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SUMMARY

Agriculture plays a critical role in the economy and environment worldwide, and the
provision of real-time, reliable information on large-scale agricultural activity is essen-
tial for precision agriculture and global economic prosperity. In this context, remote
sensing, especially through Synthetic Aperture Radar (SAR), can play an important role
by offering accurate estimation of crop biophysical parameters such as Leaf Area In-
dex (LAI), crop height, dry biomass, and Vegetation Water Content (VWC). Unlike tra-
ditional high-resolution optical imagery, which is often undermined by cloud cover, SAR
microwave remote sensing overcomes these limitations by generating and transmitting
longer wavelengths (300 MHz – 10 GHz) that penetrate clouds and aerosols and allowing
data acquisition both day and night. However, SAR data is influenced by various fac-
tors such as sensor characteristics such as frequency, polarization, and incidence angle,
as well as target characteristics like the size and shape distribution of crop constituents,
and more importantly, the water content of crop constituents. In the path towards preci-
sion farming and more sustainable and efficient farming using SAR data, understanding
the role of these factors, particularly the dynamics of external and internal vegetation
water content on radar backscatter, is vital.

To date, however, the potentially confounding effects of both internal and, particularly,
external water dynamics in vegetation on radar backscatter have not been adequately
addressed. Existing studies have indeed illustrated the effects of SCW on radar backscat-
ter, but the degree to which it influences different frequencies and polarizations, and the
subsequent impact on crop bio-geophysical parameters remains unclear. Therefore, the
main goal of this thesis is to expand our knowledge of the relationship between radar
backscatter, vegetation dynamics, and surface canopy water (SCW) in agricultural mon-
itoring. In this thesis we utilized statistical analysis and radiative transfer modeling in
combination with fully polarimetric L-band data from a truck-mounted scatterometer
and C-band data from Sentinel-1, along with extensive field data.

This thesis begins by investigating the promising potential of Sentinel-1 SAR backscat-
ter for crop monitoring and the identification of critical dates in crop phenological stages
(Chapter 3). This chapter focuses on five key crop types: sugar beet, potato, maize,
wheat, and English rye grass in the Flevopolder, the Netherlands. It presents a compre-
hensive analysis of the radar backscatter time series, alongside an exploration of interfer-
ometric coherence data from Sentinel-1. The results highlight the guaranteed availabil-
ity of data even in cloudy conditions, thus ensuring real-time, reliable, and continuous
information on crop growth and development, and emphasizing the significant poten-
tial of radar data for crop monitoring.

A significant objective of this thesis is to improve the understanding of the effect of
SCW on total backscatter, considering frequency, polarization, and growth stage. This in-
volves delving into the complexities of the interaction between SCW and radar backscat-
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ter and adapting and validating the radiative transfer model for the first time to account
for SCW on vegetation and soil surfaces. Therefore, Chapters 4 to 6 of this thesis will
comprehensively investigate this effect by utilizing fully polarimetric L-band data from
a truck-mounted scatterometer along with extensive field data.

Chapter 4 deepens the analysis by investigating the influence of Surface Canopy Water
(SCW) on the relationship between radar backscatter and crop biophysical parameters.
The results from this chapter show that the presence of SCW can significantly affect radar
backscatter, with an increase of up to 2-3 dB in the L-band. Furthermore, the findings
illustrate how SCW impacts the relation between L-band observations and biophysical
variables such as dry biomass, vegetation water content (VWC), plant height, and leaf
area index (LAI) across all polarization, RVI, and cross ratios (CR). By examining the ef-
fect of SCW on VOD estimation, the research in this chapter suggests that while VOD
and VWC typically exhibit a linear relationship, this relationship changes substantially
in the presence or absence of SCW. These findings emphasize the importance of under-
standing daily patterns in SCW on radar backscatter and its implications for current and
future SAR missions in agricultural monitoring.

Building on the insights from Chapter 4, Chapters 5 and 6 aim to improve our un-
derstanding of how Surface Canopy Water (SCW) influences total backscatter and the
underlying mechanisms across various frequencies and polarizations, by employing a
radiative transfer model. For this thesis, the radiative transfer model developed by Tor
Vergata University (Tor Vergata model) is used. Recognizing existing challenges related
to the Tor Vergata model with handling high temporal dynamics in backscatter data,
Chapter 5 introduces a calibration technique to simulate these dynamics related to soil
moisture and internal vegetation water. This helps to capture sub-daily cycle, which is
necessary to study the influence of SCW. In Chapter 6, the calibrated version of the Tor
Vergata model is used to quantify and also improve our understanding of the effect of
SCW on backscatter as a function of frequency and polarization, and to better under-
stand the underlying mechanisms.

The results of this chapter demonstrate that accounting for SCW by including addi-
tional water in the vegetation improves the correlation between simulated and observed
backscatter at the L-band, especially when vegetation substantially influences the total
backscatter. Concerning the influence of SCW on L-band backscatter mechanisms, the
presence of SCW increases the vegetation volume contribution and reduces contribu-
tions from double bounce and direct scattering from the ground. A comparison of the
effects of SCW at different frequencies revealed that the increase in total backscatter is
more prominent at lower frequencies and it decreases with increasing frequency. The
modeling results suggest that the impact of SCW on backscatter could reach up to 2.5
dB in the L-band, emphasizing its relevance for low-frequency data. The isolated effect
of dew on backscatter could be up to 3.8 dB across all bands, making its consideration
vital during bare soil and low vegetation cover stages across all frequencies. These find-
ings provide novel insights into the effects of SCW on radar backscatter, underscoring
the significance of dew and interception at microwave frequencies.

Together, these chapters try to underscore how changes in SCW can influence radar
backscatter and show why this is important for monitoring agriculture. The results of
this thesis highlight the potential value of current and future SAR missions, including
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but not limited to Sentinel-1, ROSE-L, NISAR, SAOCOM, ALOS, CosmoSkyMed, and con-
stellations such as those from ICEYE and Capella, which have dawn/dusk overpasses or
multiple overpasses per day, for improving radar-based agricultural monitoring.

13



14



SAMENVATTING

dutch
Landbouw speelt een cruciale rol in de economie en het milieu wereldwijd. Het ver-

strekken van real-time, betrouwbare informatie over grootschalige landbouwactiviteiten
is essentieel voor precisielandbouw en wereldwijde economische welvaart. In deze con-
text kunnen satellietwaarnemeningen, zoals observaties van Synthetic Aperture Radar
(SAR), een belangrijke rol spelen. SAR observaties kunnen een nauwkeurige schatting
geven van biofysische parameters zoals Leaf Area Index (LAI), gewashoogte, droge biomassa,
en Vegetation Water Content (VWC).

In tegenstelling tot traditionele hoge resolutie optische beelden, die vaak worden on-
dermijnd door bewolking, overwint SAR observaties deze beperkingen. SAR obervati-
etechnieken gebruiken namelijk langere golflengtes (300 MHz - 10 GHz), deze golflengtes
doordringen wolken en aerosolen en zijn zowel overdag als ’s nachts inzetbaar. De data
van SAR observaties wordt echter beïnvloed door verschillende factoren zoals sensorkarak-
teristieken, waarbij frequentie, polarisatie en invalshoek een rol spelen, evenals doelka-
rakteristieken zoals de grootte en vormverdeling van gewasbestanddelen, en belangri-
jker nog, het watergehalte van gewasbestanddelen.

