IMPLICATION OF HUMAN ACTIVITIES ON LAND USE LAND COVER DYNAMICS IN
KAGERA CATCHMENT, EAST AFRICA

By

Robel Ogbaghebriel Berakhi

B.S., University of Asmara, 2004

A Thesis
Submitted in Partial Fulfillment of the Requirements for the

Master of Science Rgee

Department of Geography and Environmental Resources
in the Graduate School
Southern lllinois University Carbondale
DecembeR013



THESIS APPROVAL
IMPLICATION OF HUMAN ACTIVITIES ON LAND USE LAND COVER DYNAMICS IN

KAGERA CATCHMENT, EAST AFRICA

By

Robel Ogbaghebridderakhi

A Thesis Submitted in Partial
Fulfillment of the Requirements
for the Degree of
Master of Science

in the field of Geography & Environmental Resources

Approved by:
Dr. Tonny Oyana, Chair
Dr. Samuel AdePrah

Dr. Guangxing Wang

Graduate School
Southern lllinois University Carbondale
October 142013



AN ABSTRACT OF THE THESIS OF

Robel Ogbaghebriel Berakhi, for tastersof Science degree in GEOGRAPHY &
ENVIRONMENTAL RESOURCES, presenteoh October 142013, at Southern illois

University Carbondale.

TITLE: IMPLICATION OF HUMAN ACTIVITIES ON LAND USE LAND COVER

DYNAMICS IN KAGERA CATCHMENT, EAST AFRICA

MAJOR PROFESSOR: Dr. Tonny J. Oyana

The Kagera basimiEast Africa has experiencedajor land surface loss tropical
forests, woodlandsind savannasueto the conversion of land foagriculturalpurposes. This
has resulted isoil degradation, siltation, eutrophication, desertification, biodiversity &b
climate changeDamages in thKagerahave also ld to polluion and sedimentation Mictoria
Lakewhich receives water from the basifihese environmental changes have an effect on
people in this region who largely depend on the natural resources. It has been indicated that these
problems are mainly due to poptitan growth as this region has the highest population growth
and density when compared to sthharan countrielowever, previous studieonducted in
this region have not investigated the spatial relationséipveen populatiogrowth and_ULC
changes. ie aim ofthis study wado quantify LULC changes that occurrécbm 1984 tc2011,
and predict future scenariodnother goal of this studyas to investigate the spatial relationship
betweerpopulationgrowth/density andlULC changes, ands socioeconond influencesA
post classification ltange detection method and Marlkanain model of LULC chang&vere

used to analyzthe past and futureULC dynamics Administrative level censugata of Kagera



was used to calculate population growtidl @ensity, and #se were overlaitb LULC change.
The assessment of change for the peniot9842011 overall showed a majekpansion of
agriculture at the expense of woodland savamha wasmainly attributedto demographic and
sociceconomi¢political changegprior to andduring thestudyperiod. Populationgrowthand
densitywere linkedto transitiors toagriculture, anégriculture dominancduring the study
period In addition,the oil price shocks of the 1970's that exdhe adoption oftructural
Adjustment Pogramwereimplicatedas the major globahacroeconomimfluence in theuse of
resourcesmainly in the agriculture sectdnternal policiesuchasT a n z a Rjanaa® s i
villagizationof production andbiophysical factorsuchas precipitation and proxityito water
bodies weralsoimplicated to the LULC changed.he findings in lis study implythat
understandingnter-relationshipof factors is critically importaneand thessue ofLULC change

must be approached a&holistic maner.
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CHAPTER 1

INTRODUCTION

Land useand land covefLULC) describsthe economic use of land and surface
featuresrespectively(Campbell, 2007). Humansgay a major roleas force®f change in the
environmentinflicting environmental changat all levels ranging fronthelocal tothe global
scale (Gamblet al, 2003. The various usof land for economic purposes hayeatly
transformed land cover atglobal scale (Turner et al., 1994). Over the last 10,000, \@arsst
half of the icefree earth surface has changed and most of the result was due to the use of land by
humans (Lambin et al., 2003; Turner et al., 2007). The production of agricaltarébrest
goods specificalljhavecaused agriculture and forestry tacbmethe most transformative events
globally; with agricultural landivaling forest cover and occupying 35% of the ice free land
surface in 2000 (Foley et a007). In using land tgield goods and services, hunsaiter
ecosystems antheir interactions with the atmosphere, aquatic systemd surroundinéand

(Vitousek et al1997).

LULC is one of the environmental issuaostlytightly linked to climatechangean a
complex manneand changginbothcanhave profound effectoane c o syst emdés abi | i
provide goods and services to society (Loveland e2@03). Land use and cover péaykey
role in climate changes throutfine exchange of greenhouse gases, sensible dr@hbcal
evapotranspiration (Vitousek et,a997 Foleyet al., 2005; Lovelandtal., 2007).
Approximately35% of the @, emissiors to the atmosphere werem land use (Foley et al.,

2005) In addition to climate changgrowth of human population and lacover changes ka



an effect on the biogeochemical cycles, habitat availability, biodiversity, soil erosion, water

quality, water flow and sediment flows (Vitousek et al., 1997; Dale 1997; Turner et al., 1994).

Africa occupies ondifth of the globallandareaandnany of t hresowcesnt i nent
suchas forestsyater, biodiversity, marine eesystems havexperienced changesie toboth
human and climatehange driveréMosha, 2011)The deforestation dfopicalrain forests of
central Africain genea | was higher in the 198006s than in
smal holders isamoreprevalent fornof land coverconversionn Africa (Lambin et al., 2003;

Justices et al2001; Brink and Eva2009).

TheKagera basin in east Africa has besre of the majolocations around the world
experiencinghangein tropical forests, woodlands and savandasto agricultural land use
Some of theonsequencesf these changes includeil degradation, siltation, eutrophication,
desertification, biodiersity lossand climate change. These changes have likdvésa
implicated with population growth, economand policy changes arising from the bordering
countries of Burundi, Ugandaanzaniaand Rwanda (Wasige et al., 201Bhe populatio is
projeded to increase rapidgnd theconsequences of LULC changes remathreaiNBI,

2008).

