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Abstract

Stochastic based football simulation using data

Ricky Cheung

This thesis is an extension of a football simulator made in a 
previous project, where we also made different visualizations and 
simulators based on football data. The goal is to create a football 
simulator based on a modified Markov chain process, where two teams 
can be chosen, to simulate entire football matches play-by-play. To 
validate our model, we compare simulated data with the provided data 
from Opta. Several adjustments are made to make the simulation as 
realistic as possible. After conducting a few experiments to compare 
simulated data with real data before and after adjustments, we 
conclude that the model may not be adequately accurate to reflect 
real life matches.
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Populärvetenskaplig sammanfattning
I dagens teknologiska samhälle blir det alltmer viktigare att kunna använda
teknologin till sin fördel. Inom sport �nns det en enorm mängd data som
samlas in via olika teknologiska framsteg. Under fotbollssändningar ser man
statistik som bollinnehav, skottstatistik och toppfart. Men datan används
inte bara för att underhålla fotbollsåskådaren. I baseball är det redan välkänt
hur statistiken kan användas för att utvärdera spelare. Den verklighetsbaser-
ade �lmen Moneyball handlar om tränaren Billy Beane, som förvandlade ett
mediokert baseballag med begränsade resurser till ett framgångsrikt lag, allt
med hjälp av statistikanalys. Inom fotbollen har börjar allt �er klubbar inse
vikten av statistik. Idag har alla fotbollsklubbar i engelska Premier League
prestationsanalytiker.

I detta examensarbete utvecklas en fotbollssimulator som är baserad på fot-
bollsdata. Inspirerad av spelet Football Manager, är målet att kunna se hur
fotbollen på en fotbollsplan rör sig, sekund för sekund. Simulatorn, som
är en markov-kedja, simulerar hur bollen rör sig under en hel fotbollsmatch
genom att beräkna sannolikheten för vad ett lag gör beroende på var bollen
är.

Utvecklandet av simulatorn sker genom jämförelse av simulatordata med
verklig data. Jämförelser görs av passningar och skott, där justeringar av
simulatorn görs för att få en mer verklighetstrogen simulator.

I detta arbete har en simulator blivit tillräckligt utvecklad för att kunna
simulera hela matcher. Ett potentiellt sätt att vidareutveckla simulatorn är
att skapa en app för smartphones där användare får välja två lag, simulera och
titta på en helt simulerad match, sekvens för sekvens. Utöver detta kan sim-
ulatorn utvecklas genom att ändras från Markoviansk till semi-Markoviansk,
så man tar hänsyn till mer än bollens position vid bestämmande av slump-
genererade händelser.
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Chapter 1

Introduction

Football is a sport played globally by over 240 million people [1]. The 2014
World Cup �nal, between Germany and Argentina, was watched by over 1
billion people [2]. The rules of modern football we see today was founded
in England 1863, which grew in popularity to become the most popular
sport in the world during the 20th century [3][4]. Despite this fact, in depth
analysis of football data has not been relevant until recently. One of the most
well known sports data company today, Opta Sports, was founded in 2001
[5].

Today, all clubs in the English Premier League has sta� that analyse data
to gain insight of playing patterns of opponents and themselves. They use
data from Opta, who logs data from the top-tier level football leagues [6].
Data given by companies such as Opta is seen frequently during broadcasts
of any football match. They show us which teams have had most shots,
possession and so on. But it is not only used for showing possession and shots.
The betting industry use live data to determine live odds, while professional
football teams and sports media use the data to analyze single players, or
di�erent patterns in teams, heatmaps etc.

1.1 Background

In a previous project [7], a dataset was given from Opta, which included
statistics from the English Premier League season 2014/2015. Given this
data, the goal was to do di�erent visualizations, such as passing networks,
heat maps and shot plots. One of the visualizations made was a simulator
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which shows playing patterns based on touch and shot data. The data table
touch contains entries for every time a player touches the ball. By dividing
touch entries by teams and position, a probability distribution was obtained.
This distribution gave the probability for a ball to move from one position
to another. From the shot data, the probability of goals based on shooting
position was derived. The end result was a stochastic simulator where a
team is chosen from the Premier League, drop a ball on a pitch and a ball
trajectory was simulated. The simulation ended every time a team loses the
ball or shoots at goal [8].

