[bookmark: _22cvx37ors2k]ACCA6001 - AI and Machine Learning
[bookmark: _1lmipd1eo8]Search and ML Clustering
[bookmark: _u33apkz4yxz9]Liam Radcliffe (1908061)

[bookmark: _q425n64jo4ne]
Task 1	3
Algorithms and Data Structures used in Program	3
User Guide	3
Test Schedule	4
Screenshots	5
Task 2	5
K-means Algorithm	5
Task 3	7
K-means Data Clustering Task	7
References	9

[bookmark: _jcce623v7zg6]

[bookmark: _w889khgvwjbr]Task 1
[bookmark: _ki813zadb41n]Algorithms and Data Structures used in Program
The objective of my programme is to search through a “maze”, which in this case is defined as an array of characters, navigating from a starting point to find “signs” (defined as alphabetic characters) that are positioned throughout, in between walls. The rest of the characters are initially defined as empty spaces, which for the maze are the corridors which the agent can traverse. The maze can be traversed one allowed space at a time, with the agent being able to check adjacent spaces to see if they are traversable or contain a sign.

The primary algorithm that is used for this is a recursive algorithm [1]. A recursive algorithm calls itself with new, simpler or smaller instructions and will run continuously until some kind of condition is met. In the case of the maze solving, there are two conditions which can be met, the first being the number of found signs is equal to the target amount. The reason for not defining the signs as a collection of character values is to allow easier scalability with the size of the map for different scenarios. If all valid spaces in the maze have been searched and the target amount of signs has been met, the algorithm will also then stop.

Within the algorithm, the code will check the adjacent tiles in the maze to see what character is represented there. Along with the map, there are set character values which denote specific values on the map. A wall is defined with an asterix, and empty spaces are defined with a blank space. When the agent does go to a space, their path is recorded with an at sign over the previously empty corridor space. The algorithm checks the maze twice for each space; once to check if any adjacent spaces contain a sign, which it will record the location of, and again for movement.

As for data structures, there are two defined classes that are used. One is called “coord”, which defines the fixed starting point for the programme, and the other is called “signs”, which in this use case, is used as an array to store found sign locations and the character they represent. These signs, if all are found successfully, are then placed into a graph data structure [2]. Graphs can represent values as nodes and the relation between them as edges, so for our use case we can then define what are the signs that are closest to each other and which signs must be visited in order to find another. The coordinates on the map that are recorded with each found sign give us a heuristic to understand what signs are above, below, to the left and to the right of each other, plus they are stored in order of first found.

[bookmark: _3s253ou7k30z]User Guide
The program includes three mazes locally inside the code. The variables that are needed to run it, such as the size of the maze, amount of signs and the starting location are declared for each maze. Only one maze should be loaded at a time.

On start, the program will display the empty maze in the console window. You can select to have the maze update with each agent move in the console window if you choose to do so, uncomment the codes for lines 194-195. At the end of the program, if all signs have been found in the maze, it will show an updated map with all of the spaces the agent had traversed. If the algorithm cannot find all of the signs that have been defined at the start of the program, it will display a message informing the user.

[bookmark: _mz0e8anf1pv4]Test Schedule

	Test Description
	Map/Maze Number
	Expected Result
	Actual Result

	Algorithm is able to find sign ‘A’ first
	1
	From starting point, sign ‘A’ is found as the first sign
	Sign ‘A’ is the first sign that has been found

	Algorithm finds 9 signs in maze and returns to main function
	2
	All 9 signs are found throughout the maze, and when that condition is met, it finishes the search
	All 9 signs are found and program returns to main function

	Algorithm is unable to find 15 signs in maze and returns to main function
	3
	Since there are only 12 signs in that map, the algorithm stops after it has search every allowed space and returns to main function
	Program returns to main and informs it was unable to find specified amount of signs



[bookmark: _fwjr99gbu5ui]Screenshots
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Above: Screenshot of algorithm successfully finding all signs in a maze
Below: Message outputted if not all signs are found in the maze
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[bookmark: _sskzyica9x5]Task 2
[bookmark: _lpttg86kzn2o]K-means Algorithm
K-means algorithm, also known as k-means clustering, is a method of unsupervised machine learning. This takes a collection of data points which will be averaged down to fit closely to a centroid, which is the center point of the cluster. The input involves the amount of clusters that you want the algorithm to find, and the set of points within the dataset you would like to target the clustering around. These can also be randomly assigned locations.

After this, the algorithm works by recursively recalculating to optimize the position of each centroid. The algorithm stops when the centroids have been stabilized, meaning there is no change in their values as the clustering has been successful, or the defined number of iterations has been achieved [3]. During the iteration process, the algorithm is checking the distance between the centroid location and all available data points, and assigning them to their nearest cluster, and then redefining what the centroid location is based on the average distance between all data points found [4].

K means can use a couple of different methods in order to measure distance to find similar data objects. The most commonly used one is the Euclidean distance calculation, but others such as the Manhattan, Chebychev and Minkowski distance calculations have also been used and evaluated for their effectiveness in creating clear and concise clusters [5]. Manhattan distance measures the distance between two points within a grid based system, where spaces are nodes and paths between them are singular and direct, causing a “city block” pattern to emerge. Minkowski distance is a combination of both the Euclidean and the Manhattan distance, where both of those calculations are assigned to a parameter called order. The value of order can range between 1 and 2, 1 for Manhattan distance and 2 for Euclidean distance [6].

