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coefficients and polarizations MerticaltHorizontal {YH), VerticalVertical (VV) and VH/VV
ratio, highlighting differences between ascending and descending orbits dsenflower
directional behaviorcaused by éliotropism Based on theuniqgue SAR-basedsignature of
sunflowerthe study introduces a generalizewdel for sunfloweridentification andmapping
which is applicadble across time and spack was observed that the model basedfeatures
acquired fromS1-baseddescending orbits outperforms theedbased on ascending orbit because
of the sunfl owerds directional behavior: user
of 97% and Fscore of 97% (descending) compared to UA of 90%, PA of 89% -@adre of 90%
(ascending).This modelwas gener&ed and validated for selected sites in Ukraine, France,
Hungary, Russia and USAVhen the model igeneralizedo otheryearsandregionsit yieldsan
F-score of > 77% for all cases, withs€ore being théighest(>91%) for Mykolaiv regionin
Ukraine The generalized approach to map sunflower aglied to assess the impact of the
Russian fulscale invasiomf Ukraine omationalsunflower planted areaghe sunflower planted
areas and corresponding changes in 2021 and@é&22estimatedsing asamplebased approach
for area estimatianSunflower area was estimated7&t0+0.45 million hectares (Mhah 2021
which was further reduced &75+0.45Mha in 2022representing &% decreaseThe findings
suggest spatial shifts in sunflower cultivatiafier the Russian invasion from southern/seuth
eastern Ukraine under Russian controlled to soattiral region under Ukrainian cortrdhe first
objective ofthis dissertatiornighlights the differencef ascending and descendiSiy orbits for
sunflower monitoring due to its directional behavior, an aspedt fully researched and
documented previols The implementedgeneralized approach based on sunflower phenology
proves to be an accurate and sp@oe generalized classifier, reducing time, cost @sburces

for operational sunflower mappirigr largeareasAlso, the disparity between samgbased area



estimates and SABased mapped areas caused due to speekisubstantially reduced

emphasizing the role of 8ARin global food security monitoring.



A SYNTHETIC APERTURE RADAR (SARBASED GENERALIZED APPROACH FOR

SUNFLOWER MAPPING AND AREA ESTIMATION

By

Abdul Qadir

Dissertation submitted to the Faculty of the Graduate School of the
University ofMaryland, College Park, in partial fulfilment
of the requirements for the degree of
Doctor of Philosophy
2023

DissertationCommittee:

ProfessoiSergii Skakun Chair
ProfessoChristophelO. Justice

Professoinbal BeckerRestef

ProfessoEric F. Vermote

ProfessoKate Tully, De a nsgrgativee pr e



© Copyrightby
Abdu Qadir
2023



Foreword
Chapters 24 contain jointly authored work in which b8lul Qadiris the primary author.
Conceptualization, ethods development, data processing, analysis of the findings and manuscript
writing is led byAbdul Qadirwith the contributions from other eauthors, who are named in the

corresponding chapters.



Dedication
| dedicate this work to migelovedfamily. To my parentswhoseunwavering dedicatioand
inspiration motivated me toursue a PhD journey in US. To my dear brother, sisters, nephews

and niecegour boundless love and care are the pillars that keep me strong.



Acknowledgements

In this marathon calleBhD| was never alone and was always guided, motivated and supported
by many individuals. Whilée t 6s i mpossi bl e to enumerate al/l
companions on this journey, | am determined in initiating my acknowlegigiem

Firstly, my deepest gratitude extends to my advisor, Dr. Sergii Skataur. guidance, support,

and encouragement have been the bedrock of my motivation. Your unwavering responsibility and
affable demeanor have remained constant throughout this argauamey.Whether promptly
responding to emails or generously allocating time for meetings, your consistent support has saved
me immeasurable time. Your ongoing feedback and steadfast belief in my potential have played a
pivotal role, from motivating meot apply for the NASA FINESST grant to the subsequent
publication of research papefde freedom you've granted me to chart my own course of action
has been instrumental in cultivating my intellectual independence and fostering a profound
understanding ahy research fieldMly infinite thanks to you for sticking with me all the time, for

being patience with méhank you for everything. | aspire to embody some of your mentorship
gualities in my future endeavors

| extend my heartfelt appreciation to theeeshed members of my dissertation committee; whose
insightful guidance and constructive input played a pivotal role in steering my research forward.
Dr. Eric Vermote, your brilliance as a researcher, always challenging conventional thinking, has
been instrmental.Your critical thinking and out of box questions helped to build solid foundation
for this work starting from giving me idea ab
Dr. Chris Justice, yoplethoraof knowledge and experience has been irafallel As an excellent
mentor, your relevant questions consistently pushed me to consider the broader context of my

researchDr. Inbal BecketReshef, | am grateful for your guidance and for providing this research



work a platform through NASA Harvest. Yosupport has also given me the opportunity to
contribute to the Ukrainian cauder. Kate Tully, thank you for agreeing to be a part of my
committee on short notice, despite your busy schedule. Your willingness to be involved is deeply
appreciated.

My grétitude knows no bounds for the exceptional community within our research group, which
hasevolved into mysecond familyBeing part of this remarkable team has been a privilege, and |
attribute my research journey to the unwavering guidance and supptegbévi, Leo, Christian,
Yiming, Jaemin, Tiago, Amber, Sheila, Xinyuan, Walid, Michael, and Natdttzanks for the fun
moments you have brought to me during discussions, making the research life less stressful
The weekend parties and lengthy conveosa will always hold a special place in my memories.

| extend a special note of appreciation to Meghavinkr belief in my potential and the warm
welcome to the GEOG departmenhhe books she gifted me have not only changed my perspective
about life bu also kept me motivated throughout the PhD jourdagmin, thank you foyour
assistance in research papers anddedeghtful meals you've cookedhanks to Leo for your
assistance in providing the field datasetaspire to imbibe the hangorking capaility of
Christian, the intellectugdrowessof Leo andeversmiling nature of YimingSpecial gratitude to

Dr. Ahmed Khan for being my mentor and-goperson. His attentive listening, encouragement,
and guidance have consistently steered me in thedigdttion whenever needed.

Last but certainly not least, | express my deepest gratitude to my wife, Uzma, for her unwavering
love and care. | appreciate her not only for taking the bold step of marrying a Ph.D. student but
also for steadfastly supportimge at every stage of this academic journey. With her by my side,
the Ph.D. journey transformed into a truly beautiful experience.

| acknowledge the support provided by the Nibulon tédniKussul, A. Shelestov, H. Yailymova,



B. Yailymovfrom National Techn ¢ a | University of Ukraine Al gc
l nstituted and SiprprovdingRiee necessary field datasfar this raseaech

This dissertation is funded by theiture Investigators in NASA Earth and Space Science and

Technolgy (FINESST) grant.

Vi



Table of Contents

Foreword i
Dedication i
Acknowledgements Y
Table of Contents Vil
List of Figures X
List of Tables XV
Chapter 1.  Introduction 1
1.1. Background of the research 1
1.1.1. Importance of crop monitoring and current progress 1
1.1.2. Overview of crop monitoring techniques using optical and SAR remote
sensing 2
1.1.3. Classification and generalization approach for crop mapping 4
1.1.4. Samplingbased approachfor crop area estimation 6
1.2. Research goals and objectives 7
1.3 Researchobjectivesand design 8
1.31. Research bjectives 10
1.4. Structure of the dissertation 12
Chapter 2.  Sentinell time series data for sunflower (Helianthus annus) phenology
monitoring 15
2.1. Abstract 15
2.2. Introduction 16
2.3. Study area and datasets 20
2.3.1. Description of study sites and data collection 20
2.3.2. Sentinell and Sentinel2 data 21
2.3.3. Field daa 22
2.3.4. Weather data 24
2.4.Methodology 26
2.4.1. Processing of Sentindl and Sentinei2 data 26
2.4.2. GDD and sunflower phenology extraction 28
2.4.3. Sunflower phenology monitoring by Sentinel time series data 30
2.4.4. Extracting sunflower metrics from Sentinell time series data 32
2.4.5. Comparison of Sdand S2derived sunflower phenology 35
2.5. Results 35
2.5.1. Sunflower phenology as observed by Sentirkdata 35
2.5.2. Influence of S1 incidence angle on sunflower phenology 38
2.5.3. Agreement between S1 and S2 temporal profiles for sunflower 39
2.5.4. Agreement Comparison of sunflower phenology derivddom S1 with
GDDacc 41
2.6. Discussions 45
2.6.1. Sunflower phenology extracted from S1 data 45
2.6.2. Stability of VH/VVin detecting sunflower phenology 46
2.6.3. Agreement between S1 and S2 derived sunflower phenology a7
2.6.4. Potential of S1 to detect BoF and EoF stages 48

Vii



2.7. Conclusions 50
Chapter 3. A generalized model for mapping sunflower areas using Sentir@/SAR

data 52
3.1. Abstract 52
3.2. Introduction 53
3.3. Study areaand datasets 56
3.3.1. Study area 56
3.3.2. Sunflower crop cycle 58
3.3.3. Sentinell satellite data 62
3.3.4. Ground truth data for model calibration and validation 63
3.3.5. Sunflower validation dataset for generalized model 63
3.4. Methodology 67
3.4.1. S1 preprocessing 67
3.4.2. Sibased metrics generation 69
3.4.3. Random Forest classification algorithm 70
3.4.4. Model calibration and within region generalization in Ukraine 70
3.4.5. Model accuracy assessment 73
3.4.6. Model generalization across space and time 73
3.4.7. Accuracy assessment and area estimation for generalized model 75
3.5. Results 76
3.5.1. Sunflower mapping accuracy for within region generalization in Ukraine76
3.5.2. Metrics importance for the calibrated model in Ukraine 79
3.5.3. Sunflower mapping accuracy for spatidemporal generalization 80
3.5.4. Area estimation 84
3.6. Discussions 86
3.6.1. Sunflowe directional behavior and classification model performance in
Ukraine 86
3.6.2. Model generalization across space and time 90
3.6.3. Model errors associated with SAR based spatiemporal generalization 93
3.7. Conclusions 94
Chapter 4.  Estimation of sunflower planted areas in Ukraine during full-scale
Russian invasion: Insights from Sentinell SAR data 96
4.1. Abstract 96
4.2. Introduction 97
4.3. Study area and datasets 99
4.3.1. Study area 99
4.3.2. Ukraine boundary 100
4.3.3. Sunflower crop cycle 101
4.3.4. Sentinell satellite data 101
4.4. Methodology 102
4.4.1. Field survey data for model calibration and validation 102
4.4.2. SAR based model for sunflower mapping 105
4.4.3. Generalization of the model across space and time for sunflower ppéng
106
4.4.4. Sunflower map validation and change area estimation 106
4.4.5. Ancillary data on sunflower area statistics 109

viii



4.4.6. Sunflower hotspots analysis 110

4.5. Results 111
4.5.1.Sunflower area estimation and accuracy assessment 111
4.5.2.Sunflower map-based oblastievel sunflower area estimates in 2021 117
4.5.3.Sunflower hotspot area analysis 118

4.6. Discussion 120
4.6.1.S1-based generalization approach for sunflower mapping 120
4.6.2.S1-based Stratified random sampling approach for sunflower area mapping

120

4.7. Conclusions 122

Chapter 5. Summary of findings and future research directions 123

5.1. Summary of findings 123
5.1.1. Key findings and implications from Chapter 2 124
5.1.2.Findings and implications from Chapter 3 126
5.1.3.Findings and implications from Chapter 4 127

5.2. Future research directions 129



List of Figures

Figure 1.1 Overview of PhD thesiS tOPIC...........uvuuiiiiiiii e eeeer e 10
Figure 2.1 (a) Youngsunflower during stem elongation phase (before flowering stage)
demonstrates heliotropism. (b) Mature sunflower head facing East permanently during the
101NV LT ] €= Vo TP 17
Figure 2.2 Location of the three study sites overlaid on the boundaries of administrative units
(oblasts) showing the density of sunflower planted area (in thousand hectares)............ 21
Figure 2.3 Sowing and harvesting dates for the three study sites. For Mykolaiv, there is a delay
of sowing whereas for Zhytomyr there is delay in harvestorgpared to the other sites.....23
Figure 2.4 Mean temperature (°C) and precipitation (mm) during Senrtiragquisitions for the
three sites (a) Khmeln (upper left), Mykolaiv (upper right) and Zhytomyr (lower left) as well as
comparison of monthly cumulative precipitation for the season (lower rightypmparison of
surface soil moisture (Mmm) for the three SIteS.............uueiiiiiiiccc e, 26
Figure 2.5 Sample sunflower fields for Zhytomyr site to extract the temporal profiles using 200
by 200 square polygon for twamntrasting fields as observed on the (a) high resolution imagery
(source: Esri/Maxar) and (b) S1 false color median composite (Red: VHNlglgY, Green: VV
(JUrtAUQ), BlUE: VH (MAFMAY).......coieeeeeeieiiiie s e e e e e e e e smmmss e e e e e e e e e e e aaaeeeees 28
Figure 2.6. Heliotropism/directional behavior as observed in the sunflower (Helianthus Annus)
over Ukraine for descending (green) and ascending (pink) passes. (a) Young sunflower (b)
MALUIE SUMDWET . ...ttt e e emee s e e e e e s 31
Figure 2.7 Change of the VH/VVdes over the time for a sunflower field in Mykolaiv (gray dash
line) with smoothed datdlack line) and its first derivative (orange dashed line).............. 33
Figure 2.8 Temporal behavior of radar median backscattering (inf@BYH, VV and VH/VV

for both ascending and descending orbit combined, accumulated growing degree days (GDDacc)
from a sunflower field. The BoF and EoF stage are marked as green and red line whereas black
dashed line represents the time when heliotropisases in sunflower...............cccccccooeeeeee. 37
Figure 2.9 Comparison of radar median backscattering (in dB) behavior using different
incidence angles fovH, VV and VH/VV for both ascending and descending orbit........... 39
Figure 2.1Q Box plots of the square of the Pearson's linear lkediwa coefficient (r2) indicating

the relation between VH, VV and VH/VV in the ascending, descending and the combined

(ascending + descending) orbits with NDVI for the three Sites...........cccccveiivieeeeiieeeeeennnnn, 40

X



Figure 2.11 Median temporal profiles of VH/VV in descending orbit (VH/VVdes) vs NDVI for
a sunflower field demonstrating the peak of the NDVI profile (marked by the orange vertical
line) and local mima of S1 profile (marked by the green ling).............ccvvveiviiieecciiiininnne. 41
Figure 2.12 Comparison of peak phenology dates of NDVI profile and inflegimint (BoF

stage) and local minima (EoF stage) of VH/VVdes profiles for the three.sites................ 41
Figure 2.13 The boxplots of the tempal difference between the detected inflection point in the
VH/VV and the BoF as observed in GRP)left) and the temporal difference between the
minimum point in VH/VV and the EoF as observed in GREight) for the descending orbit
(blue) and the combed ascending and descending orbits (Orange)........cccceeeeeevvvieemeeennnns 42
Figure 2.14 Spatial representation of the absolute temporal differences betiweerflection

point observed for (a) VH/V¥s+as@and the GDRxg (b) VH/VVdesand the GDRcto detect the
BOF Stage fOr MYKOIAIV.........cccoiiiiieeiee e e e e e e e e e emnna e as 43
Figure 2.15 Spatial representation of the absolute temporal differences between the local
minima observed for (a) VH/Vdés+as@nd the GDRxg (b) VH/VVdesand the GDRxcto detect

the EOF Stage fOr MYKOIAIV...........uuiiiiiiiiiiii e 43
Figure 2.16 Smoothed temporal backscattering coefficient ratio (VH@d\profile comparison
over time for all sunflower fields for the threfes.............ccooviiiiiii e, 47
Figure 3.1 Location of the study sites in Europe and USA. Thekitdkraine2022, magenta
circle) was selected fonodel calibration and sites 2 to 6 for spagmporal generalization (blue
(o] 1o 1= SO SOPUPPPPPPPRPTRPI 59
Figure 3.2 Location of study sitegrop type information and location of training and validation
samples for: (a) model development site in Cherkasy and Kirovohrad oblasts in Ukraine for year
2022 and selected model validation sites in (b) Ukraine, (c) Hungary, (d) France, (e) Russia and
(f) USA. The crop type information is derived from the 2018 official agriculture statistics for
Ukraine (a & b) and Russia (e), the 2018 Eurocrop for France and Hungary (c & d) and 2018
CDL N US A ittt ettt e e e e et enenr e e e e e e s s abaeeeae e s e nstmnnssnneeaeeeennnrnneneeeenand 61
Figure 3.3 Geaclocation of the random sample points (sunflower = yellow circle;surilower

= red circle) along the road buffer of 500 m (shown in blue) in Samara, Russia. Coomfinates

the Google Street image in bottorf03d3&IaoddF earbdh
bottomrightare 5% 4 6 3906 6°R0AAAO6B6E. | mages were acquired
source: Google Street view/G0o0gle Earth).............ceeiiiiiiiieeeiiiiie e 66

Xi



Figure 3.4 Flowchart of the proposed workflow for ®hsed model calibration and

(oI aT=T =114 11 0] o VTP 68
Figure 3.5 Methodology followed for spatitemporal generalization based on availability of S1
ascendingdescending orbit. In Ukraine for 2018,2019, 2020, Hungary and France fob@ti.8
ascending and descending orbits were used for model calibration and generalization. In Russia
only, descending orbit whereas for USA only ascending orbit was used for model calibration and
generalization fOr 20L8..........oui oo 74
Figure 3.6 The distribution of the sunflower crop map for witliegion generalization for the
Cherkasy and Kirovograd oblasts for year 2022 (top). The zoomdddiadl sunflower maps

are also ShoOwWNn here (DOTIOMI)........oveiiei e e e eneen s 77
Figure3.7 Accuracy assessment resulucersthod wd n@uruaae
(PA) and Fiscore (F1) for major crop classes for within region generalization for Uk2@ia2

using ascending (asc), descending (des) and combined (asc+des).orhits..................cc.. 78
Figure 3.8 Accuracy assessment results for binary sunflower anésuaoflower crop class for

within region generalization for Ukrair2022 for different orbits.............ccoooooiiiiiiiienn 78
Figure 3.9 Feature importance of top 15 metrics/features for the model calibrated in Ukraine
2022. Features are named by corresponding polarization, asgendiescending orbit. The
importance of variables is arranged from rAosteast important..............cccccveeeeevieeciiveennnn /9
Figure 3.1Q Sunflower map basec@eneralized method produced for Hungary site for 2018
(top) and its comparison with the Eurocrop map for two zoomed sites. The red zoomed portion
taken from the northern region (center) and the yellow zoomed portion taken from the southern
(=T o [T o T (010 ] 1 (0 1/ SRR URPPUPRN 82
Figure 3.11 Sunflower map based on generalized method produced for France site for 2018
(top) and its comparison with thai&crop map for two zoomed sites. The red zoomed portion
taken from the northern region (center) and the yellow zoomed portion taken from the eastern
(=T o [T o I (010 ] 1 0] 1 1) SO PUPT PSPPI 83
Figure 3.12 Field level sunflower crop map obtained for the generalized method for Mykolaiv,
Ukraine for the year 2018...........ue e 84
Figure 3.13 Comparison between sunflower area (thousand hectares) by the sabagky
generalization method (¥#xis) and reference area-@xis) for eachite. Black dots represent the

respective countries/sites. The solid black line represents the best best fit line and dashed black

Xii



T aTSIR= TS0 0 11 = TR 86
Figure 3.14 Directional behavior as observed in the sunflower (Helianthus annus) (top) due to
the large flower head facing east permanently in comparison to the maize crop (bottom) over
Ukraine, for descending and ascendiNg PASS..........uuuuuuuuiiiiieemrerrrmnnnnnnseeeeeeeeesssmassananeeaens 38
Figure 3.15 S1 mean backscattering obtained from the VH/VV for the sunflower, soy and maize
crops for ascending orbit (top) andstending orbit (bottom) for the summer 2022 in Ukraine.
Sunflower demonstrates distinct signature during flowering {Bulyust) in des................... 89
Figure 3.16 Errors associated with the sunflower maps produced by generalized method for
USA site while comparing it with the CDL layer for 2018. The green color represents the
agreement between the generalized and SIHflower Maps..........ccccvvvvivirirririeesieieeeeeeeeeee. 92
Figure 4.1 Study area including the Ukrainian controlled territory (UCT) and temporary
occupied territory (T@) by Russia as of September 2022 (Boundary Source: Institute for the

Y (010 Y 1 A= ) PPN 100
Figure 4.2 An overview of the workflowor sampling based sunflower mapping and crop area
(<253 11 0 = LA o T 102
Figure 4.3 Field data collection for sunflower crop mappindJdkraine. The field survey
comprised of sunflower, nesunflower crops and necropland samples. The bottom figure
demonstrates the Cherkasy and Kirovohrad oblasts where field survey data was used for model
calibration and validation. Necropland areasicluded both field visits as well as
photointerpretation of Satellite IMAGELY..........ooiiiiiiiii e 104
Figure 4.4 Location of 800 reference sampladiich were used to estimate areas of sunflower
cropland changes. The samples were distributed along five strata: (1) sunflower 2021 &
sunflower 2022, (2) sunflower 2021 & nasunflower 2022, (3) nesunflower 2021 &

sunflower 2022, (4) stable naunflower cropland and (5) stable nsanflower norcropland.

