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ABSTRACT

Although natural and environmental factors play a significant role in land transformation,
human actions dominate. Therefore, to better understand the present land uses and predict
the future, accurate information describing the nature and extent of shawgetime is
necessary and critical, especially for developing countries. It is estimated that these countries
will account for 50% of the world's population growth in the next few years. Hence, this
research was an attempt to assess and monitor laed doanges in Boane, Mozambique,

over the past 40 years and predict what to expect in the next 30 years. This district has been
challenged by a fagjrowing population and land use dynamic, with quantitative
information, driving forces and impacts remamimknown. Through a supervised process

in a cloud base Google Earth Engine platform, a set of five Landsat imagesyaaten
intervals were classified using a random forest algorithm. Seven land classes, i.e.,
agriculture, forest, butup, barren, rockyetland and water bodies, were extracted and
compared through a pixbly-pixel process as one of the most precise and accurate methods
in remote sensing and geographic information system applications. The results indicate an
active alternate between aland classes, with significant changes observed within
agriculture, forest and buHdp classes. As it is, while agriculture§.1%) and forest-(
21.4%) showed a continuously decreasing pattern, -Hopilcclass (45.8%) increased
tremendously. Consequentlyyer 69% of the forest area and 59% of the agricultural area
shifted into buildup, i.e., was degraded or destroyed. Similarly, the conversion of barren
land area (57.2%) and rock area (47.3%) into bugdindicates that those areas were
cleaned. The ovall classification accuracy averaged 90% and a kappa coefficient of 0.8779
were obtainedThe CAMarkov model, used to assess future land uses, indicates that build
up will continue to increase significantly, covering 60% of the total &mem this findng,

the land cover situation in the next 30 years will be critical if no action is taken to stop this
uncontrolled urban sprawl. An adequate land use plan must be drawn, clearly indicating the

locations for different activities and actions for implementati

Keywords: Boane;Land usdand cover; Change detection; Land transformati®oggle

EarthEngine; Random forest
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CHAPTER ONE

1. GENERAL INTRODUCTION
1.1. Background

Land is among other resourceme of the most valuable on earth, as humans rely on its use
for social and economic development, aindupports the biosphere of the surf§g8engh

and Preeti, 2017)lhis resource has been put under pressure by-grfastng population

that has increased andensifiedits use foragricultuml activities, industriakation, mining

and settlement§Halder et al., 2021; Nguyen et al., 2021; Talukdar et al.,;28&@0n and
Fazal, 201}

Projections of the world's population for 2050 indicate an increase of two billion people to
almost 9.7 billion, with more than 50% of the world's growing population coming from sub
Saharan countries, which will doub{®usetsho et al., 2021; Nations, n.dThis fast
growing populationwill reshape land use and land cover (LULC), sfanming it over time
(Talukdar et al., 2020Bingh and Preeti, 2017

As a consequence of thisansformation the interaction of the energy, water and carbon
cycles betweethe land and atmosphere will be disruptedisWill disturb the ecological
environment with impacts that go from increasing greenhouse emidsisong degradation,
affecting or being affected by the climdiissani et al., 2021; Tibebe et al., 2020)

Inspecting earth from space either by direct interpretation or mathenratclling has
proven to be an importat mechanisnfor understandinghe natural and anthropogenic
processes affecting the biosphere and environment, providingditimae information with
more precise and accurate results and giving atiemg view of their transformation and

impacts(Singh et al., 202Ifomaszewski et g12021)

Therefore, assessing and monitoring larseé has been a major concern for the scientific
community for the past century (Joshi et,a2016). Inrecentdecades, progress toward
creating robust methoder monitoring land use/covevas achieved witlthe introduction

of new remotely sensed dataachine learning and artificial intelligence approaches (Joshi
et al, 2016).



A range of models and algorithm®nwe developed and applied, with the common advantage
of reducing computation time processing data, allowing big data anahgassessing areas
with irregularor complex relief for ground truth data collectigGarcausto et al., 2022;
Wang et al., 2022\guyen et al., 2021The evolution of Remote Sang (RS) from optical

to active radiometrimstrumentdas increasethe use of those models at localgional and
planetary scale@CalderénLoor et al.,2021; Schulz et al., 2021)

However, few land assessments have been conducted in developing cqMguigsn et

al., 2021) Those conductedwere under census surveys by government institutions, as
independent bodies, covering large areas (nationategional scale).As such, the
information was collected using laborious and traditional methods, with time and budget
constraints and generally with different approaches and periods, not allowing the creation of
a national geospatial databd®¢ang et al., 2022\Nguyen et al., 2021; Oliveira et al., 2019

This research was undertaken in Boane, a southwest district of Mé&pownce,
Mozambique This district has undergone widespread economic development and a fast
growing population accounting for 5.22% increase in the last four decdtedional
Statistical Institute, n.d.)with information about land cover changéextend quantity,

direction and treny driving forces and impacts remaining unknown.

This was an attempt to demonstrate the value of earth observation data assessing changes in
land use land cover over 40 years (1980 to 2020), through a supervised processgle a Goo
Earth Engine (GEE) platformA set of five Landsat images with tgear intervals were
analysed to extract and compare seven land classes, i.e., agriculture, foresp, nate,

rock, wetland and waterbody, using a random forest (RF) algoré&thdpredict the future
(2050)usingCA-Markov model.



1.2. Problem Statement

According to Mozambique's national forestry inventory, native forests cover 43% of the
territory, mainly theMiombowoodlandswhich is rapidly depleting. From this, agriculture

has been considered the main driver of land cover conversion, with 65% aduiiey's

annual quota, followed by settlements at 12%, wood extraction at 8%, and wood fuel
consumption at 7% (Aquino et al., 20FA0, 2020;MITADER, 2016).From census and
projection reports (Table A.1, Figure A.1) by the National Statistical Instthegopulation

of Boane grew at an annual average rate of 4.57% over the last 40 years, accounting for a
total increase of 205073 inhabitants (5.22%). By 2050, the population is expected to more
than double, accounting for 328424 inhabitants (1.348dYlozambique, land is owned by

the statewhich recogrses the right of land usé &ndAct. Nr. 19/97), where transmission

by good faith or customary occupations (traditional) are most common, followed by
inheritance, state grant, purchase or lease (CCMi};ZD&dorovski et al., 2013¥%enerally,

this transmission is led by local leaders either in rural or urban areas, creating an
indiscriminate land occupation (Todorovski et a013) As this occupation does not follow

a formal zoning plan to allocate latalsocial or economic activities, such as infrastructures

or settlements, it is overweighing the land capafisglas et al.2021). Although Matule

and Macarringue (2020), assessing soil loss and vulnerability in Boane District,
Mozambique, identified 53% of the district as stablavith favourable or not vulnerable
conditions, special attention be given to the fgsbwing population rateas well as the need

to follow zoning plans, as crucial to maintain good practice and ensure sustainable land use.
Since no assessment was carried out to amalyis massive and indiscriminate land
occupation (Figure 1), which might have increased land transformation in Boane, this
research attempted to map and quantify changes in LULC over time and predict future use
scenariosThe findings will help the efforts to establish a development plan supported by
evidencebased solutions, which can improve the design of sustainable environmental

management strategjegod ecosystem and natural resource practices
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1.3. Research Questions

a) How doesLULC vary in extent and intensity over time and space in the study

area?

