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ABSTRACT

Soildegradationisaseriousenvironmentalthreatfacingthehumanitytoday.Soil

degradationinoneormoreofitsformshasbeenlabelledasa‘globalpandemic’.

Thisisbecause;soildegradationisaveryseriousworldproblem andaffectsall

countriesorcontinents.Thusthereisanacuteneedtodeviseawayofreducingits

vastadvance.Thisiswhy,itisimportanttoestablishthemagnitudeandtheextent

ofsoildegradationsinordertomitigateitseffect.Theobjectivesofthisstudywere

to:(i)Identifysoilsdegradedbyrillerosionwithacceptableaccuracyfrom remote

sensingimages.(ii)Determinesoilorganiccarbonstatuswithacceptableaccuracy

from remotesensing.(iii)Determinesoilsurfacesaltaccumulationwithacceptable

accuracyfrom remotesensingimages.Thesoildegradationformsconsideredin

thisstudyaresoilsalinity,rillsoilerosionandsoilorganiccarbon.Nutrientdepletion

isanothersignificantchemicalprocessofsoildegradation.Soilorganiccarbon

depletionisachemicaldegradationandinmostinstancesisinfluencedbyhuman

andnaturalactivities.Theassessmentofthesesoildegradationformshasbeen

doneinthreeseparatechaptersanddetailedabstractisgivenatthestartofeach

chapter.However,thegeneralfindingsrevealedthatthepredictionofthosesoil

degradation forms from remotely sensed images did notyield good results.

Nonetheless,promising performancehasbeen recorded.Recommendationsfor

featurestudiesarealsoprovided.

Keywords:Soildegradations,Remotesensing,Multispectralimagery(sentinel2),

Regressionanalysis,Syferkuilfarm.
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CHAPTERONE

1.THEGENERALBACKGROUND

1.1INTRODUCTION

Soildegradationisthemostseriousglobalenvironmentalissue,whichiswhyitis

consideredasaglobalpandemic,itisworldproblem.Soildegradationprocesses

involvesdisplacementofsoilmaterialsand internalsoilphysicaland chemical

deteriotation.Soildegradation is influenced by naturaland human activities.

However,soildegradation processes vary according to the land uses and

management (DeLong et al.,2015;Gopalakrishnan and Kumar,2020).Soil

degradation,mainlyoccursinthreeformsnamely,physical,chemical,andbiological

soildegradation.Thephysicaldegradationinclude(i.e.soilerosion,specificallyrill

erosion) and chemicaldegradations (i.e. depletion of organic carbon and

salinization).InSouthAfrica,soildegradationsarepredominant.Soildegradations

poseathreatonagriculturallandparticularlyinaridandsemi-aridregions(Renetal.,

2019).Thedominatingfactorsthatinitiatethedevelopmentofsoildegradationare

acceleratedbythesoiltype,topography,andclimate(Lal,2015).

Inagriculture,soildegradationposesathreattofoodsecurity,foodproductionand

environmentconservation.Thiscanthenforcefarmerstolookfornew productive

land.Furthermore,monitoringsoilqualitydegradationisacrucialstepinpracticing

precisionagricultureandmakinginformeddecisionswithregardstothefutureland

useandmanagementforreclamationandrehabilitationofsoils(Pengetal.,2019).

Therefore,itisofcrucialimportancetorealisethatsoilsareourmostessential

resourcesmeaningthattheymustbeused,improvedandrestored.Inthisstudy,

remotesensing(RS)whichisdefinedastheprocessofgatheringinformationabout

an objectthrough theuseofelectromagneticradiation,from distance,without

makingphysicalcontactwiththeobjectitselfbecomesacrucialtoolforassessing,

monitoring,anddeterminingsoildegradationforms(Chauhan,2015andPatersonet

al.,2015).Thus,thisstudyaimstoestablishifsoildegradationformscouldbe

identifiedandquantifiedusingremotesensingasanalternativemethodtothe

conventionalmethods(i.e.,fieldworkorsurvey).
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Remotesensingtechniquesareabletoproviderapidanalysisofsoilinformationand

coveringwholelandsurfaceatanacceptablelevelofdetails(Patersonetal.,2015).

Inaddition,remotesensingprovidessimultaneouscollectionofdatasystematically

andnon-requirementofchemicalreagents(Chauhan,2015).Remotesensinghasthe

potentialtorevealinformationaboutsoilssincethesignalsmeasuredareinrelation

tothephysicalmeasures,whichcanbelinkedtosoilproperties(Mirzabaevetal.,

2016;Rosseletal.,2011;andZhouetal.,2015).

1.2PURPOSEOFTHESTUDY

1.2.1Aim

TherealisticassessmentofselectedsoildegradationformsintheSyferkuilfarm.

1.2.2Objectives

Theobjectivesofthisstudyareto:

i) Identifysoilsdegradedbyrillerosionwithacceptableaccuracyfrom remote

sensingimages.

ii) To determine soilorganic carbon status with acceptable accuracyfrom

remotesensing.

iii) Todeterminesoilsurfacesaltaccumulationwithacceptableaccuracyfrom

remotesensingimages.

1.3MOTIVATIONOFTHESTUDY

Thisstudywillbecrucialintermsofincreasingawarenessontheimportanceof

managingandrestoringsoilqualitytominimisetheriskofsoildegradationforms.

Theresultsfrom thisstudywillbecrucialinlandusemanagementstudiesandsoil

reclamationprogrammesforenvironmentalprotection.Moreover,thisstudywillhelp

farmerstogaingoodunderstandingofthestatusofthesoilwhichwillhelpin

comingupwithprecisemanagementstrategiesforreclamationandrehabilitationof

soils.Thepremiseofmaintainingandrehabilitatingsoilqualitystartsbyestablishing

orassessingtheexistingcondition(Lal,2015).Hilleletal.(2015)pointedoutthatwe

cannotprotectwhatwedon’tunderstand.Therefore,theresultsofthisstudywill

provideabetterunderstandingofassessingsoildegradationsusingremotesensing.
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Remotesensingtechniquesasanalternativetooltotheconventionalmethodsare

abletoassessandmonitorselectedtypesofsoildegradationswithacceptable

accuracy(Patersonetal.,2015).Thisisduetorapidanalysisofsoilinformationand

coveringwholelandsurfaceatanacceptablelevelofdetailsformonitoringspatial

variabilityofsoildegradationforms.Conventionalmethodstendtobeineffective

when dealing with the processing oflarge soilinformation due to theirlong

procedurethatdelaystheanalysisofsoilparameters(Chauhan,2015).

AccordingtoPatersonetal.(2015),thereisashortageofuptodatesoilinformation

aboutSouthAfricansoils.Furthermore,thereislittleworkdonethatutilizesremote

sensingforassessingsoildegradationinSouthAfricaparticularlyintheLimpopo

Province.However,majorityofstudiesareundertakeninKwaZuluNatalandEastern

CapeProvince(Mararakanye,2015).Factorsthatinfluencethedevelopmentofsoil

degradationtendto differinregionsandareas(Sonneveldetal.,2005;Nazari

Samanietal.,2009).Additionally,theperformanceofthePartialLeastSquare

Regression (PLSR)modelvaries with the location orstudyarea and the soil

parameterbeinginvestigatedorassessed.Moreover,theneedtostudytheuseof

remotesensingisimportantbecausetheavailableliteraturemostlyfocusedonthe

mainfactorsthatacceleratesoildegradationratherthandevelopingmodelsthatwill

assistinassessingsoildegradation.Thisstudywillfocusonaccurateassessment

ofsoildegradationusingremotesensingtechniques.

1.4THEGENERALSTRUCTUREOFTHETHESIS

Theupcomingthreechaptersaddressoneobjectiveeachandafinalchapterthat

providesgeneralsummaryattheendofthethesis(Figure1.1).Thecontentofeach

chapterisdescribedbrieflyasfollows:

Chapteronedealswiththegeneralbackgroundofsoildegradation.Ioutlinedtheaim

andobjectivesofthestudy.Furthermore,Iexplainedthereasoningwhythisproblem

needstobeaddressedandwhatwillbelearntfrom it.Chaptertwo,dealswiththe

assessmentofsoilsurfacesaltaccumulation(soilsalinity).Chapterthree,dealswith

theassessmentofsoilsdegraded byrillerosion.Chapterfour,dealswith the

assessmentofsoilorganiccarbondepletion.Chapterfive,dealswiththesummary

andpossiblerecommendations.
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Figure1.1:Thegeneralstructureofthethesis.
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CHAPTERFIVE
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CHAPTERTWO

ASSESSINGSOILSURFACESALTACCUMULATIONUSINGMULTISPECTRAL

IMAGESINSYFERKUIL

ABSTRACT

Monitoringsoilqualityisanessentialpracticeforagricultureandenvironmental

protection.Soilsalinizationisoneofthemostgloballysignificantenvironmentalsoil

hazards,whichresultsinseverelanddegradationanddesertification.Thisisactually

causedbybothnaturalandhumanactivities.Theexcessaccumulationofsoluble

saltsinthesoilsurfacewhichbasicallyreferredtoassalinizationhassevereimpact

onagriculturalproduction,biodiversityandsustainabledevelopment.Theobjective

ofthisstudywasto determinesoilsurfacesaltaccumulationwithacceptable

accuracyfrom remote sensing images.The studywas conducted in Syferkuil,

experimentalfarm ofthe UniversityofLimpopo.Fiftyfive soilsamples were

collectedandagridsamplingof50m by50m wasfollowed.Globalpositioning

system (GPS)wasusedtorecordtheexactlocationofeachsampledpointineach

grid.The electricalconductivity (EC) of the soilsamples was determined

conventionallyin the laboratoryusing MettlerToledo EC meter.The standard

laboratory(conventional)methodsfordeterminingsoiltextureand,pHwereused.A

multispectralimage(Sentinel2)withmorethan10bandsrangingfrom thevisibleto

shortwaveinfraredwasusedtopredictthesoilEC.Thecoordinatesofthesampling

pointswereusedtoextractspectralvaluefrom theimage.Thespectralvaluesand

theconventionallydeterminedsoilEC weremodelledusingpartialleastsquare

regression(PLSR).

ThePLSRmodelyieldedacoefficientofdetermination(R2)=0.468andtheRoot

MeanSquareError(RMSE)=0.44ds/m.Theresultshowsthatapproximatelyhalfof

theECvariationcouldbeexplainedbythereflectancevaluesasrecordedinthe

image.Thedeviationofthepredictedvaluesfrom thePLSRanalysiswasminimalas

indicated by the low RMSE value.The low R2 value indicates thatthere are

confoundingfactors.Theconfoundingfactorsmightcomeintheform ofnoiseand

errorsdueto variationsin soilsurfaceroughness,geometricand atmospheric

effects.Furthermore,theperformanceofmodelsmightbebecauseoflowspectral

resolutionoftheimageascomparedtohyperspectraldata,whichhavebandswith



6

narrow wavelengths.Despitelow predictionaccuracyinthisstudy,remotesensing

techniquesareefficienttoolstomonitoranddetectsoilsalinityunlikeintheolddays,

whenconventionallylaboratorymethodsweretheonlymeansofassessingsoil

salinityproblems.Sentinel2couldbeusedtomakepreliminarystudyofECbefore

detailedinsituassessmentcouldbedone.Thisisbecause;Sentinel2isableto

provideexcellentspatialcoverageofalargearea,andmakingiteasytoobtainsoil

information(Gorjietal.,2017).Thus,itisrecommendedthatsatelliteimagewith

betterspectralresolution (hyperspectral)beinvestigated to seeiftherebean

improvementinthemodelperformance.

Keywords :Soildegradation,Soilsalinity,Multispectralimagery(sentinel2),

Regressionanalysis,
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2.1BACKGROUND

Soilsalinity is defined as the build-up ofsalts mainly chloride,sulfates and

carbonatesofsodium,calcium,andmagnesium inthesoilsurface(SmithandDoran,

1996).Itisdeterminedbymeasuringsoilelectricalconductivity(EC)duetoitshigh

correlationwithsoilsalinity.Monitoringsoilsalinityorsoilqualitydegradationin

general,isanessentialpracticeforprecisemanagementstrategiesforreclamation

andrehabilitationofsoils.Itisdeterminedbymeasuringsoilelectricalconductivity

(EC)duetoitshighcorrelationwithsoilsalinity.Monitoringsoilsalinityorsoilquality

degradationingeneral,isanessentialpracticeforprecisemanagementstrategies

forreclamationandrehabilitationofsoils.

Inthisstudy,oneform ofsoilqualitydegradation-soilsalinizationisthecentreof

focus.Itisconsideredasoneoftheleadingcausesoflanddegradationandhas

beenfoundto bedirectlylinkedto thedifferentnaturalprocessesandhuman

activities(GopalakrishnanandKumar,2020).Additionally,ithasbecomeoneofthe

mostseriousglobalenvironmentalissues,andasaresultinfluencingagricultural

production and food securitysince itleads to reduced soiland waterquality

especiallyinaridandsemi-aridregions(Renetal.,2019).Itpredominatesinthese

regionswiththefactthatevaporationratesareextremelyhighandwaterevaporates

rapidlyasaresultleavingdissolvedmineralsaltsinthetopsoil(Pennocketal.,2015).

Despitetheabundantevidence,regardingthedamagesthatarisefrom saltaffected

soils,theproblem iseverincreasing ratherthan decreasing allovertheworld

(Metternichtand Zinck,2003).Itshould,however,be noted thatassessing,

monitoringandidentifyingareasthataremostlyaffectedbysoildegradationforms

withacceptableaccuracyfrom remotesensingisindeedacrucialstep.Overthepast

decades,theconventionalmethodshavebeenusedbymanysoilscientiststo

characterisespatialandtemporalvariabilitiesofsoilproperties.Themaindifficulties

ofsuchmethodslieonmeetinghighdemandsofdetailedsoilinformationinshort

period of time with reasonable cost (Steinberg et al.,2016).Furthermore,

conventionalmethodsaretimeconsuming and labourintensiveparticularlyfor

regionallevelwherebydataisrequiredforlargescaleapplications.

Thecomplexityandcostofconventionalmethodsinmonitoringsoildegradation

formshasmotivatedtheuseofremotesensingtechniquesasanalternativemethod
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totheconventionalmethods.Remotesensing(RS)isdefinedastheprocessof

gatheringinformationaboutanobjectthroughtheuseofelectromagneticradiation,

from distance,withoutmakingphysicalcontactwiththeobjectitself(Chauhan,

2015).RSimagescanprovidevaluableinformationthatmightnotbeabletoobtain

usingothermethodssinceourvisualperceptionislimitedtosomeportionsof

electromagnetspectrum (EMS).

Remotesensinghasthecapabilitytocoverdifferentareaswhichmightbedifficultto

coverusingsomeotherterrestrialmeans.Inaddition,remotesensingcanhelpto

observechangethatmightbeoccurringovertimeandtounderstandthespatial

extentandrateofthisproblem.Lastly,remotesensingcanprovidesrecordsofsoil

degradationformsatthosespecifictimestheimageswerecaptured.Theobjective

ofthisstudywasto determinesoilsurfacesaltaccumulationwithacceptable

accuracyfrom remotesensing images.Itishypothesised thatremotesensing

imageswillenableaccuratedeterminationofsoilsurfacesaltaccumulation.

