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The depth-first search (DFS) algorithm is the key component of the automated component of this search program. DFS traverses a graph depth-first as the name implies. This involves moving to the deepest level of the graph until it gets to a node with no successors [1].  This can be achieved by adding viable (unvisited and valid) adjacent nodes or positions to a stack to keep track of all explorable but unexplored positions. ‘Current’ positions are moved to the top of a stack and removed from the stack in order to ensure the algorithm does not re-visit these nodes or positions. When a node with no viable successors is reached, the DFS algorithm ‘backtracks’ to the last viable position, which will be the position at the top of the stack, and then continues to search.
Structures are user defined data types, and in this program, there is just one structure or ‘struct’. A structure is required because in this program and its implementation of the DFS algorithm, the graph is a matrix/array with a 16 x 16 grid. This means each ‘position’ in the matrix/array has a pair of co-ordinates (x and y). Each element of the grid therefore has its own unique co-ordinates, and point of reference. The value X in this structure represents the value of the horizontal axis in the grid, and the value Y represents the value of the vertical axis in the grid. The ‘start’ point for the matrix is in the very top-left hand corner, so the ‘first’ set of co-ordinates are ‘0’, ‘0’. The x axis functions as in a typical graph and increases as it goes further along the axis to the right-hand side. The y axis functions like an inverted graph and increases as it goes down the axis. Traversal of a three-dimensional equivalent, for example, would require a structure comprising of three integers: x, y, and z.
Other algorithms that could have been incorporated include a shortest path algorithm such as Dijkstra’s algorithm which can locate the shortest path between the ‘source’ node and any other node in a graph. It achieves this by calculating the distance between the source node and every other node and then uses this information to determine the shortest route/path. 
Testing Table (Screenshots Appendix 1) Please note, manual and auto traversal do not function in the same manner:
	Test
	Function
	Expected Result
	Result as expected

	1
	Load File
	When file name is input, file is loaded
	✔

	2
	Print Map
	When '2' is input, map is printed in console
	✔

	3
	Stop Traversal
	When z is input, traversal stops and back to menu
	✔

	4
	Signs are declared
	Sign co-ordinates output to console when located
	✔

	5
	Signs are not overwritten by visiting
	When passing onto sign co-ordinates, they are not overwritten
	✔

	6
	Current position is declared at each step
	Co-ordinates printed to console every step
	✔

	7
	Current position overwritten as visited if blank
	Current position filled with '.' if blank
	✔

	8
	Avatar position noted
	Current position has 'Q' in it
	✔

	9
	Option 5
	Exits program
	✔

	10
	DFS and stack work
	DFS visits every valid co-ordinate
	✔
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Clustering is a branch of unsupervised machine learning and involves the use of techniques to automatically find ‘natural’ grouping within data [2]. Clustering deals with the grouping of unlabelled data, whereas the grouping of labelled data is classification [2]; both of which are branches of machine learning [2].  
There are several types of clustering: hierarchical clustering, partitioning clustering, density-based clustering, model-based clustering, grid-based clustering and soft-computing methods [2] [3]. K-Means clustering, specifically, is a type of partitioning clustering [2] [3] [4].
K-Means is the most widely used clustering algorithm [2]. ‘K’ in K-Means represents the number of clusters, determined by the individual performing the cluster analysis [2]. Where two are selected, the clustering algorithm will look to assign each data point to one of two groups [2]. If K equals three, then it will assign each data point to one of three and so on. 
The value of ‘k’ determines the number of clusters, and thus centroids. Centroids are the centres of each cluster as K-means uses Euclidian distance [5] in a two-dimensional space [6], as data points are always assigned to the nearest centroid [2]. The centroid can be considered a generalisation of the mean [7]. Which is to say, whichever centroid each data point is closest to it [2] (Euclidian distance measure [5] [6] [7]) – it will be assigned to [2]. Once an iteration is completed, new centres are established [2], and each data point is re-assigned to the nearest centroid [2]. The algorithm works to establish a locally optimal partition [4], and it achieves this by iterating through the algorithm either a set number of times [2], a capped number of times based on user selection or until the centres no longer change [2]. The algorithm will converge when centroids cannot or will not change. 
While Clustering is a branch of unsupervised machine learning, and K-Means is a branch of partitioning clustering, there are four algorithms that fall under the umbrella of K-Means clustering. In order of creation, they are: Lloyd (1957 – published 1982) [8], Forgy (1965) [9], MacQueen (1967) [10], Hartigan-Wong (1979) [11].
The Lloyd [8] and Forgy [9] methodologies are sometimes considered a singular algorithm [7] (Lloyd-Forgy algorithm) due to their innate similarities. The Lloyd algorithm works by setting ‘k’ centres [2] [8]; this can be initialized randomly in which the algorithm will randomly select data points arbitrarily [2] to act as cluster centres, centres can also be specified as seen in Task 3. Once ‘k’ centres have been initialized, the distance between each centre and each data point is calculated, and each data point is assigned to one of k clusters [2]; whichever centre it was closest to, at this point clusters are formed [2]. The centres are then relocated to the centre of the cluster [2]. Once the centres have been relocated, each data point once again has its distance to each centre calculated and is assigned to the closest centre [2]. As K-Means clustering is a highly iterative process, this cycle will repeat until there is no change, and all data points are assigned to the same cluster [2]. Dependant on programming, there may also be a fixed number of iterations, a capped number of iterations or a ‘break’ inserted to stop the algorithm from iterating based on some logic. 




