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ABSTRACT

Many optical or image processing tasks reduce to the optimization of some set of parameters. Genetic algorithms can
optimize these parameters even when the functions they map are fairly complicated, but they can only do so the point
where the fitness functions they are given can differentiate between good results and the best result. This can occur
when the optimal point is in a region (in a three dimensional example) such as a plateau, where all the surrounding points
are of very nearly the same fitness. If there are multiple peaks in close proximity, all of nearly the same fitness but with
very deep divides, the algorithm will have trouble ‘hopping’ from one to the other. One way to overcome these obstacles
is to scale the fitness values given by the fitness function, thereby gently modifying the fitness function from the point of
view of the algorithm, thus rewarding the more fit solutions to a higher precision than would naturally occur. Four such
scaling methods will be compared based upon their handling of a sample set of optical processing data. Success will be
determined by comparing the variance over time, selection pressure over time, and best of generation graphs.

Keywords — Genetic Algorithms, Fitness Scaling, Linear Scaling, Evolutionary Programming, Optical Processing,
Kolmogorov distance, Optimization.

1. INTRODUCTION

With the recent expansion in the use of genetic algorithms in all manners of optical processing, one pressing issue
remains to be fully dealt with. That is, how can one design a fitness function that addresses the algorithm’s needs for a
clear “winner” in each generation, and the specific optical processing task at hand. Since it is far too much to ask at this
time to find the best way to optimize the specific processing task that any given engineer might have, it is the goal of this
paper to explore what manner of fitness scaling can offer the most benefits to a generic processing task. Fitness scaling
is a step, following the computation of individual fitness values by whatever fitness function necessary for a given
processing task, wherein the fitness values for the whole generation are fit to some predetermined pattern. In this paper,
four scaling functions will be used with four fitness functions. The fourth fitness function will not be analytic, and will
represent a generic data set, where only a finite set of points are known.

1.1 Simple genetic algorithms

Simple genetic algorithms search for the most optimum set of variables by using the “survival of the fittest” concept'™.
Note that much of the nomenclature of this field is borrowed from genetics. Initially, the algorithm produces an array of
random numbers, typically referred to as the initial population. Each row of this array is representative of one set of
values for the variables; rows are referred to as individuals. Each variable is represented in the individual by a set of
adjacent numbers (or genes), this set is referred to as a chromosome. Since there are several genes per chromosome, but
each variable is ultimately only one number, these genes must be somehow combined into a single value, called a
phenotype. After the initial population is generated, each individual must be reduced to its phenotype form (one number
per chromosome). This form is then fed through a fitness function that assigns a fitness value to each individual based
upon the properties of its chromosomes’ phenotypes. The fitness function is the function that one wishes to be
optimized. The fitness values assigned are the property of the function that is to be maximized (minimization can be
achieved by simply inverting the fitness function, since the algorithm can only maximize). The next step is to create a
new population (the next generation) and repeat the fitness test. To generate this new generation from the old, there are
three primary mechanisms: reproduction, crossover, and mutation. Reproduction is the simplest since it is just the
copying of one or more individuals from one generation to the next, based upon their fitness values. Crossover is the
signature feature of genetic algorithms. This process takes random pairs of individuals and randomly exchanges
segments of matching chromosomes. This is best explained with a simple example. Suppose the two selected
individuals each have two chromosomes, with five genes per chromosome. Crossover means that in the first
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chromosome, the first two genes from each individual are exchanged, and in the second chromosome, the last four genes
are exchanged. This process produces two new individuals for the new generation. No genetic material can cross from
one chromosome to another, nor can any gene leave its original column. Also, the two individuals are selected based
upon their fitness values, such that the more fit the individual, the more likely it is to be selected for crossover. Mutation
selects individuals based upon fitness too, but this process targets the weaker individuals. Mutation means that within an
individual selected as mentioned before, a randomly selected gene is rewritten with a newly randomly generated number.
Mutation probabilities dictate not only how many individuals are selected, but also how many genes within an individual
are mutated.
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Fig. 1. Genetic Algorithm Flowchart

Scaling?

