradient-based
methods [26]; the evolutionary methods (see [27] and [28]) and the statistical optimization methods [29].
4.1. Training of CNN with gradient-based methods
In [30] the methods used for computing or estimating gradients of neural networks are
summarized (for example, backpropagation-through-time and truncation). In general, it
can be stated that using exact gradients allows a wider range of templates to be trained
successfully, but places high demand on computational resources as well [26].
The conclusion of my work considering the question “which templates can be trained
with estimated gradients, and which can not?” can be summarized as follows. Uncoupled
and coupled but not propagating templates can be trained by estimated gradient. On the
other side, the training of propagating templates is difficult. They cannot be trained by
estimated gradients, since the information, which is lost by the „truncation”6, is essential
in the characterization of the propagation effects. Accordingly, the training of propagating templates requires the computation of exact gradients.
In the case of pure feed-forward networks, gradient computation can be solved with
back-propagation, which has been known from general neural network theory for a long
time. For recurrent networks recurrent back-propagation was introduced, which applies to
CNN as well. A general approach is network reciprocity ([33], [34] and [35]), which
automates the diagrammatic derivation of the reciprocal network, computing the gradients of the original network for arbitrary network structures. This approach applies for all
networks, also for CNN.
In [31] and [32] a unified approach was presented for computing precise gradients of
multilayer discrete-time CNNs with nonlinear templates (DT-CNN) and continuous-time
CNNs (CT-CNN) respectively. However the main drawback of computing “complete”
6

The word “truncation” is used in [30] for the technique for computing estimated gradients instead of complete gradients.
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gradients is the huge demand on resources, which makes this method intractable for practical problems.
The main contribution of my work is to give a solution for the computation of “complete” gradients, which can be used for practical applications. The idea introduced here is
to show that the reciprocal networks of a CNN are also recurrent finite neighborhood
networks with the same neighborhood and order as the original network, and hence they
can be computed with the CNN hardware itself. Thus the high demand on computational
resources is fulfilled by a fast hardware solution.
The significance of this possibility is underlined by the fact that in an analogic CNN
computer, the CNN Universal Machine (see [36]) stored program can be defined to calculate the gradients via the same hardware.
Once we are able to calculate the gradients various architectural possibilities for adaptation and plasticity are available (see [42], [43] and [44]) to use this information.
Computing the DT-CNN’s gradient
In this chapter discrete time cellular neural networks are considered. The DT-CNN I
consider resembles the DT-CNN described in [39].
Definition: A one layer, linear, space invariant DT-CNN is defined by
Γ=(f,A,B,z,I,X0,U), where:
− f is a (continuous and monotonically increasing) function R->R, the output function;
− A and B are real valued quadratic matrices of the size (2r+1)x(2r+1), the feedback
and feedforward templates;
− z is a real number, the bias;
− I∈N is the number of iterations;
− X0∈RMxN is a real valued matrix, the initial state;
− U(1),…,U(I) each ∈RMxN is a series of real valued matrices of the same size as X0
(U(n)=[ui,j(n)]MxN), U is usually fixed in time, the external input.
The CNN has the size of MxN and the neighborhood size is (2r+1)x(2r+1).
If X=(X(0),X(1),…,X(I)), X(n)=[xi,j(n)]MxN, Y=(Y(0),Y(1),…,Y(I)), Y(n)=[yi,j(n)]MxN,
(X,Y)=Ω(Γ) denotes the state and the output series of the DT-CNN, they are to be defined by an iterative computation as:

xi , j (n + 1) =

∑

( k ,l )∈S r ( i , j )

A(k − i, l − j ) y k ,l (n) +

∑ B(k − i, l − j )u

( k ,l )∈S r ( i , j )

k ,l

( n) + z

y i , j (n + 1) = f ( xi , j (n + 1))
X ( 0) = X 0
(3)
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Where
− n is the discrete time, n∈{1,2,..,I};
− xij(n), yij(n), uij(n) are the state, the output, and the input of the actual cell, respectively, at the n-th iteration;
− z is the threshold (bias, off-set);
− A(ν,µ), B(ν,µ) are the feedback and feed-forward templates from the output and from
the input respectively, note that ν,µ∈{-r,-r+1,…,-1,0,1,…,r-1,r};
− Sr is the (2r+1)x(2r+1) neighborhood of the actual cell;
Sr(i,j)={(k,l): max{|k-i|,|j-l|}≤r}
− f(.) is the output function.
Equation (3) can be written in a matrix equation using convolution operators:
X(n+1)=A*Y(n)+B*U(n)+z
(4)
where the operator ‘*’ means convolution of matrices, defined as:

⎡
⎤
A * Y = ⎢ ∑ A(k − i, l − j ) yk ,l (n)⎥
⎣( k ,l )∈S r ( i , j )
⎦ ( i , j )∈MxN
The network and output equation together can also be expressed as a single function
like:
Y(n+1)=N(f,Y(n),U(n),A,B,Z)=f(A*Y(n)+B*U(n)+z)
(5)
Here applying the real valued function f to a matrix is meant as an array operation:
f([xi,j])= [f(xi,j)]
DT-CNN can be considered as a recurrent system of the one layer feed-forward network N, as it is shown in Figure 3. This view of a recurrent network is often used as it
shows the global structure.
X0
U(n)
Y(n)

B
A

N

X(n)

Y(n+1)

z

q

-1

Figure 3 The discrete time cellular neural network as a recurrent system of a feed-forward
network. q is the unit delay
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Another, widely used representation is to “unfold” the recurrent network in time.
Figure 4 shows the network “unfolded” in time.

N

X(1)

( A, B, z )

U(I)

U(2)

U(1)

Y(1)

N

X(2)

Y(2)

N

Y(I-1)

( A, B, z )

X(I)

Y(I)

( A, B, z )

Figure 4 The DT-CNN “unfolded” in time

It is important that in spite of the pure, feed-forward multilayer networks, in the recurrent network the subnetworks, denoted by N, are identical, i.e. the weights are identical
respectively, so they are not different layers but the same layer of the network.
I also introduce another function Nx for the network equation part:
X(n+1)=Nx(Y(n),U(n),A,B,Z)=A*Y(n)+B*U(n)+z or
xi, j (n) = Nix, j (Y (n),U(n), A, B, z) =

∑

(k ,l )∈Sr (i, j )

A(k − i, l − j) yk,l (n) +

∑B(k − i,l − j)u

(k ,l )∈Sr (i, j )

k ,l

(n) + z
(6)

Using Nx, N can be written as:
Y(n+1)=N(Y(n),U(n),A,B,Z)=f(X(n+1))=f(Nx(Y(n),U(n),A,B,Z))

(7)
where f is the output function. Nx is actually the left side of the network equation (3).
These notations will be used later.
For a given input, the parameters A, B and z determine the output of the CNN, i.e.
these template-elements determine the behavior of the network. Consequently this parameter set can be considered as the program of the network and it is denoted as
P=A∪B∪z. One template-element is denoted by p∈P. If the input is fixed in time, i.e.
U(n)=U, the DT-CNN in fact implements a mapping from the input U to the final output
Y=Y(I).
Y=F(U,P)
(8)
Note that in many other cases the CNN is used as a mapping from the initial state to
the final output, i.e. Y=F(X0,P) or Y=F(X0,U,P).
The goal of designing a DT-CNN is to find values for the parameters P that solve by
this mapping a specific task, for example edge detection. Supervised learning solves this
design task with the help of a given training set, which consists of input patterns
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U[1],U[2],…,U[L] (or X0[1],X0[2],…,X0[L]) and of the corresponding desired output patterns
respectively: D[1],D[2],…,D[L]. D[m]=[d[m]i,j]MxN.
The DT-CNN computes for every input pattern an output:
Y[m]=F(U[m],P)
The error corresponding to the mth training pattern can be defined as:

E [m] (P) = 12 | D [m] - Y [m] (P) | 2 =

1
2

∑∑ (d
i

[ m]
i, j

j

(9)

− y i[,mj ] ( P )) 2 = 12 ∑∑ ei[,mj ]
i

j

(10)
The accumulated error can be computed over the entire training set as:
L

[ m]
E( P) = ∑ E (P)
m =1

(11)
The expected error of an arbitrary pattern is estimated in this way. The aim of supervised training is to find the parameters, which minimize the overall error.
Popt : (∀ P)( E ( Popt ) ≤ E ( P))

(12)
where Popt is the optimal solution. If the training set is correctly selected, then the optimal parameter values for the training set are expected to be the solution for the given
task as well. The selection of a suitable training set for a certain image-processing task is
made by human at this time. As I mentioned, I consider gradient based optimization,
therefore the gradient will be computed. How this gradient is used in optimization varies
in various methods, this is not the topic of my dissertation, and I only care with the computation of the gradient. The gradient can be expressed using the chain rule as follows:
L
L
∂ei[,mj ] ( P )
∂ei[,mj ] ( P) ∂y i[,mj ] ( P )
∂E [ m ] ( P)
dE ( P)
=∑
= ∑∑∑
= ∑∑∑ [ m ]
=
∂p
∂p
∂p
dp
m =1
m =1 i
j
m
i
j ∂y i , j ( P )
L

= −∑∑∑ (d
m =1 i

j

[m]
i, j

−y

[m]
i, j

)

dy i[,mj ]
dp

(13)
Henceforth the index of the training pattern will be omitted. I will consider an arbitrary but given parameter-set P, and the dependency of the outputs and states respective
to the parameter-set P is omitted in notation, since it is obvious. For an arbitrary training
pattern m and parameter-set P, Y will denote the final output and Y(n) means the output
at time n.
Using (7) and the chain-rule expansion, the following closed expression can be deduced for the derivative dyi,j(n)/dp.
dyi , j (n + 1)
dp

∂N ijx
∂N ix, j
dyk ,l (n)
dp
∂f
= ( xi , j (n + 1))(
(Y (n),U , P) + ∑∑
(Y (n),U (n), P)
)
dp k l ∂y k ,l
∂x
∂p
dp
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(14)
where dp/dp is certainly 1. The derivative of the output function is written in short as:

∂f
( xi , j (n + 1)) = f ' ( xi , j (n + 1))
∂x
It is furthermore important that the sums can be computed in a finite neighborhood,
since they are zero outsides of this neighborhood:
(k , l ) ∉ S r (i, j ) ⇒

(k , l ) ∈ S r (i, j ) ⇒

∂N ix, j
∂y k ,l (n)

∂N ix, j
∂y k ,l (n)

(Y (n),U , P ) = 0 and

(Y (n),U , P ) = A(k − i, l − j )

This is a key-element and the main conclusion can be written in a non-formal form according to the above equations as follows: if the structure of dependency of a network is
given, then the basic structure of the dependency of the derivatives is the same. Therefore
the gradient computation of a finite-neighborhood network includes also finiteneighborhood computations.
The closed expression in (14) simplifies to an equation, which uses finite convolution:
dy i , j (n + 1)
dp

= f ' ( xi , j (n + 1))(

∂N ijx
∂p

(Y (n),U , P ) +

∑

A(k − i, l − j )

dy k ,l (n)

( k ,l )∈S ( i , j )

dp

)

(15)
For convenience, let us introduce a new variable for the different kind of derivatives
that are computed:
dpi, j(n) =

dyi, j(n)
dp

where p is an element of A or B or z. The matrix Dp(n)=[dpi,j(n)]MxN is introduced as
well. Note that using this variable the gradient can be computed as:
L
dE ( P)
= −∑∑∑ (d i[,mj ] − y i[,mj ] )dp i[,mj ] ( I )
dp
m =1 i
j

Now equation (15) can be rewritten using notation dpi,j(n) as:

dpi , j (n + 1) = f ' ( xi , j (n + 1))(

∂N ijx
∂p

(Y (n),U , P) +

∑ A(k − i, j − l )dp

( k , l )∈S r ( i , j )

k ,l

( n))
(16)

This can be written in a matrix equation form as:
∂N x
Dp (n + 1) = f ' ( X (n + 1)). * (
(Y (n),U , P) + A * Dp(n))
∂p
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(17)
where the output operator ‘.*’ means element by element array multiplication as used
for example in MATLAB.
This equation is a closed expression, which has to be iterated to compute the gradients.
For the various parameters only the term ∂Nx/∂p varies in this equation, the remaining
part of the equation is the same for all the type of the parameters.
∂Nx/∂p can be considered as the part of the derivative, which is due to the nth iteration,
on the other hand A*Dp(n) can be considered as the part “inherited” from the previous
iteration. This approach resembles to the BTT approach of the reciprocal network model
in paper [33].
Now we can write the different equations for computing derivatives of the different
kinds of parameters. In the case of p=A(ν,µ) (dpi,j(n)=dyi,j(n)/dA(ν,µ)):

∂N ijx
∂A(ν , µ )

(Y (n),U , P) = y i +ν , j + µ (n)

and thus equation (16) can be written as:
dpi , j (n + 1) = f ' ( xi , j (n + 1))( yi +ν , j + µ (n) +

∑ A(k − i, l − j )dp

( k , l )∈S r ( i , j )

k ,l

( n))
(18)

In the case of a B template (p=B(ν,µ), dpi,j(n)=dyi,j(n)/dB(ν,µ)):

∂N ijx
∂B(ν, µ)

(Y(n ), U, P) = u i + ν , j+ µ (n )

Consequently the reciprocal network equation becomes like:
dpi , j (n + 1) = f ' ( xi , j (n + 1))(ui +ν , j + µ (n) +

∑ A(k − i, l − j )dp

( k , l )∈S r ( i , j )

k ,l

( n))
(19)

if z, i.e. the current is considered (p=z, dpi,j(n)=dyi,j(n)/dz):
∂N ijx
∂z

(Y (n),U , P) = 1

and - using this - the equation for z reduces to:
dpi , j (n + 1) = f ' ( xi , j (n + 1))(1 +

∑ A(k − i, l − j )dp

( k , l )∈S r ( i , j )

k ,l

( n))

(20)
For all the parameters Dp(0)=0. With this, the computation of the gradients is accomplished.
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4.1.1.
Computing the gradient with the DT-CNN itself
The question is whether this computation can be carried out with the DT-CNN itself.
Let us first introduce the following SHIFT templates (see. [40]).
⎧1 if
E ν ,µ (k , l ) = ⎨
⎩0

(k , l ) = (ν , µ )⎫
⎬
otherwise ⎭

Equations (18), (19) and (20) are all similar to the DT-CNN equations: they all consist
of an input added to the convolution A*Dp(n). For example (18) can be written as:
Dp(n+1)=f’(X(n+1)).*(A*Dp(n)+Eν,µ*Y(n))
Dp(0)=0
This equation is in fact a DT-CNN equation with a feedback template A and a feedforward template Eν,µ and with the input Y(n), which changes in time. This reciprocal
DT-CNN however has the output function of multiplication with f’(X(n+1)), which
changes in time and space.
For computing the gradients, 2(2r+1)2+1 separate reciprocal DT-CNNs are needed.
This means – for example- 19 reciprocal DT-CNNs if the original DT-CNN had a 3x3
neighborhood. The equations of the reciprocal DT-CNNs have the following form:
NA(ν,µ)(Dp(n),Y(n))=N(f’(X(n)).*,Dp(n),Y(n),A,Eν,µ,0)
NB(ν,µ)(Dp(n),Y(n))=N(f’(X(n)).*,Dp(n),U,A,Eν,µ,0)
Nz(Dp(n),Y(n))=N(f’(X(n)).*,Dp(n),1,A,E0,0,0)
Figure 5 shows the reciprocal network for computing the derivatives of a specific parameter p.

Y(0)

Np

Y(1)

Dp(1)

Np

Y(I-1)

Dp(2)

Dp(I-1)

Np

Dp(I)

Figure 5 The reciprocal network for computing the derivative of a parameter belonging to the
template. Y(n) is the output of the original network at time n, which is given as input for the
reciprocal network.

This reciprocal network can also be folded into a recurrent network as shown in Figure
6.
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Y(n)

Np

Dp(n)

Dp(n+1)

q-1
Figure 6 Reciprocal network for computing the partial derivative of the parameter p of the
original network

Let us denote this reciprocal CNN as CNNp, where p denotes the different parameters.
Figure 7 summarizes the method of supervised learning with reciprocal CNNs.
X(0),X(1),…,X(I)
Y(0),Y(1),…,Y(I)

D
Y
CNN
to be trained

A

DA

z

Dz

B

DB

CNNA
CNNz
CNNB

U

Figure 7 Supervised training of DT-CNN with reciprocal DT-CNNs

Note that the networks marked as CNNA and CNNB actually correspond to several
networks. For example in the case of 3x3 neighborhood there are 9 reciprocal networks
for the A-template and 9 reciprocal networks for the B-template and one for the parameter z as well, i.e. 19 networks altogether. An outline of a learning algorithm is given in
Figure 8.
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Initialize A,B,z
repeat
for m in all training pattern do
(Y[m],X[m])=computeCNN(f,A,B,Z, X0[m],U[m]) //the original CNN
E[m]=D[m]-Y[m]
∆Z[m]=sum(E[m].*computeCNN(f’(X[m](n)).*,A,E,0,1))
z=gradient_method(z,∆z)
for (ν,µ) do
∆Aν,µ[m]=sum(E[m].*computeCNN(f’(X[m](n)).*,A,Ek,l,0,Y[m]))
Aν,µ=gradient_method(Aν,µ,∆Aν,µ [m])
∆Bν,µ [m]=sum(E[m].*computeCNN(f’(X[m](n)).*,A,Ek,l,0,U[m]))
Bν,µ=gradient_method(Bν,µ,∆Bν,µ)
end
end
until some appropriate terminating condition is true
Figure 8 Outline of the learning algorithm. In the algorithm the function “sum” computes the
sum of a matrix, the operation “.*” means element by element multiplication of identical sized
matrices and the function “computeCNN” computes the DT-CNN model with the given output
function, feedback, feed-forward templates, current and input. gradient_method is a function, which
updates the parameters using the actual value of the parameter and the gradient. Various gradientbased methods are available.

