


Task 1
Students have been asked to code a DFS search application for the AI module assignment using Visual Studio and C++. The author will provide the use case and a testing schedule.
Use Case
1. Load Menu
2. User select 1 to load file
3. User enter floor.txt
4. Select option 3 for DFS search
5. Select option 4 to search for sign
6. Search executed
7. Output to screen
8. Menu reloaded
[bookmark: _Toc63245969]Test Schedule 
	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0001
	Load text file, store in vector floorplan
	File Loaded and stored in vector
	File Loaded and stored in vector
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0002
	Set current position mark visited as false
	Current position 
X=1y=1 visited =false
	Current position 
X=1y=1 visited =false
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0003

	Set current position mark visited as true
	Current position 
X=1y=1 visited =true
	Current position 
X=1y=1 visited =true
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0004

	Push current position onto stack
	Current position 
on top of stack
	Current position 
On top of stack
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0005

	Pop current position of top of stack
	Stack empty
	Stack empty
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0006

	Set adjacent position to false
	Adjacent position = false
	Adjacent position = false
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0007

	Move position right
	X incremented to 2 for adjacent position
	X incremented to 2 for adjacent position
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0008

	Adjacent position mark visited as true
	Adjacent position visited = true
	Adjacent position visited = true
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0009

	Push adjacent position onto stack
	X=2 y=1 on top of stack
	X=2 y=1 on top of stack
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0010

	Pop adjacent position off top of stack
	dfsStack=0
	dfsStack=0
	Pass
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	Test No
	Test Description
	Expected Result
	Actual Result
	Pass/Fail