Figure 4.5: The S1 and S2 false color median composite for visuabirgtion of five stratas
represented by circle and star for 202t)Yand 2022 (#n). The S1 FCC VV composites is
represented by Red: Mardhay, Green: Juug, Blue: MarchMay in (a) and (e). The S2 FCC
composites is represented by Red: NIR, Green; Ble: Green in (fl) for 2021 and () for
2022. For S2, bmonthly median composites are generated for Majahl (b & f), May-June (c
& g), July-August (d & ), reSPecCtiVElY.........ccoiiiiiii e 109



Figure 4.6: Samplebased sunflower area estimation based on S1 data and its comparison with
SSSU and USDA statistics for 2021 and 2022 in Ukraine. Our estimates are provided for the
entire Ukraine awvell as Ukrainiarcontrolled and Russiacontrolled territories as of September

Figure 4.7: Sunflower classification mafor Ukraine for 2021 with zoomed selected areas. The
bottom most map (yellow box) shows the area of active fighting region with frontline (shown in
pink) in 2022. The highesolution background image source: ESRI/Earthstar GeograpHits.
Figure 4.8: Sunflower classification map for Ukraine for 2022 with zoomed selected areas. The
bottom most map (yellow box) shows the zoomed portion of active fighting region with frontline
(pink) in 2022. Compared to 2021 regions close to frontline do not exhibgrasgnce of

planted sunflower. The higlesolution background image source: ESRI/Earthstar Geographics.

Figure 4.9: Compari®n between mapped sunflower areas using S1 generalization and planted
crop area reported by SSSU official statistics at oblast level in 2021.................ccoceeeeee 117
Figure 4.10: Spatial variation of relative difference (%) between mapped sunflower area using
S1 and planted crop area reported by SSSU official statistics at oblast level for.2021.118
Figure 4.11:Spatial variation of sunflower cropland hotspots for the 2021 at district level as
obtained from Sentinel. TOT region is marked with light red colar...................ccccvieeen, 119
Figure 4.12:Spatial variation of sunflower cropland hotspots for 2022 at district level as
obtained from Sentinel. TOT region is marked with light red cola................ccccoiiiieeenn, 119

Xiv



List of Tables

Table 2.1 Details of the Sentinel dataset used for the three study Ssites...............ecc...e. 23

Table 2.2 Sunflower field size in the Study area...............eevviiiiieeeiiiiiiiiieee e 24

Table 2.3 Sunflower stages along with corresponding GDDacc (https://ndawn.ndsu.nodak.edu/,
Schneiter and Miller, 1O8L).......uui oo errer e erre s 30

Table 2.4 Median date of occurrence of BoF and EoF stages obtained by GDDacc in
comparison to S1 descending (des) and ascendinggitidiag (asc+des) orhit.................... 44

Table 2.5 Correlation (r2), calculated between the GDDacc and S1 time series for descending
and ascending+descending orbit for the BoF and EoF stage.........ccccccooeeveeeeeeevevennnnn.... 45

Table 3.1 Geographical area of the selected sites, years covered aothtmreimber of S1/SAR

/////////////////

acquisitions for each siteééééééeééécééeréceéecée

Table 3.2 The details of the validation datasets for the generalized model @ teiteite6e 64

Table 3.3 Details of the multtemporal monthly and seasonal mediamposite stages/metrics
derived from their corresponding month/months for sunflower mapping based on SgrBrel
phenology, S=seasonél)é € ¢ é 6 € éé e ééécecééééééeééeée.éeéén
Table 3.4 Summary of S1 derived muligmporal metrics based on the sunflowepghenology

for VH, VV and VH/VV for the ascending and descending orbits (asc = ascending orbit, des =
Table 3.5 The legend of the European Union (EU) crop map. For theptvase hienahical
classification procedure, the legend is divided into two levels: level 1 with six crop type classes,

and level 2 binary sunflower and neanflower classee é ¢ ¢ é é é éeee e éé é 73

Table 3.6 Accuracy metrics derived from the confusion matrix betweerpthdicted map and

7

the reference map. Pij represents the agr eeme

data and map prediction (E Pij=1).éAéeTr acy
Table 3.7: Independent accuracy assessmestlts for each site based on the spetoporal
generalization method. Performance metrics are shown for the binary classification model

(sunflower/norsunflower) and for the sunflowerclagsé ¢ ¢ é e e e e é é eééeéeé. 81

,,,,,,,,,,,,,,,,,,,,,,,,

Table 4.1 Confusion matrix of the sunflower classification maps (cell entries represent proportion

XV

m



of area). Reference data was obtainedtostification of sunflower change area map and visual

rrrrrrrrrr

interpretation of satellite iéntaégeeéreye écéolibi ned

XVi



Chapter 1. Introduction

1.1 Background of the research
1.11. Importance of crop monitoring and current progress

As the global population is projected to surpass nine billion by 2040, the demand for food
worldwide is set to soaby 70% particularly in developing nations, necessitating proactive
measures to enhanggobal agriculture yield¢PérezHoyos et al., 2017FAO 2017;van der
Mensbrugghe et al., 2009)his growing demand underscores the crucial importance of meticulous
monitoring of agricultural operations, especially in regions facing persistent food security
challenges. Key efirts to narrow the yield gap and achieve sustainable food security involve
accurate crop yield prediction, understanding farm management practices, establishing links
between crop choices and nutritional outcomes, evaluating the effects of changing politie
support systems, and improving the precision of forecasts concerning the impact of climate change
on agriculture. The initial identification of specific crop varieties is central to achieving these
objectives, vital not only at a regional level blsoeat the level of individudleld plots.
Historically, global data on crop types, collected through reseaateasive field surveys and
censuses, such as those conducted byJthei t ed St ates Depart ment of
National AgriculturalStaistics ServiceJASS) andFarm Service Agency=SA) face limitations
like infrequent updates, limited coverage, and biases from imperfect human(fFeitalkt al.,
2019) In reponse, researchers leverage readily available satellite data to enhance surveys and
reduce the workload by creating cestective crop type maps, utilizing characteristics derived
from remotely sensed variations in vegetation and surface attributesnoeéBeckerReshef et
al., 2020, 2010; Carletto et al., 2015; Waldner et al., 2015ss&l\K Whitcraft et al., 2015;

Whitcraft et al., 2019)



1.1.2 Overview of crop monitoring techniques usingoptical and SARremote sensing

Remote sensing has emerged as a valuable tool in numerous research endeavors for
mapping and monitoringgriculture. The historical application of remote sensing for earth
observation has included crop mapping and area assessment, dating back to the launch of the
Landsat satellite in 197&1acDonald et al., 1975; Wulder et al., 201@)rrent methodlogiesfor
estimating crop planting areas, monitoring growth, and predicting yieldeealylyon moderate
to highresolution optical satellite data, such as Landsat and Seffilaetely dueto their open
and free accesédvancemerghavealsobeenmadethrough the development newproducts in
the form ofthe NASAHarmonized Landsat and Senti2(HLS) dataset, which generates high
temporal resolution seamless surface reflectance products with a revisit frequency of 3 days at the
Equator(Claverie et al., 2018; Shen et al., 2023pwever the frequent cloud cover obscuring
around twethirds of the Earth's surface throughout the year poses a significant limitation
fulfilling the requirements of operational craponitoring Obtaining optical imagery with high
spatial and temporal resolution throughout the crop growing season proves challenging due to
persistent cloud cover.
Compared to optical remote sensing synthetic aperture radar (SAR) remote sensing sarves as
alternative source for crop monitoring and offers the following distinctive characteristics and
advantages:
1) SAR, as an active remote sensing technique, enables continuous data cpbeqdmng

cloudfree images in all weathand operates effectilyeat night.
2) SAR is sensitive to both dielectric and geometric properties of plants canretrieves
information beneath vegetation canopies depending on the frequency used

3) SAR remote sensing leverages a range of imaging parameters, including incglesitaaal



sensor polarization configurations, to capture a wealth of information.

Exploiting these characteristics and advantages, SAR remote sensing holds promise in the
field of agricultural remote sensingach SAR wavelength and polarization interattierently
with crops The backscatter of SAR is affected greatly by crop type, soil moisture, geometric
effects etc. thus making certain vegetation look different from other veget&tworexample, the
X-band due to its short wavelength, interacts whthtop features of plant canopy including the
flower, leaves whereas theldand due to its longer wavelength interacts with the plant leaves,
stem and the trunk. Similarly, different polarizations interact differently with plant canopy.
Similarly, the ineraction of VV and VH polarization with crops can prowaduable information
about the structure and composition of ¢thep under study

SAR data have garnered recognition in crop monitoring due to their unique attributes and
sensitivity to the geomet and dielectric properties of vegetati(fdteeleDunne et al., 2017,
Ulaby et al., 1984 Numerous studies have been conducted to extract these biophysiosieasa
from SAR datgUlaby et al., 2014)Prior investigations have explored the correlations between
phenological stages and polarization characteristics derived from SAR(Hasseini and
McNairn, 2017; Lampropoulos et aR015; Wiseman et al., 20148 esearch haalsoexplored
crop temporal trajectories through studies conducted at various frequencies and incidence angles,
relying on electromagnetic modelirgnd/or experimental datéChiu and Sarabandi, 2000;
McNairn et al., 2014; Picard et al., 2003; Wiseman et al., 2@itddlies conducted bdyoue et al.
(2014) and Macelloni et al.(2001) have shed light on the relationship weén backscatter
coefficients and factors such as leaf area index (LAI) and biomass. Sintlehlynd and Erasmi
(2020)have elucidated the correlation between backscatter coefficients and specific phenological

stages. In the past decade,substantial portion of research efforts dedicated to estimating



biophysical parameters has placed a strong emphasis on harnessing features derived from
backscatter coefficients in SAR data. Various methodologies have been employed to approximate
these mphysical parameterslowever, the utilization of SAR dataaperational crop monitoring

lags behind optical data primarily due to the complexity, diversity, and availability of SAR data,
as well as challenges in data interpretation.

Effective agricultual monitoring relies on remote sensing data characterized by frequent
revisits and extensive spatial coverage. In this regard, #b@n@ Sentinel SAR constellation
provides global higitesolution(5m x 20m resolution, 10m pixel spacin@y interferometic
wide-swath (IW) modevith 12-daysrepeat cycldor one Sentinel satellite (édays when S1 and
S2 combinedt theequatoy (Geudtner et al., 2021 aRetti et al., 2014; Torres et al., 201Rgcent
investigations have highlighted the sensitivity of VV and VH backscatter coefficients, as well as
the VH/VV ratio derived from a dense time series of Sentindata, to crop dynamics during

crucial pheplogical stagegNguyen et al., 2016; Veloso et al., 2017)

1.13. Classification and generalization approach for crop mapping

The pivotal role of remote sensing in mapping and monitoaggculture is weH
documentedVarious methods exist for the automated classification of agricultural regions using
remotely sensed imag&scluding the application of objettased approaches to higésolution
image timeseries(Low et al., 2015; Luciano et al., 2018; Pefia and Brenning, 2015; Vieira et al.,
2012) These methods, often flexible across different sensors, utilize spectral and textural indices
as predictive variables and incorporate Highvel nonparametric machine learning classification
algorithms(Lu and Weng, 2007)he choice of classification methods varies based on factors like
research goals, types of crops, land use changes, in situ data availability, and satellite image quality

and accessibility.



Supervised classification algorithms establish a connection between predictor datasets and
agriculture classes through calibratiaging training datéThenkabail an&Vu, 2012; Zhong et al.,
2016) However, the limitation arises as these classifiers require new calibration for different
regions and times due to annual variations in phenology and potential land use dRanges.
studies address this challenge bplerng strategies such as classifier generalizations, employing
reference datasets from one year to train algorithms and applying them to subsequent years for
consistent, resouregfficient, and repeated monitoringong et al., 2019; Hao et al., 2020;
Luciano et al., 2018; Zhang al., 2021) The generalization approach encompasses temporal,
spatial, and/or senstwased domains. Temporal generalization involves using training data from a
specific period to calibrate a classifier for use in another period. Spatial generalizgtimes
applying a classifier calibrated in one region to map another distant region, while sensor
generalization utilizes a classifier calibrated with one sensor to map images from a different sensor.

Leveraging generalization approaches in classiboatiethodologies presents advantages,
requiring less time and effort for training data collection than conventional medimoldalso
facilitates the monitoring of large areaBrevious research highlights the success of generalized
classification models iapplications such as forest monitoring, sugarcane monitoring, automated
rice mapping, and crop classificatifidao et al., 2020; Kluger et al., 2022; Laborte et al., 2010;
Luciano et al., 2018; Woodcock et al., 2001; Zhang et al., 2@2d3pite their potential the
application of generalization for crop classification is notably limited for SAR sengbes.
exploration of the full potential of spattemporal generalization in machine learning models
using SAR sensors is still in its infancy, particularly in regitike Eastern Europe, where
acquiring grounebaseddata for model calibration presents significant challenges especially after

the 2022Russiarfull-scaleinvasion of Ukraine.



1.14. Sampling-based approach for crop area estimation

Precise crop aresstimation is essential for efficient agricultural planning and food security
assessment. In extensive agricultural regions individually surveying each field is often impractical
and resourcéntensive. Hence, satellitdbased observations offdeasible and costefficient
alternatives for crop area estimatidinis common practice to use maps directly for assessing the
area of a particular class by "pixel countirmgidsumming the pixel areaPespite its value, this
approach lacks a measure of certaintyrobustness and carries any biases present in the
classification process when determining total ardas to commission and omission errors
(Carfagna and Gallego, 2005; Gallego, 2004; Gallego et al., 2014; Waldner and Defourny, 2017)
This is where samplinased approaches for crop area estimation come into playe Thes
approaches leverage statistical principles and random sampling techniques to estimate the total
area under cultivation with high accuracy while surveying only a fraction of the ffeddéigring
to best practices, accurate area reporting requires tloé astatistically representative sample of
reference datéOlofsson et al., 2014a) he utilization of a probabilifpased sample of reference
data allows us to generate area estimates thatusmgiased andccompanied by measures of
uncertainty.

Map creation and sampleased area estimation are typically regarded as distinct processes.
However, there are opportunities to harmonize 4vaged and sampleased area estimates
through a close integration strate@fyhile samplebased area estimation Hascome the standard
in forest monitoring, its adoption in other domains of land cover and land use c¢helugéng
agriculturehas been slower to materialig€yukavina et al., 2015, 2013Recent studies have
showcased the unique advantages of combining sdvagked area estimation with satetlitgsed

mapping to enable tr@ncurrent generation of internally consistent area estimates and crop maps



across regional, national, and continental sdalesoybean mapping idnited StatesArgentina,

wheat mapping in Pakistan and cropland loss estimation in-sastern UkrainéGallego et al

2014; Khan et al., 2018, 2016; King et al., 2017; Skakun et al., 2019; Song et al., 2017)
However, all of these studies primarily focused on using optical datasets, and no research

has been conducted utilizing SAR data for samptiaged crop areastimation. The presence of

speckle noise in SAR images is a weltognized issue that poses significant challenges for image

interpretation and subsequent processing tesksding classificatior{Kustiyo et al., 2021; Lee

et al., 1994, 2009; Qiu et al., 200Zhis poses challenges when using SAR images directly for

area estimationBy synergistically incorporating sample field data with SAR imagery, the

disparity between sampleased area estimates and SB&ed mapped areas caused due to

specklemay besubstantially reduceand require further investigation

1.2. Research goals and obgtives

This research aims to develop a generalized model for the automatic mapping of crops in
Ukraine using biophysical crop characteristics obtained from Sentif@AR sensors as the
primary data source. The primary objective is to create a robust model capable of identifying and
spatietemporal mapping otropsusing satellite observations in dafjpare regions.For this
study, sunflower was choses the focal crop due to its status as the largest cultivated summer
and industrial crop in Ukraine, and its significant contribution to crop rotation violations compared
to other summer crop8dditionally, sunflower's phenology is relatively less understood compared
to other cropsvhen monitoring using SAR senso8AR imagery differs from optical imagery in
that it provides insights into the biophysical processes of vegetation, providing a complementary
data source that can be used to classifps(Van Tricht et al., 20185AR backscatter amplitudes

provide rich information on plant structure that has been used for classification purposes in



previous studies, especially for rice mappamglalso for broad crop type mappingjso, S1 data
is less effead by cloud cover and providecontinuous monitoring of the fieldwhich is
challenging to obtain during the short summer crop growing season

One advantage of SABased mode]scharacteded by consistent and frequeBarth
observationslies in their enhanced performanae spatial and temporal model transferability
compared to optical datasetde efficiency in transferring SARased modelsoupled with their
generalization ability beeoes particularly significangiven that the availability of training
samples collected from field surveys is often constrained or inaccessible due to factors such as
location and high cogA\jadi et al., 2021; Hao et al., 2020; Orynbaikyzy et al., 20PRis research
work specifically examines the transferability and generalization capabilities of SAR data4n large
scale crop type mapping within regions whaeening samples are limited or unavailablde
findings from this research are intended to shed light on the potential ecb&#d®l generalization
approach for crop mapping using sunflower as an example, while also demonstrating the accurate
remote sensig-based methods useful for crops hampered by cloud cover. In this dissertation,
sunflower in Ukraine is studied where yearly sunflosenflower crop rotation violation
contribute to land degradation. Integrating tisegies remote sensing, fididised dta,
modelling, and samplinrbased approach, the three specific chapters and objectives are addressed

in thefollowing sections.

1.3 Researchobjectivesand design
This dissertation is built around three main research objectives and follows an integrated
approach usingSAR remote sensing, field datand samplingpased approackor crop area

estimation. The three main research chapters are closely intert\iigdre 1.1)



The first objective uses a tingeries of SAR data tenderstand sunflower phenology and
its behavior for the ascending and descending sorbbite second research objective involves
developing a novel and robust generalized method to sgmtiporally map and estimate
sunflower crop area using time series SAR data. The third objective expands upon the
methodology developed in the second objective, adapting it for operational use in redabaal
sunflower mapping in Ukrainby integrating sapling-based approacihe third chapterlso
highlights for the first time the potential of samplibgsed approacfor national scalecrop
mapping using Sentindl SAR data.The final chapter of this dissertation highlights the main
advances of this bodyf research, evaluates its strengths and limitations, and discusses important

areas of future research.



Research Objective 1 Research Objective 2 Research Objective 3
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Figure 1.1: Overview of PhD thesis topic.

1.31. Research objectives

Objective 1:Understandingsunflower (Helianthus annuus) phenology using SentireISAR
data

Objective 1 emphasizes the needunderstanding the interaction of SentidebAR signal
with sunflower for the two orbit&ascending & descendipgnd polarizations, VYYVH andtheir
ratio VH/VV. Understanding sunflower phenology is required not only for monitoring different
growth stages but also to develop a robust model for sunflower mapping based on the phenological
features.

Objective 1is to identifythe directional behavior observedsunflower usinglata from
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ascending and descending ostandto evaluatewhich polarization and orbprovide the best
indicator of sunflower phenology. In the end, using the best indicatmrto predict the Beginning
of flowering (BOF) and End dfowering (EOF)in compaisonwith optical and ground reference

datasets.

This research objective will also assist in answering the following research questions

i. How is sunflower phenologyepresented bglifferent SAR polarizations and orbits?
ii. How thebehaviorof sunflower phenologfrom SARdiffersas compared to optical datasets

lii. How efficiently canSentinell (S1) identify differentgrowth stages of sunflower

Objective2: Developing a generalized model for sunflower mapping using Sertin8IAR
data
Objective2 emphasizes the need feifective sunflower mapping datasets and methods

important not only as a basis of identifying sunflower growing areas but also for operational
monitoringsunflower. Objedve 2 develops a model based on calibrationsiteain Ukraine using

both ascending and descending orbits and VH, VV and VH/VV ratio. iibéel was then
generalized to other sites across Europe and US without the requiringgang@ng datasestfor

model calibration at the new site.

Objective2 alsoidentifies the robustness of the model based omtb#el performance at
the generalization siteslt also identifies the best parameters required for sunflower model
development and generalization across space and time and how the dirdmioaabr of

sunflower influencethe sunflower classification accuracy.

This research objective will assist in answering the following research questions

i. How does sunflowemodel accuracy vary for different orbits and polarizations?
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ii. How the performance varies for tBAR-based "generalized models" across space and time?

Objective3: Estimating sunflower area changes in Ukraine before and after Russian invasion

Objective 3 contains the majority of the research findings from this study as it combines
results and inpurom objectives 1 and 2. The first part of this objectiueaps the sunflower crop
acrossUkrainefor the year 2021 and 202&ing Sentinell data andvithout using field labels.

Then a samplingbased approach is implemented dmbiasedsunflower area ch@e estimation

for the year 202And2022and accuracy assessméitte sunflower area change estimates are also
compared with the estimates obtained fidknainian Gvernment and USDA statistid3ased on

the changes in sunflower growing aresflowerchanges in sunflower growing hotspots were
also identified across Ukraine for both regions within Ukrainian controlled and the regions

occupied by Russia.