In addition it is worth noting that the reciprocal networks can be computed in parallel
with the original network. This means that the nth iteration of the reciprocal network has
simply to wait until the state X(n) and output Y(n) of the trained network is computed.
Consequently, it is not necessary to save the internal outputs Y(1),Y(2),…,Y(I-1) and internal states (X(0),X(1),…,X(I-1)). The actual state and output shall be fed into the reciprocal network as input and the network shall be synchronized.
The results can be formalized in the following statement.
Statement: If the DT-CNN is given by Γ=(f,A,B,z,I,X(0),U), and its output is
(X,Y)=Ω(Γ), then the partial derivatives of the template-elements of A, B and z can be
computed with the following recurrent DT-CNNs (see the definition in the second section).
Derivatives of A(ν,µ): ΓA(ν,µ)=(g,A,Eν,µ,0,I,0,Y)
Derivatives of B(ν,µ): ΓB(ν,µ)=(g,A,Eν,µ,0,I,0,U)
Derivatives of z: Γz=(g,A,E0,0,0,I,0,1)
where g(x)=(f’(X(n)).x) changes in time and point to point.
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4.1.2.
Test of gradient computation
For the experiment a specific output function had to be chosen.
fλ(x)=(1-e-λx)/(1+e-λx)
note that lim f λ ( x) = sign( x) , which is the standard output function for DT-CNN. On
λ →∞

the other side, the network itself is a CT-CNN.
The reason of chosing this function is that the derivative of the standard CT-CNN output function is too simple and problematic. The derivative is either 1 or 0 or not unique.
Therefore I have chosen a function which has a more interresting derivative.
My method was tested on training the task of the SHADOW template [8]. This is a
propagating template, which cannot be trained with simpler methods, as for example
truncation. The SHADOW template of the CT-CNN with standard potuput function is
defined as follows:

A=

0
0
0

0
2
0

0
2
0

B=

0
0
0

0
2
0

INPUT

0
0
0

z=

2

OUTPUT

Figure 9 Example for the shadow template image size: 117x121

Figure 9 shows the result of the template on an example picture. The computation of
the gradients is illustrated using this SHADOW-template task. The computed gradients
are compared to the gradients that are directly computed from the error surface E(P) (direct gradient).
Since only 2D surfaces can be visualized, a two-dimensional subspace of the parameter-space was chosen. These two parameters were z and one of the parameters in the A
template (A(0,0) or A(0,1) were chosen in the figures). The other parameters were fixed
to the values in the SHADOW template. Figure 10 shows the error surface of the sub23

space of parameters z and A(0,1) and for f(x)=sign(x). f(x)=sign(x) is the limit of the
function-series if λ→∞.

Figure 10 Average error surface of the SHADOW template in the case of f(x)=sign(x) and in the
subspace z and A(0,1) for the selected image.

It can be seen that for example z=1 and A(0,1)=1 is an optimal solution. Note that the
output function is sign(x) in this case that is the cause of the different solution compared
to the case of the standard CT-CNN. Gradient computation, and consequently optimization is strictly theoretically impossible in this case, since gradients are zero for large, nonoptimal convex cones [41] and infinite a some of the edges of this cones.
Therefore the continuation method [39] shall be used with the gradient method, which
means that λ is tuned from lower values to greater values during optimization. Figure 11
shows the error surface, for λ=1. The gradients are therefore from this point verified for
this output function and for the subspace of parameter z and A(0,0).
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Figure 11 Error surface of the SHADOW template if λ=1 in the subspace z and A(0,0).

Figure 11 shows that if λ=1 the gradient surfaces are smooth enough, consequently
gradient optimization is possible. However, in this case the surface is imperfect, i.e. the
optimum of λ=1 does not necessarily mach the optimum of the previous case. As λ increases the surface gets closer to the limit-surface, but the gradient values are more andmore extreme. As it was mentioned, the continuation method ttries to solve this problem
with an appropriate algorithm and this is not discussed here in details.
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Figure 12 Direct and computed gradients. a) direct b) computed

Figure 12 shows the comparison of the result of our method and the direct gradients,
which were computed directly from the error surface with the MATLAB function “gradient()”. Note that the analytical function of the error surface is not known, thus direct algebraic derivation is not possible. This means that in fact the direct gradients are inaccurate since they are computed from the discrete sampled error surface through a numerical
method. In fact not the direct gradients, but our method corresponds to the theoretical
gradient. The aim of this test is consequently just to illustrate, not to verify the accuracy
of our method.

(a)

(b)

Figure 13 Direct derivatives of parameter A(0,0) versus computed derivatives. a) direct
derivatives b) computed derivatives

Figure 13 and Figure 14 show the same gradients presented as surfaces. The qualitative match between the two surfaces is quite apparent.
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(a)

(b)

Figure 14 Direct derivatives of parameter z versus computed derivatives. a) direct derivatives b)
computed derivatives

Figure 15 shows the derivatives corresponding to the parameter z.
0

-0.5

estimated

-1

-1.5

-2

-2.5
-0.16

-0.14

-0.12

-0.1

-0.08
direct

-0.06

-0.04

-0.02

0

Figure 15 Direct derivatives of parameter z versus the computed derivatives

Corresponding direct gradients and computed are taken as one point and plotted in a
2D graph. The points are located in the third quarter of the coordinate system, i.e. all direct and computed gradients are zero or negative. It is apparent that for smaller (“smaller”
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and “larger” is meant in this section concerning the absolute values) values, the computation fits linear to the direct gradients, i.e. there is only a scaling difference. Larger values
have a larger spread. However, it is important that the sign of the gradient is always correct, that is, there are no sign errors.
1.5
1
0.5

estimated

0
-0.5
-1
-1.5
-2
-2.5
-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

direct

Figure 16 Direct derivatives of parameter A(0,0) versus computed derivatives.

Figure 16 shows the derivatives corresponding to the parameter A(0,0) compared in a
2D plot. Apparently the computed and direct gradients shows linear fit for small values in
the first and third quarters. The frequency of sign differences (points located in the second and forth quarter) between the computed and direct gradients is 2%. Moreover, these
discrepancies do not mean the defect of our method (since our method is analytically correct), they can arise due to the error of the direct, numerical gradients or as an effect of to
the numerical inaccuracy in computation.
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4.1.3.
Template training
The training of the SHADOW template was tested in the experiment. Training took
place in the 2D subspace of parameters z and A(0,1), i.e. all the values were fixed, except
the value of z and A(0,1). These two values had to be trained. The initial values were
A(0,1)=3 and z=-1, which correspond to a wrong template. The starting template was:

A=

0

0

0

0

2

3

0

0

0

B=

0

0

0

0

2

0

0

0

0

z=

-1

One test pattern of 7x7 pixels was used, applying the continuation method with
λ=0.1+0.005*#epoch, where #epoch is the number of the epoch. The desired output pattern was generated with the standard SHADOW template.
Usually a training set of many patterns is needed for template training. This is the case
for non-propagating templates. However - according to my observations - for propagating
templates the error surface and consequently the gradients have only a little variance in
function of the different patterns. This means that usually one representative pattern can
define the task sufficiently. The training resulted in the following template:

A=

0

0

0

0

2

2.25

0

0

0

B=

0

0

0

0

2

0

0

0

0

z=

0.69

which is already a correct shadow template, i.e. the result for this template is the same
as that of the standard SHADOW template in Figure 9. The error function during training
is plotted in Figure 17, it can be seen that it decreases to zero.
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Figure 17 The error function versus the epochs during training the SAHDOW template. Error is
normalized here with the area.

The gradient was normalized to a size of 0.1 in the beginning to speed up convergence.
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4.1.4.
On gradient optimization of propagating templates
As shown above, our method makes gradient computation of propagating templates
possible. Although exact gradients can be obtained, gradient optimization of propagating
templates is a difficult optimization task.
The first problem is that the standard output function of the DT-CNN f(x)=sign(x) is
not differentiable. This means that the error function consists of convex cones with different error values. The error function is not differentiable on the border of the mentioned
convex cones, and, on the other hand the gradient is zero inside of these “cones” as it can
be seen in Figure 10. The solution for this problem is the continuation method [39].
The second difficulty is that there are also problems with the smoothed error surface
of the continuation method at high λ values that can be seen clear in Figure 18. There are
large “plateaus”, where the error is high, but the gradient is low: for example, in the area
of z∈[-2,-1], A(0,1) ∈[2,3] (white region) the error is above 0.3, while the gradient is
near zero. If optimization is started at a point on such a “plane”, it will converge slowly.
However the region around the optimal solution (black region) has also small gradients,
but the error is practically zero. The gradient in this region with low error should be kept
small, since optimization should not move away from this region.

Figure 18 Error function if λ=1

I normalized the gradients if the error is large (to a given size), but kept it if the unnormalized error was near zero. Thus optimization advanced with a relatively constant
speed in the parameter space to the optimal area and stops there. The convergence of optimization thus decreased, but it was more confident .
The third problem is that using a continuous function deforms the error surface as it
can be seen by comparing Figure 10 and Figure 11. In fact the error surface is continuous
with respect to variable λ, however only discrete sampling of λ is possible. Hence the error surface may change suddenly if the continuation method is not used carefully. Optimization can lose its way to the optimal region due to the changing of the error surface.
On the other hand, the discrete changing of λ can cause a “shock wave effect” (see Figure
19) due to the fact that as λ increases, borders became sharper and sharper. As λ is in-
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creased with a discrete value, the actual parameter-point may “jump” over a slope, which
is between two regions and it finds itself on a high error region with low gradients or gradients pointing away from the optimal region. As a result the arriving “wave” does not
“force” the parameter point to the final, optimal area, however, the “sock wave”
“sweeps” it away. Gradient normalization may help to guide the parameters going back to
the optimal region, yet it is necessary to use continuation method with fine changing of λ.

Figure 19 The “sock wave effect”. The error surface is displayed for two λ’s. The same
parameter-point is marked on the surface with the red (in grayscale: the gray point in the lower
black area) point. The point gets behind the sharp “wall” in the discrete step from the first picture to
the second. a) λ=1.6 b) λ=1.8

The fourth problem is that there may be multiple local optima or slopes to the infinity
at the perimeter of the surface. Optimization may stock at these places. Multiple runs
with random distributed starting points are usually used to solve this problem.
To help optimization another possibility can be used, an additional error function,
which is defined using the final state, not the output.
E[m](p) =0.5(D[m]-X[m](p))2
where X is the final state. Compare the two error surfaces of Figure 10 and Figure 20
for example. The advantage of this function is, that far away from the orig the error asymptotically increases, and therefore the plateaus are decreasing to the center. On the
other hand, this modified error surface has nonzero gradient in those areas where the
original error surface had zero gradients, since if X=sign(Y) is not equal to Y.
With the modified error surface optimization reaches the center of the parameter space
easily (since the outer plateaus decline to the center). But the optimum of this error function is not necessary a solution. This alternative error function can only be applied as an
aid at the beginning of gradient optimization, but it should not be applied in the neighborhood of the optimum.
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a) Original error function

b) Modified error function

Figure 20 Comparing the original and the alternative error surface, using the final state. The
surface is better for optimization, gradients fall on the center region of the image, but the optimum of
this surface differs from the optimum of the original error surface. The optimal solution of this
surface is not a solution of the task.

As a summary it can be stated that gradient optimization of CNN templates requires a
sophisticated and intelligent algorithm.
4.2. Computation of CT-CNN’s gradient.
In the following the deduction of gradient computation is presented. First I define the
error function E(P) for a parameter-set (programming), then I deduce the equations,
which solve the computation of dE(P)/dp.
For an arbitrary parameter-set P an error function may be defined by considering the
specific image-processing task and the output, which was computed by the program P.
For example, the average mean-square error for a predefined image is as follows:

E ( P) =

1
∑ ( y i , j (T , P ) − d i , j ) 2
2 i, j

(21)
where y (T,P) is the computed output at the final time T and applying parameter set P,
and d is the value of the desired output. Both values are taken at the position (i,j).
Since from this point I always speak about one fixed but arbitrary parameter set P, the
abbreviations does not indicate this, i.e. the dependency of P is omitted from the notations (for example y(T) is used instead of y(T,P)).
For training (or other purposes) the partial derivatives of the error related to the parameters are fundamental:
dy (T )
dE ( P) dE ( P) dy (T )
=
= ∑ ( yi , j (T ) − d i , j ) i , j
dp
dy (T ) dp
dp
i, j
(22)
Other types of error functions may also be used, and for most of them, my results can
be applied by a trivial modification. In the case of an other function only the dE(P)/dy(T)
tag modifies, which can be computed easily.
Now some notations are introduced for the partial derivatives:
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δpyi , j (t ) =

dyi , j (t )
dp

, δpxi , j (t ) =

dxi , j (t )
dp

(23)
where p stands for one of the specific parameters. These abbreviations are used to
make the equations more perspicuous. The two variables y(t) and x(t) are the output and
state of the reciprocal network. It is obvious that the following equation holds for every
time t:

δypi , j (t ) =

∂f
( xi , j (t ))δxpi , j (t )
∂x

(24)
In order to compute the gradients the derivative of equation (2) has to be taken with
respect to the variable p.
dxij (t )
dxij (t )
dyi , j (t )
dA(k − i, j − l )
yi , j (t ) + ∑ A(k − i, j − l )
=−
+ ∑
dtdp
dp
dp
dp
( k ,l )∈S r ( i , j )
( k ,l )∈S r ( i , j )
duij (t ) dz
dB (k − i, j − l )
uij (t ) + ∑ B (k − i, j − l )
+
dp
dp
dp
( k ,l )∈S r ( i , j )
( k ,l )∈S r ( i , j )

∑

dyi , j (t )
dp

=

df ( xij (t )) dxij (t )
dxij (t )

dp

In this equation, dz/dp=0 and duij(t)/dp=0. Applying the previous definitions, these
equations can be rewritten as:
dxdpij (t )
dt

= − dxdpij (t ) +

dA(k − i, j − l )
y i , j (t ) + ∑ A(k − i, j − l )dydpi , j (t )
dp
( k ,l )∈S r ( i , j )
( k ,l )∈S r ( i , j )

∑

dB (k − i, j − l )
u ij (t )
dp
( k ,l )∈S r ( i , j )

∑

dydpi , j (t ) =

df ( xij (t ))
dxij (t )

dxdpij (t )

This equation simplifies, since some terms are zero.

dA( k − i, j − l )
= 1 if
dp
dA( k − i, j − l )
=0
dp

p = A( k − i, j − l )
otherwise

Similarly for the other term:
dB(k − i, j − l )
= 1 if
dp
dB( k − i, j − l )
=0
dp

p = B(k − i, j − l )
otherwise
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Therefore from this point the equations will be different for different kinds of parameters. The form of the resulting equations depending on the kind of parameter p is as follows.
If p=A(m,n) then the equation has the form of:
d 2 xi, j (t )
dtdp
+

=−

dxi, j (t )
dp

+

y k , l (t )
dA(k − i, j − l )
y k , l (t ) +
A(k − i, j − l )
+
∑
dp
dp
( k ,l )∈S (i, j )
(k ,l )∈S (i, j )

∑

d
(
∑ B(k − i, j − l )uk ,l (t ) +z)
dp (k ,l )∈S (i, j )

(25)
where the first sum reduces to one term, and the last term is 0. With the appropriate
substitutions the equation reduces to the form of:
d
δpxi , j (t ) = −δpxi , j (t ) + ∑ A( k − i, j − l )δpy k ,l (t ) + yi + m, j + n (t )
dt
k ,l∈S ( i , j )
(26)
Here one can see, why I used the abbreviations in (23): in this form you can see that
this is a CNN state-equation with specially denoted state and output variables. The state
of this CNN is denoted as δpx, the output variable is denoted as δpy and the input is
noted by y, since it is the output of the original network.
This means that the reciprocal network can be formulated as a CNN with the templates
A’=A, B’=1, z=0 and the input is the original output.
If p=B(m,n) the first sum is 0 in equation (25), and the last sum is ui+m,j+n(t), thus the
equation becomes of the following form:
d 2 xi , j (t )
dxi , j (t )
y (t )
=−
+ ∑ A(k − i, j − l ) k ,l +
dtdp
dp
dp
( k ,l )∈S ( i , j )

+ ui + m, j +n (t )
or using the notations:
d
δpxi , j (t ) = −δpxi, j (t ) + ∑ A( k − i, j − l )δpy k ,l (t ) +ui + m, j + n (t )
dt
k , l∈S (i , j )
(27)
This means that the templates of the reciprocal CNN are A’=A, B’=1, z=0 and the input of this network is the same as the input of the original network.
Finally if p=z then in equation (25) the first sum is 0, and the last sum is equal to 1,
thus the equation reduces to the following form:
d 2 xi , j ( t )
dxi , j (t )
y (t )
=−
+ ∑ A( k − i, j − l ) k ,l +1
dtdp
dp
dp
( k , l )∈S ( i , j )
and with using the notations:
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d
δpxi , j (t ) = −δpxi , j (t ) + ∑ A( k − i, j − l )δpy k ,l (t ) +1
dt
k , l∈S (i , j )
(28)
This means that the templates of the reciprocal CNN are A’=A, B’=0, z=1 and there is
no input.
The gradients have to be computed by integrating equations (26), (27) and (28) using
zero initial state δpxi,j(0)=0. δpyi,j(T) has to be taken and substituted into (22).
The only problem is the special output function in (24). If this output function can be
realized in the hardware, gradient computation can be carried out with the CNN itself
(see Figure 21).
For example in most of the CNN hardware realizations, the output function of the
original CNN is:
⎛ x if
⎜
f ( x ) = ⎜ 1 if
⎜ − 1 if
⎝

| x |≤ 1 ⎞
⎟
x >1 ⎟
x < −1⎟⎠

and thus

df ( x ) ⎛ 1 if
= ⎜⎜
dx
⎝ 0 if

| x |< 1⎞
⎟
| x |> 1⎟⎠

For x=1 or x=-1 the derivative is not unambiguous, but practically both 1 and 0 are
sufficient. This means that in this case the output equation of the reverse network is as
follows.
⎛ f (∂xpi , j (t )) if | ∂xpi , j (t ) |< 1⎞
δypi , j (t ) = ⎜⎜
⎟
otherwise ⎟⎠
0
⎝
which means that the original network can be used in cases, where the state does stay
in the interval ]-1,1[. If this is not the case, a masking process can be applied, which sets
the output to 0 if the state leaves the interval.
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U

Figure 21 Flowchart of on-line gradient computation via CNN and the reverse CNNs. The reverse
CNNs computing the gradients related to the different types of template parameters are denoted as
CNNA, CNNB, CNNz respectively.

