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Predicting future land use and land cover change in the Virunga National Park

By:Mads Christensen

Abstract

The United Nations 2030 Agenda for Sustainable Development and the Sustainable Development Goals
( S D Gpyesents a roadmap and a concerted platform of action towards achieving sustainable and inclusive
development leaving no onebehind, while preventing environmental degradation and loss of natural
resources. However, population growth, increased urbanisation, deforestation and rapid economic
development has decidedly modified the surface of the earth, resulting in dramatic land cover vlidciges,
continue to cause significant degradation of environmentabatts and threaten planetary boundaries.
order to reshape policies and management framewo

paramount to understand the driving mechanisms of land use changes and determine future patterns of change.

The Virunga National Parids located in thesurrounding areaf the contentioudlorth Kivu provincein the
north-eastern part of the Democratic Republic of the Cangthas been the scene of neanstant conflict,
exploitation and extreme poverty. Whitentributing to the livelihoods of millions of people in one of the
most densely populated regions in Afriedforts to conserve this globally significant ecosystem and its
catchment areas is threatened by uncontrolled agricultural expansion, natutateesxtraction and
deforestation. Thus, the Virunga National Park catchment has experienced significant lanthanges

which continues to undermine, not just the integrity of the national park, but the foundation of millions of

livelihoods who deperglon its ecosystem services.

This study aims to assess and quantify future land cover changes in the Virunga catchment by simulating a
future landscape for tHeDG targetyearof 203Q in order to provide evidence to support dassed decision
makingpre e sses conf or mi ng t o tThestudyefalaws sixesegqaemtisisps:(d)f t h e
Creation of three land cover maps from 2010, 2015 and 2019 derived from satellite imabasd (@ange

analysis by crostabulation of land cover mapg3) Sub-model creation and identification of explanatory
variables and dataset creation for each varigidleCalculation of transition potentials of major transitions

within the case study area usimgchine learning algorithmé) Change quantification argrediction using

Markov Chain analysig6) prediction of a 2030 land cover.

The model was successfully able to simulate future land cover and land use chardygsarids andjoes

on to conclude that agricultural expansion and urban developmentisegpec t o0 si gni fi cantly
forest and open land areas in the next 11 y@aessibility in terms of landscape topography and proximity

to existing human activities are concluded to be primary drivers of forest cover change. Drawing on these

conclusions, the discussion provides recommendations and reflections on how the predicted future land cover



changescabe used to support and under pi n pandthe3030f r a me

Agenda for Sustainable Development.

Keywords: Land cover modellingRemote Sensing, Machine Learning, Sustainable Development Goals,

Virunga National Park.



Stimuleringpgimplementeringaf verdensmalentr baeredygtig udvikling

Forudsigelse afenfremtidige arealanvendelseMirunga National Paek
Af:Mads Christensen

Resumé

De Forenede Nationers 2030 dagsorden for baeredygtig udvikling bg\derdensmal (SD&)emlzsegger en

klar kareplan og en samordnet handlingsplan for at opmaezabaeredygtig ognkluderendeaudvikling, som
samtidigforebyggermiljgforringelse og tab af naturressourcer. Men befolkningstilveekst, gget urbanisering,
skovrydning og hurtig gkonomisk udvikling har sendret jordens overflade, hingkegsulteret dramatiske
eendringer i areahvendede sonfortsat medfarer en betydeligrringelse af miljget og dets naturressourcer
og saledes truer planetens gkologiske balarféa. at omforme politikker og ledelsesrammer i
overensstemmelse med SB@eer det afggrende at forsta drivmekanismedrag de processeom forarsager

negativesendringer i arealanvendelsen.

Virunga National Pagner beliggende &t omstridt omrade i den nordlige Kiyprovins i den nordgstlige del
af Den Demokratiske Republik Congm denhar veeregenstand for naesten konstianflikt, udnyttelse og
ekstrem fattigdomPa trods af at omradet bidrager til millioner af menneslarsbrad i en afle mest

taetbefolket regioner i Afrika, er bestreebelserne pa at bevare dette globalt vigtige gkosyltmeegpmrade

truet af ukontrolleret landbrugsudvidelse, naturressourceudvinding og skovrydning. Saledes har Virunga

National Parknoplevet betydeligeendringer i arealanvendelse og udnyttelse af naturresscawoefortsat
underminererikke kun natiomalparkens integritet, medevegrundlagetor de millioner af mennesker som er

afhaengige af dets gkosystemtjenester.

Dette studie forsgger kvantificereomfanget afremtidige aendringerarealanvendelse i landskabet omkring
Virungaved atkonstruere en ndel som karsimulereet fremtidigt landskab foéir 2030. Eftersom 2030 ogséa
udgRBr m-1 et for i mpl ement er i nge mt uaderste8eD daialmserede
beslutningsprocesser i overensstemmelse med e3B43' malsaetningStudie¢ falger seks sekventielle
komponenter (1) Skabelseaf tre landlaekkdort fra 2010, 2015 og 2019 afledt af satellitbilleder; (2)
Landeendringsanalyse ved tveergaende tabulering af landdeekkekottie(@ificering og oprettelseaf
undermodellerog forklarende varialer og oprettelse af datasekir hver variabel; (4)dentificering af de
drivende transitioner i arealanvendelse indenfor studieomv&diebrug af maskinindleeringsalgoritmer; (5)

Kvantificeringog forudsigelse ved brug af Markov Chain analyseS(6juleing af landdaekket 2030.

o

Modellen opndede med succes at simulere fremtidige eendringer i arealanvendelse og konkluderer at

landbrugsudvidelse og byudvikling forventes at reducere Virungas skovomrader og abne/graesarealer

betydeligt i de nzeste 11 ar. Tilgaetighed med hensyn til landskabstopografi og naerhed til eksisterende

menneskelige aktiviteter konkluderes at vaere de primaere drivkreefter bag eendringer i skovdaekket. Pa



baggrund af disse konklusioner giver diskussionen anbefalinger og overvejelser omm ldegimulerede
fremtidige aendringer i arealanvendelse kan bruges til at understgtte udviklingen af de politiske rammer for at

opna SDG'erne og 203tagsordenen for baeredygtig udvikling.

Nglgeord  LanddeekkemodelleringlordobservationeMaskinleering, Verdnsmaleneyirunga National
Parlen
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1 Introduction

Established in 1925 as the first National Park (NP) in AfricaVingnga NP is located in the Albertine Rift
Valley in the eastern part of the Democratic Republic of the CdAgdersen, 2018)Along with the
MgahingaGorilla NP in Uganda and the Parc Nationale Des Voloafvanda, Virunga is part of a triangle

o f NhRdénwsal Africaprincipally designated in order to enhance conservation efforts to protect the critically
endangered mountain gdeil(Gorilla Beringei Beringdi (Kayijamahe, 2008)The park covers an area of
790,000 hdUNESCO, 2019)and besidekosting majority fragments of the last remaining habitat suitable
for the mountain gorilla,hie multitude of variety in nature and climate variables, with large lakes, open land
savannah, vast forest areas, sromvered mountain tops and erupting volcanalso provide critical habitats

for a great variety athe other large speciesf mammals we associate with AfriAndersen, 2018)or this
reason, the park was inscribed as a United Nations (BMyational, Scientific and Cultural
OrganizatiofUNESCO) World Heritagsite in1979 However, the NRs located in one of the most densely
populated regions in St®aharan Africawhich has been the scene of prolonged political turmoil and social
conflict (Rainer et al., 2001)ausing severe pressure on the ecoklgintegrity of the landscape and its
biodiversity. Moreover, the rich volcanic soil and high rainfall within the Virunga NP catchment makes it
highly suitable for agriculture, and thus an attractive opportunity to underpin subsistence and commercial
farming operationgKayijamahe, 2008)

The rapidly increasing population has significantly increased the demand for natural resources (land, water
energy, food, etc.), causing ragahd clearing for agriculture and grazing, removal of plants for different
purposes, including artisanal mining operations, and house bu{Raiger et al., 2001Besides the efforts

of authoritiesto protect the integritpf the NP, and avoid land intrusion and habitat degradatithin the

park it continuesto be threatened byivil unrest illegal activities land conversiorand encroachment,
livestock farming / grazing of domesticated animalglespread depletion of forests in the lowlands and a
massive influx of 1 million refugees occupying adjacent aofake park(UNESCO, 2018)Militia leaders

and prospectorare threatening the borders of the park in search for the vast deposits of diamonds, gold,
uranium and other coveted minetathile thevast influx of destute refugees res@to poaching and charcoal
production resulting in further fragmentation and degradation of the forest landégagdersen, 2018)in

fact, the majority of the total population of nearly 6 million people in the surrounding province of North Kivu
rely entirely on charcoal for their cooking needs, and an estimatedainaer of thischarcoal is sourced

from the Virunga catchmenmost of it illicitly from within the NR'Yee, 2017)

Thus, the region is highly important, bo#cologicaly and economiglly, and the conflicting demands for
sociceconomic development while maintaining the ecological integfithe NP has underpinned the need

to ensure continued conservation efforts and sustainable natural resource management in order to safeguard
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critical biodiversity and habitat, while preserving the foundation of the livelihoods for millions of peojgle. Th
agenda is fortified through the UN 2030 Agenda for Sustainable Development and the 17 Sustainable
Devel opment Goals (SDG)6s which were adopted at t
concerted actiorto pursueeconomic developmentvhile enswing social inclusion and environmental
sustainability, on the basis of good governaridee SDG framework provides a comprehensive agenda
through which to mainstream policies and derive targeted actions for addressing core sustainability challenges.
Howev\er, the ability to target policies and actions to address conservation issuegyusliimgeconomic
development and prosperity, leaving no one behind, is hampered by lacking scientific evidence and data to
direct and support informed decision making.

In order to derive targeted policies and actibmssupporteffective land use planning, managent and
ecological restoratot onf or mi ng to the requirements of t he
underlying processes of chan@eping et al., 2018)Up to date information oourrentland cover and land

use provides criticahformationwhich can be used to underpin decisinaking processes, while modelled
predictions about plausible future land use/land c@k&l.C) scenarios providéndications of potential
trajectories and thus a platform for identifying interventio@hanges irfland use and land cover can be
described and projected through the use of land change matiédd can be used to explain and assess the
dynamics of land coveand broader system chan@éational Research Council, 2018patial land change
models thus provide platforms for exploring potential future ages, which can be used to guide land use

decision makingnd planningdNational Research Council, 2014)

The purpose of the study is to assess and quantify past and plausible future Emdlarse cover changes

and dynamics within the Virunga case study area. The primary analysis will be guidelddmga analysis of
classified satellite imagery to quantify past changes, and the development of a land change model, applying a
coupled machine learninrgvarkov Chain approach, to derive a future land cover prediction for the year 2030.
The aim is to asss the plausible future evolution of the landscape within the Virunga case study area and
address an existing data gap in order to provide evidence to suppebdathdecisicmaking processes

conforming to the requirements of the SDGO6s.

1.1 Problem staterant and research questions

While several authors have already successfully applied predictive land change modelling to support land use
management and decisiomaking processes.e. Gibson et al., 2AB; Guerrero et al., n.d.; Shade & Kremer,

2019) athorough literature review indicates that such an approach has been applied in just a few case studies
and hence it is necessary to explore further cases in order to assure its applicability fferesslandscapes.
Therefore, a remote area in Africa within the Virunga NP is targeted. This study aims to apply remotely sensed
data, geospatial and modellitapls to detect, quantify, analyse, gddictfuture land changm theVirunga

NP and itsinmediate vicinity.
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Main hypothesis and esearch questions

The study is framed around the hypothesis that there have been significant land cover changes within the study
area, primarily caused by deforestation due to encroaching activitiesagpidnd expansion. The study will

test two main assumptions:

1. Itis possible to remotely monitor and model a case study in Africa using a combination of remotely
sensed data, Geographic Information System (GIS) tools and modelling techniques for shelying
dynamics of the land cover within the study area

2. There has beerandif unchecked andnregulatedwill likely continue to be significant land use/land

cover changes within the study area.

To assist the implementation of the main research framework and to guide the ahalysikwing research

guestionsvereposed

1 Have there been major land cowhanges within the study arigethe last 10 yea®sAnd if so, what
kind of land cover changes?
1 What has the spatial extent of the land cover change been and which areas have experienced the highest
rate of changes?
What are the major driving forcestird these changes?
What will the extent of land change bg2030?
How can the future land cover prediction for the Virunga study area be used to support and underpin

policy frameworks towards achieving the SDG6s?

1.2 Study area

The Virunga NP is located i@entral Africa, in the Eastern part of the Democratic Republic of the Congo, on
the border with Uganda and Rwanda. It is located in the equatorial zone, witAlbéhtine Rift, of theGreat
African Rift Valley (UNESCO, 2019)In this study, Th&/irunga NP and its immediate vicinity was included

in order to fully assess of the Niie landscape dynamics of the entire Virunga catchment. This was considered
critical in order taexplore socieeconomic changes, primarily in the form of urban developraed cropland
expansionoutside of the NPand assess how these land cover dynamics could potemmipige conservation

efforts and sustainable land management planning

The study areas can be seen froRigurel below, covers #otal of 1481km? of which 777%m? is within

the Virunga NP.
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Figure 1 Study area around the VirungdP in the Democratic Republic tfie Congo(The data on the boundary lines of the Virunga
NP has been downloaded frfiNEP-WCMC & IUCN, 2019)

As briefly outlined in the introduction, the area is characterized by an astonishing diversity of landscapes and
biotopesand the varying topography lends itself to host more unique habitats tharthanyNP in Africa,

ranging from swamps and steppes to the snowfields of Mount Stanley at an altif,t@9ofi, and from the

lava plains to savannand the steppes of the low land plains at thedéé&te many volcanogdJNESCO,

2019)

The Northern pd of the Virunga NP is characterized ligh mountains, containing the third, fourth and fifth
highest peaks on the continent of Afr{€rawford & Bernstein, 2008Y he mountain massif is mainly covered

by montane forests, howevyeasropland intrusion, particularly in the Western flank is also dominant as
agriculture is the mainstay of the livelihoods in the reg@rawford et al., 2008)The central part of the park

is dominated by Lake Edward which borders Uganda to the East. Smaller cities and villages are scattered along
the coast of the lake, while open land and cropland characterize the hintddlatiiccecenty the lake was
considered Africabés most productive for fisheries
however widespread poaching and overfishing has changed this, threatening the ecological balance of the

ecosystem and the livelibds of the people depending oif@rawford et al., 2008)l'he Southern part of the
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park is characterised by a series of active and extilcanoes, includintlyamulagireandNyiragongaoin the
southwest, which are two of the most active volcanoes in the Woriawford et al., 208). In 2002,
Nyiragongoerupted, resulting in the displacement of thousands of people livitng nearby city of Goma
(Crawford et al.2008) The volcanic landscape in the southern sexpsists mainlpf dense, humid montane
forest within which the mountain gorilla resiierawford et al., 2008 However, the majority of the people
in the region, including the main city of Goma, rely exclusivahycharcoal for their energgnd thishas
translated intdntense pressure on the nearby fore&tsording toCrawford et al(2008) 24,000 hectares of
forestis needed to satisfthis demand, and much of it comes from the paskihe old growth trees in the
montane forests produce charcoal that burns longer and hattanding to theNVorld Resourcesnktitute
(2019) thetotal forest cover Wthin the NP has been reduced by approximada¥km? in the period from
2001 to 2018

1.3 Background

Understanding the drivers and dynamicsL&fLC changeis imperative in order to develop sustainable
management strategies and policies and make informed planning dec@ianges in.ULC affect a wide

range of environmental parameters, including soil erosion and accretion, hydrological balance, bjodiversit
climate, all of which are factors that ultimately impact and drive societal wellbeing and influence the
sustainability of local livelihood¢Zadbagher & Becek, 2018The land cover changese driven by an
assembly of difference anthropogenic and natural processes operating at diffeieteéraporal scales, each

of which are driven by one or more variabl@adbagher et al., 2018Jhe variables also referred to as
explanatory variables, are drivers of the observed changksypically consistf a range of biophysical and

socioeconomic criteria.

