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ABSTRACT

Multi -Scenario Land Use and Land Cove(LULC) Change Projection Framework Using
Markov Chain and PLUS Integrated Modd
Ahmed Marey

The spatial distribution afirbanland usehas undergone significant transformations due to rapid
urbanizationAssessinghe dynamic and complex interactions of land use and land cover (LULC)
can help planners and policymakers understand the extent and effects of those Thanggesly
proposes a novel framework for land use and land davé#irC) change through the integration

of patchgenerating land use simulation (PLUS) and Markov Chain (MC) model under different
scenarios. Various simulations haveeh conducted for the island of Montre@uebec, Canada

using regional land use types under the five shared socioeconomic pathways (SSPs) for the year
of 2028. In addition, a comparative study was condubttdeen three major cities in Canada:
Toronto, Ottawa, and Montreal, in which global land use types were used to projgcichange

in 2030 based on historical trends. Different accuracy measures were calculated to validate our
model and compared to the accuracy of other models reported in thedée@iir findings show

that our model achieved a higher figure of merit (FoM) than other models and was able to simulate
LULC changewithout the need for expert knowledge in the fidlde results of this muHscenario
simulation and ecological, environmental effect study can be used as a reference for future regional
territorial spatial planning and policy formulation. Tiheegration of thd?LUSand Markov Chain

modek is shown to be quite applicaltiethe projection and assessment of urbpatiallanduse

patterrs.



ACKNOWLEDGEMENT

| would like to thank Dr. Liangzhu (Leon) Waramnd Dr. Sherif Goubrafor their significant
contribution and express my gratitude for their unwavering support, guidance and commitment. |

would also like to thank them for all the resources they provided for the success of this project.

The author would also like to acknowledge the support fEmvironment and Climate Change
Canada (ECCC) through the Contribution Agreement Program [#GCXE23S006] and the Natural
Sciences and Engineering Research Council (NSERC) of Canada through the Discovery Grants
Program [#RGPIN201806734]. Additionally, | want to express my gratitude for the valuable
inputs provided byDr. Abhisherk Gaur and Henry Lu at National Research Council (NRC)
Canada, and Dr. Sylvie Leroyer and Dr. Stephane Belair at Envirorandn€limate Change
Canada (ECCCQC).

| would like to thank all the research group members who have been of great anppodvided
feedback and comments over the course of multiple meetings during my stidiesithor would
like to specifically thank Mr. Alex Guindoni GIS and Data Services Librarian at Concordia
University - for his support in the data acquisitiprocess and GIS guidance, without which this

work could not have been completed.

Finally, I want to thank my parengnd sisterdor their supporwithout which | would notave
been able to pursue my studies at Concoidieould also like to thankarie and MarieSophie
for the Wednesday Tea at Milton B that made studying much more enjoyable. | have to also thank
all La Famigilamembers especially Stephie, Mati, Ane, Rake3tassine Marielix, Ash, Sid,
Victor and Jaspredt who helped me, supported me and encouraged me every single step of the

way during my studies.



CONTRIBUTION OF RESEARCHERS

This study wasnainly conductedy the author of this thesisderthe supervision ddr. Liangzhu

(Leon) Wang and Dr. Sherif GoubranAll co-authors included in the manuscripts provided

valuable feedback and comments that curated the work presented.
Theco-authorsand their contributionare as follows:

1. Dr. Liangzhu (Leon) Wang contributed mainlyto the funding and resources acquisition,
in addition to the project administration. He also provided revatise writing and data
curation of the manuscripts.

2. Dr. Sherif Goubran was involved in the formal investigation and data curation process.
His expertise in sustainable development allowed him to provide critical comments and
modifications in the different scenarios developed.

3. Dr. Abhishek Gaur and Henry Lu provided valuable comments on the development and
validation of the study which guided the comparative study (ChaptEndy also provided
beneficial comment on the writing of the manuscripts.

4. Dr. Sylvie Leroyer and Dr. Stephane Belaircontributed to the funding acquisition as

well as project administration and review

All researchers have consented to the inclusion of the work within this academic thesis.



TABLE OF CONTENTS

CONCORDIA UNIVER SITY . ettt ettt e amemn e e e e e e e e e e e e ean s Il
N 13 I 23 O P ii
ACKNOWLEDGEMENT ...ttt reee e e e e e e e e e e et e e e e ammmraneeeees I\
CONTRIBUTION OF RESEARCHERS........ccoi e vemmni e e e N
LIST OF FIGURES. ... oottt s e et e e et e e e et e e ameme e e e e e eaaneeeees ix
IS IO Y = Xi
ABBREVIATIONS L. et e e mmmr e et e e e e e e e e s eaneeeeaan e e eaan s Xii
N N 1 @ 15 1 L @ I 1\ 1
I A = 7 T3 (o | {11 [T PP 1
1.2  Scope and ODJECLIVES.........coovuiiiiiiii i e e eremr e e e e e e e e e e e e e e e e e eaeene s 4
1.2.1 Task 1: Literature Review and Gaps Identification.................cccvvveeeeeeeeeeennnns 4
1.2.2 Task 2: Methodological Framework for LULC Change Modeling.................. 5
1.2.3 Task 3: Comparative Study and Proof of Reproducibility..............cccccoeiieemnnns 6

1.3 Research Structure and Dir€CHON..........uuuuiiiiieiiiieesiriiieeieeeeeeeeeee e e e e s seereeeaaeaeaeeeeeas 7

2  LITERATURE REVIEW.....coiii ittt ecetee ettt smmne s n e e e e s e nnnnaeaesemmn e s 9
2.1 Land Use and Land Cover (LULC) DefinitiQnS..........cccoeveeeiiieicceeiiccieeee e 11
2.2 Land Use and Land Cover (LULC) Change Modeling.............ccccevvviieeeeceeeeeeeen.. 13
2.3 LULC Change Modeling ProCedures.............ccooviiiiiiieeeiiiee e eeeeeeeeeeeme e 16
2.4  Categories of Land Use and Land Cover (LULC) Change Madels..................... 17
2.4.1  ECONOMIC MOUEIS.......ccoiiiiieieeei e e e e e e e e e e e e ans 17
2.4.2 AgentBased Models (ABMS)......coouiiiiiiiiiiiiiie e 18
2.4.3  StatistiCal MOAEIS...........oueiiiiiiiii e rrrrs e e e e e e e e e e eeeanees 18
2.4.4 Time Series Modeling for LULC Change..........cuuviiiiiiiiiiiieeneeeeeeeeeeeeeee e 19
2.4.5 Machine Learning (ML) MOdEIS..........oooiiiiiiiiiiiierer e 19
2.4.6 Cellular Automata (CA) MOUEIS.......coooiiiiiiiiiiiiice e 20

2.5  Cellular AUIOMALAL......cciiiee e e eeeeee et mmmr e e eaaan e e e e e emesnnnnes 21
2.5.1 Definition of Cellular Automata (CA)........ueeeiiiiiiiiiiiiiiiee e 21
2.5.2 Background and DevelopmMent.........coouuiiiiiiiiiiccce e 21
2.5.3 Cellular Automata for Urban Development SimulatioResearch Gaps......... 24

Vi



2.5.4  CONCIUSION. ..ottt eee bbbttt e e eeet et e e e et e e e e e e e e e e e e s s ammeeeaeeeeas 26
3 METHODOLOGY ..eoiiiiiiiiiiiiiie e e e e eitieeestteeea e e e s ssttaee e e e e s s smnnsssssseeeeeeaanssaeeaessammeeeennnsnes 28
I 0 N 0] 11,1 o ] (o PP PPPPPPRI 28
T2 | 11 70 To [ 0Tt ] o PP PP PP T PP PPPRPRPPPRP 29
ICT0C TN |V 1= 1 o o (o] (o o | Y/ SSRRR 33
3.3.1  Markov Chain MOGEL...........uuuiiiiiiiiiiiiieeeiiiiiieeeee et 33
3.3.2 PLUS Model Configuration and ParameSsttings. ........cccccvvveeieiiiiiiiccceeeeeenn. 34
3.3.3 Different SCenario SettiNgs..........cooiiiouuuiiiiiremr it 34
3.3.4 Quantitative Projection of Lardse Demand Based on SSES....................... 36
3.3.5 RuleMining Framework Based on the Land Expansion Analysis Strategy (LEAS)
36
3.3.6 CA Based on MultiType Random Patch Seeds (CARS).........cccceevviiiiiieennn. 36
3.4 Case Study and Data CoOllECHQN. ...........uuuiiiiiiiiieeeiiiiiiei e 39
I S 11 [0 ) Y == PP PP PP PP 39
3.4.2 Data Sources and ProCeSSING.........cccccuuuuuiirimreiiiiiiiiieeee e eeesereeeeeeeees 40
3.5 Results, Analysis and DISCUSSIQMN.........cceeeeiiiiiiiiieieie e e e eeeeeeeeeeeeeeeeeemmmeeeeeeeeeeenee 43
3.5.1  SSPS SCOMNG MAUDX ...ciiiiiieiieiieie i imeee e e e 43
3.5.2  Neighborhood WeIgNLS...........ccciiiiiiiiiiieee e 43
3.5.3  TranSitioN MaALIiX . .....ceeeeeiieiiriniiiee s e e s e e e e e e e e e amenan s s e s e e e eeeeeaeeeeeeeeennes 44
3.5.4 Validation of the Accuracy of the SimulatiGresults..............ccceeeviiiiiiiceciinnnnn 44
3.5.5 Analysis of the Effect of Driving Factors on Lakbe Change............cccc....... 46
3.5.6 Analysis of Simulation Results for Different Scenarios..............cccoeeeveeeennnns 48
3.5.7 Landuse Change Comparison Between Different SSPs and Municipalities5
LG T O o ] o3 U1 [ o ORI 57
T A =0 1) £Tox 1] o) O 59
4 COMPARATIVE STUDY ....ciiitiiiiii e ettt seeete e s e etee e e e e s s ssissannssseeaeesssnsaseaaaeesenssnes 60
o R 0] £ =11/ o OSSR 60
N 1 1 70T [UTox 1 o o OSSR 61
4.3 MethOOIOQY......couuiiiiiiiie e ere e e ——————— 65
4.3.1 Integrated PLUS and Markov Chain Model...............coouiiiceciiiiii e, 65
4.3.2 Quantitative Projection of Lardse Demand..........ccccceveeeeiiivieeeiiiiee e 68

vii



4.3.3 RuleMining Framework Based on the Land Expansion Analysis Strategy (LEAS
68

4.3.4 CA Based on MultiType Random Patch Seeds (CARS.............cceeevvvvvvveeen.. 69
4.4  Case Studies and Data ColleCtiQn............cccuuviiiiimmmniiiiiiiiii e 69
e N o] 0] o1 (o PP 69
R © 1 12\ TP 71
443 MONEAL....uuiiiiiiiiiiiii e 72
4.4.4 Data SoUrces and ProCESSING.....ccoiiitiieeeeiiiiiieeeiieeeeeeeeeeeeeeeeeeesssnenneeeeeeeeeanne 73
4.5 ReSUItS and ANAIYSIS........coooiiiiiiiiiiiimce e errnr e e e e e e e a e 80
4.5.1 Quantitative Analysis Using Linear RegresSSIOn.............uuuvueeerrieeeievvvrneeeneene 80
4.5.2 Input Parameters and Configuration Settings.............cccccouvrimmmrniiieninnnnnnne. 82
4.5.3 Validation and ACCUIraCy MEASUIES...........cceeiiuuuurrirenn e eeenannes 84
4.5.4  Analysis of the Driving Factors Influence on Labde Change............cccc....... 88
4.5.5 Analysis of Simulation Results for 2030 ViSIQN.......ccccoveeeeeiiiiiieeeiieeceeeeeeee 90
T I T[T od 1 11 [0 o P PPPPRTRR 93
O A O o 1 o (1] T P PPPPPRTRR 94
T T 01 o 1 o) TP PO PP PP PP PPPPPPPPRP 95
5 CONCLUSIONS . ..ot ee e s s s e e annnsssseseeenneees 96
o 00 R O 0 o111 101 0] o 96
5.2 Limitations and Recommendations for Future Research............ccccccoveeenn. 97
REFERENGCES.......ooii ittt ettt e ettt e et e e e s ettt e e e e e e e st be s annteeaeeeeanssnneeaeeeans Q9

viii



LIST OF FIGURES

Figure 1.1 Overall Organization of the TheSIS..........ccoooi e 8
Figure 2.1 Typical CA-based Urban Growth Models..............eeeiiiiiiiieeciiiiiiiieeeeee 22
Figure 3.1 The framework of the PLUS model...............coooiiiiiieee e 32
Figure 3.2 Markov Chain Schematic Diagram...............uuuuuiiiicceeeeeiiiiirse e e e e e eeeeneene s 33
Figure 3.3 Adaption and Mitigation Challenges in Different SSPS...............ccceovvieeeeeenn. 35
Figure 3.4: Markov Chain and PLUS Model Framework..........cccoooeiiiiiiiiieeeiiciiiee e 38
Figure35 The Administrative Municipal.l.t..e30 Boun
Figure 3.6 Landruse Status for (a) 2012 afim) 202Q...........coeviiiiiiiieiiiieeeeeeeeeiiii 41

Figure 3.7: (a) Simulated Landise Status in 2020 and (b) Current Larsg Status in 2020 (c)
The spatial difference between them (Colored by the simulateeusntype) and (d) The binary

spatial difference between them...............eiiiii e 46
Figure 3.8 The Influence of Driving Factors Proximity to Each Lddse Type on Landise
and Land Cover (LULC) Change..........cooiiiiiii e eeeeteeen e e e 47

Figure 3.9 (a) Landuse distribution map for 2028 under SSP1, (b) its spatial difference
compared to the landse map of 2020 (Colored by the projected {asd type), (c) the

percentage of change in each municipality, and (d) the binary spatial difference compared to the
[aNGFUSE MAP OF 20200.....ceeieiiiiiee e e 49

Figure 3.10 (a) Landuse distribution map for 2028 under SSP2, (b) its spatial difference
compared to the landse map of 2020 (Colored by the projected {ard type), (c) the

percentage of change in each municipality, and (d) the binary spatial difference cotnpheed
[and-use MaP Of 20200........uueiiei it eeer e e e e e e e e e e —————————aaara———— 51

Figure 3.11 (a) Landuse distribution map for 2028 under SSP3, (b) its spatial difference
compared to the landse map of 2020 (Colored by the projected asd type), (c) the

percentage of change in each municipality, and (d) the binary spatial difference cotopheed
[aNdFUSE MAP OF 20200.....cceiiiiiiiee i e 52

Figure 3.12 (a) Landuse distribution map for 2028 under SSP4, (b3pistial difference

compared to the landse map of 2020 (Colored by the projected {asd type), (c) the

percentage of change in each municipality, and (d) the binary spatial difference compared to the
[and-use MaP Of 20200........uueiiei it eeer e e e e e e e e e e —————————aaara———— 54

Figure 3.13 (a) Landuse distribution map for 2028 under SSP5, (b) its spatial difference
compared to the landse map of 2020 (Colored by the projected asd type), (c) the

percentage of change in each municipality, and (d) the binary spatial difference cotopheed

[aNdUSE MAP OF 20200.....cceiiiiiiiieee e e 55
Figure 3.14 Percentage of Change Distribution According to the Five SSPs.................. 56
Figure 3.15 Vulnerability Factor as a Normalized Combined Percentage of Change in Each
ULl o= 11 Y2 PP 57
Figure 4.1 MC-PLUS Integrated Model Framework...............oeiiiiiieeen i 67

Figure4.2 The Administrative Municipal..t.i.edé Boun



Figure4.3 The Administrative Municipal.l..l.i.e®06
Figure44 The Administrative Municipal..l..ei8606
Figure 4.5 Landuse Status in 2010, 2015, and 2020 for (a) Toronto (b) Ottawa, and (c)

170 =T | U 78
Figure 4.6. The Amount of Change from 2020 to the Projected 2030 for Different-Uaed
I8/ 0152 PP 81

Figure 4.7: Simulated Landuse Status in 2020 (Left) and Binary Spatial Difference Between
Simulated and Observed Lande Maps (Right) for (a) Toronto, (b) Ottawa, and (c) Mon®8&al.
Figure 4.8 The Influence of Driving Factors on Lainde and Land Cover (LULC) Change for
LoTs Lo g T T T U Y= I I/ 1T PPPPR 90

Figure 4.9. Simulated Landise Status in 2030 (Left) and Binary Spatial Difference Between
Simulated (2030) and Observed (2020) L-aisé Maps (Right) for (a) Toronto, (b) Ottawa, and
(0 1Y o] 1L (=T | I TP TP TR PPPPPPPPPPPPPPPPPRS. 91

