ISTANBUL TECHNICAL UNIVERSITY * GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

RANDOM FOREST CLASSIFICATION OF TOMATO FIELDS
WITH PLANET SATELLITE IMAGE DATA
AND ACCURACY ASSESSMENT

M.Sc. THESIS

Betiil SALLI

Department of Geomatics Engineering

Geomatics Engineering Programme

JULY 2020






ISTANBUL TECHNICAL UNIVERSITY * GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

RANDOM FOREST CLASSIFICATION OF TOMATO FIELDS
WITH PLANET SATELLITE IMAGE DATA
AND ACCURACY ASSESSMENT

M.Sc. THESIS

Betiil SALLI
(501171608)

Department of Geomatics Engineering

Geomatics Engineering Programme

Thesis Advisor: Prof. Dr. A. Filiz SUNAR

JULY 2020






ISTANBUL TEKNIK UNIVERSITESI * FEN BILIMLERI ENSTITUSU

PLANET UYDU GORUNTU VERILERIYLE YUKSEK DOGRULUKLU
DOMATES URUN TIiPi SINIFLANDIRMASINDA RASTGELE ORMAN
SINIFLANDIRMA YONTEMININ KULLANIMI VE DOGRULUK ANALIZIi

YUKSEK LISANS TEZI

Betiil SALLI
(501171608)

Geomatik Miihendisligi Anabilim Dah

Geomatik Miihendisligi Programm

Tez Damismani: Prof. Dr. A. Filiz SUNAR

TEMMUZ 2020






Betiil SALLI, a M.Sc. student of ITU Graduate School of Science Engineering and
Technology student ID 501171608, successfully defended the thesis entitled “RAN-
DOM FOREST CLASSIFICATION OF TOMATO FIELDS WITH PLANET SATEL-
LITE IMAGE DATA AND ACCURACY ASSESSMENT”, which he/she prepared af-
ter fulfilling the requirements specified in the associated legislations, before the jury
whose signatures are below.

Thesis Advisor : Prof. Dr. A. FilizSUNAR
Istanbul Technical University

Jury Members : Prof. Dr. Nebiye MUSAOGLU ..o,
Istanbul Technical University

Prof. Dr. Fiisun BALIK SANLI ...
Yildiz Technical University

Date of Submission : 15.06.2020
Date of Defense :16.07.2020






vii

To my nephew,






FOREWORD

This thesis is the final work of my Master study at Istanbul Technical University. The
basis of this research withstand our passion for better agriculture. As the population is
increasing and the world is moving further in the digital age, there is a higher need to
make agriculture more sustainable and productive with emerging technology.

Indeed, I could not have achieved my current level of success without a strong support
group. First of all, I would like to thank Professor Filiz Sunar, my supervisor, who
supported me with helpful discussions, provided advice with patience, and teaching
me how to do high-quality science in a short time. It was an honor for me to have the
opportunity to work with her. Secondly, I wish to thank my supportive and pathfinder
managers, Tanzer Bilgen and Selim Ucer, and Doktar, due to pave the way for this
unique work. Then, I owe a big thank to Batuhan Kavlak, my colleague at Doktar, for
his efforts to help me and improve my thesis. It is a great chance for me to work with
the Doktar team. I am grateful to my family for their unwavering supports with love,
patience, and understanding. I also with great thanks to my friends and colleagues for
their hidden but effective supports with lighting up my way.

I would like to thank Tat Gida, the greatest tomato paste company in Turkey,
for providing supports to conduct this work. Finally, I am thankful to Benjamin
Trigona-Harany and the Planet team for providing satellite imagery of this research
and guiding me on the data.

July 2020 Betiil SALLI
(Geomatics Engineer)

iX






TABLE OF CONTENTS

Page
FOREWORD.....ucotiiiiniinininsninsnnssecsnnssisssissesssissesssessssssessasssssssssssssssssssssessassssssssssess ix
TABLE OF CONTENTS....uuuiitiitiininnnicnensnissnsssisssecsssssssssssessssssssssssssssssssasssss xi
ABBREVIATIONS . oo Xiii
LIST OF TABLES ....uooiiiieniineinnicsninsensssecssnsssnssssssssssssassssssssssssassssssssssssssssssssssess XV
LIST OF FIGURES . . . . «ee XVii
SUMMARY eeee XiX
OZET - " . Xxiii
1. INTRODUCTION ..... 1

1.1 PUIPOSE Of TRESIS .eeuviiiiiiiiiiieniiieeiteet ettt ettt ettt 2
1.2 LAterature REVIEW .........c.coiiiiiuiiiiiiieeiieiteeeet ettt sttt s 3

2. REMOTE SENSING TECHNOLOGY .... 7
2.1 REMOLE SENSING ....eouveeniiiiiiiiieiieeeete ettt sttt ettt et e reesaeeseneeneenn 7
2.2 Electromagnetic Spectrum (ES) .......cccccoeiiiiiiiiiieeieeeeee e 8
2.3 Atmospheric INtETaCtioNnsS...........eevvuiiiriieeiiieeniee ettt 9
2.4 Spectral RefleCtanCe ...........oeveviuiiieiiiiieeeiieeeee et 11
2.4.1 Vegetation refleCtance ...........eeevveeeiiiieriiieeieeciee e 12
2.4.2 Factors affect the vegetation reflectance ...........ccocceevvieeiiieenieeiiicenieennne. 13
2.4.3 Spectral reflectance of tOMALO..........ceevvireiiieriie e 15

3. USE OF REMOTE SENSING TECHNOLOGY IN AGRICULTURE........... 19
3.1 Importance of Remote Sensing Technology in Agriculture............ccccceeuneeneee. 19
3.2 Applications of Remote Sensing Technology in Agriculture..............c........... 20
3.3 Tomato CUltIVALION ....c..eerueiriiiiiiiiierieeteee et 21

4. SATELLITE DATA USED .....couiiiiiiniinninsnnnsiisssissnnssssssssisssssssssssssssssssssesssssssssns 23
5. METHODOLOGY .... . . . ceeesssesssisssnessaesssissnessasnnne 29
5.1 Pre-ProCeSSING c....eeiiuiieiiiieeiie ettt ettt ettt ettt ettt 29
5.2 Spectral INAICES ....ccouueiiiiiiiiiiiiieeee et 31
5.3 GLCM TeXture FEatUIes ........cooueeruiiriiiiieiieniieeieeieeiee ettt 34
5.4 ITmage ClassICAtION ......ccceevviriiiirienierieeeest et 36
5.4.1 Random forest (RF) ... 37
5.4.2 Stratified k-fold cross-validation (CV) ........ccoovvvveeeiiieiiiiinreeieeeeeccineeeenen. 40

5.4.3 ACCUTaCy ASSESSIMENLS ....cuverureeurienirenireeteenteeeeeereereeseeereesreesenesneereenanes 42
5.4.3.1 Accuracy assessment With error MatriX .......c.ceeeveeerveeriieeeneeensneeennnen. 42

5.4.3.2 Accuracy assessment with bootstrapping .........ccecceeeveevveniersieenneennne. 43

6. APPLICATION AND RESULTS... ceeessesssissstesstesasessstssstsnteaseasnans 47
6.1 STUAY ATCA ....ueiiiiiieeiie ettt ettt e e site e et e et e st e e s ebeeeabeesabeeenneas 48
6.2 DAtaset USEd ....coueeiriiiiiiiieiiie ettt ettt 49
6.2.1 Satellite TMAZES «..eveeeueeeeiiieeiie ettt 49
6.2.2 Ground truth data..........ccoeeeiiiiiiniereeecee e 50

X1



6.3 Pre-ProCeSSING . c..eeruviiiiiiieniieeieeeestee ettt sttt 51

6.4 SPectral INAICES ...cevvuveiieeiiiieeie ettt e e e e s e e 51
6.5 Texture Feature SEleCtiON .........ccocuvveiieeeeieiiiieeeee e etaeeeee e 54
6.6 ClaSSITICATION ...vvvveveeiiieiieeeeeeeeeeeeeeee e e e et e e e e e e e e e e e e sssnssasanannes 58
6.6.1 RF classification SCENArio 1 ..........ccoovvvuveeiiiiiiiiiirieeiee e 60
6.6.2 RF classification SCENATIO 2 .......ooeeeeeieieieieeeeeieiiieeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeas 64

6.6.3 RF classification SCENATIO 3 ........ccoovvvvvieriieeiiiiiiieeeeeeeeeeiree e e e eeenaiereeee s 68

7. CONCLUSIONS.... 71
REFERENCES 75
APPENDICES 85
APPENDIX A oot e et e e e s e e e e e e 87
APPENDIX Bi.....oooeiee ettt e e et e e e et 93
APPENDIX C...c.oooteeeeee ettt e et e e e e s et ae e e e s s ennaaaneeas 101
CURRICULUM VITAE . 107

Xii



ABBREVIATIONS

FAO
RF
NDVI
ASM
MOC2
Cv
GLCM
EVI
SVM
DT
ML
NDWI
V1

ES

IR

GIS

PS
GSD
GCP
DEM
WGS84
UTM
SR
LUT
6S
MODIS
NRT
FLAASH
NIR
RVI
SAVI
TVI
PVI

: Food and Agriculture Organizations of the United Nations
: Random Forest

: Normalized Difference Vegetation Index

: Angular Second Moment

: Information Measures of Correlation 2

: Cross-Validation

: Gray Level Co-occurrence Matrix

: Enhanced Vegetation Index

: Support Vector Machine

: Decision Tree

: Maximum Likelihood

: Normalized Difference Water Index

: Vegetation Index

: Electromagnetic Spectrum

: Infrared

: Geographic Information Systems

: PlanetScope

: Ground Sampling Distance

: Ground Control Point

: Digital Elevation Model

: The World Geodetic System 1984

: Universal Transverse Mercator

: Surface Reflectance

: Lookup Tables

: Second Simulation of a Satellite Signal in the Solar Spectrum
: Moderate Resolution Imaging Spectroradiometer
: Near-Real-Time

: Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes
: Near-Infrared

: Ratio Vegetation Index

: Soil-Adjusted Vegetation Index

: Transformed Vegetation Index

: Perpendicular Vegetation Index

Xiil






LIST OF TABLES

Page
Table 4.1 : Spectral resolutions of Planet satellite images. ........c.ccceeveeveerierueenneens 24
Table 4.2 : Processing levels of PS satellite image products...........ccccecvveeivveennennns 24
Table 5.1 : List of the most common vegetation indiCes...........ccceevvuveerieerreeenneenn. 33
Table 5.2 : Some of the most popular GLCM texture features. .........cc.cccoceeecueenneee 36
Table 6.1 : Dates of used satellite images USed. ........ccceevvrercireenieeniieeniee e 50
Table 6.2 : The number of polygons in both training and test sets. ........cc..cccevuuen. 51
Table 6.3 : General NDVI values for various land surface features......................... 52
Table 6.4 : An example of the texture features used in the image of 30 July ......... 54
Table 6.5 : Details of all classifications performed. ..........cccccovveriieiieniieniencennneens 59
Table 6.6 : Input parameters of the RF algorithm. .........ccccooovviiiiiniiiiniieieee, 61
Table 6.7 : The accuracy results for each classification of Scenario 1.................... 61
Table 6.8 : The properties of the computer units used in this study.............cccc..... 64
Table 6.9 : The accuracy results for each classification of Scenario 2.................... 65
Table 6.10 : The accuracy results for each classification of Scenario 3. .................. 69

XV






LIST OF FIGURES

Figure 2.1
Figure 2.2
Figure 2.3

Figure 2.4
Figure 2.5
Figure 2.6
Figure 2.7
Figure 2.8
Figure 2.9
Figure 2.10
Figure 2.11
Figure 2.12

Figure 2.13

Figure 3.1
Figure 3.2

Figure 3.3

Figure 4.1
Figure 4.2
Figure 4.3

Figure 5.1
Figure 5.2
Figure 5.3
Figure 5.4
Figure 5.5
Figure 5.6
Figure 5.7
Figure 5.8
Figure 5.9
Figure 5.10
Figure 5.11
Figure 6.1
Figure 6.2
Figure 6.3

Page
: Passive remote sensing procedure. ..........couueerverenieeniieeenieennieeeneee e 8
: Regions of the ES.......oooiieeeec 9
: Atmospheric interactions during the travelling of energy in the
ALMOSPRETE. ....eiiiiiiiiiiieee e 10
: Interactions of the incident light with the leaf. ................ccceciiii. 11
: Spectral reflectance curves of water, green vegetation, and soil........ 12
: Spectral reflectance curve of green vegetation. ...........cceccveeeeuveennnennn. 13
: Factors affecting spectral reflectance of objects. .........cccecveeriiieinneen. 14
: Tomato Growing CyCle.......coccueiviiiiiiiiiiiiiiiieeee e 15
: Diagram of the tomato life cycle. ........cccoeviieriiiiniiiniieeeeee 16
: Spectral signatures of citrus, tomato, sorghum, and cotton. .............. 16

: Spectral reflectance characteristics of different tomato fruit stages. . 17
: Spectral characteristics of healthy/diseased with early/late blight
LOTNIALO CTOPS. 1o eeieieeeieeeieee e e ettt eee e e e e e eeeeeeeees 18
: Spectral characteristics of soil, healthy, unhealthy, and nitrogen
EfICIENTE CTOPS. .ecnviiiiiiieiieeet ettt 18
: Production quantities of tomato, average between 1992 to 2017. ..... 21
: Avg. tomato production of the top 10 producers in global tomato
production between 1998-2018..........ccoovieriieiiiieriieeieeree e 22
: The most common tomato growing districts and their volumes
ACTOSS TUTKEY. «.eeeuiiieeiiieeiiiecee ettt s 22
: Planet’s Dove Satellites. ......ccoeviiiiiiiiniiiiiiiieeieceieeeeeeee e 23
2 PS product offerings ......ccccvveeevoiieeiiiiieeeee e 25
: Comparison of Planet’s SR (at the top) and ToA (at the bottom)
IIMAZES. ..veeeuiteeiteeette et e ettt e ettt e ettt e eateesbeeesabeesbeeesabeesabeeesabeesbeeeeanee e 26
: Atmospheric effects on incident and reflected energy. ...................... 30
: Example of image mosaicKing.........ccoceevveevienienienieenieneeeeceeeen 30
: Vegetation indices prinCiple. ........oecveeeciieeiiieniieeiiee e 31
: NDVI profile of tomato crop from sowing to harvest date. ............... 34
2 GLCM dITECHIONS. .eeuuieeniiieeiieeiieeeite ettt ettt 35
: The components of @ DT........coooiieiiiiiiiiiieeeee e 38
2 REF SITUCTUTE. ..ttt 38
: [Mlustration of the K-Fold CV process........cccceeveerieeriieeniieeeieenienns 41
: Sampling methodologies of K-Fold and Stratified K-Fold CVs........ 41
: EXample error MatriX. ......eeevieeeriieiiieenieeeieeeeee ettt 42
: Sampling methodology of Bootstrapping. .........ccccceevvvveerveersieeenneenns 44
: Flowchart used in the study..........ccccooieniiiiiniiniiccceeee, 47
: The map of the study area located in Karacabey, Bursa, Turkey. ...... 49
: Multi-temporal NDVI images. ........cccoeeueeeriieniiieinieeniieeieeeiee e 53

Xvil



Figure 6.4
Figure 6.5
Figure 6.6
Figure 6.7
Figure 6.8
Figure 6.9

Figure 6.10
Figure 6.11
Figure 6.12
Figure 6.13

Figure 6.14
Figure 6.15

Figure 6.16
Figure 6.17
Figure 6.18
Figure A.1
Figure A.2
Figure A.3
Figure A4
Figure A.5
Figure A.6
Figure A.7
Figure A.8
Figure A.9
Figure B.1

Figure B.2
Figure B.3
Figure B.4
Figure B.5
Figure B.6
Figure B.7
Figure B.8

Figure B.9

Figure B.10 :

Figure B.11 :

: NDVI signatures of nine different crops growing in the study area. . 53

: Time-series of the “Contrast” feature. ..........ccocevveerieeneenicnieeneennee. 55
: Time-series of the “ASM” feature..........ccceecuveeeriiieeenciieeeeiieeeeeen 56
: Time-series of the “Entropy” feature. .........ccceecvveviieiniieeniiienieeeen, 57
: Time-series of the “MOC2” feature. .........coceeeveeerieeinieeniieenieeeenn 57
: The methodology used in three types of classification & accuracy
ASSESSIMENT SCENMATIOS. .vveeeeurrrreerurreeereerreeeaireeeesiseeeeassseeeessssseeessssseeennes 60
: Graphic representation of RF classification scenario 1 results. ......... 62
: The best mono-temporal RF classification case for scenario 1.......... 62
: The best multi-temporal RF classification case for scenario 1. ......... 63
: Bootstrapping histogram with average accuracy and confidence
intervals for the 6th classification case. ........cccoccveeeriiieeeriieeeeeiieeens 65
: Alluvial diagram of CaSE 6. .....ccveeeiiieiiieeiiieciee e 66
: Bootstrapping histogram with average accuracy and confidence
intervals for the 15th classification case. ........ccceevveereieiniieeiieeniens 67
: Alluvial diagram of case 15. ......cceoviieriiiiniieeieee e, 67
: Alluvial diagram of scenario 3, case 4........ccccevueeriieinieenieeenieennnen. 69
: Alluvial diagram of RF classification scenario 3, case 15................. 70
: Time-series of the “Correlation” feature............ccoeceeevieeniieenieennnen. 87
: Time-series of the “Difference Entropy” feature. ........c.cccccceevveeneen. 87
: Time-series of the “Difference Variance” feature. ..........c.cccocueenennee. 88
: Time-series of the “Sum Entropy” feature..........cc.ccccooveeriiiinennnnnen. 88
: Time-series of the “Inverse Difference Moment” feature.................. 89
: Time-series of the “Information Measures of Correlation 1” feature.89
: Time-series of the “Sum Average” feature. ..........ccccevvveeevviercreeennnn. 90
: Time-series of the “Sum Variance” feature............cccceeveeniennieeneene. 90
: Time-series of the “Variance” feature. ...........ccceccvveeeveiveeencieeeeennen. 91
: Bootstrapping histogram with average accuracy and confidence
intervals for the 1st classification Case. .........cccoevuveeeriieeeeriieeeeiiieeens 93
: Bootstrapping histogram with average accuracy and confidence
intervals for the 2nd classification case..........ccoccveeeriveeeeicieeeeiiieeens 93
: Bootstrapping histogram with average accuracy and confidence
intervals for the 3rd classification case. .........ccoccveeeriieeeeeiieeeceiieees 94
: Bootstrapping histogram with average accuracy and confidence
intervals for the 4th classification Case. .........ccoceevverveeneeniicnseeneenne. 94
: Bootstrapping histogram with average accuracy and confidence
intervals for the 5th classification case. .........ccoceeceerieenecnicnieeneenne. 95
: Bootstrapping histogram with average accuracy and confidence
intervals for the 7th classification case. .........ccocceeeverveenecnicniceneenee. 95
: Bootstrapping histogram with average accuracy and confidence
intervals for the 8th classification case. .........ccoceveverveenecnicniiceneenne. 96
: Bootstrapping histogram with average accuracy and confidence
intervals for the 9th classification case. .........ccoceevvvervieenicnicniceneenne. 96
: Bootstrapping histogram with average accuracy and confidence
intervals for the 10th classification case. ........c..ccecuervieeneenicnsieeneennen. 97
Bootstrapping histogram with average accuracy and confidence
intervals for the 11th classification case. .........cccecuerveenienicnsiceneennen. 97
Bootstrapping histogram with average accuracy and confidence
intervals for the 12th classification case. .......c.ccceeerveenienicnsiceneennen. 98

XViil



Figure B.12

Bootstrapping histogram with average accuracy and confidence

intervals for the 13th classification CaSe. .........ccccuvvvveeeeeeeeeeeeeeeeeeeeeennn. 98
Figure B.13 : Bootstrapping histogram with average accuracy and confidence
intervals for the 14th classification CaSe. .........cccuvevveeveveereeeeeeeeeeeeenns. 99
Figure B.14 : Bootstrapping histogram with average accuracy and confidence
intervals for the 16th classification Case. ........cccccoeevevvvreeeeeeeeicnreeeennen. 99
Figure B.15 : Bootstrapping histogram with average accuracy and confidence
intervals for the 17th classification Case. ..........ccceevvvvvveeeeeeieiivveeeeennn. 100
Figure B.16 : Bootstrapping histogram with average accuracy and confidence
intervals for the 18th classification Case. ..........cccoevvvvveeeeeeeeriiveeeneenn. 100
Figure C.1 : Thematic map of RF classification scenario 3, case 4, fold 1I........... 101
Figure C.2 : Thematic map of RF classification scenario 3, case 4, fold 2........... 101
Figure C.3 : Thematic map of RF classification scenario 3, case 4, fold 3........... 102
Figure C.4 : Thematic map of RF classification scenario 3, case 4, fold 4........... 102
Figure C.5 : Thematic map of RF classification scenario 3, case 4, fold 5........... 103
Figure C.6 : Thematic map of RF classification scenario 3, case 15, fold 1......... 103
Figure C.7 : Thematic map of RF classification scenario 3, case 15, fold 2......... 104
Figure C.8 : Thematic map of RF classification scenario 3, case 15, fold 3........ 104
Figure C.9 : Thematic map of RF classification scenario 3, case 15, fold 4......... 105
Figure C.10 : Thematic map of RF classification scenario 3, case 15, fold 5......... 105

X1X






RANDOM FOREST CLASSIFICATION OF TOMATO FIELDS
WITH PLANET SATELLITE IMAGE DATA
AND ACCURACY ASSESSMENT

SUMMARY

The importance of agriculture is significant since the foods produced by agriculture
are the fundamental source of human and animal life. However, due to the rapidly
increasing population growth, reliable and sustainable agricultural planning is required
for sufficient production. Otherwise, food wars that will occur with loss of life due to
hunger cannot be prevented.