Op weg naar precisielandbouw en duurzamere en efficiëntere landbouw met behulp
van SAR-data is het begrijpen van de rol van deze factoren, en met name de dynamiek
van extern en intern vegetatiewatergehalte op radarobservaties, van vitaal belang. Tot op
heden zijn de potentieel verwarrende effecten van zowel intern als, met name, externe
waterdynamieken in vegetatie op radarobservaties echter niet voldoende bestudeert.
Bestaande studies hebben de effecten van Surface Canopy Water (SCW) op radar terugkaats-
ing geïllustreerd, maar de mate waarin het verschillende frequenties en polarisaties beïn-
vloedt, en de daaropvolgende impact op het meten van bio-geofysische gewasparame-
ters blijft onduidelijk. Daarom is het hoofddoel van dit proefschrift om onze kennis van
de relatie tussen radarwaarnemingen, vegetatiedynamiek en SCW in landbouwmoni-
toring uit te breiden. In dit proefschrift hebben we statistische analyse en Radiative
Transfer Modeling gecombineerd met polarimetrische L-bandwaarnemingen van een
truck-mounted scatterometer, en C-bandwaarnemingen van Sentinel-1 samen met uit-
gebreide veldgegevens en observaties.

Dit proefschrift begint met het onderzoeken van de veelbelovende Sentinel-1 SAR-
waarnemingen voor gewasmonitoren en het identificeren van kritieke momenten in de
fenologische stadia van verschillende gewassen (Hoofdstuk 3). Dit hoofdstuk richt zich
op vijf belangrijke gewastypes: suikerbiet, aardappel, maïs, tarwe en Engels raaigras in
de Flevopolder, Nederland. Een uitgebreide tijdreeks analyse van de radar waarnemin-
gen wordt gepresenteerd, en daarnaast een verkenning van interferometrische coher-
entiegegevens van Sentinel-1. De resultaten benadrukken het voordeel van de gegaran-
deerde beschikbaarheid van radarwaarnemingen. Zelfs in bewolkte omstandigheden is
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XVI SAMENVATTING

er betrouwbare en continue informatie beschikbaar over gewasgroei.

Een belangrijk doel van dit proefschrift is om kennis te vergroten over het effect van
SCW op de SAR waarnemeningen, waarbij frequentie, polarisatie en groeistadium in
acht moeten worden genomen. Dit houdt in dat we ons verdiepen in de complexiteiten
van de interactie tussen SCW en radarwaarnemingen en een Radiative Transfer Model
aanpassen en valideren om voor het eerst rekening te houden met SCW op het vegetatie-
en bodemoppervlak. Daarom zullen de hoofdstukken 4 tot 6 van dit proefschrift het ef-
fect van SCW uitgebreid onderzoeken door polarimetrische L-bandobservaties van een
truck-mounted scatterometer te gebruiken samen metveldgegevens.

In Hoofdstuk 4 wordt de analyse verder uitgebreid door het onderzoek van de invloed
van SCW op de relatie tussen radarwaarnemingen en biofysische parameters. De re-
sultaten van dit hoofdstuk tonen aan dat de aanwezigheid van SCW de radarwaarne-
mingen aanzienlijk kan beïnvloeden, met een toename van maximaal 2-3 dB in de L-
band observaties. Bovendien illustreren de bevindingen hoe SCW de relatie beïnvloedt
tussen L-bandobservaties en biofysische variabelen zoals droge biomassa, vegetatie wa-
tergehalte (VWC), planthoogte, en bladoppervlakte-index (LAI) in alle polarisaties, RVI
en CR. Door het effect van SCW op VOD-berekeningen te onderzoeken, suggereert het
onderzoek in dit hoofdstuk dat hoewel VOD en VWC doorgaans een lineaire relatie ver-
tonen, deze relatie aanzienlijk verandert in aan- of afwezigheid van SCW. Deze bevin-
dingen benadrukken het belang van het begrijpen van dagelijkse patronen in SCW op
radarwaarnemingen en de implicaties ervan voor het gebruik van huidige en toekom-
stige SAR-observaties in landbouwmonitoring.

Voortbouwend op de inzichten uit Hoofdstuk 4, hebben Hoofdstukken 5 en 6 tot doel
onze kennis te vergroten over hoe SCW de totale terugkaatsing en de onderliggende
mechanismen beïnvloedt bij verschillende frequenties en polarisaties, door gebruik te
maken van een Radiative Transfer Model. Voor dit proefschrift wordt het Radiative Trans-
fer Model, Tor Vergata-model, ontwikkeld door Tor Vergata University, gebruikt. Met
erkenning van bestaande uitdagingen met betrekking tot het Tor Vergata-model bij het
gebruik met hoge temporele dynamiek in radarwaarnemingen, introduceert Hoofdstuk
5 een kalibratietechniek om deze dynamiek te simuleren met betrekking tot bodemvochtigheid
en intern vegetatiewater. Deze techniek zal helpen de subdagelijkse cyclus vast te leggen,
wat nodig is om de invloed van SCW te bestuderen. In Hoofdstuk 6 wordt de gekali-
breerde versie van het Tor Vergata-model gebruikt om het effect van SCW op radar-
waarnemingen te kwantificeren en ook om onze kennis van het effect van SCW op terugkaats-
ing als functie van frequentie en polarisatie te verbeteren, om zodoende de onderliggende
mechanismen beter te begrijpen.

De resultaten van dit hoofdstuk tonen aan dat het rekening houden met SCW door
extra water in de vegetatie op te nemen de correlatie verbetert tussen gesimuleerde en
waargenomen terugkaatsing in de L-band, vooral wanneer de vegetatie de totale terugkaats-
ing aanzienlijk beïnvloedt. Met betrekking tot de invloed van SCW op de L-band terugkaats-
ingsmechanismen, verhoogt de aanwezigheid van SCW de bijdrage van het vegetatievol-
ume en vermindert het bijdragen van dubbele sprong en directe verstrooiing van de
grond. Een vergelijking van de effecten van SCW bij verschillende frequenties toonde
aan dat de toename van de totale terugkaatsing prominenter is bij lagere frequenties en
afneemt met toenemende frequentie. De modelresultaten suggereren dat de impact van
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SCW op de radarwaarnemingen tot 2,5 dB in L-band observaties kan bereiken, waardoor
het belang van SCW voor laagfrequente observaties wordt benadrukt. Het geïsoleerde ef-
fect van dauw op terugkaatsing kan tot 3,8 dB bedragen over alle banden, waardoor het
in acht nemen van SCW essentieel is tijdens kale bodem- en lage vegetatiebedekkings-
fasen over alle frequenties. Deze bevindingen bieden nieuwe inzichten in de effecten
van SCW op radar terugkaatsing, en onderstrepen het belang van dauw en interceptie
bij radarwaarnemingen.

Samen proberen deze hoofdstukken te onderstrepen hoe veranderingen in SCW radar
waarnemingen kunnen beïnvloeden en tonen aan waarom dit belangrijk is voor het
monitoren van de landbouwgewassen. De resultaten van dit proefschrift benadrukken
de potentiële waarde van huidige en toekomstige SAR-missies, waaronder maar niet
beperkt tot Sentinel-1, ROSE-L, NISAR, SAOCOM, ALOS, CosmoSkyMed, en constellaties
zoals die van ICEYE en Capella, die tijdens dageraad / schemering overvliegen of meerdere
keren per dag overvliegen, om daarmee radar-gebaseerde landbouwmonitoring te ver-
beteren.
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1
INTRODUCTION

“The scientist is not a person who gives the right answers,
he’s one who asks the right questions.”

