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ABSTRACT 

The study aims to detect waterlogging dynamics in agricultural fields and quantify its effect on crop 

development at different growth stages using synthetic-aperture radar (SAR) and optical satellite images. 

Firstly, waterlogging dynamics (occurrence, extent, and timing) have been detected from Sentinel-1 (S1) 

and PlanetScope (PS) images. Hereafter, temporal profiles from Sentinel-1(S1) and Sentinel-2 (S2) have 

been used to understand the development of the crop in different growth stages. Finally, the impact of 

waterlogging has been quantified by comparing crop development in non-waterlogged (NWL) and 

waterlogged (WL) locations in different growth stages by the synergistic use of radar (S1) and optical (S2) 

images. 

A threshold value of Normalized Difference Water Index (NDWI) ≥ -0.27 on PS images was applied, and 

a threshold value of 𝜎𝑉𝑉
0  ≤ -16 dB on S1 images was employed to separate the waterlogged areas. 

Temporal profiles of 𝜎𝑉𝐻
0 , 𝜎𝑉𝑉

0 , cross-ratio (CR), and radar vegetation index (RVI) from S1 and 

Normalized Difference Vegetation Index (NDVI) from S2 have been generated for the season 2021 to 

observe crop development. Time series analysis from sample sites at the intra-field level has been done to 

see how the crop development is reflected in NWL and WL crops. Finally, patterns of NDVI deviation in 

NWL and WL locations are mapped at the intra-field level in different growth stages. 

Results show that PS detected 3.95% (7.17 𝑘𝑚2), where S1 spotted 3.76 % (6.83 𝑘𝑚2) of the area as 

waterlogging. CR and RVI from S1 and NDVI from S2 perform as a similar indicators of crop 

development monitoring. However, S2-derived NDVI shows an early increase and decrease than CR and 

RVI from S1 in the initial and senescence stages as NDVI is sensitive to chlorophyll, whereas CR and RVI 

are sensitive to biomass and vegetation water content (VWC). The highest NDVI differences (up to 0.4) 

between NWL and WL crops are noticed during the flowering and fruit development stage (May to mid-

June). Due to less biomass being developed in the WL crop during leaf development and stem elongation 

stage in April, CR shows slightly lower values (2-3 dB) in WL locations. Similar to NDVI, the highest 

difference in CR and RVI between WL and NWL locations is found during May, when winter wheat 

shows maximum growth. A delay in crop growth in the WL location is also noticeable during crop 

development. The highest discrepancies between NWL and WL locations are found from January to 

March by combining S2-derived NDVI, and S1-derived scaled CR due to the sensitivity difference of 

NDVI and CR to waterlogging. From the leaf development and stem elongation to flowering and fruit 

development stages, the ratio of CR and NDVI responded similarly to crop growth in both waterlogging 

states. However, some inconsistencies are found during senescence due to the difference in the rate of 

biomass and chlorophyll loss in NWL and WL crops. The spatial patterns of NDVI deviation show that 

high and very high deviations coincide with the WL locations, especially when waterlogging has a longer 

duration, and the deviation is the highest during the flowering and fruit development stage. The study 

reveals that the synergy capabilities of optical and radar images are the potential for detecting waterlogging 

dynamics as well as assessing the difference in crop development between WL and NWL crops. 

Keywords: Waterlogging, Sentinel 1, Sentinel 2, PlanetScope, Crop growth stages, NDVI, RVI, Cross 

ratio, winter wheat, time series analysis.  
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1. INTRODUCTION 

1.1. Background and research problem 

Agriculture plays an important role in securing the sustainable food security of a country. However, 

adverse weather impacts, such as waterlogging, can reduce the productivity of agricultural lands. 

Waterlogging refers to the excess water in the soil pores and root zone that obstruct gas transfer between 

soil and the atmosphere (den Besten et al., 2021; Marti et al., 2015; Ritzema, 2016). Across the literature, 

different terms are used to refer waterlogging as inland excess water (Pásztor et al., 2015a; Van Leeuwen et 

al., 2020), ponding water (Pantaleoni et al., 2007), temporary flood (Tsyganskaya et al., 2018a). 

Both natural and anthropogenic causes can be responsible for waterlogging. Waterlogging usually occurs 

naturally in flat-land due to substantial rainfall, groundwater contribution (Pásztor et al., 2015b), and soil 

impermeability (Ritzema et al., 2008). Moreover,  local small-scale depressions and a shallow groundwater 

table increase the chance of having waterlogged (WL) soils (Valipour, 2014). On the other hand, poor 

drainage systems, excessive irrigation (Linkemer et al., 1998), and ridge tillage (Chen et al., 2020) are 

examples of human intervention that can result in waterlogging. 

WL soils obstruct the gas exchange of the plants and hamper the transpiration and photosynthesis process 

of the plants (Sairam et al., 2008; Sasidharan & Voesenek, 2015). Agricultural damage happens when the 

plants cannot get sufficient oxygen due to high groundwater levels for an extended period (Karoly et al., 

2013). Besides, stomatal opening is heavily affected when plant roots cannot uptake ions due to oxygen 

deficiency caused by WL soil (Irfan et al., 2010). Waterlogging affected plants exhibit wilting, yellowing 

leaves, and a reduction in the growth and yield of the crops (Kaur et al., 2020; Shaw et al., 2013). Excess 

water in agricultural areas negatively influences the development and growth of crops and crop 

productivity.  

Depending on its duration, frequency, extent, and timing, waterlogging results in damage to the quality 

and quantity of the crops in the affected agricultural areas (Karoly et al., 2013). Agricultural practice, soil 

type, climate, crop type, variety, and age are some notable factors influencing the impact of waterlogging. 

To accurately assess the crop damage, parameters such as waterlogging timing, water depth, and flow 

velocity need to be considered (Tapia-Silva et al., 2011).  

The classical method of waterlogging detection and crop damage assessment requires field visits and 

manual digitization of waterlogging and crop damaged areas which is a very time-consuming, labor-

intensive, and costly task. Quick detection of waterlogging and damaged area is needed to support farmers’ 

management practice. So timely and accurate waterlogging mapping and agricultural impact assessment 

with remote sensing are inevitable (Van Leeuwen & Tobak, 2015). Nowadays, earth observation data 

provides a rapid and cost-effective solution for water detection (Nasirzadehdizaji et al., 2019), mapping 

crops (Mosleh et al., 2015), and monitoring crop conditions (Yu et al., 2013). Continuous crop monitoring 

throughout the season can give an overview of the alteration due to waterlogging. Since intensive rainfall 

is one of the reasons for triggering waterlogging, observation with optical sensors is problematic as cloudy 

situation prevails during the time of waterlogging (den Besten et al., 2021; Prigent et al., 2020). Moreover, 

the inability to observe under the canopy is the limitation of remote sensing techniques, especially for 

monitoring waterlogging in agricultural fields (den Besten et al., 2021; Lillesand et al., 2015). 

So far, no research has been done on waterlogging and its impact on crops throughout the crop lifetime 

with the synergistic use of optical and radar images. Therefore, in this research, waterlogging occurrence, 

extent, and timing have been studied using very fine and moderate resolution PlanetScope (PS) and 
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Sentinel-1 (S1) images. Moreover, the impact of waterlogging on crops in different growing stages has 

been quantified utilizing the Sentinel-1 (S1) and Sentinel-2 (S2) time series. The results of the research will 

help the agronomist to understand the variation of the effects of waterlogging throughout the season. 

Moreover, the research outcomes will help the farmers to plan and optimize the management practice (e.g., 

improving drainage and replacing with waterlogging resistant variety or crops) to combat damage resulting 

from waterlogging. 

An example of a country struggling with waterlogging is Hungary, where waterlogging is very dynamic, 

and more than 24% of the agricultural land is moderately or highly vulnerable to it (Mezősi, 2017). Since 

about 50% of the territory of Hungary is low-flat land, larger areas of the country are vulnerable to 

waterlogging (Kuti et al., 2006). Moreover, frequent temporary waterlogging has become a severe problem 

in the Hungarian Plain due to extreme and erratic rainfall in recent years. The large geographic extent of 

the endangered area makes it more difficult to predict its occurrence (Pálfai, 2011; Vízűgy, 2011). 

Throughout the study, agricultural fields in Szarvas, Hungary, have been used as a case study. 

1.2. Research objectives and research questions 

1.2.1. General objective  

To detect waterlogging dynamics in agricultural fields and quantify its effect on crop development using 
Synthetic-Aperture Radar (SAR) and optical satellite images. 

1.2.2. Specific objectives  

The specific objectives with relevant research questions are: 

Specific objective 1: To detect and map waterlogging dynamics (occurrence, extent, and timing) across 
the selected study area using S1 and PS images. 

RQ1: How can the waterlogging dynamics (occurrence, extent, and timing) be detected using S1 
and PS images across the study area?  

RQ2: What are the differences and similarities between waterlogging dynamics detected from S1 
and PS images? 

Specific objective 2: To monitor crop development throughout the season by utilizing temporal profiles 
of  S1 images (VV, VH, and VH/VV) and vegetation indices (e.g., RVI and NDVI) extracted from S1 and 
S2 images, respectively. 

RQ3: How can crop development be monitored with S1 and S2 images? 

RQ4: How do cross-ratio (CR = VH/VV), RVI, and NDVI derived from S1 and S2 vary in 
different crop growth stages?  

Specific objective 3: To quantify the impact of waterlogging on crops by comparing crop development in 
waterlogged (WL) and non-waterlogged (NWL) locations in different crop growth stages. 

RQ5: What is the impact of waterlogging observed in different crop growth stages using the S1 
and S2 time series?  

RQ6: How can the difference in crop development be evaluated in WL and NWL crops by 
combining S1 and S2? 

RQ7: What is the spatial pattern of NDVI deviation in NWL and WL locations in different 
growth stages at the intra-field level? 
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2. STATE OF THE RESEARCH 

The following sections give an overview of the state of the research related to the most important aspects 

of observing waterlogging and its effects with microwave and optical techniques in agricultural areas. 

2.1. Review of the use of SAR data in observing waterlogging in agricultural areas 

Surface objects interact with the radar signals in a complex way. Therefore, many aspects of these 

interactions must be considered in detecting waterlogging and its effects in a complex agricultural 

environment. 

2.1.1. Backscatter interaction 

Radar backscatter depends on surface roughness and dielectric property of the scattering surface (Kim & 

Van Zyl, 2009). Backscatter from waterlogged vegetation (e.g., agricultural land) involves complex 

processes. Total captured backscatter from waterlogged vegetation includes scattering from the canopy, 

water, and soil surface. Standing smooth water surface in the waterlogged area creates specular reflection 

when radar signals are reflected away from the sensor resulting in low backscatter (Figure 1). Sometimes, 

backscatter increases as a result of double bounce scattering if the radiation hits between the water surface 

and vegetation stem perpendicularly and is reflected to the sensor (Pulvirenti et al., 2011; Pulvirenti et al., 

2013; Woodhouse, 2006).  

 
Figure 1: Radar backscattering mechanism in WL agricultural land: a) diffuse scattering on the rough surface, b) double 
bounce, c) specular reflection on the smooth water surface, d) diffuse volume scattering on the canopy. 