The most effective way to ensure sustainability and reliability in agriculture is to
provide developed and emerging technologies to all stakeholders in the agricultural
chain and integrate them into each production step. Remote sensing is one of the
most suitable technologies that can be integrated into agricultural production. Remote
sensing technology, which enables to monitor large areas using imaging sensors,
provides a broader perspective to decision-makers by giving them a chance to plan
local, regional, and even global production. One of the most important outputs of
remote sensing technologies that will contribute to the plans is crop type maps. There
are lots of studies in the literature about this topic.

Tomato has a vital role around the world with the amount of fresh consumption and
industrial production. Turkey ranks fourth place across the globe at tomato production,
according to FAO’s (Food and Agriculture Organizations of the United Nations) latest
25-year averages. Its fertile soil and favorable climate with having four seasons are
the most significant factors of Turkey’s share in the tomato production. Considering
both the contributions of remote sensing technology to the agricultural chain and
the position of tomato in agricultural production, seasonal tomato cultivation maps
with several regional breakdowns are of great importance for production planning and
will be an inevitable necessity soon. Despite these requirements, it is challenging to
detect tomato plantations with satellite imagery due to the similar spectral signatures
of tomato and various horticultural products grown together. Therefore, there are
not enough studies in the literature regarding the highly-accurate detection of tomato
cultivation areas with satellite data. In this context, this thesis study is a research
conducted to make more accurate thematic mapping required in tomato production.

The main purpose of the study is to make highly-accurate tomato cultivation area
detection with satellite images. To this end, classifications and accuracy assessments
were done with the Planet images, which is one of the world’s largest satellite
constellations, having high temporal and spatial resolution. The study area was in
Karacabey, which is one of the most significant tomato growing regions of Turkey.
A total of 18 satellite images were utilized in the study from March to August.
Based on the general sowing and harvesting dates of open-field tomato plant growing
in Karacabey, the period from the beginning of the sowing to the peak of tomato
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plant greenness was taken into consideration. This is the growing period that covers
approximately 80% of tomato crops’ phenological development. In this period, the
attention was paid to the selection of cloudless (not having any atmospheric effects)
images. In the classification, Random Forest (RF), which is one of the most preferred
methods by many researchers due to its more accurate results, was used. A fieldwork
has been conducted to create a training set for the RF classification, which is a
supervised machine learning method that can operate lots of DTs (decision trees). The
training set includes ten different crops grown in the region during the relevant period.
However, in order to increase the classification accuracy, different image features are
integrated into the original image dataset as new variables. The features are NDVI
(Normalized Difference Vegetation Index), one of the most common vegetation indices
and ASM (Angular Second Moment), Entropy, and MOC2 (Information Measures of
Correlation 2) GLCM (Gray Level Co-occurrence Matrix) texture parameters. The
contributions of features to the classification accuracy were analyzed independently,
considering the classification of single and/or different multiple combinations of these
features. On the other hand, as well as image features, the use of mono-temporal
and multi-temporal satellite images were evaluated in the tomato crop classification.
In order to achieve this, single/multiple feature combinations were created and
added as variables to both mono-temporal and multi-temporal datasets. Finally, the
classification results were compared.

One of the most critical steps in the classification of satellite images is the accuracy
assessment. This is because the accuracy assessment gives different results depending
on the method chosen and how closely the data used to test accuracy represent the
region. Several statistical methods are available in the literature to obtain the most
accurate accuracy results with a limited number of available data. In this study, besides
the accuracy assessment of the RF classification, the Bootstrapping method was used
to determine the reliability of the test data collected by both fieldwork and visual
interpretation. This method performs a considerable number of accuracy assessments
with different combinations of test data, preventing biased results associated with a
single data set and also determining a confidence interval for the obtained accuracy.

On the other hand, collecting precise and reliable data with fieldwork is a challenging,
time-consuming, and costly process. Therefore, in this study, if sufficient test data
could not be collected, how the tomato classification results would be evaluated and
how they would differ in the accuracy assessments made with the test data were
analyzed. Based on this, Stratified K-Fold Cross-Validation (CV) was performed
with RF classification. The training and test data used before were combined, and
a single data set was created. The data set was divided into five equal folds, and
the classification was iterated until each fold was used for the test. The classification
accuracy was determined by averaging the results of each fold.

When all classification and accuracy assessment results with single/multiple feature
combinations of mono-temporal/multi-temporal datasets were examined, it was seen
that the combination of NDVI, ASM, and Entropy with multi-temporal 4-band satellite
image gave the highest accuracy. On the other hand, it was concluded that the MOC2
texture feature has not contributed to the classification results. For the results of all
single/multiple feature combinations, the accuracy of mono-temporal classifications
was found to be 10% to 15% lower than multi-temporal classifications.
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The accuracy analysis results showed that the reliability of the test data used was most
likely within the 5% confidence interval. Finally, it is emphasized in the results section
that the CV method is reliable and can be used when there is no test data because it has
been found that the same combination of data and features gives the highest accuracy
even if there is not enough test data.
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PLANET UYDU GORUNTU VERILERIYLE YUKSEK DOGRULUKLU
DOMATES URUN TiPi SINIFLANDIRMASINDA RASTGELE ORMAN
SINIFLANDIRMA YONTEMININ KULLANIMI VE DOGRULUK ANALIZI

OZET

Giintimiizde, insan ve hayvan yasaminin devamliligi tarimla iiretilen besinlerle
saglandigindan tarimin Onemi son derecede biiyiiktiir. Ancak hizla artan niifus
artist nedeniyle, yeterli liretimin yapilabilmesi i¢in dogru ve siirdiiriilebilir tarim
planlamasina gereksinim vardir. Aksi halde aclik sebebiyle yasanabilecek can
kayiplarinin beraberinde ortaya ¢ikacak gida savaglarinin 6niine gecilemez.

Tarimda siirdiiriilebilirligi saglamanin en etkili yolu, gelisen ve gelismekte olan
teknolojileri, tarimsal tiretim siirecindeki tiim paydaslara ve her bir asamaya entegre
etmektir. ~ Uzaktan algilama, tarimsal iiretime entegre edilebilecek en uygun
teknolojilerden biridir. Tek seferde goriintii alimi ile olduk¢a genis alanlarin
izlenmesine imkan saglayan bu teknoloji, lokal, bolgesel ve hatta kiiresel olgekte
tretim planlamasint miimkiin kilarak karar vericilere daha genis bir perspektif
sunar. Uzaktan algilama teknolojilerinin bu planlamalara katki saglayacak en 6nemli
ciktilarindan biri iiriin deseni haritalaridir. Bunun i¢in literatiirde bir¢cok c¢alisma
mevcuttur. Ozellikle hasattan 6nce elde edilen bolge bazli iiriin tipi haritalar ile ilgili
tirtinlere ait iiretim durumu belirlenerek pazar hakimiyeti saglanabilir, piyasadaki fiyat
dalgalanmalarinin Oniine gecilebilir ve fabrikalarin sezon sonu kapasiteleri i¢in bir
ongorii elde edilebilir. Bununla birlikte bakanliklar ve tarimsal sigorta sirketleri icin
beyan kontrolii saglanarak giiven ortami olugturulabilir ve haksiz uygulamalarin 6niine
gecilebilir.

Diinya genelinde domates, sofralik tiiketim ve endiistriyel iiretimde onemli bir paya
sahiptir. Tiirkiye ise FAO’nun (Gida ve Tarim Orgiitii) son 25 yillik ortalamalarina
gore diinya genelindeki domates iiretiminde Cin, Amerika ve Hindistan’dan sonra
dordiincii siradadir.  Dort mevsimi yasayan elverigli iklimi ve verimli toprak
yapisi, Tirkiye’nin domates iiretimindeki bu paymnin en onemli etkenidir. Hem
uzaktan algilama teknolojisinin tarim zincirine katkilar1 hem de domatesin tarimsal
tiretimdeki pay1 diistiniildii§iinde, farkli bolge kirilimlarinda sezonluk domates ekim
alanlarinin tespitiyle olusturulan iiriin deseni haritalari, iiretim planlamalart ic¢in
biiylik bir dneme sahiptir ve yakin gelecekte bu teknoloji kaginilmaz bir gereklilik
olacaktir. Bu gereklilige karsin domates bitkisinin ayni bolgelerde yetistigi cesitli
meyve ve sebzelerle gosterdigi benzer spektral ozellikler, uydu goriintiileri ile
tespitini zorlagtirmaktadir. Bu nedenle literatiirde, uydu goriintiileri ile yiiksek
dogruluklu domates ekim alani tespiti konusunda yeterli sayida calisma yoktur. Farkli
iklim ve toprak yapisina sahip bolgelerde otomatik/yar1 otomatik ¢alisabilecek iiriin
tipi siniflandirma algoritmalarinin gelistirilmesine ihtiya¢ vardir. Gelistirilebilecek
yontemlerin Ozellikle domates bitkisi i¢in de yiiksek dogruluklu sonug¢ vermesi
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onemlidir. Bunun icin Oncelikle domates bitkisinin tespit edilebilecegi en uygun
veri setleri ile bunlarin kombinasyonlar1 degerlendirilmeli, yersel ¢alismalardan elde
edilen veriler ile en uygun siniflandirma algoritmasi belirlenmelidir. Bu baglamda
bu tez ¢alismasi, domates iiretiminde ihtiya¢c duyulan daha dogruluklu tematik harita
tiretimine yonelik yapilmis olan bir aragtirma calismasidir.

Calismanin temel amaci, uydu goriintiileri ile yliksek dogruluklu domates ekim alan-
larinin tespitinin yapilmasidir. Bu amagla, Tiirkiye’nin domates yetistiriciliginde en
onemli bolgelerinden biri olan Karacabey’de, diinyanin en biiyiik uydu takimlarindan
biri olan Planet’in yiiksek zamansal ve mekansal ¢oziintirliiklii goriintiileri kullanilarak
siniflandirma ve dogruluk degerlendirmesi yapilmistir. Tiirkiye’de agik tarla domates
iiretiminin yapildig1 baglica bolgeler Bursa, Balikesir, Manisa ve izmir’dir. Bursa,
domates igerikli islenmis iirlinlerin iretildigi fabrikalara ev sahipligi yaptigindan
Tiirkiye icin stratejik bir konumdadir. Karacabey ise Mustafakemalpasa Ovasi ile
birlikte Bursa’daki énemli tarimsal iiretim bolgelerinden biridir ve bu sebeple ¢alisma
alam olarak tercih edilmigtir. Diger yandan yoriingedeki bir¢ok uydusu nedeniyle
bitkilerin fenolojik gelismelerini bilgi kaybi olmadan izlenmesine olanak saglayan
Planet uydu goriintiileri, giiniimiiz tarimsal ¢alismalarda 6n plana ¢ikmaya baglamstir.
Ayni zamanda mekansal ¢oziiniirliigii de tarimsal alanlarin izlenmesi ve takibi i¢in
uygundur. Calismada Mart ayindan Agustos ayina kadar toplamda 18 uydu goriintiisii
g6z Oniine alinmugtir. Acik alanda yetistirilen domates bitkisinin Karacabey’deki genel
ekim ve hasat tarihleri baz alinarak, ekim 6ncesinden bitki yesilliginin en yogun oldugu
evrenin sonuna kadarki donem, yani domatesin fenolojik gelisim siirecinin yaklasik
%80’1ini kapsayan gelisme periyodu dikkate alinmigtir. Bu tarih araliginda bulutsuz
(atmosferik etki icermeyen) goriintiilerin se¢cimine dikkat edilmigtir. Siniflandirmada
giinimiizde ¢ogu arastirmaci tarafindan daha dogruluklu sonuclar vermesi nedeniyle
tercih edilen Rastgele Orman yontemi kullanilmistir. Kontrollii bir makine 68renmesi
yontemi olan Rastgele Orman uygulamasi i¢in yersel ¢alisma yapilarak egitim veri
seti olusturulmugtur. Egitim veri seti, bolgede ilgili donemde yetisen on farkl: iiriinii
icermektedir. Bununla birlikte siniflandirma dogrulugunu arttirmak amaciyla farkh
goriintii 6zellikleri birer degisken olarak orjinal goriintii veri setine eklenmistir. Bu
ozellikler, en yaygin bitki indekslerinden biri olan NDVI ile ASM, Entropy ve MOC2
GLCM doku parametreleridir. NDVI, genel olarak biyokiitlenin miktar1 ve durumu
hakkinda bilgi veren spektral bir indekstir. Farkl iiriin cinslerinin spektral 6zelliklerine
baglh olarak indeks degerleri degistiinden, NDVI’1n iiriin tipi simiflandirmalarinda
siklikla tercih edilmektedir. Bunun yani sira GLCM doku parametrelerinden biri
olan ASM, homojenligin ve tekdiizeli§in Ol¢iisiidii. Homojen bolgelerde ASM
degeri yiiksektir. Diger bir doku olan Entropy ise rastgelelik hakkinda bilgi saglar
ve goriintiideki Ozelliklerin karmagiklik durumunu belirler.  Son olarak MOC2,
korelasyonun olciisidiir.  Yani dagilim fonksiyonundaki iligkileri degerlendirerek
dokunun karmasikligim1 ve ilgili bolgeden elde edilen bilginin bagimliligin1 olger.
Calismada kullanilacak doku 6zelliklerinin belirlenmesi i¢in Oncelikle goriintii veri
setindeki 18 goriintiide 13 farkli 6zellik hesaplanmistir.  Egitim veri setindeki
her bir poligon i¢in icerdi8i tiim piksellerin doku degerlerinin ortalamasi alinmus,
boylece poligon basina ortalama doku degerleri belirlenmistir.  Ardindan egitim
setindeki iiriinlere ait tiim poligonlarin doku degerlerinin ortalamasi alinarak her bir
iriin i¢in bir doku degeri hesaplanmigtir. Son olarak her iiriin i¢in tiim tarihlerde
hesaplanan doku degerleri, doku deg8eri-zaman grafiginde gosterilerek, iirlinlerin 13
ozellik i¢cin zamansal degisimleri karsilagtirnlmigtir. Bolgedeki on {iriiniin zaman
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icerisinde farkli davranislar gosterdigi ii¢ 6zellik belirlenmis, boylece siniflandirmaya
katki saglayabilecek Ozellikler birer degisken olarak calismaya dahil edilmistir. Ayni
zamanda bu o6zelliklerin tekli ve farkli ¢coklu kombinasyonlart siniflandirmada goz
Oniine alinarak, smiflandirma dogruluguna olan katkilar1 ayr1 ayri irdelenmistir.
Diger yandan domates ekim alanlarinin tespitinde goriintii 6zelliklerinin yani sira,
tek-zamanli ve c¢ok-zamanli uydu goriintiilerinin kullanimi da degerlendirilmistir.
Literatiirde cesitli triinler icin farkli veri setleri ile yapilmis calismalar mevcuttur.
Bu caligmalarda tek-zamanli ve ¢cok-zamanl verilerin kullanildig1 goriilmiis, domates
iriin siniflandirmast i¢in en uygun olanin belirlenmesi amaciyla her iki veri setiyle de
siniflandirma yapilmistir. Bunun i¢in birer degisken olarak eklenen goriintii 6zellikleri
ile olusturulan tekli/coklu parametre kombinasyonlari, hem tek-zamanli hem de
cok-zamanli veri setlerine uygulanarak, simiflandirma sonuclar1 karsilagtirilmistir.
Tek-zamanli siniflandirma i¢in 30 Haziran 2019 tarihli goriinti kullamilmistir. Bu
tarihin se¢iminde, calismada kullanilan ii¢c doku 6zelliginin zamansal grafiklerinden
yararlanilmistir. Bunun i¢in domates ile diger iiriinlerin, 6zellikle en benzer spektral
ozelliklere sahip olan biber, karpuz ve misir bitkilerinin farkli degerlere sahip oldugu
tarihler belirlenmis, en yliksek farkin gozlendigi en uygun fenolojik tarih secilmistir.

Uydu goriintiilerinin simiflandirilmasindaki en onemli agsamalardan biri de dogruluk
degerlendirmesidir.  Bu ise, secilen yonteme ve dogrulugun test edilmesinde
kullanilan verilerin bolgeyi ne kadar gercege yakin temsil ettiSine bagli olarak
dogruluk degerlendirmesinin farkli sonuclar vermesinden kaynaklanmaktadir. Sinirl
sayidaki mevcut veri ile gercege en yakin dogruluk sonucunu elde edebilmek igin
literatiirde cesitli istatistiksel yontemler mevcuttur. Bu calismada, Rastgele Orman
siniflandirmasinin dogruluk degerlendirmesinin yani sira hem yersel calisma hem
de gorsel yorumlama ile toplanan test verilerinin giivenilirliini belirlemek icin
Onyiikleme (Bootstrapping) yontemi tercih edilmisti.  Bu yontem, ¢ok sayida
dogruluk degerlendirmesini test verisinin farkli kombinasyonlar: ile yaparak, tek bir
veri setine bagli yanli sonuc¢larin olusmasini Onler ve aym zamanda elde edilen
dogruluk icin bir giiven aralif1 belirler. Onyiikleme yontemi, test verisini dikkate
alir ve yalnizca dogruluk degerlendirmesinde kullanilarak siniflandirma modelinin
calismasinda etki etmez. Bu calismada bu yonem i¢in alt 6rneklem sayisi test veri
setinin sayisina esit ve tekrar sayist 1000 olarak alinmistir.

Diger yandan yersel calisma ile dogru ve giivenilir veri toplamak zorlu, zaman
alict ve maliyetli bir siirectir. Bu yilizden bu calismada, yeterli sayida test verisi
toplanamadigi durumda elde edilecek domates iiriin siniflandirmasi sonuglarinin
nasil degerlendirilecegi ve yeterli test verisi oldugu durumda elde edilen dogruluk
sonuglariyla ne kadar fark gosterecegi ortaya konmustur. Bunun i¢in Katmanlh
K-Katlamali Caprak Degerlendirmeli (Stratified K-Fold Cross-Validation) Rastgele
Orman smiflandirmas: yapilmistir. Capraz Degerlendirme, istatistikte yaygin olarak
kullanilan bir yontemdir ve farkli ¢esitleri mevcuttur. Bu calismadaki veri setinin
her bir iirlinden farkli sayida poligon verisi icermesi sebebiyle orantili bir dagilim
yapilmasi, yani modelin herhangi bir simifa fazla veya az agirhik verilmesini
onlemek i¢in Capraz Degerlendirme’nin Katmanlh K-Katlamali alt yontemi secilmistir.
Uygulamada, baslangicta kullanilan egitim ve test verileri birlestirilerek tek bir veri seti
olusturulmus, bu veri seti bes esit parcaya boliinerek her bir parga, test i¢cin kullanilana
kadar siniflandirma tekrar edilmistir. Bes simiflandirmanin dogruluk degerlendirme
sonuglarinin ortalamasi alinarak siniflandirma dogrulugu belirlenmistir.
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Tek zamanli/cok zamanli veri setlerinin tekli/coklu parametre kombinasyonlar: ile
yapilan tim smiflandirma ve dogruluk degerlendirmesi sonuglarina bakildiginda,
cok-zamanli 4-bantli uydu goriintiilerine NDVI, ASM ve Entropy o6zelliklerinin
eklendigi kombinasyonun en yiiksek dogrulugu verdigi goriilmiistiir. Diger
yandan MOC2 doku ozelliginin simiflandirmaya katkisinin olmadigi saptanmustir.
Tiim tekli/coklu kombinasyonlar icin yapilan dogruluk degerlendirmelerinde,
tek-zamanli siniflandirmalarin dogrulugu, ¢ok-zamanli simiflandirmalardan %10 ila
%15 daha diisiik bulunmustur.  Dogruluk analizi sonuclar1 ile kullanilan test
verisi giivenilirliginin, en yiiksek ihtimalle %5 giiven aralif1 igerisinde oldugu
goriilmiistir.  Son olarak, yeterli test verisi olmadiginda da ayni veri seti ve
degisken kombinasyonunun dogrulugu yiiksek bulundugundan, Capraz Degerlendirme
yonteminin giivenilir oldugu ve test verisi olmadiginda da kullanilabilecegi sonuclar
boliimiinde vurgulanmugtir.
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1. INTRODUCTION

Remote sensing technology allows us to monitor what is happening on Earth and what
has changed over time. Taking advantage of this, many kinds of research are available
so far, and new researches with advanced algorithms and tools are being developed
to tackle more complex topics. Agriculture is one of the significant industries having
complex issues waiting to be overcome. This sector is important because food is one
of the primary sources of life for animals and humans. Therefore, it is imperative to

ensure food safety and sustainability in parallel with significant population growth.