Claude Levi-Strauss

1
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2 1. INTRODUCTION

1.1. USING SYNTHETIC APERTURE RADAR (SAR) DATA FOR

AGRICULTURAL MONITORING

Agricultural monitoring using Synthetic Aperture Radar (SAR) plays an important
role in precision agriculture and economic prosperity worldwide. The ability to
estimate crop biophysical parameters such as Leaf Area Index (LAI), crop height,
dry biomass, and Vegetation Water Content (VWC) using SAR data is important
for various applications including yield forecasting, crop health monitoring, and
soil moisture estimation [1–7]. By providing real-time, reliable, and accurate crop
information, these remote sensing techniques enable timely interventions, allow for
optimal resource usage, and increases in crop yields. The use of remote sensing
data not only supports the sustainability and growth of the agriculture sector but
also helps to mitigate global food security challenges by reducing famine risk
and enhancing food production efficiency [8, 9]. The transition towards precision
agriculture also promises lower environmental impact, transparent production, and
smarter production methods, ushering in an era of sustainable and efficient farming
[9–11].

The current abundance of high-resolution optical and SAR data offers unprece-
dented opportunities for agricultural monitoring. Satellite imagery can be used for
many applications as mentioned. However, the reliability of optical imagery is
severely undermined by cloud cover worldwide, posing a significant challenge for
capturing clear and cloud-free images. For example, van der Wal et al. [12] used
20 years of data from a KNMI weather station data at Eelde (the Netherlands) and
showed that there is about a 20 % chance of obtaining a clear (< 2 Oktas) satellite
acquisition during the growing season.

On the other hand, microwave remote sensing stands out for its unique advantages
compared to optical remote sensing methods. The key advantage is the use of
longer wavelengths (300 MHz – 300 GHz) compared to other techniques. The
longer wavelengths enable the microwave signals to penetrate through clouds and
aerosols without significant disturbance. Data can be acquired during both day
and night, eliminating the temporal restrictions inherent in other remote sensing
techniques [13]. Therefore microwave remote sensing can ensure timely observations
for agricultural applications [5, 14–20]. Another advantage of the microwave signals
is their distinctive ability to penetrate through canopies and soils, thereby providing
information that is typically unattainable through alternative techniques. However,
in the microwave domain the penetration is not equal for all range of frequencies
and generally by increasing in frequency the penetration depth decreases [13, 21].
In general, observations at shorter wavelengths, such as X-band and C-band, are
primarily influenced by the uppermost layers of the canopy. Observations at longer
wavelengths, like L-band, have a larger sensing depth and can interact with the
entire crop canopy [17, 21, 22].

The depth of this penetration is controlled by the bio-physical properties of the
scatters within the vegetative layer, such as the water content of the canopy and
the size and shape of its constituents [23]. Moreover the received backscatter
from agricultural area is dependent upon both the sensor configuration such as
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frequency, polarization and incidence angle and target characteristics such as the
size and shape distribution of crop constituents, their orientation, the roughness and
dielectric constant of the underlying surface, and the canopy cover [5, 6, 16, 24].

To date, many ground-based experiments and campaigns based on scatterometer,
airborne and satellite data (SAR data) have conducted to demonstrate the value
of low frequency radar data in agricultural applications such as crop monitoring
and classification, soil moisture estimation, and extracting bio- and geo-physical
parameters from radar data [5, 17, 22, 25–30]. Ground-based scatterometers
campaigns enable high temporal resolution collection of datasets, very suitable for
plot scale observations, but they are limited to measure a single field or, at best, can
be moved with a mechanical system to observe multiple fields. This greatly limits
the diversity of fields and conditions that can be observed in a single campaign [5,
15, 17]. In contrast, air borne sensors, although typically limited to a few flights,
can capture data across many fields with different characteristics. The other option
for large scale monitoring can be use space borne scatterometer observations which
have a very coarse resolution [21, 31–34]. In the context of microwave instruments,
passive systems like radiometers provide coarse resolutions (> 10 km) and observe
naturally emitted radiation from the land surface, whereas active radar systems,
especially synthetic aperture radars (SAR), can yield significantly higher resolutions
(meter-scale) [19, 35].

Active microwave systems like SAR enable a more detailed analysis of vegetation
constituents, including absorption, scattering and their sensitivity to water content
[15, 22, 36]. Therefore, in many ways data from SAR system can overcome the
problems found in ground-based, airborne, and passive systems by giving high
spatial resolution with large coverage of land surfaces. This makes SAR a key
tool with great potential for new developments in the field of microwave remote
sensing. Several studies have focused on specifically used of the SAR data for
agricultural application and the sensitivity SAR data to biophysical parameters of
crops [13, 26, 28, 37–47]. Despite these advantages, SAR data had not been used as
extensively or operationally as optical data until 2015. Reasons for this have included
the traditionally high cost of SAR data acquisition and the relatively complex and
specialized processing methods [21].

The launch of the European commission’s Sentinel-1 Mission in 2015 generated
unique opportunities in terms of the operational use of radar observations for
agricultural monitoring for two reasons: (1) its revisit time is unprecedented, and
(2) the imagery are freely distributed. Temporal coverage of this data varies across
the globe, but combining ascending and descending tracks from both Sentinel-1A
and Sentinel-1B yields observations every 1-2 days in the centeral Europe. This
considerable improvement in revisit time and availability of imagery by the Sentinel-1
Mission represented a significant improvement over RADARSAT-2, which, prior to
the launch of the Canada three-satellite RADARSAT Constellation Mission (RCM)
in 2018, provided observations with a 24 days repeat cycle [17, 21]. Since the
launch of the first Sentinel-1 satellite in 2015, numerous studies have leveraged this
data for providing insight into the temporal variability of vegetation, monitoring the
phenological stages of crops, crop classification and crop type map generation, soil
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moisture estimation, monitoring and detecting important agricultural practice such
as tillage, sowing and harvest date and retrieving biophysical parameter of crops
such as leaf area index (LAI), biomass and vegetation optical depth (VOD). [3, 13,
29, 30, 40, 41, 44–46, 48–64]. Having data from two different times of the day from
ascending/descending tracks means that the condition of the agricultural target such
as internal and external water content can be different. However, little attention has
been paid to the potentially confounding effect of internal, and especially external,
vegetation water dynamics on radar backscatters.

1.2. THE IMPORTANCE OF SURFACE CANOPY WATER

Surface canopy water (SCW), i.e. external vegetation water, refers to the presence
of water in a form of dew or interception from irrigation and precipitation on the
canopy surface. This water is retained as tiny droplets or as a thin water film upon
the surface of the canopy or top layer of soil. The presence, duration, amount, and
distribution of the SCW is relevant in agriculture itself, as well in microwave remote
sensing for agricultural applications [65–76].

The presence of SCW can play an important role in the recovery of the water
content in plants after a heavy water loss or can be an important source of moisture
for plants in an arid area during the dry season [65, 70]. SCW can also benefit
crops by reducing the vapor pressure deficit and thus allowing stomatal opening
and photosynthesis [70–72]. Formation and accumulation of dew on topsoil can
help recharge the soil moisture and decrease evaporation from the soil layer if
the moisture is not evaporated before it can infiltrate [77]. On the other hand,
leaf wetness can contribute to the development of diseases in many crops [66, 70,
74]. The duration and amount of SCW can influence fungal diseases, expansion
of bacteria and fungal pathogens, and germination of spores on many crops [74].
Therefore, information about the duration and amount of SCW can be valuable to
support crop management decisions such as the optimal scheduling of fungicide
applications.

