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[bookmark: _Toc93063892]Introduction
This report describes the academic background, rationale and justification for the completion of the three tasks detailed in the Search and Machine Learning Assessment Specification.
[bookmark: _Toc93063893]Task One: Depth first search mapping application
This task required the development of a depth first search (DFS) algorithm using C++ to search a map of corridors for the location of signs. The program provides a visual display of the agent searching the corridors as the search is executed, and reports success when a sign location is found. The program has been submitted in a compressed folder for reference. This section details the algorithms and data structures that have been selected for use in the program, and the justification for their implementation. 
[bookmark: _Toc93063894]Stack
A stack is a linear data structure that follows the Last In First Out (LIFO) principle, meaning that the last element to be inserted into the stack must be the first one that is removed [1]. The behaviour of a stack can be considered much in the same way as any “stack” that exists in the real world, for example, a pile of plates stacked on top of each other. The use of the stack in this DFS mapping program is deliberate, as it enables the implementation of the fundamentals of the DFS algorithm. Indeed, for each while loop iteration, the pop and push operations are used to push the element on and pop the element off the stack [1], allowing the agent to progress through the maze. The use of a stack means that any nodes which are visited and not popped are stored, allowing the AI in DFS to revisit the node after the other co-ordinates have been exhausted. It is essentially this structure that allows the AI agent to traverse every element on the map.
[bookmark: _Toc93063895]DFS 
Depth first search (DFS) is the main algorithm implemented in the program.  The DFS algorithm is used in order to traverse a graph or tree data structure: it starts at the top node, also known as the root, and travels as far as possible down a given path or branch [2]. When it is impossible to expand further, the algorithm then backtracks until it finds an unexplored path or branch. This will be sitting in the stack in the program, and the algorithm will then explore along it systematically [2]. These steps will be repeated by the algorithm until the whole map or graph has been explored [2]. This can be seen in the DFS mapping program that was developed, which will end when all possible nodes have been explored.
[bookmark: _Toc93063896]Search in a row-wise and column-wise matrix
[bookmark: application]This algorithm is used in the program in order to find the starting node “S” in the array. The purpose of this algorithm is to traverse the matrix and search each element one by one [3]. A nested loop is used to accomplish this. The “S” location co-ordinates can therefore be returned via the function when it is found. A more sophisticated method that could be used to accomplish this would be by instead using a divide and conquer approach, because this has a time complexity of O(n1.58) as opposed to O(N2) for the nested loop method [3]. Performance is not critically important for this application, so the decision was made to use the more standard nested loop approach on this occasion.
[bookmark: _Toc93063897]Array 
The DFS mapping program stores the data from the text file into a 2D array, also known as a matrix [1]. A 2D array is an expansion over a standard array, which only stores data elements in a row [1]. A 2d array was used in the program to best represent the 16x16 maze, which allowed data elements to be stored along columns of each row. This is important as it forms the structure for the AI agent to search. 
[bookmark: _Toc93063898]Vector
A vector is a data structure which is derived from an array [1]. A vector was used to store flag elements when they are reached. A vector was chosen due to the fact it can dynamically grow to accommodate a non-defined number of elements, as opposed to a set amount that needs to be defined for a standard non-dynamic array [1].
[bookmark: _Toc93063899]Task Two: k-Means algorithm
[bookmark: _Toc93063900]k-Means algorithm description
Clustering is a data analysis technique that is used to identify homogenous subgroups in data, so that the datapoints in each cluster are as similar as possible, while being very different to that in other clusters [4]. It is an unsupervised learning method, which means that the machine learning algorithms discover underlying data patterns, or density estimation, without human intervention [5]. JSTOR, the open access digital library, posits that the clustering methodology was first developed in a 1954 article that concerned anthropological data [6]. 
The k-means algorithm is one of the most well-known and simple methods of clustering data and was independently discovered in four different articles in the late 1950s to 1960s (Steinhaus 1955, Lloyd 1957, Ball and Hall 1965 and McQueen 1967) [6]. It has applications in a range of disciplines including taxonomy, psychology, biology, statistics and engineering [6], where knowledge, patterns and classification schemes can be extracted from raw data, with no a priori knowledge about the problem necessary beforehand [7]. In one example of the useful application of the algorithm, a 2014 study successfully used k-means clustering to group image data from blood smear images of Plasmodium species (the infectious agent that causes the disease malaria) from a reference library into groups that accurately corresponded to the different Plasmodium species: the algorithm achieved 100% accuracy in identification of one particular species, and high accuracy for the others [8]. The study concluded that the system could be a useful tool for mass screening programs in areas where Malaria is endemic [8].