Thisresearclobjective will also assist in answering the following research questions

I. How has thesunflower cultivation area changéallowing the Russianfull-scaleinvasion of
Ukraine?
ii. How effective is the samplingased approach for sunflower area estimation using SAR data in

Ukraine?

1.4. Structure of the dissertation

The dissertatiomcludeshree research components that address the previously mentioned
research objectives, detailed in Chapters 2 to 4. The research ghamwisn Figurel.l. Initially,
this researchiocusseson comprehending sunflower crop phenology. Subsequently, a senflow
crop mapping modeis developed, and its applicability extended across different spatial and

temporal contexts for mapping sunflower in regions or countries lacking sufficient training
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datasetsj.e. Russia. The generated spateinporal sunflower mapwill be combined witha
random sampling approath accurately estimate sunflower crop area chdag&krainebefore
and aftetheRussian invasion.

The initial mapping of sunflower crop area and rotations using remote sensing will rely on
time-series dta from Sentinell (S1) SAR imagery. The availability of high temporal (~6 days) and
spatial resolution (~10m) SAR data will facilitate the capture of surface conditions even in the
presence of cloud cover. This will enable the mapping of sunflower extdrthe identification of
key crop growth stages. Additionally, the tiseries radar imagery will aid in characterizing crop
rotation.Machine learnindpased classification techniques, including the random forest classifier, will
be assessed. The resudtmap will be utilized to characterize sunflower cropping patterns and assess
changes resulting from the Russian invasion of Ukraine.

| selected sunflower as it is the largest cultivated summer and industrial crop in both
Ukraine and Russia. The cultivatiof industrial crops has been linked to a reduction in land
productivity and degradation (Kussul et al., 2022). To address this issue, the Ukrainian government
has implemented crop rotation regulations that restrict farmers from planting industriabarops
the same field more than once every seven years. However, in practice, these policies are not
always strictly adhered to. Sunflower is also the predominant crop subjected to monocropping in
Ukraine, which contravenes crop rotation policies and neggiivglacts the yields of other crops,
particularly food crops like winter wheat. Consequently, the observed trend of increasing
sunflower cultivation contradicts the principles of sustainable agriculture in Ukraine (Kussul et al.,
2022). Furthermore, gaingran understanding of sunflower is essential because, compared to other
major crops grown in Europe, it has received relatively little attention in terms of S1 dataset

utilization (Veloso et al., 2017; Meroni et al., 2021).
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Chapter 4 evaluates changes umftower crop area before and after the walUkraine
using a stratified random sampling approach, with a particular focus on changes in sunflower area
in 2021 and 2022. Chapter 5 presents a summary of the findings from theeteach chapters
(Chaptes 24), discusses the strengths and limitations of the developed methods, and situates the

current study within the context of future research.
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Chapter 2. Sentinell time series data for sunflower (Helianthus annus)

phenologymonitoring

The presented materibhs been previously published in Qadir, A., Skakun, S., Eun, J., Prashnani,
M., Shumilo, L., 2023. Sentirgltime series data for sunflower (Helianthus annuus) phenology

monitoring. Remote Sens. Environ. 295, 113689.

2.1.Abstract

The potential of timeegies of Sentinel (S1) Synthetic Aperture Radar (SAR) data for
monitoring crops and their phenological stages has long been recognized. However, sunflower
(Helianthus annuysis one of the crops whose interaction with microwave signal is still not fully
understood. Here, we aim to analyze and interpret time series of S1 data for sunflower phenology
monitoring. The SAR backscattering coefficients in VH (vertloadizontal) and VV (vertical
vertical) polarizations as well as their ratio (VH/VV) in botheasding and descending orbits were
retrieved for three sites located in three different aglogical regions in Ukraine. We observed
that sunflower backscattering response differs for the ascending and descending orbits for the VV
polarization and VH/V\polarization ratio due to the directional behavior of the flower head. Our
analysis did not find major change in VH polarization for the two orbits. We also compared the
Sl-based sunflower phenology with that of Normalized Difference Vegetation Index (NDVI
derived from optical data acquired by SentiBe{S2). Our analysis revealed a considerable
correlationr?>0.4 between S1 and NDVI for VH and VV polarizations in both ascending and
descending orbits; however, we observed lower correlatfe.20) for he VH/VV polarization
ratio in descending orbit (VH/Vd49). Based on the characteristics of sunflower phenology, we
identified two sunflower phenological stages: beginning of flowering (BoF) and end of flowering

(EoF). The difference between -Based datessing VH/VVdesand reference dates was 4.1 and
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4.4 days for the BoF and EoF stages, respectively; the use of \iliewielded weaker results:
7.4 and 6.1 days. These results suggest that the Vdd/lé\& preferable parameter for identifying

sunflowerphenological stages such as BoF and EoF.

2.2.Introduction

Sunflower Helianthus annuysis one of the most crucial oilseed crops, and its global
production has almost doubled since 2010 (Pilorg@2Q United States Department of
Agriculture, 2021). Ukraine and Russia are major global producers and exporters of sunflower,
which is widely grown for producing vegetable oil, biodiesel and animal feed (Baryshpolets,
2021). The architecture of sunflower cnapdergoes significant changes during growth, which is
reflected in the development of particular organs, such as leaves, stem and capitula, that captures
the distinctiveness of sunflower compared to other summer cropgcergand soybean (Fieuzal
andBaup, 2016). One of the distinct characteristics of the common sunflower is heliotropism, or
solar tracking phenomenon, which is an effective way to increase absorption of solar irradiance
(Atamian et al., 2016; Kutschera and Briggs, 2016; Vandenbrink eal}) Heliotropism is a
form of diurnal or seasonal motion of the young sunflower plant (leaves anBiguic2.1(a)) in
response to the directional movement of the Sun across the sky from East to West. Due to the
pl ant 6s i nbor n ptantiseagaidreaiented easpwardsnduring the @ight. Atamian
et al. (2016) reveals the mechanistic basis of the sunflower and provides suggestions about the
heliotropismdéds functional significance. The
end of stem elongation phase. During flowering, the blooming flower heads permanently face East

(Figure2.1(b)).
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(a) S (b)

Figure 2.1: (a) Young sunflower during stem elongation phase (before flowering stage)
demonstrates heliotropism. (b) Mature sunflower head facing East permanently during the

flowering stage.

The orientation of sunflower heads presents important considerations iopegat and
growth, particularly in cases where the head is oriented eastward. In such cases, pollinators develop
more astute perceptions towards the crop due to a stronger visual signal (Horvath et al., 2020; Van
der Kooi, 2016). Eadiacing sunflowers fee the sun directly in the morning thereby heating up
qguicker and making them more attractive to pollinating insects, suuinaybees (Greenleaf and
Kremen, 2006; Atamian et al., 2016). Furthermore, this increase in temperature increases the
evapotranspation and reduces exposure to solar irradiance at daytime which further protects the
reproductive organs from severe heat and harmful ultraviolet light. Similarly, when flowering is
complete (end of flowering, EoF), ray flowers start wilting which in teaadls to seed development
and ripening of the sunflowdSchneiter and Miller, 1981)Therefore, detection of sunflower
fl owering stages is crit i oadeindigbtforsanfiosvergrewthn g p |

models for reatime monitoring.

Satellite remote sensing has previously been employed for sunflower phenology
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monitoring(Meroni et al., 2021; Nasirzadehdizaji et al., 2019; Schlund and Erasmi, 2020a; Veloso
et al., 2A7). Optical sensors have been primarily used for detecting and mapping sunflower
without establishing their directional behavior or flowering stages. While optical sensors present
strong considerations in monitoring spectral properties of sunflovesg ihstruments are limited

in observing physical structure or orientation (Arvor et al.,, 2011; Frampton et al., 2013).
Furthermore, intrinsic limitations related to cloud cover present additional drawbacks in optical
sensorgQadir and Mondal, 2020; Alyssa K. Whitcraft et al., 20Ibg timing of sunflower
heliotropic behavior, BoF, flower bloom and EoF stages would normatly from field to field

due to differences in sowing dates and cultivation pracfMesoni et al. 2021) Therefore, high
temporal resolution data is required to estimate fglelcific sunflower growth stages.

Spaceborne synthetic aperture radar (SAR) sensors applied to crop monitoring are highly
sensitive to vegetation backscattering, which is primarily influenced by the leaf structure, leaf
orientation, and canopy moisture cont@¥tieroni et al., 2021)As the crop grows the canopy
structure changes increasing both backscattering and the randomnessifig@siitNairn et al.,

2018) The plant components also attenuate the microwave signal depending on thetipolariza
and frequency employdg@leischman et al., 1996; Oliver and Quegan, 198 SAR response

of C-band sensor is related to crop structure, biomass development, soil condition and has led to
many studies for crop monitoring. The direct surface scattering effectopd are typically
strongest in cgolarized channels (HH, VV), whereas the multiple volume scattering effects of
canopy structure are most important in crpskrized channel (VHMc Nairn and Brisco, 2004,
Meroni et al., 2021)Hence, SAR offers an attractive technology for crop monitoring because
microwaves are less affectbg atmosphere or cloud conditions and can be used to monitor crop

growth over timgChauhan et al., 2020; Imhoff et al., 1987; Mansaray et al., 2019; Ulaby et al.,
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1981; Wigneron et al., 2002)

Recent studies have reported on backscattering responses of various crops including
sunflower(Lampropoulos et al., 2015; McNairn et al., 2018; Veloso et al., 2017; Wiseman et al.,
2014) The leaf structure and orientation of sunflowers change as they grow and accumulate
biomass, resulting in increased backscattering for VH, VV polarizations, and\Wptlarization
ratio (hereafter referred to as VH/VV), primarily dominated by volume scattévielgso et al.,

2017) As the sunflower reaches anthesis and buds develop, the capitulum increases in size and
flowering occurs leading to the increase of VV and decrease of VHMNGNairn et al., 2018;

Veloso et al., 2017)Previous studies have also compared sunflower phenology retrieved by
Normalized Difference Vegetation Index (NDVI) twiVH/VV and found large discrepancies,
concluding that VH/VV is not suitable for retrieving sunflower phenology or does not capture the
same phenology as NDWWeloso et al., 2017; Meroni et al., 2021; Arias et al., 2020)

Despite these results, scientific literature still lacks characteristics of observing
backscatterig response attributed to the directional behavior of the sunflower head (capitulum).
Sunflower head has a size of severdddbd (~ 5.5m) wavelengths and is a significant scattering
element in the top of the sunflower green can@pigure 2.1(b)). One way to incorporate
sunflower directional behavior is to differentiate backscattering response of asedesivegding
orbits using VH, VV and VH/VV. Sentinel SAR imagery presents the most comprehensive
spatial and temporal coverage for detecting phencébgtages (i.e. BoF, EoF) as well as the

directional differenceslTherefore, the main objectives of this work are to:

1. Understand and describe sunflower phenology stages using VH, VV and VH/VV acquired by

S1 in ascending and descending orbits.
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2. EstimateBoF and EoF stages using-8é&rived phenological metrics.

3. Compare Sland S2derived sunflower phenology and stages.

2.3 Study area and dataets
2.3.1. Description of study sites and data collection

Sunflower production in Ukraine is distributed throughdbie country with major
production regions located in Eastern and Southern Ukr&igeiré 2.2). We selected three
di fferent-1:si Kkemel mMdSit e Khmel nyt sk (26°299pk,| ast i
48°4524ANN), Sité-2 : My kol ai vo i n My kol ai v (31ub4Pnig, s t i n
A47°30pnN) and -BSi tZdeayt omyr o i n Zhyt omy (28208PhEa s t I n
50°03MBnN). Each of these three regions differs in terms of climatology and soil conditions, well
representing agrecological varietyfPolissya, ForesSteppe and SteppejAO, 2020;Gumeniuk
et al., 2010; Kingwell et al., 2016). The topography of the selected regions is moderate with slopes
rarely exceeding® The Zhytomyrsite contains the highelstndscape diversity due to its natural
characteristics and is traditionally a forested region which has recently been cleared for agricultural
activities. It is common for the region to be swamped due to itdylimg relief, high precipitation
rates, andow evaporation rates. The Khmeln sigelocated in a ForesSteppe zone with high
yielding fertile black soil and a moderately warm climate. This region records higher evaporation
than forest zones, resulting in less excessive moisture. The Mykolais lsitated in the Steppe
zone, which has the most fertile black soil and has traditionally been a major agriculture productive
region. This region is the warmest and experiences higher probability of droughts compared to the

other two sites.
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Figure 2.2: Location of the three study sites overlaid on the boundaries of administrative units

(oblasts) showing the density of sunflower planted area (in thousand hectares).

2.3.2. Sentinell and Sentinel2 data

We extracted Sentindl (S1) and Sentiné (S2) data using Google Earth Engine (GEE)
(Gorelick et al., 2017). The S1 dataset was acquired in the Interferometric Wide Swath (IW) mode
using both ascending and descending orbits in-polarization (VV and VH) at 10 m pixel
spacing (Mondal et al., 2020a; Torres et al., 2012) operates at a central frequency of 5.4 GHz
in the microwave portion of the electromagnetic (EM) spectrum witla@l wavelength of 5.5
cm. We acquired S1 Ground Range Detected (GRD) images in which the fmppessing stages
of thermal noise removal and ortkhorrection had already been compiet® generate the
backscattering coefficient{) (Meroni et al., 2021)The AJ values were converdeto decibels
(dB) via log scalingg 1 T @&J). For ortherectification, the ground range geometry was
converted to{J using the SRTM 30neter DEM or the ASTER DEM. The combined-8knd
S1-B satellite dataset contained a temporal resolution of six Gagse were either one or two S1

orbits overlapping for each pass and the incidence angle varied between 34°Tabi&2.0).
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We kept the dataset selected from two different orbits to maximize the number of available
observations. The ratio of VH and Was calculated in decibel scale [dB] as the difference

between the VH and VV:

. 1 Q0 Qo6 Qo, 2.1)(
where ,, and ,, are backscattering coefficient values in VH and VV polarizations,
respectively.

S2 collects imagery based on a constellation of two identical satellite’s,a88 S2B,
with a swath width of 290 km and acquiring data at 10 m, 20 m and 60 m spatialioesahe
used LeveRA product which provides atmospherically corrected data with betfeaimosphere
(BOA) reflectance values (GEE collection ACop:«
2012; Gatti and Bertolini, 2009; Hermann et al., 201h)eT s cenes with c¢cl oud <co
filtered out using the image property of A Cl
potential cloud contamination. All available observations between Abaihd October Flwere

downloaded to guarantee that a full phenological cycle could be covered for the sunflower crop.

2.3.3. Field data
For data collection, we relied on measurements from Nibulon fields

(https://www.nibulon.com) Nibulon is a Ukrainian agricultural company that specializes in

production and export of grains and oilseeds including sunflower (Quang Dinh and Por
Hilmarsson, 2022). The sunflower crop information was collected from 48 fields ranging in size
from 11 to 1® ha with an average area of 55 ha (Tal#2g Zhe location of each field was recorded
using GPS along with sowing and harvesting dates. The average sowing date was from April to

mid-May with harvesting occurring in September/early October (Figde
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Table 2.1: Details of the Sentinel dataset used for the three study sites.

Site Name Flight direction  Orbit number  Mean incidence No. of Images
angle (°)
Khmeln Ascending 58 354 33
131 43.9 32
Descending 07 34.3 33
109 43.3 33
Mykolaiv Ascending 87 36.7 33
160 45.1 33
Descending 138 38.9 32
Ascending 160 36.1 33
Zhytomyr 58 44.3 33
Descending 36 45.1 25
109 36.8 33
18 May 15 Oct
Sowing
Harvesting
11 May 6 Oct
¥
% 4 May - 27 Sep i
o c
£ =
2 il
(?) 27 Apr 18 Sep %
T
20 Apr ' 9 Sep
13 Apr . T T 31 Aug
Khmeln Mykolaiv Zhytomyr

Figure 2.3: Sowing and harvesting dates for the three study sites. For Mykolaiv, there is a delay

of sowing whereas for Zhytomyr there is delay in harvesting compared to the other sites.
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Table 2.2: Sunflower field size in the study area.

No. of Average field Max field Min field

Site name Fields area, ha area, ha area, ha
Site-l Khmeln 19 64 160 14
Site-2 Mykolaiv 12 65 94 20
Site-3 Zhytomyr 17 44 160 11

2.3.4. Weather data
2.34.1. Temperature

The air temperature data was derived from the European Centre for Medige
Weather Forecasts (ECMWF) atmospheric reanalysis data (ERA). ERAS, thgefiighation
ECMWEF atmospheric analysis of the global climate, covers the period from January 1888onw
(Bell et al., 2021; Mufioc&abater et al., 202and provides hourly estimates of many atmospheric,
land, and oceanic climate variables. For our analysisoeuesed on the ERA&N hourly dataset
and used a-n air temperature with a 11.1 km spatial resolutioaifelt et al., 2021Mufioz
Sabater et al., 2021). The temperature dataset was provided every hour in Kelvin and was
converted to the Celsius scal#e obtained the daily mean, minimum and maximum temperature
dataset from the hourly dataset. The dataset was processed and extracted from GEE platform for
each individual field by overlaying the field boundary and extracting the corresponding

temperature ata.

2.3.4.2 Precipitation data
We used the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) dataset,

which is a higkresolution, gridded precipitation dataset that incorporates satellite imagery and in
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situ station data to create gridded rainfall time series at a resolution of approximately 5.5 km (Funk
et al., 2015). We accessed and analyzed the monthly cumulative and daily precipitation dataset

through the GEE platform.

2.3.4.3.S0il moisture data

We used the surface soil moisture (ssm) product derived from the NAS2A Enhanced
Soil Moisture Active Passive (SMAP) Global soil moisture data products, which we accessed
through GEE for each day (Entekhabetale20l8panl . ,
The dataset was generated by integrating satdditeyed SMAP LeveB soil moisture
observations into the modified twayer Palmer model using all Ensemble Kalman Filter
(EnKF) data assimilation approach. The ssm refers to the watentamthe upper 10 cm of soil.

This dataset was available at a spatial resolution of 10 km.

2.3.4.4 Weather comparison for the three sites

The weather of the three sites slightly differed during the sunflower growing season in
2021 Figure2.4). In May, Zhytomyr received more precipitation than Khmeln and Mykolaiv, and
a similar pattern was observed for overall precipitation at the three sites. As a result, some fields
in Zhytomyr experienced elevated soil moisture and waterlogging conditions, leadirnipit-
field variability and noruniform sunflower growth (supplementary file S7). Furthermore, the
increased soil moisture caused a delay in sunflower maturity and harvesting at the Khmeln and

Zhytomyr sitesfigure 23).
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Figure 2.4: Mean temperature (°C) and precipitation (mm) during Senfiregdquisitions for the
three sites (a) Khmeln (upper left), Mykolaiv (upper right) and Zhytomyr (lower left) as well as
comparison of monthly cumulative precigitan for the seasofiower right); (b) comparison of

surface soil moisture (mm) for the three sites.

2.4.Methodology
2.4.1. Processing of Sentinel and Sentinel2 data

We separated S1 data acquired from ascending and descending orbits, and obtained
temporal backscattering profiles of the polarizationid4sc VHdes VVase VVdeg and their ratios
(VH/VV asq, VHIVV deg by taking median values of each sunflower field.

For S2 dataset, cloud and shadow masking were implemented in GEE using the ckud scor
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algorithm adapted from the tutorial available on: https://developers.google.comt earth
engine/tutorials/community/sentin@is2cloudless (supplementary file SOhastain et al2019;
Housman et al., 2018; Meroni et al., 2024/ did not implement the snow masking, as snow had

no significant effect on S2 reflectance during the sunflower growing p&tarchalized difference
vegetation index (NDVI) was computed using the bands 4 and 8 at 10 m spatial resolution and to
match with the S1 resolutiqi$canlon et al., 2002Median NDVI was extracted from cloud and
shadowremoved S2 piels for each field.

A two-step process was applied to reduce the errors associated with field boundary and
within-field variability. First, an inside buffer of 28 was applied to reduce the edge effects
(Harfenmeister et al., 2019a; Vreugdenhil et al., 2018agondly, to avdiwithin field variability,

a 200 m by 200 m polygon was considered instead of the entire field. This was achieved by
generating false color composites (FCCs) in whiehfirst band (VH: MarciMay) was assigned

red, the second band (VV: JuAeigust) was ssigned green, and the third band (VH: Malktty)

was assigned bluéigure 2.5) (Chakraborty et al., 2005; Choudhury and Chakraborty, 2006)

FCC, sunflower pixels werepeesented in greenish tones, while witfigld vegetation/plantation

was represented in pinkish tones, as observed in the larger fieiguoé 2.5(b) (supplementary

file S2). The FCCs were overlaid on highsolution Google Earth imagery and visuallenpreted

to extract a homogeneous 200 m by 200 m sunflower polygon from the center of the field based
on expert knowledge. If the center polygon contawegktation/plantatigrthen the best possible
homogeneous region within the field was considéFegure 2.5(b)). For smaller fields, a 100 m

by 100 m polygon was used. Finally, median temporal profiles for S1 and S2 were downloaded

from GEE for further analysis.
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Figure 2.5: Sample sunflower fields for Zhytomyr site to extract the temporal profiles using 200
by 200 square polygon for two contrasting fields as observed on the (a) high resolution imagery
(source: Esri/Maxar) and (b) S1 false color median comp@R&d: VH (MarMay), Green: VV
(JunrAug), Blue: VH (MarMay).