b) What have been the key factors drivibdLC transformation over the past 40

year®

¢) How will maintaining the current patternsldiiLC have a significant impact on

the environment in the futupe

1.4. Aim of the Study

This research aimed to demonstrate the value of earth observation data mapping the spatio
temporal dynamics of Boane, Mozambique, from 1928Q0. Using a random forest
technique, seven categories of LULC were extracted and analysed from the Landsat images
to identify and quantify natural and anthropogenic processes leading to land transformation

and their impacts. The results were used to predict future land use scémiaB0 years

1.5. Objectivesof the Research
To achieve the above aim, the following objectives were set:

a) Map LULC changesat tenyear intervals using Landsat data amaehdom forest

algorithm;

b) Quantify the directions and metrics of LULC change betweenifitssnages using

a change detection technique;
c) ldentify the natural and anthropogenic key facsiigting LULC changes

d) Predictscenarios ofuture LULC transformation between 2020 and 2050 using the

CA-MC model;



1.6. Outline of the Research

This research repodomprisessix chapters. The first chapter is the general introduction,
providing the backgroundhat supports the researcthe problem statemerdndresearch
guestions, aim and objective$ the researchThe second chapter tise literature review,
which discussgthe relevantiteraturerelating tothe research topic and thenain findings.
The discussion begins wigirinciples of land use land cover mapping, image classification,
and change detectiomhis chapter ends wiflatureprediction process and a broad overview
of the conceptual approach of RS and fundamentals for data capherehird chapter
presents the material and methods used in this reselm®tribng the study areadkS data
acquisition, sampling collection, image classification, accuracy assessment and change
detection techmgjues This chapter ends with description ofthe future predictiorprocess
The fourth chaptepresentsheresearch outputsutlining the statigics dataof the mapping
processthe dgorithm performancandpostclassification giving a view of the dynamic of
change over time.This chapter ends witthe resultsof future predictiors for the next 30
years. The fifth chapter discusses mhainfindings of the resultsanalysingand compang

the resultswith thoseproduced by other researchers. The last chapter (§xbi)des the

s t u dondusionssummarsingthe main findings and limitations of the research.



CHAPTER TWO

2. LITERATURE REVIEW

The early years dfULC analyses in Mozambiquweeremore qualitative, describing general
landscape characteristics based on community and stakeholder reports or witméestsss
years it became quantitativewith more comparative studiemalysing LULC changes
spatially and temporarily (Macarringue et al., 2020).

Since the independence of Mozambique (1975), several attempts to assess and monitor land
use land covewereputin placemostlyto estimate forest covarea atthemedium or large
scale.Under the national forest inventorjghose attempts have bet@ken successively

from 1980, 1994, 1997, and recently in 20t@sedon aerialphoto interpretation of small
plottedareas, controlled through extensiv@d works, and later wita visual interpretation

of satelliteimageg(Marzoli, n.d.; Mazalo, 2018; MITADER, 2018)

According to Macarringue et al. (2020) and Oliveira et al. (2019), as those surveys were
undertaken in different periods and using different methodolothey,are difficult to
compare and creat@ national spatial databaddence,the first approach to harmosa
proceduredo classify LULC maps was through the Africover projestder the Food and
Agriculture Organization proposalhenseveral African countries adopted the revised land

coverlegend and classification (Mazalo, 2018).

Thereforethe firstLULC reference mag(1997)wereproducedoased orthis approactand
were usedas comparative magdor many years by researchers assessing L{(M@&zalo,
2018).Among other attempt§)liveira etal. (2019) considered the development of WebGIS
Mozambique(2011) and Spatial Development Program (20fp&tforms as the most
relevant approachgaiming to systematically colle¢cirganse and publisispatial datafrom
both public and private sourcéihe availability of thiggeospatialata of the country to all
stakeholders creates an environment that eattidedevelopment of applications and tools

thathavehelpedlocal communities and industriéSliveira et al., 2019).

Despitethe emergenceand availability of earth observation datiae issue of monitoring
changes inLULC over timehas increasedseveralotherresearcherand studies have been

conductedecentlyusing the most advanced teatumesin RS and geographic information



systens, mostly assessing changes IdJLC, forest cover, mangrovesoil los and

deforestatiorat local, regional or national scale

2.1 Land Use Land Cover Mapping

As themain scheme to clai$g land use in official surveysf Mozambiquetheland cover
classification systerwas adoptedrom the Food and Agriculture Organizatipwhich has
threehierarchygroups of distinctiofJansen & Di Gregorio, 2008azalo, 2013. Thefirst
(initial), with two levels, represents the most aggregated classification group used for
regional and other larggcale applicationd/Nithin each initial level of distinctigrihereare

two moredetailedLULC classegsecondl, which compris€our levels of distinctioneach
deriving the third groupwith eightlevelsof distinction(Jansen & Di Gregorio, 2000

Land classification schemes typically address hathC, as they are terminologies used to
charactegee t he state of t he temturdl br@&ghropogematisor ap e,
(LaGro, 2005;Yadav et al., 2019). As of, land cover is associatéd physical material
observed onthe ear t hds s u usualyc wsed #ondescribes the biophysical
characteristics, includg vegetation, water, soil, rocks and other physasglectsYadav et
al., 2019;Singh and Preeti, 2017

Changes in land cover can betire form of conversion when the land cover completely
change from one type to another or by modification in which there is a subtle chiamige
the property of the class maintained(Joshi et al., 2016)On the other hand, land use
depends on howand ha been modified byanthropogenic activitiesvhich can be roads,
buildings and other constructed elements usually assogiitedconomic purpos€¥adav

et al., 2019)Land uses gabe changed by adopting, through expansion or by chatiggng

management system within a land use dlasshi et al., 2016

For instance,Dias (2015) compaed Spot 4 imagesof Marracuene districwith the
Mozambicarreference mapvhich usel theland cover classification systesmpproachused
by Food andAgriculture Organizatioyassessdchanges il ULC. Likewise Mazalo (2018)
compared withLandsat5 when mapping land occupatiam the same districtManteigas
(2009), timoughoverlappinghe reference map wittandsab images, assessed the potential

of satellite images monitoringULC in theMaganja da Costa district.



Additionally, other researchessiccessfullymapped_.ULC changes, usinthe most recent
technics in earth observation and geographic information sgstenich do notrely on
reference maps. MatubndMacarringue (2020), ursg Landsat8, ASTERandGDTM V2
images assessd the soil vulnerability ofBoane Oliveira et al. (2019)using Landsat8
within the GEE platform,mapped LULC on a large scale (MozambiqueMacaringie
(2022) usingthesame type of images and platf@&regionallymapped the northern region
of Mozambique.