In addition to the direct effect of SCW on plant biology, SCW can directly affect
microwave data and influence retrieval of e.g. soil moisture, VOD, biophysical
variables, canopy fuel load, and crop classifications [66–69, 75, 76]. As explained in
the previous section, active microwave observations from agricultural land are highly
sensitive to the dielectric and structural properties of the crops and soil, depending
on system properties. The presence of SCW increases the water content, and hence
the dielectric constant of the vegetation, leading to an increase in the observed
backscatter and can have a confound influence on retrieval of crop bio-geophysical
variables of interest [78, 79]. However, it remains challenging to understand the
influence of SCW on the retrieval of crop bio-geophysical variables and estimates of
vegetation optical depth.
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1.3. THE EFFECT OF SURFACE CANOPY WATER ON SAR DATA

Dew is often present on vegetation in temperate regions during the early morning
[66, 80]. Kabela et al. [66] found that dew was present on more than 80 % of days
during the SMEX-05 experiment in Ames, Iowa, with dew accumulating on corn
and soybean fields between 00:30 and 6:30 Central Standard Time (CST). As most
satellites carrying radar instruments are in a near-polar, sun-synchronous orbit with
local overpass times between 4:00 AM/PM and 10:00 AM/PM, the effect of dew on
the radar backscatter needs to be considered. Several early experimental studies
have reported an increase in radar backscatter at different frequencies due to the
presence of SCW caused by dew and interception.

In an early study conducted by Gillespie et al. [79] over a wheat field, it was
found that radar backscatter increased by 4 dB in C-band and 1 dB in the L- and
Ku-band during dew events. It was found that an incidence angle of 20 degrees had
the highest sensitivity to the presence of dew compared with incidence angles of 40
and 60 degrees. They found lower sensitivity of a signal to dew event by increasing
the incidence angle from the nadir. However, Herold, Pathe, and Schmullius [81]
reported no significant effect from SCW on radar backscatter at X-band and a modest
increase of up to 1 dB in C-band for forest and non-cereal crops with heterogeneous
surface structure (i.e. corn and potato). They found that L-band observations were
less sensitive to SCW than C-band.

A series of experiments conducted by Riedel et al. [76, 82, 83] used polarimetric
data at L-, C-, and X-band from E-SAR over different crop types to investigate the
effect of SCW on radar observations, scattering mechanisms, and crop classification.
At L-band, they found that the effect of SCW was less dependent on plant structure
and a strong influence of SCW was observed on cross-pol data while no impact was
observed on VV-pol data. At C-band, they observed that the impact on backscatter
depended on vegetation structure and growth stages. At X-band, no significant
influence was observed from dew events. They found an increase of about 2 dB in
volume scattering in cross-pol under wet conditions. They also found a significant
decline (4 dB) in surface scattering and double bounce in the presence of SCW. They
also reported that the impact of dew on the signal was independent of vegetation
type. In case of classification, they found that generally the accuracy increased by a
decrease in SCW amount, and the crop separability was affected by SCW.

Wood et al. [75], compared RADARSAT-1 data from ascending and descending
passes to understand the effect of SCW on crop separability. They found that
the difference in backscatter between ascending and descending passes was similar
among various crop types and that C-band backscatter was on average 1.7 to 2.5
dB higher during the dawn acquisition (6 AM) compared to the dusk acquisition (6
PM). Contrary to Riedel and Schmullius [76], they concluded that the overall crop
separability is not affected the by choice of overpass time but that the choice of
overpass time should be considered for retrieval of crop bio-geophysical variables
of interest since the presence of dew increase the radar backscatter during dawn
acquisitions.

These studies provide valuable insight into the potential impact of SCW on radar
observables but very limited and temporarily sparse data were used to investigate
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the effect of SCW. Moreover, in some studies, the presence of SCW was not measured
directly but was predicted using meteorological data. This may contribute to
the occasionally contradictory conclusions. Furthermore, it remains challenging to
explain the observed difference between the frequencies and polarizations because
the widely-used radiative transfer models have mostly been developed to account
for the influence of internal water content on the various contributions to total
backscatter, and do not currently account for the presence of the SCW on vegetation.

1.4. MODELING THE EFFECT OF SURFACE CANOPY WATER

DYNAMICS ON RADAR DATA

Several widely-used radiative transfer models have been developed to better
understand and simulate backscattering from agricultural crops [36, 84–87]. The
most commonly used model among these models is semi-empirical Water Cloud
Model (WCM) which considers the vegetation as a cloud containing identical water
droplets randomly distributed within the canopy [84]. The WCM is a zero-order
radiative transfer solution in which the power backscattered by the entire canopy is
modeled as the incoherent sum of the contributions from the canopy (as a whole) as
well as the underlying soil. This model is widely used due to its simplicity. However,
it does not consider higher order scattering mechanisms. To obtain a more detailed
understanding of scattering from vegetation surfaces, more advanced models based
on energy and the wave approaches such as Michigan Microwave Canopy Scattering
Model (MIMICS) [36], Multi-static Interferometric and Polarimetric Electromagnetic
mode for Remote Sensing (MIPERS) [87], and the Tor Vergata model [85] have been
proposed. The “Tor Vergata model" is a fully polarimetric model developed at the
Tor Vergata university in Rome [85] and has been used in multiple studies for the
simulation of radar backscatter across various crop types and frequencies, ranging
from P- to X-band [18, 88–101].

Previous studies using the Tor Vergata model showed the high sensitivity of
the model to crop growth and good agreement between the model and observed
backscatter [18, 88–101]. However, these studies relied on temporally sparse data
(i.e. ranging from every 3 days to every 12 days) for the input parameters and
the simulations were primarily capturing the seasonal growth cycle. Moreover, this
model has mostly been developed to account for the influence of internal water
content on the various contributions to total backscatter and does not currently
account for the presence of the SCW on vegetation.

1.5. RESEARCH GAP AND OBJECTIVES

As argued in previous sections, active microwave data offer substantial advantages
over optical data in agricultural monitoring. However, the potentially confounding
effects of both internal and, particularly, external water dynamics in vegetation on
radar backscatters have not been adequately addressed. Previous sections have
highlighted several research gaps, mainly regarding our understanding of the impact

26



1.6. RESEARCH OUTLINE

1

7

of internal water, specifically surface canopy water (SCW), on radar backscatter, and
subsequently, on the interpretation of radar data for agricultural monitoring.

As mentioned, past studies have uncovered the influence of SCW on radar
backscatter [66–68, 75, 76, 79, 81–83]. Despite this knowledge, understanding of
the extent to which SCW affects radar backscatter across different frequencies and
polarizations, and how it impacts the relationship between radar observables and
crop bio-geophysical variables of interest, is limited. Additionally, current radiative
transfer models, such as the Water Cloud Model (WCM), Michigan Microwave
Canopy Scattering model (MIMICS) and the Tor Vergata model are primarily focused
on the influence of internal water content on total backscatter, neglecting the
potential presence of SCW [36, 84–87]. Therefore, to date, the full extent and
mechanisms through which SCW affects radar backscatter and its influence on the
relationship between radar observables and crop bio-geophysical variables have not
been thoroughly investigated. This research gap motivates this research and we try
to answer main question regarding the extent of the effect of SCW on radar data
particularly across frequencies and polarization in this thesis.

Taking into account the aforementioned research gap, this research proposes
several key objectives:

1- Demonstrate the significant potential of Sentinel-1 SAR backscatter and
interferometric coherence for crop monitoring and the identification of key dates in
crop phenological stages.

2- Enhance our understanding of the quantitative influence of SCW on radar
observables and their relationship with various geophysical variables.

3- Broaden our understanding of the impact of SCW on total backscatter as
a function of frequency, polarization, and growth stage and to comprehend the
underlying mechanisms. This objective seeks to delve deeper into the complexities
of the interaction between SCW and radar backscatter by adapting and validating
the radiative transfer model for the first time to account for the presence of SCW on
vegetation and soil surfaces.

1.6. RESEARCH OUTLINE
The main goal of this PhD research is to expand our knowledge of the relationship
between radar backscatter, vegetation dynamics, and surface canopy water (SCW) in
agricultural monitoring.