2.1.2. Wavelength 

Radar has a longer wavelength than the optical signals, which is capable of penetrating cloud. Depending 

on the ratio of the wavelength and the geometric parameters of the canopy (thickness and the size of the 

leaves and branches), water under the canopy can be observed (Hess et al., 2003; Wang, 2002). Studies 

suggested that the L band radiation with a wavelength of 15-30 cm is suitable for detecting waterlogging 

beneath the vegetation (Betbeder et al., 2014; Hess et al., 1995, 2003). The capability of penetrating 

vegetation becomes limited at shorter wavelengths, such as C-band (3.75-7.5 cm) and X-band (2.5- 3.75 

cm) (Costa et al., 2002; Hess et al., 2003; Parker, 2010). Nevertheless, this capability depends on vegetation 

height, gap, and density. Generally, C-band and X-band are useful to detect waterlogging if the vegetation 

density is low or during the leaf-off (no foliage) condition (Martinis & Rieke, 2015; M. Zhang et al., 2016). 



OBSERVING WATERLOGGING AND ITS IMPACT ON AGRICULTURE IN HUNGARY USING RADAR AND OPTICAL IMAGES   

11 

2.1.3. Polarization 

Polarization in the SAR system can be horizontal (H) or vertical (V) in a single channel. The signals can be 

transmitted and received in co-polarised (VV or HH), cross-polarised (HV or VH), and dual-polarised 

modes (HH and VV, HH and HV, and VV and HV). Numerous studies suggested that HH is more 

suitable for detecting WL vegetation as double-bounce scattering is lower in VV than HH polarization 

(Wang et al., 1995). The HH polarization has a better monitor capability of the vegetation compared to 

VV, and HH is better reflected when hitting the water surface (Pierdicca et al., 2013). Furthermore, co-

polarisation is better in detecting waterlogging as double-bounce scattering is more detectable in co-

polarisation than cross-polarisation (Hess et al., 1990; Marti-Cardona et al., 2010).  

 

Single-polarised images cannot differentiate different scattering mechanisms when looking into WL plants. 

However, backscatter intensity increases in inundated vegetation, making detection easy with proper 

knowledge of the area studied (Betbeder et al., 2014). Although in the past, Pulvirenti et al. (2011) and 

Kasischke et al. (2003)  used single-polarised data to detect water in agricultural lands, nowadays, multi-

polarised SAR data are popular as it can give more insight into detecting individual scattering mechanisms 

(Souza-Filho et al., 2011).  

 

2.1.4. Incident Angle 

In general, the incident angle of a satellite sensor ranges between 10° to 65°, steep to shallow. A steeper 

angle has a shorter path, enabling SAR signals to pass through the vegetation canopy more quickly than a 

shallow angle (Tsyganskaya et al., 2018b). Therefore, studies showed that a smaller incident angle is 

somewhat better for detecting waterlogged vegetation (Bourgeau-Chavez et al., 2009; Costa et al., 2002; 

Kandus et al., 2014; Richards et al., 2007). However, according to the results from Lang et al. (2008), the 

ability to detect waterlogged vegetation did not change much while changing the incident angle. 

2.1.5. Biomass 

Aboveground biomass has a significant influence on detecting WL areas under vegetation. Biomass is 

illustrated as canopy (Dwivedi et al., 1999), leaves, and stems (Kasischke et al., 2003). According to the 

studies by Mougin et al. (1999),  Pope et al. (1997), Sang et al. (2014), and Yu et al. (2016), radar 

backscatter increases with the growth of biomass. For a given frequency, the saturation point, determined 

by biomass at which water is no longer detectable under vegetation, changes with the crop phenology.  

2.1.6. Soil Moisture, water depth, and plant height 

The backscattered signal from WL vegetation is also influenced by the physical characteristics of the 

ground surface contribution. Results from Kasischke et al. (2003) indicated that an increase in backscatter 

is noticeable if the soil moisture increases in all growth stages of the plants. However, only double-bounce 

and volume scattering from the canopy is dominant if the soil is WL (Kwoun & Lu, 2009). 

According to the study from Pulvirenti, Chini et al. (2011), backscatter intensity is influenced by the water 

level in WL agricultural vegetation. Plant height and water level changes can show increased backscatter 

due to the predominant double-bounce effect when the plant is partially submerged in water. Nevertheless, 

backscatter will not increase at the beginning stage of the crop as short plant height does not introduce the 

double-bounce effect (Pulvirenti, Chini, et al., 2011).  

2.2. Review of the use of passive microwaves in observing waterlogging in agricultural areas 

According to numerous studies, the passive microwave has a great potential to detect waterlogging under 

dense vegetation (Choudhury, 1989; Hamilton et al., 1996; Prigent et al., 2001; Sippe et al., 1998a). The 

high dielectric constant of water compared to soil shows low emission of microwave signals, making 
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waterlogging more detectable (Sippe et al., 1998b). Lower frequency (e.g., L-band) passive microwave 

signals are better than higher frequency (Ka-band) in detecting soil wetness under the canopy as the 

atmosphere and canopy have less influence on lower frequency signals. Den Besten et al. (2021) used L-

band-derived soil moisture for monitoring soil moisture over sugarcane fields for irrigated and non-

irrigated areas (Figure 2). However, the passive microwave has a limitation of coarse spatial resolution to 

detect waterlogging.  

 
Figure 2:  Time series of soil moisture derived from SMAP L-band passive microwave observation for irrigated and non-
irrigated sugarcane plantation (den Besten et al., 2021). 

2.3. Review of optical data in observing waterlogging in agricultural areas  

Optical satellite images are capable of detecting waterlogging as water emits visible (VIS) and near-infrared 

(NIR) signals differently (den Besten et al., 2021). In general, water absorbs longer wavelengths, whereas 

short wavelengths are more reflected. For instance, the infra-red showed promising results in detecting 

WL areas (Choubey, 1997). Brahmabhatt et al. (2000) and  Mandal & Sharma (2001) found that WL soil 

exhibited deep dark grey to light black color in the visual interpretation method. Chowdary et al. (2008) 

applied Normalized Difference Water Index (NDWI) to detect WL surfaces in rice, maize, and wheat 

fields. Furthermore enhanced vegetation index (EVI) and land surface temperature (LST) can be very 

useful for monitoring sub-surface WL agricultural land by analyzing the distinct ecology and 

thermodynamics of the WL plants (Xiao et al., 2014). Furthermore, den Besten et al. (2021) illustrated that 

the NDVI time series can be used to monitor waterlogging impact on crop growth. Pekel et al. (2016) 

successfully detected flooded irrigated rice paddies with JRC global surface water dataset in Sacramento 

Valley, USA, by analyzing Landsat imageries from 1984 to 2015. 
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3. STUDY AREA 
The chapter includes descriptions of the study site, climate, land cover, and land use, soil characteristics, 

topography and field visit, and reconnaissance. 

3.1. Study site 

The study area is 180 𝑘𝑚2 and lies in the southeast part of the Great Hungary plain (Figure 3). The Körös 

river runs through the study site in the north-western part. According to the study by Van Leeuwen et al. 

(2017), the area is moderately to highly vulnerable to waterlogging.  

 
Figure 3: Study area location around Szarvas, Hungary. The orange blocks indicate winter wheat parcels (n=22), and the 
green points are test locations. 

3.2. Climate 

Hungary has a humid continental climate, and hot summer can be observed in many areas (Beck et al., 

2018). The average temperature ranges from 8 ͦ to 11 ͦ  with January and July being the coldest and hottest 

months respectively (Barreto et al., 2017) . Most rainfall falls from May to August, whereas potential 

evaporation is also high during this time. However, sudden high rainfall events and snowmelt, in 

combination with low evaporation, result in waterlogging between November and March (Yun, 2017). 

Figure 4 shows that more than 250,000 ha area in Hungary was found WL in 1999, 2000, 2006, and 2010 

(Pálfai, 2011; Vízűgy, 2011). 
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Figure 4: Annual precipitation and area covered with waterlogging in Hungary from 1935 to 2011 (Pálfai, 2011). 

3.3. Landcover and landuse 

Landcover in Békés county and Szarvas (Figure 5) is mainly dominated by cropland. The main crops 

produced in this area are winter wheat, alfalfa, maize, and rapeseed. 

 
Figure 5: Landcover map (10m) of Békés county from European Space Agency (ESA) WorldCover of 2020. The black box 
indicates the study area, Szarvas. 

3.4. Soil characteristics 

The soil texture and grain size are vital indications of waterlogging (Karoly et al., 2013). The study area has 

clay loam and clay soil texture depicted in Figure 6. The hydrologic conductivity of loamy and clayey 

sediments varies between 2-45 mm/h and 0-4 mm/h, respectively, whereas for sand, it is 50-600 mm/h 

(Lajos, 2009). According to the results from Khadka (2018), clayey texture showed very less infiltration 

rate compared to other soil textures. Thus, the clayey soil is the most susceptible to the development of 

waterlogging. The study area has chemozems as the dominant soil type (Pásztor et al., 2018).  
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Figure 6: Soil texture map of Hungary [adopted from Mez˝ Osi et al. (2015) based on AGROTOPO.] The red box indicates the 
study area. 

3.5. Topography 

Figure 7 shows the Digital elevation model (DEM) of Hungary. The study area is located on the flat 

terrain of the Great Hungarian Plain. The study area has an elevation difference of only about 20 m, and 

the local relief may trigger (accumulated) waterlogging from rainfall events (Pásztor et al., 2006). 

 
Figure 7: Digital elevation model of the study area [source: EU-DEM, (2017)]. 

3.6. Field visit and reconnaissance 

A fieldwork was conducted from 12th March to 14th March in Szarvas, Hungary. Before going to the field, 

some selected plots with waterlogging vulnerability have been identified by visual inspection of Google 

Earth Pro imageries from the study period (2020-2021). Several time series analyses from S1 in selected 

WL and NWL areas have been checked prior to the field visit to understand the backscattering differences. 

The fieldwork started with a reconnaissance survey in different plots to understand the study area's land 

cover, topography, and agricultural practices. During the fieldwork, no waterlogging occurred as there was 
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very low rainfall from January 2022 to March 2022. However, traces of waterlogging have been found in 

some plots, and the differences in soil roughness, texture, moisture content, and vegetation were 

noticeably different from unaffected areas. Areas with waterlogging traces were investigated with a hand 

auger down to 60-80 cm to see the soil profile and texture compared with areas with no traces of 

waterlogging. The descriptions and photographs of the visited fields are shown in Table 1. 

Table 1: Descriptions of the fieldwork sites. 

Area 1a 

Information Date: 13th March 2022 

Coordinate: 46°52'47.20"N, 20°30'8.79"E 

Trace of waterlogging: yes 

Description:  

• Covered with winter wheat of about 5-7 cm average in size. 

• Wheat plants are more sparse, yellowish, and shorter than the NWL part of the 

plot. 

• Clay at 50 cm, very much clayey, compact, and hard impermeable soil. 

• It was difficult to dig even with an auger because of its hardness. 

 

Photographs  
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Area 1b 

Information Date: 13th March 2022 

Coordinate: 46°52'42.96"N, 20°30'10.59"E 

Trace of waterlogging: no 

Description:  

• Winter wheat plants have an average size of 7-10 cm. 