The k-means algorithm is an iterative clustering algorithm which is used to partition data points into a number (notation “K”) of subsets that are determined according to the distance of each datapoint from the centre of each cluster, known as the centroid [4]. The number, K, of clusters is determined by the operator before the data is processed with the algorithm. There are a number of methods that can be used to select an appropriate K value, and these will be discussed later in this report. It is an exclusive clustering method, where each datapoint can belong to only one cluster, although “fuzzy” K-means clustering is another method where datapoints can belong to overlapping clusters [9].
[bookmark: _Toc93063901]k-Means algorithm example
[bookmark: _Toc93063902]Selecting a value for k
The first step in using a k-Means algorithm is to select a value for k, the number of clusters, to be used in the analysis. In some cases, the number of clusters to be selected might be clear at the outset: in the Plasmodium study discussed previously, the number of clusters would need to correspond to the number of Plasmodium species [8]. An alternative use of the k-means algorithm for this application can be envisaged that would use a method to select the optimal number of clusters (k) necessary to group images of blood smears into different Plasmodium species. It would allow the species to be set a priori which has the potential for novel results. There are two main approaches that can be used to select the number of clusters (k) when the optimal value of k is unknown: silhouette analysis and the elbow method [10]. 
Silhouette analysis uses a silhouette plot to study the distance between the resulting clusters in order to choose an optimal value for the number of clusters (k) [10]. A silhouette coefficient is calculated for each point and are then averaged to obtain a silhouette score. The silhouette coefficient is a measure of how cohesive the point is to its own cluster compared to the other clusters and has a value between -1 (low or negative value, low cohesion) and 1 (high value, high cohesion) [10].  A high silhouette value is indicative of an appropriate k value, a negative value indicates the clusters have been assigned incorrectly, and a value around 0 indicated that the distance between clusters is not significant. The formula to calculate the silhouette score is S = (b – a)/max(a, b) where a is the average distance between each point within a cluster and b is the average distance between all clusters.
To use the analysis method to find an appropriate k value, the k-Means algorithm is run using a range of values (eg 1 – 10) and a silhouette score calculated on the results for each k value. A silhouette plot demonstrates visually when an appropriate value for k has been obtained, as the thickness of each plot for the clusters is approximately equal (or very similar). The silhouette plot is used in conjunction with the silhouette coefficient [10] to determine the best value for k.
The elbow method is another method that can be used to identify the optimal number of clusters to use in the k-means model. First, k-means clustering is performed for a range of k values, in the same way as with silhouette analysis. The distortions of each point are then calculated for every k value. The distortion uses the sum of squared distances (typically Euclidean distance) from each point to its assigned centroid, also known as the sum of squared errors (SSE). This is the same calculation used by k-means to find the best cluster centre. The distortion is then plotted. The optimum k value is the “elbow” of the plotted curve, where the average distance falls most steeply: values after this offer diminishing returns.
Silhouette analysis offers an advantage over the elbow method, as there is less ambiguity when selecting a k value [10]. The elbow method requires some degree of interpretation as to where the “elbow” lies, especially if it appears to lie between two potential k values, whereas completing silhouette analyses gives the user two results: if a silhouette plot is ambiguous, the silhouette score may give a clear “best” value, and vice-versa [10]. Silhouette analysis has an additional benefit of highlighting anomalous or outlying points that are present within a cluster, which is not possible when using the elbow method [10].
In the practical exercise detailed in task three, the value of k to be used in the analysis is known, and the student numbers are required to be placed into two centroids. This stage of the algorithm is therefore not necessary, and the analysis begins on the next step. It may be desirable in the interests of further study to determine whether the given value of k for k-means clustering is appropriate, and in this case, performing a silhouette analysis would be preferable to using the elbow method for the reasons discussed in the paragraphs above.
[bookmark: _Toc93063903]Initialising clusters
Once a value for k has been identified, it is necessary to initialise the clusters, which is done by selecting a starting position of each centroid. The choice of starting point for the centroid has implications for the algorithm as different start-points can give different results, with some choices resulting in a sub-optimal centroid position [11]. A limitation of the k-means algorithm as a whole is that it is known to converge to a locally optimal solution [11] and as such, it has been recommended that multiple initialisations (as many as several thousand) are used and the result with the lowest SSE value chosen [12], although this approach can be very time-consuming [13]. There are a number of initialisation strategies that have been proposed, each with different benefits and limitations.
