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SUMMARY

This thesis suggests a new thresHzdded hybrid classification approacting the
superior aspects of pixeland objectbasedimage analysisto handle the under
segmentation problenn the first step of the proposed technique, the image segmentation
is performed, and the pixebnd objectbased classification models are constructed
through one of the selected machine learning algorithms sepafsebndly, theclass
probabilities of each image objeateanalyzed to measure theterogeneityf an image
object, and a threshold value was selected to determine which segnurnits be
considered homogeneoude highest class probability tife segments comparedwith
the threshold valuen the subsequenstage.If this probability value is greater than the
threshold value, the label of the segment is determined by digeetd classification.
Otherwise, the pixels within the segment are classified instead sffglag the image
object, and their class labels are assigned by -paxsdd image analysiEinally, the
resultsareaggregated tgeneratehe LandUse and_andCover (LULC) map.Thehigh
spatiatresolutionUnmaned Aerial Vehiclel{AV) and satellite images were employed to
evaluatethe performance of hybrid approaabainst traditional technique$he results
showed thathe proposed classification technique statistically and visually outperformed
to results of traditional pixeandobjectbasedmaps.In addition, when the improvement
in overall map accuracy reached up to 5% and 2% compared to results-cdipikebject
basedmapsof UAV imagesrespectivelythese results were obtained as 4% and 3% using
satellite imageFurthermoreMc Nemar 6 s t est results verifie

significance between the classification result

Key Words: Hybrid classification, threshold, objectbased, pixelbased, UAV,
WorldView -2.
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1. INTRODUCTION

Land use and land cover (LULC) information representing the spatial and
geographical distributions afrtificialand nat ur al objects on the
crucial role in numerous investigatiosisch agenvironmental management and planning.
Sinceremote sensing technology provides excellent advantages in the gathering LULC
informationon a global and local scakatellite and aerial images have been employed as
a primarydata sourcglizuka et al., 201B [Shukla and Jain, 20PJPand# et al., 202],

[Nasiri et al., 202R Determining LULC types through image classification is one of the
most remarkable topics in remote sensi@ne of the critical factors in image
classification is taleterminghe most appropriate classification technique by taking into
account the specification of input imagery dhdcharacterististructure of considered
study areasWith the launch of the fitsremote sensing satelljtéwo classification
techniques, namelgixel- and objecthasedmage classificationthave been widelysed

in theproduction of land cover maBuro et al., 2012][Salah, 2017][Piedelobo et a].
2019] The main principle of this technique is to determine the class label of each pixel
based on their spectral specificatioi$ie traditionalpixel-based technique has been
successfully employed iclassifyingremote sensing datparticularlymedum- andlow-
resolution images (i.e., Sentirg| Landsat, MODIS).

Since the beginning of the 2000s, it has become possible to monitor earth objects in
high resolution with the developments in sensor technoleigyvever, there are some
drawbacks and limgitions inclassifyingthe high-resolutionimagesusing pixel-based
image analysisin other words, since the Eafttsurface objects represemtnumber of
small pixels in the high resolution images, classifygagh pixel requires more processing
time and hardware with highuality. In addition, spectral variability (heterogeneity)
within the image increases with the shrinking of pixel siaesl this causes the salt and
pepper effect to be observed in thematiaps[Wu et al., 2016] To overcome this
limitation, objectbased classificationhas been adopted fohigh-resolution thematic
mappingBlaschke et al., 2014Dbjectbased classification provides sevexaperiorites
compared to traditional LULC mapping. For instance, spectrally similar pixels are

combined into homogeneous image objeetsd these lgects are considered as the



primary unit of the classification process rather than pixels, so reducing the data size of
the input image allows the classification process to be performed faster and in a shorter
time. In addition, the usage of image objgmtsmits the production of smoother LULC
maps by minimizing the occurrence of salt pepper noises as well as the definition of the
spatial variables together with spectral features to enhance classification accuracy
[Blaschke et al., 2000[Kete et al., 2019]The most important factor affecting the success
of objectbased classifation is the size of the generated segments. Sigbaesolution
images contain many land objects having different spectral and spatial properties and only
one scale parameter value is defined for the whole image in the segmentation process, it
is challengingto generate segmentsanideal size for each Eaidhsurface objectyang
et al., 2015]In other words, when smaller segmeartsgenerated than the corresiling
reatEarth objects dversegmentation), it causes more data to be processed by the
classification algorithm andherefore more time consumed. However, it can handle this
problem by employing statef-art classification algorithms based on artificraélligence
with robust and effective performance. On the other hand, when the boundaries of the
generated segment are larger than the target objedefsegmentation), different land
cover classes are represented in this segment, resultrigss d detail in thematic map
generation(Chen et al., 2018 herefore, he accuracy and effectiveness of the thematic
map affected byundersegmentation will decreasfiu and Xia, 2010] Hybrid
classification approaches have been suggested in the limited number of research that uses
the superiorities of pixehnd objecthased classification techniques to handle tbblpm
of objectbased image classification mentioned above.

Three mairstrategiessuch as i) finest class combining ryl@smajority rule and
iii) expert experienc¢kenowledgehave been adopted in the implementation of hybrid
classification The fundanental principle ofthe first strategy is to classify input image
with pixel and objectbased techniques separately. The, most accurate result from
either theobjectbased omixel-based map is chosen for each classl these chosen
classes are merden the hybridbased classification mdVang et al., 2004]Aguirre-
Gutiérrez et al., 2012Dn the other handnithe research which emplaygmajority rule,
the pixet and objectbased assification are carried out in the first stepdthe class label

with the majority votes from the pixélased classification results within the image object



is assigned to this segment as a lgbekt al., 2013] [Costa et al., 2014]The hybrid
classification techniqyewhich considergshe last strategyis performed by defining
detailed decision rules to detect tHgLC class labels of image objediased on expert
knowledggGoncalves et al., 2009Malinverni et al., 2011]

As can be seefiom previous studieixelbased classification was conducted to
determine the segment labels using various methAdtsough these strategies provide
higher accuracies, they are ineffectisetheundersegmentation problenfor this, direct
classifiation of pure image objects and pikkelsed classification of objects with high
heterogeneity by converting to their original pixel valbgsdefining threshold valuis
proposed within the scope of this thesis.

1.1. Aim of Study

Within the scope of this tises, the applicability ofa novel classification approach,
based on théusion of object and pixebased classification techniquegsinvestigated
to overcomeaheundersegmentation problem tfeobjectbased approaa@mdto enhance
the thematic mapaccuracyof high-resolutionimagery For this purpose, the main

objectives of the thesis are given as follows:

1 Reviewingthe pixet, object and hybridbased image classification studies in the
remote sensing applicationsgesent their advantages ansladivantages

1 Examining hybridbased classification techniquiesthe literatureand revealing the
difference with thenovelapproach proposed in the thesis

1 Performing pixelbased classification processing two highresolution remoty
sensedimages andensemble learning algorittemand comparing the mapping
performances of algorithms

1 Conducting segmentation process utilizing different parametarsutti-resolution
segmentationMIRS) algorithms and selecting the best results images by analyzing
results of the five quality metrics for objdzased classification of both input

1 Produdion ofthematic maps through the objdxaised technique for each imageng

three treebased algorithmandevaluating their results,



1 Implementation othesuggested classification technidqueapplyingthreedifferent
threshold andassessinthe effect of these threshold valuesclassbased and overall
accuracies

1 Comparison ofthe statistical and vigl performanceof the proposed technique
against pixeland objecthased resulis

1 Analysis ofthe classification performance of ensemble learning algorithms for each

technique.

As aresult the classification performance of two traditional techniques used in the
generatiorof LULC maps will be compared against the results of the hybrid approdch a
will be determined the optimal threshold value of the proposed technique to obtain land

cover maps with the highest accuracy.
1.2. Methodology

In this thesis, a avel approach based on the fusion of pixel and oHljesed
classification techniqudsy settng threshold valuseis proposed to increase the accuracy
of land cover mapsf anobjectbased classification technigaed overcomethe under
segmentatiordrawback This thesis aima to analyze theperformanceof the presented
hybrid-classification technique ihigh-resolution thematic map producti@gainsttwo
well-known classification techniquesd detect the optimal threshold value for achieving
the best resultdn accordance with this purpose, four main process ,stegsding i)
obtaining the input datasets and calculating the auxiliary data before classification, ii)
classification process employing pixel and objeased techniqueand thematic map
production iii) implementation of suggested techniguss employing tinee different
threshold valuesand iv) comparison of resujtsvere followed throughouws illustrated
in Figure 1.1.

In the first step of the thesiBigh-resolutionmulti-spectralunmaned aerial vehicle
(UAV) andWorldView-2 (WV-2) imageswere obtained taseas the main input datasets
in the performance analysis of the hybrid approach against the traditional classification
technigues. The prerocessing steps of each input dataset were explain8eéfeycik et

4



al. [2021] and Colkesen[2019, respectivelySince different LULC types with various
spectral characters exist (e.g., forestry lantficial structures, and barei) within study
areas,a number ofspectral indices were calculated and stacked with original -multi

spectral bands to increase the separability of LULC classes during classification.

Validation WorldView-2 Image Multi-Spectral UAV Validation
Data Image Data
1 ]

[

Calculation of
Speetral Indices

Stacking of Spectral
Bands and Indices

| I

Object-Based Classification Technique

Pixcl-Based Classification Technique

+  Multi-Resolution Segmentation

* Determination of Scgmentation Parameters

+ Dvaluation of Scgmentation Results Using
Quality Metrics

* Defining Object Features

Test Data Training Data

Training Data Test Data
| ! 1

RF XGBoost CatBoost
1 |

Grid Scarch Algorithm

Select Optimal
Classification Model

Hybrid Classification
Technique

Production of LULC Maps
Using Object-Based
Technique

I ]

@

Figure 1.1: General workflowiagramfollowed within the scope dhe thesis

Production of LULC Maps Production of LULC Maps
Using Pixel-Based Technique| | Using Hybrid Technique




Perpixel classification and objedtased classification steps constitute the second
part of the thesis. Thmentioned classification processes were effectubyeapplying
stateof-art ensemble learning methodscluding random forest (RF)extreme gradient
boosting KGBoos), andcategorical boostin¢CatBoos}. Constructionof classification
models was conducted using training datasets, whereasptineal parameters of each
classifier were set by employing test datéhvihe help of the Grid Search algorithm to
obtain the most robust modelsshould be noted that training and test datasets of pixel
and objectased techniques were collected in approximately similar areas on the input
images to ensure objectivity inroparison and analysis.

To perform pixelbased classification, training and test samples were colleated
both images separately. The training dataset wed to build up classification models by
algorithms, whereas test samples were used to tune -pg@eneters of classifiers
employing theGrid Search algorithm. The LULC maps were produced using the best
classification models bRF, XGBoostand CatBoost ensemble methods

The first and fundamental step of objbetsed classification e segmentation
process. e MRS algorithm was utilized in eCognition software to split each high-high
resolution multispectral images to meaningful image objedtise geationof image
objects in the MRS was controlled by three basic parameters geale, shapeand
compactness). Since scale parameter defines the segment $zesn#idered the most
significant parameter by researchers forghgmentation process. The determination of
optimal scale parameters was performed wWithEstimation ofScale Paramet& (ESR
2) tool. Various scale parameters were evaluated by chancing shape and compactness
values to obtairthe best segmentation results for each image. The five segmentation
quality metrics wereemployedto analyze generated segments awlect optimal
combinatiors. When the polygons representing land objects existing witier\WwV-2
image were acquired from OpenStreetMap online web page to implement quality metrics,
the boundaries of structures withthe UAV image were manually digitizedising
available mapprovidedby Google Earth Pr@bject features were added to each segment
asanattributein thesubsequent stepfter that, training and test segments were collected
in appropriate numbers around the images. In the final step aft-biaged classification,

thematic maps were produced employingthreeensemble learninglgorithms



The third portion of thesis is the fusion of pixeind objectbased classification
techniques based on pdefined threshold valud-or this, the mostobust classification
models of each classification approach were utilized to implenteatproposed
techniquesAt first, the class probabilities of each segment were calculetedidition, a
threshold value was set to evaluate the heterogeneity proportitime afonsidered
segmentin other wordsit is examinedvhether the segmentashomogeneoubased on
the calculated probability values aadhreshold valueWhen the highedtULC class
probability value othe segment reached to finer value than threshbkel segmentvas
forced into objecbasechardclassification and the class with the maximum probability is
assigned to the segment as a lalbé¢he threshold value wasdher than each probability
value of image object, thgixel values were extracted using the spatial information of
image object and the label of each pixel was determined usingljgiged classification
model.To create the LULC maps, labels of both taghes were merged.

In the final stage of the thesis, generatedthematic maps wereisually and
statistically analyzedro perform the accuracy assessment of these maps, a validation data
set was formed separately from the training and test datasets, and confusion matrixes were
created according toithdatafor each LULC mapThep r o d uaccerac§(RA),us er 0 s
accuracy(UA), and Fscore (FS) values were calculated to carry oatclassbased
comparison and analysis. addition,LULC map accuracies wesvaluatedisingoverall
accuracy(OA) and Kappa coefficientFurthermore the significance ofthe difference

between twdlifferent thematic map accurassasc o mpar ed by McNemar 06s



2. IMAGE CLASSIFICATION IN THE REMOTE
SENSING

2.1.Image Classification Techniques

Gatheringdetailed and actudlULC informationabout structural specifications and
spatial distributions afealearth objectss one of the significanssuedor local and global
environmentabpplicationsRemote sensing technology andatsual productshave been
considered an effective and cadficient way of obtaining and evaluatinguch
information.Althoughvarious methods, approaches, and techniques have been suggested
to extract and interpret geological and structural informasibdifferent scalesimage
classification has beconaewidely utilized image analyses tool the literatureThe main
principle of classification is to categorize the smallest unit of impgel, into user
predefined LULC classesor clustershasedon spectral featuresf natural and artificial
Earthobjectsand produce thematic maps as outpuitthe classification process using
pixels as a unit, there are generally two approaches aatgervised and supervised
classification. The unsupervisedlassificationrelies on the statistical results of the
histogram distribution of the image. In other wordsage pixels are automatically
clustered or grouped depending on spectral values using particular algdetigmi -
means and ISODATA)ithout user interventioar prior knowledge about the study area.
In the final steps of this approach, eaotel is assigned to spectralassesThe land cover
objects corresponding to these classes are determined by comparing with topographic
maps, agal photographs, and available auxiliary data of regi@sthe other handn
the supervised classification, the LULC clasaesdetermined by performing terrestrial
measurements and evaluating existing data, accordingly, each imade.gtnipixel o
segment)is labdled to mentioned class typePRixel and objectbased classification
techniquesreextensivelyutilized in the supervised classification of the evaluated image

unit.