Cereals and horticultural products are the leaders of food consumption. Tomato is
one of the most widely consumed horticultural products around the world as it can be
consumed as fresh, dried, and processed. The growing demand for processed tomato
products (e.g., tomato paste, ketchup, sauce) around the world offers resource-rich
countries to sell their products to resource-poor countries [1]. Turkey has a favorable
climate and soil structure for tomato cultivation. Therefore, it is a resource-rich country
for tomato-based products but needs optimization in production processes to raise
its position in the global market. To meet this requirement, decision-makers and
stakeholders should make the right decisions. Also, price volatility in the industry
should be reduced. Hence satellite images can be integrated into the food industry
to meet these needs. Using satellite data, it is possible to monitor the total amount
of cultivation, estimate the yield, and monitor harvesting activities in agricultural
areas. However, the information is not valuable unless the remotely sensed data is

fast, dynamic, and real-time.

With the developing technologies, satellite constellations have emerged that provide
daily images today. However, there are still limitations to monitor crop status.
For example, using only remote sensed data, it is still difficult to estimate yield or
determine the product type with high accuracy, and besides, it may not be applied
to all product types. However, obtaining accurate and reliable field data is the most

significant challenge due to its cost. In order to overcome, advanced machine learning



algorithms are adapted to the classification applications with the advantage of their
learning capabilities from limited field data. In addition to the limitations in the
field data, the use of mono-temporal images to differentiate vegetable crops will
not yield satisfactory results due to spectral similarities. In this context, the use of
multi-temporal images for time series analysis is becoming popular to distinguish

vegetative plants from their phenological behavior.

Due to the high demand for fresh foods, some studies have been conducted in the
literature on this subject. However, since there are still limitations on remote sensing
in agricultural applications, the number of studies on fresh foods (e.g., vegetables,
fruits) is less than cereals (e.g., wheat, barley, rice). In order to examine the above
limitations and shortcomings in the literature, this study was carried out using a
machine-learning algorithm (Random Forests) in the detection of tomato cultivated
areas. The effectiveness of image features such as texture or features extracted by
NDVI (Normalized Difference Vegetation Index) was also evaluated, and comparisons

of the use of mono- and multi-temporal satellite image datasets were outlined.

1.1 Purpose of Thesis

Accurate crop type detection from remote sensing imagery is valuable for
decision-makers to understand the dynamics in the agricultural industry, manage
agricultural practices, and ensure food security and sustainability. Due to the reason
for being a challenging task, there are not many significant studies on the detection of
tomato cultivated fields by using only the satellite imagery in the literature yet. Based
on this gap, this study aimed to;

* map tomato cultivation parcels with desired accuracy,

* prove the importance of fieldwork on precise classification results,

* evaluate the necessity of test data,

* compare mono- and multi-temporal image classification approaches,

* analyze the efficiency of multi-temporal image classification,

» examine the effectiveness of various spectral and textural features,



* determine the best-performed features and indices for tomato field classification,

* assess the performance of RF (Random Forest), a widespread machine-learning

classification method,

* demonstrate the advantages of affordable and high spatio-temporal resolution PS

(PlanetScope) CubeSat Constellation.

1.2 Literature Review

There are lots of studies about crop type classification in the literature. Some
used machine-learning-based algorithms, while others addressed the importance of
spectral and textural features, and they achieved satisfactory results. There are also
some studies, specifically on mapping tomato parcels. This section provides brief

information about these studies.

In the study performed by Vaglio Laurin et al., (2018), the early mapping of planted
tomato parcels (before harvest) was done. This study was carried out for seven different
locations in Italy using the ML (Maximum Likelihood) Supervised classification
algorithm. In the classification step, train and test sets were selected using field surveys
and Sentinel-2 satellite images. Aerial photographs were used in a visual analysis
to validate and improve classification accuracies. In general, higher than 80% of
both producer’s and user’s accuracies were obtained. This study indicated that the
accuracy of early tomato cultivated field estimations are mainly related to the crop

type heterogeneity of a region, and agricultural practices used by farmers [2].

Ok, Akar, Gungor, (2012) studied to compare the performances of RF and ML
classifications based on both pixel- and parcel-based approaches using mono-temporal
SPOT-5 image (10m, four bands) for crop type mapping. The study area used covers
agricultural (i.e., corn, tomato, pepper, wheat, sugar beet, and rice) parcels on an
area about 95 km2 located in Bursa-Karacabey region, Turkey. Field boundaries were
extracted from 1:5000 cadastral maps and used for the object-based classification. Due
to similar spectral characteristics of tomato and pepper, these classes were mixed and
therefore taken as a mixed class named “Tomato/Pepper” class. This study showed that

the highest overall accuracy (85,89%) obtained in the parcel-based RF Classification
[3].



The performance of the RF classification algorithm was evaluated by Tatsumi,
Yamashiki, Torres, Taipe, (2015) using a four-year Landsat 7 ETM+ time-series. The
monthly time series of Enhanced Vegetation Index (EVI) variables (e.g., mean, mode,
min, diversity) were integrated into the classification process and evaluated. Eight
crops, including alfalfa, asparagus, avocado, cotton, grape, corn, mango, and tomato,
were classified, and 81% of the overall accuracy was achieved in the crop classification.
Cotton had the highest producer accuracy, with 98%, while the lowest accuracy was
obtained from tomato and avocado. The results showed that two variables (mode and
sum) of EVI time series data increased accuracy. Besides, although the number of
variables has little effect, it has been demonstrated that the number of training data has

a significant impact on RF classification [4].

Hao et.al., (2015) performed NDVI time-series based crop type classification with
single- and hybrid-classifiers and compared the results. In the analysis, cotton,
grape, wheat, watermelon, corn, and tomato crops were taken into consideration.
Multiple-voting (M-voting) and probabilistic fusion (P-fusion) were selected for
hybrid classification, RF, Support Vector Machine (SVM), and See 5 (C 5.0) were
preferred for single classification. When the classification results were compared using
both pixel- and object-based samples, it was demonstrated that object-based samples
do not significantly improve the accuracy but provide better visual results. It was also
revealed that the increase in the number of samples significantly increase the accuracy

of all classifiers [5].

In contrast, hybrid classifiers performed better when the sample size was low.
However, when large number of samples were used, single classifiers have also been

found to give quite accurate results.

Conrad et al., (2014) studied on per-field crop mapping over heterogeneous agricultural
regions in West-Uzbekistan. This study aimed to detect the optimum number of images
(as acquisition dates and windows) for better classification accuracy. In this way, 9
RapidEye (6.5 m, five bands) mosaics of the area were classified into nine classes
using the RF algorithm, and 85.7% of overall accuracy was achieved. As a result, the
selection of the optimum image dates for winter to summer transition period has been

shown to increase mapping accuracy [6].



The applicability of pre-harvest classification with satisfactory accuracies was tested
by Maponya, Van Niekerk, Mashimbye, (2020). Five machine-learning-based
classification algorithms, namely SVM, DT (Decision Tree), k-Nearest Neighbor,
RF, and ML were performed using Sentinel-2 time-series.  Spectral bands,
vegetation indices, principal components, and texture features were integrated into the
classification. Four experiments with different image combinations were performed
to test machine-learning-based algorithms. The results were evaluated with ground
truth data, and it was revealed that pre-harvest classification could be obtained with
reasonable accuracies. Also, SVM and RF showed the highest accuracy among the five
machine-learning-based classification algorithms. Finally, it was emphasized by the
authors that image selection is not required for the automatic classification procedure,
since it is satisfactory to use all images from the beginning of the season to the

pre-harvest, without image selection [7].

Inglada et al.,, (2015) aimed to evaluate the performance of different
machine-learning-based classification algorithms in crop type mapping. RE
SVM, DT, and gradient boosted trees were evaluated by applying to SPOT-4 (20m,
four bands) and Landsat-8 (30m, 11 bands) time series in 12 different regions
worldwide. RF revealed the highest accuracy results among the four algorithms.
NDVI, NDWI (Normalized Difference Water Index), and brightness were found as the

best performing features [8].

Balasubramanian, (2017) conducted a research to identify the most essential spectral
and textural features in crop-type mapping. Various feature selection algorithms were
used to classify a particular crop using Worldview-2 (0.46m, eight bands) images.
Single and multi-date classification results were compared for each crop. Corn, millet,
peanut, sorghum, and cotton are classified to create single crop maps. In this study, the
combination of features selected by Fisher’s and Multiple-Kernel-Learning algorithms
with the SVM classification method showed the highest classification accuracy for five
different crops. As a result, the GLCM (Gray Level Co-occurrence Matrix) textures
of VIs (vegetation index) were the essential textures for single crop type mapping.
Besides, the multi-date classification increased the overall accuracy for millet and
cotton by 4% but did not significantly affect other crops. Overall accuracy for various

plant species ranged from 77 to 90% [9].



Gallaun et al., (2015) proposed a two-stage sampling methodology to accurately
estimate the changed areas and to evaluate its accuracy. For this purpose, they used
Bootstrapping method. In other words, it is aimed to reveal accuracy uncertainty
and confidence intervals with Bootstrapping. In the study, it has been shown that
Bootstrapping can be preferred to obtain confidence intervals without using the
complex assumptions of the normal distribution. Additionally, the importance and

the necessity of confidence intervals for area reporting were highlighted [10].



2. REMOTE SENSING TECHNOLOGY

2.1 Remote Sensing

Remote Sensing is the acquisition of information about the Earth without being in
physical contact. The sensing is done with images obtained by recording energy that is
reflected or emitted from the surface in one or more regions of the ES (electromagnetic
spectrum) [11]. The term “Remote Sensing” was first used by Evelyn Pruitt from the
United States Marine Research Office in the 1950s [12]. Gaspard Felix Tournachon’s
photographing Paris from balloons in 1859 is considered the beginning of remote
sensing [13]. For the first time during World War I, mounting cameras on aircraft
and using aerial photographs for various purposes can be considered as an essential
step in the development of remote sensing technology. Finally, the World War II
photographs taken from rockets mounted cameras can be seen as the beginning of

space-based remote sensing [12].

Today, with the wealth of data obtained from remote sensing sensors, it is possible to
observe the current situation of the entire Earth and to decide on the future by extracting
information from the images [14]. For example, weather and hazard prediction,
monitoring of erupting volcanoes, and dust storms are possible using remote sensing
technology and based on this information; a decision-maker can take precautions
for natural disasters. Also, mapping large forest fires, monitoring urban growth,
and changes in agricultural areas are other examples of common remote sensing

applications [15].

Remote sensing technology provides several significant advantages. Satellite imagery
allows up-to-date information over large areas without having to be there. It is also
possible to monitor areas that are inaccessible or difficult to visit. Satellite data
offers global and regional observations at a glance. On digital platforms, analysis
and interpretations are possible for a simultaneously captured image or a series of

images covering a specified period. Also, providing a recurring coverage area enables



regions to be monitored and changes to be observed over time. Various spatial, spectral,
radiometric, and temporal resolutions offer data selection for different purposes.
Due to having several spectral bands of remotely sensed imageries, different band
combinations reveal the information which could not be possible to discern with human

eyes.

There are two types of sensors in remote sensing technology [16]. Active sensors
provide their source of illumination and record the magnitude of energy reflected or
emitted from the target. Passive sensors use sunlight as an illumination source and
record the energy reflected or emitted from the target in different regions of the ES [14].
The fundamental process of passive remote sensing occurs between incident radiation

coming from the Sun and the target (Figure 2.1) [17].

Figure 2.1 : Passive remote sensing procedure.

2.2 Electromagnetic Spectrum (ES)

Electromagnetic radiation is coming from the Sun and illuminating the Earth [18].
Radiation is called electromagnetic because it consists of both electrical and magnetic

waves [12]. These electromagnetic waves involve ES. ES includes regions from short



wavelengths (high frequency, high energy) to long wavelengths (low frequency, low

energy). Wavelength and frequency intervals of each region are shown in Figure 2.2.
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Figure 2.2 : Regions of the ES [19].

Human eyes can detect visible light, which is a small portion of the entire ES [17].
However, the peak values of solar radiation come up with the visible portion of ES [18].
Even though the remaining regions are invisible for human eyes, these are useful for

remote sensing applications and provide valuable information for Earth.

Passive sensors are generally used for radiation coming from visible and infrared
(IR) portions, active sensors for microwaves. The IR region can be divided into two
categories, which are reflected in IR and thermal IR. In the first category, sensors
acquire the radiation reflected from the target. In the second category, sensors acquire
the radiation re-emitted from the target [17]. IR radiation is crucial due to revealing

the distinctive properties of Earth objects.

2.3 Atmospheric Interactions

Energy is travelling in the atmosphere before reaching the target and the sensor. While
travelling, incoming light is affected by the particles and gases in the atmosphere [18].

These atmospheric interactions called scattering and absorption (Figure 2.3).
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Figure 2.3 : Atmospheric interactions during the travelling of energy in the
atmosphere [18].

Large gas molecules and particles cause scattering in all directions. Electromagnetic
radiation deviated from its actual path and scattered somewhere around the

atmosphere. There are three types of scattering in the atmosphere [17,20]:

1. Rayleigh Scattering: Usually happens in the upper atmosphere. Rayleigh Scattering
is caused by tiny particles, for example, small specks of dust or nitrogen and oxygen
molecules. Shorter wavelengths are strongly affected by much more than longer

wavelengths.

2. Mie Scattering: Usually happens in the lower atmosphere. When the particles in
the atmosphere and the wavelength of radiation have the same size, Mie Scattering
occurs. In comparison with the Rayleigh Scattering, longer wavelengths more
effected by Mie Scattering. Dust, pollen, smoke, and water vapor are the examples

causing Mie Scattering.
3. Non-selective Scattering: Particles much larger than the wavelength; for example,

water droplets and large dust particles cause Non-Selective Scattering.

Absorption occurs in the atmosphere when molecules absorb the energy at several
wavelengths. Ozone, carbon dioxide, and water vapor are the main components

causing the absorption [17].
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Some regions in the ES do not affect by the atmospheric interactions and called
atmospheric windows. It is essential to know the atmospheric windows when designing

a new remote sensing sensor [17] and interpreting the images [18].

2.4 Spectral Reflectance

The modified solar radiation from atmospheric scattering and absorption reaches the
Earth’s surface and interacts with the target. The interaction varies depending on the
structure of the target. The main types of interactions are transmission, absorption, and
reflection (Figure 2.4). Optical sensors, which are sensitive to the ultraviolet, visible,
NIR (near-infrared), and mid-IR regions of the ES, receive and record the reflected

energy [18].

Incident Reflectance

light j
Chlorophyll
Fluorescence

Absorptlun

Heat

Transmittance

Figure 2.4 : Interactions of the incident light with the leaf [21].

Each object shows different responses to different wavelengths [17]. Using reflected
solar radiation sensors, it is possible to distinguish different patterns with different
responses and understand the materials. When these responses are recorded as the ratio
of reflected energy to the incoming energy for each wavelength, spectral signatures can
be obtained for each object. As seen in the spectral reflectance graph in Figure 2.5,

water, green vegetation, and soil reflect different amounts of radiation in each region
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of the ES. Using the differences, it is possible to distinguish them from each other. For
example, water does not reflect the IR energy so that it can be easily distinguished, and
green plants can be easily separated from the soil at various points of the IR region.

Spectral response or spectral reflection can be recorded in the laboratory or field [18].

A
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50-

404

304
20-

Reflectance (%)

T T T T T T T ™
A1 13 15 17 19 21 23 25
Wavelength (um)

T | T
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Figure 2.5 : Spectral reflectance curves of water, green vegetation, and soil [22].

2.4.1 Vegetation reflectance

In remote sensing applications, vegetation studies are directly related to the spectral
reflectance properties of leaves and plants [11], but their spectral properties are one
of the most critical and challenging tasks because the reflectance properties of plants
are complicated. This difficulty is due to living organisms affected by time-varying

biochemical and biophysical activities [23].

Plants have low reflectance values for visible lights than other parts of the ES because
pigments absorb the visible wavelengths more [24]. NIR wavelengths are highly
reflected and absorbed less [23]. Thus, green areas can be easily distinguished in this

region.

Chlorophyll is produced from photosynthesis and is one of the most important
pigments for leaves [20]. The high chlorophyll content causes the leaves to appear
green because the chlorophyll pigment absorbs the red and blue wavelengths and
reflects the green wavelengths. When the chlorophyll concentration decreases, less

absorption and higher reflection occurs for the red wavelength. For this reason, the
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colors of the leaves appear yellowish or reddish. Also, healthy vegetation with high
chlorophyll concentration distributes IR wavelengths [17]. The spectral reflectance
curve of a healthy green vegetation is shown in Figure 2.6. The absorption of
chlorophyll in the visible region is indicated on the graph. The highest reflectance
values in the region NIR originate from the cell structure of the plant. Using this
significant difference between visible and NIR regions, healthy vegetation can be
easily detected. The low values on the graph represent the water absorption of the

plant, as water is absorbed very much in the short-wave IR [25].
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Figure 2.6 : Spectral reflectance curve of green vegetation [25].

2.4.2 Factors affect the vegetation reflectance

In the remote sensing process, several factors affect the spectral reflectance of objects.
As shown in Figure 2.7, factors such as sun angle, topography, atmosphere, and

phenology cause changes in spectral reflectance values of different objects [23].
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Figure 2.7 : Factors affecting spectral reflectance of objects. (i) solar elevation, (ii)
aspect, (ii1) slope, (iv) atmosphere, (v) phenology, (vi) soil background
[23].

Factors affecting plant health, such as plant maturity, diseases, insects, and low
humidity also affect the reflection properties of leaves. For example, as the plant ages,
its photosynthetic activity decreases, so the amount of chlorophyll decreases, causing
a change in the color of the leaf. For this reason, old leaves appear yellowish and have
different reflections in satellite images as their reflection properties change. While this
effect is observed in both visible and NIR regions, the change is more noticeable in the

NIR region [11].

Regardless of the plants and leaves, the spectral reflection of the upper part of
the vegetation called the canopy detected by the sensor is critical. Depending on

the acquisition angle, the canopy can be seen, but the canopy detection prevents
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information from the bottom. Also, shadows cause the leaf to show less reflection
than usual. However, this reduction is much higher in the NIR region [11]. At the
same time, the sensor also records the reflection of different areas, such as spaces
between plants. Therefore, the reflectance values of vegetation may have misleading or
different results than expected. The vegetation canopy reflectance values are influenced
by factors such as the size, shape, orientation of the vegetation, the areal extent of the

canopy, and the characteristics of the ground cover under the vegetation.

2.4.3 Spectral reflectance of tomato

The phenological period of a tomato crop varies between 90 to 150 days, depending on
the type of seed. Tomato growing cycle consists of 5 stages (early growth, vegetative,
flowering, fruit formation, and ripening) shown in Figure 2.8. Each stage takes 20 to 30

days, depending on seed type, temperature, soil structure, soil moisture, and nutrition.

Mature fruiting

Fruit formation

Flowering

Vegetative

Early growth

= " @&; »

< 25-30 days 20-25 days 20-30 days 20-30 days 15-20 days

Figure 2.8 : Tomato growing cycle [26].

The life cycle begins from the seeds, and the flowers develop as the plant grows and
matures. After pollination and fertilization, fruits containing seeds develop and allow
the life cycle to begin again (Figure 2.9). Hence, tomato seedlings consist of 3 main
parts: green plant, flower, and fruit. Spectral reflectance of a tomato field may be

affected by these three parts during the growing period.
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Figure 2.9 : Diagram of the tomato life cycle [27].

The green vegetation of the seedling forms the tomato plant. While growing,
vegetation covers the field first, and canopy looks green. In image bands with wide
wavelength ranges, spectral reflections of various crop plants look similar because they
all have the green plant parts, and these similarities cause spectral overlaps. Therefore,
it is challenging to distinguish crops from each other, using only multi-spectral
information. For example, as seen in Figure 2.10, tomato shows quite similar spectral

properties with cotton and sorghum.
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Figure 2.10 : Spectral signatures of citrus, tomato, sorghum, and cotton [28].
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Tomato fruits begin to emerge after the flowering period. As seen in Figure 2.11,
tomato fruit has six stages and turns its color from green to red during the ripening.

Each stage has different spectral reflectance values, and it is possible to differentiate

between 500-600 nm wavelengths.
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Figure 2.11 : Spectral reflectance characteristics of different tomato fruit stages [29].

Healthy and diseased plants can also be detected by using remote sensing technologies
based on their different spectral properties. For example, as shown in Figure 2.12,
tomato plants that are healthy and having early and late blight diseases can be
distinguished between 750 to 970 nm wavelengths. Early and Late Blight diseases
are the most common diseases in Turkey after Downey Mildew. Two main reasons for

encountering these diseases are warm temperatures or prolonged periods of wetness

[30].
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Figure 2.12 : Spectral characteristics of healthy and diseased with early and late blight

tomato crops [31].

In addition to all these factors, nutrient deficiency of tomatoes can be determined by

analyzing satellite data due to the effects of nutrients on productivity. Since nitrogen

deficiency is responsible for the production of chlorophyll A, nitrogen deficiency

causes a color change in crop plants [32]. Spectral reflectance changes when the

amount of chlorophyll pigments decreased. Figure 2.13 shows the spectral differences

between soil, healthy, unhealthy, and nitrogen-deficient crops. NIR is the region where

these differences are most clearly observed.
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3. USE OF REMOTE SENSING TECHNOLOGY IN AGRICULTURE

3.1 Importance of Remote Sensing Technology in Agriculture

Food necessity on Earth is increasing day by day and will continue to increase
more rapidly in the future. It is emphasized by agronomists and international food
organizations that food production must grow in order to meet this increasing necessity
[1]. Traditional systems used to manage food production and to organize food
storage and transportation for fulfilling the adequate food supply have limitations [34].
Therefore, it was required to integrate technologies from other disciplines into the

system to ensure food security and continuity of production.