Boun
Boun



LIST OF TABLES

Table 3.1:Number of Pixels for each Langse TYPe.......uuuiiiiiiiiiiiiiiiiiieemeeeeeeeeeeeee e 41
Table 3.2:Spatial Data Used in thisS StUdY...........cccuuuiiiiiiiremii e 42
Table 3.3:Expected Landise Scoring Matrix (in %) for the Different Laiuge Types in

RElAtiON 10 The SSPS... ...ttt mmne e e e e e 43
Table 3.4:Neighborhood Weights for the Different Lande TYpesS.......ccceevvvveeeeeeniiiieeeennn. 43
Table 3.5:Land-use TransSition MatriX........cccuvvuiiriiiriiiieesiiiiiiiiieieeeeeeeee e e essmeeeeeeeananeeeeen . A4
Table 3.6:Accuracy of Each Lantllse TYPe........uveiiiiiiiiiiiiiiceecciiieeeeeeeeeeeeeeeeeeeiineen e 4D
Table 4.1:Number of Pixels for each Langse TYPe........uviiiiiiiiiiiiiiiiiieeeieeeeeeeeeeeee e 79
Table 4.2: Types of the Used Spatial Data and Their SOULCES.........cccoevvieiieiiceciiiiieeeeennn. 80
Table 4.3:Land-Use Type Predicted Area in 2030...........uuuuuimmimmmiimemiiiniiiieeeieeeeeeeeee e e e 82
Table 4.4:Land-use TranSition MatriX.......cccovuvuiiiiiieeiiireeiirieiieeeeereeee e e e e s seereeeeeeeeeeeeaeeens 33
Table 4.5: Accuracy Measures for the Three Study Regians................ovvvvvriiiiieeeinnnnnnd 85
Table 4.6:Confusion Matrices for the Three Study Regians................ovvvvieieiveeeeinnnnnnnd 86

Xi



ABBREVIATIONS

ABM
ACO
ANN
BAU
CA
CARS
CLUE-S
CNN
DL
DSM
DTM
FoM
FLUS
GA
GCMs
GDP
GEO
GIS
IAM
IGBP
IHDP
LCM
LCZ
LEAS
LULC
MC
MCE
ML
MLP
NN

AgentBased Model

Ant Colony Optimization

Artificial Neural Networks

Business As Usual

Cellular Automata

Cellular Automata Randospatch Seeds
Conversion of Land Use and its Effects at Small regional extent
Convolutional Neural Network

Deep Learning

Digital Surface Model

Digital Terrain Model

Figure of Merit

Future Land Use Simulation

Genetic Algorithm

Global Climate Models

Gross Domestic Product

Group on Earth Observations
Geographic Information System
Integrated Assessmeltodeling
InternationalGeospheraBiosphere Initiative
International Human Dimensions Programme
Land Change Modeler

Local Climate Zone

Land Expansion Analysis Strategy

Land Use and Land Cover

Markov Chain

Multi-Criteria Estimation

Machine Learning

Multi-LayerPerceptron

Neural Network

Xii



PLUS Patchgenerating Land Use Simulation

PFA Protecting Forest Area

PPF Protecting Paddy Field

RFC Random Forest Classification

RS Remote Sensing

SDGs Sustainable Development Goals
SOM SeltOrganizing Maps

SSPs Shared Socioeconomic Pathways
TPMs TransitionProbability Maps

UN United Nation

USGCRP United States Global Change Research Program
XGBoost Extreme Gradient Boosting

Xiii



1 INTRODUCTION

1.1 Background
Ecology, according té\ndrewartha and BircfAndrewartha & Birch, 1982)is the study of the

diversity and distribution of organisms. Environmental ecology, which put the environment in the
forefront, was introduced B9dum(Odum, 1975)The Carry Institute of Ecosystem Studies offers

a more comprehensive definition of ecologyitee scientific study of the processes influencing

the distribution and abundance of organisrti®e interactions among organisms, and the
interactions between organisms and the transformation and flux of energy and riattesing

on the holistic and akncompassing perspective of ecology. The focus on "processes" and
“interactions” in this formulation is cruciaCities now act as catalysts for both environitaé
change and economic growtfihey are human ecosystems that integrate social, economic,
biological, and ecological elements to create a network of interactions and feedback loops. Human
values and perceptions serve as a guidance for these interactions in urban eckgstearss,

2013) Urban ecology can be described as the study of the interactions between living organisms,
their distribution and abundance, and the transformation and flux of energy and matter in an urban
area, drawing on the definition of ecology provided above. Thensigraof the human population

and the infrastructure that supports it in the form of cities, towns, agglomerations, and megacities

constitute an urbaecosystentVerma et al., 2020)

However, there are two key elements of this discipline that make it more significant in the modern
era. First of all, the ecology of urban regions is not limited to the urban boundary where the
apparent indicator is observed, which is urbanizafderma & Raghubanshi, 2018fecond,

because humans are an urban area's dominating creature, research on urban ecology must
necessarily center on the interactions and processes that humans mediate. The impacts of human
actions are felt at many sizes and beyond system boundariethearebources, in the form of

matter and energy, are not always used where they are foh@aaxsitu resource mobilization

for urban growth resulting from commerce and globalization is the input and output of the material
balance, and it is mediated agthropogenic subsidization of the material and energy balBagce

2016) However, the significance given to this urban expansion phenomena, or the development

of urban ecosystems, is due to the scale at which it has occurred and is still occurring today. Over



55% of the world's population now lives in urban areas, up from just 750 million in 1951 to 4.2
billion in 201gUnited Nations, 2018)By 2050, over 9.8 billion people will reside in urban
settings, and by 2100, that number will rise to 11.2 bil{idnited Nations, 2017)Additionally,

among the most urgent global issues are pressures on ecosystem services and biodiversity loss.
Global biodiversity is being lost at such a rapid rate that it has recently been called "biological
annihilation."The primary causes of the decline in terrestrial biodiversity are adverse changes in
land use and lancbver. These changes often take place gradually, but they can have a significant
influence on ecosystems since they are linked to losses in species diversity and popitletions.
challenging to monitor the diverse components of biodiversity on a global basis. Nevertheless, it
is becoming easier to measure changes in the size and spatial organization of natural habitats. The
best tool currently available for tracking stresses onystemis and biodiversity worldwide is land

cover chang€OECD, 2018)

Changes in land use and cover have become crucial for difiesent applications, including

those in agriculture, the environment, ecology, forestry, geology, and hydrology, according to
empirical investigations by researchers from a variety of discipl{iésng, 2001) These
applications discussed issues such as the loss of agricultural land, degraded soil, urbanization,
altered water quality, etc. At the same time, a significant project to study land use change has
evolved as a worldwide initiative in recent decaa@esprding td.ambin(Lambin, 1997)and has
acquired enormous momentum in its efforts to understand the processes driving land use change.
These initiatives have piqued academics' interest in using a variety of methodologies to identify
and further model environmental dynamics at varieusls.Due to the availability of quantitative
analysis of the spatial distribution of the population of interest, change detection has become an
importantmethodin managing and monitoring natural resources and urban growth. Numerous
methods are availabl®r detectingand documentinghangeg/A. Singh, 1989; Yuan, 1999)

Simple changéetection however, is rarely sufficient on its own; instead, the "#tohanalysis,

which requires knowledge of the start and end lasée typesis necessary. For an accurate
understanding and evaluation of the environmental effects of such changes, current and reliable

information on land cover change is requi(€d Giri et al., 2005)

Because of their precise georeferencing procedures, digital format suitable for computer
processing, and repetitive data acquisition, satellite remote sensing and GIS are the most popular

methods for quantifying, mapping, and detecting patterns afd.thanggX. Chen et al., 2005;



D. Lu et al., 2004; Nuiiez et al., 2008; Rahman et al., 2@BE)ed on multemporal remotely

sensed data, the digital change detection approach has been widely used to identify and/or describe
the common changes in LULC features. The ability to recognize unusual changes between two or
more dates is the fundamenggal of using this data to detect chan§everal researchers have
utilized methods and data to developlL® prediction models (Details in Chapter 2). However,

they fell short in several aspects. For instance, conventionabaskd cellular automataoaels

have issues developing model structures, transition rules, and parameter values since there are so
many different spatial values to consid@ther models such as GeoSQS Li et al., 2011)do

not provide any information about the causes of land use change and act as a black box.
Additionally, most of the prediction models provided in the literatewen though several ULC
changeprocesses regularly amccur and interact, can only reproduce the dynamics of a single land
use.The interactions and rivalries between the various land use forms are not fully understood in
the meantime. Most recent reseaocity evaluated the probabilities of different land use patterns

independently and gave thlend grids the most significant values.

The patchgenerating land use simulation (PLUS) model combines a CA model based on multi
type Random patch Seeds (CARS) with a Land Expansion Analysis Strategy (LEA®)ning
framework to provide deeper scientific insights into LULC than prior appesd@®]. The LEAS
streamlines the study of land use change while keeping the capacity to accommodéigenulti
and complicated land use change. Additionally, the PLUS model combines the-bpttoethod
demonstrated by the interactions between the madycghs on a micro level in the CA model
with the topdown approach mandated by policymaking and projection scen&tmgever,
various input variables, such as the transition matrix, that drive tkaotep method are necessary

in order to simulate land use changes using the PLUS model. With the numberuédayges,
driving factors, and scenarios that must be detexthby experts in the field, the number of input
values grows rapidly. Therefore, the PLUS and Markov Chain models were linkedthretisn

order todevelop a fair allocation strategy for land spatial utilization planning and simulate future

land-use patterns without the need for specialized knowledge to identify input values.



1.2 Scope and Objectives

Based on the backgrouuresented in sectisr.1 of this chaptérand the research gaps identified

in the literature (presented in chap®yt the general scope of this research is to develop a
comprehensive future langse projectiorframeworkthat gives insights on the effect of driving
factors on the various laruke types and is easy to use without extensive expertise in the field.

The general objectives of this research are:

1. toidentify shortcomings of existing GBased models used to project future land use and
land cover change.

2. to validate the applicability and reproducibility the proposed frameworkn different
cities, and

3. tocompare differen€anadian Cities in terms of driving factors and laisé typesn order

to identify future laneuse trends.
Based on the scope and objectives proptises(3) main taskareformulated

Task 1 a literature reviewstudy on the CAmodels and future lardse projection methods
available in thditeratureto validatetheir applicability indifferent contexts

Task 2 a methodological LUC changestudy todevelop a landise projection framework and
investigate the effect of driving factors on different larsg types as well as the effect of

socioeconomic factors on lanuge evolution and trends, and finally

Task 3 a comparative studgf threeCanadian cities to ensure the applicability of the proposed
framework in different contexts and investigate the different trends ofusagrojection based

on various input values

Further details about each of the tasks as well asgpecific scope and objectivasepresented
in the subsequent stgections.

1.2.1 Task 1 Literature Review and Gaps ldentification

LULC Changemodeling is crucial for sustainable planning and management of resources.
Although a wide range of models exsigt the LULC sciencefGaur & Singh, 2023)they mostly
classify them into categories (e.g., spatial or-gpatial, patteribased or ageriiased, and
inductive or deductive) and compare them to each other. THusited number of studies on
LULC projection using CAased models were foundost importantly, no comprehensive study



for identifying the advantageanddisadvantages of different CA models and conmggthem in
terms oftherequired expertise to prepare input files and values as well as the insights and types

of outputs they provide.

A literature review study was conducted solely for-Ba#sed LULC changemodels in order to
identify current trends and gaps, focusing on the insights they give, and the data needed to run the
model. Additionallyjn order to further develop the simulation framework, the most suitable model

for our case was further investigated and potential development was identified.

1.2.1.1 Scope and Objective

The general scope of this task is to conduct a literature review elpa€#d models in order to

identify their applicability in different contexts and potential improvements.

The specific objectives of this task are:

1 to define CAbased models in LULC science which can project future-lesedchange
with acceptable accuracies

1 to identify the most suitable model which can be used by policy makers to take
scientifically informed decisions

1 to detect gaps in the chosen model and identify ways to overcome them while ensuring
validity and applicability in different contexts

The details of thditerature reviewand the conclusions of this task are presented in Ch@pter
which sets the grounds for the following tasks presented in Ciater Chapter 4.

1.2.2 Task 2 Methodological Framework for LULC Change Modeling
Previousstudies on LWUWC modeling mainly focused on projecting future land use and cover
change but limited studies aimed to identify the effect of driving factors on this projection to give

insights that help policy and decision makers.

1.2.2.1 Scope and Objective

Following theidentification of suitabldULC Changemodelsbased on the literature review

presented in Chapter the main scope of this task isdevelop a comprehensive framewdhniat



overcomes current shortcomings as well as validate its accuracy, ensuring its ease of use without

extensive expertise in the field.
The specific objectives of this task are:

1 to improve theLULC Chancemodel proposed by Liang et &Liang et al., 2021and
presented in the literature review to be more comprehensive and to be used with minimal
interventions anénowledge of the field

1 to use the improved model in a certain context to validate its applicability and investigate
the effect of different driving factors in that area on land use and land cover change based
on different socioeconomic scenarios

1 to provide a detailed scheme of the improved model, identifying strengths and potential

limitationsin reference to the existing models.

The details of the methodology and the conclusions of this task are presented in Chiagtidre
details of the literature referenced are presented in Chapter

1.2.3 Task 3: Comparative Study and Proof of Reproducibility
Almost all LULC changemodels presented in the literature are validatednly one study area.
Although the improved model proposed in this research needs to be calibrated for different areas,

the calibration is included as part of the framework and is autonomous in its nature.

1.2.3.1 Scope and Objective

Following the development and validation of the improved model presented in Chdpb&emain
scope of this task is to prove the reusability of the proposed framework in different contexts while

ensuring its efficiency and autonomy.
The specific objectives of this task are:

1 to useand validatethe proposed framework for modeling the future land use and land
cover(LULC) change in different contexts
71 to understand the drawbacks of the proposed framework by using different accuracy

measures which indicate where it fell short in which context



1 to compare the future land use and land céELC) change in different contexts based
on different scenarios and identify the influence of different driving factors in these

contexts to understand the global and local trends

The detalils of tis studyandthefindingsof this task are presented in Chapter

1.3 Research Structure and Direction

The thesis included five chapters, including the Introduction and Conclusion. Chapter 3 and
Chapter 4 are composed of one manuscript each. To ensure the coherence of the document,
forewords and postscripts have been added to each of those chapters. In Chapter 1, the general
background of the study is safjdgeneral and tas&pecific scopes and objectives are presented.
Chapter 2 presents a broad overview of the topic accompanied by a critical assessment of the
current landscape. It also analyzes the ehasmulation model and investigates the potential
development directions for a more comprehensive framework. Chapter 3 proposes an improved
frameworkthatcan be used without extensive knowledge of the field. It gives a detailed scheme
for the integration of different models which can be used for future land use and land cover (LULC)
projection. It also validates the proposed model in a specific contestt difiérent socioeconomic
scenarios. Additionally, it underscores the most influential driving fadgtothe area under study

along with spatial defining areas that hagigh potentiafor change under any of the proposed
scenarios. Chapter 4 investigates the reusabilitieyproposed framework in different contexts.

By applying different accuracy metrics, this study provides insights intdhthe simulation
framework and the areas under study. It also analyzes the different global and local land use and
land covel(LULC) change trends by comparing the different areas with one another. Moreover, it
identifies the degree of influence of the driving factors on thelesadchange in different contexts.
Finally, Chapter 5 presents the general conclusions of this study and the possible scope of future

work. This overall thesis organization is illustrated in Figure 1.1.
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2 LITERATURE REVIEW

Humancaused changes to land use and urbanization are visible everywhere. In addition to indirect

drivers like energy transition processes, important variables also include direct drivers like
population growth or changes to infrastructure systems. Numdand use disputes have
developedas a resul{Balk et al., 2022; Hoffmann, 2021; Surya et al., 20Z)litical and
academic debates are placing more emphasis on the detrimental effects of land use on mitigating
climate change, preserving biodiversity, and maintaining essential ecosystem services. With more
than half of the world's population now resiglim urban regions, cities have also received more
attention as the key problems with global sustainable development as well as the locations of the
solutions(Bibri et al., 2020; Hameed, 202The post2015 agenda must have significance for
urban residenté§Nukala & Mutz, 2015)and the battle for sustainable development will be decided

in urban areagDolley et al., 202Q)The adoption of sustainable development goals (SDGs) for
cities signals a paradigm shift in our understanding of the importance of cities as development
hubs as well as key players in international politics and global gover(@noahim et al., 2022;
Dambeebo & Jalloh, 2018; Gallardo & Cocero, 2023)

Land use issues have an impact on sustainable development ésaliali et al., 2021; Zhang et

al., 2022) The creation of Agenda 21 at the 1992 United Nations World Conference in Rio raised
awareness of concerns relating to land use, urbanization, agriculture, and forestry and heightened
debate over the following three decades. This was also greatly aidbdttbyrup regional
initiatives (Kalfas et al., 2020; Musakwa & Niekerk, 2013; Surya et al., 2020; Zhang et al., 2022)
The UN-SDGs have had an impact on contemporary normative discourses, which has led to a
renewed push for more sustainable land usage. Compactness is a characteristic of urban form
(shape, density, and land use) with benefits for residents in terms ompyoxind limiting
overexploitation of natural resources and enhancing economics of agglomgZatirmah et al.,

2015; Stepputat & Van Voorst, 201@he population and builip area densities, as well as the
concentration of urban services, all influenc@imulhim et al., 2022; Hameed, 202The UN

SDGs are global development goals, and a Al governance system calls for specifics for
regional and local levels. Additionally, although they are not yet current, the Territorial Agenda
has begun to move in Euroffenemark, 2007)At the national level, national governments, like

Greece, have adopted sustainability policies and indicators. However, there are differences in how



international points of reference are interpreted, particularly at the implementatiofKiias et
al., 2019; Vlek et al., 2017)

Urbanization is escalating over the gldBaur et al., 2020, 2021Between 2018 and 2050, the
number of people living in urban areas will increase by 2.5 billion, with the majority of that growth
occurring in Africa and AsiéGaur et al., 2021bwhere more than 50% of the world's population
already resides in urban areas. Governments and policymakers will thus confront challenges
related to resource allocation to address the issues that may occur in the future as a result of a
significant increae in the urban populatig@aur & Singh, 2023)Understanding the dynamics of

land use and land cov@tULC) change may help us better understand how cities grow.