2.2PROBLEM STATEMENT

Soilsalinityisconsideredasanenvironmentaldegradationandoneoftheleading

causesoflanddegradation(Aldabaaetal.,2015).Itisaseriousproblem aroundthe

world due to the devastating impacts on agriculturalfarmlands.Thus,itis

consideredasaglobalpandemicsinceitaffectsthewholeworldandtheproblem is

everincreasingratherthandecreasing.Worldwide,productiveandfertilesoilsare

scarceresourcesandmanyfarmersarelookingatshortterm benefitsandignoring

thelongterm consequencesthatarisefrom saltaffectedsoils.Inpreviousstudies

aroundtheworld,manysoilscientistsuseconventionalmethods(i.e.,laboratory

methods orfield surveys)forassessments ofsoildegradations.Conventional

methodshavedrawbacksastheyaretimeconsumingandexpensive.Themain

difficultiesofconventionalmethodslieonmeetinghighdemandsofdetailedsoil

informationinshortperiodoftimewithreasonablecost(Steinbergetal.,2016).

Furthermore,itistimeconsumingandlabourintensiveparticularlyforregionallevel

wherebydataisrequiredforlargescaleapplications.Forinstance,withthecurrent

demandforuptodatesoilinformationparticularlyforregionallevelwherebydatais

requiredforlargescaleapplications,thesemethodsdelaytheprocessofacquiring

necessarysoilinformationofhighaccuracyinashortperiodoftime,duetotheir
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longprocedure(Rosseletal.,2011).

Conventionalmethods tend to be ineffective when dealing with the large soil

informationduetotheirlongprocedurethatdelaystheanalysisofsoilparameters.

Thislongproceduremethod,however,couldbeaddressedbytheuseofremote

sensingtechniques.Thisisbecausesoilscientistshaveidentifiedremotesensingas

analternativemethodforassessmentandmonitoringofsoildegradationformsdue

to theiradvantages overconventionalmethods.These includes,simultaneous

collection of data systematically and non-requirement of chemicalreagents

(Chauhan,2015).Moreover,itcanproviderapidanalysisofsoilinformationand

coveringlargelandsurfaceatanacceptablelevelofdetails.

Remotesensingimagescanprovidevaluableinformationthatmightnotbeableto

obtainusingothermethodssincehumanvisualperceptionislimitedtothevisible

rangeoftheofEMS(Chauhan,2015).Thismeansthatitcanprovideinformation

beyond ourhuman visualperception.Remote sensing imagescan provide the

recordsofsoildegradationformsatthosespecifictimestheimageswerecaptured

(Forkuoretal.,2017).Thiscanhelptoobservechangethatmightbeoccurringover

timeandtounderstandthespatialextentandrateofthisproblem.Moreover,itcan

coverdifferentareaswhichmightbedifficulttocoverusingsomeotherterrestrial

means(Chauhan,2015).

Advantagesofusingremotesensingtechnologyincludesavingtime,widecoverage

(satelliteremotesensingprovidestheonlysourcewhendataisrequiredoverlarge

areas orregions),are fasterthan ground methods,and facilitate long term

monitoring.Thesetechniquesprovidemultispectralimagewithresolutionsthatcan

rangefrom medium tohigh,aswellashyperspectralimage.Theseremotelysensed

datahavebeensuccessfullyused formonitoring and mapping soilsalinityfor

decadeswith mixed results(Aldabaa etal.,2015;Asfaw etal.,2016). Many

researchershaveuseddifferenttechniquestomonitorandmapsoilsalinityusing

remotesensingdata,asdiscussedbelow.Amultispectralimageryisabletoprovide

excellentspatialcoverage ofa large area,and making iteasyto obtain soil

information(Gorjietal.,2017).
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2.3LITERATUREREVIEW

2.3.1Workdoneontheproblem statement

2.3.1.1Theimportanceofassessingsoilsurfacesaltaccumulation.

Theaccumulationofsaltsinthesoilsurfacetendtoaffecttheinteractionbetween

plantsandsoilswhichinturninfluencethenutrientandwateravailabilityandthus

affectingcropgrowthandproductivity(Asfaw etal.,2016;Gorjietal.,2017).This

canthenforcefamerstoabandontheirfarmlandsduetotheincidenceofhigh

accumulationofsaltsinthesoilsurface.Therefore,assessing,monitoring,and

mappingsaltaffectedareaswillenablebetterunderstandingofthethreatposedby

soilsalinizationindifferentlocations.Aldabaaetal.(2015)foundthatsoilsalinity

leadstoreducedcropproductivityandinthiscase,itwasinherentfrom parent

materials(i.e.wherethesoilisformedfrom).ThesefindingsweresupportedbyClay

etal.(2001)whofoundthatsaltsurfaceaccumulationtendtohavedevastating

impactson plantgrowth and production.Despitetheawarenessregarding the

damagesthatarisefrom surfacesaltaccumulationonagriculturalsoils,theproblem

iseverincreasingratherthandeclining(MetternichtandZinck,2003).Forexample,

Gao etal.(2021)monitoredtemporalandspatialdynamicsofsoilsalinization

changesusingremotesensingandGeographicinformationsystem (GIS)inChina.

Theyfoundanincreaseinsaltaffectedareas.FeyandMashimbyeetal.(2012)also

foundproofofincreasingsoilsalinityinWesternCapeProvince.

2.3.1.2 Theuseofremotesensing inassessing,monitoring,and mapping soil

salinity.

Al-Gaadietal.(2021)mappedsoilsalinityinagriculturalfieldsinSaudiArabiausing

Sentinel2images.TheyfoundthattherelationshipbetweenECandSentinel2data

showedmoderatetohighlysignificantcorrelations(R2=0.43-0.83).Inastudyby

Gorjietal.(2019),theremotesensingtechniquesandmethodswereusedtoassess

andmapsoilsalinity.TheresultsofwhichshowedthatRSdataprovideshigh

precisionsalinitymapstomonitorsaltaffectedareas.Quetal.(2008)usedthe

PartialLeastSquare Regression (PLSR)method to assess the salinity using

hyperspectraldata.TheresultsshowedthatthecalibratedPLSR methodcould

predictsoilsalinitywithpreciseoraccurateresults.InastudybyZareietal.(2021),

theyinvestigatedsoilsalinitymonitoringandECmappingusingsentinel2satellite
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images.Theresultsofthisstudydemonstratedthattheremotesensingdatacould

providehigh-precisionsalinitymapstomonitorsoilsalinityasanenvironmental

problem.

AstudybyLeonetal.(2012)aimedatpredictingsoilpropertiesusingPartialleast

square regression (PLSR)and Visible Near-Infrared (NIR)spectroscopy in the

Mediterraneansoilsfrom SouthernItalyhavebeendone.Theresultsofthisstudy

showedthatPLSRisverygoodinpredictingsoilproperties.Inaddition,theresultsof

thePLSRwereingoodagreementwiththecorrelationsbetweensoilpropertiesand

reflectanceatvariouswavelengths.ThesefindingsareinlinewiththoseofWenjun

etal.(2014)whichreportedthatpartialleastsquareregression(PLSR)isafast

analyticaltooltopredictsoilparameterssuchassoilsalinity,totalcarbon,soil

moisture,and cation exchange capacity (CEC)with high accuracy.Therefore,

Stenbergetal.(2010)suggestedthatremotesensingtechniquesareeffectivetools

intermsofprovidingrapidassessment,havinguptodatesoilinformationand

coveringlargeareaoflandatanacceptablelevelofdetail.

AstudybyGoossensetal.(1993)aimedatexaminingandcomparingtheaccuracy

ofmultispectralsensors(LandsatTM,MSS,andSPOT)forsoilsalinitymappinghas

beendoneinIndia.TheyfoundthatLandsatTM wasaneffectivetoolforsoilsalinity

mapping.Ahmed and Andrianasolo (1997)compared the performance ofthe

LandsatTM and SPOT XS in Pakistan.Theirresultswereoppositeto thatof

Goossensetal.(1993).TheyfoundthattheSPOTXSdataweremorehelpfulthan

LandsatTM asitprovidedfinerdetailsofvariousthematicvariables.Inastudyby

Huangetal.(2005)aimedatidentifyingsalineareasdominatedbysodium chlorides

and sodium sulfatesusing ASTER imagery.Theresultsofthisstudytherefore

showedagoodcorrelationbetweensurfacesaltconcentrationsandband1ofthe

ASTERsensor,followedbybands2and3.

AstudybyMohammadetal.(2019)intheKuhSefidvillage,Qom Province,Iranhas

beendoneinassessingsoilsalinityusingSentinel-2multispectralimagery.They

havefoundthattheGreen,RedEdge1,SI2,SWIR2,andBI,hadthebestperformance

inmodeldevelopment. Moreover,theyemphasizedthatthesefeaturescouldbe

used asoptimalsalinityindicatorsformonitoring soilsalinitythrough satellite

imageryinfuturestudies.



12

2.3.1.3Factorsaffectingthepredictionaccuracyofmultispectralsatellitedata.

Soilmoisturecontenttendstoinfluencethepredictionaccuracyofdifferentsensors.

Thisisbecauseassoilmoistureincreases,thereflectanceofsoildecreases.This

activelydemonstratesthatsoilmoistureisinverselyproportionaltothereflectance.

Forinstance,ifthereishighamountofwaterinthesoil,thereflectancewillgodown.

However,driersoilsuchassandytexturedsoilreflectsmorethanwetsoils(i.e.clay

texturedsoilsaftersameexposureofwetness)(KumarandSharma,2020).The

surfaceroughnessisalsoconsideredasoneofthemainfactorsthatinfluencethe

prediction accuracy.Forinstance,thesmallerthelocalsurfaceroughness,the

greaterthespectralreflectance.Therefore,Gorjietal.(2017)andShahabietal.

(2017)pointedoutthattheperformanceofthemodelsvarieswiththestudysiteand

the regression techniques used.Lastly,Allbed and Kumar(2013)stated that

multispectraldata has limitations because ofthe coarse spatialand spectral

resolutions.

2.3.1.4Humanandenvironmentalparametersrelatedtosoilsalinity.

Aldabaaetal.(2015)reportedthatparentmaterials,soiltypes,andtopography

influencesoilsurfacesaltaccumulationandconstrainthegrowthofmanycrops.

These naturalfactors tend to varywith location and farm management.The

applicationofirrigationsystemsthatcontainshighamountofmagnesium and

calcium resultsinhighaccumulationofsaltsinthesoilsurface.Thiscanthen

compromise plantproductivityand soilfertilitysince itaffects soilproperties.

Furthermore,applicationofhighamountoffertilizerscanleadtohighaccumulation

ofsaltsinthesoilsurfaceandresultsinlandabandonmentandhigheconomiccosts

forsoilreclamationandrehabilitation(Aldabaaetal.,2015).

2.3.1.5 How soilpropertiesarerelated withspectralreflectanceobtained from

remotesensingimages.

Shrestha(2006)reportedthathumus,gypsum andwatersolublesaltsarenegatively

correlatedwithspectralreflectancewhilecarbonatesarepositivelycorrelatedwith

spectralreflectance.Visible,shortwave,andnearinfraredbandshavetheabilityto

estimatechemical,physical,andbiologicalsoilproperties(Stenbergetal.,2010).

Moreover,spectralanalysisillustrated thehigh potentialofshort-waveinfrared

(SWIR)bandstoidentifysalinesoils.Theresultsfrom thestudyconductedby
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Shrestha(2006)showsveryweakcorrelationbetweensoilsalinityandV/NIRspectra.

2.3.2Worknotdoneontheproblem statement

Overthepastdecades,majorityofthestudieshaveusedmultispectralsensorssuch

asLandsat,SPOT,andAdvancedSpaceborneThermalEmissionandReflection

Radiometer(ASTER)andIKONOSinassessingsoildegradationforms(Dwivedietal.,

2008).These broad-band sensors provide high spatialand spectralresolution

imagery.Althoughvariousstudieshavebeenconductedunderdifferentregionsto

assesstheabilityofmultispectralsensor(i.e.sentinel2)notmuchworkhasbeen

doneontheSemi-aridareaofLimpopo,particularlytheMankwengarea.Mostofthe

studieshavefocusedonthemainfactorsthatinfluencesoildegradationratherthan

developingmodelsthatwillhelpinlandmanagementstudiesandsoilreclamation

programmessincesoildegradationchangeswithspaceandtime.Thisstudywill

establishifsoilsalinitycouldbeidentifiedandquantifiedusingremotesensingasan

alternative method to the conventionalortraditionalmethods (i.e.,laboratory

methods).
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2.4.RESEARCHMETHODOLOGY

2.4.1Descriptionofthestudyarea

The studywas conducted in Syferkuil,experimentalfarm ofthe Universityof

Limpopo(Figure2.1).Thefarm isabout1,650hainsizeingeneral.Thestudywas

conductedonthefieldsreservedforstudentexperiments.Theportionofthefarm

thatwasusedforthisstudyhasanareaof61ha.Forthepastyearsthestudysite

hasbeencultivatedcoupledwithoccasionalresting.Thesoilsfrom Syferkuilfarm

areidentifiedassandyloam textureandthedominantsoilformsonthesiteare

ShortlandsandClovelly(SoilClassificationWorkingGroup,1991).Theresearchsite

islocatedinsemi-aridregionwithaveragerainfallof450-630mm perannum.

Figure2.1:Studyareaandsamplingpointsforextractionofspectralmeasurements

2.4.2Datacollection

2.4.2.1Conventionalmethods

a)Fieldsampling

Agridsamplingof50m by50m wasfollowedtocollect55soilsamples.Ashovel

wasusedtotakesoilsamplesfrom thetop5cm ofsoilsurface.Thesoilsamples

aretakenonlyinthetop5cm soillayerforwhichthereflectanceisthoughtto

represent.Then samples were placed in plastic bags and were taken to soil

laboratory.Globalpositioningsystem (GPS)wasusedtorecordtheexactlocationof
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eachsampledpointineachgrid.

b)Soilphysiochemicalproperties

Soilsampleswereair-driedbeforeanalyzingforsoilphysiochemicalproperties.The

electricalconductivity(EC)ofthesoilsampleswasdeterminedconventionallyinthe

laboratoryusingMettlerToledoECmeterfollowingamethodfrom Jones(2001).

Based ontheclassesdetermined by(Durand,1983),fivesalinityclasseswere

consideredasshowninTable2.1.

Table 2.1:Classification of soilbased on the electricalconductivity (EC)

classificationsuppliedbyDuran(1983).

EC(ds/m) Salinityclasses

EC<0.6

0.6<EC>1.0

1.0<EC>2.0

2.0<EC>4.0

EC>4.0

Non-salinesoil

Slightlysalinesoil

Moderatelysaline

Verysalinesoil

Extremelysaline

Note.EC=Soilelectricalconductivity,(ds/m)=DeciSiemenspermetre

Particlesizedistributionwasdeterminedusingthehydrometermethod(Bouyoucos,

1962).SoilpHwasfirstmeasuredindeionizedwater(1:2soil,water)followedby

0.01M calcium chloride(CaCl2)usingacalibratedglasselectrodepHmeter(Rhodes,

1982).

