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The effectiveness of remote sensing-based supervised classification models in crop type mapping 

and area estimation is contingent upon the availability of sufficient and high-quality calibration or 

training data. The current challenge lies in the absence of field-level crop labels, impeding the 

advancement of training supervised classification models. To address the needs of operational crop 

monitoring there is a pressing demand for the development of generalized classification models 

applicable for various agricultural areas and across different years, even in the absence of 

calibration data. This dissertation aims to explore the potential of the C-band Sentinel-1 Synthetic 

Aperture Radar (SAR) capabilities for building generalized crop type models with a specific focus 

on identifying and monitoring sunflower crop in Eastern Europe. Globally, the sunflower ranks as 

the fourth most important oilseed crop and stands out as the most profitable and economically 

significant oilseed crop. It is extensively cultivated for the production of vegetable oil, biodiesel, 

and animal feed with Ukraine and Russia as the largest producer and exporter in the world. In the 

first step, this study explores the interaction of Sentinel-1 (S1) SAR signal with sunflower to 

identify and monitor phenological stages of sunflower. The analysis examines SAR backscattering 



coefficients and polarizations in Vertical-Horizontal (VH), Vertical-Vertical (VV) and VH/VV 

ratio, highlighting differences between ascending and descending orbits due to sunflower 

directional behavior caused by heliotropism. Based on the unique SAR-based signature of 

sunflower the study introduces a generalized model for sunflower identification and mapping 

which is applicable across time and space. It was observed that the model based on features 

acquired from S1-based descending orbits outperforms the one based on ascending orbit because 

of the sunflowerôs directional behavior: userôs accuracy (UA) of 96%, producerôs accuracy (PA) 

of 97% and F-score of 97% (descending) compared to UA of 90%, PA of 89% and F-score of 90% 

(ascending). This model was generalized and validated for selected sites in Ukraine, France, 

Hungary, Russia and USA. When the model is generalized to other years and regions it yields an 

F-score of > 77% for all cases, with F-score being the highest (>91%) for Mykolaiv region in 

Ukraine. The generalized approach to map sunflower was applied to assess the impact of the 

Russian full-scale invasion of Ukraine on national sunflower planted areas. The sunflower planted 

areas and corresponding changes in 2021 and 2022 were estimated using a sample-based approach 

for area estimation. Sunflower area was estimated at 7.10±0.45 million hectares (Mha) in 2021 

which was further reduced to 6.75±0.45 Mha in 2022 representing a 5% decrease. The findings 

suggest spatial shifts in sunflower cultivation after the Russian invasion from southern/south-

eastern Ukraine under Russian controlled to south-central region under Ukrainian control. The first 

objective of this dissertation highlights the difference of ascending and descending S1 orbits for 

sunflower monitoring due to its directional behavior, an aspect not fully researched and 

documented previously. The implemented generalized approach based on sunflower phenology 

proves to be an accurate and space-time generalized classifier, reducing time, cost and resources 

for operational sunflower mapping for large areas. Also, the disparity between sample-based area 



estimates and SAR-based mapped areas caused due to speckle were substantially reduced 

emphasizing the role of S1/SAR in global food security monitoring. 
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Chapter 1. Introduction  

1.1. Background of the research 

1.1.1. 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 soar by 70% particularly in developing nations, necessitating proactive 

measures to enhance global agriculture yields (Pérez-Hoyos et al., 2017; FAO 2017; van der 

Mensbrugghe et al., 2009). This growing demand underscores the crucial importance of meticulous 

monitoring of agricultural operations, especially in regions facing persistent food security 

challenges. Key efforts 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 policies and 

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 but also at the level of individual field plots. 

Historically, global data on crop types, collected through resource-intensive field surveys and 

censuses, such as those conducted by the United States Department of Agricultureôs (USDA) 

National Agricultural Statistics Service (NASS) and Farm Service Agency (FSA) face limitations 

like infrequent updates, limited coverage, and biases from imperfect human recall (Fritz et al., 

2019). In response, researchers leverage readily available satellite data to enhance surveys and 

reduce the workload by creating cost-effective crop type maps, utilizing characteristics derived 

from remotely sensed variations in vegetation and surface attributes over time (Becker-Reshef et 

al., 2020, 2010; Carletto et al., 2015; Waldner et al., 2015; Alyssa K Whitcraft et al., 2015; 

Whitcraft et al., 2019). 
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1.1.2. Overview of crop monitoring techniques using optical and SAR remote sensing 

Remote sensing has emerged as a valuable tool in numerous research endeavors for 

mapping and monitoring agriculture. 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 1972 (MacDonald et al., 1975; Wulder et al., 2019). Current methodologies for 

estimating crop planting areas, monitoring growth, and predicting yields rely heavily on moderate 

to high-resolution optical satellite data, such as Landsat and Sentinel-2, largely due to their open 

and free access. Advancements have also been made through the development of new products in 

the form of the NASA Harmonized Landsat and Sentinel-2 (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., 2023). However, the frequent cloud cover obscuring 

around two-thirds of the Earth's surface throughout the year poses a significant limitation in 

fulfilling the requirements of operational crop monitoring. 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 serves as an 

alternative source for crop monitoring and offers the following distinctive characteristics and 

advantages: 

1) SAR, as an active remote sensing technique, enables continuous data collection, acquiring 

cloud-free images in all weather and operates effectively at night. 

2) SAR is sensitive to both dielectric and geometric properties of plants and can retrieves 

information beneath vegetation canopies depending on the frequency used. 

3) SAR remote sensing leverages a range of imaging parameters, including incident angles and 
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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 sensing. Each SAR wavelength and polarization interacts differently 

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 vegetation.  For example, the 

X-band due to its short wavelength, interacts with the top features of plant canopy including the 

flower, leaves whereas the L-band due to its longer wavelength interacts with the plant leaves, 

stem and the trunk. Similarly, different polarizations interact differently with plant canopy. 

Similarly, the interaction of VV and VH polarization with crops can provide valuable information 

about the structure and composition of the crop under study.  

SAR data have garnered recognition in crop monitoring due to their unique attributes and 

sensitivity to the geometric and dielectric properties of vegetation (Steele-Dunne et al., 2017; 

Ulaby et al., 1984). Numerous studies have been conducted to extract these biophysical parameters 

from SAR data (Ulaby et al., 2014). Prior investigations have explored the correlations between 

phenological stages and polarization characteristics derived from SAR data (Hosseini and 

McNairn, 2017; Lampropoulos et al., 2015; Wiseman et al., 2014). Research has also explored 

crop temporal trajectories through studies conducted at various frequencies and incidence angles, 

relying on electromagnetic modeling and/or experimental data (Chiu and Sarabandi, 2000; 

McNairn et al., 2014; Picard et al., 2003; Wiseman et al., 2014). Studies conducted by Inoue et al. 

(2014) and Macelloni et al. (2001) have shed light on the relationship between backscatter 

coefficients and factors such as leaf area index (LAI) and biomass. Similarly, Schlund and Erasmi 

(2020) have elucidated the correlation between backscatter coefficients and specific phenological 

stages. In the past decade, a substantial portion of research efforts dedicated to estimating 
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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 biophysical parameters. However, the utilization of SAR data in operational 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 agricultural monitoring relies on remote sensing data characterized by frequent 

revisits and extensive spatial coverage. In this regard, the C-band Sentinel-1 SAR constellation 

provides global high-resolution (5m x 20m resolution, 10m pixel spacing) for interferometric 

wide-swath (IW) mode with 12-days repeat cycle for one Sentinel-1 satellite (6-days when S1 and 

S2 combined at the equator) (Geudtner et al., 2021; Panetti et al., 2014; Torres et al., 2017). Recent 

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 Sentinel-1 data, to crop dynamics during 

crucial phenological stages (Nguyen et al., 2016; Veloso et al., 2017). 

1.1.3. Classification and generalization approach for crop mapping 

The pivotal role of remote sensing in mapping and monitoring agriculture is well-

documented. Various methods exist for the automated classification of agricultural regions using 

remotely sensed images including the application of object-based approaches to high-resolution 

image time-series (Löw et al., 2015; Luciano et al., 2018; Peña and Brenning, 2015; Vieira et al., 

2012). These methods, often flexible across different sensors, utilize spectral and textural indices 

as predictive variables and incorporate high-level nonparametric machine learning classification 

algorithms (Lu and Weng, 2007). The 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. 
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Supervised classification algorithms establish a connection between predictor datasets and 

agriculture classes through calibration using training data (Thenkabail and Wu, 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 changes. Recent 

studies address this challenge by exploring strategies such as classifier generalizations, employing 

reference datasets from one year to train algorithms and applying them to subsequent years for 

consistent, resource-efficient, and repeated monitoring (Gong et al., 2019; Hao et al., 2020; 

Luciano et al., 2018; Zhang et al., 2021). The generalization approach encompasses temporal, 

spatial, and/or sensor-based domains. Temporal generalization involves using training data from a 

specific period to calibrate a classifier for use in another period. Spatial generalization requires 

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 classification methodologies presents advantages, 

requiring less time and effort for training data collection than conventional methods and also 

facilitates the monitoring of large areas. Previous research highlights the success of generalized 

classification models in applications such as forest monitoring, sugarcane monitoring, automated 

rice mapping, and crop classification (Hao et al., 2020; Kluger et al., 2022; Laborte et al., 2010; 

Luciano et al., 2018; Woodcock et al., 2001; Zhang et al., 2021). Despite their potential the 

application of generalization for crop classification is notably limited for SAR sensors. The 

exploration of the full potential of spatio-temporal generalization in machine learning models 

using SAR sensors is still in its infancy, particularly in regions like Eastern Europe, where 

acquiring ground-based data for model calibration presents significant challenges especially after 

the 2022 Russian full -scale invasion of Ukraine. 
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1.1.4. Sampling-based approach for crop area estimation 

Precise crop area estimation is essential for efficient agricultural planning and food security 

assessment. In extensive agricultural regions individually surveying each field is often impractical 

and resource-intensive. Hence, satellite-based observations offer feasible and cost-efficient 

alternatives for crop area estimation. It is common practice to use maps directly for assessing the 

area of a particular class by "pixel counting" and summing the pixel areas. Despite its value, this 

approach lacks a measure of certainty or robustness and carries any biases present in the 

classification process when determining total areas due to commission and omission errors 

(Carfagna and Gallego, 2005; Gallego, 2004; Gallego et al., 2014; Waldner and Defourny, 2017). 

This is where sampling-based approaches for crop area estimation come into play. These 

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 fields. Adhering 

to best practices, accurate area reporting requires the use of a statistically representative sample of 

reference data (Olofsson et al., 2014a). The utilization of a probability-based sample of reference 

data allows us to generate area estimates that are unbiased and accompanied by measures of 

uncertainty.  

Map creation and sample-based area estimation are typically regarded as distinct processes. 

However, there are opportunities to harmonize map-based and sample-based area estimates 

through a close integration strategy. While sample-based area estimation has become the standard 

in forest monitoring, its adoption in other domains of land cover and land use change including 

agriculture has been slower to materialize (Tyukavina et al., 2015, 2013). Recent studies have 

showcased the unique advantages of combining sample-based area estimation with satellite-based 

mapping to enable the concurrent generation of internally consistent area estimates and crop maps 
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across regional, national, and continental scales for soybean mapping in United States, Argentina, 

wheat mapping in Pakistan and cropland loss estimation in south-eastern Ukraine (Gallego 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 sampling-based crop area estimation. The presence of 

speckle noise in SAR images is a well-recognized issue that poses significant challenges for image 

interpretation and subsequent processing tasks including classification (Kustiyo et al., 2021; Lee 

et al., 1994, 2009; Qiu et al., 2004). This poses challenges when using SAR images directly for 

area estimation. By synergistically incorporating sample field data with SAR imagery, the 

disparity between sample-based area estimates and SAR-based mapped areas caused due to 

speckle may be substantially reduced and require further investigation. 

1.2. Research goals and objectives 

This research aims to develop a generalized model for the automatic mapping of crops in 

Ukraine using biophysical crop characteristics obtained from Sentinel-1 SAR sensors as the 

primary data source. The primary objective is to create a robust model capable of identifying and 

spatio-temporal mapping of crops using satellite observations in data-sparse regions. For this 

study, sunflower was chosen as 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 crops. Additionally, sunflower's phenology is relatively less understood compared 

to other crops when monitoring using SAR sensors. SAR 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 classify crops (Van Tricht et al., 2018). SAR backscatter amplitudes 

provide rich information on plant structure that has been used for classification purposes in 
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previous studies, especially for rice mapping and also for broad crop type mapping. Also, S1 data 

is less effected by cloud cover and provides continuous monitoring of the fields which is 

challenging to obtain during the short summer crop growing season.  

One advantage of SAR-based models, characterized by consistent and frequent Earth 

observations, lies in their enhanced performance in spatial and temporal model transferability 

compared to optical datasets. The efficiency in transferring SAR-based models coupled with their 

generalization ability becomes particularly significant given that the availability of training 

samples collected from field surveys is often constrained or inaccessible due to factors such as 

location and high cost (Ajadi et al., 2021; Hao et al., 2020; Orynbaikyzy et al., 2022). This research 

work specifically examines the transferability and generalization capabilities of SAR data in large-

scale crop type mapping within regions where training samples are limited or unavailable. The 

findings from this research are intended to shed light on the potential of SAR-based generalization 

approach for crop mapping using sunflower as an example, while also demonstrating the accurate 

remote sensing-based methods useful for crops hampered by cloud cover. In this dissertation, 

sunflower in Ukraine is studied where yearly sunflower-sunflower crop rotation violation 

contribute to land degradation.  Integrating time-series remote sensing, field-based data, 

modelling, and sampling-based approach, the three specific chapters and objectives are addressed 

in the following sections. 