The besknown method for forecasting future urban patterns and growth is modelib@ LU
changgVerburg et al., 2006)rhese models are essential tools for sustaindbl€s planning and
management. Modeling offers a platform to comprehend its underlying processes if done explicitly
in spacgGaur et al., 2020Many LULC models have been created during the past few decades
that are useful for land management and urban planning. These models are based alotine top
and bottoraup paradigms, which are frequently employed in LULC modeling. Theldom
methods rly on data from censtisased data, satellite imagery, and maps of explanatory variables.
These methods rely on making predictions about future LULC changes from past LULC changes
(Verburg et al.,, 2006) The explanatory variables, often known as the drivers, include
socioeconomic, institutional, biophysical, and proximity variaf@esur et al., 2020)0n the other

hand, bottorrup strategies for LUC changeare becoming more and more popular because they
are founded on actual procedures (suchasehold surveyg)Ren et al.,, 2019; Verburg &
Overmars, 2009)

The LULC sciences employ a variety of LG changemodels, including spatial and nepatial,
patternbased, and agebised, as well as inductive and deductive mgdels. Mas et al., 2014)

In assessing the pattern of LULC change as opposed to the rate of change, spatispatialon

models diffefOvermars & Verburg, 2005Peductive models are based on an explicit description

of the processes, whereas inductive models are based on identifying model parameters to assess
the changéJ-F. Mas et al., 2014)Vhile agerbased models use human perception to determine

the amount of change, pattdrased models estimate the LULC changes using the patterns that

can currently be observed (for example, LULC maps or sur¢aysX012) Integrated modeling
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techniques, specifically the integration of statistical modeling with machine learning (ML)
techniques, are widely applied in the field oflL@changemodeling(Jokar Arsanjani et al., 2013;
Poelmans & Van Rompaey, 2010)his chapter offers a methodical overview of the utility,
advantages, and larger applications of each model. It also providedeptinanalysis of cellular
automata (CA) development and models. Additionally, potential novéld.thangemodeling

methodologies are also considered.

2.1 Land Use and Land Cover (LULC) Definitions

Over the years, "Landse" and "Landover" have been defined in a variety of ways in the

extensive academic literature. They have further split down each region independently to clarify
meaning based on the particular topic of interest. wesed and landover have distinct
definitions, with laneuse referring to how the land is used, such as for agriculture or recreation.

In contrast, landover specifies particular patterns and properties of the t€l&rEPA, 2017)
Although the terms for LULC can be used interchangeé@bimyati et al., 1996; R. K. Singh et

al., 2021) the idea is the same regardless of location. It focuses on how man has used the diverse

physical, chemical, and cultural aspects of the ground over time and(Spaeeéhar et al., 2016)

The terms "Landuse” and "Lanéover" are assumed in studies to be interchangeable and
equivalent terms. Additionally, the definition of additional terms pertaining to land features is
based on the species' land cléisikeyer & Turner, 1992)They are seen differently by other
scholars(Pongratz et al., 2018Yhe analysis of different definitions from the literature showed
that several definitions and descriptions of land use and land cover existed. These definitions from
numerous region&uch as North America, European countries, African countries, and Asian
nations) demonstrated how the meaning of LULC is mostly similar. However, it slightly changes
depending on the region and author. When examining the idea of land use, the motbsivargh
explanation found matches its semantic meaning of the uise lafitd. Nonetheless, more complex
descriptions have emerged. For instance, land use is described as "Human activity or economic
functions associated with a specific geography” by Sreedhar & rakdhar et al., 201&s
opposed to "Man's activities on land which are directly related to the land" by Anderson et al.
(Anderson et al., 1976 he vast majority of the investigations include human subfgetheye,

2009) There are several definitions, on the other hand, that highlight habitats or species that use

the land(Mila | Canals et al., 2007; Veeraswamy et al., 20TRg actions or purposes connected
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to the use of land are frequently included in definitions as well. Social scientists also include the
employment of land in their descriptioiisleyer & Turner, 1992) Sometimes, this element
explicitly states the motivations for these actions, such as their economic, social, and physical

justifications.

When looking at the definitions of different types of land cover, the majority of them explain the
features and traits of the immediate subsurface as well as the land surface. The definitions change
depending on how many and what kinds of qualities ani$ tee utilized in the interpretations.

In terms of vegetation, biota, soil, terrain, water, structures, etc., they contain the physical,
biological, morphological, and topographical cover of the land, which may be natural or manmade
(Nedd et al., 2021)

While landuse change refers to a change in how a particular area of land is utilized or managed
by humans, landover change refers to a change in some continuous characteristics of the land,
such as vegetation type, soil conditions, and so f¢Rhtel et al., 2019)This relates to how
urbanization has altered the natural landscape. It's interesting to note that this transition is the cause
of a variety of regional and global issues, such as the decline in biodiversity and the resulting
negative impacts on human leaas well as the loss of habitat and ecosystem seryRatl et

al.,, 2019) It is mostly driven by urbanization and is now crucial for developing and
underdevelopedations. Land cover change, however, may be the consequence of natural forces,

whereas landise change necessitates human acfioshi et al., 2016)

Although there are several uses for Land Use and Land Cover (LULC) data, Land Use and Land

Cover Change analysis is the one that makes the most usiBalécka & Jenerowicz, 2019;

to a variety of other natural or artificially generated processes rather than as a goal in and of itself.
LULC changeanalyses are frequently used in research on ecosystem s@rieset al., 2008)

animal habitat¢§Lawler et al., 2004)hydrological system@arlson & Traci Arthur, 2000; Cuo et

al., 2009) weather condition@Marshall et al., 2004 0il erosion, biodiversity log€ebecauer &
Hofierka, 2008) and climate changgophie et al., 2011)'he value of LULC data increases if
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historical data is available since it allows for following the LULC evolution over {@Gacia
Alvarez & Camacho Olmedo, 2017; Verburg et al., 2011)

Land Change Science, also known as Land Use Science or Land System @didiere&

Munroe, 2014)is a specialized subject that has emerged as a result of the significande®f LU
changeanvestigationgGutman et al., 2004Y o address theory, concepts, models, and applications
pertinent to environmental and societal problems, including the intersection of the two, this is
described as a "transdisciplinary fie[durner et al., 2007)t "seeks to understand the dynamics

of land cover and land use as a coupled huemsironment system.” One of its defining
characteristics is the integrative integration of natural and social scigticeuss et al., 2004)

It is the responsibility of land change scientists to keep track of LULC change, comprehend it, and
model itfor the future in order to gather knowledge and data that may be helpful for policymaking.
The larger field of study on Global Environmental Change, which includes Land Change, calls for
historical series of LULC datgTurner et al., 2007)Because of this, the field of land change
science has developed concurrently with the expansion of remote sensing research and the
introduction of the first time series of Earth observation data. The significanceLd® thiange

and Land Change Science has been emphasized by numerous international programs and
organizationgLongley, 2010) The International GeospheBtosphere Initiative (IGBP) and the
International Human Dimensions Programme (IHDP) jointly supported theCldéhangejoint
initiative where this science first took root. The United States Global Change Research Program
(USGCRP), the Global Land Project, the Group on Earth Observations (GEO), and other programs
have also underlined the value of LO changeinvestigationgGutman et al., 2012)Some of

these programs place L\ changeat the center of their operations and are especially focused on

it as a field of expertise. These include the Global Observation of Forest and Land Cover Dynamics
(GOFGGOLD) initiative and the NASAun Land Cover and Land Use Change (LCLUC)
program(Gutman et al., 2012)

2.2 Land Use and Land Cover(LULC) Change Modeling

As mentioned before, the goal of land change science is to model LULC changes for the

foreseeable future in addition to analyzing and interpreting current LULC changes. After gaining
an understanding of what has changed, where it has changed, why itangeclidrivers or

causes), how it has changed, and what the effects are, we can move on to try to comprehend how
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various change trends may impact humatural ecosystems. This is very helpful when
establishing policies. We can comprehend what the future might look like and what we can do to
implement the policy goals we are pursuing by examining various changeiss¢@amacho
Olmedo et al., 2018; Soarédho et al., 2006)

Understanding the LULC dynamics at play within a specific Earth system and modeling their
future evolution are the goals of land use and land cover change modeling (LUE&adelow

& Camacho, 2008; Verburg et al., 2004 comprehend these dynamics, it is necessary to
examine historical system changes and the mechanisms that led t(Bébontin, 2014) We

can understand the causes of the changes that are occurring by carefully examining these processes
(Burgi et al., 2005; Kolb et al., 2013WWe can comprehend this information and put it into
modeling language after we understand what changes are happening and why. Models enable us
to experiment with the system we are researching in order to forecast how various policies would
affect LULC andthe potential changes they may bring abMa&n Delden et al., 2011Models

assist us in comprehending how these modifications might vary in the future under various
socioeconomic circumstancesntoni et al., 2018) At a more basic level, LLIC changemodels

allow us to carefully examine and investigate these systems in order to gain a deeper knowledge
of them(Hewitt et al., 2014)

The foundation upon which all processes are conceptualized, LULC maps serve as the primary

be modeled by outlining the LULC categories into which the landscape is divided and defining the
model's spatial granularity. They are frequently consulted for researching historical LULC changes
(Burnicki et al., 2010; Van Vliet et al., 201&s well as when validating LWLC changemodels.

LULC changamodels come in a wide variepfdvancing Land Change Modelin2014) We can

roughly distinguish between process and patbased LULC changemodels even though there

isn't a single, universally recognized classificat{Bnown et al., 2013)The latterassumeshat

each pattern is a result of a particular process and that changes in the landscape pattern are a result
of the processes and dynamics occuriihg~. Mas et al., 2014)These models represent the

pattern and its modifications. As a result, they rely significantly on the time series of LUC maps
and the changes they reveal. Instead of simulating the pattern, pbasessmodels simulate the

processesccurringl O6 Sul | i v a n.PfceBdgased modelsZdme B a variety of forms,

14



the system being modeled as well as their interactions. These factors are responsible for both the
changes in the layout of the landscape and the processes occurring on tiide Asomost of the
parameters employed in procésssed models are inferred from other sources, LULC maps do not
play the same crucial role in these models as they do in patised models, despite their
importancgJ-F. Mas et al., 2014)

The scope of analysis, the models' stochastic or deterministic character, the kinds of scenarios they
can generate, and the methodologies and methods they employ can all be used to catdgorize LU
changemodels. For instance, some mod@ang et al., 201ihclude Markov chains to calculate

the magnitude of simulated change in the future. These are typically determined by comparing
changes between two LUC maps that occurred in thg pdstMas et al., 2014; Sinha & Kumar,

2013) which emphasizes the significance of LUC data in the modeling process. Although different
phasebased structures have also been proposed, modeling studies typically involve four primary
phases: calibration, simulation, validation, and the proposal nAsog(Camacho Olmedo et al.,

2018) Researchers distinguish between the calibration and validation phases in almost all
instancegR. G. Pontius et al., 2004; Van Vliet et al., 208pwever, other research ignores the
validation phase, opting instead to only investigate the model system and its behavior. The setup
and parametrization of the model are referred to as calibr@ioGlarke, 2004; J. F. Mas et al.,

2018) The users decide on the study's goals, the data to be used, and the model to employ. The
model is then parametrized in accordance with their comprehension of the simulated system. The
model is modified to produce the best outcomes when the initial §iadire acquire(Van Vliet

et al., 2016) A simulation that has been produced using a completely calibrated model must be
validated by comparing it to reference data that was not used earlier in the modeling process
(Paegelow & Camacho, 2008; G. R. Pontius & Malanson, 20D&ljbration procedures and
methods are comparable to, if not identical to, those employed in the validationpHasklas

et al., 2018)To create a model that accurately simulates the system under study, the results from
the model's calibration phase are compared with referencg\dataVliet et al., 2016)After
calibration, the model is evaluated using unrelated data sq@GcBs Pontius & Malanson, 2005;

Van Delden et al., 2011As a result, validation ensures that there is a good match over time and

not just for the date of the reference map, unlike calibration, which fits the model to the reference

15



data. This guarantees that the processes that account for the changes in the system under study

were accurately simulaté@arciaAlvarez et al., 2022)

2.3 LULC ChangeModeling Procedures

LULC changemodeling techniques have advanced significantly with the development ef data

collectingmethods (such as satellite imaging, citizen scidraseed approaches, and -bligta
platforms) and computationpbwer. Calibration, simulation, validation, and prediction are the

four main stages of LLUC changemodeling, similar to other modeling approacfiesG. Pontius

& Schneider, 2001)The vital premodeling stage is data gathering. Satellite imaging, land
surveys, and various online resources (such as the census) can all be used to gather data. The
gathered information is then used to create the LULC maps by applying picture @tesific
methods. Additionally, the data for various explanatory factors contribidtitite variations in

LULC are collected as well. The explanatory variables, which includghysical, proximity,
demographic, socioeconomic, economic, and institutiomeas, are the causes of LULC change.

The relative importance of the explanatory variables varies by region, although the demographic

factors (such as population growth) are the main drivers of LULC chéiighlset al., 2013)

In order to determine the amount of change needed to parameterize the model, the initial stage of
LULC models (i.e., model calibration) uses previous LULC data from various time intervals
together with explanatory factofd-F. Mas et al., 2014)Based on the potential explanatory
variables, the simulation phase creates transition probability maps (TIRM€). Pontius &
Schneider, 2001)TPMs, also known as suitability or propensity maps, are used to identify
potential locations that may see future LULC changes. Estimating the model's accuracy in
forecasting the LULC changes is the third phase, known as model validation. In ordeet@ achi

this objective, LULC prediction is carried out for a certain time step for which measured LULC
data was also available, and the model's accuracy is determined by comparing the projected LULC
with the measured LULC datas€@Gaur et al., 2020)The final stage of LUC changemodeling

is making predictions about future LULC using a model that has been properly calibrated and
validated. The fact that LLIC changemodeling can only reliably forecast LULC changes for a
limited period of time, ranging from two to three decades, is a major drawBack & Singh,

2023) Their reliance on previous patterns of change to forecast future LULC, which can only

provide accurate predictions for a few periods, is the cause of this congaimtet al., 2021a)
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The LULC variations are influenced by a wide range of explanatory factors, including biophysical,
proximity, socioeconomic, and economic variabl@aur & Singh, 2023) The current
environmental conditions for LULC change, along with a variety of biotic and abiotic parameters
(such as soll, terrain, climate, and vegetation) are included in thghpgical variable¢Gaur et

al., 2022) Since the proximity variables are based on the concept of distance, places that are closer
to the current LULC class have a higher propensity to transition to the other LULC class. Roads,
city centers, and rail networks are some of the proximity vasg@laur et al., 2021apPistance

to the city center, retail establishments, and educational institutions constit@editienal
proximity component related to urban planning and administration. Demographics, literacy levels,
urbanization, industrialization, and regional gross domestic product (GDP) are socioeconomic

determinants.