	0011

	Adjacent position move down
	Y incremented to 3 for adjacent position
	Y incremented to 3 for adjacent position
	Pass
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Task 2
1. Introduction
Modern methods for data extraction have resulted in the growth of databases, this poses an interesting question, how to extract meaningful data from large datasets? Traditionally querying the database would seem logical, however when interrogating large amounts of information from datacentres this is inadequate [1]. Clustering provides a manner of grouping datasets in a more meaningful way, providing a mechanism to search the implicit data held within large databases [2]. The process of grouping similar data together into data clusters where separate clusters contain different data is known as cluster analysis [1]. This technique can be applied to many applications, machine learning, AI(Artificial Intelligence), marketing, image processing, image recognition and bioinformatics [1] [2]. 
1.1 K-means method
K-means algorithm firstly proposed by Maqueen in 1967, can be classed as a partition based method [3], K-means uses a numerical and iterative approach is termed as unsupervised due to the lack of class label information [3]. The aim of K-means is to take a dataset and derive separate clusters into k number, where k is set beforehand. Two stages take place, firstly for every cluster a definition of k centroids, one centroid for each cluster, secondly every datapoint is linked to its closest centroid [1]. The distance between centroid and datapoint is usually calculated using Euclidean distance, once all datapoints are included in the clusters the first step is complete and an initial grouping is formed. The addition of further centroids can initialise change in the centroids of the initial grouping, once the new centroids k are found another grouping is performed between the datapoints and the added centroids, this is the iterative component of K-means, a loop is formed whereby the position of the centroid may change [1]. This loop will iterate until the position of the centroids is solidified, at this point K-means convergence principle is met where K-means will converge locally [2]. The functions for K-means are as follows, if you were to take an object defined as x, x1, for cluster Ci average is specified in figure 1.
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Figure 1: Function for Ci average [2]
The sum of squared errors is held by E, providing the average, the distance is obtained using Euclidean distance this provides the distance between datapoint and centroid. Figure 2 highlights the function given a vector x=(x1, x2…………) and vector y =(y1, y2………..) distance d is calculated by the formula below
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Figure 2: Function for Euclidean distance d [2]
In summation the following steps are taken for K-means
1. Set number of clusters k
2. Randomly select centroid clusters
3. Data point and centre of cluster is calculated
4. Datapoint is assigned to cluster where the distance is less than other clusters
5. Recalculate new cluster centre
6. New centroids recalculated to datapoints
7. Iterate from step 3 when datapoints are reassigned
8. Convergence criterion met [3]
1.2 K-means simulation
For the purpose of this paper the author has simulated the K-means algorithm using sample data for illustration purposes. MATLAB was used for plotting measurements and providing images. The data imported contained two columns, one for salary the other showing a fictitious spending score. Figure 3 highlights the sample data.
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Figure 3: Sample data
To standardise the results of the data the mean was subtracted and divided by the standard deviation [4]. The equation is shown in figure 4.
[image: ]
Figure 4: Standardise result
The MATLAB k-means function was implemented for the sample data [5], the WCS(within-cluster sums) can be passed in with k using MATLAB [5]. A graph was plotted to analyse, using the elbow curve method [4]. to find the cluster centre. The elbow was located at X5, clusters can produce diminishing returns after this point [4]. The graph is shown in figure 5 and the clusters displayed in Figure 6.
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Figure 5: Elbow curve method
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Figure 6: Cluster visualisation 
The author deducts from the clusters here with x depicting salary and y spend the cluster in green shows a low salary and low spend, where the cluster in purple again is low salary but with high spend. Deducting again the cluster in blue indicates higher score on the salary with lower on the spend, this underlines why the clustering analysis method is used, a bank for example could potentially use this kind of data to target customers to apply for a loan perhaps with their salary and outgoings analysed by clustering data.
2. Evaluation
2.1 Distance method 
The authors example used Euclidean distance for measuring the distance whereby a pair of objects coordinates are computed by the root of square difference [6]. This method is generally used when implementing K-means algorithm [2], and gives a method of measuring similarities in data objects [6]. This provides an important part of clustering analysis an effective method to measure distance between objects is critical for the data to have meaning. 
2.2 Cluster selection
The elbow method was used by the author for selecting the number of clusters k. This method checks the percentage by comparing the clusters k that form a point “the elbow” [7]. The purpose is to impart ideas where cluster values are selected then added to the cluster value used as a data model upon which the best cluster can be selected [7]. The graph shows the percentage results from each cluster as highlighted in figure 5, the elbow point being the position after which increasing the number of clusters provides diminishing returns [4]. The value for the best cluster is derived from the SSE (Sum of Squared Error) for each cluster sample to the centre of its cluster [4].
3. Improvements
3.1 Improving K-means
The iterative nature of K-means algorithm dictates that for every iteration a recalculation of the distance to each data point occurs, this could be a trivial penalty in time for smaller data sets but as the size of data grows the impact in execution time could have a bearing on performance [2]. The time complexity of K-means algorithm is O(nkt) where t is the iterations, k the number of clusters and the number of clusters is n. Research by Na and Xumin [2]  involved creating two data structures that stored the distance and the labels of all data objects for each iteration. The data object remains in the cluster from the former iteration if the distance is smaller than or equal to the stored distance removing the need for recalculation improving execution time [2]. The enhanced algorithm was tested with Iris and Glass data sets the table in figure 7 shows the resulting test provided time complexity O(nk) and was superior in calculation time and accuracy providing an improvement when compared to standard K-means.
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Figure 7: Improved K-means results [2]
Further improvements have been made to K-means, K-means++ developed by Arthur and Vassilvitsjii [8], where the core of K-means remains but the initial seeding of clusters is vastly improved. The researchers here look to improve accuracy by selecting centroids randomly from data points, then using the squared distance from the closest centroid to weigh the data point [8]. They combine this technique with original k-means to provide seeding for the initial centroids, this helps to eradicate poorly selected initial centroids, improving a shortcoming in accuracy over original K-means.
Task 3
The purpose of this task is to perform K-means algorithm on a given set of data points with centroids allocated to student number on moodle, centroids are –
	Centroid 1
	Centroid 2

	X
	Y
	X
	Y

	3.04
	2.58
	2.68
	0.29



	
	Data Points

	
	x
	y

	D1
	5
	5

	D2
	0
	5

	D3
	2
	3

	D4
	2
	2

	D5
	5
	1

	D6
	3
	3

	D7
	1
	4

	D8
	5
	3

	D9
	1
	2

	D10
	4
	2





Measure Euclidean distance between centroid 1 and 2 and first data point D1 using the formula below, repeat for all datapoints, recalculate the centroids after iteration -
Distance [(x,y),(a,b)] = 
Datapoint 1
Centroid 1 (3.04, 2.58)
D1(5, 5)