The ability todetermine the @gnt to which the drivers contribute to futlr&LC changes is fundamental in
order tomake accurate predictioaboutfuture LULC scenarioswhichis vital in order to underpin and inform
management decisions and interventions. Lidh@ngemodelsaim to pedict or simulate the future behaviour

of environmental and social systein order tosupport the analysis of the causes and consequences of land
use dynamicgMishra et al., 2014)While LULC models are a simplified representation of complgramic

and nonlineasocioeconomic and natural structyrbey are useful for determining plausible ways of how the

future could potentially unfol{Noszczyk, 2018)

LULC changemodels consisbf various methods aiming to aid the understanding of the spatial relationship
betweenthe historical change of land cover and their drivévieiyappan et al., 2014 he selection of the

right method is a reflection upon the goals aimisaof the research questions and is a critical component of
the model construction proce@soszczyk, 2018) No model is able to comprehensively model all aspects of
reality (Noszczk, 2018) and thus the selection of an appropriate method is subject to compromise, capability

and resources available.
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According to literature, the following LULChangemodel typesareidentified (Noszczyk, 2018)

Agentbased models
Economicsbased models
Cellular automata

Artificial neural networkgANN)

Markov chains

= =4 =4 4 4 =4

Models based ostatistical analysis

In this study, a MultiLayer Perceptron (MLP)eural networks trained taanalyse the empirical relationship
between historial change and the explanatory variables, or drivers of change, in ordetetoninethe
transition potential of each pixel to change into another land cover(Masset al., 2014)A Markov Chain

is used to derive future scenario predictiorssdd on the amount of historic change and a projection of the

transition potential into a future state.

1.3.1 MLPneural network

A neural network is a type of computatiofraimework for a collection of interconnected units or nodés(
called neuronsr percetrong which ains to mimicthe human braifyang, 2010) An MLP neural network
consistsof multiple layers of nodesnterconnectedo the next node téorm a feedforward neural network
(Beysolowll, 2017). The stronghold of neural networks is their ability to retaterepresentation of a training
dataset to that of an output variable in order to make a pred{@romwnlee, 2016)As an MLP is a feed
forward neural network, data flows in one direction, from a set of input layers, throagit orore hidden
layers which are sets of computational nodes, to a setnoputation/output layel&ibson et al., 2018)he
nodes are linked by a web of connections which are applied as weights, anepadpacjation algorithm is
used to train the network iteratively by spreading errors from the output layer to the input layer by adjusting
the value of the weights iorder to minimise the error between the observed and predicted out®itssn

et al., 2018)The backpropagation algorithm which is used to train the model is the key distinguishing feature
of anMLP, compared to a single layer perceptfBhP)model(Beysolow Il, 2017)This algorithm is enabled

by introducing hidden neurons and it allows the learningrilgo to alter the composition of the network
based on a trial and error framework, by separating error by each node in the G¥amgrik2010)

The standard multilayer perceptron (MLP) is a cascade of silagier perceptrons. There is a layer of input
nodes, a layer of output nodes, and one or more intermediate layers. The interior layers are sometimes
called "hidden layers" becaaghey are not directly observable from the system inputs and o(fRasd,
Reed, and Marks 2014, page 31)

An MLPO&6s capability to | ear mumbergbheddenh fayers and hodes) amde t wo

on the parameterisation of the model (i.e. learning rate, momentum factor, sigmoid value and number of
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iterations). The performance of an MLP modebassessed by a precision value expressed icgrgr and
networks that are too small tend to be unable to identify the internal structure of the data, resulting in lower
accuracies, while networks that are too large tend to overfit théGlaton et al., 2018Pverfitting can occur
when the algothm produces a mathematical relationship between the observed changes and a set of
explanatory variables, which fits the details of the calibration dataset but fails to represent the more general

principles of changes that extkto other times and plac@dational Research Council, 2014)

Figure2 below,shows an example of an MItRiined with a baclropagation algorithrwherehidden neurons
are introduced between the inpayer(x1, X. and x) and the outputyer (01, 0z, and @).

hidden layer

input layer

output layer

Figure 2 Structureof an MLP neuralnetwok (from (Beysolow I, 2017)

MLPO6s are suitabl e for @townkes 20i6andy usinghiddep mearansg vehich o n |
affect the output of the modehey can be used fanodellingcomplexnonlinear relationships allowing them
to better handle Boolean XOR proble(@gysolow II, 2017)

1.3.2 Markov Chains

Named afteAndrey Markova Makovian process sa stéichastic process in which the conditional probability
distribution of future states of the process, given the present state and all past states, depends only upon the
present stat@(Sammut & Webb, 20100ne of the moswell-knownMarkovian processes called Markov

Chains, which a discrete timeseries of different states with transition probabilif@ammut et al., 2010)n

a Markovian analysis of land class changes, a matrix is derived in order to represent changes between land
cover categoriegNoszczyk, 2018) Assuming that the pace of changes in time and the change itself is
stationary meaning that the rates of change observed during calibration (T1 to T2)weihrthe same during
simulation (T2 to T3)the matrix represents the likelihood of a land class to transform into another category,
i.e. meaning thafive land classegesult in 25 possible chang@doszczyk, 2018)This procedure determines

the amount of land which is expected to transition from the tder to the prediction date, based on a
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projection of the transition potentials into the fut(kéishra etal., 2014) An example of a Markov Chain

transitionprobability matrix is illustrated ifable 1 below.

Tablel Transition potential matrix>ample (Mishra et al., 2014)

LU/LC Agriculture Vesetation Serubs Fallow Waste Built Water River
Class land Er ) i land land up area bodies bed
Awl’;:{';“” 10000 0.1429 (L1429 0.1429  0.1429  0.1420  (.1429  0.1429
Vegetation 0.3979 0.2812 0.0657 00992 00628 00669 00142 00122
Scrubs 03211 03091 0.0627 01027 00639 01005 0.0244 00156
Fallow land 0.3199 03032 00642 00932 00669  0.073 00228 00226
Waste land 0.2475 0.2221 0.0542  0.0863  0.1066 0.1047 00950  0,0838
Buill-up 0.1612 01876  0.0849 01118 00552 03714 00151 00128
L:’; SE:L 0.2690 0.2585 0.0697 01117 00797 01015 0.073%8  0.0360
River bed 0.2469 02237  0.0559 00881 01055 01114 00896 00789

1.4 Land cover classification

The abilityto provide a synoptic view over large areas and map land cover and land cover enange f

the strongholds of satellfgased remote sensifigodriguezGaliano et al., 2012)

Scientists and practitioners have made great advancements in improving existing and developing new
advanced methods for multispectral image classification in order to improve accuracy and processing spee
(Kulkarni & Lowe, 2016) There are many methods for land classification, spanning the range from
unsupervised clusterirajgorithmsto nonpamametric machine learning algorithnirior knowledge about the

area of interest is not needed when conducting an unsupervised classification, as these algorithms form clusters
of pixels based on the statistical properties of each pixel. Supervised ciigsifi, however, are dependent

upon training data (grourduth) which can be collected from existing maps, fieldwork observations or high
resolution satellite imageAl-Ahmadi & Hames, 20095 upervised classifications determine the relationship
between each pixel and the spectral signature defined in the training ddta arelerto attain the best
classification results, training data selection and segmentation need to be carefully cor{Sibizrei
Morgenroth, 20I). The selection of appropriate land cover classes (e.g. forest, cropland, urban areas) and
careful consideration of stratification needs (i.e. subdividing urban into residential, industrial, fringe, etc.)
reflecting the objective of the classificatieend usemirrors thetraining data needs for the supervised
classifier. Thus, the size and quality of the training data sample are key issues when planning for a supervised
classification(Maxwell et al., 2018)For machine learning, the rule of thumb is that the minimum number of
training samples should be 10 times the number of variables land dlstsseeell et al., 2018)In order to

assess the performance of the classifireoption is towithhold a certain proportion of the training data, i.e.

30 %, and use this subset tettthe classification accura¢ylaxwell et al., 2018)An alternative gproach is

to use the entire training dataset for training and derive a separate dataset to assess the performance of the

classifier.
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Machine learning has received much attention in recent years, largely due to its ability to improve efficiency
and accuragc and handle data of high dimensionality and map classes with highly complex characteristics
(Maxwell et al., 2018)Several machine learning methods are still relatively immature and experimental (e.g.
extreme learning machinesd deep convolution neural netwojkfhowever a range of methods have long
been welestablishedrad adopted by the scientific community as mature methods, including Support Vector
Machines §VM), singleDecision Trees¥T), boostedDT6 ,sArtificial NeuralNetworks (ANN), knearest
neighbour (kNN) and Random ForesfMaxwell et al., 2018)

Random Forestisave received considerable attention in recent ydaesp itsrobustnesdhigh classification
accuracy anceasy parameterizatipmnd it is welestablished as one of the most efficient classification
methodsof satellite imageryGislason et al., 2006; Kulkarni et al., 2016; Maxwell et al., 2018; Ming et al.,
2016; Pdetier et al., 2016)

1.4.1 Random Forest

Random Forestby Breiman (2001)s a supervised learning technigbased on trees classifiers. Itas
ensemble classifiewyhich means that uildsa nf or e st dgeesoehch of /ltich makes rtheirt own
classification by usg a random bootstrap sample select{dfing et al., 2016) The idea behind combining
multiple decision trees to produce ensembles is that a group of weak learners together form groups of strong

learners, to increase predictive performance.

Bootstrapping isa randomization techniguehich helps to generate several subset datasets from a single set
of data, by randomly choosirtije samaumber of observations as the original data set, but with replacement
(Suthaharan2016) This way, each subset dataset will have the same number of total observations as the

original dataset, howevesome of the observations are repeated due to multiple selections in the subsets.

Each tree in the ensemble is formed by the bogstréh subset datasets, where approximately 2/3 of the data
is used as traininfin-the-bag), used for classificaticend the remaining 1/3 is used for validat{ootthe-

bag) (Kulkarni et al., 2016)The outthe-bag validation datés used to get a classification error score while
trees are added to the ensemiblee training data is used to create multiple decision trees which ultimately
makes inlependent classification votd3uring the decision phase, eaicklividual tree classifies the input
data, and the findRandom Foresbutput class label is based on the majority of votes within the ensemble
(Suthdaran, 2016)
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Figure 3 Random Forest flowcharaflapted fromHarris and Grunsky (201%)

1.5 Toolbox and technology

A variety of different tools, software components and programming languages was utilized in order to frame
the overall analysis and methodology. This section will provide a brief description of the software components,

cloud platformsand programming languages used in the study.

1.5.1 Terrset

Developed in 2015, Terrset is an integrated sucessor of the ID™ ™

7

GIS and Image Processing software, first conceptualized by ClI e C‘;:n}'

Labs in 1987 Https://chrklabs.org/aboul/ It constitutes deature Sa'i’,""i;f“d{‘ g
1001 Sl'y

rich software system which incorporates IDRISI GIS and Im: .‘ ‘m*'*gr

f 5

. , . £°
Processing tools and offers a wide constellation of tools focuse :

o . . . - N o

oY d g Wal

monitoring and modéng of the Earth system for sustainab ?ﬂer;lcle'; _ Jd‘:/)rr)d‘[

developmen{Eastman, 2016a) ﬁfﬁ%ﬂﬁﬂf

g ﬂl!‘
n Geo§| s ‘;f
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The full constellation of the programrimeludesmodules and prossing tools for:

GIS analysis

Image processing

Land Change modelling

Habitat and biodiversity modelling

Reducing Emissions from Deforestation and forest Degradation (REDD) planning
Ecosystem services modelling

Time series analysis

=A =4 =4 =4 =4 4 -4 =4

Climate changadaptation modelling

Terrset supports both raster and vettased analysis and processing, howgther mainstay of the modules
focuses on rastdrased analysis. This is largely due to Terrsets main analytical focus on remotely sensed data,
which native gucture is raster based.

Version 18.31 of the Terrset software package was utilised in this study.

1.5.1.1 Land Change Modeler

The primary tool applied in this studyaaalyze lanecover changanddynamics is the Land Change Modeler
(LCM) modulewithin the Terrset toolbaxBy crosstabulating change between two separate land cover maps,
representing different time steps, LCM can model the empirical relationship between the land cover changes
and a st of explanatory variables, to make a prediction of future land cover scenarios.

Change Analysis l Transition Potentials I Change Prediction l Planning | REDD Project |

Land Change Modeler
for Ecological Sustainability

= T W7

{ 4
Y| LCM Session Parameters

Y| Change Analysis
_¥| Change Maps

_¥/| Spatial Trend of Change

Figure 4 Land Change Modeler working environment
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1.5.2 ArcGIS

The main software used in this project for datagraressing and visualization is ArcEt8 Desktop version

10.6.1. ArcGIS is a GIS system developed by the Environmental Systems Research Institute (Esri) and includes
ArcMap which provides several powerful tools for displaying, analyzing, and creating GI&E8&h 2019)

Furthermore, ArcGIS includes ArcCatalog which is particularly useful for browsing GIS data, viewing and

managing metadata, creating and managing geodatabases, etc.

1.5.3 Google Earth Engine
Google Earth Engine, established in 2010, is a-bad®ed cloud procdsg platform and satellite data

repository that provides globtime series satellite imagery and vector data and access to software and
algorithm for data processirigtumar & Mutanga, 2018)The multi-petabyte analysieeady datacatalogue
includingsatellite imagery sted in the public data archiviecludes historical earth images dating back more
than forty yeargGorelick et al., 2017)Besides the collection of raw unprocessed sateltigery, Google

Earth Engine also provides access to various satblised products, including indices, compaosites, elevation
models, land cover data, etc.

Data from theearth Engine servers can éecessed using the JavaSchkipsed Google Earth Engitrgernet
accessible application programming interface (APThe Earth Engine (EE) Code Editor, available

from code.earthengine.google.cpisiaweb-based interactive development environment (IBE)the Earth

Engine JavaScript API, which all@users to create and run custom algorithms to retrieve and process data

rapidly in the cloud.
As illustrated inFigure5 below, the IDE includsthe following component&OOGLE, 2019)

JavaScript code editor;

Map display for visualizing geospatial datasets;

API reference documentation (Docs tab);

Git-based script manager (Scripts tab);

Console output (Console tab);

Task manager (Tasks tab) to handle loumgning queries;
Interactive map query (Inspector tab);

Search of the data archive or saved scripts;

=A =4 =4 4 -4 -4 -4 -4 -

Geometry drawing tools
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Script manager Get a link (URL) to the script
Save the script

Run the script Help button

API documentation
Search for data

¢ Imports

Task manager

Asset o
Manager EE:.”.‘: Console output
oe Lz rViarghy
::55.“.,,..“ § o dmen T ] Inspect locations,
G . iy dml 3 : i : _ PR— pixel values,
eometry—» ‘- | 3. v objects added to
Tools e T R N . the map

won e Map. o L teyermanage

.....

