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ABSTRACT: Genetic algorithms have recently gained popularity for solving complex problems through their evolutionary
nature. They implement biological mechanisms such as crossovers and mutations, yet it is not known how each variable independently effects the algorithm’s ability to work. If found, it would improve the optimization time in genetic algorithms by
decreasing the amount of trials the program has to run. To test the benchmarking system, three trials were conducted in which the
probability of mutating and mating were changed independently to understand their effects. As the base case, the probability of
mating and mutating were set to default values from previous testing to efficiently complete the benchmarking device used (Santa
Fe Ant Trail). In trial 2, the probability of mating was independently tested while trial 3 tested the probability of mutating. The
increase in crossover rates had a superior efficiency in completing the task given while the increase in mutation rates decreased
overall efficiency of the program. In the future, these results can be used in genetic algorithms to increase their efficiency in completing complex problem sets.
KEYWORDS: Evolutionary Computation; Optimization; Genetic Algorithm; Benchmarking; Fitness.

Figure 1. The greater the fitness, the greater the optimization
of the solution. These algorithms have characteristics which
eliminate the need for detail. They take random parameters
from various subsets and combine them to create new solutions. For example, when simulating a race car, the focus is on
aerodynamics and speed. Taking into account factors such as
height and weight, the simulator combines several values of
each respective value and tests them to provide the best outcome. Thus, there is no need for exact measurements. Despite
this, there has been no research into how a change in mating/
reproduction rate and mutation rate can affect an algorithm’s
efficiency.
Certain benchmarking problems are used to test the efficiency of a genetic algorithm. One

Introduction. As society evolves, certain complex problems arise
that are virtually impossible for a human to solve. One example is creating a satellite antenna for broadcasting messages
and data transmission. These antennas must be asymmetrical
for maximum efficiency; it is both time and material consuming for a human to create because of the amount of trial and
error required1. The field of evolutionary computation was created at the intersection of biology and computer science to
solve such complex problems. Genetic algorithms are used in
scenarios for optimizing behavior of artificial agents in achieving some goal. The algorithms use evolutionary tactics, such as
mating and mutating, to “evolve” its programs/solutions until a
solution is found. As the popularity of these algorithms grows
the efficiency of genetic algorithms must be tested. Problems
like the Santa Fe Ant Trail have been developed to decipher
how factors liked mating and mutating effect the efficiency of
the algorithm1. This knowledge will lead to the optimization
of genetic algorithms.
Review of Literature.Evolutionary computation techniques can
produce highly precise and quick solutions to a wide range of
problem settings.1 It has applications in computer science and
can be implemented in algorithms inspired by evolutionary biology because of its similarity to real-world problems.
Evolutionary computation encompasses genetic programs
that implement mechanisms inspired by biological evolution
such as reproduction and mutation. Each genetic program
starts by generating a large amount of possible solutions, or
evaluations. Through different strategies the less efficient solutions are removed. As a result, the solution population will
gradually “evolve” to increase fitness, or efficiency2. This repeats until the most effective solution is outputted, shown in
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Figure 1. The genetic algorithm process to optimize solutions for difficult problem sets.
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benchmarking system, the Even-Parity problem, focuses on
finding how many prime numbers less than a given integer
have an even number of prime factors3. Another benchmarking problem is called the Artificial Ant problem. In this, a
program is supposed to follow a food path and over time holes
start appearing on the trail and growing in size. Due to its correlation with ants and food trails the programs are called ants.
Santa Fe Ant Trail. A version of the Artificial Ant problem is the
Santa Fe Ant Trail. It comes with a layout of 32x32 spatial
elements and incorporates a predefined food trail the ant is
supposed to follow. Figure 2 shows the food trail consisting
of 144 cells with 89 cells containing food. It has the following irregularities which makes it difficult for the ant to follow
the trail easily: single gaps, double gaps, single gaps at corners,
double gaps at corners, and triple gaps at corners4. The ant
starts at the top left corner facing east and continues down the
trail. The ant can turn left, right, or move forward one step and
sense whether there is food ahead of it. With each step the ant
loses energy, regaining energy by ingesting food. The goal is for
the ant to eat all of the food pellets. Therefore, the more food
pellets the ant eats, the more efficient the genetic algorithm is.