With the new and reliable information obtained during the growing period,
stakeholders and decision-makers can optimize crop processing and to assess the
increase/decrease in food production in the short term. In the long term, they can also
rearrange agricultural policies, change investment plans, and assess the impacts [35].
However, crop cultivation status needs to be provided for agricultural monitoring
systems in near real-time throughout the season because the information becomes

meaningless when it is obtained too late [1].

In agricultural management, it is the most challenging task to accomplish, keeping
the costs low and yield high while preventing environmental pollution. With this
goal, several techniques have been used for many years. All techniques have
various limitations and difficulties. For example, field surveying is a costly and
time-consuming technique, especially for large areas because qualified surveyors
have to carry out field check periodically on the growing season. To meet all
these necessities, land managers started to benefit from Earth Observation and GIS

(Geographic Information Systems) technologies.

Remote sensing applications has a widespread usage in agriculture, and are becoming

more and more popular because it provides substantial information and helps users to
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understand better what is happening on arable lands. Also, cost-efficient and repetitive
information can be gained from hard-to-reach regions and large areas. Ongoing and
completed studies have shown that it is possible to provide early, satisfactory and
accurate information for large areas with remote sensing systems. Hence, periodic
and unbiased information with high accuracies are possible with today’s remote
sensing technologies [35]. In this way, sustainability can be achieved in the food and

agriculture chain.

3.2 Applications of Remote Sensing Technology in Agriculture

A top-rated application in agricultural remote sensing studies is crop type mapping
with crop identification [34]. Using these maps, cultivated crop acreage can be
estimated for each type of crop. Also, by estimating crop production, the number of
crops expected to be produced for a particular region can be determined. It is possible
to identify sowing and harvesting dates and to determine the number of crops that
will be harvested over a given time. Crop yield, one of the essential information, has
financial benefits for the country because it allows budget planning for the import and
export of food products. Estimation and prediction of crop yield studies with remote

sensing data is trendy, but a challenging task [36].

Remotely sensed data is crucial for precision agriculture, which is a concept that uses
information technologies to observe step-by-step whether the field can get what it
needs for health and productivity. This way is opposed to more traditional practices
where various crop treatments, such as irrigation, fertilizers, pesticides, are applied
equally across the field, ignoring variability in the field. With the use of different
sensors, the environment can also be protected by precision agriculture that knows
which area needs what and which treatment (e.g., the amount of chemical used). In
this technology, it is possible to detect crop conditions by monitoring crop health and
growth in a field with the periodic VI maps. Also, crop damages can be determined,
and crop quality can be assessed with the detection of crop stress. Diseases and pest
infestations can also be detected, and then, control mechanisms can be developed.
Also, by using satellite images, the determination of nutrition deficiency and water

content is possible for various crops [37]. With routinely analyzed imageries, farmer
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compliance monitoring is possible and useful both for private companies and public

institutions.

These applications can be used for all types of crops which are cereals, vegetables
and melons, fruits and nuts, oilseed crops, root/tuber crops with high starch or inulin
content, beverage and spice crops, leguminous crops, sugar crops and other crops [38]).
However, this study focuses on crop type identification and acreage determination of a

particular vegetable crop, which is tomato.

3.3 Tomato Cultivation

Tomato is a vegetable crop that is widely consumed all over the world. On a global
basis of horticultural products, tomato ranks at third after potato and sweet potato for
volumes of production and ranks at first for processing volumes [1]. Based on the 2017
statistical data of the FAO (Food and Agriculture Organizations of the United Nations),

annual tomato production is about 240 million tones on a global scale [39].

Tomato usually grows in tropical, subtropical, and temperature climates [1] because
of the necessity of high temperatures and long sunshine duration. Due to its suitable
climate and soil structure for growing tomatoes, Turkey has a vital role for tomato

production among all countries, as shown in Figure 3.1.

tonnes
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758,065 or more

Figure 3.1 : Production quantities of tomato, average between 1992 to 2017 [39].

According to the average of the last 25 years, Turkey ranks fourth place in the top ten

producers, as shown in Figure 3.2.
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Figure 3.2 : Average tomato production of the top 10 producers in global tomato
production between 1998-2018 [39].

Ten districts shown in Figure 3.3 are the most common tomato growing regions across
Turkey. However, tomatoes are grown in the greenhouses in Mugla, Antalya, Mersin;
and Canakkale is famous for table tomato growing. The leading provinces in tomato

paste production are Bursa, Balikesir, Manisa, and [zmir [40].
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Figure 3.3 : The most common tomato growing districts and their volumes across
Turkey [40].

Estimating tomato-cultivated parcels and calculating cultivation areas are still difficult
issues, as they play an essential role in global production and processing. In order to
overcome this, this study focuses on identifying tomato cultivated areas using remote

sensing technology.
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4. SATELLITE DATA USED

Planet is a commercial company operating the PS constellation, which consists of 190+
satellites in a CubeSat form factor with the names of “Dove.” Due to a large number of

satellites in the constellation, daily acquired images cover the entire Earth (Figure 4.1)

[41].

Figure 4.1 : Planet’s Dove Satellites [42-44].

Satellite images of Planet are prevalent in various industries with different applications.
Defense is the most advantageous and the most preferred sector as it provides
continuous global monitoring with low latency. Agriculture is the second most

widespread sector preferred for sustainability in continuous field coverage. High
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resolution and historical data provide the chance to identify opportunities to tap into
new markets, so it is preferable for the Insurance industry. It is also preferred in the
Energy and Infrastructure sector as it provides the opportunity to manage risks and
evaluate activities with its real-time image capacity. Civil governments prefer Planet
imagery to map land use, monitor urbanization, and manage resources. Emergency

management, forestry, and educational researches are the other application areas [41].

PS images consist of 4 spectral bands with the spectral resolutions shown in Table 4.1
Each Dove satellite acquires images at nadir from 475 km reference orbit altitude.

GSD (ground sampling distance) is approximately 3.7 m [41].

Table 4.1 : Spectral resolutions of Planet satellite images.

Spectral Bands Spectral Resolution (nm)

Blue 455-515
Green 500-590
Red 590-670
NIR 780-860

PS imagery products are available as either individual Ortho Scenes, Basic Scenes, or

Ortho Tile products. Specifications of each product are shown in Table 4.2.

Table 4.2 : Processing levels of PS satellite image products [41].

Product Name Description Product Level
Sensor corrected, scaled Top of Atmosphere
(at sensor) radiance product. They were

PS designed for users with advanced image
Basic Scene processing and geometric correction Level 1B
Product capabilities. The product has scene based

framing and is not projected to a
cartographic projection. Radiometric and
sensor corrections are applied.

Orthorectified, scaled Top of Atmosphere (at

PS the sensor) radiance image product suitable
Ortho Scene for analytic and visual applications. The Level 3B
Product product has scene based framing and
projected to a cartographic projection.
PS Radiometric and sensor corrections are
Ortho Tile applied. Imagery is orthorectified and Level 3A
Product projected to a UTM projection.
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While Basic Scene Products have only Analytic Data, Ortho Scenes and Ortho Tiles
have both Visual and Analytic Data, as shown in Figure 4.2. Visual Products are
created as 8-bit natural color images with various image processing techniques and
might be used for visual applications. Analytic Products are provided as 16-bit images

to be used for calculations and analysis for different purposes [41].

Sd

PlanetScope
~340M sgkm/day

Basic Scene Ortho Scene Ortho Tile
Analytic ( Visual J { Analytic J { Visual J { Analytic J

R-G-B-NIR R-G-B R-G-B-NIR R-G-B R-G-B-NIR

Figure 4.2 : PS product offerings [41].

PS Ortho Scenes are overlapping frames with a size of approximately 24 km x 7 km.
Since these scenes are not set to a particular grid system, it is easy to mosaic and
to clip them in multiple sizes. The scenes are in cartographic projection, and the
terrain distortions are fixed. It is orthorectified using GCPs (ground control points).
Meanwhile, radiometric and geometric corrections are performed, sensor-related
distortions are removed. Geometric corrections are done using 30 to 90 m DEM
(Digital Elevation Models). Finally, scenes are resampled with Cubic Convolution
kernel and are in WGS84 (The World Geodetic System 1984) horizontal datum, UTM
(Universal Transverse Mercator) map projection. For each scene, the spatial resolution
is resampled to 3 m, and the radiometric resolution is resampled to 16-bit as a standard.
It is also possible to obtain atmospherically corrected products from PS Ortho Scenes,

which are called SR (surface reflectance) Products [41].

SR is unitless due to being a ratio of surface radiance to surface irradiance and gives
how much light is reflected from the surface. Generally, SR values are range between
0 to 1; however, Planet SR Imagery values are scaled by multiplying 10,000. Radiance

values of Analytic Ortho Scene Products are used to offer SR imagery. After preparing
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ToA (top-of-atmosphere) reflectance, atmospheric corrections are performed to obtain

SR (bottom-of-atmosphere) imageries (Figure 4.3) [45].

Figure 4.3 : Comparison of Planet’s SR (at the top) and ToA (at the bottom) images
[45].

SR is generated with a pixel-by-pixel calculation by using LUT (lookup tables),
which comes from the 6S (Second Simulation of a Satellite Signal in the Solar
Spectrum) version 2.1 radiative transfer code [45]. 6S version 1.0 is a fundamental
radiative transfer code in order to calculate LUTs for MODIS (Moderate Resolution
Imaging Spectroradiometer) atmospheric correction algorithm. It simulates the solar
radiation reflectance and designed for varying atmospheric, spectral, and geometric
conditions. V2.1 is the latest version of the 6S code and available since June 2015 [46].
LUTs are used individual spectral responses of each satellite sensor type, so they are
unique for each sensor type. In the conversion to SR, MODIS NRT (near-real-time)
data of the same day is used to obtain water vapor and ozone information. Based
on the FLAASH (Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes)

atmospheric correction procedure, the 6S atmospheric model with the same image
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acquisition time and local latitude is used if overlapping MODIS NRT data is not
found [45].

Usually, tomatoes are grown in small fields in Turkey. The spatial resolution of free
satellite images is insufficient to distinguish these small fields clearly. Due to the
large number of small areas in the study area, the use of high-resolution data was a
requirement. Planet provides persistent imaging with high resolutions at affordable
prices, and this is the reason why PS images were preferred as a dataset. In this study,
20 multi-temporal images belonging to the cultivation season were selected [47]. In
the selection, the “Ortho Scene Products” were chosen due to their suitability for both
analytic and visual applications. It is also orthorectified and scaled to SR to eliminate

atmospheric effects.
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5. METHODOLOGY

5.1 Pre-Processing

In order to analyze and evaluate satellite images of specific areas, some
corrections must be made. These corrections are called pre-processing, which
aims to correct sensor- and platform-specific distortions and decrease signal-to-noise
ratios. Pre-processing of multispectral images includes geometric and radiometric
corrections, and they vary depending on the sensor, platform, and conditions during

data acquisition [17].

e Radiometric correction is applied for the different appearances of the same images
caused by the viewing geometry, scene illumination conditions, and sensor noise

and response [17].

e Geometric correction is performed to remove differences caused by the viewing
angle of satellite sensors and terrain roughness. By applying geometric corrections,
images from different sensors or different times can be analyzed and evaluated

together [48].

As mentioned in Section 2.3, electromagnetic radiation interacts with the atmosphere
during its travel. Therefore, it is necessary to apply atmospheric corrections to
eliminate the scattering and absorption effects of the atmosphere (Figure 5.1) and to
get the real surface properties as much as possible. After atmospheric correction, the

radiance values become the SR values.
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Figure 5.1 : Atmospheric effects on incident and reflected energy [49].

In order to provide uniform geometry and homogenous radiometry throughout large
areas, individual images have to be mosaicked. Image mosaicking is a method of
combining multiple images of the same area to form one large radiometrically balanced

image so that the boundaries between the original images are not seen. The output of

the image mosaic will be the union of all images (Figure 5.2).

Figure 5.2 : Example of image mosaicking [50].
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5.2 Spectral Indices

Spectral indices are based on simple or complex expressions, such as the ratio of
image bands or multiplication of the ratios by coefficients [51]. Indices highlight
spectral [25] differences and invisible properties of objects based on their reflections
of electromagnetic waves. Many spectral indices have been used to emphasize
different surface properties such as impervious surfaces, built-up areas, wetlands, water

contents, and vegetation covers, etc.

VIs aim to increase vegetation signatures while minimizing the soil background effects
[52]. The principle behind this is the high absorption of healthy green vegetation in
the red wavelength due to the leaf pigments such as chlorophyll and high reflectance
of vegetation due to internal leaf structure in NIR wavelength (Figure 5.3). On the
other hand, unhealthy or sparse vegetation reflects more in red wavelength than healthy

vegetation.

Figure 5.3 : Vegetation indices principle [53].

VIs are widely used in agricultural studies since vegetation indices are sensitive to
the spectral changes and behaviors of vegetation covers such as forests, arable lands,
pastures. Using vegetation indices, it is possible to determine the density of vegetation,
to monitor vegetation growth grades, and to assess the vigor by vegetation indices [54].
These features can be detected at a particular time, or their changes can be monitored

over time. Growth problems due to nutrition deficiency, irrigation channel congestion,
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diseases, or insects can also be monitored by the changes of index values. Also, the use
of vegetation indices for crop identification and crop-type mapping has been proven
to improve classification performance due to discrete spectral reflections of different

Crops.

By this time, many vegetation indices have been developed using various image bands.
One of the earliest ones is the RVI (Ratio Vegetation Index), which indicates the
vegetation with the ratio of NIR and Red bands [55]. NDVI is the most popular
one with the ratio of the subtraction of NIR and Red bands to the sum of them.
Additional vegetation indices were empirically developed due to the sensitivity of
NDVI to external factors, which are canopy background and atmosphere. SAVI
(Soil-Adjusted Vegetation Index) was created to minimize the index sensitivity to
soil background reflections. In order to reduce the atmospheric effects, the EVI was
developed [55]. In the literature, there are hundreds of vegetation indices derived
from different expressions such as the TVI (Transformed Vegetation Index), PVI
(Perpendicular Vegetation Index). Table 5.1 shows the formulas and descriptions of

some of the frequently preferred vegetation indices.
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Table 5.1 : List of the most common vegetation indices [56—58].

Index Formula Decsription References
General evidence of Pearson
RVI % ve et\zlltion and Miller,
seton. 1972 [59]
Monitoring the amount of
vegetation concentration,
greenness, biomass, and Rouse et
NDVI %ﬁg;giﬁ pigment content. Enables al.,
to track vegetation 1974 [60]
dynamics and
phenological changes.
Corrects and minimizes
NIR—Red the soil brightness effects Huete,
S NiR+Red+1 < (1 1) especially for the low 1988 [61]
vegetation cover.
Sensitive to changes for
high biomass areas.
. Huete et
EVI 2.5 x NIR—Red Reduces the atmospheric al
2 7 NIRTCy xRed—C xBlue+L effects. Corrects and "
. 2002 [62]
minimizes the canopy
background signals.
Removes negative values Rouse et
TVI (NDVI) +0.5 of NDVI and provides al.,
normally distributed
. 1974 [60]
histograms.
Richardson
PVI NIR—aRed—b Eliminates the soil and
Vita? brightness effects. Wiegand,
1977 [63]

NDVI is the most widely used VI in agricultural studies since NDVI offers more
photosynthetic capacity of plants. At the same time, SAVI reflects more the canopy
structure, and EVI is more suitable for high biomass areas (such as dense forests)
where NDVI reaches saturation and is insensitive to variations [64]. NDVI is widely
used to monitor and compare the behavior, change, and development of crops over time
since it is more stable and easy to calculate [65]. Figure 5.4 shows the NDVI profile
of a tomato crop during the growing period. Depending on the increase of foliage,

NDVI starts to rise after the sowing day. Following the peak reached, NDVI values
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falling with the emergence and maturity of tomato fruits. When irrigation is stopped at

a particular time before harvest, fruits turn red, and NDVI values decrease even more.

NDVI Profile
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Figure 5.4 : NDVI profile of tomato crop from sowing to harvest date.

Besides, indices using Red-Edge bands perform better for vegetation-based studies
[66—68]. However, due to the lack of Red-Edge bands of PS images, these indices
could not be used in this study. Therefore, NDVI was preferred and used in the
classification algorithm to increase the performance of the crop type identification and

separability.

5.3 GLCM Texture Features

As mentioned in the previous section, vegetation indices provide information about
crop growth, canopy, planting patterns, and soil background. However, structural and
textural patterns of the fields are also significant factors to improve classification results

[69].
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Texture is a feature used to identify and distinguish different objects based on
variations of the shades of gray. There are various texture calculations, which are
statistical, spectral, and structural in the literature [70]. Initially, Haralick, Robert
M., Shanmugam. K Dinstein, [71] proposed 14 different texture parameters based
on grey-tone spectral dependencies for remote sensing applications. In the following
times, additional texture parameters were developed gradually by researchers [9]. All
of the second order statistical texture parameters that consider the spatial relationships
of the pixels are called the GLCM (Gray Level Co-occurance Matrix) [72] and can
be calculated for four directions as shown in Figure 5.5. GLCM values are calculated
from a matrix that measures how often a pixel appears in neighboring pixels within a
specified direction and distance [51]. However, in many studies, a single “invariant”
spatial direction, which is the average of four instead of different directions, is

preferred [73].

135" [-0-0] 10" [-0d] 457 [-0 D]

/
/

Pixel of inferest - w | 0°[0D]

Figure 5.5 : GLCM directions [74]

GLCM texture parameters are significant for providing distinctive information for
agricultural studies because, unlike spectral indices, texture parameters provide crop
density and shape properties [70]. Some of the most preferred GLCM texture features
in the literature are shown in Table 5.2. Generally, the use of texture parameters
in vegetation indices significantly contributes to better crop discrimination [9]. In
this context, NDVI, one of the most popular vegetation indices, was chosen to apply

textural parameters, thereby expanding the variability of the feature space.

Based on the evaluation of different GLCM results, ASM (Angular Second Moment),

Entropy, and MOC2 (Information Measures of Correlation 2), which respectively
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Table 5.2 : Some of the most popular GLCM texture features [75-77].

Texture Feature Formula Explanation
. Ny «Ng  pli,j) Measures the
Homogeneity LisiXjm T+i—j]? uniformity
Dissimilarity Zi\ﬁl ]}fi i—=Jlp(i, j) Measures the variation
N, . . Measures the
Entropy SX ploga(pli)+E) s
Correlation s ijyﬁl (i, )ij— by Measures the linear
0x(i)0y (/) dependency
N Measures the
Energy Y.l (X(i)+c)? uniformity
(homogeneity)
4 Measures the global
Variance Nlp Y. (X)) —X)? variation and

Angular Second
Moment

Contrast

Information Measures
of Correlation 2

heterogeneity

Measures the local
uniformity
(homogeneity)

T T (p(i, )2

Z?ﬁ] Z]}/i [(i—)?p(i,j)  Measures the variations

Measures the local

V1 — e 2(HXV,—HXY)
homogeneity

emphasizes homogeneity, randomness, and correlation of crops grown in the region,

were taken into account.

5.4 Image Classification

Using remote sensing images, land use, and land cover information can be obtained
through image interpretation and classification process.
image classification techniques have been developed to obtain updated land use and
land cover information at different scales since the 1980s.
classification techniques are pixel-based, where each pixel is labelled as a single land
use and land cover class [20]. In this context, there are some classification approaches
such as unsupervised (i.e., K-Means and ISODATA), supervised (i.e., ML, Artificial
Neural Network, DT, SVM, RF), and hybrid classification (i.e., semi-supervised
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and fusion of supervised and unsupervised learning). However, these pixel-based
classification approaches have limitations when applied to heterogeneous regions,

since the size of an object can be much smaller than the size of a pixel [78].

In this study, a supervised RF classifier was used, and therefore more detailed

information is given in the following section.

5.4.1 Random forest (RF)

The reason for choosing RF as a classifier in this study is to map crop types with better
classification performance and processing speed [79]. RF is a supervised machine
learning classification and regression algorithm that grows with an ensemble of DTs
that combine predictions from multiple trees and provide better results than a single
tree [80]. In the supervised classification, the training data set is created by predefining
and labelling the input data classes and then is given to the algorithm [81, 82]. Thus,
the classification algorithm can learn the properties of target classes from training data

and use them to classify data that has not yet been defined [79].

Although it consists of ensemble DTs, RF differs from DT due to the randomly running
processes: finding the root nodes and splitting the internal nodes [83]. Besides, RF
can overcome the disadvantages associated with a single DT while maintaining its
advantages [80]. Each tree in the RF algorithm is created by the values of randomly
collected input variables to estimate the value of the output variable through supervised

learning [84, 85].

The components of a single DT are shown in Figure 5.6. Nodes represent possible
attributes associated with an event; the first node called root represents the most
significant information gain, branches represent attribute values, and finally, leaves
represent classes [81, 86]. Variable and split value to divide in a node, decision to
stop or split again, and assigning leaf nodes to a class are determined when creating a

tree [87].

RF has many advantages that are being non-parametric and having the ability to deal
with outliers in training data [80]. RF also prevents overfitting if a sufficient number of
trees would be found. There is no need to apply a variable selection or data reduction
before using the algorithm because RF automatically identifies the best predictors of

a large number of data. Also, pre-processing is not required for the input dataset.
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Figure 5.6 : The components of a DT [86].

