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Abstract
Genetic Algorithms is a field of computer science that have many applications, ranging from 
teaching robots how to overcome a problem, to improving designs and optimizing solutions. 
Genetic Algorithms is a perfect tool for optimization of an AI’s thought process. 
 
In this thesis, I explore one way of how to make an AI-bot move through an area with obstacles 
and try to get to a goal somewhere on that playing field. Genetic Algorithms will be used 
to improve how the AI reacts when faced with obstacles and getting better at it with each 
generation. 
 
The thesis shows that it is possible to use Genetic Algorithms to optimize an AI at a specific task 
and a notion that the more resistance it encounters, the the better it gets. 
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1. Introduction
While the algorithms are mostly used to solve static problems (Traveling salesman) and 
optimization, I wanted to use it in something close to my interest in computer-games and AI. 
After thinking a while on it and discussing it with my advisor, I opted to use Genetic Algorithms 
to evolve an AI-controller that could navigate through an area and find a goal-point. 

1.1 Background
The idea of an evolutionary algorithms was early investigated by Nils Aall Barricelli [1] in 1954 
and by Alex Fraser [2] in 1957. Genetic Algorithms later became formalized with the work of 
John Holland [3] in the 1970s. 

1.2 Genetic Algorithms
Genetic Algorithms [4] are based on the idea of natural selection and evolution. Nature try 
to pass on strong genes that are most fit to survive a given climate to a certain species next 
generation. 
 
First we need a population base with the genetic material we want to evolve. Every member 
of that population needs something that we could evaluate and make changes to, so we can 
symbolize progress. 
 
We evaluate the population to get each member’s fitness level, a score of how they preformed 
in the test and how close they were to a solution. Two members that performed good (usually 
beginning with the best and working our way down the list) will be selected to breed, which in 
turn will create two new member of the new generation. Each of the two new members is based 
on one of the parents with extra bits from the other parent. 
 
When we simulate breeding in Genetic Algorithms, two important factors play a part; the 
crossover and the mutation rate. While other factors might be also be used, these two are most 
widely used and are needed to simulate biological behavior in an digital environment. The 
crossover takes an interval of the members “DNA” (for example, a series of ones and zeros) 
and pass it on the child, while the other parent fill out the missing parts. The same then happen 
another time but with the reverse (or a new) interval. 
 
When the crossover is complete, the mutation rate is used to change the “DNA” of the child 
based on a percentage. If we have a binary-series, a mutation rate of 5%, will cause every bit 
in that series to have a % chance to flip (0s to 1s and 1s to 0s). While a low mutation rate will 
evolve the population slowly, it will be more precise in the end. A high mutation rate shows 
results faster, but will probably not be as good as it could have been. A mutation rate of 100% 
makes the algorithm meaningless, as a new member with completely new “DNA” will be made 
each generation, no results from previous generations will be saved. 
When we have a new generation, new fitness score is calculated and the testing continues. 
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1.3 C# and XNA
For convenience and time-constraints I optioned to use Microsoft’s XNA-library [5] to make 
it easy for me to do the graphical part of the program. To use XNA I also needed to use the 
programming language C#. 

1.4 Research questions
Can Genetic Algorithms be used to learn an AI to move around an area and find a goal? 
The area in question will contain walls as obstacles that will have to be navigated around to get 
to a goal-area. 

1.5 Method
My method of exploring this subject is to create a simple environment similar to what an 
AI would need to navigate in a real game. This will be in the form of walls that are placed 
randomized around a room, acting as obstacles. Somewhere there will be a goal and the AI 
have to find it. The AI itself can only see what is in front of it. What the Genetic Algorithms 
will do is to change the instruction-sets of the AI. The fitness will be calculated based on 
the distance away from the goal and the time it took to find (if it found it at all). Maximum 
termination-time will increase each generation if no solution is found. 

1.6 Delimitations
The thesis will not look into other forms of learning besides Genetic Algorithms and will not go 
into parameter-optimization because of time-constraints. . 