If separate CNN chips are available for all the partial derivatives, which have to be
computed, then the gradient computation can be solved by using the reciprocal templates
and by connecting the chips (see Figure 21). The output and state of the original CNN
shall be fed into the reverse networks, which compute the partial derivatives. The time
demand of gradient computation is the same for one template parameter as for the computation of the original CNN.
If only one CNN chip is available, the gradient can be approximated by using the
CNN Universal Machine. The state and the output of the original CNN shall be sampled
and stored appropriately for approximating the state and the output as a function in time.
The analogic algorithm is as follows.
Compute the original transient for discrete time-steps
Store input and output
Compute the error
For all template parameter p
{
set the templates of the reciprocal CNN of p
compute the reverse CNN in discrete time-steps using the stored input and output
of the original transient
compute the gradient using the error and approximated derivatives
the result is the approximation of the gradient
}
In both cases on-line and fast gradient computation is possible, which is important for
training or adaptation purposes.
Since only the second possibility was available, therefore this was tested on chip. The
following diffusion template was used (Figure 22):
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0.1
1
0.1
0.15
0
0.15
A=
0.1 0.15 0.1

B=

0
0
0

0
0
0

0
0
0

z=

0

The center element of the template A was modified to p=a00=-0.1. The gradient for
this parameter was the question of the experiment. The advantage of using diffusion is
that there is no saturation, and all cells are in the linear domain. Therefore the term
δf/δxij(xij)=1, and there is no problem with it (no masking is needed). In this case the gradient computation can be established on the current architecture.
The transient of T=1τCNN was sampled in 10 discreet time steps. This gives an approximation of the changing output, and this was used as the input of the reverse CNN
computing the gradient. This means that y(t) was approximated with the series
y(0),y(0.1),..,y(1) and by a “stairway” function based on this points.
The gradient was computed by simulation and on chip as well, with the same method
presented above. The result is compared in Figure 23. We cannot determine the real gradient, since the closed formula of the integral of equation (26) is not known. Therefore I
assumed that the simulation approximates a good gradient and I made a comparison to
this value. The computed gradients are appropriate, since the center element should be
increased to achieve the desired template. The on-chip computation was not perfect, but
adequate.

b) Output (desired for training)

a) Input

Figure 22. The diffusion template. Note that it is only a short transient, to be in the linear region
when computing the derivates.
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a) output

b) desired

c) Derivative on chip, dE(P)/Adp=0.013

d) Derivative on simulator,
dE(P)/Adp=0.0146

Figure 23 a) Result of the modified template, b) desired result with the desired template, c) result
of computation on-chip, d) result of the approximation of the gradient on chip. The pictures show the
matrix [(y(T)ij-dij)dyij-(T)/dpij]ij. Both gradients are sufficient and comparable. Regrettably there
were also faults on the chip result. The overall contrast is larger on-chip, which can be tuned, if it is
important. The gray blur on the bottom-right of the black triangle in picture c is however
presumably a failure of the chip used. The colors code values was a linear function on the range [1,1]->[white,black].

4.3. Summary
It has been proven that the reciprocal networks of a CNN are recurrent networks with
the same connectivity and neighborhood as the original network. Consequently, the computation of gradients, which consumes a prohibitively large amount of resources, can be
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carried out basically with the same network structure. Thus gradient learning or gradient
based parameter adjustment can be done quickly and on-line. The time demand of gradient computation with such a chip would be the same for one template parameter as the
time demand of the computation of the original CNN itself. This way CNN may become
a compact, flexible device without the need of any external device for parameter optimization. The result was tested by simulation and on-chip as well.
The results are valid for single-layer CNNs with linear templates so far. However, they
can be similarly extended for multilayer CNNs and for nonlinear templates as well. This
is a subject of future research.
My experience has also shown that if gradient optimization is used for template training in practice, developing an intelligent and robust gradient algorithm is essential. The
development could be based on described above.
There are no stability issues examined in my dissertation. The cause of this is, that a
given T transient-time is assumed for the original CNN template, and accordingly also
the same T transient-time is applied for the adjoint (reciprocal) network. For a fnite tranzient with a given time the question of stability is not relevant.
In the following, I review how my results fit into a broader area of research. There are
various methods of optimization that are used in CNN template training. Evolutionary
and statistical methods are robust but they are slow since they require a large number of
epochs to explore the search space to find valuable hints (analogous to gradient). Moreover, these methods — although they work for a wide range of templates — require external (i.e., off-CNN) mechanisms typically implemented in software. Therefore, fast and
on-line learning is difficult with them.
Gradient methods were used for example in [24], [26] and [31], but there were some
troubles. One of them was that by using the standard output function, the error function is
non-continuous, i.e. also fragmented, which makes gradient information useless. So a
continuation method had to be introduced in [39]. The work in [30] summarizes gradient
computing methods for a network similar to CNN namely, for the Simultaneous Recurrent Network (SRN). In this work the finite neighborhood case is also discussed, thus this
network becomes very similar to a DT-CNN.
The computation of gradients for neural networks is a fundamental topic of research.
But one main challenge in gradient learning of CNN is that since CNN is a recurrent type
neural network, the gradient computation is not trivial. There exists an approach [33],
[34], and [35] for automatic generation of the so-called reciprocal network for arbitrary
(i.e. also recurrent) network structures, which computes the gradients of the original network. This approach can be used for CNNs as well.
The method of computing gradients for a CNN network can be established with the
help of using the above mentioned reciprocal-network approach, or specifically by the
simple, iterative use of the chain rule. We follow this way.
The results presented in this paper can be related to other research on this topic. More
specifically, I discuss my contribution in relation to three papers.
The first one is the paper of R. Tetzlaff and D. Wolf [31](and [32]) which introduces a
learning algorithm for the dynamics of CNN with nonlinear templates. It was shown that
the gradients for multilayer CNNs can, in general, be given with a recursive formula in
the case of DT-CNN or with a differential equation for CT-CNNs. In my thesis, I extend
this result by rigorously deriving exact analytical formulae for the gradients for single-
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layer CNN with linear templates and by showing that these gradients can be computed by
the CNN itself (i.e., no external mechanism is required for learning). Furthermore, I explicitly address image-processing tasks related to propagating templates.
The second paper is the work of P. Xiaozhong and Paul J. Werbos [30], which describes the basics of gradient optimization based training methods of the Simultaneous
Recurrent Networks (SRN). The paper describes backpropagation-through-time (BTT)
training and gradient computation for SRN’s among others. The case of local neighborhood connectivity is also discussed. A SRN with local neighborhood is very similar to a
DT-CNN, although the SRN is more complex since it consists of so called composite
cells. My work applies gradient-based training specialy to CNN (also CT-CNN is addresse) and the method of gradient computation is detailed.
The third paper is the work of T. Yang and L. O. Chua [38], which recognizes the possibility of realizing gradient computation for BTT with CNN. However their work is related to the training of SRN’s.
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5. Adaptive sensing with CNN
In recent years, a revolution started in the field of optical sensors. Considering sensor
arrays, it is an important progress that high resolution and locally programmable arrays
are available. A fast parallel device is needed for adaptive sensing to program the sensorarray real-time. CNNs are parallel computing, analog arrays, which are suitable for most
of the computation needed. Adaptive sensing is one of the ideal applications for the
planned CNN-type sensor-computers (see [45] and [55]), where both the 2D parallel architecture and the high speed are utilized, and the CNN-UM architecture is also supported.
Another progress can be recognized in the development of cam coders and digital
photo cameras. Cheap devices became available commercially and partly adaptive devices are coming up. Partly intelligent solutions with different hardware and software
were implemented. CNN Technology technically provides for a cheaper, more powerful,
more intelligent, smaller and less power consuming solution. A CNN-UM based visual
microprocessor chip could be built into a digital or video camera and adequately programmed. The resulting device would be able to capture images or video framesequences much more adaptively but real-time and may be more adjustable than other
solutions.
In adaptive sensing and image enhancement computation time is crucial, hence the application of a 2D, analogic, parallel computer, like the Cellular Neural Network Universal
Machine (CNN-UM [10]) may be important. It is significant to use operations that are
executable on currently available CNN-UM chips or which are likely available in the
near future [45], [55].
The adaptive CNN-UM architecture has been introduced in [45]. Among others, plasticity and variable resolution in space and time as well as the complex-cell are handled in
this architecture. Using this hardware, unlike in “smart sensors”, stored programmable
spatio-temporal computing is performed in the sensing-computing loop, interactively.
The key novelty here is the local, interactive, content dependent adaptation of sensors and
algorithms.
Accordingly my research in adaptive sensing lies in the framework of Interactive Content Dependent Adaptive (ICDA) image sensing. The method is interactive, because sensors are locally adjustable (programmable). It is content dependent, since the programming depends on the image content. Finally, it is adaptive, as programming is carried out
in order to make sensing more adaptive to regional changes.
Due to improper or uneven lighting conditions, important information may be lost during sensing. Adaptive sensing, in our case the adaptive control of the parameters of the
sensor can solve this problem. Parameter computation is based on the information available during the exposure; this technique may reduce information loss. Integrated sensorcomputers provide for a new and unique capacity as they dynamically control the sensors,
based on interactive computation.
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5.1.

Adaptive image sensing methods

5.1.1. Basic definitions
A grayscale image is represented by its 2D intensity distribution. The range of the values is [-1,1], according to the CNN convention (black=1, white=-1). The image is assumed to be sampled in space, i.e. I is a matrix of form I∈[-1,1]MxN, where MxN is the
size of the image. The intensity of pixel (x,y) is I(x,y).
Simple and complex measures may be and are developed for describing the quality of
an image. We are interested in a simple method, which describes point to point the worth
of an individual pixel in the image. For achieving adaptivity the measure should also involve information about the region of the pixel.
There are some evidently important basic features of the image. The most important
features are intensity and contrast. Other properties can also be involved, but now I deal
with these two most important and simplest one. The method can be improved further as
the advance of CNN-technology makes realization of more complex algorithms achievable. Figure 24 illustrates how the intensity and contrast influences the quality of the image. The images were taken from an experiment I made to demonstrate the role of intensity and contrast in the quality of the image. It can be found detailed in the Appendix.
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#2

#9

mean of intensity measure Ιµ=0.2207
mean of contrast measure Χµ=0.00075

mean of intensity measure Ιµ=0.2350
mean of contrast measure Χµ=0.01139

#11

#8

mean of intensity measure Ιµ=0.3311
mean of contrast measure Χµ= 0.0010

mean of intensity measure Ιµ= 0.4701
mean of contrast measure Χµ= 0.0226

Figure 24 The same image with different average contrast and intensity. #2) shows an image with
low contrast and intensity #9) shows an image, where the contrast is stronger, but the intensity is
roughly the same. Image #9) is better than image #2), because the contrast is stronger. Image #11)
shows an image, where the intensity is stronger, but the contrast is roughly the same as in image #2)
(it is very hard to increase the intensity of an image, without increasing the contrast). Image #11) is
better than image #2), because the intensity is stronger. The result of comparison of image #9) and
#11) is not so obvious, it depends on the subjective relative importance of contrast versus intensity.
However, image #8) is better than any image before, both contrast and intensity is here the strongest.

As it is shown, both intensity and contrast is an important characteristic, considering
image quality. Therefore both of them should be involved in the measure by weighting of
these features. The measures, which were illustrated, are the following ones. The mean
absolute intensity:
Ιµ =

∑ abs( I ( x, y) − I
x, y

MN

a

)
, where Ιa =

∑ I ( x, y )
x, y

MN

is the average intensity.

Ιµ is the intensity measure, and the sum is computed over the entire image area. Similarly the mean absolute contrast is computed as:
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∑ abs(C ( x, y ))

Χµ =

x, y

MN

where Χµ is the mean absolute contrast and C(x,y) is the contrast of pixel (x,y). The
contrast of the pixels can be measured by a simple template, which will be described later
(see Table 3).
I will use another measure also in the future. This measure only serves for analysis, it
is not a part of the current algorithm. The measure is known as shanonian information
content of the histogram of the image:

∑ pi log pi
Sµ = − i

MN

where pi is the number of occurrences of the ith color (intensity) in the picture. It is
known that the higher this measure is, the more information the image contains.
The shanonian measure can not be implemented easily on CNN technology currently,
therefore only contrast and intensity is used. Contrast is in one sense similar to the shanonian measure: both measure some deviation of the values. Contrast measures the size of
local deviation, information measures how even is the distribution of the histogram. So
there is no spatial information in shanonian measure. A high contrast image has usually
also a histogram distribution with large shanonian measure, but not always.
The mean intensity and contrast measure (Ιµ and Χµ) describes the overall quality of
the image. Local contrast and intensity (C(x,y) and I(x,y)) describes each pixel separately. The shannonian measure is global, it can not be reasonably defined locally. Maybe
one could be define it regionally but this is too complex for our algorithm.
For adaptive sensing a measure is needed, which is inbetween local and global. Hence
we need to measure intensity and contrast neither globally, nor locally, but regional. This
can be achieved by using a regional operator instead of a simple global summation. I used
a diffusion operator D, which is easy to be realized via CNN and involves the required
properties (moreover it is a very common known operator, see Table 3). Finite-time diffusion can also be considered as a weighted sum in a restricted neighborhood, so it is a
transition between local and global. If the diffusion operator is used, the measure describes how valuable the average square contrast and intensity is in a middle-sized neighborhood of the pixel.
Finally, the two features are weighted and added, instead of the absolute value, square
value is used, since it is easier to implement. The exact formulation is as follows:

Q( x, y ) := c1D(( I ( x, y ) − I a ) 2 ) + c2 D(C 2 ( x, y ))
(29)
where Q(x,y) is the measure of quality, c1 and c2 are parameters, I(x,y) is the intensity
of the pixel, C(x,y) is the contrast of the image at pixel (x,y) and D is some diffusion operator.
The following templates will be used in my method for measuring the quality Q:
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A=

0

0

0

0

1

0

0

0

0

-0.06 -0.06 -0.06
B=

-0.06 0.48 -0.06

z=

0

z=

0

-0.06 -0.06 -0.06

The CONTRAST template
0.1 0.15 0.1
A=

0.15

0

0.15

B=

0.1 0.15 0.1

0

0

0

0

0

0

0

0

0

The DIFFUS template
Table 3 The templates used in my algorithms

Based on this measure the adaptive image capturing method can be described as follows. It is assumed that an image-capturing device is available, in which the exposure
time, gain, contrast, brightness or other parameters can be adjusted pixel-wise. The idea
is to adjust this parameter (or more parameters) locally and globally so that the image
quality improves for each pixel. Thus a picture with a quite even and proper quality can
be captured.

5.1.2. Solution with ESLM
In our laboratory as a part of CNN research opto-electronical solutions are also investigated [70]. Thank to this7 I had the opportunity to try an opto-electronical solution. The
test system was installed from some devices, used in the Programmable Otpo-electronical
Computer (POAC) CNN-UM implementation.
The most important device here is an electronically programmable spatial light modulator (ESLM). This was placed before a standard CCD, and thus they together compose
an image-capturing device, which is electronically locally programmable. By adjusting
the ESLM locally we could fine-tune its permeability, which influences brightness, see
Figure 25.
Since the experiment was only a trial, the arrangement was not very accurate, I did not
expect a perfect result, only an unambiguous effect, demonstrating the possibility of such
a method. Accordingly only a simple algorithm was tried.
First a picture is to be taken with short exposition, to avoid over-saturation8. This picture is input of the adaptive algorithm. The adaptive algorithm’s output is a mask image,
which is downloaded to the ESLM. This mask image is intended to filter the input to the
CCD in a way, that bright parts are inhibited, while dark parts are adequately permeable.