1.2 Goals

The goals of this thesis are as follows:

• Create a more advanced simulator than the previous simulator with
certain requirements:

� The possibility to pick two teams to "compete"

� Simulate matches with a chain of events and realistic scorelines

� Store the simulation output data, such that all simulated events
can be seen

• Evaluate the validity of simulator by comparing simulation with data

• Optimize and adjust the simulator based on di�erences in simulation
output and data

• Create an application for smart-phones where the user can choose two
teams and simulate an entire game

1.3 Limitations

The main focus of this thesis is on developing and improving the simulator
to make the simulation as realistic as possible. As the simulation is only
based on the position of the ball, the simulation is time-independent. Only
if the simulator is realistic will the app be made. The simulator is considered
realistic if the output data from the simulation matches the probabilities
derived from the data given b Opta.
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Chapter 2

Simulator design and process

2.1 Markov chain theory

In order to understand the basis of the simulator, a basic knowledge of
Markov chains is needed.

A Markov chain is a stochastic process that has the Markov property. A
stochastic process has the Markov property if its future states of the process
is only dependent on the present state, i.e. it is time-independent. A Markov
chain can be described as a process where depending on the current state, the
next state can be derived, which will determine the state after that. Thus, a
chain of events is created. [9]

The discrete-time Markov chain can be formally described as a sequence of
random variables X1, X2, X3, ... where the probability of state x in Xn+1 is
only determined by the previous step Xn:

Pr(Xn+1 = x|X1 = x1, X2 = x2, ..., Xn = xn) = Pr(Xn+1 = x|Xn = xn),

if both conditions are well de�ned, i.e. if

Pr(X1 = x1, ..., Xn = xn) > 0.

The possible values of Xi form a countable set S called the state space of
the chain.

The probabilities of transitions from one state to another are de�ned in a
transition matrix, also known as a probability matrix or a stochastic matrix.
If the probability of moving from state i to state j is Pr(j|i) = Pi,j, the
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transistion matrix P is given by using Pi,j as the ith row and jth column
element, i.e.

P =



P1,1 P1,2 . . . P1,j . . . P1,S

P2,1 P2,2 . . . P2,j . . . P2,S
...

...
. . .

...
. . .

...
Pi,1 Pi,2 . . . Pi,j . . . Pi,S
...

...
. . .

...
. . .

...
PS,1 PS,2 . . . PS,j . . . PS,S


,

where S is the number of possible states. Since the total probability from
state i to all other states must be 1, all rows must sum up to 1.

2.2 Simulator design

In order for the simulation to work, a modi�ed version of the Markov chain
process is used. This is necessary for creating a dynamic simulator that
mimics real football. The football pitch is divided to smaller segments called
partitions. These partition form the basis of how the ball will interact on
the pitch. By grouping all events by partitions, probability distributions of
events can be calculated. These distributions will be derived for each team,
so that each team has unique probability distributions, which can be seen as
their play style.

2.2.1 Matrix de�nitions

The states x1, x2, ..., xN in the simulator are partitions of the football pitch,
where N is the number of partitions. The partitions are divided in x- and
y-coordinates, so that Nx ×Ny = N .

The transition matrices describing the probability of moving from state xi to
state xj would then be:

P =



P1,1 P1,2 . . . P1,j . . . P1,N

P2,1 P2,2 . . . P2,j . . . P2,N
...

...
. . .

...
. . .

...
Pi,1 Pi,2 . . . Pi,j . . . Pi,N
...

...
. . .

...
. . .

...
PN,1 PN,2 . . . PN,j . . . PN,N


,
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The simulator is not su�ciently detailed when only describing movement
of the ball, as the cause of movement must be known. Therefore event
probability matrices is needed. The event probability matrices determines
what event, such as passes, shots and dribbles, caused the ball to move. The
event probability matrix E of size N ×M , will be de�ned as follows:

E =



E1,1 E1,2 . . . E1,θ . . . E1,M

E2,1 E2,2 . . . E2,θ . . . E2,M
...