The approach that is considered to be the “traditional” choice [14] is the sampling of k random datapoints from the dataset to act as starting centroids. This approach was proposed in 1994 by Faber [15]. The rationale behind this method of centroid initialisation is that the starting centroids are actual datapoints and are more likely to be contained within denser areas of data, rather than simply being placed on a randomly selected area of the graph [11]. However, this can result in centroids that are not distributed evenly throughout the dataspace [14].
Another approach that aims to maintain the rationale of selecting a random datapoint while counteracting the disadvantages is the k-means++ method, whereby a random datapoint is selected, and the position of any additional centroids is calculated in order to position them as far away from the random datapoint, as well as each other, as possible [13]. This method was found to outperform the k-means algorithm in terms of speed and accuracy [11].
Other approaches include random selection of a point within the dataspace, non-random selection (sometimes known as “warm-starting” [16]), use of other clustering methods, or a combination of any of the above [14]. Steinley (2007) concluded that the selection of random starting points for centroids performs well, even when compared to more complicated methods [11]. As such, for the basic method and small dataset that was used in task three, an online random number generator [17] was used to select random point in the dataspace to initialise the centroids of the clusters. However, it is likely that the solution that was obtained was a locally optimal one [11], and further iterations will give different results which could have a lower SSE value.
[bookmark: _Toc93063904]Selecting a distance measure
The choice of distance measure used in k-means algorithms will influence the resulting clustering. Some of the common distance measurements that have been used for k-means clustering algorithms include Euclidean distance, Manhattan distance, cosine distance and valley distance [18]. 
Euclidean distance describes the shortest distance between two points in Euclidean space and is used to measure the similarity between two datapoints [19]. Manhattan distance is the sum of absolute difference between the measures in all dimensions of two points [20] and is recommended for use when dealing with very high dimensional data, such as in datamining applications [21]. Cosine distance, also known as cosine similarity, measures the angle between two points or vectors and therefore does not consider the magnitude of the distance [22]. One example of an application of cosine distance is for datasets that are composed of word counts, as it corrects for documents of uneven lengths [22] as opposed to the direct comparison of two (or more) sets of word counts that the use of Euclidean distance would give.
As there are no circumstances which would necessitate the use of Manhattan, cosine or other distance measures, such as high-dimensional data, Euclidean distance was selected for use in the algorithm in task three.
[bookmark: _Toc93063905]Assign datapoints to clusters
The algorithm classifies datapoints to each of the initial clusters based on the distance (eg Euclidean distance) of each point from the centroid [23]. In task three, the absolute distances between each datapoint and each centroid were calculated and assigned to a centroid based on the lowest absolute distance measure, using a spreadsheet.
[bookmark: _Toc93063906]Compute the centroid of each cluster
The next step in the algorithm is to calculate the new mean for each centroid, by calculating the mean of all datapoints assigned to them [23]. This calculation was performed using a spreadsheet in task three.
[bookmark: _Toc93063907]Reassign datapoints to clusters and repeat
If the centroid has changed, the distances of each datapoint from each of the new centroids are calculated again, and then assigned to a centroid. This process repeats until convergence occurs (ie the centroid allocation of the datapoints does not change) [23]. Other criteria than convergence may be used, for example, when dealing with very large datasets [23]. 
[bookmark: _Toc93063908]k-Means algorithm discussion
The k-means algorithm is widely applied in many disciplines because of the simplicity with which it can be implemented and its practicality [24, 16]. It is so commonly used because it can be scaled up to handle very large datasets [16] and also allows flexibility, for example, by careful selection of distance measures [20, 21, 22] so it can be adapted to the requirements of different datasets [16].
The simplicity of the algorithm means that it can be implemented for small, simple datasets using only a spreadsheet, making it very accessible. The limitation of this is that it is time-consuming to repeat, increasing the likelihood of convergence on a locally optimal solution [11, 12], certainly, it would be unfeasible to repeat the algorithm in this manner with different centroids thousands of times as advocated by Steinley (2007) [11].
A limitation of the algorithm is that its performance can be strongly affected by outliers in the dataset [24], as well as being strongly influenced by the initialisation of centroids at the outset [11]. As discussed previously, a number of techniques have been devised to alleviate some of these limitations [13], but these variations in application contribute to the perceived “randomness” of clustering results [24].
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The next section contains the results of the k-means algorithm described here, implemented using Microsoft Excel.