 

1.3. Research objectives and design 

This dissertation is built around three main research objectives and follows an integrated 

approach using SAR remote sensing, field data and sampling-based approach for crop area 

estimation . The three main research chapters are closely intertwined (Figure 1.1). 
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The first objective uses a time-series of SAR data to understand sunflower phenology and 

its behavior for the ascending and descending orbits. The second research objective involves 

developing a novel and robust generalized method to spatio-temporally 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 national-scale 

sunflower mapping in Ukraine by integrating sampling-based approach. The third chapter also 

highlights for the first time the potential of sampling-based approach for national scale crop 

mapping using Sentinel-1 SAR data. The final chapter of this dissertation highlights the main 

advances of this body of research, evaluates its strengths and limitations, and discusses important 

areas of future research. 
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Figure 1.1: Overview of PhD thesis topic. 

 

1.3.1. Research objectives  

Objective 1: Understanding sunflower (Helianthus annuus) phenology using Sentinel-1 SAR 

data 

Objective 1 emphasizes the need for understanding the interaction of Sentinel-1 SAR signal 

with sunflower for the two orbits (ascending & descending) and polarizations, VV, VH and their 

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 1 is to identify the directional behavior observed in sunflower using data from 
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ascending and descending orbits and to evaluate which polarization and orbit provide the best 

indicator of sunflower phenology. In the end, using the best indicator I aim to predict the Beginning 

of flowering (BOF) and End of flowering (EOF) in comparison with optical and ground reference 

datasets. 

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

i. How is sunflower phenology represented by different SAR polarizations and orbits? 

ii. How the behavior of sunflower phenology from SAR differs as compared to optical datasets? 

iii.  How efficiently can Sentinel-1 (S1) identify different growth stages of sunflower? 

Objective 2: Developing a generalized model for sunflower mapping using Sentinel-1 SAR 

data 

Objective 2 emphasizes the need for effective sunflower mapping datasets and methods 

important not only as a basis of identifying sunflower growing areas but also for operational 

monitoring sunflower. Objective 2 develops a model based on calibration at a site in Ukraine using 

both ascending and descending orbits and VH, VV and VH/VV ratio. The model was then 

generalized to other sites across Europe and US without the requiring new training datasets for 

model calibration at the new site. 

Objective 2 also identifies the robustness of the model based on the model performance at 

the generalization sites. It also identifies the best parameters required for sunflower model 

development and generalization across space and time and how the directional behavior of 

sunflower influences the sunflower classification accuracy. 

This research objective will assist in answering the following research questions 

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

Objective 3: 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 input from objectives 1 and 2. The first part of this objective maps the sunflower crop 

across Ukraine for the year 2021 and 2022 using Sentinel-1 data and without using field labels. 

Then a sampling-based approach is implemented for unbiased sunflower area change estimation 

for the year 2021 and 2022 and accuracy assessment. The sunflower area change estimates are also 

compared with the estimates obtained from Ukrainian Government and USDA statistics. Based on 

the changes in sunflower growing areas, sunflower changes in sunflower growing hotspots were 

also identified across Ukraine for both regions within Ukrainian controlled and the regions 

occupied by Russia. 

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

i. How has the sunflower cultivation area changed following the Russian full -scale invasion of 

Ukraine? 

ii. How effective is the sampling-based approach for sunflower area estimation using SAR data in 

Ukraine? 

1.4. Structure of the dissertation 

The dissertation includes three research components that address the previously mentioned 

research objectives, detailed in Chapters 2 to 4. The research plan is shown in Figure 1.1. Initially, 

this research focusses on comprehending sunflower crop phenology. Subsequently, a sunflower 

crop mapping model is 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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datasets, i.e. Russia. The generated spatial-temporal sunflower maps will be combined with a 

random sampling approach to accurately estimate sunflower crop area change for Ukraine before 

and after the Russian invasion. 

The initial mapping of sunflower crop area and rotations using remote sensing will rely on 

time-series data from Sentinel-1 (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 extent and the identification of 

key crop growth stages. Additionally, the time-series radar imagery will aid in characterizing crop 

rotation. Machine learning-based classification techniques, including the random forest classifier, will 

be assessed. The resulting map will be utilized to characterize sunflower cropping patterns and assess 

changes resulting from the Russian invasion of Ukraine. 

I selected sunflower as it is the largest cultivated summer and industrial crop in both 

Ukraine and Russia. The cultivation of 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 industrial crops on 

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 negatively impacts 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, gaining an 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 in sunflower crop area before and after the war in Ukraine 

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 the three research chapters 

(Chapters 2-4), 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. Sentinel-1 time series data for sunflower (Helianthus annus) 

phenology monitoring  

The presented material has been previously published in Qadir, A., Skakun, S., Eun, J., Prashnani, 

M., Shumilo, L., 2023. Sentinel-1 time series data for sunflower (Helianthus annuus) phenology 

monitoring. Remote Sens. Environ. 295, 113689. 

2.1. Abstract 

The potential of time series of Sentinel-1 (S1) Synthetic Aperture Radar (SAR) data for 

monitoring crops and their phenological stages has long been recognized. However, sunflower 

(Helianthus annuus) is 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 (vertical-horizontal) and VV (vertical-

vertical) polarizations as well as their ratio (VH/VV) in both ascending and descending orbits were 

retrieved for three sites located in three different agro-ecological regions in Ukraine. We observed 

that sunflower backscattering response differs for the ascending and descending orbits for the VV 

polarization and VH/VV 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 

S1-based sunflower phenology with that of Normalized Difference Vegetation Index (NDVI) 

derived from optical data acquired by Sentinel-2 (S2). Our analysis revealed a considerable 

correlation r2>0.4 between S1 and NDVI for VH and VV polarizations in both ascending and 

descending orbits; however, we observed lower correlation (r2<0.20) for the VH/VV polarization 

ratio in descending orbit (VH/VVdes). 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 S1-based dates using VH/VVdes and reference dates was 4.1 and 
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4.4 days for the BoF and EoF stages, respectively; the use of VH/VVdes+asc yielded weaker results: 

7.4 and 6.1 days. These results suggest that the VH/VVdes is a preferable parameter for identifying 

sunflower phenological stages such as BoF and EoF. 

2.2. Introduction  
 

Sunflower (Helianthus annuus) is one of the most crucial oilseed crops, and its global 

production has almost doubled since 2010 (Pilorgé, 2020; 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 crop undergoes 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 crops, e.g., corn and soybean (Fieuzal 

and Baup, 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 et al., 2014). Heliotropism is a 

form of diurnal or seasonal motion of the young sunflower plant (leaves and bud, Figure 2.1(a)) in 

response to the directional movement of the Sun across the sky from East to West. Due to the 

plantôs inborn circadian rhythm, the plant is again reoriented eastwards during the night. Atamian 

et al. (2016) reveals the mechanistic basis of the sunflower and provides suggestions about the 

heliotropismôs functional significance. The heliotropism in sunflower virtually gets fixed at the 

end of stem elongation phase. During flowering, the blooming flower heads permanently face East 

(Figure 2.1(b)). 
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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 in development 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 (Horváth et al., 2020; Van 

der Kooi, 2016). East-facing sunflowers face the sun directly in the morning thereby heating up 

quicker and making them more attractive to pollinating insects, such as honeybees (Greenleaf and 

Kremen, 2006; Atamian et al., 2016). Furthermore, this increase in temperature increases the 

evapotranspiration 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 turn leads to seed development 

and ripening of the sunflower (Schneiter and Miller, 1981). Therefore, detection of sunflower 

flowering stages is critical for assessing plantôs health and to provide insight for sunflower growth 

models for real-time 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., 2017). 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 sunflower, these instruments 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 

sensors (Qadir and Mondal, 2020; Alyssa K. Whitcraft et al., 2015).The timing of sunflower 

heliotropic behavior, BoF, flower bloom and EoF stages would normally vary from field to field 

due to differences in sowing dates and cultivation practices (Meroni et al., 2021). Therefore, high 

temporal resolution data is required to estimate field-specific sunflower growth stages. 

Space-borne 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 content (Meroni et al., 2021). As the crop grows the canopy 

structure changes increasing both backscattering and the randomness of scattering (McNairn et al., 

2018). The plant components also attenuate the microwave signal depending on the polarization 

and frequency employed (Fleischman et al., 1996; Oliver and Quegan, 1997). The 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 effects of crops are typically 

strongest in co-polarized channels (HH, VV), whereas the multiple volume scattering effects of 

canopy structure are most important in cross-polarized channel (VH) (Mc Nairn and Brisco, 2004; 

Meroni et al., 2021). Hence, SAR offers an attractive technology for crop monitoring because 

microwaves are less affected by atmosphere or cloud conditions and can be used to monitor crop 

growth over time (Chauhan 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 VH/VV polarization 

ratio (hereafter referred to as VH/VV), primarily dominated by volume scattering (Veloso 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 VH/VV (McNairn et al., 2018; 

Veloso et al., 2017). Previous studies have also compared sunflower phenology retrieved by 

Normalized Difference Vegetation Index (NDVI) with VH/VV and found large discrepancies, 

concluding that VH/VV is not suitable for retrieving sunflower phenology or does not capture the 

same phenology as NDVI (Veloso et al., 2017; Meroni et al., 2021; Arias et al., 2020). 

Despite these results, scientific literature still lacks characteristics of observing 

backscattering response attributed to the directional behavior of the sunflower head (capitulum). 

Sunflower head has a size of several C-band (~ 5.5 cm) wavelengths and is a significant scattering 

element in the top of the sunflower green canopy (Figure 2.1(b)). One way to incorporate 

sunflower directional behavior is to differentiate backscattering response of ascending-descending 

orbits using VH, VV and VH/VV. Sentinel-1 SAR imagery presents the most comprehensive 

spatial and temporal coverage for detecting phenological stages (i.e. BoF, EoF) as well as the 

directional differences. Therefore, 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. Estimate BoF and EoF stages using S1-derived phenological metrics. 

3. Compare S1- and S2-derived sunflower phenology and stages. 

2.3. Study area and datasets 

2.3.1. Description of study sites and data collection 

Sunflower production in Ukraine is distributed throughout the country with major 

production regions located in Eastern and Southern Ukraine (Figure 2.2). We selected three 

different sites: ñSite-1: Khmelnò in Khmelnytskyi oblast in Western Ukraine (26°29ǋ59ǌE, 

48°45ǋ24ǌN), ñSite-2: Mykolaivò in Mykolaiv oblast in Southern Ukraine (31°15ǋ29ǌE, 

47°30ǋ16ǌN) and ñSite-3: Zhytomyrò in Zhytomyr oblast in Northern Ukraine (28°20ǋ59ǌE, 

50°03ǋ13ǌN). Each of these three regions differs in terms of climatology and soil conditions, well 

representing agro-ecological variety (Polissya, Forest-Steppe and Steppe) (FAO, 2020; Gumeniuk 

et al., 2010; Kingwell et al., 2016). The topography of the selected regions is moderate with slopes 

rarely exceeding 5o. The Zhytomyr site contains the highest landscape 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 its low-lying relief, high precipitation 

rates, and low evaporation rates. The Khmeln site is located in a Forest-Steppe 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 Mykolaiv site is located 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. Sentinel-1 and Sentinel-2 data 

We extracted Sentinel-1 (S1) and Sentinel-2 (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 dual-polarization (VV and VH) at 10 m pixel 

spacing (Mondal et al., 2020a; Torres et al., 2012). S1 operates at a central frequency of 5.4 GHz 

in the microwave portion of the electromagnetic (EM) spectrum with C-band wavelength of 5.5 

cm. We acquired S1 Ground Range Detected (GRD) images in which the key pre-processing stages 

of thermal noise removal and ortho-correction had already been completed to generate the 

backscattering coefficient (ʎЈ) (Meroni et al., 2021). The ʎЈ values were converted to decibels 

(dB) via log scaling (ρπzÌÏÇʎЈ). For ortho-rectification, the ground range geometry was 

converted to ʎЈ using the SRTM 30-meter DEM or the ASTER DEM. The combined S1-A and 

S1-B satellite dataset contained a temporal resolution of six days. There were either one or two S1 

orbits overlapping for each pass and the incidence angle varied between 34° to 45° (Table 2.1). 
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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 VV was calculated in decibel scale [dB] as the difference 

between the VH and VV: 

„ Ⱦ Ὠὄ „ Ὠὄ  „ Ὠὄ,                                                                         (2.1) 

where „  and „  are backscattering coefficient values in VH and VV polarizations, 

respectively. 

S2 collects imagery based on a constellation of two identical satellites, S2-A and S2-B, 

with a swath width of 290 km and acquiring data at 10 m, 20 m and 60 m spatial resolution. We 

used Level-2A product which provides atmospherically corrected data with bottom-of-atmosphere 

(BOA) reflectance values (GEE collection ñCopernicus/S2_SRò) (Drusch et al., 2012; Spoto et al., 

2012; Gatti and Bertolini, 2009; Hermann et al., 2011). The scenes with cloud cover of Ó10% were 

filtered out using the image property of ñCLOUDY_PIXEL_PERCENTAGEò to avoid any 

potential cloud contamination. All available observations between April 1st and October 31st were 

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 Þór 

Hilmarsson, 2022). The sunflower crop information was collected from 48 fields ranging in size 

from 11 to 160 ha with an average area of 55 ha (Table 2.2). The 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 (Figure 2.3). 

https://www.nibulon.com)/


23 

 

Table 2.1: Details of the Sentinel-1 dataset used for the three study sites. 

