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Implementing the DFS (depth first search) the stack was a critical component of the implementation. Stacks are FILO (first in last out) data structures that allow multiple new entities to be pushed onto the data structure. When the entities are removed or “popped” from the stack the last one added is the first to be removed, the first added is the last to be removed. 
This allows us to stack all the possible directions that the search can take onto the stack to make sure that the algorithm always pursues all possible open avenues during its search. The stack class is included as a standard class in C++ only requiring the `#include <stack>` line for it to be used. 
Another critical data structure used was a dynamically allocated array, this array was created as such that it represented a two dimensional array. The two dimensional array was used to load in our map from file into memory and then allowed our DFS search agent to transverse this space. 
[bookmark: _Toc1292846423]User Guide
The program will start up and ask the user for confirmation if the default map is to be searched or a new map. If a new map is to be searched then type “N” and enter into the program, the program will then prompt the user for additional details such as the map dimensions and the map file name (please note the file must be in the same directory as the executing program).
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Often within a data set there is a need to group certain points, here is where the K-means algorithm is used. It is an unsupervised algorithm that attempts to find a local solution to this grouping problem. The solution is not a global solution in that the algorithm does not exhaust all possible solutions to find the best result, but it finds the best local solution from a randomized starting point. 
Being unsupervised there is no additional intervention needed by the user, such as calculating weights or variables often used in other supervised learning algorithms. 
The algorithm calculates a solution from the initialized point through iteratively assigning data points to a k-number of centroids by Euclidean distance from those centroids. A centroid is a point that doesn’t have to be a point included in the data set, that represents the average point of a particular cluster. After this categorization of points the algorithm then proceeds to reweight the centroid to be the average of those data points assigned to it. It proceeds in this way until no more nodes are reassigned during the first step. After completion the k-number of centroids will be in the average position of their respective clusters and all data points should be allocated to a particular centroid, thus completing the grouping algorithm. [1]



As mentioned above the algorithm finds a local solution to the grouping problem. This means that the algorithm can produce substantially different results depending on its initialized location, that is which starting centroids are chosen. Thus, if a globally correct solution is required this algorithm cannot be used. 
The algorithm can also only find a k number of clusters, the user needing to ascertain this number first. Finding the optimal number for a value of k is not a simple task and requires other methods, such as the Elbow Method that uses the within cluster sum of squared principle or the Silhouette Method that compares how close a point is to its cluster relative to the other clusters, to guesstimate the number of clusters to use with the method. [2] [3]



Task 3 K-Means Implemented
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Here we can see the first iteration in the k-means algorithm where the distance of all the data points to the two centroids is calculated (col 3-4) then those points are assigned to the closest centroid (col 5). We then calculate the new average centre of gravity points for the new centroid which gives (2.821136, 3.246591) for Centroid 1 and (2.38625, 1.04625) for Centroid 2. 
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#include <stack>
#include <iostream>
#include <fstream>
#include <string>
#include <vector>
 
using namespace std;
 
int rows = 16;
int cols = 16;
string fileLocation = "floor0.lay";
 
typedef struct {
    int row;
    int col;
    char loc;
} point;
 
stack<point> searchStack;
vector<string> path = {};
 
void PrintArrayToConsole(char* arr) {
 
    for (int i = 0; i < rows; i++)
    {
        for (int j = 0; j < cols; j++)
        {
            cout << *(arr + i * cols + j);
        }
        cout << endl;
    }
}
 
void PrintArrayToConsole(char* arr, int currRow, int currCol) {
 
    for (int i = 0; i < rows; i++)
    {
        for (int j = 0; j < cols; j++)
        {
            if (i == currRow && j == currCol)
            {
                cout << 'Q';
            }
            else {
                cout << *(arr + i * cols + j);
            }
            