The Lloyd/Forgy process can be demonstrated with the following flow diagram:
[image: ]
Figure 1. Demonstrating an iteration of Lloyd’s algorithm in K-Means Clustering.

The two components of Lloyd’s algorithm are as follows, with the first component calculating which cluster each data point belongs to and the second then calculating the new centre for each cluster. 
[image: ]
Figure 2. Lloyd’s algorithm [12]

The Forgy algorithm differs in that it considers the distribution of data in use to be continuous, whereas the Lloyd algorithm considers it discrete [7]. As the remainder is the same, these algorithms are often considered a singular algorithm and may be referred to as the ‘Lloyd/Forgy’ algorithm [7]. 
MacQueen was the first to utilise the term ‘K-Means Clustering’ [10]. MacQueen’s algorithm differs to the Lloyd/Forgy algorithm in that it recalculates centroids after each data point is assigned to a cluster [7] [8] [10]. This change eradicates a potentially negative aspect of the Lloyd/Forgy algorithm that means, technically, a data point can be assigned to a centre that is not the closest to it because the centres were not continuously recalculated [7] [8] [10]. 
The Hartigan-Wong algorithm is the most distinct in terms of what it does and how it achieves it [7]. All data points are assigned to random clusters in this method in a very different initialisation concept [3] [7] [11] [13]. Centroids are then established as the mean point of the data points assigned to the corresponding cluster [2] [7] [11] [13], and the algorithm cycles through each individual data point re-assigning it to the nearest centroid as appropriate [2] [7] [11] [13], centres are continuously recalculated every time a data point is reassigned [2] [7] [11] [13]. When a complete pass or iteration occurs without change, the algorithm stops computing and provides results [2]. 
While virtually all continuous data can be clustered using k-means [7], there is further nuance and complexity involved in determining what the optimum number of clusters (k) should be, and indeed how ‘useful’ or distinct clusters really are. Dunn’s index can be used to evaluate clustering [14]; it considers not only the inter-cluster distance but also the intra-cluster distance (the max intra-cluster distance for each centroid) [14]. This can be used as a measure for how ‘good’ the clustering is (higher equals better) [14]. The function is as follows:
Dunn’s Index score = minimum (inter-cluster distance) / maximum (intra-cluster distance)
This considers two values; the minimum distance between two data points in different clusters and the maximum distance between a centroid and a data point assigned to it. Dunn Index scores are an effective way for measuring cluster definition, with the inter-cluster component responsible for factoring in how far apart or distinct clusters are, and the intra-cluster component factoring in how compact and well defined they are [14]. Values range from zero to infinity, with a greater value indicating more distinct and defined clusters or ‘better’ clusters. Utilising Dunn’s index and a range of different ‘k’ values, the optimum value for ‘k’ in each use case could be determined, while also providing a score for determining how ‘good’ the results are to establish some form of evidence-base to any insight derived from k-means cluster analysis. 
K-Means Clustering is a computationally expensive and inefficient exercise [4]; in the age of big data this can be problematic [4]. There are several ways to accelerate the process, though [15].  
Parallelisation, utilising multiple CPU cores to run ‘chunks’ of the workload in parallel, could drastically increase the rate at which the process takes place [16]. GPU acceleration is becoming more widespread, with cryptocurrency mining being a good example; these and other methods are ways that the performance of the process could be vastly improved performance through hardware usage alone [15] [16]. 
The ‘Exact’ Lloyd’s algorithm focuses on reducing computational load, fast convergence uses more efficient initialisation techniques such as K-means ++ and approximate acceleration approximates clustering results and has much less computational load as it employs sampling and mini-batch techniques [16]. 
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Utilising the R programming language, the dataset provided, and the centroids assigned (SN 1004334), the following outputs were produced. Please see Appendix item 2 to review the script code.