2.2 Image Classification andMachine Learning Algorithms

There was always knk between progress iRS and the need for improved classification
algorithms to address the massive data produced. Hence, from aerial photo interpretation to
machine learning algorithms there was a giant stefhenmage classification process
(Halder et al., 2021; Majumdar, 202Amin and Fazal, 2012

One of the main objectives of classifying images is to transform data within pixel values
(capturedby the RSprocess) into thematic information, which can be useful to assess
changes or dynamics ¢imee a r t h 6 §Yadawet al.2019)eIn recentdecadesa number

of parametric and neparametricalgorithms such adbayes, kmeans, maximum likelihood,
random forestsupport vector machine, artificial neural network, were developuhg et

al., 2021 Joshi et al. 2006 There wa a transition from the classic and traditional methods
which require that data does not significantly deviate from the normal distribution curve, to
nontparametric machine learning algorithms, improving the precision and accuracy of image

classification pocesses (Wang et al., 20dbshi et al. 2016

In this regardTuzine (2011) mapped LULC in the forest of Inhamacari, Manica District,
Mozambiqueusing Ikono Il images and Fuzzy algorithm, and obtained a 55.5% accuracy
assessment and a kappa coefficient of (B#@res (n.d,)assessdthe relationship between
forest burning action and changesLbLC, using the maximum likelihoodalgorithm,
reached values of accuracy between 78% to.&afithermoreQliveira et al. (2019)using

the RF algorithm inthe GEE platform reached 76.23%ccuracy Similarly, Macarringue
(2022) achieved 80.93% accuracy amétappa coefficienof 88.08% when mapping at

national andegional scalg respectively



In Africa, Gudo et al. (2022) analysed the spagimporal dynamics of LULC changes in

South Sudan, with an average overall accuracy of 97.15 and a kappa coefficient of 0.954.
Nakamo et al. (2022assessed land cover changes in Tanzania with 97.16% accuracy and a
0.9547 kappa coefficient, Schulz et al. (2021) mapped land use in a heterogeneous landscape
in Niger with 72% accuracy, and Zvobgo and Tsoka (2021) assessed causes of the
deforestation i@ in Zimbabwe, with 91.25% accuracy and a 0.89 kappa coefficient. These
studies used the RF algorithm in a GEE environment, producing highly accurate land use

maps, compared to other researchers who used different classifier algorithms.

Although factors suclasRSdataquality, the selection cd precise classification process and
some sort of producer expertise was listethasnain drawback otheimage classification
process (Rwanga and Ndambuki, 201@ther major drawbacksclassifying imagesn
Mozambique, andther African countries are some characteristics ofmost settlements
areas,which are rural and informal with few aronzoning plars, house roa$ mainly of
straw, grass, sticks and stakas,well aghe rainfed agriculturgractsed by a majority of
household, which is mostly with vegetation removal ononconcentrated cultures

(Macarringte et al., 2020)

Thesephysial aspects affect the identification of feature objects in earth observation data
with medium resolution that are freelyailableand most used in developing countrgs;h
as Mozambiqudgeading tathe misclassificatiorof images either as barren lands, rock areas

or forest areas (savanndb)acarringue et al., 2020)

2.3 Change Detectiom and Land Transformation

The fundamental idea behind change detection is to evaluate the state of land features,
through image comparisons, at different tisteps(Lu et al., 2004)In this process, one is
interestedin identifying differences in the exténof observed landscape in time and
attributing those changes to a specific causeqgin and Nurlu, 200&vobgo and Tsoka,

2021).

In change detection, the classification process is considered effective and precise as it
specifies the magnitude of changes, rate of change and direction of chamgeamaalysis
is performed through a pixély-pixel comparisor{Bagarinao et al., 2020; Goswami et al.,

2022; Lu et al., 2004)'he ability to observe changes through classified images allows us to
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determine whether a land class has expdrtieir areal extent (increase) or reduced

(decrease)or either wayit remairs the samel(u et al., 2004)

From this statemeni, can beassumed that a land class can change from one type to another,
go through structural changes without changing its type, or even remain in the same state
(Singh and Preeti, 2017y herefore, change detection is mostly used statistical tool to
identify, quantifyand explain the amount of changed.idLC.

In their studies(zoswami et al. (2022), comparing algebraic and machine learning methods,
Thakkar et al. (2017) and Zaitunah et al. (2022)proving the classification of LULC
mapping land cover and vegetationpmbo et al. (2017), quanyihg landscape
transformation, Kesgin and Nurlu (2008), assessing land cover changes on the coastal zone,
Hassan et a[2016), assessing the dynamics of LULC change, and Amin and Fazal (2012),
assessing land transformation,sked change detection apostclassification method.

For example,Nkundabose et al. (2021), assessiiigl.C in a rural region of Eastern
Provincein Rwanda, applie®RSand geographic information systeta compaetwo images

of the same scene, takanhdifferent momerd to identify their differencesThey obtained
satisfactory information about land transformation esmbmmendethatother researchers
include socieecological analysis and other surveys to better understand the drivers for the

land coverchanges.

Amin and Fazal (2012), analysing land transformation in urban areas in Srinagar, India,
combined the use &Sdata and geographic information syssghrough a change detection
method, enabttthem to estimate the nature, extent and ratdJafC transformation. As

result, they witnessed rapid and laggale LULC changesand transformationThe
increasing urban population and seeimnomic transformatiowere identified as driving

forces of change

Change detection provides anderstanding of all the dynamics involved in the relationship
between natural phenomena and human actions. Among other factors, topography
conditions, droughts, floods, soil erosion and other natural phenomena (biophysics), or
deforestation, urbasation,demographics, social and economic conditions (anthropologic)

have been seen as the main driving force for land transformation.
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2.4  Land Use LandCover Future Prediction

In recent years, it has become common to moaiadiforecastfuture LULC patterns using
simulation and prediction mode{éburas et al., 2016)Hence, a variety of modelsave
been developedncluding but not limitedo the traditional CAwhich is based onythamic
assessments dfULC, and those relyingon quantitative data such a€C, Logistic
Regression, evolutionamrtificial neural networks and ageriased models, each with an
acceptable level of accurafiua, 2017; 8bedj 2013.

For example, as part of thelULC studies Aburas et al. (2017) integrated Analytic
Hierarchy Process and Frequency Ratios based on thRICAnodelling urban growth,

Tariq et al. (2022), Mishra et al. (2014) and Kesgin and Nurlu (2008), used Land Change
Modeler (LCM) and CAMC assessing and pretimy urban growth, Asadi et al. (2022)
comparedthe accuracy of ANN and CAMC simulating urban sprawly, Gharaibeh et al.
(2020) improved.ULC modelling using ANN and CAMC, Nugroho et al. (2018) used
ANN modelling urban growth, Alshari and Gawali (2022pdiluhammad et al., (2022)
used Molusce modellinpr LULC change all successfullypredicted the future of LULC.

Among thesemodels,the CA modelwas mostly used and one of thmost reliablefor
simulation and prediction. In addition to being easy to tlise,model can simulate any
complex pattern, has an open structure, is easily integrated with other models, and can
simulate both spatial and temporal pattgisuras et al., 2021Aburas et al., 20)6 The
drawback of tk model is the lack of producing quantity data, &nd difficult to include
physical and socieconomic driving forces (Aburas et al., 2021:shkrif and Pradhan,
2013).