1.7 Target audience
Genetic Algorithms deal mostly in optimization, and that is needed in almost every field. Using 
them to improve AI’s behaviour will shorten the time needed to hard-code that behaviour and 
instead let them learn themselves as they play more games or completes certain tasks. I would 
like to see the usage of these algorithms extend into being a part of game-making, and while 
they won’t be useful for every situation, they will improve others. 
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2. Implementation
The program used in this thesis is made in C# using the XNA-library to put out graphics and 
handle other minor details (like creating a window and keeping frame-rate). The main-loop 
is being run in Game1.cs, as per default XNA settings. An object called AI (class Handler) is 
used to hold and evaluate all the bots (class AI). The collision detection will be based on the 
Separating Axis Theorem, with code made by George Clingerman [6]. 

2.1 AI
The AI is implemented as its own class with a speed, a rotation, fitness-points, instruction-lines 
and input-points positions. An input-point is one of eight cubes in front of the AI that will detect 
any walls and create a binary address for a new instruction to follow. Every AI holds two sets of 
256 actions (class Action) in lists that tells the bot what to do depending on if the input-points of 
the AI detects walls as it move around. The AI will switch between these two sets depending on 
which of its sides the goal is located. This was done to “push” the AI forward in a try to not make 
its movements completely random. 
 

The picture shows how the two lists with instructions are represented. See Appendix A - AI for 
code. The input points all starts with a value of 0, then if they intersects with a wall they will 
flip to 1. That list is then passed to the AI’s update-function that translates the points to binary. 
For example, if the first and third points were flipped, the first one would be 1 and the third one 
would be 4, equaling 5. That instruction would then be fetched from the above lists. 
 
The Handler.cs class holds all the AIs, playing field and goal-position. It holds all the important 
information and connects the main loop with the current AI. 
 
The Action.cs class is a container for rotation- and speed-variables that is called on when 
needed. 
 
 
 

 
6



2.2 Genetic Algorithms
The Genetic Algorithm in the program is handled in the Handler.cs class. When a generation is 
over and the EndGeneration() function is called, the AIs are sorted based on fitness (selection) 
and then the crossover starts. 
 
The fitness is calculated based on distance to the goal and time left ( 1000 / distance + time) 
and is used when sorting the AI’s. 
 
The crossover is done by taking two members and then randomizing an interval between 0 
and 255. This interval is then used to copy instructions from the first member together with the 
instructions outside the interval from the second member to a new list of instructions. This new 
instruction line will then be used for the new AI. 
 

 
When all the new children are finished, the mutation takes place. For every member there is a 
5% chance it will mutate, and then if it does there is a 5% chance for every instruction it has to 
mutate into a new one, resulting in a 0.25% chance that an instruction is mutated. 
 
After the Genetic Algorithm are done, a new playing field and a new goal-position is randomly 
constructed for the new generation. 
 

2.3 Playing field
A playing field is made up of 30 “walls” (black sticks), with each wall represented by a Vector3. 
This Vector3 holds all the information needed to draw the walls on the screen and do collision 
detection (X = X-coordinate, Y = Y-coordinate, Z = angle). A wall is created by randomizing a X, 
Y and Z-value and storing them in a Vector3-list. The field is made and held by the Handler.cs 
class. 
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A goal position (green cube) is also made and held by the Handler.cs class. When a bot enters 
the cube, it will “Win” and get a higher fitness-score (because distance to goal would be 0). The 
goal’s position will always be on the right side of the screen, while the AI will always be on the 
left side. Walls being created on other walls, the goal or the AI is not a concern, as they do not 
interact with each other or the goal. The AI will be knocked back a bit, as if it had walked into it. 
 

 
This is a picture of the playing field. The red cube is the AI, the yellow cubes around it are input-
points with one of them red, indicating that it is touching a wall. The black sticks are walls and 
the big green cube is the goal. A new playing field is randomized at the beginning of every new 
generation. 
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3. Experiment Setup 
For the test I started with a population size of 20 with a mutation rate of 5% (0.25% for single 
instructions). 
 