A crucial phase in the validation of ILC changemodels is accuracy estimation. To assure the
model's reliability, it is also advised to apply a variety of performance measures. Even though
some researchers criticized its use in remote sensing applications, the most used evaluation
measure for LULC pradtion is the Kappanatrix (R. G. Pontius & Millones, 2011An additional
significant quantitative matrix used to validate all@ changemodel is relative operating
characteristics. Additionally, Gaur et @Baur et al., 202(@ssessed the performance of the.I0J
changamodel using the ckéquare goodness of fit test. The specifics of several categories.&f LU

changemodels are covered in the following subsection.

2.4 Categories of Land Use and Land CovefLULC) Change Models

2.4.1 EconomicModels

Economic simulations represent the shift in LULC as a market pr{s&ss et al., 2018)Sector

based and geographically disaggregated economic models are two popular forms of economic
models that are distinct from one another in terms of gdaeg & Feng, 2020)In order to

simulate decisions on a more aggregated size, the dmded models concentrate on the
economic sector in its structural shape. Econometric models explicitly show demand and supply
as contributors to market equilibria and treat land aseal finput of production. The choice is
simulated at a lower scale (for example, the field and neighborhood levels) using spatially
disaggregated models. These models help to increase the credibility of the economic processes that
result in LULC changefRen et al., 2019)T'he models, however, also requaresumptions about
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the organization of the market, the nature of functional forms, and the internal structure of the

economy.

2.4.2 Agent-Based Models (ABMSs)

ABMs consist of mlti-agent systems and their interactiamsimodel the intricate LULC change
processefCalvin et al., 2022Different stakeholders suchwasrkers, landowners, policymakers,
practitioners,and expertswho decide on LULC changes and processes are inclnddtbse
modelsas agentgLambin & Geist, 2008)ABMs consider social interactions, adaptability, and
development on numerous levels while integrating human judgments for LULC dltavages et

al., 2011) ABMs can explain the model's structure and functionality to stakeholders and make it
easier to incorporate expert elicitation. These models fall short in terms of generalization though.
ABMs are made up of autonomous decisioaking units, an environmeit which agents can
interact, and the rules that govern how agents and their surroundings interact. An agent may
represent a landowner in a LG changemodel who integrates personal knowledge and values,
knowledge of various driving factors (such as clienaind topography), and evaluation of
neighbors' landnanagement preferences (the spatial social environment) to determineuadand
decision(Parker et al., 2003)

2.4.3 Statistical Models

By creating a mathematical relationship between the explanatory variables and LULC patterns,
statistical models can forecast LULC chan@®srneels et al., 2001Jo create the TPMs, the
existing relationship is further utilized. Regresshmased models, such as logistic regression and
linear regression, as well as stochastic models, such as Markov chains, are frequently employed in
statistical analyses to estimahe magnitude and patterns of LULC changes. These models are
frequently integrated with other models, such as genetic algorithms or cellular aufbhes=.
models' primary advantages are their simplicity of use and generalizabilgy, however, fall

short in situations where it is necessary to explicitly depict hemaged decisiomaking.
Processhased mode]sn such situationgerform better than statistical modedatisticaimodels

mainly simulate the temporal analysis of chaagédlag behind the spatial analysis of changes
(Jokar Arsanjani et al., 2013)
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2.4.4 Time Series Modeling for LULC Change

Another technique that is still in the development stage with the growth ofsrtiervational

data is the time series modeling of LULC changes. To forecast the LULC class labels of unlabeled
time-series remote sensing images, it uses numerous labeleddras images for trainingyan

et al., 2019) The three types of remote sensbapged LULC monitoring systems include post
classification, preclassification, and hybrid strategi@dba & Seto, 2020Y he postclassification
approach compares the classified LULC maps with various time stamps, and the overall accuracy
is calculated as the sum of the accuracy of each individual(®@alditz et al., 2012)As the
satellite imagery repository expanded over time, theclassification approach emerged as a
feasible alternative that can avoid the pdassification technique's error accumulation problem
(Coppin et al., 2004; Zhu, 201 7he timeseries analysis of vegetation indices is used to ascertain
the LULC changes in the prassification technique. Additionally, hybrid solutions combine
many methods to enhance LULC monitoriguc¢h asthe continuous change detection and
classification algorithmjZhu & Woodcock, 2014)The identification of worldwide forest change

has been successfully accomplished via LULC tg@ees monitoringXu et al., 2022)

2.4.5 Machine Learning (ML) Models

For LULC projections, models like CA have traditionally been employed extensively. However,
machine learning (ML) methods like neural networks (NNs) are acknowledged as the most potent
tools to address novel difficulties at various scales in remote sef¥amgashita & Hoshino,

2018) These models uncover the relationship between the explanatory factors and the historical
LULC patterns(Jokar Arsanjani et al., 2013yhe model can be extrapolated for testing periods
using a wehtrained mode. To predict the LI change ML models like the multilaygoerceptron

(MLP) and genetic algorithm (GA) are frequently utilizedaddition, deep learning (DL) models

have lately gained popularity in ILLC changemodeling. The incorporation of additional layers to
NNs results in DL modelgTalukdar et al., 2020)Additionally, DL models, such as self
organizing maps (SOMs) and convolutional neural networks (CNN), have also become cutting
edge methods for LULC classification€NNs are DL neural networks that were created
specifically for processing images. These networks are capable of extractingreléi/@nt low

level features with a higirequency spectrum, such as the angles, edges, and outlines of the
objects. The modehputs are assembled in the input layer. When extracting features from the input

image, tle convolutional layers weight the inputs till the residual margin error of the NN is as
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small as possible. In order to infer the most crucial features from the input data for the output
classifiers, we use convolutional layers. CNN trains its models using the backpropagation
technique. The final step is to classify the pixels in input pheids traits like dense woods,
agricultural lands, anduilt-up areasBecause SOM neural networks use competitive learning for
unsupervised clustering and visualization through eroorection learningWang et al., 2022)

they are regarded as an effective method of LULC classification with regard to dimensionality
reduction.A hybrid modeling approach that combined multilayer perceptron, cellular automata,
and Markov models was developleyl Gaur et al(Gaur et al., 2020Extreme gradient boosting
(XGBoost), a power ML technique, has recently been used ftwQ_predictiongKalteh et al.,

2008) outperforming the other integrated modeling approaches,-8NNind LRCA. Since ML
models are datdriven, they effectively concentrate on encoding and extrapolating the patterns of
LULC development. However, they fall short when it comes to simulatingah decisiormaking

or assessing the impact of policigzarker et al., 2003 ABMs have grown in prominence as a
way to include human decisianaking in LULC procedures during the past few decades
(Rounsevell et al., 2014)

2.4.6 Cellular Automata (CA) Models

To examine the spatial dynamics of change, CA models make use of specific transition rules,
neighborhood effects, and subjecatter expertisNRC, 2014; Serneels et al., 200Pjxels,

cells, and parcels are the discretization units used for spatial data. Instead of using TPMs to
estimate the geographical analysis of change, CA models provide suitability(braes al.,

2011) These models simulate LULC changes by allocating resources based on past trends,
suitability of change, and neighborhood interactionorder to simulate the LULC changes, CA
models employ tojplown andor bottomup strategies. When observations are available for the
entire region of interest, the quantity of LULC changes is determisieda topdownapproach.
Bottomup approaches, on the other hardistribute the LULC change at the particular
geographical unit. These models' main benefit is thatahegimple to use in the decisioraking
process. Although there are lags in the temporal dynamic of change, these models may effectively
imitate the spatial analysis of chandggecause of their extensive use in simulating urban
development, a detailed analysis of cellular automata is presented in the following section. By
understanding its background and development, different gapdhban identified and potential

solutions are proposed.
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2.5 Cellular Automata

2.5.1 Definition of Cellular Automata (CA)

Since the early 1950s, cellular automata (CA) have been utilized as a foundation-fzasgad
computations as well as a tooldiscreetlydescribe a wide range of physical systems. A grid of

cells that changes over time depending on the values of its neighbors is a cellular automaton. The
Game of Life, a welknown cellular automaton created by John Conway in 1970, is an illustration

of celular automata. In the Game of Life, if two or three of its eight neighbors are living, a cell
that is "alive" (or las a value of 1) will remain alive in the following iteration. In addition, a dead

cell turns alive if precisely three of its neighbors are alive. The creation of systems that operate as
turning machines and are thus capable of universal computation has been demonstrated using just

these two rules.

Cellular automata are a common choice for representing natural processes because of their
simplicity (Z. Shi et al., 2017)Each cell in the automata functions independently from everything

else, with the exception of its close neighbors, when applying the rules of a CA. The intriguing
aspect of CA is that, although being constrained by these local laws, they can dismaieintr
macroscopic behavior when seen as a whole. Since most physical systems can be modeled as sets
of local partial differential equations, this is helpful for modeling purposes. Systems can be
modeled by CA if they can be reduced to rules that operad#iyfan a single dimension. Lattice

gas cellular automata for simulating fluid flows and stochastic cellular automata for processes like

urban expansion over time are two examples of cellular automata that are used for modeling.

2.5.2 Background and Development

Due to their simplicity, versatility, and intuitiveness, ®Ased models have been widely used
(Santé et al., 2010The earliest attempt at geography was considered to be the actual application
of CA-based models in DetrgBatty, 1997; Tobler, 1970yhich dates back to the early days of
computer science and fractal the@fyolfram, 1984) In CA-based models, the neighborhood rules
and transition rules are regarded as two essential elef¥erniset al., 2011; Santé et al., 2010)
Their sensitivity to model performance has been the subject of numerous ¢Kambabas &
Dragicevic, 2006; X. Li et al., 2014)i and Gong(X. Li & Gong, 2016)evaluated research on
CA-based urban modelBigure 2.1 does not include all models but shows the most important in
the evolution of typical CA models.
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These models are split into two primary categories:-lpalged models and probabitityased
models. The implementation of this taxonomic system takes into account the partial replacement
of the explicit transition rules (“fhen”) in the initial CAbasedmodels with synthesized
probabilities. Six new branch&sonstrained CA, integrated CA, Al (artificial intelligenggf,
ABMCA, SLEUTH, and fuzzy CA are generated from these two fundamental groups. The
construction of the modeling framework or key elemeaft<CA-based models served as the

foundation for this categorization scheme.

2.5.2.1Rule-Based CA Models

SLEUTH, which has been widely used in numerous cities worldwide, is an example of explicit
rule-based urban Chased modelK. C. Clarke et al., 1997; Santé et al., 2000)e model has

five factors that govern the transition rules and correlate to the four different forms of urban growth
patterns: spontaneous, diffusion, organic, and road influenced. These parameters include diffusion,
breed, spread, slope resistance, aadl igravity. Due to its opesource nature and ability to adapt

N
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to local conditions, the SLEUTH model has been widely used throughout the world. Urban growth

is seen by the fuzzy CA as a continuous process that occurs both in space givd Llime

Phinn, 2003) The dynamic urban evolution model (DUEM) represents an urban system as a life
system, in which the spatial restrictions (i.e., neighborhood, field, and global) and developmental
stages of urban development (i.e., initial, mature, and declining) ar@edrasing hierarchical
rules(Batty et al., 1999)The ABM-CA is a different sort of model in the rdb@sed CA family

where adjustment is possible, and the definitions of actions or decisions of agents can be read as
explicit rules. It is worth notingthat recent years have seen substantial research into the
combination of ABM with CA, like GeoAutomatkigtenberg et al., 2004; Y. Liu et al., 2013)

2.5.2.2ProbabilityBased CA Models

The constrained CA is representative of the probaHdised CA model, in which the cell
conversion is primarily determined by a conjunction of different components as a synthesized
probability (White & Engelen, 1993; F. Wu, 2002)rban growth restrictions can take on a variety

of shapes depending on the model, such as growth kinds, development intensities, or dynamic
restrictions in both time and space (such as shifting denf@fidde et al., 1997; Yeh & Li, 1998)
Considerations like proximity (e.g., to centers or transportation networks), natural conditions (e.g.,
protected area or availability for conversion), or terrain (e.g., height or slope) are used to determine
the suitability surface. Different methods danused to investigate the connection between urban
growth and related elements. There are two linear approaches that are frequently used: logistic
regression and multriteria estimation (MCE(F. Wu, 1998, 2002)

The transition rules for ACA are based on data mining, artificial intelligence, or nonlinear
parameter optimization. The weights derived from logistic regression were optimized by Li et al.
(X. Li et al., 2008)using a genetic algorithm. Compared to traditional statistical methods, data
mining methods such as neural netwdRganowski et al., 2002)ecision treeéX. Li & Gar-On

Yeh, 2004) swarm intelligencéX. Liu, Li, Shi, et al., 2008)artificial immune or kernebased
approach(X. Liu et al., 2010)can perform better. They do not, however, provide a causal

connection and operate in a black box.

An additional branch of CA is known as integrat@8, which combines CAased models with

an exogenous model to calculate the urban demand over time. In a Dongguan, China, sustainable
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development scenario, Yeh and(ieh & Li, 1998)used the Tietenberg model to predict changes

in urban land use. The soeg@onomic model and environmental model were combined with CA
and applied to the Caribbean islands by Engelen éEagelen et al., 1995ther comparable
models include the Markov model, the system dynamic model, and the population growth model
employing an empirical approa¢. He et al., 2005, 2013Yhe majority of models that are
associated with CA are anticipated to offer adogvn constraint on urban demand that is based

on thenumberof conversion cells inside a predetermined time frame.

2.5.3 Cellular Automata for Urban DevelopmentSimulation i Research Gaps

A CA model mayefficiently simulate nodinear spatially stochastic ULC changeprocesses and
produce rich patterns despite being quite siniBlaty et al., 1997)The use of CA models in

urban development studies has been reported in an expanding body of research over the past two
decadegK. C. Clarke et al., 1997; X. Li et al., 2011; X. Li & Yeh, 2000, 2002; White et al., 1997;

F. Wu, 1999)Urban CA models can effectively simulate the spatiotemporal complexity of urban
systems by properly defining the transition ruf¢sChen et al., 2012; X. Li et al., 2013; X. Liu

et al., 2010, 2014, 2017; X. Liu, Li, Shi, et al., 2008, 20Q&her studiegGustafson et al., 2000;

Kok & Winograd, 2002have concentrated on mimicking deforestation under the influence of
natural hazards or human activity. However, most of these models can only replicate the dynamics
of a single land use, even though manyLIGthangeprocesses frequently occur simultaneously

and interact with one another. Therefore, it is considerably more effective to predict realistic future
land use patterns using severalll@changemodels. The interaction and competition among
various land uses make running severalLOUchangesimulatons within a single CA model
challenging, eventually resulting in very complex definitions of the transition rules. It is not well
understood how the various land use forms interact and compete with one another. The majority
of recent research, such as &N-CA (X. Li & Yeh, 2002)and CLUES series modeld/erburg

et al., 2002; Verburg & Overmars, 200@nly evaluate the probabilities of various land use
patterns independently and give the land grid the most significant value. Furthermore, these models

do not adequately address how climate change will affecttlnng land use trends.

Ecological degradation (hydrological variation, soil erosion, etc.) and climate change (global
warming, extreme weather events, etc.) have-teng effects that change the dynamics of the
natural landscap@akker et al., 2005; Geist & Lambin, 2004; Lambin et al., 2003; X. Li et al.,
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2017; Okin et al., 2001pifferent humardominated landise decisions, such as the redistribution

and transformation of cultivated land, grassland, and pastureland, are influenced by temperature
fluctuation, freshwater availability, and soil qual@yolf et al., 2003) Through air pollution,
resource shortages, food risk, etc., these interactions and feedback within LiBechBhge
environmental system will eventually significantly affect human wellbeing andteongsocietal
sustainability(H. S. Hansen, 2010; Hay & Mimura, 2008)he need for quantitative data on
regional and global LUC changse and their future changes, both spatially and temporally, has
grown as a result of problems like land degraddiitenKoning et al., 1999piodiversity(Chapin

[l et al., 2000; Sala et al., 20Q@nd global climate chang&angen, 1999)~or climate change
adaptation and preserving a healthy landscape, it is crucial to investigate both_tBs bdtural

environmental effects and anthropogenic influeriged.iu et al., 2017)

The fact that CA models anmgherentlybottomup models that define the system evolution from a
local perspective presents another difficulty for many.Odhangesimulations. The standard CA
models, however, are unable to adequately capture the influences of background climate, political
planning, and macrscale demands on various lanse patterns. Sohgt al. (Sohl et al., 2007)

and Xiang & ClarkgXiang & Clarke, 2003jargue that in order to address these planning and
development factors, tegpown models must be introduced. In doing so, the demands for various
use types can be determined from a maoale perspective and viewed as scenarios representing
future developmet pathways. The lardse change amounts can be determined logically through
this linkage. The CA model then iterates and distributes theseaisancdhange quantities following

the local transition criteria. In order to more accurately simulate the dgsaifthe LU C change
several researchers have proposed models to integratdowop quantitative estimation
techniques, such as historical trend extrapolation, complex -sagtor modelgVerburg &
Overmars, 2009)Forrester model@Berling-Wolff & Wu, 2004), and system dynamic¢€. He et

al., 2005; Huang et al., 2014Yhese toglown approaches are intended to consider the
requirements, planning, and advancements of specific-daadtypes from a macsrale
perspective to ascertain the quantities of dasd change. The CA model then distributes these
land-use changeguantities based on grid cédlvel interactions and local evolutions of various
land-use types. These integrated CA models include the SLEUTH rfidie&tel & Clarke, 2007)

LTM (Pijanowski et al., 2006)FFORESCE(Sohl et al., 2007)and CLUES (Verburg et al., 2002)
Even though the bottomp and topdown models were constructed using different underlying
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assumptions, issues still arise since these coupled models directly link twaodels via the
land-use demands at the end of the study period. The separation of the macro satemasel
predictions and the local change allocations results from disregarding the interactions and feedback
loops between the botteop and topdown models.