• Wheat plants are greener, longer, and more closely packed than WL plants. 

• The soil texture is less clayey than the WL part.  

• It was comparatively easier to dig the soil. 

 

Photographs 

 

 

Area 2a 

Information Date: 14th March 2022 

Coordinate: 46°48'47.15"N, 20°35'43.56"E 

Trace of waterlogging: yes 

Description:  

• Covered with winter wheat of about 5-6 cm in size. 

• Very low leaf development or dead plant due to waterlogging effect. 

• It had a canal to drain out excess water (see photographs).  

• Waterlogging traces were found in two spots within the same field. 

Photographs 
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Area 2b 

Information Date: 14th March 2022 

Coordinate: 46°48'47.10"N, 20°35'43.35"E 

Trace of waterlogging: yes 

Description:  

• Covered with winter wheat of about 4-5 cm in size. 

• The soil was hard, dry, and compact, with a thick clayey sediment cover. This 

part of the plot was recently ploughed to lose the soil. 

• More than half of the plant is dying. 

 

Photographs 

 

 

Area 3 

Information Date: 14th March 2022 

Coordinate: 46°48'53.28"N, 20°35'2.58"E 

Trace of waterlogging: yes 

Description:  

• Alfalfa is found at an average of 2 to 4 cm in size. 

• Waterlogging trace was not very clear due to newly ploughed and sowed land. 

• It also had a canal to drain excess water (see photographs).  

Photographs 
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4. DATASETS 

In this chapter, all the datasets used in this study, such as satellite data, agroclimatic data, and soil water 

content, are described. Moreover, this section also includes the crop development stages of winter wheat. 

4.1. Satellite data 

For this research, three different remote sensing products (S1, S2, and PS) were used for waterlogging 

detection and time series analysis to monitor crop development. 

4.1.1. Sentinel-1 

Sentinel-1 (C-band) Interferometric Wide (IW) swath at 5*20m spatial resolution offers both single and 

dual-polarization options- vertical transmission with vertical reception (VV) and vertical transmission with 

horizontal reception (VH) (ITC, 2019). Both polarizations (VV and VH) interact differently with water 

and land surface. The roughness of the surface can be detected with the VV polarization, which may be 

altered sometimes with the intervention of wind when observing the water surface. On the other hand, 

VH polarization performs better while detecting vegetation (Markert et al., 2020). For this study, only VV 

in descending orbit has been utilized for waterlogging detection, and both polarization in ascending and 

descending orbit has been used for time series analysis for crop development monitoring (Figure 8 and 

Table 2). This study uses the S1 (S1_GRD_FLOAT) dataset from Google Earth Engine (GEE) that is 

pre-processed using the Sentinel-1 Toolbox to remove thermal and border noise, perform radiometric 

calibration, and terrain correction. Additionally, median speckle filtering was applied (Figure 13). 

Radiometric terrain normalization were performed in GEE by the framework developed by Mullissa et al. 

(2021) to further remove the influence of topography on the SAR backscatter. Figure 8 shows the 

descending (left) and ascending (right) passes over the study area, and relative orbit 51, 175, 153, and 102 

overlaps the Szarvas boundary. Therefore, S1 has frequent and consistent coverage over the study area. A 

total of 240 images (20 images/month) have been found for the time series analysis. 

 
Figure 8: S1 descending (left) and ascending (right) passes in different relative orbital tracks covering the study area. The red 
box shows the study area in Hungary (gray shade). 
 
Table 2: List of S1 GRD-IW data available over the study area. 

Relative orbit Pass Local acquisition time 

51 DESCENDING 04:54 

175 ASCENDING 16:34 

153 DESCENDING 04:46 

102 ASCENDING 16:26 
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4.1.2. Sentinel-2 

S2 consists of two multispectral satellites, namely 2A and 2B, offering five days of revisiting time together. 

S2 contains 13 spectral bands, including visible, near-infrared, and short-wave infrared. This study utilizes 

the freely available data from the "COPERNICUS/S2_SR" offered by GEE. This study area is covered by 

a total of 88 images (7 images/month) from two tiles which have been utilized for time series analysis 

(Figure 9, Figure 10, and Table 3).  

 
Figure 9: S2 tiles covering the study area. The red box indicates the study area in Hungary (gray shade). 

Table 3: List of S2 data available over the study area. 

Tiles Pass Local acquisition time 

34TDT DESCENDING 09:44 

34TDS DESCENDING 09:44 
 

 
Figure 10: S1 and cloud-free S2 temporal coverage in the year 2021 over the study area. The collections include observations 
from all orbits. 
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4.1.3. PlanetScope 

Planet's Dove Satellite provides daily observation of red, green, blue, and near-infrared bands at a ground 

sampling distance of 3.7–4.1 m, resampled to 3 m for final data products (Houborg & McCabe, 2016; 

Huang & Roy, 2021). This high-resolution spatial and temporal imagery creates new opportunities to 

monitor the agriculture field instantaneously, timely, and repeatably. PS constellation consists of 130+ 

satellites that enabled to achieve a revisit time of 1.5 days in 2020 globally over the land surface (Planet 

Labs, 2022; Roy et al., 2021). For this study, daily PS images were filtered from the Planet explorer 

(https://www.planet.com/explorer/) based on two search criteria- (a) 100% cloud-free of the area of 

interest and (b) acquisition period between November 2020 to March 2021 (potential waterlogging period). 

Fifteen cloud-free ortho tile images were found for further analysis. PS ortho tile images are ready-to-use 

data as the radiometric, sensor, and geometric corrections are performed on the images (Table 4). 

Therefore, no additional preprocessing step was applied to the selected images.  

Table 4: PS surface reflectance ortho tile image description (Planet Labs, 2022). 

Product Attribute Description 

Pixel size 3.125 m 

Product Size Tile size is 25km x 25km (8000 lines x 8000 columns)  

Geometric Corrections GCPs and high-resolution DEM (a post spacing of 30m to 90m) are 

used to orthorectify. 

Atmospheric Corrections Images are corrected with 6SV2.1 radiative transfer code, and additional 

correction has been done using near-real-time MODIS data 

(MOD09CMG and MOD09CMA). 

Resampling method Cubic Convolution 

 

4.2. Agroclimatic data 

This study uses NASA POWER reanalysis products for temperature and rainfall as there was no nearby 

ground weather station in the area studied. Results from Rodrigues & Braga (2021) proved that there is a 

good agreement between ground observations and the NASA POWER dataset. The agroclimatic data are 

available daily at 50km spatial resolution at the NASA POWER’s website (https://power.larc.nasa.gov/). 

4.3. Soil moisture 

VanderSat (https://vandersat.com) utilizes Land Parameter Retrieval Model (LPRM) algorithm to retrieve 

5cm depth of soil water content product at a spatial resolution of 100 x 100 m using their patent 

downscaling method (De Jeu et al., 2014; Owe et al., 2001; Owe et al., 2008). Thus, for this study, soil 

water content data provided by VanderSat retrieved from SMAP are used. 

4.4. Crop growth stages 

Crop growth stages and lengths for winter wheat are adapted from FAO (Allen et al., 2006), crop calendar 

(JRC-MARS, 2015), Biologische Bundesanstalt, Bundessortenamt und CHemische Industrie (BBCH) scale 

(Meier et al., 2018), and expert knowledge from the study area. The study period has been divided into 

growth stages to compare crop development in different crop growth stages. The growth stages for winter 

wheat are shown in Table 5. The date range for each growth stage does not represent the actual timing or 

duration of a particular stage in a given field; rather, it gives a probable time extent when a particular event 

(e.g., sowing/harvest) or process (e.g., senescence) takes place in the study area. 

  

https://www.planet.com/explorer/


OBSERVING WATERLOGGING AND ITS IMPACT ON AGRICULTURE IN HUNGARY USING RADAR AND OPTICAL IMAGES   

22 

 

Table 5: Growth stages with the approximate length of winter wheat in Szarvas, Hungary. 

Stages Probable length (days) 

Sowing 30  

Initial (BBCH 0 to 9) 125 

Leaf development (BBCH 10 to 30) and stem elongation (BBCH 

30 to 39). 

40 

Flowering (BBCH 60 to 69) and fruit development (BBCH 70 to 

79) 

45 

Senescence (BBCH 90 to 97) 15 

Harvesting (BBCH 99) 30  
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5. RESEARCH METHODS 

This chapter is divided into three sections. First, waterlogging detection methods are described. Second, 

time series analysis methods to monitor winter wheat development are discussed. Third, methods of 

mapping spatial patterns of NDVI deviation in NWL and WL locations are explained. 

5.1. Waterlogging detection 

In this section, methods of waterlogging detection with radar (S1) and optical (PS) images will be 

discussed. 

5.1.1. Detection of waterlogging with PlanetScope Images 

Waterlogging is highly dynamic over space and time due to rainfall events (and irrigation) (den Besten et 

al., 2021). Moreover, waterlogging usually appears in small patches in part of the agricultural plot, making 

it more difficult to detect with coarse resolution satellite images.  

Optical observation cannot detect waterlogging under dense vegetation coverage due to the limitations of 

penetrating canopy (Lillesand et al., 2015). After investigating the winter wheat growth stages of the study 

area (Table 5), it is evident that the winter wheat plants are short in size during winter and pre-spring 

(November-March). Besides, this period receives very low temperature and high rainfall, which may 

trigger waterlogging. Thus, there are higher chances of capturing waterlogging during this period using 

remote sensing techniques. The processing steps of detecting waterlogging with PS images is illustrated in 

Figure 11. 

NDWI takes advantage of the maximization of water reflectance on the green band and minimization of 

absorption of NIR by water (McFeeters, 1996). Therefore, NDWI has been selected as the desired index 

to separate WL spots using PS images. 

 

𝑁𝐷𝑊𝐼 = 
𝐺𝑟𝑒𝑒𝑛−𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛+𝑁𝐼𝑅
……………………………………………………………Equation 1 

 

The NDWI value ranges from -1 to +1, where McFeeters, (1996) used a thresholding of 0, indicating 

NDWI > 0 corresponds to water, and it is non-water if NDWI ≤ 0. However, the NDWI threshold value 

is not stable due to atmospheric interference and sun-target satellite geometry (Liu, 2012). Moreover, 

waterlogging in a part of an agricultural plot brings sediment from the other parts of the field. The 

sediments accumulated on the top surface of the WL locations, which makes it more complicated to 

separate the WL locations using NDWI. After calculating NDWI, all the images were inspected carefully 

for a threshold value. During the investigation, NDWI values were considered from the locations where 

traces of waterlogging were observed during fieldwork. Usually, the WL locations in the test sites exhibit 

NDWI values down to -0.27, while the value is more than zero for standing waterbodies such as the river 

and ponds. So, a threshold value of -0.27 was applied to separate water pixels where NDWI ≥ −0.27 are 

classified as water features.  

After applying thresholding, the result is a bit image having water (= 1) and non-water pixel (=0). Then, all 

the bit images were summed up using the raster calculator, which resulted in a water frequency map. The 

NDWI values from buildings and building shadows were also classified as water. A building filtering has 

been done using the building layer (Annex C) to remove the misclassified water pixels in urban areas from 

the waterlogging map. 
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Figure 11: PS waterlogging mapping process. 