7

Special thanks to László Orzó for helping me with assembling the optic device in this experiment.
I wish to emphasize with the word “over-saturation” the following. If a value reaches the upper limit of its
representation-range, then it is saturated. In the case, when it can be stated, that the value in real is higher
than the upper limit, then I call it over-saturated. I make this distinction to stress that information was lost.
If the histogram of an image is well equalized then it is saturated, but this is, what we wish. If its histogram
is stretched more and cut back, then information is lost, which is improper, therefore I name it oversaturated.
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programming

Computer/
CNN
picture

ESLM

CCD

Figure 25 Adaptive sensing configuration for a non-programmable capturing device, using
programmable optical filter. ESLM=Eelectronical Spatial Light Modulator, this is the device, used to
control the exposure pixelvise or regional. Usually this device is a transparent LCD (Liquid Crystal
Display). The computer takes a picture with short exposure and using this information it programs
the ESLM. After this the second picture is taken with a much longer exposure.

Let us denote the picture taken with a unit long exposition without saturation as I1. Let
us denote the first, short-exposition picture as IS. IS can be computed by as IS=tSI1, where
tS is the short exposition time (measured in the unit time of I1). The CCD has a finite region in representing intensity, therefore it cuts the picture to this interval, let denote this
operation as ∆. Thus the picture appearing on the output of the CCD is ∆(IL). With short
exposure we could assume that ∆(IL)= IL but we keep the denotation in the equations.
A mask has to be computed, which is to represent the designed local permeability of
the ESLM. This means, that it has to be a high value, where ∆(IL) is regionally low, and
vice versa. This can be done simply like this:
M=cD(-∆(IL))
Where c is a strengthening parameter and D is the diffusion operator. After downloading this mask to the ESLM, the final picture is taken, this can be modeled by a multiplication, since the ESLM operates like a pixel-vise multiplicator of its input and its content:
I=∆(tLM.*I1)
Where tL is a long exposition time and the operator “.*” is pixel-vise array multiplication like the same operator in Matlab. It is important that masking occurs before capturing, so the resulting image is much better, than it would without masking: ∆(tLI1), since
over-saturation is avoided, see Figure 26.
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a) Short exposition, -∆(tSI1)

b) Mask, M

c) Long exposition, ∆(tLI1)

d) Adaptive sensing, I

Figure 26. A simple ESLM realization of adaptive sensing. a) Short exposition image. Here there
is no over-saturation, but on the other hand, the dark regions are not visible. b) The mask computed
from image a), it is dark at bright regions and bright at dark regions. c) This is a long-exposition,
without mask. Dark regions become visible, but bright parts are over-saturated. d) Long exposition
picture, but with adaptive sensing. The mask in b) is downloaded to the ESLM, thus bright parts are
inhibited, while dark parts are permeable and become visible.
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5.1.3. Solution with adaptive CCD
Figure 27 shows the adaptive image-sensing systems. CNN receives information from
the camera, and programs local and global parameters of sensing in the camera, thus an
image of excellent quality can be achieved under various lighting conditions and scenarios.
Image
Programing
Camera

CNN-Chip

Figure 27 Image capturing system and adaptive sensing.

It is also possible to carry out image enhancement, noise filtering, or other image
processing tasks immediately on the captured image via the CNN if it is desired. For example, the image enhancement methods described later in this paper can be utilized as
well.

5.1.4. Simulation with contrast adjustment
Because of limited technical facilities the adaptive CCD solution was only tested with
a simulation-algorithm. A camera was available, in which the contrast could be adjusted,
but only globally. Contrast is very suitable for CNN, because by setting 0 contrast, the
image is gray (0), and by increasing contrast, the histogram of the image expands symmetrically to the range [-1,1]. When adjusting exposure time or shutter speed, the image
shall be transformed to the range [0,1].
Several pictures were taken with uniform adjustment and the method was simulated
through software. This means that the continuous method was simulated in 12 discrete
steps, i.e. with 12 pictures with increasing global contrast. Adaptive sensing was approximated by assembling a single picture from the 12 pictures according to the following algorithm.
Capturing a series of images with increasing global contrast
The image quality of all picture is measured pixel-wise
The image-series are evaluated, and for each pixel the first image’s value is taken,
where the quality achieving a constant. (If it is not achieved, the last image’s value is
taken)
The algorithm also can be formalized as:

(i)
(ii)
(iii)
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I (x,y)=Ik(x,y)(x,y), k(x,y)=min{l: Ql(x,y)≥q or l=κ}
Where Ik is the image captured at the k. time, Qk is the quality measure for this image,
q is the required quality and κ is the maximal index. The image-map for this discrete algorithm is k(x,y), it is called image-map, because can be considered as an image. Image
maps will be presented in a gray-scale coding, which codes the low indices as black and
high indices as white.
Figure 28 shows the 12 images and also illustrates the problem, which arises by conventional sensing. These pictures also illustrate the effect of adjusting the global parameter “contrast” in the camera.
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Picture #1 Ιµ=0.0798 Χµ= 0.0030 Sµ= 3.4292

Picture #2 Ιµ=0.1602 Χµ= 0.0047 Sµ=4.0994

Picture #3 Ιµ=0.2407 Χµ= 0.0063 Sµ=4.4944

Picture#4 Ιµ=0.3211 Χµ= 0.0079 Sµ=4.7764

Picture #5 Ιµ=0.4017 Χµ= 0.0094 Sµ=4.9851

Picture #6 Ιµ=0.4818 Χµ= 0.0110 Sµ=5.1703
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Picture #7 Ιµ=0.5601 Χµ= 0.0124 Sµ=5.1992

Picture #8 Ιµ=0.6296 Χµ= 0.0134 Sµ=5.0993

Picture #9 Ιµ=0.6897 Χµ= 0.0139 Sµ=4.7710

Picture #10 Ιµ=0.7360 Χµ= 0.0139 Sµ=4.3927

Picture #11 Ιµ=0.7722 Χµ= 0.0138 Sµ=4.0295

Picture #12 Ιµ=0.8012 Χµ= 0.0137 Sµ=3.7680

Figure 28 Images captured with increasing contrast. Contrast is increasing with the serial number of the image. The first images are not sharp enough (see histograms), however the last images are over-saturated in some regions (see boxes and histograms). The
histograms of the images show, that as the contrast (exposure time) is increased, the histogram “flattens” and later it accumulates at the two ends. The solution is to control contrast locally.
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Figure 29 This figure shows how the image quality changes in the image series. In order to get a
good view, the values of the different measures are all given in ratio of the maximum value of that
measure.

Figure 29 shows a graph illustrating how the image quality changes in the image series. The previously defined contrast, intensity and information measures are presented.
The plots illustrate how these measures change when the global contrast is increased in
the camera. For a better view, the values are normalized to the maximum values of the
series.
It can be seen that the decreasing of the contrast measure indicates over-saturation.
The break in the derivate of the intensity also indicates this, but the decrease of information indicates it most clearly. Unfortunately we cannot use the latest in my algorithm
now, since it is too complex for effective realization at present CNN technology. We
have to use the contrast information for this purpose. Certainly the measures in all the
images not only changes from image to image but also from region to region. This is why
a regional measure, an adaptive algorithm should be used.
Since the illumination of the scenario is usually not ideal, the different regions behave
differently. Some lighter areas over-saturate quickly, while some other areas remain dim
for a long time. The problem is that there is no picture of the presented slide-show, which
is perfect: some areas are perfect already with a low global contrast, while other areas
become satisfactory only later. In our simulation the solution is to assemble a perfect image from the image-series. In continuous operation the according solution is the real time
programming of the camera pixel-wise. The continuous method presumably creates an
even better result. Figure 30 shows the result of the so-called “assembling” algorithm.
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a) Small diffusion. Ιµ=0.5671 Χµ= 0.0136 Sµ=3.4719, weight of intensity=0,8, weight of contrast=30, limit quality=0.8, diffusion time=1τCNN

e) Imge map of a) black=minimum, white=maximum.

b) Large diffusion Ιµ=0.5587 Χµ= 0.0127 Sµ=3.4892, weight of intensity=0.8, weight of contrast=30, limit quality=0.8, diffusion
time=10τCNN

f) Image map of c) black=minimum, white=maximum.

Figure 30 Adaptive sensed images. The two images show the effect of applying diffusion with a
different range. a) is made with a short range diffusion, and b) with a longer one. Picture a) has
stronger contrast and intensity but the information content is less. The corresponding image maps
illustrate the difference more visible. Each pixel of the image map represents for the corresponding
pixel in the output the number of image in the series from which it was taken from. Using larger
diffusion makes the resulting image more even, this looks better, but important details can be lost.
The parameter of the diffusion-size is therefore a question of what we want: detailed or smoothed
picture?
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c) Small detail of a) (small diffusion)

d) Small detail of b) (large diffusion)

Figure 31 Comparison of a smaller sub-picture of the previous images. The difference that is
caused by the difference of the size of the diffusion can be seen here more explicitly. This difference is
very fine, i.e. the method is quite robust to the range of the diffusion.

In Figure 31 a smaller part of image a) and b) of Figure 30 is shown with a lager
zoom. Here you can see the effect of the size of diffusion. The effect is not so apparent.
It seems that the algorithm is robust to this parameter. If a larger diffusion-range is used,
the index map is smoother, and also the resulting image. But the larger diffusion has its
cost in computational time, and a too large range is not useful again, since the index map
will be totally even, it will not make differences.
In Figure 32 shows the effect of other parameter settings. This illustrates the capabality of the algorithm.
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a) Intensity weighted , contrast ignored, low
b) Intensity and contrast weighted, low qualquality limit Ιµ=0.6567 Χµ=0.0181 Sµ=4.7321 ity limit Ιµ=0.6247 Χµ=0.0163 Sµ=4.8932
weight of intensity=1, weight of contrast=0, weight of intensity=1, weight of contrast=3,
limit quality=0.7
limit quality=0.8

c) Intensity weighted, contrast weighted, med) Intensity weighted, contrast strongly
dium quality limit Ιµ=0.7413 Χµ=0.0176 weighted, high quality limit Ιµ=0.7666
Sµ=4.8449 weight of intensity=1, weight of con- Χµ=0.0147 Sµ=4.0486 weight of intensity=1,
trast=3, limit quality=1
weight of contrast=5, limit quality=1.3
Figure 32 Illustration of the parameter space of the method. a) the image quality threshold
parameter is 0.7, which is low, and contrast is not considered, since its parameter is zero. Therefore
the subjective visual quality of the image is not really high, especially at places where the sign of
intensities is the same over a region (see the box). In image b) parameter contrast is also involved,
and the required quality is slightly higher, respectively. This image has much better subjective visual
quality. The subjective visual quality of images b) and c) seems to be roughly the same, whereas the
settings are different. At image d) the contrast factor and the required quality is higher, but this does
not much improve the image. The cause of this could be that the image cannot be improved further.
The histogram shows, that the image is almost binary saturated.

Different settings may be used for the parameters in the quality measure (this means
parameter c1 , c2, q and the range of diffusion). Accordingly, the algorithm results in dif-
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ferent output pictures. These tests also demonstrate the effect of the range of diffusion
(see Figure 30) and the contrast content is an important factor, which improves the
method significantly (see Figure 33).

a) Involving contrast content. Ιµ=0.5587 Χµ= 0.0127
Sµ=3.4892, weight of intensity=0.8, weight of contrast=30, limit quality=0.8, diffusion time=10τCNN

c) Image map of a)

b) Disregarding contrast content.. Ιµ=0.6338 Χµ=
0.0157 Sµ=3.3468, weight of intensity=0.8, weight of contrast=0, limit quality=0.8, diffusion time=10τCNN

d) Image map of b)

Figure 33 Illustration of importance of contrast content. Contrast content is involved at picture a)
but neglected at picture b), The difference can excellently be observed comparing the image map:
involving contrast content make possible to “assembly” the image in a more manifold manner. The
difference can be observed also in the output image. Image b) is more intensive, but includes less
information.

An important effect should be noted which arises when the observer visually compares
the presented images. The adaptive mechanism of the visual system of the observer enhances the images itself, and applies a process similar to the technique presented here.
Therefore the differences in the images are not so unambiguous as in reality.
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a) Picture #40

b) adaptive sensed, weigt of intensity=1
weight of contrast=3, limit quality=1.2, diffusion time=10τCNN

Figure 34. Illustration through an image of an opened book with an uneven lighting.

a) Picture #40

b) adaptive sensed weigt of intensity=1
weight of contrast=5, limit quality=1.2, diffusion time=10τCNN

Figure 35. Illustration with a scenario with very strong lighting from the right, some glimering
objects and a picture in the background.

5.1.5. Simulation with controlling exposure time
This experiment is similar to the former in the sense that it is also a simulation with an
image-series. The series was taken with a digital camera9, and now the exposure time was
successively increased, see Figure 37.
As it can be seen the background of the picture is very dark, and the center is very
bright. The cause of this was first the uneven lighting, which was designed artificially by
us, and second the glimmer of the object, which produces high reflectivity.
On the images with low index, the details in the dark background are not recognizable,
but on images with higher indexes, the bright center is already over-saturated. There is no
one image, which is adequate for the entire area, and for different parts of the image dif9

The camera was supported by Viktor Gál and he helped me also to carry out the experiment in his flat.
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ferent pictures of the series are optimal. For example the sparky christmastree-decoration
is already over-saturated, while the plant in the background appears only after the 72-th
picture. The uneven lighting can be seen on the balls which are half-bright and half-dark,
see picture 66.
To illustrate the global effect in the series the three measures are again measured and
plotted as a function of the picture index. This can be seen in Figure 36. Note that the intensity in this graph is decreasing at the end, because at very high brightness, the average
of the image is also high and the average distance from this average decreases. In this
case inensity indicates over-saturation clearer than in the former simulation.
The ideal image for most of the regions lies somewhere between image 65 and 75. But
the figure is unable to show how the measures change from region to region. Figure 37
shows some of the images in the series.
1 ,2
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in te n s ity

0 ,6

c o n tr a s t
in f o r m a tio n
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0 ,2
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Figure 36. This figure shows the graph of the three measures in the image series. All measures are
normalized to the range [0,1] to show them in one graph. This means that the values are divided by
the maximal values in the series of the corresponding measure. The maximal values are the
following: 0.485 for intensity, 0.030 for contrast and 3.932 for information.
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#52 Ιµ=0.0688 Χµ=0.0093 Sµ=1.8216

#60 Ιµ=0.1948 Χµ=0.0182 Sµ=3.0601

#66 Ιµ=0.3645 Χµ= 0.031 Sµ=3.9322

#72 Ιµ=0.4780 Χµ=0.0301 Sµ=3.0274

#80 Ιµ=0.3148 Χµ=0.0112 Sµ=0.4375

#82 Ιµ=0.0430 Χµ=0.0049 Sµ=0.0000

Figure 37. Some pictures of the series. Exposition time increases with the index.

For each image the quality was measured, and for each pixel the image was chosen in
wich the quality was maximal.
k(x,y)=argmax(l){Ql(x,y)}
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where argmax(l){Ql(x,y)} means the value l, for which Ql(x,y) is maximal. The picture is assembled according to the map k(x,y):
I (x,y)=Ik(x,y)(x,y)
Figure 38 shows the result of this algorithm and also the corresponding index-map. It
can be seen that the algoritm selected the first images on the lower, brighter part of the
image (gray in the index map), and the last images for the darker background (black in
the index-map). This is what we intended to achieve.

a) c1=1, c2=1, d1=210

b) Az index-map

Figure 38. Adative sensing. a) is the output image and b) the index-map, white=49, black=83.

Unfortunatelly the image is not continuous enough. The cause is that the index-map is
not continuous. The picture is therefore a little bit curious, but it contains more information in the problematic areas: also at the glimmering foregroung and in the dark background.
To correct the error, diffusion is applied to the index map, to make it - and thus the
output image also - smoother.
k*=D(k)
The range of this diffusion will be denoted as d2 while the range applied inside the
quality measure as d1. The output image is assembled using the smoothed image map.
I (x,y)=Ifloor(k*(x,y))(x,y)
where floor is the function in MATLAB, which takes the iteger part of a real value
(rounds toward minus infinity). See the result in Figure 39. One can still see contour-lines
in this image, the cause is the discrete-simulation: the 31 images in the series are not
suceeding each other continuously enough in intensity levels, but there are intensity gaps
between them. This intensity gaps are appearing also in the contour-lines. The real, continuous method would avoid this.
Figure 40 shows an illustration of the effect of changing the ratio c1/c2
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a) Ιµ=0.3112 Χµ= 0.0392 Sµ=2.9095
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b) Index-map

Figure 39. Adaptive sensing with smothed index-map. a) Shows the output image and b) the
smoothed index-map. The contour-lines are only due to the discrete-simulation.

a) a) Ιµ=0.3112 Χµ= 0.0392 Sµ=2.9095
c1=1, c2=1, d1=210, d2=210

b) Ιµ=0.2128 Χµ= 0.0346 Sµ=3.4623
c1=1, c2=50, d1=210, d2=210

Figure 40. Illustration of the function of the ratio c1/c2. Since there is a maximalization in the
algorithm, the absolute value of the two parameter is not important only the ratio of them. The
parameter of contrast is increased on b) to 50, and it is a little bit less contrastive according to the
measure. The values of contrast are much smaller than of intensity, this is why the large change in
the parameter has not so large effect in contrast change. The lowering of contrast in this special case
seems to increases information content. The cause can be that the slightly decreasing of contrast
makes the distribution more even.
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b) c1=1, c2=5, d1=110, d2=10

a) c1=1, c2=5, d1=310, d2=10

Figure 41. Illustration of the function of the first diffussion-range. In picture b) diffusion has
smaller range, the resulting picture is thus not so smooth.