1.1.Rationale and problem statement

In Kagera, the resoursand ecosystems amaderpressuralue to faspopulation growth,
agriculturalexpansion anthtensification(progressive reductioof farm sizes)and
unsustainablese of landFAO, 2013). This has causegersistencén land degradation

accompanied bg serious loss of biodiversitftheimpacts on the agrecosystems ar@so
2



affecting the livelihoods ahelocal populoussince theyargely depend upon natural resources
for their living (FAO, 2013) Moreover,degradationn water qualitytheloss of wetlands
sedimentation of aquatic systerasdreduced groundndsurfacewater supply aréeing
observedOff site,the Kagera basiis alsoa major contributor of inflowo Victoria Lake(the
secondargest fresh water lake the world. The changes in the Kagera balsave contributed

to the polution and sedimentatioof Victoria Lake (Tamatamah, 2004)

Theabovementioned problemisave beemelatedto population growh, as well aseconomic
and policy changearising from the bordering countries of Burundi, Uganda, Tanzania and
Rwanda(Wasige et al., 2013; Tolo et a2012. Kagera isa heavily popuhted lasin in the east
African Rift Valley Lakes sulregion(NBI, 2008) The ptal population i@roundl5 million
which account$or 40% of the totalake Victoria basinpopulation (NBI, 2008)The population
densityof Kagera basin i248™Qd , more than 8 times thaverage of suSaharan AfricaNBl,
2008). The future population iprojectedo increase atates of 3.4% (Rwand3, 2.3%
(Tanzania) and 3% (Ugandg, which arerelatively higher compared tbe average rate other

subSaharancountries 2.5%)(NBI, 2008).

For theseeasonsthe Kagera basin as selected for a visual studfythe physicalLULC
changes atregionallevel. Regionattudies providedequatepatialand temporatesolution
and account fovariations in causto coverrelationships that are not explainedtsglobal
level (Turner et al., 1994past tudieshaveattributedpopulation growtfdensityas akeydriver,
but none have tried to link them togethEhis study links populationto land cover transitius
with an explicit spatial componerit is alsoclear thatauses oénvironmental degradation or

change cannot be discussed in isolaffom socie@conomic and political dynamics of the



country especially for the agriculture sector of SBaharan Afrie, which most of the
population relies on. Usualtyeformulation and implemeationof economic reformsloes not
takeinto consideration the effects on natural resourceTlsgs, thisstudy aims taassesshe
sociaeconomigpolitical anddemographidactors effect on theLULC change®f theKagera

basin.

1.2.Aim of the study

Projectionsof the consequencsof currentandfuture LULC changenecessitatethe
reconstructiorof past land cover changdsofe landet al.,2003. Good change detection
researctshould providechangespatialdistributionof changed typesndchangerajectoriesof
land cove type$lLu et al, 201). Thisstudy $general ainwasto investigate th€ ULC changes
in the Kagera basinwhile also lookingatthe implication of human aefities on the observed

LULC dynamics Specifically, this study aimed:

1 Identify LULC changes for the duration &8 yearg19842011) using Land & images
f QuantifyLULCc hanges using | D&Igléers Land Change M
1 To predict futurd. ULC changes usinthe Markov chain nodel
1 Investigate the spatial relationship between population growth/density and LULC
changes

1 Qualitatively assess the implicationsacioeconomic factorsn LULC changes



1.3.Research questions

To complement the abowbjectives the stug was guided by specific research

guestions;

I. What isthe magnitude andynamicsof land cover change?
il. Whatwill futureland cover typs belike?

iii. What are the major factors that have driven the changes of LULC?



CHAPTER 2

LITERATURE REVIEW

Thischapter presents the literature reviemwo sections(1) Humarnrenvironment
interactiong2) LULC. The humarenvironment interactioeectioninvestigatefiow humans
drive environmental changes andw environmental changeffect themin return The nex
section focuses oenvironmentathanggLULC changé in terms ofcauses and assessment

methods.

2.1 Human-environment Interaction

The human dimensionf geography and the environmestaidyhow technological,
sociceconomigand culturadrivers affecthe environment and in turn the adaptation of the
society(Gambleet al, 2003).Thisis one ofthe maincomponentsn the studyof environmental
changes (Gamble et a2003; namely, interactionbetween changes theatmosphere, climate,
thecarbon cyat, thewater cycleandLULC. The DPSIR (Driving forces, Pressure, State,
Impacts and Responses) model (Figidg shows the relationship between environmental

indicators(Smeets E. and Weterings R., 1999).



The DPSIR Framework
| Driving forces-Pressures-State-Impacts-Respansas)
Driving Forces Pressures
== _ Socio-sconomic and socio-cullural _1
forces driving human activities, —

-
rr‘;‘,_ o PrESSLNES. O 1he environment

A — h.-h-r“

Stressas thal human activities
place on the environment (eg
wastewaler

State of
the Environment

Responses (SoE)

Responses by society 1o the
efvironmenial Skuation (&g cleansar

E production, reguiaticns)

The conditicn of 1he amdronment
{e0. the assessment
of alr or waber qualkny)

mmsaremlmnmmw awaumm : Impacts

- Iﬂﬂ 7 ﬂ'ﬁb‘&

i
Savroe - Global ndesnanonal Water Assessment [GIVWA], 2001 | Ecropass Envronment] Agency [EEA), Coperhagen

Figure2.1 DPSIR framework

SourceGlobal International waters Assessment (GIWA), 2001; European Environment
protection Agency (EEA); Copenhagen

Figure (2.1)illustrates theelation$ip between the environment ahdmanactivities
Smeets E. and Weterings RL999) describe the process as follov#ecioeconomic
developmenputspressure on the environmeardwill change the state of the environméaty.
the presence of pollutastn water which indicate th&tatus ofwater quality. As a consequence
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thesechargeswill be manifested asnpacts on human health, ecosysteamsl materialsSociety
will then responde.g. regulation, conservation etm)a waythat feeds ack on the driving
forces orthe stateof the environmenbr impacts. Though the real worldnsuch more complex
than can be expressadsimple causal relatiohfps the communicationecessitatesimplicity
to providecritical information about the phenomef&meets E. and Weterings R.,

1999).Gabrielsen and Bosch (2003) describe the DPSIR indscas followgTable 2.1):

Table 21 DPSIR frame work elements

Indicator type Description of indicator type

Driving forces Describes the social, demographic and economic developments in
societies, corresponding life styknd levels of consumption and
production patterns.