Figure 5 Components of the Earth Engine Code Edigoyrce(GOOGLE, 2019)

1.5.4 JavaScript

JavaScript is a lightweight, interpreted, objedented programming language, best knowmm@esof three
main pillars in web developmeiaiong with HyperText Markup LanguagéHTML) and Cascading Style
SheetdCS9 (MDN, 2019) It is atextbasedand clientside programming languagehich is primarily used

to make a webpage more interactaral responsive to the occurrence of a particular €¥DN, 2019)

In Google Earth Engine JavaScript commands can be used in the IDE to acquire, process and analyse geospatia

data inputs.
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2 Methodology

The methodological framework utilized in this studypredict the future landscape around the ViruNga

was developed using a variety of different toalsd the theoretical framework outlined in sectio® The

workflow is illustrated inFigure6 below and thenethodology followsix sequentiatomponents;

P W N PF

network;

Creation of three land cover maps from 2010, 2015 anfl @&rdved from satellite images;
Land change analysis byosstabulation & land cover maps;
Submodel creation andientification ofexplanatory variables and datasetationfor each variable;

Calculation of transition potentiatd major transitions within the case study awsag an MLP neural

5. Change quantificatioand prediction using Markov Chain analysis, aocueacy assessment of the

model performance by cresemparing the predicted land cover map for2@4th the actual 204

land cover map;

6. Prediction of a 2030 land cover

|

¥

Markov Chain
analysis

Determine sub-

model
transitions

(MLP) 1

Multi-layer
Perceptron - H“

:

Allocation of
change

o B

Validation/accuracy
assessment

2019 land
cover

}

Predicted 2030

land cover

Transition
potential maps
per land class
transition

Figure 6 LCM workflow to predict land cover chgein Virunga in 2030
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In this section, the methodology applied in this study to derive land cover predictions for the year 2030,
conforming to this sequential stepwise approach is descAllediatasets were either created in, or reprojected
to, aReseau Geodesique de la RDC 20056Zone 18 (EPSG:4051) projected coordinate syseritablefor

use inthe Democratic Republic of the Congo

2.1 Land cover classification

Google Earth Engine providescloudbased platform for accessing and processing large amounts of both
current and histora satellite imagery, including those acquired by the Landsatd Landsa8 satellites. The
advantages of seamless integration of archived, angrpoessedagellite imagery, along with a powerful
cloud processing platform made Google Earth Engine an ideal platform for conducting the land cover

classification.
The land classification in Google Earth Engine is compo$edveral different steps;

1 Choosing an gmopriate satellite imagery datasitjng the objective of the study.
1 Define land cover classes and collgaining data to train the supervised classification algorithm.
1 Developing a JavaScript code to acquire, process and classify the satellitey ibzesgel on the choice

of classification algorithm

2.1.1 Satellite imagery

In this study, three land cover maps were needed, one for 2010, 2015 8nd<BE National Aeronautics

and Space AdministratioNASA)6 s Landsat s a t aechived andefreely mvaitabld@lathsets a n
covering the entire study period with high resolution (30 m) multispectral imagery, these were selected for this
study.Google Earth Engine providastegratel access tanalysisready(already geometrically correctad

orthorectified, surface reflectandeandsatdatafrom the Tierl collection®

For the 2010 land cover map, tiedata from the LandsatEhhanced Thematic MappdETM+) sensor was
selected, while tiell data from the Landsat@bservation Land Imagé®©LI) was chosen for the 2015 and
2019 land cover maps. The Landsat 7 sensor has been in operation since E8andrormable2 below,
the images contain 4 visible and na#rared bands (VNIR), 8hortwave infrared (SWIRbands, thermal
infrared (TIR)band and @anchromatic bandhe Landsat 8 sensor has been operative since 2018 iadis

5 VNIR bands, 2 SWIR bands, 2 THands apanchromatic bandnd a cirrus band.

1 For further information on Landsat Collection 1 productsttps:/www.usgs.gov/laneresources/nli/landsat/landsatollection1?qgt
science_support page leted con=1#giscience support page related con
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Table2 Key characteristics of Landsat&

Sensor Spectral bands Wavelength Ground
(e m) pixel size
(m)
Landsat 7- ETM+ Band 1- Blue 0.450.52 30
Band 2- Green 0.520.60 30
Band 3- Red 0.630.69 30
Band 4- Near Infrared (NIR) 0.77-0.90 30
Band 5- Shortwave Infrared (SWIR) 1.551.75 30
Band 6- Thermal 10.4012.50 60
Band 7- Shortwave Infrared (SWIR) 2.092.35 30
Band 8- Panchromatic .52-.90 15
Landsat 8- OLI Band 1- Ultra Blue 0.435-0.451 30
Band 2- Blue 0.452-0.512 30
Band 3- Green 0.533-0.590 30
Band 4- Red 0.636- 0.673 30
Band 5- Near Infrared (NIR) 0.851-0.879 30
Band 6- Shortwave Infrared (SWIR) 1.566- 1.651 30
Band 7- Shortwave Infrared (SWIR) 2.107- 2.294 30
Band 8- Panchromatic 0.503- 0.676 15
Band 9- Cirrus 1.363- 1.384 30
Band 10- Thermal Infrared (TIR) 1  10.60- 11.19 100
Band 11- Thermal Infrared (TIR) 2 11.50- 12.51 100

2.1.2 Collecting trainintyalidationdata

As afirst step in preparing a training dataset fa land classificatiorthe definition o nomenclature of land

cover classes fitting the objective of the study needed to be defined. For this study, the primary objective was
to predict changes to the forest cover, and thus an elaborate definition of several land cover classes was not
needed. Acordingly, the 5 mainland cover classes in the area of intemrgtenough to ensure a sufficient
representation of the spatiotemporal variety of land cover changes and identify the primary drivers contributing

to forest change dynamics.
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The five land cwer classes were identified as;

Foresti afforested and primary forest areas.

Water 1 lakes and rivers.

Urban areasi developed residential or industrial areas, roads and urban fringes.
Cropland i planted or bare crop fields.

a > wnh e

Open land/grasslandi areas with sparse vegetation, characterized by open grasslands, bare soil or

volcanic ash.

To train and validate the larabver classifications, @ferencdraining dataset was collected within the study
area.As reviewed in sectiod.4, the minimum samples for machine learning based algorithms to perform
optimally shoull be at least 10 times the number of land cover classes. Thus, in this case, the training data
samples should be at least 10*5=bhesereference training datasets were collected by drawing polygons and
clicking points within the Google Earth Engine mateiface, on top of individual pixels or areas identified

as belonging to one of the 5 classes by visual inspection. The reference maps for the sampling of the training
datasets included time series of Landsat 7 images (2012 land cover map) ssetigsod Landsat 8 images

(2015 and 2019 land cover maps) as well as Google Eartirésghution images. The Landsat imagesav

added to the map layer user interface as both a true colour (RGB) and false colour composites. The true colour
composite representse surface as the eye would see it, while the false colour compoiséaces the spectral
difference of vegetation patterns by replacing the red band with a near infrared band which as high reflectance
values for vegetatiorzrom the collection of traing data polygons and points, a subsanpE00pointswas

used to train the model. An additional point dataset consistifg individually sampled points was collected

and used for validation. The validation dataset (i.e. ground truth) was samphpthediighresolution images

in Google Eat.

The two Landsat compositeereused as the main reference for the sampling of the training data by visually
inspecting each area, howeyeach sample unit wasibsequentlgrossreferenced with the higtesolution

dataset in order teubstantiate whether the sampling unit feasibly belongs to that Thessrossreferencing

for the 2019 training data was easily facilitated through the integration of currentesightionsatellite
imagery from 2019, within the map interface of Google Earth Engine, allowing for seamless integration with
the two composite images. However, as Google Earth engine does not integrate histenésdiigion
imagery, crosseferencing for the 21D and 2015 training datasets was resolved by comparing sample units to
the highresolution images archived in Google Eario, for each of the two year$able 3 provides an
illustration of the training data collection method, as well as an extract of the final classification based on the

training data sampling within that area.
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Table3 Training data collection for each of the five landsses and extracts of final classification based on training data

True colour image False colar image High-resolution image Classification

1:
Forest

Water

Urban
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True colour image False colar image High-resolution image Classification

Cropl
and

Opén

land

2.1.3 Landcover classification within the Google Earth Engine IDE

In order to create the three land cover maps, three individual seepeprepared within the Google Earth
Engine IDE, one for each of the three yedise JavaScript source code for the 2019 lanekcclassification

is included inAppendix A

The first component of the script wasitoport the area of intere§fOl) as table data, which is the Earth
Engine equivalent to a dataset in a Shapefile format. Secdndippty containerfor geometry collections
for the training datasetsereimported as variables. Subsequendl\loudfree composite of satellite images
wasimported using the JavaScript code illustrateBligure7b e | ow. T hma § kw@lgdnérdias@ 6
cloud and a cloud shadow mask for the impottaddsat collection. Furthermore, within this function, the

Normalized Difference Vegetation IndéXDVI) wascalculated, using the foua 0 ‘O ® 'O————, and

added to the band collection of the satellite image compdsiteNDVI was added to the band collection to
enhance the contribution of vegetation in the spectral response for the classifidgdt@wariable

d 8 c ol | importsithe baédsat 8 (Landsat 7 for the 2010 land cover map) satellite image collection and
filter the collection on the basis of image date, boundaries (within AOI) and cloud @0&& %) and
ultimately applies the cloud maskifignction. As the area of interest around the Virunga mountains generally

Page [19



have a high percentage cloud cover, each of the three land cover images were filtered on the basis of satellite
images acquired in the previous 2 yedrdr e v atr @ satbilcrestegda dloud free compositem the

satellite image collection, usiregmedianreducer to derive the median values of each band in the stack, over
time, and clips the composite to the AOhe composited and clipped Landsat collection is ultimately added

as map layers, as a false colour (line 21) and true colour (line 22) composite. The two congasgesith

a highresolution reference satellite imagere subsequently used to create geometries for the trainirsgdata

(as detailed in sectidrejl! Henvisningskilde ikke fundet.).

* Imports (6 entries) B

var forest: Feature 8 (GeometryCollection, 1 property)
var water: Feature @ (GeometryCollection, 1 property)
var city: Feature @ (GeometryCollection, 1 property)

var cropland: Feature 8 (GeometryCollection, 1 property)
var Openland: Feature 8 (GeometryCollection, 1 property)
var ADI: Table users/icemads,/A0T

v wwww

1 //For Landsat surface reflectance product cloud masking

2 v function maskclouds(image) {

3 var cloudShadowBitMask = 1 << 3; // cloud shadow

4 var cloudsBitMask = 1 << 5; // cloud

5 var ga = image.select('pixel qa');

6 var date = image.get('system:time start');

7 var mask = ga.bithiseand(cloudShadowBitMask).eq(®)

8 .and(qga.bitwiseAnd(cloudsBitMask).eq(8));

9 var ndvi = image.normalizedDifference(['B5','B4"']).multiply(166608).rename( NDVI');
1@ return image.addBands(ndvi).updateMask(mask).divide(100808).set( " system:time start',date);
11 )

12 //Landsat 8 image collection

13 wvar L8collection = ee.ImageCollection('LANDSAT/LCES8/CA1/T1 SR")
14 .filterDate('2017-01-01', '2019-83-23")

15 .filterBounds(AOI)

16 .filter(ee.Filter.1t('CLOUD COVER', 35))

17 .map({maskclouds);

18 print (L8collection);
19 wvar testimage = L8collection.median().clip(A0I);

21 Map.addlLayer(testimage.select(['B5', 'B4', 'B3']), {min:8, max:
22  Map.addlLayer(testimage.select(['B4', 'B3', 'B2']), {min:8, max:

o™

alse color');
rue

L =
A1 - - Tar') -
.4}, "true color color');

Figure 7 Javescript code toadd geometry collections of training data antport a cloudfree Landsat image composite.

The training datasetseresubsequently subsampled with random points to ensure that all classes within the
training data hee the same sample sizEigure8). In this scipt, 500 sample points for each training layer is
generated by looping over each training dataset and creating random points within the geometries of the
training data layersThe classes for each point feature collection is added using the class psapfettie

training data geometries (Forest = 1, Water = 2, City = 3, Cropland = 4 and OpenLand = 5). The variable
@& r a i aollectsgh® points within each training class and samples the pixels within the Landsat composite to

extract reflectance values feach point.
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28 war traininglayers = [forest, water, city, cropland, OpenlLand];

29 wvar n = 500;

38 // loop over training layers

31~ for (var i = 8; 1 < traininglayers.length; i++) {
32 // sample points within training polygons

33 var pts = ee.FeatureCollection

34 .randomPoints(traininglayers[i].geometry(), n);
35 // add class

36 var thisClass = traininglayers[i].get('class');
37~ pts = pts.map(function(f) {

38 return f.set({class: thisClass});

39 b

46 [/ extract raster cell values

41 var training = testimage.sampleRegions(pts, ['class'], 1@@8);
42 // combine training regions together

43 ~ if (i === @) {

a4 var trainingData = training;

45 = } else {

46 trainingData = trainingData.merge(training);
a7 }

48 1

Figure 8 JavaSript code used toubsampt and randomis the training datasets

Following the finalisation of the subsampled training data and the acquisition of afrdeutandsat
composite, the Random Forest algorithm was initiated in order to conduct the classification of the image. As
seen from the JavaScript code extradtigure9, below, the individual bands used for the classification was
first 1 mpor thad.deedirstd bands ofitha lahdghtoposite + the NDVI added band, was
usedfor the classification algorithrfor the 2015 and 2019 land cover maps. BanBshihnd7 and the added

NDVI band was used for the 2010 land cover map, baseatieobandsat 7 compositesSubsequently, the

& | a s svarihbie anitidies the Random Forest algorithm #&maéh it on the subsampled training dataset
created in the previoust e p . Lalsd 4 yiafriheadh® e | a s waridblete cladsify the rest of

the Landsat composite, while thepvériable adda palette of colours to display the classified image using the

Map.addlayeifunction.

51 //// classify with random forests

52 // use bands 1-7+NDVI

S3  var bands = ['B1', 'B2', 'B3', 'B4’', 'B5','B&', 'B7', 'NDVI'];
54 [/ fit a random forests model

55 wvar classifier = ee.Classifier.randomForest(560)

56 .train(trainingData, 'class', bands);

57 [/ produce the land cover map

58 wvar classified = testimage.classify(classifier);

59 wvar p = ['0@ffee’, 'ffeeeo', 'ceeeee’', '6006ff', 'orange',];

68 // display

61 Map.addLayer(classified, {palette: p, min: 1, max: 5}, 'classification');

Figure 9 JavaScript code for the Random Forest classification of the Landsat composite using the subsampled training data

The final step in the land cover classification is the validation of the land coverWsamgthe code JavaScript

code shown ifrigure 10, a confusion matrix is created in order to assess the performance of the classification
algorithm. In the first part of the codidae ground trutlvalidation pointFeatureCollectionare compilednto

one FeatureCollection using the functié@atureCollection.merge@ndstorad as a new variabldt e st i ng s e |
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Subsequentlya reducefunctionis applied in order to retrievie land class attributes tompile a complete
validation dataset with land class propertie©re var i abl e Avalidation_sepo c
within the classified land cover maporder to assess the land cover class of each validation point within the
classified map. The variable errorMatrix_sep executes the errorMatrix function, using the validation_sep

variable, in order to derive an error matrix. Lastly, ¢her matrix is gported as a table to Google Drive.