Figure 41 shows the role of the first diffusion-range. The effect is similar than the effect of the second diffusion-range: if the range is smaller, the output image is not enough
smooth. However both diffusion must be applied, it is important to use diffusion also in
the quality measure and on the index map also. The two diffusions have similar effects,
but they are not strictly equivalent.
In order to avois the remainder artifact edges in the resukting image, I used an interpolation method. This means that I used the real valued, smoothed index-map and instead of
rounding the indexes to an integer and taking the appropriate image, I considered the image series as a sample set of a function and made a factional, linear interpolation .
I (x,y)=(1-f)Ifloor(k*(x,y))(x,y)+ f Ifloor(k*(x,y))+1(x,y)
where f is the fractional value of k*(x,y), i.e. k*(x,y)-floor(k*(x,y)). If k*(x,y) is the
maxinal index, then Ik*(x,y) was taken. See the result in Figure 42. This result justificates
that there will be no artifacts in continuous operation and the quality will pe probably
more excellent.

a) Ιµ=0.4175 Χµ= 0.0332 Sµ=3.3792
c1=1, c2=1, d1=210, d2=210

b) Index-map

Figure 42. Method with interpolation. There are no artifact edges more.
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This interpolation simulates the case when the parameter can be adjusted continuously. The result coroborates that the result image in the continuous method will not contain articact edges.

5.2. Hardware realization
The adaptive sensing method can be utilized via the current CNN-UM architecture,
since only linear, 3x3 templates are used. The sensor (camera) has to provide the CNN
actual input images, and the actual quality measure of the image can be computed by the
CNN. The CNN has to control the sensor-array. A sensor is needed where the parameter
(exposure-time, contrast) can be programmed pixel wise. As it was shown in this chapter,
if the pixel-wise programmability is not possible, the image can be captured by assembling from an image-series. Thus several images have to be taken and the time demand of
transferring these images may slow down the process in this case. Even in this case, the
application seems to be promising.
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6. Adaptive picture enhancement with CNN
6.1. Classical issues of picture enhancement
A typical problem of the visualization is that the acquired image may be suboptimal
for human visual perception. A kind of “visualization” algorithm can solve this problem,
which means adaptive image enhancement in our case. Several methods like amplitude
scaling, contrast modification and various kinds of histogram modifications are available
at this time [48].
The difference between adaptive sensing and adaptive image enhancement is that the
former is made during sensing, while the latter is used after sensing. Hence image enhancement cannot restore information, which was already lost during sensing (e.g. because of saturation). The task of adaptive sensing is to acquire proper image content,
while the goal of enhancement is to produce an improved representation for human perception.
Image enhancement is a classical and one of the most important topics of image processing. The first wave of image enhancement research addressed the simplest, effective
methods, which are at this time already realized in the most common image processing
software, like Corel-Draw, PhotoShop and so on. In most of these programs an automatic
image enhancement algorithm is built in. Automatic methods produce image enhancement without demanding parameters from the user. So there are already functioning results, but these methods are far from perfect and also slow (they take several seconds for
a normal sized image on current PCs). Consequently, real-time enhancement is not possible, for high input rates.
The computational demand of this automatic enhancement is huge, since the processor
must compute several local and/or global features – which means several iteration in a
certain neighborhood or on the total picture - finally the correction for each pixel is to be
made – which is another iteration on the full image. This is a typical process, which can
be accelerated significantly by parallel processing. An ideal architecture for such computation is a computer, which can compute several local features in an image for each pixel
in a single, quick computational step and make the pixel modification also in another single step. CNN seems to be adequate for this purpose.
Later, the research of image enhancement advanced. More and more sophisticated
methods were developed. There is theoretically no limit to construct more and more
complex methods. The only problem is in realizing them, because of the even more computational demand.
As the power of digital computers grows, the advanced methods are becoming a part
of the newer software, but this is a slow process, which is limited by the evolution of
computer-speed.
Applying an essentially new architecture, like CNN may result in a revolution in image enhancement as well. This seems to be one of the most important aspects of CNN
technology and one of the most important applications.
The idea of our adaptive image enhancement method is similar to the adaptive sensing
method. Image enhancement is made usually off-line, therefore wider possibilities are
available for processing. On the other hand, if the image has already been captured, all
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information is taken and no new information can be generated by the enhancement10, the
information can only be transformed. Therefore it is essential to make a valuable adaptive
capture, since image enhancement does not solve all the problems which are due to a
wrong caption for example due to over-saturation.
The method of image enhancement introduced here is based also on the same image
quality measure defined above at adaptive image sensing. The goal is to modify the image so that a better quality is achieved in the sense of this measure. This means that adaptive contrast enhancement/equalization and intensity equalization is done. Hence it can be
named as Adaptive Intensity and Contrast Enhancement, ACIE algorithm.
A continuous and discrete method will be investigated. The discrete one is simpler and
faster, the continuous one is more difficult to realize but it is more powerful. The discrete
method means that the square intensity and contrast are computed, and the pixel is modified so that an intensification and equalization is achieved.
The most common method for image enhancement is histogram equalization. CNN
techniques have already been used for this task [46], but it is difficult to realize them. The
current work addresses simpler methods such as contrast and intensity equalization rather
than histogram equalization. I do not address histogram equalization explicitly, but the
method partially equalizes the histogram as well. The simplest histogram equalization
methods are global ones, thus they are not sufficiently adaptive.
Contrary to global methods, adaptivity means that information is handled not globally,
neither locally, but regionally. Certainly there are also adaptive methods developed already [50]. However, these methods are computationally intensive. The fact that even an
interpolating technique has been proposed in [47] to grade the huge computational demand, indicates the significance of this problem. There is no need of interpolation if the
adaptive CNN-UM is used, since parallel computation enables individual adaptation for
each pixel.
By my definition, regional method means that the computation involves a region of
the picture larger than a 5x5 neighborhood, but very distant pixels are not involved, or
with a practically 0 weight. The size of a region should be around the average object size
of the image. Thus the modification of the pixel is practically influenced by its region,
and the actual regional attributes determine the computation. In this way the typical regional changes in a natural picture are handled adequately.
In recent years other complex methods appeared, which tend to be more and more
adaptive. The application of these methods lies usually in the field of medical imaging,
where the diagnosis requires human expert, and therefore the visible quality of the image
is essential. All of these methods are similar in some sense to my first method. The second, dynamic method however is intractable with digital technologies at present.
As a comparison I present some of these methods and the relation with my first
method. The first is unsharp-masking. Equation (15) in [61] is related to the contrast enhancement part of the equation of our method (30). Only the so-called control term is
simplified for CNN realization. See the details later.
10

The notion “information” is meant here in the strict, shanonian definition. Meaning “information” in a
wider sense, certainly a transformation can produce new information (for example edge computation), but
in a strict shanonian sense this is not new information, it was already implicitly included in the data. It is
true and very important that information, which is nor explicitly, neither implicitly in the data, but lost, can
not be generated with computation.
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A second method is multi-scale analysis. Equation (5) in [62] is related with equation
(30). Also here only the control term is different a bit.
The same can be ascertained in comparison with a local histogram transformation
based adaptive contrast enhancement [69]. The equation is similar and the main difference is in the control term.
In the algorithms the radius of the adaptation can be controlled by the time or gain of
diffusion, thus all intermediate cases between global and local equalization are dynamically available. For example, if the range (time) of the diffusion is short, then the adaptation occurs for a small region, therefore equalization will be strong. On the other hand, if
the diffusion is very large, then the intensity and contrast is modified basing on almost
global features. This means that practically only the medium contrast and intensity is adjusted and there is only a small and flat regional component of the enhancement.

6.2. The single-step CNN method
The basis of the method is intensity and contrast enhancement, i.e. both contrast and
intensity are improved by additive terms as follows:
E=I+IE +CE
Where E is the enhanced image (output), I is the original image (input and also intensity), IE means intensity enhancement and CE means contrast enhancement. The addition
is meant to be pixel-wise, therefore the coordinates are omitted in the following equations. Intensity and contrast enhancement is made similarly, they can be considered as the
same method applied on the original image and on the contrast image.
Simple intensity and contrast enhancement methods are already known for a long
time. However, if the enhancement is not done adaptively, a problem arises: oversaturation can appear (see Figure 46 b)). Therefore inhibition is to be used. From conceptual view I can summarize some requirements of a desired method. The main required
characteristics of IE are:
1. I+IE results in intensity amplification, i.e. |I+IE|≥|I|
2. I+IE is symmetric to the orig.
3. I+IE remains in the range [-1,1] as possible
We search IE in the form IE=I*g(I), where g(I) is the inhibition. The above requirements means the following requirements for g(I):
1. g(I) is symmetric to the vertical axis, i.e. g(I)=g(-I)
2. g(|I|) monotonically decreases (inhibition)
3. g(1) is near 0 in as possible (avoiding over-saturation)
4. g(I) has to be controlled by parameters and the parameters must be well interpreted as
common understandable notions (easy adjustable algorithm)
5. g(I) should be adaptive in space
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Some other considerations were also included. The function is chosen as simple as
possible, since the realization on CNN is essential.
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b) f(x)=x+x(1-0.5x2)
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Figure 43 The graph of function f(x)=x+ax(1-bx2) for different parameters. a) is a function, which
has a little “overshoot”. Graph b) has a stronger enhancement, but over-saturation is also strong;
this function can only be applied if the lower range is used only. Graph c) shows an ideal function in
which no over-saturation appears; this function maps the range exactly in the [-1,1] interval. Graph
d) shows a function in which enhancement is strong, but over-saturation is moderated.

I have chosen the form: g(I)=a(1-bD(I2))n (see illustration in Figure 43). Using a similar function for the contrast enhancement, the exact equation is as follows:

E( x, y) = I( x, y) + k1I( x , y)(1 − k 2 D(I 2 ( x, y)))n + k 3C( x, y)(1 − k 4 D(C2 ( x, y)))m
(30)
where k1, k2 , k3, k4, n and m are parameters (see ouline in Figure 44). Parameter k1
and k3 control the magnitude of the intensity and contrast enhancement, respectively; k2
and k4 control the magnitude of equalization; n and m control the character of the compensation. The second term in the equation is intensity enhancement, and the third term is
contrast enhancement.
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IE( x , y) = k1I( x , y)(1 − k 2 D(I 2 ( x , y)))n

CE ( x, y ) = k 3 C ( x, y )(1 − k 4 D(C 2 ( x, y ))) m
(31)
The intensity and contrast enhancement terms are controlled by terms, which can be
denominated as intensity and contrast maps MI, MC.
M I ( x, y ) = (1 − k 2 D ( I 2 ( x, y )) n

M C ( x, y ) = (1 − k4 D(C 2 ( x, y )))m

C(.)

Image

Contrast
D((.)2)

D((.)2)

Diffused
Square
Contrast

Diffused
Square
Intensity

*

*

Enhanced Image
Figure 44 Single-step image enhancement. An outline of the flowchart.
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Input Image

Intensity M ap Mi

Contrast M ap Mc

Intensity Compensation, IE

Contrast Compensation, CE

Enhanced Image

Figure 45 Outline of flowchart of the ACIE image enhancement algorithm with picture
illustrations.
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Figure 45 shows a flowchart with illustrating sample images. Through these images, it
can be seen what the intensity map and contrast map mean and how these maps control
the intensity and contrast equalization. The intensity and contrast map describes the average intensity and contrast in a given region around the pixel. Intensity and contrast should
be enhanced strongly if the average is low, and it must not be amplified much, if it is
high.
Figure 46 and Figure 47 shows a detailed visual analysis of the method, the steps of
the method are explained detailed and demonstrated. It is shown that conventional intensity and contrast amplification is not satisfactory, because of over-saturation (figure b and
f). Adaptive inhibition of intensity and contrast avoids this problem. For this, intensity
and contrast maps have to be used.
Parameter
k1
k2
k3
k4
N
m

description
Strengths of intensity amplification
Strength of intensity equalization
Strength of contrast amplification
Strength of contrast equalization
Character of intensity enhancement (order of intensity enhancement
function)
Character of contrast enhancement (order of contrast enhancement
function)

Table 4 Description of the parameters of the method

Table 4 shows the short description of the applied parameters. The parameters (k1, k2,
n) and (k3, k4, m) form groups which should be adjusted together. First the desired amplification-strength has to be adjusted, then the desired equalization strength. If the result is
not good enough, the order of the function should be changed.
Now lets make a comparison of my method and other methods used in medical imaging. First we examine multi-scale adaptive gain control [62]. Our contrast-enhancement
term in (31) fits to the general equation (1) in [62]: o=i+f(i-m), where i is the input, f is
some function of the local statistics and m is the local mean. In equation (5) of [62] the
control term f=c(s)=αM/s-1 is selected, where s is local deviation and M is the global
mean. The local deviation and contrast are similar features. This function f is also monotonically decreasing but in function of local standard deviation. Our control term is
monotonically decreasing with the diffused (regional) contrast. In CNN we could not use
division. So in the frame of implementational possibilities these are similar solutions.
In equation (6) the multi-scale enhancement is defined as the sum of such additions,
but with multiple-scales of the neighborhood:
k

o = i + ∑ c( si ).(i − mi )
i =1

where si and mi are the local deviation and mean in neighborhood i. The equation can
be considered as an adaptive weighted multiple-scale, high-pass filter. Certainly the
weights decrease as the neighborhood increases. The diffusion term in our equation
achieves a very similar result, since finite diffusion is a special, scaled multiple neighborhood operator. With the diffusion the multiple filters can be integrated in one operation.
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The second method to compare with is unsharp-masking. In [61] equation (15) is important for us (see the details in chapter 10.1.1.). The Laplacian operator can be related to
the contrast, in our method. The control term in unsharp-masking is c(n)=g(n)/(kg2(n)+h),
where g is “the measure of local activity”. This control term again is a monotonically decreasing term of local activity, and local activity can be related to contrast. Yet again we
cannot use division in CNN, therefore we must replace this function with a simpler one.
The same can be said for adaptive contrast enhancement based on histogram transformation of local standard deviation. Basically the same equation appears here (see equation (8) in [69]). An adaptive control term is the key issue, the characteristics of that function is qualitativelly simila to ours: contrast enhancement for middle contrast, while further contrast enhancement is inhibited for very high conrast region, and the very low contrast region is also not enchanced too much, since it probably contains noise. For details
see chapter 10.1.2.
Basically the adaptive contrast enhancement methods are similar methods, which can
almost equivalently formulated in each technique. Therefore implementing with CNN
any of them results in similar methods. The key issue is to replace the control term, which
contains a division in the original methods, with a term, which is a monotonically increasing function. This simpler function must be something similar to the function described by us.
Some experiments were carried out with our method. Figure 48 shows the natural
scene, which was used in adaptive sensing as well. Figure 50 shows a detailed analysis
using histograms, comparing thoge various methods. It can be seen that my method
achieves excellent histogram equalization.
Large images are not really good for illustrating the contrast of the image. The contrast
of image details is more apparent if a smaller image is enlarged. Figure 51 shows a detailed image, comparing the contrast enhancement capabilities of the adaptive and the
conventional contrast enhancement methods. Conventional contrast enhancement means:

E( x, y) = I( x, y) + kC( x , y) , where k is a constant.
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a) original

b) Intensity amplification
E=2*I

c) Average square intensity mask MI

d) Average square contrast mask MC

Figure 46 Demonstration of the ACIE algorithm (Part 1): a) is the input image. As it is
recognizable its intensity is weak at the right side (box with broken line) and stronger on the left side
(box with continuous line) b) is the image, which was made with a unit, uniform intensity
amplification. This image is over-saturated at the left side (box with continuous line), while it is still
weak on the left side (box with broken line) c) is the intensity map of the original image. It shows that
the average intensity in a certain neighborhood is strong at the left side (box with continuous line,
light region), while it is weak at the right side (box with broken line, dark region). d) is the contrast
map of the original image. It shows that the average contrast in a certain neighborhood is strong at
the left side (box with continuous line, light region), while it is weak at the right side (box with broken
line, dark region. This intensity and contrast map will be used to make the enhancement adaptive.
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e) Intensity enhancement with equalization
E=I+2*I*MI

f) Contrast amplification
E=I+C

g) Contrast enhancement with equalization
E=I+10C*MC

h) Adaptive enhancement (intensity and
contrast enhancement with equalization)
E=I+2*I*MI+10C*MC

Figure 47 Demonstration of the ACIE algorithm (Part 2): e) shows the result of intensity
enhancement with equalization using the intensity map of image c). As it is recognizable in spite of
image b) the intensity is more enhanced at the right side (box with broken line), while over-saturation
is avoided at the region in the left, boksz with continuous line. f) shows the result of uniform contrast
amplification. The contrast is over-saturated at the left side (box with continuous line) while it is not
enough strong on the right side (box with broken line). g) shows the result of contrast enhancement
with equalization, using the contrast map of image d). The contrast is more amplified at the right side
(box with broken line), while it is not over-saturated at the left side. Image h) shows the result of
intensity and contrast enhancement with equalization (i.e. e) and g) combined). This is the final
algorithm and the final result of the one step-method

In Figure 48 and Figure 49 my method is compared to some available methods. As it
is illustrated, my method has a similar quality as the commercial available efficient enhancement methods. In some aspects it is even better. Although the histogram equalization of my method is not complete, the histogram itself is denser (see Figure 50). Figure
51 shows that the contrast of my method is also better: it is stronger than the contrast of
the Adobe method and it is smoother than in conventional contrast enhancement. My
method combines the benefit of other methods, moreover it is executable on CNN.
In Figure 52 the parameter space, i.i. the possibilities of the algorithms are illustrated.
In Figure 53 you can find some row-plot illustrations.
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a) Captured #4 Ιµ=0.3211 Χµ= 0.0079 Sµ=4.7764

b) Captured with 3x uniform contast (#12) Ιµ=0.8012 Χµ=
0.0137 Sµ=3.7680

jug_150_30_1_1_2_32.bmp

c) Enhancement, Adobe PhotoShop 3.0 Ιµ=0.5004
Χµ=0.0132

d) Adaptive enhancement Ιµ=0.5333 Χµ=0.0579

Figure 48 Single-step adaptive enhancement of the captured image. a) Captured image with short
exposure, the image is dim. b) captured image with 3 times exposure, the image is over-saturated (red
boxes) c) common enhancement method in Adobe PhotoShop 3.0 d) adaptive enhancement of the
image (k1=1, k2=1, k3=30, k4=150, n=2, m=32).
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e) Histogram equalization (MATLAB Image Processing
ToolBox Standard Routine) Ιµ=0.5067 Χµ= 0.0140

f) Conventional contrast enhancement Ιµ=0.3727
Χµ=0.0646

Figure 49 Continuing the previous figure. e) is the result of standard histogram equalization and
f) is the result of standard contrast enhancement.