Pressure Describes the pressure exerted $ycietythroughthe release of
substances (emission), physical and biological agents, use of reso
and the use of land by human activities.

State Gives a @scription of the quantity and quality of physical phenome
biological phenomenand chemical phenomena (e.g. £O
concentration)

Impact Pressure changes the state of the environment which in turn has i
on the function of the environment as humad acosystem health,
resources availability, biodiversitgtc.

Response Describes the responses by groups (individuals) in society and
government in attempt to prevent, amelioyateadapt to changes.

The dynamics of the DPSI&eexpressed when thelationships between the elements

( A-b @t w endicators) are introduce&i@ure 22). Smeets E. and Weterings R., (1999)



explains as followsEco-efficiency indicators indate whether or not theretischnological
progresgi.e.theyindicate technolgi e s 6 d e g r @.€elhepdthwayd aind despersianc y
patterns are useful for modsj current and future changesthe state of the environment and
impactsby indicating the time of delay in natural procesand time bombs in thenvironment
Similarly, the doseesponseéndicatorsbetween impact and state help quigrttie consequences

or act aearly warning. The costs and benefits to society in responding are governed by the
degree of impac¢ivhich requires economic data. There is little informaavailable in regasd

to the policy effectiveness indicator explaining the relationship of response with other elements

(Gabrielsen and Bosch, 2003)

Effectiveness of
@< responses < Response

Ecaoefficiency indicators .
Risk assessment costs

X and beneits of action

: : Dose response indicators
Pathways and dispersiof —,
- and relationships

models

Figure 22 Indicators and their relationship

Source(Gabrielsen and BoscB003)



2.2 Land use and Land cover

This section reviews the causes of LULC changethathethods involved in assessing
the dynamics of LULCAdditionally, the LULC dynamics of the Kagera basin from previous

studiesarereviewed.

2.2.1. Causesf land use land cover change

LULC change is most importaim understaniohg environmental chang@ecessitating
the investigation of cause to cover relationship (Tuner et al., 1094 changesre
manifested throughonversion andnodification,which are caused by interactions between
climatic and anthropogenforcesowing to itsinherentlycomplex natur¢Lambin et al. 2003
Turner et al.1994. Even thoughLULC changds affected by climatic changegit is primarily
LULC changewhich drivesenvironmental and climatic chang&amble et al., 2003;oveland
et al, 2003).LULC change and its relation tause is very importamts it haghe greatest
implications on the environmer(fTurner et al., 1994 Understandinghe causes dénd cover
changes involves looking ptoximate or direct causesthatlocal level andthe decisions
formedasaresult ofcomplex social, economic, political, demograpkechnologicalcultural
and biophysicalactors atregional/globalevel (Lambin et al, 2003. Turner et al. (1994)
indicatestherearevariations in the observed causeover relationships at different levels a
result of different socieconomiccharacteristicspolitics, levels of affluence, and technological
development awell as culturen different parts of the worldAn individual look attheregonal
and local leved provides greater details orderto identify and accourfor these variationsAs a
result the simplistic assumption thatJLC is driven byonly afew forces has moved @

complicatedunderstanding that involves interactions among a large number of factors at

10



different spatietemporal scales (Lambin et al. 200B&mbin et al. (2003and Dale et al (1997)
furtherindicatethatthe complexity of these famts can be simplifietb themes that relate
variousdrivers toparticularLULC changs (i.e.,limited paths wayk but the prol@m is finding
adominant path way or primary causiland usechange This isbecaus¢he importance of

these factors depesdn the situation and spatial scale of stutiieverthelesshe past
understanding ahese forces acting fromlocal toa global level becomes very important as this
improves our ability to predict LULC changes andcivssequenced hese predictions are

crucial in orderto proposesuccessfuimanagement optiorfer a given
biophysical/socioeconomical/political situatiroveland et al.2003. Lambin et al (2003)

describes the main drivers bJLC changesvhich aresummarized in Table 2.2

Table 22 Factors that influence land management decision of land use and land cover change

Drivers (factors) Description

A mix of driving forceghat variesn time and space and acin
different levels They arespecific b human environmeatconditions
Multiple causes They arebiophysical and socioecononfactorswhich can be slow
and/or fast in nature. Wally, land use change occurs throagh

combination of both natures.

Natural environmemstinteract with humanauses of land use chang
This could be in a synchronoasindependent mannevhich leadgo
socioeconomic unsustainability. Usualljingatic driven ecosystem

conditions amplify the pressudeie to @mands on the resources

Natural variability

Land use change medominantlythe result of society responding t
the opportunities and constraints created by markets and polic
which in turn are influenced by global factors. This works on a
decadal time scale. Access to technology for effiiciend
management is determined by distribution of wealth as a result it
animpact on geographical differences of economic opportunities
constraints.

Economic and
technological fators

11



Table2.2 (Continued)

Demographic factors

This also is another factor which has a great impadaid use
change over a longer time scale. It is a shiffates of fertility and
mortality, but it also means associated development of houselifeld
cycle. The life cycle iselated to labor availaliit y, migration,
urbanizationandthe breakdowrof extended families into several

families. This life cycle is mainly a response to economic
opportunities and constraints which affect land use change and v
in turn affect household economy. Migratjam the other hand, is
also a significant driver cq@led with nondemographic factors (e.qg.
government polices) and some policies could trigger migration

Institutional factors

Local and nationgbolicies andnstitutions (political, legal, economic
and traditioml) affect decision making as they usuabnstrain the
access to land, labor, cagi, technology, and information and thug
determine the land managers capabilities to participate and def
institutions.e.g. decision making systems(decentralization, inclus|

of local communities in decision kiag) and institution control over
distribution of resourcesll-defined policies and weak institutiona

enforcement are causes of land use change. Some policies th
influence land use change are policies of-sefficiency, price contro
on agriculturdinputs and outputs, structural adjustments, landhold
consolidation, as well as investments in monitoring and guardir
natural resources.