Every AI run for 10 seconds the first generation and then the termination time increases with 2 
seconds every generation, until the maximum time of 30 seconds per AI is reached. This is to 
root out AIs that have problems in the beginning. 
 
Each run will continue until three subsequent generations have found the goal, to avoid a result 
were the random playing field was too easy. 
 
The termination criteria for the AI is the time-limit or it finding the goal. The fitness is then 
calculated based on distance to the goal and time left ( 1000 / distance + time). See Appendix A 
- Fitness calculation function for the code. 
 
The number of runs will be as many as I have time with until the thesis needs to be finished up 
before deadline. 
 
After the test runs were complete, I set up three new tests where I collected more data and 
made graphs of the results. The graphs shows average and highest fitness for the bots over 30 
generations. 
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4. Results
These are the results of the tests. No saving between runs were made. 
 
First run 
Generations where the goal was found:
14, 25, 30, 34, 38, 41, 45, 47, 49, 52, 60, 61, 62. 
 
 
Second run 
Generations where the goal was found:
10, 12, 14, 15, 17, 19, 24, 25, 26
 
 
Third run ( continued past the “3-in-a-row” limit ) 
Generations where the goal was found:
5, 6, 7, 8, 9, 12, 15
 
 
Forth run 
Generations where the goal was found:
8, 12, 16, 18, 29, 31, 33, 35, 36, 38, 39, 40
 
 
Fifth run 
Generations where the goal was found:
3, 4, 5
 
 
Sixth run 
Generations where the goal was found:
4, 10, 11, 12
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Graphs (not the same runs as the ones above)
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5. Discussion
In the test runs we can see that a lot might be depending on “luck of the draw”, but then so is 
always the case with random-functions. The impact of luck is minimized by actor-placements 
and the termination-criteria, in my own opinion. Nevertheless, the time it took to optimizing the 
AI on a whole would not be a problem in a real scenario, where an AI could be run in this way 
overnight or through a whole week. The results where a solution was found quickly (runs 3, 4 
and 6) can also be attributed to an unfair advantage with an easier playing-field at those times. 
 
In the third run I let it continue after the limit, because I wanted to see how long it would last. 
Again, playing-field placement might be a factor, but the AI got a little worse after those first 
few winnings. Also, in the fourth run, we can see that the drop between the 18th and the 29th 
generation was followed by a steady increase, like the first run’s steady increase from start 
to finish. It looks like an AI optimizing itself will get better when faced with more difficult tasks. 
Maybe an increase in walls and distance could occur when an AI has reached a certain level? 
Although, that is not a part of this thesis. 
 
In the additional runs (graphs) the progress seems to be more slow. The real increase might 
come after the first 30 generations, but at the end of the three tests we see some improvement 
in the top-fitness levels against the average-fitness levels. This is most prominent in the third 
run. 
 
In conclusion; Can Genetic Algorithms be used to learn an AI to move around an area and find 
a goal? Yes, that is my assumption based on the results. I think that, even though this was a 
simple example, it could be done for more complex AIs and environments. The tests indicate a 
path of learning and it is an interesting sort of optimization, where the programmer do not have 
to wait around and check results all the time, but just leave it on overnight and then come to find 
a completely new AI waiting for him/her in the morning. In all the runs I did, the AIs found the 
goal several times and in some of them they found it really fast. 
 
My method of choice in this thesis was not perfect, and could be improved in some ways. Giving 
the AI more information about it’s surroundings and introducing more kinds of obstacles would 
make the program more complex but could give interesting results. 
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5.1 Problems
Collision detection comes free in XNA, as long as you is not rotating your rectangles. After a 
lot of work that did not work out, I found the site of George Clingerman [6] and borrowed his 
RotatedRectangle.cs class for this thesis. The solution used here is not “pixel perfect”, but uses 
the Separating Axis Theorem [7]. Still, collisions is not my strong point and they might be a little 
weird, but still functional. 
 