2.1.1.Pixel-BasedClassification

Pixekbasedclassification a traditionaltechnique hasbeencommonly utilized to
extracttheLULC informationfrom satellite and UAMmagery It assumeshateachpixel
is pure andepresergonly a LULC classLULC class label of an individual pixel is
classified by the algorithm basedon original spectral band values and their
transformations (i.e., spectral indices, principal componemis)large number of
supervised classification algorithmategorized apaametric and noiparametric have
beenproposed t@erformthetraditional pespixel classificatiorprocessThe parametric
algorithmssuch as nearest neighlspparalletbox, and maximum likelihoodonsideithe
results of statistical metrics (i.e., vari@ncovarianceand meah by supposinghat the
dataset is normally distributedn contrastthe nonparametric algorithmsvith more
complex structures are not based on the statistical varidldebul, 2021]

The pixel size is one of the key factors which affect the accuracy of the maps
produced by applying pixddased classificatiomnd the success of thaassification
algorithm Since the electromagnetic eniexg emitted from various earth objects
belonging to different land cover classes in heterogeneous areespresented by a
single pixel in the medium and lemesolution images, leads to the mbpixel problem.

To handle this disadvantagie researcher performs subpixel classification or hybrid
approachesn the literature. On the other hantthe highresolution remote sensing
productsincrease internal diversity in LULC units and ldadd fastp e pper o ef f e
[Pu et al., 2011] For this reason, the objebased classification technique, which
consicersthe spectral properties of neighlbimg pixels, is more preferred in determining

the land cover classes in these imgddesbul, 2021]

2.1.2.0bject-Based Classification

Although the advancement in the sensor technolaiigws monitoring of the
Earths objects with the pixels having smaller sizes than the size of these objects, it gives
rise to severalrawbackssuch asigh dimensional imagery with plenty of spatial details

and require more processing time and hardwavigh high capacity for the mentioned
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dataset. To overcome these disadvantages, obpbetsed imageclassification was
suggested and has been employed in numerous remote sensing applications by researchers
due to its superiority comparedtteetraditional pxel-basednethod[Baatz et al., 2008]
[Chen et al., 2018]As shown in Figure 2.lthe fundamentakonceptsof objectbased
classificationare to aggregatespectrally related pixelgito meaningful regions, called
image segments, and focos determininghe LULC class type of these objects in the
production of thematic map® place of pixel-by-pixel classification[Kotaridis and
Lazaridou, 2021]in other words this techniqueplitsthe considered imagery into a large
number of image objectecording tespectral and texturgharacters of pixsland utilizes
theseobjectsas the main componefdr the classificatioprocessOne of the remarkable
advantages afbjectbased image analysesthat mage objectallow for the estimation

of moreinformativefeaturessuch asolour, texture,shape or conditions of neighlring
pixels which can bemployedo enhanceseparatand illustrate the structures of tsteidy
area [El-naggar, 2018]

Satellite/UAV
Imagery

'

Segmentation

'

Defining Object
Features

'

Selecting
Training-Test-Validation
Samples

'

Thematic Map
Production

Figure 2.1: Workflow obbjectbased classification.
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The generation of image objectssults fromthe segmentation process, which is
considered the most significasiiep ofobjectbased classificatiorimageobject can be
describedas dj acent regions in the image repres:
The success dhis techniquadepends orselecting the most appropriate segmentation
approaches and determiniitg appropriate parametefShahabi et al., 2019Feveral
segmentation algorithms have been developed following two bimategies, called tep
down and bottorup. The principle ofthetop-down strategy is to detect an objectim
input image and estimate its figugeound segmentatiorgnd the bottoraup strategy
utilizes imagebased criteria to characterize relevant cissté pixels that properly belong
together to the imaggBorenstein et al., 2004]n this thesisMRS, one of the widely
utilized bottomup algorithns, was performedo implementanobjectbasedlassification

technique.

2.1.2.1 Multi -ResolutionSegmentation(MRS)

To perform objectbased classification MRS algorithm was applied tohigh-
resolutionimagey due to its more effective boundary detection performance compared to
existing algorithms (e.g., SLIC, watershed, chessb¢gteh)aggar, 2018] Kavzogluand
Tonbul, 2018 and its implementation was conducted in eCognition Developer 9 software
provided byTrimble. MRS, proposed byaatzandSchae[2000, aggregates pixels into
objectsbased orabottomup strategyandregionmerging approacfzhang et al., 2014]

[Liu et al., 2018] Based orspecifichomogeneity/heterogeneity criteria defined by users,
this algorithm iteratively combines image pixels to larger objects by considering the
spectral, contextual, and textural specifications of pixels and by weighting spectral bands.
In other wordseach piel is considered aan individual object at the first stefn the
subsequeniteratiors, image pixels are joined to neighlvong objectsto form greater
segmentsuntil the homogeneity constraints are achievéle MRS finalizes the
segmentation process e the possible compositing is obtaiffBarwish et al., 2003]
Mentioned criterion aim to increase homogeneity and minimize heterogeneity by
weighting thecolor and shape properties of the pixels surrounded by the seghment.
color homogeneity is controlled by theeightedstandard distribution of spectral color
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values wheeas shape homogeneitgrresponding to compactness and smoothtedess
into account the deviations in the shapes of the objedsgfine segmerAmini et al.,
2018] [Louw and van Niekerk, 2019]ConsequentlyMRS algorithm generates the
segments from pixels with similar spectral and shape chara#rde the greater
segments represent more homogeneous regions in the spectral image, areas where various
LULC types densely exist, are assigned to smaller segments.
Threefundamentaparameterge.g., shapecompactnessand scalgare required to
split thewhole imagento smallerobjects by MRSThe separability of LULC classds
adjustedby shape parameter based on the spectral values of. jixetee other hand, the
shape of image segments is relatedntocompactness parametén other words, the
smoothness and sharpness of segments are controlled by this parametgrorddue
2021] Bothparameter values can be defined between {itdjvals Scale parameter (SP)
scale adjust the segmesite. Sincethe size of image objecgenerated by MR&nd the
degree of homogeneity of the pixélstcomprise these objecgynificantly impacted the
following results of objeebased classification, SP is regarded as a critical parameter for
the segmentation procesEmploying a smaller SP value will result in smaller image
polygons, increasing the time required for the classification process. Joftxdh
underlined that features derived from the shape and geometry of segments would show
inferior performance on the classification results compared to the information obtained
from pixel valuesOn the other hand, using a higher SP value results in larger image
objects containing more pixel§he production of a largesized segment than its
corresponding real earth object results in the representation of these earth objects having
different spectral information and signature by a single segnrerdther wordsthe
increasing heterogeneity within an image object depends on its great size area and

boundariegEl-naggar, 2018]
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Figure 22: Segmentation process using different scale parameters.

In order to show the effect of changes in SP when shape and compactness values
are fixed, the UAV image was split into polygons by applying four different SP values
from 25 to 100 with increments of 25, and the resulting segmentations were presented in
Figure2.2.With the use of larger SP values, the created segment sizes have grown to cover
many pixels, while the number of segments representing the whole image has
decreaseds can be seen from objects corresponding to vegetation and shadow land cover
types when the boundaries of these objects can be more accurately determined using
lower SP, the higher SP leadsaalecreasen the homogeneity ofhe created object.
Consequentlyselecting the best SP to determine the LULC class type of objects is one of
the most fundamental problems in the classification of remote sensing images with object
based technique3he trial and error method and visual interpretation have been applied
as alternative methods to choose the appropriate MRS parameters by res@dénchers
al., 2006] [Mathieu et al., 2007]Dingle Robertson and King, 201However, it igime-
consumingand requires more lab@Vitharana and Civco, 2014 order tohandle this
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problem, a wide number of supervisagproachefCarleer et al., 2005][Méller et al.,
2007] [Neubert et al., 2008]Polak et al., 20094nd unsupervised approaciigspindola
etal., 2006][Dr gu$S et §[Marthaepad, R@ 1have llednduggestadthe
literature The ESR2 has become one of the mostiytilized algorithns for determination
of optimal SFYao and Wang2019] [Karantanellis et al., 2021]

2.1.2.2 Estimation of ScaleParameter-2 (ESP-2)

Although various methods have been presented and implemented to estimate the
suitableSPvalue, thee wasno operational tool to signif§P selection in the literature
[Kavzoglu etal., 2016. An unsupervised met hod, ESP, wa:c
[2010 based on a single spectral band to overcome this proBleenESP2 tool was
suggestedis an enhanced version dhe ESP toolusing Cognition Network Language
(CNL) in eCogniion Developer softwareyD r 4 § ¢2014]&olevaluatenultispectral
imagery The main principle of ESR is to iteratively divide image to segments
considering fixed usedefined SP increments at three different leieds, fine, moderate
and board)py calculating thdocal variancg(LV). LV represents theveragestandard
deviation of image objectbor each scale levajenerated byMRS. In other words,
variation inheterogeneityor segments are evaluated with LE'SR2 ends up the iteration
whencalculatedLV is equal or lower valuen the current iteratiothanLV valuein the
previous iteratiorjKavzoglu et al., 2017 [Lu et al., 2018Jand producga curvegraph
indicatingtherate ofchancein LV (RoGLV) formulated inequaion (2.1. Dr gu $ et a
[201Q statethat the earliest peak value of the Rb\Z curve can be consideragptimal
SP of MRS.

éll-V(L) B L\/(L—l) 6
RoC- LV =e——— (10( (2.1)
& My 2

In the equation 2.1, whenV,,, denoteshe LV at target levelLV, _,is LV value

atearlier level.
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2.1.2.3.SegmentationQuality Assessment

Since he quality of objects derived from image segmentation process will directly
affect the interpretation of treaibsequentrocessing steps objectbased image analysis
(e.g., classification ofsegmentsand accuracy assessment of mapkg analysis of
geometricrelationship betweesegmentsand theircorrespondingpbject on reakarth is
one of thevital factorsin objectbased image analysapplicationgHelingjie et al., 2017]

To estimate the goodness ohage segments, various quality metricave been
formulated and considered by research€hston et al., 201Q][Zhang et al., 2015]The
primary purpose of these metrics is to compare the created segments with reference
polygon representing realword object and to define thendersegmentation tkie
segment is greater thdhe reference polygonand oversegmentatior(the segment is
smaller thanthe reference polygonas shown in Figur@.3. However,no universally
accepted approach or metigc available to evaluate the segmentation goodness in the
literature due t@onceris aboutremote sensingnagery with different specificatiorand
characteristic features dieir corresponding study arefid/ang et al., 2010]Kuffer et

al., 2014]

reference object

[

corresponding segment

[

overlap area

over-segmentation area

under-segmentation area

Figure 23: Geometric relationship betweereated segment and reference object
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In this thesis, five widehemployed quality metrics such Asea Fit Index AFI),
Quality Rate Qr), Over SegmentatiofOSeg), Under SegmentatiofUSeg and Root
Mean SquargD) were utilized for evaluating segments generated by MRS.AHie
computes theverlapdegredetweerthereference object and iterresponding segments
whereag), refers tatheoverlap area based omersegmentation andhdersegmentation
values.On the other hand)Segand OSegare observed when the segments are greater
and smaller than reference objects, respectivety.analy® the closeness for ideal
matching of segment and reference objeg@egandOSegare combined in the formula
of D. The values of each metric are in thage [0,1]When values close to 0 indicate that
the best segmentation result is obtained for about all metrics excépt tors is true if
Qr value is close to IThe equations of all metrics were illustrated in Table I2 ghould

be note that wherA,, represents the sum area of reference obje&tshows the sum

area of corresponding generated segments.

Table 2.1: The formulas of quality metrics considered in this thesis

Quality Metric Formula Refeence
Area Fit Index AFl = M LucieerandStein[20027
: _AEA, :
uality Rate Q=7""—= Winter [200
Qually A.C A, 12000

Over Segmentation

EA.
OSeg= 1AX'—_A” Clinton et al[201Q

EA
Under Segmentation ~ USeg= 1% Clinton et al[201(

Root Mean Square D= \/OSegj Z USeg LevineandNazif [1985

2.1.3.ProposedHybrid Classification Technique

A novel hybrid classification strategy was presented in this thesis to overcome the

problem of generating larger segment sizes representing target earth almeles (
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segmentation) by fusing the pixelnd objectbased classifation results. The proposed
approach consists of folrasic process stepas shown in Figur@.4 representing the
general workflow of hybrid classificatioriThe optimal segmentation result for the
considered input image is obtained in the first stépn, the classification modelsith

the best prediction performance are constructed by the parameter optimization algorithm
for pixel-by-pixel and objecbased image classification separately.

The second step focuses ondhkulation of possibilities of LUC class occurrence
of each segment based thve soft classificatiorprocesskor this, the probabilities of each
segment belonging to the pdefined LULC classes are calculated employing object
based classification modelheseprobability values were provided in thelQinterval.

These values are stretched betwed®0 to show the obtained results as a percentage.
addition, a threshold value is set considering the specification of remote sensing image,
the characteristic gicture of study area and the spectral and spatial properties of
concerning LULC classes in order to determine the heterogeneous proportion of each
segment.