To overcome this issue, this modelshHzeen integrated with a quantitative and spatio
temporal modelsuch as MC or combined with others, such asAhalytic Hierarchy
Process and Logistic Regression, to achieve accurate and realistic (&bulas et al.,
2016) By combining withthe MC model,the CA model adds spiail proximity and spectral
distribution to the observed elements, amsingthe probability areas created by M&an
forecastLULC spatial distribution over time (Asadt al, 2022 Aburaset al, 201§.

This hybrid model was successfully used by Merhej et al. (2022) to ptédli€@ changes
Gemmechis (2022) and Azizi et al. (2016éssessg LULC spdio-temporal dynamics,
Aburas et al. (2016; 2028ndAl-Khagani and Al (2022)simulating and predictingrban
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expansion, Liping et al. (2018)ua (2017)andAl-sharif and Pradhan (2013honitoring
and predicting LULC changeall achieved higiKappa Index of Agreement

CA-MC models have the advantage of not raqgirich data as they can forecast using
only historical data (at least two e r i imadjes.dNotwithstanding other factorssuch as
slope, aspect, population density and distance to facilti@esbe considerg@d\buraset al,
2021) Al t hough this model diogf@oesdoflULE charlgy, s e
it can playa significant role in processes of polioyaking, land use planning and natural
resource management, as it produces robust, reasonable and accurat@zsalsset al.,
2016)

2.5 Concept and Data Capture in Remote Seirgg

By combining a systematic and scientific approach of analysis and investiggton,
produces useful information in the hopes of solving past, current or future prqBleatts,
2013).The rationale behindsing RS data is to reduce the costs and time associated with
field data collectionmostly used in traditional campaigns assessing and proceabsing
eart hdés s ur {Shahtahmaseet#d2d)mat i o n

For decades, events affecting the earth's ecosystembeen a concern for planners,
ecologists and researchddoshi et al.2016).Since then, the development of precise and
accurateRS tools has led to the provision of reliable, powerful and valuable information
about natural conditions, allowingto assess and monitor their temporal dynarftiessan

et al., 2016).

Hence, there are a large numbeR&sources of information (Sentiihéandsat, Radarsat,
ASTER, STRM, MODIS, TRMM, etc,and each has its own use with a set of strengths and
weaknesse$Schulz et al., 2021). For examplehen et al. (202]1)Cissell et al. (2021)
Schulz et al. (2021andNguyen et al. (2021)sedSentinel 1 andSentinel 2 to assess and

map mangrove cover, maize areblL.C, and monitothe environmentrespectively

On the other handykundabose et al. (202ahdBagarinao et al. (2020) used Laatisnages
to mapLULC. Kusiima et al. (2022)Thiamet al. (2021), Gaur et al. (2028hd Tibebe et
al. (2020) monitoring land cover spactemporal dynamic of changes, Yesuph and Dagnew
(2019),Asadi et al. (2022)Halder et al. (2021and Dessu et al. (2020), assegsurban
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expansion or sprawling, arBingh and Preti (2017) assessing land transformation, all

achievedvery accurate results.

In MozambiqueAmeja et al(2022), Macarringue et g2020, 2019, 2022), Mazalo (2018),
Mucova et al.(2018) and Tuzine (2011), combined the use of Landsat with Sentinel
collection to assess land transformation mostly in protected areas (national parks and
reserves), monitor forest cover, soil qualities, always associated with relevant field work to

better understand thedriving forces and propose sustainable use planning.

One of the main shortcomings in data produceB®instruments is quality, which is greatly
determined by the sengoparameters. According to Schulz et al. (202&)en there is an
improvement in oaresolution parameter, either radiometric, spectral, spattamporal, it
is reflected in anothethus, affecting thanage$quality.

The phenological characteristics of vegetation cover, soil mojstioaid cover or
atmospheric conditions are another drawback associatedisiitg RS data.Most optical
sensors, including Landsare impacted by these conditions, particularly weather conditions

in tropical areagTomaszewski et al., 2021)
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CHAPTER THREE

3. RESEARCH METHOD AND MATERIALS
3.1 Study Area

The study aredFigure?2) is spread over BoanBistrict in the southwesterpartof Maputo
Province, Mozambique b et we e n 2362A22P0Njr&& liesbeteleen Maputo city,
Matutuine, Namaacha, Moamba and Matola districts, covering a total area of 820 square
kilometres (Sq.km) within aaltitudeof 200 to 1 mete (m) above the sea level.

Moamba
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Figure2. Geographic loation of the study area, its (a) regional andh@jonallocation,
and (c) height values extracted from the advanced spaceborne thermal emission and

reflection radiometer sensor data

15



It consists of two major administrative areas, Boane and MatolaaRgguth and north,
respectively (State Administration Ministry, n.@he relief is marked by highlands crossing
from north to south as part die Lebombomountainsthe borderline withthe Namaacha
district, and an altitude ranging from 200 to 25@ A transition area from medium to
lowlands is observed from west to east until the coastline, with an altitude of 200 to

(Macarringue et al., 2019

Geologically it is mainly composeaf basalt and rhyolites from volcanic rocks of the
Jurassic ageand eluvial floodplain clay ands from a more recent ag®atule and
Macarringue, 2020 The wegetation consists of extensive savannahs and a mosaic of
pastures and forests of mountain af@4sd ADER, 2016) The rainfall regime is unimodal,

with one peak bthe wet season observed between November and Marcimnaierpeak

of adry season between April to Octolfeterrmann and Mohr, 2011The annual avage
precipitation is 752 mm, strongly affected by the intertropical convergence, which modifies
the climateg(Herrmann and Mohr, 2011)

3.2  Data Acquisition and Processiig
3.2.1 Remote Sensg Data

To map and quantifthe spdio-temporal dynamics diULC between 198 and 2020, aet
of five LandsaimagegTablel) from thethematic mapper (TM3ensoifor theyears 198,
1990 and 2000, enhanced thematic mapper plus (ETM+) for 2010, and operational land
imagerand thermal infrared sensor (OLI/TIR®y 2020, wadreely downloadedrom the

United States Geological Surv8ySGS.gov | Science for a changing wirlgsing GEE

This research usetthe Landsat collection because tbfe long durationof data collection
(over 50 years), good multispectral andtgdaesolution (150 30 m), reattime resolution

of 16 repeated cycle days, freely availadohelthe most used for scientific research purgose
(Jombo et al., 2017Theimageswvereselected based ahe cloud cover conditiofless than

10% cloud coverusing a temporal filter between January to December of each reference

year,andclipped with the area of intergsttudy areapoundariesnask

To avoiddifferences in pixel size between images, a float function was applied to give the

same pixel size as theLOsensor (30n). All images were then converted to 32 bits to be
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exported from GEE and used in the Arc@lk2environmentin GEE, all critical butime-
consuming satellite image processing operations, such as radiometric and geometric
corrections, mosaicking, stacking and cloud cover filtenvagperformed quickly, as the

data are in a reaeyp-use format(Bhatta, 2013; Lefulebe et al., 2022; Nguyen et al.,
2021)By integrating robust data processing and analysis techniques, this platform enables
users to access, manipulate and assalynassive spatial data from multiple sour(i@katta,
2013;Ghosh et al., 2022Jguyen et al., 2021)

Otherremotely sensingata fromthe advanced spaceborne thermal emission and reflection
radiometer (ASTER3ensor, downloaded from Earth Explorer (EE), a USGS web page,
usedto extract theelevation values using thdigital elevation modgIDEM).