76

a) Histogram of the input image #4

b) Histogram of the adaptive enhanced image

c) Histogram of the image enhanced with Adobe PhotoShop

d) Histogram of the image obtained through histogram
equalization (MATLAB Image Processing Toolbox Standard Routine)

Figure 50 Comparison of the methods through histograms of the images. a) The histogram of the
input image uses only a smaller range. b) The adaptive enhanced image has a histogram, which is
continuous and uses the whole range. c) The histogram of the Adobe enhanced image uses the whole
range, it is not continuous in the values. d) The histogram of the histogram equalization method is
not continuous in the range and values, since it is only a transformation, i.e. the number of the colors
used is constant.
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Adobe

Original

Conventional contrast enhancement

Adaptive enhancement

Figure 51 Comparison of adaptive enhancement and conventional contrast enhancement. The
advantage of adaptive enhancement is twofold: first, in adaptive enhancement the intensity
enhancement is also involved (see box with continuous line), and second, this method intensifies
contrast smoother (see box with broken line). The result of the method used in Adobe PhotoShop,
and the Histogram Equalization is good in intensity, but worse considering the smoothness of
contrast.
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Strong intensity, low contrast, Ιµ=0.7496
Χµ=0.0348 Sµ=3.3430
k1=1,k2=2,k3=15,k4=150,n=2,m=32

b) Strong contrast and intensity Ιµ=0.7441
Χµ=0.0507 Sµ=3.3101
k1=1,k2=2,k3=30,k4=150,n=2,m=32

c) Strong contrast, low intensity Ιµ=0.5638
Χµ=0.0579 Sµ=3.6726
k1=1,k2=1,k3=30,k4=150,n=2,m=32

d) Strong contrast and intensity lower order
Ιµ=0.5820 Χµ=0.0742 Sµ=5.2722
k1=1,k2=2,k3=30,k4=150,n=2,m=8

Figure 52 Illustration of the parameter space of the method. At image a) image enhancement is
strong, and contrast enhancement is relatively weak, therefore, subjective image quality is not
perfect especially at places where over saturation is likely (see the box). At image b), the contrast
enhancement is stronger, therefore the details are rich in contrast. At image c) and d), intensity
enhancement is weaker, therefore, the intensity is not perfectly improved. Image c) and d) have both
strong contrast and intensity enhancement factors, but d) has a lower order in the contrast
enhancement control function.

79

1
intensity

1
intensity

0.5

0.5

0

0

-0.5

-0.5

-1

-1
10

20

30
40
horizontal coordinate

50

10

60

Adaptive enhancement and intensity plot in
row 35

20

30
40
horizontal coordinate

50

60

Conventional contrast enhancement and
intensity plot in row 35

Figure 53 The contrast and intensity of the image are fairly equalized with adaptive image
enhancement. The conventional contrast enhancement technique over-saturates the contrast at some
places (see box with continuous line) while it does not improve the contrast at other places, moreover,
intensity is not equalized (see boksz with broken line and compare the intensity plots). The
parameters are: k1=1, k2=2, k3=100, k4=5, T=50τCNN and n=m=3. The equation of the conventional
contrast enhancement was I’(x,y)=I(x,y)+3C(x,y).

Table 5 shows a few approximate data about equalization algorithms and implementations. It is clear that the CNN realizable algorithm is several orders faster than common
implementations. To compare the speed with special purpose image processing hardware
is more interesting. For example the real time image processing system 'MIPS' of TNOFEL realizes a local adaptive contrast enhancement algorithm (LACE), which is presumably a simpler algorithm than ours, since it is local. However, they wrote: “Doing
this at real time for images of 720*576 at 25 Hz (or 720*288 at 50 Hz) requires an
enormous amount of processing. Therefore, TNO-FEL is implementing LACE in hardware.” (See [60]). As it can also be seen on the images, LACE implements local histogram manipulation only in a small neighborhood. The framework has a speed of
60frames/sec and the LACE algorithm is capable of a speed of 11Mpixels/sec. This
means for a 2000x1500 large picture ca. 0.26 sec. CNN-UM is a general purpose tool,
and our algorithm is presumably more complex, however the speed of CNN-UM can be
utilized. The size of the picture was chosen to be so large in order to be able to measure
the speed in Adobe PhotoShop by hand.
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Image
resolution
2000x1500

Adobe PhoMatlab
toShop
Pentium II. 400MHz
~3 sec

~400sec

LACE

CNN (ACE4k)

~0.26sec

~0.03sec

Table 5 Comparison of time demand of image enhancement algorithms using different
hardware/software. The accuracy of data is approximate. At Adobe PhotoShop the built in
equalization process is considered, which is presumably a simple global algorithm. In the case of
Matlab the built in global histogram equalization is considered. At LACE local histogram
equalization is realized, and at CNN-UM our full equalization algorithm is considered. The data of
the CNN-UM algorithm is an overestimation of time using theoretical performance.

We also tried to compare the time consumption of the algorithm without I/O on CNNUM with the DSP type TMS320C62xx (see [68]). The diffusion range of 22 is estimated
by a 22x22 convolution, and this is approximated with the 10 times of a 3x3 convolution
on byte sized image array: ~0.67 sec. The main computational demand in our algorithm is
such a convolution applied twice.
As a conclusion I can say that the CNN-UM realization presumably results in an improved speed in spite of the current digital technology. Moreover CNN-UM is in addition
a general hardware tool, which is not specialized to one special task, and finally the
CNN-UM realization offers the integration of adaptive sensing and computing, which is
an incomparable benefit.
6.3. The dynamic method
The one step method made intensity enhancement and equalization and contrast enhancement and equalization in subsequent steps. A more powerful method can be developed if these functions are realized dynamically. The result of this dynamical method is
achieved as the equilibrium of the network.
In the dynamic method, the result of the process is the output of a multi-layer system.
The multi-layer system achieves contrast and intensity enhancement, while contrast and
intensity over-saturations are avoided by inhibition. The dynamic method is similar to the
single-step method, the parts of the equation are only implemented on separate layers and
instead of a simple addition, the final computation is the dynamical result of these components. The named parts are intensity enhancement, intensity equalization, contrast enhancement and contrast equalization. Finally only 3 layers are needed, because intensity
and contrast enhancement can be integrated to a single layer.
Figure 54 shows the 3-layer model. The contrast of the original image is computed in
a separate step. Figure 55 shows a simplified flowchart. The images illustrate how the
contrast and intensity are enhanced and equalized. Actually all local analog memory is
connected through a template, therefore instead of parameter p6 a blurring template was
used with the strength of p6 to improve the diffusion.
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p6

D1(.)

Diffused intensity

Image
-p3

p1
Layer 1
C1(.)

Enhanced image

p2
Contrast

Layer 2
p5
Layer 3

-p4
C2(.)

Diffused contrast

p7

D2(.)

Figure 54 Flowchart of the continuous method p1=intensity enhancement factor, p2=contrast
enhancement factor, p3=intensity equalization factor, p4=contast equalization factor, p5=overall
intensity factor. The organizing in 3 layers is also illustrated.

Diffused intensity
Input image

Enhanced image

Contrast of Input

Diffused contrast

Figure 55 Simplified flowchart of the method with illustrative images
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Table 6 The modified diffus template used in this algorithm

The equation of the output layer “enhanced image” (layer 1) is as follows:
x& E = − x E + p5 y E + p1 I − p3 y DI + p 2 C − p 4 y DC

where xE is the state of the layer, yE is the output, yDC is the output of the layer “diffused contrast”, yDI is the output of the layer “diffused intensity” (layer 2), I is the input
image (intensity) and C is the contrast of the input image. The layer “diffused contrast”
forms a similar structure as the layer “diffused intensity” therefore similar conclusions
can be drawn.
The equation of the “diffused intensity” layer is as follows:
x& DI = − x DI + D1 ( y DI ) + p6 y E
where D1(yDI) means the convolution of the output of the diffusion-layer with the diffusion template, which is an A-type template. If the linear region of the output function is
considered, then yDI=xDI, and if the mean value is considered in space, then
mean(D1(yDI))=|D1|mean(yDI)= |D1|mean(xDI), thus the solution of the equation in terms
of mean values simplifies as follows:
p mean ( y E )
mean ( x DI ) = 6
(1 − D1 )
In order to construct a correct diffusion mean(xDI)=mean(yE) should be achieved, this
implies that |D1|=1-p6 should hold. In our case p6=0.12 and |D1|=0.88 respectively (this
means, that ε=0.03).
The equation of the layer “diffused contrast” is as follows:

x& DC = − x DC + D1 ( y DC ) + p5C 2 ( y E )
where D1(yDC) means the convolution of the output of the layer “diffused contrast”
with the diffusion template, which is an A-type template. If the linear region is considered, then yCI=xCI, and if mean the mean value is considered in space, then
mean(C2(yDC))=|C2|mean(yDC)= |C2|mean(xDC), thus the solution of the equation in terms
of mean values simplifies as follows:
p C mean ( y E )
mean ( x DC ) ≅ 6 2
(1 − D1 )
In order to construct a correct diffusion |D1|=1-|C2|p6 should hold. Supposing that
|C2|=1, the ratio of p6 and |D1| control the ratio of diffusion. In our case p6=0.12 and
|D1|=0.88 respectively (this means, that ε=0.03).
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Thus the mean of the equilibrium of the equation of layer “enhanced image” is:
x& E = − x E + p5 y E + p1 I − p3 y DI + C − p 4 y DC
If the linear region is considered, then xE=yE and if correct diffusions are constructed,
then mean(xE)=mean(yDI)=mean(yDC). Thus for the mean of the solution holds:
mean( x E ) ≅

mean( p1I + p2C )
p1mean( I )
p1
≅
=
mean( I ) = αmean( I )
1 − p5 + p3 + p4 1 − p5 + p3 + p4 1 − p5 + p3 + p4

since mean(C)=0. This means that the intensity gain is determined by the parameters
p1 and p2 and the value of 1-p5+p3+p4.
The conclusion of this equation is the following: the parameters of the algorithm adjust intensity enhancement and equalization and contrast enhancement and equalization.
If intensity is to be more enhanced, p1 should be increased, if the contrast, then p2. If intensity is to be equalized more, then p3 should be increased and if the contrast should be
equalized more, then p4. The parameter p5 should be adjusted so that the entire enhanced
image comes within the interval [-1,1].
Figure 56 shows a parameter setting, which is quite ideal for an average image. First
the diffusion templates were chosen as it was described above. |D1|=0.88. Then the parameter p6 and p7 were chosen as p6=0.024, p7=0.064. The overall intensity factor p5 and
the intensity enhancement factor p1 was adjusted, since this is one of the most important
parameters. Choosing p5≈0.95 results in an image with good overall intensity. α lays in
the range [1,3] by considering low p1, p3 and p4 values. After this the intensity amplification p1 was adjusted, and intensity equalization p3 was set to avoid over-saturation. The
intensity equalization resulted already in a contrast enhancement, but after this p2 was
adjusted so that the contrast content is stronger, and then p4 so that the contrast oversaturation is avoided. Finally the parameter p5 was fine tuned (again), and resulted in
p5=0.98. Adjusting of the parameter may need more similar “tuning iterations”.
Parameter
p1
p2
p3
p4
p5
p6
p7

Description
strengths of intensity amplification
strength of contrast amplification
strength of intensity equalization
strength of contrast equalization
strength of overall intensity
strength of intensity map input
strength of contrast map input

Table 7 Description of the parameters of the method

Table 7 shows the short description of the parameters of the method. The meaning of
parameters p1-p4 is obvious, the later ones are not so trivial. As it is shown in the flowchart, the parameter p5 is the strength of the feedback of the output layer. As it is known
from CNN theory, and form the further analysis this determines the equilibrium value of
the output, therefore increasing this value, makes the intensity stronger overall. The parameters (p3,p6) and (p4,p7) form a pair, which determine together the strength of equalization. The parameters p6 and p7 are prior to the diffusion, so the range of the diffusion
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depends from them and the values, used in the diffusion template. First the range of the
diffusion is to be set properly, then the equalization can be adjusted, and finally the parameter p3 and p4 shall be fixed.

a) Captured #4 Ιµ=0.3211 Χµ= 0.0079

b) Adaptive enhanced Ιµ=0.5040 Χµ=0.0953

Figure 56 Dynamic adaptive enhancement of the captured image. a) the captured image with
short exposure. This image is dim. b) the enhanced image created from a). The dynamic
enhancement may achieve a very good equalization. One of the consequences is that dark regions,
like shadows, will be lighter and a “shadow disappearing” effect is apparent. The parameters:
intensity enhancement factor=0.1, contrast enhancement factor=0.32, intensity equalization factor
=0.05 contrast equalization factor=0.1, strength of intensity map input=0.05, strength of contrast
map input=0.064, overall intensity factor =0.98
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a)

b)

c)

d)

Figure 57 Dynamic adaptive enhancement of the captured image, details of the above images. a)
and b) are details of the image captured with short exposure. This image is dim. b) and c) are the
enhanced image created from the first. The parameters: intensity enhancement factor=0.1, contrast
enhancement factor=0.32, intensity equalization factor =0.05 contrast equalization factor=0.1,
strength of intensity map input=0.05, strength of contrast map input=0.064, overall intensity factor
=0.98
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a) High contrast and intensity Ιµ=0.3872 b) Lower contrast intensity Ιµ=0.3549
Χµ=0.0699 Sµ=3.1291 p1=0.2, p2=0.32, p3=0.07, Χµ=0.0412 Sµ=5.1169 p1=0.2, p2=0, p3=0.07,
p4=0.1, p5=0.97
p4=0.1,p5=0.97

c) Low contrast and low intensity equilibrium d) High contrast but high intensity equalization
Ιµ=0.1655 Χµ=0.0142 Sµ=2.9199 p1=0.2, p2=0, Ιµ=0.2354 Χµ=0.0719 Sµ=4.9647 p1=0.2,
p3=0.07, p4=0.1,p5=0.9
p2=0.32, p3=0.1, p4=0.1,p5=0.97
Figure 58 Illustration of the parameter space of the method. Image a) is the reference setting.
Image b) is made with 0 contrast enhancement factor, therefore, the contrast is lower than in image
a). At image c), the overall intensity factor is lower, therefore the image intensities are strongly
equalized, and the image becomes “grayish”. At image d), the intensity equalization factor is 1, which
is high, therefore, intensities are strongly equalized, and the image becomes even in contrast.

Figure 56 shows the result of the dynamic enhancement and Figure 57 detail-images.
This method is much powerful than the single-step method. Therefore the effect achieved
is quite “unnatural”. The strong equalization results in an effect, which is visually not
natural. However, the visibility of the information is very high: for example, even details
under the shadow become visible. The input histogram accumulates around the middle of
the range, the output histogram is stretched to the range continuously.
Figure 58 shows some examples how the result of the method varies with adjusting the
free parameters. This figure illustrates that different settings of the parameter realize different kind of enhancements. Several of these can be optimal for different applications. In
one application a natural-like enhanced image can be the goal, because naturalness of im87

age is essential. While in another application the naturalness is not important and higher
(unnatural) contrast can be adjusted.
6.4. Handling color images
Up to this point grayscale images were only considered, since the image was modeled
as an intensity map. All the methods in this paper can also be applied to true-color images, since they can be decomposed in RGB channels, which are intensity maps. The
output image shall be recomposed from the resulting 3 outputs (see Figure 59). Figure 60
and Figure 61 show the image enhancement method applied to an astronomical color image.