The third process step is the questioning of the heterogeneity of each segment and
the decisiormaking stage. In this step, if the highest class probability value of the relevant
segment is equal to or greater than the specified threshold tredwensideredsegment
is assumed to be pure (homogenepas)l the class with the greatest probability gaki
assigned as the label to concerning segment. On the other hand, when the estimated
highest probability value is less than the threshold valuepresumedhat this segment
is generated at a larger size than the corresponding land objet@ramage object
exposed taindersegmentationand thereforgt contains different land cover classes. At
this point, the pixel values in the original image are extracted using the location of the
heterogeneous segment, and it is focused on finding taks lakbthe LULC classes within
this area by théardclassification model constructed for the pixel classificatlarthe
last step ofthe proposedapproachthe results of pixeland -based classification are

merged to produce éfinal land cover map.
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Figure 2.4: General workflow of proposed technique.

To explain the hybrid approach by giving an examatsume thathreedifferent

LULC classes, namely foresthadow andtile-roof, are detected on theatelliteimage
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as shown in Figur@.4. Firstly, the segmentation process is performed usirgarticular
segmentation algorithrfe.g., MRS) Training pixel and segment samples sgkectedo
construct classification models for pixel- and objectbased image classificaton,
respectivelyThe parameters tfieconsidered classifier should be tuned to achieve robust
and effectiveclassification performance In the subsequent stage, the LULC class
probabilities of each segment are predict@d. seen inthe figure, the highest class
occurrence possibilities tdp, middle and bottorsegments were calculated as 83%, 67%

and 97%, respectively. In addition, the 80% threshold value was set for this image. Since
the highesprobability values of top and bottom segmenrdee greater than the threshold,
thesesegmergareregarded as homogeneous and consequiabiyed as forest and tile

roof, respectivelyOn the other hand, when the highest class probability value of the
middle segment is lower than the given threshaddue, it is assumed thainder
segmentation occurred for the segment and it is labelled as a heterogeneous segment. In
this case, the pixels within the heterogeneous segment are extracted and their class labels
were predicted by the pnstructed pixebased classification modeh the final step,
theresultsof pixel and objectbased classifications are fugegroduceahefinal thematic

map
2.2.Ensemble LearningAlgorithms

The previousstudies verified that the utilization of the multiple classification
algorithms in place of individualveak classifies generally provides more effective
statistical and visual classification resy&agi and Rokach, 2018[Shi et al., 2021]
[Colkesen and Ozturk, 202Z2The ensemble learning algorithms combgeseralweak
learnes (e.g., decision trees to perform clasfication and regression tasikhe
fundamentaltheory of these algorithms is tmnstructensemble forest using multiple
decision trees and determine the class labels of unknowns fiyetonsidering the
predictionresult of each decision tree in the forfgal, 2007] The various ensemble
learning algorithms such &slaptive BoostingAdaBoos) andRF have been successfully
applied in the literaturéVith theimprovementsn the machine learningaradigm the

more robust and effective classification algan#h including XGBoost, canonical

19



correlation forest (CCF), light gradient boosting machine (LightGBMy categorical
boosting (CatBoosthave beenproposedand applied in the many remote sensing
applicationgXia et al., 2017][Jozdani et al., 2019]McCarty et al., 202Q][Ozturk and
Colkesen, 2021b]n this thesis, RF, XGBoost and CatBoost algorithms were utilized to

conduct comparative evaluations for the pieeld objetbased image analysis.

2.2.1.Random Forest (RF)

RF is one of the mogtrominentdecision treédbasedensemble learninglgorithnms
developed byBreiman, 2001for solvingregression and classification problertsas
beenwidely consideredn remote sensing applications due to its simplicity, strongness,
effectiveness, anspbeedperformancgDu et al., 201§ [Shihab et al., 2030[Talukdar et
al., 202Q. In the ensemble defined adecision forest, the RF algorithm generategeral
individual decision treesThe original training dataset is randomly divided i@
subsetsin-bag samples (about 2/3 of the input samples)andfdohg samples (about 1/3
of the input samplegvhile the first is used for constructing a decision tree model in the
forest, the seaw is used to test the accuracy of the resulting m@tegkesen, 201b In
other words, the decision tree structwiéh the most accurate result and will be used in
the classification process is determined usimgpf-bagerror.After that each image pixel
is passed through this structure getsalabelvote from each treeBased on the majority
voting rule, he votes received are aggregated for the final prediction, and the class with
the highest vote value represents the class label of that pixel.

The overall performance of RF is mainly controlled by twoaefined parameters
(i.e., ntreeandmtry). While it grows the decision trees with low bias and high variance
up to the number of treestfee without pruning, the number of randomly selected
variables to determine the most suitable split at each node is controlled by the mtry
parametefSheykhmousa et al., 20R0The previous studies indicated that the mtry
parameter hasraore significaneffect on classification accuracy than ntree. Furthermore,
because it is not affected by ofitting, it supports a large number of trees to construct
the mode[Ghosh et al., 2014[Bel gi u and].Drtgu$S, 2016
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2.2.2.Extreme Gradient Boosting(XGBoost)

The XGBoost, one of thedvanceegnsemble learninglgorithmsbased on gradient
boosting principlesis presentedby [Chen and Guestrin, 20[L&sanenhancedersion of
the gradient boostinglecision tree (GBRT|LI et al., 2021] The main idea oKGBoost
is that itadditively construcs treestructure andocuses on the convert weak classifier of
the previous model tcthe stronger learner in the current iteratoh Gagpar ovi | a
Do br i ni.inptheRvio@igHe first iteration begins by giving equal weight to each
training data samplend chss labels of samples are estimatadhe next iteratiorthe
weights ofmisclassified samples take higher valdee to correctheir labels The final
XGBoost modetombinesstrong learnergGeorganos et al., 20L§Rumora et al., 2020]
The main advantage of XGBoost is tha¢mploysan objective functionincluding loss
function and regularizationto generalizemodel complexityand prevent overfitting
problems respedtely. Thus, XGBoost provides faster computation tithan other
boosting classifier§Daoud, 2019] [Abdi, 2020] Although XGBoost performed the
classification of remote sensing images with different spectral and spatial resolutions with
high accuracies in the previous studt®aini and Ghosh, 2019Pafarzadeh et al., 2021]
[Hamedianfar et al., 2022the robustnessf the model related to selecting the most
suitable parameter value&’hen the iteration numbes definedby thenroundparameter,
the max_depthis employed to determinthe depth ofthe tree. Step size shrinking is
implemented using theta parameter in the update to avoid overfittihg addition,the
colsample_bytreeepresentthesubsepercentagef columns whemeneratingach treg
andthesubsample correspondingttesubsepercentagef the training instancare other

main parameters of XGBoost.

2.2.3.Categorical Boosting (CatBoost)

CatBoost is recently releasedanopensourcdibrary by Yandexasamodification
of traditional GBRT classifiers. One of the principles differeheaveenCatBoostand
other GBRT algorithms is ttope withdataset®avingcategorical featuraegith minimum

information lossusingthetarget statistics methgtuang et al., 2019Duringthetraining
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process, the categorical labels are transformed into integer and numerical values,
respectively[Ozturk and Colkesen, 2021dh addition,the random permutations and
gradients employed to construct optimal tetmicturesare produced to improve the
robustness of the model and to deal with overfitting problgtham et al., 2021]The

tuning of several parametesffectsthe success of CatBoost modehe determining of
suitable tuning parameter values of CatBobgtthe user will impact the model's
classification performanc&Vhen the maximm depth of decision trees is determined by
depth parameterjearning_rateparameters contrahe learning time of treesThe rms
parameterslefine the ratio of features to employ at each split selection, whereas the
number of splits for numerical features is regulatedbbgder_count.In addition, the

number of decision trees used to buildtlmodel is defined witliteration parameters.
2.3. Accuracy Assessmenbf Thematic Maps

Accuracy assessmentthiematic maps an essentimlomponenbf remote sensing
applicatiors to quantitativelyanalyze the quality and reliability @futputs[Congalton,
2001] In other wordsjnterpreting statistical consistency between classified maps and
reference data is enof the significant stepsf image processing tselect appropriate
classification techniques and modéscuracy assessment consists of three main steps as
follow: i) the sampling design employed in the selection of the referenceididta target
design utilized to produce the LULC maps with sampling elements (i.e., pixels or
polygons), and iiijestimation errors and uncertainti@&ehmarand Czaplewski, 1998
[Stehman, 2001 Establishing aconfusion matrix is we of the most suitablways of
determiningclassificationerrors [Congalton and Green, 1999This matrix a square
matrix with column and row numbers equal to the LULC class numlierssed to
compare the ground reference samples with the predicted classification data on a class
by-class basisOA, Kappa coefficientJA, PA andFS are widelycomputed confusion
matrix based accuracy measures in the literdranalyzing image classification results
[Foody, 2002] [Myint et al., 2011] [Whiteside et al., 2011] OA, considered as the
average of individual clasgcuracies, is equal to the ratio of correctly classified samples

to the total number of reference sampl8mce OA does not express the effect of
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classification on individual LULCclasses, this measure is inadequate in the sense of
summarizing the accuracy of LULC classificatidimerefore UA andPA areutilized to
classbasednalysislUA states the commission error which showsattodability between

a classified sample and the LULC type on the Earth's surfatehe other hand, PA
represents the omission erramich estimatekow wellthe LULC type can be classified
[Rwanga and Ndambuki, 2017h addition,FS compuedwith the harmonic means PA

and UA is used as onaf the classbased accuracy measuremeKisppa coefficient is a
statistical method that measures the reliability of the consistency between the thematic
map and the reference data. It gets valuédrlervals andhigher values correspond to

greater consistency between reference and generated maps.
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Figure 25: The mathematical notation of confusion matrix sample
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To explain how accuracy measures mentioned above can be calculated, the
mathematical notation dfieconfusion matrix sample was given in Figur&. 2As can be
seen, when column values showing wittorresponds to values of reference data (e.g.,
i=1,2,..K), j row values point out the values athematic map (e.gjz 1,2,..k). In addition,
k represents the total number of LULC classes, whe3eagpresses the total number of
reference data samples. The diagonal line highlighted with gray color shows the number
of correctly classified LULC class samples, whereasdidfjonal express misclassified

elements (i.e., pixel or polygon).

OA, an accuracy between reference and classification datasetbe calculated as

follows:

as
OA=1ZL _ 2.2
S (22)
PA is formulated as:
PA:i (2.3)
S

UA value iscomputed with following formula:

— Si
S+ ( )

FSmeasure is expressed as follow:

3
FS=2 UA® PA (2.5)
UA+ PA
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Kappa coefficient is defined as follow:

k k
sas-as s
Kappa= i=1 - i %

$-45.5
i=1

(2.6)

In the equations of Kappa,indicates the sum of pixels in all LULC classes. In

k k
addition, § S, represents the number afreectly classified pixels, whereg§ S, S, is
i=1 i=1

the sum of vales in each row and column thie confusion matrix.

Sinceensemble learninglgorithms follow different strategies in constructing the
classification model, thematic maps result in varying accuracies depending on the
performance of the classifier¥arious statistical tes (i.e., Ftest, ttest, Qstatistic,

Wilcoxon test)have beenconsidered to evaluate the difference between the greatest
prediction results estimated from each algoritihenonp ar amet ri ¢ kesNe mar ¢
beenevaluatedn the literature@o determineavhether there are statistical differencethim
classifiation accuraciefMahdianpari et al., 2018]t is computed by 2x2 square matrix
based on ¢,2anddtstabdlar valoeucorregpaado 3.84 at95% confidence

interval [Foody, 2004] When he gratestvalue than 3.84 indicate that the performance

of classification algorithmgs statistically different, the lower values represent wieesa.

The mat hemati cal expression of McNemar 6s t
designedor 2x2 squae matrixvalues, n represents the pixel numbers. On the other hand,

i and j correspond to considered algorithms. Wieaxpresses the pixel number correctly
classified by algorithm andis misclassified by algorithm nj shows the pixel number

correctlydetermineddy algorithmj andis incorrectly classifiedy algorithmi.

(n - ny| -0
n; +n

McNemar s test (2.7)
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3.STUDY AREA AND DATASETS

The applicability and performance tbie proposed classification technigagainst
OBIA and traditional pixebased classificatioaretested using twbigh-resolutionUAV
and satelliteimageswith different spatial and spectraésolutionscaptured over two
separate regiongd.he specifications of study areas and datasets considered within this

thesis's scope were detailed in the following subsections.
3.1.Study Areas

The northwestern part of Gebze Technical Univergi®TU) located in the Gebze
district of Kocaeli province, Turkeycovering 4 ha (125mx320m) area, was considered
the first study aredFigure 3.18). Its bordersare surrounded by Istanbul province,
Cayirova and Darica districts in the western, northeand sothern parts The GTU
campus stands out in the Gebze district, which is recognized as Turkey's industrial
heartland because it is surrounded by rich green vegetaithwvarioudree speciesAs
indicated in the figurahestudy area consists of coniferoarsd deciduous trees, farmland
and marmade structure§.heseven basic LULC classegere determined to classify this
region, including bare soil, forest, impervious surface, meadow, shadow, steppe-and tile
roof. Themapping othementionedstudy area was performed usengulti-spectralUAV
imageby applying three classification approaches.

The Bayramoglu Peninsula, situated in the Darica district of Kocaeli and covering
circa 225 ha area, Turkey, is used to appraise the performance of the proposed
classification technique against widalged techniques. This island, located in the south
of Istanbul andwvith the coast on the Sea of Marmara (Figure 3.1b), is one of the most
prominent tourist destinations in the Marmara Regiba.high spatial resolutiowV-2
image was used as the primary dataset in producing the LULC map of the study area
through pixel and objectbased image analysis. In order to minimize the misclassification
errors, spectrally similar classes (i.e., coniferdasiduous trees and rogday roof) were

merged. As a result, the main LULC types of the study area were definedeasoi,
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forest, impervious surface, meadow, pool, sea, shadow, steppeofiland white surface

representing cement and ceramic surfaces.

ISTANBUL

40°47'30"N

29°20'15"E 29°20'45"E

(b)

Figure3.1: The location of (afirst study area, and (Isecond study area.