2.4.2.2Remotesensing

a)Imageacquisition

Amultispectralimagecalledsentinel2wasdownloadedfrom theEuropeanSpace

Agency(ESA).Theimagehadmorethan10bandsrangingfrom thevisibleto

shortwaveinfraredandwith10m spatialresolution.Amultispectralsatelliteimage

ofthestudyareawascollectedon09March2021.

b)Imageprocessing
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Beforethemultispectralsatelliteimagewasused,itwentthroughpre-processingin

ordertoremovetheeffectsoftheatmospherewhereradiancevaluesreceivedatthe

sensorswhereconvertedintoreflectanceorspectralvaluesusing Quantum

GeographicInformationSystem (QGIS).Beforethemultispectralsatelliteimagewas

used,itwentthroughpre-processing.Thiswasdoneinordertocorrectanydistortion

inherentin the images due to the characteristics ofthe imaging system and

conditions.TheimagerywasatmosphericallycorrectedusingQGIS.Thecoordinates

ofthesamplingpointswereusedinQGIStoextractspectralorreflectancevalues

from theimageusingvectorpointextraction.Themethodologyforestimatingsoil

salinityincludes;thecollectionofsoilsamplesfrom thestudyareaandlaboratory

analysistodeterminethesoilphysiochemicalproperties;determiningthereflectance

valuesofsentinel2bands;and determiningtherelationshipbetweenthespectral

valuesextractedfrom theSentinel2imageryandtheconventionallydeterminedsoil

physiochemicalproperties(Figure2.2).

Figure2.2:Flowchartindicatingmethodologyforestimatingthesoilsalinityinthe

Syferkuilfarm,Limpopo,SouthAfrica.

Amultispectralimage

Sentinel2

Conventionallylaboratoryanalysis

(Soilpropertiesmeasurements)
Pre-processing

Satellite-derivedsaltand
features

SpectralBands

RegressionAnalysisandModelingof
soilproperties.

PLSR

AccuracyAssessment

Calibrationandvalidation

(RPD,RMSE,R2)

Soilsampling
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2.4.3Dataanalysis

Thesoilsamplesweredividedintocalibrationandvalidationgroup.Therefore,70%

wasusedfortrainingormodeldevelopmentand30%fortestingormodelvalidation.

ThisstudyusedoneregressionmodelwhichisPartialLeastSquareRegression

(PLSR)modeltoestimatetherelationshiporcorrelationbetweenthecorresponding

pixelsorspectralvaluesextractedfrom multispectralsatelliteimagery(Sentinel2)

andconventionallydeterminedsoilEC.ThesoftwareusedforPLSRisXLSTAT2014.

PLSR was chosen due to its capabilityto analyse large data,and itis more

interpretable(Asfaw etal.,2016).Itisaneffectivetoolforassessmentofsoil

surfacesaltaccumulation(Gorjietal.,2016).

2.4.3.1Calibration

Conventionallaboratorymeasurementand theircorresponding reflectancewere

usedforcalibratingapartialleastsquareregression(PLSR)model.Morethantwo

thirdsofthedatawereusedinthisexercisetoselectthespectralbandsthatprovide

bestpredictionofsoilEC.

2.4.3.2Validation

Validationofthedevelopedmodelswasdonewithindependentsetofdatathatwas

notusedforcalibration.Theextractedspectralvaluesfrom sentinel2andthe

conventionally determined soilEC were modelled using partialleastsquare

regression(PLSR),amethodwhichreducesthevariables,usedtopredict,toa

smallersetofpredictors.SoilECisthedependentvariableswhereasthespectralor

reflectancevaluesfrom multispectralimagesaretheindependentvariables.The

RootMean Square Error(RMSE),coefficientofdetermination (R2)and relative

percentagedeviation(RPD)wereusedtotestthepredictiveabilityofthemodel.

RMSEprovidestheabsoluteaverageerrorbetweenthemeasuredandtheestimated

valuesforsamples(Leoneetal.,2012).TheR2measurestheproportionofthetotal

variationaccountedforandTable2.2showsthepredictionofgoodnessofthe

modelbasedonthisparameter.RPDreferstotheratioofstandarddeviation(SD)to

theRMSEpredictionandpredictiveabilityofthemodelwasalsobasedonthe

relativepercentagedeviation(Table2.3).
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Table 2.2:Prediction ofgoodness ofthe modelbased on the coefficientof

determination(R2)suppliedbyMouazenetal.(2010)

R2 Modelperformance

0.5to0.65

0.5to0.79

0.80to1.00

Poorpredictionmodel

Good

Excellent

Note.R2=coefficientofdetermination

Table2.3:Predictionofgoodnessofthemodelbasedontherelativepercentage

deviation(RPD)suppliedbyDuran(1983)

RPD Modelperformance

RPD<1.0

1.0<RPD>1.4

1.4<RPD>1.8

1.8<RPD>2.0

2.0<RPD>2.5

RPD>2.5

Verypoormodel/prediction

Poorpredictionmodel

Fairmodel/Prediction

Goodmodel

Verygoodmodel

Excellentmodel

Note.RPD=relativepercentagedeviation;

2.5.RESULTS

2.5.1Conventionallaboratoryanalysisresultsforselectedsoilparameters.

The results obtained revealthat there is a great spatialvariation of soil

physiochemicalproperties in the study site.This is crucialespecially when

developingmodelsanditensuresthatthemodelisnotbiased.Theresultsobtained

showsthatthesoilsattheportionwherethesoilsamplesarecollectedfallsunder

slightlysalinesoilssinceitwasfoundtobe1.03ds/m (Table2.4).Theresultsshow

thatsoilsurfacesaltconcentrationrangefrom 0.003to2.36ds/m.Therefore,the

lowerthesoilsurfacesaltaccumulation,thelowertheexchangeableandsoluble
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Calcium(Ca), thepoorerthedrainageconditionshencethelowerthemicrobial

activity,waterholding capacity and soilfertility thatresults in reduced plant

productivity(Sharmaetal.,2000).Theresultsshow thatclaycontentrangefrom -

3.71to20.16,sandpercentagerangefrom 0.064to90,72andsiltpercentagerange

from 0,064 to 20,92. Based on the results obtained regarding soilparticles

distributionsitshowsthatthereishighvariationacrossthefield(Table2.4).

Table 2.4:Statisticaldescription ofsoilparameters analysed by conventional

laboratorymethods(n=55)inSyferkuilfarm,Limpopo,SouthAfrica

SoilparameterMaxMinMeanMedian SD CV(%)

Soilsalinity(EC)2.360.0031.03 0.35 0.54 52.43

Clay 20.16 3.71 8.18 8.36 5.77 70.54

Silt 20.92 0.06 10.3411.05 4.42 42.75

Sand 90.72 0.06 80.7781.28 6.08 7.53

pH(KCl) 8.02 5.23 7.07 7.14 0.53 7.49

pH(H2O) 8.73 5.9 8.73 8.32 0.51 5.84

Note.SD=standarddeviation;max=maximum;min=minimum;CV=coefficientof

variation.

2.5.2Predictionofsoilsalinityusingmodelsdevelopedfrom multispectralsatellite

data.

ThePLSRmodelyieldedacoefficientofdetermination(R2)of0.468,theRootMean

SquareError(RMSE)of0.44ds/m andtheRPDof0.56ds/m (Table2.5).Italso

showsthatthecoefficientofdeterminationislow.Thisactivelydemonstratesthat

themodelperformancewasunsatisfactory.
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Table 2.5:PLSR modelperformance forpredicting soilEC using multispectral

satelliteinSyferkuilfarm,Limpopo,SouthAfrica

Soilparameter R2 RMSE RPD Modelperformance

Soilsalinity(EC)0.4680.440.56 Poorpredictionmodel

Note.R2=Coefficientofdetermination;RMSE=TheRootMeanSquareError;RPD=

RelativePercentageDeviation.

2.6.DISCUSSION

2.6.1Conventionallaboratoryanalysisresultsforsoilsurfacesaltaccumulation.

Theresultsobtaineddemonstratethatthereishighspatialvariationattheresearch

sitebecauseofstatisticalvariablesofsoilparametersdetermined.ThelowsoilEC

insomeportionofstudyareamaypossibleberesultofhumanactivities(i.e.,land

usemanagement,farm practices).Thisisbecausetheportionofthefarm thatwas

used forthis studyhas been cultivated forthe pastyears and coupled with

occasionalresting.Conventionalmethodsbreakdownsoilaggregateshenceleading

tosoilbeingeasilyremovedorerodedthusaffectingsoilquality.Furthermore,the

naturalfactorssuchasthesoiltypeandcharacteristicsofterrainarethemain

drivers ofthe spatialvariation ofsoilphysiochemicalproperties.Taking into

considerationsthatatthefarm soilsareidentifiedassandyloam textureandthe

dominantsoilformsonthesiteareShortlandsandClovelly(SoilClassification

Working Group,1991).Soilsthathavea highercontentofclayconductmore

concentrationofsoilEC thansoilsthathaveahighercontentofsiltandsand

particles.Therefore,Shortlands soils do notpresentacidity issues and are

productive.Irrigationanddrainageisneededtoreducesoilsalinitybecausewhen

irrigating,applyingwatercanhelptoleachexcesssaltsbelow therootzoneand

maintainthedesiredEC levelforthecropgrowth.However,theapplicationof

irrigationsystemsthatcontainshighamountofmagnesium,aluminium andcalcium

canresultsinhighaccumulationofsaltsinthesoilsurface(Aldabaaetal.,2015).In

addition,atthefarm soilsareidentifiedassandyloam texture.Shortlandssoilsare

typically associated with sweetgrazing (Fey,2010).Sandy loam texture is

characterizedbygooddrainage,lowwaterholdingcapacityandhighinfiltrationrate
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becauseoflargemacropores.

Anotherpossiblereasonmaybeduetoclimaticconditions(semi-aridforLimpopo,

Mankwengarea).Takingintoconsiderationthattherainfallrangesfrom 450to630

mm perannum atthestudysites.Thisactivelydemonstratethatthereishighrainfall.

Inaddition,rainfallismoreeffectiveinleachingsaltsorreducingsalinity.However,in

areaswherethereislittlerainfall,evaporationratesareextremelyhighandwater

evaporatesrapidlyleavingdissolvedmineralsaltsintheuppersoilprofile,which

thenbuildupprogressivelywithspaceandtime.Ahighconcentrationofsaltsatthe

surfacecanresultinpoorsoilstructure,low fertilityandmicrobialactivityand

decreasetheabilityofthesoiltosupportsomeplants(Sharmaetal.,2000).

2.6.2Theperformanceofmodeldevelopedfrom multispectralsatelliteimage

(sentinel2)

ThePLSRmodelyieldedacoefficientofdetermination(R2)valuerangingfrom 0.19

to0.48;therelativepercentagedeviation(RPD)rangingfrom 0.67to1.29;andthe

rootmeansquareerrorrangingfrom 0.19to6.71ofallselectedsoilproperties.The

performanceofthemodelwasnotexcellent.Nonetheless,theresultshowsthat

approximately halfofthe soilproperties variation could be explained by the

reflectancevaluesasrecordedintheimage.Theaveragedeviationofthepredicted

valuesfrom themultispectralimagesusing thePLSR analysisisgiven bythe

magnitudeoftheRMSEvalue.ThelowR2valueindicatesthatthereareconfounding

factors.Theconfoundingfactorsmightcomeintheform ofnoiseanderrorsdueto

variationsinsoilsurfaceroughness,geometricandatmosphericeffects(Casaetal.,

2013).Imagenoiseisanyunwanted disturbanceinimagedatathatisdueto

limitationsinthesensing,signaldigitization,ordatarecordingprocess.Furthermore,

theperformanceofmodelsmightbebecauseoflowspectralresolutionoftheimage

ascomparedtohyperspectraldata,whichhavebandswithnarrowerwavelengths(Qi

etal.,2017).Theresultsshowedlow contentofsoilEC,thishasinfluenceonthe

reflectancespectra,andsincesoilwhichhaslowcontentofsaltnormallyhavehigh

reflectancespectra(Lacerdaetal.,2016).

Theresultsobtainedinthisstudy,areinlinewithMohammadetal.(2019)who

comparedtheestimatedEC valueswithground-truthmeasurementstoevaluate

modelconsistencyinKuhSefid(Iran).TheperformanceofthePLSRmodelwas
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unsatisfactory.Furthermore,theresultsweresupportedbyAllbedandKumar(2013)

whohighlightedthatmultispectraldatahaslimitationsbecauseofthecoarsespatial

andspectralresolutions,whichinfluencesthequalityandquantityoftheinformation

theyprovide.TheresultsagreewiththoseobtainedbyLiaoetal.(2013)using

spectralreflectanceofLandsatETM imagetopredictsoiltexture.Thecoefficientof

determinationreportedforsilt,sandandclaywasfoundtobe0.32,0.21and0.3,

respectively.SoiltextureandsoilECarerelatedeventhoughsoiltextureisaphysical

propertyandsoilECisachemicalproperty.Thisisbecausesoilsthathaveahigher

contentofclayhavehigherECthansoilsthathaveahighercontentofsiltandsand

particles.Claytexturedsoilswhichhavehighcompactioncanincreasesalinityand

decreasetheabilityofsoilstosupportsomeplants.Furthermore,Claytexturedsoils

havelow reflectanceascomparedtosandyloam texturedsoilsbecauseofhigh

waterholdingcapacity.Thisactivelydemonstratesthatassoilmoistureincreases,

spectralreflectanceofsoildecreases.Thismeansthatifthereishighamountof

waterinthesoil,thereflectancewillgodown.Therefore,driersoilsuchassandy

texturedsoilreflectsmorethanwetsoils(i.e.,claytexturedsoils)(Kumarand

Sharma,2020).

Casaetal.(2013)alsofoundthatthePLSRmodelforCHRISsatelliteimageshowed

thatthemodelpredictionperformanceforclay,siltand sand estimationswas

unsatisfactory.Forkuoretal.(2017)observedpoorestimationaccuracyformodel

performanceofthefollowingsoilconstituentsnamelysand,silt,clayandCECwhen

usingmultispectralsatelliteimage(R2 of0.35,0.54,0.21and0.36;RMSEof7.57,

5.94,6.95and4.79,respectively).Franceschinietal.(2015)alsoreportedpoor

predictionofK,CaandMgusingPLSRmodelsdevelopedwithspectradataderived

from airbornesensor(R2of0.44,0.52,0.51;RMSEof1.28,7.6,2.4;RPDof1.28,1.47,

1.45,respectively).