...
. . .

...
. . .

...
Ei,1 Ei,2 . . . Ei,θ . . . Ei,M
...

...
. . .

...
. . .

...
EN,1 EN,2 . . . EN,θ . . . EN,M


,

where Ei,θ is the probability of event θ in partition i and M is the number
of event types.

With the addition of determining event type, there will be one transition
matrix P θ for each event type θ in every partition, meaning that there are
N ×M transition matrices for each team.

2.2.2 Determining probabilities

The probabilities of the events are based on which partition the ball currently
resides in and which team has the possession. By sorting all events from the
data given by Opta based on team and partition in an N × N matrix Q,
both the probability distribution of event types and the transition matrix
are given.

To determine the probabilities for events E and transition matrices P θ, an
empty zero matrix Qθ is used for each event type. For every event type θ, an
element Qθ

i,j is incremented. The i:th row represents the partition where the
ball is when the event started and the j:th column represents the partition
where the ball is after the event.

Qθ =



Qθ
1,1 Qθ

1,2 . . . Qθ
1,j . . . Qθ

1,N

Qθ
2,1 Qθ

2,2 . . . Qθ
2,j . . . Qθ

2,N
...

...
. . .

...
. . .

...
Qθ
i,1 Qθ

i,2 . . . Qθ
i,j . . . Qθ

i,N
...

...
. . .

...
. . .

...
Qθ
N,1 Qθ

N,2 . . . Qθ
N,j . . . Qθ

N,N


,

10



By dividing each element with the sum of the element row, Qθ becomes a
transition matrix P θ.

P θ
i,j =

Qθ
i,j

N∑
k=1

Qθ
i,k

∀ i, j, θ : i, j = 1, 2, ..., N ; θ = 1, 2, ...,M

By dividing the sum of each row in Qθ with the sum of all corresponding
rows of all Qθ matrices, the probability of each event type based on partition
is obtained.

Ei,θ =

N∑
j=1

Qθ
i,j

M∑
ω=1

N∑
j=1

Qω
i,j

∀ i, θ : i = 1, 2, ..., N ; θ = 1, 2, ...,M

Figure 2.1: 2x2 partitioning example, pass outcomes of 20 passes from par-
tition 1. Black arrows represent successful passes and red arrows represents
unsuccessful passes
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Figure 2.2: 2x2 partitioning example, pass probabilities from partition 1.
Black arrows represent successful passes and red arrows represents unsuc-
cessful passes

Figure 2.1 and Figure 2.2 shows how we derive pass probabilities. By sorting
all passes made in partition 1 by where the passes go and the outcome, a
distribution of passes is derived. By dividing the pass distribution with the
sum of passes in that partition, a probability distribution is made.

2.3 Simulator process

Once the probability distributions for each team has been determined, sim-
ulations can be made. The simulation starts with team A in possession of
the ball at the center spot of the pitch. While team A is in possession of the
ball, events are randomized based on team A:s probabilities. Each event may
move the ball from one partition to another and change team possession de-
pending on the outcome of the event. At the start of the simulation, time t is
set to 0 seconds. Each event has an average time duration which increases t.
When t has reached 90 minutes, i.e. 5640 seconds, the simulation ends.
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Figure 2.3: Flowchart of simulation process

Figure 2.3 is a �owchart that shows the process of the simulator. At t=0,
the simulation starts. A team is in possession of the ball, and an event is
randomized. Time is incremented with time te, the timespan based on the
event. Consequently, an outcome for the event is randomized. If another
event takes place due to the outcome, time is incremented with with time to,
where to is the duration time of the extra event.
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2.3.1 Event de�nitions

The simulator has 8 de�ned events. This means that we have 8 transition
matrices P 1, P 2, ..., P 8. Each event has di�erent potential outcomes. As
a consequence of this, each events respective transition matrices will have
addittional columns. The events and outcomes are described in the following
list:

