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ABSTRACT: A fruitful field into the CNN research domain is being the development of analogic algorithms that
combine single templates to perform complex image processing. The results would be extremely useful for pattern
recognition in industrial and robotic applications. This work presents a general methodology for the automatic generation
of analogic algorithms by means of a genetic search. A genetic algorithm for generating multi-template trees, concept
derived from the Al field, is applied to the automatic generation of analogic algorithms, based in both genetic-
evolutionary search and heuristic approaches.

1. Introduction

The traditional image processing techniques require a lot of computational effort as pixel information is acquire and
processed sequentially and data flow trough an A/D conversion stage. This generates atime delay that is unacceptable for
real time image processing in visua tasks requiring the process of several millions of pixels per second (e.g. automatic
industrial inspection, visual based navigation in robotics).

A massively parallel architecture that works with analog signals could offer a solution for these applications. This is
just the basis idea of Cellular Neural Network (CNN's): an array of analogic dynamic processors whose cells interact
directly within a finite local neighborhood [1]. The local CNN connectivity allows its implementation as VLSI chips that
can operate at a very high speed, with a high complexity level [2]. Nowadays CNN architectures implemented as VLS
chips shows the aptitude of extremely high speed compared with traditional digital image processing tools. The
proliferation of ever more sophisticated CNN architectures, and the great effort observed during last years to implant
practical system based on CNN chips, drives the development of analog algorithms able to perform complex image
processing tasks required in industrial applications [3], robotic systems, classification [4], and compression [5].

The objective of this work is the generation of a learning machine within the CNN paradigm, capable of finding
solutions for complex image processing tasks. First a general machine for automatic analog algorithm design independent
of the problem to solve is proposed. It uses an evolutionary strategy that is an extension of the genetic programming [6].
Second, this work introduces a set of sub-mechanisms to increase the power of the genetic programming and to reduce the
enormous search space to optimise time. Some concepts are related with Al theory, in such away that the performed work
is at the intersection of Al, Image Processing, and CNNs fields.

Previous works present some CNN simulators with the feature of the automation of single template generation [7][8].
In this line our former work [9] describes an example-based learning method using a Genetic Algorithm for automatic
generation of a single template. Current work gives flexibility to former approach proposing a method for the automatic
generation of atemplate sequence instead of a single template GA based.

2. Multi-Template Tree Representation

The main objective of this work is the automatic generation of an adequate template sequence to transform an input
image into an output image, using an initial state. This template sequence can be represented by means of atree formed by
templates, namely multi-template tree, Figure 1.

The notation utilized to codify the multitemplate tree , in away useful for our automatic GA searching, is the prefix or
Polish notation due to Lukasiewicz. According to this notation an operator O which performs an action on two objects x
and y is represented O X y. In our case, O consist of a single template, x is an input image and y is the initial state for the
CNN differential equation to be solved. No parenthesis are needed and the principle operator for any term appear at the
head of that term.



Assuming the general case of binary templates as unary templates are a particular case of binary template having one
of itsinputs " a priori” set to black, gray or white intensity level. In this way we can express a multi-template tree, as that
of Figure 1 by the following expression: Tem.4( Tem.2( Tem.1( X, B), A), Tem3( X, A)).
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Fig. 1. Tree and node representation

So an expression is a set of images and templates coherently related to perform a complex image processing. Within
the same framework, a well-formed expression can itself be regarded as an object, only if it verifies the Rosenbloom
theorem:

A sequence of symbols Sin prefix notation is a well-formed expression if and only if:
1. rank (9=-1;
2. rank (sub-expression on the left of S)2 0;
where rank is defined by:

rank (binary operator)=1,
rank (unary operator)=0;
rank (constant)=-1;
rank (SL concatenated with S2)=rank (S1)+rank (S2).

3. The Genetic Algorithm

To search the most adequate template sequence or multi-template tree, a class of learning system called genetic
algorithms is used [10]. These GA agorithms are probabilistic search algorithms which simulates natural evolution and
are very useful in combinatorial optimization.

In these agorithms the explored search space at each iteration, is called population. The population is formed by a
collection of individuals that are represented by a string, which are often referred to as chromosomes. The purpose of using
a GA isto find from the search space, the individual with the best “genetic material”. Thus it is necessary to quantify the
individual quality and thisis performed through an evaluation function, namely fitness function.

In summary, the algorithm firstly chooses the initial population of potential solution and defines the fitness function.
Then, in each iteration, the individuals, parents, are selected to produce new individuals, children, of the next generation
(which is a new algorithm iteration) by means of the combination of the their genetic material. This genetic material
combination is denoted as crossover operation. Then for each new individual, there is a probability close to zero that the
individual can “mutate”, resulting in small modifications of their genetic material, called mutation operation.

It is important to remark that the mutation operation is needed to explore new states and prevents the algorithm from
local minimum. Crossover tend to increase the average quality of a population, so the selection of an adequate crossover
and mutation operators increases the GA probability to reach a near-optimal solution in a reasonable number of iterations.



3.1. Individual Representation and Initial Population

In the proposed method, each individual codifies a multi-templates tree as a string in Polish notation. The initia
random population and the offspring produced by each genetic operation must be a "well-formed expression” , verifying
the Rosenbloom theorem. Although the individuals are strings in Polish notation, to simplify the following dissertation, a
tree representation for each individual is assumed.