Because of time-constraints I could not do tests for several parameter configurations that I had 
planned, it got placed under “Future work” instead. 
 
 

5.2 Future work
This thesis only tests the general idea of optimizing an AI. Other works could go into using it 
in several genres of games, such as Real-Time Strategy games, First Person Shooters and 
others. 
 
Other improvements might be to make an AI traverse a 3D environment, with other/more 
instructions and/or triggers. 
 
As stated in “Problems”, a graph of several parameters settings (population size / mutation rate, 
for example) was planned and would flesh out the thesis somewhat. 
 
 
I will probably not pursue these additional ideas, any other party willing can use any part of this 
thesis for their work, with mention of me, my advisor and BTH (Blekinge Institute of Technology) 
as a reference. 
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Appendix A - Code and design
 

Class compositions
Game1 --- holds 1 ---> Handler --- holds mPopulationSize ---> AI --- holds 2 * 256 ---> Action

AI and Actions
class AI
    {
    private float mSpeed;
    private float mRotation;
    private int mFitness;
    private Action[] mInstructionLineL;
    private Action[] mInstructionLineR;
    private Vector2[] mInputPoints;
 
    public AI()
    public void InitIAI() // Initiate the AI, randomizing instructions and creating inputpoints
    public void Update(int[] points, bool right) // Takes inputpoints status and converts them 
to an instruction-address. The bool tells the function on what side of the AIs FOV the goal are. 
 
    public void newCommands(float rotation, float speed) // Sets new rotation and speed of 
the AI
 
    // Set/Get-functions 
    public float Speed
    public float Rotation
       public int Fitness
    public Vector2[] InputPoints
    public Action[] InstructionsLeft
    public Action[] InstructionsRight
    }
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class Action
    {
    private float mRotation;
    private float mSpeed;
 
    public Action()
    public Action(float rotation, float speed)
 

 // Set/Get-functions
    public float ARotation
    public float ASpeed
    }

Handler 
class Handler
    {
    static private AI[] bots;
    private int mActiveAI;
    private int mGeneration;
    private int mPopulationSize;
    private Vector2 mGoalPosition;
    private int mMutationRate;
    private Vector3[] mPlayngField;
 
    public Handler()
    public Handler(int populationSize, int mrate)
    private void InitAI()
    public void EndAILife(int fitness) // Saves fitness in AI and adds one to mActiveAI 
    public void EndGeneration() // Genetic Algorithm and playingfield construction
    public void Update(int[] inputpointsstatus, bool right) // Updates the AIs current 
instruction based on input-points status
    public void SortBots() // Selection
    public Vector2[] GetInputPoints()
 

 // Set/Get-functions
    public Vector3 Info
    public int Generation
    public int PopulationSize
    public Vector3[] PlayingField
    public Vector2 GoalPosition
    }

XNA Game Main Loop
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protected override void Update(GameTime gameTime)
    {
    // Calculates time
    milliseconds += (long)gameTime.ElapsedGameTime.TotalMilliseconds;
    if (milliseconds >= interval)
    {
    seconds += 1;
    milliseconds = 0;
    }
 
    // Termination
    if (seconds == terminationTime || endLife == true)
    {
    AI.EndAILife( CalculateFitness() );
    seconds  = 0;
    needNewInfo  = true;
    AIPosition   = AIInitialPosition;
    AIangle  = 0.0f;
    degreeAngle   = 0.0f;
    endLife = false;
 
    if (terminationTime != 30 && info.Y == info.Z)
    terminationTime += 2;
    }
 
    if (needNewInfo)
    {
    info = AI.Info;
    needNewInfo = false;
    }
 
    AIConditions = AI.GetCurrentConditions();
    inputPointsStatus = Collision(inputPointsStatus);
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// Wall collision response
    if (stop == true)
    {
    if (AIConditions.Y <= 0.0f)
    {
    AIConditions.Y = 1.0f * speed;
    }
    else
    {
    AIConditions.Y = -1.0f * speed;
    }
    }
 