Randomness in ensemble trees makes RF more reliable because it enables the ability to
handle automatically with missing data [88]. The structure of RF gives it a calculation
capability of classification error and variable importance [80]. Compared to other
machine learning algorithms such as SVM, RF is not very sensitive to the parameters
used, but on the other hand, it is easier to determine the parameters to be used, which is
an advantageous feature [80, 89]. Figure 5.7 shows the structure of an RF model with

a large number of DTs.

Test Sample Input

Tree 600

Prediction 1 Prediction 2 Ce | Prediction 600 |

Average All Predictions

v

Random Forest
Prediction

Figure 5.7 : RF structure [90].

38



There is a direct proportion between the number of trees and the accuracy of estimation
results because RF is an ensemble method that utilizes the results of all trees to
make decisions. RF classification generally evaluates the responses from hundreds
of different DTs to decide which class a pixel or object belongs. It looks at the
classes predicted by all trees, and the class predicted by the majority becomes the class
assigned to that pixel or object [80,89]. For example, in a pixel-based RF classification
with 500 trees, if 350 trees estimate that the pixel is tomato, 80 tree peppers, and 20

tree watermelons, this pixel is ultimately assigned to the tomato class.

There are two steps to creating trees. In the first step, RF makes random selections
from training data to develop the models of each DT. That is, each tree randomly
selects different variables from the input dataset. However, one-third of the training
data (out-of-bag samples) is used by the algorithm for model testing. In the second
step, the condition to leave each node of trees to create the binary rule is randomly
selected. The user can determine the number of random selections, or it can be left to
the algorithm. In this way, the correlation between trees and the error rate is reduced.
The critical thing in this process is to choose the right number of variables to provide

a low correlation with sufficient predictive power [80, 89].

RF algorithm includes specific parameters [80,91]:

1. Prediction variables (such as image bands), and response variables (such as land

cover type) as input training data,
2. Number of trees,
3. Number of prediction variables for binary rules of each split/decision,

4. Parameters for calculating error and variable significance.

Some variables have significant effects on classification results, while some have low
importance. Therefore, the determination of these variables, in other words, the
variable significance is important [92], and RF is successful in this regard. Thus,
it is possible to remove variables that provide less information to the analysis, and
the model can be rerun without them. This detection is particularly important in

the classification of multi-band satellite images because training sets may contain
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insignificant data. Also, outliers in the training data that differ from other data in the
class to which they belong can be evaluated with RF. Thus, the classes with outliers

can be identified, and the training set can be revised [80].

5.4.2 Stratified k-fold cross-validation (CV)

The most critical issues related to classification models are model assessment based on
the question “How good is the model?” and model selection based on the question
“Which model is the best?”. One of the strategies for evaluating the model is
to apply CV (cross-validation), one of the statistical approaches, to select the best
performing models in the literature [93]. CV evaluates the reliability and stability of
the classification results [94] and presents the information about the robustness of the

model [95].

Adequate and reliable ground-truth data is essential in the supervised image
classification of satellite data. The most common way is to do fieldwork. However,
it is often problematic because it is expensive, difficult to manage, error-prone, and
time-consuming. Also, the reliability of the data collected depends on the person
working in the field. For these reasons, it may not always be possible to gather
sufficient data required for both training and validation. In this case, it is possible
to train and validate the classification model with a single and limited set of data; and

the CV gives outstanding results in this regard.

There are several types of CVs in the literature, and Spatial CV, K-Fold CV, Stratified
K-Fold CV, and Leave One Out CV are some examples. The model performance is
directly related to the data selected for training and validation. However, it causes the

model to underperform because most of the data cannot be homogeneous.

The Stratified K-Fold CV was selected in this study as it was developed to remove the
uncertainties of the data partition [95] and is described in more detail in this section.

The K-Fold CV validation process is shown in Figure 5.8.

Firstly, in n K-Fold CV, data is divided into predefined k parts. One of the k parts
is selected to assess the model, and the remaining (k-1) parts are used to train the
model. Each part is called fold, and this process is repeated until all folds are used for
the validation [96]. However, it is possible to occur an imbalance in the dataset. For

example, the number of some of the crop classes might be higher than others. In this
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Figure 5.8 : Illustration of the K-Fold CV process.

case, with the use of a stratified k-fold CV, each fold contains the same percentage of
samples of each class [97]. Figure 5.9 shows a comparison between the validation and
training data partitions of k-fold and stratified k-fold CVs. As shown in the Figure 5.9,
K-Fold divides the data equal to the predefined number. However, Stratified K-Fold
divides proportionally to the number of samples in the class. Thus, the same percentage
of samples appears in each set [98]. The data partition is the advantage of Stratified
K-Fold CV.
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Figure 5.9 : Sampling methodologies of K-Fold and Stratified K-Fold CVs [98].
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After model assessment, the best performing model should be determined in model
selection. In order to select the best performing model, errors of each model can be
evaluated with CV results, and the best performing model with the least estimation

error may be selected [93].

5.4.3 Accuracy assessments

It is essential to evaluate the image classification performance and to determine how
reliable the results can be, especially for actions to be taken based on the classification
results. Although there are various approaches in the literature, Bootstrap and error
matrix are highly recommended and widely used methods to evaluate the reliability of

test data, and the accuracy of classification results, respectively.

5.4.3.1 Accuracy assessment with error matrix

It is possible to evaluate how proximate the classification results to the real-world
values, and for this purpose, the error matrix is a common technique used in remote
sensing to perform this assessment. In the accuracy assessment with an error matrix,
the classification and reference data are compared [99, 100]. In other words, the error
matrix shows where confusion occurred during classification [101]. Meanwhile, itis an
advantageous way to understand what is correctly done as a result of the classification
and what kinds of errors are made. According to the error matrix, all the differences
between classification results and reference data are due to classification and / or

identification error since the reference data is considered to be "true" [102].

Error matrix consists of columns and rows. In general, reference data are shown in
columns, and the predicted classes are shown in rows [99]. Figure 5.10 shows an

example of an error matrix with the calculations of different types of accuracies.

Total accuracy is calculated by dividing the number of correctly classified pixels (the
sum of the diagonal) by the total number of pixels in the error matrix. Likewise, the
correctly classified number of pixels might be divided by the total number of pixels
in the reference data (in a column) or classified data (in a row). The producer of a
classification is concerned with how well it can classify the relevant area. Accordingly,
the Producer’s Accuracy might be obtained by dividing the total number of correct

pixels in a class by the total number of pixels as coming from the reference data (in the
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Reference Data
Row Poducer's Accuracy
Classes A B C D Total A 65/75 = 87%
B 81/103 = 79%
A 65 4 22 24 115 C  85/115= 74%
z D 90/141= 64%
5 B 6 g1 5 g 100
= User's Accuracy
g c 0 1 £3 19 115 A 65115=57%
o B 81/100=81%
D 4 7 3 90 104 C 83113=T74%
D 90/104 = 87%
CT'J:::;" 75 103 115 141 434
65+81+85+90 321
Overall Accuracy = = — =74%

434 T 434

Figure 5.10 : Example error matrix [102].

column). As a result, an omission error is obtained, which indicates the probability of
how accurately classified of the pixel in the reference data. Meantime, the division of
the number of correctly classified pixels of a class to the number of total pixels of that
class gives the User’s Accuracy. It provides the commission error, which indicates the

probability that a classified pixel represents its class on the ground [99].

5.4.3.2 Accuracy assessment with bootstrapping

It is crucial to determine how well test data represents the region since it is not possible
to collect the data of the whole region when evaluating the classification results. To
achieve this, there are lots of techniques in the literature. One of these is Bootstrap,
a resampling method that randomly samples the dataset with replacement [103].
The Bootstrap method can also be used to evaluate the performance and statistical
properties of the model (estimator) because a model might be hypersensitive to noise
in a dataset [104]. It also yields on the assessment of classification uncertainty and

discovering how sample bias affects the results [105].

In order to evaluate the classification accuracy by Bootstrapping, a sample population
must be determined. Then, the determined number of samples will be repeatedly
selected from the test set with different combinations, and all the evaluations will be

averaged for the final assessment [106, 107]. The critical point is that a previously
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selected observation can be included in the sample population multiple times, and this

is the reason why bootstrap is called resampling [106].

Two parameters must be specified before running a bootstrap algorithm: sample
size and repetitions. The sample size represents the sample population, which will
randomly be selected by the algorithm. The sample size should be selected based on
population size and the performance of the environment in which calculations are to
be done. It is possible to reduce the effects caused by the random sampling errors,
naturally found in the bootstrap procedure by increasing the number of samples. The
maximum sample size can be equal to the number of data in the test set. However,
the increased number of samples does not increase the amount of information that
comes from the original data [108]. Repetition represents the repetition number to be
performed. When selecting the number of repetitions, it is necessary to be noticed
that the amount should be large enough to allow the calculation of the statistics. The
low number of repetitions will cause deviations in statistical calculations. Therefore,
it is recommended to do it hundreds or even thousands of times in the literature [106].

Figure 5.11 shows the sampling methodology of Bootstrapping.

Super Population
Sample Population 1

Sample Population 2

Sample Population 3

Figure 5.11 : Sampling methodology of Bootstrapping [109].

Bootstrap is an advantageous method that is frequently used in statistics. It is almost
unbiased due to the way it develops, but it may have a considerable level of variance
[110]. Bootstrapping is based on that repeating the sample continuously for the

same data set makes the data closer to the real population [107]. Since it creates its
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own sample sets required for continuous repetition, it is a time-saving and a handy
method by eliminating the weight of re-preparing a data set and re-obtaining the
results [106]. Bootstrap prediction results are usually in the Gauss distribution and
give the model’s prediction ability within a confidence interval. These intervals are
matched quite closely to exact confidence intervals, and the results are trustworthy in
all situations [110]. Variance measurements, such as standard deviation, standard error,
and some other measures, might be obtained [106]. Bootstrap is suitable for checking
the consistency of results. While the real confidence interval is unknown in most cases,
bootstrap is comparatively (asymptotically) more accurate than the standard intervals

achieved using sample variance and normality assumptions [111].
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6. APPLICATION AND RESULTS

In this thesis, it is aimed to detect the tomato cultivated fields and calculate their areas
by RF classification. As a first step, fieldwork was conducted to collect ground-truth
data for creating training and test data. Meanwhile, pre-processing steps were applied
to Planet images [47] with 4-band and 3-m spatial resolution, and image features
(spectral indices and GLCM textures) were prepared for use in classification. Then, RF
classifications and accuracy assessments were performed with different methods and
image feature combinations were used to determine which features increased tomato

classification accuracy. Figure 6.1 shows the flowchart used in the study.

Classification of

Tomato Fields

v v

Planet Images ‘ Fieldwork ’

Image Pre-Processing

Spectral Texture
Indices Features

Mono/Multi
Temporal Image
Datasets

Ground-Truth
Data

RF Classifications
&
Accuracy Assessments

Figure 6.1 : Flowchart used in the study.
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6.1 Study Area

The study area is in Karacabey, which is a district of Bursa province and located in
the southern Marmara Region of Turkey. It is surrounded by Mudanya and Bursa
from the East, Mustafakemalpasa, and Susurluk from the South, Manyas from the
Southwest, Balikesir, and Bandirma from the West, and Marmara Sea from the North.
Karacabey plain is located to the southeast of the district center and was formed during
the collapse of the 4th geological time [112]. The two most important natural beauties
of Turkey, Ulubat Lake, and Manyas (Kus) Lake, are located in the eastern and western

parts of the plain, respectively.

Karacabey’s climate is a mixture of Mediterranean and Black Sea climates. Due to
warm and rainy winters, precipitation is mostly seen as rain. Usually, summers are
dry. According to 5-year temperature observations, the highest is 38.5 ° C in August,
the lowest is -9.7 ° C in February, and the average annual temperature is 14 ° C. The
average annual rainfall of Karacabey, obtained from 29 years of observations, is 562

mm [112].

Continuing drought in autumn and postponing autumn rains have been a significant
concern for farmers in recent years [112]. In the meantime, heavy rains and hailstones
in the summer months, which are considered as a result of climate change, cause

damage to agricultural areas.

Agricultural activities are common and intensive in Karacabey plain. Wheat, tomato,
barley, corn, beans, peas, sugar beet, cotton, sunflower, and tobacco are the most
commonly cultivated crops in Karacabey plain. [113]. Meanwhile, crop pattern varies
according to the changes of climate and soil conditions and the support provided to

farmers.

Today, Karacabey is shown as both agricultural and agricultural industry production
area in 1/100.000 scale plans of Bursa. The region covers 35% of field crops, 46%
of vegetable products, and 28% of agricultural income grown in Bursa. Karacabey is
fourth in the ranking of industrial tomato cultivation by supplying Turkey’s %40 of
tomato needs with 140.000 da area of industrial tomato cultivation, and tomato paste
production factories producing annually 181.651-ton tomato paste. Besides, due to

the favorable conditions of the region for seed production, Karacabey is on the way to
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become the center of the seed sector with the increasing investments of domestic and

foreign companies [114].

Due to the rapidly growing interest in agricultural production in the region, the study
area was chosen as the Karacabey plain (Figure 6.2). The study area is located

approximately at the center of the plain (40°09°55.75” N and 28°13°14.51” E) and

has an area of 22.97 ha. Karacabey plain is located 25 km north of the 40th parallel
and 20 km east of the 28th meridian [112].

Figure 6.2 : The map of the study area located in Karacabey, Bursa, Turkey.

6.2 Dataset Used

6.2.1 Satellite images

In order to map tomato crop areas, satellite images of PS were used in this study.
As explained previously, Ortho Scene products, which are served to the user with
geometric and radiometric calibrations [115], were used. Although these images can
be downloaded as atmospherically corrected (SR) or ToA corrected, in this study, SR

images were preferred for better performance in crop type identification.

According to the tomato cultivation period, 18 different dated cloud- and haze-free
PS images were downloaded from Planet Explorer, an online platform that provides
easy browsing opportunities on Planet’s imagery catalog. In the Planet Explorer,
subscribers may search for images over time, have a look at low-resolution satellite

image previews, view metadata, and download the types of full-resolution images
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[116]. The dates of satellite images used in the study are given in Table 6.1. In some

images, two different dates were combined to cover the study area fully.

Table 6.1 : Dates of used satellite images used.

Index Image Dates Index  Image Dates
18 March 2019 10 24 June 2019

p—

2 25-26 March 2019 | 11 30 June 2019
3 5 April 2019 12 3-4 July 2019
4 22 April 2019 13 8-9 July 2019
5 29-30 April 2019 14 13 July 2019
6 12-13 May 2019 15 16 July 2019
7 26-28 May 2019 16  19-21 July 2019
8 30 May 2019 17 21-23 July 2019
9 31 May 2019 18 27 July 2019

6.2.2 Ground truth data

Ground truth data were collected in two ways: fieldwork and visual interpretation.
Fieldwork was conducted one time to create a dataset before classification. Visual
interpretation was also made only in the office to increase the number of polygons in
the test set, but these data were not used for the training set. 70% of the total data set
was divided as a training set and 30% as a test set. All of the training data comes from
fieldwork; however, 75% of the test set comes from fieldwork and 25% from visual

interpretation.

Fieldwork was done with two engineers: an agricultural engineer on-site and a
geomatics engineer in the office to plan the fieldwork and arrange the samples to
be obtained from the field. In order to conduct fieldwork and collect samples by
systematically sampling, the study area was divided into grids of equally sized by using
GIS software before the field visits. Grids were implemented into the maps so that the
agricultural engineer could use it during the fieldwork. Also, a mobile application
was used for the agricultural engineer to draw a polygon in the field and share it with
colleagues in the office. Each polygon was checked by up-to-date satellite images and
Google Earth Pro. Suspicious polygons were removed from the datasets to prevent

misleading results.

Visually interpreted data was obtained by the geomatics engineer using Google Earth

Pro based on the samples collected from the fieldwork. The procedure is based on the
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recognizable appearances of parcels where different crops are cultivated. The image in
Google Earth Pro used was on July 16, 2019, showing the appropriate maturity time to

distinguish different crops with their appearance.

The number of parcels for each crop collected by fieldwork and visual interpretation is

shown in Table 6.2.

Table 6.2 : The number of polygons in both training and test sets.

Index Class Number of Polygons in Training Set Number of Polygons in Test Set
By Fieldwork by Fieldwork by Visual Interpretation
1 Winter Cultivation 56 18 6
2 Sunflower 42 14 4
3 Capia Pepper 65 21 7
4 Paddy 56 18 6
5 Tomato 162 53 17
6 Watermelon 59 19 6
7 Melon 11 4 1
8 Corn 95 31 10
9 Orchards 22 8 2
10 Alfalfa 48 15 5
Total 616 201 64

6.3 Pre-Processing

To obtain more accurate classification results, necessary pre-processing steps were
applied to the satellite images. The atmospheric correction step has not been
applied because SR products, which are atmospherically corrected images, have been

downloaded as described in Section 4.

Image mosaic was required due to the size of both Planet Otho Scene Products and the
study area. During the mosaicking of scenes, the attention was paid to the radiometric
color balance in the image mosaic. The cutline selection was made considering
the minimum difference between cutting regions. Statistics were then calculated for
overlapping regions of the scenes, and anomalous values due to various atmospheric
conditions such as clouds and haze were eliminated. Color adjustments (i.e., brightness

and contrast) were made to minimize the differences between overlapping regions.

6.4 Spectral Indices

Widespread and effective VI, NDVI was included in the study to minimize variations

caused by different topographic and illumination conditions. [62,117,118]. On the
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other hand, by adding NDVI images to the classification, it is aimed to obtain more

accurate classification results as the size of the feature space increases more.

NDVI was calculated for all dated images. NDVI is the ratio of the differences of 2
spectral bands to the sum. As shown in Equation 6.1, NDVI uses the NIR and red
bands in its formula.

NIR—RED

NDV[=———"— (6.1)
NIR + RED

The range of NDVI values is [-1, +1]. NDVI values closer to 1 represents dense
vegetation, and closer to -1 represents little or no vegetation. General NDVI values

for land surface are given in Table 6.3.

Table 6.3 : General NDVI values for various land surface features.

Land Surface Features NDVI Ranges
Water, snow, built-up areas <0
Barren Land 0-0.2
Shrub and Grasslands 0.2-0.3
Sparse Vegetation 0.3-0.5
Dense Vegetation >0.5

NDVI was calculated for each 18 different dated mosaicked images. Figure 6.3 shows
examples of NDVI images of the beginning, mid and late periods of the crop growth
cycle. As can be seen, higher values appear brighter, and lower values appear darker.
It is clear that in most fields, NDVI values are higher in the period when vegetables are

cultivated and grown, that is, in July.

Following the NDVI calculation, NDVI signatures were extracted from the

representative field selected for each class (Figure 6.4).

The figure clearly shows that most of the cultivated crops have similar NDVI
characteristics over time. The period considered is a typical growth period for mixed
horticultural products. Different image features, such as texture explained in the next

section, can be integrated into the classification to handle the mixing problem.
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Figure 6.4 : NDVI signatures of nine different crops growing in the study area.
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6.5 Texture Feature Selection

Various textures were analyzed, but three texture features that could contribute to the
best discrimination of tomato plants were selected since the use of all texture features

would increase data size and computational capacity (Table 6.4).

Table 6.4 : An example of the texture features used in the image of 30 July (Red

parcels tomato, greens capia pepper, yellows corn, and light blues paddy)

[76,77].
Textures Formula Image Examples Explanation
Zé\fl lev‘:gl (p(i,j ))2 The homogeneity and the
local uniformity of an image
ASM p(, j) is the co-occurance is measured by ASM. If the
matrix, Ng is the number of values of the co-occurrence
discrete intensity levels of the matrix are very similar,
image ASM values will be higher.
The randomness of an
N, ] . image is measured with
— L2, p(D)log2(p(i) +£) Entro;%y. If the values of the
Entr . w co-occurrence matrix are
e is the arbitrarily small
.. unequal, the same and
positive number small, Entropy values will
be higher.

MOC?2 evaluates the
correlation between the
probability distribution

functions. It also measures
Ui the complexity of a texture.
Q The result O represents
MOC2 \/ 1 — e 2(HXY,—HXY) 5 independent distributions,

which means no mutual
information. The maximum
value represents entirely
dependent distributions,
which means utterly
dependent information.

To select the best performing textures, temporal textural changes of each type of
crop were plotted in a graph and evaluated considering their possible contribution
to the classification. At this point, corn, capia pepper, and watermelon with high
mixing potential with tomato class were taken into consideration. As a result of
the evaluations, it was determined that the tomato had different texture values from

other crops at certain dates for these three textural features (shown in Table 6.4). For
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example, as seen in Figure 6.4, tomatoes have had very similar, sometimes even the
same “Contrast” values, especially with corn and watermelon. For this reason, the
"Contrast" feature has been neglected, as it cannot provide the expected contribution
to the classification and may even lead to the mixing of crop classes. Similar analyses
were applied to all calculated features, and most of them (shown in Appendix-A.1 and
Figure 6.5) were not taken into account because it was thought that they would not

improve the classification results.

Meanwhile, textures calculated from NDVI images were found to be more distinctive
than those made with individual NIR and red bands. Thus, the texture calculations

were applied to NDVI images.
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Figure 6.5 : Time-series of the “Contrast” feature.