5.1.2. Detection of waterlogging with radar Images 

The processing steps for detecting waterlogging with S1 images are illustrated in Figure 12. Waterlogging 

detection with radar is possible when the WL surface acts as a medium of specular reflection where radar 

signals are reflected away from the sensor, causing low backscatter. The surface of the other features is 

usually rougher than the water surface, which triggers diffuse reflection and results in higher backscatter 

values (Ovakoglou et al., 2021). However, waterlogging detection with radar becomes tough when signals 

from other pixels interfere with the original backscatter of the pixels, especially in a small area consisting 

of few pixels. The distinct characteristics of the backscatter mechanism of water compared to other 

features allow to separate WL locations by applying a threshold. The global thresholding method (e.g., 

Otsu thresholding) is not an effective technique for detecting a very low amount of water as the image 

histogram will not exhibit bimodality due to the strong influence of other features. For better accuracy in 

capturing waterlogging with radar, visual inspection and knowledge of the area are crucial in selecting an 

appropriate threshold value. In this study, pixels are classified as WL if the pixel values are less than the 

selected threshold, whereas pixels larger than the threshold are considered NWL pixels. In GEE, a total of 

44 S1 images were found during the winter and pre-spring season (between October 2020 to March 2021). 

S1 images are already pre-processed for essential correction in the GEE platform (Gorelick et al., 2017).  
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Figure 12: S1 waterlogging mapping process. 

Several speckle filtering options were explored, and the median filter was selected as it was able to detect 

small waterlogged places (Figure 13). As the waterlogging detection will be done through the thresholding 

method, images were taken from the same orbits (descending) and polarization (VV) to avoid 

misclassification of WL locations. Values of S1 𝜎𝑉𝑉
0  were inspected from some pre-selected WL locations 

where waterlogging traces were found during the fieldwork. After several ‘trial and error,’ a threshold 

value of -16 dB has been applied over the whole image collection. Thus, all the pixels from the image 

collection with values less than -16 dB correspond to WL locations. Finally, the waterlogging map has 

been generated by adding all the WL pixels from all the binary images.  

 
Figure 13: Evaluation of different speckle filtering methods to detect waterlogging. The red circle in median filtering 
indicates a small WL place which is cleared out in other filtering options. 
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5.1.3. Sensitivity analysis of the threshold selection 

Figure 14A, B show the results of sensitivity analysis in selecting threshold values for separating WL areas 

from PS and S1 images. A threshold of NDWI ≥ -0.27 on PS images was applied, and results of -0.27 

±0.02 are also presented in Figure 14A. To separate the waterlogged areas from S1 images, a threshold of 

𝜎𝑉𝑉
0  ≤ -16 dB was employed. Results of the -16 dB ± 1dB are depicted in Figure 14B. 

(A) (B) 

  
Figure 14: Sensitivity analysis of different NDWI and VV backscatter threshold values over PS and S1 images, respectively, in 
detecting waterlogging. The red dash lines indicate the selected threshold and corresponding WL areas for the study. 

 

5.2. Combination of optical and radar waterlogging map 

All the binary images from PS having water (= 1) and non-water pixel (=0) are resampled to 10m. Then, a 

combined PS and S1 waterlogging extent and observed frequency map was produced by adding all the 

binary images from PS and S1. Places with waterlogged pixels from both maps are counted double if the 

pixels belong to different dates while counted once if present on the same date. 

 

5.3. Time series analysis 

Remote sensing time series can be used for a wide range of applications, such as detecting flooded 

vegetation (Tsyganskaya, 2019), monitoring crops (Khabbazan et al., 2019), and deriving phenology 

(Meroni et al., 2021). Time series analysis has been utilized in this study to assess the temporal dynamics of 

vegetation response. Values from NDVI, CR, RVI (calculated from Table 6), and backscatter coefficient 

values were extracted for two types of masks.  

Table 6: Equations used for calculating NDVI, CR, and RVI. 

Equations Comments 

NDVI = 
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
                                    (2) 

Here, NDVI is the Normalized Difference 

Vegetation Index, RED is the visible red 

band, and NIR is the Near-Infra-Red band. 

𝐶𝑅 =  
𝜎𝑉𝐻

0

𝜎𝑉𝑉
0                                             (3) Here, 𝜎𝑉𝐻

0  and 𝜎𝑉𝑉
0  are dual-polarized 

backscatter coefficients. The RVI equation 

for S1 is adapted from (Nasirzadehdizaji et 

al., 2019). 

𝑅𝑉𝐼 =  
4𝜎𝑉𝐻

0

𝜎𝑉𝑉
0 + 𝜎

𝑉𝐻′
0                                  (4) 

For crop monitoring, field-level and intra-field level mean values were extracted for all the wheat parcels, 

and intra-field level masks were delineated for WL and NWL locations from the waterlogging map. To 

avoid false-positive results, intra-field level WL masks were created when there is water in both optical and 

radar-based waterlogging maps. The time series of the mean of NDVI, CR, RVI, and backscatter 
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coefficients were generated from all the 22 wheat parcels, including 7 test areas where waterlogging 

occurred.  The standard deviation was used to show the homogeneity and heterogeneity of the vegetation 

response at a single point in time. 

𝑠𝑡𝑑𝑒𝑣 =  √
1

𝑛
∗  ∑  𝑥𝑖

2 − 𝑥𝑎𝑣𝑔
2𝑛

𝑖=1   …………………..……………………………….equation 5 

Here, 𝑠𝑡𝑑𝑒𝑣 is the standard deviation from all the masks, 𝑛 is the number of pixels in the mask, 𝑥𝑖 is the 

value of 𝑖𝑡ℎ pixel, extracted from the images and 𝑥𝑎𝑣𝑔 is the average of the values extracted from the mask. 

Satellite data can be noisy and contaminated from the disturbance caused by clouds, atmosphere, and even 

faulty sensors, which remain after pre-processing the raw data. For this study, the rolling mean and 

Savitzky–Golay filter (Savitzky & Golay, 1964) have been explored to smoothen the time series for better 

interpretation. The rolling mean misses the first eight observations, and the phase of the time series delays 

in both NDVI and CR when applying the rolling mean by taking a window size of 9. A window size of 9 

and first-order polynomial degree have been considered in Savitzky–Golay filtering. Savitzky–Golay filter 

shows excellent results in smoothing out the noise from the signals by retaining the original pattern of the 

observations (Figure 15). 

 
Figure 15: Smoothening of CR from S1 using rolling mean (green line) and Savitzky–Golay (gray line). 

5.3.1. Time series analysis of Normalized Differential Vegetation Index (NDVI) 

NDVI uses red (absorbed by vegetation) and near-infrared (reflected by vegetation) channels to quantify 

vegetation health (equation 2). Time series of NDVI are useful to monitor the change in vegetation 

response due to changes in local climate (Zhang et al., 2003). NDVI can be used as a proxy for 

photosynthesis activity as it can sense chlorophyll activity (Boori et al., 2019). Thus, the NDVI time series 

gives an idea of crop health throughout different growing stages. NDVI value ranges from -1 to 1, where 

the higher value indicates healthier vegetation. NDVI change is noticeable in different phenological stages 

(Wardlow & Egbert, 2010); specially peak and drop of NDVI values during the growing period and 

harvest, respectively (Lenney et al., 1996). NDVI in WL crops showed lower values than NWL plants, 

according to the research of den Besten et al. (2021) in a sugarcane plantation area located in 

Mozambique. The NDVI equation (equation 2) is applied to S2 image collection in GEE. 

5.3.2. Time series analysis of the backscatter coefficient 

Time series of backscatter coefficients were generated at the field and intra-field level for 2021. The mean 

of the pixels over a selected area reduces the speckle effect from the observations. However, an additional 

smoothing filter was applied to reduce the sharp peaks and drops from the time series (Figure 15). The 

time series of backscatter values are compared with rainfall and soil moisture to explain sudden drops and 

peaks in the observations. 
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5.3.3. Time series analysis of CR and RVI 

Volume scattering increases with vegetation, and cross-polarization reveals volume scattering. As a result, 

the thicker the vegetation cover is, the higher the cross-polarization value (Vreugdenhil et al., 2018). 

Moreover, a strong correlation exists between CR from SAR and optical vegetation indices (e.g., LAI and 

biomass) (Ferrazzoli et al. 1992; Mc Nairn et al. 2014). In agricultural remote sensing, RVI is also used as 

an alternative for NDVI in optical observation to monitor vegetation growth (Kumar et al., 2013). So, in 

this study, CR (equation 3) and RVI (equation 4) will be compared with NDVI to see how crop 

development changes throughout the season in optical and radar vegetation responses. 

5.3.4. Time series of combined S1 and S2 

CR is an indicator of vegetation canopy volume because of volume scattering and vegetation water 

content (VWC) (Veloso et al., 2017a), whereas NDVI shows chlorophyll activity of the vegetation (Rouse 

et al., 1974). In this study, an effort was made to combine optical and radar vegetation response by taking 

the proportion of scaled CR from S1 and NDVI from S2 to evaluate differences in crop development in 

WL and NWL crops throughout the growing stages.  

5.4. Mapping spatial patterns of NDVI deviation in NWL and WL locations 

NDVI in WL fields shows less homogeneity than in NWL fields (den Besten et al., 2021). So, NDVI at 

the intra-field level can be used to show the spatial pattern of the NDVI deviation between NWL and WL 

locations. For this study, three S2 images were selected from three major growth stages- 1. leaf 

development and stem elongation (9th April 2021), 2. flowering and fruit development (21st May 2021), 

and 3. senescence (23rd June 2021). Then NDVI was calculated for each image using equation 2. After 

that, NWL pixels are delineated using the combined S1 and PS waterlogging map (explained in 6.2.4). 

Mean NDVI for NWL pixels in each field was calculated. Then the deviation is calculated by simply 

subtracting the NDVI value of each pixel from the mean NDVI calculated from NWL pixels (Figure 16). 

This returns a value in each pixel where a higher positive value indicates a hampered crop development, 

and a lower positive to high negative value implies healthy vegetation conditions. 

𝑁𝐷𝑉𝐼𝑑𝑒𝑣  = 𝑁𝐷𝑉𝐼̅̅ ̅̅ ̅̅ ̅ 𝑛𝑤𝑙 - 𝑁𝐷𝑉𝐼𝑖…………………………………………………. equation 6 

Here, 𝑁𝐷𝑉𝐼𝑑𝑒𝑣 is the NDVI deviation in 𝑖𝑡ℎ pixel, 𝑁𝐷𝑉𝐼̅̅ ̅̅ ̅̅ ̅̅  𝑛𝑤𝑙 is the mean NDVI from NWL pixel and 

𝑁𝐷𝑉𝐼𝑖 is the NDVI in 𝑖𝑡ℎ pixel. 

 
Figure 16: NDVI deviation mapping process. 
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6. RESULTS AND DISCUSSION 

This section describes the results of agroclimatic factors, mapping waterlogging dynamics, time series 

analysis, and crop development monitoring, variability of satellite data in WL and NWL fields, and 

mapping spatial patterns of NDVI deviation in NWL and WL locations. 