3.2.Datasets

The high-resolutionimagecapturedoy DJI Phantom IV Multispectral UAWN 27
May 2021wasemployedto producd ULC mapof thefirst study area bymplementing
three image classification techniqu&®e UAV derivedmultispectralimageconsists of
five spectral bandsithe0 . 45 em (bl ue), 0.56 em (green)
edge) and 0.84 e&m (DIGSPRQseftwareaautilized ovcareyl e n gt h
out the flight plan andat the first step of orthmosaic productiorBeforetheflight, the
images ofthe MAPIR reflectance panel used for spectral calibration were captured with
UAV. After compass and IMU calibrationaerial images weracquiredat 70 m flight
altitudewith 3 cm ground sampling distance (GSD) vahyeapplying 60%and 80%side
and forward overlaps respectively The processes of imagescluding dense cloud
production and filteringwere performed vidgisoft Metashape softwarkn the last step,
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ortho mosaic resampled to 5 cm was produced fitegrfiltered point[Sefercik et al.,
2021}

The producbf WV-2 wasconsidered athesecond primary datas&V/V-2 mission,
devolved byDigitalGlobg was launched on 8 October 2009rtmeral mapping, spectral
analysisLULC planning and wildlife monitoring at high spatial resolutidh.has
capabilitytos e ns e t he Hsingli itéightmsltispeétrabarelan the spectral
range 0f0.40'0.45¢ m(coastal blug 0.45 0.51 nme m(blue), 0.5/ 0.58 ¢ m(greer),
0.590.63 ¢ m(yellow), 0.63 0.69 € m(red), 0.71i 0.75 ¢ m(red edge)0.77710.80 € m
(NIR-1), and0.86i 1.04¢ n(NIR-2) at 2 m spatial resolutiotn addition,WV-2 provides
a panchromatic band with a spectral range of G.@a@00 nm at spatial resolution of 0.5
m. In this thesisa high-resolutionWV-2 image acquired over Bayramoglu Peninsula on
7 July 2013 was utilizediassess the performancetiodhybrid technique using advanced
ensemble learningalgorithms. The radiometric correction thebnvertsthe digital
numbes of raw imagsto top-of-atmosphere (TOA) reflectance and geometric corrections
were completed bjColkesen, 2015]in order b enhance the spatial resolution of multi
spectral bands, spectral images at 2 m spatial resolution were fused to 0.5 ra using

panchromatic bandsingthe GramSchmidt parsharpening alg@hm.

3.3. SpectralIndices

An index evaluatedin remote sensing applications can be defined as the
mathematical expression of at least two spediaaids Since spectral indexes can be
quickly and simply calculatedithout the need for digital image preprocessang have
effects on implementation accuratijey are considered as one of the valuadubés for
classification, regressipand feature extraction problerfua Silva et al., 2020]Ozturk
and Collesen, 2021aJKaur and Pandey, 2022[heprimary purpose of spectral indexes
i's to emphasize t he par tisuallyHigalighttBesspettdaly s s ur
similar pixek values with identical toned coi® [Bouhennacheet al., 2019] As the
launch of the first remote sensing satellite, Landsat, numerous spectral indexes have been
presented based on various sensor specifiGtiondentify land features such as

vegetation, soil, wategnd impervious surfacebor ingance,whenone of the widely
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usedspectralindices normalized difference vegetation indéX{VI), was developed to
separate the green vegetation from other land cover tgpg#djusted Vegetation Index
(SAVI), Optimized Soil Adjusted Vegetation Indé2SAVI), andModified Soil Adjusted
Vegetation Index NISAVI) indexes highlighed soil properties On the other hand,
numerousindexes have beeformulatedand applied for water body extractiofsao,
1996] [Feyisa et al., 2014determir the algal blooms on watpZao et al., 2021Jand
estimate chlorophyltoncentratiorin seagMishra and Mishra, 2012]in addition,the
delineation of buttup and nonrbuilt-up areas and¢hange detectiomnalysisof these
regionsareconsiderabléor effective city managemeand planningn the face of rapidly
rising urbanizationTable 3.1 summarizes the spectral indices utilizedaasauxiliary
dataset in thmatic maps production from UAV and satellite images using mentioned
classification techniquedNote thatNew Built-Up Extraction Index NBEI) was only
calculated fothe WV-2 dataset because it was formulated using two different bands of
theWV-2 satellite

Table3.1: The formulas of spectral indices used in thissis

Index Formula Reference
NDVI Luur” e Tucker[1979]
/NIR + éed

2
usavi | 20w (2 fe F 8 (R od Qi et al.[1994]
2

RGI /RedEdge- /Greer Bel g i u af
/RedEdge+ /Greer [2014]
NBEI (/ NIR- 2 + /NIR—]) -( G/reen +Rt.1dEdge Adeyeml et al'
(Vnr 2t Aird € deen Frbicade [2021]
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4. APPLICATION

4.1.Pixel-Basedimage Classification

The supervised pixetbased technique adopts to categorize each pixelpre
defined land cover classes considering the spectral valhescreation of training and
test data, classification proceaad thematic map production consist the main process
step of pixelbasedmageclassification.This classification technique was applied to two
high-resolution remote sensing data (e.g., UAV and-2/ifmages)to implementthe
proposed approach and comn@ its performance against objbetsed and hybrid
classification resultsin addition, spectral indices were calculated and stacked with
original spectral bands to improve classification resdlte performance of pixel and
hybrid techniques can be affed by the training dataset's quality, the classification
algorithm to be used, and the selection of suitable hyperparameters for the algésithm.
this, the well-known ensemblealgorithm, RF, and two statef-art gradientboosting
basedensemble learnqimethods, namely XGBoost and CatBoost, were emplioyinis
thesis To construct classification mode8,000 (4,000 for petlass) and0,000(3,000
for perclass) pixelswere collected as training dataset for UAV and \&\images,
respectively.On the other handhe optmization of hypeparameters of each classifier
were performed exploiting the 14,000 (2,000 for each class) and 15,000 (1,500 for each
pixel) as test datdor UAV and WV-2. The Grid Search algorithm, widelysed for
parameter ofrnization, wasapplied to test datasets in toperrsource R programming
and estimateduitableparameter values for pixélased classification wesaimmarized
in Table 4.1 for each classifiefhe main theory of Grid Search algorithms is to find
optimal tuning parameter combinatisproviding the highest accuracy from the various
combinations of parameters defined in certain intertalgshe last stage of pixddased
classification, the LULC maps were produced by the final classification models of each
ensemble method.To performquantitativelyanalysis of land cover maps of UAV and
WV-2 images, OA, Kappa coefficient, PA, UA and FS measurements were computed
using 98,000 (14,000 for petass) and 110,000 (11,000 for yass) validation pixels,
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respedtely. It should be noted that training, test and validation samples were selected in
the different regions of input images

Table 4.1: Hyperparameter settings for pikaked image classification.

_ Value for Value for
Algorithms Hyper-parameter
UAV WV -2
ntree 178 180
RF
mtry 3 3
eta 0.3 0.1
min_child_weight 1 0.4
XGBoost max_depth 4 3
subsample 1 0.7
colsample_bytree 1
depth 8 4
learning_rate 0.2 0.2
iterations 300 400
CatBoost
12_leaf reg 2 1.7
rsm 0.95 0.95
border_count 256 256

The accuracy assessment results of gbesled classificatiorstimated folUAV
image weregivenin Table 4.2 As can be seerseven LULC classes were pixghsed
mapped with the higheQA valuesas 84.75% (Kappa coefficient of 0.82) estimated by
CatBoost, whereas the XGBooslassified these objects with 84.71%A (Kappa
coefficient of 0.82) which is slightly lower than CatBao&n the contraryjt was
observed thaRF assigned each pixel tdJLC classes with the lowest OA accuracy,
84.55% (Kappa coefficient of 0.81)

PA, UA and FS measurements depicting clzesed accuracies were also evaluated.
The lowest PA values werestimated for forest and meadow classes having similar
spectral characteristics by all algorithms as about 72%, whereas the shadowrarad tile

classes were classified with PA accuracies of over @&the other handll ensemble
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methods produced the viest UA accuracies for forest and meadow classes
,approximately 68% and 74%, respectivdty addition,the highest UA accuracies (i.e.,
over 95%) wereestimatedfor shadow and steppe class&y. analyzing FS results
depicting harmonic means of PA and URhen the shadow pixels were classified with
the highestFS values gbout 96% by all algorithms, the about 70% FS values were
measured for forest class. Furthermore, each classifier estimated similabasdeds

accuracyresults (about 88%) for imperviogkasses

Table 4.2: The quantitative results of pkkelsed classificatiofor UAV image.

LULC RF XGBoost CatBoost

Classes | PA | UA FS PA | UA FS PA | UA FS

Bare Soil |88.22/82.25 85.13 |87.21/83.50, 85.32 (88.07|83.27| 85.60
Forest |71.94/69.27| 70.58 |72.27/67.58 69.85 |72.66/68.12] 70.32
Impervious |88.7988.01 88.40 |88.75/88.45 88.60 |88.68 88.36/ 88.52
Meadow |73.03/73.35 73.19 |72.01{74.87| 73.41 |72.72|74.25] 73.48
Shadow |94.15/97.37| 95.73 |94.58 97.10| 95.83 |94.35/97.69 95.99
Steppe |84.96/95.86| 90.08 |86.09/95.51) 90.56 |84.53/95.86| 89.84
Tile-roof |90.56/85.72 88.07 |91.87/85.93 88.80 |92.11/85.69| 88.78
OA 84.55 84.71 84.75
Kappa 0.81 0.82 0.82

Theoverall and individual class accuracieglodthematic map generated usitg
WV-2 were presented in Table 4.3. From table, it was seelCHiBbost produced the
most accurate land cover majih 88.54% OA (Kappa coefficient of 0.87pn the other
hand, the pixetbased land cover mapping by RF and XGBoost resulted in slightly
different OAvalues tharthoseof CatBoost

When the PA resulterere analyzed, it was seen that when the lowest accuracies
were calculated for bare soil class fromcidissifiersthe values of pool, sea, titeof and
white surface reached over 90% accurdog. the other hand, th&teppe pixels were

classified about 79% with the lowest UA values, whereas the best UA values were 96%
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for the pool classWhen te boundaries of poolea, tileroof and white surface classes
were determined over 91%S valueautilizing ensemble method¢he lowest FS values
for obtained forimpervious surfaceand meadow classes.urthermore,the similar

accurag results were calculated for tirapervious surfacand pooklases

Table 43: The quantitative results of pixbhased classification foVV-2 image.

LULC RF XGBoost CatBoost
Classes PA | UA FS PA | UA FS PA | UA FS
Bare soil |{80.51/91.65 85.72 |78.67/93.38 85.40 {80.01/93.32| 86.16
Forest |83.88/81.62 82.74 |186.49/78.91] 82.53 [85.94/80.35 83.05
Impervious |84.18/83.66| 83.92 |84.15/85.55/ 84.84 (84.62(84.39 84.51
Meadow |[81.32/82.94| 82.12 |81.26/85.35| 83.26 |81.29/85.81 83.49
Pool 96.86/97.29 97.07 |196.97/96.63] 96.80 [97.16|96.54| 96.85
Sea 94.46/89.58 91.96 |93.86/90.23 92.01 |93.95/89.90| 91.88
Shadow |86.12/93.78 89.79 |86.98 90.95 88.92 |87.00/91.48 89.18
Steppe |87.57/78.50] 82.79 |87.36|79.52| 83.25 |88.34/79.38 83.62
Tile-roof [92.47/90.22| 91.33 |92.86|89.68 91.24 |92.35/90.41] 91.37
White surfacq97.28/93.48| 95.34 |97.35/92.89| 95.07 |97.10/93.83 95.44
OA 88.27 88.31 88.54
Kappa 0.87 0.87 0.87

To visually evaluate and compare pkbelsed classification results, thematic maps
were generated by RF, XGBoost and CatBoost for bo#lyeies Figure 4.1 represents
the truecolour UAV image andts pixeltbasedand cover map®ased on the following
results,all classification algorithmshowedsimilar performance in thelassificationof
UAV data When thematic maps were analyzedt he fisalt and peppero
seen inthe figure On the other handhe mainconfusionsoccured amongbare soaill,
steppe and tikeoof classesln addition,the presence of meadow pixeMasobservedn
the boundaries ofhe forest class Furthermorethe shadow was the most accurately

categorized class.
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Figure 4.1: The illustration of a) tremlor UAV image, andpixel-basedhematic maps
produced by b) RF, ¢) XGBoost and d) CatBoost
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Figure 4.2: The illustration of a) tremlor WV-2 image, angbixel-basedhematic maps
produced by b) RF, ¢c) XGBoost and d) CatBoost.
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The results of pixebasedclassification ofWV-2 datawere given in Figure 4.2.
From the figure, all classification algrithms showed inferior performance in the
separation of sea and shadows pixels. In addition, the main classification errors were
observedetween bare soil and steppe classes. On the other hand, pool and white surface
pixels were correctlpllocated

The significance ofthe difference between the pixbhased performance of each
algorithm was analyzed by applying the McN
in Table 4.4.Although different OA values were estimated for each LULC map by
classifiers, tlb obtained prediction results for UAV and WA/images were statistically

insignificant.

Tabl e 4. 4: Mc N e ma r-based enserable algoetsms| t s f or

Pairwise UAV Image WV-2 Image
RFXGBoost 0.10 0.52
RFCatBoost 0.44 0.08

XGBoostCatBoost 0.65 0.85

4.2.0bject-Basedimage Classification

In the objectbased classification, the spectrally similar pixels are aggregated into
meaningful objects, called image segments, and the classification process is performed
using these segments instead of the classification of a vast number of pixels.One
significant superiority of this technique compared to traditional goaskd classification
is that it contributes to minimizing the salt and pepper effect with the usage of image
objects in the higiiesolution LULC mappingObjectbased classification consists of the
following steps: segmentatiothe definition of object features, selection of training and

test samples and thematic map production via classification of segments.
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4.2.1.Image Segmentation

The most considerable step of objbesed analysis compriseplitting input
multispectral/hyperspectral images into image objetts.the literature, several
segmentation algorithms havweeensuggested. Tk thesisemployed the widehlused
MRS algorithm to perform the segmentation precdfie segmentation process in the
MRS is controlled by three parametescale, shape and compactné&iace bothremote
sensingimages includedifferent types and spectrally similatJLC classes, required
segmentation parameters should be determined by using algorithms instead of trial and
error. For this, theeSR2 tool wasutilized to determine the optimal SP valwensidered
the mostritical parameterThevariousSP values were estimated by chancing shape and
compactness to find the optimal segment sizes for each imagetiher wordsthe same
shape and compactness values were employed to determine SP véla&fv image,
whereaghe two parameters mentiahaboveranged from 0.1 to 0.9 in increments of 0.2
for theWV-2 datasetlt should be not#that each spectral bands were equally weighted
duringthesegmentation procesghe considered shape and compactness vaagsated
optimal SP values, and cted segment numbers for UAV and \AVimages were
summarized ifable 4.5and 4.6, respectivel\As can be seen, whdhe segmentation
process ofhe UAV image resulted in over 310,000 segments in allg;abe number of
created segments using \AAkangel between 14,074 and 48,260.