Site Name Flight direction Orbit number 

 

Mean incidence 

angle (°) 

No. of Images 

Khmeln Ascending 58 35.4 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 

 

Zhytomyr 

Ascending 160 36.1 33 

58 44.3 33 

Descending 36 45.1 25 

109 36.8 33 

 

 

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. 

 Site name 
No. of 

Fields 

Average field 

area, ha 

Max field 

area, ha 

Min field 

area, ha 

Site-1 Khmeln 19 64 160 14 

Site-2 Mykolaiv 12 65 94 20 

Site-3 Zhytomyr 17 44 160 11 

 

2.3.4. Weather data 

2.3.4.1. Temperature 

The air temperature data was derived from the European Centre for Medium-Range 

Weather Forecasts (ECMWF) atmospheric reanalysis data (ERA). ERA5, the fifth-generation 

ECMWF atmospheric analysis of the global climate, covers the period from January 1950 onwards 

(Bell et al., 2021; Muñoz-Sabater et al., 2021) and provides hourly estimates of many atmospheric, 

land, and oceanic climate variables. For our analysis, we focused on the ERA5-land hourly dataset 

and used a 2-m air temperature with a 11.1 km spatial resolution (Laipelt et al., 2021; Muñoz-

Sabater et al., 2021). The temperature dataset was provided every hour in Kelvin and was 

converted to the Celsius scale. We 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 data. 

 

2.3.4.2. Precipitation data 

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

which is a high-resolution, 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. Soil moisture data 

We used the surface soil moisture (ssm) product derived from the NASA-USDA Enhanced 

Soil Moisture Active Passive (SMAP) Global soil moisture data products, which we accessed 

through GEE for each day (Entekhabi et al., 2010, Sazib et al., 2018, 2022, Oô Neill et al., 2018). 

The dataset was generated by integrating satellite-derived SMAP Level-3 soil moisture 

observations into the modified two-layer Palmer model using a 1-D Ensemble Kalman Filter 

(EnKF) data assimilation approach. The ssm refers to the water content in the 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 (Figure 2.4). 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, leading to within-

field variability and non-uniform sunflower growth (supplementary file S7). Furthermore, the 

increased soil moisture caused a delay in sunflower maturity and harvesting at the Khmeln and 

Zhytomyr sites (Figure 2.3). 
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Figure 2.4: Mean temperature (°C) and precipitation (mm) during Sentinel-1 acquisitions 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 right); (b) comparison of 

surface soil moisture (mm) for the three sites. 

 

2.4. Methodology 

2.4.1. Processing of Sentinel-1 and Sentinel-2 data  

We separated S1 data acquired from ascending and descending orbits, and obtained 

temporal backscattering profiles of the polarizations (VHasc, VHdes, VVasc, VVdes) and their ratios 

(VH/VV asc, VH/VVdes) by taking median values of each sunflower field.  

For S2 dataset, cloud and shadow masking were implemented in GEE using the cloud score 
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algorithm adapted from the tutorial available on: https://developers.google.com/ earth-

engine/tutorials/community/sentinel-2-s2cloudless (supplementary file S1) (Chastain et al., 2019; 

Housman et al., 2018; Meroni et al., 2021). We did not implement the snow masking, as snow had 

no significant effect on S2 reflectance during the sunflower growing period. Normalized difference 

vegetation index (NDVI) was computed using the bands 4 and 8 at 10 m spatial resolution and to 

match with the S1 resolution (Scanlon et al., 2002). Median NDVI was extracted from cloud and 

shadow-removed S2 pixels 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 20 m was applied to reduce the edge effects 

(Harfenmeister et al., 2019a; Vreugdenhil et al., 2018a). Secondly, to avoid within 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 which the first band (VH: March-May) was assigned 

red, the second band (VV: June-August) was assigned green, and the third band (VH: March-May) 

was assigned blue (Figure 2.5) (Chakraborty et al., 2005; Choudhury and Chakraborty, 2006). In 

FCC, sunflower pixels were represented in greenish tones, while within-field vegetation/plantation 

was represented in pinkish tones, as observed in the larger field of Figure 2.5(b) (supplementary 

file S2). The FCCs were overlaid on high-resolution Google Earth imagery and visually interpreted 

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 contained vegetation/plantation, then the best possible 

homogeneous region within the field was considered (Figure 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. 

 



28 

 

 

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 composite (Red: VH (Mar-May), Green: VV 

(Jun-Aug), Blue: VH (Mar-May). 

 

2.4.2. GDD and sunflower phenology extraction 

To establish links between satellite-derived phenology and ground-based observations, we 

used accumulated GDD (GDDacc) as a proxy due to the lack of ground-based phenological stages 

of sunflower (apart from sowing and harvesting dates). GDD is a heuristic tool, a common 

temperature index, used to determine the crop phenology and is a measure of heat accumulation 

above a base temperature (Tbase) below which no or negligible growth occurs (McMaster and 

Wilhelm, 1997). GDD is extensively used to determine plant development rates concerning the 

flower blooming from dormancy or crop maturity (Aiken, 2005). Tbase varies from 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 species (NDAWN, 2021). GDD is calculated by using the 

average daily maximum (Tmax) and minimum temperature (Tmin) minus the base temperature 

(Tbase): 
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ὋὈὈ
 

  Ὕ                                                                      (2.2) 

where if [(Tmax + Tmin / 2 < Tbase] , then GDD = 0.  

The accumulated GDD (GDDacc) is calculated by summing GDD for each day for a given period 

starting with the sowing date: 

ὋὈὈ В ὋὈὈ 
 .                                                              (2.3) 

ὋὈὈ was performed starting from the sowing date until the harvesting date which were 

available from the ground surveys. Following existing literature (Fieuzal, 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 

phenology progress and GDDacc (Table 2.3). 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 the first appearance 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 or GDDacc of χωψ ЈC. This occurs 

approximately 60th 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 GDDacc of ρπσς ЈC. At this time, the disc florets have 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 GDDacc (https://ndawn.ndsu.nodak.edu/, 

Schneiter and Miller, 1981). 

Principal Stages Growth Stage Description GDDacc Range (in ЈC) 

Sowing Sowing 0 

 VE (Emergence) 96 

 

 

Vegetative stage 

V1 116 

V5 194 

V10 292 

V15 389 

V20 487 

 

Stem elongation 

 

R1 564 

R2 642 

R3 720 

Inflorescence emergence R4 798 

Flowering 
R5.1 876 

R5.5 954 

 Flowering completes R6 1032 

Development of seed R7 1110 

Ripening R8 1188 

Physiological maturity R9 2310 

Dead and dry                     Harvest 
 

 

 

2.4.3. Sunflower phenology monitoring by Sentinel-1 time series data 

S1 has a sun-synchronous, right-looking antenna that has the potential to monitor sunflower 

phenology and directional effects (Torres 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, 2016). During 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 acquires a permanent 
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eastward orientation facing the descending pass (Figure 2.6(b), Atamian et al., 2016). To analyze 

and interpret the time series S1 data for sunflower, the backscattering signal for both ascending 

and descending orbits were considered for all individual fields, based on the sunflower growth 

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. 

 

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 Sentinel-1 time series data 

S1-derived time-series were smoothed using the Savitzky-Golay (SG) algorithm to filter 

out the noise by removing high-frequency components (Savitzky and Golay, 1964; Meroni et al., 

2021). The window size parameter (w) which specifies how many data points will be used to fit a 

polynomial regression function and the degree of the fitted polynomial function (p) were set to 11 

and 3, respectively. We chose w to be small compared to the main phenological events and large 

compared to the noise as suggested by Romo-Cárdenas et al. (2018): 

ὛὋ  ύὭὲὨέύ ίὭᾀὩ
ὸὩάὴέὶὥὰ Ὠὥὸὥ ὴέὭὲὸί ὥὺὥὭὰὥὦὰὩ

ὲόάὦὩὶ έὪὴὬὩὲέὰέὭὫὧὥὰ ὩὺὩὲὸί
                                                      ςȢτ 

 

There are six main phenological stages of sunflower growth, excluding sowing and 

harvesting (Table 2.3). The average size of S1 time series was 60, and the SG window size was set 

to 11 (Eq. 2.4). We then analyzed and interpolated the time series using a low-order polynomial 

(starting from 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 estimated the generalized 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 sunflower field were 

calculated (Schlund and Erasmi, 2020; Figure 2.7). In S1, BoF is marked as a detectable feature 

with an inflection point on the S1 VH/VVdes time series. With the VH/VVdes profiles, 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 time, and can help to further characterize the behavior of the time 
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series (Bandaru et al., 2020; Tan et al., 2011). Specifically, the first derivative can be used to 

determine whether the inflection point represents a peak or a trough in the curve, or a change in 

direction (Sakamoto et al., 2005, Codrea et al., 2011, Kang et al., 2018). At the inflection point, 

the first derivative of the VH/VV des is negative and the local minima of the derivative indicates the 

BoF stage (Figure 2.7). Similarly, at the inflection point, the second derivative equals zero 

(Ὢᴂὼ = 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 green-up, shooting in wheat, and sowing date estimation of multiple 

crops, like rice and soybean (Bai and Perron, 2003; Schlund and Erasmi, 2020a; Verbesselt et al., 

2012, 2010, Sakamoto et al., 2005, 2006; Wardlow et al., 2006; Galford et al., 2008). It is assumed 

that substantial changes such as growing and harvest of plants result in transitions in time-series 

which can be detected by using an inflection point (Zeileis et al., 2003). 

 

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/VVdes profile 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/VVdes profiles after BoF stage is completed. At EoF, the first derivative equals zero 

(Ὢ ὼ = 0) and changes from negative to positive. It is possible that there 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 sowing were excluded, as they are closely related to soil-ground 

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, to avoid the 

inflection point or local minima which may occur once the sunflower matures. This 120-day 

period was selected based on local knowledge and after examining multiple sunflower profiles 

in the region and the duration was sufficient for flowering to complete (Figure 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 S1-derived dates (ὸ ) were compared to the observed phenological stage dates tobs as 

observed by GDDacc (Eq. 2.5): 

         ὸ   ὸ   ὸ                                                                                   (2.5) 

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 sunflowerôs directional behavior, we expect the VH/VVdes backscattering profile to demonstrate 

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 affecting crop phenology detection using S1. 

2.4.5. Comparison of S1- and S2-derived sunflower phenology 

Phenology metrics extracted from S1 for each field were compared to the S2-derived 

metrics using NDVI; we used the square of the Pearsonôs linear correlation coefficient (r2) as a 

performance metric for such comparison. The number of available SAR observations during the 

sunflower growing cycle determines the number N of samples used for computing Pearsonôs 

correlation similar to what was performed by 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 applied to the NDVI profiles to eliminate any additional noise using the same parameters p 

and w as for S1 (w=11, p =3, section 3.4). 

2.5. Results 

2.5.1. Sunflower phenology as observed by Sentinel-1 data 

An example of S1 derived radar backscattering time-series for a typical sunflower field is 

shown in Figure 2.8. We observed similar behavior of sunflower fields across regions 

(supplementary file S3). Notably, the field was oriented perpendicular to the S1 look direction in 

the descending orbit and there was no major rainfall/extreme rainfall event during the sunflower 

growing period. During the period of land preparation, seed sowing and vegetative stage (April-
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May), both VH and VV profiles exhibited considerable variability due to varying interaction of 

the microwave signal with bare soil surface (Figure 2.8). For some dates, we observed that there 

were significant variations in backscattering for the descending orbit than compared to the 

ascending orbit, particularly 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 VH/VVasc 

and VH/VVdes exhibited similar behavior (marked with a black dashed line on VV and VH/VV, 

approximately on July 10th in Figure 2.8). During this time, the stem elongation phase ends and 

heliotropism in sunflower ceases. With the onset of inflorescence emergence, VVdes continued to 

increase, while VH remained stable for both orbits, resulting in decrease of VH/VVdes while 

VH/VV asc remained relatively unchanged. This is followed by BoF which is marked as an 

inflection point on the VH/VVdes. There is a lag between the cessation of heliotropism and the BoF 

stage. At the end of July/beginning of August, VVdes reached its maximum, and VH/VVdes reached 

its local minimum, with the difference between VVasc & VV des and VH/VVasc & VH/VV des reaches 

its maximum at 3dB and 5dB. This corresponded to the time when the local minimum was 

observed in VH/VVdes and flowering was completed (EoF). During fruit development and 

ripening, VVdes and VH/VVdes merges for both the ascending and descending orbit (end of 

August/beginning of September). At the end of 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 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 heliotropism ceases in sunflower. 
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2.5.2. Influence of S1 incidence angle on sunflower phenology 

The influence of incidence angle (shallow > τσЈ and steep < σφЈ) on sunflower crop for 

Khmeln site is shown in Figure 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 (April-May). The steep incidence angle 

(<σφЈ) shows greater backscattering variation than the shallow incidence angle (> τσЈ) for 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 (July-August) the backscattering 

difference between the two incidence reaches its maximum of approximately 2ï3 dB for the VV 

in descending orbit. Similarly, the VH/VVdes minimizes the influence of high backscattering 

variation (> 2dB) observed in VVdes for the two incidence angles. The influence of incidence angle 

decreases during the maturity phase of the sunflower (August end to September). We also observed 

that the VHasc demonstrates similar behavior after stem elongation phase for the two incidence 

angles (July-September). Furthermore, the VH/VVdes reduces the influence of backscattering 

variation seen in VVdes for the two incidence angles throughout the growing period. 