Input
image

R-channel

method

B-channel

method

G-channel

method

output
image

Figure 59 General technique for color pictures. The picture is separated into three channels, the
method is applied to these channels, and the result is assembled in one picture. The broken lines
illustrate possibilities for further improvement of the method by involving also the other channels in
computing the output of one channel (for visibility, not all possibilities are indicated), for even more
sophisticated adaptivity. For example, the R-channels also may use information from the B-channel.

Enhanced

Input picture

Figure 60 Sample with a color picture (k1=2, k2=1, k3=300, k4=9, T=50τCNN and n=8, m=32).
The method was applied to the RGB channels separately.

However for commercial application, there is a problem to be solved, when using this
method. The problem is that one wishes excellent color constancy, i.e. the image has to
be transformed in a way, where the colors are transformed in more intensive colors from
the same kind. For example a green tree is not allowed to appear in some red-like color
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only in a more intensive green one. This is not explicitly assured if my method is used
separately for the three channels. The problem is very complex, since our color experience depends not only from the RGB values of the object itself, but also from the color of
the neighborhood. Levente Török was who draw my attention to this problem. This problem does not arise in the pictures, presented here, because the transformation did not
change the color of the pixels dramatically, and on the other hand, the color constancy is
not so important at pictures, like these, i.e. they are not natural pictures.

Enhanced

Input picture

Figure 61 Sample with a color picture. p1=0.2, p2=0.32 p3=0.07 p4=0.1, p5=0.97. The method was
applied for the RGB channels separately.

6.5. Hardware realizations
The single-step enhancement method introduced can easily be realized by using the
Adaptive Extended Cell in CNN-UM ([45]). It also can be implemented on the current
chip, but several arithmetical operations are needed to replace the space-variant template.
In the extended cell time invariant local control is used via local template control memories TCM (see Figure 62). The TCM memories are special local analog memories associated with the cells. They are used to control template values.
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LCCU
LAM

CNN-nucleus

TCM

LAOU

LLM

LLU

Figure 62 Time invariant local control in the CNN-UM. The TCM (template control memories)
values are computed by the CNN nucleus and then they are stored. These TCM values are used to
determine certain template values. LCCU is the local communication and control unit, LAM is the
local analog memory, LLM is the local logic memory, LAOU is the local analog output unit, and LLU
is the local logic unit.

The following template can implement image enhancement:
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0
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c

c

c

c

z=
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where c and b are TCM values and they are computed as:
c=-0.6Mc(x,y), b=Mi(x,y)+1.48Mc(x,y).
The masks are computed as follows:
M i ( x , y) := k1 (1 − k 2 D(I 2 ( x, y)))n
M c ( x, y ) := k3 (1 − k 4 D (C 2 ( x, y ))) m
The acquired image is used as input. Adaptive sensing may be realized by enabling the
TCM's to program the exposure time individually for each pixel.
In the current hardware the operation of the B template must be decomposed in arithmetical operations, which are executed on the board digitally, not analogical, on the chip.
The realization of the dynamic algorithm needs a real-time space variant template. In
the near future only the intensity enhancement and equalization part can be implemented,
however this is a powerful method by itself. This part of the algorithm is realizable by the
2nd order complex cell CNN-UM described in [55]. Figure 63 shows this possibility.
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Input
B1
Layer 1

A21

τ1

A12

A11
z1
A22
z2

Layer 2
τ2

+,-

+,-

Layer 3
τ3 ≈ 0
Figure 63 The layers of the 2nd order/ 3-layer complex cell CNN model

Using the following configuration may carry out the realization:
Input=C+I, A11=p5, A12=p6, A21=-p3, A22=D
A multilayer chip, a chip with higher order cells, or a chip with space variant templates can realize the entire method. This method can even be developed to become more
complex, if more complex hardware is available.
The single-step algorithm was tested by the current available visual microprocessor
(ACE4k [56]). The parameter setting was:
k1=5,k2=1,k3=,k4=4, m=1, n=1.
Figure 64 shows the results. The realization of a wide-range diffusion is currently a
hard problem on chip. Consequently, the result of the algorithm is limited by this problem. The next CNN-UM chip, (ACE16k), will have powerful additional capabilities, including wide range analog diffusion. Figure 65 shows a modified implementation where
absolute values of intensity and contrast were applied instead of the square values. The
absolute value is higher than the square, so it gives a larger range, which is kept after diffuson thus a slightly stronger enhancement is available.
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input

square intensity

square intensity diffused

intensity enhanced

contrast

square contrast

square contrast diffused

output

absolute intensity diffused

intensity enhanced

absolute contrast diffused

output

Figure 64 Results of the algorithm on chip

input

contrast

absolute intensity

absolute contrast

Figure 65 Results of the algorithm on chip. Instead of square intensity and contrast, the absolute
value was used. The diffusion used here is a short-range diffusion.

7. Future works
The first topic of my thesis is CNN-Backpropagation. I proved that the reciprocal networks of a CNN are recurrent networks with the same connectivity-structure and neighborhood as the original network. Consequently, the computation of gradients, which con-
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sumes a prohibitively large amount of resources, can be carried out basically with the
same hardware. Thus gradient learning or gradient based parameter adjustment can be
done quickly and on-line. The time demand of gradient computation with such hardware
would be the same for one template parameter as the time demand of the computation of
the original CNN itself. This way CNN may become a compact, flexible device without
the need of an external device for parameter optimization.
The results are valid for single-layer CNNs with linear templates. However, they can
be similarly extended for multilayer CNNs and for nonlinear templates as well. This is a
subject of research in the future.
My experience has also shown that if gradient optimization is used for template training in practice, developing an intelligent and robust gradient algorithm is essential. Development could be based on the methods I have described in my work.
The other part of my theses describes the initial research, which was started in adaptive image sensing and enhancement via CNN. I restricted the research to methods, which
are realizable with the current technology or seem to be realizable in the near future. Architectures, which are available or planned now, were addressed. As the technology and
development-environment of applications improve, the realization of these methods can
be improved and more complex methods can be developed. For example shannonian information can be involved in the image quality. Also special contents can be addressed.
For example, an image can be captured by adjusting the programmable parameters in a
way, that special, recognized details (for example the car’s number) become best visible.
Another direction of improvement is the diffusion applied. The diffusion now used is
the simplest one. It would be better, if the contours of objects would be detected, and the
diffusion would be controlled with (restricted by) this contour-map, so that diffusion only
applies to single objects and does not override object boundaries.
As appendix Error! Reference source not found. shows, the quality of the image is
not really a linear function of intensity and contrast. Unfortunately I made this experiment too late and could not acquire much enough data. There could be made a larger,
more reliable experiment to determine a more accurate function. This can be used in the
adaptive image sensing method. However the more complex function makes the method
slower. I am not sure if there is any difference, when we use a more complex function,
when for example maximization is used. If the complex function is equivalent in
monotonicity11, then it makes no difference.
The image enhancement method can also be improved similarly. As the CNN chips
improve, the quality and resolution can be enhanced so that the practical application of
this methods will be fruitful and became one of the most important application of CNN
technology.

11

Functions f and g are equivalent in monotonicity, when f(x1,y1)>f(x2,y2) iff g(x1,y1)>g(x2,y2).
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8. Application of the results
The result of thesis 1 (chapter 4) is implicitly important in general training of the
CNN. Fast computing of the gradient makes it possible that a compact system can be
developed, which involves learning and adaptivity real time. Learning and adaptivity
has only been possible by using external computing devices (for example digital computers) until now, which is off-line and extremely slower. Real-time adaptation and
learning may be possible only, if the needed algorithms are integrated in the hardware.
This becomes achievable as the gradients can be computed by the CNN itself.
Real-time learning is important in such cases, where new templates shall be
quickly developed from samples or adjusted. On the other side, adaptivity may also be
solved by learning: in this case, the template is adjusted quickly according to special
conditions. For example, consider an image-processing task, where some secondary
but influencing feature of the input image changes. The conventional solution is to
create a robust algorithm. Using real-time learning the same problem can be solved
applying a simpler algorithm, if the templates are adjusted occasionally.
Typical applications can be for example surveillance and security systems, where
the captured image is processed with CNN algorithms. The templates of the algorithm
can be adjusted to the special conditions of the site of operation with on-line learning.
Thesis 2 (chapter 5) introduces an adaptive sensing method. Application of this result is naturally to incorporate CNN technology in capturing devices or to create a
CNN-UM based intelligent sensor. This sensor can be built in commercial digital
video and photo cameras but adaptivity is also important in researching under extreme
lighting conditions, like in space-research, under-water research and so on.
Computing speed that the CNN-UM offers makes real-time operation possible by a
cheap device. This solution at the same time also involves other possibilities, for example subsequent image processing tasks.
Thesis 3 (chapter 6) is a good example for this, since an image enhancing algorithm can be integrated after sensing, to enhance the image even more for visibility.
Another possibility is to use it for already captured images. It is possible that to apply
this method, such that the CNN-UM is used as a graphical acceleration card for example in personal computer. Image enhancement for visualization is most important
in fields where human decision is based on examining images, for example medical
imaging.
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10.

Appendix

10.1. Some equations of other publication used in the dissertation
I compare my image enhancement method with several other methods in publications. I refer to the equations of these publications to make some numeral comparison.
10.1.1.
Unsharp-masking
The first method I refer to is rational unsharp-masking of Ramponi and Polesel. It was described for example in [61] which I take as the reference. Equation (15) of this paper is:
y(n,m)=x(n,m)+ λ(zx(n,m)cx(n,m)+ zy(n,m)cy(n,m))
(32)
where (n,m) is the 2-D position, y(n,m) is the output, x(n,m) is the input, z(n,m) is the
Laplacian of x(n,m) in the appropriate direction and c(n,m) is the control term respectively.
zx(n,m)=2x(n,m)-x(n,m-1)-x(n,m+1)
zy(n,m)=2x(n,m)-x(n-1,m)-x(n+1,m)
c x ( n , m) =

g y (n , m)
g x (n , m)
,
c
(
n
,
m
)
=
y
kg 2x (n , m) + h
kg 2y (n , m) + h

gx(n,m)=[x(n,m+1)-x(n,m-1)]2, gx(n,m)=[x(n,m+1)-x(n,m-1)]2
where g is called the measure of local activity. Note first that the 2-D method is a composition of 1-D operators. Both the Laplacian z and the local activity measure g is similar to a
contrast operator. The control term c is monotonically decreasing with the local activity. Our
control term is monotonically decreasing with the contrast. We could not use division, therefore composed a function from subtraction and multiplication.
10.1.2.
Image Contrast Enhancement Based Histogram Transformation
of Local Standard Deviation
The method of Chang and Wu is described in [69]. As the authors self state their method is
a kind of adaptive contrast enhancement, which is well-known technique. In our algorithm the
second additional term is also an adaptive contrast enhancement term. In the algorithm, the
local mean is used as a base:
i + n j+ n
1
m x (i, j) =
∑ ∑ x ( k , l)
(2n + 1) 2 k = i − n l = j− n
where x(k,l) is the input. Then the local variance is defined as:
i + n j+ n
1
σ 2x (i, j) =
∑ ∑[x (k, l) − m x (i, j)]2
(2n + 1) 2 k = i − n l = j− n
Note that these are local operators, which can be implemented with B templates on CNN.
Our contrast template is very similar to the local variance, but simpler. In the paper first another methods are described and it is important from our viewpoint. The method of Lee is
f (i, j) = m x (i, j) + C[ x (i, j) − m x (i, j)]

where f(i,j) is the output and C is a constant. The local mean is taken and a gained contrast
is added. This is similar to our algorithm, where a contrast enhancement gain is included. The
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gain of the contrast is reciprocal to the local activity, i.e. monotonically decreasing. Our contrast gain (CG) is also monotonically decreasing, but we could not use division, instead we
composed another function.
Then the method of Narendra and Fitch from [72] is:

f (i, j) = m x (i, j) +

D
[ x (i, j) − m x (i, j)]
σ x (i, j)

where D is a constant. Chang and Wu makes a generalization by:

f (i, j) = m x (i, j) + K (i, j)[

x (i, j) − m x (i, j)
]
σ x (i, j)

where K(i,j) is a modified contrast term. They show, that the CG of Lee is too drastic: it is
too large for the small contrast region and thus it increases too much noise. On the other hand
the CG of Narendra and Fitch is too large for the high-contrast region, causing ringing artifacts (like illustrated in Figure 47 f.).
Chang and Wu suppose an algorithm, which equalizes the local deviance distribution. This
algorithm is too complicated for us yet. The main feature of this algorithm is as they describe,
that contrast is enhanced in the medium contrast region, and it is kept in the large contrast region (further enhancement inhibited) and in the low contrast region. The characteristics of our
CG are the same: we do not enhance too much the very low contrast region, the CG is high in
the medium region and in the high region further enhancement is inhibited.
10.2. Description of the psychophysical experiment
In order to examine the relation of the suggested measures: intensity and contrast to the
quality of the image I designed a small experiment. I took an image and - using different filters, I generated a series of images with different grades of contrast and intensity. The goal
was to get a coverage in the intensity-contrast space as even as possible. For understandable
reasons however I could not get a really even grid with the filters and therefore the grid was
transformed, see Figure 66.

Figure 66. The intensity and contrast values of the images.

The reason for this was that the transformations used could not manipulate purely one of
the measures, for example the transformation used to decreasing intensity also lowered contrast.
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The images themselves can be seen in Figure 67. One can see that the images are in random order, i.e. there is no tendency in the series. The images were presented to several persons who were asked to determine the image quality subjectively. The values were distributed
on the scale [1,10], i.e. the worst image had quality 1, and the best 10.
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Figure 67. The image-series used in the experiment

The raw data of the results can be found in Table 1.
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Table 1. Values of the quality. The rows are indexed by the images, the columns by the persons.

Figure 68 shows the raw data as line diagrams. Each line represents the data corresponding to one person. One can see the differences in judgement, but also that there is a certain
correlation, since the shapes of the lines are in the most part similar.
The representation of the data was not easy. I was interested in the quality-values as a
function of intensity and contrast. The data consisted of points in this 3D space, but they did
not lie on a regular grid on the intensity-contrast plane, as it would be desired in Matlab for a
surface plot. After considering many possibilities I have chosen a scattered bar plot, where
each point is represented as a bar. The height of the bar is proportional to the value, and the
bottom of the bar is on the zero plane, thus the intensity and contrast values can be seen.
For each person the pictures where the same, so the values could also be averaged for each
picture. To show this mean value figure is probably more interesting than the data of any one
person. You can find it in Figure 69.
One can see the trends of the data: quality is monotonically dependent both on intensity
and contrast. Or to put it in another way, both increasing contrast and intensity definitely increase the quality. It would also be possible that people find too much contrast not as good,
but if so, obviously the contrast of these pictures where not so high.
The main goal of this experiment was to demonstrate that both intensity and contrast are
important component in the quality of image, and the two measures determine it well.
Obviously the function is not linear, but just to estimate the weight of contrast and intensity in the quality, I made a multivariable linear regression on the data. But first the data was
completed with some additional points. It is a reasonable assumption that if a picture has 0
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intensity or 0 contrast, then its value is 012. Therefore I added 0-valued points as a frame for
the data-points: on both axes I took 5-5 points, with contrast and intensity of the next row or
column, and 0 value of quality. This was made for each person in order to have enough such
points i.e. their weight is large enough to keep the regression plane close to zero at the origin
as close as possible near the axes. Then the regression was made, and the result has indeed
very low constant component. Figure 70 shows the result.
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Figure 68. Values represented in a line-diagram. One can see the high correlation in judgement.

12

Actually, this assumption contradicts with linearity, but I do not state that the function is linear, regression is
just made to expound the weight of intensity and contrast.
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Figure 69. Mean quality of the pictures plotted as the function of intensity and contrast. The size of the
bars are proportional to the value, and each bar’s bottom point is on the 0 surface, so the intensity and
contrast coordinates can be seen.
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Figure 70. A multidimensional linear regression plane drawn to the values plotted as a function of contrast and intensity. The values are mean values of each picture, x is intensity and y is contrast. The formula of the regression plane is value=7.92 intensity+51.61 contrast+0.18.

The fit of the regression is not very good, but this is not important, since the experiment
should only demonstrate that both intensity and contrast are involved in the quality of the picture. Actually a non-linear regression would probably well fit the data.
The correlation coefficient of intensity and quality is 0.31, the correlation coefficient of
contrast and quality is 0.16. These values are already normed with the deviation of the data, so
correlation of identical row of values is 1.00. The correlation coefficients are positive; the
value of intensity is high, but the value of contrast is a little bit low. The explanation could be
that we expect that the quality of the image is a function of both of the contrast and intensity.
If we make the correlation with only one of the variables, the other variable is a noise. Since
the grid in Figure 1. is not regular, this effect is not impacting equally the two correlations.
The samples are not well distributed on the intensity-contrast plane.

106

11.