Few studies have taken into account the prevailing climate conditions, although many of these
models have addressed socioeconomic and geographic condition elements. There is general
agreement among much earlier rese@Betkker et al., 2005; Wolf et al., 200Bjt climate factors

(such as temperature rises and precipitation fluctuations) have significant effects on particular
LULC changs, such as forests, farms, and pastureland. Due to the considerable effects of climate
change on the LUC changedynamics, these models are unsuitable for futuré Cldhange
simulations under scenarios that consider human climate change. As a result, they cannot
accurately predict future land use patterns. The assumptions used to constdmt/iopnd
bottomup models are oftedifferent. The landuse demands after the research period often
combine two sulmodels in current simulation models. Still, they seldom take into account their
interactions and feedback, which results in the separation of the macro land use demarzhproject
and the local change allocation.

Liang et al(Liang et al., 2021nvestigated the urban dynamics in Wuhan, China by integrating a
land expansion analysis technique and a CA model based ortypeltandom patch seeds. Since
the proposed model usdterandom forest classification (RFC) technique, they were able to also
understand the drivers of land expansidmar findings demonstrate that the suggested model can
assist decisiomakers with regulating future land use dynamics and achieving more sustainable
land use patterns for developmedrdtwever, in order to achie similar results in different areas,
expert knowledge is needed to calibrate the model, especiallymiiéple scenarios were being
simulated. The number of inputs increases exponentially with the amount of driving factors

included.

2.5.4 Conclusion

The present numerous IL\@ changesimulation models have some drawbacks despite the
significant advances maddany studies project future land use based on historical trends without
taking into account the effect of socioeconomic elements and climate chrfesignificantly
impact the dynamics of loagrms land use. Most of the multipl&/LC changemodels train and
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estimate each landse type's conversion probability separately, dividing the variousused

types. These models do not explore competition and interactions. The divergence between the
macro land use demand prediction and the local change allocation is caused by tflaettrird
interactions and feedback between-ttgavn and bottorup models are often not coupled. An
integrated model is needed to overcome these drawbacks is needed. This model should achieve the

following:

Integrate topdown and bottorup approaches through interaction and feedback loops;
Simulate multiple landise types simultaneously using competition techniques;

Provide insights on the influence of various driving factors on land use and land cover
(LULC) change;

1 Be easy to use in multiple areas without expert knowledge in the field or the area of study
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3 METHODOLOGY

3.1 Foreword

This chapter builds on the conclusions of the literature review. It aims at developing a framework

to overcome othemo d edrawhiacks sincexssting cellular automata (CA) modelsave been
investigated usinghe bottomup approach tdand useinteractions anchave not adequately
addressethe underlying forces that guide them. Ttimpterintegratesa Patchgenerating Land

Use Simulation PLUS) and Markov Chaimodeb to simulate the future spatial pattevhland

useunder various development scenaribBe modelcombines multiple types of random patch

seeds CA model with a land expansion analysis strategy to examine the dynamics of the landscape
as well as the factors that led to land growtsing Montreal Island as a case studygdemonstrate

that the simulation accuracy was satisfactory, with a Kappa coefficient of 0.963 and an overall
accuracy of 0.97&hen comparing the predictions to ke historical dataA preferential spatial
development trend modeltisenrevealed by the simulation resuits each land area under various
scenarios following the shared socioeconomic pathW@gss)in 2028. SSP1 showed a patch
increase in the green spaces along the island in contrast to SSP3, SSP4, and SSP5, which showed
arapid decrease in green spaces and an increase in the residential, commercial, and industrial areas.
SSP2 showed the continuatiof the historical trend with only a 9% change from 2020, which is

the same percentage identified for the change from 2012 to 2020. The results of trésenaltio
simulation and ecological, environmental effect study can be used as a referencedoefiional

territorial spatial planning and policy formulation. Tiheegration of thd?LUSand Markov Chain

modek is shown to be quite applicakltiethe projection and assessment of urppatialland use

patterrs.
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3.2 Introduction

Human activities and the natural environment
its exploitation. By promoting energy recycling and material exchange on the land surface since

the industrial era, land use and co{ldd L C) change has played a significant role in regional and

global climate changéoley et al., 2005)In addition to accelerating global warming through
increased greenhouse gas emissions, humanved LULC changs like forest overexploitation,
agricultural intensification, and urbanization also widely contribute to irreversible biological
diversity losses worldwidéMatson et al., 1997; Tilman et al., 2001; Vitousek et al., 199ince

more than half of the worl dés population resi
roughly 70% by 2050, rapid urban expansion and socioeconomic development have exacerbated
the tension in humaanvironment interactiond/itousek et al., 1997; Yao et al., 2017)

In order to analyze the causes and effects of potential future landscape dynamics in relation to
socioeconomic and environmental driving forces, spétialporal LULC changesimulations are

a useful and repeatable techniq@®stanza & Ruth, 1998; Verburg et al., 200@)e complex
structure of links and feedback loops can be solved using these simulations in order to estimate
future landusetrajectories and suppdtiture landuse policy decisiondieistermann et al., 2006;

Kline et al., 2007; Schulp et al., 2008y predicting the state of a pixel based on its initial state,

the influences of its immediate surroundings, and a set of transition rules, cellular automata (CA)
is frequently used to model the LQ changespatial evolution. A CA model may efficiently
simulate norlinear spatially stochastic LLUC changeprocesses and produce rich patterns despite
being quite simplgBatty et al., 1997) CA models in urban development studies have been
reported in an expanding body of research over the past two dedadescell states to represent

land uses and transition rules to express the likelihood of change, Whit@/¢higé. et al., 1997)
developed a model to simulate the larsg pattern il€incinnati, Ohio A sensitivity analysis was
conducted, and the findings showed that the results were relatively accurate and reproducible.
Clarke and Hoppe(K. C. Clarke et al., 199'@eveloped a CA simulation model to study the urban
growth in the San Francisco Bay area. The model used Monte Carlo m@ftedatgoolis & Ulam,
2023)for the accumulation of probabilistic estimates to understand the impact of the climate on
the study arealNu (F. Wu, 1999)argued that the use of geographical information systems (GIS)

as a platform for nofinear modeling, such as cellular automata, cayen a way for additional
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micro-spatial data and dynamics with deeper behavioral information tmdogporated into
comprehending spadgane systemsConsequentlylLi and Yeh(X. Li & Yeh, 2000)integrated
constrained cellular automata with GIS to aid the process of sustainable development through the
search of better urban forms. The model used a power transformation function and therefore is
easily controlled by certain parameters. Howeversehmodel$ also known as conventional CA
modelsi have problems in defining model structures, transition rules and parameters values
because of the various spatial values that needs to be taken into account. Therefore, Li and Yeh
(X. Li & Yeh, 2002)developed a neuraletworkbased cellular automata to capture the conversion
probabilities of the competing lange types. On the other hand, GeoS®SLi et al., 2011)
integrated cellular automata (CA), swarm intelligence models (SIMs), and-lzaged models
(ABMs) to simulate the reciprocal relationshipbetween spatial optimizatiomnd urban
simulation Nevertheless, these models do not give insights on the reasons of land use change and

function as a blackbox.

Urban CA models can effectively simulate the spatiotemporal complexity of urban systems by
adequately defining the transition rul@s Chen et al., 2012; X. Liu et al., 2010, 2014, 2017)
Therefore, Liu et al(X. Liu, Li, Liu, et al., 2008used ant colony optimization (ACO), which is a
bottomup approach, to discover transition rules in cellular automata (CA). In addaidimdt
transition rules concealed largedatasets, a discretization method for continuous spatial variables
was usedKernalbased learning is another method to capture thdinear transition rules in CA

(X. Liu, Li, Shi, et al., 2008)The kernelbased approach converts complex-inaar problems

into straightforward linear problems by mapping the original data vectors to an implicit high
dimensional feature spack.genetic algorithm based on landscape metrics was also proposed as
a way of calibrating CA modelgX. Li et al., 2013) By integrating landscape division, patch
metric, and percentage of the landscape into the fitness function, the CA model based on the
genetic algorithm yielded better performance than the logistidHo®vever, most of these models

can only replicate the dynamics of single land use, even though mang thhngeprocesses
frequently ceoccur and interacAdditionally, they simulated landse evolution based on bottem

up approaches only, without taking into account the effects aefdom rules such as ddepment

plans and demand.
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Therefore, predicting realistic future land use patterns using sevetaC lddangemodels is
considerably more effectivélowever, he interaction and competition among various land uses
make running several ULC changesimulations within a single CA model challenging, eventually
resulting in very complex definitions of the transition ruldeanwhile, t is not well understood
how the various land use forms interact and compete with one another. The majority of recent
research, such as thtificial Neura Networks ANN)-CA (X. Li & Yeh, 2002) and the
Conversion of Land Use and its Effects at Small regional e(@dME-S) series modeléVerburg

et al.,, 2002; Verburg & Overmars, 2009nly evaluatd the probabilities of various land use
patterns independently an@vg the land grid the most significant valge Furthermore, these
models do not adequately addrassv different socioeconomic scenaribsvhich climate change
relies oni will affect longterm land use trend&mbarwulanet al. (Ambarwulan et al., 2023)
usedaland change modeler (LCM) under the midirer perception Markov chain (MEMC) to
predict the futuréand use and land coverl{LC) under the scenarios biisiness as usual (BAU),
protecting paddy fields (PPF), and protecting forest areas (PF&g Cisadane Watershel
addition, Han et a[Han et al., 20159ombineda CLUES model with a Markov model to simulate
future landuse under different scenarjeghich include natural development, rapid development,
ecological protectiorand cultivated land protectioAlthough these models allow mu#tcenario
simulation by the integration of tegpwn approaches, they fail to explain which variables drive
the change of the different lane typesThe patchgenerating land use simulatidRLUS)
model combines hand ExpansionAnalysisStrategy (LEAS) rulemining framework with a CA
model based on multype Random patctseeds (CARS)providingmore scientific insights into
LULC than previous methodg&iang et al., 2021)While retaining the ability to support multi
type andcomplex land use change, the LEAS streamlihedand use change analygisigure
3.1). The PLUS model also integrates the-tlgwn approactenforcedby policy-making and
projection scenarios with the bottemp approachllustrated bythe interaction between the

different grid cells on a micrtevelin the CA model
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Figure3.1: The framework of the PLUS model.

However, in order teimulate land use changes using the PLUS model, different input values, such
as the transition matrix, that drive the #gwn approach are required. The number of input values
exponentlly increases with the number of landise types, driving factors, and scenatiost

require high expertise in the field to be identified. Therefore, in order to find a reasonable allocation
method fordand spatial utilization planning and simulate future fasd patterns without special
expertise to identify input valugthe PLUS and Markov Chain models were integrated in this
study. Montreal Island in Canada was used as a validation case, and through the integrated model,

we were able¢o identify the effects of different driving factors on land uselandcover change
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from 2012 to 2020. The model was also useartgectthe futurechange in land use from 2020 to
2028 under different Shared Socioeconomic Pathways (SSPs) scefdres® scenarios
constitutea set of alternative futures of societal developm@ihie establishment of global
pathways capturing the future evolution of important societal variables is required by the
conceptual framework for the design and application of SSPs. These pathways would jointly

suggesseveralssues for mitigating and adapting tonthte chang¢ O6 Nei I I .et al ., 2

The rest of the paper is organized as follows. Section 2 (Methodology) explains the calibration
process and different model s6 integration. Sei
data sources. Results and Analysis are described in SéctiBallowed by Conclusions and

Recommendations in Section 5.

3.3 Methodology

3.3.1 Markov Chain Model

Markov chain analysis, a mathematical framework, examines and describes how a system behaves
as it changes over tim@®. Lu & Weng, 2007) Specifically, it is frequently utilized to study
changes i n aFigure32tsleowsdasschentat diagsam for a Markov Chain model,
which has three landse types. Each type is connected through arrows to itself and the others, and

O

Figure3.2 Markov Chain Schematic Diagram

each arrow holds a probability value.
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Markov Chain is used in this study to examine the dynamics of land use change over time to
understand thprobability of one land use turning into anothEmne resulting probabilities are then

usa in the topdown approach in the PLUS mod&hus, atransition matrix that describes the
likelihood of various types of land use changes by looking at past patterns of land use change and
modeling the probabilities of different types of land use transitions is created.

For this researcha Python scriptvas developed by the authdoscompute the average land use
transition matrix for the land use maps provided. After loading the land use data, the transition
matrix was computed by updating the matrix for each pixel based on the values of two consecutive
years. The overall transitiomatrix was obtained by averaging the transition matrices for all the
maps. The resulting matrix provides insights into the spatial dynamics of land use change over

time.

3.3.2 PLUS Model Configuration and ParameterSettings

Liang et al.(Liang et al., 2021g&nhanced the PLUS modading a standard that conformed with
cellular automata. In order to dynamically simulate the genesis and evolution of multiple types of
land patches based on data on land use change and driving factors, the model integrates a rule
mining framework based anlL andExpansionAnalysisStrategy (LEAS) and CA based on mullti

type Random patctseeds (CARS). Through the PLUS model, this research simulated the three
stages of change in the spatial land pattern. First, theregsidentvaration in the direction of

the territorial spacebs expansion, which is
socioeconomic development tendency. As a result, five situations were created for this study based
on the five Socioeconomic Pathvea{SSPsy O6 Ne i | | .&acond, based orltite karlier

land spatial data, a linear regression model was used to obtain the prediction results of the land
spatial quantitative structure. Lastly, the LEAS model was used to compute the expansion
probability results of the spatidnd-usetypes. The forecast results of the land spatial layout in
various scenarios were derived using the CARS model and combined with the prediction results

of the land spatial quantitative structure and the expansion probability results of land\gpetial t

3.3.3 Different Scenario Settings
The SSPs provide a framework for creating new socioeconomic scendibsi et al ., 201
et al., 2014; van Vuuren et al., 2014hich can also be used to evaluate the broader context for

sustainable development. The SSPs (SSPshow five global futures with significantly different
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socioeconomic circumstances to represent various socioeconomic challenges to mitigation and
adaptation. Each SSP is fundamentally characterized by a nafraivée Ne i | | ,&liichal . |,
also includes the difficulties they face in terms of adaptation and mitigation. In contrast to SSP3,
which has high adaptation and mitigation challenges, SSP1 depicts a future pathway with low
adaptation and mitigation challenges. Additionally, tasymmetric cases are created, one
depicting a future in which low challenges to adaptation are coupled with high challenges to
mitigation (SSP5), and the other depicting the polar opposite (SSP4). In order to depict a future
where development trends aret extreme in any of the dimensions but rather follow miadie
theroad pathways, final narrative (SSP2) that depicts medium challenges of both types has been
created.Figure 3.3 shows the scale of adaption and mitigation challenges which describes the

narratives of the world's future in the"ddentury( O6 Nei I I .et al ., 2017)

SSP 3:
Regional Rivalry

SSP 5:
Fossil-fueled Develipment

A Rocky Road
(High Challenges)

Taking the Highway
(Mitigation Challenges Dominate)

SSP 2:
Middle of
the Road

(Intermediate Challenges)

SSP 1:
Sustainability

SSP 4:
Inequality

A Road Divided
(Adaptation Challenges Dominate)

Taking the Green Road
(Low Challenges)

Socioeconomic Challenges for Mitigation

Socioeconomic Challenges for Adaptation

Figure3.3: Adaption and Mitigation Challenges in Different SSPs
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3.3.4 Quantitative Projection of Land-Use Demand Based 08SPs

One can use a Markov chain model or a linear regression model to make precise predictions about
a structure. The interdependence of the factors is represented by linear regression models, which
are numerical regression models. When the robljiective deaion is made based on the Pareto
efficiency (C. Lu et al., 2022)they are ineffective in solving the majority of land use structural
optimization issues. Markov chains are used to forecast the future spatial structure of a nation
based on historical patterns or interactions with relevant factors using discretetet@cbassses

of movement in time and spafé. Hu et al., 2013; Yi et al., 2022Based on spatial data on the

land in the past in an integrated manner, taking into account the drivers in different scenarios, the
Markov chain model was used to create the transition matrix and integrated with linear regression
to forecast the quantitae geographical structure of the lamader study.