6.1. Agroclimatic factors 

Daily precipitation, soil water content (SWC), and daily mean temperature data are illustrated in Figure 17. 

From October 2020 to December 2021, total precipitation was 580 mm in the study area. Frequent rainfall 

events were observed till March 2021, with a high number of rainy days, especially in January and February 

2021. However, the amount of precipitation in this period did not exceed 10 mm on most days. PS cloud-

free images show the study area was under snow cover between January 18 to 25 and February 12 to 17.  

 

 
Figure 17: Precipitation [𝑚𝑚 𝑑−1] (top), SWC [𝑚3𝑚−3] (middle) and temperature [°C] (bottom) data in Szarvas, Hungary. 

The gray shaded bars in the top plot show the snow cover days over the area, and the blue bars are the rainfall events. The 
gray line in the middle plot refers to climatology (average SWC of 5 years), and the gray color fill is the historical range of 
SWC. Positive and negative anomaly indicate the higher and lower observed SWC than climatology. The red line in the 
bottom plot depicts the daily mean temperature. 
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The soil moisture plot (middle) shows a wet period between October 2020 and mid-March 2021. The 

possible reason behind the drop in the observation in December and January is the snow cover and 

freezing soil over the study area. The wettest period with SWC of about 0.3 𝑚3𝑚−3 is observed in the 

month of February 2021. The lowest drop in the temperature is found in January and February 2021 at -

5 °C and reaches the highest peak at around 30 °C in July and August. 

6.2. Mapping waterlogging dynamics 

Mapping waterlogging dynamics requires the identification of waterlogging extent, occurrence, and timing. 

This research uses optical (PS) and radar (S1) images to detect and map waterlogging extent and 

occurrence spatially. A detailed method of identification and mapping of waterlogging has been discussed 

in section 5.1. 

6.2.1. PlanetScope waterlogging map 

Figure 18 shows the distribution of observed waterlogging extent and occurrence based on the 

PlaneScope images from November 2020 to March 2021. Permanent water bodies are depicted in blue 

and separable from the WL places. The gradient red color palette displays the waterlogging extent where 

deep red pixels correspond to places where water is detected frequently (multiple times), and light red 

shows a low occurrence of waterlogging, as recorded by the PS images. The Körös river runs on the 

north-western side. The river’s floodplain became flooded during the observation period. The total area of 

observation is 181.42 km2 where 2.36% of it is found as permanent water bodies (Table 7). About 7.17 

km2 (3.95%) of the area has been observed as WL from the PS images. 

 
 
Figure 18: Spatial distribution waterlogging extent and occurrence detected from PS images in Szarvas, Hungary. 
The blue color indicates permanent water bodies, and the red color ramp shows observed water frequency. PS NDVI in green 
gradient color ramp is used as a background. 

6.2.2. Sentinel-1 waterlogging map 

Waterlogging extent and occurrence have been mapped in the period of November 2020 to March 2021 

using S1 images. The final waterlogging map from radar images is shown in (Figure 19). Similar to the PS 

waterlogging map, rivers and ponds are illustrated in blue and WL places are in red gradient shade. The 

waterlogging map from S1 shows some WL places distributed in the southwestern part of Szarvas. From 

the S1 observations, 6.83 km2 (3.76%) of the area was directly affected by the waterlogging. 
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Figure 19: Spatial distribution waterlogging extent and occurrence detected from S1 images in Szarvas, Hungary. 
The blue color indicates permanent water bodies, and the red color ramp shows observed water frequency. PS NDVI is used 
as a background. 

Table 7: Statistics of waterlogging area. 

 PS (𝑘𝑚2) Percentage S1 (𝑘𝑚2) Percentage 

NWL  174.25 96.04 174.59 96.23 

WL 7.17 3.95 6.83 3.76 

 

 Area (𝑘𝑚2) Percentage 

Permanent waterbodies 4.26 km2 2.36 

 

6.2.3. Comparison of optical and radar in waterlogging detection 

The detection of waterlogging from optical images is based on surface reflectance and absorption 

capability of the NIR band by the water, whereas radar detects waterlogging when the backscatter is 

reflected away. So the pixels appear dark on the images (McFeeters, 1996; Ovakoglou et al., 2021). Figure 

20 compares waterlogging maps of selected agricultural fields, defined using PS and S1 data in Szarvas, 

Hungary. In Figure 20 (a1, a2, c1, and c2), waterlogging detection with S1 is underestimated compared to 

PlaneScope observation. There can be two reasons why waterlogging detected by PS is different from S1 

detection. Firstly, PS offers high spatial resolution (3m), which enables water separation even in small 

places (Mishra et al., 2020), where having a lower resolution (10m), S1 could not be able to separate the 

small WL places. Secondly, water detection with S1 is problematic if, within a pixel, the surface is rough 

and mosaiced with patches of sediments in shallow WL locations. Moreover, noise from nearby pixels in 

S1 makes it difficult to delineate WL places when water appears in patches. Therefore, in Figure 20 (c1), 

PS successfully detected narrow stripes of water, whereas, in Figure 20 (c2), water pixels are not visible in 

S1 observations.  
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Figure 20: Comparison of the waterlogging maps from S1 and PS. 
The blue color indicates permanent water bodies, and the red color ramp shows observed water frequency. The fields are 
delineated with a red dashed line, and PS NDVI is used as a background. 

6.2.4. Combined optical-radar waterlogging map 

Figure 18 and Figure 19 indicate that PS and S1 have capabilities in detecting waterlogging. However, 

cloud cover restricts high-resolution PS from observing over WL locations where moderate resolution S1 

SAR sensors have no interference in observing waterlogging during cloudy days. Therefore, PS has high 

spatial detection capability with fewer observations, and on the other hand, S1 offers regular observations 

with high temporal waterlogging detection capability. Figure 21 shows the waterlogging extent and 

occurrence map derived from combined PS and S1 data, which can be considered as a better 

representation of waterlogging in terms of spatial and temporal detection. 
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Figure 21: Waterlogging extent and observed water frequency detected from combined S1 and PS observations in Szarvas, 
Hungary. 
The blue color indicates permanent water bodies, and the red color ramp shows observed water frequency. PS NDVI is used 
as a background. 

6.2.5. Waterlogging timing  

The scatterplots of mean 𝜎𝑉𝑉
0  and 𝜎𝑉𝐻

0  in WL and NWL locations reveal the waterlogging moments 

(Figure 22). Between January, February, and March in 2021 show high discrepancies in S1 backscatter 

between WL and NWL locations, whereas, in other months, the relationship is positive and stronger. 

Discrepancies between WL and NWL locations between January and March are evidence of the presence 

of waterlogging. After harvest at the end of June, backscatter from bare soil in WL and NWL locations are 

showing a strong relationship. If the discrepancies are due to roughness differences, then the backscatter 

from WL and NWL locations would show inconsistency again after the crop being harvested. 

Figure 23 shows the probable waterlogging timing based on the time series of S1 𝜎𝑉𝑉
0  (dB). Time series 

from different WL locations show that 𝜎𝑉𝑉
0  (dB) in WL locations have comparatively lower values than in 

NWL locations. When the locations were in NWL state, 𝜎𝑉𝑉
0  (dB) values ranged from -8 to – 10 dB. A 

gradual drop in 𝜎𝑉𝑉
0  (dB) indicates waterlogging and where the drops are sharp (about 5 to 10 dB) in WL 

locations compared to NWL locations. The drops in WL locations are observed from 8th December 2020 

in Area 6 and 14, where from 20 to 25 January 2021 in Area 2, 16, 26, 27, and 29. The steady drops (about 

2 to 5 dB) in NWL are observed due to the growth of winter wheat plants between March and April. 

From Figure 17, it is evident that rainfall was frequent, and soil moisture was higher than the historical 

average from October 2020 to March 2021.  
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Figure 22: Scatterplot of mean VV backscatter (left) and VH backscatter (right) between WL and NWL areas. 

  

  

  

 

Figure 23: Time series of S1 VV backscatter (dB) in WL (blue) and NWL (green) areas within the same parcels. 
The red dash lines are probable waterlogging timing breakpoints created based on visual inspection when inconsistency 
starts between WL and NWL locations.  



OBSERVING WATERLOGGING AND ITS IMPACT ON AGRICULTURE IN HUNGARY USING RADAR AND OPTICAL IMAGES   

35 

6.3. Time series analysis and crop development monitoring 

6.3.1. Temporal profile of S2 NDVI in wheat fields 

NDVI is an indicator of the leaf area and chlorophyll activity, which change over the growing stages of 

crops (Rouse et al., 1974). Field-level average S2 NDVI was calculated to understand the crop 

development of winter wheat throughout different growing stages (Figure 24). Winter wheat is sowed 

around October-November (Table 5), and after emergence, the plant stays in dormancy for the entire 

winter season in Hungary. The mean NDVI during this stage is less than 0.4 in January and February, as 

the canopy cover of winter wheat is very little at this stage. From March, the mean NDVI rises 

progressively during the leaf development and stem elongation stage (BBCH 10-39) and reaches 0.6 at the 

end of April due to increased canopy cover. The highest mean NDVI value of 0.7 is found during the 

flowering and fruit development stage (BBCH 60-79) at the beginning of June. At the end of June, the 

mean NDVI starts to decrease due to the loss of chlorophyll during the senescence period. The sharp 

decline of mean NDVI (to 0.2) is due to the harvest at the beginning of July. The standard deviation is 

very low after the harvesting period from July to October as all the fields are stubbles.  

 
Figure 24: Temporal profile of S2 NDVI for all wheat parcels (n=22) in Szarvas, Hungary. 
As reported in the legend, the green dash line and the green shaded areas indicate the mean and ± one standard deviation. 
Time series from each wheat parcel are extracted by taking the average of all pixels located in the field boundary. The 
colored bar on the top of the chart indicates the growth stages from Table 5. 

6.3.2. Temporal profiles of S1 backscatter coefficient in wheat fields 

The temporal profile of the mean S1 backscatter coefficients for 22 wheat parcels is shown in Figure 25 

for different growth stages. During the winter, short vegetation remains undetectable with radar, and the 

variation in the backscatter coefficient is attributed to the change in soil moisture and surface roughness 

(Veloso et al., 2017b). At the beginning of January 2021, the values of 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  are -16 dB and - 7 dB, 

respectively. There are two sharp decreases of about 7-8 dB in both 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  backscatter in January 

and 4-5 dB in February. These abrupt drops are caused by frozen soil (Khaldoune et al., 2011) and snow 

cover (Figure 17). Moreover, a snow-covered surface introduces low radar signals because of specular 

reflection and absorption loss in water (Scherer et al., 2005). 

