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[bookmark: _Toc92640810]Introduction
This paper is a report for the Artificial Intelligence and Machine Learning Module Assignment. Task number one is a program to demonstrate depth first smirching and instructions for use have been included in section 1. Task number two is a description of the K-Means algorithm, its function and observations thereof. This occupies section two.  The third task is an exercise in the calculus for the K-Means Algorithm, evidence for the task being held in the appendices. A brief note has also been applied to section three for clarity.
[bookmark: _Toc92640811]Task 1
As per the assignment specification, A program has been coded to load a map file into memory and then using the depth first algorithm to locate hospital signs in the corridors from the designated start position. The design of the program is based on simple console input and output. There for the main controls is in the form of on-screen menus. Depending on the program state, the menus will adapt showing the relevant options as they become functional.  These menus are numbered in order of operation with the first option being used to set the initial options for the program followed by the load file option which will load map files into memory where possible.  From this point, other options will appear that will demonstrate the depth first search process, A* search demonstration and a data dump option which will display the contents of the internal data structures. The contents of which will vary depending on whether the initial search process has been performed.  It should be noted the a* and stack-based options may not be fully implemented as development time is limited due to other project and assignment obligations.
Program options are simple with two options that can introduce checkpoints into the operation of algorithms and secondly, to toggle between recursive and stack based deep search methods. 
[bookmark: _Toc92640812]Task 2 The K Means Algorithm
As mentioned in the assignment specification, the k-means algorithm is widely used by A.I. and machine learning Systems to be categorise data into cluster sets. For this algorithm to work properly, we must first understand what a cluster is. For the average person, a cluster is a collection of objects grouped together as a discrete object and is separated from similar objects by a margin in three-dimensional space. This description is true but is flawed. In this case the flaw is that the perception of a cluster is defined by the operation of the human visual recognition system which processes data from the eye and detects topographical and spatially related elements as components of a group. This visual system is both sophisticated and extremely fast, a feat that even the best electronic systems today cannot equal. It however is not perfect and does introduce false positives where recognition of visual elements is interpreted. These are known as optical illusions.   For greater understanding of this phenomenon, I would suggest reading 'Show me the Numbers’ by Stephen Few [] which based on the work of the Gestalt School of Psychology from the 1920’s. From the mathematical view, a cluster is defined as a set of elements that have a shared unique identifying characteristic. This is a more accurate definition, but the nature of Boolean set arithmetic does introduce problems that makes cluster identification complicated. In the context of the K-Means algorithm, the problem lies where unclassified set elements inhabit the same coordinate domain and cannot be uniquely identified where centroid proximity is the defining factor. The term to use in this case is Set Intersection where contained domain elements can belong to two or more sets. As clusters are defined as a set of exclusive elements an intersection set cannot be considered and an alternative interpretation is required. Before attempting the formulation for a better interpretation of problematical data sets it would be wise to examine the algorithm's method to determine which parameters would best suit modification to achieve the desired goal. 
The first clue to understanding the algorithm lies in its name. The K-Means algorithm's name is derived from the letter ‘K’ and the statistical designation for an average value.  The latter half of the name is self-explanatory. The initial letter refers to the word ‘cluster.’ the use of the letter ‘k’ may seem to be the result of a misspelling by a dyslectic mathematician and as statisticians never discount the existence of error in a value; it may not be beyond the realm of possibility. However, Ockham's law of parsimony   would dictate the fact that the letter ‘C’ has already be assigned as the value for the speed of light, the use of the letter ‘K’ would then be the next best candidate as it would be the simplest explanation. Having now discovered that the algorithm calculates the mean of the cluster the next question is ‘the mean of what?’.   The answer to this question is the use of centroids. Centroids is a math term for the centre of a geometric shape or data set distribution.   Another term used is a centre of gravity. This has no relation to the physical phenomenon but alludes to the idea of attraction as described in Isaac Newton’s ground-breaking tome ‘Principia’ in 1687.  The process works by calculating the distances of every element for each centroid in the universe set and then assigning each member to the set with the shortest distance to is centroid. Once achieved the centroid’s coordinates are recalculated by taking the mean value of each set members summed Euclidian coordinate vales and then setting these values as the cluster’s new centroid point.  The process is recursively repeated until there are no further adjustments to the centroid positions.