According to the principle of tegdown hierarchical functions, a hierarchical scoring technique
was used to rate the various lamgk types according to the five SSPs. In order to create a scoring
matrix, the LWL C classification systerfor the area under studyasconsulted. Thereafter, the
dominant functions of the study region and their corresponding quantitative spatial evaluations
wereobtained

3.3.5 Rule-Mining Framework Based on the Land Expansion Analysis Strategy (LEAB

Hi stori cal |l and spatial data were superi mpose
during this period. The increase was combined with the related driving factors, which are specific

to each case study. The relationship between each typatadl gpowth and various drivers was

then investigated to ascertain the I|ikelihood

area using the random forest classification (RFC) algorfthang et al., 2021)

3.3.6 CA Based on Multi-Type Random Patch Seeds (CARS

The CARS model with the threshettcreasing mechanism was adopted based aeriterial

spatial dataf the most recent yedollowing the weights of the territorial spatial types and the
transitionrules to acquire the results of the territorial spatial simulation in various scenarios. The
LEAS model 6s prediction of the | ikelihood of
Mar kov chain model 6s f or ec a s structufe warehcembineginr i t or
the model. Théransitionrule defines whether a particulsace categonyan be transformed into

another type. The value of 1 means that one space can easily be converted into another. If the two
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types of spaces cannot transition into one another, the val8.ici et al., 2022)Those values

were obtained from the Markov Chain analysis performed on the historical land use data gathered.
Five prediction situations were simulated based on the land use factors, each corresponding to one
of the five SSPs. The weighir different landuse typeseveal the connections between various
spaces and larspace categories within a neighborhodtiose weights can be deduced from
historical data based on the special characteristics of the study area and adjusted usarga trial
error approach for the calibration of the model.

Figure3.4 shows a summary of the proposed framework in which the expert scoring method for
the different scenarios is used to adjust the-laseldemand. The historical lande data is used

first to create a linear regression model to get the initialieedderand and second to have the
transition matrix using Markov Chain analysis. The results of these processes are used as inputs
for the PLUS model, which uses land expansion strategy and cellar automata to project the change

spatially.
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SSPs Scoring Matrix for Different Land-Use Types

Residential Commercial Bureau Industrial Institutional Park Public Utility Agricole Terrain  Water Golf
SSP1 10.00% 0.00% 0.00% -20.00%  20.00% 10.00%  15.00% 25.00% 10.00%  0.00% [/570:00%
SSP2  11.25% 3.75% -0.75% -5.00% 15.00% -3.75% 8.75% 12.50% 8.25% -3.75% -46.25%
SSP3  12.50% 7.50% -1.50% 10.00% 10.00% -17.50% 2.50% 0.00% 6.50% -7.50% -22.50%
SSP4  13.75% 11.25% -2.25% 25.00% 5.00% -31.25% -3.75% -12.50% 4.75% -11.25% 1.25%
SSP5  15.00%  15.00% -3.00%| 40.00% -5.00% -45.00%  -10.00% -25.00% 3.00% -10.00% 25.00%

&

Linear Regression for Land-Use Demand Based Markov Chain Analysis (Transition Matrix)
on Historical Data

Resider Comme Bureau Industri Instituti Park  Public LAgricol Terrain Water  Golf
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Rule Mining Framework Based on a Land Expansion Strategy
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Land-Use Expansion
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Figure3.4 Markov Chain and PLUS Model Framework.
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3.4 Case Study and Data Collection

3.4.1 Study Area

Thestudy area wathe island oMontreal (Figure3.5), the second most populous city in Canada,
located in the province of Quebec. It covers an area of 431.5 km? and has a population of around
1.76 million (Statistics Canada, 2021). The city is set on an island in the Saint Lawrence River in
North America.The city is 19&km (122mi) east of the national capit@ttawg and 25&m
(160mi) southwest of the provincial capit@uebec City Thespatial occupation of thisland of
Montreal, as of 2020, is approximately 24% residential (ranging from low to-deigbity
housing), 6% commercial (including shopping centers and mallspffi®é spaces6% industrial,

6% institutional, 10% green spaces (Including parks, agricultural land, and golf courses), 24%
public utility, 4% terrain (open space), and 20% water. Blaek administrative boundaries in
Figure5 indicate municipalities and borough limits.

Figure 3.5: The Administrative Municipalit]
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3.4.2 Data Sources andProcessing

The land use classification data for telandof Montreal for 2012, 2014, 2016, 2018, and 2020

were obtained from th€ommunauté Métropolitaine de Montrdali Do nn ®e s g®or ®f ®1
n.d.) A national land use spatialassification index system was used based on the functions of
different spaces in the study area. The study area was divided into eleven land use categories:
residential(Res) commercialCom), office (Off), industrial(Ind), institutional(Ins), parks(Pa)
agricultural(Ag), golf coursegGo), public utility (PubUti), terrain(Ter), and watefWa). Figure

3.6 shows the landse status of Montreal Island in 2012 and 2020.

A

Residential
Bl Commercial
I Bureau
I Industrial
I Tnstitutional
I Park and Green Spaces
B Public Utility
T Agricole
Bl Temain
T Water
N Golf

(@)

40



A

Residential
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B Bureau
Il Indushrial
B Institutional
I Park and Green Spaces
I Public Utllity

Agricale
B Terrain
T Water
B Golf

0 5 10 15 20 25 30 35 40 km

(b)
Figure3.6: Landuse Status for (a) 2012 and (b) 2020
All layers in the model were resampled to 30 x 30 m, Eatale 3.1 shows the number of pixels
for each laneuse type from 2012 to 2020.
Table 3.1:Number of Pixels for each Langse Type

Res Com Off Ind Ins Pa PubUti Ag Ter Wa Go

2012 160358 38157 5868 45025 42338 39902 166634 6380 40613 137031 12205

2014 160740 39942 5704 45173 42293 39246 165859 7411 34377 138853 14666

2016 163870 38998 6077 44088 40946 45677 167345 6809 28223 138287 13887

2018 164006 39950 6207 44386 40670 45965 165601 7051 28248 138221 13860

2020 164567 39415 7039 44454 41223 48085 166108 5756 26930 138183 12480

The driving factors of future land resource changes and the different methods in the PLUS model
wereconsideredduring the simulation and prediction procasamely: proximity to educational

institutions, financial institutions, health care facilities, ports and aerodromes, retail centers, tourist
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attractions, transportation points, roads, highways, and finally, the digital surface Matleal
and societal factors are the primary influences on changes in spatial land patternsstudyhis
socioeconomic factors were chosen based on the reality of Molsieead and data availability.
Table3.2lists the individual sources of the relevant data.

Table 3.2:Spatial Data Used in this Study

Category(Data Source) Data Year
Land Use andlandCover Land use data 2012
(Communaut Métropolitainede | and use data 2014
Montréal?)
Land use data 2016
Land usedata 2018
Land use data 2020
Driving Factors Proximity to Educational Institutions 2012
(DMT! Spatialinc.?) Proximity to Financial Institutions 2012
Proximity to Health Care Facilities 2012
Proximity to Ports and Aerodromes 2012
Proximity to Parks 2012
Proximity to Retail Centers 2012
Proximity to Tourist Attractios 2012
Proximity to Transportation Points 2012
Proximity to Roads 2012
Proximity to Highways 2012
Topography Digital Surface Model 2015

(National Resources Canatja

1Communauté Métropolitainde Montréal: https://observatoire.cmm.qc.ca/produits/dongeeseferencees/#utilisation_du_sol
2DMTI Spatial Inc.: https://www.dmtispatial.com/

3National Resources Canada: https://open.canada.ca/data/en/dataset/984782b6#4a757e383c0057995
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3.5 Results, Analysis and Discussion

3.5.1 SSPs Scoring Matrix

Using Popp et alPopp et al., 2017hterpretation of the lanrdse futures and crossferencing it

with the study r e gandthepaentidlaevelopraenttplans publishied by thes
governmenfSc h®ma dobéam®nagement et de d®velmd)pement
industry experts working itMontreal Island scored the values for each {asd type in each

scenario and the results were averaged. TaBkhows the percentage of lande deviations from

the expected based on historical trendisaccording to the different SSPs.

Table 3.3:Expected Landise Scoring Matrix (in %) for the Different Lanuge Types in
Relation to the SSPs

Res Com  Office Ind Ins Pa PubUti Ag Ter Wa Go

SSP1  10.0 0.0 0.0 -20.0 20.0 10.0 15.0 25.0 10.0 0.0 -70.0
SSP2 113 3.8 -0.8 -5.0 15.0 -3.8 8.8 125 83 -3.8 -46.3
SSP3 125 7.5 -1.5 10.0 10.0 -17.5 2.5 0.0 6.5 -7.5 -22.5
SSP4  13.8 11.3 -2.3 25.0 5.0 -31.3 -3.8 -125 438 -11.3 13

SSP5  15.0 15.0 -3.0 40.0 -5.0 -45.0 -10.0 -25.0 3.0 -10.0 25.0

3.5.2 Neighborhood Weights

Based on the spatial characteristics of the study area, the neighborhood weights of various spaces
were initially assigned using the scoring tect
in the area using the lantse maps of the past years, and corrections were made based on the
calculated statistics on the expansion area share of eadl ggee. After numerous simulations

using a triadland-error approach, the parameters were established, as displayed i3 Zable

Table 3.4:Neighborhood Weights for the Different Lande Types

Res Com Off Ind Ins Pa PubUti Ag Ter Wa Go

Weight 0.5 0.8 0.6 0.2 0.3 0.2 0.1 0.3 0 1 0.1




3.5.3 Transition Matrix

Based on the Markov Chain analysis, TaBlg shows the transition matrix among the studied
land-use types. The values were delivered by averaging the transition from eacisédatype to
another from the historical data obtained on the area of Sydyeating a 2D array of pixels that
contains the values representing the lasd types of the historical data and comparing each year
with the year before, those values were obtaiffdad transition matrix results show that, for
instance, residential land is more likely to turn into industrial I@&il) than turn into agricultural
land (0.01)

Table 3.5:Land-use Transition Matrix

Res Com Off Ind Ins Pa PubUti Ag Ter Wa Go

Res 1.00 0.06 0.01 0.01 0.81 0.07 1.00 0.01 0.07 0.03 0.01
Com 0.24 1.00 0.04 0.20 0.04 0.02 1.00 0.00 0.07 0.02 0.00
Off 0.28 0.29 1.00 0.14 0.11 0.03 1.00 0.00 0.09 0.02 0.01
Ind 0.04 0.16 0.02 1.00 0.01 0.01 0.55 0.00 0.06 0.00 0.00
Ins 0.25 0.03 0.01 0.01 1.00 0.06 0.51 0.00 0.03 0.01 0.00
Pa 0.22 0.01 0.00 0.01 0.05 1.00 0.38 0.00 0.04 0.09 0.01
PubUti  1.00 0.31 0.06 0.22 0.18 0.16 1.00 0.01 0.15 0.04 0.01
Ag 0.12 0.00 0.00 0.00 0.03 0.04 0.06 1.00 0.04 0.02 0.07
Ter 0.36 0.10 0.02 0.13 0.06 0.08 0.66 0.01 1.00 0.05 0.01
Wa 0.03 0.00 0.00 0.00 0.00 0.02 0.02 0.00 0.01 1.00 0.00

Go 0.03 0.01 000 0.00 0.00 0.08 0.09 0.05 0.03 0.00 1.00

3.5.4 Validation of the Accuracy of the SimulationResults

To evaluate the simulation outcomes obtained using the PLUS model, we simulated the geographic
data for the region for 2020 using the land expansion extracted by superimposing the 2012 and
2020 landuse data. Theimulation outcomewere compared to the actual state of the land in 2020,
and the overall accuracy and Kappa values were compDtedof all the observations, overall

accuracy is the proportion of land use types that were correctly idenfiftedracy is calculated
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using Equation (3.1)lt is an easyto-use metric that gnerally evaluateshe classificatioés
correctness.

., U~OG ORI £ 1 1 Bavodi i DORO® i

O RWO L T s Ema BB Q0 Qa |

On the other hand, the kappaefficient considers the likelihood of accurate classification through

pure chance. It contrasts the actual and anticipated agreement resulting from chance with the
observed agreement between the simulation tool and the referenc€alaared to overall
accuracy, the kappa coefficient is considexgdore reliable indicator of accuraegainy when

working with unbalanced data or when the classes are not evenly represented in the reference data.
The Kappa coefficient can more accurately represent thienpeance of the land use simulation

tool. When the Kappa coefficient and overall accuracy approach the value of 1.0, the simulation
effect of the PLUS model improves; if the Kappa coefficient is higher than 0.8, the simulation
effect is considered reliab(€. Lu et al., 2022)Equation 3.2 shows the formula used to calculate

the Kappa coefficient.

T L .
nn p na

whererné is the relative observed agreement among ratersnaisdthe hypothetical probability

of chance agreementitilizing the observed data to determine the likelihood of each observer
arbitrarily perceiving each categor@ur simulation showed a Kappa coefficient of 0.963, and the
overall accuracy was 0.970 when the sampling rate of the simulation results was 20%. The findings
of thevalidationsimulation were deemed satisfactory. Tehshows the accuracy of each land

use type.

Table 3.6:Accuracy of Each Lantllse Type

Res Com Off Ind Ins Pa PubUti Ag Ter Wa Go

Accuracy 0.9% 0.958 0.905 1.000 0.997 0.804 1.000 0.968 0.96 0.996 0.983

The spatial difference between the simulated and currenulsedhaps was also analyzed. Figure
3.7 shows the status of the two lande mapsndtheir pixel differences. Towards the edge of
Montreal Island, the misategorization of the residential lande type was obvious. However, it

was mostly accurate in the middle towards kagimsity buildings. The cause of this discrepancy
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might be the difference in driving factors between the two zones or the random sample of training
data. On the other hand, the romtegorization of the commercial lande type was throughout

the island in small patches, which suggests that a higher number of random seeds is required for

this landuse type.

A A
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I Commercial
B Bureau
I Industrial
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I Park and Green Spaces
I Public Utility
Agricale
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B Commercial
B Bureau
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I Park and Green Spaces
B public Utility
T Agricole

B Terrzin B Terrain

T Water

B Golf

 water
B Golf
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(c) (d)
Figure3.7: (a) Simulated Landise Status in 2020 and (b) Current Larsg Status in 2020 (c)

The spatial difference between them (Colored by the simulatedustype) and (d) THanary
spatial difference between them

3.5.5 Analysis of the Effect of Driving Factors on LandUseChange
The proliferation of numerous land use categories was driven by several driving forces, which may
be directly quantified through the PLUS model
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based on the land expansion analysis strategprevious studies, transition rules were more
valuable and flexible than distribution rules. They have a temporal dimension gikieh
transition rules the ability to describe the characteristics of-usedchange for specific time
intervals taking into account that the forces of lamsk change may change over time (i.e.,
variation in the driving factorqZ. He et al., 2020)it is worth noting that the driving factors in

our case were chosen basediata availability and our understanding of the study redigure
3.8shows the contribution of each driving factor to each-laseltype. Theurfaceelevation was

the most contributor towards determining largk types with a sum of factors of 1.44, followed
by proximity to transportation points with a sum of 1.14. The least influential contributor was the

proximity to local roads, with a factor of Q.7

Golf I —— I
Water [ —" I
Terrain N T I I T I
Agricole NN T I 4
Public Utility I [ D [ BN |
Park I I I
Institutional N I I 4
Industrial N I [l
Bureau I —— I NN T
Commercial I | B | BN
Residential I I I 4
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
m Digitial Surface Elevation = Educational Institutions Financial Institutions u Health Care Centers
m Highways Parks m Ports ® Roads
m Retail Centers u Tourist ® Transportation Points

Figure 3.8: The Influence of Driving Factors Proximity to Each Ldsd Type on Land
use and Land CovétULC) Change

The most influential driving factor for each lande type was also extracted. The residentiakland
use type is mainly affected by its proximity to financial institutions, health care centers, and the
surfaceelevation sequentially. The main factor for the commercial -lssed type was ports,
followed by retail centers and transportation points. Suréaceelevation was the main factor for

four landuse typesoffice, institutional, public utility, and water.
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3.5.6 Analysis of Simulation Results for Different Scenarios

By simulating the different scenarios based on the shared socioeconomic pathways using
the PLUS model, the landse spatial predictionesults were obtained for the year 2028. The
predictions were compared to the current lasd data in 2020 to see the future change in land

use under the different scenarios.