Cultural factors

The individualandma nager so6 bel i efs, a
memoriesknowledge, skil§, individual perceptionsand personal
histories influence land use decisio@siltural factors can be linked
political and economic inequalities (e.g. status of women and et}
minorities affects access to land use).

Globalization

This is the procesthatunderlies the other drivers and it amplifies
attenuatesgheir impactby removing regional barriers, weakening
national connectiongnd increasing the interdependency among

people and between natiod$ie most effect is from economic/trad

liberdization and reforms to open up the agndustrial sector.

12



Though these are the general factors influenkand use change, Lambin et,§2003
specifies thanost frequentauses of land use chargechas resource scarcifwhich causes
pressure omesources), market opportunitiesitside policy intervention$oss of capacity and
increased vulnerabilitchanges in social organizatiahanges imesource accesandchanges

in attitude.

Generallyin subSahararcountriesthemost importantrivers of forest degradation
have been identifieasthe extraction of fuel woqdvhere80% of the populattn uss wood asts
main source of energgndagriculture which represents thprimarysource of incoméor 70%
of the populationAdditionally, foreg policy, persistent conflicind war, demography and
population movement, low economic growth and poverty, debt and dependence on development
assistance, constraints arising from globalization, predominance of the informal aedtor
inadequate investmealsoareunderlying drivers (Henry et al., 2011%everal studies have been
done in Africa at the watersheaakgional, and locdével to look intoLULC dynamicsand
requirediooking at the population growtimdsociceconomic influencén causecover
relationshigs. Dale(1997) indicates thdhe effects of population growth modified by the local
situation can be consideredasultimate cause dfULC changesCadjoe(2007)points out that
most of the studies in developing countgésce a majority ofheiremphasson the local level
where direct causes of the land use /cover changes are obderstedlying causeover
relationship Cadjoe(2007) furtherndicates thatlinking people to the appropriate level to
describeLULC changess a challengeHowever population data can bmkedeasily at the
regional, nationalanddistrict or municipal leveand smalle(i.e., village levelthatmakes the

linkage difficult as it needs housad survey data
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A studyonland cover changeas doneon theSub-Saharan Africa regioffor a 25year
period by Brink and Eva (2009). This region sh@awvéde range of climatic and ecological
diversitywith differences in land cover types, population, and land management techniques. The
study showed it agriculture incrased at the expense of forests and natural vegetation and
concludedhat populationncreasgwith the majority living in rurabrea$ was the main driving
force. At a smaller scal®jundia and Aniya (20063tudiedK e n yNaidobi city as it had
experiencd rapid growth in population and spatial extent compared to other major cities in the
region and was showing disappearance of vegetation giving way to urban sprawl and
agriculture. Theyfound thatrapid economic development and urban population growetk the
main reasons for thebserved changesouthern Burkina Faso hatoexperienced rapli
increased population density agibwth especially ahedistrict level due to immigration of
peasardgfrom other regions of the countrds a resultthere wa an expansion of agriculture at
the expense of opemoodland and dense forest covEhne study byOuedraogo et gl(2010) of
these districts showed that thevas a highly significant Pears&noductMomentCorrelation
between area of cropland and popiola density At the municipality level in Tanzania,
Musamba et al. (2011) assessed the implstich scioeconomic activities as fishing, tourism,
crop production and livestock on LULC changElse resuk showed that there was a strong
relationship betwen the LULC changes and anthropogenic activifiestherstudy in South
Africa (Giannecchini et al., 200 volvedthree villagesdtthelocalandhouseholdevel) to see
the relationship beteen land cover change and secionomis. The villages constently
showedan exponential increase in human settlement as a result of refugees in the anmdi&0's
decreasén vegetation In addition weakening of institutional contralt thelocal level over

natural resourcesas observed in eadfillage duringtimes ofpolitical change. As a result
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population growththe weakening otontrol ofproperty and increased dependency of household
livelihood on cash incomenabled individualso harvest live wood without impunityOther
studiesusingwatershedto asess the land cover changes dsdlrivers weralsocompletedn
Africa. Thesestudiesvereemployedon theKagera basin (Wasige et al., 2013; Tolo et al.,
2012), Malagarasi catchment in Tanzania (Kashaigili and Majaliwa, 28d@theBarekese
catchmehin Ghana (Boakye et al., 2008her findingsindicatedthatlanduse wasnfluenced

by policy changes, lack of education, population growaitid socieconomic issues.

2.2.2.Land use and land covedetection

Land use and cover data is collected thiothlge combination of diredbservation and
remote sensingyith the latter being the most widely used method (Campbell, 2D@fahas
been mappedt differentscalesusingpanchromatic, mediuracale aerial photographs sirtbe
1 9 4 andrsorerecentlyby usingsmallscale aerial photographs and satellite imgg#esand
et al, 2009. Satellite data has been valuablgartneshipwith sacioeconomic surveys and
censuglata fora better understanding of land use/cover dynamidstlaa factors that dre them

(Codjoe 2007).

2.2.2.1. Image classification

Image classification is an important part of remote sensingwhich assigns pixels to
classedo produce land cover information. It involves image selection, preproceakingthm
selection andtraining data (Lu et al., 2011; Campbell, 2007). Lu et al. (2011) indicate there are

different classification approachsschas Supervised, Unsupervised and HybRdrametric and
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Non parametric; Hard and Softu#zy) classificationand Per pixel, Supixel, and Per field.
The techniques usedpweveraret y pi cal | y i n hded thexspatial redolytionuos e r s 0
satellite images, the complexitybfh e st udy a, availablesmagepnoctssingaapde

classification algorithms, and time corssiits (Lu et al., 2011). .