Table 4.5: Combination of MRS parameters and created segment numbers for UAV

dataset

Combination| Shapel Compactnes: Estimated| Corresponding Segmen|
SP Numbers for UAV Image

1 0.1 0.1 87 310,049

2 0.3 0.3 77 310,566

3 0.5 0.5 65 315,931

4 0.7 0.7 50 329,568

5 0.9 0.9 29 369,942
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Table 46: Combination of MRS parameters and created segment numb&w/ar

dataset

Combination| Shapel Compactnes: Estimated| Corresponding Segmen|

SP Numbers for WW2 Image
1 0.1 0.1 31 31,049
2 0.1 0.5 27 48,260
3 0.1 0.9 40 24,969
4 0.3 0.1 35 26,261
5 0.3 0.5 34 28,198
6 0.3 0.9 32 32,595
7 0.5 0.1 29 29,281
8 0.5 0.5 27 34,445
9 0.5 0.9 31 29,166
10 0.7 0.1 35 15,860
11 0.7 0.5 34 17,609
12 0.7 0.9 23 38,118
13 0.9 0.1 20 21,447
14 0.9 0.5 28 14,074
15 0.9 0.9 24 22,632

4.2.2.Quality Assessmenbf Segments

In order b obtain the best objeblsedclassification results, the boundaries of
surface objects should be represented with optimal segment sizes wihese
segmentation and undsegmentation problems are minimally observéderefore,
performing a comperative assessment of segmentation goodness for constructed segments
is essentialln thisthesis, fivdamous metricsAFI, Qr, Useg, OSegndD, wereemployed
to measuréhequality of image object3 o performdetailedanalyses on the segmentation
resultof UAV datasetjotally fifteen reference objecteepresentingwo different LULC
classes(i.e., seven polygon corresponding bmpervious surfee andeight polygon

corresponding tdile-roof) were obtained by manual digitizatiseparatelyOn the other
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hand,atotal of fifty -nine reference objectmcludingfourteen polygons representing the
impervious surface, fifteen polygonsepresenting the pool, and thirty polygons
representing the titeoof classeswere acquiredfrom the OpenStreetMap webpage and
by manuallydigitization andused in the analyses of segmentation results of2/age
The distribution of reference objeats the UAV and WV-2 images was presented in
Figure 4.3.
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Figure 4.3: The distribution of reference polygons within a) UAV, and b}2\iviages.
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Figure 4.4The quality assessment resultdJ#&V image.

The formulations of quality metrics were applied to reference objects and their
generated segments, utilizing the MRS parameters given in Tables 4.5 and 4.6 for aerial
and satellite images, respectively. Figure 4.4 represents the results of the segmentatio
goodness assessment performed for the UAV image. Note th@r tedues close td
show the highest quality, the values of other metrics close to O correspond to the best
segmentation results. When the reference objects of the impervious swéaee
employed to evaluate the created segments, it was seen that the MRS algorithm

constructed the segments by utilizing Combination 5 (i.e., SP: 29, shape:0.9, and

39



compactness:0.9) in all case. In additiohe tsegments produced as a result of
Combinations 1 and Zhowed inferior performance irepresentingurfaceobjects.On

the other hand, while reference objects of thertilef class were considered to perform

the quality assessment for UAV image, it was seen that similar values were estimated in
theimplementation oAFI, Qr andUsegfor each Combination. However, slightly better
values were computed for the Combination 5 than others. On the contrary, it was observed
that the more accurate segments were generated in teil@Seghnd D by employing
Combination 4. As a result, when all quality assessment results were analyzed tdgether,
was found that the land objects best matched the segments produced by running the
parameters of Combination 5 in the MRS algorithm.
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Figure 45: Thequality assessmengsults of W\{2 image.
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Quality assessment results of segments created using Were illustrated in
Figure 4.5. When the lines corresponding to the results of the impervious surface were
analyzed, it was seen that when the best imagetsbwvere produced in termsA¥F| and
OSegby applying the parameters of Combination 4 to MRS, the optimal valugSexj
and D were estimated by employing the 27, 0.1 and 0.5 values for SP, shape and
compactness (i.e., parameters of Combination 2).sith#ar Qr values were computed
by considering the reference polygons of impervious surface LULC class together with
the segmentation outcomes of Combinations 2 and 4. On the other hi#mdhev
utilization of Combinations 1 and 2, trsiitable segmentswere generated in the
determination of pool objectoncerningAFl, OSeg and D value$n addition, when the
results of the pool class were investigated, it was seen that the higtheatue was
computed for the segmentation result of Combination 2. Furthermore, according to the
results of tileroof reference objects, segments constructed by utilizing Combination 2
were most accurately determined the land surface objects in terms qbéadity
measurements. Consequently, the segmentation results of Combination 2 were employed

in classifying the WV2 data.

4.2.3.Classification Results

It was mentioned in the previous section thia¢ optimal scale, shape and
compactness values werdigsted as 29, 0.9 and 0.9 for UAdAta On the other hand,
when 0.1 shape and 0.5 compactness values are set to th2 ®©BP the best
segmentation results are produced with 27 SP value fe2VWgure 4.6 shows the ESP
2 results obtained using menmted parameter variables for both imagas a result,
369,942 and 48,260 image segments were created for UAV ane? \Watasets,
respectively.

Defining the features of the created image objects is the next step inludgect
classificationWithin this catext, 49 and 73 spectral and spatial varighiesluding
mean, minimum, maximum, ratio, standard deviation, mode and area of \petel
calculated and utilized in the LULC mapping using UAV and \2/\fespectively. After
that, when 1787 training and 1388t segments were selected ttoe UAV datg 1104
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and 856 segments formed the training and test dataset of th2datg respectively. The
distribution of training and test sample numbers on the land cover clagsgs/@nin
Table 4.7.
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Figure 46: LV-RoC graphs generated by E3Rool for a) UAV, and b) WW2 images
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Table 4.7The distribution of the number of training and test segments for each.image

UAV Image WV-2 Image
Classes

Training Test Training Test

Bare soil 204 160 80 68
Forest 352 247 161 105
Impervious 192 142 131 156

Meadow 365 296 91 71

Pool - - 55 44

Sea - - 132 87

Shadow 153 113 99 12

Steppe 158 80 121 88
Tile-roof 363 290 120 105
White surface - - 114 60
Total 1787 1328 1104 856

In order toconstructthe suitable prediction models hyperparameters of each
classifier should be optimized byhe userside For this purpose, the Grid Search
algorithm available in R software was implemented and estimated the frg/@@neter
values werg@resented in Table 4.8.

The confusion matrixvasconstructed to conduetn accuracy assessment of each
thematic map produced by RF, XGBoost and CatBoost. For this, overall and individual
LULC class accuraciesmcluding OA, PA, UA and FSvere calculatedlable 4.9 shows
the accuracy results of objdzhsed image analysis for UAV dadhen the tablevas
examined it was seen thahe XGBoost algorithm outperformed RF and CatBoost by
producingthe highest overall map accuracy (i.e., OA values of 8&6&ith Kappa
coefficient of 0.87). On the other hand, slightly different OA values were calculated for
RF and CatBoostIn other words, while RF classified the UAV image with 87.91% OA
value (Kappa coefficient of 0.86), CatBoost performed the chgetd clasBcation with
87.80% OA accuracy (Kappa coefficient of 0.86), which is 0.11% lower than RF.
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Table 48: Hyperparameter settings for piXehsed image classification.

_ Value for Value for
Algorithms Hyper-parameter
UAV WV -2
ntree 250 270
RF
mtry 7 8
eta 0.3 0.2
min_child_weight 0.8 1
XGBoost max_depth 6 10
subsample 0.8 0.3
colsample_bhytree 0.3 0.7
depth 7 8
learning_rate 0.2 0.2
iterations 400 300
CatBoost
12_leaf _reg 1.6 1.7
rsm 0.95 0.95
border_count 256 256

The computedPA values showed th#ihe forest was classified with the lowest value
(about 78%) by RF and CatBoost, whereas XGBoost improvedPgvalue by about
3%. On the other hand, PA values of impervious surface, shadow, amddilelasses
were estimated at over 91% by all ensemble classlfievss observed thahe RF
classifier estimated theA value as 87.04% fdhe steppe clas¥GBoost and CatBoost
calculated the about 7% and 4% higher accura®esthe contny, the estimated UA
values of forest and meadow by RF were the lowest accaanpared to other classes,
whereas XGBoost and CatBoost classified the steppe class withtbisaccuracyit was
seen that when the UA values of bare solil, forest, meadod tileroof observed by
XGBoost and CatBoost were significantly higher comparecsalt of RF, RF showed
the superior performance ftine steppe classAccording to the PA and UA results of
objectbased classification, the main classification errors wbservedetween barsoil

and steppe classes.
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When individual clas®ased FS accuracy results wesamined, it was observed
that the boundaries of impervious surface, shadowl tileroof were determined with
over 90% accuracy by all algorithms for objeeised classification. On the other hand,
each classifier showedlsimilar classification performance for bare saild impervious
surface classet addition,the improvemats in terms of FS measure accuracy estimated
by XGBoost and CatBoost were reached up to 5%hfemeadow classandabout 3%

higher FS accuracyascalculated by RF fothe steppe class.

Table 4.9: The quantitative results of objbesedclassification for UAV image.

LULC RF XGBoost CatBoost
Classes PA | UA FS PA | UA FS PA | UA FS
Bare Soil [89.51/84.97| 87.18 |79.75/92.22| 85.53 [83.34/90.71| 86.87
Forest |77.55/81.53 79.49 |81.75/84.79 83.24 |78.72/84.03 81.29
Impervious |91.61/89.10, 90.34 |93.81/90.77| 92.26 |94.26/88.15 91.11
Meadow |84.11/79.35 81.66 |86.69/85.73 86.21 (84.48/84.11 84.29
Shadow |94.05/94.97| 94.51 |91.4892.62| 92.05 [91.67/90.92] 91.29
Steppe [87.04/94.69 90.70 |94.89/80.57] 87.15 [91.33/82.71 86.81
Tile-roof [92.06/90.77| 91.41 |94.75/93.66| 94.20 [92.52/94.01] 93.26
OA 87.91 88.62 87.80
Kappa 0.86 0.87 0.86

The statistical objedbasedmappingresults ofWV-2 were given in Table 4.10.
Based on the accuracy assessment outcomes, relatively similar OA values were estimated
by RF and CatBoost with about 89.7086d XGBoost outperformed both classifiers in
the objectbased mapping with tHeghestOA value, 90.38% (Kappa coefficient of 0.89)

As seen from the table, all pixels were classified into ten LULC classes with over 90%
PA accuracy by all classifiers except impervious surface pixelsabibat 78% PAThe

over 90% PA values were estimated for pool, seardibe and white surface akses by

all algorithms, the values of impervious surface, meadod shadowanged fronB84%

to 89%. On the other hand, each classification algorithm estimated different PA values for

the steppe clasdn addition, the best UA valuegerecalculated foimpervious surface
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pool, sea, shadgwand white surface classashereas bare soil had the lowest UA values.
Based on the tabular values, it was observed ttieatmain confusiorwere observed

betweerbare soiljmpervious surfageshadow, steppe, tH@of and white surface.

Table 4.10: The quantitative results of objeased classification for WAZ image.

LULC RF XGBoost CatBoost
Classes PA | UA FS PA | UA FS PA | UA FS
Bare soil |89.86/84.88 87.30 |{91.25/86.78 88.96 |91.00 85.77| 88.31
Forest |86.80/87.33 87.06 |86.96/89.44| 88.18 |84.39/88.13 86.22
Impervious | 77.60[92.74) 84.50 |79.67/93.93 86.21 |78.04/92.70| 84.74
Meadow |86.74/87.12 86.93 |88.56/88.85 88.70 |88.2983.32| 85.73
Pool 96.91/94.06| 95.46 |96.03/94.38| 95.20 [97.03/96.26| 96.64
Sea 96.61/98.60 97.59 |96.25/97.44 96.84 |96.90/98.39 97.64
Shadow |88.24/93.98 91.02 |85.49/92.74) 88.97 [87.27/92.04| 89.60
Steppe |87.97/83.69 85.78 |89.4184.80 87.04 |84.78/83.41 84.09
Tile-roof |92.56/89.40| 90.95 [95.54({89.01| 92.16 [94.8987.36| 90.97
White surfacq 98.15/86.02| 91.69 (98.46/86.47| 92.08 [96.94(88.70 92.64
OA 89.78 90.38 89.61
Kappa 0.88 0.89 0.88

The objectbased FS results ¢fie WV-2 image indicated that the most accurately
classified LULC pixels wergool and sea with about 96% FS values, whereas all
algorithms showed inferior performance in the detecting bare soil, forest, impervious
surface, meadoyand steppe pixels with the under 89% FS values. XGBoost algorithm
showed superior performance in seerg the boundaries dhe forest, impervious
surface, meadow, stepmdtile-roof compared to RF and XGBoost results.

Objectbased mapping results of UANatawere presented in Figuke7 to carry
out a visual assessent. When the thematic mapsere analyzed, it was seen that all
algorithms showed similar classification performance. On the other , hand
misclassification errors were observed between bare soil anddil@ixels in the objeet
based RF and CatBoo3GBoost fiowed superior separation performance for these class
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pixels In addition, the boundaries of impervious surface and shadow classes were

effectively determined by each algorithm.
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Figure 47: The illustration of a) trueolor UAV image, anabjectbased thematic maps
produced by b) RF, c) XGBoost and d) CatBoost.