[bookmark: _Toc93063909]Task Three: k-Means algorithm exercise
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[bookmark: _Toc93063911]Appendices
[bookmark: _Toc93063912]Appendix 1: User guide
After running the program, there will be four options. Press a key between 1-4 to choose the desired option, then press enter.
The four options are:
1. Load a file: This loads the map. Enter the name of the text file stored in the project (in this case “text.txt”).  It is possible to change the start location of the DFS by moving the ‘S’ element in the file as the program will always start at the co-ordinates that contain this element.

1. Print map: This prints out the matrix that the map has been loaded into

1. Perform DFS: This starts the depth first search. It will run until all areas of the map have been searched.

1. End Program

[bookmark: _Toc93063913]Appendix 2: Screen shots
Figure 1 Main Menu
[image: Text

Description automatically generated]

Figure 2 user entering the file name “text.txt”
[image: Text

Description automatically generated]
Figure 3 user has successfully loaded the file
[image: Text

Description automatically generated]
Figure 4 option two prints the matrix to the console window
[image: Text

Description automatically generated]
Figure 5 3 performs the DFS. Example here if no flag has been found on this iteration or on this route so far.
[image: A picture containing text

Description automatically generated]
Figure 6 DFS has been completed and the route taken is listed.
[image: A picture containing text

Description automatically generated]


[bookmark: _Toc93063914]Appendix 3: Test schedule
This appendix lists the tests performed on the program code to ensure functionality.
[bookmark: _Toc93063915]Test 1: Default Map
Map Size (Default): (16x16)
[image: Chart, scatter chart

Description automatically generated with medium confidence]
Start position (Default): S (1,0)
Expected DFS flag order: E ,C ,B ,F ,D ,A 
Actual DFS flag order:
[image: A picture containing text

Description automatically generated]
Result of test: PASS
[bookmark: _Toc93063916]Test 2: Height Dimension = 15
Map Size (14x16)
[image: Chart, scatter chart

Description automatically generated]
Start position (1,0)
Expected outcome:  Program ends with message: "MAP SIZE TO SMALL!! MAP MUST BE ATLEAST 16X16".
Actual Outcome:
[image: Text

Description automatically generated]
Result of test: PASS


[bookmark: _Toc93063917]Test 3: Width dimension = 15
Map Size (16x15)
[image: Chart, scatter chart

Description automatically generated]
Start position (1,0)
Expected outcome:  Program ends with message: "MAP SIZE TO SMALL!! MAP MUST BE ATLEAST 16X16".
Actual Outcome:
[image: ]
Result of test: PASS


[bookmark: _Toc93063918]Test 4: Large Map – 20x20
Map Size (20x20)
[image: A picture containing table

Description automatically generated]
Start position (1,0)
Expected Outcome: Map loads and DFS successfully completes.
Actual Outcome:
[image: A picture containing background pattern

Description automatically generated]
Result of test: PASS
[bookmark: _Toc93063919]Test 5: New start position: “S” flag.
Map Size (Default): (16x16)
[image: Scatter chart

Description automatically generated]
Start position: S (15,16)
Actual outcome:
Figure 1 New Start "S" flag position
[image: A picture containing text, electronics

Description automatically generated]
Result of test: PASS


[bookmark: _Toc93063920]Test 6: New flag locations
Map Size (Default): (16x16)
[image: Scatter chart

Description automatically generated]
Start position (1,0)
Expected DFS flag order: C, F, D, B, A, E 
Actual DFS flag order:
 [image: A picture containing text