The sharp decline (5 dB) at the end of January can be related to waterlogging from snowmelt as standing 

water appears as a smooth surface which introduces specular reflection and results in lower backscatter 

(section 2.1.1). Moreover, frequent rainfall events are recorded during this time of the year (Figure 17). In 

April, winter wheat biomass starts to accumulate, and as a result, 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  increase gradually by about 

5 dB. During leaf development and stem elongation period, there is a 5 dB steady rise of 𝜎𝑉𝐻
0  due to 

volume scattering (Wiseman et al., 2014) and the double bounce effect between wheat stalk and surface 

(Brown et al., 2003; Picard et al., 2003). The 𝜎𝑉𝑉
0  backscatter, which is influenced by surface and canopy, 

remained lower (at -14 dB) in this stage due to attenuation by the vertical structure of the wheat stems 

(Brown et al., 2003).  From May to mid-June, an increase about 3-4 dB is noticeable in both 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  

as winter wheat goes through flowering, fruit development, and ripening stages. This increase is due to the 

opening of flag leaves, inflorescences, flowering, fruit development, and ripening (Khabbazan et al., 2019). 
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There is an abrupt decrease in VV, and VH backscatter at the end of June is due to winter wheat 

harvesting. 

 

 
Figure 25: Temporal profile of S1 backscatter data for all wheat parcels (n=22) in Szarvas, Hungary; (top) VH backscatter (dB) 
and (bottom) VV backscatter (dB). 
As reported in the legend, the black dash line and grey shaded areas indicate the mean and ± one standard deviation. Time 
series from each wheat parcel are extracted by taking the average of all pixels located in the field boundary. The colored bar 
on the top of the chart indicates the growth stages from Table 5. 

6.3.3. Temporal profile of S1 CR and RVI in wheat fields 

S1 CR is a stable crop growth indicator as it reduces the double-bounce effect and errors caused by 

sensors and environmental factors (Brown et al., 2003). Similarly, RVI is not much sensitive to 

environmental conditions but more sensitive to biomass and VWC (Kumar et al., 2013). As Figure 26 

demonstrates, both mean CR (dB) and mean RVI show similar temporal patterns for winter wheat. CR 

and RVI remained stable in January and February at 9-10 dB and 4-5, respectively. A significant increase 

of about 3-4 dB in CR and 0.5 in RVI is observed between April and May. This rise can be attributed to 

the increase of fresh biomass and volume scattering in leaf development and stem elongation stage 

(BBCH 11-39). 

The mean NDVI value started to increase in March, earlier than the CR and RVI. This can be explained 

by the significant contribution of ground in radar backscatter when the plant is short in size, where 

increasing NDVI is due to the greenness of the sparse vegetation. CR and RVI are relatively constant at 5 

dB and 1.0, respectively, from May to mid-June due to the stabilization of above-ground biomass in the 

flowering stage (BBCH 60-69). Between June 20 and 1st July, CR, and RVI decreased slightly due to the 

loss of VWC during the senescence period (BBCH 90-97). At the beginning of July, there was a steep 

decline of CR to -11 dB and RVI to 0.4 due to harvesting. 

  



OBSERVING WATERLOGGING AND ITS IMPACT ON AGRICULTURE IN HUNGARY USING RADAR AND OPTICAL IMAGES   

37 

 

 
Figure 26: Temporal profile of S1 (top) CR (dB) and (bottom) RVI for all wheat parcels (n=22) in Szarvas, Hungary. 
As reported in the legend, the black dash line and grey shaded areas indicate the mean and ± one standard deviation. Time 
series from each wheat parcel are extracted by taking the average of all pixels located in the field boundary. The colored bar 
on the top of the chart indicates the growth stages from Table 5. 

6.4. Variability of satellite data in WL and NWL fields 

6.4.1. Time series analysis of backscatter coefficient in WL and NWL locations 

There is practically no or very sparse vegetation cover during winter as wheat plants go through a long 

dormancy period. So, the backscatter received from the VH and VV mostly comes from soil roughness 

and SWC. Figure 27A, B depicts a progressive decrease (8 to 10 dB in NWL) from January to April in VH 

and VV backscatter, which can be explained by the lower backscatter from smooth soil over the surface 

due to the accumulation of fine sediments transported by rainfall events or snow melts. During February, 

there is an abrupt drop in 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  in WL spots due to waterlogging, causing specular reflection of 

𝜎𝑉𝑉
0  and 𝜎𝑉𝐻

0 . The decline in 𝜎𝑉𝐻
0  is about 4 to 5 dB, and for 𝜎𝑉𝑉

0 , the drop is about 7-8 dB. It can be 

explained by the sensitivity of 𝜎𝑉𝑉
0  in detecting surface roughness better than 𝜎𝑉𝐻

0  (Markert et al., 2020). 

Between April to May, the number and size of the leaf and stem increase, indicating the accumulation of 

VWC in winter wheat plants (Veloso et al., 2017b). Figure 27A shows a rise in 𝜎𝑉𝐻
0  due to double-bounce 

and volume scattering in leaves and stems between April and May, as explained in Lopez-Sanchez et al. 

(2013) and Wiseman et al. (2014). The VV backscatter increases due to high VWC from the leaf as the VV 

backscatter is dominated by canopy and soil surface (Brown et al., 2003). The 𝜎𝑉𝑉
0  and 𝜎𝑉𝐻

0  for the WL 

location show slightly (1 to 2 dB) less values than the NWL location in Area 26 and 27.  
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(A) 

 

 

(B) 

 

 

 

Figure 27:  Time series of S1 VH backscatter and VV backscatter in WL and NWL locations in wheat fields in Szarvas, Hungary. 
Time series for all locations are extracted by taking the average pixels located in the part of the field (WL and NWL). As 
reported in the legend, the colored bar in the background indicates the growth stages from Table 5. 

On the other hand, 𝜎𝑉𝑉
0  in the WL location is less than in the NWL location, where a negligible difference 

is found in 𝜎𝑉𝑉
0  in April. In contrast, there is no difference between WL and NWL locations, where a 

decrease in NWL locations is found in May. In Area 26, slightly lower values in 𝜎𝑉𝑉
0  and 𝜎𝑉𝐻

0  are found in 

WL spots, whereas in Area 27, NWL shows a slightly lower value (1 dB) in 𝜎𝑉𝑉
0 , and there is no difference 

in 𝜎𝑉𝐻
0  for WL and NWL wheat during the senescence stage. The time series of S1 backscatter for other 

WL and NWL locations are provided in Annex A. 

6.4.2. Time series analysis of NDVI, CR, and RVI in WL and NWL locations 

Figure 28 presents NDVI and CR in WL and NWL locations for seven wheat fields. NDVI values are 0.3 

to 0.4 for Area 2, 14, and 16 at NWL locations and 0.1 to 0.2 at WL locations from January to March 

when wheat plants have low canopy cover. On the other hand, the NDVI value is less than 0.2 for NWL 

and WL locations in Area 6, 26, 27, and 29. All seven area experienced a gradual drop to less than 0.1 in 

NDVI for WL locations starting from January till March. This drop can attribute to the waterlogging 

condition as the NDVI value is close to zero values in the case of water and bare soil surfaces (Carlson et 

al., 1994). NDVI starts to increase during the leaf development and stem elongation stage (BBCH 10-39) 

and reaches about 0.6 in NWL locations at the end of April, and a difference of 0.1-0.2 (Area 2, 16, 26, 27, 

and 29) and 0.3 -0.4 (Area 6 and 14) is noticeable between WL and NWL locations. The highest values 

(0.7- 0.8) of NDVI is observed during the flowering and fruit development stage (BBCH 60 to 79) from 

May to mid-June. The highest values of NDVI in WL are delayed compared to the NWL locations for 

about 10-12 days (Area 14, 16, and 27). The impact is highest in Area 6 and 14 with an NDVI difference 

of 0.3 to 0.4 and lowest in Area 2 with a difference of less than 0.1 in this growth stage. During the 

senescence stage (BBCH 90- 97), NDVI declines together in both NWL and WL locations. This is due to 

the termination of chlorophyll activity when winter wheat loses greenness (Veloso et al., 2017a). NDVI in 

all areas drops suddenly to 0.2 at the end of June due to harvesting.  
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Figure 28: Time series of S1 CR and S2 NDVI in WL and NWL locations in different wheat fields in Szarvas, Hungary.  
Time series for each area is extracted by taking the average of pixels located in the part of the field (WL and NWL). As 
reported in the legend, the colored bar in the background indicates the growth stages from Table 5 

Figure 28 reveals that CR stays stable at 8-10 dB during the initial period when wheat plants are too short 

to detect by radar observations. The significant contribution to backscatter mostly comes from surface 

roughness and soil moisture in this stage. CR increases during the leaf development and stem elongation 

stage (BBCH 10-39) in April, when the biomass accumulates. In this stage, CR values in WL locations are 

about 3 dB less than NWL locations in Area 2 and 14, whereas less than 2 dB lower values are observed in 

other WL locations. The highest values of CR are found in May and June when flowering and fruit 

development (BBCH 60 to 79) occurs. There is a noticeable difference in CR values (about 3-4 dB) at WL 

and NWL locations (the latter show higher values) at Area 6 and 14 during this stage. At Area 16, 26, 27, 

and 27, CR values show a 2 dB difference between the WL and NWL locations. CR starts to drop as the 

VWC decreases during the senescence (BBCH 90-97) and declines sharply when harvested (BBCH 99). 

After harvesting, CR in WL locations exhibits higher values (maximum 3 dB) than CR in NWL locations. 

This rise in WL locations can be explained by the growth of weeds or grass attracted by wet soil. 

Despite having different scales in RVI and CR, the time series pattern is identical in monitoring winter 

wheat in different growth stages (section 6.3.3). In Figure 29, RVI follows a similar trend as CR (Figure 

28) in detecting WL and NWL winter wheat crop changes throughout different growth stages. However, it 

is noticeable that the RVI difference is higher than in CR between NWL and WL locations in May when 
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winter wheat shows the highest values and goes through the flowering and fruit development stage 

(BBCH 60 to 79). This reveals that RVI is demonstrating better results in illustrating the impact of 

waterlogging on crop development. 

  

  

  

 

 

Figure 29: Time series of S1 RVI and S2 NDVI in WL and NWL locations in different wheat fields in Szarvas, Hungary.  
Time series for each area is extracted by taking the average of the pixels located in the part of the field (WL and NWL). As 
reported in the legend, the colored bar in the background indicates the growth stages from Table 5. 

Optical (NDVI) and radar vegetation indicators (CR or RVI) show distinct characteristics when 

monitoring crop (winter wheat) in NWL and WL locations. In Area 6, 14, and 16, the NDVI difference in 

NWL and WL locations is much more significant (well separable) than CR or RVI in April (Figure 28 and 

Figure 29). From May to mid-June, the differences in NDVI and CR or RVI for NWL and WL imply the 

recovery of winter wheat from waterlogging stress. However, in other locations, the impact of 

waterlogging on winter wheat is much clearer when NDVI and CR or RVI hits the maximum point during 

the flowering and fruit development stage. The effect of waterlogging cannot be detectable with NDVI 

during the senescence as winter wheat in both NWL and WL locations reduce greenness (chlorophyll), 

and NDVI starts to drop simultaneously. 
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6.4.3. Agreement between different satellite data in WL and NWL locations 

Correlation analysis between Mean CR, NDVI, 𝜎𝑉𝐻
0 , 𝜎𝑉𝑉

0 , and RVI from all the WL (orange) and NWL 

(green) locations has been done to observe their relationship in WL and NWL states. The results are 

visualized in the form of histograms and scatterplots in Figure 30, and correlation coefficients are 

displayed in Figure 31. The histograms in the diagonal part of Figure 30 are the distribution of the satellite 

data. Figure 31 shows that the highest correlation (r = 0.98) occurs between CR and RVI in both NWL 

and WL locations, as CR and RVI are derived from S1 and are sensitive to roughness and VWC.  The 

correlation between CR and NDVI is 0.86 in NWL locations and 0.78 in WL locations. On the other 

hand, the correlations between NDVI and RVI in NWL and WL locations are 0.87 and 0.83, respectively. 