A very simple (default) scatter plot showing only the data points:
[image: Chart, scatter chart

Description automatically generated]

A very simple (default) scatter plot showing only the centroids assigned to SN 1004334:
[image: Chart, scatter chart

Description automatically generated]

A more complex, faceted ‘xyplot’ (Scatter) that demonstrates the k-means clustering outputs as well as the final centres using each of the four methods (Lloyd, Forgy, Hartigan-Wong and MacQueen). 

[image: ]

The next two plots feature both the outputs for the Lloyd and Hartigan-Wong algorithms. This is because ‘Lloyd’ was the default method used by the kmeans function in R, and the Hartigan-Wong method gave very different results when compared to the other three so visually it allows a better demonstration of the outputs.
An attempted Voronoi diagram (axes are not fixed to 0-5) that demonstrates, visually, which areas of the plot would fall under each cluster. Unfortunately, this was difficult to do where k = 2 and didn’t work as intended. Where k = >2 this is a great visualisation and other methods work very well to produce Voronoi diagrams. Regrettably, there is a lot left to visualise by the individual here as the axes are not fixed and the area itself must be extrapolated by the eye. 
A functional and referenced version of a Voronoi diagram can be seen in the Appendix (item 3).[image: ]
Hartigan-Wong version:
[image: Chart, bar chart

Description automatically generated]
The final plots demonstrate the clusters in a different way to the ‘xyplot’, a way that is more aesthetically appealing and easier to assess. 

[image: Chart

Description automatically generated]

Hartigan-Wong version:

[image: Chart

Description automatically generated]
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1: Testing Screenshots
Test 1
[image: ]

Test 2
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Test 3
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Test 4
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Test 5
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Test 6
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Test 7
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Test 8
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Test 9
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Test 10
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2: Script developed to complete K-Means clustering and outputs in R.
## ---------------------------
##
## Script name: K-Means Clustering Plots
##
## Purpose of script: To utilise K-Means clustering
## to perform a simple clustering exercise and plot
## the four outputs (defined clusters) as per each
## of the four algorithms used (Hartigan-Wong, MacQueen
## Forgy and Lloyd)
## 
##
## Author: Adam Moore
##
## Date Created: 2021-12-20
##
## Email: 1004334@student.uwtsd.ac.uk
## Email: Adam.Moore2@Wales.nhs.uk
##
## ---------------------------
##
## Library Notes: 
##
## Lattice allows use of the xyplot function which
## is suitable for the plotting of a 2x2 xy plot
##
## reshape gives us access to the useful 'melt' function
## which is also known as unpivoting or 'wider/longer'
## a data transformation technique that is useful in this case
##
## Other Notes:
## Centroids assigned to SN 1004334 are below
## 
##  1: x=1.80, y=4.72
##  2: x=2.66, y=2.14
##
## ---------------------------

# Load Libraries

library(lattice)
library(reshape)
library(deldir)
library(RColorBrewer)
library(factoextra)

# Create vectors containing x and y co-ordinates of
# centroids respectively

x <- c(1.80, 2.66)
y <- c(4.72, 2.14)

# bind vectors into a dateframe 'Centroids'

Centroids <- cbind.data.frame(x, y)