Figure 48 represents the objebased mapping results of W2/ The pixels
representing the pool and sea were correctly classiiad main confusions were
observed among bare soll, tieof, and vegetation classescluding forest, meadovand
steppe. On the other hand, the notbasoccurred within the boundariegsea class were
effectively minimized using objedtased classification.

The pairwise comparisonagc ar ri ed out using McNemar 6s
level to evaluate the significantevel betweenthe prediction performance of classifiers
for objectbased classificatigmndtheresultsare given in Table 4.11. The lower test value
than the tabul ar v al asgiveain boM&dcamba seénsthetee st (
is a statistically significardifference between the accuracy of XGBoost and thatseof
the other two classifierpr oduced by UAV i mage. I n ot he
verified that XGBoost showed superior objbetsed classification performanceothers.

On the other hand, the difference between the cbgstd mapping performarscef RF
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and CatBoost using UAV was statistically insignificant. When the results c2Wre

evaluated, it was seen that the XGBoost and CatBoost showed similar prediction

performance, whereas the differences between thiE@&Boost and RFCatBoost were

found statistically meaningful.
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Figure 48: The illustration of a) trueolor WV-2 image, and objedbased thematic
maps produced by b) RF, ¢) XGBoost and d) CatBoost.

Table 4. 11:;

Mc N e ma-based ertseamblé algoreghmsi | t s

Pairwise UAV Image WV-2 Image
RFXGBoost 43.18 13.54
RF-CatBoost 0.12 18.06

XGBoostCatBoost 43.75 0.54
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4.3.Hybrid -Basedimage Classification

The best pixel and objectbased classification models of RF, XGBoost, and
CatBoost constructed wittoptimumhyperparameters were employed to implement the
first step ofthe suggested classification workflow in this thesiter that, class
probability values of each image object created with the MRS algorithm were calculated
separately for UAV and WA2 imagery in the subsequent stefor this purpose, the
votes by each decision tree in the forest regarding the belonging of an imagdahject
particular class were anayd.To express the voting rate of the classes as a percentage,
the obtained results were divided by the total number of trees and stretched between 0
100. Because the individual SP value cannot be determined for the lgadtsob
corresponding to the different LULC classes, the segment sizes representing these objects
differ in various parts of the image. For this, three different threshold values (i.e., 60%,
70%, and 80%) were taken into account as homogeneity criteriaptaided results of

thematic maps were given in the following section.
4.3.1.Hybrid Classification Using60% Threshold

A detailed accuracy assessment was conducted the evaluate the performance of the
proposed classification technique for UAV and sdtelinages, separatelylable 4.12
shows the overall and individual class accuracies of the hipbhsdd classification results
obtained with 60% threshold value for midpectralUAV image.As can be seen, the
classification performed by hybridizing pixand objectbased image analysis resulted in
an OA of about 89%/Vhen thehighest overall thematic map accuracy was estimated as
89.46% (Kappa value of 0.88) using RF, the XGBoost showed inferior performance by
producing the lowest OA (89.25% with Kappavalue of 0.87) for hybrid
basedlassification. On the other hand, the overall accuracy of hybaded CatBoost
was slightly higher than the OA value of XGBoost.

The calculated PA values of each thematic showed that all classifiers yielded results
above 80%.In other words, the lowest PA values were calculated for forest class by

ensemble learning algorithms, the best\Wwa#syielded for impervious surface and tile
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roof classesOn the other hand, the UA values of bare soil class computed by XGBoost
was the highest compared to results of RF and CatBdast,algorithm yieldeda
significantly lower UA value for steppe claby about 10%All algorithms observed
significant differences between PA and UA values for the forEisése results clearly
showed that algorithms determined the boundarig¢kedile-roof class with similar UA

and PA accuracies (about 93%). In addition, the misclassification errors occurredtetw
bare soil and steppe in the results XGBoost, RF and CatBoost confused the forest and
meadow pixelswWhen the FS results of each thematic map were analyzed, it was seen that
the border of impervious surface, shadawd tileroof were classified abovel% class
accuracyOn the other hanaiach algorithm obtained the worst FS measurement results
as about 83% and 86% for forest and meadow claSsesarly FS values were calculated

for each class employing ensemble methods.

Table 4.12: The quantitative resultshybrid-based classificationsing60% threshold
valuefor UAV image.

LULC RF XGBoost CatBoost

Classes | PA | UA FS PA | UA FS | PA | UA FS

Bare Soil |86.50/87.86 87.17 |82.04/91.66| 86.58 |87.5089.04 88.27
Forest |81.28/86.24| 83.68 |81.87|85.64| 83.71 |80.80 86.03| 83.33
Impervious |93.59 90.78 92.17 {94.31/91.31] 92.79 [94.05/89.91 91.94
Meadow |89.71/82.99 86.22 |87.95/86.27| 87.10 (87.62/84.19 85.87
Shadow |92.67/95.33 93.98 [92.2592.53] 92.39 |92.61/93.49| 93.05
Steppe |89.34{90.13 89.74 |93.56/83.13] 88.04 |88.75/88.31 88.53
Tile-roof |93.75/92.87| 93.31 |94.14/93.76| 93.95 |94.10 93.77| 93.93
OA 89.46 89.19 89.25
Kappa 0.88 0.87 0.87

Table 4.13 represents the statistical results of hybrid mapping using satellite image,
WV-2. According to the estimated results, RF outperformed to XGBoost and CatBoost
with a higher OA difference of about 0.70%. In other words, the best hybrid mapping by
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applyinga60% threshold wsperformed in termef OA, whereas XGBoost and CatBoost
yielded about 91.45% overall LULC map accuracy.

Table 4.13: The quantitative results of hyb@sed classificationsing60% threshold
valuefor the WV-2 image.

LULC RF XGBoost CatBoost

Classes | PA | UA FS PA | UA FS | PA | UA FS

Bare soil |87.30/89.46 88.37 |{89.15/86.96] 88.04 [89.78/88.45 89.11
Forest |87.9990.83 89.38 |87.17/89.69 88.41 |86.07/89.55 87.78
Impervious |85.8191.26| 88.45 |84.31/93.47| 88.65 [83.53/92.90| 87.97
Meadow |90.38/87.50 88.92 |90.64/88.18 89.39 |90.27|85.12| 87.62
Pool 97.02/96.60, 96.81 |97.32/94.33] 95.80 [97.42/96.56] 96.99
Sea 97.77/98.33 98.05 |96.7598.35 97.55|98.3298.24| 98.28
Shadow |91.54/96.28 93.85 |87.5394.26| 90.77 |88.87/93.35 91.06
Steppe |89.82/86.05] 87.90 |88.84/85.94) 87.37 |87.08/87.74| 87.41
Tile-roof [97.4992.65| 95.01 |97.42/91.97| 94.62 |{97.31/90.50, 93.78
White surfacq97.64{92.72| 95.11 |97.75/91.86| 94.71 |97.72/91.95 94.74
OA 92.17 91.50 91.44
Kappa 0.91 0.90 0.90

When classased accuracy assessment results were investigated, it was seen that
about 97%of PA values were estimated for pool, sea;rilef, and white surface classes.
In addition, the borders of bare soil, forest, impervious surface, and stemge
determined with under 89% PA values. On the other hand, the best UA values were
observed for pool, seand shadow classes, whereas each algorithm yielded the lowest
accuracy result fathe steppe. By comparing the results of PA and UA values cabolla
for each class by algorithms, it was seen that pixels of about all classes exaepff tile
and white surface were mapped with similar values. On the contrary, the difference
between the PA and UA values of tiigof and white surface reached up to 6Plese
results clearly showed that when the boundaries of pool and sea classes correctly separated

by classifiers, the main classification errarscurredbetween the tileoof and white
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surface classes. Based on FS measurement findings, it was obsevéadetipixels
representing the pool, sea, {r@of, and white surface were classified with above 90%
accuracy. In additiorthe RF algorithm showed good separation performance with 3%
higher FS value for shadow class.

Figure 49 points out the visual pesfmance otheproposed classification technique
for the aerial dataset produced by applying 60% threshilds seen that visually
consistent land cover maps are produced with-¢nleur orthophob. In other words,
algorithms mapped the considered area sithilar performanceThe main confusion
errors were observad distinguishing the bare sp#teppeand tileroof pixels by RF and
CatBoost XGBoost showed superior performance for mentioned cla€seshe othe
hand, theimpervious surface class existing on theificial structure was more

successfully separated from tileof pixelsby hybridbased RF and CatBoost
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Figure 49: The illustration of a) trueolor UAV image, and hybridbased classification
mapsusing60% thresholdralueby b) RF, ¢c) XGBoost and d) CatBoost.

To assess the visual performance of hybrid classification used a 60% threshold value
on the W\2 image including ten LULC classes, the thematic maps vedrtainedfrom
RF, XGBoost, and CatBoo§Figure 4.10) It was seen that the extraction of land cover

information usinghe proposed classification technique resulted in smooth visual maps.
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In other words, tb noiss observed amongpectrally similarbare soitile roof, sea
shadowand meadovsteppepairwise were effectively minimized. On the other haRé,

showed superior performanceseparatingnentioned classel addition,the boundaries

of thepool dassweremore accurately determined compatethe visual results of other

classes.
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Figure 410: The illustration of a) trueolor WV-2 image, and hybrithased

classification mapasing60% thresholdialueby b) RF, ¢) XGBoost and d) CatBoost.

The pairwise comparison results of mapping performance of classifiers using the
hybrid-basedstrategy are given in Table 4.14. As can be seen, all pairwise comparison

values were higher than the tabul ar

there is a statistically significant difference between the accuragyoofuced each
thematiamap.In other words, each algorithm differently predicted the class labels ef WV

2 pixels using the hybrid approach.
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Table 4.14Mc Nemar 6 s t est resul ts obbBseensembl e
classificationusing60% thresholdalue

Pairwise UAV Image WV-2 Image
RFXGBoost 741.94 28.85
RFCatBoost 29.21 7.53

XGBoostCatBoost 452.41 6.55

4.3.2.Hybrid Classification Using 70% Threshold

The effect of 70% threshold value on the accuracy and visual restiiespobposed
hybrid classification strategy was also investigated usigdifferent remote sensing
images. Table 4.15 summarize the accuracy resultteoUAV dataset.When 70%
threshold value was applied, all classifiers calcul#étedoverall LULC class accuracies
were calculated about 89.5% by all classifiers. The themap generated by CatBoost
reached the highest OA value, XGBoost predicted the class label Vabelan 0.12%
lower OA value.In addition, the poorest OA value was estimated by hytaskd RF
utilizing 70% threshold.

To analyzethe individual clas$ased accuracies of UAV image, BAJUA values
were computed According to PA results, thdéorest pixels were classified with
significantly lower accuracy (i.e., about 82%) comparethémother six classe©n the
other hand, all classifiers estimated ##& values of impervious, shadpand tileroof
classedo beover 92%. On the other harttie lowest UA values were obtained for forest
and meadow classes, whereas UA values ofdibé reached thighestclassbased result.
When the PA and UA valuesere compared, it was found that thereaisignificant
difference between the results of bare and steppelas®s of XGBoost and steppe class
of RF. In addition, mentioned accuracy metnmreduced by all classifisrange between
1% and 3% for other cég@esFurthermore, FS measuremewere employed to compare
the accuracy of each class in geneBalsed on FS results, pixels representing the bare
soil, forestf and meadoware classified with lowest accuracies. In other words, the
mentioned class FS agewies were estimated between 82% and 8fthe other hand,

the boundaries ofmpervious surface, shadow and 4iteof were more accurately
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determined by each classifier. In addition, it was observegitkels were assigned the
meadow class witt84.8%% classbased accuracy (FS) by REhe improvementvas
reached up to 3% and 2% in the thematic maps predicted by XGBoost and CatBoost.

Table 415: The quantitative results of hybrlzhsed classificationang 70% threshold
valuefor UAV image.

LULC RF XGBoost CatBoost
Classes PA | UA FS PA | UA FS PA | UA FS

Bare Soil [88.16/86.31| 87.22 [83.63/91.63 87.45 |88.68/88.76| 88.72
Forest |81.37/84.05 82.69 [82.98 85.62| 84.28 |82.19/85.62| 83.87
Impervious |{93.13/90.73 91.91 |94.25/91.09 92.64 [94.20/90.59 92.36
Meadow |87.66|/82.29] 84.89 |88.09/86.85/ 87.47 |87.63/85.16/ 86.38
Shadow [93.04/96.68 94.82 [92.60 93.41 93.00 |93.03/94.47| 93.74
Steppe |87.87/92.44| 90.09 |93.39 85.93 89.50 |89.91/90.74| 90.32
Tile-roof 193.54{92.03 92.78 [94.69/93.85| 94.27 |93.9993.91] 93.95
OA 89.22 89.77 89.89
Kappa 0.87 0.88 0.88

The performance othe proposed approach utilized 70% threshold value was
quantitativéy tested on higitesolution W\/2 image using three robust trbased
classifiersand estimated results were illustrated in Table 4.16. As shown in the table, the
overall class accuracies couatpd by all algorithms reached over 91%. In other words, the
RF mapped the WA2 image usinghe suggested classification strategy with 91.56% OA
value (Kappa value of 0.90), XGBoost and CatBoost determined the class boundaries with
slightly different OA véues (i.e., 92.23% with kappa value of 0.91 and 92.23% with kappa
value of 0.91). As a resulimplementation of hybridbased RF performed by applying
70% threshold, showed inferior classification performance in terms of OA

The PA and UA values were calated to determine the clabased confusion. Each
algorithm assigned the pixels to sea, shadowraité and white surface classes with over
95% PA values, whereas the lowest PA value was calculated for bare soil class by RF. It
was observed that whehet PA value of bare soil in the thematic maps generated by RF
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and XGBoost wergemarkablylower than the result of CatBoost, the boundaries of
shadow were detected with the lowest PA result in the map formed by CatBoost. On the
contrary, classifiers estirted the lowest UA values for meadow and steppe classes, while
the pool and sea classes have the highest UA values (i.e., over 92%). In addition, there is
an apparent difference between the UA and PA values of impervious surface class in the
hybrid-based X@oost and CatBoost and shadow class estimated by all classifiers. These
results showed that when the pool and sea classes were more accurately determined by
algorithms using the proposed method, misclassification problems occurred among bare
soil, meadowsteppe, shadow, and artificial based classes, including impervious surface,
tile-roof and white surface.