Chapter 2 provides a comprehensive overview of the experimental setup used
during the campaigns in Citra, Florida, USA. It includes essential details about the
instrumentation and methodologies employed

Chapter 3 explores the capability of using Sentinel-1 in monitoring the important
crops in Netherlands, namely sugarbeet, potato, maize, winter wheat, and English
ryegrass. The time series of Sentinel-1 backscatter and cross-ratio have been
analyzed to understand the effect of structural and biomass change of crop and
environmental conditions during the whole season on the radar backscatter. Then
the possibility of detecting the key phenological stages such as crop emergence,
closure, and harvest date was tested by utilizing curve fitting and statistical analysis
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methods over time series of both backscatter and interferometric coherence.
Chapter 4 examines the influence of surface canopy water on the radar backscatter,

on the relationship between the radar observables and geophysical variables of
interest such as vegetation water content, dry biomass, leaf area index, and plant
height, and on the vegetation optical depth estimation. In this chapter, all analyses
are based on data collected from a fully polarimetric, L-band scatterometer, and
intensive ground measurements during a field experiment in Florida, USA.

Chapters 5 and 6 focus on modeling the effect of diurnal variation in both SCW
and internal water on radar backscatter as a function of frequency and polarization
to understand its effect on the underlying mechanisms. The radiative transfer model
developed by Tor Vergata University is used to simulate and investigate the effects.
This model can accurately simulate the seasonal evolution of radar backscatter in
response to crop growth. In Chapter 5, this model is calibrated at a sub-seasonal
scale to improve the simulation of daily and sub-daily variations in radar backscatter.

In Chapter 6, the calibrated version of the model is adapted to investigate the
effect of SCW on backscatter as a function of frequency, polarization, and growth
stage and to understand the underlying mechanisms.

Finally, Chapter7 present the conclusion of this thesis, along with implications and
recommendations for further research.
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2
FLORIDA FIELD CAMPAIGN AND

DATA

This section of the dissertation describes detailed experiments conducted in Florida
during the spring of 2018. It provides an in-depth explanation of how the experiments
were set up. The primary goal of this experiment was to gather essential data to
help us understand the relationship between internal and external water dynamics
and radar backscatter. To achieve this, various ground measurements were taken, and
time-series analyses of backscatter coefficients were performed using a ground-based
scatterometer. The information presented in this chapter will be referenced in Chapters
4, 5, and 6 of this thesis. In those chapters, the data will not be repeated; instead,
there will only be references to the information in this chapter.

This chapter is based on:
Khabbazan, Saeed et al., "The influence of surface canopy water on the relationship between L-band
backscatter and biophysical variables in agricultural monitoring." Remote Sensing of Environment
268 (2022): 112789. [102]

Khabbazan, Saeed et al., "The Influence of Surface Canopy Water on L-, C-, and X-Band
Backscatter: A Study Combining Detailed In situ Data and the Tor Vergata Radative Transfer Model."
Science of Remote Sensing (2023): Uder revision

9
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2.1. STUDY AREA

The field camping was carried out at the University of Florida Institute of Food and
Agricultural Sciences (UF/IFAS) Plant Science Research and Education Unit (PSREU)
near Citra, Florida, USA (29.4◦ N, 82.17◦ W) during the spring of 2018. This field
campaign lasted for a whole growing season of corn (i.e., 70-day), starting during the
bare soil period in early April and continuing until the harvest in mid-June. The site’s
climate is classified as Cfa under the Köppen Geiger Climate classification [103],
characterized as a humid subtropical climate with hot and humid summers, and
cold to mild winters. The rainy season mostly runs from around May to November
[104], and this study period encountered a dry period in the early season and heavy
rainy period after mid May.

The corn field measured 250 m by 150 m, with the soil comprising over > 90% by
volume fine sand [105]. Sweet corn (Zea mays L. var. rugosa) was planted on April
13th at a row spacing of 92.5 cm and an average density of 7.9 plants m−2. The
crop was harvested before the start of the senescence stage on June 18. Irrigation
was applied several times during the early season using a center-pivot irrigation
system. Irrigation was applied close to midnight to control the soil moisture content
and minimize evaporation losses. The Schematic representation of the experimental
setup is presented in Fig. 2.1.

Figure 2.1.: Schematic representation of the experimental setup: corn field layout,
instruments, and sensor locations during the Florida campaign. (i.e. Not
to scale)
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2.2. UF-LARS RADAR

Radar backscatter was measured using the truck-mounted University of Florida
L-band Automated Radar System (UF-LARS) [106] (Table 2.1). Radar data were
acquired at four polarization combinations (VV, HH, VH, and HV) using a dual
polarization horn antenna. The VH and HV data were very similar so, following
previous studies [107], they were averaged and are referred to here as the
cross-polarized backscatter σX P . The system was installed on a Genie platform with
an antenna height of 14 meter from the soil surface. UF-LARS scanned the corn
field with a fixed elevation angle of 40◦. In this research, samples at three azimuth
scans at -9◦, 0◦ and +9◦ were used. At each azimuth scan, nine samples were taken
at 30 MHz increments from 1130 to 1370 MHz which resulted in 27 independent
samples. Individual samples are prone to noise due to fading, i.e. the noise arising
from interference between returns from multiple ground targets [108]. The average
of 27 samples were used in order to account for variations in row direction, and to
increase the signal-to-noise ratio, which for a single sample is lowered by fading
[107].

Internal calibration was applied during each acquisition to account (among others)
for the effect of temperature on the electronics. External calibration was conducted
using a trihedral corner reflector of known radar cross section several times during
the growing season. The Single Target Calibration Technique (STCT) [109] was
used to calculate the backscatter coefficient σ◦ from the received signal. The total
systematic error and random error were estimated as 1.49 and 0.85 dB, respectively
[106, 107]. The ground range and azimuth range for each polarization combination
were determined using the 3 dB antenna beamwidth of 14.7◦ and 19.7◦ in E-plane
and H-plane, respectively as shown in Table 2.1. Scanning the corn field over 3
azimuth angles resulted in the total footprint area of 120, 119 and 87.5 m2 in HH,
VV and XP polarization, respectively. Vegetation samples were collected outside,
but adjacent, to the radar footprint to avoid introducing patches and heterogeneity
within the radar footprint, and to prevent any changes in roughness due to foot
traffic. All sensors and hardware are installed outside the footprint to avoid any
influence of metal structures or cables on the radar backscatter. The UF-LARS
system was programmed to automatically acquire 32 measurements per day during
the growing season. During the last 7 days, this was reduced to 16 measurements
per day to avoid any radio frequency interference with other microwave sensors.

2.3. GROUND MEASUREMENTS

2.3.1. METEOROLOGICAL DATA

Meteorological data were obtained from the nearby weather station from the
Florida Automated Weather Network (FAWN). The station was located <600 m
from the experimental site. 15-min observations of rainfall, relative humidity,
temperature, solar radiation, and wind speed were obtained from the Report
Generator (https://fawn.ifas.ufl.edu/data/reports/). The timing and amount of
irrigation was provided by UF/IFAS.
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Table 2.1.: UF-LARS system specifications

Parameter UF_LARS
Frequency (GHz) 1.25
3dB Beam-width (deg) E-Plane 14.7

H-plane 19.7
Bandwidth (MHz) 300
Antenna Type Dual-polarization horn
Range resolution (m) HH/VV/XP 8.5 / 6.2 / 6.2
Azimuth Resolution (m) HH/VV/XP 4.7 / 6.4 / 4.7
NEσ◦ (dB) HH/VV/XP -23.43/ -25.58/ -48.12
Error in σ◦ (dB) Systematic 1.49

Random 0.85
Incidence Angle (deg) 40
Platform height (m) 14

Figure 2.2.: The University of Florida L-band Automated Radar System (UF-LARS) is
mounted on the blue crane

2.3.2. SOIL DATA

Surface to root zone soil moisture was measured every 15 minutes using 10 Decagon
EC-5 sensors [110] installed at 5, 10, 20, 40, and 80 cm depth in two pits located 40
m apart, adjacent to the radar footprint (Fig. 2.3 (b)). The averaged measurement
at 5 cm depth was used as surface soil moisture, and this average was used in this
thesis. A site-specific calibration was conducted before the installation of sensors,
both in the laboratory and using soil samples from the field. Soil moisture was
measured using EC-5 sensors, and the gravimetric sampling method was applied for
saturated to dry soil. The goodness of fit for the linear regression between soil
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moisture estimates from the EC-5 sensors and values from gravimetric sampling was
0.993, and the RMSE was 0.028 m3 m−3. Although the two profiles were 40 m apart,
the observations of the two pits closely matched.