As the algorithm dynamically adjusts the positions of the centroids with each process cycle, the initial position for the centroids is unimportant but a random location would reduce the effort of calculation as the probability of an even distribution within the bounds of average deviations around the means of the radius and the angular distributions would reduce the overall number of calculation cycles as the initial positions would statistically be nearer to the final calculated positions. This is based on the even spaced distribution of the data points. It should be remembered that large distortions in the data point distribution can skew the eventual result.  The usual solution to this would be to perform several operations using the algorithm to even out the results from such uneven datasets.
What has just been subscribed is the accepted interpretation of the K-Means algorithm and as mentioned, it uses the Euclidian distance as the categorizing factor. Where criteria for category selection is different, the problems of set intersection and subsets become more problematical. To solve this conundrum, typical approaches include using a soft cluster approach (fuzzy K-Means/K-Medoids) where parameters are looser and allow limited multiple selections or as an alternative, the use of dimensional (Z, n or t) expansion to introduce an artificial coordinate ‘distancing’ factor to separate the conflicting clusters in multidimensional space.  A more interesting solution would be to substitute the standard Euclidian format for a projected cartesian grid onto a topographic manifold.  The curvature of the manifold would correspond to a logarithmic curve based on the data point’s distance to the centroid.  The scale used would have a value of 1 at the clusters mean distance with a logarithmically diminishing value to points within the mean distance and greater values outside of the mean.  The effect would be to compress datapoints close to the centroid and expand the distances for distant datapoints, exaggerating the spacing around the more distant data points around the centroids and creating larger street values for partition analysis. The form of the baseline manifold would be dependent of the data set used and the selection criteria for the clusters. In an ideal world, the preferred shape would be a sphere however, a cylinder could also be used where there is a linear feature such as time is present.
Up to this point, the algorithm and its application have been explored.  One basic parameter has not been examined.  This parameter is the value of K. For those who are currently scratching their head trying to remember what K is, the answer is the number of clusters used to categorise the data. Where the algorithm is used to model a specific facet of the dataset, The selection set count is used for K. Where the application is less well defined, an evaluation method should be used to determine the ideal number of clusters for the dataset. There are several criteria that can be used to discover the optimum cluster density. For a more in-depth description, the paper from Ray and Turi[1] entitled ‘Determination of Number of Clusters in K-Means Clustering and Application in Colour Image Segmentation’ will provide a good starting point. The most used metric for the determination of cluster density is the sum of the squared distances from all points to their cluster centres. This measure is a minimisation function that creates a metric that provides a consistent value in relation to cluster volumes.  When this function is plotted across a range of cluster values, the optimal point is indicated by the transition of values from a fast rate of change to those with a slower rate. On the graph, this is indicated by a distinct change in the y axis direction and presents and ‘elbow’ in the plot line hence the term ‘elbow method’ which is used to describe the method.  Another way of thinking about this method is to imagine several soap bubbles in a group. Surface tension of each bubble will always seek to minimise the surface area for a given volume.  For a cluster of bubbles, the geometry will adjust position so that the entire surface area is optimised for the smallest surface area. Observation of the cluster will also highlight a key characteristic of the cluster. Each cluster has a defined boundary. The more clusters there are in the group, the less defined the boundary will appear. The use of the elbow method is that it sets the K value at the point where the number of clusters is maximised in such a way that the boundaries are distinct and uniform. This also shows us the problem with boundary definition. In an ideal world, clusters will have distinct separation between each cluster with a wide gap between the clusters. In the real world, this is almost never the case and the definition between clusters can become confused. Techniques that introduce an artificial separation like dimensional extension and logarithmic expansion can solve some of the indistinction. A second and less desirable method is to use the exclusion method. This is where the population for each cluster has a threshold above which the members above the threshold will be removed from the universe set. This introduces an artificial no man's land between clusters and will simplify the classification with problematic clusters. The downside is that primary data is being removed and this will alter the result. If the threshold is set on or above the ninth decile the data loss will be minimised and thereby reduce the side effect. In short, the process will remove the outliers on the cluster's normalisation curve leaving the bulk of the data in place for the calculation.
This concludes a potted explanation of the k-Means algorithm, and an exploration of the bibliography[3]–[16] will allow for a more detailed and wider view  of this aspect of machine learning.
[bookmark: _Toc92640813]Task 3
Task number three requires no written explanation. Images and charts detailing the calculation of K-Means are placed in the appendices for evaluation.
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