Tablel. Detailed characteristics of earth observation data, extracted_&odsathematic
mapper, enhanced thematic mapper plus and operational land imager and thermal infrared

Sensors
Year Path Row Spatial Sensor Date Acquired
Resolution

2020 167 78 30m OLI-TIRS 06 07 2020
2010 168 78 30m ETM+ 08 06 2010
2000 167 78 30m ™ 01 092000
1990 168 78 30m ™ 09 06 1990
1984 167 78 30m ™ 01 06 1984

3.2.2 Land Use LandCover Mapping

To mapLULC, seven classes (Table 2) representing features of intesstadoptedoy
adapting the third group ¢dnd cover classification system fraire Food and Agriculture
Organization and usd in official surveys in Mozambiquegs the mostiesegregated.e.,
agriculture, forest, buildip, barren lands, rock areas, wetlands and water b@idiesen &
Di Gregorio, 2000)

These classes were identified and differentiated uspegtral signatures, tone, texture and
pattern through oscreen digitalisatioiDigra et al, 2022; Gilani et al., 202Iherefore,
agricultual classintegrated in cultivated and managed terrestrial dexeed, andartificial

cover subgrougprimarily vegetated terrestrial grougvas consideredegetation that is
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planted or cultivated with an intent to harvedtere the natural vegetation has been removed
or modified and replaced by other types of vegetative cover of anthropogenic origin. This
vegetation is artificial and requires human ac#gtto maintain in the long ter@ansen &

Di Gregorio, 2000)Forest, inthe natural and sermmatural vegetatiotevel, and artificial

cover subgrougprimarily vegetated terrestrialjas considered areas where the vegetative
cover is in balance with the abiotic and biotic forces of its biotope. This class can include
sami-natural vegetatigrwhichis vegetation not planted by humans but influenced by human
actions(Jansen & Di Gregorio, 2000)

Wetlands within the natural and semmatural aquatic or regularly flooded vegetation level,

in aquatic or regularly flooded subgroup (primarily vegetated) describes thedeare
transitional between pure terrestrial and aquatic systems and where the water tably is usua
at or near the surface, or the land is covered by shallow @atesen & Di Gregorio, 2000)

The class of waterbodies, under natural and artificial waterbodies, snow and ice letred, in
aquatic or regularly flooded subgroupri(narily nonvegetated) refers to areas that are
naturally covered by water or due to thenstruction of artefactflansen & Di Gregorio,
2000)

Build-up, integrated ito the artificial surfaces and associated arkagl, artificial cover
subgroup(primarily nonvegetated terrestrialjyasconsidered areas that have an artificial
cover as a result of human activitiesich as construction, extraction orsiea disposal
(Jansen & Di Gregorio, 2000Bare lands, undethe bare areadevel, artificial cover
subgroup(primarily nonvegetated terrestripldescribes areas that do not have an artificial
cover as a result of human activities. These include areas with less than 4% vegetative cover
bare rock areas, sands and disseksthe ocks classs includedin the categoryof bare

lands, all characteriss are similafJansen & Di Gregorio, 2000)

Table2. Distinction at the third level of the Dichotomous Phase into seven major land

cover types

Land use land o
Description
cover class
Agriculture wheat fieldsprchards, rubber and teak plantations
extended vegetation areas, natural grown trees, ¢
Forest
pasture
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Land use land o
Description
cover class

id cities, towns, transportation, extraction (open mines
Bulld-up quarries) or waste disposal
Barren sands and deserts
Rock bare rockareas
Wetlands mangroves, marshes, swamps, bogs or flats
Water lakes, rivers, snow or ice, reservoirs, canals, artificial la

3.2.3 Training and Validation Sample Data

According to Tempfli et al. (2009), as strategy for sampling in LULC, it is recommended to
use simple random sample or stratified random sample methods. In simple random sample,
all training data are selected randomly with an equal probability of beiegteelbut
independent from each other, with no restriction on randomisé@Boncalves and Assis,

2007; Tempfli et al., 2009)

In stratified random sampling, éhstudy area is divided into strata (sareas) where the
simple random sample is applied in each stratum, with the sample size and restriction on
randomisation known (Gudo et al. 2022; Goncalves and Assis, 2007; Tempfli et al., 2009).

This research usedratified random sampling.

Nguyen et al. (202I)ecommend 50 samples per class when dealing with areas that are less
than 4000 Sqg.km or when there are fewer than 12 categories. Therefore, 1667 features
(Table 3) representing all seven classes were collected,wWiooh 1243 (75%) were used

to train the algorithm to learn how to perform the correspondence between each pixel value
with their class and classify images using a decision tree, and 424 (25%) were used as
validation datgNguyen et al., 2021; Chakraborty et al., 2013)

It should be noted that each sample features were derived from visual interpretations of
Landsat images at medium resolution (30m) and corrected using historicebahtion
(0.52m) google earth image&ccording to Gao & Song, (2022), Roy et al. (2010) and Puig

et al. (2002), using this approach, better results are obtained as one refines the other,

correcting errors.
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The universe was divided into mutually exclesiand noroverlapping classes to produce
separate and evenly distributed estimations, to increase the precision of the class
representativeneg&oncalves and Assi2007; Tempfli et al., 2009)

Table3. Total number of sample feature collecpeat land class, for training and
validation data in each reference year

Land use land Feature Collected
cover class 1984 1990 2000 2010 2020 Subtotal 2
Agriculture 34 46 50 47 54 231
Forest 50 50 46 45 42 233
Build-up 31 51 72 60 52 266
Barren 34 50 50 49 50 233
Rock 37 50 45 35 51 218
Wetland 50 50 50 44 42 236
Water 50 50 50 49 51 250
Subtotal 1 286 347 363 329 342 1667
Training Data 200 274 277 241 251 1243
Validation Data 86 73 86 88 91 424

3.2.4 Image Classification and Algorithm Selected

Through a digital image classification process, all reference images were classified based on
the texture and spectral signature of the feature objects in a supervised classification process
applying the RF algorithm (Puig et al., 2002). Taéisemble learnintechnique (RF) is a
nonparametric algorithm with multiple decision trees that randomly and systematically
label features from training data and conduct exadiglation of information (Calderéhoor

et al., 2021; Chen et al., 2021; Jheria et al., 2015).

As part of this integrated algorithm, twioirds of the samples are used for training (bag
samples), onthird is used for internal crosalidation (outof-bag samples) and bootstrap
samples are used to predict, generating indeperidgning sets in which features are
randomly selected from a decision tree by
(CalderénLoor et al., 2021; Chen et al., 2021; Nguyen et al., 2021).
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To improve the overall performance oé#tnsemblealgaithms, different hyperparameters
controlling the structure of the forest, each individual tree and the randomness, i.e., number
of trees, variables Per Split, min Leaf Population, bag Fraction, max Nodes and seed, must
be set (tuned) before running theaeb(Probst et al., 2019).