TheresultsobtainedinthisstudyarehoweverincontrastswithAl-Gaadietal.(2021)

whoestimatedsoilsalinityusingSentinel2satelliteimagesandrelatedconventional

laboratory results ofsoilEC and spectralvalues using multiple regressions

modelling.Theyfound thatthe generated modelsshow satisfactoryresults in

predictingsoilEC.Confortietal.(2015)havereportedthatthesandpercentagewas

successfullypredictedbyvisibleandnearinfraredspectroscopywiththeR2of0.81

andRMSEof4.8% forvalidationdataset.DeSantanaetal.(2018),Curcioetal.
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(2013),Xuetal.(2018),alsoobtainedgoodR2intheirstudies(0.70,0.74,and0.67

respectively)forpredictingthesandpercentageofsoilfrom visibleandnearinfrared

reflectancespectroscopyusingpartialleastsquareregression.Thedifferenceinthe

resultsofthesestudiesmaypossiblybeduetotheperformanceofthemodels

whichvarieswiththestudysiteandtheregressiontechniquesused(Gorjietal.,2017;

Shahabietal.,2017).Theperformanceofthemodelsvarieswithstudysitebecause

modelsarecalibrateddifferentlybasedonthesoilparametersinvestigated.For

instance,themodelthatisusedinSouthAfricamightnotbeadoptedinsomeother

countries.Thisisbecauseofdifferentclimaticconditionsandsoiltypes.

2.7.CONCLUSIONSANDRECOMMENDATIONS

The study revealed the potentialof using remote sensing techniques and

understandingofsoilsurfacesaltaccumulation.Theresultsobtainedshowedthat

theperformanceofthemodelwasnotexcellentorproducedlowpredictionaccuracy

using multispectralimagery.TheuseofSentinel2 imagerydid notgivegood

predictionofallselectedsoilproperties.Toimprovemodelperformance,future

studiesshouldconsideranimagewithbetterspectralresolutionandnarrowerbands

(hyperspectral)toseeifthereisanimprovementinthemodelperformance.The

hyperspectralimagecoversspectralbandsnarrowerthanmultispectralimageryand

image data from severalbands are recorded atthe same time.Furthermore,

hyperspectralimage offermuch greaterspectralresolution than multispectral

imagery(i.e.,covertwoormorespectralbandssimultaneouslytypicallyfrom 0.3m

to14m
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CHAPTERTHREE

ASSESSMENTOFRILLDEGRADEDSOILSINSYFERKUILFARM USINGREMOTE

SENSINGTECHNIQUES

ABSTRACT

Assessmentandidentificationofsoilsdegradedbyrillerosionisessentialforfuture

land use managementand planning.Rillerosion is one ofthe mostglobally

significantenvironmentalsoilhazards,which results in severe threaton crop

productivityandbiodiversitysinceitcanleadtolossofsoilquality.Thecausesofrill

erosioncaneitherbenaturalorhumanfactors.Theobjectiveofthisstudywasto

identifysoilsdegradedbyrillerosionwithacceptableaccuracyfrom remotesensing

images.ThestudywasconductedattheSyferkuilfarm,Limpopo,SouthAfrica.In

thisstudy,rillidentificationanddimensioningwasdoneonamultispectralimagery

(Worldview 2 satellite image)using supervised image classification.Quantum

Geographic Information System (QGIS) software was used for the visual

vectorizationofindividualrills.TheSemi-AutomaticClassificationPlugin(SCP)in

QGIS was used to identify soils degraded by rillerosion in Syferkuil.The

classificationwasdoneusingthespectralanglealgorithm.Theareawasclassified

intotwocategorieswhichisrillandno-rill.Rasterobjectwasconvertedtovector

objectusingpolygontracetoolforfurtherobject-basedprocessing.Forthepurpose

ofassessingtheaccuracyofthesupervisedimageclassification,referencedata

wascreated,andtheerrormatrixwascalculated,andtheresultsindicatedtheuser’s

accuracyandproducer’saccuracyfornorillerosionandrillclasswereobtained.

Theresultsofthestudywerenotsatisfactoryusingthesupervisedclassificationof

theWorldview 2satelliteimage.Thepossibilitythereforeexiststhatsomesoil

erosionfeaturesmayhavebeenclassifiedasnon-erosionfeatures.Inaddition,the

low separabilityofclasseslimitstheapplicabilityofthesupervisedclassification

methods,particularlyinspectrallycomplexerosionareas.Theoverallclassification

performanceoraccuracyof47.91%withaKappacoefficientof0.41wasobtainable.

Therefore,these remote sensing techniques,although there ismuch room for

improvement,cancontributeintoidentifyingandquantifyingsoilsdegradedbyrill

erosionespeciallyindatascarceenvironmentandresourcesconstrainedprovince

(i.e.,Limpopo,MankwengArea).
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Keywords: Soildegradation,Rillerosion,Syferkuil,Remotesensing,Multispectral

image(Worldview2satelliteimage),Supervisedmageclassification.

3.1BACKGROUND

Monitoring soilqualitydegradation isessentialtowardsland use management

studiesandreclamationprogrammesorrehabilitationstrategies.Thefirststep

towardsrehabilitationandreclamationofdifferentsoilsisbyprovidingaccuratesoil

informationandhavinganunderstandingofsoildegradationforms.Thiswillhelpin

identifyinghighriskareasforfuturelandusemanagementandplanning.Thisstudy

willonlyfocusonsoilsdegradedbyrillerosion.Rillerosionisaprocessofsoil

degradationthatremovessoilmaterialsfrom onepointontheearthtobedeposited

elsewherethroughprocessessuchasdetachment,suspension,transportationand,

massmovement(Vanmaerckeetal.,2021;Lietal.,2016).Itisanimportantform of

soilerosionthatcontributesgreatlytosoildegradationandlossinSouthAfrica.

Monitoringsoilqualitydegradationcanbepreciselyachievedthroughtheusageof

remotesensingasanalternativeapproachduetoitsadvantagesoverconventional

methods(i.e.,Fieldsurveys).Fieldsurveysdelaytheprocessofacquiringnecessary

soilinformationofhighaccuracyinashortperiodoftimeandarelimitedtosmall

areas(Rosseletal.,2011;Odindietal.,2017).

Inremotesensing(RS),dataiscollectedusingeitherpassiveoractiveremote

sensingtechniques,withoutmakingphysicalcontactwiththeobjectitself(Chauhan,

2015).Activeremotesensing,captureEM radiationinthevisiblespectrum andhas

itsownsourceoflightoremitsitsownenergy.However,inpassiveremotesensing

thesourceofsignalisthesun,whichemitsEM atitshighestintensitybetweenthe

ultravioletandinfrared.Remotesensinghasthecapabilitytoidentifysoilsdegraded

byrillerosionwithacceptablelevelofdetails(Kumar,2013;Morshedetal.,2016;

Taghadosietal.,2018).Remotesensingisableto coveralargeareaofland

especiallywhendataisrequiredforlargeareas.Moreover,remotesensingisfaster,

inexpensive, non-destructive, facilitate long term monitoring, and accurate

monitoringtool.Inaddition,remotesensingallowsforpast,present,andnearreal

timemonitoringofobjectsofinterests(Chauhan,2015).
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Themultispectralsatelliteimageryhasbeenwidelystudiedinpreviousresearchand

hasbeenfoundtobeaverypromisingtoolforassessmentrilldegradedsoils

(Karydasetal.,2020;Despratsetal.,2013).Themultispectralsatelliteimageryhas

thecapabilitytoprovideimprovedspatialresolutionandimageacquisitionisnot

costlywhichmakesiteffectiveintermsofclassifying,analysing,monitoringand

mapping soildegradation formsatdifferentlocations.RS imagescan provide

detailedbutmuchreducedversionofrealityor3Dviewofobjectofinterests.This

can coverdifferentareas which mightbe difficultto coverusing some other

terrestrialmeans(Karydasetal.,2020;Despratsetal.,2013).

Tocontributetothevaluableinformationandbetterunderstandingontheeffectsof

soildegradationcausedbyrillerosionwiththeuseofremotesensing,ourstudywas

focusedontheMankwengarea(Syferkuilfarm)inLimpopoprovince.Thisstudywill

establish ifrilldegraded soilscould beidentified and quantified using remote

sensing.Theobjectiveofthisstudywastoidentifysoilsdegradedbyrillerosionwith

acceptableaccuracyfrom remotesensingimages.

3.2PROBLEM STATEMENT

Rillidentificationandassessmentofintensityusingfieldworkcanprovideaccurate

resultsandhavebeenpreferredbymostresearchers,buttheyareonlyapplicableto

smallareas.Themaindifficultieslieonmeetinghighdemandsofdetailedsoil

informationinshortperiodoftimewithreasonablecost(Steinbergetal.,2016).

Fieldsurveysaretimeconsumingandlabourintensiveparticularlyforregionallevel

inwhichdataisrequiredforlargescaleapplications.Moreover,thesetraditional

methods(i.e.,fieldworkorfieldsurveys)aredifficulttoreplicateandlimitedtosmall

areas(Odindietal.,2017).Therefore,withthecurrentdemandforuptodateand

accurate soilinformation on soildegradation,these methods are ineffective.

Moreover,theydelaytheprocessofacquiringnecessarysoilinformationofhigh

accuracyinashortperiodoftime(Rosseletal.,2011).

Thechallengesofconventionalmethods,however,couldbeaddressedbytheuseof

remotesensingtechniques.Manyresearchershaveidentifiedremotesensingasan

alternativemethodforassessmentandidentificationofsoilsdegradedbyrillerosion

duetoitsadvantages.Thisisbecauseremotesensingtechniquescanproviderapid

analysis ofsoilinformation,coverlarge land surface and facilitate long term
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monitoringatanacceptablelevelofdetail(Chauhan,2015).Amultispectralimagery

isabletoprovideexcellentspatialcoverageofalargeareaandmakingiteasyto

identifysoilsdegradedbyrillerosion(Gorjietal.,2017).Remotesensing(RS)

imagescanprovidedetailed,butmuchreducedversionofrealityor3Dviewofobject

ofinterests.Theseimageriescanprovidevaluableinformationthatmightnotbe

abletoobtainusingothermethodssinceourvisualperceptionislimitedtosome

portions ofelectromagnetic spectrum (EMS).This means thatitcan provide

informationbeyondourhumanvisualperception.Furthermore,itcanprovidethe

recordsofsoildegradationformsatthosespecifictimestheimageswerecaptured

andcoverdifferentareaswhichmightbedifficulttocoverusingfieldsurveys.This

canhelptoobservechangethatmightbeoccurringovertimeandtounderstandthe

spatialextentandrateofthisproblem.

3.3LITERATUREREVIEW

3.3.1Workdoneontheproblem statement

3.3.1.1Theimportanceofidentifyingsoilsdegradedbyrillerosionusing

remotesensing.

Soilerosiongloballyisanintense,poorlycontrolledprocessandthereislackofup-

to-datesoilinformation.Soilerosionisaseriousproblem intheentireworldanda

majorthreatoflanddegradationinSouthAfricaparticularlyinLimpopo(Rahmatiet

al.,2016;LeRouxandSumner,2012).Itisalsoconsideredasoneofthemostcritical

environmentalissuesduetothedevastatingimpactsonagriculturallands.Therefore,

soilerosionisadynamicprocessrequiringconstantmonitoringwhilekeepingup-to-

date information on itsspatialdistribution.Soilconservation and rehabilitation

measuresandunderstandingthedynamicsofsoildegradationanddrivingfactorsis

acrucialstep(Nwiloetal.,2021;LerouxandSumner,2012).Itisimportantfor

modelling erosion hazard ofthe area orhigh-risk area forfuture land uses

managementandplanning(Ogbonna,2012).

Rillerosioncanleadtolandabandonmentandthreatenfoodsecuritysincesoil

fertilityornutrientstatusofthesoilmightbecompromised.Inturn,manyfarmers

abandoningtheirfarmlandsduetothethreatsposedbyrillerosionandthencause

economiceffectsonfarmingcommunities.Inaddition,rillerosioncanresultsin

declinesoilfertility,poorsoilstructure,poordrainageconditions.Thisisbecause
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duringheavyrainfallessentialnutrientsareleachedaway,andasaresultsleadingto

decreasedsoilqualityandcapabilitytosustaincrops(Dewitteetal.,2015).

3.3.1.2Rilldegradedsoilsmonitoring,identificationandassessmentusing

remotesensing.

Variousstudieshavebeendoneforrillidentificationandassessmentofintensity

usingremotesensing.Saadatetal.(2014)conductedastudyofmappingrillerosion

usingLandsatinIran.Theresultsobtainedshowedthattheproposedmethodisable

toproducearillerosionintensitymapwithanaccuracyof96%atthisstudylocation.

Despratsetal.(2013)conductedastudyofmappingrillerosionusingQuickBirdand

SPOTsatelliteimageryinTunisia.Theyfoundthatthehigh-resolutionimagery(Quick

Bird)isa valuabletoolfrom which onecan extracttheconsequencesofsoil

degradedbyrillerosionwhereasitremainedfairlyinsignificantwiththeSPOTtype.

However,this methodologyused demonstrates the potentialforextracting rill

erosionfeaturesfrom theimagery,butmoreimportantlyitdiscussesaGISanalysis

thatcanidentifyelementswithsoilerosiontraitsfrom amongallthelinearfeatures.

Fioruccietal.(2015)conductedastudyofmappingandmeasuringrillerosionusing

GeoEye-1panchromaticstereoimagesinItaly.Inthisstudy,theyfoundthatthe

proposed method isfasterthan field work,improvestheabilityto map these

featuresoverlargeareas,whichareapplicabletodetailedscalesandanalyses,and

othermoretraditionalmethod.Karydasetal.(2020)conductedastudyofmapping

rillerosioninwhichdatafrom sentinel2imageswasused.Theyhavefoundthatthe

multispectralimagery(sentinel2)issuitableforfutureerosionassessmentswithG2

model.Basically,G2 isquantitativealgorithm formappingsoillossandsediment

yieldratesonmonth-timeintervals.G2modelprovedtoworkasarapidandatthe

sametimeflexiblemappingtool.

Gafurov(2022)conductedastudyusingthetrainedrillerosionconvolutionalneural

network(RECNN)forautomatedrillerosiondetectionfrom remotesensingdatain

Russia.Theresultsofthisstudyshowedaccuracylevelof0.62,F1-measurewas

0.76,andloss-functionwas0.27.Furthermore,itwasfoundthatnotasinglecaseof

detectionofgulliesorgroundroads,whichareabundantinthestudyarea,insteadof

rills,wasrecorded.
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3.3.1.3 The use ofsupervised image classification foridentification and

assessmentofrilldegradedsoils.

Insupervisedimageclassification,thereisnolimitedcontroloveridentityofclasses.

Trainingareaisreferredasanareaofknownidentitydelineatedonthedigitalimage

withinitscoordinatesystem.Thekeycharacteristicsoftrainingareasarenumberof

pixels,sizeofthetrainingarea,shapeofthetrainingarea,locationofthetraining

area,andnumberoftrainingarea(Eastman,2003).However,thetrainingdatanot

often defined spectrally,and the training areas mustbe selected carefullyto

minimizeerrors.Moreover,notallspectralclassesmaybeknowntotheusers.In

mostinstances,thedecisiontoutilizethisimageclassificationdependsonthestudy

area,theskillsofindividualprocessingtheimage,andthespectraldistinctnessof

theclasses.Thespectralclassareinherentinthemultispectralimageryorremotely

senseddatawhereastheinformationclassaredefinedbyhumanbeings(Eastman,

2003).