63 //Accuracy assessment

64 var testingsep = forestvali.merge(watervali).merge(cityvali).merge(croplandvali).merge(openlandvali);
65 // Add reducer output to the Features in the collection.

66 testingsep = testimage.sampleRegions(testingsep, ['class'], 38);

67 //print (testingsep)

68 var validation _sep = testingsep.classify(classifier);

69 //print (validation_sep)

7@ var errorMatrix_sep = validation_sep.errorMatrix('class', 'classification');

71  //print('Error Matrix:', errorMatrix_sep);

72 var ft = ee.FeatureCollection([ee.Feature(null, {'Accuracy': errorMatrix_sep.accuracy()})]);
73 ¥ Export.table.toDrive({collection: ft, description: 'accu_2818',

74 fileNamePrefix: 'accu 2018', folder: 'Master thesis', selectors: ['Error Matrix']});

Figure 10 JavaScript code used to derive error matrixes, used for land cover validation

The confision matrix for all three land cover maps can be sedablell, Table1l2 andTable13for 2010,

2015 and 2019, respectively,Appendix B The rows in the matrix correspond to instances of the actual class
(validation data), while the columns are instances of the predicted class. The diagonal within the matrix
indicates the cormly classified instances, while the affagonal instances are the number of incorrect
classifications. The overall accuracy of the classification, as well as the usgrs andd uacceracgcan be

derived from the error matrix he overall accuracy izalculated by adding the correctly classified diagonal
values and dividing it with the total number of
accuracy is calculated by dividing the accurately classified instances in each clas® witlalthumber of
reference sites within that class. Tihes eacdursicy is calculated by dividing the correct classifications for a

particular class with the row total.

The overall accuracy, produceendu s eacaurdcyfor each of the three land cowmaps (2010, 2015 and
2019) can be seen frorfiable 4 below. As can be seen, the overall accuraaggingfrom 92,8 to 94 %
indicates avery high accuracy for all land cover maps. Howevemile the total producers andls er s 0
accurages are also high, individual classes such as cropland, open landantiave lower accuracy scores

in a few cases. This likely has to do with the similarity in slacesponse between these three classes in the

case study area.
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Table4 Accuracy scoresof the 2010, 2015 and 2019 land cover maps

Overall accuracy | Producers accuracy Users accuracy
Land cover class | 2010 | 2015 | 2019 | 2010 | 2015 | 2019 | 2010 | 2015 | 2019
Forest 96 | 90,9 100 96 100 86
Water 100 | 100 100 100 100 | 100
Urban 955 | 97,8 | 97,9 84 90 92
Cropland 91,8 | 100 80 90 82 88
Open Land 82,5 | 845 | 855 94 98 94

Total (in %)

Thequantified land cover area under each land class, and for each year, can be seen from the graph presentec
in Figurellbelow. Thefinal classifiedand cover rapsfor 2010, 2015 and 2019 can be seen fragurel12,
Figurel3 andFigurel14, respectively, on the next three pages.

Areaunder-each:land cover: class in 2010,-2015and 2019

Forest Water Urban Cropland Openlland

= 2010 5113 1773 18 4538 3035
= 2015 3646 1780 76 6878 2098
2019 3358 1767 69 7105 2154

Figure11Land cover area per class in 2010, 2015 and 2019

Page R3



MITUMBAR MOUNTAINS
"1545m

/’U/,

Virunga land cover

2010 ’
/
5 \
L -
\-"3"\, —
AR o
= S, Lo T
— - — N
~ i i;
&
(‘"ky_,
Nord-Kivu
1695 m : -
Kasese o
4 Quean f
7 Elizabath
[anabio WENZORI Natonal Park! \
e MOUN TAIN pr :
s p Lake § y
George </
Lgke
Liibero S Ejorg-g \ Ib
- SN ‘
zal a\ b 3 .
Tayhe National Park  — /\‘.-{{\\‘ ™ e SEAD
o &Y PR
K Wi S
——— ) S
o \
v \

I

2375m
Lind,
\1\ '\(/* e ”\\
‘0 25 50km
Keraeriva 2of ')/ | )m:‘ | Ntungamo
|Land cover 2010
" Forest
o | water
| Urban
1l Cropland
Ruhenas Open land
Virunga National park

[

Figure 12 Land cover map 2010

Page R4



/’U(,
MITUMBAR MOUNTAINS

Virunga land cover
2015 Ve

I Vo4
2 \
PN ~
RN =
e N
o R s e 7 54 { »”*
. i B e, ~ -
~ s i;
&
Lo,
Nord-Kivu
1695 m ; 3
2 Kasese /
Queen §
Elizabath |
kanabis UWENZORI National Park’ .8 ¥
S, MOUN TAIN ‘ /302 :
g : Lake § P
George' (,
¢ L gke
Lubere r 3% o %rgﬁ N
dibero - ¢ \_—‘-vt:‘\v, "./—7 l:
Ezmbeth W~ e )
Tayfie National Park .‘\\\5\"‘ N -
. jg) v {f:4./.{/__ VI
2375m S
; ity = Y,
0 7 T BUSHENYI . 23
: LM § o Wl
Lind; 7 y (4 (
= \ \ ]
)
/
e \ y S
Jubei N ' :
5. .25 50 km
~N
¥ ! Ntungam o
Erd-Kivu | )

Z197.m % f

|Land cover 201

| Forest

1l | water

B urban

|l cropland

Ruhenge Open land
Virunga National park

1

Figure 13 Land cover map 2015

Page R5



/ ury
, 3 MITUMBAR MOUNTAINS
Virunga land cover
2019 /-
/ 4/"_7.
\
\’i\:\\-\r = T
(qu
Nord-Kivu
1695 m
Queen
Elizabeth
kanabiz Natonal Park |
e N0 p
died
e L gke \\ Ib
e A At et A
: g > O W84y 8l
> o -4
2375m
Lima,
|\ 1 k.
uhaiv \\ x oo
: -0 20 40 km
e iV 4r ') i / N ] Ntungam o
- |Land cover 2019
| Forest
1l Water
|l Urban
s
~ /I Cropland
Ruhenge Open land
Virunga National park

Figure 14 Land cover map 2019

Page R6




2.2 LULGnodellingand prediction

The LCM module within TERRSET was used to conduct the sequential steps conforrhiagaquirements
of LULC modelling using aMLP-Markov Chain approacthn this sectioneach step of the LUL@odelling

process is described.

2.2.1 Land change analysis

In order to asseshé spatiotemporal changes between 2010 and 2015, the earlier and latter land cover maps
were crosdabulated using the CrossTab tool in Terr€etsstabulation is a means to determine the amounts

of changes between two different land cover maps andntieiconversios between land classg&lphan

et al., 2008) The crosstabulationtable shown inrable5 below, shows the frequencies with which the land
classes remained the same (Diagonal) or changed into other categoribagoffal frequencies].he table
represents quantities of conversioorirthe earlier to the later land cover data, and it clearly depicts significant
changes, primarily between forest and cropland.

The following information was obtaéalabout the changes each clasfrom the table:

1. Between 2010 and 2015 the forest coves weaduced by 28,7 % from 5113,4 kim 2010 to 3646,4
km? in 2015.Even though there was a forest gain of 318,9lkngely caused by afforestation from
cropland and open land, thet loss of 1467 kfis almost exclusively attributed to forest conversion
into cropland.

2. The water bodies have remained largely unchanged, which is to be expected as there have been no
waterworks (e.g. dam construction) in the study period. Thus, the water bodies, largstjngpfieim
the two major lakes in the study area, lake Edouard and lake Kivu, has remained relatively consistent.
The rivers and waterways in the area study area are relatively small, and mainly runs through dense
forest areas, and thus the main differenemd interchanges in water bodia® likely due to
classification anomalies in separating river bodies from other classes, mainly forest and open land.

3. Accounting for the least prevalent land class in the case study area, urban areas have experienced a
large increase between 2010 and 2015, from 17,8 km2 to 75,6 km2, resulting in a 57,9 km2 net gain.
This is largely attributed withapid urbanisation processés the Democratic Republic of Congo in
generalwhich hasan estimated average annual urban patjor growth rate of 4.3%Jnited Nations,

2013) The population of thecapital city in the North Kivu province, Gomalocated in the south
eastern corner of the case study amaeased from 150,000 people in 1990 to more dmamillion
in 2017 (Yee, 2017) Thus, the marity of the uban class increase is causedtly expansion of
Goma

4. Cropland is the most dynamic land class in the case study area and represents the most dominant land
cover type. The total area under cultivation increasestlby%, from4538,4km? in 2010 to 6877,6

km?in 2015. As mentioned previously, cropland is the main driver of deforestation and thus the
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majority of the agricultural expansion is caused by forest conversiowever,another47 % of
cropland expansiorsiattributed withthe cultivation of previously open land/grassland areas.

5. The open land cover class was reduced by 30,8 %, 3a856,0km?in 2010to 2098,3km?in 2015.
Even though the open land class received a total net loss, 23@2&mained, caused by agricultural
abandonment. Another 66 khgain of open land is attributed to deforestation. The majority of the net
loss of the open land claskl09,2km?) is associated witlagricultural expansion, while another 59,5

km?is attributedto urbanisation processes. A netdasf 69,8 km is associated with afforestation

processes.
Table5 LULC change matrix for the period from 2010 to 2015 (km2) Class
LC 2010

Land class Forest Water Urban Cropland Openland Total (km?)
Forest [3327,5 1,6 0,0 247,5 69,8 3646,4
Water 3,8 |1770,2 0,0 0,3 5,2 1779,5

rban
LC_ 2011 Urba 0,6 0,0 | 13,0 2,5 59,5 75,6

Cropland | 1715,4/ 0,3 0,9 | 4051,8 | 1109,2 6877,6
Openland | 66,1 | 0,9 3,8 236,2 1791,2 2098,3
Total (km?) | 5113,4/1773,0] 17,8 | 4538,4 | 3035,0 | 144775

While the change matrix provides a quantitativeans of assessing the land cover changes between 2010 and
2015, he map inFigure 15 below illustratesthe spatial trend of change The map includes all major land
cover changes which occurred over areas larger than ib total, between 2010 and 201&clearly illustrates

that the majotransitionsare associated with agricultural expansion, primarily at the expefisgesf areas.
Spatially, the majority of the conversion of forest to cropland is concentrated in thenadftvest and

southern parts of the case study area.
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Land class transitions
#°  2010-2015

‘|Change
[ ] water2forest
|[ | Urban2openland
Openland2water
[ ] Openland2urban
[ | Openland2forest
|[_] openland2cropland
[ | Forestowater
~|[ | Forest2openland
| Forest2cropland
- Cropland2urban
[ | cropland2openland |
f - Cropland2forest

Figure 15 Class transitions between 2010 and 2015

2.2.2 ModellingTransition Potentials sub-models

The second step in the LULC change prediction process is to model the transition gotwhicl are in
essence, maps of suitability/likelihooflone land cover changing into anotiigastman, 2016aj-ollowing
PérezVega, Mas, and Ligmandielinska (2012) the land cover transitions can be groupededther into
empirically evaluated transition sthodelswhen the common underlying drivers are assumed to be the same.
The submodels can consist from a single land cover transition (e.g. from open land to cropland) or from
multiple transitions, groupedddgether based on the assumption that transitions are caused by the same
underlying drivers of change. The explanatory variables are useald®l the historical change process based

on the empirical relationship betwettre measured change and the explanavariable.
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Based on the major land class transitions illustratédguare15, the 12 predominant transitions were grouped

together based on transition type, to forimdividual submodels The composition of transition groups and

a description of the types of changes under eachmsmgel can be seen frofable 6 below. Although

persistence, i.e. areas that did not change, can be considered a trajectory, it cannot be considered as a transitiol

class, and thus areas of persistence are ignored in(Giddon et al., 2018)

Table6 Transition submodels and descriptions

Transition sub-model Description Land cover transitions

Abandonmeriteclamation ~ Urban and agricultural areas 1 Urban to opetand
converted to grassland and ops 1 Cropland to opeihand
land

Afforestation Land cover classes converted Croplandto forest
tree plantation Open lando forest

Agricultural intensification ~ Agricultural areas substituting Open land t@ropland
grasslands and open land areas

Deforestation Forested areasconverted into 9 Forest to cropland
other land class types 9 Forestto open land

Natural dynamics Areas where natural change 1 Forest to water
cause land conversion 1 Water to forest

1 Open land to water

Urbanintensification Urban areas substitute other lar 1 Cropland to urban

classes 1 Open land to urban

2.2.2.1 Explanatory variables

As reviewed in sectio1.3 LULC changeprocesses are dynamic and result from the interaction bew@veen

range of different, primarily biophysical and socioeconomic criteria. In Lchahgemodelling, these criteria

ared so referred

t o as

0 eexpfain thencanmponeniséof the xausabrdldtianships a s

determining the land cover dynamarsd they form a critical prerequisite for developing a realistic land change

model.T h e

explanatory

vari abl es

sum

up

t he

Oknowl edg

scenarig (Allan et al., 2008)The driving forces, influencing change in the case study area is based on spatial

analysis and a literature review of similar case studies. Each driver variable was tested for its potential

explanatory

val usec ou isng CCraanmaeg rods VV i s

a

coar se S

association or dependency between two variadoelsit ranges from 0,0 to 1,0 in valu€enerally, variables
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with a total Cramerds V scor e hiatea scdrehozen 0,40ayel 5 a
considered goo(Eagman, 2016a)

In choosing explanatory variables, the processatributing toland cover change netb be visualisedn

the form of a spatial dataset representing the underlying changes, at a spatial resolution consistent with the
land cover mapsGIS data sets were identified to describe the transiiionBe case study area agdo
processing was performed derive spatial datasets to, either directly or as a proxy, explain the underlying
changes for each transitioAccording toEastma (2016b)variables cannot be categorical and thus needs to

be continuous and quantitative.
The drivers that wreused in this study include;

Elevation (Digital Elevation Model (DEM))
Aspect(Asp)

Slope

Evidence LikelihoodEL)

Distance fromartisanal minegD_am)
Distance from disturbanc@® _disturb)
Distance from citiegD_cities)

Distance from forestéD_forest)

© ©® N o g > w DN RE

Distance from mining concessiofi3 mining)
10. Distance from road¢D_roads)

11. Distance from waterway®_water)

Basic metadata and tleeplanatory potentidbr each driveme asur ed i n Cr amgnddfs V s
each land class, can be seen fittable7 below. The temporal resolution of the datasets can also be seen from

the table. The temporal resolution is important as it is critical to identify spatial datasets that reflect the
conditions at the time of the earlier land cover map (2010), and as seen frtabl¢hehe majority of the
explanatory drivers used in this study derives from the immediate period before or after 2010.