Surface roughness was characterized in the period between sowing and the crop
emergence using a 2-meter long grid board (Fig. 2.3 (a)). The roughness profiles
were acquired along, and perpendicular to the row direction. In each direction, the
grid board was moved twice to build a synthetic 6-meter roughness profile. These
profiles were digitized at 1 cm intervals, and the digitized profiles were used to
compute the root mean square (RMS) height and the correlation length (L) following
the procedure described in [111]. The averaged RMS height and correlation length
was found to be 0.92 and 9.17 cm, respectively. In general, measuring the correlation
length accurately is difficult because it is extremely variable [112]. Previous studies
conducted by [112–114] suggested calibrating the correlation length by finding the
value that gives the best fit between simulated and observed backscatter during
the bare soil period. For this research, we try to calibrate the correlation length;
however, we decided to use the measured value of correlation length (i.e. 9.17 cm)
since the optimum value of the correlation length which gave the best fit in both
polarization was not found.

Figure 2.3.: Using a 2-meter long grid board to measure soil roughness (a), soil
moisture sensors installation at depths of 5, 10, 20, 40, and 80 cm (b)

2.3.3. SURFACE CANOPY WATER DATA

The presence, frequency, duration, and amount of the surface canopy water (SCW)
caused by dew or interception were measured using three dielectric leaf wetness
sensors (Pythos31) [115] every 15 minutes during the whole growing season (Fig.
2.4). These sensors are designed to mimic the thermodynamic and match the
radiative properties of real leaves. The three sensors were installed at three different
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heights after plant emergence. The height of the sensors was adjusted as the canopy
grew to ensure they were evenly distributed along the height of the plants and could
capture the vertical distribution of the wetness on the canopy. The angle of the
sensors was also adjusted to mimic the angle of neighboring leaves. The surface
coating of the PHYTOS 31 is hydrophobic, similar to a leaf with a hydrophobic
cuticle, and unlike conventional leaf wetness sensors, its resistance grid does not use
salt-laced latex paint which resulted in extra sensitivity to avoid false positives.

Figure 2.4.: 3 leaf wetness sensors installed at a wooden pole at early stage.

The primary output of these sensors is a voltage (in mV) proportional to the
dielectric constant of a zone approximately 1 cm from the upper surface of the
sensor which is proportional to the amount of water on the sensor’s surface. The
EM50 data logger [116] converts the voltage output to a scale in terms of “counts."
The factory calibration of this sensor indicated consistency in output data, and
the outputs for the dry PHYTOS 31 approximately 435 raw counts when read with
METER data loggers. When the sensor is totally wet, as in heavy rain, the signal can
range up to around 1,100 counts.

The mass of water (Mw ) deposits on the sensor surface (g m−2) is calculated using
an empirical formula reported by the factory and Cobos et al. [117, 118]:

Mw = 1.54×exp(5.8×10−3 × count s) (2.1)

Following [119], two assumptions were made to convert the mass of water on sensors
to SCW. First, the area of each corn leaf (AL) in m2 was calculated from leaf length
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(l) and width (w) assuming that corn leaves were elliptical:

AL = π

4
× l ×w (2.2)

Second, it was assumed that the wetness on a leaf at any height was similar to the
wetness on the sensor closest to that leaf. Then the SCW could be calculated as
follows:

SCW = ρpl ant ×
n∑

i=1
ALi ×Mwi (2.3)

where SCW is the amount of surface canopy water on the corn leaves per square
meter of ground (kg m−2), n is the average number of leaves per plant, Mwi is the
water mass on the sensor closest to leaf i (kg m−2), ALi is the area of leaf i (m2),
and ρpl ant is the average number of plants m−2.

2.3.4. GROUND VEGETATION SAMPLING AND VEGETATION DATA

Predawn destructive vegetation sampling was conducted every 2-3 days during the
entire growing season to measure Vegetation Water Content (VWC) and dry biomass
(md ), as well as gravimetric water content (Mg ). Four rectangular sampling areas
with average dimensions of 30 by 35 m2 were delineated outside, but adjacent, to
the radar footprint at the beginning of the season. For each sampling event, eight
field-representative plants were chosen from the four sampling areas.

From the eight samples, all constituents (leaves, stems, ears, tassel, and tillers)
of these plants were separated, paper towel-dried to remove any surface water,
weighed, and oven dried at 60◦ C for 4 to 8 days, with 5 to 7 days being typical. The
dry samples were weighed again to estimate field-average VWC, md , and Mg using
the following equations [119]:

V W C = (W f −Wd )×ρpl ant (2.4)

md =Wd ×ρpl ant (2.5)

Mg = W f −Wd

W f
(2.6)

where W f and Wd are the average fresh and dry weight of the eight samples (kg ),
respectively, and ρpl ant is the average number of plants per square meter (m−2).

The samples were also used to estimate field-average plant height and stem height
using measuring tapes. The number of leaves per plant were counted on each
sampling date. Detailed vegetation geometry measurements, including leaf length,
width, diameter, and angles, were conducted weekly. These measurements were
used to determine Leaf Area Index (LAI) on seven dates during the growing season.
Leaf length and width were measured and used to estimate the leaf area, assuming
that corn leaves are elliptical. Then, the leaf area for one plant was summed and
multiplied by plant density to obtain LAI. Visual identification of growth stages was
performed on sampling days using the Biologische Bundesanstalt, Bundessortenamt,
and Chemical industry (BBCH) scale for corn [120].
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3
CROP MONITORING USING

SENTINEL-1 SAR DATA: A CASE

STUDY FROM THE NETHERLANDS

Agriculture is of huge economic significance in the Netherlands where the provision
of real-time, reliable information on crop development is essential to support the
transition towards precision agriculture. While the optical data often can be severely
hampered by cloud cover, the SAR data can be a solution for consistent monitoring.
This chapter introduces a case study from Flevopolder, illustrating the potential of
Sentinel-1 C-band SAR for monitoring five major crops in the Netherlands. We present
a comprehensive analysis of the radar backscatter time series from the European Space
Agency’s Sentinel-1 Mission, alongside an exploration of interferometric coherence
data.

This chapter is based on:
Khabbazan, Saeed, et al., "Crop monitoring using Sentinel-1 data: A case study from The
Netherlands." Remote Sensing 11.16 (2019): 1887. [121]
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3.1. INTRODUCTION

The Netherlands is the second largest exporter of food and agricultural products in
the world, exporting 65 billion euros of agricultural produce annually. These exports
represent 17.7 % of total Dutch exports [122] and the sector is expected to grow
further in the next 15 years [123]. The provision of timely, reliable, accurate, and
high-resolution satellite remote sensing data is essential to facilitate a transition from
parcel-level decision-making towards precision agriculture [124, 125]. This transition
towards precision agriculture is expected to yield increased productivity, lower
environmental impact, transparent production, and more intelligent production
methods. Furthermore, the commercialization of remote sensing data processing
and added-value product generation has the potential to become a valuable export
commodity. Satellite remote sensing provides valuable information for many users
from individual farmers to food producers, as well as national and international
governmental agencies.