3.3.1.4Factorsaffectingthespectralsignaturesofrilldegradedsoils.

AccordingtoTaruvinga,(2008),thespectralsignatureofsoilerosionformsdiffers.

Inaddition,thespectralsignatureofsoilsdependsonthemoisturecontent,organic

mattercontent,texture,structureandironoxidecontent(Aggarwal,2004).Spectral

characteristicsofvegetationdifferwithwavelengthandthepigmentleavesofplant

reflectgreenwavelengthsandstronglyabsorbredandbluewavelengths.Baresoil

andvegetationhavedifferentspectralcharacteristicsandarecompletelydifferent

and need to be dealt with separately when selecting training areas.The

heterogeneous nature ofsoildegraded by rillerosion makes itcomplex to

differentiatewiththesurroundings,therebyposingachallengetotheclassification

technique(Aggarwal,2004).

3.3.1.5Thepossiblehumanandenvironmentalfactorsthatinfluencerillerosion

initiationanddevelopment.

According to Chaplotetal.(2013)and Mararakanyeand Summer,(2017),Soil

erosion forms are influenced by soiltype,bedrock lithology and structure,

precipitation,slopeangle,vegetationandlanduse.Although,rillerosionisanatural

process,itisacceleratedbyhumanactivitiesandrainfallorclimaticconditions

(Vanmaerckeetal.,2021;Lietal.,2016).
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Claytexturedsoilismorecompactedandhashigherstructuralstabilitythatresists

soilerosionwhereassandyorsiltytexturedsoilsarelesssusceptibletosoilerosion

becauseoflargerporesandhighinfiltrationratewhichresultsinhighleachingofsoil

materials(Gandariasbeitiaetal.,2017).Overgrazingcanreducegroundcoverand

enableerosionbywindandrain.Therefore,vegetationplaysacrucialroleinreducing

rillerosionbecauseplantsrootsbindsoilparticlestogetherandincreasestructural

stabilityofsoilsthatarenoteasilyleachedoutorerodedbysoilerosionagents(i.e.,

waterorwind).Therefore,themorewaterflowingoverthesurfaceorland,themore

soilparticlesareleachedoutortransportedfrom oneplacetoanother.Meaningthat

farmlandthathasnovegetationisvulnerabletorillerosionascomparedtotheone

havingvegetationcover.Landusepracticescaninfluencerillerosion.Forinstance,

theconversionofnaturalecosystem topasturelandcanleadtohighratesofrill

erosionandlossoftopsoilandnutrients.Theslopecanhaveamajorinfluenceon

rillerosion.Meaningthatwhentheslopeislonger(length),surfaceareaofwater

collectionincreasesandthereforeincreasethewatersurfacerunoff(LeRouxand

Sumner,2012).

3.3.2Worknotdoneontheproblem statement.

Thestudyisdoneatafarm levelrequiringmuchdetailwithapotentialtoapplyona

largescale.Theremotesensingtechniqueusedcanvarywiththelocationorstudy

areaandthefeaturebeingobserved.Mostofthestudieshavefocusedonthesoil

erosionoriginandcontributingfactors.Moreover,thereislittleworkdonethat

utilizesremotesensingforassessingsoildegradationonSouthAfricansoilsand

particularlyinLimpopo.Therefore,thisstudywillestablishifsoilsdegradedbyrill

erosioncouldbeidentifiedandquantifiedusingremotesensingasanalternative

methodtothetraditionalmethods(fieldworkorsurveys).
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3.4RESEARCHMETHODOLOGY

3.4.1Descriptionofthestudyarea

The studywas conducted in Syferkuil,experimentalfarm ofthe Universityof

Limpopo(Figure3.1).Thefarm isabout1,650hainsizeand13km from themain

campusoftheUniversity.Theclimateissemi-aridwithrainfallofrelatively450-630

mm perannum,experiencingabout400mm ofsummerrainfall.Thefarm isexposed

totemperaturesrangingbetween14°Cduringwinterperiodsand35°Cinsummer.

ThesoilformsareHuttonandGlenrosaandcomposedofsevenmineralswhich

includeplagioclase,K-feldspar,amphibole,quartz,interstratifiedilliteorsmectite,

talcandkaolinitedominatedbyquartzandinterstratifiedilliteorsmectite(Molepoet

al.,2017).Thesoilsfrom Syferkuilfarm ismoderatelyshallowtodeepandconsists

ofthefollowingtextureclasses;sandyloam,loamysandandsandyclayloam

(PhefaduandKutu,2016).

Figure3.1:StudysiteintheSyferkuilfarm,Limpopo

3.4.2Datacollection

3.4.2.1Remotesensing

a)Identificationofsoilsdegradedbyrillerosionusingsupervisedimage

classification
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Inthisstudy,theQuantum GeographicInformationScience(QGIS)softwarewas

usedforthevisualvectorizationofindividualrillerosionforms.TheSemi-Automatic

ClassificationPlugin(SCP)inQGISwasusedforidentificationorassessmentof

soilsdegradedbyrillerosion.SupervisedimageclassificationwasdoneusingQGIS

toidentifysoilsdegradedbyrillerosioninSyferkuil.Theclassificationwasdone

usingthespectralanglealgorithm.Theportionofthefarm thatwasusedforthis

studyhasanareaof61ha.Theareawasclassifiedintotwocategorieswhichisrill

andnorill.Rasterobjectwasconvertedtovectorobjectusingpolygontracetoolfor

furtherobject-basedprocessing.TheSCPisdefinedasafreeopensourcepluginfor

QGIS(Congedo,2016)thatallowsforthesemi-automaticclassificationofremote

sensingimagesforthevisualvectorizationofindividualrills.Supervisedimage

classification involves collecting data from the training area followed by a

classificationsteporstagethenoutputstage(Figure3.2).Rillidentificationand

assessmentwasdone on multispectralsatellite imagery[Worldview 2 satellite

image]asaform offeatureextraction.Thisimagemultispectralimageryhadone

panchromaticbandwith46cm spatialresolutionandeightbandswith1.85m

spatialresolution.Thissatelliteimagehadwavelengthscoveringfrom 400nm to

1040nm.Thesupervisedremotesensingimageclassificationapproachwasused

based ononlytwo categorieswhicharerilland no rill.Itisthedigitalimage

processingthatcommonlygrouppixelsto representlandcoverattributes.The

samplesizewasselectedinanimagethatrepresentsthespecificclassesandthen

directedtheimageprocessingsoftwaretousethesetrainingsitesasreferencesfor

theclassificationofallotherpixelsintheimage.Itusedthespectralinformation

representedbythedigitalnumbersinmanyspectralbandsandattempttoclassify

eachindividualpixelbasedonthisinformation.Thecomputerusedanalgorithm in

ordertodeterminespectralsignaturesforeachtrainingclassandthencompares

eachpixelintheimagetothesesignaturesandlabelsitastheclassitmostclosely

resemblesdigitally.Thetrainingareaswereselectedbasedonwhatitisknownon

thegroundthendigitizesapolygonwithinthatparticulararea.Thespectralsignature

ofeachpixelwasmatchedwiththetrainingsignaturesandtheimagewasclassified

accordingly.Pixelswhichhavethesamespectralcharacteristicswereidentifiedas

belongingtothesameclassandassignedorgivenuniquenumberorcolour.Pixels

aredefinedasthesmallrepresentationofrealityorobjectsofinterest.
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Figure3.2:Flowchartsshowingsupervisedimageclassification.

3.4.3Dataanalysis

Themultispectralimagery(Worldview 2imagery)wasusedtodiscriminaterilland

norillerosioninSyferkuilfarm.TheSCPinQGISwasusedtoclassifytheimageor

forthevisualvectorizationofindividualrillstogeneratestatisticalresultsofthemap

accuracy.SCP has the abilityto discriminate land coverfeature and offers a

potentialformappingindividualrills.

3.4.3.1Accuracyassessment

Accuracyassessmentandcheckwasdonebygeneratingvalidationpoints.Theerror

matrixisthemethodusedforassessingthedegreeofaccuracy(Mather,2004)and

hasbeenwidelyusedinclassificationaccuracyassessment.Errormatrixisasquare

whichcontainsrowsandcolumnsthatareequaltothenumberofcategorieswhose

classificationaccuracyisbeingassessed(Lillesandetal.,2008).Theresultsofthe

errormatrixwereinterpretedusingtheproducer’saccuracy,user’saccuracy,overall

classification accuracy and the Kappaclassification.The overallclassification

accuracysummarisestheproducer'saccuracyaswellastheuser'saccuracy.The

user'saccuracymeasurestheerrorsofcommissionwhiletheproducer'saccuracy

measurestheerrorsofomission.TheKappacoefficientisthedifferencebetween

theactualagreementintheerrormatrixandtheagreementoccurringbychance

(PerselloandBruzzone,2010).

CollectappropriateRSandgroundreferencedata
from trainingarea

(i.e.,Imageacquisition)

Specifyingtrainingareastobeusedfor
classification

Computerassignspixelsclosestclass
basedontrainingdata

Evaluatingoftheresults

(Overallclassificationaccuracy)
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RESULTSANDDISCUSSION

3.5RESULTS

Theresultsofthedigitalimageprocessing(supervisedimageclassification)ofthe

areaclassifiedintotwocategorieswhichisrillandnorillerosionshowedalow

overallaccuracyofupto47.91%.Theaccuracyresultsproducedisverylowandthe

kappastatisticof0.41indicatesnonetoslightagreement.

3.5.1Supervisedimageclassificationresults

ThemapshowninFigure3.3illustratesthecultivatedareawiththeselectedtraining

areascreatedbyusingRegionofinterest(ROI)polygon.

Figure3.3:Thecultivatedareawiththeselectedtrainingareas

Figure 3.4 below illustrates the validation points selected randomlyto provide

informationandevidencethattheclassificationproducedtheexpectedresults.The

random selectionwasdoneautomaticallybySCPandthismapshowsthatitcovers

theentirestudyarea.
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Figure3.4:Randomlyselectedvalidationpoints

Figure3.5below showstheclassificationdonewithspectralanglealgorithm.The

classificationisshowingtherillandno-rillregions.Itshowsthatareasaffectedbyrill

areidentifiedpositively.Areaslikeinter-plotpathsarealsoidentifiedasrillregions.

Furthermore,somewholeplotsarealsodepictedasrepresentingrills.Theveracity

ofthemodelpredictionisclearlyconveyedbytheaccuracyresults.Thismeansthat

thepredictiveabilityofthemodeldependsontheaccuracyoftheresults.Thehigher

accuracymeansbetterperformance.

Figure3.5:Classificationdonewithspectralanglealgorithm.

Legend
Blackcolour
represents–
Unclassified
Redcolour–

Norill
Greencolour

–Rill
erosion.
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3.5.2Accuracyresults

Thesupervisedimageclassificationwasusedforclassificationofsoilsdegradedby

rillerosion.TheKappastatisticof0.41indicatesmoderateagreement(Table3.1).

Theoverallclassificationaccuracycalculatedof47.91%indicatesthatonly47.91%

accuracywasclassifiedcorrectly(Table3.2).Theuser’sandproducer’saccuracy

indicatetheperformanceofsupervisedimageclassificationforrillerosionandnorill

erosion identification.However,a 47.23% ofproducer’s accuracy in rillclass

indicatesmoreerrorsofomissionwhile45.80% ofproducer’saccuracyinnorill

erosionclass.Kappaisthemostusedindicatorofclassificationaccuracyandis

usedtoassesstheagreementbetweenthedependentvariableandindependent

variable.Inaddition,Kappacoefficientcanalsobeusedtoassesstheperformance

ofaclassificationmodel(PerselloandBruzzone,2010).AKappavalueof0.41inrill

class is problematic because the classification accuracy indicates moderate

agreementrillandnorillerosion.Theaccuracyresultsproducedisverylow as

indicatedinTable3.3.

Table3.1:Showingtheclassificationtointerpretthestrengthofagreementbasedon

theCohen’sKappavalue(Altman,1997;Landis,1977)

Kappacoefficient Strengthofagreement

≤0

0.01-0.20

0.21-0.40

0.41-0.60

0.61-0.80

0.81-1.00

Noagreement

Nonetoslightagreement

Fairagreement

Moderateagreement

Substantialagreement

Almostperfectagreement
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Table3.2:Showingarea-basederrormatrix,reference,standarderror,confidence

interval,producers’accuracy,users’accuracyandkappaclassificationvalues.

>AREABASEDERRORMATRIX

>REFERENCES

V_classified 0 1(rill) 2(norill) Area Wi

0 0.00 0.00 0.00 2529015.50 0.69

1 0.00 0.012 0.11 440931.25 0.12

2 0.00 0.019 0.17 712232.00 0.19

Total 0.00 0.031 0.28 3682178.75

Area(metre2)0.00 0.0 0.28 3682178.75

SE 0.00 0.02 0.02

SEarea 0 83767 83769

95%Clarea 0 164184164184

PA[%]nan 47.24 45.76

UA[%]nan 49.40 50.03

Kappacoefficient0.41 0.41

Note.PA=producer’saccuracy,UA=user’saccuracy,SE=standarderrorand,CL=

confidenceinterval.

Overallaccuracy[%]=47.91

Kappacoefficient=0.41
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Table3.3:Worldview 2satelliteimageaccuracies(%)forrillerosionandnorill

erosion.

TwocategoriesProducer’saccuracy(%)User’saccuracy(UA)OverallAccuracy(%)

Rillerosion 47.24 49.40 48.31

Norillerosion 45.76 50.03 47.52

OverallAccuracy(%)47.91

3.6DISCUSSION

Theresultsobtainedrevealthatthedigitalimageprocessing(supervisedimage

classification)oftheareaclassifiedintotwocategorieswhichisrillandnorill

erosionshowedalowoverallaccuracyof47.91%andthetotalKappacoefficientof

0.41.Theaccuracyresultsproducedisverylow andtheKappastatisticof0.41

indicatesmoderateagreementbetweenrillandnorillerosion.Therefore,theresults

were notsatisfactoryusing multispectralsatellite image [Worldview 2 satellite

image].Thismaybeduetolimitedspectralbands,atmosphericconditionsandsoil

properties(Shruthietal.,2011;Taruringa,2008).Theheterogeneousnatureofsoil

degradedbyrillerosionmakesitcomplextodifferentiatebetweensoilerosion

featureandnon-erosionfeatures,therebyposingachallengetotheclassification

technique.Theerrormatrix(pixelcountvalues),Reference,ClassifiedandPixelSum

valuesareinAppendixes1and2.