The temporal textural changes of the selected ASM, Entropy, and MOC2 features
are shown in Figures 6.6, 6.7, and 6.8. As can be seen in these graphs, the tomato
has significantly different ASM, Entropy, and MOC?2 values from all other crops,
commonly on June 30, 2019, July 3, 2019, and July 27, 2019. Meanwhile, corn,

watermelon, and capia pepper appear to be different from tomatoes on three dates.
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Especially on May 31, 2019, ASM, Entropy, and MOC?2 values of most crop classes
are very similar. The reason might be that most of the crops have not yet reached
a noticeable plant size and canopy. Plants do not cover the soil before reaching a
certain maturity, and therefore soil reflectance may affect pixel values or be dominant.
Meanwhile, up to a specific phenological stage, leaves may not have the required size

and form to distinguish various plant species.

It can be seen in Figure 6.6 that the ASM values are close to 0. Since ASM represents
the homogeneity, low values of ASM indicate that the crop samples are not uniform in

themselves. In other words, parcels have complex and dissimilar textures.
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Figure 6.6 : Time-series of the “ASM” feature.

As seen in Figure 6.7, relatively high Entropy values strengthen the arguments from
low ASM values; in other words, sample polygons show random and inhomogeneous
structures in themselves because Entropy is a measure of complexity and randomness.
Also, similar texture values of crops observed on the ASM graph before the date May

31, 2019, are also noticeable on the Entropy graph.
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Figure 6.7 : Time-series of the “Entropy” feature.

As shown in Figure 6.8, the MOC?2 values that indicate non-mutual information in each
product are relatively close to zero. It is also difficult to distinguish different crops on

May 31, 2019, as MOC?2 values were close, as in ASM and Entropy.
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Figure 6.8 : Time-series of the “MOC2” feature.
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Time series textural features were also used to determine images to be used
in mono-temporal classification and also to compare the mono-temporal and
multi-temporal classification results. Based on the time-series analyses, one date for
mono-temporal classification (June 30, 2019) was selected. In the selection, it was

assumed that the two close dates would not yield different classification results.

Therefore, although both dates were considered eligible for mono-temporal
classification, the image of 3 July 2019 was discarded due to several days between
30 June 2019. Another reason for the preference is that the image of June 30, 2019,

has more significant differences in texture values.

6.6 Classification

Image classification is the most critical part of digital image analysis, and many image
classification techniques use different approaches. In this study, besides crop mapping,
it is also aimed to find answers to particular issues that might be encountered in the
classification. One of them is to determine the appropriate image dates to be used
the tomato classification. To this end, image classifications were carried out for both
the mono-temporal image covering a critical stage of crop growth and multi-temporal
images covering certain stages of crop growth. The image dated 30 June 2019 was
used in mono-temporal classifications, and 18 multi-date images (Table 6.1) were used

in multi-temporal classifications.

Another issue is to determine the effects of different image features on the detection
of tomato fields. Thus, NDVI and three textures (i.e., ASM, Entropy, and MOC?2)
were considered as additional features, and these textures were calculated for the
18 NDVI images. As a final step, all these features were added as a new band
to mono-temporal and multi-temporal images, and classifications were made with
different band combinations. Thus, as shown in Table 6.5, 18 different combinations

were considered in the classification.

Another critical issue in satellite image classification is to determine the reliability of
test data and sampling methodology. For this purpose, Bootstrapping was performed to

the test data separated from the data collected in the field study and the data collected
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Table 6.5 : Details of all classifications performed.

Case#  Image Dates  Features 1 to4 Feature 5 Feature 6 Feature7 Feature 8
1 Mono-Temporal ~ B/G/R/NIR
2 Mono-Temporal ~ B/G/R/NIR NDVI
3 Mono-Temporal ~ B/G/R/NIR NDVI ASM
4 Mono-Temporal ~ B/G/R/NIR NDVI Entropy
5 Mono-Temporal ~ B/G/R/NIR NDVI MOC2
6 Mono-Temporal ~ B/G/R/NIR NDVI ASM Entropy
7 Mono-Temporal ~ B/G/R/NIR NDVI ASM MOC2
8 Mono-Temporal ~ B/G/R/NIR NDVI Entropy  MOC2
9 Mono-Temporal ~ B/G/R/NIR NDVI ASM Entropy  MOC2
10 Multi-Temporal ~ B/G/R/NIR
11 Multi-Temporal ~ B/G/R/NIR NDVI
12 Multi-Temporal ~ B/G/R/NIR NDVI ASM
13 Multi-Temporal B/G/R/NIR NDVI Entropy
14 Multi-Temporal ~ B/G/R/NIR NDVI MOC2
15 Multi-Temporal ~ B/G/R/NIR NDVI ASM Entropy
16 Multi-Temporal B/G/R/NIR NDVI ASM MOC2
17 Multi-Temporal B/G/R/NIR NDVI Entropy MOC2
18 Multi-Temporal ~ B/G/R/NIR NDVI ASM Entropy  MOC2

from visual interpretation. At the end, the accuracy and reliability of the classification

accuracy was evaluated.

In the meantime, how accurate the classification results can be evaluated without
separate test data; that is, only training data is another research topic considered in
this research. Training data is a requirement of RF classification. Ideally, reference
data collected from fieldwork should be split independently into training and test data
to evaluate accuracy more reliably. However, collecting the required amount of data

reliably and quickly from the field is a costly and challenging task.

In this study, after collecting ground-truth data for the different crops grown in the
region, the training set to be used in the classification and the test set to be used in the
accuracy assessment are handled independently to obtain a more accurate classification
result. However, considering the challenges of fieldwork, a second approach has been
evaluated based on the assumption that it may not be possible to create such extensive
data sets under all circumstances. In this approach, it was assumed that there was no
separate test data; that is, both classification and accuracy evaluation were made with

a single data set.
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Based on these assumptions, three different classification and accuracy assessment
scenarios were considered using 18 different data sets (Table 6.4), and the methodology
used in these three scenarios is given in the flow chart shown in Figure 6.9. In the
first scenario, traditional RF classification was performed with the training data, and
the results were evaluated with separate test data. In the second scenario, the same
procedure was applied with the first scenario; then, the sampling methodology was
evaluated with Bootstrapping. Finally, in the third scenario, the data collected from
the field were not separated as training and test, but are combined into a single set.
Using the Stratified K-Fold CV, RF was both trained and evaluated with the combined

dataset. 18 classification results were compared for each scenario.
Accuracy

\_ Assessment /

RF RF RF
Scenario 1 Scenario 2 Scenario 3

Training and

times

Bootstrapping

% of Average

Error Matrix
Accuracy

Error Matrix

Thematic Map Thematic Map Thematic Map
Selection Selection Selection

Figure 6.9 : The methodology used in three types of classification & accuracy
assessment scenarios.

6.6.1 RF classification scenario 1

For the first analysis, pixel-based and supervised RF classification was performed for
each classification cases given in Table 6.5 with the training data collected from the

fieldwork. The input parameters of the algorithm are given in Table 6.6.
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Table 6.6 : Input parameters of the RF algorithm.

RF Input Parameters Values
Prediction Variables Variables given in Table 6.6
Response Variables 762 Polygons for 13 Land Cover Class
No of Trees 1000
Balanced Subsample True
Random State 1773

Then, the results were traditionally evaluated for tomato and not-tomato by using the
separate test dataset. The accuracy results for each classification of scenario 1 are

shown in Table 6.7 graphically in Figure 6.10.

Table 6.7 : The accuracy results for each classification of Scenario 1.

Case # | Image Dataset Features 1to4 Feature5 Feature 6 Feature7 Feature 8 | Mean
1 Mono-Temporal B/G/R/NIR 0,824
2 Mono-Temporal B/G/R/NIR NDVI 0,824
3 Mono-Temporal ~ B/G/R/NIR NDVI ASM 0,827
4 Mono-Temporal ~ B/G/R/NIR NDVI Entropy 0,827
5 Mono-Temporal =~ B/G/R/NIR NDVI MOC2 0,827
| 6 Mono-Temporal ~ B/G/R/NIR NDVI ASM Entropy 0,828 |
7 Mono-Temporal ~ B/G/R/NIR NDVI ASM MOC2 0,827
8 Mono-Temporal ~ B/G/R/NIR NDVI Entropy MOC2 0,827
9 Mono-Temporal ~ B/G/R/NIR NDVI ASM Entropy  MOC2 | 0,827
10 Multi-Temporal B/G/R/NIR 0,924
11 Multi-Temporal B/G/R/NIR NDVI 0,926
12 Multi-Temporal B/G/R/NIR NDVI ASM 0,928
13 Multi-Temporal ~ B/G/R/NIR NDVI Entropy 0,927
14 Multi-Temporal ~ B/G/R/NIR NDVI MOC2 0,928
15 Multi-Temporal ~ B/G/R/NIR NDVI ASM Entropy 0,929 ‘
16 Multi-Temporal ~ B/G/R/NIR NDVI ASM MOC2 0,928
17 Multi-Temporal ~ B/G/R/NIR NDVI Entropy  MOC2 0,928
18 Multi-Temporal ~ B/G/R/NIR NDVI ASM Entropy MOC2 | 0,929

Mono-temporal RF results showed that the addition of GLCM features increased the
accuracy, but NDVI did not. The combination of NDVI, ASM, and Entropy yielded
the best mono-temporal classification in Scenario 1, with a slight increase of 0.004.

The thematic map of case 6 is shown in Figure 6.11.
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Figure 6.10 : Graphic representation of RF classification scenario 1 results.
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Figure 6.11 : The best mono-temporal RF classification case for scenario 1.
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On the other hand, similar results were observed in the multi-temporal RF
classification. The best accuracy was obtained in combination with NDVI, ASM,
and Entropy, again with an increase of 0.005. However, the same accuracy value is
also seen in the 18th classification. This indicates that MOC2 does not provide any
valuable information to the multi-temporal classification in scenario 1. The thematic

map of case 15 is shown in Figure 6.12.
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Figure 6.12 : The best multi-temporal RF classification case for scenario 1.

Finally, when mono- and multi-temporal classifications are compared (Figure 6.9), the
accuracy of the multi-temporal RF classification appears to be 0.100 higher. Also, a
multi-temporal classification map has less salt and pepper effect than a mono-temporal
classification map and therefore looks smoother and clearer. Therefore, it is concluded
that multi-temporal data should be preferred for high accuracy tomato classification

with conventional RF.
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6.6.2 RF classification scenario 2

The same procedure, parameters, and data used in the first scenario was also used in
the second scenario. However, the Bootstrapping process was performed to test data
as an additional step. This process was applied to determine how much the test data
represents the whole region and the compatibility of classification accuracy with the
real world. Before the Bootstrapping, two parameters were determined: sample size
and repetition number. When the sample size increases, the algorithm can eliminate
errors caused by random sampling. The sample size can be equal to the test size as
a maximum. In the meantime, the lower number of repetitions may cause deviations.
Accordingly, the sample size is determined as its maximum, which equals the number
of polygons in the test set. However, since it is a pixel-based application, individual
pixels were taken into account in Bootstrapping. Thus, the number of pixels used was
changed depending on the number of pixels in the selected polygons. Besides, the

number of repeats was selected as 1000.

In some studies, the increase in the number of parameters may be a problem as it
increases the required processing capacity of computers, but the hardware/software
used in this study was appropriately selected to handle all scenarios. The properties of

the computer units used in this study are given in Table 6.8.

Table 6.8 : The properties of the computer units used in this study.

Computer Units Properties
Motherboard Memory 128 GB
Central Processing Unit (CPU) Generation 9th
Number of Processor Cores 10
Max. Processor Memory 128 GB
RAM Capacity 32 GB
Graphics Processing Unit (GPU) Memory 11 GB
GPU Bits 352 bit
CPU Freezer Used

Table 6.9 shows the Bootstrapping results with 1000 repetitions of the RF classification

with the confidence intervals.

64



Table 6.9 : The accuracy results for each classification of Scenario 2.

Case # | Image Dataset Features 1 to4 Feature 5 Feature 6 Feature 7 Feature 8 Confidence Ipterval
Lowest  Highest
1 Mono-Temporal B/G/R/NIR 0,786 0,860
2 Mono-Temporal ~ B/G/R/NIR NDVI 0,786 0,860
3 Mono-Temporal ~ B/G/R/NIR NDVI ASM 0,789 0,863
4 Mono-Temporal ~ B/G/R/NIR NDVI Entropy 0,790 0,863
5 Mono-Temporal B/G/R/NIR NDVI MOC2 0,789 0,863
‘ 6 Mono-Temporal B/G/R/NIR NDVI ASM Entropy 0,790 0,864 ‘
7 Mono-Temporal B/G/R/NIR NDVI ASM MOC2 0,789 0,863
8 Mono-Temporal ~ B/G/R/NIR NDVI Entropy  MOC2 0,788 0,863
9 Mono-Temporal ~ B/G/R/NIR NDVI ASM Entropy MOC2 0,789 0,863
10 Multi-Temporal B/G/R/NIR 0,893 0,950
11 Multi-Temporal B/G/R/NIR NDVI 0,896 0,953
12 Multi-Temporal B/G/R/NIR NDVI ASM 0,899 0,954
13 Multi-Temporal B/G/R/NIR NDVI Entropy 0,897 0,953
14 Multi-Temporal B/G/R/NIR NDVI MOC2 0,897 0,953
‘ 15 Multi-Temporal B/G/R/NIR NDVI ASM Entropy 0,899 0,954 ‘
16 Multi-Temporal B/G/R/NIR NDVI ASM MOC2 0,898 0,954
17 Multi-Temporal B/G/R/NIR NDVI Entropy MOC2 0,897 0,954
18 Multi-Temporal B/G/R/NIR NDVI ASM Entropy MOC2 0,898 0,955

In the mono-temporal classification, the narrowest confidence interval is observed in
the 4th classification, with a difference of 0.073. Generally, in the mono-temporal
classifications of the second scenario, RF results are in the confidence interval of
approximately 7%. For example, in the 6th classification case, which is the best result
selected in scenario 1, the confidence interval is 7.4%, and its Bootstrapping histogram
is shown in Figure 6.13. Close confidence intervals of the mono-temporal RF results
indicate that the test data are consistent within themselves, and the accuracy results are

significant and reliable.
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Figure 6.13 : Bootstrapping histogram with average accuracy and confidence intervals
for the 6th classification case.
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An alluvial diagram is used to visualize changes between classified and actual types
of crops in network structure over time. In this type of flow diagram, variables
are assigned to parallel vertical axes, and values are represented in each axis by
blocks. As an example, an alluvial diagram of case 6 is shown in Figure 6.14. In
the diagram, left and right vertical axes represent classification results and actual crop
types, respectively. As seen in the figure, tomato was mostly mixed with capia pepper
and sunflower. In other words, fields that are actually tomatoes were mostly classified
as capia peppers and sunflowers. It then mixed with corn, watermelon and winter

cultivation parcels.

Classified

Winter Cultivation Winter Cultivation

Paddy

Capia Pepper

Tomato Tomato

Sunflower
Sunflower
Melon
Watermelon

Watermelon

Com Comm

Melon

Figure 6.14 : Alluvial diagram of case 6.

Multi-temporal RF results of scenario 2 verify the multi-temporal RF results of
scenario 1, i.e., the narrowest confidence interval was obtained for the 15th
classification, and its histogram is shown in Figure 6.15. However, the difference
between the 15th classification and other multi-temporal classifications is 0.001-0.002.
All other Bootstrapping histograms are given in Appendix-B.2. However, when the
mono-temporal RF and multi-temporal RF are compared, it appears that the confidence
interval has shrunk by about 2%, thereby increasing the consistency and reliability of

the results.
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Figure 6.15 : Bootstrapping histogram with average accuracy and confidence intervals
for the 15th classification case.

Figure 6.16 shows the alluvial diagram of case 15. In this case, the most mixed
crops with tomato were sunflower, capia pepper, and watermelon. Compared with
the results of the mono-temporal classification, the crop mixing problem appears to
be significantly reduced. At the same time, the multi-temporal classification alluvial
diagram shows that the misclassifications between tomato, corn, and winter cultivation

parcels observed in mono-temporal classification have almost disappeared.
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Figure 6.16 : Alluvial diagram of case 15.
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In conclusion, it is possible to say that using multi-temporal images improves
classification accuracy and significantly prevents misclassification, according to

accuracy results, confidence intervals, and alluvial diagrams.

6.6.3 RF classification scenario 3

In the third scenario, RF Classification and Stratified K-Fold CV for each classification
given in Table 6.5 was performed with the combination of training and test sets. In
this analysis, the model was both trained and validated simultaneously using only a

composite data set, assuming no test data.

First, a fold value was assigned to each polygon in the dataset. By setting the fold
number to five, each class is divided into five with equal weights. Then, pixel samples
were taken from each class. The locations of the sample pixels were saved, and the
same pixels were selected for each classification. Thus, the RF was forced only once
to make a random selection, thereby preventing the results from affecting the different

samples taken.

Afterward, each fold was excluded, respectively, and the model was trained with the
selected pixels in the remaining fours. Classification was performed with sample pixels
from four-folds, and the validation was evaluated with the sampled pixels from the
excluded fold. This process was repeated five times until the verification was done
with all the folds, and the average of their accuracies was obtained to get the final
CV accuracy result. Results of mono- and multi-temporal classifications are given in

Table 6.10.

Mono-temporal CV results showed that all RF accuracies were approximately the
same. It can easily be seen in Table 6.10 that there is a difference between 0.001-0.005
that can be neglected between all the accuracies. However, the most significant

difference was found with the addition of Entropy texture.

Producer’s and User’s Accuracies show a maximum of 0.010 variation across all
multi-temporal classifications. The difference is higher in multi-temporal classification
than the difference in mono-temporal. However, the highest Overall Accuracy was

achieved in thel5th classification when NDVI, ASM, and Entropy were added.
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Table 6.10 : The accuracy results for each classification of Scenario 3.

Case Image Features  Feature Feature Feature Feature | Producer’s  User’s Overall Tomato
# Dataset 1to4 5 6 7 8 Accuracy  Accuracy Accuracy Specificity
1 Mono-Temporal B/G/R/NIR 0,724 0,559 0,782 0,841
2 Mono-Temporal B/G/R/NIR NDVI 0,722 0,560 0,782 0,843
3 | Mono-Temporal B/G/R/NIR NDVI ASM 0,721 0,565 0,783 0,846
‘ 4 | Mono-Temporal B/G/R/NIR NDVI Entropy 0,722 0,567 0,784 0,847 ‘
5 | Mono-Temporal B/G/R/NIR NDVI MOC2 0,721 0,565 0,783 0,846
6 Mono-Temporal B/G/R/NIR NDVI ASM  Entropy 0,721 0,566 0,784 0,847
7 | Mono-Temporal B/G/R/NIR NDVI ASM  MOC2 0,721 0,566 0,784 0,846
8 | Mono-Temporal B/G/R/NIR NDVI Entropy MOC2 0,721 0,566 0,784 0,847
9 | Mono-Temporal B/G/R/NIR NDVI ~ ASM  Entropy MOC2 0,722 0,566 0,784 0,847
10 | Multi-Temporal B/G/R/NIR 0,852 0,799 0,896 0,941
11 | Multi-Temporal B/G/R/NIR NDVI 0,857 0,796 0,898 0,939
12 | Multi-Temporal B/G/R/NIR NDVI ~ ASM 0,862 0,791 0,899 0,937
13 | Multi-Temporal B/G/R/NIR  NDVI  Entropy 0,863 0,793 0,900 0,937
14 | Multi-Temporal B/G/R/NIR NDVI MOC2 0,862 0,791 0,899 0,936
[ 15 [ Multi-Temporal B/G/R/NIR NDVI  ASM  Eniropy 0,863 0,794 0,901 0938 |
16 | Multi-Temporal B/G/R/NIR NDVI ASM  MOC2 0,862 0,790 0,899 0,936
17 | Multi-Temporal B/G/R/NIR  NDVI  Entropy MOC2 0,861 0,787 0,898 0,936
18 | Multi-Temporal B/G/R/NIR NDVI ~ ASM  Entropy MOC2 0,862 0,789 0,899 0,936

Meanwhile, it can be seen in Appendix-C.1 that thematic maps of each fold are
different for 4th and 15th classification cases. Small differences showed that some
polygons are important to train the model and change the results. Accordingly, it was
concluded that CV can be used to detect critical parcels and most mixed crops for

sample selection and more accurate classification results.

The alluvial diagram of case 4 is shown in Figure 6.17. The diagram shows that the
crop most mixed with tomato is capia pepper in CV. Then comes sunflower and corn.

Classified Actual

Winter Cultivation Winter Cultivation

Paddy Paddy
Capia Pepper Capia Pepper
Tomato Tomato
Sunflower
Watermelon Suntlower
Watermelon
Corn
Corn
Melen Melon

Figure 6.17 : Alluvial diagram of scenario 3, case 4.
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The alluvial diagram of case 15 is shown in Figure 6.18. In the diagram, it can be seen
that when compared to mono-temporal classification, misclassifications decrease with
multi-temporal classification. In addition, it was once again confirmed that the use of

multi-temporal images improved classifications.
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Paddy Paddy
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Tomato
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Figure 6.18 : Alluvial diagram of RF classification scenario 3, case 15.
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7. CONCLUSIONS

Agriculture, which is associated with the production of essential food crops, plays a
vital role in the growth of each country. Given its role in both fresh consumption and
industrial production, one of these basic products is tomato; hence accurate mapping of
the tomatoes cultivated areas is crucial for agriculture-based countries such as Turkey.
For this reason, in this study, it was aimed to determine tomato cultivation areas with
high accuracy in which there are not many studies in the literature. Undoubtedly,
detection and mapping of the tomato cultivation areas before harvest will provide
ministries and agricultural stakeholders with a perspective that enables appropriate

agricultural planning in the actions to be taken.