1.
To test the effect of mating on a previously created
genetic algorithm and understand how it affects evaluation
population, or the amount of possible solutions, and the maximum amount of food an “ant” could eat.
2.
To test the effect of mutation on a genetic algorithm
and understand how it affects the evaluation population and
the maximum amount of food an “ant” could eat.
Hypotheses. It is hypothesized that
1.
Increasing crossovers in the genetic algorithm will
cause an increase in the amount of evaluations and the maximum amount of food eaten. There will be more evolution,
causing “adaptable traits” or those that allow the “ant” to eat
more food to become more common throughout
2.
Increased mutations in the genetic algorithm will
cause a decrease in evaluations and increase in food eaten.
Positive mutations will lead to adaptive traits being developed
quicker.
Results. Three trials using the Santa Fe Ant Trail were run to
test the effect of the mating and mutation rates in genetic algorithms and find an optimal solution to the trail problem.
During the first trial, the algorithm was set so the probability of mating and mutating between generations was 0.5 and
0.2, respectively. This trial was used as the control group. At the
program’s start, the number of evaluations (population) immediately decreased to 152. As shown in Figure 3, the number
of evaluations remained around 150 for the remainder of the
program. Throughout the 40 generations tested, the average
amount of food eaten showed a positive correlation with the
amount of generations, shown in Table 1. Therefore, the efficiency of the ant’s capability to eat pellets on the trail increased
overall. By generation 23, a configuration of the original algorithm had completed the trail (eating all 89 pellets) and
provided a solution.

Figure 2: The Santa Fe Ant Trail. The dark squares contain food and the light squares are holes in the
trail.

Through various tests, researchers have called this problem
highly deceptive. The Santa Fe Ant Trail is difficult to solve
efficiently because of the large, hole-filled landscape and the
deceptive nature of the search space limited by a fixed amount
of energy5,6. Additionally, the fitness space associated with the
Santa Fe Trail has a great deal of randomness associated with
it, creating difficulties⁷.
Problems. It is unknown how mating, also known as crossover,
and/or mutating directly effects a genetic algorithm’s output
when benchmarked. By calculating this, one can increase the
optimization of the efficiency of genetic algorithms.
Goals. The goals of this project are

Figure 3. The number of evaluations for each generation in trials 1-3.

13

DOI: 10.36838/v2i2.4

ijhighschoolresearch.org

generation 40 was 62, demonstrating the problem setting did
not create a solution. generation 40 was 62, demonstrating the
problem setting did not create a solution.
Discussion. Effect of Mating. Three trials were run to understand the
effect of crossover and mutation in genetic algorithms. Through
the results, the independent effects of mating and mutating are
clear. For trials 1 and 2, they both began at 250 evaluations but
drastically decreased in generation 2. However, trial 2, which
tested crossover/mating, experienced a more drastic decrease
in number of evaluations. This could be due to the fact that
more programs were combining and evolving, which created
an increase in the population counter. This outcome supports
the results from previous research4. Along with the population
count, the maximum amount of food eaten decreased between
trial 1 and 2 as there was a 39-pellet-decrease from trial 1. This
could also be caused by the increase in mating. Because more
programs were crossing over, they evolved faster. Data from
trials 1 and 2 support the first hypothesis that an increase in
the probability of crossover will increase the amount of evaluations and the maximum amount of food pellets eaten.
Effect of Mutating. Comparing trials 1 and 3, the probability of
mutating was changed from 0.2 to 0.3. Both trials began at
250 evaluations but experienced a significant drop. The decrease in trial 1 was greater than trial 3, with populations of
150 and 160 respectively. This drop could be due to the greater mutation rate slightly increasing the chances of crossover
occurring. Because more programs were being mutated, more
mating occurred and took on the new programs’ features. Continuing, with the increase in mutating probability there was
a decline in the maximum amount of food eaten. A possible
cause for this is there were more negative mutations than positive mutations, or more traits that caused the ant to fall for the
holes in the trail were being generated. Therefore, the mutations set the programs back on their goal to venture the trail.
This falsifies the second hypothesis because as the mutation
rate increased, the number of evaluations increased and the
maximum amount of food eaten decreased. This shows that although it increased the algorithm’s efficiency, higher mutations
caused fewer possible solutions to be created.
Trends Found in Evaluations and Average Amount of Food Eaten. By the 5th generation, most data points regarding the number of evaluations
and the maximum amount of food eaten had linearized. In
trial 1, it linearized around 150, trial 2 linearized around 130,
and trial 3 linearized around 160. This indicates that, over time,
the effectiveness of evaluation diminishes. Similarly, the average food eaten constantly grew throughout the generations
and trials, slowing down around generation 20. The standard
deviation grew until about generation 15 and then began to
decline slowly. This could be because most of the programs
reached their peak by generation 20 and did not reproduce to
create more efficient program.

Table 1. The average and standard deviation of food pellets eaten for generations for trial 1.

In trial 2, the probability of mating, or crossover, was set to
0.4 and the probability of mutating remained at 0.2. This was
done to understand the independent effect of mating. Once
again, the number of evaluations immediately dropped, this
time to 129, shown in Figure 3. Continuing from generation 2,
the system’s variance stayed around the 130-evaluation mark.
The average amount of food showed a positive correlation
with the amount of generations, representing that the ant’s efficiency in terms of eating food was increasing as the program
evolved, shown in Table 2. However, the maximum amount of
food eaten by generation 40 was only 60, demonstrating the
set variables did not successfully create a solution.

Table 2. The average and standard deviation of food pellets eaten for generations for trial 2.

Table 3. The average and standard deviation of food pellets eaten for generations for trial 3.