Therefore, the way to generate an individua is accomplished by fixing an upper and lower number of possible
operations, to be carried on. The probability for a node to be either an operator or an image is given by a probability value
Po for a binary operation and Pi=1-Po for an image. Following this pattern, we add new nodes taking into account the
former probabilities and testing whether or not the upper and lower operation number are exceeded. The individual lenght
is variable, consegquently the initial population generation is performed through a list that links new term based upon the
probability previously set by the user.

3.2 The Fitness Function

The fitness function is an energy function proportional to the to the difference between pixels from the current output
image (Icurrent) @nd the desired output image (Ipesred). FOr €ach individual t, the fitness function is expressed as,

[o]
f(t) = a || Desired ICurrent (t) |
pixels
which has to be minimized in the GA search process.

3.3. Genetic operators

The GA operators, crossover and mutation can be defined as follows, Figure 2:

Crossover operator. A crossover point is randomly chosen in the first and second parent Then the subtree rooted at the
crossover point of the first parent is eliminated and replaced by the subtree coming from the second parent. Crossover is
the predominant operation and in our proposal it acts with a high probability about 0.85-0.90.

Mutation: The mutation operation used is the one defined by Koza [6]. The individual is probabilistically selected from
the population and a point is randomly chosen, then the subtree rooted at that point is erased, and a new subtree is

generated using the same random growing process used to originate the initial population. This mutation operation is
performed sparingly. The probability of the mutation is 0.01, at each iteration
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Fig.2. Mutation and Crossover operators.



4. Search Space Size and its Prune by means of Heuristic Methods

Under the hypothesis of binary templates we can affirm that in a tree formed by S templates there are S+1 free
branches that can be filled by other terms (in general other trees). It can be demonstrated, as far as the initial root of atree
is an binary template, Figure 3a, and the growth process is performed by adding new templates located in each of these
branches, Figure 3b and 3c. Each new template erases one of these free branches and produce two new ones. Accordingly,
for each new template, a new branch appears and the initial difference between templates and branches remains the same.
Beyond that, any tree of S templates can produce S+1 trees by adding one new operator, so the number of possible tree
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Fig.3 The tree growing process

Assuming that the number of possible templates extracted from a template library, is N then the search space
dimension is equal to the number of possible variations of S elements taken N by N. So, for a tree formed by S nodes the
search space has N° elements. Therefore, the search space size obtained by the set of all possible trees built with S
operators, will be N>8 . Finally, if the set of all possible trees are confined between a lower and an upper number of
possible operations, S and Sy, then the number of elementsin the search space would be:

S
é SZES_NOdS — g. NS>6!

N _templates
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As previoudly stated, a new tree is created by adding elements in a string which represents the tree in Polish notation,
taking into account the Rosenbloom's theorem to validate the tree syntax. According to former premises, a tree formed by
Stemplatesis represented by a string that includes S templates and S+1 input images. The probability of atree of S binary
operators is equal to the probability to obtain the before mentionned, that is Po®x(1-Po)* .

The influence that Po has in the probability that the tree size would be S, is displayed in Figure 4, being S the
number of operationsin the tree, and P(po,S) the probability of generating atree of S operations conditioned to a Po value
equal to po. The graphic shows that as far as Po grows, the function P(po,S) decreases for lower values of S and increases
for the higher values of S. This implies higher probability values for big trees as po increases.. This bias becomes critic
when po tends to 1, then P(1,S) is equal to one for S=¥ and zero otherwise.

A straightforward heuristic to shrink the space search size deals with the reduction of the number N of elementsin the
template library, thus the 88 templates have been grouped in 19 sets of elements having similar behavior. The space
search size is reduced if we only take into account a resentative from each set. Then an initial search is accomplished in
the reduced search space to perform later on a refinement process wherein the quality of each one of the components of the
selected sets can be tested to find the most adequate multi-template tree.
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Fig. 4. Influence of Po in the tree size.

A second heuristic, also to reduce the search space size includes an operation hierarchy in the random generation and
mutation of the trees. It performs a template classification in three categories. @) Grey to Grey, b) Grey to Binary and c)
Binary to Binary. Hence, all trees start from a Grey to Grey root, and when a Grey to Binary or Binary to Binary template
appears, the subtree growing from this node is exclusively fashioned by Binary to Binary templates. So, the grey scale
operations are isolated from binary ones being the grey to binary templates the interface between them.

5. Conclusions and Further Research

Up to now, the template design has been usually focused as an extrapolation of traditional image processing methods, and
only recently complex mathematical techniques as morphology and PDE related methods, have been proposed. But in each
case the success of the algorithm strongly depends on the designer expertise.

Thus, the automatic algorithm generation by GAs, here proposed, offers a new methodology to obtain an adequate
seguence of operations, independently of the human subjectivy, for the development of analogic algorithm to solve general
vision tasks. One of the aims of current work is to introduce this methodology for the design of CNNs algorithms in
general industrial applications.

Futher research will be devoted to the automatic generation of analogic programs, taking as a model computer programs
with al the diversity and complexity that they convey. In other words, programs usually contain subroutines (also called
automatically defined functions, ADFs, or function-defining branches), iterations (automatically defined iterations or
ADIs), loops (automatically defined loops or ADLS), recursions (automatically defined recursions or ADRS), and memory
of different dimensionality and size (automatically defined stores or ADSs).
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