2.4.2. GDD and sunflower phenology extraction

To establish links between satelderived phenology and growfiised observations, we
used accumulated GDD (GR&) as a proxy due to the lack of groubdsedohenological stages
of sunflower (apart from sowing and harvesting dat€)D is a heuristic tool, a common
temperature index, used to determine the crop phenology and is a measure of heat accumulation
above a base temperatured below which no or egligible growth occurgMcMaster and
Wilhelm, 1997) GDD is extensively used to determine plant development rates concerning the
flower blooming from dormancy or crop maturigiken, 2005) Toasevaries fom plant species.
The lower base temperature of sunflower chosen here is 6.67 °C whereas there is no upper
threshold limit in contrast to other crop specldDAWN, 2021) GDD is calculated by using the
average daily maximumTgay and minimum temperatur@min) minus the base temperature

(Tbasé .
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000 ———— Y (2.2)

where if[(Tmax+ Tmin/ 2 < Tohasd, thenGDD = 0.

The accumulated GDD (GDR) is calculated bgumming GDD for each day for a given period

starting with the sowing date:

‘000 B ‘000 2.3)

‘000 was performed starting frorthe sowing date until the harvesting date which were
available from the ground surveys. Following existing literafiiieuzal, 2016; Schneiter and
Miller, 1981) and recommendations from the North Dakota Agriculture Weather Network
(NDAWN) (https://ndawn.ndsu.nodak.edu/), we established a relationship between sunflower
pherology progress and GDR (Table2.3). The sunflower growth stages are: vegetative (V) and
reproductive (R). The V stage begins with the emergence of seedling and ends with the initial
visual appearance of inflorescence. The R stage begins with thefiestrance of inflorescence

and ends when the plant reaches maturity (Berglund, 2007).

We defined the BoF stage when the sunflower completes the R4 stage of the Biologische
Bundesanstalt, Bundessortenamt and CHemical (BBCH) scale oscc®R wJC. Thisoccurs
approximately 60 day after sowing when the inflorescence has opened and the flower buds are
fully developed. The EoF stage is defined when the sunflower completes the R6 stage of the BBCH
scale or GDRxc of p 1T aJG. At this time, the disc floretsave finished flowering and the ray
florets have dried or fallen off, indicating that flowering is complete, and the ray flowers start to

wilt. This step is followed by seed development.
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Table 2.3: Sunflower stages along with corresponding GRIhttps://ndawn.ndsu.nodak.edu/,
Schneiter and Miller, 1981).

Principal Stages Growth StageDescription GDDacc Range(in JC)
Sowing Sowing 0
VE (Emergence) 96
\i 116
V5 194
Vegetative stage V10 292
V15 389
V20 487
R1 564
Stem elongation R2 642
R3 720
Inflorescence emergence R4 798
_ R5.1 876
Flowering R5.5 954
Flowering completes R6 1032
Development of seed R7 1110
Ripening R8 1188
Physiological maturity R9 2310
Dead and dry Harvest

2.43. Sunflower phenology monitoring by Sentinell time series data

S1 has a suaynchronous, righiboking antenna that has the potential to monitor sunflower
phenology and directional effec{§orres et al., 2012)In Ukraine, during the morning time
(approx. 4:00 UTC or 7:00 AM local time) S1 passes in the descending orbit from North to South
(Figure 2.6). The vertical (stem) and horizontal (leaf) structure of young sunflower faces East in
the morning(Figure 2.6(a), Atamian et al., 2016; Fieuzal and Baup, 208)ring the ascending
pass (approx. 16:00 UTC, 7:00 PM local time), the sunflower orients towards the West and again

faces the ascending orbit of the satellite. During flowering, sunflower head acgpeesanent
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eastward orientation facing the descending fisgire 2.6(b), Atamian et al., 2016)lo analyze
and interpret the time series S1 data for sunflower, the backscattering signal for both ascending
and descending orbits were considefedall individual fields, based on the sunflangrowth
stages as defined by the BBCH scale. We also analyzed the influence of incidence angle and row

orientation (parallel and perpendicular) on sunflower crop for the Khmeln site.

4:00 PM UTC
7:00 PM local time

4:00 AM UTC
7:00 AM local time

&% P

4:00 PM UTC
7:00 PM local time

4:00 AM UTC
7:00 AM local time

D Descending orbit

D Ascending orbit -
(b)

Figure 2.6: Heliotropism/directional behavior as observed in the sunflower (Helianthus Annus)
over Ukraine for descending (green) and ascending (pink) passes. (a) Young sunflower (b) mature

sunflower.
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2.4.4. Extracting sunflower metrics from Sentinell time series déa

Sl-derived timeseries were smoothed using the Savit@olay (SG) algorithm to filter
out the noise by removing highequency components (Savitzky and Golay, 1964; Meroni et al.,
2021).The window size parametewr) which specifies how many data pantill be used to fit a
polynomial regression function and the degree of the fitted polynomial funpjierefe set to 11
and 3, respectivelyjWe chosev to be small compared to the main phenological events and large
compared to the noise as suggeste®bmoCardena®t al. (2018):

NG OF QiE O rq Qa4 £QGapE Q0 QA Ooa Q
€ e VA —F—F—F < T T
CE 06 OTME £ aé QDA I

c8

There are six main phenolagl stagesof sunflower growth, excluding sowing and
harvestingTable2.3). The average size of S1 time series was 60, and the SG window size was set
to 11 Eqg.24). We then analyzed and interpolated the time series using-artex polynomial
(startingfrom one) to increase the amount of smoothing without distorting the main phenological
events. We varied the degree of polynomial function from one to four for 15 randomly selected
sunflower fields, visually inspected the fitted curves, and estimatedyeheralized cross
validation error between the mean of the temporal profile and its fitted curve. The polynomial of
order three was observed to be the best fit for our dataset.

The local minima and the inflection point for the fitted curves for each suerfiiteld were
calculated (Schlund and Erasmi, 20E@ure 2.7). In S1, BoF is marked as a detectable feature
with an inflection point on the S1 VH/\éstime series. With the VH/V¥sprofiles, an inflection
point can be detected when the direction of the profile changes from concave (concave downward)
to convex (concave upward). The first derivative provides information about the rate of change of

the curve at a specific point in ti;mand can help to further characterize the behavior of the time
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series(Bandaruet al, 2020; Tanret al, 2011) Specifically, the first derivative can be used to
determine whether the inflection point represents a peak or a trough in the curve, oreaithang
direction Sakamoto et al., 2005, Codrea et al., 2011, Kang et al., .28t8)e inflection point,

the first derivative of th&H/VV desis negative and the local minima of the derivative indicates the
BoF stage(Figure 2.7. Similarly, at the inflection point, the secontkrivative equals zero
("Qaawn = 0). This occurs approximately 60 days from seed sowing.

Detection of inflection points and derivatives has been frequently used to identify trend
changes in forest, start/end of gragn shooting in wheat, and sowing date estimation of multiple
crops, like rice and soybegBai and Perron, 2003; Schlund and Erasmi, 2020a; Verbesselt et al.,
2012, 2010Sakamoto et al., 2005, 2006; Wardlow et alQ&@05alford et al., 2008It is assumed
that substantial changes such as growing and harvest of plants result in transitionseriéme

which can be detected by using an inflection p(detleis et al., 2003)
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Figure 2.7. Change of the VH/VVdes over the time for a sunflower field in Mykolaiv (gray dash

line) with smoothed data (black line) and its first derivative (orange dashed line).
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Similarly, the EoF occurs when the VH/MAprofile reaches the minima on the concave
upward curve which follows the inflection point. The EoF is marked by the trough (local minima)
on the VH/V\Vues profiles after BoF stage is completed. At EoF, the first derivative equals zero
("Q w = 0) and changes from negative to positive. It is postiilaiethere are multiple inflection
or local minima observed throughout the growth cycle of sunflower. To get the correct location
pertaining to sunflower BoF and EoF stages and avoid errors, we made the following assumptions.
1) The first 30 days from sowinwere excluded, as they are closely related to-ggoiind

interaction and could affect the profile in identifying the correct inflection (BoF) or local
minima (EoF).

2) Similarly, the profile close to harvest (after 120 days of sowing) was discarded, dotlzeoi
inflection point or local minima which may occur once the sunflower matures. Thida}20
period was selected based on local knowledge and after examining multiple sunflower profiles
in the region and the duration was sufficient for flowering to detegFigure 2.3).

3) To obtain the EoF, we assumed that it would occur after the BoF stage only. Hence, we selected

the first local minima after the inflection point and discarded all subsequent local minima in the

profile.

The Siderived datesd ) were compared to the observed phenological stage thasess
observed bysDDacc (EQ. 2.5):
0 0 0 (25)
The proposed method for extracting sunflower BoF and EoF stages, as well as the
assumptions for avoiding multiple inflection points and local extrema are valid only when

analyzing individual fields. This method requires prior knowledge of sowing dates and
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approximate growth duration. Due to variability in sunflower development timing across regions

and years, the temporal period needs to be adjusted according to the local growing conditions. Due
to sunfl ower ds direct i o nresbhcksbatehirg profie todemanstrate x p e c
similar behavior across regions and times. The assumptions described above may not be valid
during the extreme weather conditions, such as drought, as sunflower may not exhibit its

directional behavior, potentially atfeng crop phenology detection using S1.

2.4.5. Comparison of Sdand S2derived sunflower phenology

Phenology metrics extracted from S1 for each field were compared to tteri%ed
metrics using NDVI ; we us e aorrélation coefficierdrf) asaof t h e
performance metric for such comparison. The number of available SAR observations during the
sunflower growing cycle determines the numbep f samples wused for con
correlation similar to what was performbyd Veloso et al. (2017). To match S2 scenes with that
of S1 and have the corresponding acquisitions dates, the NDVI profiles were interpolated using
cubic interpolation for the missing NDVI dates (Veloso et al., 2017). Subsequently, SG smoothing
was applid to the NDVI profiles to eliminate any additional noise using the same parameters

andw as for S1\{=11,p =3, section 3.4).

2.5 Results

2.5.1. Sunflower phenology as observed by Sentineldata

An example of S1 derived radar backscatteringts@ees for a typical sunflower field is
shown in Figure 28. We observed similar behavior of sunflower fields across regions
(supplementary file S3). Notably, the field was oriented perpendicular to toelSdirection in
the descending orbit and there was no major rainfall/extreme rainfall event during the sunflower

growing periodDuring the period of land preparation, seed sowing and vegetative stage (April
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May), both VH and VV profiles exhibited codgirable variability due to varying interaction of
the microwave signal with bare soil surfaéég(re 2.8. For some dates, we observed that there
were significant variations in backscattering for the descending orbit than compared to the
ascending orbitparticularly for VV, whereas VH/VV was quite stable.

During the stem elongation phase in late May/June, we observed an increase in VH, VV,
and VH/VV in both the ascending and descending orbits. At the beginning of July, both }H/VV
and VH/VVyes exhibitedsimilar behavior (marked with a black dashed line on VV and VH/VV,
approximately on July 10in Figure 2.8. During this time, the stem elongation phase ends and
heliotropism insunflower cease®Vith the onset of inflorescence emergence gdd®ontinuedto
increase, while VH remained stable for both orbits, resulting in decrease of \{&HAWNile
VH/VV asc remained relatively unchanged. This is followed by BoF which is marked as an
inflection point on the VH/VV\les There is a lag between the cessatidmetibtropism and the BoF
stage. At the end of July/beginning of August,d¥s¥eached its maximum, and VH/\@éreached
its local minimum, with the difference between A& VV desand VH/VVasc& VH/VV desreaches
its maximum at 3dB and 5dB. This correspeddo the time when the local minimum was
observed in VH/VMes and flowering was completed (EoF). During fruit development and
ripening, VVees and VH/VVges merges for both the ascending and descending orbit (end of
August/beginning of September). At thedeof the growth cycle (September onwards), the head
droops down, directional behavior is lost and plant water content decreases resulting in overall

decrease in backscattering.
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Figure 2.8: Temporal behavior of radar median backscattering (in dB) for VH, VV and VH/VV
for both ascending and descending orbit combined, accumulated growing degree dagsdGDD
from a sunflower field. The BoF and EoF stage are marked as green and reddmeashlack

dashed line represents the time when heliotropism ceases in sunflower.



2.52. Influence of S1 incidence angle on sunflower phenology

The influence of incidence angle (shallowr >0 and steep © ¢ dn sunflower crop for
Khmeln site is shown irFigure 2.9, and the influence of row orientation is provided in
supplementary file S4 and S5. We found that the influence of the incidence angle reached its
maximum during the land preparation and vegetative stage {Mpsi). The steep incidence angle
(<o @) $hows greater backscattering variation than the shallow incidence argle) @er both
VV and VH in the descending orbit, whereas limited influence was observed in the ascending orbit
(Figure 2.9. During flowering and seed development phase {Buigus) the backscattering
difference between the two incidence reaches its maximum of approximaBalyd Zor the VV
in descending orbit. Similarly, the VH/\¥% minimizes the influence of high backscattering
variation (> 2dB) observed in \¥for the two irtidence angles. The influence of incidence angle
decreases during the maturity phase of the sunflower (August end to September). We also observed
that the VHsc demonstrates similar behavior after stem elongation phase for the two incidence
angles (JubhSeptember). Furthermore, the VH/\@4 reduces the influence of backscattering

variation seen in V¥sfor the two incidence angles throughout the growing period.
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Figure 2.9: Comparison of radar median backscattering (in dB) behavior using different incidence
angles for VH, VV and VH/VV for both ascending and descending orbit.

2.5.3. Agreement between S1 and S2 temporal profiles for sunflower

We found that VH/V\des (r? < 0.2) had a weak correlation with &rived NDVI across
the three sitesHjgure 2.10). In contrast, V\es(r> > 0.66), VVasc(r? > 0.46) and VH/V\dsc (r? >
0.34) had a stronger correlation with NDVI. Similarly, VH (Mtand VHiey demonstrated a high
correlation with NDVI ¢? > 0.54). Overall, the VH/VV showed the least correlation as compared
to VH or VV, particularly for descending or the combined (ascending+descending) Tardit.
average correlation coefficient between NDVI and VHMWas low ¢2~0.2). We observed no

visible patterns for the correlation among the sikegure 2.10.
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The peak greenness of sunflower, as measured by NDVI, did not synchronize with the local
minima of VH/VV4es(EOF stage)The peak of NDVI occurred during the emergence of flowering
and was closely related with the inflection point (BoF stage) than with the local n{iRiguae
2.11 and Figure 2.12). The comparison for the three sites showed a systematic tendency of
VH/VV desto detect the inflection point and local minima later than NDVI with the exception of
the Zhytomyr siteThe average difference between the peak NDVI and the inflection point of
VH/VV deswas one day for Khmeln and Mykolaiv, while the average differentveclea the peak
NDVI and the local minimum o¥YH/VV deswas 18, 19, and 18 days for the three sikegufe
2.12. Notably, Zhytomyr was the only site where the average peak NDVI was delayed (3 days) in

comparison to the VH/V¥sinflection point.
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Figure 2.10: Box plots of the square of the Pearson's linear correlation coefficient (r2) indicating
the relation between VH, VV and VH/VV in the ascending, descending and the combined

(ascending + descending) orbits with NDVI foe ttinree sites.
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Figure 2.11: Median temporal profiles of VH/VV in descending orbit (VH/VVdes) vs NDVI for
a sunflower field demonstrating the peak of the NDVI profile (marked by the orange vertical line)

and local minima of § profile (marked by the green line).
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Figure 2.122 Comparison of peak phenology dates of NDVI profile and inflection point (BoF
stage) and local minima (EoF stage) of VH/VVVdes profiles for the three sites.

2.5.4. Agreement Comparison of sunflower phenology derived from S1 witBDDacc

Figure 213 shows box plots with the distribution of the timing of the temporal differences
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(in days) for the observed and detected BoF and EoF stages. The BoF stageevastimated

for VH/VV desand VH/VVdes+ascWhile the EoF stage was underestimated for VH\sconly.

The median absolute temporal difference between the observed and detected fields was less than
4.4 days for BoF and EoF stages for VHAAN lesghan 7.4 days for VH/V¥es+asc(Figure

2.13). Furthermore, no spatial pattern was observed for the two steigese@.14 and2.15).
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Figure 2.13: The boxplots of the temporal difference between the detected inflection point in the
VH/VV and the BoF as observed in GRD (left) and the temporal difference between the
minimum point in VH/VV and the EoF as observed in GRIright) for thedescendingrbit

(blue) and the combined ascending and descending orbits (orange).
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Figure 2.14: Spatial representation of the absolute temporal differences between the inflection
point observed for (a) VH/V¥s+ascand the GDRxc, (b) VH/VV desand the GDRxcto detect the
BoF stage for Mykolaiv.
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Figure 2.15: Spatial representation of the absolute temporal differences between the local minima
observed for (aYH/VV des+ascand theGDDacc, (b) VH/VV desand theGDDacc to detect the EoF

stage for Mykolaiv.

43



We found that detected BoF and EoF stages varied across the three sites with Khmeln and
Zhytomyr showing the smallest and the largest variation, respec(figlyre 2.13). Overall, the
tait Showed tht the two stages were clustered towards median in Khmeln and Mykolaiv compared
to Zhytomyr for bothVH/VV des and VH/VV ges+asc(Figure 2.13. When comparing the median
dates of S1 with that @&DDacc we found that the BoF stage was earlier for all thries svhereas
EoF stage was delayed for Mykolaiv and Zhytomyr in descending didiii€2.4). No pattern

was observed for the combined orbits.

Table 2.4: Median date of occurrence of BoF and EoF stages obtained by GDDacc in comparison

to S1 descending (des) and ascending+descending (asc+des) orbit.

BoF EoF

GDDacc S1 GDDacc S1

Des Asc+Des Des Asc+Des

Khmeln 13Juk21  08Jul2l 16-Jul21 28-Jut21  25Juk21  25Juk21
Mykolaiv  09-Jut21 04-Juk21 06-Jul21 21-Juk21  25Juk21  17-Jul21
Zhytomyr  13-Juk21 08Jub2l 11-Juk21 28-Jul21 01-Aug-21 01-Aug-21

We observed low correlatiom?(< 0.15) between S1 and Gldodates for BoF and EoF
stages. However, upon comparing the days required to reach the BoF and EoF stages from the
sowing dates, we observed an increased correlatiord(35) highlighting the influence of sowing
dates on sunflower growing dayRaple2.5). Notably, Mykolaiv exhibited thhighest correlation
for both stagesrf > 0.53) whereas Khmeln showed the lowest correlation for both stages in
ascending+descending orbit. It was also observed that, although the Zhytomyr site showed a higher

correlationcompared to Khmeln, this correlation was negative
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We further assessed the global spatial autocorrelation for the BoF and EoF stages as
observed by S1 using Morandéds I ndex (Anselin,
was observed in Sledcending for BoF (I = 0.74, p < 0.05) and EoF (I = 0.3, p <0.5) and
ascending+descending for EoF (I = 0.5, p < 0.5) stage only for Mykolaiv. No significant spatial

autocorrelation was detected in Khmeln and Zhytomyr for the two stages.

Table 2.5: Correldion (r2), calculated between the GDDacc and S1 time series for descending and

ascending+descending orbit for the BoF and EoF stage.

Site S1 vsGDDacc
Descending Ascending + Descending
BoF EoF BoF EoF
Khmeln 0.51 0.04 4E-07 0.17
Mykolaiv 0.66 0.53 0.62 0.67
Zhytomyr 0.25 0.05 0.38 0.19

2.6. Discussions
2.6.1. Sunflower phenology extracted from S1 data

In young sunflower plantsoth VH and VV backscattering in ascending and descending
orbits increase due to increasing biomass (volume scattering, VH) and heliotropic behavior (direct
backscattering, VVJAtamian et al., 2016; Fieuzal, 2Qlgure 2.8). Once heliatopism ceases,
the flower buds begin to emerffem the top of the stem and the plant shifts its energy towards
producing flowers and seeds and hence no major change in VH backscattering whereas VV
increasesAt the BoF stage, the eastward orientation of the sunflower head results in a substantial
scattering component in addition to the leav@guyre 26). This leads to a continuous increase of

VVesand decrease of VH/Vi¥suntil the end of flowering. The dictional behavior observed in

45

N N



sunflower could lead to improved separability from other summer crops, such as maize and
soybean, during the flowering phase by usingiddr VH/VV qes(Fieuzal and Baup, 2016, Veloso
et al., 2017). The results also demonstithie importance of VV and VH/VV in monitoring the

phenology of broadeaf sunflower crop in contrast to the previous study by Liao et al. (2018).

2.6.2. Stability of VH/VVin detecting sunflower phenology

While observing sunflower phenology r@latively low variation of VH/VV (both
VH/VV des & VH/VV asg was observed during land preparation, vegetative stage as compared to
VV indicating that the ratio i¢esssensitive taow management for both ascending and descending
orbits(Veloso et al., 201 AFigure 2.8% supplementary file S5Furthermore, VH/VV minimizes
the influence of varying incidence angle during the vegetative phase when low incidence angle
shows higher variabilityKigure 29). The variability observed in VV when combining different
incidence angles was also minimizedidg the flowering and seed development stages.