Description automatically generated]
Result of test: PASS


[bookmark: _Toc93063921]Appendix 4: Program listing
#include <iostream>
#include <fstream>
#include <string>
#include <stack>
#include <vector>
#include <array>
#include <list>

using namespace std;

struct position {
	int x;
	int y;
};
int mapToSmall(FILE* fp); //ends program if map is too small < 16x16
int getNumberOfLine(void); // returns the number of lines in text file
int getLengthOfLine(FILE* df, int Ofline); //looks for the length of line/row in map/text file
int loadFile(FILE* df, char* text, int WIDTH); //loads text file
position ajPoisition;
position findStart(char* text, int WIDTH, int HEIGHT); // looks for letter S in map for start co-ordinates
position current; //stores current pos on array
int loadFile(string); // loads text file
void printArray(char* text, int WIDTH, int HEIGHT); //prints map thats been loaded into the array
void storeRoute(char* text, int WIDTH);  // stores the flags visited in order and prints to console
stack<position> dfsStack; 
vector<string> route; //stores route //used vector so more flags can be added to larger maps
string fileName;


int main(void)
{
	int x = 0;
	int fileLoaded = 0;
	FILE* fp;
	fopen_s(&fp,"text.txt", "r");
	const int WIDTH = getLengthOfLine(fp, 5); //assisngs value to width
	const int HEIGHT = getNumberOfLine(); //assigns value to height

	mapToSmall(fp); //calls function to check map size meets requirements 

	// dynamically allocate memory of size `WIDTH × HEIGHT`
	char* text = (char*)malloc(WIDTH * HEIGHT * sizeof(char));

	string fname;
	while (x < 4)
	{
		cout << endl;
		cout << "1: Load a file" << endl;
		cout << "2: Print map" << endl;
		cout << "3: Perform DFS" << endl; 
		cout << "4: End program" << endl;
		cout << "Please enter a choice (1 to 4): ";
		cin >> x;
		if (x == 1)
		{
			cout << "enter file name" << endl;
			cin >> fname;
			if (!loadFile(fp, text, WIDTH)) exit(0); // returns true or false - if havent been able to load file, exit the program.
			fileLoaded = 1; // flag for file loaded 1 = true 0 = false
			cout << "file loaded" << endl;

		}
		if (x == 2 && fileLoaded)
		{
			printArray(text, WIDTH, HEIGHT); //prints map to console

		}
		if (x == 3 && fileLoaded)
		{
			//DFS
			//ANNIMATION BLOCK
			current = findStart(text, WIDTH, HEIGHT);  //calls function to set start position 
			dfsStack.push(current); //push this onto the stack as start point.
			cout << "start position is: (" << current.x << " , " << current.y << " )" << endl; //prints out start position
			while (!dfsStack.empty()) 
			{

				printArray(text, WIDTH, HEIGHT);
				current = dfsStack.top();  //top plus pop equals a stack pop operation
				dfsStack.pop();
				text[WIDTH * current.y + (current.x)] = '.';
				storeRoute(text, WIDTH); //stores location to vector and prints found to console
				cout << "The Route Taken so far is:" << endl;
				for (int i = 0; i < route.size(); i++)		//prints current elements stored in visited vector
				{ 
					cout << route[i] << endl;
				}
				//if any of the 4 if statements dont return a wall we stack it, then go around while loop again using current pos. Put '.' to mark visited location.
				//if right position is not an object
				if ((text[WIDTH * current.y + (current.x + 1)] != '*') && (text[WIDTH * current.y + (current.x + 1)] != '.'))
				{
					ajPoisition.x = current.x + 1;
					ajPoisition.y = current.y;
					dfsStack.push(ajPoisition);
				}
				// if left position is not an object
				if ((text[WIDTH * current.y + (current.x - 1)] != '*') && (text[WIDTH * current.y + (current.x - 1)] != '.'))
				{
					ajPoisition.x = current.x - 1;
					ajPoisition.y = current.y;
					dfsStack.push(ajPoisition);
				}

				//checks down
				if ((text[WIDTH * (current.y + 1) + current.x] != '*') && (text[WIDTH * (current.y + 1) + current.x] != '.'))
				{
					ajPoisition.x = current.x;
					ajPoisition.y = current.y + 1;
					dfsStack.push(ajPoisition);
				}
				//checks up
				if ((text[WIDTH * (current.y - 1) + current.x] != '*') && (text[WIDTH * (current.y - 1) + current.x] != '.'))
				{
					ajPoisition.x = current.x;
					ajPoisition.y = current.y - 1;
					dfsStack.push(ajPoisition);
				}
				//tracks each co-ordinate and reports if there is no flag in the next position, outputs to console each loop as per requirements
				if ((text[WIDTH * current.y + (current.x + 1)] == ' ') || (text[WIDTH * current.y + (current.x - 1)] == ' ') || (text[WIDTH * (current.y + 1) + current.x]) == ' ' || (text[WIDTH * (current.y - 1) + current.x] == ' '))
				{
					cout << "No flag has been found"; cout << endl;
				}
			}
			break;
		}
	}
	return 0;
}