Medium resolution images (e.g. Land sat) am®st commonlyused in LULC
classification even though they have low time frequency, and rarely ¢dlaudfree images
(Henry et al., 2011). As spectral information is important fodiom® resolutionimage data,
parametric classification algorithms such as maxmiikelihood are often used, b&er pixel
classifiers have repeated difficulties in dealwgh mixed pixel problems (Lu et al., 2011).
Lillesand et al. (2008) memtn that tle minimum distance classifier or algorithm has limitations
where you have close spectral classes in measurement space and have high \aradhee
words, it is insensitive to different degrees of variance in the spectral response of the data. The
coarg resolution satellite images are not readily adapted; especially in estimation of
deforestation at a national level (Henry et al., 2011). Lu et al. (26thlhe other handndicate
that high resolution imagesichas QuickBird and IKONOS bring aboutghi spectral variation
within land cover class and as a res@®r pixel classifiers perform poorly. In such caséer

field or objectoriented algorithmareappropriate (Lu et al., 2011)

In classificationthreemethodsare used(1) Supervised?2) Unswervised(3) Hybrid
classificationUnsupervised classification is used to aggregate initially unknown pixels based on
image values which are later compared to refergalieesto determine identity (Lillesand et al.,
2008). The most commonly used clustgralgorithmin unsupervisedlassifications

ISODATA. In asupervisectlassification method, pixels categorization is done by image analyst
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who specifies samples of known cover types to numerical interpretatibdistinguishes each

c | a spectrad dtibute (Lillesand et al., 2008). This classification may include classifier

algorithms suchas minimum distance or Gaussian maximum likelihoodesand et al. (2008)

mention that hybrid classificationverye f f ect i ve wher e | eesponsesaesrer t y
highly variable, especially in vegetation species mapping. This method uses a combination of
supervised and unsupervised approaches to improve the accuracy of purely supervised or
unsupervised LULC classification (Lillesand et al., 2008)e unsupervised method is used to

identify spectral classes present in the image which are later differentiated in supervised

classification.

Different studiehaveused different techniques ULC mapping. Mundia and Aniya
(2006) usedinsupervisedlassifcation methodising ERDASbhecausét allowed spectral
clusters to be identified withhigh degree of objectivityAs aresult of mixed pixelsand same
spectrakesponsesfifom moderate resolution imagethe clusters were spectrally confused.
Theywerethenreclassifiedbased on visuahterpretation (local knowledg@nd removed using
the majorityfilter. A minimum distance algorithm wasedduring the classificatiorit showed
an overall accuracgreater thai85% for each image classifietheyuseddifferentimages
(ETM, TM and MSS) and used a modifiece r si on of Ander so.Bonk cl| assi
and Eva (200palso use@nunsupervisednethod using sampled images frdmfl and MSS
imagedo assess a 25 year land cover change for continentabAfhés studyhadanissuewith
incompatibility of the images in terms of radiometric and spatial resolutioasidiier study in
GhanaBoakye et al(2008)usedTM datain assessing the LULC changes uding

unsupervisedlassification method.
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Ouedrago et al.(2010) also used a combination of satellite images (land sat scenes and
ASTER) in studying the land cover dynamics of Sissili province of Burkina Fésy.
classifiedthe imags using training data supported topographianaps andjyroundtruthing to
assign pixels to identified categoridgsMaximum Likelihood algorithnwas usean atasseled
captransformed imageand te overall accuracy of the classified images ranged 80186 to
94.4% for all land sat images and 92.5% to834 for ASTER imaes.Others also usetthe
supervisednethod and the maximum likelihood classifier in assessing the land use and cover
dynamicsWasige et al. (2013) validated thelassified mapgagainstaerialphotograph
topographic mapand field observatianTheyhadanoverall classificatioraccuracy> 85%. In a
similar study in AngolaCabral et al(2010) achievednaccuracy oB0% The classification
includedancillary datafrom GoogleEarthhigh resolution photography, visual interpretation of
satellite images,agetation maps and expert local knowledgdadth studies, Wasige et al.
(2013) and Cabral et dr010)used a mosaic of TM/ETM images to encongothe study area

andthe mapsvere madevith images dated adoselyto each otheas possible

Studieshave alsoused hybrid classificatignvhich is the combination of both supervised
and unsupervised classification. liaisaluableapproachalthoughthere is complex variability
in the spectral response patie for individual cover types preseithisarisesfrom different
cover types or conditions (Lillesand et, @009. Were et al(2013) conduied land cover
changedetectionfor the Nakuru drainage basin in Kenya. They utilized TM, ETM and MSS
images for different years angedsupporting daté&rom GoogleEarthimagery, thematic layers
(Africover), field data, and topographic maps. ¥laehieved amverall accuracyf 80% and
above for the image clsi$ied and the change detection maps were above THéy. attributed

some of the classification errdisey encounteretb spectral confusiondiween croplands and
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grasslandandamongforests, shrub langdand croplandsSimilar studies which employed
hybrid classificationalsogenerated successftlbssification performancgg@aiboonvorachaind

Oyana 2010; Torahi and Rai2011)).

2.2.2.2. Change detection

Change detection involves quantitatively identifying the differences between multi
temporal data sets to see thenamicsof the phenomena of interesthe regetitive and synoptic
data acquired from remte sensing haseenamajor source for changketection inpast decades
(Lu et al, 2011). Lu et al. (2011)oint out that cangedetectiongivesanin-depthunderstanding
of therelationships betwedmuman and naturghenomendor better manageentof resources
Accordingly,studies should involve the following informatiarthange and rate of change,

spatial distribution of change, and change trajectories of land cover types.

Many change detectioalgarithms areavailablethose giving change or no aige
information as image differencing, image rationing, Principal Compereatlysis (PCA) as
wellast hos e gi vfromg drfoentatonak leylorid ¢hange detection and post
classification method&Singh,198; Lu et al.,2011; Lillesand et al.,@8; Campbell, 200) The
pitfall of implementing the detailedrom taddchange detectiois thataccuracy of such
procedures depends upon the accuracy of each of the independéintatiass used in the
analysis Lillesandet al.,2008) That is to sayccuracies arising from the classification images
will affect the change detection results (SingB89. As aresult theaccurateclassification of
images isacritical step in image classificatiqhu et al, 2011). Neverthelesgpostclassification
change detectioms widely usedas itcircumventgproblens associated with mukilate images

suchas radiometric andtmospheridifferences andegistration error§Singh, 1989 This
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method further provides useful information using matricefsoofi-to changes than those
methods which provide only change or no change informatichas image differencing

(Campbell, 2007).