The VH/VV behavior was found to be similar across the three sites. The VH/VV also
exhibited equal backscattering levels for both BoF and EoF stages, indicating the stability of
VH/VV for detecting these stageFor VH/VVhes BOF stage demonstrated the highest stability,
with the phenology of the three sites nearly converging to the same backscatterindrigaitees (
2.16). However, the timing of the phenological stages differed among the sites after flowering,
with plant senescence occurring earlier in Mykolaiv and later for Zhytomyr site, due to variations

in weather conditions and harvesting delays for Zhytomyr site.
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Figure 2.16. Smoothed temporal backscattering coefficienor@H/VV de9 profile comparison

over time for all sunflower fields for the three sites.

2.6.3. Agreement between S1 and S2 derived sunflower phenology

The good correlation (> 0.54) obtained between VH and NDVI can be attributed to its
interaction with thebiomass of the sunflower as compared to the top surface of the leaves or
flowers Figure 2.10). The opposite behavior of the phenolagycles of NDVI and VH/V\es
during flowering stage/greemp phase resulted in a lower correlation compared to other summe
crops, which was previously observed by Veloso et al. (2017) and Meroni et al. (EQ@ai (

2.11 & Figure 2.2). Thus, it is advisable to exercise caution when integrating the phenology of
sunflower obtained from S1 and S2, as their synchronizatiorbmayonsistent and could result

in inaccuracies. Nevertheless, as demonstrated in Section 4.4, VH/VV could potentially capture
the various stages of sunflower phenology.

VH/VV desdetects BoF and EoF stage with a delay (~ 1 and 19 days) in comparison to the
peak of NDVI as al so ob s e fondetetting flowebnd i rapgeseedn o n t
(Figure 2.B). Sunflower reaches peak greenness just before BoF followed by emerge
flowering buds, increase of VV and detection of inflectionMi/VV des After BoF, there is a
slight dip in reflectance due the emergence of the flowering bud and increase of yellowness
leading to decrease in NDYAtamian&¢ al . |, et

2016; do Ahedetal.n20l0t
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The growing sunflower head increasesWéesand decreases the VH/\funtil the EoF stage
is reachedThus, the timing of the Sderived sunflower BoF stage is delayed compared to the S2
pe&k phenology.

The difference in NDVI and VH/V¥&svariation among the three sites can be attributed to
the lack of clouefree optical images during the peak growth cycle, as. obtaining-tleedmages
for shortduration summer crops can be challengingkMaiv had the most clouftee images
(averaging 23), while Zhytomyr had the least (averaging 14). Filtering images based on cloud score
improved data quality but reduced the number of available scenes. Attempts were made to
interpolate missing data, btite problem could not be entirely addressed. Moreover, the within
field variability and waterlogging conditions observed in fields of Zhytomyr site, resulted in low

correlation between the S1 and S2.

2.6.4. Potential of S1 to detect BoF and EoF stages

Theresults demonstrate that VH/\fand VH/V/Vges+ascwere able to detect the BoF and
EoF stages of sunflower and were closely associated with the phenology observé&DiZiag
Previously, it was suggested that VH/VV is related to crop parameters such as biomass, height,
and thus has potential to monitor crop phenolddgiNairn et al., 2018; Schlund and Erasmi, 2020;
Veloso et al., 2017)NVe demonstrated the potential of VH/VV to monitor the sunflower phenology
which is influenced by both the biomass and the directional bmhéwproved accuracy obtained
for VH/VV descompared to VH/V\es+ascfor detecting the BoF and EoF stages are attributed to the
fact the VH/V\ues+asc temporal profile becomes noisier when combining ascending and
descending orbits, making it difficult toetéct the inflection point or local minimum. While
smoothing reduced noise, it was not able to be completely eliminated and increased smoothing

resulted in missing some of these crucial growth stages. This also resulted in low correlation
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between the VH/VVes+ascand GDDcc (Table2.5).

We observed no clear patterns or any systemic delays between the BoF and EoF stages to
monitor sunflower in comparison ®8DDacc( d d Andr i mont et al ., 2020) .
stages for VH/VV\deswere approximately 4 dayghich is below the nominal revisit capacity of the
S1 sensor (~6 days) and were also comparable to those observed by Schlund and Erasmi (2020)
and McNairn et al. (2018) for wheat and rapeseed, respectively. Similarly, the error of detecting
BoF and EoF stes using the VH/V¥es+ascwas greater than the temporal resolution of the
combined orbits (~3 days) and hence limiting the usage of VE#VMsin detecting the two
stages.

The better accuracy obtained for the Khmeln site was due to a larger numbémafg4
as compared to Mykolaiv and improved within field variability as compared to Zhytomyr. Khmeln
had S1 observations acquired from two different orbits as compared to Mykolaiv resulting in twice
the number of images, hence improved accuracy to dbeeBoF and EoF stages using VHAYY
as compared to VH/V¥s+asc Which shows no major improvement. Previous studies have
demonstrated that increased temporal resolution enhances the detection of different phenological
stages for crop@Meroni et al., 2021; Schlund and Erasmi, 2020% believe that if the temporal
resoldion of S1 increases in descending orbit, the accuracy will improve further for \Wet/VV
However, this will not hold for the VH/V¥s+asceven if the temporal resolution increases as
observed in this workSimilarly, the negative correlation observeetween the time required to
reach the BoF and EoF from sowing for the GRBnd S1 at the Zhytomyr site can be attributed
to the nonuniform and delayed growth of sunflowers. This was likely due to waterlogging
conditions that occurred in conjunction withe ascending and descending orbfitsb{e2.5).

There are limitations to usinGDDacc as a proxy for actual crop phenology. The low
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resolution (~11.1 km), temperature dataset used in this analysis could not capture the fine scale
spatial variation acrasthe different fields. Similarly, the influence of factors like sowing dates,
soil moisture, and plant genetics need to be considered when evaluating the inGlabDt&fon
sunflower growth stagesi(® Andr i mo nt Fieezal arad IBaup, 2Q&). 2A88kZhytomyr

site, elevated soil moisture and waterlogging conditions led to reduced spatial consistency and
increased variability between the patterns observed @&@Dacc and S1, compared to Mykolaiv

and Khmeln sitesTable 2.4). Similarly, variations acwss fields resulted in a lack of spatial
autocorrelation in detecting the BoF and EoF stages by S1 for Zhytomyr site, but positive spatial
autocorrelation was observed for Mykolaiv sitalple2.5). Additionally, theGDDacc parameters
selected for this stydassume that crop growing conditions in North Dakota, USA and the selected
sites in Ukraine are similar, which are not always true for-lifealscenarios. If actual field
observations for sunflower phenological stages warailable errors associated thi using

GDDacc as a proxy for growth stages could have been reduced.

2.7. Conclusions

The frequent revisit of S1 combined with immunity to cloudy conditions makes it ideal for
crop phenology detectioin this study, we used a tingeries of S1/SAR data to explore and
describe sunflower phenology. There are differences in interaction of sunflower with S1 for
ascending and descending orbits which was poorly documented in previous studies.

We demonstratethe differences in VH/V¥esand NDVI for sunflower monitoring. The
VH/VV des is poorly correlatedrf < 0.2) with NDVI compared to Vs which illustrated
considerable correlatior¥ > 0.66) demonstrating the influence of the directional effects of
sunflover. The NDVI peak is closely related to the BoF stage observed in \iladWith only a

oneday difference, compared to the EoF stage, which differed by 18 days. In the future, if S1 and
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S2 dataset are combined to fill data gaps for sunflower monitohagghienological differences
observed in this study would play a crucial role in minimizing errors and facilitating the integration
of both sensors.

We also demonstrated how a dense tg@Bes of S1 data using ascending and descending
orbits can be used tapture the beginning and end of flowering stayés recommend using
VH/VV gesfor sunflower monitoring in order to achieve lower uncertainties (< 3 days) for detecting
BoF and EoF stages. By improving our understanding of how S1 time series datasimract
sunflower, we hope to improve the monitoring and detection of important growth stages.

In future, further studies based on thorough field campaigns shall be conducted to more
accurately observe the sunflower growth stages and compare with the & @logkrvationdVe
will incorporate feature selection process for sunflower crop mapping and improve the accuracy
of distinguishing it from other crops based on its distinct crop phenology. Additionally, further
research is needed to explore the infleen€ QuadPol and Compact polarimetric features on
sunflower phenology. We will also investigate the impact of different wavelengths (X, L, P) on

the sunflower phenology and its directiobahavior.
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Chapter 3. A generalized model for mapping sunflower areas usin§entinet
1/SAR data

The presented material has been previously submitteQaidir, A., Skakun, S., Kussul, N.,
Sherestov, A., Beck&eshef, |., 2023. A generalized model for mapping sunflower areas using

Sentinell/SAR data. Remote Sens. Environ.

3.1 Abstract

Crop type mapping using satellite observations is often plagued by limited revisit
frequency, cloud cover and the lack of reliable and representative training and validation datasets.
Existing crop mapping models rely heavily on reference (calibration) data and complex machine
learning methods and are rarely transferable in space and time without involving these datasets.
Moreover, variables driving crop classification are usuallyimetpretable further hindering the
creation of physically explainable and interpretable models for crop type mapping. Therefore,
there is a large gap in developing generalized classification models for crop type mapping with
satellite data that can be dipd in space and time with little to no calibration data. Here, we
propose a generalized automatic approach for sunflower mappingrasgatial resolution with
the Gband Sentinel (S1) synthetic aperture radar (SAR) data that is driven by the prigvious
developed phenological metric. The latter is the directional behavior of the sunflower head which
results in a different backscattering response of the SAR data acquired for ascending and
descending orbits. Specifically, we use SA&ived backscatter alues in VH and VV
polarization and their ratio VH/VV as input features to a random forest classifier which is
calibrated for the year 2022 in Ukraine, which is the global leading sunflower producer and
exporter. This model is then directly applied to sild sites for multiple years in Ukraine

(generalization in time) and other major sunflower producing countries (generalization in space):
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Ukraine for 20182020, and Hungary, France, Russia and USA for 2018. We show that for
calibration data, the model mkon features acquired from descending orbits outperforms the one
based on ascending orbit because of the sunfl
96 %, producer &ds a c escoreaf®@io (desténilingpcomplrédd¥ UaA af 80%F-

PA of 89% and Fscore of 90% (ascending). When the model is generalized to other years and
countries it yields the Bcore of > 77% for all cases, withs€ore being the largest (>91%) for
Ukraine and Russia sites and lowest (77%) for the US site. Wrefurse the produced maps for

the selected regions and years to estimate sunflower planted areas with the statisticddasedple
approach. Our estimates yield the root mean square error (RMSE) of 26.6 thousand hectares (Kha)
or 7.5% compared to referendata from official statistics and reference maps. These results
suggest that the proposed approach is robust in space and time for generating sunflower maps, can
overcome cloud cover issues by using spaceborne SAR data acquisitions and can be further used
for obtaining estimates of sunflower planted areas. This research also emphasizes the importance
of developing interpretable and domaipecific machine learning models that can be extended for

multiple geographical regions with little to no labelled data.

3.2. Introduction

Optical remote sensing is a valuable tool that employs the reflectance of visible and near
infrared (NIR) rR@iatlobh §wavahenghdéd emittanc
radi aDBoha2( em) t o #ofdably gathermdtd op cragps ahd their parameters
(Inglada et al., 2015; Skakun et al., 2016; Song et al., 26ibfyever, cloud cover issues can
hinder the generation of moderate to high spatial resolution crop maps using optical remote sensing

(Fritz et al., 2019; Qadir and Mondal, 2020; Alyssa K. Whitcraft et al., 2(NIBjeover,
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impediments to acquiring igitu data to train and validate classification modelgeioerate crop

maps beyond nationakale limit the scaling up of optical satellite imagery for crop mapping. This

is particularly true for Russia where numerous government restrictions on international research
create additional complicatioiildao et al., 2020; Suhara, 2019; Uzunlgt2®19; Whitcraft et al.,

2019) The lack of imsitu data increases the need for automated methods for crop mapping from
satellite imageryChen et al., 2023; Skakun et al., 2017; Wangl., 2019; Zhang et al., 2021)

New opportunities for developing crop type maps have arisen due to the availabikty high
spatial and temporal resolution images acquired by spaceborne synthetic aperture radar (SAR)
instruments aboard Sentire(S1)missions within the European Copernicus Progf@kakunet
al., 2016; Torbick et al., 2018; Torres et al., 201R)like optical remote sensing SAR operates at
mi cr owave w®duenmdonlgm) Wwhich nhages it weathiedependent and ideal for
providing consistent and frequent Earth observations forpmgpcrops and capturing the
changing landscape of agricultural land sel 6 A nrd etialm ®021; Inglada et al., 2016;
Kenduiywo et al., 2018; Vreugdenhil et al., 2018b; Whelen and Siqueira, . 20bre¢over,
microwave backscattering is sensitive to biomass, crop canopy structure, soil surface and moisture
content, making it an idéalata source for crop type mapping and biophysical parameters
assessmerfHosseini et al., 2019; Hosseini and McNairn, 2017; McNairn et al., 2018; Qadir et al.,
2023; Veloso et al., 2017As our understanding of SABased crop phenology advances and
machine learning algorithms contmto improve SAR has become increasingly utilized for crop
mappingl d 6 Andr i mont et al ., 2021, Di20lB) e Robert s

One of the key underlying principles in eleetmagnetic scattering models of crop
canopies is that the extent of backscattering is intricately linked to several factors: size and shape

of individual leaves/flower relative to the microwave wavglth, the orientation of the leaves in
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space with respect to the polarization plane of the microwave waves, and water content of the
leaves(Hosseini et al., 2019; Mc Na and Brisco, 2004; Stiles et al., 1994; Ulaby et al., 1981,
2014, 1984; Woodhouse, 201 Qhanges in backscattering are anticipated during phenological
stages of the crop that bring about structural changes in the canopy such as formation of flowers
and fruits(Meroni et al., 2021; Qadir et aR023; Schlund and Erasmi, 2020; Veloso et al., 2017;
McNairn et al., 2018)The sensitivity of the ® a nd wa v ©I15.6 ony, tpdiarizaten (VH
and VV), and orbit type (ascending or descending) to surface and subsurface characteristics such
as didectric constant, roughness, and orientation make S1 particularly useful for frequent repeated
measurements especially during a short dynamic of summer(@wyge Robertson et al., 2020;
Harfenmeister et al., 2019b; Mahdavi et al., 2019; Meroni et al., 2021)

To mitigate the scarcity of grourzhsed data (field and in situ measurements) researchers
have explored different techniques, such as gemerglmachine learning models, to classify and
map crop types. These generalization approaches for remote sensing data classification can be
spatial, temporal, spectral or senbasedLaborte et al., 2010; Luciano et al., 2018; Olthof et al.,
2005; Orynbaikyzy et al., 2022; Woodcock et al., 20@Egneralized crop classification models
provide several advaages compared to traditional supervised classification methods, such as
possibility to obtain faster results especially during the season, wider coverage, and reduced
requirements for training data. Previous studies demonstrated the effectiveness dizgdnera
classification models for forest monitoring, sugarcane monitoring, automated rice mapping, and
crop classificatiorfHao et al., 2020; Kluger et al., 2022; Laborte et al., 2010; Luciano et al., 2018;
Orynbaikyzy et al., 2022; Woodcock et al., 2001; Zhang et al., 20&Epite these benefits the
full potential of spatieeemporal generalization of machine learning models using SAR sensors

remains underexplored especially for example in Eastern Europe where obtaining ground
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information is challengin¢Gilcher and Udelhoven, 2021; Orynbaikyzy et al., 2022)

Therefore, the main objective of this study is to develop a generalizetbvsenf
classification and mapping model using S1 SAR data applicable to multiple seasons and
geographical conditions and no requirements to labelled data. Sunflower was chosen as a case
study for two reasons:

1) Sunflower is the fourth most extensively growitseed crop globally, with Ukraine and Russia
being the major producer s, accounting for ov
(United States Deptament of Agriculture, 20210il World, 2022).

2) Knowledge of the geographical locations of sunflower crops is essential for yield forecasting,
detecting violations of crop rotation, preserving soil productivity, and tracking international oll
prices(Baryshpolets, 2021; Kussul et al., 2022dD et al., 2023; Sobolev, 2020)

To address the research objective, we calibrated a sunflower crop mapping model in
Ukraine using extensive field data collected during the summer of 2022. Subsequently, the model
was generalized to selected sitesUkraine and Russia. As this method shows potential for
sunflower mapping, we further evaluated it at selected sites in France, Hungary, and the United

States of America (USA).

3.3. Study area and dataets
3.3.1. Study area

The study sites spread acrds& countries spanning a range of crops and agricultural
practices Figure3.1, 3.2& Table3.1). These study regions were selected based on the proportion
of sunflower grown and availability of training and validation data set and they represent a
diversity of sunflower conditions. The main study site {&jtdor model calibration covered an

area of ~45,000 kfnand encompassed the two oblasts (administrative regions) in Ukraine:
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Cherkasy and Kirovohrad (herewith referred as Ukr2id22 site). Thestwo oblasts are located

in the central part of Ukraine, and they represent a transition between-Stagseé to Steppe
agroclimatic zones and capture the diversity of the Ukrainian agriculture. In U282, both

winter and summer crops are dominavith cereals such as wheat and barley as the primary winter
crops, and maize and sunflower as the main summer crops. The sunflower occupies almost 28%
of the region for the year 202BiQure3.29).

The five other study sites spread across Europe and W&#& selected to test the
robustness of the proposed models that were calibrated for UR@22 These regions have
agriculture as the dominant land use and feature nearly flat terrain (slope <5%). Sunflower in these
regions shares similar characteristia terms of crop rotation crop patterns and little to none
irrigation applied. The Mykolaiv (sit) covers the Mykolaiv oblast is located in southern part of
Ukraine in the Steppe agwmtimatic zone Figure 3.2b, herewith referred as Ukraw918,
Ukraine-2019 and Ukrain020 site). The sunflower is the second most dominant crop in
Mykolaiv after cereals. In 2020, the Mykolaiv suffered from drought impacting sunflower
production. The Hungary site (si8 herewith referred as Hungary site) in locatethensouthern
and central HungaryF{gure 3.2¢) and occupy four counties (administrative units): Bekes,
Csongrad, Bacekiskun and Jasmagykunszolnok. These regions are located in the Northern and
Southern great plains of Hungary, and the fertile sopsttgich agriculture. The region is known
for cereals as winter crops and maize and sunflower as summer crops. The France-4jte (site
herewith referred as France site) is located in the Occitania administrative region of Southwestern
France and includesvo departments (an administrative division in France) of Gers and -Haute
Garonne Figure3.2d). The dominant crops in the region are winter cereals which occupy nearly

38% of the agriculture land followed by maize (32%) and sunflower (16%). The San&f (si
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covers the Samara oblast and located in the middle of the Russian gr@ithbeatentral Volga

River basin in southern Russkidure3.2e, herewith referred as Russia site). The oblast is located
across the ecotone of For&eppe, regular Steppethe middle and Dry Steppe in the so{idle

Beurs et al., 2012)'he soil fertility in the region is high, and the major crops grown in the region
are winter cereals, sunflower and maize. The USA siteg¥it®nsists of four countieS{anley,

Sully, Hughes, Hyde) in the State afuh DakotaFigure3.2f, herewith referred as USA site)

This region is diverse in agriculture by growing a range of winter, spring and summer crops such
as wheat, alfalfa, maize and soybean. This region is the second major region in the US after North

Dakota in terms of planted sunflower aré@gsop Explorer2020, IPAD).

3.3.2. Sunflower crop cycle

Sunflower is a short duration summer crop with a crop cycle-df280days. It is a highly
profitable industrial crop mainly grown for extracting oil and exipgr sunflower seeds. The
sunflower is typically rotated with wheat and other summer crops such as corn. The typical sowing
and harvesting dates for sunflower follow approximately the same calendar for European sites
(sites 1 to 5) with planting occurring April and harvesting taking place in September/October,
however, they differ by a month in the USA where planting occurs in May and harvesting taking

place in October/November (Crop Explorer 2020, IPAD).
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Figure 3.1: Location of the study sites in Europe and USA. The ki(gkraine2022, magenta
circle) was selected for model calibration and sites 2 to 6 for sgatiporal generalization (blue

circles).
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(a) Model development site (sitB): Cherkasy and Kirovohramblasts in Ukraine
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Figure 3.2: Location of study sites, crop type information and location of training and validation
samples for: (a) model development site in Cherkasy and Kirovohrad oblasts in Ukraine for year
2022 and selected model validation sites in (b) Ukraine, (c) Hun@hrifrance, (e) Russia and

() USA. The crop type information is derived from the 2018 official agriculture statistics for
Ukraine (a & b) and Russia (e), the 2018 Eurocrop for France and Hungary (c & d) and 2018 CDL
in USA.
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Table 3.1: Geographical area of the selected sites, years covered and the total number of S1/SAR

acquisitions for each site.