Since the agricultural activities are intense in the Karacabey plain, Karacabey, a
district of Bursa, was selected as the study area. Karacabey is fourth in the ranking
of industrial tomato cultivation by supplying Turkey’s %40 of tomato needs with
140.000 da area of industrial tomato cultivation, and tomato paste production factories
producing annually 181.651-ton tomato paste. Besides tomato, other crops such as
wheat, barley, corn, beans, peas, sugar beet, cotton, sunflower, and tobacco are the
most commonly cultivated crops in Karacabey plain. However, it is still challenging to
identify and map tomato-cultivated parcels using satellite images, because the spectral
reflection of various plants appears to be similar because they have all green plant parts,
and these similarities cause spectral overlaps. In other words, since it is challenging
to distinguish crops from each other using only multi-spectral information, thematic
mapping was done using multi-temporal data, along with additional features such as

spectral indices and textures.

In addition to detecting and mapping of tomato cultivated areas, this study aims to
clarify particular issues encountered during classification. The first one is to determine
the best performing period of tomato for the classification in Karacabey. For this
purpose, RF classifications were performed with mono-temporal and multi-temporal

PS images that representing a particular stage of tomato growth and covering a
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specified period of tomato growth, respectively. 30 June 2019 was selected for
mono-temporal, and 18 dates were chosen for multi-temporal classifications. The
second issue is to evaluate the contributions and the necessity of image features
used in tomato classification, which are NDVI and ASM, Entropy, MOC2 textures.
Therefore, all the features were calculated and added as a new band to both mono-
and multi-temporal image classifications with different band combinations. Thus,
18 combinations were considered in the classifications performed. The last issue is
to discover the reliability of test data and sampling methodology. To achieve this,
three different classification and accuracy assessment scenarios were implemented
using 18 combinations of mono- and multi-temporal images, which are briefly i) RF
classifications with training data, ii) RF classification and then Bootstrapping for test

data, iii) a Stratified K-Fold CV to train and validate RF.

The main results obtained in this study are summarized as follows:

* The use of multi-temporal data provided a 10-14% increase in the classification
results. Also, it has been observed that the use of multi-temporal data shrinks the
confidence interval and provides more consistent and reliable results. Therefore,
the use of multi-temporal data covering the phenological growth cycle has yielded

more accurate results than mono-temporal data.

* Almost all the results of mono- and multi-temporal classification scenarios were
shown that using NDVI, ASM, and especially Entropy increases the classification
accuracy between 0,002-0,005 and shrinks the confidence interval by 0,004. The
classification process used in this thesis, when applied to wider tomatoes cultivated
areas throughout Turkey, it is thought that this small increase will lead to major
improvements in crop mapping. On the other hand, MOC2, another texture
parameter used in the study, did not contribute much to the classification results
as expected; in other words, it was found ineffective in most cases. NDVI, on the
other hand, has generally improved the results, but it did not increase accuracies in
all cases. In conclusion, using NDVI and GLCM features increased the accuracy
gradually by 1-2% as expected. However, although some image features positively

affect all results in this study, it should not be generalized.
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* In three different classification and accuracy assessment scenarios performed, it
was observed that the test data were consistent, and the classification results
were reliable in the assessment made with Bootstrapping. Therefore, it has been
concluded that the use of Bootstrapping, which has become a popular method, is
particularly useful in thematic mapping. In addition, no changes were observed
in the combination of different features selected when applying the CV, but the
accuracy of the best result was reduced by 3-5%. Although there are differences
in accuracy results, it is seen that CV does not give misleading results and can be

preferred when there is not enough data to be divided for testing.

In conclusion, considering all the applications made within the scope of this study, the
tomato cultivation area was determined with a maximum accuracy of 93% within the

5% confidence interval by using multi-temporal PS satellite images.

Findings from this thesis may lead to some valuable suggestions below for similar

applications in the future.

* In this study, Planet images with 4 spectral (B/G/R/NIR) band and 3m spatial
resolution were used. However, the use of higher spectral/spatial resolution (for
example Worldview-4 image with 8 spectral band and 30cm spatial resolution) or
hyperspectral images (for example Hyperion EO1 image with 220 spectral band
and 30m spatial resolution) should be considered and tested in estimating tomato

cultivation areas for higher accuracy.

» Secondly, radar data can also be integrated into the classification to prevent
reduction in the number of optical images to be used, especially in areas where
cloud statistics are dense. In other words, radar data is also vital for filling the data
gaps that cannot be obtained on some critical dates related to its dynamic nature
(i.e., growth cycle). In addition, radar data with different system parameters, such as
polarization, frequency, look angle, can provide distinctive information to thematic

classification.

 Alternatively, object-based classification methods can be used and compared, where
spatial information is added, and problems in pixel-based classification such as salt

and pepper effect are reduced. On the other hand, contextual image classification
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based on the relationships of adjacent pixels can also be considered as an alternative

way.

* SAVI (Soil Adjusted Vegetation) can be integrated into the classification with other
bands as an additional image feature, as it reduces the effects of soil that may

predominate, especially in the early stages of crop growth.

* Even though RF is a frequently preferred method, different machine learning or
deep-learning algorithms methods can be tested to better understand the reliability

of ground-truth data and satellite images used.

Undoubtedly due to having extremely fertile soil structures, Turkey has a vital role
across the world in agricultural production, especially in tomato production. This study
showed that remote sensing technology can be used effectively in mapping tomato
cultivated areas. Therefore, this thesis may lead to two important applications in
the future. The first is to generalize the procedure to other tomato cultivated areas
in different regions. The second is to evaluate the overall classification accuracy by
applying the procedure used in this study to different crops, especially mixed ones.
Thus, the reliability and applicability of the procedure can be significantly improved,

and models for different products can be revised.

74



REFERENCES

[1] Brasesco, F., Asgedom, D. and Casari, G. (2019). Strategic analysis and inter-
vention plan for fresh and industrial tomato in the Agro-Commodities
Procurement Zone of the pilot Integrated Agro-Industrial Park in
Central-Eastern Oromia, FEthiopia, Technical Report, Food and
Agriculture Organizations of the United Nations, Addis, Ababa.

[2] Vaglio Laurin, G., Belli, C., Bianconi, R., Laranci, P. and Papale, D. (2018).
Early mapping of industrial tomato in Central and Southern Italy with
Sentinel 2, aerial and RapidEye additional data, Journal of Agricultural
Science, 1-12.

[3] Ok, A.O., Akar, O. and Gungor, O. (2012). Evaluation of random forest method
for agricultural crop classification, European Journal of Remote Sensing,
45(1), 421-432.

[4] Tatsumi, K., Yamashiki, Y., Torres, M.A.C. and Taipe, C.L.R. (2015). Crop
classification of upland fields using Random forest of time-series
Landsat 7 ETM+ data, Computers and Electronics in Agriculture, 115,
171-179, http://dx.doi.org/10.1016/7j.compag.2015.
05.001.

[5] Hao, P., Wang, L. and Niu, Z. (2015). Comparison of hybrid classifiers for crop
classification using normalized difference vegetation index time series:

A case study for major crops in North Xinjiang, China, PLoS ONE,
1009).

[6] Conrad, C., Dech, S., Dubovyk, O., Fritsch, S., Klein, D., Low, F., Schorcht,
G. and Zeidler, J. (2014). Derivation of temporal windows for
accurate crop discrimination in heterogeneous croplands of Uzbekistan
using multitemporal RapidEye images, Computers and Electronics
in Agriculture, 103, 63-74, http://dx.doi.org/10.1016/7.
compag.2014.02.003.

[7] Maponya, M.G., Van Niekerk, A. and Mashimbye, Z.E. (2020).
Pre-harvest classification of crop types using a Sentinel-2 time-series
and machine learning, Computers and Electronics in Agriculture,
169(December 2019), 105164, https://doi.org/10.1016/7.
compag.2019.105164.

[8] Inglada, J., Arias, M., Tardy, B., Hagolle, O., Valero, S., Morin, D., Dedieu,
G., Sepulcre, G., Bontemps, S., Defourny, P. and Koetz, B. (2015).
Assessment of an Operational System for Crop Type Map Production
Using High Temporal and Spatial Resolution Satellite Optical Imagery,

75


http://dx.doi.org/10.1016/j.compag.2015.05.001
http://dx.doi.org/10.1016/j.compag.2015.05.001
http://dx.doi.org/10.1016/j.compag.2014.02.003
http://dx.doi.org/10.1016/j.compag.2014.02.003
https://doi.org/10.1016/j.compag.2019.105164
https://doi.org/10.1016/j.compag.2019.105164

Remote Sensing, 7(9), 12356-12379, http://www.mdpi.com/
2072-4292/7/9/12356.

[9] Balasubramanian, K.. (2017). Identifying the Most Important Spectral
and Textural Features to Map Specific Crops with Very High
Resolution Images, Ph.D. Dissertation, University of Twente,
https://webapps.itc.utwente.nl/librarywww/
papers{_}2017/msc/gfm/balasubramanian.pdf.

[10] Gallaun, H., Steinegger, M., Wack, R., Schardt, M., Kornberger, B. and
Schmitt, U. (2015). Remote sensing based two-stage sampling for

accuracy assessment and area estimation of land cover changes, Remote
Sensing, 7(9), 11992—-12008.

[11] Campbell, J.B. (2002). Introduction to Remote Sensing, Taylor & Francis, New
York, 3rd edition.

[12] Url-1, <https://earthobservatory.nasa.gov, date retrieved: 28.03.2020.

[13] National Research Council (1998). People and Pixels: Linking Remote Sensing
and Social Science, The National Academies Press, Washington, DC.

[14] Url-2, <https://earthdata.nasa.gov>, date retrieved: 28.03.2020.
[15] Url-3, <https://www.usgs.gov>, date retrieved: 28.03.2020.

[16] Jensen, J.R. (2016). Introductory Digital Image Processing: A Remote Sensing
Perspective, Pearson Education, Glenview.

[17] Url-4, <https://www.nrcan.gc.ca>, date retrieved: 28.03.2020.

[18] Smith, R.B. (2012). Introduction to Remote Sensing of Environment (RSE),
Microlmages Inc.

[19] Url-5, <https://sites.google.com/site/chempendix/em-spectrum>, date retrieved:
28.03.2020.

[20] Sunar, F., Ozkan, C. and Osmanoglu, B. (2016). Uzaktan Algilama, Anadolu
University, Eskisehir, fourth edition.

[21] Bondada, B.R. (2011). Anomalies in structure, growth characteristics, and
nutritional composition as induced by 2,4-dichlorophenoxy acetic acid
drift phytotoxicity in grapevine leaves and clusters, Journal of the
American Society for Horticultural Science, 136(3), 165-176.

[22] Url-6, <https://www.seos-project.eu>, date retrieved: 28.03.2020.

[23] Chuvieco, E. and Huete, A. (2010). Fundamentals of Satellite Remote Sensing,
CRC Press Taylor & Francis Group, New York.

[24] Gates, D.M., Keegan, H.J., Schleter, J.C. and Weidner, V.R. (1965). Spectral
properties of plants, Applied Optics, 4, 11-20.

[25] Url-7, <http://gsp.humboldt.edu>, date retrieved: 28.03.2020.

76


http://www.mdpi.com/2072-4292/7/9/12356
http://www.mdpi.com/2072-4292/7/9/12356
https://webapps.itc.utwente.nl/librarywww/papers{_}2017/msc/gfm/balasubramanian.pdf
https://webapps.itc.utwente.nl/librarywww/papers{_}2017/msc/gfm/balasubramanian.pdf

[26] Shamshiri, R.R., Jones, J.W., Thorp, K.R., Ahmad, D., Man, H.C. and
Taheri, S. (2018). Review of optimum temperature, humidity, and
vapour pressure deficit for microclimate evaluation and control in

greenhouse cultivation of tomato: A review, International Agrophysics,
32(2), 287-302.

[27] Url-8, <http://tomatosphere.letstalkscience.ca>, date retrieved: 25.04.2020.
[28] Url-9, <http://www.geo-informatie.nl>, date retrieved: 28.03.2020.

[29] Li, B., Lecourt, J. and Bishop, G. (2018). Advances in non-destructive early
assessment of fruit ripeness towards defining optimal time of harvest and
yield prediction—a review, Plants, 7(3), 1-20.

[30] Lu, J., Ehsani, R., Shi, Y., De Castro, A.I. and Wang, S. (2018). Detection
of multi-tomato leaf diseases (late blight, target and bacterial spots) in
different stages by using a spectral-based sensor, Scientific REpoRtS |, 8,
2793, www.nature.com/scientificreports/.

[31] Xie, C., Shao, Y., Li, X. and He, Y. (2015). Detection of early blight and
late blight diseases on tomato leaves using hyperspectral imaging,
Scientific Reports, 5(16564), http://dx.doi.org/10.1038/
srepl6564.

[32] Bodirwa, K.B. (2009). Nitrogen Variability Assessmnet in Tomatoes Using
the Remote Sensing Technique for Precision Farming, Dissertation,
University of Limpopo.

[33] Url-10, <https://www.cleantechconcepts.com>, date retrieved: 25.04.2020.

[34] Calvao, T. and Fernanda Pessoa, M. (2015). Remote sensing in food production
- a review, Emirates Journal of Food and Agricuture, 27(2), 138-151,
http://www.ejfa.info/138.

[35] Atzberger, C. (2013). Advances in Remote Sensing of Agriculture: Context
Description, Existing Operational Monitoring Systems and Major
Information Needs, Remote Sensing, 5(2), 949-981, http://www.
mdpi.com/2072-4292/5/2/9409.

[36] Url-11, <https://grindgis.com/remote-sensing>, date retrieved: 28.03.2020.

[37] Steven, ML.D. and Clark, J.A. (1990). Applications of remote sensing in
agriculture, University Press, Cambridge, Great Britain.

[38] FAO (2005). A system of integrated agricultural censuses and surveys: world
programme for census of agriculture 2010, Technical Report, Food and
Agriculture Organization of the United Nations.

[39] Url-12, <http://www.fao.org/faostat/en/fcountry/223>, date  retrieved:
28.03.2020.

[40] TAGEM and T.C. Gida Tarim ve Hayvancihk Bakanhg (2018). Tarim
Uriinleri Piyasalari, Technical Report.

77


www.nature.com/scientificreports/
http://dx.doi.org/10.1038/srep16564
http://dx.doi.org/10.1038/srep16564
http://www.ejfa.info/138
http://www.mdpi.com/2072-4292/5/2/949
http://www.mdpi.com/2072-4292/5/2/949

[41] Planet Labs Inc. (2019). Planet Imagery Product Spesifications, Technical Re-
port, Planet Labs Inc., https://assets.planet.com/docs/
combined-imagery—-product—-spec—april-2019.pdf.

[42] Url-13, <https://gisgeography.com/planet-labs-imagery/>, date retrieved:
19.05.2020.

[43] Url-14, <https://www.planet.com/pulse/firehose/>, date retrieved: 28.03.2020.
[44] Url-15, <https://www.spatialsource.com.au>, date retrieved: 19.05.2020.

[45] Collison, A. and Wilson, N. (2018). Planet Surface Reflectance Product,
Technical ReportFebruary.

[46] Url-16, <http://6s.1tdri.org/index.html>, date retrieved: 19.05.2020.

[47] Planet Team, (2018), Planet Application Program Interface: In Space for Life on
Earth, https://api.planet.com.

[48] GFOI (2013). Integrating remote-sensing and ground-based observations
for estimation of emissions and removals of greenhouse gases
in forests, Technical Report, Methods and Guidance from
the Global Forest Observations Initiative, Geneva, Switzerland,
https://www.reddcompass.org/mgd-content—-vl1l/
dita-webhelp/en/dOell.html{#}d0ell.

[49] Japan Association of Remote Sensing (1999). Remote Sensing Notes.

[50] Schwering, P.B.W., Kemp, R.A.W. and Schutte, K. (2013). Image enhance-
ment technology research for army applications, Infrared Imaging
Systems: Design, Analysis, Modeling, and Testing XXIV, 8706.

[51] Baghdadi, N., Mallet, C. and Zribi, M. (2018). QGIS and Applications in
Agriculture and Forest, ISTE Ltd and John Wiley & Sons, Inc., London
and Hoboken.

[52] Jackson, R.D. and Huete, A.R. (1991). Interpreting vegetation indices,
Preventive Veterinary Medicine, 11(3-4), 185-200.

[53] Url-17, <http://www.dronedynamics.com>, date retrieved: 05.04.2020.

[54] Xue, J. and Su, B. (2017). Significant remote sensing vegetation indices:

A review of developments and applications, Journal of Sensors,
2017(June).

[55] Schowengerdt, R.A., (2007). Spectral Transforms, Remote Sensing: Models
and Methods for Image Processing, chapter 5, Elsevier Inc., 3 edition,
pp-183-228.

[56] Bannari, A., Morin, D., Bonn, F. and Huete, A.R. (1995). A review of
vegetation indices, Remote Sensing Reviews, 13(1-2), 95-120.

78


https://assets.planet.com/docs/combined-imagery-product-spec-april-2019.pdf
https://assets.planet.com/docs/combined-imagery-product-spec-april-2019.pdf
https://api.planet.com
https://www.reddcompass.org/mgd-content-v1/dita-webhelp/en/d0e11.html{#}d0e11
https://www.reddcompass.org/mgd-content-v1/dita-webhelp/en/d0e11.html{#}d0e11

[57] Mréz, M. and Sobieraj, A. (2004). Comparison of several vegetation indices
calculated on the basis of a seasonal SPOT XS time series, and their
suitability for land cover and agricultural crop identification, Technical
Sciences, 7, 39-66.

[58] Url-18, <https://wiki.landscapetoolbox.org>, date retrieved: 23.05.2020.

[59] Pearson, R.L. and Miller, L.D. (1972). Remote mapping of standing
crop biomass for estimation of the productivity of the shortgrass
prairie, Pawnee National Grasslands, Colorado, Proceedings of the
8th International Symposium on Remote Sensing of the Environment,

pp.1355-1379.

[60] Rouse, J.W., Haas, R.W., Schell, J.A., Deering, D.W. and Harlan, J.C. (1974).
Monitoring the vernal advancement and retrogradation (Greenwave
effect) of natural vegetation, Technical Report, NASA/GSFCT,
Maryland.

[61] Huete, A.R. (1988). A soil-adjusted vegetation index (SAVI), Remote Sensing of
Environment, 25, 295-309.

[62] Huete, A., Didan, K., Miura, T., Rodriguez, E., Gao, X. and Ferreira, L.
(2002). Overview of the radiometric and biophysical performance of
the MODIS vegetation indices, Remote Sensing of Environment, 83,
195-213.

[63] Richardson, A.J. and Wiegand, C.L. (1977). Distinguishing vegetation from
soil background informa- tion, Photogrammetric Engineering and
Remote Sensing, 43(12), 1541-1552.

[64] Foerster, S., Kaden, K., Foerster, M. and Itzerott, S. (2012). Crop
type mapping using spectral — temporal profiles and phenological
information, Computers and Electronics in Agriculture, 89, 30-40,
http://dx.doi.org/10.1016/3j.compag.2012.07.015.

[65] Li, C., Li, H., Li, J., Lei, Y., Li, C., Manevski, K. and Shen, Y. (2019).
Using NDVI percentiles to monitor real-time crop growth, Computers
and Electronics in Agriculture, 162(April), 357-363, https://doi.
org/10.1016/7j.compag.2019.04.026.

[66] Kanke, Y., Tubaia, B., Dalen, M. and Harrell, D. (2016). Evaluation of red
and red-edge reflectance-based vegetation indices for rice biomass and
grain yield prediction models in paddy fields, Precision Agriculture, 17,
507-530.

[67] Sun, Y., Qin, Q., Ren, H., Zhang, T. and Chen, S. (2020). Red-Edge Band
Vegetation Indices for Leaf Area Index Estimation from Sentinel-2/MSI

Imagery, IEEE Transactions on Geoscience and Remote Sensing, 58(2),
826-840.

[68] Xie, Q., Dash, J., Huang, W., Peng, D., Qin, Q., Mortimer, H., Casa,
R., Pignatti, S., Laneve, G., Pascucci, S., Dong, Y. and Ye, H.

79


http://dx.doi.org/10.1016/j.compag.2012.07.015
https://doi.org/10.1016/j.compag.2019.04.026
https://doi.org/10.1016/j.compag.2019.04.026

(2018). Vegetation Indices Combining the Red and Red-Edge Spectral
Information for Leaf Area Index Retrieval, IEEE Journal of Selected

Topics in Applied Earth Observations and Remote Sensing, 11(5),
1482-1493.

[69] Pena-Barragan, J.M., Ngugi, M.K., Plant, R.E. and Six, J. (2011).
Object-based crop identification using multiple vegetation indices,
textural features and crop phenology, Remote Sensing of Environ-
ment, 115(6), 1301-1316, http://dx.doi.org/10.1016/7].
rse.2011.01.0009.

[70] Sun, C., Bian, Y., Zhou, T. and Pan, J. (2019). Using of Multi-Source and
Multi-Temporal Remote Sensing Data Improves Crop-Type Mapping in
the Subtropical Agriculture Region, Sensors, 19(10), 2401-2424.