# remove vectors x and y from memory

rm(x,y)

# create vectors x and y for the data point/plot co-ordinates
# provided in the assignment

x <- c(5, 0, 2, 2, 5, 3, 1, 5, 1, 4)
y <- c(5, 5, 3, 2, 1, 3, 4, 3, 2, 2)

# Bind these into a new data frame 'Data'

Data <- cbind.data.frame(x, y)

# K-Means function in R requires a defined matrix and cannot use dataframe format
# create a matrix with the centroids below. Takes values from already established
# dataframe so variables only need managing in one place

CentroidMatrix <- matrix(c(Centroids[1,1], Centroids[2,1], 
                  Centroids[1,2], Centroids[2,2]), nrow = 2, ncol = 2)

# Some testing plots to visually check plotting is occurring in line with expectation

plot(Data, ylim = c(0,5), xlim = c(0,5), main="Data Plots")

plot(CentroidMatrix, ylim = c(0,5), xlim = c(0,5), 
     main="Centroid Plots", xlab="x", ylab="y")

# Define algorithm names and assign to a vector for programmatic use in loop

Algos <- c("Lloyd", "Forgy", "Hartigan-Wong", "MacQueen")

# Create new dataframe 'ClusterData' by cloning and storing 'Data' dataframe
# in memory

ClusterData <- Data

# For loop which cycles through the algorithms previously defined in 'Algos' vector
# the loop creates a new vector on each cycle called "KMC_Algo" where "Algo" is the
# name of the algorithm (NOT Algo). It then captures the results of the kmeans 
# test using that algorithm and stores it in a dynamically named object

for(i in 1:length(Algos)){
  
  assign(paste0("KMC_", Algos[i]), 
         kmeans(Data, CentroidMatrix, nstart = 100, algorithm = paste(Algos[i])))

}

# bind cluster classification results to the ClusterData data frame

ClusterData <- cbind.data.frame(ClusterData, KMC_Lloyd$cluster, KMC_Forgy$cluster,
                                `KMC_Hartigan-Wong`$cluster, KMC_MacQueen$cluster)


# Rename columns to the respective co-ordinate or algorithm output they
# belong to. 

colnames(ClusterData) <- c("x", "y", Algos[1], Algos[2], Algos[3], Algos[4])

# At this stage, this data frame contains the coordinates of the 10 data 
# points (in x and y columns) and the four algorithm columns, each containing
# a '1' or '2' which indicates which cluster each set of co-ordinates was defined
# as based on the co-ordinates, centroids and algorithm used.

# The head function lets us see the data output in the console so we can check
# to ensure it is as expected.

head(ClusterData)

# Create vectors to generate a centers data frame in the required format
# so that the rows can later be bound to the ClusterData frame

TempCenter <- c("Lloyd", "Lloyd",
                "Forgy", "Forgy", 
                "Hartigan-Wong", "Hartigan-Wong", 
                "MacQueen", "MacQueen")

TempCenterVal <- "Center"

Centers <- rbind.data.frame( KMC_Lloyd$centers,
                             KMC_Forgy$centers, 
                            `KMC_Hartigan-Wong`$centers,
                             KMC_MacQueen$centers)

Centers <- cbind.data.frame(Centers, TempCenter, TempCenterVal)

colnames(Centers) <- c("x", "y", "variable", "value")

# Check new dataframe to ensure it is as intended

head(Centers)

# This dataframe now represents the centroids and is in a format that is aligned
# to the ClusterData dataframe. The assertion made is that Cluster '0' is actually
# the centroids, NOT a cluster. This will allow us to plot our centroids alongside
# the data points and differentiate them for visual purposes.

# melt or 'unpivot' the ClusterData data frame so that it made longer and narrower
# the "x" and "y" columns specified remain intact, but all other columns are now
# converted to new columns. One representing the algorithm used, and one
# representing the cluster each data point was assigned to by the adjacent
# algorithm (plus the centroids, which are defined as Cluster '0')

ClusterData <- melt(ClusterData, id = c("x", "y"))

# Bind the Centroid data frame to the ClusterData data frame

ClusterData <- rbind.data.frame(ClusterData, Centers)

# Rename ClusterData columns

colnames(ClusterData) <- c("x", "y", "Algo", "Cluster")

# Re-order ClusterData by ascending order by Cluster. This ensures Centroids
# are first (0), followed by Cluster 1 (1) and Cluster 2 (2).
# This enables easier formatting later.