3.5.6.1SSP 1: Sustainability (Taking the Green Road

In this scenario, the world is movingwarda more sustainable route, emphasizing more equitable
development that honors perceived natural constraints. Land usage is tightly canGiled

yields are rising quickly in lonand mediurincome regions, causing a quick catghwith high

income nations. Diets that are high in plant calories and low in waste are adapted. Food is
exchanged internationally in an economy that is open andlglethaFigure3.9 shows the land

use map under that scenario. It carsben that the residential area is expanding over commercial
and industrial land, along with the different patches of green spaces all over thewdiaid
defines this scenaridlore specifically, 61% of the increase in the residential area is over an area
previously acclaimed by the public utility.

On the other hand, the public utility expanded over the open area (terrain) and industrial land with
a percentage of 18 and 32, respectively. Parks and agricultural land types, which should show
dominance in this track, have also increased. Parks showmaceeall increase of 24.7%, 42% of
which are over residential areas, which explains the scattered green patches within the residential
spaces (Figure 3.9). In addition, the agricultural land increased by 10% overall, mostly over
residential areas, open asg and golf land with a percentage of 44, 27, and 21.5, respectively.
Finally, the percentage of change (PoC) in each municipality was measured (Figoyeny.9
dividing the number of pixels that underwent changes over the total number of pixels in the
municipality. MontrealEst and Outremont showed the highest change with 36.95% and 33.18%,
respectively. Beaconsfield showed the lowest change with 12.44%.
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Figure3.9 (a) Landuse distribution map for 2028 under SS@) its spatial difference
compared to the landse map of 202(Colored by the projected lande type), (c) the

percentage of change in each municipality, and (d) the bapatyal difference compared to the
land-use map of 2020

3.5.6.2SSP 2: Middle of the Road

In SSP2, the world continues along a path where social, economic, and technological tendencies
do not diverge noticeably from past trends. The regulation of land use change is insufficient. Crop
yield growth rates gradually decrease over time, butitmeme areas gradually catch up. Animal

calorie shares and calorie consumption are slowly increasing. Regional economies continue to
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dominate international tradBigure3.10shows the predicted langse distribution in 2028 under

this scenario along with the difference between it and the observed land use in 2020. The results
show minimal changes similar to the one observed while comparing the change from 2012 to 2020
in thevalidation section sinaeo main factors affect this scenario and the changes foiktarical
trends.The overall agreement between the predicted land use in 2028 and the observed land use
in 2020 is similar to th agreement between 2012 and 2020, both equal 91% which means that
only 9% changed. By tracking the change in the terrain-lemedtype, we can identify the
disappearance of other lande types. It can be seen that 1% of the current public utility and 5%

of the parks will turn into open land with no specific land use. Finally, MorEstalLe Sud

Ouest andL'Tle-Bizard-SainteGeneviéveshowed the highest percentage of kaiseé change with
16.52%, 15.13%, and 15%, respectively. On the other hand, Hampstead, MNoteciahnd
MontreatOuest showed the lowest change in this scenario with 2.14%, 3.42%, and 5.33%,

respectively.
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Figure3.1Q (a) Landuse distribution map for 2028 under SS@) its spatial difference
compared to the landse map of 202(Colored by the projected lange type), (c) the
percentage of change in each municipality, and (d) the bapatyal difference compared to the
land-use map of 2020

3.5.6.3SSP3: Regional rivalry (A Rocky Road

Countries, in this scenario, are being pushed to concentrate more on internal or, at most, regional
challenges, including food and energy security, due to a resurgence of nationalism, worries about
competition and security, and regional conflicts. Chamgéand use are rarely regulated. Crop

yield growth rates steadily decrease over time, in part because developing nations receive very
little new agricultural technology transfer. Diets that are high in animal products and waste food
are the norm. Thereafewer trade flows for agricultural items in a regionalized globe. The results
shown in Figure3.11show the focus on internal trade, in which the commercial area is rapidly
increasing over the green spaces, and the residential parts are pushed towards the edge of the island
as the main focus in commercial activities happening in the middle @&8é.of the increase in
commercial spaces is from the residential area, and there is a 2.3% decrease in parks, given that
there is an apparent increase in grgeacss at the edges of the island. In addition, there is a 10%
increase in the residential spaces. Finally, by analyzing the percentage of change in each

municipality, L'Tle-Bizard-SainteGeneviéveshowed the highest change with 18.34%, followed
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by Kirkland and Le Su@uest with 17.92% and 17.34% respectively. Beaconsfield showed the

lowest change with 3.62%.
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Figure3.11 (a) Landuse distribution map for 2028 under SS@) its spatial difference
compared to the landse map of 202(Colored by the projected lange type), (c) the
percentage of change in each municipality, and (d) the bapatyal difference compared to the
land-use map of 2020

3.5.6.4SSP4: Inequality (A Road Divided

Following SSP4, high differences in human capital investments, along with expanding gaps in

economic opportunities and political influence, contribute to rising inequality and stratification
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both within andwithout nations. While crop yields in higincome nations rise significantly,
agriculture in lowincome nations remains comparatively unproductive. Consumption of calories
and animal calorie shares tend to converge at moderate levels. The results in this (fégoegio

3.12 show competition between the increasing demand for residential areas along with the
expanding economic and commercial opportunities. Those twelsaty/pes are taking over other
types, along withmincrease in the industrial space as walt mostly over open are&esidential

and industrial areas showed a 16% increase, followed by an 11.8% increase in commercial areas.
There also was an apparent 21% decrease in officeusentype and 20% in parks. Figure 3cl2
shows the percentage of change for eachicipality under this scenarid."lle-Dorval showed

the highest change with 44.55% with a considerable difference in comparisdteBizard-
SainteGenevievewhich showed the second highest change with 23.04%. Hampstead and
Beaconsfield, on the other hand, showed the lowest change with 1.63% and 5.68% respectively.
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Figure3.12 (a) Landuse distribution map for 2028 under 3SM) its spatial difference
compared to the landse map of 202(Colored by the projected lange type), (c) the
percentage of change in each municipality, and (d) the bapatyal difference compared to the
land-use map of 2020

3.5.6.5SSP 5FossitFueled Development (Taking the Highway

In the last SSP, the world increasingly rélie competitive markets, innovation, and participatory
communities to achieve rapid technological advancementamaén capital growths the way to
sustainable development driven by the economic success of industrialized and emerging
economies. The regulation of land use change is insufficient. Crop yields are rising quickly. Strong
globalizationsignificantly reducesrade barriers and large volumes of global trade. All land use
emissions in SSP5 are pricedla same rate as carbon prices in the energy industry. Bdare
shows the landise distribution in 2028, following the fossileled development trend. The results
show the taking over of residential, commercial, and industrial areas and the rapid decrease in
green space®arks, agricultural land, and golf areas decreased with a percentage of 17, 30, and
21, respectively. On the other hand, 20%, 21%, and 31% increases were identified for the
residential, commercial, and industrial lands. For the p&gerof change in each municipality,
L'Tle-Dorval showed the highest change with 56.93%, followed by Kirkland with 36.02%.

Hampstead showed the lowest change with 8.86%.
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Figure3.13: (a) Landuse distribution map for 2028 under SS@) its spatial difference

compared to the landse map of 202(Colored by the projected lange type), (c) the
percentage of change in each municipality, and (d) the bapatyal difference compared to the

land-use map of 2020
3.5.7 Land-use Change Comparison Between Different SSPs and Municipalities
Figure 3.14 shows the percentage of change distribiitionrelation to the different

municipalitiesi under each of the five scenarios to further understand the significance of the
change. SSP1 showed the highest mean with 22.42% and the large$t eanlyeling outliers

of 24.51. SSP5 showed the second highest mean of 20.76%, followed by SSP4, SSP3, and SSP2
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with 13.86%, 10.28%, and 9.02% respectively. SSP2 showed the lowest range of 14.38, which
indicates that most of the municipalities underwent equivalent changes.
Percentage of Change Distribution

M sSSPl [ SSp2 M SSP3 [ SSP4 [T SSP5
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Figure3.14: Percentage of Change Distribution According to the Five SSPs

In order to identify which municipalities are most vulnerable to change, the percentages of
change were normalized and added to create a vulnerability factor, and Figure 3.15 shows the
ranking from the least vulnerable to the most vulnerable. It can metisatl Tle-Dorval and
Kirkland are the most vulnerable, with a vulnerability factor of 95.59 and 74.48. On the other hand,
the least vulnerable municipalities are Beaconsfield and Hampstead, with a vulnerability factor of
21.07 and 23.04, respectivelyid worth noting that those numbers are mere indicators of change
that are used for comparison purposes. It is also important to mention that the comparison is based
on the percentage of change and not tdiffe¥ amoun

significantly.
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Vulnerability Factor in Each Municipality
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Figure3.15: Vulnerability Factor as a Normalized Combined Percentage of Change in Each
Municipality
3.6 Conclusion

Several factors were all taken into account while usingviekov Chain andPLUS moded to
forecast future territorial spatial development patterns on the island of Montaakly:

proximity to educational institutions, financial institutions, health care facilities, ports, parks, retail
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centers, tourist attractions, transportation points, roads, and highways, in addition to the digital
surface modelThe model ensures the muiidjective creation of landse advantageandfully

accouns for the driving factors, such as socioeconomic and spatial ones. The simulation and
forecast ofland use distributiom this area have a high degree of applicability, which can assist
decisionmakers in coordinating the interests of various parties within the territorial space to
achieve sustainable urbanonomic developmeiigohl & Claggett, 2013)Themethodology and

findings of this study arprimariy in line with those of comparable studies in different a@as
Liuetal., 2017;C. Luetal.,2022) The si mul ationdés outcomes ref/|l
for economic growth and a general understanding of ecosystem services, but they also more closely
mat ¢ h t h eurrenbspatial and/e@anomic development.

The Coupling of the Markov Chain arfdLUS modes can be used to dynamically simulate the
formation and evolution of various types of dabased on various scenarfsland space
development. In order to identify potential new approaches for optimizing the spatial pattern of
land use irany area under study is essentiato express and explore the value of lauseé demand

in variousscenarios. It is also important ¢considerhow different laneuse types under different
scenarios will develop in the futl The driving factors in this study were chosen mainly based on
expert experience. Therefore, it is recommended in future studies that more factors be
comprehensively considergahd only the influential factors be chosen for the simulation.

For the validation of our proposed framewovke projected the spatial pattern of land ofe
Montreal Islandased on the different socioeconomic pathways for the year 2028 using the PLUS
and Markov Chaimodels The si mul ationbds overall accuracy
of 0.963, suggesting that our approach is highly reliable and can be used to predict how land will
be used in the future on Montreal Island. The influence of each driving factordifféehent land

use types was also analyzadd thesurfaceelevation was found to be the most influential factor,
followed by the proximity to transportation points. In order to forecast the changes in land use
under different scenarios, linear regression was used to project the land use demand for the year
2028and adapted using the SSPs scenarios. Markov Chain analysis was conducted using the land
data for the years 2012, 2014, 2016, 2018, and 2020 to create the transition matrix ofuise land
types. The simulation results revealed the spatiaébpment trend for each lande type under

the different scenarios. The increase of small but numerous green spaces was observed in SSP1 in

contrast to SSP3, SSP4, and SSP5. In those scenaridsptliant characteristic was the increase
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and distribution of residential, commercial, and industrial spatestly, for SSP2, the
continuation of the historical trend is observed.

In conclusion, the results of the integrated PLUS and Markov Chain models are accurate and can
be used by decisiomakers as a guide for future spatial projections and polaking.The
integration between both models overcame the shortcomings of other CA models, such-as ANN
CA and CLUES, which do not allow for further investigation of the influence of driving factors.
Understanding this influence is a key factor for policy and aeeimakers to take meaningful
actions based on scientific insights. Aduhially, with this integrated model, botteap CA and
top-down approaches are coupled together to understand the influence of macro and micro
processes which is mostly overlooked by otherdase simulation models. Finally, this model is
mostly autonomousand requires little expertise in the field to deliver reliable results and
understand the interactions and competition between various factors that drive land use change.

3.7 Postscript
In chapter 3, we developed a projection framework by integrated Markov Chain and PLUS models

while considering various factots predict Montreal Island's future territorial spatial development
trends The simulation's results show a balance between the need for economic expansion and a
widespread knowledge of ecosystem services, but they also more nearly reflect the nation's present
level of geographical and economic development. The drawbacks ofysé&#omodels, such as
ANN-CA and CLUES, which do notpermit further exploration of the influence of driving
parameters, were overcome by the integration between both mGtelster 3 acts as a corner

stone for chapter 4 in which it uses the methodology presented here.

59



4 COMPARATIVE STUDY

4.1 Foreword

Rapid urbanization has significantly changke wayurban land use ispatially distributed.
Planners and policymakers can better grasp the scope and implications of those changes by
evaluating the dynamic and complex interactions between land use and land cover (bUhi€).

study, the MGPLUS integrated modél presented in chapteri3is used to evaluate and project

the land use and land co&tJLC) change in three major cities in Canada in order to validate the
applicability and reusability of theadel in addition to understanding theure territorial spatial
patterrs and their implications on the 2030 vision. Using linear regression, a total decrease of 40.50
km? in urban and builp areas is expected by 2030. Needleleaf forests are also expected to
decrease by 16% in Ottawa, 25% in Montreal, and 41% in Toronto. The simulation results showed
an overall accuracy ranging from 0.735 to 0.917 and a figure of meM)(Fanging from 0.371

to 0.410, comparing simulation results to +iéfal historicaldata.The builtup area of Ottawa grew

at or around the city's outskirts and in its downtown, with small areas forming next to roads and
highways. On the other hand, because they are largely covered tougions, Toronto and
Montreal have witnessed a umii battle between urban areas and vegetation along the entire
territory. Additionally, the influence of various driving factors on land use and land cover change
was evaluated. The ranking of influential factors was different among the study areas. However,
land elevation (terrain) proved to be the most influential factorliafahem. The outcomes of

this study can serve as a guide for future regional territorial spatial planning and policy formation.
Theaccuracy achieved in th@ojection and evaluation of metropolitan spatial land use patterns

demonstratethe efficiencyof the MGPLUS model and its applicability in different settings
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4.2  Introduction

The United Natioris(UN) eleventh Sustainable Development Goal (SDG) places a strong
emphasis on monitoring metropolitan areas to ensure that new constructions are environmentally
friendly ( A Ci-tUneist ed Nati ons Sustainabl e. Atheugre!l o p me
metropolitan areas are hubs of development in developing nations, their expansion is nevertheless
accompanied by a number dfiallengegM. Liu et al., 2011) Thechallengesnclude changing

the local climate, particularly raising temperatures, and altering the environment into unbearable
conditions as a result of pollutidit. Shi et al., 2015)This has had reverberating repercussions
throughout many nations, including greater strain on water and energy supptiesding to

Harlan et al(Harlan et al., 2013nd Uejio et al(Uejio et al., 2011,)this has also been linked to
negative socioeconomic consequences, such as residents' health being impacted by heat stress and
cardiovascular disorders brought on by air pollutibhe consequences are more severe in
underdeveloped nations because the rate of expansion is quick and thiEneeamesources

available to combat negative effects. Urban expansion is predicted to continue past the year 2100,
despite the pressures already in plgdeWu et al., 2014)Regardless of the size of cities, it is

crucial to keep an eye on this growth at the local lewehprove decisiormaking and develop

ways to reduce any unfavorable socioeconomic and other impacts.

Rapid urbanization is taking place in many North Americaantries as shown by population
increase and buillip area expansion. According to a recent survey, 73.7% of Canadians reside in
one of the country's urbaentersn 2021 (Statistics Canada, 2022&ensus metropolitan areas
(CMASs) also contributed significantly to Canada's population growth (+5.2%) between 2016 and
2021. Moreover Downtowns are expanding morapidly than before Large urban centers'
downtown populations increased more quickly (+10.9%) between 2016 and 2021 than did urban
centers overall (+6.1%). Downtown populations increased at a rate that was more than twice as
fast as it was during the previous census cysle66).In the spring of 2021, 3.5% of Canadians
(1,281,474 people) werliving in the downtowns of one of the 41 large urban centers of the
country.Downtown Toronto was the most populated with 275,931 people, followedrgouver
(121,932 people), Montreal (109,509 people), Ottawa (67,169 peapkk)Edmonton (55,387
people) Studies on the population projections in Canada show that the Canadian population would

continue to increase during the coming decades to a number between 44.9 million in-the low
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growth scenario to 74.0 million in the higinowth scenario by 2068, compared to an estimate of

38.2 million in 2021(Statistics Canada, 2023lthoughCanadadés t hree terri-t
largely rural, representtwoi ft hs (39. 1%) o f only38 oftite poputatioy 6 s | a
lives therg(Statistics Canada, 2022[@)his is also evidenced by the slow rural population growth
between 2016 and 2021 which is fifteen times slower than urban areas in Qitadahigh rate

of urbanization and population growth, significant environmental changes have occurred,
including the exhaustion of natural resources, deterioration of air quality, increased carbon dioxide
(CO2) emissions (which cause global warming drerhelting of the polar ice caps), changing

climate, and rising ocean levéEnvironment and Climate Change Canada, 20dayy Canadian

citieshave seen changes in land use activities theetast decades, including mass construction

to accommodate for the population rise in urban areas. Wildfioesyater quality, an inadequate

sewage and waste management system, a decline in air qaditthe life expectancy of urban
residents, as well as a significant loss of biodiversity, are the results of the aforementioned
anthropogenic activitie@Vl. C. Hansen et al., 2010; Natural Resources Canada,FodJgities to

continue to grow sustainably @anadacurrent knowledge of growth trends and related land use

land cover (LULC) trends is crucial.