E.1 Pass, P 1 = RN×2N

(a) Successful - move ball

(b) Unsuccessful - move ball, switch possession

E.2 Dribble, P 2 = RN×N

(a) Successful - move ball according to dribble

E.3 Shot, P 3 = RN×(N+3)

(a) Goal - move ball in to goal, switch possession, move ball to center
spot

(b) Saved - move ball to goalie, switch possession

(c) Blocked - shooting team loses possession, who wins loose ball ran-
domized

(d) Out - move ball out of pitch, switch possession, move ball to goal
kick

E.4 Tackle, P 4 = RN×1

(a) Successful - switch possession

E.5 Free kick, P 5 = RN×(3N+3)

(a) Pass

i. Successful - move ball

ii. Unsuccessful - move ball, switch possession

(b) Shot

i. Goal - move ball towards goal, switch possession, move ball
to center spot

ii. Saved - move ball to goalie, switch possession
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iii. Blocked - lose possession, randomize who wins loose ball

iv. Out - move ball out of pitch, switch possession, move ball to
goal kick

E.6 Throw-in, P 6 = RN×2Nx×2N

(a) Successful - move ball

(b) Unsuccessful - move ball, switch possession

E.7 Corner, P 7 = RN×2×2N

(a) Successful - move ball

(b) Unsuccessful - move ball, switch possession

E.8 Penalty, P 8 = RN×2

(a) Goal - move ball in to goal, switch possession, move ball to center
spot

(b) Miss - move ball out of pitch, switch possession, move ball to goal
kick

2.3.2 Football data tables

For this thesis, data from Barclays Premier League season 2014/2015 is used.
Five di�erent data tables are imported. From these data tables, probability
distributions for all events for each teams are derived, as explained in subsec-
tion 2.2.2. All table entries contain information about position, time, player
and match. Each team will have their own unique probability distributions
based on their data. All tables that are used contain the attribute team_id,
showing which team performs which entry.

Touch

The touch table logs every time a player touches the ball. Relevant attributes
are: player_id, x and y. player_id is the player who performs the touch,
x and y is the position on the pitch.

In our previous simulator, touch is used to describe all types of ball move-
ments, so it does not take into consideration if the movement comes from
passes, dribbles or set-pieces. In the newer simulator, only successful dribbles
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are stored from this table. A successful dribble is de�ned as two consecutive
touches made by the same player_id. Dribble probability is thus obtained
from touch.

Pass

The pass table logs every pass made, regardless of outcome. Relevant at-
tributes are: outcome, start_x, start_y, end_x, end_y, free_kick, corner
and throw_in. outcome determines if a pass goes to a team mate or the op-
ponent. start_x, start_y, end_x and end_y shows the coordinates of the
ball movement. free_kick, corner and throw_in shows if the pass is taken
in those speci�c manners.

From pass, we obtain information about pass success rate, pass direction,
and pass probability.

Shot

The shot table logs every shot taken. Relevant attributes are: start_x,
start_y, goal, on_target, saved, blocked and penalty. start_x abd
start_y shows where the shot was taken. goal, on_target, saved and
blocked determines the outcome of the shot. penalty shows if the shot was
a penalty or not.

From this table, we can obtain information regarding normal shot goal prob-
ability, penalty shot goal probability, where shots are taken and the outcome
of the shot.

Ball recovery

ball recovery logs every time a unpossessed ball is taken by a team. This
information is only used after a shot is blocked in the simulator.

Tackle

tackle logs every tackle made, successful or unsuccessful. Whenever a team
has the possession, the other team has a chance to make a tackle. This means
that the probability for losing a ball from a tackle is based on the team not
in possession.
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2.3.3 Event randomizing

The event probabilities are derived from the event matrices that stores all
data entries. They are partition based, stored as vectors. Each vector repre-
sents the probabilities of events in one partition and each element represents
one event probability. The probabilities of the eight possible events in parti-
tion n is represented by the n:th row in the event probability matrix E:

En = [En,1, En,2, En,3, En,4, En,5, En,6, En,7, En,8]

where En,1, En,2, ..., En,8 are the probabilities of passing, dribbling, tackling,
throw-in, shooting, free kicks, corners and penalties, respectively.