InapreviousstudybyTorkashvandandAlipour(2009)usingsupervisedimage

classification forassessmentofrillsusing remotesensing techniquesin plain

physiographyofIran,theresearchersfoundoutthattheaccuracydecreaseswhere

there are otherland uses such as cultivation due to similarity in spectral

characteristics.Thus,itisimportanttoclassifywherethereisbaresoilinorderto

increasetheaccuracy.Furthermore,withinthestudyarea,thespectralreflectivityof
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soilerosionvariesconsiderably,andinsomecasestendstobesimilartonon-

erosionfeatures(forexamplebaresoil).Thepossibilitythereforeexiststhatsome

soilerosionfeaturesmayhavebeenclassifiedasnon-erosionfeatures.Similarly,

SepuruandDube(2017)emphasisedthatthelowseparabilityofclasseslimitsthe

applicability ofthe supervised classification methods,particularly in spectrally

complexerosionareas.

Anotherpossiblereasonisthatthesupervisedimageclassificationdependsonthe

trainingsites,theskillofthepersonprocessingorclassifyinganimageandthe

spectraldistinctnessoftheclasses.Thismethodofclassificationrequiresclose

attention to thedevelopmentoftraining dataand ifthedataispoorand not

representative,theclassificationresultswillalsobepoordecreasingtheaccuracyof

results.However,thetrainingdatanotoftendefinedspectrally,andthetrainingareas

mustbeselectedcarefullytominimizeerrors.Moreover,notallspectralclasses

maybeknowntotheusers.Thespectralclassareinherentinthemultispectral

imageryorremotelysenseddatawhereastheinformationclassaredefinedby

humanbeings.

TheseresultsarehoweverincontrastwiththoseobtainedbyFlorasandSgouras.

(1999)who found high overallaccuracy of83.94% using supervised image

classificationmethod(TheGaussianmaximum likelihoodclassifier).Thisisbecause

theirclassificationwasassistedbyDigitalElevationModel(DEM).Moreover,they

usedtheLandsat5imageswhileweusedtheworldviewimagery.Landsat5imageis

easytoobtainandhasawidecoverageand,issuitableforthelarge-scalelandcover

studies(Wangetal.,2019)

This is supported byvarious studies (Phinziand Ngetar(2017);Munyatiand

Ratshibvumo(2011);Singhetal.(2015)usingLandsat5inassessingrillserosion.

Theresultsofthesestudiesindicatedthatanoverallclassificationperformanceor

accuracyofabove81%wasobtainable.Theresultsareinlinewiththoseobtainedby

SepuruandDube(2018)inmappingspatialdistributionofthreeerodedareausing

Sentinel2,achievinganoverallclassificationaccuracyof81,90%.Inanotherstudyby

Azad (2019),the authorfound a high overallaccuracy of surface erosion

classificationof69% usingthesupervisedimageclassification.Therefore,higher

spatialresolutionallowsfinergraindetailstobediscernedintheimagery.Satellite
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imagerywithrelativelyhigherspatialresolutionallowstheclassificationtechniqueto

detectthesmallerrillswhichwereomittedfrom lowspatialresolutionimagery.The

imageacquisitioniscostlyandlimitedduetotheirsmallswathwidth(Seutloalietal.,

2016,Shruthietal.,2011;Rangaetal.,2015;LeRouxandMarakanye,2012).

3.7CONCLUSIONANDRECOMMENDATIIONS

Thisstudyfocusedonidentifyingsoilsdegradedbyrillerosionusingremotesensing

techniques.In this study,the results were notsatisfactoryfrom multispectral

satelliteimage[Worldview 2satelliteimage]usingdigitalimageprocessingcalled

supervised image classification.Despite low prediction accuracyin this study,

remotesensingisapromisingtoolsinceitcanprovideinformationbeyondour

humanvisualperception.Furthermore,remotesensingcanprovidetherecordofsoil

degradationform atthosespecifictimestheimageswerecapturedandcover

differentareaswhichmightbedifficulttocoverusingfieldbasedmethods.

Even though the results were notsatisfactory,remote sensing can serve an

alternativemethodtofieldbasedmethodsbecausetheresultsofthisstudycanbe

greatlyimprovedthroughtheuseofmuchhigherspatialresolutionimageryand

narrowbands(hyperspectralsatelliteimage)toseeifthereisanimprovementinthe

accuracylevel.Thisisbecausesatelliteimagerywithrelativelyhigherspatialand

spectralresolution(i.e.,hyperspectralimagery)allowstheclassificationtechniqueto

detectthe smallerrillerosion features which were omitted from low spatial

resolutionimagery.
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CHAPTERFOUR

ASSESSINGSOILORGANICCARBONSTATUSUSINGMULTISPECTRALIMAGESIN

SYFERKUILFARM

ABSTRACT

Soilorganiccarbon(SOC)depletionwhichisdirectlylinkedtohumanandnatural

activitiesposesa majorthreatto agriculturalproductivitysinceitcan lead to

reduced soiland waterquality,soilfertilityand nutrientstatus.Assessing and

monitoringsoilqualitydegradationisvitalintermsofpracticingprecisionagriculture

andfuturelandusemanagementandplanning.Themainobjectiveofthisstudywas

todetermineSOCstatuswithacceptableaccuracyfrom aremotelysensedimage.

Thesizefieldareaoftheplotsampledis61ha.Ninetysevensoilsampleswere

collectedandaregularsamplinggridstrategyof50m by100m wasfollowedin

SyferkuilFarm,SouthAfrica,Limpopo.Globalpositioningsystem (GPS)wasusedto

recordtheexactlocationofeachsampledpointineachgrid.Inthisstudy,theSOC

ofthesoilsampleswasdeterminedconventionallyinthelaboratoryusingaWalkley

Blackmethod.Thecoordinatesofthesamplingpointswereusedtoextractspectral

valuefrom themultispectralimage(Sentinel2)usingQGIS.Thespectralvaluesand

the conventionally determined SOC were modelled using partialleastsquare

regression(PLSR).Theresultsshowedlow predictionaccuracyofSOCwithR2 of

0.41,RootMeanSquareError(RMSE)of0.53%,andtherelativepercentagedeviation

(RPD)of1.21 using the PLSR modeldeveloped from the multispectralimage

(Sentinel2).TheresultshowsthatapproximatelyhalfoftheSOCvariationcouldbe

explainedbythereflectancevaluesasrecordedintheimage.Despitelowprediction

accuracy,remotesensingtechniquesarepotentialtoolstomonitoranddetectSOC

unlikeintheolddays,whenconventionallylaboratorymethodsweretheonlymeans

ofassessingsoilorganiccarbondepletionorstatus.Sentinel2couldbeusedto

makepreliminarystudyofSOCbeforedetailedinsituassessmentcouldbedone.

Thus,itisrecommendedthatanimagewithbetterspectralresolution(hyperspectral)

beinvestigatedtoseeiftherebeanimprovementinthemodelperformance.

Keywords:Soildegradation,Soilorganiccarbon,Remote sensing,Multispectral

image(Sentinel2imagery),PLSR,Syferkuilfarm
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4.1BACKGROUND

Soildegradationhasbecomethemostseriousglobalenvironmentalissuethat

needsaseriousattentionduetoitsdevastatingimpactsonagriculturalproductivity.

Thiscanleadtoreducedwaterquality,soilfertilityandnutrientstatusespeciallyin

aridandsemi-aridregions(Shietal.,2019).Thus,itisofcrucialimportanceto

monitorandassesssoilqualitydegradationforsustainableandprecisionagriculture.

Thiscanhelpwithreclamationandrehabilitationofsoilsandminimizingtherisksof

soildegradationformsindifferentregions.Inthisstudy,oneform ofsoilquality

degradationtomonitororassessissoilorganiccarbon(SOC)depletion.Assessing

SOC status is vitalin terms of soilhealth monitoring and environmental

management.SOCdepletionisdirectlylinkedtohumanandnaturalfactors(FAOof

UnitedNations,2012).Inagriculturalland,SOCisakeyindicatorofsoilfertilitydue

toitsbeneficialeffectsonsoilproperties.ThisisbecauseSOC haspotentialto

increasesoilfertility,quality,andcationexchangecapacityandenhancesthewater

holdingcapacity(Mccauleyetal.,2017;Zhuetal.,2018;Bangrooetal.,2020).

Moreover,SOCcancontributetohighstableaggregatestructures,thatareresistant

tosoildegradationformshencebindssoilparticlestogether.Soilcarboncontainsa

majorproportionofcarbonthatisconsideredtobethreetimeslargerthaninthe

atmosphereandterrestrialvegetation(Houghton,2007).

Overthepastdecades,conventionallaboratorymethodsweretheonlymeansof

assessingSOCdepletion.Thesemethodsdelaytheprocessofacquiringnecessary

soilinformation ofhigh accuracyin a shortperiod oftime,due to theirlong

procedure (Rosseletal.,2011).Moreover,theyare difficultto replicate,time

consuming,labourintensive,andarelimitedtosmalllocalizedscales(Odindietal.,

2016,Angelopoulouetal.,2019).Remotesensingtechniqueshavethepotentialto

serveasanalternativeapproachduetoitsadvantagesoverconventionallaboratory

methods(Kumaretal.,2016).Inpreviousresearch,remotesensinghavebeenwidely

usedandfoundtobeapromisingtoolforassessmentofsoildegradationforms.

Theseincludesimultaneouscollection ofdatasystematically,inexpensive,non-

destructive,facilitate long term monitoring and non-requirementofchemical

reagents(Chauhan,2015;Angelopoulouetal.,2019).Inaddition,itcanproviderapid

analysisofsoilinformationandcoveringlargelandsurfaceatanacceptablelevelof

detail.Inthisstudy,themultispectralimagery(i.e.Sentinel2satelliteimagery)was
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usedtoextractspectralvaluesusingthecoordinatesofthesamplingpointsinQGIS.

Themultispectralimagehasthecapabilitytoprovideimprovedspatialresolution

andexcellentperspectivesonlandrelatedstudiesandhavethecapabilitytoproduce

significantresultsinSOCestimationandsoilhealthmonitoring(Wangetal.,2018;

Odindietal.,2016;andZhouetal.,2020).Therefore,thepurposeofthisstudyisto

determineSOCstatuswithacceptableaccuracyfrom remotesensing.Thestudy

wasfocusedontheSyferkuilfarm intheLimpopoprovince.

4.2PROBLEM STATEMENT

Soilcarbonisakeyindicatorofsoilfertilityorqualitysinceitcaninfluencethethree

categoriesofproperties(physical,chemicalandbiological)(Houghton,2007).For

instance,waterholdingcapacity,microbialactivityandcationexchangecapacityof

soils(Mccauleyetal.,2017;Zhuetal.,2018;Bangrooetal.,2020).Inaddition,itcan

contributetohighstableaggregatestructures,thatareresistanttosoildegradation

forms.ThisisbecauseSOChasthecapabilitytobindsoilparticlestogether.

Sincethereishigherdemandofdetailedsoilcarboninformation,remotesensing

techniqueshavetheabilitytoprovidesoilcarboninformationinshortperiodoftime

withreasonablecost.Remotesensing(RS)couldbeusedasanalternativemethod

totheconventionallaboratorymethodsduetoitsadvantages.Itcanproviderapid

analysisofsoilinformationandcoveringlargelandsurfaceatanacceptablelevelof

details(Chauhan,2015).Ithasthepotentialtoprovidevaluableinformationthat

mightnotbeabletoobtainusingothermethodssinceourvisualperceptionis

limitedtosomeportionsofEMS(Electromagneticspectrum).Thismeansthatitcan

provideinformationbeyondourhumanvisualperception.Furthermore,itcanprovide

therecordsofsoildegradationformsatthosespecifictimestheimageswere

capturedandcoverdifferentareaswhichmightbedifficulttocoverusingsome

otherterrestrialmeans.Thiscanhelptoobservechangethatmightbeoccurring

overtimeandtounderstandthespatialextentandrateofthisproblem.RSimages

canprovidedetailedbutmuchreducedversionofrealityor3Dview ofobjectof

interests(Gorjietal.,2017).

Multispectralimageryisabletoprovideexcellentspatialcoverageofalargearea,

andmakingiteasytoobtainsoilcarboninformation(Gorjietal.,2017).Despitethe

wideuseofconventionallaboratorymethods,thesemethodsaretimeconsuming,
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expensive,andlabourintensiveespeciallywhendataisrequiredforlargefarmlands

(Rosseletal.,2011).Therefore,withthecurrentdemandforuptodatesoilcarbon

information,conventionalmethodsareineffective.

4.3LITERATUREREVIEW

4.3.1Workdoneontheproblem statement

4.3.1.1Theimportanceofassessingsoilorganiccarbonstatus.

Soilorganiccarbondepletionasaresultofnaturalandhumanactivitiescanleadto

reducedcropproductivityduetolowermoistureretentionandnutrientstatus(FAO

ofUnitedNations,2012).Thisisbecause,highlevelofSOCdepletioninfluences

waterretentionpropertiesandcationexchangecapacity(Franzluebbers,2002).Soil

organicmatter(SOM)playsa crucialrole in physical,chemicaland biological

functionsofagriculturalsoils(Houghton,2007).SOCisakeyindicatorofsoilfertility

due to its beneficialeffects on soilproperties and contributes to high stable

aggregatestructures,thatareresistanttosoildegradationforms(i.e.soilerosion)

becauseSOM bindssoilparticlestogether.Inaddition,aggregatesstabilitytendsto

determinesoilerodibilityandinfluencewaterinfiltrationsinceitgivesthebest

predictionoferosion.

4.3.1.2Theuseofremotesensinginassessing,monitoring,andmappingsoil

organiccarbondepletion.

AstudywasconductedbyMalliketal.(2022)inIndiatomapandpredictsoilorganic

carbon(SOC)usingremotesensingandterraindata.Theresultsshowedthatthe

meanvalueofSOCstatuswas0.77%withvaluerangingfrom 0.043%to2.87%.The

resultsindicatedthattheEBKR(EmpiricalBayesianKrigingRegression)modelis

unbiasedandaccurate.Inthiswork,therootmeansquareerror(RMSE)andthe

coefficientofdetermination(R2)whichwereusedforvalidationofmodeloutputs

wasfoundtobe0.094and0.936respectively.Inaddition,theyfoundthatthe

composite,band6(vegetationrededge)ofsentinel2,slopeandelevationgivesthe

bestpredictionforSOC.

ThiswassupportedbySuleymanovetal.(2021)whoestimatedandmappedthe

spatialdistributionoforganiccarbonusingremotesensing.Inthiswork,theyused

theSentinel-2Asatellitedataandthelinearregressionmethod.Theresultsshow
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thatthecoefficientofdetermination(R2),RMSE,andtheRPDwasfoundtobe0.58,

0.56,and 1.61 respectively.The linearregression modelperformance forSOC

predictionwasfoundtobesatisfactory.Thiswassupportedbyvariousstudiesusing

Sentinel2(e.g.astudybyVaudouretal.2019inFrancewiththeRPDof1.51anda

studybyCastaldietal.(2019)inGermany,Belgium,andLuxembourginevaluating

thecapabilityoftheSentinel2dataforSOC predictionbasedonPLSR andRF

models.The ratio ofperformance to deviation (RPD)was higherthan 2 in

Luxembourg (2.6)and German(2.2)site,whileitwas1.1 intheBelgianarea.