Other studies havelemonstrated that in addition to benefits like better service delivery,
urbanization and growing populations may also result in LULC changes that have a negative
impact on the environmei®. Liu et al., 2011) For instance, anthropogenic activities that emit

heat into the environment and changes in urban structure create heated microclimates that may
raise the risks of heaelated illness in urbanized ard&sone et al., 2010Environmental damage
brought on by these abrupt shifts in LULC is thought to represent a danger to sustainable
developmengX. Li & Yeh, 2004; Y. Liu et al., 2007; Xiao et al., 2008)is crucial to comprehend

the geographical and temporal LULC dynamics as this can facilitate the simple association with
and monitoring of linked effecté&dditionally, it produces data that can be utilized to guide future

urban development i@anadaassure adequate planning, and guide future expansion.

Geographical studshave long been focused on land space patterns, and-sngltiario modeling
of land space patterns is not only the most effective technique to address issues like disorderly land
development but also a strong starting point for enhancing the land spatial pdeselo

mechanisn{Z. Liu et al., 2017; M. Shi et al., 202Bortunatelymany geospatial techniques have
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consistently demonstrated their effectiveness as strong and affordable tools in the analysis of
LULC changeand a research advances, new approaches to modeling and estimating the value of
ecosystem services are providé@r instance, BnoteSensing(RS) historical and timeseries
imagery has been employed to extract information using a variety of image processing techniques
(D. Lu et al., 2004)as they offer a great opportunity to describe LU{L@veland et al., 1999)

With the integration of other models such as CA models, #reyable to project future
transformation patterns as well as analyze past changes and the current state (@LULeEal.,

2009) With the use of a spatiotemporally explicit urban demand modeling framework that directs
the patckbased allocation of urban land at the micro lewang et al.(Yang et al., 2023)
suggestd an urban CA modeling framework to simulate urban expansion. With respect to the
percentage of newly developed urban land and the frequency of new urban development,
spatiotemporal Gaussidased models were used in this framework to reflect the spatiotemporal
heterogeneity of urban demand inside a series of concentricAimgpgrwulanret al.(Ambarwulan

et al., 2023used Random Forest to create LULC maps utilizing Landsat 2010 and 2015 along
with Sentinel 2A imagedn order to estimate the future LULC differentscenariostheyused a

Land change modeler (LCM) under the midiyer perception Markov chain (MEMC). The
outcomes revealed that every LULC map displagedeptableaccuracyof more than83%.
However, these models focused on the projection of future land use and do not give insights into
the influence of driving factors on land use and land cugtC) change. The integratddarkov

Chain and Patelgenerating Land Use Simulation (M&@.US) model projectshange inspatial
patternswhile providing insights into the influence of driving factors on these changes [Chapter
3]. To analyze the dynamics of the landscape as well as the causes of land growth, it combines
several forms of random patch seeds CA model with a land expansion analysis techimque.
modelovercomeshedrawbacksn other models, such &LP-MC, Gaussiarbased modejsand
CA-Markov modelssuch as their inability to replicatee change over time as a result of various
policiesand the influence of driving factors on land use and land ¢b\#rC) changeCurrently,
policymakers have little insight into the effect of different factors on the change of spatial patterns
in Canada.Therefore, in order to identify an appropriate allocation method for land spatial
utilization planning and ecological management and controMd&LUS model was employed

in this work to simulate future changes in land space pattertitgge main cities in Canada,

namely: Toronto, Montreal, and Ottawa
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Numerous studies have examined urban LULC trendioimh Americausingland use and land
cover(LULC) changeprediction modelsAlthough according to population statistidcSanada

cities have growrrapidly over the past decadeas is still unclear what the consequences of
continued urban growth will be for the LULC's spatial organization. While growth trends continue,
the literature that is currently available does not reflect the very recent situation that jeopardizes
the fulfillment of the UN's eleweth SDG For instance, Auch et dAuch et al., 2022)sedsample

based estimates supplemented with completedandr mapgo estimatehe extent and patterns

of annual lanetover change in theonterminous United StatéSONUS between 1985 and 2016.

The annual estimates over the\atar time series revealed two eras of net tree cover loss, the first
one beginning early in the time series and the second one beginning in 2012. They also revealed a
decrease in the rate of urban expansion after 2006 gramth in cropland after 2007, but a net
overall declire in cropland since 198Zerriffi et al. (Zerriffi et al., 2023)investigated different
pathways to sustainable land use and food systems in Cafada.findings highlight the
significance of increasingly strict policies in achieving the goals as well as the significance of
population and consumption (such as diets) in achieving the goals. While preserving forestland,
the medium and higambition sustainability paths can both significantly reduce greenhouse gas
emissionsA report by Environment and Climate Change Canada (ECCC) showed that Ontario
and Quebec experiead a loss of forest cover estimated at 1,156, kaong with 620 krh
conversion to settlements between 2010 and ZBb%ironment and Climate Change Canada,
2021) Although some studies have looked into the land use patterns in these areas, no effort has
been made to understand the drivers of those changes and compare the growth patterns between
different citiesGiven the context of the growing urban population, such a study is cBetause

growth factors and characteristics might vary from place to place, it's important to comprehend
transitions that are distinctive to a given area and compare trends acros3 aibeso, Ottawa

and Montrealshould have diffrent spatial and temporal growth patterns as a result of their
different positions and environments, and these distinctions are worth examining. Comparative
research identifies geographic variances and disparities in the relative importance of several
influences on the growth trends of different cities. These studies are crucigtii@ring the
required datérom one city and developing potential recommendations for ottiesin the same

nation.
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The aim of this study is to first validate the use of the-RIQJS integrated model to project land

use and land cover change in three different cities in Canada using the methodology described in
[Reference]. In addition, the same driving factors will Iseduto project land use and cover
(LULC) change in the three Canadian cities and see the difference in influence among them.
Lastly, the study quantifies the difference in change between the cities and compares the urban
growth patterns in them. The redttbe paper is organized as follows. Section 2 (Methodology)
explains the preprocessing of data and the calibration process of i M& model. Section 3

(Data Collection) discusses the various study areas and data sources along with a generic
comparisonbetween them. Results and Analysis are described in Section 4. Followed by a

Discussion in Section 5 and finally Conclusions and Recommendations in Section 6.

4.3 Methodology

4.3.1 Integrated PLUS and Markov Chain Model

The PLUS model waproposedby Liang et al. [28] adopting a standard that complied with
cellular automata. The model incorporates a-mieing framework based on a Land Expansion
Analysis Strategy (LEAS) and CA based on mtype Random patch Seeds (CARS) in order to
dynamically simulate the genesisdaevolution of various types of land patches based on data on
land use change and driving factdrsorder to determine the likelihoad one land usehanging

into anotherMarey et al. [Chapter 3] improved the model by the integration of Markov @ain
analyze the dynamics of land use change through time. Ttdotep strategy in the PLUS model

is then applied using the resultant probability. As a result, by examining historical patterns of land
use change and modeling the probability of various fosmsind use transitions, a transition
matrix is developed that describes the likelihood of various sorts of land use cfdmgessearch
simulated the three stages of change in the spatial land pattern usg-#eUS model.First,

a linear regressiomodel was applied to the prispatial land data to forecast the outcomes of the
land spatial quantitative structurAlthough there is a variety in how the territorial space is
expanding in different cities based on different factors such as the regional propensity for future
socioeconomic development, this study focused on the projection of one scenario which is the
cortinuation of the historical trends and analyzing the differences and similarities between the
various regions under study. Second, psjmatial data are used to drive the transition matrix in the

Markov Chain model and the land expansion map by superimposing land use maps from different
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yearsFinally, the expansion probability findings of the spatial tasd categories were computed
using the LEAS model. Using the CARS model, the predictions of the land spatial quantitative
structure and the expansion probabilities of the land spatial types imtegrated with the
predicted outcomes of the land spatial layout in various situatignee 4.1 shows the MELUS
integrated model framework h€ initial landuse demand is derived from the historical fase

data using a linear regressioroael, and the transition matrix is then obtained using a Markov
Chain analysis. The outcomes of these procedures serve as inputs for the PLUS model, which

spatially projects the change using a land expansion strategy and cellar automata.
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4.3.2 Quantitative Projection of Land-Use Demand

For accurate structural predictions, researcbans use a Markov chain model or a linear
regression model. Linear regression models, which are numerical regression models, are used to
depict the elements' dependency. The bulk of problems with land use structure optimization cannot
be resolved when multbjective decisions are made based on Pareto efficigciu et al.,

2022) Using discrete stochastic processes of movement in time and space, Markov chains are used
to predict the future spatial organization of a country based on past patterns or interactions with
pertinent elements’. Hu et al., 2013; Yi et al., 2022)he Markov chain model was used to create

the transition matrix and was integrated with linear regression to forecast the quantitative
geographic structure of the land under studyrder to create meaningful transition matrix and

make an accurate projection of the spatial land strudtoeeL U_C classification systerfor the

area under studyasconsulted. Thereafter, the dominant functions of the study region and their

corresponding quantitative spatial evaluatiseseobtained

4.3.3 Rule-Mining Framework Based on the Land Expansion Analysis Strategy (LEAB

Two historical &nd spatial dataveres uper i mposed to derive figur
expansion during this periodihe cells with altered states from the latter date of the land use data,
which represented the change regions for each land use type, were extracted by superimposing the
two dates of land use daRRkandomly chosen sampling points were then divided into groups based

on the differentypesof land use, and each group was then subjected to a distinct data mining
analysis. For instance, thablels of the samples representincertaintype’s expansion were set to

"1" and the labels of the other samples were set tovtife miningthe association between the

driving variables and the expansion of a certain land useAgperesult, the training dataset may

be recreated using the marked labels and extracted values from the same places for the various
driving factors. The data mining algorithm was then trained using the training dataset to determine
the transition rules foeach type of land es By analyzing the expanding patches of each changed
land use while ignoring their source types ("from" land use type), transition rulég chtaired

for all land use types using LEAS. This effectively avoids the analysis of transition types that
increase exponentially in number with the number of land use types and simplifies the analysis
procedure for land use changéwe increass&vascombined with the related driving factovehich

are specific to each case studie relationship between each tygespatial growth and various
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driverswast hen i nvestigated to ascertain the |ikel

in the study area using the random forest classification (RFC) algqtiiang et al., 2021)

4.3.4 CA Based on Multi-Type Random Patch Seeds (CARS

The MGPLUS model utilizech multitype random patch seeding mechanism based on threshold
descentwhich wasemployed to simulate the patch evolution of several land use types. This
mechanism was implemented through the computation of overall probability. When the
neighborhood effects afertainland use were equal to 0, this mechanism used a Monte Carlo
technique to produce change "seeds" on the growth probability surface for each land use type. A
group of cells with the same land use type may develop new patches from the sessshddh
decreasing rule for the competition process was put forth to limit both the organic and spontaneous
expansion of every landase in order to prevent the formation of multiple land use patBassed

on the weights of the territorial spatial types and the transition rules, the CARS model with the
thresholddescending mechanism was selected in order to obtain the outcomes of the territorial
spatial simulation in various scenarios. The likelihobthe territorial spatial type expanding, and

the quantiative structure of the territorial space was predicted by the LEAS model and the Markov
chain model, respectively, and combined in the model. Whether or not a specific space category
can be changed into another type is determined by the transition rsjeack can simply be
transformed into another if its value is 1. The value is 0 if the two different sorts of spaces cannot
transitioninto one anotherS. Liu et al., 2022)Those values were obtained from the Markov
Chain analysis performed on the historical land use data gathEneee simulations were
conducted based on the available land use data and driving factors, each corresponding to one
study area in order to be compared to one anofier relationships between various spaces and
land-space categories within a neighborhood are shown by the weights for varicusdaiyges.

Based on the unique characteristics of the research area, those weights can be extmacted f
historical data and subsequently modified through a process of trial and error to calibrate the
model

4.4 Case Studies and Data Collection

4.4.1 Toronto
Toronto, the capital city of the Canadian Province of Ontario, recordegdwdation of 2,794,356

in 2021(Government of Canada, 202R)is considerethe most populated city in Canada and the
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fourth most populous city in North Americ@he city serves as the focal point of the Golden
Horseshogan urban agglomeration surrounding the western end of Lake Ofitaranto is one

of the most diverse and cosmopolitan cities in the world and a major international hub for
commerce, finance, the arts, sports, and culfMipond, 2017) With a maximurmorth-south
distance of 21 kilometers (13 miles), Toronto has a total size of 630 square kilometers (243 sq mi).
On the northwest shore of Lake Ontario, it has &i#tBneter (29 mi) long waterfront coastline

and a maximum eastest distance of 43 kilomete(27 mi). A relatively protected Toronto Harbor

can be found south of the downtown area due to the Toronto Islands and Port Lands that extend
out into the lake. Lake Ontario to the south, Marie Curtis Park's western boundary to the west,
Etobicoke Creek, Eglinton Avenue, and Highway 427 to the west, Steeles Avenue to the north, the
Rouge River to the east, and the ScarboreRigkering Townline to the east define the city's
boundariesThe spatial occupation of Toronto, as of 2020, is approximately 82% urban and built

up area, 9% forests (needleleaf, broadleaf or mixed), and 2% water. Shrubland, grassland, cropland
and barren lands represent the remaining 7%. Figure 4.2 indicatesriw@palities and borough

limits of the city of Toronto
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Figure4.2 The Administrative MuCityafToprd. i ti es o

4.4.2 Ottawa

Ottawa, the capital city of Canadasituated at the meeting point of the Rideau and Ottawa rivers

in the southern part of the province of Ontario. The National Capital Region (NCR) and the
OttawaGatineau census metropolitan area (CMA) are centered in Ottawa, which also borders the
QuebecCity of GatineauOttawa was the fourttargest city and fourttargest metropolitan region

in Canada as of 2021, with a city population of 1,017,449 and a metropolitan population of
1,488,307The headquarters of thederal government and the country's political center is Ottawa.
The city is home to a large number of foreign embassies as well as important buildings businesses,
and institutions of the Canadian government, such as the Parliament of Canada, the Supmeme Co
the Viceroy's residence, and the Office of the Prime Min{€&awa as the Seat of Government

- The Physical and Administrative Settinglouse of Commons Procedure and Practice, Third
Edition, 2017- Proceduralinfo- House of Commons of Canadad.) Ot t awa s spati al
as of 2020, consists of only 18% urban and fuplarea, 3% grassland, and 2% water and wetland.
Forests, whether needleleaf, broadleaf, or mixed, and cropland constitute 36% and 38%
respectively. The remaining 3% are shrublamt barren landsThe black administrative

boundaries in Figuré.3indicate municipalities and borough limitsthe city of Ottawa
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Figure4.3 The Administrative MuCGityadOtipveal i t 1 es 0

4.4.3 Montreal

The most populated city in the province of Quebec is Montreal, which is also the second most
populous city in all of Canada. The city is located 258 kilometers (160 miles) southwest of Quebec
City and D6 kilometers (22 miles) east of Ottawa, the nation's capital. The city was the second
largest city and metropolitan region in Canada as of 2021, with a population of 1,762,949
(Government of Canada, 20238hd a metropolitan population of 4,291,7@2overnment of
Canada, 201 Mlontreal is in the southwest of the province of QuebB&the meeting of the Saint
Lawrence and Ottawa Rivers, the city occupies the majority of Montreal Island. The Saint
Lawrence Seaway, a river passageway ¢banects the Great Lakes to the Atlantic, has the port

of Montreal at one end’he Riviére des Prairies to the north and the Saint Lawrence River to the
south define Montreal's geographic location. The city is named after Mount Royal -hehdssl

hill that rises to a height of 232 meters (761 feet) above sea level and is theataide
geographical feature on the islar& of 2020, he spatial occupation of Montreal is around 67%

urban and buitup area, 20% water, and 7% forests (needleleaf, brdadied mixed). The

72

B




















































