The genetic algorithm used in these trials can best be explained by Fig. 1. There are a few steps included in my
algorithm that were not explained in the overview given above, namely the “mapping of the phenotype to the search

range”, “statistics”, and “mating” stages. This algorithm uses binary gene encoding, and thus can generate a raw
phenotype only as large as

2¢ -1, (1)

where G is the number of genes specified by the user. Also, the raw phenotype conversion cannot accommodate
negative values. Therefore, in order to generate phenotypes within a user specified search range, the raw phenotype
must be mapped to the desired search range after initial phenotype conversion. The statistics step records the maximum,
minimum, and mean fitness values for the generation, as well as the standard deviation for the raw fitness array. It also
records the corresponding phenotype of the best fitness. For generations after the first, in addition to the per generation
statistics just mentions, global statistics such as best overall fitness (and its associated phenotypes) and the generation at
which this fitness was identified are recorded and constantly updated with each new generation. At the end of the run,
the algorithm plots the best fit individual of each generation onto 2D and 3D plots of the test function. The algorithm
also saves the statistics information as well as all user input for that specific trial into an Excel document for later
analysis. The mating stage, which immediately follows the reproduction stage, is only meant as a precursor for the
crossover step. This stage randomly reorganizes the population array so that during crossover, adjacent individuals are
crossed. Basically the “random selection based on fitness” preamble to the traditional crossover stage is preformed by
two separate stages in this algorithm. Probability of crossover therefore is interpreted as how many pairs of individuals
undergo crossover. The crossover stage starts at the top of the population array and moves down until it has performed
crossover as many times as prescribed by the probability of crossover (the percent of the population that is replaced by
crossover corresponds to the probability of crossover)

1.2 Scaling functions

All scaling functions can (theoretically'?) be divided into three categories: Linear, Sigma Truncation, and Power Law.
Linear scaling methods (such as f,, . below) usually have constants that are not problem dependent, but that may
depend on the population characteristics (max, min, mean, etc). Sigma methods include problem depended data. Power
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scaling takes into account the raw fitness values themselves. For these trials, the four methods of scaling all fall under
the category of population dependent, linear scaling.

One of the most common scaling techniques is traditional linear scaling'?. This scaling remaps the fitness values of each
individual using the following equation

»flineur =a+ b ’ f;'aw ’ (2)

where a and b are constants defined by the user. For these trials, the values of @ and b were tied to specific characteristics
of the population (see Table 1.) Another scaling option is rank scaling’. This is more of a two-step process. First, all
individuals are sorted by their raw fitness scores (they are “ranked”). Then new fitness values are computed based solely
on their “rank” using

(r-1(p-9

3
N-1 ®

franked =pP- 2

where r is the “rank” of the individual, p is the desired selection pressure (best/median ratio), and N is the size of the
population. Exponential scaling also begins with ranking all the individuals, but the new fitness values are instead
computed with

— (1)
fexponemial =m ’ (4)

where each individual’s new fitness is m times greater than the previous individual. Low m can result in high selection
pressure and all that that implies. Low pressure means premature convergence, possibly isolating the entire population
in a local maximum and not the true maximum. Top scaling is probably the most simple scaling method. Using this
approach, several of the top individuals have their fitness set to the same value (which is proportional to the population
size), with all remaining individuals having their fitness values set to zero. This simple concept yields

Jip = ®)

s-N, forr=c
0, forr<c’
where s is some proportionality constant, ¢ is the number of individuals that will be scaled up, and N is the size of the
population. Since this gives several individuals identical fitness levels, regardless of how different their raw scores
might be, the diversity of the succeeding generations is increased.

Of these four scaling options, all have arbitrary user inputs. In an attempt at fairness, the values used in the following
tests were selected randomly, but only after they proved not to dramatically affect the outcome of the trials. This was
done so that no one scaling method would have an advantage due to better tuning by the user. At the end of the paper,
another, possibly better, alternative will be discussed.

1.3 Fitness functions

All four scaling methods will be measured against each other given a constant set of population parameters (population
size, individual length, etc). Mutation and crossover rates will also be held constant throughout all the trials. Four
fitness functions will be used to demonstrate the scaling methods’ effects. The first two are from the De Jong Five® (F1
and F3 specifically), the first being

JAEAEDIE (©6)
i=1

where v is the number of variables (in this and all following examples, vV = 2) or dimensions. For these trials, this
function was slightly modified (see Fig. 2.): the dome was inverted (opening downwards now) and the peak was moved
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