Site Country Area covered (in kn?) Year of acquisition No. of S1 scenes
Site-1 Ukraine 45,625 2022 354
2018 268
Site-2 Ukraine 23,629 2019 403
2020 450
Site-3 Hungary 23,704 2018 530
Site-4 France 12,639 2018 308
Site5 Russia 53,600 2018 182
Site-6 USA 11,017 2018 161

3.3.3. Sentinell satellite data

In this study, we focused on utilizing Sib@nd data which operates at a central frequency
of 5.4 GHz (wavelength of 5.65 cm) in the microwave portion of the electromagnetic spectrum.
We selected S1 data acquisitions in the Interferometric Wave (IW) wioida transmits coand
crosspolarized microwave signals in the vertical and horizontal planes, creating andwWH
polarized bands, respectivelylondal et al., 2020b; Torres et al., 2012Zhe S1 satellite has a
temporal revisit time of 12 days in a ng@lar, sursynchronous orbit and having - pixel
spacing. Two satellite platforms, @land S1B?, share thsame orbital plane with a 180rbital
phase difference, and the revisit frequency is further reduced to six days when combining the two
S1 satellites at the equator. S1 captures data from both ascending and descending orbifis for Site
to Site4 in Europe. In contrast, Sitein Russighas data available only from descending orbits,
while Site6 in the USA has data available only from ascending orbits. The swath width of S1
results in significant overlap between adjacent orbits providing an effective revisit rate of more

than once dailyor latitudes above 55 degrees North. The dataset selected was in Ground Range

1 S1-B is not available anymore
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Detected (S1_GRD), levdl preprocessed in Google Earth Engine (GEE) using the S1 toolbox
(Gorelick et al., 2017a; Qadir and Mondal, 20Z@)eprocessing steps included the removal of
thermal noise, terrain correction using the SRTMnBMigital Elevation Model (DEM), and

radiometric calibration.

3.3.4. Ground truth data for model calibration and validation

Reference dataset for sunflower and other crops were collected during field surveys in
JuneJuly 2022 by the National Technical Universitbk r ai ne @Al gor Si kor sky
|l nstituteo. The surveys were designed to gat
mapping model, and the crop types and their locations were recorded @&paabled mobile
device We ensured that theaining dataset encompassed the diversity of all crop types and was
well-distributed over the study site (i.e., Ukrai®d@22, Figire 3.2a). The samples were overlaid
onto highresolution Google Earth imagery, and the corresponding fields were digitgeddmte
vector field boundary polygons. To avoid boundary contamination, an inner
buffer of 10 meters was applied. A total of 1,700 polygons (12,428 ha) were digitized of which

365 represented sunflowers (3,320 ha).

3.3.5. Sunflower validation dataset fogeneralized model
The validation dataset for testing the robustness of the proposed generalized model was acquired

using different methods for different sites (TaBl2).

3.35.1. Ukraine
Sunflower validation dataset was collected as atbegoad survey$§Waldner et al., 2019)
for the year 2018, 2019 and 2020 following the same procedure as described in section 2.4. The

details of the dataset are provided in TaB. In total, 1366, 1005 and 942 polygons were
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digitized for the year 2018, 20Jand 2020, respectively, out of which sunflower were represented

by 610, 276 and 262 polygons (kg 3.2b & Table3.2). Random samples of 20m by 20m were
generated from within the digitized polygons corresponding to the sunflower arsinfbower

class.In total, we generated 1400 samples for each year and sunflower were represented by 430,

405 and 395 samples for the year 2018, 2019 and 2020, respectively.

Table 3.2 The details of the validation datasets for the generalized model @ tsitsite6.

Site Country Validation Total No. of sunflower
datasets samples samples
(20m x 20m)

430 (for 2018)
Site-2 Ukraine Roadsurvey 1400 405 (for 2019)
395 (for 2020)

EUCROPMAP

Site-3 Hungary 2018 1400 215
. EUCROPMAP

Site-4 France 2018 1400 225

Site-5 Russia Street view 1400 265

Site-6 USA USDA CDL 1400 260

3.3.5.2. Hungary and France

We utilized the EUCROPMAR018, a European crop type map based on supervised
classification of S1 and Land Use/Cover Area frame Survey (LUCAPErnicus irsitu
observations for the year 2018 based on doéAnd
in the GEE platform represents all the major crops including sunflower at 10m pixel spacing, and
it is the first continental crop type map for the EU forytaar 2018. We divided the Eurocrop map
into sunflower and nesunflower strata, and generated 1400 random samplesnat ®@dh 215
and 225 samples representing sunflower in Hungary and France, respectively, based on the

proportion of sunflower area occepl Figure3.2c & d). Additionally, we downloaded validation
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images available from the LUCAS survey for selected fields. For France, we collected a total of
22 sunflower and 46 nesunflower images, whereas for Hungary we collected 30 sunflower and

56 non-sunflower field images.

3.3.5.3. Russia

We used the available street view images on the Google Earth platform to generate our
validation samples for Samara (Russia) as no actual field datasets were av@adabé3@2b, 3.3,
& Table3.2). Street viewmages of selected road networks were visually interpreted based on
expert knowledge to locate sunflower and other crop types. Sunflower crops with their distinctive
yellow flowerheads were easily identified in street view images. The dataset was availlé
month of August coinciding with the sunflower flowering stage, making sunflower crop
identification easier. We recorded the type and location of sunflower and other crops/land cover
samples and digitized corresponding crop fields to generatervesdti boundary polygons. We
included an inner buffer of 10 meters to avoid boundary contamination. We generated 1400
random samples at 20, within the digitized polygons of which sunflower were represented by

265 samples.

3.3.5.4. USA

The Cropland Dathayer (CDL) is a gegeferenced raster land cover map collected by the
United States Department of Agriculture (USDA) for the continental USA at a resolution of 30 m,
derived from the satellite imagery, farrreported data and other ancillary data toegate crop
specific rasteformatted, geaeferenced, crop type mgpbernethy et al., 2023; Boryan et al.,
2011) Each pixel in the map corresponds to a CDL label, which includps,darests, and other
land use/land cover features. Nompland regions were masked from the CDL layer, and the

cropland layer was stratified into sunflower and 4sonflower strata. We performed random
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sampling to collect 1,400 samples at 20m, of wtiéb fields represented sunflower crops in

proportion to the area of land occupied by sunfloweigufe 3.2f & Table3.2).

aaaaaa

O sunflower_crop
@ non_crop_sunflower
1 Samara

I road_buffer

Google Earth

Figure 3.3: Geclocation of the random sample points (sunflower = yellow circle;swrilower

= red circle) along the road buffer of 500 m (shown in blue) in Samara, Russia. Coordinates of the
Google Street image in bottoamd520863A06E5400 306 d
rightare 580 4 6 39661 080 @66 E. | mages were acquired i
Google Street view/Google Earth).
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3.4. Methodology

Figure 3.4 shows the overall workflow of the proposed approach. Within the first step, we
calibrate the Random Forest model usingdgfived features that are based on phenological
metrics (Qadir et al., 2023aand training dataset in Ukraw#®922. Next, we generalize the
calibrated model for the same region in Ukraine but different years 2018, 2019, and 2020, and
other regions worldwide, namely Russia, France, Hungary,the USA for 2018. We consider
ascending and descending orbits separately for calibration and generalization depending on S1

acquisitions availability.

3.4.1. S1 preprocessing

To maximize the number of available scenes we considered S1 data fromilalblav
orbits(Arias et al., 2020; DeLancey et al., 201Alditionally, the selected study sites (fig3.1,
3.2 & Table 3.1) have minimal variations in elevation thus minimizing the impact of local
incidence angle effects on backscattering vau€sé Gr a d y dntaddiion.to,vVH and \Y\3 )
the ratio of VH and VV polarization (herewith referredva$/\VVV) was calculated in decibel scale
[dB] as the difference between the VH and VV (B4).

" r Q6 Qo6 Q0, 3(1)
where ,, and ,, are backscattering coefficient values in VH and VV polarizations,

respectively.
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3.4.2. Sibased metrics generation

We derived Shased multtemporal metrics based on the sunflower growth calendar
(Section 2.2 & Tabl&8.3 & 3.4). These multtemporal metrics are statistical transformations of
satellite image time series and provide characteristics of crop phenologplernd capture key
features of sunflower phenolodiKing et al., 2017; Song et al., 201¥Y/e calculated monthly
composite metrics (RR4) for the main sunflower growing montdsine to September) by taking
the median backscattering values of all images within each phenological stage-pixalfEssis.
Additionally, seasonal median composites-&3) on a per pixel basis for three distinct seasons
were generated based on cgmewing conditions in Mykolaiv, Ukraine: spring (S1, March to
May), summer (S2, June to August), and autumn (S3, September to November). Further details
about the metrics generation can be fourtdansen et al. (2008, 2002), King et al. (2017), Rotap

et al. (2015, 2012)

Table 3.3 Details of the multtemporal monthly and seasonal median composite stages/metrics
derived from their corresponding month/months for sunflower mapping based on Seifirel

phenology, S = seasonal).

Metric Median composite month/months
type/stage

P1 June

P2 July

P3 August

P4 September

S1 March + April + May

S2 June + July + August

S3 September + October + November

P = phenology, S = seasonal
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3.4.3. Random Forest classification algorithm

The random forest is a machine learnbaged ensemble classifier that can generate
multiple decision trees with or without replication from the training da{&@etman, 2001; Liaw
and Wiener, 2002We chose this neparametric method because of its flexibility in handling
nonlinear relationships between the selected class and the input features in SAR images/metrics
(Mellor et al., 2013; Pelletier et al., 201@revious studies using SAR data have shown the
potential of the random forest approach in crop mapping in diverse landéDapbamps et al.,,
2012; Inglada et al., 2016; Pelletier et al., 2016; Qadir and Mondal, 2020; Wang et al.\\2©19)
parameterized the random forest classifier using several parameters, including the number of trees,
variables per splitminimum leaf population, and bag fraction. Based on preliminary analysis, we
used 200 classification trees, 2 variables per split, 10 pixels per minimum leaf population, and a

bag fraction equal to 0.5 for the model.

3.4.4. Model calibration and withinregion generalization in Ukraine

This is the simplest case of model generalization and is widely employed for land cover
classification (Luciano et al.,, 2018). The sunflower model calibration was performed by
incorporating 42 metrics (TabB84) and trainng data derived from field samples collected in the
same year of 2022. To ensure a broad distribution of samples and a random component in the
sample selection process, we implemented a sampling strategy based on the area covered by each
crop type. The nuber of samples were selected based on the proportional of area occupied by the
crop type.The dataset was randomly split into training (60%) and validation (40%) sets for each
crop type. These splits were done at the field level (i.e., polygons) and malivadual pixels to
ensure sample independenddie 20m by 20m samples were randomly selected from these

polygons for model training.
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A two-phase classification procedure was implemefitatildo Andr i monitTheet al
first step involved classifying the cropland into six crop types: sunflower, ntaizsals, rapeseed,
soybean and other crops (Level 1 in Tabk). During the second step, the reumflower crop
classes were grouped into a single class (Level 2). The random forest model using S1 metrics was
calibrated and trained to map Level 1 and Level 2 classes. The total number of training samples
for model céibration was randomly selected with a random effect. The classification method was
tested 20 times to assess the effect of random choice. The performance of the classifier was also
evaluated by assessing the importance of the 42 metrics/features basedr@an decrease in
accuracy in RF mode(8ellor et al., 2013; Phalke et al., 2020)

As our interest was in the sunflower class, the final crop type map was further processed
to mask out the nearopland region using the dynamic world (DW) dataset available within GEE
(Brown et al., 2022)The DW is a 10m neaeattime dataset containing information for nine
major land ge/land cover classes based on Senfinetvel 1C dataset. The DW dataset range
was selected from January to May end for the respective yearpiBosssing steps include
filtering out isolated pixels having size less than 2ha as these pixels are laeck teethe speckle

effect rather than actual sunflower fields.
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Table 3.4 Summary of S1 derived muitemporal metrics based on the sunflower crop phenology

for VH, VV and VH/VV for the ascending and descending orbits (asc = ascending orbit, des =

descending orbit, P = phenology, S = seasonal)

No. Metric name No. Metric name
1 P1 asc VV 22 P1 des VV
2 P2 asc_VV 23 P2 des VV
3 P3_asc_VV 24 P3_des VV
4 P4 asc VV 25 P4 des VV
5 P1 asc_VH 26 P1 des_VH
6 P2 _asc_VH 27 P2 des_VH
7 P3 asc_VH 28 P3 des VH
8 P4 asc_VH 29 P4 des_VH
9 P1 asc_VH/VV 30 P1 des VH/VV
10 P2_asc_VH/VV 31 P2_des VH/VV
11 P3 asc_VH/VV 32 P3_des VH/VV
12 P4 _asc_VH/VV 33 P4 des VH/VV
13 S1 asc_VV 34 S1 des VV
14 S2 asc_VV 35 S2 des VWV
15 S3 asc_ VWV 36 S3 des VV
16 S1 asc_VH 37 S1 des VH
17 S2 asc_VH 38 S2 des VH
18 S3 asc_VH 39 S3 des_VH
19 S1_asc_VH/VV 40 S1 _des VH/VV
20 S2_asc_VH/VV 41 S2_des_VH/VV
21 S3 _asc_VH/VV 42 S3_des_VH/VV
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Table 35: The legend of the European Union (EU) crop map. For theptvase hierarchical
classification procedure, the legendiigided into two levels: level 1 with six crop type classes,

and level 2 binary sunflower and neanflower classes.

Level-1 Level-2 Study area Number  of
occupied (in %) polygons

1 Sunflower Sunflower 18 306
2 Cereals 21 357
3 Maize 15 255
4 Soybean Non-sunflower 4 68

5 Rapeseed 5 85

6 Other crops 7 120

3.4.5. Model accuracy assessment

The insitu data were collected as polygons, but the accuracy assessment was performed at
the pixetlevel. Pixels were randomly selected from all pixékslonging to the polygons
specifically set aside for validation. In total, 1400 random samples of size 20 m by 20 m were used
from within the validation polygons. The reference dataset was used to report the confusion matrix,

OA, UA, PA, and F1 for both h&l-1 and Level2 classes.

3.4.6. Model generalization across space and time

To enable croseegion and temporal generalization, we followed three different
approaches based on the availability of ascending and descending orlits 35y In the first
approach, the model calibrated in section 3.4 using six crop classes for tR@amhevas
generalized for the following sites: a) Mykolaiv, Ukraine for 2016, 2017, and 2018; b) France for
2018, and c) Hungary for 2018. In the second approach, due tavaiability of S1 ascending
orbit for Russia, the model was modified to only include the descending orbit for calibration and

generalization. Similarly, the model was modified for the USA site to include only the ascending
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orbit for calibration and generadition. For the USA, input features for model calibration were
also adjusted (shifted by a month) to match with the sunflower growing cycle (s&&fion

As our primary interest was in the sunflower class, we converted the generalized model
crop classesnto binary sunflower/nosunflower classes by grouping all rsanflower crop
classes into a single class. To avoid any misclassification of cropland class with other land cover
types, we masked out all other land cover classes using the DW map fortbgpeonding year
(January to May end) and region (refer section 3.4). We also filtered out isolated pixels and re

projected the sunflower crop map to the Albers equal area projection for further analysis.

S1 orbits Model calibration site = Model generalization site
i o | " | Ukraine-2018 | |
' | Ascending | ! i i | Ukraine-2019 |
+ —> Ukraine-2022 | i i | Ukraine-2020
i | Descending | ! i i i | Hungary-2018 |
i i ! i . | France-2018 | |
' | Descending | =i | Ukraine-2022 = | [ Russia-2018 | |
‘| Ascending | === | Ukraine-2022 | == | USA-2018 | |

Figure 3.5: Methodology followed for spatitemporal generalization based on availability of S1
ascendingdescending orbit. In Ukraine for 2018,2019, 2020, Hungary and France for 2018 both
ascending and descending orbits were used for model calibeattbigeneralizeon. In Russia

only, descending orbit whereas for USA only ascending orbit was used for model calibration and

generalization for 2018.
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3.4.7. Accuracy assessment and area estimation for generalized model

To validate the generalized model and calculagestimflower planted area for each site,
we employed welestablished and recommended practices based on sampling agprech.,

2023; Olofsson et al., 2014a; Skakun et al., 2019b; Song et al.,. 201 worth noting that
estimates of sunflower crop areas based on pixel counting may result in biased eSBalzgs,
2004) To address this, we adopted the sanmglged sunflower crop area estimation to derive
unbiased estimates ofear and uncertainty with separate strata for sunflower andguntffower
crops.

In Ukraine and Russia, samples were collected from the roadside, whereas in other
locations, samples were distributed across the cropland Bitpeg 3.2 & 3.3). Each sample
represented a 2@ pixel, and a confusion matrix was computed to assess binary classification
performance, considering the correctly classified classes and omission and commission classes.
Four accuracy coefficients were computed, focusinghe target sunflower class (Tald®).

Finally, proportions of sunflower areas derived from samples were used to estimate total sunflower
areas and corresponding standard eli®kakun et al., 2019)

To evaluate the performance of the area obtained with the generalized model, we computed
the Pearson correlation coefficient between our estimated area and the referanderarach
site. Additionally, the relative percentage difference in area was computed for each site to highlight
the difference between the reference and estimated surface area for sunflower crop. For Ukraine
and Russia, the sunflower reference areaaftained from official subnational statistics, while
for France and Hungary, it was obtained from the Ewop map, and for the USA it was obtained

from the CDL layer as courdgvel statistics for sunflower in the US was not available for 2018.
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Table 36: Accuracy metrics derived from the confusion matrix between the predicted map and
the reference map. Pij represents the agr eeme
data and map prediction ( B oPsunflovetdlass. Accur acy m

Map class Prediction Reference dat:
(class)

Sunflower Others
Sunflower P11 P12
Others P21 P22
Statistical parameters Equation
Overall accuracy OA =Pu1+ P22
F1-Score F1 = (2*P11)/(2* Pirt P12+ P21)
User6s accuracy UA = P1/(Pu1t P12)

Producerdéds accuracy PA =Pi1y/(P11t+ P21)

3.5. Results
3.5.1. Sunflower mapping accuracy for within region generalization in Ukraine

Figure 3.6 shows the sunflower crop map for calibration region Ukr2i022. The pixel
based classification method produces homogenous sunflower fields with clear bouRdatiss.
six-crop type map, the model classification accuracy based on ascending + desewding
descending orbits outperformed the model that used ascending orbiFmuke@.7). The F1
score of sunflower and soybean in the ascending orbit was almost 5% and 19% less than ascending
+ descending or descending orbit only. For cereals, maizeapadeed, the behavior was similar
across the three orbits. Overall, thegebre for rapeseed was the highest, followed by cereals and
sunflower, while soybean showed the lowestseare of the major crop classes. The main
confusion for sunflower was witsoybean, with six sunflower samples classified as soybean in

the ascending + descending or descending orbit, and 29 sunflower samples wrongly classified as
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soybean in the ascendhagly orbit. Furthermore, the omission error for sunflower with soybean
reached 12% in the ascending orbit.

For the binary sunflower/nesunflower classification, the model based on descending
orbit outperformed the one based on ascending orbit with a margin of 6% whereas there was no
major difference between the descendengl ascending + descendibgsed modeld~{gure3.8).
Similarly, the norsunflower class showed less variation as compared to sunflower class for

ascending vs descending orbit.
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Figure 3.6: The distribution of the sunflower crop map for witliggion generalization for the
Cherkasy and Kirovograd oblasts for year 2022 (top). The zoomed field level sunflower maps are
also shown here (bottom).
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Figure3.7.Accurcy assessment results showing userds a
and Flscore (F1) for major crop classes for within region generalization for Uk2&22 using
ascending (asc), descending (des) and combined (asc+des) orbits.
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Figure 3.8: Accuracy assessment results for binary sunflower anesanfiower crop class for
within region generalization for Ukrair2022 for different orbits.
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3.5.2. Metrics importance for the calibrated model in Ukraine

The importance of top 15 predictors estimated for the crop type model calibrated for the
Ukraine2022 data are shown kigure3.9. The 15 most important features accounted for 60% of
cumulative importance for the sunflower prediction usingn¥tlel. Our analysis revealed that
overall, the seasonal median composites§S)Lhave the high importance compared to phenology
composites (PP3) Additionally, the descending orbit demonstrated a higher importance
compared to the ascending orbit which was also observed in the classification performance metrics
(Section 4.1 anérigure 3.7 & 3.8). Among the predictors, the VV and VH/VV ratio showed th
best performance to discriminate sunflower from other crop types. Similarly, seasonal metrics
during the flowering stage (S2) exhibited the highest importance followed by the phenological
(P2) stage for both VV and VH/VV in the descending orbit. Notathly,VH demonstrated low

importance during the flowering stage as compared to VH/VV and VV.