39 

 

 

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/VVdes (r2 < 0.2) had a weak correlation with S2-derived NDVI across 

the three sites (Figure 2.10). In contrast, VVdes (r2 > 0.66), VVasc (r2 > 0.46) and VH/VVasc (r2 > 

0.34) had a stronger correlation with NDVI. Similarly, VH (VHasc and VHdes) demonstrated a high 

correlation with NDVI (r2 > 0.54). Overall, the VH/VV showed the least correlation as compared 

to VH or VV, particularly for descending or the combined (ascending+descending) orbit. The 

average correlation coefficient between NDVI and VH/VVdes was low (r2~0.2). We observed no 

visible patterns for the correlation among the sites (Figure 2.10). 
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The peak greenness of sunflower, as measured by NDVI, did not synchronize with the local 

minima of VH/VVdes (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 minima (Figure 

2.11 and Figure 2.12). The comparison for the three sites showed a systematic tendency of 

VH/VV des to detect the inflection point and local minima later than NDVI with the exception of 

the Zhytomyr site. The average difference between the peak NDVI and the inflection point of 

VH/VV des was one day for Khmeln and Mykolaiv, while the average difference between the peak 

NDVI and the local minimum of VH/VV des was 18, 19, and 18 days for the three sites (Figure 

2.12). Notably, Zhytomyr was the only site where the average peak NDVI was delayed (3 days) in 

comparison to the VH/VVdes inflection point. 

 

 

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 for the three 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 S1 profile (marked by the green line). 

 

 

Figure 2.12: Comparison of peak phenology dates of NDVI profile and inflection point (BoF 

stage) and local minima (EoF stage) of VH/VVdes profiles for the three sites. 

 

2.5.4. Agreement Comparison of sunflower phenology derived from S1 with GDDacc 

Figure 2.13 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 stage was underestimated 

for VH/VV des and VH/VVdes+asc while the EoF stage was underestimated for VH/VVdes+asc only. 

The median absolute temporal difference between the observed and detected fields was less than 

4.4 days for BoF and EoF stages for VH/VVdes and less than 7.4 days for VH/VVdes+asc (Figure 

2.13). Furthermore, no spatial pattern was observed for the two stages (Figure 2.14 and 2.15). 

 

Figure 2.13: The boxplots of the temporal difference between the detected inflection point in the 

VH/VV and the BoF as observed in GDDacc (left) and the temporal difference between the 

minimum point in VH/VV and the EoF as observed in GDDacc (right) for the descending orbit 

(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/VVdes+asc and the GDDacc, (b) VH/VV des and the GDDacc to detect the 

BoF stage for Mykolaiv. 

 
Figure 2.15: Spatial representation of the absolute temporal differences between the local minima 

observed for (a) VH/VV des+asc and the GDDacc, (b) VH/VV des and the GDDacc to detect the EoF 

stage for Mykolaiv. 

 

 



44 

 

We found that detected BoF and EoF stages varied across the three sites with Khmeln and 

Zhytomyr showing the smallest and the largest variation, respectively (Figure 2.13). Overall, the 

tdiff showed that the two stages were clustered towards median in Khmeln and Mykolaiv compared 

to Zhytomyr for both VH/VV des and VH/VV des+asc (Figure 2.13). When comparing the median 

dates of S1 with that of GDDacc we found that the BoF stage was earlier for all three sites whereas 

EoF stage was delayed for Mykolaiv and Zhytomyr in descending orbit (Table 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 13-Jul-21 08-Jul-21 16-Jul-21  28-Jul-21 25-Jul-21 25-Jul-21 

Mykolaiv  09-Jul-21 04-Jul-21 06-Jul-21  21-Jul-21 25-Jul-21 17-Jul-21 

Zhytomyr  13-Jul-21 08-Jul-21 11-Jul-21  28-Jul-21 01-Aug-21 01-Aug-21 

 

We observed low correlation (r2 < 0.15) between S1 and GDDacc dates 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 correlation (r2 > 0.35) highlighting the influence of sowing 

dates on sunflower growing days (Table 2.5). Notably, Mykolaiv exhibited the highest correlation 

for both stages (r2 > 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 

correlation compared 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 Moranôs Index (Anselin, 2005; Getis and Ord, 1992). Spatial autocorrelation 

was observed in S1 descending 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: Correlation (r2), calculated between the GDDacc and S1 time series for descending and 

ascending+descending orbit for the BoF and EoF stage. 

Site S1 vs GDDacc 

 
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 plants both VH and VV backscattering in ascending and descending 

orbits increase due to increasing biomass (volume scattering, VH) and heliotropic behavior (direct 

backscattering, VV) (Atamian et al., 2016; Fieuzal, 2016; Figure 2.8). Once heliotropism ceases, 

the flower buds begin to emerge from 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 

increases. At the BoF stage, the eastward orientation of the sunflower head results in a substantial 

scattering component in addition to the leaves (Figure 2.6). This leads to a continuous increase of 

VVdes and decrease of VH/VVdes until the end of flowering. The directional behavior observed in 
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sunflower could lead to improved separability from other summer crops, such as maize and 

soybean, during the flowering phase by using VVdes or VH/VVdes (Fieuzal and Baup, 2016, Veloso 

et al., 2017). The results also demonstrate the importance of VV and VH/VV in monitoring the 

phenology of broad-leaf 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 a relatively low variation of VH/VV (both 

VH/VV des & VH/VV asc) was observed during land preparation, vegetative stage as compared to 

VV indicating that the ratio is less sensitive to row management for both ascending and descending 

orbits (Veloso et al., 2017) (Figure 2.8 &  supplementary file S5). Furthermore, VH/VV minimizes 

the influence of varying incidence angle during the vegetative phase when low incidence angle 

shows higher variability (Figure 2.9). The variability observed in VV when combining different 

incidence angles was also minimized during 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 stages. For VH/VVdes, BoF stage demonstrated the highest stability, 

with the phenology of the three sites nearly converging to the same backscattering value (Figure 

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 coefficient ratio (VH/VVdes) 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 the biomass of the sunflower as compared to the top surface of the leaves or 

flowers (Figure 2.10). The opposite behavior of the phenology cycles of NDVI and VH/VVdes 

during flowering stage/green-up phase resulted in a lower correlation compared to other summer 

crops, which was previously observed by Veloso et al. (2017) and Meroni et al. (2021) (Figure 

2.11 &  Figure 2.12). Thus, it is advisable to exercise caution when integrating the phenology of 

sunflower obtained from S1 and S2, as their synchronization may be inconsistent 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 des detects BoF and EoF stage with a delay (~ 1 and 19 days) in comparison to the 

peak of NDVI as also observed by DôAndrimont et al. (2020) for detecting flowering in rapeseed 

(Figure 2.13). Sunflower reaches peak greenness just before BoF followed by emergence of 

flowering buds, increase of VV and detection of inflection on VH/VV des. After BoF, there is a 

slight dip in reflectance due to the emergence of the flowering bud and increase of yellowness 

leading to decrease in NDVI (Atamian et al., 2016; dôAndrimont et al., 2020, Shen et al., 2010). 



48 

 

The growing sunflower head increases the VVdes and decreases the VH/VVdes until the EoF stage 

is reached. Thus, the timing of the S1-derived sunflower BoF stage is delayed compared to the S2 

peak phenology.  

The difference in NDVI and VH/VVdes variation among the three sites can be attributed to 

the lack of cloud-free optical images during the peak growth cycle, as. obtaining cloud-free images 

for short-duration summer crops can be challenging. Mykolaiv had the most cloud-free 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, but the 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 

The results demonstrate that VH/VVdes and VH/VVdes+asc were able to detect the BoF and 

EoF stages of sunflower and were closely associated with the phenology observed using GDDacc. 

Previously, it was suggested that VH/VV is related to crop parameters such as biomass, height, 

and thus has potential to monitor crop phenology (McNairn et al., 2018; Schlund and Erasmi, 2020; 

Veloso et al., 2017). We demonstrated the potential of VH/VV to monitor the sunflower phenology 

which is influenced by both the biomass and the directional behavior. Improved accuracy obtained 

for VH/VV des compared to VH/VVdes+asc for detecting the BoF and EoF stages are attributed to the 

fact the VH/VVdes+asc temporal profile becomes noisier when combining ascending and 

descending orbits, making it difficult to detect 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/VVdes+asc and GDDacc (Table 2.5). 

We observed no clear patterns or any systemic delays between the BoF and EoF stages to 

monitor sunflower in comparison to GDDacc (dôAndrimont et al., 2020). Detected BoF and EoF 

stages for VH/VVdes were approximately 4 days which 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 stages using the VH/VVdes+asc was greater than the temporal resolution of the 

combined orbits (~3 days) and hence limiting the usage of VH/VVasc+des in detecting the two 

stages. 

The better accuracy obtained for the Khmeln site was due to a larger number of S1 images 

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 detect the BoF and EoF stages using VH/VVdes 

as compared to VH/VVdes+asc which shows no major improvement. Previous studies have 

demonstrated that increased temporal resolution enhances the detection of different phenological 

stages for crops (Meroni et al., 2021; Schlund and Erasmi, 2020). We believe that if the temporal 

resolution of S1 increases in descending orbit, the accuracy will improve further for VH/VVdes. 

However, this will not hold for the VH/VVdes+asc even if the temporal resolution increases as 

observed in this work. Similarly, the negative correlation observed between the time required to 

reach the BoF and EoF from sowing for the GDDacc and S1 at the Zhytomyr site can be attributed 

to the non-uniform and delayed growth of sunflowers. This was likely due to waterlogging 

conditions that occurred in conjunction with the ascending and descending orbits (Table 2.5). 

There are limitations to using GDDacc 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 across the different fields. Similarly, the influence of factors like sowing dates, 

soil moisture, and plant genetics need to be considered when evaluating the impact of GDDacc on 

sunflower growth stages (dôAndrimont et al., 2020, Fieuzal and Baup, 2016). At the Zhytomyr 

site, elevated soil moisture and waterlogging conditions led to reduced spatial consistency and 

increased variability between the patterns observed from GDDacc and S1, compared to Mykolaiv 

and Khmeln sites (Table 2.4). Similarly, variations across 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 site (Table 2.5). Additionally, the GDDacc parameters 

selected for this study assume that crop growing conditions in North Dakota, USA and the selected 

sites in Ukraine are similar, which are not always true for real-life scenarios. If actual field 

observations for sunflower phenological stages were available, errors associated with 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 detection. In this study, we used a time-series 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 demonstrated the differences in VH/VVdes and NDVI for sunflower monitoring. The 

VH/VV des is poorly correlated (r2 < 0.2) with NDVI compared to VVdes which illustrated 

considerable correlation (r2 > 0.66) demonstrating the influence of the directional effects of 

sunflower. The NDVI peak is closely related to the BoF stage observed in VH/VVdes with only a 

one-day difference, compared to the EoF stage, which differed by 18 days. In the future, if S1 and 



51 

 

S2 dataset are combined to fill data gaps for sunflower monitoring, the phenological 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 time-series of S1 data using ascending and descending 

orbits can be used to capture the beginning and end of flowering stages. We recommend using 

VH/VV des for 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 data interacts with 

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 S1 and S2 observations. We 

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 influence of Quad-Pol 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 directional behavior. 
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Chapter 3. A generalized model for mapping sunflower areas using Sentinel-

1/SAR data 

The presented material has been previously submitted to Qadir, A., Skakun, S., Kussul, N., 

Sherestov, A., Becker-Reshef, I., 2023. A generalized model for mapping sunflower areas using 

Sentinel-1/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 usually not interpretable 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 applied in space and time with little to no calibration data. Here, we 

propose a generalized automatic approach for sunflower mapping at 20-m spatial resolution with 

the C-band Sentinel-1 (S1) synthetic aperture radar (SAR) data that is driven by the previously 

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 SAR-derived backscatter values 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 selected sites for multiple years in Ukraine 

(generalization in time) and other major sunflower producing countries (generalization in space): 
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Ukraine for 2018ï2020, and Hungary, France, Russia and USA for 2018. We show that for 

calibration data, the model based on features acquired from descending orbits outperforms the one 

based on ascending orbit because of the sunflowerôs directional behavior: userôs accuracy (UA) of 

96%, producerôs accuracy (PA) of 97% and F-score of 97% (descending) compared to UA of 90%, 

PA of 89% and F-score of 90% (ascending). When the model is generalized to other years and 

countries it yields the F-score of > 77% for all cases, with F-score being the largest (>91%) for 

Ukraine and Russia sites and lowest (77%) for the US site. We further use the produced maps for 

the selected regions and years to estimate sunflower planted areas with the statistical sample-based 

approach. Our estimates yield the root mean square error (RMSE) of 26.6 thousand hectares (Kha) 

or 7.5% compared to reference data 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 domain-specific machine learning models that can be extended for 

multiple geographical regions with little to no labelled datasets. 