AccordingtoCastaldietal.(2019)thepredictionaccuracyobtainedbySentinel2

dataisgenerallyslightlylowerthanthatretrievedbyairbornehyperspectraldata.

AccordingtoShenetal.(2015)thePLSRmodelachievesbetteraccuracywithinthe

laboratoryspectraldatathaninthefielddata.

Nabiollahetal.(2019)conductedastudyinIraninassessingSOCunderland-use

changeusingrandom forestmodels.Inthisstudy,spectraldatawasderivedfrom

Landsatimagery.Intheirfindings,Nabiollahetal.(2019)foundthattheaccuracy

wasgoodwithRMSEof3.53andcoefficientofdeterminationof0.67.

4.3.1.3Thespectralbandstopredictsoilorganiccarbon

Wangetal.(2010)reported440,560,625,740,and1336nm astheprincipalspectral

bandsto predictSOC.Nocitaetal.(2014)suggested thatthespectralregion

between580and680nm wassufficienttopredictSOC.Bangelesaetal.(2020)

foundthatthatimportantwavelengthsataround2000–2200and1400–1500nm are

keytopredictSOC andThebestmodelresultswereobtainedwithtransformed

spectraldata,withthekeywavelengthstopredictSOC valuesmostlylocalised

aroundthevisiblerange(400–700nm).

4.3.1.4 The limitations ofremote sensing techniques in soilorganic carbon

assessment

Themaindrawbacksofremotesensingtechniquesincludelowsignaltonoiseratio

duetoashortintegrationtimeovertargetareaandtheatmosphericabsorptions

interfering withthespectralmeasurements.Furthermore,mixed pixelscontains

morethanbaresoilsurfaceandthereisaneedforgeometricandatmospheric

corrections(Minuetal.,2017).Remotesensingtechniquesaremainlyaffectedby

externalfactorssuchasmoisture,surfaceroughness,vegetationcover,structure,
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andchangeinatmosphericconditions.Soilmoisturecontenttendstoinfluencethe

predictionaccuracyofdifferentsensors.Thisisbecauseassoilmoistureincreases,

thereflectanceofsoildecreases.Thisactivelydemonstratesthatsoilmoistureis

inverselyproportionaltothereflectance.Forinstance,ifthereishighamountof

waterinthesoil,thereflectancewillgodown.However,driersoilsuchassandy

textured soils reflects more than wetsoils .The surface roughness is also

consideredasoneofthemainfactorsthatinfluencethepredictionaccuracy.For

instance,thesmallerlocalsurfaceroughness,thegreaterthespectralreflectance

(Ben-Dor,2002;Guerschmanetal.,2009).

4.3.1.5Humanandenvironmentalparametersrelatedtosoilorganiccarbon

depletion.

Thenaturalfactors(i.e.,slope,rainfallandsoiltype)andhumanfactors(i.e.,tillage

practices)leadstothedevelopmentandinitiationofsoildegradationformsand

resultsindeclineinSOCstatus(Phinzietal.,2020;Mohammedetal.,2020).This

meansthattheupperportionsofthetopsoilwhichcomposedofhighconcentration

oforganicmaterialscanbeeasilyremovedandresultsindeclineinSOCstatus.

Furthermore,low areashavehighSOC statusduetohighconcentrationofclay

contentascomparedtohighareaswithlowclaycontentandhigherosionrates.The

above mentioned naturalfactors can limitthe soilabilityto provide essential

nutrientsthatplayacrucialroleinplantproductivityandgrowth.Thesenatural

factorstendtovarywithlocationandfarm management.Furthermore,soilorganic

carbondepletioncanresultinlandabandonmentandhigheconomiccostsforsoil

reclamationandrehabilitation(Phinzietal.,2020;Mohammedetal.,2020).

4.3.2Worknotdoneontheproblem statement.

Intheavailableliterature,manyresearchershaveusedremotesensinginmonitoring

soildegradationindifferentregionsthatdifferwithclimate,soil,andlanduse

management.Itisusedasanalternativemethodtotheconventionallaboratory

methodsduetoitsadvantages.Despitevariousstudiesconductedforassessing

SOCstatuswiththeuseofremotesensingtechniques.Thereislittleworkdonethat

utilizesremotesensingandmodelsforassessingsoildegradationformsonSouth

AfricansoilsandparticularlyinLimpopo.Mostofthestudieshavefocusedonthe

mainfactorsthatinfluencesoildegradationratherthandevelopingmodelsthatwill
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assistinsoilhealthmonitoringandlandusemanagementstudies.However,the

performanceofthemodelsvarieswiththelocationorstudyareaandthefeature

being observed.The objective ofthis studyis to determine SOC status with

acceptableaccuracyfrom remotesensing.

4.4RESEARCHMETHODOLOGY

4.4.1Descriptionofthestudyarea

The studywas conducted in Syferkuil,experimentalfarm ofthe Universityof

Limpopo(23°51'0"Sand29°42'0"E)withanelevationof1.325meters(Figure4.1).

Thefarm isabout1.650hainsizeand13km from themaincampusofthe

University.Theresearchsiteonwhichthisstudyfocusedonhadanareaof62ha,a

partofthe farm leased to ZZ2.The studysite falls undersemi-arid climate

consistingofannualrainfallvaryingfrom 450mm to630mm mostofwhichis

receivedfrom NovembertoMarch(Molepoetal.,2017).Thesoilatthefarm is

identified assandyloam textureand thedominantsoilformson thesiteare

ShortlandsandClovelly(SoilClassificationWorkingGroup,1991).Theportionofthe

farm thatwasusedforthisstudyhasanareaof61ha,apartofthefarm leasedto

ZZ2.Theresearchsitehasbeencultivatedsincefrom 2011coupledwithoccasional

resting.

Figure4.1:AmapofSyferkuilfarm,Limpopo,SouthAfrica.
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4.4.2Datacollection

4.4.2.1Conventionalmethods

a)Fieldsampling

Agridsamplingof50m by100m wasfollowedtocollect98soilsamples.Ashovel

wasusedtotakesoilsamplesfrom thetop5cm ofsoilsurface.Thensampleswere

placedinplasticbagsandweretakentosoillaboratory.Globalpositioningsystem

(GPS)wasusedtorecordtheexactlocationofeachsampledpointineachgrid.This

wasdonetobeabletolocateeachsamplepoint.

b)Soilorganiccarbon(SOC)analysis

UponthearrivalatthesoilsciencelaboratoryoftheuniversityofLimpopo,thegravel

fractionwasremoved,andthesampleswerelefttodryforaboutaweek.After

drying,thesoilsamplesweresievedusinga2mm sieveforsoilorganiccarbon

determination.The soilorganic carbon ofthe soilsamples was determined

conventionallyinthelaboratoryusingtheWalkley-Blackmethod(WalkleyandBlack,

1934).Thismethodprovidespreciseandaccurateresultsforsoilorganiccarbon

(SOC)determination.Table4.1belowshowstheclassificationofsoilbasedonthe

soilorganiccarbonlevels.Low SOC levelindicateslowermoistureretentionand

nutrientstatus(FAOofUnitedNations,2012)whereashighlevelofSOCinfluences

soilpropertieswhichresultshighsoilqualityorfertility.

Table4.1:ClassificationofsoilbasedontheSOC(FellerandBeare,1997)

SOC(%) SOClevels

0.00–0.5

0.5–1.0

1.0–2.5

2.5–6.0

>6.0

Extremelow

Low

Moderatelylow

Moderate

Veryhigh

Note.SOC=Soilorganiccarbon

SOM isusuallyestimatedthroughameasureofSOCandthedifferentsoilscanbe

classifiedbasedonSOM mattercontent(Table4.2).Itisdeterminedbymultiplying
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thevalueoforganiccarbonwith1.72(Walkley,1935).

Thesoilorganicmatter(SOM)equationis:

SOM =C×1.72

Whereby:Cisthesoilorganiccarbon,expressedinpercentage(%).

1.72istheBemmelenfactor

Table4.2:ClassificationofsoilbasedontheSOM content(FellerandBeare,1997).

SOM level(%) Description

0.00–0.5

0.5–1.0

1.0–2.5

2.5–6.0

>6.0

Extremelow;soilisdeprivedofresidues

Low;soilneedsmoreorganicresidues

Moderatelylow;soilhasbeencroppedveryheavy

Moderate;soilisbeingmaintainedinoptimaldesired

range.

Soilisaccumulatingorganicmatterinhighadditionrate;

richorganicsoil.

Particlesizedistributionwasdeterminedusingthehydrometermethod(Bouyoucos,

1962).SoilpHwasfirstmeasuredindeionizedwater(1:2soil,water)followedby

0.01M calcium chloride(CaCl2)usingacalibratedglasselectrodepHmeter(Rhodes,

1982).

4.4.2.2Remotesensingdata

Multispectralimagery(sentinel2)

Inthisstudy,theSentinel-2multispectralimagerywasusedinassessingSOC.This

imageryisabletoprovideexcellentspatialcoverageofalargearea,andmakingit

easytoobtainsoilinformation(Gorjietal.,2017).Themultispectralimageisatype

ofrasterdatainwhichrasterfilesaregridofpixels(cells)andeachpixelcontainsa

single value (references)thatprovide valuable information.The multispectral

imageryisabletoprovidevaluableinformationthatmightnotbeabletoobtainusing
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conventionalmethodssinceourvisualperceptionislimitedtosomeportionsofEMS

(Electromagneticspectrum).

a)Imageacquisition

Amultispectralsatelliteimageofthestudyareawascollectedon09March2021.

Thisimagery(Sentinel2)wasdownloadedfrom theEuropeanSpaceAgency(ESA);

theimagehadmorethan10bandsrangingfrom thevisibletoshortwaveinfrared

andwith10m spatialresolution.

b)Imageprocessing

Beforethemultispectralsatelliteimagewasused,itwentthroughpre-processing.

Thenimageswentthroughthestagesofatmosphericandradiometriccorrection

usingQuantum GeographicInformationSystem (QGIS).Thiswasdoneinorderto

extractspecificorvaluableinformation.Theimagerywasatmosphericallycorrected

usingQGIS.

4.4.3Dataanalysis

Thisstudyusedoneregressionmodel(PLSRmodel)toestimatetherelationshipor

correlationbetweenthecorresponding pixelsorspectralvaluesextracted from

multispectralsatelliteimagery(Sentinel2)andconventionallydeterminedSOC.The

coordinates ofthe sampling points were used in QGIS to extractspectralor

reflectancevaluesfrom theimageusingvectorpointextraction.PLSRisamethod

thatspecifiesalinearrelationshipbetweenasetofdependentvariables,Y,andaset

ofpredictorvariables,X (Fariftehetal.,2007).Itreducesthevariables,usedto

predict,toasmallersetofpredictors.ThegeneralideaofthePLSRistoextractthe

orthogonalorlatentpredictorvariables,accountingforasmuchofthevariationof

thedependentvariablesaspossible.PLSR waschosenduetoitscapabilityto

analyselargedata,anditismoreinterpretable(Asfawetal.,2018).Itisaneffective

toolforassessmentofsoildegradationforms(Gorjietal.,2017).

Soilorganic carbon (SOC)is the dependentvariable whereas the spectralor

reflectancevaluesfrom multispectralimagesaretheindependentvariable.The

predictionperformanceofthismodelwasevaluatedbasedonthecoefficientof

determination (R2),rootmean square errorofprediction (RMSE)and ratio of

prediction deviation (RPD).The soilsamples were divided into calibration and
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validationgroup.Therefore,70% wasusedfortrainingormodeldevelopmentand

30%fortestingormodelvalidation.

a)Calibration

Conventionallaboratorymeasurementand theircorresponding reflectancewere

usedforcalibratingmodelsusingpartialleastsquareregression(PLSR)toverifythe

resultsandtestthegoodnessofthemodelorperformance.Conventionallaboratory

measurementofSOCforvalidationwasusedtotestthegoodnessofthemodelor

performance.PLSRmodelwasdevelopedforestimationoftheSOCbasedonthe

reflectanceorspectralvariation.

b)Validation

TheRootMeanSquareError(RMSE),coefficientofdetermination(R2)andrelative

percentagedeviation(RPD)wereusedtotestthepredictiveabilityoraccuracyofthe

model.RMSEprovidestheabsoluteaverageerrorbetweenthepredictedvaluesand

themeasuredresultsofconventionallaboratoryanalysis(Leoneetal.,2012).The

coefficientofdetermination(R2)measurestheproportionofthetotalvariation

accountedforandithasthecapabilitytotestthegoodnessofthemodel(Table4.3).

RPDreferstotheratioofstandarddeviation(SD)totheRMSEprediction.Itwas

obtainedbydividingthestandarddeviationofanalyseddatabythevalueofRMSE

anditwasusedtotestPredictionofabilityofthemodel(Table4.4).RMSEisusedto

measurethedifferencebetweenthevaluespredictedandthevaluesobserved.

Changetal.(2001)andMouazenetal.(2010)developedamethodtoclassify

modelsbasedontheirestimationaccuracy,lookingattheirRPDvalueandR2value

respectively.

Table 4.3:Prediction ofgoodness ofthe modelbased on the coefficientof

determination(R
2
)suppliedbyMouazenetal.(2010)

R2 Modelperformance

0.5to0.65

0.5to0.79

0.80to1.00

Poorpredictionmodel

Good

Excellent

Note.R
2

=coefficientofdetermination
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Table4.4:Predictionofgoodnessofthemodelbasedontherelativepercentage

deviation(RPD)suppliedbyDuran(1983)

RPD Modelperformance

RPD<1.0

1.0<RPD>1.4

1.4<RPD>1.8

1.8<RPD>2.0

2.0<RPD>2.5

RPD>2.5

Verypoormodel/prediction

Poorpredictionmodel

Fairmodel/Prediction

Goodmodel

Verygoodmodel

Excellentmodel

Note.RPD=relativepercentagedeviation;

Figure4.2:Flowchartofmethodologyusedinthisstudy

Amultispectralimage

Sentinel2

Conventionallylaboratoryanalysis

(SOCmeasurements)
Pre-processing

Spectralbands

Regressionanalysisandmodelingofsoil
organiccarbon

Partialleastsquare
regression

(PLSR)

Accuracy
assessment

Calibrationand
validation

(RPD,RMSE,R2)

Soilsampling
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4.5RESULTS

4.5.1Conventionallaboratoryanalysisresultsforsoilphysicalandchemical

properties.

BasedontheresultsobtainedthereisagreatspatialvariationofSOCinthestudy

site(Table4.5).ThemeanSOC andSOM werefoundto be1.66% and2.86%

respectively.ThehighestSOCwasfoundtobe3.56%whilethelowesttobe0.76%.

ThehighestSOM contentwasfoundtobe6.12andthelowesttobe1.30.Thelow

SOM contentwillresultsinpoorwaterandnutrientretention.ThehighSOM content

inhibits soilerosion because SOM binds soilparticles together.The standard

deviationofSOCandSOM is0.48and0.82respectively.Thecoefficientofvariation

wasfoundtobe28.92and28.67percentagesforSOCandSOM respectively.The

resultsshowthatclaycontentrangefrom 0.18to30.31,sandpercentagerangefrom

49.86to79.40andsiltpercentagerangefrom 0.21to37.86.Thisshowsthatthereis

variationacrossthefieldandmaypossiblybeasaresultofhumanandnatural

factors.