Table 4.5: The quantitative results of hybrlthsed classificationang 70% threshold
valuefor WV-2 image.

LULC RF XGBoost CatBoost

Classes | PA | UA FS PA | UA FS | PA | UA FS

Bare soil |{84.38/90.75 87.45 |86.5391.72] 89.05 [90.19/88.85/ 89.52
Forest |87.01/89.75 88.36 |87.38/90.05/ 88.70 [88.32/90.07| 89.19
Impervious |86.2188.69| 87.43 |87.37/91.85| 89.56 |85.86/93.91] 89.71
Meadow |[89.13/85.91] 87.49 |91.09/85.92| 88.43 |90.70,88.25 89.46
Pool 97.08/97.38 97.23 |97.57/96.66| 97.11 |97.43/95.14| 96.27
Sea 08.14/97.65 97.89 |98.7098.16| 98.43 |97.64,98.09 97.86
Shadow |91.99 97.08 94.47 |90.91/95.48 93.14 (88.90 95.84| 92.24
Steppe |89.42/83.22] 86.21 |88.75/86.92| 87.82 |89.14/86.21 87.65
Tile-roof |95.70/92.05| 93.84 |97.35(92.37| 94.79 (97.49/92.68 95.02
White surfacg 97.6293.15| 95.33 |197.9393.14| 95.47 |97.67/92.92] 95.23
OA 91.56 92.23 92.20
Kappa 0.90 0.91 0.91

FS metric results were obtained to interpret general-blassd accuracies. It was
observed that the borders of pool, sea and white surface classes were detected with over

95% FS values. On the other hand, the steppe pixels were classified with thelaggest
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based accuracy in all thematic maps. In addition, the XGBoost and CatBoost predicted the
bare soil and impervious surface pixels with approximately 2% higher FS accuracy than
RF, while each algorithm showed similar classification performance festfand white
surface classes. It was seen hydtiraded RF more accurately classified that shadow.

The LULC maps ofthe proposed method based on 70% threshold value were
produced forthe UAV image andthe results were presented kigure 411. As can be
seen, each algorithm showed similar classification performartbe implementation of
70% threshold value fothe suggested hybrid approacn the other hand, main
confusions were observed among spedgtraimilar bare soil and tileoof classesin
addition, it was seen thatnsemble learning methods more accurately determined

impervious surface clas
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Figure 411: The illustration of a) trueolor UAV image, and hybridbased classification
mapsusing70% thresholdralueby b) RF, ¢c) XGBoost and d) CatBoost.

The classification performance tfe hybrid strategyconsidering 70% threshold
was analyzedisingthe WV-2 image represting ten LULC classe¢Figure 12) As can
be seenthe implementation of the suggested classification workflow with three different
algorithms resulted in almost identical visual malpsaddition, the misclassification
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errors were observedmong bare soil, meadow and steppe classes, whepsdns
algorithm more accurately classified pool and sea
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Figure 412 The illustration of a) trueolor WV-2 image, and hybridbased
classification mapasing70% thresholdralueby b) RF, ¢) XGBoost and d) CatBoost.

Table 4.7: Mc Nemar 6s test resul t s-basdd ensembl
classificationusing70% thresholdralue

Pairwise UAV Image WV-2 Image
RF-XGBoost 494. 139.54
RFCatBoost 25.50 78.79

XGBoostCatBoost 395.51 16.84

McNemar's test wasmployedto analyze whether there is a significant difference
between the overall map accuracy obtained by fusion of pixel and -bbjsetl
classification results using 70% threshold value from three different classifiees.

calculated results of both images green in Table 4.17. According to the results, the
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estimated tabular values were higher than the critical tabular value at 95% interval (e.g.,
3.84). These results verified that there is statistically significance between the

performance of hybrid clasgiation based on each classifier.

4.3.3.Hybrid Classification Using80% Threshold

When higher threshold values amployedin the proposed image classification
technique, the number of homogeneous segments degr@addise effect of pixdbased
classification becomes promineAtthreshold value of 80% was applied to evaluate the
effect of this situation on the statisticahd visual performance of the proposed
classificationtechnique The quantitativeresultsof the aerial imageareshown in Table
4.18. From the table values,wasobserved that the thematic mapemployingCatBoost
representEarth surfaceobjects withthe highest overall LULC accuracy(i.e., 90.02%
with Kappa value of 0.88)n contrast XGBoost classified these objects by performing
the proposed classification strategy with 89.94% which is slightly lower than result of
CatBoost.In addition, RF showethe worst performance by estimating the lowest OA
value (89.13% with Kappa value of 0.86}lre thematic map productiasingthe hybrid
classification technique

PA and UA metrics were computed to determine the misclassification errors among
LULC classesAs can be seemll algorithms classified the forest pixels witie worst
PA values (i.e., about 81%Whereas shadow and tileof classes were estimated with
highestPA values in each LULC majin addition, when the boundaries of impervious
surface pixels were classified with 93.90 P% RF, this algorithm showed inferior
performance fothe meadow class, which isonsiderablylower than the PA values of
meadowecalculated by XGBoost and CatBoo€mn thecontrary the lowest UA values
were observeds approximately 824 all maps fotheforest,while pixels were assigned
to meadow pixels witB3.56% UA value in the LULC map generated RF, which is about
7% lowerthan the results of other classifiéos mentioned classT'he shadow and tile
roof classes were determined with over 92% UA valliesvas seen that CatBoost
outperformed the other classifiers in terms of UA for the separation of bare soil pixels,
wherea®RF showed superior performance floeimpervious surface clas&/hen the PA
and UA values of analyzed, it was found that there is about 4% diffdretween results
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estimated by all classifier$he obtained results clearly showed ttheg main confusio
occurred between bare soil and steppe cla$besES measure results were evaluated for
hybrid-based classification, using 80% threshold valiee tabular values showed that
forest pixels were lalbled withtheworst classbased accuracy (i.83%) These accuracy
values were estimateat over 90% by allklassifiers forshadow steppe and titedf. It

was seen that the borderglogimpervious surface were detected with 7% higher FS value
in the LULC mapproduced by RFthe pixels were assigned to at®w clasdy about

92% classbased FS value by XGBoost and CatBoost, which is remarkably greater that
the value of RF

Table 418: The quantitative results of hybrlthsed classificationang 80% threshold
valuefor UAV image.

LULC RF XGBoost CatBoost

Classes | PA | UA FS PA | UA FS | PA | UA FS

Bare Soil {90.12/85.93 87.98 [89.71/87.71 88.70 |85.16/91.04| 88.00
Forest |80.83/83.08 81.94 |82.56/85.21] 83.86 |82.66|85.42] 84.02
Impervious |93.90/91.30| 92.58 |87.78/84.95/ 86.34 (87.97/86.11] 87.03
Meadow |87.77/83.56] 85.61 |93.53/90.20| 91.83 |94.32/91.27| 92.77
Shadow |91.72/92.98/ 92.35 |93.49 95.32| 94.40 |93.20/94.04| 93.62
Steppe [88.50[92.01] 90.22 |88.86/92.91] 90.84 |92.77|88.26/ 90.46
Tile-roof 194.46/92.30] 93.37 [93.98/93.29| 93.63 |94.87/93.98 94.42
OA 89.13 89.94 90.02
Kappa 0.86 0.87 0.88

The implementation of 80% threshold valuetfogproposed fusion of classification
techniquesvasconducted using the WY¥, and the statistical results were illustrated in
Table 4.19When the tabular valued each classifiewere analyzedi was seen thahe
mapping otthe WV-2 image by performinthe suggested classification strategy resulted
in over 91% OA value©n theother hand, thboundaries of considered ten LULC des
determined in WV2 were classified with 91.03% OA value (Kappa valu®.80), the
best OA values were estimated as 92.5&%ppa value 00.92 and 92.27% (Kappa
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value 0f0.91) for maps generated by XGBoastd CatBoost, respectiveljhese results
clearly showed that statd-art classifiers outperformeché weltknown ensemble

method, RF, in predictingULC class labels using hybrid classification.

Table 4.8: The quatitative results of hybricbased classificationang 80% threshold
valuefor WV-2 image.

LULC RF XGBoost CatBoost

Classes | PA | UA FS PA | UA FS | PA | UA FS

Bare soil |83.60/91.35 87.30 {89.89 90.55] 90.22 {89.36/90.51 89.93
Forest |86.6589.80 88.20 |89.36/90.67| 90.01 |87.7590.27| 88.99
Impervious |86.12/87.90, 87.00 |{86.67/93.49 89.95 [85.72/93.32] 89.36
Meadow |[88.91/84.66| 86.73 |90.95/89.31] 90.12 |91.68 86.39 88.96
Pool 97.0997.31] 97.20 |97.7595.93 96.83 |97.43 96.66| 97.05
Sea 96.75/96.30, 96.52 |98.33/97.72] 98.02 {98.40/98.15 98.28
Shadow |91.46/95.82| 93.59 |89.4096.27| 92.71 |90.05/94.18 92.07
Steppe [88.67/82.69 85.58 |{89.7284.90 87.24 |88.26/88.55 88.40
Tile-roof [94.74{91.01| 92.84 [96.72/92.73] 94.68 |97.5991.65 94.53
White surfacq 97.38/93.42| 95.36 |97.72/93.85| 95.74 |97.99 93.05 95.46
OA 91.03 92.54 92.27
Kappa 0.90 0.92 0.91

The individual clas$based PA and UA values of each class within the maps were
calculated and presented time table. all classifiers estimated the similar PA and UA
values for pool, sea and white surface classes, different class accuracies were produced
for other classes. In other words, it was found that about 8% difference between the results
of both metris calculated by RF for bare soil class, XGBoost and CatBoost determined
bare soil pixels with about 90% PA and UA values. On the other hand, RFiethtdse
impervious surface pixels with about 8% ssbased accuracies, the other two classifiers
labdled mentioned pixels with 8% difference. In addition, it was seen that the about
88.50% PA and UA valueserecalculated by CatBoost for steppe clagiile the about

5% difference was measured lilge other two algorithms between omission and
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commission errors. These obtained results showed that sea and pool classes were more
accurately mappetthan other classes all casesThe FS values were computed to assess
general individual class accuracies. Wlieatable was analyzed, it was observed that
pool, seaand white surface were the most accurately mapped classebehibhest FS

values (over 95%). In additg the boundaries dietile-roof classveredetermined with

about 94% clasbased accuracies, while the approximately 2% lower accuracy was
measured in the map generated by RFtiierabovestatedclass. On the other hand,
XGBoost outperformedther clasifiers in separating bare soil, forest, impervious surface

and meadow classes from othgmxducing about 90% accuracy.
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Figure 413: The illustration of a) trueolor UAV image, and hybridbased classification
mapsusing80% thresholdralueby b) RF, ¢c) XGBoost and d) CatBoost.

Thematic maps of UAV image were generated by conducting the hybrid image
classification method using 80%réshold value to analyze and results were presented in
Figure 4.13 visually. The figures indicated that the main confusion appeared between the
bare soil and steppe classes. In addition, the pixels representingofilelass were
observed within the barsoil class boundaries. On the other hand, XGBoost showed

superior performance in distinguishing the two classes mentioned above.
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The visual results othe hybrid image classification technique performed by
applying 80% threshold value on the WA&atelite image, wergiven in Table 4.4. In
general,separatingclass borders using three ensemble learning classiésulted in
similar LULC maps. The misclassification errors were observed among impervious
surface, seaand shadow classes in the eastern partsedtudy arealn addition, pool
classes wasmore correctly mapped compared to other classes.
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Figure 414: The illustration of a) trueolor WV-2 image, and hybridased
classification mapasing80% thresholdralueby b) RF, ¢) XGBoost and d) CatBoost.

A

The McNemar 0s tthepgradictoraresulta gl gathiclassifierttesess
statisti@al significance between mapping performance#ds algorithms. Table 4.20
represents the outcomes obtained from a pairwise performance comparison using aerial
and satellite image¥Vhen tabular values were analyzed, it was seen that the differences
between tk predictions of each classifier were significantly differémbther words, the
tabular valuesiigher than the critical test value (i.e., 3.84) verified that CatBoost and
XGBoost showed superior classification performances in the mapping of UAV and

saellite images by performing thoposed method, respectively.
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Table 420: Mc Nemar 6s test resul t s-basdd ensembl
classificationusng 80% thresholdralue

Pairwise UAV Image WV-2 Image
RFXGBoost 823.56 148.49
RF-CatBoost 699.03 65.30

XGBoostCatBoost 277.83 18.21
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5. DISCUSSION

The gathering of accuratend reliablespatial information from higinesolution
imagery through thematic map production has become one of the most popukaintopic
the remotesensing communitgince the early 2000Bnproving spatial resolution causes
an increase in spectral details (hetersgty) in the imageand the salt and pepper effect
is observed in the visual results produced by the {iigaskd classification technique of
these imagesTo overcome this drawback, objdmsed image classification has been
suggested and effectively applied #erial/satelte images due to its improved
performance and strengtbe@mpared to pixebasednappingYan et al., 2006][Fu et al.,
2017] [Sibaruddin et al., 2018]Dividing a given image into smaller objects by
aggregating spectrally similar pixels ke mostcritical step of objecbasedimage
analysis Using image objects instd of pixels providemanysuperioritiesn the LULC
mapping including faster process timdefining spatial features together with spectral
propertiesandminimizing thenoisegHay and Castilla, 2006 Although the superiority
of objectbased mapping of higlesolution imagery has been verified in a plenty number
of studies, the performance of this technique is affected by choice of optimal SP value for
the entire imag@Phiri and Morgenroth, 2017In other wods,theset of lower SP valige
leads tothe representatiorof a realearth object withmany segments, calledver
segmentationOn the other handyhen the larger size segments are constructeder
segmentation)the image object consists of a collectioh spectrally varying pixels
representing different LULC classéshoughenhancing the robustness of training data
and selecting advanced classification algorithms can handlewlesegmentation,
various approaches such as integiagiixel- and objectbased classification results have
been suggested to overcomm@dersegmentation problems and increase the accuracy of
map. The researchers reported that merging the advantages of pixebpuibased
classification techniques provides effective and nagrirate visual and statistical results
[Zhang and Tang, 2013]Salah, 2014].This thesis presents a novel threskHodded
hybrid classification approach to enhance the oljased classification accuracy by
solving theundersegmentation issudhe different threshold values were considered to

evaluatetheir impact on LULC accuracies. In addition, the performancéhehybrid

65



image classification strategyas compared the wial andquantitativeresults ofthe
widely-used two image classification techniqu&he obtainedfindings were deeply

discussedn the following sections.