Figure 2.4: 2x2 partitioning example, each partition numbered
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Figure 2.5: 2x2 partitioning example, partition probabilities for team A

In the example shown in Figure 2.4, the pitch is divided in to 4 partitions.
Each team, A and B, has one probability vector in each partition, as shown
in Figure 2.5.

The sum of each probability vector is 1, meaning that one of the events must
occur.

8∑
i=1

En,i = 1 ∀ n : n = 1, 2, ..., 8

A number between 0 and 1 is randomized. By summing the probability
vector cumulatively, the random number determines which event will occur.
From example Figure 2.5, if team A has the possession in partition 1 and
the randomized number is less than or equal to 0.6, we know that a pass
has occurred. If it is larger than 0.6 and less or equal to 0.72, a dribble has
occurred.

Table 2.1: Event probabilities in partition 1 from Figure 2.5.
event pass dribble tackle throw-in shot free kick corner penalty
probability 0.60 0.12 0.10 0.08 0.03 0.03 0.02 0.02
cum. probability 0.60 0.72 0.82 0.90 0.93 0.96 0.98 1.00
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Table 2.2: Example partial output of a simulated match. Starts with a kick-
o�, followed by a dribble, pass, another pass and a throw-in.

xvec yvec timevec teamvec eventvec
50 50 0 1 0
47.5 50 2.7648 1 2
47.5 50 5.5648 1 1
37.5 -2 8.3648 1 1
37.5 0 8.3648 2 4

2.3.4 Outcome randomizing

After determining the occurring event, the outcome of the event is deter-
mined. Similarly to the event probabilities, the outcome probabilities are
derived from the transition matrices P, see subsection 2.2.2. Worth noting
is that depending on the event, the transition matrices will have additional
columns, to detail the event outcome, described in subsection 2.3.1

When an outcome is determined, the ball moves according to the event and
outcome, described in subsection 2.3.1.

2.3.5 Simulation output

For each simulated event, information is stored in vectors. The vectors xvec,
yvec, timevec, teamvec and eventvec stores information regarding the x-
and y-position of the ball, time of event, team in possession and what event
type that occurred, respectively. Each entry in the vectors represents an
event and is stored in a chronological sequence.

The simulation output is structured in a way so that it resembles the data
given by Opta, so that comparisons can be made between data and out-
put.

19



Chapter 3

Simulator validation

In order to verify if the simulator is realistic, di�erent experiments were
conducted to compare the simulation data with real life data. The clearest
di�erence was most clearly shown in the lack of goals in the simulation before
adjustments. On average, the simulator averaged around 0.7 goals/match,
falling short of the real average 2.6 goals/match. The amount of shots taken
in the simulation did not match the real life data. To make improvements,
the main focus was on investigating passes and shots, which amounted to
around 90% of all events. Adjustments were made if the experiments showed
di�erence between simulation and real life data. The adjustments will be
discussed later in this chapter.
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3.1 Experiments

3.1.1 Experiments before adjustments

Passes

Figure 3.1: Histogram of consecutive passes from data
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Figure 3.2: Histogram of consecutive passes from simulation before adjust-
ments

Figure 3.1 and Figure 3.2 are histograms showing the frequency of how many
consecutive passes are made in real life and in the simulation before adjust-
ments. Each bin represent one number of consecutive passes, and the height
of the bins show the frequency of which the number of consecutive passes
occur.
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Figure 3.3: Average pass distribution Arsenal. Arrows show average direction
and distance of passes from each partition. Heatmaps show pass frequency
for each partition

Figure 3.4: Average simulated pass distribution Arsenal. Arrows show av-
erage direction and distance of passes from each partition. Heatmaps show
pass frequency for each partition

Figure 3.3 and Figure 3.4 shows the pass distributions for Arsenal. Each
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partition has an arrow, showing the average distance and direction of passes
from the partitions. The �gures also has a heatmap, where a darker colour
means that more passes are made.