Table4.5:Statisticaldescriptionofsoilinformationanalysed(n=98)inSyferkuil

farm,Limpopo,SouthAfrica

Soilparameter Max Min Mean Median SD CV(%)

SOC(%) 3.56 0.76 1.66 1.62 0.48 28.92

SOM (%) 6.12 1.30 2.86 2.77 0.82 28.67

Clay(%) 30.31 0.18 18.38 12.30 7.05 38.36

Sand(%) 79.40 49.86 62.32 69.45 6.89 11,06

Silt(%) 37.86 0.21 20.60 16.38 8.34 40.49

pH(KCl) 7.06 6.06 6.31 6.30 0.27 4.28

pH(H2O) 7.49 6.7 6,71 6.72 0.31 4.619

Note.SD=standarddeviation;max=maximum;min=minimum;CV=coefficientof

variation.
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4.5.2PredictionofsoilorganiccarbonusingPLSRmodel

Theresultsobtainedshowedthepoorestimationaccuracyformodelperformance

ofSOCwhenusingmultispectralsatelliteimage(R2of0.41,RMSEof0.53and;RPD

of1.21(Table4.6).ThePLSRmodelperformanceforSOCpredictionwasfoundtobe

unsatisfactory.ThebandswhichwereusedinSOCpredictionfallwithinthevisible,

shortwaveinfraredandnear-infraredregionsoftheelectromagneticspectrum.

Table4.6:PLSRmodelperformanceforsoilorganiccarbonprediction

Soilparameter R2 RMSE RPD Modelperformance

SOC 0.41 0.53 1.21 Notexcellent

4.6DISCUSSION

4.6.1Soilorganiccarbonandsoildegradationforms

Theresultsobtainedshow thatsoilorganiccarbon(SOC)statuswaslowerand

higherinsomeotherpartsinthestudyarea.TheareasoflowSOCstatus(1.5%and

less)observedinthestudyareamayhaveinfluencedbylow elevation,slopeand

agriculturallanduse(Phinzietal.,2020;Mohammedetal.,2020).Therefore,thelow

SOCstatusmaypossiblybearesultoffrequentdeepploughingwhichdisturbthe

soilsextensively.Takingintoconsiderationsthattheconventionalmethod(i.e.tillage

practice)waspracticedintheportionweresoilsamplescollected.Conventional

practicesbreakdown soilaggregates hence leading to depletion ofSOM,thus

reducingcarboninputsintothesoil.However,notilledsoilstendtostoremore

carbonthantheonefoundonsimilarconventionalsoilsbecauseoftheformationof

strong structure thatlimitsoilerosion hence increases crop productivity and

development.Forinstance,Bayeretal.(2006)havepointedoutthatthosesoils

undernotillmethodstoremorecarbonduetoincreaseddeadmatteraccumulation

andamountofundisturbedbiomass.Theconventionallaboratoryanalysisresults

forsoilorganiccarbonandsoilorganicmatterareinAppendix3.
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ConventionalmethodscanalsoinfluenceSOCstatussinceitwillresultsinsoilsleft

exposedandtheupperprofilebeeasilyremoved(PhinziandNgetar2017;and

SepuruandDube,2018).Thisiswhyvegetationcoverisconsideredasoneofthe

mostimportantfactorscontrollingsoilerosionandcanconsiderablydecreasesoil

loss,duetoitsabilitytobindsoilparticles,therebyprotectingthesoil(JainandGoel,

2002).Theresultsofthisstudycandifferwithotherstudiespossiblyduetothe

differencesintheclimaticconditionsorrainfallpatternsandtheperiodatwhich

tillagesystem hasbeeninpractice.Conventionalmethodsarecurrentlythreatened

bypopulationgrowth,agricultureandincreaseddemandforfoodproduction.This

meansthatwhentheevergrowingpopulationincreases,thereishigherdemandfor

food production to feed the human population hence limited time to practice

sustainableagriculture.ThisissupportedbyPacione(2013),whopointedoutthatan

increaseinthenumberofhumanpopulationresultsinhigherdemandforfoodto

feedtheever-growingglobalpopulationandthusacceleratelanddegradation.

Pooragriculturalandlandmanagementpracticeswithouttakingintoconsiderations

sustainableconservationpracticesleadtoacceleratedsoilerosion(LeRouxetal.,

2007).Thismeansthattheupperportionsofthetopsoilcanbeeasilyremovedand

resultsindeclineinsoilorganiccarboncontent.Anotherpossiblereasonmaybedue

tonaturalfactors(i.e.slope,rainfallandsoiltype)whichleadtothedevelopmentand

initiationofsoildegradationformsandresultsindeclineinsoilorganiccarbon

status(Suleymanovetal.,2021;Malliketal.,2022).Thisisbecauseattheresearch

sitethesoilsarepronetoerosionduetopermeabilityorinfiltrationratewhich

resultsinincreasedsurfacerunoffthenremovetheuppertoplayerthatiscomposed

ofhighconcentrationoforganicmaterials.

ThelackofknowledgeandresourcesmayalsopossiblyresultindeclineinSOC

status.Thisissupported bySeutloalietal.(2017)who emphasized thatpoor

decisionsandmismanagementofsoilscanbeabletoacceleratesoildegradation

forms.This willthen lead to inefficientland use planning and management.

Populationgrowthisalsodrivingforceforchangesinlandusemanagement.Thisis

supportedbyPacione.(2013),whopointedoutthatanincreaseinthenumberof

humanpopulationresultsinhigherdemandforfoodtofeedtheevergrowingglobal

populationandthusacceleratesoildegradationforms.
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ThehighSOCstatusinsomeportionofstudyareaobservedcanalsobecausedby

highconcentrationofclaycontentascomparedtohighareaswithlowclaycontent

andhigherosionrates.ThisissupportedbyvariousstudiesbyBen-Dor,2002and

Guerschmanetal.(2009).Theyfoundthatthehighconcentrationofclaycontent

playsacrucialroleinplantproductivityandgrowth.ThisisbecausehighSOCis

associatedwithhighconcentrationofclaycontentwhichtheninfluenceswater

holdingcapacity,infiltrationandnutrientsavailability.Claytexturedsoilsaremore

compactedandessentialnutrientsarenoteasilyleachedoutduringheavyrainfall.

Furthermore,highSOCcanincreasesoilfertilityandimproveyieldsandfoodsecurity

(Ben-Dor,2002;Guerschmanetal.,2009).

4.6.2Theperformanceofmodeldevelopedfrom multispectralsatelliteimage.

The performance of the modelwas not excellent.The result shows that

approximatelyhalfoftheSOCvariationcouldbeexplainedbythereflectancevalues

asrecordedintheimage.Thedeviationofthepredictedvaluesfrom thePLSR

analysiswasminimalasindicatedbythelowRMSEvalue.ThelowR2valueindicates

thatthereareconfoundingfactors.Theconfoundingfactorsmightcomeintheform

ofnoiseanderrorsduetovariationsinsoilsurfaceroughness,geometricand

atmosphericconditions(Casaetal.,2013).Furthermore,theperformanceofmodels

mightbe because oflow spectralresolution ofthe image as compared to

hyperspectraldata,whichhavebandswithnarrowwavelengths(Qietal.,2020).The

resultsofthisstudyaresupportedbyAllbedandKumar(2013)whohighlightedthat

multispectraldata has limitations because ofthe coarse spatialand spectral

resolutions,whichinfluencesthequalityandquantityoftheinformationtheyprovide.

Thismaybeduetolowswathwidthwhenusingmultispectralimagerywhichdoes

notpermitslargeareacoverageandfrequentmappingascomparedtoLandsat

imagery(Odindietal.,2015).However,theperformanceofthemodelsvarieswith

thestudysiteandtheregressiontechniquesused(Gorjietal.,2017;Shahabietal.,

2021).
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4.7CONCLUSIONANDRECOMMENDATIONS

Thisstudyfocusedontheuseofremotesensingtechniquesinassessingsoil

organiccarbonstatus.Theextractedreflectancevaluesfrom Sentinel2wereused

togetherwith results ofconventionallaboratoryanalysis results forprediction

performanceofPLSRmodels.Inthisstudyamultispectralsatelliteimagewasused

anditdidnotgivesatisfactoryresults.Despitethattheperformanceofthemodel

wasunsatisfactory,remotesensingtechniquesareconsideredasefficienttoolsto

monitorand detectSOC unlikeintheold days,whenconventionallylaboratory

methodsweretheonlymeansofassessingSOCstatuseventhoughitproducedlow

predictionaccuracy.Thus,itisrecommendedthatanimagewithbetterspectral

resolutionandnarrowerbands(hyperspectral)beinvestigatedtoseeifthereisan

improvementinthemodelperformance.Thisstudycanbehelpfulforlanduse

managementandplanningandincreasesawarenessontheimportanceofmanaging

andrestoringsoilqualitytominimisetheriskofsoildegradationforms.
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CHAPTERFIVE

SUMMARYANDRECOMMENDATIONS

Thestudyrevealedthepotentialofusingremotesensingasanalternativemethodto

the conventionalmethods in assessing soildegradation forms.PLSR models

developedusingspectralreflectanceextractedfrom Sentinel2imageryandthe

conventionallaboratoryresults(i.e.,soilorganiccarbonandsoilsalinityanalysis)did

notgivesatisfactoryresultsinchaptertwoandfour.Basedontheresults,thismight

beduetonoiseanderrorsduetovariationsinsoilsurfaceroughness,geometricand

atmosphericeffects.Imagenoiseisanyunwanteddisturbanceinimagedatathatis

duetolimitationsinthesensing,signaldigitization,ordatarecordingprocess.In

addition,theperformanceofPLSRmodelsmightbeinfluencedbythespatialand

spectralresolutionoftheimage.Thisisbecausethemultispectralimageryusedin

thisstudyhaslow spectralandspatialresolutionascomparedtohigherspatial

resolutionimageryandnarrow bands(hyperspectralsatelliteimage).Thesatellites

imagerywithrelativelyhigherspatialandspectralresolutionallowstheclassification

techniquetodetectthesmallerrillerosionfeatureswhichwereomittedfrom low

spatialresolutionimagery(Qietal.,2017).Inchapterthree,theresultswerenot

satisfactoryfrom multispectralsatelliteimage[Worldview 2satelliteimage]using

digitalimage processing called supervised image classification.Despite low

predictionaccuracy,thepotentialofremotesensingtechniquesareevident.Remote

sensinghasthepotentialtoserveasanalternativetoolinmonitoringandidentifying

soilsdegradedbyrillerosionandcouldreducethefieldbasedwork.

Basedontheresultsobtainedandwiththecurrentdemandforvaluableorprecise

uptodatesoildegradationforms,remotesensingisacrucialoreffectivetool.Itcan

beutilizedwiththeupcomingstudiesandithasthepotentialtoidentifyandmonitor

soildegradationform.Thus,itisrecommendedthatanimagewithabetterspatial

andspectralresolution(i.e.hyperspectralremotesensingdata)beinvestigatedto

seeifthereisimprovementinthemodelperformance.Thisisbecauseinremote

sensingapplicationthereismuchroom forimprovement,andcanbevaluable

particularlyindatascarceenvironmentlikeLimpopo.Lastly,itisalsorecommended

thattheentireareashouldbeputundercarefulmonitoring,andemphasisshouldbe

giventosustainablelandmanagementmeasures.
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APPENDICES

APPENDIX1:ShowingErrorMatrixCode,Reference,ClassifiedandPixelSum values

ErrorMatrixCode Reference Classified PixelSum

4 1 1 1

5 1 2 1

4 2 1 9

7 2 2 9

APPENDIX2:ShowingErrormatrix(pixelcountvalues)

>ERRORMATRIX(pixelcount)

>Reference

V_Classified 0 1 2 Total

0 0 0 0 0

1 0 1 9 10

2 0 1 9 10

Total 0 2 18 20

APPENDIX3:Conventionallaboratoryanalysisresultsforsoilorganiccarbonand

soilorganicmatter.

Soil

samples

Organic

C%

Organic

matter%
A1 1,87 3,22
A2 1,57 2,70
A3 2,29 3,94
A4 1,25 2,14
A5 1,56 2,68
B1 1,26 2,16
B2 2,25 3,88
B3 1,95 3,36
B4 1,64 2,82
B5 1,23 2,12
C1 2,47 4,25
C2 1,63 2,80
C3 1,27 2,19
C4 2,23 3,83
C5 1,65 2,85
D1 1,51 2,60
D2 1,61 2,76
D3 1,50 2,58
D4 2,17 3,73
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Soil

samples

Organic

C%

Organic

matter%
D5 1,59 2,74
F1 1,63 2,80
F2 2,00 3,44
F3 1,52 2,62
F4 1,09 1,88
F5 1,63 2,80
G1 1,83 3,15
G2 1,34 2,31
G3 1,62 2,78
G4 1,51 2,60
G5 1,44 2,47
H1 1,69 2,91
H2 1,87 3,22
H3 1,95 3,36
H4 1,62 2,78
H5 1,82 3,13
I1 2,10 3,61
I2 1,55 2,66
I3 1,40 2,41
I4 2,31 3,98
I5 2,59 4,45
J1 2,35 4,04
J2 1,75 3,01
J3 1,50 2,58
K1 1,14 1,96
k2 1,99 3,42
K3 2,31 3,98
L1 2,39 4,10
L2 1,58 2,72
L3 1,51 2,60
M1 1,63 2,80
M2 1,53 2,64
M3 2,25 3,88
N1 1,16 2,00
N2 1,51 2,60
N3 1,75 3,01
O1 0,91 1,57
O2 1,32 2,27
O3 1,77 3,05
P1 0,98 1,69
P2 1,69 2,91
P3 1,71 2,95
P4 1,02 1,75
Q1 1,57 2,70
Q2 1,51 2,60
Q3 1,93 3,32
Q4 1,79 3,07
R1 1,03 1,77
R2 1,39 2,39
R3 1,38 2,37
R4 2,86 4,93
S1 1,51 2,60
S2 1,65 2,85
S3 1,99 3,42
S4 1,39 2,39
T1 1,27 2,19
T2 3,56 6,12
T3 2,19 3,77



72

Soil

samples

Organic

C%

Organic

matter%
T4 1,88 3,24
U1 1,27 2,19
U2 1,17 2,02
U3 0,99 1,71
U4 1,15 1,98
J-1 0,92 1,59
J-2 1,15 1,98
K-1 2,23 3,83
K-2 1,73 2,97
L-1 0,90 1,55
L-2 1,44 2,47
M-1 2,35 4,04
M-2 2,54 4,37
N-1 2,06 3,55
N-2 1,94 3,34
O-1 0,76 1,30
O-2 1,59 2,74
F-1 0,96 1,65
G-1 1,88 3,24
H-1 0,91 1,57
I-1 1,46 2,52