        }
        cout << endl;
    }
}
 
point FindStartingPoint(char* arr) {
 
    point startingPoint{};
    for (int i = 0; i < rows; i++)
    {
        for (int j = 0; j < cols; j++)
        {
            if (*(arr+i*cols + j)  == 'S')
            {
                startingPoint.row = i;
                startingPoint.col = j;
                startingPoint.loc = 'S';
 
                return startingPoint;
            }            
        }
    }
 
    throw exception("Starting point not found!");
}
 
int main()
{    
    //Intialize program and ask for map size and location
    char input;    
    cout << "Type 'Y' to continue using default map or type 'N' to load your own map..." << endl;
    cin >> input;
    if (input == 'N')
    {
        cout << "Number of rows: ";
        cin >> rows;
        cout << endl << "Number of columns: ";
        cin >> cols;
        cout << endl << "File load location: ";
        cin >> fileLocation;
    }
    
    cout << "Map: size  " << rows << "x" << cols << " loading from location: " << fileLocation << endl;
    
    //Load file
    ifstream layoutFile;
    layoutFile.open(fileLocation);
    string line;
 
    //  m       n
    //[ROWS],[COLUMNS]
    //Initialize our array
    char* layoutArr = new char[rows * cols];
 
    //Load the map into the array
    int rowNumber = 0;
    while (getline(layoutFile, line))
    {
        int colNumber = 0;
        for (char& c : line)
        {
            *(layoutArr + rowNumber * cols + colNumber) = c;
            colNumber++;
        }
 
        rowNumber++;
    }
 
    PrintArrayToConsole(layoutArr);
 
    cout << "Map loaded.";
    cout << endl;
 
    //Initialize stack with our starting location    
    point startingPoint = FindStartingPoint(layoutArr);
    searchStack.push(startingPoint);
 
    //Whilst we have a non empty stack continue the algorithm.
    while (!searchStack.empty())
    {
        system("pause");
 
        //Pop node
        point anchor = searchStack.top();
        path.push_back(to_string(anchor.row) + "x" + to_string(anchor.col));
 
        //Check if sign
        if (*(layoutArr + anchor.row * cols + anchor.col) != '*' && *(layoutArr + anchor.row * cols + anchor.col) != '.' && *(layoutArr + anchor.row * cols + anchor.col) != ' ' && *(layoutArr + anchor.row * cols + anchor.col) != 'S') {
 
            //Sign found
            cout << endl;
            cout << *(layoutArr + anchor.row * cols + anchor.col) << " sign found at: " << anchor.row << "x" << anchor.col << endl;
            cout << "Path to sign:" << endl;
            for (string s : path) {
                cout << s << ", ";
            }
            cout << endl;
        }
 
        *(layoutArr + anchor.row * cols + anchor.col) = '.';
        searchStack.pop();
 
        //Show our current location
        PrintArrayToConsole(layoutArr,anchor.row,anchor.col);
 
        //Find adjacent location and push on stack if valid
 
        //up
        if (anchor.row - 1 > 0)
        {
            if (*(layoutArr + (anchor.row-1) * cols + anchor.col) != '*' && *(layoutArr + (anchor.row-1) * cols + anchor.col) != '.')
            {                
                searchStack.push(point { anchor.row - 1, anchor.col, });
            }
        }
        //down
        if (anchor.row + 1 < rows)
        {
            if (*(layoutArr + (anchor.row+1) * cols + anchor.col) != '*' && *(layoutArr + (anchor.row+1) * cols + anchor.col) != '.')
            {
                searchStack.push(point{ anchor.row + 1, anchor.col, });
            }
        }
        //left
        if (anchor.col -1 > 0)        
        {
            if (*(layoutArr + anchor.row * cols + (anchor.col-1)) != '*' && *(layoutArr + anchor.row * cols + (anchor.col-1)) != '.')
            {
                searchStack.push(point{ anchor.row, anchor.col -1, });
            }
        }
        //right
        if (anchor.col + 1 < cols)
        {
            if (*(layoutArr + anchor.row * cols + (anchor.col+1)) != '*' && *(layoutArr + anchor.row * cols + (anchor.col+1)) != '.')
            {
                searchStack.push(point{ anchor.row, anchor.col + 1, });
            }
        }
    }
 
    delete[] layoutArr;
 
    cout << "Search complete!\n";
}
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