[71] Haralick, R.M., K, S. and Dinstein, I. (1973). Textural Features for Image
Classification, IEEE Transactions on Systems, Man and Cybernetics,
SMC-3(6), 610-621.

[72] Fagan, C.C., Du, C.J., O’Donnell, C.P., Castillo, M., Everard, C.D.,
O’Callaghan, D.J. and Payne, F.A. (2008). Application of image
texture analysis for online determination of curd moisture and whey
solids in a laboratory-scale stirred cheese vat, Journal of Food Science,

73(6), 250-258.
[73] Hall-Beyer, M., (2017). GLCM Texture: A Tutorial v. 3.0.

[74] Url, <https://www.mathworks.com/help/images/specify-offset-used-in-glcm-calculation.html>,
date retrieved: 28.03.2020.

[75] Url-19, <https://github.com/cerr/CERR/wiki/GLCM_global_features>, date re-
trieved: 28.03.2020.

[76] Url-20, <https://pyradiomics.readthedocs.io/en>, date retrieved: 28.03.2020.

[77] Zayed, N. and Elnemr, H.A. (2015). Statistical Analysis of Haralick Texture
Features to Discriminate Lung Abnormalities, International Journal of
Biomedical Imaging, 2015.

[78] Li, M., Zang, S., Zhang, B., Li, S. and Wu, C. (2014). A review of remote
sensing image classification techniques: The role of spatio-contextual
information, European Journal of Remote Sensing, 47(1), 389—411.

[79] Belgiu, M. and Dra~gut, L. (2016). Random forest in remote sensing:
A review of applications and future directions, ISPRS Journal of
Photogrammetry and Remote Sensing, 114,24-31, http://dx.doi.
org/10.1016/j.isprsjprs.2016.01.011.

[80] Horning, N. (2010). Random Forests: An algorithm for image classification
and generation of continuous fields data sets, International Conference
on Geoinformatics for Spatial Infrastructure Development in Earth and
Allied Sciences 2010, pp.1-6, 1609-3631.

80


http://dx.doi.org/10.1016/j.rse.2011.01.009
http://dx.doi.org/10.1016/j.rse.2011.01.009
http://dx.doi.org/10.1016/j.isprsjprs.2016.01.011
http://dx.doi.org/10.1016/j.isprsjprs.2016.01.011
1609-3631

[81] Sunar, F., Ozkan, C., Ok, A.O., Osmanoglu, B., Uca Avci, D. and Berberoglu,
S. (2017). Dijital Goriintii fgleme, Anadolu University, Eskisehir, first
edition.

[82] Jia, X. (2017). Supervised Classification, International Encyclopedia of
Geography: People, the Earth, Environment and Technology, 1-3.

[83] Url-21, <https://medium.com/@Synced>, date retrieved: 28.03.2020.

[84] Louppe, G. (2014). Understanding Random Forests From Theory to Practice,
Phd dissertation, University of Liege, arXiv:1407.7502v2.

[85] Pal, M. (2005). Random forest classifier for remote sensing classification,
International Journal of Remote Sensing, 26(1), 217-222, arXiv:
1011.1669Vv3.

[86] Sa, J.A.S., Almeida, A.C., Rocha, B.R.P., Mota, M.A.S., Souza, J.R.S. and
Dentel, L.M. (2011). Lightning Forecast Using Data Mining Techniques
On Hourly Evolution Of The Convective Available Potential Energy,
10th Brazilian Congress on Computational Intelligence (CBIC’2011),
November, Fortaleza, Ceard Brazil, pp.1-5.

[87] Horning, N. Introduction to decision trees and random forests.
[88] Minitab (2018). Introduction to Random Forests ®, Technical Report.

[89] Breiman, L. (2001). Random Forests, Machine Learning, 45, 5-32,
https://link.springer.com/content/pdf/10.
1023{%}2FA{%}3A1010933404324 .pdf.

[90] Url-22, <https://towardsdatascience.com>, date retrieved: 28.03.2020.

[91] Liaw, A. and Wiener, M. (2002). Classification and Regression by randomFor-
est, R News, 2(3), 18-22.

[92] Url-23, <https://www.displayr.com>, date retrieved: 23.05.2020.

[93] Url-24, <https://www.causeweb.org/usproc/eusrc/2018/program/1>, date re-
trieved: 09.05.2020.

[94] Dinov, I.D. (2018). Prediction and Internal Statistical Cross Validation. In: Data
Science and Predictive Analytics, Springer, Cham.

[95] Url-25, <https://www.statisticshowto.com/cross-validation-statistics/>, date re-
trieved: 13.06.2020.

[96] Valavi, R., Elith, J., Lahoz-Monfort, J.J. and Guillera-Arroita, G. (2019).
blockCV: An r package for generating spatially or environmentally
separated folds for k-fold cross-validation of species distribution models,
Methods in Ecology and Evolution, 10(2), 225-232.

[97] Url-26, <https://towardsdatascience.com>, date retrieved: 07.06.2020.

81


arXiv:1407.7502v2
arXiv:1011.1669v3
arXiv:1011.1669v3
https://link.springer.com/content/pdf/10.1023{%}2FA{%}3A1010933404324.pdf
https://link.springer.com/content/pdf/10.1023{%}2FA{%}3A1010933404324.pdf

[98] Url-27, <https://scikit-learn.org/stable/modules/cross_validation.html>, date
retrieved: 09.06.2020.

[99] Congalton, R.G. (1991). A review of assessing the accuracy of classifications of
remotely sensed data, Remote Sensing of Environment, 37(1), 35-46.

[100] Lunetta, R.S. and Lyon, J.G. (2004). Remote sensing and GIS accuracy
assessment, CRC Press.

[101] Url-28, <https://machinelearningmastery.com>, date retrieved: 17.05.2020.

[102] Congalton, R.G. and Green, K. (2019). Assessing the accuracy of
remotely sensed data: principles and practices, CRC Press Taylor
& Francis Group, Florida, third edition, https://books.
google.com.tr/books?id=yTmDDwWAAQBAJ{ & }printsec=
frontcover{&}thl=tr{#}v=onepage{&}lg{&}f=false.

[103] Hsiao, L.H. and Cheng, K.S. (2016). Assessing uncertainty in LULC
classification accuracy by using bootstrap resampling, Remote Sensing,
8(9), 705.

[104] Raschka, S. (2018). Model Evaluation, Model Selection, and Algorithm
Selection in Machine Learning, ArXiv, abs/1811.12808, http://
arxiv.org/abs/1811.12808,1811.12808.

[105] Weber, K.T. and Langille, J. (2007). Improving classification accuracy
assessments with statistical bootstrap resampling techniques, GIScience
and Remote Sensing, 44(3), 237-250.

[106] Url-29, <https://machinelearningmastery.com>, date retrieved: 10.05.2020.

[107] Url-30, <https://www.statisticshowto.com/bootstrap-sample/>, date retrieved:
10.05.2020.

[108] Goodhue, D.L., Lewis, W. and Thompson, R. (2012). Does PLS have
advantages for small sample size or non-normal data?, MIS Quarterly,
36(3), 981-1001.

[109] Url-31, <https://medium.com/better-programming>, date  retrieved:
16.05.2020.

[110] Efron, B. and Tibshirani, R.J. (1994). An Introduction to
the  Bootstrap.  Chapman &  Hall/CRC  Monographs on
Statistics & Applied Probability, CRC Press LLC, Florida,
https://books.google.com.tr/books?id=
gLlpIUxRntoC{&}printsec=frontcover{&}hl=
tr{&}source=gbs{_}ge{_}summary{_l}r{&}lcad=0{#}v=
onepage{&lg{&}f=false.

[111] DiCiccio, T.J. and Efron, B. (1996). Bootstrap Confidence Intervals, Statistical
Science, 11(3), 189-228.

[112] Url-32, <https://bursa.ktb.gov.tr/TR-94929/karacabey.html>, date retrieved:
24.05.2020.

82


https://books.google.com.tr/books?id=yTmDDwAAQBAJ{&}printsec=frontcover{&}hl=tr{#}v=onepage{&}q{&}f=false
https://books.google.com.tr/books?id=yTmDDwAAQBAJ{&}printsec=frontcover{&}hl=tr{#}v=onepage{&}q{&}f=false
https://books.google.com.tr/books?id=yTmDDwAAQBAJ{&}printsec=frontcover{&}hl=tr{#}v=onepage{&}q{&}f=false
http://arxiv.org/abs/1811.12808
http://arxiv.org/abs/1811.12808
1811.12808
https://books.google.com.tr/books?id=gLlpIUxRntoC{&}printsec=frontcover{&}hl=tr{&}source=gbs{_}ge{_}summary{_}r{&}cad=0{#}v=onepage{&}q{&}f=false
https://books.google.com.tr/books?id=gLlpIUxRntoC{&}printsec=frontcover{&}hl=tr{&}source=gbs{_}ge{_}summary{_}r{&}cad=0{#}v=onepage{&}q{&}f=false
https://books.google.com.tr/books?id=gLlpIUxRntoC{&}printsec=frontcover{&}hl=tr{&}source=gbs{_}ge{_}summary{_}r{&}cad=0{#}v=onepage{&}q{&}f=false
https://books.google.com.tr/books?id=gLlpIUxRntoC{&}printsec=frontcover{&}hl=tr{&}source=gbs{_}ge{_}summary{_}r{&}cad=0{#}v=onepage{&}q{&}f=false

[113] Koksal, E.S., Cetin, S., Demir, A.O., Tunca, E., Candogan, B.N. and
Akkaya Aslan, .T. (2018). Bursa Karacabey Ovasinda Son 25 Yilda
Degisen Bitkisel Uretim Deseni ve Sulama Uygulamalarinin Uzaktan
Algilama ve ET Haritalama Tekni8i ile Degerlendirilmesi, Bursa
Uludag Universitesi Ziraat Fakiiltesi Dergisi, 32(2), 31-43, http:
//dergipark.gov.tr/bursauludagziraat;http://www.
uludag.edu.tr/ziraatdergi{%}0AArast\Tl\irma.

[114] Url-33, <https://www.tarim.bayer.com.tr>, date retrieved: 26.04.2020.

[115] Planet Labs Inc. (2018). Planet Imagery Product Spesification, Tech-
nical ReportAugust, https://www.planet.com/products/
planet—-imagery/.

[116] Planet Labs Inc. (2018). Planet Explorer User Guide, https://www.
planet.com/products/explorer/.

[117] Belgiu, M. and Csillik, O. (2018). Sentinel-2 cropland mapping using
pixel-based and object-based time- weighted dynamic time warping
analysis, Remote Sensing of Environment, 204(September 2017),
509-523, https://doi.org/10.1016/3j.rse.2017.10.005.

[118] El-Gammal, M.I., Ali, R.R. and R. M. Abou Samra (2014). NDVI Threshold
Classification for Detecting Vegetation Cover in Damietta Governorate,
Egypt, Journal of American Science, 10(8), 108—113.

83


http://dergipark.gov.tr/bursauludagziraat; http://www.uludag.edu.tr/ziraatdergi{%}0AAra�t\T1\i rma
http://dergipark.gov.tr/bursauludagziraat; http://www.uludag.edu.tr/ziraatdergi{%}0AAra�t\T1\i rma
http://dergipark.gov.tr/bursauludagziraat; http://www.uludag.edu.tr/ziraatdergi{%}0AAra�t\T1\i rma
https://www.planet.com/products/planet-imagery/
https://www.planet.com/products/planet-imagery/
https://www.planet.com/products/explorer/
https://www.planet.com/products/explorer/
https://doi.org/10.1016/j.rse.2017.10.005




APPENDICES

APPENDIX A : Time-series of all other calculated image features

APPENDIX B : All other Bootstrapping histograms of the second scenario

APPENDIX C : Thematic maps of each fold for 4th and 15th cases in the third
scenario

85






0,16

APPENDIX A

6102172 6102-Inr-2¢
6T0Z-INf-ST £ 6102-IN-GT
5
610Z-Nr-8 - 2 6102-In1-8
3 S
610Z-IN-T £ = 6102111
kS o
sT0z-UNTvz = =} 6T0Z-UN-T
_ o
6T0C-uUnr-LT Lnla. 6T0Z-unr-L1
p—
D]
sozunror % @ B 6102-Unr-01
6T07-Unf-€ _ _ @) 6T0Z-Unf-€
N
6T0Z-ABN-LT Lnu.v 6TOT-ABIN-LT
B =
ABIAI- > @ G ReIA-
6T0Z-ABA-0T g2 o) 6T0T-ARIN-0T
a O w
6TOT-ABN-ET _ _ m 6T0C-AeN-ET
sloc-hem-s & Q 6T0Z-AeIN-9
3 1
> O
610z-dv-67 3 € m 6102-1dv-62
388 .=
6107-1dv-CZ _ = 610¢-1dv-27
.
6107-1dV-ST 5 - 6107-1dv-GT
s <
610z4dv-8 £ T ) 670Z-1dy-8
3 = &
610Z-1dy-T _ _ = 6T0Z-1dy-T
o0
° p—
6T0C-1BN-ST = 6T0Z-1BIN-ST
6T0C-1RN-8T 6T0Z-1BIN-8T
o~
o wn o
7 & 8

= \/atermelon

e—Tomato
Alfalfa

87

e Qrchards

=== Capia Pepper ===Paddy
Corn

Time-series of the “Difference Entropy” feature.

e=S3unflower
.
.

e Melon

Figure A.2



0,02

-0,01

610C-INf-¢¢

610C-IN-ST

610C-INI-8

610C-INI-T

610C-unr-ve

6TOZ-Unr-L1

610Z-unr-ot

610C-unr-¢

6TOC-ABIN-LT

6T0C-AeN-07

6T0z-ABN-ET

610Z-ABIN-9

6102-1dV-67

6102-1dy-7¢

6102-1dV-ST

610¢-1dy-8

610Z-1dv-T

6T0C-1eN-SC

610C-1eN-8T

e\Vatermelon

== Tomato

== Capia Pepper === Paddy

= Sunflower

= Alfalfa

Corn —Orchards

= Melon

Time-series of the “Difference Variance” feature.

Figure A.3

o
o
—

1,75

o
™~
-

n
o
~

610¢-INr-¢¢

6T0C-INM-ST

610¢-INr-8

610¢-INr-T

6T0Z-unr-y¢

6T0Z-Unf-LT

610¢-unr-01

670¢-unf-¢

6T0C-ABIN-LT

6T0C-ABIN-0T

6T0C-ABIN-ET

610Z-AeIN-9

6T0Z-1dV-67

6102-1dv-2Z

6702-1dy-ST

670¢-1dv-8

6102-1dv-T

6T0C-1BIN-ST

6T0C-JBIN-8T

e \\atermelon

—Tomato

= Capia Pepper === Paddy

S unflower

e Alfalfa

Corn = Orchards

===Melon

f the “Sum Entropy” feature.

-series o

Time

Figure A4

88



6102-IN1-7T
6T0Z-IN(-ST
610Z-IN-8
610Z-INr-1
610Z-Unr-vz
610Z-Unf-LT
610Z-Un[-0T
610Z-Unf-¢
6T0Z-AeN-/LT
610Z-AeN-07
6T0Z-ARN-ET
610¢-ABIN-9
6107-4dY-67
610¢-4dv-7¢
610Z-4dY-GT
6107-1dy-8
610Z-1dy-T
6T0Z-4BIN-ST

6T0C-1BIN-8T

—\Watermelon

—Tomato
—Alfalfa

= (Capia Pepper === Paddy

—>Sunflower

Corn = Orchards

—Melon

Time-series of the “Inverse Difference Moment” feature.

Figure A.5

0,45

0,50

0,55

wn
~

S

610Z-INM-2¢

6T0C-INM-ST

610¢-INr-8

6T0¢-INI-T

610¢-uUnf-rc

610C-uUnf-LT

610Z-unf-0T

610¢-unf-¢

610Z-AeN-LT

6T0Z-ABIN-0T

6T0C-ABIN-ET

6T0Z-ABIN-9

6102-1dv-62

6107-1dv-2Z

6107-1dV-ST

6107-1dy-8

6T02-4dv-T

610¢-1BIN-GC

6T071eN-8T

—\Watermelon

—Tomato

——(Capia Pepper == Paddy

—Sunflower

= Alfalfa

Corn =——Orchards

= Melon

Time-series of the “Information Measures of Correlation 1” feature.

Figure A.6

89



1800,00

o
<
=
=1
o
—

1400,00

1200,00

1000,00

800,00

600,00

610C-IN1-2T
610C-IN(-ST
610Z-INI-8
610¢-INI-T
6T0Z-Unf-pZ
6T0C-UNf-LT
6T0C-UN(-0T
610Z-Unr-¢
610C-AeN-£T
6T0¢-AeIN-0C
6T0Z-ABN-ET
610Z-AeIN-9
6102-1dV-67
610¢-4dY-2T
6107-1dy-GT
670¢-1dy-8
610Z-1dv-T
610C-1BIN-GT

610C-1BIN-8T

= \\/atermelon

e—Tomato

=== Capia Pepper =—=Paddy

=—Sunflower

= Alfalfa

Corn == Qrchards

=Melon

Time-series of the “Sum Average” feature.

Figure A.7

12.000.000,00

10.000.000,00

8.000.000,00

6.000.000,00

4.000.000,00

2.000.000,00

o
p=3
o

6102-Nr-22
6102-INM-ST
61027118
610Z-INr-1
610Z-Un(-v7
6102-Un(-L1
6102-Unr-0T
610Z-Unf-€
6T0C-ABIN-LT
6102-AeIN-07
610Z-ABN-€ET
6102-ABIN-9
6102-1dv-67
610¢-1dv-7Z
6102-1dy-ST.
610Z-1dv-8
610Z-1dv-T
6102-1eIN-ST

6T0¢-1BN-8T

—Watermelon

—Tomato

= Capia Pepper =——Paddy

—Sunflower

= \|falfa

Corn = QOrchards

== Melon

ance” feature.

es of the “Sum Vari

-Ser1

Time

Figure A.8

90



25,00

20,00

15,00

10,00

5,00

0,00

610¢-INf-¢¢

610¢-IN[-ST

610¢-IN1-8

610¢-INM-T

610¢-unr-ve

610¢-Unr-LT

610¢-unr-0t

610¢-unr-¢

6T0C-ABN-LT

6T0Z-ABIN-0T

6T0C-ABN-ET

6T0Z-AeIN-9

6T02-1dv-6¢

610Z-1dv-7¢

6T0Z-1dy-GT

6T0Z-1dv-8

6T0Z-1dy-T

6T0¢-1BN-ST

610¢-1eN-8T

—\VVatermelon

—Tomato
= Alfalfa

= (apia Pepper = Paddy

=——>Sunflower

Corn = Orchards

= Melon

” feature.

f the “Variance

1me-Series o

T

Figure A.9

91






APPENDIX B
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Figure B.1 : Bootstrapping histogram with average accuracy and confidence intervals
for the 1st classification case.
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Figure B.2 : Bootstrapping histogram with average accuracy and confidence intervals
for the 2nd classification case.
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Figure B.3 : Bootstrapping histogram with average accuracy and confidence intervals
for the 3rd classification case.
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Figure B.4 : Bootstrapping histogram with average accuracy and confidence intervals
for the 4th classification case.
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Figure B.5 : Bootstrapping histogram with average accuracy and confidence intervals
for the 5th classification case.
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Figure B.6 : Bootstrapping histogram with average accuracy and confidence intervals
for the 7th classification case.
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Figure B.7 : Bootstrapping histogram with average accuracy and confidence intervals
for the 8th classification case.
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Figure B.8 : Bootstrapping histogram with average accuracy and confidence intervals
for the 9th classification case.
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Figure B.9 : Bootstrapping histogram with average accuracy and confidence intervals
for the 10th classification case.
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Figure B.10 : Bootstrapping histogram with average accuracy and confidence
intervals for the 11th classification case.
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Figure B.11 : Bootstrapping histogram with average accuracy and confidence
intervals for the 12th classification case.
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Figure B.12 : Bootstrapping histogram with average accuracy and confidence
intervals for the 13th classification case.
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Figure B.13 : Bootstrapping histogram with average accuracy and confidence
intervals for the 14th classification case.
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Figure B.14 : Bootstrapping histogram with average accuracy and confidence
intervals for the 16th classification case.
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Figure B.15 : Bootstrapping histogram with average accuracy and confidence
intervals for the 17th classification case.
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Figure B.16 : Bootstrapping histogram with average accuracy and confidence
intervals for the 18th classification case.
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APPENDIX C
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Figure C.2 : Thematic map of RF classification scenario 3, case 4, fold 2.
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RF Scenario 3 Case 4 Fold 3
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Figure C.3 : Thematic map of RF classification scenario 3, case 4, fold 3.
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Figure C.4 : Thematic map of RF classification scenario 3, case 4, fold 4.
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RF Scenario 3 Case 4 Fold 5
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Figure C.5 : Thematic map of RF classification scenario 3, case 4, fold 5.
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Figure C.6 : Thematic map of RF classification scenario 3, case 15, fold 1.
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RF Scenario 3 Case 15 Fold 2
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Figure C.7 : Thematic map of RF classification scenario 3, case 15, fold 2.
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Figure C.8 : Thematic map of RF classification scenario 3, case 15 , fold 3.
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Figure C.9 : Thematic map of RF classification scenario 3, case 15, fold 4.
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Figure C.10 : Thematic map of RF classification scenario 3, case 15, fold 5.
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