Different studiedhave usedlifferent chage detectiomethodsin assessing land cover
changes and its effects on soil erosiothmNan watershed in Thailand, Paiboonvorachat and
Oyana(2010 used the post classification method for change detectioy.udeel IDRISI to
generate therosstabulationmatrices ¢ross tabulation) and croskssification to ob=srve the
drom-tobchange Shalaby and Tateishi (2001) Egyptused the samiechniqudn (post
classification change detection) IDRISIproduce crostabulation and assess the changes that
occurredn the north western coash studying the land cover and forest changte
mouwntainous areaf DehdezIran, Torahi andRai (2011) used the post classification change
method in INVI.Other studiesn Africa which sought to quantifiyfULC dynamics als@applied
the post classification detectidechniqugWere et al., 2013; Kashaigdind Majaliwa, 2010;

Boakye et al., 2008; Mundia and Aniya, 2006; Wasige et al.,;Z8i8raw 2011).

Researcherkave use@ variety of othemethods in their studiess well In assessing the
potential of high resolution land satellite datatfuehornof Africa, Brink and Eva (2011)
overlaid two grid images angsedthe change or no changeethodusing7x7 gird
boxes(300mby 300m) andisual interpretationin Mozambique Jansen et al. (2008sed
objectorientedGIS overlay between images to asseesctimnge thatdd occurred in the
Manica province Giannecchini et al2007) used raster images of cover (derived from aerial

photograpb) to compare the relative frequency of cover between the years of the study period.
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2.2.3. Land cover changein Kagera

Studies ofLULC changes inhe Kagera basihave previously been performediolo et
al. (2012) assesal the degrdation of natural resources thie Kagera basin and stiasin
(Uganda) for the period between 1984 and 20®their studiedor the Kagra basinthey
identifiedand mappe® majorlanduse and covelypes; urbarareas, forest, water bodies,
woodlandsof different typescultivatedlandwith different cropsbushland of different types
open langdandgrasslandvith different typesThiswas done usingandsat, aerial photography
and groundruthing. Theresults indcate that therera variatiorsin the dynamics observed for
woodlandareasand bush landThe forest, cultivated lan@nd urban areas showed incresdee
aread coveragenvhereas water bodies showadbss or decrease ared coveragdor the study
period.

A similar study of the Kagera basin was done by Wasige €2@13). Theresearchers
examined.ULC dynamics for the period between 1901 and 2010 using historical themagis;
topographic sheets, interviews, ground truthing, literature redad satellite image3.hey
identified the land cover classes as dense forest, degraded forest, woodlands, savannas, tea,
plantation forest, bamboo, water bodies, farmlands, urbabwahdip areasand permanent
wetlands.Thaer findings show that the dominant LUCC change was by farm, lahith
increased to 60%f the total watershed aredheyalso foundhere was decrease in dense
forest(from 7% to 2.6%)woodlandsffom 51% t06.9%) and savannad$rom 35% to 19.6%).

As for the water bodies and wetlantheir study showed no change for the study period.

21



CHAPTER 3
DATA AND METHODOLOGY

3.1. Study area

TheKagera river basiis locatedin EasernAfrica. It is located betwe®29°18 7 Band
3°400190 an®B7bhe w250 2a&oov@ss an area of 63,500%m
(6,350,400 ha) (Figure 3.1a)he watershedpans acrogsur countriesBurundi(23%),

Rwanda (366), Uganda(7%), andTanzania (35%{NBI, 2008)
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Figure3.1la Map of Kagera basin showing neighboring countries: Uganda, Tanzameydpatic

Republic ofCongo, and Burundi
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Approximaely 15 million people live in Kagera an®0% of the populationconsists of
subsistence farmevgho live in rural areas and depend directly on farming, heraind fishing
activities(FAO, 2013 NBI, 2008. The mean annligrowth rate (2.7%) and fertility ra(®.34)

of this region is higher compareddthersubSahararcountries (NBI, 2008).

The climde of the Kagera basin is characterized by humid-sutnid, and semarid
climates with two dry seasons (June to September and December to February) and two rainy
seasons per yeahe wettest monthiseingin April and Novembe(FAO, 2013) Being a tropial
location temperatureare very conste. The average annual temperatgri®wer in the western
and north westerareas {5 to 18 C), with an average of 22C in thecentral part of the
watershed (NBI, 2008)The mean minimum temperature is 14Gand the mean maximum
temperaturés 27.5° C (NBI, 2008. The patterrof rainfall is distributed in suchwsay that the
western pagof Rwanda and Burundeceivehigher rainfall (over 1800 mmyvith most of the
eastern panteceivinglessthan 1000 mmwith the exception ofanarea neakake Victoria (NBI,

2008).

Kagera basin hasxamportant river called Kagera River running throughiatming part
of T a n z abordeawits Rwanda and Uganda. Thissin is part of the Lake Victoria basin and
drains nto Victoria Lake contributingup to almostonefourth of the inflow (FAO, 2013\Water

from Lake Victoria eventually flows to the Mediterranean.

The Kagera has two major topographical zqieeWest Rift Zone Scarp and Lake
Victoria Basin.The West RiftZoneis on the eastern side of the WastRift valley which forms
the boundary between Rwanda d@heDemocraticRepublicof Congo.TheNile BasinlInitiative

(2008) indicatsthat there aréour hydregeographical zones based on shared similarity in
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geobgy, landforms relief, climate and stream flowl'hese zones are tk@dngo Nile Divide,
Hills and Mountain BotRidges, Swamp anddkeTerrain, andVest Victoria lake region
(Figure 3.1b). TheCongo Nile Divideencompasssthe western part of the basimag the
border withthe DRCongo ands characterized bg heavilydissected mountainoasea with
steep slopes. Thall and mountain foot ridges are located mostly in Burundi. fiagrity of
the Svampand LlakeTerrain region igocated in tle central pa of the watershed. This is
characterizedby plain, plateasimixed with some mountain and hillsastly, the WstVictoria
Lake regioris in the eastern part of the bagmostlyin Tanzania) and is characterized by

alluvial plairs and plateas

Thebash has a gesral elevation of 1200 to 1600. fhe west part of the basia$a
higher general elevatioof 2500m with peaksn the north western cornezaching ugo 4500m

in elevation Theeasterrmportion has anelevation lower than 1300 gshahin, 1985NBI, 2009.