 

3.2. Introduction 

Optical remote sensing is a valuable tool that employs the reflectance of visible and near-

infrared (NIR) radiation (wavelength ɚ Ḑ 0.4ī1.1 ɛm) and the emittance of thermal infrared (IR) 

radiation (ɚ Ḑ 8ī12 ɛm) to efficiently and affordably gather data on crops and their parameters 

(Inglada et al., 2015; Skakun et al., 2016; Song et al., 2017). However, 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., 2015). Moreover, 
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impediments to acquiring in-situ data to train and validate classification models to generate crop 

maps beyond national-scale 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 complications (Hao et al., 2020; Suhara, 2019; Uzun et al., 2019; Whitcraft et al., 

2019). The lack of in-situ data increases the need for automated methods for crop mapping from 

satellite imagery (Chen et al., 2023; Skakun et al., 2017; Wang et al., 2019; Zhang et al., 2021). 

New opportunities for developing crop type maps have arisen due to the availability high-

spatial and temporal resolution images acquired by spaceborne synthetic aperture radar (SAR) 

instruments aboard Sentinel-1 (S1) missions within the European Copernicus Program (Skakun et 

al., 2016; Torbick et al., 2018; Torres et al., 2012). Unlike optical remote sensing SAR operates at 

microwave wavelengths (ɚ Ḑ 1 mm to 1 m) which makes it weather-independent and ideal for 

providing consistent and frequent Earth observations for mapping crops and capturing the 

changing landscape of agricultural land use (dôAndrimont et al., 2021; Inglada et al., 2016; 

Kenduiywo et al., 2018; Vreugdenhil et al., 2018b; Whelen and Siqueira, 2017). Moreover, 

microwave backscattering is sensitive to biomass, crop canopy structure, soil surface and moisture 

content, making it an ideal data source for crop type mapping and biophysical parameters 

assessment (Hosseini et al., 2019; Hosseini and McNairn, 2017; McNairn et al., 2018; Qadir et al., 

2023; Veloso et al., 2017). As our understanding of SAR-based crop phenology advances and 

machine learning algorithms continue to improve SAR has become increasingly utilized for crop 

mapping (dôAndrimont et al., 2021; Dingle Robertson et al., 2020; Kussul et al., 2018). 

One of the key underlying principles in electro-magnetic 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 wavelength, 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 Nairn and Brisco, 2004; Stiles et al., 1994; Ulaby et al., 1981, 

2014, 1984; Woodhouse, 2017). Changes 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 al., 2023; Schlund and Erasmi, 2020; Veloso et al., 2017; 

McNairn et al., 2018). The sensitivity of the C-band wavelength (ɚ Ḑ 5.6 cm), polarization (VH 

and VV), and orbit type (ascending or descending) to surface and subsurface characteristics such 

as dielectric constant, roughness, and orientation make S1 particularly useful for frequent repeated 

measurements especially during a short dynamic of summer crops (Dingle Robertson et al., 2020; 

Harfenmeister et al., 2019b; Mahdavi et al., 2019; Meroni et al., 2021). 

To mitigate the scarcity of ground-based data (field and in situ measurements) researchers 

have explored different techniques, such as generalizing machine learning models, to classify and 

map crop types. These generalization approaches for remote sensing data classification can be 

spatial, temporal, spectral or sensor-based (Laborte et al., 2010; Luciano et al., 2018; Olthof et al., 

2005; Orynbaikyzy et al., 2022; Woodcock et al., 2001). Generalized crop classification models 

provide several advantages 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 of generalized 

classification models for forest monitoring, sugarcane monitoring, automated rice mapping, and 

crop classification (Hao 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., 2021). Despite these benefits the 

full potential of spatio-temporal 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 challenging (Gilcher and Udelhoven, 2021; Orynbaikyzy et al., 2022). 

Therefore, the main objective of this study is to develop a generalized sunflower 

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 grown oilseed crop globally, with Ukraine and Russia 

being the major producers, accounting for over half of the worldôs total sunflower production 

(United States Department of Agriculture, 2021; Oil 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 oil 

prices (Baryshpolets, 2021; Kussul et al., 2022; Qadir 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 sites in Ukraine 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 datasets 

3.3.1. Study area 

The study sites spread across five countries spanning a range of crops and agricultural 

practices (Figure 3.1, 3.2 & Table 3.1). 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 (site-1) for model calibration covered an 

area of ~45,000 km2 and encompassed the two oblasts (administrative regions) in Ukraine: 

https://www.sciencedirect.com/science/article/pii/S0034425723002407#bib502


57 

 

Cherkasy and Kirovohrad (herewith referred as Ukraine-2022 site). These two oblasts are located 

in the central part of Ukraine, and they represent a transition between Forest-Steppe to Steppe 

agro-climatic zones and capture the diversity of the Ukrainian agriculture. In Ukraine-2022, both 

winter and summer crops are dominant, with 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 2022 (Figure 3.2a). 

The five other study sites spread across Europe and USA were selected to test the 

robustness of the proposed models that were calibrated for Ukraine-2022. These regions have 

agriculture as the dominant land use and feature nearly flat terrain (slope <5%). Sunflower in these 

regions shares similar characteristics in terms of crop rotation crop patterns and little to none 

irrigation applied. The Mykolaiv (site-2) covers the Mykolaiv oblast is located in southern part of 

Ukraine in the Steppe agro-climatic zone (Figure 3.2b, herewith referred as Ukraine-2018, 

Ukraine-2019 and Ukraine-2020 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 (site-3, herewith referred as Hungary site) in located in the southern 

and central Hungary (Figure 3.2c) and occupy four counties (administrative units): Bekes, 

Csongrad, Bacs-kiskun and Jasz-nagykun-szolnok. These regions are located in the Northern and 

Southern great plains of Hungary, and the fertile soil support rich agriculture. The region is known 

for cereals as winter crops and maize and sunflower as summer crops. The France site (site-4, 

herewith referred as France site) is located in the Occitania administrative region of Southwestern 

France and includes two departments (an administrative division in France) of Gers and Haute-

Garonne (Figure 3.2d). 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 Samara (site-5) 
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covers the Samara oblast and located in the middle of the Russian grain beltðthe central Volga 

River basin in southern Russia (Figure 3.2e, herewith referred as Russia site). The oblast is located 

across the ecotone of Forest-Steppe, regular Steppe in the middle and Dry Steppe in the south (De 

Beurs et al., 2012). The soil fertility in the region is high, and the major crops grown in the region 

are winter cereals, sunflower and maize. The USA site (site-6) consists of four counties (Stanley, 

Sully, Hughes, Hyde) in the State of South Dakota (Figure 3.2f, 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 areas (Crop Explorer 2020, IPAD). 

3.3.2. Sunflower crop cycle 

Sunflower is a short duration summer crop with a crop cycle of 90-120 days. It is a highly 

profitable industrial crop mainly grown for extracting oil and exporting 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 in 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 site-1 (Ukraine-2022, magenta 

circle) was selected for model calibration and sites 2 to 6 for spatio-temporal generalization (blue 

circles). 

 

 

 

(a) Model development site (site-1): Cherkasy and Kirovohrad oblasts in Ukraine 
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(b) Model generalization site (site-2): Mykolaiv oblast in Ukraine 

 

 

(c) Model generalization site (site-3): Bacs-kiskun, Bekes, Csongrad and Jasz-nagykun-szolnok 

counties in Hungary 
  

 

(d) Model generalization site (site-4): Gers and Haute-Garonne departments in France 
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(e) Model generalization site (site-5): Samara oblast in Russia 

 

 

(f) Model generalization site (site-6): Stanley, Sully, Hughes and Hyde counties in South Dakota, 

USA 

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) 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 

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. 

 

 

3.3.3. Sentinel-1 satellite data 

In this study, we focused on utilizing S1 C-band 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) mode which transmits co- and 

cross-polarized microwave signals in the vertical and horizontal planes, creating a VV- and VH- 

polarized bands, respectively (Mondal et al., 2020b; Torres et al., 2012). The S1 satellite has a 

temporal revisit time of 12 days in a near-polar, sun-synchronous orbit and having 10-m pixel 

spacing. Two satellite platforms, S1-A and S1-B1, share the same orbital plane with a 180o orbital 

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 orbits for Site-1 

to Site-4 in Europe. In contrast, Site-5 in Russia has data available only from descending orbits, 

while Site-6 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 daily for latitudes above 55 degrees North. The dataset selected was in Ground Range 

                                                      
1 S1-B is not available anymore 

Site Country  Area covered (in km2) Year of acquisition No. of S1 scenes  

Site-1 Ukraine 45,625 2022 354 

Site-2 Ukraine 

 

23,629 

 

2018 268 

2019 403 

2020 450 

Site-3 Hungary 23,704 2018 530 

Site-4 France 12,639 2018 308 

Site-5 Russia 53,600 2018 182 

Site-6 USA 11,017 2018 161 
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Detected (S1_GRD), level-1 pre-processed in Google Earth Engine (GEE) using the S1 toolbox 

(Gorelick et al., 2017a; Qadir and Mondal, 2020). Pre-processing steps included the removal of 

thermal noise, terrain correction using the SRTM 30 m Digital 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 

June-July 2022 by the National Technical University of Ukraine ñIgor Sikorsky Kyiv Polytechnic 

Instituteò. The surveys were designed to gather training and validation samples for the crop 

mapping model, and the crop types and their locations were recorded using a GPS-enabled mobile 

device. We ensured that the training dataset encompassed the diversity of all crop types and was 

well-distributed over the study site (i.e., Ukraine-2022, Figure 3.2a). The samples were overlaid 

onto high-resolution Google Earth imagery, and the corresponding fields were digitized to generate 

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 for generalized model 

The validation dataset for testing the robustness of the proposed generalized model was acquired 

using different methods for different sites (Table 3.2). 

3.3.5.1. Ukraine 

Sunflower validation dataset was collected as along-the-road surveys (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 Table 3.2. In total, 1366, 1005 and 942 polygons were 
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digitized for the year 2018, 2019 and 2020, respectively, out of which sunflower were represented 

by 610, 276 and 262 polygons (Figure 3.2b & Table 3.2). Random samples of 20m by 20m were 

generated from within the digitized polygons corresponding to the sunflower and non-sunflower 

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 for site-2 to site-6. 

 

3.3.5.2. Hungary and France 

We utilized the EUCROPMAP-2018, a European crop type map based on supervised 

classification of S1 and Land Use/Cover Area frame Survey (LUCAS) Copernicus in-situ 

observations for the year 2018 based on dôAndrimont et al. (2021). The dataset which is available 

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 for the year 2018. We divided the Eurocrop map 

into sunflower and non-sunflower strata, and generated 1400 random samples at 20-m, with 215 

and 225 samples representing sunflower in Hungary and France, respectively, based on the 

proportion of sunflower area occupied (Figure 3.2c & d). Additionally, we downloaded validation 

Site Country  Validation 

datasets 

Total 

samples 

(20m x 20m) 

No. of sunflower 

samples  

Site-2 Ukraine Road-survey  1400 

 

430 (for 2018) 

405 (for 2019) 

395 (for 2020) 

 

Site-3 Hungary 
EUCROPMAP 

2018 
1400 215 

Site-4 France 
EUCROPMAP 

2018 
1400 225 

Site-5 Russia Street view 1400 265 

Site-6 USA USDA CDL 1400 260 
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images available from the LUCAS survey for selected fields. For France, we collected a total of 

22 sunflower and 46 non-sunflower 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 available (Figure 3.2b, 3.3, 

& Table 3.2). Street view images 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 available for the 

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 generate vector field boundary polygons. We 

included an inner buffer of 10 meters to avoid boundary contamination. We generated 1400 

random samples at 20-m, within the digitized polygons of which sunflower were represented by 

265 samples. 

3.3.5.4. USA 

The Cropland Data Layer (CDL) is a geo-referenced 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, farmer-reported data and other ancillary data to generate crop-

specific raster-formatted, geo-referenced, crop type map (Abernethy et al., 2023; Boryan et al., 

2011). Each pixel in the map corresponds to a CDL label, which includes crops, forests, and other 

land use/land cover features. Non-cropland regions were masked from the CDL layer, and the 

cropland layer was stratified into sunflower and non-sunflower strata. We performed random 
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sampling to collect 1,400 samples at 20m, of which 265 fields represented sunflower crops in 

proportion to the area of land occupied by sunflowers (Figure 3.2f & Table 3.2). 

 

Figure 3.3: Geo-location of the random sample points (sunflower = yellow circle, non-sunflower 

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

Google Street image in bottom left are 54003ô16ôôN and 52003ô39ôôE and 52003ô39ôôE and bottom 

right are 54004ô39ôôN and 52020ô02ôôE. Images were acquired in August 2018. (Image source: 

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 using S1-derived features that are based on phenological 

metrics (Qadir et al., 2023a) and training dataset in Ukraine-2022. 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, and the USA for 2018. We consider 

ascending and descending orbits separately for calibration and generalization depending on S1 

acquisitions availability. 

3.4.1. S1 pre-processing 

To maximize the number of available scenes we considered S1 data from all available 

orbits (Arias et al., 2020; DeLancey et al., 2019). Additionally, the selected study sites (Figure 3.1, 

3.2 & Table 3.1) have minimal variations in elevation thus minimizing the impact of local 

incidence angle effects on backscattering values (OôGrady et al., 2013). In addition to VH and VV 

the ratio of VH and VV polarization (herewith referred as VH/VV) was calculated in decibel scale 

[dB] as the difference between the VH and VV (Eq. 3.1). 