Sy
4@' bz‘%/&%/é*z\' bz‘ca/b;‘%/&a%/ bgdc,;/ cau/{b%(;/bq‘%/ %G/b,e‘%/ %o/ba%/
befa/c;\,/ Qq,/ bQ._f:/ c:)\/ %\/ %’5/ (._33/ %\/ %\/ ™/ C::L/ Cg-\/ <1'13/%\/

] .
¥ Al Metrics/Features

6

Feature importance

Figure 3.9: Feature importance of top 15 metrics/features for the model calibrated in Ukraine
2022. Features are named by correspangbolarization, ascending or descending orbit. The

importance of variables is arranged from rosieast important.
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3.5.3. Sunflower mapping accuracy for spatidemporal generalization

Accuracy assessment performed for the generalized model across space and time
demonstrated the potential of this model to accurately map and distinguish sunflower from other
crop types. The OA obtained for all the sites was > 95% except Ukz@R (89%)and USA
(91%) site. The highest OA was observed for Russia, followed by Ukeaib& 2019, Hungary,
and France. Ukrain2020 showed the lowest OA among all sites (OA = 89%). Similarly, Ukraine
2018 and USA showed the highest and lowessdeke, respectely. Overall, UA was high for
all the sides (>85%) except for Hungary (81%) and USA (70%). Similarly, Uke&ia6é had the
lowest PA meaning higbmission error for sunfloweiOverall, UA of sunflower was slightly
worse than PA among the sites with theepton of Russia and Ukrais#020. The low UA for
sunflower in comparison to PA implied a slight overestimation of the sunflowerlpaseld areas.
Overall, the sunflower mapping results were consistent for all regions except USA and Ukraine
2020. In regios where the UA for sunflower was lower compared to PA, confusion mainly arises
with maize in Hungary and Franaehereas it was with soybean in Ukraine and the USA.

The generalized model was able to capture the rectangular mosaics of sunflower fields in
Ukraine, Russia and Hungary, similarly, the irregular shape mosaics of sunflower fields were
captured in Francd-{gure3.10-3.12. The sunflower crop can be mapped in France and Hungary
even without prior knowledge of countspecific practices. Upon visuaomparison of the
sunflower maps obtained for these countries with the Eurocrop map, it was observed that the
resulting maps remained consistent across different landscapes. For the France site, sunflower is
spatially concentrated in the Northern and tBas side around Toulouse, whereas low
concentration of sunflower is observed in the Western and S@atitern regionKigure 3.11).

Similarly, in Hungary, the model was able to accurately capture the diversity of small and large
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parcels of sunflower crog&igure3.12.

When we compared our results with the available field photos obtained from the LUCAS
survey, we observed that for France two out of 22 fields were misclassified in our generalized
maps, where sunflower was mistaken as other crop. Misoal analysis of these fields, it was
observed that the sunflower in these fields was either scattered with very lowfielthidensity
or mixed with other crops/cover crops. This made it difficult for S1 to identify and map the

sunflower crop leadintp the misclassification (refer supplementary file S1).

Table 37: Independent accuracy assessment results for each site based on thierspatial
generalization method. Performance metrics are shown for the binary classification model

(sunflower/norsunflower) and for the sunflower class.

Ukr-2018  Ukr-2019 Ukr-2020 Russia France Hungary USA

OA 0.97 0.95 0.89 0.98 0.95 0.95 0.91
F1 0.94 0.91 0.78 0.94 0.83 0.84 0.77
UA 094 0.91 0.89 0.94 0.82 0.81 0.70
PA 0.95 0.92 0.70 0.93 0.84 0.87 0.90
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Figure 3.10: Sunflower map based on generalized method produced for Hungary site for 2018
(top) and its comparison with the Eurocrop map for two zoomed sites. The red zoomed portion
taken from the northern region (center) dhe yellow zoomed portiotaken from the southern

region (bottom).
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Figure 3.11: Sunflower map based on generalized method produced for France site for 2018 (top)
and its comparison with the Eurocrop map for two zoomed sites. The red zoomed portion taken

from the northern region (center) and tredlow zoomed portion taken from theséern region

(bottom).
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Figure 3.12: Field level sunflower crop map obtained for the generalized method for Mykolaiv,
Ukraine for the year 2018.

3.5.4. Area estimation

The highest planted area of sunflowers was observed in Ukraine, which aligns with crop
statistics (Tabl&.8). The calculated Pearson's correlation coefficiehtwas 0.97 and the slope
between the actual and predicted sunflower crop class was 1.08)steating the generalized
model's accuracy in mapping and estimating sunflower plantedFEigese3.13. However, the
comparison revealed that the sunflower area obtained from our method is overestimated in
Ukraine2019, 2020 and Russia in comparisooffiial agriculture statistics. This overestimation
is expected, as remote sensing studies have consistently demonstrated an overestimation of
satellitebased estimates in comparison to national crop area stdtisiicet al., 2013; Thenkabail

et al., 2009) The method generated estimates similar to those calculated from Euromap, with a
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difference of less than two percentagesHmnce and Hungary. This result is also expected, as

both maps are based on S1 estimates with a similar spatial resolution. Overall, 2Refrend

US showed the highest over and under estimation of the sunflower area from across the sites. The

root meas square error (RMSE) between the plxased map and reference areas was 75.4 tha.

However, the RMSE error reduced to 35.5 tha for the samphlisgd area estimation when

compared to reference area estimates (TaB)e

Table 38: Sampling based sunflower mapped area (in thousands of hectares (thsnd ha)) and its

comparison with the reference area

Reference area Sampling based area

Site Administrative region (in thsnd ha) (in thsnd ha)

Ukraine2018 Mykolaiv 560 55319

Ukraine2019 Mykolaiv 499 527+11

Ukraine-2020 Mykolaiv 513 572+13
Bacskiskun,

Hungary Jasznagykun szolnok 218 205+8
Bekes and Csongrad

France Gers, Hauté&saronne 88 10345

Russia Samara 518 524+11
Stanley, Sully, Huge:

USA and Hyde 83 69+3
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Figure 3.13. Comparison between sunflower area (thousand hectares) by the sabaskty
generalization method €#xis) and reference area-@xis) for each site. Black dots represent the
respective countries/sites. The solid black line represents thédstdit line and dashed black

line as 1:1 line.

3.6. Discussiors
3.6.1.Sunflower directional behavior and classification model performance in Ukraine

The performance of the random forest classifier indicates that temporal metrics can
effectively distinguish sunflowers from other crop types. The improved accuracy observed in the
Sl-derived descending orbit, as compared to the ascending or combinede&sottults, is
attributed to the directional behavior exhibited by sunflowers during the peak flowering stage in
the months of July and Augugtamian et al., 2016; Qadir &t ,a2023,Figure3.14& 3.15)). This
phenomenon is unique to sunflower compared to other summer crops such as maize or soybean
and leads to a better separability of sunflower with S1 data acquired in the descendifggarbit (

3.14& 3.15). The higheimportance of seasonal (S2) and phenological composites (P2/P3/P4) in
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the descending orbit for VV and VH/VV are also attributed to directional behavior in VH/VV and
VV, as well as saturation observed in VH during peak flowet@adir et al., 2023, Fige 3.9.

As the sunfl owerds fl ower d oAngusth it is mcredsinglyi n g
important to acquire temporal images during this phenological stage.

The timing of image acquisitions and the selection of the S1 orbit (ascending or

descending) are crucial for sunflower mapping and discriminating sunflower from other crops.

Based on theroposed model, sunflower can be mapped as early as two months before its harvest,

specifically at the end of the P3/S2 stages (endlugfust) Using S1 images from the ascending

pass only may not be enough to capture the directional behavior of sur(i(@adkr et al., 2023)

This resulted in confusion between soybean and sunflower when only the ascending orbit was

aplied (Figure 3.7 & 3.8). As both sunflower and soybean have a similar plant structure, leaf

spread, and tempor al phenol ogy (until sunf |

misclassification and hence care needs to be taken in regions sschtidakota (USA) where

only S1 descending orbital data is available.
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Figure 3.14: Directional behavior as observed in the sunflower (Helianthus annus) (top) due to
the large flower head facing east permanently in comparison to the maize crop (bottom) over

Ukraine, for descending and ascending pass.
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Figure 3.15: S1 mean backscattering obtained from the VH/VV for the sunflower, soy and maize
crops for ascending orbit (top) and descending orbit (bottom) for the summer 2022 in Ukraine.

Sunflower demonstrates distinct signature during flowering {Bulyust) n des
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3.6.2.Model generalization across space and time

In the present study, the accuracy of generalized methods was validated in cases where
current reference maps were used to calibrate the classifier and apply it to past data. Generalization
for crops is more challenging than for other land cover features srops are dynamic and diverse
and undergo rapid changes over ti(Belgiu et al., 2021; Laborte et al., 2010; Luciano et al.,
2018) The proposed SARased model was able to generalize for sunflower mapping across
diverse regions due to consistent and valid observations owing to its low sgntitivieather
conditions and its interactions with the vegetation structure of the sunflower differently compared
to other crops. Metrics extracted from SAR data for generalizing the model for sunflower mapping
in European sites were robust with minimatiggon resulting in low omission or commission
errors (Table.7).

Our results indicate that the generalized model achieved high performance in Russia
similar to that observed in Ukraine due to availability of the S1 descending orbit only. Furthermore,
sunflower in the Russian site is the dominant summer crop (~ 30% of cropland), has similar crop
growing conditions as in Ukraine, which resulted in low misclassification with other summer
crops. Similarly, France and Hungary showed high performance (>90%)ewshad both
ascending and descending orbits available. However, relatively low accuracy in France and
Hungary compared to Ukraine and Russia is due to sunflower being a minor crop in these regions
(<20% of cropland) and smaller field sizes (some fialdse equal to the mapping resolution used,

i.e., 20 m), compared to the larger field sizes in Ukraine or Russia. These small field sizes resulted
in missing some of the sunflower fields, increasing the proportion of ambiguous mixed pixels, and

hence, the mission error.
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In Ukraine, the low accuracy for the year 2020 (OA = 0.87) compared to 2018 and 2019
(OA > 0.9) was attributed to the drought situation. When sunflower crop was hit with drought or
water logging, they had sagging leaves and flowers reguiltitoss of directional behavior in VV
and VH/VV in descending orbit and hence lower mapping acc@aglir et al., 2023; Surek and
Néador, 2015)Analyzing sunflower crop for drougtlike situation is beyond the sge of this work
and is a topic for further study in future.

The | ow userd6s accuracy observed in the U
soybean and sunflowelFigure 3.16. This misclassification occurred due to the unavailability of
the S1 descending orbit, which resulted in similar signatures for sunflower and soybean.
Additionally, the spatial variability/crop diversity in this site is high with soybean and maize being
the dominant crops and diverse crops are grown in the three seasons (winter, spring and summer)
in contrast to the model calibration sf&ong et al., 2017; Wang et al., 2018he classification
accuracy obtained was also influenced by the low accuracy of the CDLiha$euth Dakota
(~83%), which is one of the lowest among major crops in the US, thus increasing errors due to
omission and commissidnRe i t s ma et aNational Rgfictltbral StatiktiSs[Zérvice
- South DakotaHi st ori ¢ Cr op Pr ogrPeesoss stdied haGosimodn that on, 0
the CDL layer, which served as our reference data, itself is a classification product and likely
contains errors that will be propagated forwgtdo et al., 2020; Skakun et al., 2017; Wang et al.,
2019) Underlying grouneébased observations used to train CDL are not publicly available for
independent use or testing, making independent validation of our results challenging, unlike

Eurocrop map.
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Figure 3.16: Errors associated with the sunflower maps produced by generalized method for USA
site while comparing it with the CDL layer for 2018. The green color represents the agreement

between the generalized and CDL sunflower maps.
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3.6.3.Model error sassociated with SAR based spatitemporal generalization

This study has several limitations due to associated ehnaiss work, we predefined the
crop growing month/crop phenology based on the previously published work and expert
knowledge gained in &éhfield whichmay not hold true across different fields and regiSe¢ecting
these pralefined months as a proxy for phenology™) and seasonal (&3) stages may
introduce errors as they can deviate from the actual field scenario for sowing anstihgrve
sunflower. This was indeed an issue in the selected counties in South Dakota, US where the
temporal window for sowing sunflower varied by more than a month for 2018 (USDA National
Agricultural Statistics Crop Progress and Condition, n.d.). Previadees have also demonstrated
the usefulness of phenolodpased crop characteristics by incorporating metrics such as Growing
Degree Days (GDD), harmonic analysis, or by utilizing fieéded crop BBCH phenology
(Bargiel, 2017; Skakun et al., 2017b; Wang et al., 2019)

In the presence of enough labeled data in the target domain, supervised classification would
outperform our method because im awrk the model was trained using solely the source domain
data and hence lack the diversity of the target domain which may be incorporated by using the
supervised learningRostami et al., 2019)The quality of the classifier also comes from the
precision of the reference dataset on which it was trained. aiménty points were limited due to
location of these points adjacent to the roads. Though collecting field points on the road side is the
most optimum way to train the model, however, statistically, it introduces sampling errors which
directly effects the alidation statistic§Waldner et al., 2019)'his methodilso has challenges in
region where the sunflower crop is damaged due to drought or other environmental factors as
observed in the accuracy and area estimation for the UK2@i2@. Despite these multiple sources

of errors, the classification accuracy @ned high in our study, showing the robustness of the
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classifier to errors on predictors. This method has potential to map sunflower crop especially
during the time when collecting field information is not practically feasible such as demonstrated

duringthe Russian invasion in Ukraine i Usi ng Space to Help Feed th

3.7. Conclusions

The successful mapping of agricultural areas and monitoring the evolution of crops without
field label relies on the classifier's capacityémeralize across both space and time. In this study,
we assessed the potential of SenthebAR time seriefased generalization approach for
sunflower crop mapping. The model was trained in a selected site in Ukraine using the random
forest machine leaing algorithm and generalized across regions and years. To achieve classifier
generalization in both spatial and temporal dimensions, we emphasized the importance of creating
a comprehensive and consistent predictor dataset derived from the monthly asodake
composites based on ascending and descending orbit separately.

The RF classification algorithm demonstrated robustness against predictor @uors.
findings revealed that the model calibrated in Ukraine consistently achieved accuracies exceeding
90% for Europe (France, Hungary and Russia) as compared to US (<80%) due to similar crop
types cultivated and availability of ascending and descending orbits of S1. Based on the predictor
variables, it was observed that the classification accuracy for sunflnapping was influenced
by the directional behavior giving more importance to the VV polarization and VH/VV ratio in
the descending orbit compared to ascending orbit or VH polarization. The majority of errors in the
predicted map for the selected sitesre attributed to neavailability of descending orbit, diverse
crop types rather than issues with the classifier itself. The proposed generalized method can be
effectively applied to other locations and years with access to S1 dataset having botimgscend

and descending orbits, providing a rapid and accurate sunflower map in the absence of field data.
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This proposed approach yields satisfactory results (OA > 85%, F1 > 0.75) for crop
monitoring with minimal cost and resources when compared to traditemate sensing mapping
and has potential in data sparse regiéssthis study only focusses onlfand wavelength, more
studies are needed to link the interaction of summer cropsibant/Xxband. With the launch of
L & S-band NISAR mission, more opporitias will be opened to assess the performance of
different frequency interaction for summer crops across the globe. Future work will concern the
following: i) expanding the method to southern hemisphere and see the performance of the model
in different ago-ecological regions; ii) test the use of phenological predi¢Weng et al., 2019;

Zhong et al., 2016, 2014)
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Chapter 4. Estimation of sunflower planted areas in Ukraine during fultscale

Russian invasion: Insights fromSentinell SAR data
The presented material has been submitte@adir, A., Skakun, S., Kussul, N., Sherestov, A., Becker

Reshef, I., 2023. Estimation of sunflower planted areas in Ukraine duringchltt Russian invasion:

Insights from Sentinel SAR data. ScRemote Sens

4.1. Abstract

Data limitations and attributability issues due to thedalile Russian invasion of Ukraine
in February 2022 presents continuing challenges in assessing production of major commodity
crops in Ukraine. Ufto-date satellite imagery provides evidence ofidaghanges in cropland
within temporary occupied territories (TOT) b
producer and exporter of sunflower and, therefore, monitoring, and quantifying changes in areas
and production is extremely importai¥e usel Sentiné-1 (S1) synthetic aperture radaBAR)
images to quantifychanges in sunfloweplanted areas in Ukraine during 262022 We
developed an operational workflow and produced the first availabie &solution sunflower
maps over Ukraine. Weegtleloped a SARased generalized approach for sunflower mapping
using a previously developed phenological metric and estimated sunflower planted areas and
corresponding changes in 2021 and 2022 using a sdrapksl approach. Sunflower area was
estimated a?.10+0.45 million hectares (Mhah 2021which was further reduced &75+0.45
Mha in 2022 That represents#odecreasé 2022 compared to 202Ihat reduction was mainly
observed in the Russiatcupied regions while we did not find significant ches@h sunflower
areas in Ukrainiaicontrolled areas. In addition to traditional sunflower producing regions in the
south and soutkast of Ukraine we found new sunflower emerging hotspots along the south
central and nortleastern region®verall,thedecease in sunfloweplantedarea was less severe

than previously expected an@ported in medidor the entire UkraineThis studydemonstrates
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the utility of Earth observation data, namégntinell/SAR, for monitoring sunflower cultivation

areas irregions where ground access is not possible or feasible due to the armed conflict.

4.2. Introduction

The Russiarfull-scaleinvasion of Ukraine which began on February 24th, 2023
resulted in aignificant number of casualties with millions of peopkpthced and strandédbay
et al., 2022a; Ben Hassen and El Bilali, 2022; Deininger et al., 2023; Lin et al., 2023; Skakun et
al., 2022) The conflict has also caused massive economic losses, impacted agricultural production,
and raised concerns about regional glubal food security. The agriculture sector is critical to
Ukrainebds econoy% ahdt kb grostdoniesiigonode@&(&©DP) and more
than20% of exports and 5% of employmeiiefore the2022 fullscale invasiorfGlauben et al.,
2022; Lissitsa and Odening, 2005; Shahini et al., 20@Ren Ukrainés role as a major exporter
of wheat, maize, and sunflower oil, the geostrategic importance of the agricultural sector has been
emphasized by the significant increase in grain and oil prices following the startiofdas®sn
Theinvasionis expected toantinue to havefar eachi ng ef fects on Ukrai
and erode global food securitytcomegqCarriquiry et al., 2022; Glauben et al., 2022)

To estimate crop production, one has to be able to estimate planted avpaso@itoring
and field surveybased crop area estimation during waraomed conflict are fraught with
challenges related to security, access, data quality, and the dynamic nature ofaftedliet
environmentsAfter the Russiariull-scaleinvasion, most of therop estimatementioned in the
news were generally based on gowveent reports and sample interviews which were indicative
rather than absolui®eininge et al., 2023FAO, 201§. Given theinherent risks associated with
conducting field surveys in conflict zones, Earth observation satalfitesa unique and direct

source of granular, iseason data for monitoring changes in agricultural landildand et al.,

97



2017; Li et al ., 2022a; Wi t me r. A satetliteb&édL o u g h |
classification of land use could greatly improve these assessments to gain more reliable crop
estimates including potential damages to the agriculture located invlsionaffected areas
which produce around0% of the total agricult@l outputin Ukraine Previously, satellitdbased
remote sensing has proveo be a criticalmeansin evaluating the socieconomic and
environmental impacts abnflictsin several countriescludingSudan, Bosnia and Herzegovina,
the Democratic Repuldliof the Congo, Syria, and Yem@Xcantara et al., 2012012; Eklund et
al., 2017; Estel et al., 2015; Eun and Skakun, 2022; Levin et al., 2018; Mdller et al., 2016; Richard
Gibson et al., 2012; Skakun et al., 2019Hpwever, it is worth noting that all of these studies
were primarily focused on either Mide or infrared portion of electromagnetic (EM) spectrum.
The potential of synthetic aperture radar (SAR) satellites, operating within the microwave range
of theEM spectrum, remains relatively unexplof@taby et al., 1983, 1984; VWadhouse, 2017)
SAR data holds a distinct advantage over opticallaftdredEM spectrundue to its aliweather
capabilities, which can be invaluable in providing rapid assessments atatogluring wartime
especially during cloudy/rainy condition®ondal et al., 2022; Qadir and Mondal, 2020)
Recently satellitebased research wecenducted focusing on grain crops such as wheat as they
are important for decreasing tfeod security risKAbay et al., P22b; Ben Hassen and El Bilali,
2022; Ma et al., 2022; Serhii et al., 2022; Shahini et al., 202@)ever, to our knowledge, no
studies are being conducted focusing on the oilseed crop of sunflower, which is the largest grown
industrial cropn Ukraine

Therefore, lhe primary objective of this study is éstimate sunflower planted areas and
corresponding changes in Ukraine during Russiansfidle invasion of 2022 and understand

spatial patterns of those changlsalyzing changes in sunflower areaeafRussianinvasionis
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extremely critical because this croprovides the highest profitability to Ukrainian farmers.
Furthermore, sunflower production has a significant impact on soil degradation due to violation of

crop rotation policie$Kussul et al., 2022b; Shumilo et al., 2021)

4.3. Study areaand datasets
4.31. Study area

The area encompassing Ukraine (283A84°N, 35.2D49.14°E) is characterized by
mountains in the west and is surrounded by sea in the south. The majority of Ukraine is comprised
of plains with numerous highlands and lowlantifas a total area approximately6O Mha with
a cropland area &0 Mha, and is composed of 24 oblasts and the Autonomous Republic of Crimea
(Skakun et al., 2019b, 2017Hs much agwo-thirds of the countds land surface consists of
bl ack eart ho aresouice that has made URiGine one of the most fertile regions in
the world renowned as thib r e ad b as k et Winter cropssuchvaswhdatd lgarley,
rapeseedaccount ér 35% of all planted crops; summer crops constitute approximately 50%;
whereas remaining are dominant by the spring crops.