A method for selecting the amount of clusters, or the k value for k-means is using the silhouette analysis on the visualised data cluster. It is used to understand the separating distance between the resulting clusters. It displays a measure of how close a point in one cluster is to points in neighbouring clusters, using a scale of -1 to 1 to assign a value to each data point. A value 1 of means that the data point is far away from any other cluster, and a value of 0 means it is close to the decision boundary between two clusters. Negative values suggest that the data point may be in the wrong cluster [7]. 

There are a couple of ways that the k-means clustering algorithm can be improved. First, the initialisation of k-means can be improved, as the algorithm has limitations to relocate centroids if clusters do not overlap. This means that clusters will not move their boundaries that much after initialisation, which can be quite deterministic in maintaining the general shape of the boundaries from the start of the algorithm all the way to the end. It has been suggested that a different means of defining the starting centroids could help in reducing this, such as having a sorting heuristic, where points are selected based on portioned distance to the most central data point. The other suggestion is constant reinitialisation of the k-means algorithm over a set number of times, and keeping the results with the lowest SSE (sum of squared distance) value, with the idea that the more times the algorithm has been initialized, the better the chances of having well-placed centroids at the start are increased.

Another suggestion is that initialising with the Maxim, or simple furthest point heuristic reduces the amount of clustering errors from around 15% to 6%. The idea of the furthest point heuristic is that the first centroid during initialisation is randomly selected, and new centroids are set at the point which is furthest from the nearest existing centroid. This then allows for centroids to be well spaced from each other in an even distribution around the graph. The intentional heuristic to have centroids away from each other combats the problem of randomly-placed centroids being too close together [8].

[bookmark: _hj77fe2bblql]Task 3
[bookmark: _pcvqhspa52mk]K-means Data Clustering Task
For this assignment, I was tasked with producing a k-means clustering calculation on a set number of data points, with two k values (centroids). These centroids would not be randomly assigned, as I was also provided values for the starting position of the centroids. My task then is to calculate the updated position of the centroids for one iteration, along with which data points belong to which cluster. The centroid values I was provided are unique as they were assigned based on my student number.

For my student number, 1908061, I was given two centroids. The first has an x value of 3.69 and a y value of 3.00. The second centroid has an x value of 3.08 and a y value of 3.44. The way I calculated which cluster each data point should belong to is I listed the x and y values in a table and calculated the distance between each centroid’s respective values. From the resulting values, I can get a total value of distance on both coordinates and assert whether the data point is closer to centroid one, or centroid two.

Once this has been calculated, I am able to plot the data points on a scatter graph and give each point a data label corresponding to a cluster. I then needed to update the positions of the centroids to fit more centrally in the cluster it has created. To do this, I took the mean value of the x and y positions of each data point in the cluster [9]. I could then plot these on the scatter graph with separate labels to show that these are the centroid values.

	Data points
	Centroid 1
	Centroid 2
	Calculation 1
	Calculation 2
	Nearest Centroid

	x
	y
	x
	y
	x
	y
	x
	y
	x
	y
	

	5
	5
	3.69
	3
	3.08
	3.44
	1.31
	2
	1.92
	1.56
	1

	0
	5
	3.69
	3
	3.08
	3.44
	-3.69
	2
	-3.08
	1.56
	2

	2
	3
	3.69
	3
	3.08
	3.44
	-1.69
	0
	-1.08
	-0.44
	2

	2
	2
	3.69
	3
	3.08
	3.44
	-1.69
	-1
	-1.08
	-1.44
	2

	5
	1
	3.69
	3
	3.08
	3.44
	1.31
	-2
	1.92
	-2.44
	1

	3
	3
	3.69
	3
	3.08
	3.44
	-0.69
	0
	-0.08
	-0.44
	2

	1
	4
	3.69
	3
	3.08
	3.44
	-2.69
	1
	-2.08
	0.56
	2

	5
	3
	3.69
	3
	3.08
	3.44
	1.31
	0
	1.92
	-0.44
	1

	1
	2
	3.69
	3
	3.08
	3.44
	-2.69
	-1
	-2.08
	-1.44
	2

	4
	2
	3.69
	3
	3.08
	3.44
	0.31
	-1
	0.92
	-1.44
	1
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	x
	y
	x
	y
	
	
	
	
	
	
	

	4.75
	2.75
	1.5
	3.17
	
	
	
	
	
	
	



Above: Table of data points with clustering calculations and new centroid positions
Below: Scatter plot graph showing the data points in clusters with new centroid positions
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Signs in order of being found in maze:

Character: A, X position: 16, Y position: 1
Character: D, X position: 14, Y position: 7
Character: E, X position: 1, Y position: 14
Character: B, X position: 5, Y position: 7
Character: C, X position: 1, Y position: 3
Character: F, X position: 14, Y position: 14
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Could not find the amount of signs which have been defined
C:\Users\Iradcliffe\source\repos\HazeSearch\x64\Debug\MazeSearch.exe (process 16644) exited with code 6.

To automatically close the console when debugging stops, enable Tools->Options->Debugging->Automatically close the cons
1e when debugging stops.

Press any key to close this window .
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