As recommended by Nguyen et al. (2021) and Bayas et al. (20¥,at leastwo tuning
parameters are required for each sample, i.e., the number of ttees)(rwhich is defined
by the userandthe number of features codsred for each tree when splitting a node (m
tree) (Obaid et al., 2023).

Similar to otherensembledanachine learning tuninghe remairhyperparameters in RF are
optional for the users as it was dnudilt-designed to produce good results with default
values, working perfectly to predict (Amusa et al., 2021; Bilolikar et al., 2023; Probst et al.,
2019).The challenge in choosing the optimal hyperparameters in most ensemble machine
learning is the availability of different spatial resolution remotely sgndata, as they have
different responses when calibrating a model (Song et al., 2018; Shao et al., 2012).

RF optimises the classification results and
the correlation among variables to quantify their intgmace (Song et al., 2018Jhis
algorithm RF) is widely used because it calculates and overcomes data disturbances in a

multi-dimensional dataset (Nakamo et al., 2022).

In this research 200 trees and 1667 feature points were used to traialgloeithm and
improve the correctness of the image classification. The remaining hyperparameter was used

as the algorithm's default values (Probst et al., 2019).

3.2.5 Accuracy Assessment

Accuracy assessment is a statistical tool mostly used to validateeghks of image
classification (Chughtaet al. 2021). It expresss the quality of the classification as it
compareghe results and reference déhguyen et al., 2021)The correctness of image
classification is obtained by assessing if the number of errorsajedeby the classifier
algorithm is between the expected confidence interval compared with another batch of

samples collected as reference or ground truth(dégaiyen et al., 2021asim et al., 20136
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Among othes, the confusion matrix or error matrix is the most common method to validate
the results of RS data, astiprovides complete information by computing changes that
occurred pixeby-pixel, considered the most precise proceduraniaccuracy assessment
(Chughtai et al., 202Meli Fokeng et al., 2020).

The main accuracy coefficients estimated from the confusiatrix were overall accuracy

and the kappa coefficienf{Meli Fokeng et al., 2020)Overall accuracy indicates the
proportion of reérence sites correctly mappédtdhis isexpressed as a percentageh 100%
beinga perfect classification and 0% the worst classificafideli Fokeng et al., 2020)
Overall accuracy is calculated by adding the number of correctly classified sites (values in
the diagonaline) anddividing by the total number of reference si{@hatta, 2013; Meli
Fokeng et al., 2020)

The kappa coefficien{Equation 1)is a statistical test used to measure the straightness
between the model used to predict the image classification, i.e., it evaluates how well the
classification was performed compared to just rarlgaamssigning valuegMeli Fokeng et

al., 2020 Bhatta, 201B

e l’\‘l'B Z B Z
LONN®

(Equationl)

Where:

N is the total number of sites in the matrix; R is the number of rawss the
number in row i and column & is the total for row I, andd is the total for

column L.

The kappa coefficient is representieda scale range of 0 to(Table 4) wherezeroindicates

that the classification was randbyntlassified, andneindicatesperfect agreement between

the groundtruth data and the image classifi@deli Fokeng et al., 2020Bhatta, 2013
Omission error, commission error, producer accuracy and user accuracy are other important
parameters that can be extracted from the confusion matrix, which can explain and sustain

analyses if the data were correctly classified onW&li Fokeng et al., 2020)

Omission error, usually referred to Bgpe | error is the number of reference data omitted
or left out from the correct classuring the classification process, while the error of

commission indicates how many sites were incorrectly classified in the(klaBsokeng
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et al., 2020)User accuracy, referred tor@iability, represents the accuracy viewed by the
map user, expressing how often the class on the map will be presented in the ground truth
data, and producer accuracy, which is the accuracy viewdlgebmap producer, indicates

how often the real features on the ground are correctly represented on the classified map
(Meli Fokeng et b, 2020)

Table4. Kappacoefficientvalues indicating the degree of agreement between the model

and classification process

Straightness
Kappa Value
Agreement
<0,20 Poor

0.21-0.40 Fair
0.41-0.60 Moderate
0.61-0.80 Good
0.81-1.00 Very good

3.2.6 Change DetectionAnalyse

According toLu et al. (2004, to get good results when performing change detgctio

should provide information on area chadgee., themagnitude of chang@&quation2) from

which the percentage of change (&tjon 3) andrate ofchange(Equation4) are derived

The magnitude of change indicates the degree of expansmntraction in the size of a

land use class, where negative values represent a decrease in class size and positive values
an increas€Goswami et al., 20225udo et al., 2022Bagarinao et al., 202(,esuph and
Dagnew, 2019)

A=C B (Equation2)
+ ZpTT (Equation3)
2 — (Equation4 )
Where:
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(A) is the amplitude of changéC) is therepresent area dhe final image;(B)
representshe area of thenitial image;(K) is the percentage of change in a class;
(R) is the rate of changend Q) is the time interva{Yesuph and Dagnew, 2019)

Other importantneasurementsan be computed from change detectguthaspersistence,
gain and loss total changeswappingand #solute net changeyhich helps to give the
direction of change of each land cover clasnéja et al., 2022Gudo et al., 202Z)essu et
al., 2020;Gaur et al., 2020; Yesuph and Dagnew, 2019).

As a result ofthe changedetectionanalyss, a matrix (from 7 to) is generatedvhere the
values on the diagonal line indicate the unchanged pixels (avgdsh is the persistence.
Gains represent theifferencebetween the total column class and persistence, whilésloss
the total row and persistence. Tothlange is a sum of gain and loss, and swapping is the
difference between total change and¢tenge Thedifferencebetweerthe percentages of
change onhefinal image andheinitial image is the net changPessu et al., 202 esuph

and Dagnew, 2019)

3.2.7 Population Growth and Land Transformation

To understand thpopulation dynamic throughout the study period, a set of demographic
indicators (Table A.1, Figure A.1) was calculated. By adapting Chel (2023), Calka et al.
(2022) and Behera et al. (2018), the annual growth rate (Equation 5) was calculated and used
to quantify the average number of persons per 100 inhabitants that annually changed between
intercensal intervals. The net increase (Equation 6) was calculated as the absolute population
change between two measured periods, while the growth percentage (Eqyates the

relative population change. Other indicators were the annual increase (Equation 8),
representing the number of inhabitants per year, and density (Equation 9), derived by
division of the population with the district area in a masked file, aad as the number of

inhabitants per spatial unit
Y a&E— T4 (Equation 5)

0Q o p ol (Equation 6)
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C2

(Equation 7)

0Q —— (Equation 8)
o — (Equation 9)
Where:

(R) is the annuafirowth rate, (R-1) is the population in the final year,njRs the
population in a previous year, (T) is the number of years between two measured
periods, (Ni) is the net increase, (P) is the percentage of growth, (Ai) is the annual
increase, (D) is thpopulation density, and (S) is the study area surface

As the anthropogenic actions dominate land transformatiargrieelation analysis was
performed using a Person6s test (Equati on
(Equation 11)usinga data analysis tool and scatter plot in Microsoft Excel (Land et al.,

2023; Kafy et al., 2021)'he main objective performgncorrelation and regression analysis

was to evaluate the relationship between adesiving population with changes in LULC

and to test how this relationship is statistically significant for the overall changes observed
(Tran et al., 2017)This will addessthe issue oidentify the natural and anthropogenic

factors shifting LULC

The correlation values indicate that two variables are strongly correlated when they are very
close to positive one (+1), which is a perfect positive correlation, i.e., ingease variable

will increase the other (Land et al., 2023; Tibebe et al., 2020). Contrarily, when the values
are close to negative on€l), there is a strong negative correlation between the variables,
i.e., increasing one variable will decrease thewotRor values near zero (0), either positive

or negative will indicate a weak or no correlation between the variables, i.e., one variable
cannot explain the other (Land et al., 2023; Tibebe et al., 2020).