Elevation aspectandslopeare considered geophysical limitations and these are commonly used in LULC
modelling literaturgAllan et al., 2008; Gibson et al., 2018; Mishra et al., 2014; Paegelow et al., 2007; Teresa
et al., 2015)These types of drivectas physical limitatios or incentives for certain transitions to ocdeor
examplewater bodies will not expand into areas with high sld@bson et al., 2018nd gentle slopes are
generally considered more appropriate for agriculture and urban(#easlie et al., 2011)The aspect (i.e.

the direction of the slope) influence thelative amount and intensity of sunlight and thus influence the

suitability for certain types of vegetation and agricult(iéondie et al., 2011)Elevation determines the
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distribution of vegetatioffWondie et al., 2011and generally tend to influenegban growth(Shade et al.,
2019)

Evidence likelihoods a way to transform aategoricalariableinto acontinuoussurface based on theslative

frequency of pixels belonging to the different categowéhin the areas of chang@MIRICI, 2018). In this

study, evidence likelihoods a quantitative measure of the frequency angle between urban areas and
cropland (also called disturbance) and all other land classes frorr2R@50 Thus, it represents the relative
frequency of which the different land cover classes occurred in the areas that transitioned to urban or cropland.
Essentially it answers the questionf e ac h <c at e g oldow likely is it tHateyouwauldihavé d e |, [
value like this if you were an area that would experience chafgaS8tman, 2016&4) meaning that it
established the suitability of each pixel to transform into urban areas or cropland.rigfiEe@ms to explain

the geospatial processes that determine urban expansion and agricultural intensification.

The distance drivenrgpresenthe proximity of pixels to forces that either constraints or incentivise land cover
changesAs reviewed inthe introduction insectionl, mining activitiesis one of theprimary driver of
deforestation within the/irunga areafiArtisanal mining operations ar@nregulated and often occur in
riparian zones, removing forest and vegetation cover to process the minef@hstilite for Environmental

Secuity, 2008)p . Accordingly, ther e i s a documented rel
operations,tus, distance frorartisanal minesanddistance from mining concessioraeincluded as proxy
driversof forest conversiorthe rationale beinthat the closer in proximity a forested area ikrtownmining
operations, the more likely it is to be deforestallewise, these drivers will likely positively correlate with

an increase of open land, urban areas and cropland nearer to the miningamondistance to disturbance

is a spatial driver made from extracting Euclidian distances from areas which were urban or cropland in 2010.
The hypothesis is that future anthropogenic disturbance is believed to be closer to areas of existing disturbance,
and thus distances to existing disturbaamebelieved to be closely correlated with urbanisation processes and
agricultural expansion. This relationship was tested by extracting the areas that transiticnogdatal or

urban areas between 2010 and 2848 correlating the frequency of changes with the distance to disturbance
layer for 2010 Figure 16). As can be seen from the figure, there is a very sharp declthe frequency of

change when moving further away from disturbed areas in 201i0the point where nearly no change oscur

when moving further than 2 km away from the disturbed areas. This tiedr@thropogenic disturbance is

positively correlated wit distance from disturbed areas.
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Figure 16 Histogram depicting theorrelationbetween the distan¢a meters)rom disturbed areas in 2010 atige actual

disturbance between 2010 and 2015

The closer a pixel is to urban areti® more likely it is to be transformed, due to urbanisation processes, and

thusdistance from citiegexplains the relationship between urban expansion and LULC changes. Furthermore,

as reviewed imnstitute for Environmental Securi{®?008) deforestation patterns in Virunb arecorrelated
with urban areas as a result of firewood collection and agricultural expabéstance from forestds a
measure of the Euclidian distances to forest areas in 2018 amdng a number of transitions, believed to be

a causal driver of defostation processes as deforestation is likely to be closer to the edge of the existing forest

areas, than in the middle of the deep foreittance to roadsinddistance to waterwayepresents drivers of

accessibilityand as reviewed iAllan et al.(2008) forest conversion to agriculture and plantations occur when

roads and rivers provide easy access and water for irrigation.

A description of howthe GIS data for each explanatory driver was derived angrpoessed is provided in

the next sectio2.2.2.1.1
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Variable

Table7 Description of potential explanatory variables aasbociatedCrameb ¥ scores

DEM Asp Slope EL D_am D_disturb D_cities D_forests D_mining D_roads D_water
Data origin SRTM 90m Digital Land cover Il:ftc?rrrzzttlizzalszz?g: Land cover RZ\'Iscc))rLi(rjces Land cover World Resources Institute
9 Elevation Database4? = 2010 + 2015 2010 . 2010
(IPISY Institute!
. Raster Shapefile Raster Shapefile Raster Shapefile Shapefile Shapefile
Data format Raster (GeoTiff) (GeoTiff) (points) (GeoTiff) (points) (GeoTiff (polygons) (lines) (lines)
Coordinate system WGS 84 EPSG:4051 WGS 84 EPSG:4051 WGS 84 EPSG:4051 WGS 84
. . 1: 50 000 vector
Spatial resolution 90 m cell resolution 1: 50 000 vector scale converted 1: 50 000 vector scale converted to 30 m cell
resampled to a 30 m 30m scaleconverted to 30m 30m .
(m) . . to 30 m cell resolution
resolution 30 m cell resolution .
resolution
Tempqral 2008 20102015 20092016 2010 2009 2010 2013 2009 2009
resolution
. L Reclassify | Reproject; clip | Reproject; S
. Reproject; clip to Reclassify Reproject; clip boolean to AOI; clip to AQI; Reproject; clip
Reproject; . boolean to AQI; e . to AOI;
. . Computed AOI; Euclidian - (forest); Euclidian Euclidian L
Geoprocessing | Reproj computed . (urban/cropland Euclidian L . . Euclidian
from land distance from all L . Euclidian distance from distance .
ect from DEM . . ); Euclidian distance from . . distance from
cover maps artisanal mines : o distance all mining from all
. distance from all cities ) all waterways
(rasterize) . . from forest concessions roads .
disturbed areas (rasterize) . . (rasterize)
areas (rasterize) (rasterize)
© Forest 0,52 0,21 0,26 0,68 0,17 0,40 0,17 0,43 0,14 0,26 0,27
) Water 0,61 | 0,83 | 0,57 0,42 0,32 0,68 0,54 0,82 0,27 0,57 0,30
= Urban 0,14 0,07 0,06 0,10 0,08 0,04 0,06 0,04 0,09 0,09 0,07
f Cropland 042 | 0,32 0,34 0,29 0,31 0,52 0,20 0,32 0,31 0,34 0,29
O Open land 0,23 0,17 0,24 0,65 0,20 0,15 0,18 0,30 0,24 0,11 0,08
Overall 042 | 042 0,33 0,48 0,22 0,42 0,28 0,46 0,22 0,32 0,20

2 http://srtm.csi.cgiar.org/

3 http://geo.ipisresearch.be/geoserver/web/

4_http://www.wri.org
5_http://www.wri.org
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2.2.2.1.1 Preprocessing of explanatory drivers
This section will provide a brief description of the geospatial data acquisition and processing steps used to
derive the spatial datasets for each of the 11 explanatory variables. Maps of the final processed datasets can be

seen fronfigure20.

DEM
The DEM data retrieved consists from Version 4 of
from Google Earth Engine using the JavaScript code preserfigglire 17 below. To execute this code, first
a shapefile of the AOlI was uploaded to the Googl e
d r a m8ubbsequety, the code imports the data variable (CGIAR/SRTM90_V4 is the Image ID for the
SRTM V.4 dataset in Google Earth Engine) and clips this to the framed object (AOIl)., tlastlyata is
exported wusi kEgpbhtet. if nageting tthe Padimatse for scale to 30 and CRS to
EPSG:4051. Setting these parameters will ensure that the dataset is resampled from its native 90 m resolution
to 30 m and reprojected into an EPSG:4051 coordinate system.

* Imports (1 entry) B
» var AOI: Table users/icemads/AOI

i 1 Map.centerObject(A0I,6)
2 //CGIAR/SRTM9e_V4
3 var dem = ee.Image('CGIAR/SRTM98_V4').clip(AOI);
4
5~ Export.image.toDrive({
6 image: dem.select('elevation'),
7 description: 'DEM_36m’,
8 folder: 'Master Thesis',
9 scale: 30,

10 region: AOI.geometry().bounds(),
11 maxPixels: 24818397458,
12 crs:'EPSG: 4051

13 1),
14

Figure 17 JavaScript code to acquire DEM data from Google Earth Engine

Slopeand aspect
Google Earth Engine was used to process the SRTM digital elevation dataset to retrieve Slopes in degrees.
These were retrieved and exported using the JavaScript code prendfitrde 18 below. Similarly, to the
DEM, this code frames the data retrieval to the extent of the AOI and imports the DEM as a variable. Next,
the variable dope and aspect arecreated, using the inherent Google Earth Engine algorithm
¢ee.Algoritms . T e rwithathierD&M variable as input data. This algorithm derives three separate bands;
sl ope, aspect and hill Espadeée. f mdundon ts BpplEd usirg éaals e t .
of the variables ansetting the parameters for scale to 30 and CRS to EPSGB80 S| ope 6 dut put

selectedas the exportimageor sl ope and the Oaspectd output banc
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* Imports (1 entry) B
» var ADI: Table users/icemads/ADI

1 Map.centerObject(ADI,6)

2 //CGIAR/SRTMS9E_V4

3 var dem = ee.Image( 'CGIAR/SRTMZ8 V4').clip(AOQI);
4  var slope = ee.flgorithms.Terrain(dem);
5 war aspect = ee.Algorithms.Terrain(dem)
6

7 ~ Export.image.toDrive({

3 image: slope.select('slope'),

9 description: 'slope 3@m’",

18 folder: 'Master Thesis',

11 scale: 20,

12 region: AOI.geometry().bounds(),

ilz; maxPixels: 24818397458,

14 crs: 'EPSG:4851"

15 });

16

17 ~ Export.image.toDrive({

13 image: aspect.select('aspect'),

19 description: 'aspect 38m',

20 folder: 'Master Thesis',

21 scale: 20,

22 region: AOI.geometry().bounds(),

23 maxPixels: 24818397458,

24 crs:'EPSG:4051]

25 1);

Figure 18 JavaScript code to process DEM dadeacquiredatasets foslopesand aspect

Evidence likelihood
The evidence likelihood variable waseated byusing the integrated variable transformation utility within
TERRSETOsEvL GM.ncé& isEchasail m holoed 6t r ansf ormati on type &
file is chofSkea aAnt hei St wuraimsl @ pidgwdchdagee e 10 . |

to cropland or urban land between 2010 and 2015, using the output classification from the change analysis of

raster

transition typesKigure15), and reclassifyig these changes into a Boolean map of: no change (0) or change
(1) .i Aphet 6varitalkkl edarl ier | and cover map for 2010
|l i keli hoodd. Ticking the cat e gevariallearadelframxa,categdrieal r e s
Boolean variable of change/no change, describing the relative frequency with which different land cover

classes occurred in the areas that transitionetbfland or urban areas.

A Variable Transformation Utility d
Transformation type
* Evidence Likelihood " Exponential (e] " Square root
" Natural log (In) " Logit " Power

Transition or "

land cover layer name : [Ant_dnsturb_l[lj Srst _I w

Input variable name : ,LC_2010 _I v Categorical

Output variable name : lEvidence likelihood _] DK

Figure 19 Use interface of the Variable Transformation Utility in TERRSET LCM
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Distance artisanal mining
Thepoint dataset on the location of artisanal mining operations in the Democratic Republic of Congo derives
from the International Peace Information Service and aagiiredfrom their Geoservér The file was
downloaded in a Shapefile format, complete withitzute tables covering individual subclasses, sudheas
name otthesite, visit date and mineral mined. Following retrieval, the dataset was reprojecteB 84051
andclipped to the extent of the AD s i n g AC Icildal@lang with a vectoiile covering the extent of
the AOI. Subsequently, Euclidean distancesed er i ved fr om t he poiEnoclideathat as e
distancétool. The output cell size of the raster file was set to 30 m and the AOI raster was applied as a mask

in the envionment settings.

Distance from disturbance
The distance from disturbance describes the distance from cropland or urban areas in 2010. It was created
using two tools within TERRSETO6s GI' S analysis pac
was used to reclassify the earlier land cover map for 2010 into a Boolean, urban/cropland (1)-and non
urban/cropland (0), categorical raster layer. Consequeénttye 6 di st anced t ool was L
distance to the areas classified as urbasrapland in 2010.

Distance from cities
The point dataset on the location of all major and minor cities in the Democratic Republic of Congo derives
from the World Resources Institute and wat3uftgcqui r
The file was downloaded in a Shapefile format, complete with attribute tables covering individual subclasses,
such ashename of city, province and district. Following retrieval, the dataset was reprojecte®PB@@i4051
andclippedtotheet ent of t he AQIitgal@ongmwmith aAvectorile posering the extent of
the AOI. Subsequently, Euclidean distancesed er i ved from t he poiEoctideathat as e
distancétool. The output cell size of the raster file was set to 30 m and the AOI raster was applied as a mask

in the environment settings.

Distancerom forests
The distance from forests describes the distance from existing forest areas in 2010. It was Singated u
tools within TERRSETO6s K¢ Sl aamisdéytsa nstriepba btidolavgséused n a me
to reclassify the earlier land cover map for 2010 into a Boolean, forest (1) affaresin(0), categorical raster
layer. Consequentlyhed i s t #ol was dsed to derive Euclidian distance to the areas classified as forest
in 2010.

6 http://geo.ipisresearch.be/geoserver/web/
7 https://geodata.tufts.edu/
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Distancerom mining concessian
The mining concessions data, containing the location of all registered mining concessions in the Democratic
Republicof Congoder i ves from the World Resources I nstitut
geoportal (GeoData at Tufts). The file was downloaded in a Shapefile format, complete with attribute tables
covering individual subclasses, such as licence holder obtiession, resource type and area size. Following
retrieval, the dataset was reprojected iBSG:4051 andlipped to the extent of the AOI using ArcMaps
& | itgoléalong with a vector file covering the extent of the AOI. Subsequently, the clippesbtdates
rasterized usiPnog yAronmatpadtlyREtcaeehr distanceseve derived using the
Eucl i de a mooldrhettputrcell siZe of the raster file was set to 30 m and the AOI raster was applied

as a mask in the environmenttseys.

Distance roads
The line dataset on roads in the Democratic Republic of Congo derives from the World Resources Institute
and was acquired through Tuf't Uni versityds geopo
Shapefile format, completwith attribute tables covering individual subclasses, such as road classes (Locale,
Provinciale and Nationale). Following retrieval, the dataset was reprojecteR&G:4051 andlipped to
the extent of t he€l iAgBldalong with & getorAile caviaing gshe éxtent of the AOIL.
Subsequently, Euclidean distancesred e r i ved fr om t he | i Buelidedradismaeét |, u
tool. The output cell size of the raster file was set to 30 m and the AOI raster was applied as a mask in the

environment settings.