„ Ⱦ Ὠὄ „ Ὠὄ  „ Ὠὄ,                             (3.1) 

where „  and „  are backscattering coefficient values in VH and VV polarizations, 

respectively. 
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Figure 3.4: Flowchart of the proposed workflow for S1-based model calibration and 

generalization. 
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3.4.2. S1-based metrics generation 

We derived S1-based multi-temporal metrics based on the sunflower growth calendar 

(Section 2.2 & Table 3.3 & 3.4). These multi-temporal metrics are statistical transformations of 

satellite image time series and provide characteristics of crop phenology and able to capture key 

features of sunflower phenology (King et al., 2017; Song et al., 2017). We calculated monthly 

composite metrics (P1-P4) for the main sunflower growing months (June to September) by taking 

the median backscattering values of all images within each phenological stage on a per-pixel basis. 

Additionally, seasonal median composites (S1-S3) on a per pixel basis for three distinct seasons 

were generated based on crop growing 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 found in Hansen et al. (2008, 2002), King et al. (2017), Potapov 

et al. (2015, 2012) 

Table 3.3: Details of the multi-temporal monthly and seasonal median composite stages/metrics 

derived from their corresponding month/months for sunflower mapping based on Sentinel-1 (P = 

phenology, S = seasonal). 

Metric 

type/stage 

 Median composite month/months 

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 learning-based ensemble classifier that can generate 

multiple decision trees with or without replication from the training dataset (Breiman, 2001; Liaw 

and Wiener, 2002). We chose this non-parametric method because of its flexibility in handling 

non-linear relationships between the selected class and the input features in SAR images/metrics 

(Mellor et al., 2013; Pelletier et al., 2016). Previous studies using SAR data have shown the 

potential of the random forest approach in crop mapping in diverse landscapes (Dechamps et al.,, 

2012; Inglada et al., 2016; Pelletier et al., 2016; Qadir and Mondal, 2020; Wang et al., 2019). We 

parameterized the random forest classifier using several parameters, including the number of trees, 

variables per split, minimum 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 within region 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 (Table 3.4) and training 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 number 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 not on individual pixels to 

ensure sample independence. The 20m by 20m samples were randomly selected from these 

polygons for model training. 
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A two-phase classification procedure was implemented (dôAndrimont et al., 2021). The 

first step involved classifying the cropland into six crop types: sunflower, maize, cereals, rapeseed, 

soybean and other crops (Level 1 in Table 3.5). During the second step, the non-sunflower 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 calibration 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 based on the mean decrease in 

accuracy in RF models (Mellor 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 non-cropland region using the dynamic world (DW) dataset available within GEE 

(Brown et al., 2022). The DW is a 10m near-real-time dataset containing information for nine 

major land use/land cover classes based on Sentinel-2 Level 1C dataset. The DW dataset range 

was selected from January to May end for the respective year. Post-processing steps include 

filtering out isolated pixels having size less than 2ha as these pixels are more related to the speckle 

effect rather than actual sunflower fields. 
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Table 3.4: Summary of S1 derived multi-temporal 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_VV 

15 S3_asc_VV  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 3.5: The legend of the European Union (EU) crop map. For the two-phase hierarchical 

classification procedure, the legend is divided into two levels: level 1 with six crop type classes, 

and level 2 binary sunflower and non-sunflower classes. 

 Level-1 Level-2 Study area 

occupied (in %) 

Number of 

polygons  

1 Sunflower Sunflower 18 306 

2 Cereals  

 

 

Non-sunflower 

 

21 357 

3 Maize 15 255 

4 Soybean 4 68 

5 Rapeseed 5 85 

6 Other crops 7 120 

3.4.5. Model accuracy assessment 

The in-situ data were collected as polygons, but the accuracy assessment was performed at 

the pixel-level. Pixels were randomly selected from all pixels belonging 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 Level-1 and Level-2 classes. 

3.4.6. Model generalization across space and time 

To enable cross-region and temporal generalization, we followed three different 

approaches based on the availability of ascending and descending orbits (Figure 3.5). In the first 

approach, the model calibrated in section 3.4 using six crop classes for Ukraine-2022 was 

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 to non-availability 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 generalization. For the USA, input features for model calibration were 

also adjusted (shifted by a month) to match with the sunflower growing cycle (section 3.2). 

As our primary interest was in the sunflower class, we converted the generalized model 

crop classes into binary sunflower/non-sunflower classes by grouping all non-sunflower 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 for that corresponding 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. 

 

Figure 3.5: Methodology followed for spatio-temporal generalization based on availability of S1 

ascending-descending orbit. In Ukraine for 2018,2019, 2020, Hungary and France for 2018 both 

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

To validate the generalized model and calculate the sunflower planted area for each site, 

we employed well-established and recommended practices based on sampling approach (Li et al., 

2023; Olofsson et al., 2014a; Skakun et al., 2019b; Song et al., 2017). It is worth noting that 

estimates of sunflower crop areas based on pixel counting may result in biased estimates (Gallego, 

2004). To address this, we adopted the sample-based sunflower crop area estimation to derive 

unbiased estimates of area and uncertainty with separate strata for sunflower and non-sunflower 

crops. 

In Ukraine and Russia, samples were collected from the roadside, whereas in other 

locations, samples were distributed across the cropland sites (Figure 3.2 & 3.3). Each sample 

represented a 20-m 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, focusing on the target sunflower class (Table 3.6). 

Finally, proportions of sunflower areas derived from samples were used to estimate total sunflower 

areas and corresponding standard errors (Skakun 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 reference areas for each 

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 area was obtained from official subnational statistics, while 

for France and Hungary, it was obtained from the Euro-crop map, and for the USA it was obtained 

from the CDL layer as county-level statistics for sunflower in the US was not available for 2018. 
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Table 3.6: Accuracy metrics derived from the confusion matrix between the predicted map and 

the reference map. Pij represents the agreement (i=j) or disagreement (iÍj) between the reference 

data and map prediction (Ɇ Pij=1). Accuracy metrics are focused on sunflower class. 

Map class Prediction  Reference data 

(class) 

 

 Sunflower  Others 

Sunflower P11  P12 

Others P21  P22 

 

Statistical parameters Equation 

Overall accuracy OA = P11 + P22 

F1-Score F1 = (2* P11)/(2* P11+ P12+ P21) 

Userôs accuracy UA = P11/(P11+ P12) 

Producerôs accuracy PA = P11/(P11+ 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 Ukraine-2022. The pixel-

based classification method produces homogenous sunflower fields with clear boundaries. For the 

six-crop type map, the model classification accuracy based on ascending + descending and 

descending orbits outperformed the model that used ascending orbit only (Figure 3.7). 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, maize, and rapeseed, the behavior was similar 

across the three orbits. Overall, the F1-score for rapeseed was the highest, followed by cereals and 

sunflower, while soybean showed the lowest F1-score of the major crop classes. The main 

confusion for sunflower was with soybean, 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 ascending-only orbit. Furthermore, the omission error for sunflower with soybean 

reached 12% in the ascending orbit.  

For the binary sunflower/non-sunflower 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 descending- and ascending + descending-based models (Figure 3.8). 

Similarly, the non-sunflower class showed less variation as compared to sunflower class for 

ascending vs descending orbit. 

 

Figure 3.6: The distribution of the sunflower crop map for within-region 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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Figure 3.7: Accuracy assessment results showing userôs accuracy (UA), producerôs accuracy (PA) 

and F1-score (F1) for major crop classes for within region generalization for Ukraine-2022 using 

ascending (asc), descending (des) and combined (asc+des) orbits. 

 

 

 

Figure 3.8: Accuracy assessment results for binary sunflower and non-sunflower crop class for 

within region generalization for Ukraine-2022 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 

Ukraine-2022 data are shown in Figure 3.9. The 15 most important features accounted for 60% of 

cumulative importance for the sunflower prediction using RF-model. Our analysis revealed that 

overall, the seasonal median composites (S1-S3) have the high importance compared to phenology 

composites (P1-P3). 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 and Figure 3.7 & 3.8). Among the predictors, the VV and VH/VV ratio showed the 

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. Notably, the VH demonstrated low 

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

 

Figure 3.9: Feature importance of top 15 metrics/features for the model calibrated in Ukraine-

2022. Features are named by corresponding polarization, ascending or descending orbit. The 

importance of variables is arranged from most-to-least important. 
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3.5.3. Sunflower mapping accuracy for spatio-temporal 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 Ukraine-2020 (89%) and USA 

(91%) site. The highest OA was observed for Russia, followed by Ukraine-2018, 2019, Hungary, 

and France. Ukraine-2020 showed the lowest OA among all sites (OA = 89%). Similarly, Ukraine-

2018 and USA showed the highest and lowest F1-score, respectively. Overall, UA was high for 

all the sides (>85%) except for Hungary (81%) and USA (70%). Similarly, Ukraine-2020 had the 

lowest PA meaning high omission error for sunflower. Overall, UA of sunflower was slightly 

worse than PA among the sites with the exception of Russia and Ukraine-2020. The low UA for 

sunflower in comparison to PA implied a slight overestimation of the sunflower pixel-based areas. 

Overall, the sunflower mapping results were consistent for all regions except USA and Ukraine-

2020. In regions where the UA for sunflower was lower compared to PA, confusion mainly arises 

with maize in Hungary and France, whereas 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 France (Figure 3.10-3.12). The sunflower crop can be mapped in France and Hungary 

even without prior knowledge of country-specific practices. Upon visual comparison 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 Eastern side around Toulouse, whereas low 

concentration of sunflower is observed in the Western and South-Western region (Figure 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 crops (Figure 3.12).  

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. Upon visual analysis of these fields, it was 

observed that the sunflower in these fields was either scattered with very low within-field density 

or mixed with other crops/cover crops. This made it difficult for S1 to identify and map the 

sunflower crop leading to the misclassification (refer supplementary file S1). 

 

Table 3.7: Independent accuracy assessment results for each site based on the spatio-temporal 

generalization method. Performance metrics are shown for the binary classification model 

(sunflower/non-sunflower) 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 0.94 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) and the yellow zoomed portion taken 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 the yellow zoomed portion taken from the eastern 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 (Table 3.8). The calculated Pearson's correlation coefficient (r2) was 0.97 and the slope 

between the actual and predicted sunflower crop class was 1.08, demonstrating the generalized 

model's accuracy in mapping and estimating sunflower planted area (Figure 3.13). However, the 

comparison revealed that the sunflower area obtained from our method is overestimated in 

Ukraine-2019, 2020 and Russia in comparison to official agriculture statistics. This overestimation 

is expected, as remote sensing studies have consistently demonstrated an overestimation of 

satellite-based estimates in comparison to national crop area statistics (Jain et al., 2013; Thenkabail 

et al., 2009). The method generated estimates similar to those calculated from Euromap, with a 



85 

 

difference of less than two percentages for France and Hungary. This result is also expected, as 

both maps are based on S1 estimates with a similar spatial resolution. Overall, Ukraine-2020 and 

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

root means square error (RMSE) between the pixel-based map and reference areas was 75.4 tha. 

However, the RMSE error reduced to 35.5 tha for the sampling-based area estimation when 

compared to reference area estimates (Table 3.8). 

 

Table 3.8: Sampling based sunflower mapped area (in thousands of hectares (thsnd ha)) and its 

comparison with the reference area. 

Site Administrative region 
Reference area 

(in thsnd ha) 

Sampling based area 

(in thsnd ha) 

Ukraine-2018 Mykolaiv 560 553±9 

Ukraine-2019 Mykolaiv 499 527±11 

Ukraine-2020 Mykolaiv 513 572±13 

    

Hungary 

Bacs-kiskun,  

Jasz-nagykun szolnok, 

Bekes and Csongrad 

218 205±8 

    

France Gers, Haute-Garonne 88 103±5 

Russia Samara 518 524±11 

USA 

Stanley, Sully, Huges 

and Hyde 83 69±3 
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Figure 3.13: Comparison between sunflower area (thousand hectares) by the sampling-based 

generalization method (Y-axis) and reference area (X-axis) for each site. Black dots represent the 

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

line as 1:1 line. 

 

3.6. Discussions 

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 

S1-derived descending orbit, as compared to the ascending or combined (asc+des) orbits, is 

attributed to the directional behavior exhibited by sunflowers during the peak flowering stage in 

the months of July and August (Atamian et al., 2016; Qadir et al., 2023, Figure 3.14 & 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 descending orbit (Figure 

3.14 & 3.15). The higher importance 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 flowering (Qadir et al., 2023, Figure 3.9). 

As the sunflowerôs flower dominates during the P2/S2 stages (July-August), it is increasingly 

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 the proposed model, sunflower can be mapped as early as two months before its harvest, 

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

pass only may not be enough to capture the directional behavior of sunflower (Qadir et al., 2023). 

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

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

spread, and temporal phenology (until sunflower ñflowerò appears), this increases the risk of 

misclassification and hence care needs to be taken in regions such as South Dakota (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 (July-August) in 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 since crops are dynamic and diverse 

and undergo rapid changes over time (Belgiu et al., 2021; Laborte et al., 2010; Luciano et al., 

2018). The proposed SAR-based model was able to generalize for sunflower mapping across 

diverse regions due to consistent and valid observations owing to its low sensitivity to weather 

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 minimal variation resulting in low omission or commission 

errors (Table 3.7). 

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%) as they had 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 fields were 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 omission 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 resulting in loss of directional behavior in VV 

and VH/VV in descending orbit and hence lower mapping accuracy (Qadir et al., 2023; Surek and 

Nádor, 2015). Analyzing sunflower crop for drought-like situation is beyond the scope of this work 

and is a topic for further study in future. 