The regression analysis indicates the statissicadificance of the correlation (Land et al.,
2023; Tibebe et al., 2020). These statistical tools (correlation and regression) are widely used
to measure the correlation between two variables and to determine how changes in one
variable might affect anoén (Land et al., 2023; Tibebe et al., 2020; Tran et al., 2017;
Bernales et al., 2016).
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m @J - (Equation10)

W 0 (:)00 (Equationll)

Where:

(J) is the <corr el at Kasrhe stgndacdevjation, &) is he c o

the dependent variable, (a) is the intercept, (b) is the slope, (x) is the independent

variable, and (U0) is the error

These tools have been extensively used to measure the correlation between population and
the increase of land surfacenmperature, increase of urban hit island and other purposes
(Bernales et al., 2016; Kafy et al., 2021; Sarkar & Patra, 2022; Tran et al., 2017).

3.2.8 Land Use LandCover Future Prediction

The futureof LULC was predictedising CA-MC, which is a hybrid methothat combines
MC and CA modelsin TerrSetsoftware(Asadi et al., 2022)To forecast, the MC model
produces quantitative prediction incorpoiag the spatiotemporal dynamic created by the
CA model, thereforeCA-MC is an integrated method,here one model complements the
issue of anothefAl-Khagani and Al, 2022Aburas et al., 2021; Aburas et al., 2D16

The MC process is ruled by random distributmobability, i.e, is stochastic and discrete

in both, time and state (Gemmechis, 2022; Liping et al., ;284i8i et al., 201§ This model
guantitatively predicts the future state of an event according to the state of one current or
past event throughtaansition probability, giving a temporal dynanfil -Khagani and Al,
2022;Gemmechis, 2022;iu and Zhang, 2022; Tariq et al., 2022).

The model computes the transition likelihood (&tion12) of two qualitative LULC images
takenat different periods, (t) and (t+1), and evalsaggiantitatively the change dynamics
and temporal variation, producing a matrix of areas \ithrobability of change (P
(Equations13 and14), without considering all the event histgil -Khagani and Al, 2022
Azizi et al., 2016).

S (t+1) = R * S(t) (Equation12)
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Opp Opc 0
Pi=0gpUcq UK (Equation13)
VP V&L LEE
(0O<R <1 and OE E phHBE pRtt8 1 (Equation14)
Where:

S represents the states of the system, (t) is the time instant, (t + 1) is the coming

future time instant(P;) is the matrix of transition probability in a state.

By crosstabulation two productsaregenerated, the transition argaich are the number

of pixels that are expected to change over a specific number of units predetermined (years),
andthe transition probabilitywhich is the probability that each state will change to every
other statgTariq et al., 202 From thke matricestherow refers tahe LULC status andhe
transferring out situation dheinitial state (t1)while columns are the status and transferring

out situationon the end state (t+{)Merhej et al., 2022)

Whereasthe CA model (Egation15) adds the spatial proximity and spectral distribution to
the observed elements, using the probability saraated bythe MC model to forecast

LULC spatial distribution over timeApuraset al, 2016;Asadiet al, 2022).
S (t, t+1) &a (S (t), N) (Equationls)
Where:

(S) represents the states of discrete céi)is the time instan{t + 1) is the coming
future time instant(N) is the cellular field, an@) is the transition rule of cellular

states in the local space.

Therefore, hrough nstep inthe CA-MC model, an output file (matrix) of transition and
probalility change between 2028nd 2050 were generated to simulate LULC prediction

over 30 years (2050). As input dateglassified image of 2010 arahaher of 2020 were

used as earlier (t) and later image+1), respectively The gap period between them (10
years) was used as the time period, while the forecast period (30 years) was used as the time

period to projecGemmechis, 2022).

To keep the background areas of the images as thethayayere given a zero value (0.0),
from which any value multipliethy them will remain zercand considered those areas as
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background. The normal proportional error of 0.15 (15%) was assigned as maximum
likelihood (Gemmechis, 2022Sabree Ali et al., 2020

For theCA model, the LULC classified image of 2020 was usdti@sase year, from which

files of transition areas and transaction suitable in{pgebability) produced by MC for
2020to 2050were addedThe number of cellular automate interaction was considered 30,
the same as the number of projected years, and a contiguity filter with a kernel size of 5*5
pixels was used to create spatially explaontiguous weighing factors so that pixels far
from the existing landse class have a lower suitability than those near it (Azizi et al., 2016;
Subedi et al, 2013).

Through a multiobjective land allocation procesthe weighted suitability mapsere
created, from which allocations to future lamske change and conflicts on allocation are
solved by giving a cell weighted #ee highest suitabléor a particular landise class (Subedi
et al, 2013).

To validate theresults of thanodel, a forecast map @020 (simulatedjvascreated based

on LULC classified maps of 2000 and 2010, which were compared with existing classified
maps of 2020 through a Kappa index of agreement (KbA9achednto Kno, Klocation,
Klocationstrata and Kstandard (Gemmechis, 2622, 2017 Al-sharif and Pradhan, 2013
Since all KA statistics values were above 90%e nodel was considered suitabiepredict
future LULC for 2050 (Subedi et al, 2013)

3.2.9 Ancillary Data

As ancillary datashapefiles ofadministrative boundaries, roads and railways, riaers
geologymays wereclip andused todelineatethe study areaas backgronds and reference
data,to compareand explain theesults oimage classificatiofHalder et al., 2021 All data

used in this research weaséigned with the reference data (study area) @rertednto
universal transverse mercator projection system, 36 south zone, and datoird gfeodetic
system 1984 to avoid any error that could cdrom image distortior(Halder et al., 2021
Bhatta, 2013 This information was obtained from the NatibrStatistical Instituteand
processed usinGEE (image selection and classification), ArGis 10.2 (mapping and change
detection), TerrSet (futures prediction) and Excel (correlation analyse, tabulation and

graphic production), all licenced by The Univéysf the Witwatersrand
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3.3  Workflow Process
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Figure3. Methodological scheme describing the image classification process and stepwise

forecasting with the Cellular Automakdarkov Chain models
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CHAPTER FOUR

4. RESULTS

This chapter presesmthe outputs of tis researchThe statisticsof temporal mappingsing
the RF algorithm wherethe analysigs made within classes in a specific yesinowing
dominant, increased and decreased classeaitlined A postclassificationanalyss to
identify the major LULCtrends andtransitiors was performedising ArcGIS 1@, giving
an ovewriew of the dynamic of changen time. This chapter ends withutputs ofthe LULC
future prediction for the next 30 yearsvhich were forecasted using a @AA modelin
TerrSetsoftware

4.1 Land Use LandCover Mapping

To analysepatterns ofLULC, five mapsof years 1984, 1990, 2000, 2010 and 20&@ére
preparedisingthe RF algorithm throughasupervised proces$hestatisticaldata(Table 5

Figure 4) summarse the state otheimage classificatiorprocess For the 1984 reference
year, forestwasconsideredhe dominant class covering a total are818.7Sqg.km shaing

39.7%% of the total aredlhis classwasfollowed byagriculture accountng for 218.2Sqg.km
(27.1%), bare lands at 99.5 Sq.km(12.4%), wetlandsat 81.1 Sq.km(10.1%), rocks with
74.5S0.km(9.3%) and waterbodies with 89.km(1.1%). The smallest area obserweeds
thebuild-up class with 2.35q9.km(0.3%).