Most of theKageraarea is cultivated agricultural landsatural vegetatiofollows with
only 2% of Kagerabeingcovered by closed foreshe largesof which isNyungwe forest
Nyungwe forests one of the largest mountainous réorestsremaining inAfrica (GWP, 2011
Naturalvegetation typesicludeforests and woodlands, savannas, shrub |gratgure lands,

and aquatic vegetation in wetlands (NBI, 2008).
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3.2. Data description and collection

In this studyLandsat images, ancillary data (reference maps and Google
photography)andadministrative level census datarhthe fourcountries Uganda, Burundi,

Rwanda and Tanzaniajere used.

3.2.1. Image acquisitionand preparation

The lection of remotely sensed data depends on fastmtsasthe scale of study area
availability of image data, and cost/timendsatthematic mapper (TMjatais frequently used
at a regional scal@u et al, 2011)The Landsat TMmagesused for thistudywereaccessed for
freefrom the Earth Resources Observation and Science Center (ER@® Whited States

Geological Surveytttp://glovis.usgs.goy/ The path and rows for the scenesarong the study

area were identifiedTable3.1). Discrimination of change involekthe use of multtemporal
images|deally allthe imageshould be acquired from the same sensor, be recorded with the
same spatial and radiometric resolutionywiey geonetry, and time of day (llesand et al.

2008).

Different considerations were taken when selectingstneyperiodsuch aghe
availability of images for the intended yeapedominatelycloud free images in each scene or
study areaandavailability ard closenesén terms of month) of each scene involved for a single
year Images were selecteffom the dry seasgrwhen cloud coverage isually found to bat a
minimum However completeLandsat TM data for the period of interesismot available with
available scenesontainingcloud cover Thus, itwas not possible to compile a consistent dataset

for the watersheddenry et al. (2011) indicathe difficulty in obtainingcloud free images as
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one of the limitatiosinherentto Land Sat Therefore, tis study usedcenegrom those years
closesto the year of interegprevious or next)in addition to image selection criteria, the time
points1984, 1994and2011 fromTM 4 and 5were selectetb allow for adequatgeriodgaps
and rangéo detect landoverchangeAlso the year®r time pointchosen were meant to
coincidewith majorsocioeconomi@nd political changes for the study reginrorder to best
capture chang®©ncethe scenesvereselectedtheimages werelownloaded and 6 bands
excludingthe thermal bandoandsl through 5 and )/ were sackedto form multtband images

using ERDAS IMAGINE 2011.

Table 31 Predominantly cloud free Landsat scene chosen for the land cover classification.
Source: USGS

Year Sensor Path / Row Acquisition Date

1984 Landsat TM 173/61 19thJuly 1986
Landsat TM 173/62 19th July 1986
Landsat TM 172/61 6th June 1984
Landsat TM 172/62 20th June 1984
Landsat TM 172/63 20th June 1984

1994 Landsat TM 173/61 Jan 1st 1995
Landsat TM 173/62 25th July 1994
Landsat TM 172/61 4th Sept 1994
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Table 3.1 (Continued)

1994 Landsat TM 172162 3rd Aug 1994
Landsat TM 172/63 3rd Aug 1994

2011 Landsat TM 173/61 8th July 2011
Landsat TM 173/62 8th July 2011
Landsat TM 172/61 25th June 209
Landsat TM 172/62 8th Feb 2011
Landsat TM 172/63 1st July 2011

3.2.2. Population data

To estimate the populatiaf Kagerathedistricts (administrative regions) from the
four sharingcountrieswere selected by owdalying themon thewatershedThenpopulation data
was acquired for eadtistrictin the Kagera basin. These were collected ftoedifferent
government websisonf Tanzaia (www.geohive.coy UgandaBureau of Statistics
(www.ubos.or, National Institute of Statistics &twanda(www.statistics.gov.rjy andUnited
Nations development prograBurundi (www.bi.undep.orgSee AppendiB). The national
censuss conducted at different times for each country so the population during theentars
periods was estimated for eadilstrictin each countrylnterpolation/extrapolation was done to
fill the gaps and harmonize the data for the four courdtriesl i sThergrioweth trend calculation

was used to fill in a seried missingvalues(interpolate and extrapolataingthe series
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command inMicrosoft Excel. This assumethat a population will increase decrease

exponentiallySee appendix B

Exponential growth estimaticiormula is shown below;

Growth rate(r) = ((I;LL)“”) -lwherePI= population at launch yed?= populationat base year

andn is period of time

Pt=Pb*(1 +)*WherePt= is the population in the target year, arig the number of years in

the projection horizon.

3.2.3. Ancillary data

Ancillary datawereused to support the classificatidrnematic maps of the gera basin
for the yeas 1985 1995 and 2010 were scanned and geo referenced using ArcGIS 10 to
UniversalTransverséVercator grid(zone 36 N, WGS 84 ellipsoid and datufihesedatawere
prepared to support classification aasbess #accuracy of the classified imagétgh

resolution Google imagery and lodadowledge verealso used to support the classification.
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3.3.3 Flow chart of the methodology

The figure below shows the methodology folkExvduring this study

procedures were followed for population data and satellite TM images.
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Figure 3.2Flow chart of a methodology
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3.3. Image preprocessing