Publications

[1] M. Brendel, T. Roska, "Adaptive image sensing and enhancement using the cellular
neural network universal machine", International Journal of Circuit Theory and Applications, vol. 30, pp. 287-312, 2002.
[2] M. Brendel, T. Roska and Gusztáv Bártfai, " Gradient computation of continuoustime Cellular Neural/Nonlinear Networks with linear templates via the CNN Universal
Machine", Neural Processing Letters, vol. 16, pp. 111-120, 2002.
[3] M. Brendel, " Adaptív képérzékelés CNN-UM segítségével ", Research report of the
Analogic (Dual) and Neural Computing Systems Laboratory, (DNS-7-2002), Budapest,
MTA SZTAKI, 2002.
[4] M. Brendel, "Adaptive image sensing and enhancement using the Cellular Neural
Network Universal Machine", Research report of the Analogic (Dual) and Neural Computing Systems Laboratory, (DNS-9-2000), Budapest, MTA SZTAKI, 2000.
[5] M. Brendel, T. Roska, "Adaptive Image Sensing and enhancement using Adaptive
Cellular Neural Network Universal Machine", Proceedings of IEEE Int. Workshop on
Cellular Neural Networks and Their Applications, (CNNA'2000), pp. 93-98, Catania, 07803-6344-2, 2000.
[6] J. Hámori, and T. Roska (ed.), D. Bálya, Zs. Borostyánkői, M. Brendel, V. Gál, J.
Hámori, K. Lotz, L. Négyessy, L. Orzó, I. Petrás, Cs. Rekeczky, T. Roska, J. Takács, P.
Venetiáner, Z. Vidnyánszky, Á. Zarándy, „Receptive Field Atlas the Retinotopic Visual
Pathway and some other Sensory Organs using Dynamic Cellular Neural Network Models”, Research report of the Analogic (Dual) and Neural Computing Systems Laboratory,
(DNS-8-2000), Budapest, MTA SZTAKI, 2000.
[7] M. Brendel, Gusztáv Bártfai, Tamás Roska, "Reciprocal CNN gradient computing
for back-propagation-through-time learning of cellular neural networks", Research report
of the Analogic (Dual) and Neural Computing Systems Laboratory, (DNS-5-1999), Budapest, MTA SZTAKI, 1999.
[8] T. Roska, L. Kék, L. Nemes, Á. Zarándy, M. Brendel and P. Szolgay (eds.), "CNN
Software Library (Templates and Algorithms) Version 7.2", Research Report (DNS-11998), Analogical and Neural Computing Laboratory, MTA SZTAKI, Budapest 1998.

12.

References

[9] L.O. Chua and L. Yang, "Cellular Neural Networks: Theory", IEEE Trans. on Circuits and Systems, (CAS), vol. 35, pp. 1257-1272, 1988.
[10] T. Roska and L. O. Chua, “The CNN Universal Machine: An Analogic Array Computer”, IEEE Transactions on Circuits and Systems-II, Vol. 40, pp. 163-173, 1993.
[11] D. O. Hebb, “The Organization of Behavior”, Wiley, New York, 1949.
[12] Bliss TV, Lomo T. “Long-lasting potentiation of synaptic transmission in the dentate
area of the anaesthetized rabbit following stimulation of the perforant path”, J Physiol.
1973.
[13] Aapo Hyvaren and Erkki Oja, “Independent Component Analisys by General Noninear Hebbian-like Learning Rules”, Signal Processing 64, pp. 301-313, 1998.
[14] Alianna Maren, Craig Haston and Robert Pap “Handbook of Neural Computing Applications”, Academic Press Inc, San Diego, 1990.
107

[15] Cs. Rekeczky, B. Roska, E. Nemeth, F. Werblin, "Neuromorphic CNN Models for
Spatio-Temporal Effects Measured in the Inner and Outer Retina of Tiger Salamander",
Proceedings of IEEE Int. Workshop on Cellular Neural Networks and Their Applications,
(CNNA'2000), pp.15-20., Catania, ISBN 0-7803-6344-2, 2000
[16] F. Werblin, T. Roska, L.O. Chua, "The analogic cellular neural network as a bionic
eye", Int. J. Circuit Theory and Applications, (CTA), Vol.23. N.6. pp. 541-569, 1995.
[17] L.O. Chua and L. Yang, "Cellular Neural Networks: Theory", IEEE Trans. on Circuits and Systems, (CAS), vol. 35, pp. 1257-1272, 1988.
[18] Á. Zarándy, "The Art of CNN Template Design", Int. J. Circuit Theory and Applications - Special Issue: Theory, Design and Applications of Cellular Neural Networks: Part
II: Design and Applications, (CTA Special Issue - II), vol.17, No.1, pp. 5-24, 1999.
[19] Á. Zarándy, A. Stoffels, T. Roska, F. Werblin and L. O. Chua, “Implementation of
binary and grayscale mathematical morphology on the CNN universal machine,” IEEE
Trans. Circuits System-I, vol. 45(2), pp. 163-168, 1998.
[20] M. Hanggi and G. S. Moschytz, "An Exact and Direct Analytical Method for the Design of Optimally Robust CNN Templates", IEEE Trans. on Circuits and Systems I: Special Issue on Bio-Inspired Processors and Cellular Neural Networks for Vision, (CAS-I
Special Issue), vol. 46, No. 2, pp. 304-311, 1999.
[21] L. Nemes, L. O. Chua, T. Roska, "Implementation of Arbitrary Boolean Functions
on the CNN Universal Machine", Int. J. Circuit Theory and Applications - Special Issue:
Theory, Design and Applications of Cellular Neural Networks: Part I: Theory, (CTA
Special Issue - I), vol. 26, No. 6, pp. 593-610, guest ed: T. Roska, A. Rodriguez-Vazquez
and J. Vandewalle, 1998.
[22] K. R. Crounse, E. L. Fung, L. O. Chua, “Efficient implementation of neighborhood
logic for cellular neural network universal machine,”IEEE Trans. Circuits System-I, vol.
44(4), pp. 255-361, 1997.
[23] F. Zou, S. Schwarz and J.A. Nosek “Cellular neural network design using a learning
algorithm,” CNNA-90.
[24] J. A. Nossek “Design and learning with cellular neural networks” Proceedings of
(CNNA-94), pp. 137-146, 1994.
[25] J. A. Nossek, "Design and Learning with Cellular Neural Networks", Microsystems
Technology for Multimedia Applications: An Introduction, (Multimedia), pp. 395-404,
Bing Sheu (ed), IEEE Press, 0-7803-1157-4, 1995.
[26] F. J. Pineda, “Generalization of back-propagation to recurrent neural networks,”
Physical Review Letters, vol. 1, pp. 2229-2232, Nov. 1987.
[27] T. Kozek, T. Roska and L.O. Chua, "Genetic algorithm for CNN template learning",
IEEE Trans. on Circuits and Systems I: Fundamental Theory and Applications, vol. 40,
No. 6, pp. 392-402, 1993.
[28] T. Szirányi and M. Csapodi, “Texture classification and segmentation by cellular
neural network using genetic learning,” (CVGIP) Comput. Vision Image Understanding
1997.
[29] B. Chandler, Cs. Rekeczky, Y. Nishio, A. Ushida, “Adaptive simulated annealing in
CNN template learning,” IEICE Trans. on Fundamentals of Electronics, Communications
and Computer Sciences, vol. E82-A, no. 2, pp. 398-402, 1999.
[30] P. Xiaozhong, Paul J. Werbos “Neural Network Design for J Function Approximation in Dynamic Programing,” 1998.

108

[31] R. Tetzlaff, D. Wolf “A Learning Algorithm for the Dynamics of CNN with Nonlinear Templates-Part I: Discrete-Time Case,” CNNA 96’, pp. 461-466, 1996.
[32] R. Tetzlaff, D. Wolf “A Learning Algorithm for the Dynamics of CNN with Nonlinear Templates-Part II: Continuous-Time Case,” CNNA 96’, pp. 461-466, 1996.
[33] E. Wan and F. Beaufays, "Network Reciprocity: A Simple Approach to Derive Gradient Algorithms for Arbitrary Neural Network Structures", Proc. WCNN'94, vol. 3, pp.
382-389, San Diego, CA, 6-9 June 1994.
[34] E. Wan and F. Beaufays, "Diagrammatic Derivation of Gradient Algorithms for
Neural Networks", Neural Computation, vol. 8(1), pp. 182-201, 1996.
[35] F. Beaufays and E. Wan, "A Unified Approach to Derive Gradient Algorithms for
Arbitrary Neural Network Structures", Proc. ICANN'94, vol. 1, pp. 545-548, Sorrento,
Italy, 26-29 May 1994.
[36] L.O. Chua and T. Roska, "The CNN paradigm", IEEE Trans. on Circuits and Systems I: Fundamental Theory and Applications, vol. 40, No. 3, pp. 147-156, 1993.
[37] F. Puffer, R. Tetzlaff, D. Wolf, “A Learning Algorithm for Cellular Neural Networks Solving Partial Differential Equations,” ISSSE 95, San Francisco, 1995.
[38] T. Yang, L. O. Chua, “Implementing back-propagation-trough-time algorithm using
cellular neural networks,” Int. Journ. of Bifurcation and Chaos, vol. 9, No. 6., pp. 10411074., 1999.
[39] H. Magnussen, J. A. Nossek, “Continuation-based learning algorithm for DiscreteTime Cellular Networks,” Proceedings of the CNNA’94, pp. 171-176, 1994.
[40] L. O. Chua, T. Roska, “Cellular Neural Networks: Foundation and primer,” lecture
notes for course EE129 at U.C. Berkeley, 1999.
[41] H. Magnussen, H.; J.A. Nossek, “A geometric approach to properties of the discretetime cellular neural network,” IEEE Trans. on Circuits and Systems I: Fundamental theory and appl. vol. 41, pp. 625-634, 1994.
[42] T. Roska, "Space Variant Adaptive CNN - Fault Tolerance and Plasticity", Proceedings of International Symposium on Nonlinear Theory and Applications (NOLTA'97),
pp. 201-204, Hawaii, 1997.
[43] P. Földesy, L. Kék, T. Roska, Á. Zarándy, T. Roska and G. Bártfai, "Fault Tolerant
Design of Analogic CNN Templates and Algorithms - Part I: The Binary Output Case",
IEEE Trans. on Circuits and Systems I: Special Issue on Bio-Inspired Processors and Cellular Neural Networks for Vision, vol. 46, No. 2, pp. 312-322, 1999.
[44] T. Roska, "Computer-Sensors: spatial-temporal computers for analog array signals,
dynamically integrated with sensors", Journal of VLSI Signal Processing Special Issue:
Spatiotemporal Signal Processing with Analogic CNN Visual Microprocessors, (JVSP
Special Issue), pp. 221-238, vol. 23, No.2/3, November/December 1999, Kluwer
[45] T. Roska, “Analogic CNN computing: Architectural, Implementational and Algorithmic Advances – a Review”, Proceedings of the 4th IEEE International Workshop on
Cellular neural Networks and their Applications (CNNA-1996), 14-17 April, London, pp.
3-11, 1998.
[46] M. Csapodi, T. Roska , "Adaptive Histogram equalization with cellular neural networks", Proceedings of IEEE International Workshop on Cellular Neural Networks and
Their Applications, pp. 81-86,1996.
[47] S. M. Pizer et al., “Adaptive Histogram Equalization and Its Variations”, Computer
Vision, Graphics and Image Processing, Vol. 39, 3, pp. 355-368, 1987.

109

[48] W. K. Pratt, “Digital Image Processing”, John Wiley & Sons Inc., 1991.
[49] Á. Zarándy, L. Orzó, E. Grawes, and F. Werblin, "CNN Based Models for Color Vision and Visual Illusions", IEEE Trans. on Circuits and Systems I: Special Issue on BioInspired Processors and Cellular Neural Networks for Vision, (CAS-I Special Issue), Vol.
46, No.2, pp. 229-238, 1999.
[50] H. Zhu, F. H. Y. Chan, and F. K. Lam, “Image Contrast Enhancement by Constrained Local Histogram Equalization”, Computer Vision and Image Understanding,
Vol. 73, No. 2, pp. 281-290, 1999.
[51] S. M. Smirnakis, M. J. Berry, D. K. Warland, W. Bialek and M. Meister, “Adaptation of retinal processing to image contrast and spatial scale” Nature, vol. 386, pp. 69-73,
1997.
[52] F. Werblin, A. Jacobs and, J. Teeters, “The computational eye”, IEEE Spectrum, pp.
30-37, May, 1996.
[53] K. R. Crounse, L. O. Chua, “Methods for Image Processing and Pattern Formation in
Cellular Neural Networks: Tutorial”, IEEE Trans. on Circuits and Systems-I: Fundamental Theory and Applications, vol. 42, no. 10, pp. 583-601, 1995.
[54] J. Tumblin , J. K. Hodgins and B. K. Guenter, “Two methods for display of high
contrast images”, ACM Transactions on Graphics, vol. 18, pp. 56-94, 1999.
[55] Cs. Rekeczky, T. Serrano-Gotarredona, T. Roska, and A. Rodriguez-Vazquez “A
stored program 2nd order/ 3-layer complex cell CNN-UM”, Proceedings of the 6th IEEE
International Workshop on Cellular neural Networks and their Applications (CNNA2000), Catania, pp. 213-217, 2000.
[56] S. Espejo, R. Dominguez-Castro, G. Linan, A. Rodriguez-Vázquez, "A 64x64 CNN
Universal Chip with Analog and Digital I/O", Proceedings of 5th IEEE International
Conference on Electronics, Circuits and Systems, (ICECS'98), pp. 203-206, Lisboa, 1998
[57] G. Linan, R. Domínguez-Castro, E. Roca, S. Espejo and Á. Rodríguez-Vázquez, "A
Mixed-signal 64x64 CNN Universal Chip", Towards the Visual Microprocessor - VLSI
Design and Use of Cellular Network Universal Machines, (book: Towards the Visual Microprocessor), pp. 258-279, Chichester, T. Roska and A. Rodriguez-Vázquez, J. Wiley,
2000.
[58] G. Linan, S. Espejo, R. Dominguez-Castro, E. Roca, A. RodriguezVazquez,"CNNUC3: A Mixed-Signal 64x64 CNN Universal Chip", Proc. of the Seventh
International Conference on Microelectronics for Neural, Fuzzy and Bio-inspired Systems, pp.61-68, Granada, 1999.
[59] J. A. Boyan, “Learning Evaluation Functions for Global Optimization” doctoral dissertation, tech. report CMU-CS-98-152, Computer Science Department, Carnegie Mellon
University, August, 1998.
[60] TNO Physics and Electronics Laboratory, “Real-time image processing”
http://www.tno.nl/instit/fel/div3/realtime_ip.html.
[61] G. Ramponi, A. Polesel, "A Rational Unsharp Masking Technique", Journal of Electronic Imaging, vol.7, no.2, April 1998, pp.333-338, 1998.
[62] K. Schutte, “Multi-Scale Adaptive Gain Control of IR Images”, Infrared Technology
and Applications XXIII, part of SPIE’s AeroSense ’97, 21-25 April 1997, Orlando FL,
SPIE Vol. 3061.
[63] P. M. Narenda and R. C. Fitch, “Real-time adaptive contrast enhancement,” IEEE
Transactions on Pattern Analysis and Machine Intelligence 3(6), pp. 655-661, 1981.

110

[64] L. Alvarez and L. Mazorra, “Signal and image restoration using shock filters and
anisotropic diffusion,” SIAM J. Numer. Anal., Vol 31, No. 2, pp. 590-605, 1994.
[65] L. Alvarez, P.-L. Lions and J.-M. Morel, “Image selective smoothing and edge detection by nonlinear diffusion,” SIAM J. Numer. Anal., Vol 29, No. 3, pp. 845-866, 1992.
[66] J. Lu, "Contrast enhancement of medical images using multiscale edge representation,” Optical Engineering 33(7):2151-2161, 1994.
[67] A. F. Laine, S. Schuler, J. Fan, W. Huda, “Mammographic Feature Enhancement by
Multiscale Analiysis,” IEEE Trans. On Medical Imaging, Vol. 13, No. 4, 1994.
[68] “C6000 BENCHMARKS” http://dspvillage.ti.com/docs/catalog/dspdetails/
dspplatformdetails.jhtml?navigationID=46&familyID=132.
[69] Dah-Chung Chang and Wen-Rong Wu, "Image Contrast Enhancement Based Histogram Transformation of Local Standard Deviation,” IEEE Trans. On Medical Imaging,
17,4, 1998.
[70] Sz. Tőkés, L. Orzó and T. Roska, “Programmable Optical CNN Implementation
Based on the Template Pixels’ angular Coding”, Proceedings of 7th IEEE Int. Workshop
on Cellular Neural Networks and Their Applications, (CNNA'2002), pp. 148-155, Frankfurt, 2002.
[71] J.S. Lee, “Digital image enhancement and noise filtering by using local statistics”,
IEEE Trans. Patern anal. Machine Intell., vol. PAMI-2, pp. 165-168, 1980.
[72] P. M. Narendra and R. C. Fitch, “Real-time adaptive contrast enhancement”, IEEE
Trans. Pattern Anal. Machine Intell. vol. PAMI-3, pp. 655-661, 1981.
[73] David J.C. MacKay, “Information-based objective functions for active data selection”, Neural Computation, 4 4 pp. 589-603.

111