This chapter is focused on one of the most productive agricultural areas
in the Netherlands to explore the value of Sentinel-1 in monitoring regionally
important crops, namely sugar beet, potato, maize, winter wheat and English rye
grass. By comparing Sentinel-1 imagery to hydrometeorological data and ground
measurements of phenological stage, and vegetation height it is shown that the
time series of Sentinel-1 backscatter data reflects moisture and structural changes
associated with phenological development of crops during the growing season in
this region. It is shown that key dates of interest (emergence and closure dates) can
be mapped using Sentinel-1 backscatter data. Finally, it is shown that, in addition to
backscatter data, the coherence between consecutive Sentinel-1 images is influenced
by the structural changes associated with (potato) haulming and harvest.

3.2. DATA AND METHODS

3.2.1. STUDY AREA

The study was conducted in the Flevopolder, a region of reclaimed land with an area
of 970 km2 which was drained in 1957 with the main purpose of agriculture. Fig.
3.1 shows the location of the Flevopolder in the Netherlands, as well as the spatial
distribution of the five crops considered. Parcel boundaries and crop types were
determined from the Basisregistratie Gewaspercelen (BRP) [126]. The land surface in
this region is flat and lies ± 3 m below sea level. Soil at the surface is clay overlaying
a sand layer at about 2 m depth. Capillary rise from the shallow groundwater is
a major stabilizing control on soil moisture. The average minimum temperature
during winter is -3.3◦C, the average maximum temperature during summer is 22◦C
and the mean annual precipitation is 797 mm per year [57]. Weekly crop growth
stage, crop height and soil moisture data were collected in 24 agricultural parcels on
the Flevopolder. The crop types were sugar beet (5 parcels), potato (4 parcels), maize
(5 parcels), wheat (5 parcels) and English rye grass (5 parcels).
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Figure 3.1.: Location of study area and map of crop types in Flevopolder.

3.2.2. HYDROMETEOROLOGICAL GROUND DATA

Hydrometeorological sensors were installed at a silage maize parcel at the Aeres
Practijkcentrum in Dronten (52.53N, 5.66E) for continuous ground measurements.
The growing season of this parcel lasted from May to the end of September
2017. A weather station was installed on the 24th of May, adjacent to the maize
parcel. A Decagon ECH2O Rain Model ECRN-100 tipping bucket was mounted
on the station, however it failed and was replaced on 23 June. Precipitation data
from the KNMI station at Dronten (Station Number 364) were used in the interim
[127]. The weather station also included an Apogee SP-212 pyranometer (solar
radiation), a Davis Cup anemometer (wind and gust speed, and wind direction),
and a HOBO Temperature/RH Smart Sensor Model S-THB-M008 (temperature and
relative humidity).

Radar backscatter, particularly at C-band, is sensitive to the presence of water on
the canopy [47, 79, 81, 82, 128]. Therefore, three Decagon Dielectric Leaf Wetness
Sensors were installed in the maize parcel in Dronten to measure the presence and
duration of interception or dew on the leaf. To investigate the wetting and drying at
different levels, the sensors were installed on three heights in the canopy: 27.5, 42.5,
and 145 cm from the ground. Precipitation data were used to determine whether
water droplets on the sensor were likely to be interception or dew.

Root zone soil moisture was monitored by installing five Decagon ECH2O EC-5
soil moisture sensors between two rows in the middle of the parcel, at five different
depths: -5, -10, -20, -40, -80 cm. The accuracy of the factory generic calibration
is approximately 3 to 4 % [129]. Results from the sensor at 20 cm were excluded
from the analysis because the sensor produced spurious values throughout the study
period.
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3.2.3. GROUND DATA AT 24 PARCELS

In each of the 24 parcels, two sampling locations were identified and marked at the
start of the growing season. The sampling locations were located 20 m from the
parcel boundary to avoid edge effects. These sites were visited approximately once
per week, weather permitting.

Soil surface roughness parameters (root mean square (rms) height and correlation
length (L)) were determined using digital photos of a grid board during the bare soil
period for the maize, sugar beet, potato and wheat parcels. Surface soil moisture
at each sampling point was measured using ML3 ThetaProbe Soil Moisture Sensors
[130]. The parcel soil moisture was estimated as the average of eight measurements,
four at each sampling location. In potato parcels, soil moisture measurements were
made at the crest and trough of the soil mounds. Crop growth stage was determined
by visual inspection, based on the BBCH scale [120, 131]. Where the BBCH stage
differed across parcels, the average value is indicated in the following sections.
Crop height was measured, and a photo archive was generated to document the
development stage.

3.2.4. SENTINEL-1 DATA

Sentinel-1 includes C-band Synthetic Aperture Radar (SAR) operating at a centre
frequency of 5.405 GHz. The observation mode over (non-polar) land is the
Interferometric Wide mode (IW) providing dual polarization (VV and VH) imagery
over a 250 km swath at a 5 x 20 m spatial resolution.

Combining data from Sentinel-1A and 1B, the Flevopolder is covered by 4-5
tracks (See Table 1). Track 110 was not considered because it only covers part
of the domain. This potentially provides an average of 20-25 acquisitions per
month. This research uses 60 images from Sentinel-1A and 1B from relative orbit 88
between January 2017 and January 2018. An evening overpass time was chosen to
minimize the influence of dew on the vegetation (See Section 3.3.1). GRD data were
obtained via Google Earth Engine, and SLC products for the coherence analysis were
downloaded from the Sentinel Hub [35, 132].

Table 3.1.: Sentinel-1 IW data available over the study area.

Relative
Orbit

Pass Local
Time

Min.
Inc.
Angle
[◦]

Max.
Inc.
Angle
[◦]

37 DESC 06:49 38.9 41.9
161 ASC 18.32 44.7 46.1
88 ASC 18:24 36.6 40.4
15 ASC 18:15 30.0 31.5
110 DESC 06:58 30.0 33.7

Time series of co-polarized (VV) and cross-polarized (VH) normalized cross
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section (σ◦) were extracted from the GRD products for all parcels shown in
Fig. 3.1. The number of parcels for each crop type is shown in Table 3.2.
Pre-processing steps including radiometric calibration, removal of thermal noise
offset and orthorectification with radiometric correction for residual slope effects
had been done by Google Earth Engine using Sentinel-1 Toolbox [133].

Spatial multilooking was performed by averaging across all pixels within each
parcel polygon. Hence, the radiometric resolution, or precision, for a single parcel
depends on the parcel area. Typically, about 100 independent looks are available per
hectare, resulting in a radiometric precision n of 0.5 dB for a parcel of 1 ha.

Table 3.2.: Number of parcels for each of five crop types in the study area.

Crop type Number
of parcels

Maize 335
Potato 886
Sugar beet 763
Wheat 1048
English Rye
Grass

1286

Interferometric coherence can be defined as the amplitude of the complex
correlation coefficient between two radar acquisitions. Given two interferometric
complex SAR images s1 and s2 (Sentinel-1 SLC products), the coherence amplitude
is described as:

γ= | 〈s1s∗2 〉 |√
〈s1s∗1 〉〈s2s∗2 〉‘

(3.1)

Where |..| indicates the absolute value, 〈..〉 indicates an ensemble averaging
operation, and ∗ denotes the complex conjugate product.