int loadFile(FILE* df, char* text, int WIDTH) // function for reading in file
{
	string line;
	ifstream myfile(df);
	if (myfile.is_open())
	{
		int count = 0;
		while (getline(myfile, line))
		{
			cout << line << endl;

			line.copy(&text[WIDTH * count], WIDTH, 0);
			count++;
		}
		myfile.close();
		return 1;
	}
	else return 0;

}



void storeRoute(char* text, int WIDTH) //stores each location found in a c++ vcector,  prints when found to console.
{


	if ((text[WIDTH * current.y + (current.x + 1)] == 'A') || (text[WIDTH * current.y + (current.x - 1)] == 'A') || (text[WIDTH * (current.y + 1) + current.x]) == 'A' || (text[WIDTH * (current.y - 1) + current.x] == 'A'))
	{
		string s = "A ,"; route.push_back(s);
		cout << "A has been found"; cout << endl;
	}
	if ((text[WIDTH * current.y + (current.x + 1)] == 'B') || (text[WIDTH * current.y + (current.x - 1)] == 'B') || (text[WIDTH * (current.y + 1) + current.x]) == 'B' || (text[WIDTH * (current.y - 1) + current.x] == 'B'))
	{
		string s = "B ,"; route.push_back(s);
		cout << "B has been found"; cout << endl;
	}
	if ((text[WIDTH * current.y + (current.x + 1)] == 'C') || (text[WIDTH * current.y + (current.x - 1)] == 'C') || (text[WIDTH * (current.y + 1) + current.x]) == 'C' || (text[WIDTH * (current.y - 1) + current.x] == 'C'))
	{
		string s = "C ,"; route.push_back(s);
		cout << "C has been found"; cout << endl;
	}
	if ((text[WIDTH * current.y + (current.x + 1)] == 'D') || (text[WIDTH * current.y + (current.x - 1)] == 'D') || (text[WIDTH * (current.y + 1) + current.x]) == 'D' || (text[WIDTH * (current.y - 1) + current.x] == 'D'))
	{
		string s = "D ,"; route.push_back(s);
		cout << "D has been found"; cout << endl;
	}
	if ((text[WIDTH * current.y + (current.x + 1)] == 'E') || (text[WIDTH * current.y + (current.x - 1)] == 'E') || (text[WIDTH * (current.y + 1) + current.x]) == 'E' || (text[WIDTH * (current.y - 1) + current.x] == 'E'))
	{
		string s = "E ,"; route.push_back(s);
		cout << "E has been found"; cout << endl;
	}
	if ((text[WIDTH * current.y + (current.x + 1)] == 'F') || (text[WIDTH * current.y + (current.x - 1)] == 'F') || (text[WIDTH * (current.y + 1) + current.x]) == 'F' || (text[WIDTH * (current.y - 1) + current.x] == 'F'))
	{
		string s = "F ,"; route.push_back(s);
		cout << "F has been found"; cout << endl;
	}
	//outputs text if next position contaisn no flag
	if ((text[WIDTH * current.y + (current.x + 1)] == ' ') || (text[WIDTH * current.y + (current.x - 1)] == ' ') || (text[WIDTH * (current.y + 1) + current.x]) == ' ' || (text[WIDTH * (current.y - 1) + current.x] == ' '))
	{
		cout << "No flag has been found"; cout << endl;
	}


}
void printArray(char* text, int WIDTH, int HEIGHT) //nested for loop to print array.
{
	for (int y = 0; y < HEIGHT; y++)
	{
		for (int x = 0; x < WIDTH; x++)
		{
			cout << text[WIDTH * y + x];
		}
		cout << endl;
	}
}


position findStart(char* text, int WIDTH, int HEIGHT) //searches array for start location and returns it
{
	//traverse through the matrix
	for (int y = 0; y < WIDTH; y++)
	{
		for (int x = 0; x < HEIGHT; x++)
			//if the element is found
			if (text[WIDTH * y + x] == 'S')
			{
				cout << "Element found at (" <<
					x << ", " << y << ")\n";
				return position{ x, y };
			}
	}
}