K1 to D1 = 3.11
Centroid 2 (2.68, 0.29)
D1(5, 5)





K2 to D1 = 5.25
	
	Euclidean Distance – Minimum distance assigned to cluster

	Datapoint D1
	K1
	K2
	Assigned Cluster

	5, 5
	3.11
	5.25
	K1



Updated Centroid position calculated by the means of all datapoints assigned to each cluster
	Centroid 1
	Centroid 2

	X
	Y
	X
	Y

	2.56
	3.22
	5
	1







To conclude Task 3, the author used Excel to complete the task and calculate K-means. To calculate the distance - Distance [(x,y),(a,b)] =  and average Datapoint value of the assigned cluster to update Centroids.
Formula used =SQRT((A2-$C$13)^2+(B2-$D$13)^2)
Formula used (1st Iteration, Centroid 1, x, y) =AVERAGE(A2,A3,A4,A5,A7,A8,A9,A10,A11)
Figure 8 shows the results from the first iteration and cluster assignment, the value for D1 matching the manual distances calculated in the equation example above. Figure 9 highlights the updated centroid position after the first iteration. At this point only one datapoint is assigned to cluster 2, centroids updated by calculating the average of the datapoints assigned to each cluster, using the Excel formula for Centroid 1, Centroid 2 only containing one assignment in first iteration that was applied to Centroid 2. 
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Figure 8: Iteration 1
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Figure 9: Updated centroids position
Figure 10 highlights the positions in a graph.

Figure 10: Iteration 1 Graph
Figure 11 below shows the data points moving after the centroids have been updated, cluster assignment is recalculated with Cluster 2 now containing 3 datapoints, again the new position of the centroids is calculated, this is shown in figure 12, figure 13 shows the second iteration in a graph.
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Figure 11: Iteration 2
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Figure 12: Updated centroids position



Figure 13: Iteration 2 Graph
A third iteration is completed with cluster assignment being updated, Figure 12 shows a further datapoint added to cluster 2 indicating convergence criteria is still not met and centroids are not stabilised. Centroid position again updated with means of datapoints, shown in figure 13.
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Figure 14: Iteration 3
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Figure 15: Updated centroids position



Figure 16: Iteration 3 Graph
Another iteration executed this time figure 17 shows there is movement in the datapoints but are no clusters to reassign, indicating the centroids have stabilised and convergence criterion for K-means has been met. Figure 18 highlights the initial and final centroid positions and figure 19 the final graph positions.
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Figure 17: Iteration 4
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Figure 19: Iteration 4 Graph 
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Appendices
#define WIDTH 16
#define HEIGHT 16
#include <iostream>
#include <fstream>
#include <string>
#include <stack>
#include <vector>
#include<algorithm>
using namespace std;
struct position {
	int x;
	int y;
	bool visited;
};
position current = { 1,1 };
position adjPosition;
position findStart(void);
char text[WIDTH * HEIGHT];
int loadFile(string);
void printArray(void);
bool isValid(position);
stack<position>dfsStack;
vector<string>floorPlan;//vector to store floor plan
vector<position>visitedNodes;
position node;

int main(void)
{
	int x = 0;
	float a, b, z;
	int fileLoaded = 0;

	string fname;
	while (x < 5)
	{
		cout << endl;//menu
		cout << "1:Load a file" << endl;
		cout << "2: print map" << endl;
		cout << "3: DFS Search" << endl;
		cout << "4: Search for sign" << endl;
		cout << "5: Exit program" << endl;
		cout << "Please enter a choice (1 to 5): ";
		cin >> x;
		if (x == 1)
		{
			cout << "enter file name" << endl;
			cin >> fname;
			if (!loadFile(fname)) exit(0);
			fileLoaded = 1;
			cout << "file loaded" << endl;

		}
		if (x == 2 && fileLoaded)
		{
			printArray();