Distance to waterways
The line dataset on waterways in the Democratic Republic of Congo derives from the World Resources
I nstitute and was acquired t hradTufgsh Tha filefwas domlbadesir s i t
in a Shapefile format, complete with attribute tables covering individual subclasses, such as waterway class
and length. Following retrieval, the dataset was reprojectedEIR®G:4051 andlipped to the extent of the
AOI using ArcMaps6 C | togd élong with a vector file covering the extent of the AOI. Subsequently,
Euclidean distancesevxed er i ved from t he | iBwcldiad esmed.drheotsguinagge A r

cell size of the raster file was set to 30 m tr@lAOI raster was applied as a mask in the environment settings.
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Explanatory variables
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Figure 20 Processed@lanatory variable datasets used as input for the MLP modelling
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2.2.3 Modelling Transition PotentiglMLP calibration

The LCM module allows threalifferent approaches to créa transition potential maps based on the
individual submodels and associated explanatory variables: MLP neural netlogigtic regression, or a
similarity-weighted instancbased machine learning tool (SimWeigliBastman, 2016a)According to
Eastman(2016) MLP peforms stronger than the two alternatives when modelling-livear relationships
between land cover change and explanatory varidblesntrast to both SimwWeight and logistic regression,
MLP can also run multiple transitions per smbdel, making it ma flexible and dynamic when multiple
transition types are modelleBurthermore, as MLP hdewer parameter settings and functions through an
automatic and dynamic learning process, it is also moreftigedly, and consequentli¥LP was chosen for

this gudy. Operationally, within LCM, MLP creates a random sample of cells that transitioned and a sample
of cells that persisted and use half of the samples to train the model and develop multivariate functions
(adjusting the weights) to predict the poterfimichange based on the value of the conditions at each location
(Allan et al., 2008) The other half of the subset sample of cells that transitioned and persisted is used to test
the peformance of the model (validation). When launched in the LCM, the MLP starts to train on the training
samples and starts to operate in automatic mode, whereby it iteratively adjust parameters to increase the
performance of the modéEastman, 2016a)fhe automatic mode monitors and modifies the stadt end
learning rates for a dynamic and continuously adjusted learning p{&estsian, 2016a)Vhile the automatic

mode was used to modify and adapt the start and end learningundtaglect the number of hidden layer
nodes the other parameters of the MLiere set as follows as suggestedHastman(2016a) Momentum

factor (0,5); Sigmoicconstant(1,0); sample size per class (10000 or the minimum cells which transitioned
within the submodel, if less than 10000).

As reviewed in sectioR.2.2 the 12 major transitions which occurred in the period between 2010 and 2015
were grouped together in 6 different suaibdels, namely; Abandonment/reclamation, Afforestation,
Agricultural intengfication, Deforestation, Natural dynamics and Urban intensification. The next step in
modelling the transition potential was to assign the explanatory variables to eanbdeib/ariables can be

added to the model either as static, meaning that they tonc hange over ti me, suct
meaning that they do change over time, such as proximity to roads (assuming dynamic road development).
Static variablesare unchanging over time arekpress aspects of basic suitabilfgr transitions under
consideration, while dynamic variables are tidependent, such as proximity to existing forest areas or road
networks, and are recalculated during the course of a future land cover sim{astman, 2016a)n this

study DEM, slope, aspect, EL, D_am, D_mining and D_water was used as statitesavidlile D_disturb,

D_cities. D_forests and D_roads were designated as dynamic variables.

An iterative approach was used to establish the most appropriate, and accurate, combination of driver variables

for each submodel, while avoiding overfittingeachsubmodel was fitted with all 11 explanatory drivers to
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being with, and an iterative approach was used to remove the driver with the least explanatory potential, while
assessing the accuracy score and skill level of the model after each iteration. Urbeyascore provides a

value in percentage which indicates how well the model is able to predict the changes that happened between
2010 and 2015, accounting for both change and persistEmeskill measure compares the number of correct
predictions, mina those attributable to random guessing, to that of a hypothetical perfect prediison

et al., 2018) Thus, the skill measure provides an indication of how the explanatory drivers will explain past
changesThe skill is measured on a scale freinto 1, where values less than 0 indicates that the model
performsworsethan what would be expected by random guessing, 0 indicates that the model performs as well
as random guessing while values between 0 andidaied that the performance of the model exseduht is

expected by pure chance.

After each iteration o€alibrating individualsubmodek using MLP, a report about the nature of the model
performance isreatedsee exampla Appendix §. This provides critical information on the overall accuracy

and skill of the model, the skill measure broken dowrtdayponent (transition & persistence type) and the
explanatory power of each variable. Sectioro 3 t he r e [Bensitivity efnModelk tb Eatcingd
Independent Variables to be Constambvides information on the sensitivity of the explanatory variables

seen inFigure 21 below, subsection 3 in this sectione nt i Bd eldwadér ds St epwi se Co
provides information on the accuracy and skill measure of the mduer holding one or more variables
constant. In step 1, the variable with the lowest negative effect on the skill is held constant, and this provides
information on the explanatory potemti of t hi s variabl e. I f the accur e
by muchwhenholdingthe variable constant, this suggehat the variable has little value and can be removed
(Eastman, 2016a) On each iteration of the calibration of each -sobdel, the variable with the least
explanatoy potential was removed until a combination & &f thevariableswith the strongest explanatory

potentialwas left under each subodel.
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3) Backwards Stepwise Constant Forcing

Model Variables included ‘(";f;:“’aci" ;k;im

o asure
[With all variables | All variables |72.25 lo6300 |
|Step 1: var.[5] constant I[1,2,3.4,6,7,8,9,10][72.25 lo.6300 |
|Step 2- var[5.10] constant 12346789 7223 [0.6298 |
|Step 3: var.[5,10,7] constant 1234689 |[72.06 lo.6275 |
|Step 4- var[5.10,7 9] constant ||[1,2,3.4.6 8] |69 36 [0.5981 |
Step 5: var.[5.,10,7.9.4] constant [1.2.3.6.8] 6548 0.5397
Step 6 var.[5.10.7.9.4.8] constant [[1,2.3.6] 62.50 0.4999
Step 7: var[5.10,7.9.4.8.3]
it [1.2.6] 54.55 0.3940
Step 8:var[5,10,7.9.4.8.3.1]
et [2.6] 47.77 0.3036
Step 9: var[5,10.,7.9.4,8.3,1.6]
- stant [2] 29.40 0.0587

Figure 21 Extract fromthe calibration report indicating accuracy scores and skill megasef the model when holding variable
constant.

Consequently, the final selected variables were loaded into thamidl structure to execute the final iteration
of the MLP training. The finaskill measure and accuracy rate of each model calculated throughidMLP

summarized inFigure 22 below and the explanatory drivers used under eachnsoatiel and selected

performance scords provided inTable8.

Submodel accuracy and skill

100,00 1
90,00 0,9
= 80,00 0,8
S 70,00 07 =
> 60,00 0,6 'E
g 50,00 05 =
3 40,00 04 =
© n
< 30,00 0,3
20,00 0,2
10,00 0,1
0.00 Abond Agricultural Urb 0
ondonm Afforestatio = . grlcu_t_ura_ Deforestati Natural . ' _a_n .
ent/reclam intensificati - intensificati
. n on dynamics
ation on on
Sub-model Accuracy (%) 75,12 77,79 78,23 77,61 93,90 83,41
Sub-model skill 0,6682 0,7038 0,5646 0,6642 0,9269 0,7788

B Sub-model Accuracy (%) m Sub-model skill

Figure 22 Submodel accuracy and skill measure from MLP

As can be seen from tHigure, the accuracy and skill measure reveal some disparity between the level of

confidenceof the transition modelling under each subdel, however overall the values are fairly consistent,
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ranging from 75 % to 93 %. Abandonment/reclamation has the lowesbagccore (75,12 %), followed by
deforestation (77,61 %), afforestation (77,79 %) and agricultural intensification (78,23 %). Agricultural
intensification howeverhas the lowest skill measure of all the snbdels (0,56). Natural dynamics and urban
intensification performed best, with accuracies of 93,90 % and 83,41 % respectively. The skill measure of
these two suimodels was also the highest among all six, with 0,93 for natural dynamics and 0,78 for urban

intensification.

The outcomeof the transitio potential modelling is a series ahmsition potential mapsiescribing the
suitability for each of the 12 major transitgincluded in the suinodels. Thesmaps can be seenfigure
23 below.
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Table8 Submodels included in MLP with associated explanatory variables and selected performance indicators

Sub-model Explanatory Transition/Persistence Class skill Sub-model Sub-model RMS
variables class measure (ratig accuracy skill Training Testing
Abondonment/reclamation DEM; Slope; D_am; Urban to Openland 0.8134 75.12 % 0.6682 0.2980 0.3071
D_cities; D_mining; Cropland to Openland 0.5741
D_water Persistence: Urban 0.7401
Persistence: Cropland 0.5398
Afforestation DEM; Slope; EL; Cropland to Forest 0.5181 77.79 % 0.7038 0.2751 0.2737
D_disturb; D_forests; Openland to Forest 0.8918
D_water Persistence: Cropland 0.6536
Persistence: Openland 0.7515
Agricultural DEM,; D_am; Openland to Cropland 0.5961 78.23 % 0.5646 0.3899 0.3906
intensification D_disturb; D_mining; Persistence: Openland 0.5329
D_roads; D_water
Deforestation DEM; D_am; Forestto Cropland 0.6103 77.61 % 0.6642 0.3358 0.3369
D_disturb; D_mining; Forest to Openland 0.8300
D_roads; D_water Persistence: Forest 0.5516
Natural dynamics DEM; Slope; EL; Forestto Water 0.9848 93.90 % 0.9269 0.1207 0.1281
D_forests; D_water Water to Forest 0.9096
Openland to Water 0.8707
Persistence: Forest 0.8677
Persistence: Water 0.9849
Persistence: Openland 0.9441
Urban intensification Slope; EL; D_am; Croplandto Urban 0.8664 83.41% 0.7788 0.2536 0.2489
D_cities; D_mining; Openland to Urban 0.6564
D roads Persistence: Cropland 0.8294
B Persistence: Openland 0.7630
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Transition potentials
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Figure 23 Transition potentials
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2.2.4 Change prediction andadel validation

Following the transition sumodel developmenthe 12 transition potential mapgere used as input in a
Markov Chain model to simulate future LULC changes. The Markov Chain determines the afrchange

using the earlier and later land cover map along with-gjpeeified future yegiEastman, 2016a) he Markov

module produces a transition probability matrix, sedfignire24 below, which is a matrix which records the
probability of each landcover class to change into every other land class category. It also creates a transition
areas matrix which is a record of thember of pixels that are expected to change from each land cover class
over the specified time framgEastman, 2016a)inally, the Markov Chain creates a set of conditional
probability images which reports the probability of a land cover type to be found at each pixel after the
specified predictio date(Eastman, 2016aHowever as the matces only determine the quamtof change,

the transition potential (suitability) mapseutilized within the Markov analysis to spatially allocate changes

in order to make a land cover prediction for a future {Eastman, 2016a)

Given : Probability of changing to
Forest Water Urban Cropland  |Openland
Forest 0.3169 00017 0.0014 0.6271 0.0528
Water 00019 09953 00000 00017 | 0.0011
Urban 0.0208 0.0016 0.4025 0.2736 0.2965

Cropland 0.10239 0.0005 0.0034 0.8022 0.0910
Openland 0.070 0.0035 0.0268 0.6451 0.2545

Figure 24 Markov Chain transition prodbility matrix

Consequently, Markov Chain analysigs used to make a LULC prediction for 2048d subsequently
validated by using the actual 2019 land cover map for compaiiganmly recalculation stages were assigned

in the model to specify the frequency of which the dynamic variables are recalculated in the model. This means
that theD_disturb, D_diies. D_forests and D_roads explanatory variables are updated in the model every year
until the prediction year.

Figure25belowshows the actual and tpeedicted land cover map for 2019. A visual inspection indicates that
the predicted land cover map, overall, looks fairly similar to the actual land cover map, however there are
localised discrepancies where the model failed to predict chipeggistencefor examplein the midwest

where the simulation predicted cropland to replac
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Land cover 2019
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Figure 25 Actual land cover map for 2019 versus the predicted 2019 land cover map

However, a visal inspection will not allow for a comprehensive assessment of the subtle differences and

overall accuracy of the prediction, and thus statistical analysis was used to compataahand simulated

land cover maps for 2018sing Kappa Index ohgreemen{KIA) scores Thevalidatemodule in TERRSET

provides acomprehensive mearts measure the agreement between two categorical images by calculating

various KIA and relatedtatistics(the full report of the analysis is inclutlasAppendix D. The KIA scores

can be used to test the agreement betvween6 c o mpar i sonéd

ma p both mderma ofthe e f er

guantity of ells in each land cover category and the agreement in terms of location of thedeastfisan,

2016a) The Kappa Standard {lndard is equivalent to kappa and indicaties proportiorof correctlyassigned

pixelsversus the proportion that is correct by chafi¢eeKappa for no information (k) indicates the overall

agreement between the simulated and referencqBagbman, 2016a)Yhe Kappa for location (laton IS a

measure of the spatialccuracyin the overall landscape&ue to the correct assignntesf valuesin each

categorybetween the simulated and reference rftggstman, 2016afhe Kappa for stratustevel location

(Kiocationstrat) IS @ measure of the spatial accuracy within preidentified strata, and it indicates how well the grid
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cells are located within the strggastman, 2016aJhe combination of Kandard Kno, Kiocation@Nd Kocationstrata
scores allows for a comprehensive assessment of the overall accuracy both in terms of location and quantity.
All KIA scores range from 0 to 1 (or 0 % to 100%), where 0 indicates that agreement is equal to agreement

due to chane and 1 (or 100 %) indicates perfect agreement.

The K scores of the simulated 2019 land cover oap mp a rcongparead @iththe actual2019land cover
mapd& e f e risgpprovddeddinTable9 below.

Table9 K scores for 2019

K INDICATORS 2019
K sTanDARD 0,8828
Kno 0,9224
KLocaTion 0,9001
K LoCATIONSTRATA 0,9001

The statistics from the k scores shows #ais 0,9224 KiocationiS 0,9001 KiocationstratdS 0,9001and the overall
KstandardS 0,8828 According toZadbagher et a(2018)a model is valid if the overall Kapp& andarg SCOre
exceeds 70 % (or 0,7). TheawndarsSCOre, close to 90 %, is a very strong indicator of the overall accuracy and
performance of the model, and the renvairk scores, all exceeding 85 Yadicatethat there are almost no,

or very small quantification and location errors between the predicted and the actual land cover map for 2019

Thus, thesimulation has a strong ability to predict both the quantity and the locations of change.
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3 Results

The validated model described in the previous se@ioas used to make a land cover prediction for each
year, starting with the year 2020p until and including the year 203@hich coincides with the critical
landmark year for the achievementtoh e UN Th®ddmpslation of land cover predictions from 2020

through to 2030 can be sefeom Figure26, while the predicted land cover for 2030 is presentédgare27.
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Figure 26 Predicted land cover maps from 2020 to 2030

Land cover

- Forest
l:| Water
- Urban
- Cropland

Open land

1cm =40 km




Figure 27 Predicted 2030 land cover in Virunga
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The series of land cover predictions covering the whole period from 2020 to 2030, and the final land cover
map for 2030 presented Figure27 clearly illustrates that the model predicts continuous cropapension
primarily at the expense of forest areas and existing open lands. The model also predicts continuous urban
developmentparticulrly around existing settlementBhe collective change per class in total, andqeet

change per year, is illustratedFigure 28 below. As depicted in the graptme forest cover will continue to
decrease throughout the-§@ar period, with an average annual loss of 4,21 % and a total area loss of 1085
km?, from 3104 kmin 2020 to 2019 kiin 2030. Water coverage will, as expected remain largely the same,
gaining a negligible average of 0,04 % per year. Urban expansion and development of new settlements will
continue, gaining an average annual of 3,44 %. The total urban area is predictedase by 38m2, from
95km2in 2020 to 13&mz2in 203Q and looking at the predicted land cover map, most of this is expected to
be as a result of urban sprawl around the main city of Goma in-eastérn Virunga. As also visually apparent,
croplandexpansion will continue throughout the-y@ar periodgaining an average annual areal@3 %,

and a total area gain of 1522 krfrom 7636 kmto 9161 km class coverageilong with forest areas, open
land/grassland zones are expected to decrease steby®,96 % per year, losing a total of 482°kmthe

10-year period, from 1857 khin 2020 to 1375 kiin 2030.