int getLengthOfLine(FILE* df, int Ofline)  //returns the length of line for WIDTH variable assingmentusing c library fseek and fgetc functions
{
	char cchar;
	int line = 1;
	int  total = 1;
	int  atLine = 0;
	int  afterLine = 0;

	while ((cchar = fgetc(df)) != EOF)
	{
		if (feof(df)) {
			break;
		}

		if (cchar == '\n' || cchar == '\0') {

			if (line == Ofline) {
				atLine = total;
			}

			if (line == (Ofline + 1)) {
				afterLine = total - atLine;
			}
			line++;
		}
		total++;
	}

	fseek(df, 0L, SEEK_SET);

	if (afterLine == 0) {
		return (total - atLine - 1);
	}
	else
	{
		return (afterLine - 1);
	}
}

int getNumberOfLine(void) //returns total number oflines in file using for loop
{
	string line;
	int lines;
	ifstream myFile;
	myFile.open("text.txt");
	for (lines = 0; getline(myFile, line); lines++);

	return lines;
}

int mapToSmall(FILE* fp) //checks file map dimensions if < 16x16 programs exit
{
	if (const int WIDTH = getLengthOfLine(fp, 5) < 16)
	{
		cout << "MAP SIZE TO SMALL!! MAP MUST BE ATLEAST 16X16";
		exit(EXIT_FAILURE);
	}

	if (const int WIDTH = getNumberOfLine()  <16)
	{
		cout << "MAP SIZE TO SMALL!! MAP MUST BE ATLEAST 16X16";
		exit(EXIT_FAILURE);
	}
}
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		 		Student Code		Centroid

						1				2

						1.2		3.2		4.4		2.8		1 Distance		2 Distance		Cluster

		1		1004334/2		1.8		4.72		2.66		2.14		6.52		4.8		2

		2		1352162/2		3.04		2.58		2.68		0.29		5.62		2.97		2

		3		1702203/2		4.2		0.27		4.43		1.26		4.47		5.69		1

		4		1705433/1		2.2		2.43		3.66		1.5		4.63		5.16		1

		5		1708386/2		1.84		4.06		1.13		1.94		5.9		3.07		2

		6		1800709/2		0.41		2.66		3.4		0.58		3.07		3.98		1

		7		1801492/2		1.4		3.42		0.39		3.04		4.82		3.43		2

		8		1808257/1		4.69		2.92		1.55		0.46		7.61		2.01		2

		9		1809125/1		4.71		2.69		1.62		1.26		7.4		2.88		2

		10		1809131/1		4.19		2.08		3.35		3.81		6.27		7.16		1

		11		1809316/1		3.14		2.46		0.35		0.83		5.6		1.18		2

		12		1809781/1		2.12		3.41		4.25		4.61		5.53		8.86		1

		13		1810613/1		4.43		1.03		2.36		3.71		5.46		6.07		1

		14		1810705/1		1.8		1.51		4.13		2.79		3.31		6.92		1

		15		1811357/1		1.86		4.31		3.22		4.61		6.17		7.83		1

		16		1900045/1		0.34		1.76		0.1		4.54		2.1		4.64		1

		17		1902699/1		3.8		4.36		4.09		3.36		8.16		7.45		2

		18		1903551/1		2.8		2.48		2.2		1.67		5.28		3.87		2

		19		1903723/1		2.13		2.48		1.87		1.2		4.61		3.07		2

		20		1907620/1		4.32		4.92		1.15		0.33		9.24		1.48		2

		21		1908061/1		3.69		3		3.08		3.44		6.69		6.52		2

		22		1908090/1		4.01		2.34		3.25		4.3		6.35		7.55		1

		23		1909160/1		0.93		4.68		1.21		3.57		5.61		4.78		2

		24		2012800/1		2.19		4.21		2.93		2.98		6.4		5.91		2

		25				0.45		2.92		4.9		3.45		3.37		8.35		1

		26				2.57		3.24		3.37		0.85		5.81		4.22		2

		27				3.76		2.77		3.95		2.68		6.53		6.63		1

		28				2.78		1.71		1.94		2.31		4.49		4.25		2

		29				3.47		3.86		3.91		2		7.33		5.91		2

		30				3.45		2.19		2.66		2.61		5.64		5.27		2
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		6		3		3		1.4		0		1		0		1.4		1		2