The low userôs accuracy observed in the USA is attributed to the confusion between 

soybean and sunflower (Figure 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 site (Song et al., 2017; Wang et al., 2019). The classification 

accuracy obtained was also influenced by the low accuracy of the CDL layer in South Dakota 

(~83%), which is one of the lowest among major crops in the US, thus increasing errors due to 

omission and commission (Reitsma et al., 2016; ñUSDA - National Agricultural Statistics Service 

- South Dakota - Historic Crop Progress and Condition,ò n.d.). Previous studies have shown that 

the CDL layer, which served as our reference data, itself is a classification product and likely 

contains errors that will be propagated forward (Hao et al., 2020; Skakun et al., 2017; Wang et al., 

2019). Underlying ground-based 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 s associated with SAR based spatio-temporal generalization 

This study has several limitations due to associated errors. In this work, we predefined the 

crop growing month/crop phenology based on the previously published work and expert 

knowledge gained in the field which may not hold true across different fields and regions. Selecting 

these pre-defined months as a proxy for phenology(P1-P4) and seasonal (S1-S3) stages may 

introduce errors as they can deviate from the actual field scenario for sowing and harvesting 

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.). Previous studies have also demonstrated 

the usefulness of phenology-based crop characteristics by incorporating metrics such as Growing 

Degree Days (GDD), harmonic analysis, or by utilizing field-based 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 in our work 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 learning (Rostami et al., 2019). The quality of the classifier also comes from the 

precision of the reference dataset on which it was trained. The training 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 validation statistics (Waldner et al., 2019). This method also 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 Ukraine-2020. Despite these multiple sources 

of errors, the classification accuracy remained 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 

during the Russian invasion in Ukraine ((ñUsing Space to Help Feed the Hungry | Harvest,ò n.d.). 

3.7. Conclusions 

The successful mapping of agricultural areas and monitoring the evolution of crops without 

field label relies on the classifier's capacity to generalize across both space and time. In this study, 

we assessed the potential of Sentinel-1 SAR time series-based generalization approach for 

sunflower crop mapping. The model was trained in a selected site in Ukraine using the random 

forest machine learning 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 and seasonal 

composites based on ascending and descending orbit separately. 

The RF classification algorithm demonstrated robustness against predictor errors. Our 

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 sunflower mapping 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 sites were attributed to non-availability 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 both ascending 

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 traditional remote sensing mapping 

and has potential in data sparse regions. As this study only focusses on C-band wavelength, more 

studies are needed to link the interaction of summer crops for L-band/X-band. With the launch of 

L & S-band NISAR mission, more opportunities 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 agro-ecological regions; ii) test the use of phenological predictors (Wang et al., 2019; 

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

Russian invasion: Insights from Sentinel-1 SAR data 

The presented material has been submitted to Qadir, A., Skakun, S., Kussul, N., Sherestov, A., Becker-

Reshef, I., 2023. Estimation of sunflower planted areas in Ukraine during full-scale Russian invasion: 

Insights from Sentinel-1 SAR data. Sci. Remote Sens. 

4.1. Abstract 

Data limitations and attributability issues due to the full-scale Russian invasion of Ukraine 

in February 2022 presents continuing challenges in assessing production of major commodity 

crops in Ukraine. Up-to-date satellite imagery provides evidence of rapid changes in cropland 

within temporary occupied territories (TOT) by Russia within Ukraine. Ukraine is the worldôs top 

producer and exporter of sunflower and, therefore, monitoring, and quantifying changes in areas 

and production is extremely important. We used Sentinel-1 (S1) synthetic aperture radar (SAR) 

images to quantify changes in sunflower planted areas in Ukraine during 2021-2022. We 

developed an operational workflow and produced the first available 20-m resolution sunflower 

maps over Ukraine. We developed a SAR-based 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 sample-based approach. Sunflower area was 

estimated at 7.10±0.45 million hectares (Mha) in 2021 which was further reduced to 6.75±0.45 

Mha in 2022. That represents a 5% decrease in 2022 compared to 2021. That reduction was mainly 

observed in the Russian-occupied regions while we did not find significant changes in sunflower 

areas in Ukrainian-controlled areas. In addition to traditional sunflower producing regions in the 

south and south-east of Ukraine we found new sunflower emerging hotspots along the south-

central and north-eastern regions. Overall, the decrease in sunflower planted area was less severe 

than previously expected and reported in media for the entire Ukraine. This study demonstrates 
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the utility of Earth observation data, namely Sentinel-1/SAR, for monitoring sunflower cultivation 

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

4.2. Introduction 

The Russian full -scale invasion of Ukraine which began on February 24th, 2022, has 

resulted in a significant number of casualties with millions of people displaced and stranded (Abay 

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 and global food security. The agriculture sector is critical to 

Ukraineôs economy and contributes 10% of the countryôs gross domestic product (GDP) and more 

than 20% of exports and 5% of employment before the 2022 full-scale invasion (Glauben et al., 

2022; Lissitsa and Odening, 2005; Shahini et al., 2022). Given Ukraineôs 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 start of the invasion. 

The invasion is expected to continue to have far-reaching effects on Ukraineôs economic growth 

and erode global food security outcomes (Carriquiry et al., 2022; Glauben et al., 2022). 

To estimate crop production, one has to be able to estimate planted areas. Crop monitoring 

and field survey-based crop area estimation during war or armed conflict are fraught with 

challenges related to security, access, data quality, and the dynamic nature of conflict-affected 

environments. After the Russian full -scale invasion, most of the crop estimates mentioned in the 

news were generally based on government reports and sample interviews which were indicative 

rather than absolute (Deininger et al., 2023; FAO, 2016). Given the inherent risks associated with 

conducting field surveys in conflict zones, Earth observation satellites offer a unique and direct 

source of granular, in-season data for monitoring changes in agricultural land use (Eklund et al., 
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2017; Li et al., 2022a; Witmer and OôLoughlin, 2013; Witmer, 2015). A satellite-based 

classification of land use could greatly improve these assessments to gain more reliable crop 

estimates including potential damages to the agriculture located in the invasion-affected areas 

which produce around 40% of the total agricultural output in Ukraine. Previously, satellite-based 

remote sensing has proven to be a critical means in evaluating the socio-economic and 

environmental impacts of conflicts in several countries, including Sudan, Bosnia and Herzegovina, 

the Democratic Republic of the Congo, Syria, and Yemen (Alcantara et al., 2013, 2012; Eklund et 

al., 2017; Estel et al., 2015; Eun and Skakun, 2022; Levin et al., 2018; Müller et al., 2016; Richard 

Gibson et al., 2012; Skakun et al., 2019b). However, it is worth noting that all of these studies 

were primarily focused on either visible or infrared portion of electromagnetic (EM) spectrum. 

The potential of synthetic aperture radar (SAR) satellites, operating within the microwave range 

of the EM spectrum, remains relatively unexplored (Ulaby et al., 1983, 1984; Woodhouse, 2017). 

SAR data holds a distinct advantage over optical and Infrared EM spectrum due to its all-weather 

capabilities, which can be invaluable in providing rapid assessments of crop status during wartime 

especially during cloudy/rainy conditions (Mondal et al., 2022; Qadir and Mondal, 2020). 

Recently, satellite-based research were conducted focusing on grain crops such as wheat as they 

are important for decreasing the food security risk (Abay et al., 2022b; Ben Hassen and El Bilali, 

2022; Ma et al., 2022; Serhii et al., 2022; Shahini et al., 2022). However, to our knowledge, no 

studies are being conducted focusing on the oilseed crop of sunflower, which is the largest grown 

industrial crop in Ukraine. 

Therefore, the primary objective of this study is to estimate sunflower planted areas and 

corresponding changes in Ukraine during Russian full-scale invasion of 2022 and understand 

spatial patterns of those changes. Analyzing changes in sunflower area after Russian invasion is 
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extremely critical because this crop provides the highest profitability to Ukrainian farmers. 

Furthermore, sunflower production has a significant impact on soil degradation due to violation of 

crop rotation policies (Kussul et al., 2022b; Shumilo et al., 2021). 

4.3. Study area and datasets 

4.3.1. Study area 

The area encompassing Ukraine (28.35ï37.84°N, 35.29ï49.14°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 lowlands. It has a total area of approximately 60 Mha with 

a cropland area of 30 Mha, and is composed of 24 oblasts and the Autonomous Republic of Crimea 

(Skakun et al., 2019b, 2017b). As much as two-thirds of the countryôs land surface consists of 

black earth or óchernozemôða resource that has made Ukraine one of the most fertile regions in 

the world renowned as the ñbreadbasket of the worldò. Winter crops such as wheat, barley, 

rapeseed account for 35% of all planted crops; summer crops constitute approximately 50%; 

whereas remaining are dominant by the spring crops. 

Sunflower comprises almost 40% of summer crops with Ukraine leading the global market 

share as the largest producer and exporter of sunflower (United States Department of Agriculture, 

2021; Oil World, 2022). Sunflower production in Ukraine is distributed throughout the country 

with major production regions located in Eastern, South-Central and Southern Ukraine. There is 

an interest in mapping the sunflower crop to estimate sunflower area and subsequent analysis of 

crop rotation violation and sunflower yield prediction (Franch et al., 2015; Gallego et al., 2014b; 

Skakun et al., 2017a). 

 

https://www.sciencedirect.com/science/article/pii/S0034425723002407#bib502
https://www.sciencedirect.com/science/article/pii/S0034425723002407#bib502
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4.3.2. Ukraine boundary 

In this study we utilized the Ukrainian boundaries provided by 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 considered oblasts (Level-1) as the first administrative division, and raions or districts 

(Level-2) as the second administrative division of Ukraine. 

A map depicting the spatial extent of the area temporarily occupied by Russia within 

Ukraine was obtained from the Institute for the Study of War (ISW) (Institute for the Study of 

War, 2022). The map represents the situation as of September 2022 and includes areas occupied 

by Russia since 2014 (Crimea, parts of Luhansk, and Donetsk) (Skakun et al., 2019b) and newly 

occupied regions during the 2022 full-scale. In this analysis, we designate the regions currently 

experiencing active fighting and those temporary occupied by Russia as ñTemporary Occupied 

Territoriesò (TOT) and rest of Ukraine as óFree Ukraineô or Ukrainian-controlled territories (UCT).  

 

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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4.3.3. Sunflower crop cycle 

Sunflower is a short duration summer crop with a crop cycle of 90-120 days. It is a highly 

profitable industrial crop mainly grown for extracting oil and exporting sunflower seeds (Sobolev, 

2020; USDA 2021). The sunflower is typically rotated with wheat and other summer crops 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 

calendar in Ukraine with planting occurring in April/May and harvesting taking place in 

September/October. Sunflower crops in Ukraine are mainly rain-fed, with only a small portion 

being irrigated in parts of the southern regions. 

4.3.4. Sentinel-1 satellite data 

In this study, we utilized the 5.65 cm wavelength C-Band S1/SAR instrument. We selected 

S1 data acquisition in Interferometric Wave (IW) mode which transmits co- and cross-polarized 

microwave signals in the vertical and horizontal planes creating a VV and VH polarized bands, 

respectively (Mondal et al., 2020b; Qadir and Mondal, 2020; Torres et al., 2012). The S1 satellite 

has a temporal revisit time of 12 days in a near-polar, sun-synchronous orbit. The S1-A and S1-B 

share the same orbital plane with a 180o orbital phase difference and the revisit frequency reduced 

to six days on combining the two S1 satellites at the equator. For the study period of 2022, S1-B 

was unavailable due to power issue and hence the revisit frequency again reduced to 12 days. The 

dataset selected was in Ground Range Detected (S1_GRD), level-1 pre-processed in Google Earth 

Engine (GEE) using the S1 toolbox (Gorelick et al., 2017b; Qadir and Mondal, 2020). The selected 

dataset was pre-processed with the following steps (Qadir et al., 2023 b): (i) removal of thermal 

noise, (ii) terrain correction using the SRTM 30m Digital Elevation Model (DEM), and (iii) 

radiometric calibration to backscatter coefficient.  
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4.4. Methodology 

The overall flowchart of the proposed methods is shown in Figure 4.2. Our method for 

sunflower mapping was prototyped for a site in Ukraine and tested at selected sites in Hungary, 

France, US and Russia (Qadir et al., 2023a & b). Here, we advance the method through its 

application for the entire Ukraine using Sentinel-1/SAR data and then estimating sunflower areas 

using a sample-based approach (Olofsson et al., 2014b). The overall method consists of five major 

modules: (1) field survey to obtain calibration and validation data; (2) developing Random Forest 

(RF) based model using S1 satellite data; (3) generalization of the model across space and time for 

sunflower classification; (4) sample-based crop area change estimation; (5) crop map evaluation. 

 

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

estimation. 

 

4.4.1. Field survey data for model calibration and validation 

Reference dataset for sunflower and other crops were collected during field surveys in 

June-July 2022 by the National Technical University of Ukraine ñIgor Sikorsky Kyiv Polytechnic 

Instituteò (Figure 4.3). The surveys were designed to gather training and validation samples for 

the crop mapping model, and the crop and other land cover types and their locations were recorded 
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using a GPS-enabled mobile device. This time window was chosen because sunflower plant is the 

Ukraine typically reach reproductive stage with maximum canopy cover and hence it becomes 

easy to differentiate 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 images. We ensured that the training dataset encompassed the 

diversity of all crop types and was well-distributed over the study site. The samples were overlaid 

onto high-resolution Google Earth imagery, and the corresponding fields were digitized to generate 

vector field boundary polygons. To avoid boundary contamination, an inner buffer of 10 m was 

applied. For Ukraine, a total of 10,875 polygons (82,890 ha) were obtained of which 1,190 

polygons represented sunflowers (14,139 ha), 4,382 polygons represented non-sunflower cropland 

(45,701 ha) and the remaining polygons represented the non-cropland. 