So, RVI is more comparable to NDVI and better representative of plant growth monitoring in both NWL 

and WL crops (winter wheat). Besides, the correlation between 𝜎𝑉𝐻
0  and CR decreases from r = 0.75 in 

NWL locations to r = 0.61 in WL locations because of discrepancies in 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  during the 

waterlogging. In contrast, the correlation between 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  is stronger in WL locations (r = 0.6), 

whereas weaker agreement (r = 0.44) is found in NWL locations. This can be explained by the similar 

response of 𝜎𝑉𝐻
0  and 𝜎𝑉𝑉

0  to waterlogging during the initial stage. 

 
Figure 30: Correlogram between mean CR, NDVI, RVI, VH and VV backscatter where the color indicates the state of 
waterlogging. The green color is NWL, and the orange color is WL locations. 
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(A) (B) 

  
Figure 31: Pearson correlation coefficients between mean CR, NDVI, VH, and VV backscatter in (A) NWL and (B) WL locations.  

6.4.4. Distribution of CR and NDVI of WL and NWL locations in different crop growth stages 

Figure 32 compares how CR from S1 and NDVI from S2 is distributed over different crop growth stages 

in NWL and WL locations. During the initial stage, NDVI values between the lower and upper quartile in 

NWL locations (Figure 32: A) are distributed from 0.2 to 0.4, whereas for WL locations (Figure 32: B), 

NDVI values are found between 0 to 0.2. This happens because of sparse short canopy cover in WL 

locations compared to NWL locations because of waterlogging impact. During the leaf development and 

stem elongation stage, winter wheat starts to grow, and NDVI from NWL locations are uniformly 

distributed in lower (0.2) and upper (0.6) quartiles, whereas for WL locations, NDVI values are 

concentrated between 0.2 to 0.4. This reveals the waterlogging stress on winter wheat resulting in lower 

NDVI in WL locations. Maximum NDVI peak is found during the flowering and fruit development stage. 

During the flowering and fruit development stage, the highest NDVI is found between 0.6 to 0.8 and 0.45 

to 0.65 in most NWL locations and WL locations, respectively. During the senescence, NDVI drops very 

sharply when winter wheat loses chlorophyll. This is why the NDVI from NWL locations are sparsely 

distributed in a larger range (0.8 to 0.1). However, NDVI values from WL locations are distributed in a 

higher range (0.7 to 0.2) compared to the NDVI values from NWL locations. This difference can be 

explained by the delayed winter wheat growth in WL locations.  
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(C) (D) 

 
Figure 32: Violin plot of the distribution of mean satellite responses in different crop growth stages in NWL and WL locations 
over the growing season of 2021. 
(A) NDVI in NWL, (B) NDVI in WL, (C) CR in NWL, and (D) CR in WL locations.  

Figure 32 C, D show the CR is very much concentrated in – 10 dB in NWL locations where CR values 

from WL locations are primarily distributed within the -9 to -11 dB range during the initial stage when 

waterlogging explains the increased CR values in some WL locations. During the leaf development and 

stem elongation period, CR has a value range distributed between -4 to -12 dB (upper to lower quartile) 

for NWL locations and -6 to -12 (upper to lower quartile) for WL locations. The median of CR values in 

WL locations are declined (to -10 dB) in this stage compared to the initial stage because significant 

backscatter contribution is coming from the canopy, wherein in the initial stage, high soil moisture from 

bare soil is the responsible for the increased CR in WL locations. During the flowering and fruit 

development stage, CR values are distributed in -4 to -6 dB (upper to lower quartile) in NWL locations 

and -6 to -8 dB (upper to lower quartile) in WL locations. This is due to the limited growth of winter 

wheat, which resulted in a waterlogging-induced lower value range (2 dB difference) for CR in WL 

locations. During the senescence stage, a lower CR value range (-5 to – 7.5 dB) compared to the previous 

growth stage reveals the loss of VWC in NWL locations, whereas a slightly higher CR range (-5 to-7 dB) is 

noticeable in WL locations. This can be explained by the delayed winter wheat crop growth in WL 

locations due to the impact of waterlogging.  
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6.4.5. Combined NDVI and CR (scaled) time series in NWL and WL locations 

Figure 33 shows the combined response of NDVI and CR in NWL and WL locations in crop growth 

stages. In Area 2, 6, and 16, the values for NWL and WL locations are about 1, which indicates the same 

values of NDVI and CR in January. On the other hand, there is a higher discrepancy between WL and 

NWL locations as CR shows higher values in January for Area 14, 26, and 27. Between February and 

March, values for NWL locations range from 1 to 5, and the range is 3 to 14 for WL locations. This is due 

to the sensitivity of radar signals (increased CR) to waterlogging during the initial stage when there is no or 

short canopy. During the leaf development and stem elongation stage (April), good agreement between 

NWL and WL locations is observed as the canopy cover increases. Similar values are also found during 

the flowering and fruit development stage from May to mid-June when canopy cover and growth is the 

maximum. This confirms that CR and NDVI have similar capabilities for detecting crop development in 

the WL and NWL conditions when the major contribution in reflectance and backscatter comes from the 

canopy (and stems). During the senescence stage, values gradually increase in both NWL and WL 

locations simultaneously as winter wheat plants lose VWC and chlorophyll. Lastly, NWL locations have 

lower values than WL locations (Area 2, 6, 16, and 27) and higher WL locations (Area 26 and 29) after 

harvesting due to NDVI and CR variation originating from weed and grass coupled with high soil 

moisture found in WL locations. 

  

  

  

  

Figure 33: Time series of the ratio of S1 CR (scaled) and S2 NDVI in different wheat fields in Szarvas, Hungary.  
NDVI and CR time series for each area is extracted by taking the average of the pixel values located in the part of the field (WL and NWL). As 
reported in the legend, the colored bar in the background indicates the growth stages from Table 5. 
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6.5. Mapping spatial patterns of NDVI deviation in NWL and WL locations 

Figure 34 maps show the extent and frequency of detected water (column A) and the spatial patterns of 

NDVI deviation from mean NDVI of NWL locations during different crop growth stages (column B, C, 

and D). The mean NDVI values from NWL locations for each parcel in different growth stages can be 

found in Annex B. 

In Area 2, the deviation is 0.1 to 0.3 in WL locations on 9th April. On 21st May, the deviation extent has 

reduced, but the value is the same as on 9th April. The cause of the deviation is the waterlogging as it 

coincides with the WL locations. The deviation is insignificant in the flowering stage when the plant 

partially recovers from waterlogging stress. During the senescence stage on 23rd May, winter wheat in the 

WL location retains chlorophyll longer than in NWL locations due to delayed development, as discussed 

in section 6.4.2.  

In Area 6, the deviation is very high (> 0.5) in WL places. The extent of high deviation (0.3 to 0.5) on 9th 

April reveals that the extent of the waterlogging impact is much larger than the detected waterlogging 

extent. On 21st May, the winter wheat in the middle and south-western part of the field shows less 

deviation (0 to 0.1) than on 9th April as wheat is in the process of recovery in WL locations. The deviation 

has not changed much in the southern part of the field. On 23rd June, the deviation is negligible as most 

parts of the field lose chlorophyll due to senescence. 

In Area 14, waterlogging appears predominantly in the western part. The larger spatial distribution of the 

NDVI deviation on the 9th of April reveals that the waterlogging took place in much larger space than 

detected waterlogging. A very high deviation (> 0.5) is observed in the southern part of the field. The 

southwestern part of the field with very high NDVI deviation overlaps with the WL part of the field. 

During the flowering and fruit development stage (21-05-2021), the winter wheat from the WL part did 

not recover fully, with a maximum deviation of > 0.5. However, on 23rd June, the NWL crop showed 

healthier status, which can be explained by the decrease of NDVI values of NWL winter wheat during 

senescence, and late developed WL winter wheat had not gone through senescence at the time of 

observation.  

Long-lasting waterlogging is observed in Area 16. The impact on WL crops is severe, with a deviation of 

0.3 to 0.5 and >0.5 on 9th April and 21st May, respectively. The increase in deviation in WL location 

explains the increasing difference in health status when winter wheat has fully grown. No deviation during 

the senescence stage implies the loss of chlorophyll in both NWL and WL locations. In Area 26, the 

impact over WL spots is medium (0.1-0.3) on 9th April and 21st March. This is due to the shorter duration 

of waterlogging. No discrepancy in NDVI between WL and NWL is found during senescence (23rd June). 

Similarly, in Area 27, waterlogging has been detected in the southern part of the field, and the observed 

damage is medium (0.1-0.3) on 9th April and 21st May. However, on 26th June, less than zero deviation 

indicates late winter wheat development in WL locations due to waterlogging stress. In Area 29, 

waterlogging is found on the eastern side of the plot. The deviation of medium to high (0.1-0.5) overlaps 

with WL spots on 9th April and 21st May. The deviation is higher during the flowering and fruit 

development stage implies that the growth of winter wheat in WL spot is not as good as NWL wheat. 

During the senescence (23rd June), the WL wheat plants show higher NDVI than the mean NDVI from 

NWL locations which explains the late development of WL plants. 
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Figure 34: Mapping spatial patterns of NDVI deviation in NWL and WL winter wheat at different growth stages. 
(A) Waterlogging map for winter wheat parcels derived from S1 and PS. The red color ramp shows observed water frequency. 
The fields are delineated with the red dash line, and PS NDVI is used as a background. Time series of pixel-level NDVI 
deviation from Mean NDVI of NWL locations calculated over each parcel for (B) leaf development and stem elongation stage, 
(C) flowering and fruit development stage, and (D) Senescence. The legend indicates the magnitude of deviation from mean 
NDVI calculated from NWL locations.  
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7. CONCLUSIONS AND RECOMMENDATIONS 

This chapter includes the conclusion, limitations, and recommendations. 

7.1. Conclusion 

The overall objective of the study was to detect waterlogging dynamics in agricultural fields and quantify 

its effect on crop development at different crop growth stages using SAR and optical satellite images. 

Several S1 and PS images were used to identify WL locations. After that, time series analysis of S1 and S2, 

as well as synergistic use of S1 and S2, helped to assess the waterlogging impact on crop development 

throughout different crop growth stages. The conclusions based on the research questions are described 

below- 

RQ1: How can the waterlogging dynamics (occurrence, extent, and timing) be detected using S1  

and PS images across the study area? 

Waterlogging detection has been done with multitemporal optical (PS) and radar (S1) images. The 

waterlogging occurred when the winter wheat was just after emergence, so no canopy cover interference 

made the detection difficult. After sensitivity analysis and employing local knowledge, pixels of NDWI ≥ 

−0.27 were classified as waterlogged ones, assigning the value 1 to them. All the 15 classified bit maps 

were then summed up, resulting in a water detection frequency and extent map from PS images.  