5.1. The Impact of Threshold Values on Classification
Accuracy

Since the image objects obtained byeabbased image analysis are of different
sizes according to the LULC class they represent, their spectral variability is different.
Theoretically, if the class probability value of a given image object estimated by the
classification model is 1, the untanty of the segment is zero. Therefore, the segment is
named a homogeneous image object belonging to only a particular LULC class. In
practice, the probability values calculated for image objects in the digsetl image
analysis rarely take a value bflue to difficulties in the segmentation processUikder
segmentation errors. Therefore, the class probabilities of each image object were analyzed
to measure the uncertainty of an image object, and different threshold values (i.e., 60%,
70% and 80%jvere selected and their effects on classification accuracy were analyzed
thoroughly. In addition, by using various threshold values as a deemiker, it is
possible to analyze which of the pixel and obje&$ed classification results is more
effective and dominant in hybrid map productiom other words, jplying higher
threshold values tadentify homogeneous and heterogeneous segments leads to
decreasingthe segment numbers considered as pure andiddbeith objectbased
classifier therefore,the impact of pixelbased classification becomes dominant in the
hybrid-based thematic mapgdn the other handefining a lower threshold value increases
the number of segments whose class labels are determined byhasedtclassification.

The classificabn processes were conducted using a -Wwetiwn ensemble learning
method (RF) and two statd-art classifiers (XGBoost and CatBoost).
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Figure 5.1: The comparison of results of hyHsased maps generated using a) UAV,
and b) W\/2 images.

The overall accuracies the results of the UAV and satellite image were shown
with acolumn chart as illustrated in Figure 58k can be seethemapping of aerial and
WV-2 images by applyinthepresented classification technique resulted in over 89% and
91% OA values in all case®n the other hand, it was observed that the accuracies of
hybrid-based mapesf both imagegenerated by XGBoost and tBaost increased when
higher threshold values were skt.other words XGBoost and CatBoost mappedch
image with the lowest overall class accuracies by employing 60% threshold value,

whereas the highest OA values were computed 8@d#b threshold valuenithe fusion of
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pixel- andobjectbased resultdn addition,when the mapping results of the RF classifier
produced by using 60% and 80% threshold values were analyzeal observed that
there is an inverse relationship between the overall class amsicalculated from the
maps as mentioned abowe RF andthe results of other classifierds other words, the
thematic maps of both images generated by XGBoost and CatBoost applying 60%
threshold value have the lowest OA valugs, produced the thematmapswith finest

OA values by settinghe mentioned thresholdzurthermorewhen the statistical results
computed from all algorithms considering 70% threshold values for both imageries were
evaluated, it was seen that the estimated OA values were beteeancuracy of the
maps produced using the 60 and 80 threshold valirese findings can be relatedttze
pixel-based mapping performance of classification algorittinseries of studies have
confirmed that RBhowed inferioperformancen separating LULC class boundaries with
pixel-based classification using highsolution images compared to thkassification
performance of advanced ensemble learning algorifpuset al., 2015][Georganos et

al., 2018] [Colkesen and Ozturk, 2022Tonsequentlywhenpixel-based classification's
effect is minimalon the proposed hybrdased mapping, RF generated the best
classification results in terms of OA compared to results of XGBoost and CatBoost
estimatedrfom both images.

5.2.Quantitative Performance Assessment of Classification
Techniques

In this thesisthematic maps dheproposed classification technique were generated
employing three different threshold values and ensemble learning methods. In addition
the mapping performance of the suggested approach was compared against-the high
resolution UAV and satellite image classification performances of traditionatipaseld
and objectased classificationoncerningoverall and individual class accuraciésSj
The overall mapping accuracies of each technique calculated from RF, XGBoost
CatBoost were presented in Figure S\then the results of botmageriesvere analyzed,
it was seen thaabout 84% and 88% OA values were estimated from thematic maps

generated by pixdbased classification of UAV and W¥ images, respectively. On the
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other handwhen the objeebased mapping of UAV image was performed using three
algorithms about 88% of OA values we significantly higher than the results mkel-
based mapping of UAV imageere computedln addition the production of thematic
maps using W2 satellite image resulted over 89% overall class accurdtieseresults

of both imagerylearly showed that pixddased classificatiowas inferiorto objectbased
classification techniqugan terms of accuracgnapping accuracyOur findings contribute

to thecomparativeesultsof land cover mapping usirggh-resolution imagery conducted
by [Yan et al., 2006][Cleve et al., 2008][Kamal and Phinn, 2011]Colkesen and
Kavzoglu, 2017]
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When overall class accuraciesloéproposed technique computed for each imagery
were compared with the results of pixahd objectbased classification, it was observed
that the classification performancetbethresholdbased hybrid classification technique
outperformed to other classification techniques by generating higher OA values. In other
words, improvement in overall map accuracies of Ukatvareached up to 5% ar¥o by
implementing the suggested classification workflow compared to results of anel
objectbased maps, respectively. On the other hand, these increments were obtained as 4%
and 3% using satellite image. The researchers reported that more acamatkctinaps
are produced using superiorities of ppahd objectased techniques by combining their
resultsfMalinverni et al., 2011][Li et al., 2013] [Salah, 2014][Liu et al., 2021]and our
classification resudt verified the findings in their studies.

In this thesis, the LULC mapping performances of considered ensemble learning
methodswvere also analyzed and compar&d.can be seen frothe tables.2, whenpixel-
basedCatBoost showed superiperformance in th separation of LULC class boundaries
within bothimages compared to other pixd¢dased resultst was observed thatGBoost
more correctly determined the LULC labeisthe maps generated by performing object
based classificationConsequently, CatBoostnd XGBoost were more accurately
assigned the pixel and object labels, respectividig.studies performed bjGeorganos
et al., 2018hrd [Ozturk and Ctkesen, 2021binentionedhatalgorithms showed similar
classification performance® the obtained results in thigesis On the contraryRF
outperformed to statef-art classifiers using 60% threshdddsedhybrid classification
technique, whereasGBoost and CatBoost produced similar classification performance
in terms of OAIn the maps generated by applying 70% and 80% threshold valtres to
suggested classification approach.

In order to assess the statistical significance among the accurattiematic maps
generated using the three different classification techniquesic Ne mar 6 s test w
to the prediction results oéach LULC mapThe results of the evaluated classification
techniques produced from the same algorithm were analyzed paitwise comparison
The McNemar 6s t est -2rireages Weredllustdted ithBleg5.1laandd WV
5.2, respectivelyit should be noted thatB, O-B, H-B represent the pixddased, objeet

basedand proposed hybrid classification techniquespeesvely. When findings were
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analyzed, it was seen thalt tabular values were higher than the critical test value (i.e.,
3.84). In other words, there is a statistical significance between the accuracies of each
classification technique These results ofirmed that the proposed classification

technique outperformed to other two appraech

Table 5.1:Comparison of the performance of classification techniqué$fdn image
using McNemar's test

Algorithm Technique P-B O-B 5 5 5
60%) | (70%) | (80%)
PB T | 22651 | 5295 | 20388 | 23556
OB i 1039.26 | 1056.09 | 739.17
L H-B (60%) i 0189 | 25.73
H-B (70%) i 3.1
H-B (80%) i
PB T | 23077 | 12079 | 23.75 | 4.46
- OB i 97.13 | 40032 | 75045
8 H-B (60%) i 32429 | 605.25
2 H-B (70%) i 27954
H-B (80%) i
PB i 11248 | 1021 | 6932 | 213.63
. OB i 72440 | 887.10 | 947.37
é H-B (60%) i 17454 | 267.99
S H-B (70%) i 100.66
H-B (80%) i

To analyze the variations in the cldsssed accuracies in the maps of UAV images,
the FS values of all considered techniques calculated from each algorithm were converted
into a column chart as shown in Figure 5.3. The figure clearly showed thadiVidual
class accuraciesf bare soil, forest, and meadow were improved by performing the hybrid
classification technique in all scenarios compared to results of-gnxkebbjectbased
mapping. In addition, the pixddased classification showed inferior merhance in
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separating meadow and forest class borders. On the other haewl theFS value of
impervious surface reached the highest accuracy in the map of the suggested approach,
which employs 80% threshold value generated by RF classifier, the FS lues
mentioned class significantly decreased in the maps of XGBoost and CatBoost algorithms.
On the other hand, it was found that the pbaéed classification determined the class
boundaries of shadow with the highest accuracies. Furthermore,-bagatfXGBoost

more correctly assigned the labels of-tib@f compared to results of other classification

techniques estimated from RF and CatBoost.

Table 5.2:.Comparison of the performance of classification techniques or2\WWivage
using McNemar's test

Algorithm | Technique P-B O-B s e s
(60%) (70%) | (80%)
P-B - 352.03 | 1259.13 985.25 | 914.35
O-B - 5.84 4.01 5.83
L H-B (60%) - 286.55 | 375.47
H-B (70%) - 85.50
H-B (80%) -
P-B - 288.09 713.43 1030.25 | 990.42
5 O-B - 148.09 258.73 | 138.54
,§ H-B (60%) - 81.22 | 53.77
9 H-B (70%) - 4.84
H-B (80%) -
P-B - 257.91 734.15 990.60 | 1086.64
7 O-B - 370.53 155.52 | 514.38
é H-B (60%) - 100.41 | 143.74
S H-B (70%) i 112.05
H-B (80%) -
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Figure 5.3: The comparison of clasased accuracies of each classification technique
calculatedby a) RF, b) XGBoost and c) CatBoasting UAV image
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Figure 54: The comparison of clagssed accuracies of each classification technique
calculatedoy a) RF, b) XGBoost and c) CatBoost usify-2 image.

74



The classhased accuracy results of thematic maps generated by2 W&ing
mentioned classification techniques were presented in Figurd$ehn be seenyhen
all combinations othe proposed classification technique more correctly determined the
boundaries othe forest, impervious surface, shadow, steppel tileroof classes, the
pixel-based technique outperformed other techniques in the classificatioapafiol and
white surfaceclassesOn the other hand, similar resultsere obtained for forest and
meadow classéas all casesAs a resultthe implementation of threshelthsed approach
showed more effective performance in classifying rhbitC classes determined in input

images

5.3.Qualitative Performance Assessment of Classification
Techniques

In order to perform further analyses on thelitativeperformancecomparisorof
theproposed classification strategy in the mapping of-nggolution images against two
well-known clasification techniquesparticular region®f both remote sensing images
were evaluated-or this, eight subegionswere determineth theUAV image and visual
results of each technique in these regions were extrageshown in Figure 5.5%Vhen
the clasification results o#rtificial structures representing impervious surface and tile
roof classes were given between regiband 3the mapping results of other classes were
illustrated from region 4 to region 8he areas where the main classificatidgifedence
occurred weremarked with black and white dashed circleshould be noted thahe
result of the algorithm that produced the map with the highest OA value in the visual
performance comparisamasutilized. It was observeth the true color image of region 1
that thetile-roof's color turned yellow due tmoss.When the maps of this region were
analyzed pixels representing the mossie roof generally assigned to bare soil LULC
class bypixel-based technige On the othehand, the labels of mentioned pixels were
correctly classified by performingbjectbased classificatiorHowever,it was observed
that pixels corresponding tampervious surfacéULC class wergredicted agile-roof
by objectbased approachks shown wh a dashed circleFurthermoregach scenario of

the suggested hybrid classification successfully eliminatedctassification errors of
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pixel-basedtechniqueby employing the correctly classified segmetiteough object
based resulin contrastthe boundaries otheimpervious surfacererecorrectly extracted
using this region's pixddased result

The sub figures of region 2 presented the mapping results of impervious surface,
shadow and tileoof classesAs can be seen, pixblased classification skwed inferior
performance irseparating class border of impervious surface angddg whereas the
smoother and more accurate map was produced by digset classificatiorOn the
other hand, objedbased classification misclassified the shadow piketsveen the two
classes, whilst the pixdlased technique was more successful for labelling the shadow
class in the marked areas. When the visual performance of the thrbakeltl hybrid
classification approach was analyzed, it was observed that thedr@msof mentioned
three classes were effectively mapped by employing 70% and 80% threshold values. In
addition, the more satisfactory visual result was produced by applying 60% threshold to
the proposed strategy compared to the results of two witkegtechniques.

Region 3 shows the mapping resultlodimpervious surface clasé/hen each map
was assessed, it was seen thiael-based classification outperformed to objeated
techniqueOn the other handhe pixetbased classification and the 60% thresHmdded
hybrid approach showed similar performarnoeaddition, when 80% threshold value was
set, more accurate visuahps were generated comparethtperformance ofthehybrid
technique, employing 70% threshold.

The performance comparison results of each techniquemapping pixels
representing shadow and forest were illustrataegion 4. When sukfigures were
analyzed, it was observed thmainyforest pixels were assigned ttte meadow class in
the pixelbased map. In additioa]though the boundaries of forest class were determined
with smoother visual by employinghe objectbased techgue and hybridbased
approach which uses 60% thresholthe most suitable maps were generated lblge
suggested classification strategy using 70% and 80% threshold values.
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Figure 55: Visual assessment of classification techniquesg UAV image.
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