In trial 3, the crossover probability returned to the control
probability of 0.5 and the = mutation probability was set to 0.3.
The number of evaluations dropped from 250 to 163 in between generation 1 and 2. From there, the average amount of
evaluations was 161.2. As the generation number grew, there
was an increase in the average amount of food eaten, shown
in Table 3. However, the maximum amount of food eaten by
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Application. The results presented above can be used to optimize
genetic algorithms by decreasing the amount of trial-and-error necessary. By using semi-random techniques to generate a
population of programs and narrow its search to the solution,
the efficiency of the algorithms is increased and allows the users to get their solutions faster.
Genetic algorithms are mainly applied for designing parts
with specific tasks. For example, genetic algorithms are used
to create race car parts to increase speed and aerodynamics.
Another application is gene expression profiling. This method
measures the activity of thousands of genes at once to determine a pattern the genes express. Genetic algorithms make
this analysis more efficient.
If the results from this experiment are implemented, it may
further increase the speed of such programs, making it possible for researchers to focus on individual patients’ unique gene
expression profiles.
Future research. The code from trial 1 that was able to obtain
all 89 food pellets in the trail at the end of generation 40, can
be compared to Koza’s solution⁹. This may demonstrate this
experiment’s algorithm is more effective than the previous
solution. Through comparison, a more efficient algorithm can
be found and/or created. This could then be applied to genetic
benchmark problems outside of the Santa Fe Ant Trail. Along
with comparing the generated program with the previous solution, the code can be applied to an Arduino bot to understand
if algorithms can be successfully transitioned from a virtual
world to the real world. This could help decrease the amount
of time it takes to test certain programs because testing in the
real world is less efficient than in the virtual world.
Conclusion.This project aimed to find the effect of crossovers
and mutations on a genetic algorithm using the Santa Fe Ant
Trail. Crossover refers to when two programs in the population combine their traits or features to create a new program.
Mutation refers to when a random feature is generated and introduced to the population of solutions. When the probability
of mating increased the amount of the evaluation population
increased and the maximum amount of food pellets increased.
When the probability of mutating decreased the number of
evaluations increased but the maximum amount of food eaten decreased. This data can optimize the process of creating
efficient genetic algorithms and change the way engineers implement algorithms into the real world.
Methods.

Mentor Role. Throughout the research period of 18 weeks encompassing the summer and fall of 2018, my mentor and I
collaborated on various aspects of the experiment. My mentor provided advice and background on genetic algorithms in
evolutionary computation, their implementation, and how to
benchmark them. My mentor also provided a pseudo-code to
give a visual representation of any inputted genetic algorithm.
Following the pseudo-code and my mentor’s guidance, I created a genetic algorithm benchmarking test that mirrored the
Santa Fe Ant Trail and implemented it using several different
settings.
Virtual World. A virtual world, or computer-based stimulated environment, was created and implemented to display graphics
of the implemented genetic algorithm. It was designed to display the Santa Fe Ant Trail and the program carrying out its
path, shown in Figure 4. The programming language Python
was used to create the virtual world because of its incorporated
wide range of modules that allow for code to be created in a
short and efficient manner11. The compiler/tester Eclipse was
used to implement Python. The cloud/interpreter Anaconda,
which comes preinstalled with popular Python packages and
environments, was used to import packages, or groups of modules, for the program including NumPy and DEAP (Figure
5). NumPy allows the user to use high-level mathematical
functions and DEAP allows the user to use genetic algorithm
functions.

Figure 5. Examples of packages in the Anaconda cloud. The package name is on the left and a brief
summary of its functions is on the right.

Santa Fe Ant Trail.The Santa Fe Ant Trail was implemented to
provide a benchmark for the genetic algorithm. One necessary component to the Trail problem is the ant. The ant was
designed to implement a genetic algorithm and eat the food.
the algorithm would be tested based on the efficiency of the
algorithm’s ability to maneuver through the complex trail.

Figure 4. An example of how the virtual world appears when the program is run. The blue dot is the
ant, the green dots are the food, and the white dots are the ant’s trail
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Figure 6. The pseudo code for Koza’s 1992 solution reading from top to bottom and left to right9.
“PROGN” means to carry out all of its following branches.

Algorithms. The algorithms tested in the Santa Fe Ant Trail
included a random case to provide a base, a previously tested solution to provide a benchmark, and genetic programs to
understand different methods to approach the problem. The
solution algorithm was taken from Koza⁹. As shown in Figure
6, the old solution uses a combination of “if ” statements and
programs.
The code was created to implement new genetic algorithms
in every trial. There were four inputs for the code including
the initial population, the probability of mating, the probability of mutating, and the amount of generations. Each trial
maintained the initial population (250) and the number of
generations (40). At the end of each trial, the most efficient set
of directions is outputted and recorded. Along with this, the
amount of evolutions, average amount of food eaten, and maximum amount of food eaten is outputted for each generation.
Once the effects of each variable are calculated, the variables
will be manipulated to output the best solution to the Santa
Fe Ant Trail.
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