    // Text on screen
    text = "Generation: " + info.X.ToString() + "\nAI: " + info.Y.ToString() + " of " + 

 info.Z.ToString() + "\nTime: " + seconds.ToString();
    
    degreeAngle = AIangle / 180 * (float)Math.PI; // Radians to degrees
    AIConditions *= speed;
 
    AIangle += AIConditions.X;
    AIPosition.X += AIConditions.Y * (float)Math.Cos(degreeAngle);
    AIPosition.Y += AIConditions.Y * (float)Math.Sin(degreeAngle);
 
    for (int i = 0; i < 8; i++)
    {
    pointPositions[i] = InputPoints[i];
    RotatePoints[i].X = (float)(Math.Cos(degreeAngle) * (pointPositions[i].X) - 

 (Math.Sin(degreeAngle) * pointPositions[i].Y)) + 
AIPosition.X;
    RotatePoints[i].Y = (float)(Math.Sin(degreeAngle) * (pointPositions[i].X) + 

 (Math.Cos(degreeAngle) * pointPositions[i].Y)) + 
AIPosition.Y;
    }
 
    if (Math.Atan2(AI.GoalPosition.Y - AIPosition.Y, AI.GoalPosition.X - AIPosition.Y)
<      180.0f)
    right = false;
    else
    right = true;
 
    AI.Update(inputPointsStatus, right);
    base.Update(gameTime);
    }
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Collision
public int[] Collision(int[] input)
    {

 // Rectangle is part of XNA 
 // RotatedRectagle is part of George Clingerman’s code 

    Rectangle bRec = new Rectangle((int)AIPosition.X, (int)AIPosition.Y, unit.Width, 
 unit.Height);

    Rectangle gRec = new Rectangle((int)AI.GoalPosition.X, (int)AI.GoalPosition.Y, 
 goal.Width, goal.Height);

    RotatedRectangle b = new RotatedRectangle(bRec, degreeAngle);
    RotatedRectangle g = new RotatedRectangle(gRec, 0.0f);
 
    if (b.Intersects(g) == true) // Checks if the AI intersects with the goal
    {
     endLife = true;
    }
    
    for (int i = 0; i < 8; i++) // For every inputpoints (8)
    {
    bool found = false;
    Rectangle rec = new Rectangle((int)RotatePoints[i].X, 

 (int)RotatePoints[i].Y, (int)point1.Width, (int)point1.Height);
    RotatedRectangle rrp = new RotatedRectangle(rec, 0.0f);
 
    for (int j = 0; j < 30; j++) // For every wall (hardcoded to 30)
    {
    Rectangle wRec = new Rectangle((int)AI.PlayingField[j].X, 

 (int)AI.PlayingField[j].Y, (int)wall.Width, (int)
wall.Height);
    RotatedRectangle rrw = new RotatedRectangle(wRec, 

 AI.PlayingField[j].Z);
 
    if (rrp.Intersects(rrw) == true)
    {
    found = true;
    }
    if (b.Intersects(rrw) == true)
    {
    stop = true;
    }
    else
    {
    stop = false;
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    }
    }
 
    if (found)
    {
    input[i] = 1;
    }
    else
    {
    input[i] = 0;
    }
 
    found = false;
 
    // Out-of-area
    if (RotatePoints[i].X < 0.0f || RotatePoints[i].X > 800.0f || RotatePoints[i].Y 

< 0.0f || RotatePoints[i].Y > 600.0f)
    {
    input[i] = 1;
    }
    }
    return input;
    }

Fitness calculation function
public int CalculateFitness()
    {
    return 1000 / ((int)Vector2.Distance(AI.GoalPosition, AIPosition) + 

(int)(terminationTime - seconds));
    }
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