ClusterData <- ClusterData[order(ClusterData$Cluster),]

# Generate xyplot using lattice package
# the first row sets each axes (x and y) and then the facet (Algo)
# ylim sets axis value
# xlim sets axis value
# layout sets visual layout matrix
# xlab sets axis label
# ylab sets axis label
# main sets graph title
# key generates a legend, space determines where it is placed,
# points determines the legend points and colours, lwd the size
# text then adds text to the legend
# This setup is assigned to the object 'AlgoPlot'

AlgoPlot <- xyplot(ClusterData$y ~ ClusterData$x | Algo,
       group=Cluster, data=ClusterData , pch=20, cex=2, col=c("blue", "orange", "black"),
       ylim = c(-1,6), 
       xlim = c(-1,6),
       layout = c(2,2),
       xlab = "x",
       ylab = "y",
       main = "K-Means Clustering Plot by Algorithm, including Centers",
       key=list(space="right",
       points=list(col=c("blue", "orange", "black"), lwd=6),
       text=list(c("Cluster 1","Cluster 2", "Center"))
       ))

# Calling the object 'prints' it in the plot window

AlgoPlot


# Adam Moore
# SN 1004334
# 20/12/2021

# Calculate Voronoi Tesselation and tiles, veronoi plots are extremely useful
# as spacial visualisations and have (in my view) great potential for aiding
# analysis of clustering classification. They are much more useful the greater
# the number of clusters, though (and make more sense!)

# Tesselation converts the centers data into spacial data so it can be plotted
# as an area

tesselation <- deldir(KMC_Lloyd$centers[,1], KMC_Lloyd$centers[,2])

# Tesselated data is converted to appropriate format for plotting

tiles <- tile.list(tesselation)

# Plot produced to demonstrate the areas closest to each point
# N.B. the aspect ratio using this method is problematic, and 
# could not yield a graph with fixed axes

plot(tiles, pch = 19, xlim = c(0, 5), ylim = c(0,5),
               main="Voronoi Diagram K-Means Cluster (Lloyd)",
               border = "white",
               fillcol = brewer.pal(2, "Pastel1"))

# Re-done visualisation with Hartigan-Wong algorithm

tesselation <- deldir(`KMC_Hartigan-Wong`$centers[,1], `KMC_Hartigan-Wong`$centers[,2])

tiles <- tile.list(tesselation)

plot(tiles, pch = 19, xlim = c(0, 5), ylim = c(0,5),
     main="Voronoi Diagram K-Means Cluster (Hartigan-Wong)",
     border = "white",
     fillcol = brewer.pal(2, "Pastel1"))

# Data transformation for final visualisation, plotting the Lloyd outputs

Data2 <- cbind.data.frame(Data, KMC_Lloyd$cluster)
colnames(Data2) <- c("x", "y", "cluster")

# fviz_cluster shows the area covered in a different way. It is easy to identify
# clusters visually in this plot

fviz_cluster(object = KMC_Lloyd, data = Data2, geom = "point",
             choose.vars = c("x", "y"), stand = FALSE, main = "K-Means Clustering Plot (Lloyd)",
             ellipse.type = "convex", xlim = c(0,5), ylim = c(0,5)) + theme_bw()


# As above but Hartigan-Wong algo

Data3 <- cbind.data.frame(Data, `KMC_Hartigan-Wong`$cluster)
colnames(Data3) <- c("x", "y", "cluster")

fviz_cluster(object = `KMC_Hartigan-Wong`, data = Data3, geom = "point",
             choose.vars = c("x", "y"), stand = FALSE, main = "K-Means Clustering Plot (Hartigan-Wong)",
             ellipse.type = "convex", xlim = c(0,5), ylim = c(0,5)) + theme_bw()



3: Voronoi graph example [17] (Originally HTML format and interactive). 
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