Sunflower comprises almost 40% of summer cnafib Ukraine leading the global market
share as the largest producer and exporter of sunflddnitiel States Department of Agriculture,
2021 Oil World, 2022) Sunflower production in Ukraine is distributed throughout the country
with major production regions located in Easte8outhCentraland Southern Ukraine. There is
aninterest in mapping the sunflower crop to estimate sunflower area and subsequesid ahaly
crop rotation violation and sunflower yield predictigfranch et al., 2015; Gallego et al., 2014b;

Skakun et al., 2017a)
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4.32. Ukraine boundary

In this study we utilized the Ukrainian boundanmevidedby the Global Administrative
Unit Layers (GAUL) (Figure 4.1). GAUL compiles and disseminates the best available
information on administrative units for all countries in the world contributing to the standardization
of the spatial dataset representing administrative units. In addition to the national boundary (Level
0), we also consideramblasts(Level-1) asthe first administrative division, amdionsor districts
(Level2) asthe second administrative division of Ukraine.

A map depicting the spatial extent of the area temporarily occupied by Russia within
Ukrainewasobtained from the Institute for the Study of War (ISiMstitute for the Study of
War, 2022). The map represents the situation &epfembeR022and incluegsareas occupied
by Russia since 2014€(imea,parts ofLuhansk, and Donet3kSkakun et al., 2019@nd newly
occupied regions during the 2022 fattale.In this analysiswe designate the regions currently
experiencing active fighting anamporahyOcsupiedt e mpor

Territorie®(TOT)and rest of Ukr ai ne aantrolidd tereiteried(BQTa i ne 6
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Figure 4.1: Study area including the Ukrainian controlled territory (UCT) and temporary occupied
territory (TOT) by Russia as of September 2022 (Boundary Source: Institute for the Study of War).
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4.33. Sunflower crop cycle

Sunflower isa short duration summer crop with a crop cycle 6190 days. It is a highly
profitable industrial crop mainly grown for extracting oil and exporting sunflower $8etislev,
2020; USDA 2021)The sunflower is typically rotated with wheat and other semenops such
as corn.In Ukraine, the sunflower crop calendar and practices are similar to those of Western
Europe.The typical sowing and harvesting dates for sunflower follow approximately the same
calendarin Ukraine with planting occurring in ApriMay and harvesting taking place in
September/OctobeBunflower crops in Ukraine are mainly rded, with only a small portion

being irrigated in parts of the southern regions.

4.34. Sentinell satellite data

In this study, wautilized the 5.65 cm waveletigC-Band S1/SAR instrumentVe selected
S1 data acquisition in Interferometric Wave (IW) mode which transmitarmb crosgpolarized
microwave signals in the vertical and horizontal planes creating a VV and VH polarizes)] band
respectively(Mondal et al.2020b; Qadir and Mondal, 2020; Torres et al., 20TBg S1 satellite
has a temporal revisit time of 12 days in a f@alar, sursynchronous orbit. The $A and S1B
share the same orbital plane with al@bital phase difference and the revisit frequency reduced
to six days on combining the two S1 satellites at the equetoithe study period of 2022, &l
was unavailable due to power issue and hence the revisit frequency again reduced toTtizdays.
dataset selected was in Ground Range Detected (S1_GRD}ligveprocessed in Google Earth
Engine (GEE) using the S1 toolbf&orelick et al., 2017b; Qadir and Mondal, 20Z)e selected
dataset was prprocessedvith the following steps (Qadir et al., 2023 b):r@moval of thermal
noise, (ii) terrain correction usinghe SRTM 30m Digital Elevation Model (DEM), ar{di)

radiometric calibratioto backscatter coefficient
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4.4. Methodology

The overall flowchart of the proposed methods is showigare 42. Our methodfor
sunflower mappingvas prototypedor a site inUkraine and testedt selected sites in Hungary,
France, US and Russ{®adir et al., 2023a & b)Here we advance the method through its
application for the entire Ukraine using Sentitk3AR dataand then estimating sunflower areas
using a sampkbdasedapproach{Olofsson et al., 2014bYhe overall method consists of five major
modules: (1field surveyto obtain calibration and validation daf2) developingRandom Forest
(RF)based modalsing S1 satellite daté3) generalization of the model across space and time for

sunflower classification(4) samplebased crop arezhangeestimation; (5) crop map evaluation.

e e = = = = = = = = = = = = = = = = = = = = —— ——— — — =

Calibration data

Metrics / F_eature | RF ba_sed model | Mo_del_ . Sunflower map
Extraction calibration generalization for 2021 & 2022

Multitemporal
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Sunflower
mapping

Accuracy ;ssessment — Visual — Sample — Stratified random

mterpretation points sampling

t
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S2 + Google earth

Sunflower
change map
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Sunflower area
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Figure 4.2: An overview of the workflow for sampling based sunflower mapping and crop area

estimation.

44.1. Field survey data for model calibration and validation

Reference dataset for sunflower and other crops were colldaotet field surveysin
Juneduly2022 bythdNat i onal Techni cal University of Ukr
| nst (Figwe48)oThesurveys were designed to gather training and validation samples for

the crop mapping model, and the ceopl other land coveypes and their locations were recorded
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using a GPSnabled mobile devic&his time window was chosen because sunflower plant is the
Ukraine typically reach reproductive stage with maximum canopy cover and hence it becomes
easy to diferentiate from other summer crops. Also, the winter crops are either harvested or ready
to harvest and hence showing low influence on summer crops detection both on the field and while
visually interpreting satellite image®Ve ensured that the trainincatdset encompassed the
diversity of all crop types and was w#lilstributed over the study site. The samples were overlaid
onto highresolution Google Earth imagery, and the corresponding fields were digitized to generate
vector field boundary polygons. Tavoid boundary contamination, an infmffer of 10m was
applied. For Ukraine, atotal of 10,875 polygons (82,890 ha)were obtainedof which 1,190
polygonsrepresented sunflower$4,139ha), 4,382 polygons represented raumflower cropland
(45,701 ha)and the remaining polygons represented theanopland.

We selected the dataset from the two oblagtSherkasy and Kirovohrad for training our
model (Figire4.3). We selected these two oblasts as they are centrally located in the transition of
forest seppe to steppe agerological regions of Ukraine and hence they capture the diversity of
sunflower landscapes in Ukrain&.total of 1,700 polygons (12,428 ha) wesgecteddf which

365 represented sunflowers (3,320 to)model calibration and validain.
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Figure 4.3: Field data collection for sunflower crop mapping in Ukraine. The field survey
comprised of sunflower, nesunflower crops and necropland samples. The bottom figure
demonstrates the Cherkasy and Kirovohrad oblasts where field surveyatatesed for maal
calibration and validation. Nearopland areas included both field visits as well as

photointerpretation of satellite imagery.
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4.4.2. SAR based model for sunflower mapping

The methodology for sunflower mapping is based on Qadir et al., 2023a & b.\v&@mflo
demonstrates directional behavior during peak flowering and due to which it demonstrates
different in backscattering for the ascending and descending orbit for VV polarization and VH/VV
polarization ratio in Sentin€l time series data. This directidrehavior is unique to sunflower
in comparison to other summer crops and is helps in mapping and segregating sunflower from
other summer crops by implementing a machine learning model.

Within the first step, we calibrateand validatedhe model using Shased metrics and a
Random ForeqiRF) modelbased on the field work conducted attilve oblasts of Cherkasy and
Kirovohrad The sunflower calibration was performed by incorporatingWRi-temporal metrics
based on sunflower growth stages derived from S1 satellite data, capturing sunflower phenology
characteristicsThe dataset acquired from the ascending and descending orbits were considered
separately instead of combining to efficigntapture the directional behavior observed in
sunflower.

Monthly composite metrics were calculated for the main growing months, and seasonal
composites were generated for different seasotie model development sid@e have used the
RF model as it iknown for its ability to handle nelinear relationshipbetween the selected class
and the input features in SARages/metricgMellor et al., 2013; Pelletier et al., 201&F has
shown its potential focrop mapping across various landscapé® classifier was parameterized
with 200 trees, 2 variables per split, 10 pixels per minimum leaf population, aigdfi@tizon of

0.5 based on preliminary analysis.
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4.4.3. Generalization of the model across space and time for sunflower mapping

Next, we generalizkthe calibrated model fahe entire Ukraine for the year 2022 and
2021.The homogenous pixels of 20m x 20vere randomly selected from the field polygons for
model trainingA two-phase classification procedure was implemeftedd Andr i mont et a
The first step involved classifying éhcropland into six crop types: sunflower, maize, cereals,
rapeseed, styeanand other cropduring the second step, the nsanflower crop classes were
grouped into a single class. The random forest model using S1 metrics was calibrated and trained
to ma@ sunflower, norsunflower and nowropland classes.

As our primary interest was in the sunflower class, we converted the generalized model
crop classes into binarsunflower, norsunflowerclasses by grouping all neunflower crop
classes into a singldass.To avoid any misclassificationf cropland classvith other land cover
types, we masked oatl other land cover classes usthg Dynamic World (DW) land cover map
for that corresponding year and regi@rown et al., 2022)We also filtered out isolated pixels

and reprojected the sunflower crop map to the Albers equal area projection farfartalysis.

4.4.4. Sunflower map validation and change area estimation

Experimental design to estimatamplebased crop arsaf sunflower change followed
well-established recommended practi¢@ofsson et al., 2014a; Stehman, 20Id)e goal of
samplebased crop area estimation was to derive unbiasesl and uncertainty estimate at the
national scale fosunflower cropThe sunflower classified maps based on the model developed
andgeneralized across Ukraine (sectidn42 & 4.4.3) was used to classify the territory within
Ukraine into sunflower, nesunflower cropland and nesropland for 2021 and 202Phese maps
were used to generate a change detection madiwetb | a s s blsrmonsiuShtfd ower cr opl

(nonsunfl ower areas in both 2021 and 2022), i St
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and 2022), Asu-stbhbivewegai no208a@anand sunfl ower
(sunflower in 2021 and nesunflower in 2@2)andii St a b-uaflowmemonc r oplmm d o (
cropland areas in both 2021 and 202%¢ used those classes as strata within a stratified random
sampling design with 20 x 20%pixels serving as sampling uni&e number of samples)(was

estimated usig the following equatio(Olofsson et al., 2014)

Bw"Y Bw"Y Fl

Y Py Bawy Y0

whereN is thepopulation size)Y0 i s ttalrsgteatndar d error of the esti

& is the mapped proportion sfratum ¢lasy Qand"Y 7Y p Y is the standard deviation
of stratumQithUibei ng t he expect ed(Cochran;1®d accuracy of
For this study, the resulting sample size
(sf=sunflower), fAsf ins@gAPlowed)nsfinsh RA2202
were each represented by 200 samples, and the remaining two stratepresented by 100
samples eac{Figure 4.4) Each samplenit (20 x 20 m? pixel) was labeledy two analysts
usingphotointerpretation of muliemporal SAR compositdSentinell, S1), optical false color
composites (Sentingl, S2),very high spatialesolution (VHR)Google Earth imagery
complementedhroughfield visit dataset. An example of pheit@erpretation to identify
sunflower, norsunflower and nowropland region is given ifFigure 4.5)
To identify sunflower fields in the S1 false color cargpes (FCC)the median
compositesn the descending orbitere assigned the primary colors of red, green, and blue
(Qadir et al., 2023)The first band (V: MarchMay) was assigned red, the second band (VV:
JuneAugust) was assigned green, and the thadd (W: MarchMay) was assigned blue.

Sunflower has high backscattering in YMuneAugust)compared to other summer crops, this
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results in an overall dominance of greenish tones, representing summer crops, with sunflower
fields appearing as bright gree®imilarly, other summer crops are represented as-glaaén
tone (dark cyan) (Figre4.5e, blue circle). For S2, we have takennrmnthly median composites
for March-April, May-June, JulyAugust respectively. The S2 FCC of the Ma#gbril
composite is dminant by the winter crops, Majune is dominant by both winter and spring
crops and JubAugust by the summer crops including sunflower and give reddish tone in each
median composite according to their dominance and hence assist in identifying thedcroplan
Similarly, noncropland represents urban, water, wasteland and forest/plantation and are easy to
identify in S1, S2 and highesolution imagery due to its nalynamic character.

In the endegach sampled pixebas interpreted asunflower, norsunflower, and non
cropland clasandsubsequently employed to generate a confusion matterms of area
proportiongOlofsson et al., 2014ndsubsequently estimate areas and accuracy values along

with corresponding uncertainties

| Oblast boundary
sf2021-sf2022

® s$f2021-nsf2022 o

@ nsf2021-sf2022 ety
stable nsf cropland 0 250 500

@ stable nsf non-cropland  E————————————— kKM

Figure 4.4: Location of 800 reference samples, which were used to estimate areas of sunflower
cropland changes. The samples were distributed along five strata: (1) sunflower 2021 & sunflower
2022, (2) sunflower 2021 & nesunflower 2022(3) nonsunflower 2021 & suitower 2022, (4)

stable norsunflower cropland and (5) stable rsunflower norcropland.
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‘ sf2021-s£2022 .sf2021-nsf2022 nsf2021-sf2022 * stable nsf cropland stable nsf non-cropland

Figure 4.5: The S1 and S2 false color median composite for visual interpretation of five stratas
represented by circle and star for 202-tYand 2022 (¢n). The S1 FCC VV composites is
represented by Red: Mardhay, Green: JuiAug, Blue: MarchMay in (a) and (e)The S2 FCC
composites is represented Rgd:NIR, Green: Red, Blugsreenin (b-d) for 2021 and () for
2022.For S2, bimonthly median composites are generated for Maatl (b & f), May-June (c

& g), July-August (d & h), respectively.

4.4.5. Ancillary data on sunflower area statistics

We comparedour sunflower area estimates for 2021 and 2028 the official and the
United States Department of Agricultut@SDA) Foreign Agricultural Services (FAS]atstics.
We collected the official agridtwral statistics from the State Statistics Service of Ukraine (SSSU)
website https://www.ukrstat.gov.up/ This dataset was compiled by oblast bureau of statistics
with crop information including planted and harvested area, yield and production ofcnuggsr

We also compared the sunflower area estimates at the oblast scale using-basethpstimates

and official statistics. Note that the reported area at the oblast scale is planted area rather than the
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harvested area at the national scale. For tinflosver crop, statistics for all the oblasts were
available except the Russtaccupied Crimea. Quantitative analyses were conducted by

calculating thecoefficient of determinatior?, andthe rootmeansquae error(RMSE).

4.4.6. Sunflower hotspotsanalysis

Hotspot analysis is a spatial analysis and mapping technique that identifies and quantifies
statistically significant spatial clusters of higbhncentrationhot spots) and lowconcentration
(cold spots)The two most common approaches in spati@lysisardor anés | ndex ( Mo
andGetisOrd Gi* (Anselin, 1995; Getis and Ord, 2010; Ord and Getis, 199t local Morais
| has the ability to identify local clusterikamusoko et al., 2014f he | oc al Mor anods

associated with thi&" observed data point is given by

a o .
Y Ay a o '8

where) is the local Morads | coefficient,® is the value of feature docationi, dlis the Bature
mean is the value at all other locatiossch thaji i, and, is the variance of. A high positive
value of Moran's | indicates presence of spatial clustera high negative value shows the
presencef spatial outliers
Local Mstatistiondéssribdd cannot discriminate between hot spots (i.e-higlgh
clustering) and cold spots (lelow clustering). The Geti®©rd Gi* is a local statistel measure
that can distinguish between hot and cold sdte GetisOrd Gi* statistics is usd in conjunction
with the Morands | t ©heG stdtistic®gresantd thesvplaetofiasatgetp at t
feature in the form af-score Consider an area subdivided ilN@egionsn=1,2,é N, where each
region has acentroid with x and y coordinates in a Cartesian plane. We observe data

& h h i BB 8 whered is associated with thé region. The Geti©rd local statistic is given
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by (Getis and Ord, 2010)

B
B ’

O 1§0)

wherev is the spatial weight between observatipasdj. Usually,0 is binary witho ph
if observationg arewithin a threshold distanadof observatiorl, and 0 otherwiseBecausehe
denominator is constant in E8, a higher value of the set of observationgor whicho >0
correspond to higher values ‘@. Positive values with higherscore values indicate clustering
of high values (hot spots) and negative values with I@avgeore values indicate clustering of low
values (cold spotg)Getis and Ord, 2010)

In the end, we identified the hotspots of sunflower by aggregating the sunflower area within
the district/raion polygons for 2021 and comparing it with 2022. Then, comput ed t he
| and GetisOrd Gi for each polygon to identify statistically significant hotspots and cold spots

and outliers.

45. Results
4.5.1.Sunflower area estimation and accuracy assessment

We estimatedsunflower plantedarea in Ukraineat 7.10+0.45 million ha (Mha) and
6.75+0.45Mha in 2021 and 2022, respectiveRidqure 4.9 (Uncertainties are expressasia 95%
confidence interval We estimated decrease @.355 Mha, or 5%,0f sunflower area for the year
2022 compared to 202Majority of this decrease 0.348ha, or 29%, was estimated in the
Russiaroccupied regions, while we did not find any substantial changes in Ukraiomdrolled
areas. Our sunflower area estimates for 2021 corresponded to the USDA FAS estimates (7.10 Mha

were 0.438 Mha, or 6.5%, higher than official statistics (6.67 Mha). There are two major reasons
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for that: First, official statistics does not account for regions occupied since 2014 (Crimea and
parts of Donetsk and Luhansk oblasts); second, farmersrapdé actual planted sunflower areas
(Sobolev, 202

For 2022, official statistics was only available for Ukraintamtrolled areas, while USDA
FAS was provided for the entire Ukraine though without accounting planted areas in the-Russian
controlled teritories. Our sunflower area estimates for 2022 were the only ones, to the best of our
knowledge, covering the entire Ukraine as well as characterized by the occupation status.

We also estimated areas of the cropland fields that were planted sunflok#o-back in
2021 and 2022 at ®14+0.072 Mha which represents approximately 9% to the total sunflower
area.PeResol uti on of the Cabinet of Ministers of
of standards for optimal balance of crop types in cotgtion in different natural and agricultural
r e gi, thea gpimal sunflower rotation is 7 yedrmeaning that sunflower is advised to be
planted on the same fields once peyear cycle. Unfortunately, these rules are not always
followed as demonstratedy our findings and previous researdfiléccia et al., 2014), and
ultimately can have negative impact on yields and production of céBsilsinger et al., 2023;

Kussul et al., 2022d)
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Figure 4.6. Samplebased sunflower area estimation based on S1 data and its comparison with
SSSU and USDA statistics for 2021 and 2022 in Ukraine. Our estimates are provided for the entire
Ukraine as well as Ukrainiacontrolled and Russiacontrolledterritories a®f September 2022.

Table 4.1 shows confusion matrix in terms of area proportions for the entire Ukraine along
withperc | ass performance metrics: producer 6s accl
perclass PA/UA values were close or higher th@fXhat allowed us to achieve high precision
in sunflower area estimates as well as change areas. For example, coefficient of variation was 3.2%
and 3.4% for area estimates in 2021 and 2022, respectively.

Sunflower areain Ukraine are mainly distributed n the fertile breadbasket region of
central, southern and sowgfastern Ukrain¢Figure 4.7 & 4.8. Low concentration of sunflower
fields was observed in the Western Ukraiike sunflower area derived from the uncalibrated
map through pixel counting was18 Mha and 7.02 Mha for 2021 and 2022, respectively. These
estimates based on pixel counting were @atimated by approximately 3% and 4%, respectively,
when compared to the samytlased estimate3he three oblasts with the largest sunflower area
(in 2021) were Dnipropetrovsk, Kharkiv and Kirovohradthereas for 2022 Dnipropetrovsk

remained the largest followed by Kirovohr@eigure 4.7 & 4.8. Thelowest sunflower area was

113



observed in the western Ukraine d@hdregion surroundingyiv city and Zakarpattia oblast.

Table 4.1 Confusion matrix of the sunflower classification maps (cell entries represent proportion
of area). Reference data was obtained by stratification of sunflower change area map and visual
interpretation of satellite iagery combined with field survey dataset.

Reference
sf202:  sf202% nsf202%t  stable nsf stable nsf
Class sf2022  nsf2022  sf2022 cropland noncropland UA PA
sf202%sf2022  0.0097  0.0007 0.0005 0.0002 0.0000 0.88 0.%
sf202tnsf2022 0.0006 0.1041 0.0000 0.0061 0.0000 0.94 0.96
nsf2021sf2022 0.0000 0.0000 0.0984 0.0058 0.0016 0.93 0.96
stable nsf
cropland 0.0000 0.0033 0.0033 0.3079 0.0131 0.94 0.%
= stable nsf non
= cropland 0.0000 0.0000 0.0000 0.0044 0.4404 0.99 0.97
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Figure 4.7: Sunflower classification map for Ukraine for 2021 with zoomed selected areas. The
bottom most map (yellow box) shows the area of active fighting region with frontline (shown in

pink) in 2022. The highesolution background image sourE&SRI/Earthstar Gepaphics.
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