Land cover change 202@030
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Figure 28 Predicted &nd coverchange between 2020 and 2030, in % ye@yhin/losd and total annal area coveragén kn? per
class
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4 Discussiomand conclusion

Understanding LULC changes, transitions, landscape risks and dynamics is paramount in order to inform
policies, planning interventions and actions aimingetsure sustainable development in all dimensions
(economic, social and environmental conf or mi ng to the objective of t
sustainable developmeni this study, a combined ML:Markov Chain approach has been used to simulat
future land cover changes in the period from 2020 to 2030, in a case study area covering theNWAianga

the Democratic Republic of the Congmd its immediate vicinityTwo simulationsverecarried out. The first

(2019) was used for model validaticand accuracy assessmeand the second (30) was used to predict
landscape change in thieunga NP catchmenthe assessment of the spatial patterns of LULC change derived
through a change analysis of histatizends combined with the development g@iausible future land cover
scenario for the Virunga catchmenill help to improve the understanding of the land system and establish
causeeffect relationships between driver variables and land cover dynamics. Thus, the LULC change model
aims tocontribute to inforning policy responses aiming to support sustainable land managemémhaschpe

planningdecisionswithin the Virunga NP.

As an empiricaktatistical model, the LULC model developed in this study predicts a future land cover state,
based o business as usual scenafast land cover changes within the Virunga catchment has been largely
linked with charcoal production and cropland expansion, which have impeded conservation efforts and put
critical pressure on the ecological integrity of lwedscape and its biodiversi®y crosstabulating two land

cover maps for 2010 and 2015, this stadyed to quantifypastiand cover changes and idewtiipatial trends

of change. It concludes that forest conversion into cropland is the most comnieyaedt type of landcover
change, contributing to the majority of the total net forest loss of 28,7 % between 2010 anth20imst
significant forest loss occurred around the perimeter of the forest areas in the northern sector of the case study
area,however the forest areas just north of the North Kivu proiahcapital of Goma, also experienced
substantial losse$Vhile a318,9 kniforest cover gain was also identified in the change assessment, these
gains cannot be qualified in existing literatuamd as these gains are largely located within, or close by,
existing cropland areas, they may likelythe result of misclassified pike possibly classifying plantation
development as forest. Whitke urban cover is the least predominant land class type within the case study
area, the crossmbulation indicated that the urban land cover quadrupled between 2010 and 2015. The majority
of the urban gainhowever,is associated with significant urban developmamoiundGoma, located in the
southeastern corner of the case study afemther major land cover change results from the conversion of
open land/grassland areas into croplandotal f open land areasenereduced bys0,8 %in the period from

2010 to 2015 and the majority of these transitions was located just north of Lake Edward.
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If unchecked and unregulated, the LULC change model developed in thisrsdightes that the landsape

within and outside the NP witlontinue tochange dramatically in the nex® $ears.While Figure28in the
previous section quantified the collective amount of changer land class per year, from 2020 to 20a6le
10below quantifies the projected land chanfyem 2019to 203Q between land classess can be seen from

the cross tabulatioriprests are attributed with the most significant land class fo#isei period from 2019

2030, and almost all forest loss (157R¢B of a total of 1651,1 kA is associated withroplandexpansion

Open land is also projected to experience significant land clagd I&% 8 knd) the majority of which (1081,8

km?) is ako attributed to cropland expansion. While urban areas are projected to continue to be the minority
land class in the Virunga NP catchment, the total urban area cover is projected to almost double, from 68,5
km?to 132,7 kmin the 1year period. Most athis is attributedo the conversion of cropland and open land
area. Thus, the majority of all transitions, gains and losses, are for the most part attributbd eviiansion

of agricultural lands, and largely at the expense of forest areas.

Table10 Cross tabulation between actual 2019 land cover and the simulated land cover for 2030

LC_2Q9
Land class Forest Water Urban Cropland Openland Total (km?)
Forest |1707,20 0,2 0,5 | 289,7 15,8 2019,1
Water 48 11766,3 0,3 3,6 13,9 1789,6
Simulated| Urban 0,9 0,0 | 45,7 34,0 51,3 132,7
LC_2380 | Cropland |1579,6/ 0,5 | 15,7 | 6469,5 | 1081,8 9161,3
Openland | 65,8 | 0,2 6,3 | 308,3 991,3 1374,9
Total (km?) | 3358,3|1767,2| 68,5 | 7105,1 | 2154,0 | 39605,0

Addressing forest loss is a primartgmponent of conservation efforts and land management plannirig with

the Virunga NP catchment. Therefore, it is critical to determine not just the amount of forest cover loss, but
also the spatial extent and location of forest dynarfiicgire 29 below illustrates the spatial location of the
dynamics of forest land, and as seen from the figure, forest loss is largely concentrated in the northern part of
the case study areand particularly the northastern margin of the NP. This change is consistent with past
deforestation patterns, which has historically been more predominant in the north where larger and more
remote forest areas are located, and literature(Jiomes, 2018)indicate that illegal slashingf old growth

forest to produce carbonized wood has been particularly predominant in the northern sector. This is largely
caused by rebel groups operating near the city of Beni, supplying local villages and larger cities in the outskirts
of the national prk with charcoalJones, 2018)Besides charcoal, army groups have also been known to
transport illegal timber along the Kamango Route, linking the Democratic Republic of the Congo with Uganda,
causing further forest loss and fragmentatitomes, 2018)Conversion of cleared forest areas and slashing of
trees to plant sugdistence crops, such eessavandmaize is another primary driver of forest loss, particularly

in the south(Jones, 2018)While forest loss is also expected to continue in the southern part of the NP,
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particularly just north of Goma, the high montane forests to the-eaghof Goma is pdicted to remain
largely intact, likely protected by its high altitude and steep terrain, making the area less accessible and thus

less likely to be logged.

Virunga forest loss/gain i
2019 - 2030

Bundibugyo
.

Fort Portal’

Bushenyi
25 50 km
(L e e |
Land cover 2019
Forest
| water
Urban
Cropland
Open land
Change 2019 - 2030
[ | Forest gain
- Forest loss

Virunga National park
|:| Virunga National park

Figure 29 Spatial location of forest loss/gain from 2019 to 2030

4.1 Policy response optionglanning interventionand SDG implementation

fThe Democratic Republic of Congo is at a major crossroads: after a decade of little progress, the country
must rise to the challenge of the SDG targets in a context of state fradditypoverty, demographic
growth, and urbanizatioWorld Bank, 2017%)

As the LULC change model developed in the context of this studydmapiricalstatistical projection of past
changes into the future, the outcome represents likely LULC changes as a reflection of a business as usual
scenario. Thus, the ressilbelp to understand thimtrinsic drivers of change while providing valuable

information on possible future LULC configuratioinsthe Virunga catchmentand thus an indication of the
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causes and consequences of {age changdn the absence of reformed regulatory policies, legal frameworks
and planning intervention&irunga NP willcontinue to be threatened by encroachment and deforestation,
primarily caused by cropland expansemdpersistent conflictThe high population density and a continuous
population growth believed to be around 3 % in the Virunga rdgfayijamahe, 2008)will inevitably result

in fewerresources outside the Virunga NP, which will ultimately put more pressure within the park, resulting
in further damaging human impadthe largescale deforestain and conversion to agricultuocaused by
human activitieswill severely alter the integrity of the landscape and cause strong negative impacts on
biodiversity and soil degradation, while undermining the natural resource foundation on which the local
livelihoods depend. The formulation of adequate spatial policies in the Virunga catchmebtlanse the
competing needs for land to feed the accelerating population and provide energy and resources, while reducing
the loss of ecosystems and biodiversithe SDGs provide the blueprint for such policy planning and
interventions, aiming to balance prosperity for both people and the planet.

The direct exploitation of resources and expansion of cropland activities is intimately linked with the economic
situatin of the peopléKayijamahe, 2008)and thusn order to protect thbiodiversity and integrity of the

Virunga NP, policies shoulaim to improve and strengthen the economic security and livelihoods of the people
living in its vicinity. The Virunga NP exists between the extremes of economic poverty and natural wealth,
which has made it a target for all of those who aim to profit fitsmesourcesA 2013 report bythe World

Wildlife Fund WWF) e nt itHee decdonomi ¢ val ue aficludédthat h gracfiuseat i on
of Virungadbés ecosystem could generate USHBWER mi |l |
2013p. The mairdirectcontributors to this valuaretourism (US$23%nillion), fisheries YS$90million) and
hydroppwer (US$10million), while anothetJS$63.8million, primarily attributed to carbon sequestration and
erosion control, can be generated throtighprovision of ecosystem servic@8/WF, 2013) If sustainably
managed, the outstanding natural value of the Virunga NP could contribute significantly to the local economy,
while providing livelihoods for 45.000 peopladigh the provision of job opportunitié®WF, 2013) Thus,

policies should aim to strengthen conservatiofoadby creating an alternative economy which incorporates

and enables the surrounding communities from a thriving and well managed nationaltpkerlembracing

the framework of the SDGs

Incentivising alternatives to charcoal

As mentioned previously, the vast deforestation in the northern and southern sectors of the park, visualized in
the simulated 2030 LULC map, is largely believed to be a reflection of illegal charcoal production and land
clearing for agricultural expansiofihe major demand for charcoal is located within the major villages, refugee
camps and the capital city of Goma in particular. As the majority of the population in Goma rely on charcoal
for their entire energy consumption, the prediction of a total clgafithe forest just north of Goma is highly

probable and inherently linked with charcoal production and cropland expaBotricity is recognized to
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have substantial benefits for poverty reduction, health and education, and thus access to akctriditye
incentivised and subsidized. Realising the US&illon potential of hydropower in Virunga NP alone, would

not only contributeéo providng job opportunities and tax revenumit more importantly, release pressure on
forests to obtain charcodurthermore, the affordability and availability of modern cooking fuels and practices
could be subsidised through regulatory reformstéducingcosts on kerosene stoves and cylindg€rawford

et al., 2008)or through the establishment of mianedit systemsAs evident from the LULC change model
cropland expansion cause the majority of the land transformation and will continue targrmyadopting
measures teupport the development sdistainable biomass productimitiatives, i.e.by improving linkages

to agriculture animal husbandry, agroforestry, etc. could be another approach to reduce the dependency on
charcoal Such policy mitiatives would not only contribute to promote conservation action, and thus contribute

to realizng SDG 15 (ife on land, but also contribute to the realisationnofti | t i pl e S D&XE54, i nc
(No poverty, SDG 3 Good health and welbeing, SDG 8 Decent work and economic groyttsDG 13
(Climate action and SDG vhich aimsio ensure access to affordable, reliable, sustainable and modern energy
for all®.

Community development

Land grdbing for subsistence agriculture has been another primary driver of change, historically, and
unregulated and illegal encroachment has threatened the fringes of the Virunga NP. The LULC change model
predicts that vast expanses of the NP will be subjecbfmand expansion, at the expense of forests, savannahs
and grassland, in 2030. To counteract the infringement, enforcement of existing legislation needs to be
strengthened while at the same time community development efforts should aim to build cagssity the

way for analternative, and more sustainable, livelihood options for the increasing popul2dimmunity

based planning and management is undmdpta cornerstone of conservation action and SDG
implementation, as local communities are effadticustodians of their environment. Consequently, the local
communities should be involved in the wider planning framework in order to maximise the development
potential and environmental benefits. Thusprder to contribute to the conservation of tHe &hd reduce

land grabbing economic development in the regiocommunal development projecend community
involvement should be promoteelg.expanding the fragmented and desolate road infrastructure in order to
improve market access, and thus increasenue potential from agricultural and artisanal productions. Other
communal development projects could support the promotion of alternative income generating activities, such
as ecotourism development or educational programmes which could facilitate txéee tourism industry,

such as free public park ranger or guide training programegending on the nature of community
development programmes, successful implementation of initiatives such as those outlined above could
potentially contribute to theealisation of SDA (No poverty, SDG 3 Good health and welbeing, SDG 4

8 https://sustainabledevelopment.un.org/sdg7
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(Quality education), SDG 8DEcent work and economic growthSDG 9 (ndustry, Innovation and
Infrastructure, SDG 11 Sustainable cities and communidiesd SDG 15Life on lard).

Utilising the LULC change model to gain ntergovernmental support andmobilise resources:

While underpinning the need for reformative action to counteract the ingpadforestation and land
degradation in Virunga, it is vital to realize that the majority of the policies and actions suggested will require
significant investmentgAccordingly, the Democratic Republic of the Congo will, to some extent, be relying

on suppa and engagement from donor countries in order to forge strong bilateral relationships through which
investments can be sourced and policies frafRatdhermore, collective international support can be forged

using the framework of existing MultilaterahBy i r on ment al Agr e e mbeftdristegatd E A) 6
conflict-concerns into the implementatiamd prioritiesand attain earmarked funding for targeted capacity
building and conservation activitigSor this purpose, the LULC change model and theilated land cover

for 2030 is not only an effective policy support tool to inform spatial planning and poh&ing, but also a

vital instrument which can be used for lobbying activities in order to gather support for conservation and
poverty reductioractivities and strategieg theintergovernmental levelnsight into a probable future LULC
scenario within one of the most biodiverse world heritage sites in the world, which indicates that most of the
forest resources within the NP will be gone by 2088y provide further traction to support collective action

and mobilisation of resources to preserve the integrity of the park and the biodiversity withire it.
fortification of thesebilateral and multilateral relationshipgll be vital in order to mastreamand finance
conservation actions across sectoral policies, contributing to sustainable energy production, poverty reduction,
education, healtbtc, thusunderpinninga coordinated strategy providing political and economic governance
while increasig human capacity and wellbeirgy/hile potentially contributing to realise the majority of the
SDG6s, development and revitalisation of gl obal p
is the overall objective of SDG 1P4drtnerships fothe Goal3.