Shots

Figure 3.5: Shot plot from data. Heatmap shows shot amounts per partition.
Green text shows conversion rate goals/shots.
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Figure 3.6: Shot plot from simulation before adjustments. Heatmap shows
shot amounts per partition. Green text shows conversion rate goals/shots.

Figure 3.7: Average goals/match before adjustments for di�ering number of
partitions.
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3.1.2 Adjustments

Looking at Figure 3.5 and Figure 3.6, the amount of simulated shots taken
are signi�cantly less than real life shots, even though the conversion rate and
heatmaps are similar. That suggests that the ball does not spend enough
time in the last third of the pitch in the simulator.

The main way for a ball to move around in the pitch is determined by passes.
The plots Figure 3.1 and Figure 3.2 shows that the amount of consecutive
passes are higher in real life compared to the simulation. This suggests that
the probability for consecutive passes are o�.

To force the ball in to the last third of the pitch in the simulation, the prob-
ability for passes to be successful was increased. This was accomplished by
changing the part of the transition matrix P 1 that corresponds to unsuc-
cessful passes, explained in subsection 2.3.1. The unsuccessful passes were
changed so that they had a 50% chance of being successful.

3.1.3 Experiments after adjustments

Passes

Figure 3.8: Histogram of consecutive passes from simulation after adjust-
ments
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Figure 3.8 is the pass histogram after adjustments of the simulation. Just like
in Figure 3.1 and Figure 3.2, each bin represent one number of consecutive
passes, and the height of the bins show the frequency of which the number
of consecutive passes occur.

Shots

Figure 3.9: Shot plot from simulation after adjustments. Heatmap shows
shot amounts per partition. Green text shows conversion rate goals/shots.

Figure 3.5, Figure 3.6 and Figure 3.9 are shot plots that show two di�erent
things. Firstly, it shows heatmaps of where and how frequently shots are been
made. Darker colour means that more shots are made. Secondly, it shows
in green text the shots/goal ratio in di�erent partition. A high shots/goal
ratio in a partition indicates that shots taken from that partition has a high
likelihood of scoring.
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Figure 3.10: Average goals/match after adjustments for di�ering number of
partitions.

Figure 3.7 and Figure 3.10 shows the average goals/match in the simulations
before and after adjustments.

3.2 League tables

In order to validate our simulator after all adjustments, we simulate an entire
season of games and compare it to the real season.
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Figure 3.11: Real league table English Premier League 2014/2015
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Team Pos Pld W D L GF GA GD Pts
Manchester City 1 38 25 5 8 98 56 42 80
Chelsea 2 38 21 8 9 83 54 29 71
Tottenham Hotspur 3 38 22 4 12 61 47 14 70
Leicester City 4 38 20 8 10 74 59 15 68
Manchester United 5 38 21 3 14 71 42 29 66
Swansea City 6 38 18 6 14 74 69 5 60
Newcastle United 7 38 18 6 14 67 71 -4 60
Hull City 8 38 16 11 11 66 53 13 59
West Ham United 9 38 16 7 15 56 56 0 55
West Bromwich Albion 10 38 14 10 14 64 60 4 52
Southampton 11 38 14 10 14 63 58 5 52
Stoke City 12 38 15 4 19 58 76 -18 49
Arsenal 13 38 14 4 20 65 73 -8 46
Crystal Palace 14 38 13 6 19 70 78 -8 45
Sunderland 15 38 11 11 16 52 66 -14 44
Everton 16 38 11 10 17 53 69 -16 43
Burnley 17 38 11 8 19 46 68 -22 41
Liverpool 18 38 11 7 20 55 69 -14 40
Queens Park Rangers 19 38 11 4 23 68 82 -14 37
Aston Villa 20 38 9 6 23 39 77 -38 33

Table 3.1: One simulated league table English Premier League 2014/2015.