Level 1Timages were usewhich aresystematically processed for radiometric and
geometic accuracy usinground controbr elevation datdn addition,DEMswere usedor
topographicaccuracyand to prevendistortionsin theimagesUSGS 2013) Radiometric
correction was conductexh the mosaickennage by removing haze in ERDASurfther
correction was donasingATCOR software ATCOR isone ofthemost popular commercially
available atmospheric correctiamodes for land imageifLu et al.,2011) It removes the effest
(e.g. bidirectional reflectance)f solarillumination and viewing gemetry of different sensors
byway ofnormalizingt he data t o nadithitssensos@etcarnyce av anlos @ €
databaslook-up tablesATCOR alsoremoves the atmospheric and topographic effects using it
physical model whicls advantageoufor multi-temporal datgRichter and Schlapfer, 2013
Figure 3.2 shows the image after atmospheric/radiometric corre€hongh the image for 1994
shows some cloud coverage, it was the best mosaic available for thes\dp=atiod. However

the majority ofcloud coverge was outside of the watershed.
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Figure 3.3Mosaicked Landsat images after radiometric correction and haze reduction
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3.4. Land use and Land coverclassification and accuracy assessment

Classification of remotely sensed data uses image processing spénaier this study
ERDAS IMAGINE 2011 version 11.0 was usddncethe images werelassifed, the newly

classified maps were evaluatied classificationperformancaising an error matrix.

3.4.1. Image classification

For this studythe USGS classification system was used. T$is widdy used general
purposeLULC classificationsystem (Campbell, 2007). €ystemis a reasonable and enduring
classification scheme which allows interpretatudrieaturesrom remotely sensed images
(Lillesand et al2008. Havingimages with a resolutioof 30, the more generalizéevel |
classification system was used for this study. Anderson,¢L8¥6) mentions that this is more
appropriate fonationwide information gathering and designed for use katidsat satellite
data.ln other wordsit is applicable to images havirayesolution of 20 to 100 (Lilsand et al,

2008).

Based on theombination ofancillary datga thenatic referencemapand high resolution
Google earth photographyiteratureprovided, close visuahspectiorof remotelysengd data
andthelocal knowledgeof Dr. Oyanafive easily identifiablébroadclasses werglentified
(Table3.2). Detailed land cover classes couldt i@ completeddue to limitatiors in the data.
However these broad classes give a general trend or dgsafLULC at the scale of the study
areaAlso, urban areas could not be classified due to Wy small size and spectral similarity

with woodland savanna. As a resulteywere not included in the interpretation of land cover
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dynamics.The woodlandind savanrewere categorized into one as it was difficult to

differentiate between the twesingthe data providg

Table 32 Land use and land cover classes

ID Class Name

1 Forest

2 Water bodies

3 Wetland

4 Woodland Savana
5 Agriculture

Different methods are available for classification and choaimgthodlepends othe
resolution of the imagandavailability of classification softwar@among manyactors(Lu et al,
2011). For this studya supervisedpproactwas used In supervisecalassificationknown
representative training areas are picked by the image analyst to describe the spectral attributes of
each feature type afiterest Lille sand et al. 2008)A Minimum digance algorithm (a traditional
Per pixel classifie) was used for the classification of the images. Lu €@11) mentiorthat
spectral information is important in medium resolutioragesas there is a loss of spatial

information andparametricclassification algorithmare often used ifnagery isspectral based.

Guided by the ancillary datapectral signatures were acquired to train the classificttrongh

visual interpretation of the satellite images (notable classekes wetland and forgsind
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localexpertinterpretetkknowledgeof area This information wagoupled with temporally
invariant land cover types (e.g. national parks) and high resolution Google imagerfrea of
Interest(AOl) tools (suchasa polygorn) andSeedGrowingtool in ERDAS IMAGINE were used

in acquiring tle signatures.

After supervisedlassification of the images, the next step involved recoding of land use
coversand further modificationAncillary data (thematiecnap and Google high resolution
photography)yisual interpretation of the satellit@agein comparison to thematic mg@and
knowledge of the areaere integrated to improve the accuracy of the land cover.maps
Modification of land use cover is oéthe processing roles after classification (Lu et2011)).

The next step was the removaltbé i s andpepper effeci The salt and pepper effestthe
resultof a spectrakignaturebasedper pixelclassification ofa complex oheterogeneous
landscapeOften amajorityfilter is used to reduce this effefttu et al, 2011 Lillesand et al.,

2008)

TheKagerastudy area covemslarge areavith complexland fornms andwill inevitably
have noise due tbULC coverandclassification. A 15 15 thematic pixel aggregatidaol in
ERDAS IMAGINE was used toeduce this noisby down samplingo as® becomparable to
the reference thematic map for accuracy assessiresats for each category for the three years

werethen calculated usingrcGIS 10.
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3.4.2. Accuracy assessment

A quantitative approacto accuracy assessmdydased on sampling strategyas used in
this study.Accuracy assessmenheasure how close an image of unknown quality is to a
standard imagassumed to be corrdC@ampbell, 200y, An error matrix is the most commonly
usedmethod with its assessment elememtsludingoverall accuacy, omissiorerror,
commissiorerror,andkappa coefficientGenerating this requires, amoather thingsthe
consideration of sampling size, sample unit, netollection ofreference daté_u et al, 2011;
Lillesand et al 2008)A randomstratifieddistribution parametewas used t@ircumvent the
problem of under sampling of smaller classeseamted with random samplingiflesand et al,
2008) In total, 350 pixel samples were used in the accuraagsessmermdf the classified images
of 1984 1994and 2011andscanned thematic mapf 1985, 1995 and 2010 were used as
reference dataEach of the 5 categoriegasused as stratum to generate the random sampling
points. 50 random points were useddachforest, water bodyand wetland as thegpregnted
smaller proportiosof the watershed. 100 random points were generateshfitnwoodland
savannaandagricultural areas theseepresentethrgerproportiors of the watershed area
Lillesand et al. (2008) recommend as a general guideline thatimunmnof 50 sampleper
categorybeused in erromatrix,and75 to 100 samples peategory ifan area is more than one

million acre or has a large amounf vegetation.

Duringtheaccuracy assessmepixels that éll on or near the boundaries of the LOL
class or watershed were removed to lessen the influence of potential registratiotJsingys.
ERDAS IMAGINE 2011, the pixel class values for reference data were put in the accuracy
assessment table and finallyy assessment report was generated.
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