		}
		if (x == 3 && fileLoaded)
		{

			current = findStart();//set current position
			cout << "start position is: (" << current.x << " , " << current.y << " )" << endl;
			current.visited = true;//mark current position as true
			dfsStack.push(current);//push start postion onto stack

			while (!dfsStack.empty())
			{
				system("cls");
				printArray();
				cout << "current position is: (" << current.x << " , " << current.y << " )" << endl;
				current = dfsStack.top();
				dfsStack.pop();//pop current postion

				visitedNodes.push_back(adjPosition);//store visited nodes in vector

				if ((text[WIDTH * current.y + (current.x + 1)] != '*') || (text[WIDTH * current.y + (current.x)] != '.') || (text[WIDTH * current.y + (current.x)] = ' '))

				{
					text[WIDTH * current.y + (current.x)] = '.'; //overwrite current with . I'm moving
					adjPosition.visited = false;//set visited to false
					adjPosition.x = current.x + 1;// move right
					adjPosition.y = current.y;
					adjPosition.visited = true;//set visited to true
					dfsStack.push(adjPosition);//push adjacent node onto stack
					



				}
				if ((text[WIDTH * current.y + (current.x + 1)] != '*') && (text[WIDTH * current.y + (current.x)] != '.'))

				{

					text[WIDTH * current.y + (current.x)] = '.'; //overwrite current with . I'm moving
					adjPosition.visited = false;//set visited to false
					adjPosition.x = current.x - 1;// move left
					adjPosition.y = current.y;
					adjPosition.visited = true;//set visited to true
					dfsStack.push(adjPosition);//push adjacent node onto stack

				}
				if ((text[WIDTH * (current.y + 1) + current.x] != '*') && (text[WIDTH * (current.y) + current.x] = ' '))

				{
					text[WIDTH * current.y + (current.x)] = '.'; //overwrite current with . I'm moving
					adjPosition.visited = false;//set visited to false
					adjPosition.y = current.y + 1;// move down
					adjPosition.x = current.x;
					adjPosition.visited = true;//set visited to true
					dfsStack.push(adjPosition);//push adjacent node onto stack
				}
				if ((text[WIDTH * (current.y - 1) + current.x] != '*') && (text[WIDTH * (current.y) + current.x] != '.'))

				{
					text[WIDTH * current.y + (current.x)] = '.'; //overwrite my avatar with a space as I am leaving this position
					adjPosition.visited = false;//set visited to false
					adjPosition.y = current.y - 1;// move up
					adjPosition.x = current.x;
					adjPosition.visited = true;//set visited to true
					dfsStack.push(adjPosition);
				}

				else {
					cout << "Error" << endl;
				}



			}
		}



	}
	return 0;
}

int loadFile(string fileName)
{
	string line;
	ifstream myfile(fileName);
	if (myfile.is_open())
	{
		int count = 0;
		while (getline(myfile, line))
		{
			cout << line << endl;

			line.copy(&text[WIDTH * count], WIDTH, 0);
			count++;
			floorPlan.push_back(line);//store floor plan in vector
		}
		myfile.close();
		return 1;
	}
	else return 0;



}
void printArray(void)
{
	for (int y = 0; y < HEIGHT; y++)
	{
		for (int x = 0; x < WIDTH; x++)
		{
			cout << text[WIDTH * y + x];
		}
		cout << endl;
	}
}
position findStart(void)
{
	return position{ 1,1 };
}

bool isValid(position current)//check if position is valid
{
	if (current.x < 1 || current.x > WIDTH || current.y < 1 || current.y > HEIGHT)//if out of bounds return false
		return false;
	if (current.visited == true)//return false for visited node
		return false;

	return true;
}
Starting Position
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ITeRATION 1
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iteration 2
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iteration 3
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iteration 4
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>> TestData2.Salary=(TestData2.Salary-mean(TestData2.Salary))/std(TestData2.Salary);
>> TestData2.SpendScore=(TestData2.SpendScore-mean (TestData2.SpendScore))/std(TestData2.SpendScore) ;
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TABLE II.

CLUSTERING RESULTS FOR IRIS, GLASS ON THE STANDARD K-
MEANS AND THE IMPROVED K-MEANS

Dataset k-means Improved k-means Improved
Running k-means Accuracy % k-means
time (s) Running Accuracy %
time(s)
Iris 0.0586 0.0559 843 91.6
glass 0.0814 0.0778 78.9 89.3
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