4.2 Reproducibilityof the study

Detailed accounts of the software packages (including version numbers), scripts, datasets, workflows and step
by step methodological guidelines should allow anyone with the same system setup and dependencies to
the analysis again, 1&eating the resultsr use it as guiding framework foreplicating it infuture research

aiming to quantify and qualify future land cover chandg#hile the script for the land cover classification
generically apply to any case study area, upon collection of locally applicable training datasets, replication of
the model in other settings and contexts is possible upon collection of relevant dataseqsidnatory
variables. Thus, the approach can be replicated in other regions to compare differences and similarities in

future LULC patterns and predictions.
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However, even so, and whitareful elaboration of the experiment artefactiatasets, prprocessing steps,
parameters, software components, source code, etc. should allow for independent validation and
reproducibility of thespecificresultsof this study most operations of machine learning algorithms involve
some degree afindomisation, makimthemparticularly elusive in terms of replicabilityThe script for the

land classification makes use of random forests to classify the input image. and while random forests are
considered highly accurafRodriguezGaliano et al., 2012; Suthaharan, 2Q16¥ process of building the

trees in the ensemble is random. Furthermore, the process of splitting the training data geometries into 500
sample points, is random, and thus an exact reproducibility of the classification results relies on a perfectly
harnonies training dataset, which for this study was impossible to obtain as in situ data sampling was
impossible. The element of some degre@rahdomnessin the land cover classification is critical in terms of
reproducibility, as the land cover maps dnefioundation of the LULC change model, and thus different results

in the classification will likely result in a different prediction of a future scenario.

4.3 Sensitivity analysis

While reproducibility of the results of this study is inherently imperatigjgability and improvement of the
designareequally importantThis is largelyfacilitated through the identification and realisation of limitations

andsensitivitiesin the project design.

All models are simplifications of the real world, and as stloky are inherently subject to potential errors as

they depend on the data and assumptions applied. The results of the LULC change model developed in this
context is affected by several factors, such as the accuracy of the image classification foingetreddand

cover maps, selection of land cover classes, filtering processes, data aggregation and data availability, selection
of explanatory variables, etc. While due diligence to existing literature and a careful selection of the
methodological framew# can alleviate the impact of some of these errors, no research method is perfect, and

all come with certain tradeffs.

4.3.1 Human factors and temporal variations

The land cover classification was conducted usingytear temporal composites of Landsat images (2008
2010 for 2010, 2012015 for 2015 and 2012019 for 2019), in order to reduce NoData values caused by
clouds.While these years eveselected in order tose the most recent reflection of land change dynamics in
the Virunga catchment for the calibration of the model, land change rates are volatile, varyiagriotgly

and at short time period®§/N-DESA, 2012) However, as detailed yearly historic accounts of land change
dynamics and unpredictable rbnear shifts in the Virunga catchmeate limited in literature, an inherent

risk lies in having projectedand change extremes, rather than norms, due to the relatively short interval
between the two calibration datasets. For exampbelel calibration cannot account for Alamear shifts such

as those caesl by, sudden conflict, climatic events, economic fluctuations, political shifts and natural

disasters, and thus if, e.the period between 2008 and 2010 representedtypical period of extreme
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agricultural development rates, this pattern will have h@ejected into the futurélhus, the past may not

always provide the best indicator of the future.

Similarly, the model is also limited by its inability to include human behaviour, climate extremes and specific
policies, all of which are major drivers bULC changeg(UN-DESA, 2012) Accordingly, unexpected events

and mpacts caused by sudden inflows diugees from neighbouring countries, natural disasters, shifting
perceptions of political opportunity and risk, changing governments, land use reforms, etc. will all considerably
alter the dynamics of LULC change, thus shifting the trajectory of development

4.3.2 The Modifiable Area Unit Problem (MAUP)

Geographical space is continuous and thus there is not perfect discontinuity on the surface of(¥Wermgyrth

2008) In geographic modelling a raster surface is usually usedtomimecohe t i nui ty of, t he
howeve in the context of this study boundary is used to demarcate a case study area. This represents an
analytical issue coined the Modifiable Area Unit Problem (MAUP) and it refers to the fact that these boundaries
represent an artificial construct, and thus a spatial aggregation atlarsinlarger scale will inevitably alter

the results of the analyg/ong, 2008) As in all other spatially disaggregated geographical models, the LULC
change model developed in this study is subject to the MAUP problem. Téiis it the same data used in

the context of this study would likely yield different results if aggregated in a differentfilvayboundaries

of the case study area for this study was purposefully demarcated to include a small landmass outside of the
Virunga NP, in order to reflect processes operating outside the borders of the park, but ultimately affects LULC
changes within it. However, the demarcation of the case study area is still an arbitrary construct, and thus if
the data had been aggregated intlamoway, the results may have been vastly different, i.e. if larger
infrastructure (i.e. highways, road networks, airports, etc.) and large cities (i.e. the capital of Kinshasa) lying
outside of the case study amgauld have been included. This would kaffeciedthe training of the model

and the calculation of the LULC changes. Thus, the spatial changes occurring within the case study area is
shaped and formed by various external human, environmental aneesoai@mic processes which cannot be

demarcatd by artificial boundaries.
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4.4 Conclusion

The Virunga catchment in the eastern part of the Democratic Republic of the Congo is subject to dramatic
deforestation rates and land grabbing, causing significant changes to the land cover dynamics in one of the
most biodiverse regions of Africa. In orderinform conservation actions and management practices to protect
the diversity and integrity of the Virunga NP, while developing sustainable land managing policies and socio

economic reforms it is vital to understand the drivers and dynamics of LUL@eha

This study was successfully able to use a combination of cloud processing platforms (Google Earth Engine),
GIS software (ArcGIS) and LULC modelling tools (LCM in TerrSet}itaulate future deforestation and land
change patterns in the Virunga catant. It provides a good understanding of the predicted LULC changes,
under a status quo scenario, over the next ten years, and thus presents an effective policy support tool for
decision makers and administrative bodies aiming to strengthen SDG impléamentaile preserving park

resources.

The LULC model predicted that the largest shift between classes is attributethexdinversion of forest

areas into cropland and the overall general trend is a significant increase in cropland with a net ga&n of mo
than 2000 krh The increase in cropland is primarily located in the north of the Virunga catchment where a
substantial proportion of the remaining forest areas is predicted to be replaced by cropland. The primary drivers
of deforestation were identifiemselevation, distance to artisanal mines and mining concessions and distance
to cropland and cities, distance to roads and distance ta Whaése drivers all reflect the inherent relationship
between accessibility to forested areas and proximity tcahusativities, which is consistent with literature

and consistent with the hypothesis that charcoal production and land clearing for mining, urban expansion and

subsistence agriculture are the primary contributors to deforestation within the Virunga NP.
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6 Appendices

Appendix A. Source code fathe 2019land cover classification in Google Earth

Engine

Map. centerObject (AOI, 9);

Map. addLayer (AOIl, {}, ‘aol' );

/[For Landsat surface reflectance product cloud masking
function maskclouds (image) {

var cloudShadowBitMask = 1 << 3; // cloud shadow
var cloudsBitMask =1 << 5 /I cloud

var ga = image. select ('pixel_ga' );

var date = image . get ('system:time_start' );

var mask = ga. bitwiseAnd ( cloudShadowBitMask ). eq(0)
. and( ga. bitwiseAnd ( cloudsBitMask ). eq(0));
var ndvi =
image . normalizedDifference ([ 'B5" ,'B4" 1). multiply (10000). rename ('NDVI' );
return

image . addBands ( ndvi ). updateMask ( mask). divide (10000). set ('system:time_start' , date
);

}

/ILandsat 8 image collection

var L8collection = ee. ImageCollection ('LANDSAT/LCO08/C01/T1_SR' )

. filterDate ('2017 -01-01', '2019 -03-23")
. filterBounds (AQI)
filter  (ee. Filter .1t ('CLOUD_COVER, 35))
. map( maskclouds );

print  ( L8collection );

var testimage = L8collection . median (). clip (AOl);

Map. addLayer (testimage .select ([ 'B5 , B4, B3 ], {min:0, max 0.4}, ‘false

color' );

Map. addLayer (testimage .select ([ ‘B4 , 'B3' , 'B2" ], {min:0, max 0.4}, ‘'true color
color' );

/I Subsample training polygons with random points

/I this ensures all classes have same sample size
/[ also EE can't handle too many cells at once

var trainingLayers = [forest , water , city , cropland , openland2 ];
var n = 500;
/I loop over training layers
for (var i = 0; i < trainingLayers .length ; i++) {

/I sample points within training polygons

var pts = ee. FeatureCollection

. randomPoints ( trainingLayers [i]. geometry (), n);
/I add class
var thisClass = trainingLayers [i]. get('class’ );

pts = pts . map(function (f) {
return f.set ({ class : thisClass });
1

/I extract raster cell values
var training = testimage .sampleRegions (pts, ['class’ ], 30);
/I combine trainging regions together
if (i === 0) {
var trainingData = training ;
} else {
trainingData = trainingData . merge (training  );
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}
}
print  (trainingData  );

Il classify with random forests

/I use bands 1 - 7+NDVI

var bands = ['B1 , 'B2" , 'B3" , 'B4 , 'B5 ,'B6 , 'B7" , 'NDVI' ];
/I fit a random forests model

var classifier = ee. Classifier . randomForest (500)
. train (trainingData , 'class'" , bands);
/I produce the land cover map
var classified = testimage . classify ( classifier );
var p = ['00ffo0" , 'ff0O0O0" , '000000' , 'OOQOff , ‘orange' J;
/I display
Map. addLayer ( classified , {palette : p, min: 1, max 5}, ‘'classification’ );

/[Accuracy assessment

/[Test the classifiers' accuracy. (data, y, X)

var trainingClassifier = classifier .train  (training , ‘class’ , bands);

/ISeparate validation

var testingsep =

forestvali . merge (watervali ). merge (cityvali ). merge ( croplandvali ). merge ( openlandva
li);

/I Add reducer output to the Features in the collection.

testingsep = testimage .sampleRegions (testingsep , ['class’ ], 30);

/lprint (testingsep)

var validation_sep = testingsep . classify (trainingClassifier );

/lprint (validation_sep)

var errorMatrix_sep = validation_sep . errorMatrix (‘class’ , ‘classification' );
[lprint(Error Matrix:', errorMatrix_sep);

var ft = ee. FeatureCollection ([ ee. Feature (null , {'Accuracy'

errorMatrix_sep .accuracy (), ‘'Producer

Accuracy' : errorMatrix_sep . producersAccuracy (), ‘'User

Accuracy' : errorMatrix_sep . consumersAccuracy (), ‘'Kappa' : errorMatrix_sep . kappa (),
'Error Matrix' . errorMatrix_sep .array ODD;

/I Define customization options.

var options = {
titte : 'Landsat 8’ ,
hAxis : {title : 'Wavelength (micrometers)’ 1
VAxis : {title : 'Reflectance’ }
linewidth : 1,
pointSize : 4,
series : {
0: {color : 'O0FFOO" 1}, /lforest
1. {color : '0000FF" '}, [/ water
2: {color : 'FF0O000" }, [/l city
3: {color : ‘orange' '}, //openlandl
4: {color : ‘grey’ '}, [/l cropland
5: {color : ‘'yellow' '}, // openland2
1
/I Define a list of Landsat 8 wavelengths for X - axis labels.
var wavelengths = [044, 048, 056, 065, 086, 161, 22, 257,
/I Create the chart and set options.
var spectraChart = ui . Chart . image . regions (
testimage . select (bands), trainingLayers , ee. Reducer . mean(), 30, ‘class'

wavelengths )
. setChartType ('ScatterChart' )
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. setOptions  (options );

/I Display the chart.
print ( spectraChart );

Export . table . toDrive ({ collection : ft, description : ‘accu_2018"
fileNamePrefix : ‘'accu_2018'" , folder : 'Master thesis' , selectors : ['User
Accuracy' , 'Producer Accuracy' , 'Accuracy’ ,'Kappa' , 'Error Matrix' b;

/I Export the image, specifying scale and region.
Export . image . toDrive ({
image : classified ,

description . 'VirungaLC_2018' ,
scale : 30,
folder : 'Master thesis'

region : AOIl. geometry (). bounds (),
maxPixels : 2091108075 ,
crs : 'EPSG:40 51°

1
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Appendix B.

Table11 Confusion matrix and accuraey2010 land cover map

Landcover maps confusion matrixes

Error matrix for 2010 land cover classification

Ground truth reference

Forest | Water | City = Cropland | open land @ Total
= Forest 48 0 0 2 0 50
=  Water 0 50 0 0 0 50
5¢ City 0 0 42 0 8 50
g § Cropland 2 0 45 2 50
4 open land 0 0 2 47 50
O Total 50 50 44 49 57 250

Table12 Confusion matrix and accuraey2015 land cover map
Error matrix for 2015 land cover classification
Ground truth reference

Forest | Water | City | Cropland @ open land | Total
o Forest 50 0 0 0 0 50
g Water 0 50 0 0 0 50
% City 0 45 0 5 50
= Cropland 5 0 0 41 4 50
ﬁ open land 0 0 1 0 49 50
© Total 55 50 | 46 41 58 250

Table13 Confusion matrix and accuraey2019 land cover map
Error matrix for 2019 land cover classification
Ground truth reference

Forest | Water | City | Cropland openland @ Total
o Forest 43 0 0 7 0 50
g (Water 0 5 0 0 0 50
5 CY 0 0 46 2 2 50
£ Cropland g 0 0 44 6 50
@ openland g o 1 2 47 50
© Total | 43 50 47 55 55 250




Appendix C. Performance report example for deforestatisui>model

Land Change Modeler MLP Model Results

(Created: 04-03-201% 13:39:18)

1. General Model Information

1) Inpur Filzs

Independent varniable 1{[DEXM_bl

Indepandant vaniable 2{[Dhst_arbmining_new bl
[Independant variable 3{[Chst_mining_new bl
Indepandant vaniable 4{[Dhst_roads_new_bl
Independent vanable 3|[Dhst_distrubance 2010
Ilnu:lepeudant wariable ﬁl [Diar_\'.'atem'a'_ra_new_hl |
[Trzininz sit= file |[LCAI_v2_Train_Deforestation]

2) Parameters and Pevformance

Input layer neurcns &
[Hidden layer neurons ]
||Dut]:-ut laver naurons 3
"R.equested samples per clazs{{ 10000
[Final leamine rate 0.0001 |
I:xI-:umeut'um factor ||I:'.5 |
[Zizmoid constant IL |
[Acceptable BMS 001 |
[terations 10000
Tramims BEALS 03358
Testing BEMLIS 03369
A ccuracy rate T7.61%
Zkill measure 06642
3) Modsl Skall Breakdown by Transition & Persisterce
Clazs Skill measurs|
Transition : Forest to Cropland ([(0.6103
Transition - Forest to Openland||0.8300

.3516

[Fersistence : Forast

2. Weights Information of Neurons across Layers

1) Weighes bevween Impur Laver Neurons and Hidden Layer Neurons

Meuron | |h-MNewron 1|fb-Neuron 2 (h-Meuron 3(|h-MNeuron 4| |h-Wewron 3||h-IHeuron §
i-Meuron 1||4.3626 02243 -9.2037 42459 -12.5762  |[-1.0072
||L'-}Izu:l}n J)|2.5363 2.1835 -2.8243 -0.8298 78734 -3.3826
||L'-Heu:-:>n 3|3 3088 -2.6363 26611 -0.301% -2 4268 -3.723%
||[-Heru:-::-n 4|-1 3815 0.0703 06131 -0. 7662 -2 9260 3.8677
||L'-}Izu:l}ni -18.1%08 |[16.9673 (|-13.2338 ||7.629% 7.1936 1.9359
||L'-Heu:-:}nlfi -8 2317 -1 3442 904871 -17.2515 |[12.6814  |-3.0591
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