		7		1		4		0.6		1		3		1		1.6		4		1

		8		5		3		3.4		0		1		0		3.4		1		2

		9		1		2		0.6		1		3		1		1.6		4		1				 

		10		4		2		2.4		1		0		1		3.4		1		2
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		5		5		1		3.8		2.2		0.6		1.8		6		2.4		2

		6		3		3		1.8		0.2		1.4		0.2		2		1.6		2

		7		1		4		0.2		0.8		3.4		1.2		1		4.6		1

		8		5		3		3.8		0.2		0.6		0.2		4		0.8		2

		9		1		2		0.2		1.2		3.4		0.8		1.4		4.2		1

		10		4		2		2.8		1.2		0.4		0.8		4		1.2		2
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211908061/1 3.69 3 3.08 3.44 6.69 6.52 2

221908090/1 4.01 2.34 3.25 4.3 6.35 7.55 1

231909160/1 0.93 4.68 1.21 3.57 5.61 4.78 2

242012800/1 2.19 4.21 2.93 2.98 6.4 5.91 2

25 0.45 2.92 4.9 3.45 3.37 8.35 1

26 2.57 3.24 3.37 0.85 5.81 4.22 2

27 3.76 2.77 3.95 2.68 6.53 6.63 1

28 2.78 1.71 1.94 2.31 4.49 4.25 2

29 3.47 3.86 3.91 2 7.33 5.91 2

30 3.45 2.19 2.66 2.61 5.64 5.27 2
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		27				3.76		2.77		3.95		2.68		6.53		6.63		1

		28				2.78		1.71		1.94		2.31		4.49		4.25		2

		29				3.47		3.86		3.91		2		7.33		5.91		2

		30				3.45		2.19		2.66		2.61		5.64		5.27		2





Sheet2

								1				2

		Iteration 1		Data Points				x		y		x		y

				x		y		2		5		4		4		1 Distance		2 Distance		Cluster				Cluster 1		Cluster 2

		1		5		5		3		0		1		1		3		2		2		x		1.6		4

		2		0		5		2		0		4		1		2		5		1		y		3		3

		3		2		3		0		2		2		1		2		3		1
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		7		1		4		1		1		3		0		2		3		2

		8		5		3		3		2		1		1		5		2		2

		9		1		2		1		3		3		2		4		5		1
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		Iteration 2		Data Points				x		y		x		y

				x		y		1.6		3		4		3		1 Distance		2 Distance		Cluster				Cluster 1		Cluster 2
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		4		2		2		0.4		1		2		1		1.4		3		1
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		7		1		4		0.6		1		3		1		1.6		4		1

		8		5		3		3.4		0		1		0		3.4		1		2

		9		1		2		0.6		1		3		1		1.6		4		1				 

		10		4		2		2.4		1		0		1		3.4		1		2

								1				2

		Iteration 2		Data Points				x		y		x		y

				x		y		1.2		3.2		4.4		2.8		1 Distance		2 Distance		Cluster

		1		5		5		3.8		1.8		0.6		2.2		5.6		2.8		2

		2		0		5		1.2		1.8		4.4		2.2		3		6.6		1

		3		2		3		0.8		0.2		2.4		0.2		1		2.6		1

		4		2		2		0.8		1.2		2.4		0.8		2		3.2		1

		5		5		1		3.8		2.2		0.6		1.8		6		2.4		2

		6		3		3		1.8		0.2		1.4		0.2		2		1.6		2

		7		1		4		0.2		0.8		3.4		1.2		1		4.6		1

		8		5		3		3.8		0.2		0.6		0.2		4		0.8		2

		9		1		2		0.2		1.2		3.4		0.8		1.4		4.2		1

		10		4		2		2.8		1.2		0.4		0.8		4		1.2		2

				x		y

		Centroid 1		1.2		3.2

		Centroid 2		4.4		2.8





Data Points	5	0	2	2	5	3	1	5	1	4	5	5	3	2	1	3	4	3	2	2	0	0	5	0	2	2	5	3	1	5	1	4	







Data Points	5	0	2	2	5	3	1	5	1	4	5	5	3	2	1	3	4	3	2	2	Centroid	1.2	4.4000000000000004	3.2	2.8	0	0	5	0	2	2	5	3	1	5	1	4	
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