In radar observations, S1 preprocessed VV images were taken from the same orbit (descending) to reduce 

errors generating from different view geometries in delineating waterlogging. Speckle filtering was used to 

reduce the noise from 44 S1 images. Based on a sensitivity analysis, the threshold value of – 16 dB has 

been applied to separate the WL locations. All the pixels having a value less than the threshold were 

classified as water pixels, and a waterlogging extent and observed water frequency map has been generated 

in GEE by adding up all the WL pixels.  

It can be assumed that waterlogging may have occurred moments when inconsistencies start between WL 

and NWL locations. To detect the timing of the waterlogging, the S1 𝜎𝑉𝑉
0  time series have been generated 

from WL and NWL spots at the intra-field level. Probable waterlogging timing has been marked when VV 

backscatter from WL and NWL starts to show a difference. In some locations, inconsistencies between 

𝜎𝑉𝑉
0  values in WL and NWL start from 8th December 2020, and others show differences from 20th January 

2021.  

RQ2: What are the differences and similarities between waterlogging dynamics detected from S1 

and PS images? 

Waterlogging from optical images is based on reflectance difference between the water and other features, 

whereas radar detects water based on the roughness difference between water and other features. The 

comparisons of waterlogging maps from S1 and PS showed that the spatial extent of waterlogging from S1 

images was underestimated. This is attributed to the lower resolution of S1 (10m) than PS (3m).  

Moreover, the surface roughness is disturbed by the fine sediments deposited by water very slowly and 

usually becomes muddy instead of smooth water surface. False-negative waterlogging detection by S1 

occurs due to mixed pixels when waterlogging appears in narrow patches. Very high-resolution PS showed 

good waterlogging detection spatially. However, the temporal detection is not the same good due to cloud 

hindrance, whereas cloud penetration capability allows S1 to capture more consistent temporal detection. 
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PS detected 3.95% (7.17 𝑘𝑚2) of the area as waterlogging, where S1 spotted 3.76 % (6.83 𝑘𝑚2) of the 

total area studied. 

RQ3: How can crop development be monitored with S1 and S2 images? 

The 𝜎𝑉𝐻
0 , 𝜎𝑉𝑉

0 , CR, and RVI from S1 and NDVI from S2 have been explored for monitoring crop 

development. In this study, 22 winter wheat fields were selected to observe the change in crop 

development in different growth stages. To monitor crop development, the temporal profiles of average 

𝜎𝑉𝐻
0 , 𝜎𝑉𝑉

0 , CR, RVI, and NDVI for all the winter wheat parcels were extracted by averaging values from all 

pixels within the field boundary.  The change in 𝜎𝑉𝐻
0 , 𝜎𝑉𝑉

0 , CR, RVI, and NDVI values during different 

crop growth stages were analyzed and discussed with reference to the physical change of crop in all 

growth stages. 

RQ4: How do cross-ratio CR, RVI, and NDVI derived from S1 and S2 vary in different crop 

growth stages? 

NDVI is sensitive to chlorophyll which changes over different growth stages of crops, whereas CR and 

RVI are sensitive to VWC as well as the structure of leaves and stems, which is an indicator of crop 

biomass. From March, NDVI starts to increase, whereas the start of the increase in RVI and CR is noticed 

in April. The earlier increase in NDVI is due to the sensitivity to the chlorophyll activity of the growing 

winter wheat. However, CR and RVI are dominated by VWC and the plant's canopy, which is negligible 

when winter wheat is short and sparsely distributed. The surface roughness and soil moisture mainly 

control the CR and RVI values in this growth stage. During the leaf development and stem elongation 

stage, NDVI, CR, and RVI sharply increase due to the increase in chlorophyll activity, VWC, leaves, and 

stems. At the beginning of June, the highest values are observed of the NDVI, CR, and RVI when winter 

wheat plants have fully grown. During the senescence (late June), NDVI drops sharply as the plant starts 

to lose chlorophyll. CR and RVI started to decline later and more gradually than NDVI as winter wheat 

was holding VWC even though there was no photosynthesis activity.  

RQ5: What is the impact of waterlogging observed in different crop growth stages using the S1  

and S2 time series? 

S2 NDVI from WL locations shows lower values (0.1-0.2 difference) than NWL locations during the 

initial stage, which indicates less canopy density due to waterlogging impact. Moreover, there was a 

systematic drop in NDVI in all WL locations as the places were underwater during the WL period (section 

6.4.2). A clear difference with lower NDVI in WL locations is observed when plants go through leaf 

development and stem elongation in April. The highest NDVI differences (up to 0.4) are noticed during 

flowering and fruit development (May to mid-June) when chlorophyll activity in winter wheat stabilizes. 

During the senescence stage, NDVI shows less difference (<0.1) in WL and NWL locations. However, 

NDVI in NWL spots loses greenness earlier than in WL locations. This is due to the slower development 

of winter wheat due to waterlogging stress. This has resulted in slightly higher NDVI in WL locations 

during senescence. After harvesting, a slight rise in NDVI in WL locations is due to the emergence of 

weeds and grass.  

On the other hand, CR and RVI do not show much difference between WL and NWL locations during 

the initial stage due to the dominance of CR and RVI values from the soil surface. During leaf 

development and stem elongation stage in April, CR shows slightly lower values (2-3 dB) in WL locations 

as less biomass is developed in the WL crop. Similar to NDVI, the highest differences in CR and RVI 

between WL and NWL locations are found during April, when winter wheat shows the maximum growth. 
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During senescence, the CR and RVI differences between the WL and NWL locations start to decrease, 

and after harvest, there is a rise in CR and RVI in WL spots due to the growth of weeds or grass attracted 

by higher soil moisture.   

RQ6: How can the difference in crop development be evaluated in WL and NWL crops by 

combining S1 and S2? 

The difference in the ratio of CR and NDVI between WL and NWL is found between January and March, 

where a significant inconsistency in CR is observed in February due to waterlogging. During this time, the 

CR does not show good agreement to NDVI in WL locations as CR is very sensitive to waterlogging. 

When wheat plants start to grow, NDVI increases in response to winter wheat development earlier than 

CR. From leaf development and stem elongation to flowering and fruit development stages, both NDVI 

and CR have similar responses to crop development in both waterlogging states, which is reflected in the 

ratio of NDVI and CR. However, some discrepancies between NWL and WL locations are visible during 

the senescence and after harvesting. These inconsistencies are related to the difference in the rate of 

structural change as well as VWC and chlorophyll loss in NWL and WL winter wheat during senescence. 

After the crop is harvested, a rise in NDVI and CR is found due to the emergence of weeds or grass and 

high soil water content in WL locations 

RQ7: What is the spatial pattern of NDVI deviation in NWL and WL locations in different growth 

stages at the intra-field level? 

Results show that higher spatial deviation in NDVI in WL locations during leaf development and stem 

elongation stage (9th April) in WL spots. During this time, chlorophyll activity usually increases, but this 

activity is hindered in the WL wheat plant, resulting in a high NDVI deviation from NDVI from NWL 

locations (Figure 34B). The highest deviation in WL spots is noticeable during the flowering and fruit 

development stage (starting from late May), when wheat shows the highest NDVI values (Figure 34C). 

During senescence, WL wheat showed higher NDVI values than NWL, indicating that plants stressed by 

waterlogging developed later. So, NWL plants were losing greenness due to senescence, and at the same 

time, WL plants were holding chlorophyll because of delayed growth (Figure 34D). 

To conclude, waterlogging detection with PS is different from S1 detection. PS can detect small 

waterlogged locations, and S1 can observe waterlogging even on cloudy days. S2-derived NDVI shows an 

early increase and decrease than S1-derived CR and RVI while monitoring winter wheat development due 

to differences in sensitivity to chlorophyll and biomass. The highest difference in NDVI, CR, and RVI is 

noticeable during the flowering and fruit development stage between WL and NWL locations when winter 

wheat shows maximum growth. A delay in winter wheat development is evident with NDVI, CR, and 

RVI. The ratio of NDVI and CR reveals that most differences between WL and NWL locations are found 

during the initial stage since CR is sensitive to waterlogging and NDVI is not. Some slight inconsistencies 

between WL and NWL locations are found at the beginning of March and the end of June. This can be 

attributed to the difference in the rate of increase and decrease of biomass and chlorophyll resulted in 

poor agreement between CR and NDVI from WL and NWL winter wheat. The spatial patterns of NDVI 

deviation illustrate that high and very high deviations coincide with the WL locations. The deviation is the 

highest during the flowering and fruit development stage and when the waterlogging duration is longer. 
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7.2. Limitations and recommendations 

There are some uncertainties and limitations involved in this study which can be translated into 

recommendations for future research. Few recommendations are also made for future studies based on 

the conclusion of this study. 

• Waterlogging maps have been created by thresholding of satellite data. The applied threshold 

values were based on remote sensing assisted by field-visit, local expert knowledge, and visual 

inspection of high-resolution satellite images. There is a high chance of having a few false positive 

and false negative waterlogging pixels due to limited field information. A detailed validation study 

can be carried out in the future for more accurate waterlogging maps. 

• Topographic analysis such as Height Above the Nearest Drainage (HAND) with a very high-

resolution DEM could improve the accuracy and reliability of the waterlogging map. 

• Soil moisture variation in the waterlogged and non-waterlogged spots at the intra-field level 

should be studied further. Linking it to the satellite information can reveal timely waterlogging 

stress detection using remote sensing. 

• For this study, only the winter wheat crop was considered in studying the impact of waterlogging. 

However, how tolerant other crops are to waterlogging should also be explored. 

• Yield and crop biomass data can be used to quantify crop damage due to waterlogging at different 

growth stages and observe how they correlate with the impact found from satellite observation. 

• For this study, the crop phenological stage with an approximate timeframe was used, which is one 

of the limitations of the study. A detailed land surface phenology with the exact date of events 

would help to understand the waterlogging impact on crops more comprehensively. 

• Waterlogging maps and crop development information extracted from satellite data can be used 

to create dynamic thresholding of vegetation indices at different phenological stages to extract 

damaged areas for more informed decision-making on crop management by the farmers. 
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APPENDIX 

Annex A: Time series of S1 𝝈𝑽𝑯
𝟎  and 𝝈𝑽𝑽

𝟎  in WL and NWL area in different wheat fields. 

 

 

 

 

 

 

 

 

 

 

 

 

  



OBSERVING WATERLOGGING AND ITS IMPACT ON AGRICULTURE IN HUNGARY USING RADAR AND OPTICAL IMAGES   

61 

 

Annex B: Mean NDVI values at the NWL locations in different growth stages 

Area id Leaf development and stem elongation 

(9th April 2021) 

Flowering and fruit 

development 21st May 

2021 

Senescence (23rd June 

2021) 

2 0.71 0.79 0.35 

6 0.67  0.86 0.66 

14 0.76 0.83 0.47 

16 0.53 0.83 0.69 

26 0.42 0.83 0.63 

27 0.43 0.79 0.52 

29 0.46 0.75 0.59 

 

Annex C: Building layer of the test area around Szarvas, Hungary 

 

 