In 199Q forestsincreased+4%) and continuesto bethe most significant land class with
355.6Sq.km (44.2%) of the total areawhile agriculturedecreased-5.3%) to 175 Sqg.km
(21.8%), but remainng the second major claséhere was a shift ieenbarenlandsand
wetlands with the lastbeing the third most significant classveing a totalarea of 126.1
Sqg.km(15.7%), an increasef (+ 5.6%). Thisclasswasfollowed by rock with 84.15q.km
(10.5%), barren 325q.km (4%), buildup 16.6Sq.km (2.1%) and watembodies with15
Sqg.km(1.9%).

As of 2000,althoughthe foreststarted todecreas€-8%) it remaired the most significant
class encompassing 291S2.km(36.2%) of the total area, followed by agricultyrehich
slightly increased+0.2%)to 1771.1Sq.km (22%). For this year, bild-up was the third
largestclass with a totadreaof 94 Sq.km(11.7%6), changing with wetlandsvhichwas82.5
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Sqg.km(10.3%). The smallest classes werarten landsvith 74.4Sq.km(9.2%), rockswith
68 Sq.km(8.5%) and watewith 17.2Sq9.km(2.1%).

In 201Q the statistics indicatg that forestcontinuel to decreasé¢-5.3%) but wasthe most
significant class with 248.8q9.km representing @%b of the total area. The second class
was bare landvhichincreased (+14%¥hangng with the agriculture clss with a total area
of 184.85q.km(23%). Build-up area follovedwith 123.2Sq.km(15.3%), rock and wetlands
with 81.5S9.km(10.1%) and 79.1Sq.km(9.8%), respectively At the bottom agriculture
decrease@13.7% and waterbodesincreased+0.5%) endng up with a total area of 66.6
Sqg.km (8.3%) an@0.8Sq.km(2.6%), respectively

The patternof LULC changed in 2020 witla hugeincrease(+15.7%) of built-up areas
accounting for 370.789.km which was46.1% of the total areandthe most significant
class. This class wdsllowed by forestwhich decreaset12.699 to a total area af47.20
Sqg.km (18.3%), barrenlandsat 114.91Sq.km (14.3%), rocks at 101.7%5q.km (12.7%),
wetlands at 48.385q.km(6%), water at 13.089.km(1.6%), andagriculturedecreased-
7.3%)to a total 0f8.28Sqg.km(1%).

Table5. Area covered per squakdometresof the selected land class, for each reference
year (1984, 1990, 2000, 2010 and 2020)

Land use land Area insquare kilometres

cover class 1984 1990 2000 2010 2020
Agriculture 2182 175.0 1771 66.6 8.28
Forest 319.7 355.6 291.2 248.4 147.20
Build-up 2.3 16.6 94.0 123.2 370.78
Barren 99.5 32.0 74.4 184.8 114.91
Rock 74.5 84.1 68.0 815 101.75
Wetland 81.1 126.1 825 79.1 48.31
Waterbody 9.0 15.0 17.2 20.8  13.08
Total 804.3 804.3 804.3 804.3 804.3
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4.2 Land Use LandCover Dynamic

The analyss of each class over 36 yediable 6;Figure5) shows thatlthough forest was
the most significant land cover class with the largestiaraémostall reference yearddur

out offive), it showed a continuolysdecreasing patterA decreasé-21.4%)was observed
during the periogwith significant changes g observed between 1980d2000(8%) and
2010 and 2020 (12.6%)and aslight increase of 4% observéxtween 1984nd 199Q
accountingo an overall net loss 6.72.5 Sg.km, ending with 18.3% of all the area (147.20
Sqg.km).

In the same periodagriculture which wasthe second most significant class in 1984
decreasetly -26.1% with major changes being observed between 20@2010(-13.7%)
and 201(and2020(7.2%) accountingor atotal lossareaof -209.9 Sqg.km, ending with 1%
(8.28 Sqg.kmf the total arealn contrastthe build-up class which wasthe least significant
class in 1984 (0.3%) of the total areaconsistently increased betwe&f84 and 2010
(15.03%)to a total of120 Sq.km. During the last decade, a hugeeaseof 30.7% was
observed, encompassing 2473&bkm, thus achieving a total 868.4Sg.km (45.8%).

The remaiing classes showed a floating pattern with increase and decrease awbmbs
significant changes observed between each interval year during thesapafy®d.In this
regard, barren landvhich was 12.4% of the total area in 1984, showed a net increase of
10.6% in the following years 1990, 2000 and 2010, which were followed by a decrease of
9% in 2020, ending with 14.3% (114.9 Sq.km) of the total &eaks which was 9.3% in
1984 ended with 12.7% in 2020, with a slightly decli&84) observed in 2000.

Wetland which was 10.1% of the total area in 1984, floated with an ingmantof 5.6%

in 1990, anddeclined by5.4% in 2000. This class remathsteble in 2010 with a value of
9.8%, declining 4%) in 2020, ending with 6% of the total area. Waterbody also floated
between 1.1% (1984) to a maximum of 2.6% (2010), showing an imyeaxl decreasing
patterrs of less than 1% during trenalysisperiod.
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Table6. Land use land cover area comparison, their share within classes, between two sequential reference yE298,(19842000,
20002010 and 20142020)

Land use land covarea tiange(Square kilometres)
Land use land

cover class  1984- 1990 Share 1990- 2000 Share 2000 2010 Share 2010- 2020 Share
(%) (%) (%) (%)
Agriculture -43.15 -5.36% 2.08 0.26% -110.52 -13.74% -58.30 -7.25%
Forest 35.98 4.47% -64.48 -8.02% -42.78 -5.32% -101.17 -12.58%
Build-up 14.22 1.77% 77.42 9.63% 29.25 3.64% 247.55 30.78%
Barren -67.52 -8.40% 42.33 5.26% 110.46 13.73% -69.90 -8.69%
Rock 9.57 1.19% -16.07 -1.99% 13.44 1.671% 20.30 2.52%
Wetland 44.92 5.59% -43.56 -5.4%  -3.38 -0.42%  -30.81 -3.83%

Waterbody 6.00 0.75% 2.28 0.28% 3.51 0.437% -7.68 -0.95%
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