Figure 3.11 shows the actual results of the English Premier League season
2014/2015, while Table 3.1 shows the simulated results. It is important to
mention that the results in Table 3.1 are simulated after the adjustments in
subsection 3.1.2.
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Chapter 4

Discussions

4.1 Pass analysis

When comparing the distribution of consecutive passes from the Figure 3.1
and Figure 3.2, it is clear that they are di�erent. While the amount of
consecutive passes are similar when few passes has been made, the simulation
has a clear logarithmic decrease in consecutive passes, while the data shows
that the probability of a successful pass seem to increase with each successive
pass. Thus adjustments to the simulations were made. This was resolved by
increasing the probability ratio of successful passes.

After adjusting the simulation by lowering the unsuccessful pass probability
in every partition, the pass histogram in Figure 3.8 shows more similar-
ity to the data in Figure 3.1 compared to the unadjusted histogram Fig-
ure 3.2.

Figure 3.3 and Figure 3.4 shows that the pass distributions from the simula-
tion and data is very similar. This suggests that the simulated pass outcomes
match the data.

4.2 Shot analysis

The amount of shots taken decreased drastically from the data to simulation,
shown in Figure 3.5 and Figure 3.6. The amount of shots in the simulation is
around one third of the shots taken from the data. However, the simulated
shots do match up in terms of position of shots and conversion rates. This
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was seen clearly from the lack of shots in the simulations compared to the
data, resulting in low scoring matches.

After the adjustment of unsuccessful passes, the amount of shots has in-
creased, shown in Figure 3.9. The shot positions changed, while the conver-
sion rate was similar.

We also investigated how the number of partitions a�ected the average goals/match.
The simulation before adjustments gave us on average 0.5-0.7 goals/match,
shown in Figure 3.7. After adjustments, we got around 3.5 goals/match,
shown in Figure 3.10. The data shows that the average should be around 2.6
goals/match, which means the simulation got a bit more realistic, but still
not quite similar enough.

4.3 Adjustment analysis

Several di�erent attempts to adjust the simulator were made, where most of
them failed to create a realistic result from the simulator. The �nal solution
to the problem was to make the adjustment mentioned in subsection 3.1.2.
By increasing the probability of passes to be successful, the ball ends up in
the �nal third of the pitch more often. This generates more shots, which in
turn causes more goals.

4.4 League table analysis

Many seasons were simulated and each simulated season were quite di�erent.
Most of the time, the top teams in the league were �ghting for the title
in the simulation, but the variance was very large in this simulator. There
were many times where a top contender would be relegated in the simulation,
which is not very likely in real life. Generally the results were fairly believable,
with some few teams playing unexpectedly well or bad.

There were several di�erences in the league tables Table 3.1 and Figure 3.11.
Both Liverpool and Arsenal had uncharacteristic results in the simulation,
where Liverpool would have been relegated to the second-tier league. This
shows that the simulator is not to be trusted for prediction of results.
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Chapter 5

Conclusion

The model was based on an assumption that every action taking place in suc-
cession in a football match could be seen as a Markovian time step, meaning
that it is assumed that previous occurrences in a match has no impact on how
teams react. We do not regard things such as momentum, where a dominant
team tend to keep dominating the game for a while, until it shifts. A possible
solution could be to adjust the simulation model to be semi-markovian.

The data tables explained in subsection 2.3.2 were all derived from the same
data table touch, meaning that the data from the other tables pass, shot,
ball recovery and tackle may or may not have already been imported
from the touch data. This could have resulted in inaccurate transition ma-
trices.

A lot of time was spent to resolve the issue of too few shots in a match, leading
to low scoring games. After analysing the simulated pass data, it was clear
that most of the passing sequences concluded before the ball came in to the
penalty box, resulting in fewer shots. By forcing a fraction of unsuccessful
passes to become successful, the ball spent more time in the penalty areas,
resulting in more shots at goal.

Looking back at the goals of the thesis (section 1.2) one can conclude that
most of the goals were reached. This simulator reached the requirement
goals that were set. Data sets from the simulator and the real life data
were compared to validate the simulator. Unfortunately, the variance of the
simulator were quite large so that the simulator could not be considered
realistic. The �nal goal of creating an app for the thesis was not reached,
since trying to make a realistic simulator were proven to be too di�cult and
too time-consuming.
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