We selected the dataset from the two oblasts of Cherkasy and Kirovohrad for training our 

model (Figure 4.3). We selected these two oblasts as they are centrally located in the transition of 

forest steppe to steppe agro-ecological regions of Ukraine and hence they capture the diversity of 

sunflower landscapes in Ukraine. A total of 1,700 polygons (12,428 ha) were selected of which 

365 represented sunflowers (3,320 ha) for model calibration and validation. 
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Figure 4.3: Field data collection for sunflower crop mapping in Ukraine. The field survey 

comprised of sunflower, non-sunflower crops and non-cropland samples. The bottom figure 

demonstrates the Cherkasy and Kirovohrad oblasts where field survey data was used for model 

calibration and validation. Non-cropland 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. Sunflower 

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 Sentinel-1 time series data. This directional behavior 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 calibrated and validated the model using S1-based metrics and a 

Random Forest (RF) model based on the field work conducted at the two oblasts of Cherkasy and 

Kirovohrad. The sunflower calibration was performed by incorporating 42 multi-temporal metrics 

based on sunflower growth stages derived from S1 satellite data, capturing sunflower phenology 

characteristics. The dataset acquired from the ascending and descending orbits were considered 

separately instead of combining to efficiently capture the directional behavior observed in 

sunflower. 

Monthly composite metrics were calculated for the main growing months, and seasonal 

composites were generated for different seasons in the model development site. We have used the 

RF model as it is known for its ability to handle non-linear relationships between the selected class 

and the input features in SAR images/metrics (Mellor et al., 2013; Pelletier et al., 2016). RF has 

shown its potential for crop mapping across various landscapes. The classifier was parameterized 

with 200 trees, 2 variables per split, 10 pixels per minimum leaf population, and a bag fraction 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 generalized the calibrated model for the entire Ukraine for the year 2022 and 

2021. The homogenous pixels of 20m x 20m were randomly selected from the field polygons for 

model training. A two-phase classification procedure was implemented (dôAndrimont et al., 2021). 

The first step involved classifying the cropland into six crop types: sunflower, maize, cereals, 

rapeseed, soybean and other crops. During the second step, the non-sunflower crop classes were 

grouped into a single class. The random forest model using S1 metrics was calibrated and trained 

to map sunflower, non-sunflower and non-cropland classes. 

As our primary interest was in the sunflower class, we converted the generalized model 

crop classes into binary sunflower, non-sunflower classes by grouping all non-sunflower 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 Dynamic World (DW) land cover map 

for that corresponding year and region (Brown et al., 2022). We also filtered out isolated pixels 

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

4.4.4. Sunflower map validation and change area estimation 

Experimental design to estimate sample-based crop areas of sunflower change followed 

well-established recommended practices (Olofsson et al., 2014a; Stehman, 2013). The goal of 

sample-based crop area estimation was to derive unbiased area and uncertainty estimate at the 

national scale for sunflower crop. The sunflower classified maps based on the model developed 

and generalized across Ukraine (sections 4.4.2 & 4.4.3) was used to classify the territory within 

Ukraine into sunflower, non-sunflower cropland and non-cropland for 2021 and 2022. These maps 

were used to generate a change detection map with five classes: ñStable non-sunflower croplandò 

(non-sunflower areas in both 2021 and 2022), ñStable sunflowerò (sunflower areas in both 2021 
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and 2022), ñsunflower gainò (non-sunflower in 2021 and sunflower in 2022), ñsunflower lossò 

(sunflower in 2021 and non-sunflower in 2022) and ñStable non-sunflower non-croplandò (non-

cropland areas in both 2021 and 2022). We used those classes as strata within a stratified random 

sampling design with 20 x 20 m2 pixels serving as sampling units. The number of samples (n) was 

estimated using the following equation (Olofsson et al., 2014): 

 

 

where N is the population size, Ὓὕ is the target standard error of the estimated overall accuracy, 

ὡ  is the mapped proportion of stratum (class) Ὥ, and Ὓ Ὗ ρ Ὗ  is the standard deviation 

of stratum Ὥ with Ui being the expected userôs accuracy of class i (Cochran, 1977). 

For this study, the resulting sample size was of 800 samples where the strata ñstable sfò 

(sf=sunflower), ñsf in 2021 and nsf in 2022ò (nsf=non-sunflower), ñnsf in 2021 and sf in 2022ò 

were each represented by 200 samples, and the remaining two strata were represented by 100 

samples each (Figure 4.4). Each sample unit (20 x 20 m2 pixel) was labeled by two analysts 

using photointerpretation of multi-temporal SAR composites (Sentinel-1, S1), optical false color 

composites (Sentinel-2, S2), very high spatial resolution (VHR) Google Earth imagery 

complemented through field visit dataset. An example of photo-interpretation to identify 

sunflower, non-sunflower and non-cropland region is given in (Figure 4.5). 

To identify sunflower fields in the S1 false color composites (FCC), the median 

composites in the descending orbit were assigned the primary colors of red, green, and blue 

(Qadir et al., 2023). The first band (VV: March-May) was assigned red, the second band (VV: 

June-August) was assigned green, and the third band (VV: March-May) was assigned blue. 

Sunflower has high backscattering in VV (June-August) 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 green. Similarly, other summer crops are represented as dark-green 

tone (dark cyan) (Figure 4.5e, blue circle). For S2, we have taken bi-monthly median composites 

for March-April, May-June, July-August respectively. The S2 FCC of the March-April 

composite is dominant by the winter crops, May-June is dominant by both winter and spring 

crops and July-August by the summer crops including sunflower and give reddish tone in each 

median composite according to their dominance and hence assist in identifying the cropland. 

Similarly, non-cropland represents urban, water, wasteland and forest/plantation and are easy to 

identify in S1, S2 and high-resolution imagery due to its non-dynamic character.  

In the end, each sampled pixel was interpreted as sunflower, non-sunflower, and non-

cropland class and subsequently employed to generate a confusion matrix in terms of area 

proportions (Olofsson et al., 2014) and subsequently estimate areas and accuracy values along 

with corresponding uncertainties. 

 

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 & non- sunflower 2022, (3) non-sunflower 2021 & sunflower 2022, (4) 

stable non-sunflower cropland and (5) stable non-sunflower non-cropland. 
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Figure 4.5: The S1 and S2 false color median composite for visual interpretation of five stratas 

represented by circle and star for 2021 (a-d) and 2022 (e-h). The S1 FCC VV composites is 

represented by Red: March-May, Green: Jun-Aug, Blue: March-May in (a) and (e). The S2 FCC 

composites is represented by Red: NIR, Green: Red, Blue: Green in (b-d) for 2021 and (e-h) for 

2022. For S2, bi-monthly median composites are generated for March-April (b & f), May-June (c 

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

 

4.4.5. Ancillary data on sunflower area statistics 

We compared our sunflower area estimates for 2021 and 2022 with the official and the 

United States Department of Agriculture (USDA) Foreign Agricultural Services (FAS) statistics. 

We collected the official agricultural statistics from the State Statistics Service of Ukraine (SSSU) 

website (https://www.ukrstat.gov.ua/). This dataset was compiled by oblast bureau of statistics 

with crop information including planted and harvested area, yield and production of major crops. 

We also compared the sunflower area estimates at the oblast scale using our map-based estimates 

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 the sunflower crop, statistics for all the oblasts were 

available except the Russian-occupied Crimea. Quantitative analyses were conducted by 

calculating the coefficient of determination r2, and the root mean square error (RMSE). 

4.4.6. Sunflower hotspots analysis 

Hotspot analysis is a spatial analysis and mapping technique that identifies and quantifies 

statistically significant spatial clusters of high concentration (hot spots) and low concentration 

(cold spots). The two most common approaches in spatial analysis are Moranôs Index (Moranôs I) 

and Getis-Ord Gi* (Anselin, 1995; Getis and Ord, 2010; Ord and Getis, 1995). The local Moranôs 

I has the ability to identify local clusters (Kamusoko et al., 2014). The local Moranôs I statistic 

associated with the i th observed data point is given by 

)
ᾀ ᾀӶ

„
ύ ᾀ ᾀӶ

ȟ

ȟ                                                                        τȢς 

where ) is the local Moranôs I coefficient, ὤ is the value of feature on location i, ᾀӶ is the feature 

mean, ᾀ is the value at all other locations such that jÍi, and „  is the variance of z. A high positive 

value of Moran's I indicates presence of spatial cluster and a high negative value shows the 

presence of spatial outliers. 

Local Moranôs I statistic described cannot discriminate between hot spots (i.e., high-high 

clustering) and cold spots (low-low clustering). The Getis-Ord Gi* is a local statistical measure 

that can distinguish between hot and cold spots. The Getis-Ord Gi* statistics is used in conjunction 

with the Moranôs I to understand spatial patterns. The Gi
* statistics represents the value of a target 

feature in the form of z-score. Consider an area subdivided into N regions, n=1,2, é N, where each 

region has a centroid with x and y coordinates in a Cartesian plane. We observe data 

ᾀȟᾀȟᾀȟᾀȟȣȢȟᾀ where ᾀ is associated with the i th region. The Getis-Ord local statistic is given 
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by (Getis and Ord, 2010) 

Ὃᶻ
В

В
,                                                                                               τȢσ 

where ύ  is the spatial weight between observations i and j. Usually, ύ  is binary with ύ ρȟ  

if observations j are within a threshold distance d of observation I, and 0 otherwise. Because the 

denominator is constant in Eq. 3, a higher value of the set of observations ᾀ for which ύ  > 0 

correspond to higher values of Ὃᶻ. Positive values with higher z-score values indicate clustering 

of high values (hot spots) and negative values with lower z-score values indicate clustering of low 

values (cold spots) (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, we computed the Moranôs 

I and Getis-Ord Gi* for each polygon to identify statistically significant hotspots and cold spots 

and outliers. 

 

4.5. Results 

4.5.1. Sunflower area estimation and accuracy assessment 

We estimated sunflower planted area in Ukraine at 7.10±0.45 million ha (Mha) and 

6.75±0.45 Mha in 2021 and 2022, respectively (Figure 4.6) (Uncertainties are expressed as a 95% 

confidence interval). We estimated a decrease of 0.355 Mha, or 5%, of sunflower area for the year 

2022 compared to 2021. Majority of this decrease 0.348 Mha, or 29%, was estimated in the 

Russian-occupied regions, while we did not find any substantial changes in Ukrainian-controlled 

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, farmers underreport actual planted sunflower areas 

(Sobolev, 2020). 

For 2022, official statistics was only available for Ukrainian-controlled areas, while USDA 

FAS was provided for the entire Ukraine though without accounting planted areas in the Russian-

controlled territories. 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 sunflower back-to-back in 

2021 and 2022 at 0.614±0.072 Mha which represents approximately 9% to the total sunflower 

area. Per Resolution of the Cabinet of Ministers of Ukraine, 11 February 2010, Nr 164, ñApproval 

of standards for optimal balance of crop types in crop rotation in different natural and agricultural 

regionsò, the optimal sunflower rotation is 7 yearsðmeaning that sunflower is advised to be 

planted on the same fields once per 7-year cycle. Unfortunately, these rules are not always 

followed as demonstrated by our findings and previous research (Fileccia et al., 2014), and 

ultimately can have negative impact on yields and production of cereals (Deininger et al., 2023; 

Kussul et al., 2022d). 
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Figure 4.6: Sample-based 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 Ukrainian-controlled and Russian-controlled territories as of September 2022. 

Table 4.1 shows confusion matrix in terms of area proportions for the entire Ukraine along 

with per-class performance metrics: producerôs accuracy (PA) and userôs accuracy (UA). Overall, 

per-class PA/UA values were close or higher than 90% that 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 areas in Ukraine are mainly distributed in the fertile breadbasket region of 

central, southern and south-eastern Ukraine (Figure 4.7 & 4.8). Low concentration of sunflower 

fields was observed in the Western Ukraine. The sunflower area derived from the uncalibrated 

map through pixel counting was 7.13 Mha and 7.02 Mha for 2021 and 2022, respectively. These 

estimates based on pixel counting were over-estimated by approximately 3% and 4%, respectively, 

when compared to the sample-based estimates. The three oblasts with the largest sunflower area 

(in 2021) were Dnipropetrovsk, Kharkiv and Kirovohrad, whereas for 2022 Dnipropetrovsk 

remained the largest followed by Kirovohrad (Figure 4.7 & 4.8). The lowest sunflower area was 
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observed in the western Ukraine and the region surrounding Kyiv  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 imagery combined with field survey dataset. 

  Reference 

M
a

p 

Class 

sf2021-

sf2022 

sf2021-

nsf2022 

nsf2021-

sf2022 

stable nsf 

cropland 

stable nsf 

non-cropland UA PA 

sf2021-sf2022 0.0097 0.0007 0.0005 0.0002 0.0000 0.88 0.95 

sf2021-nsf2022 0.0006 0.1041 0.0000 0.0061 0.0000 0.94 0.96 

nsf2021-sf2022 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 0.95 

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 high-resolution background image source: ESRI/Earthstar Geographics. 






