A time series of interferometric coherence was obtained by processing Sentinel-1
IW mode images with a temporal base line of 6 days using the SNAP tool (version
6.0.0) [134, 135], and the SNAP Graph Processing Tool (GPT) for batch processing. A
flow chart of the processing steps for each pair of images is shown in Fig. 3.2. The
relevant sub-swath, bursts and polarization (VV) were extracted from the original
Sentinel-1 SLC product. This was done separately, but with the same parameters, for
each pair of images. The Sentinel-1 precise orbit files were then applied to both
images separately. In the Back-Geocoding step, the orbital and DEM information
was used to geometrically co-register the SLCs. The Enhanced Spectral Diversity
(ESD) function was used to correct for both range and azimuth shifts over the
burst overlap regions of the TOPS data. After the interferogram was generated, the
TOPSAR-Deburst function was used to generate a spatially continuous product, the
Flat Earth phase term was removed using the TopoPhaseRemoval function, and phase
adaptive filtering (Goldstein Phase filtering) was applied to improve visualization
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and aid the subsequent unwrapping step. Finally, terrain-based geocoding was
performed to produce the final product in geographical coordinates so that it could
be combined with the parcel boundary information.

Read Read (2)

TOPSAR-Split TOPSAR-Split (2)

Apply-Orbit-File Apply-Orbit-File (2)

Back-Geocoding

Enhanced-Spectral-Diversity

Interferogram

TOPSAR-Deburst

TopoPhaseRemoval

GoldsteinPhaseFiltering

Subset

Terrain-Correction

Write

Figure 3.2.: Flow chart of procedure to map interferometric coherence from a pair of
images of Sentinel-1 using SNAP software.

DETECTING EMERGENCE, CLOSURE AND HARVEST DATE

Emergence refers to the appearance of the first shoots and leaves above the ground.
After emergence, VH backscatter is expected to increase as leaf development results
in an increase in volumetric scattering. Therefore, emergence will be estimated
as the time at which the slope of the VH backscatter becomes positive. Closure
is defined as the moment when leaves from adjacent rows meet. It is a key
input for crop growth models currently used for harvest forecasting and planning.
For example, the SUikerbieten Model (SUMO) has been in operational use in the
Netherlands since 1996 to provide bi-weekly forecasts of sugar beet yields, sugar
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content, and refined sugar yield [136]. These estimates are essential to provide timely
advice to growers and to plan for the transport and processing of harvested beets to
processing plants. Later closure dates generally correspond to lower yields [137]. A
previous proof-of-concept study found the slowing down of leaf production around
the closure date caused the VH backscatter to stabilize [57]. Hence, the closure date
could be estimated as the time at which the slope in the VH backscatter becomes
zero.

To estimate the emergence and closure dates, a curve is first fit to the time series
of VH backscatter from 1 April to 1 July. This period is assumed to encompass the
vegetative stages for sugar beet, potato and maize. The minimum and maximum
points of this curve are determined and assumed to correspond to the emergence
and closure dates. The estimated dates were validated visually using photos from the
monitored parcels.

In Section 3.3.2 it will become clear that backscatter alone is not always sufficient
to detect harvest in some crops. It will also be demonstrated that the disturbance
to soil and vegetation properties and structure during harvest produce a change in
coherence that can be used to detect harvest. In particular, it will be illustrated
that when the crop is harvested, the scene becomes more static and the coherence
increases. A rule-based classification will be applied to identify harvest at a parcel
level.

3.3. RESULTS AND DISCUSSION

3.3.1. HYDROMETEOROLOGICAL DATA

WEATHER STATION DATA

Daily precipitation, average daily temperature and solar radiation, and 15-minute
relative humidity and wind speed are shown in Fig. 3.3. Total precipitation in the
period between May 27 and September 19 was 468.6 mm. The start of this period
was characterized by two dry intervals of about two weeks with maximum daily
average temperatures reaching up to 24 ◦C. More than one third of all rain fell
between September 8 and 19. The highest peaks of solar radiation and temperature
were found in June and July, while August was relatively moderate. In September,
both solar radiation and temperature decreased substantially.

INTERCEPTION AND DEW

Fig. 3.4 shows the presence of water on the sensors at three different heights
in the canopy. Most periods during which water was detected coincide with rain
events, and are indicated as ‘interception’. Water detection in periods without rain
are indicated as ‘suspected dew’. The lower, middle, and upper sensor were wet
20.5, 15.4, and 25.7 percent of their measuring time respectively. The upper sensor
(Fig. 3.4 (a)) detected water more frequently than the lower sensors, particularly
during periods of low-intensity rainfall, e.g. July 22-25 and August 17-20. During
high-intensity rainfall, e.g. on September 8, some interception was detected on all
sensors.
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Figure 3.3.: Meteorological data collected at the Aeres Praktijkcentrum, Dronten
(52.53N, 5.67E): (a) Precipitation data [mm day−1] (b) Daily Average
Temperature [◦C] and solar radiation [W m−2] (c) Relative Humidity [%]
(d) Wind Speed [m s−1].

Table 3.3.: Percentage of days with water on canopy at morning and evening overpass
times.

Sensor AM (%) PM (%)
upper 45.6 19.1
middle 26.1 8.0
lower 35.2 11.4

Table 3.3 shows the percentages of days with water on the canopy at times
coinciding with satellite overpasses (Table 1). Moisture was detected on the canopy
almost three times more often during the morning (descending) than the evening
(ascending) passes. In the following analysis, only data from the ascending pass
(Relative Orbit 88) will be used to avoid the confounding effect of vegetation surface
water on backscatter.

SOIL MOISTURE

Fig. 3.5 shows the volumetric soil moisture (θ) measured at four depths at the
Aeres Practijkcentrum from June 13 to September 20. In general, the season was
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Figure 3.4.: Interception and dew measurements in the maize parcel at the Aeres
Practijkcentrum (52.53N, 5.66E) at (a) 145 cm (b) 42.5 cm and (c) 27.5
cm. Coloured squares represent detection of water on the sensor for
at least 15 minutes during that hour. A distinction is made between
interception (light-blue), and suspected dew (dark-blue). Installation date
for the lowest sensors was June 23, and for the upper sensor July 13. The
picture shows the middle sensor.

characterized by well-watered growing conditions. From Fig. 3.5, the soil moisture at
40 cm and 80 cm saturate close to 0.5 and 0.52 m3/m3 respectively. Porosity values
higher than 0.5 are not uncommon in this clay soil, with higher values likely at
depth [138]. The soil moisture values at 80 cm remain close to saturation throughout
the study period due to precipitation and the availability of moisture from shallow
groundwater. The frequent rain events in July and August allow the soil moisture at
5 cm and 10 cm to rise continuously, reaching near saturation by 9 September.

Fig. 3.6 shows the surface soil moisture measured in each crop type throughout
the growing season. Warm temperatures and limited precipitation in late-May and
June are reflected in the relatively dry surface soil moisture values before June 30.
After that date, regular precipitation ensures that the surface soil moisture in all crop
types remained relatively high. Temporal variations are similar across the different
crop types due to the limited spatial extent and soil texture homogeneity of the
study domain. Spatial variations are largest in the potato parcels due to differences
between the crests (drier) and troughs (wetter) of the ridges. This is particularly
clear during the drier period in late-May. Surface soil moisture in the grass parcels
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Figure 3.5.: Volumetric soil moisture (m3 m−3) in the maize parcel in Dronten
(52.53N, 5.66E) on different depths (5, 10, 40 and 80 cm). The sensors
measured from the 13 June onwards.
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Figure 3.6.: Surface volumetric soil moisture (m3 m−3) for different crop types using
Theta Probe soil moisture sensor. For a given date, the box plot displays
the minimum, maximum, median and first and third quartiles of four
samples at two locations at each parcel of the given crop type.

exhibits limited spatial variability. In the remaining crops, the variability is limited
following large precipitation events or persistent precipitation (e.g. 30 June and 15
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September).

3.3.2. SENTINEL-1 TIME SERIES

MAIZE

The time series of Sentinel-1 backscatter (VV, VH and VH/VV), as well as phenological
development stages and measured crop height for maize parcels are shown in Fig.
3.7. The crop height measurements indicate that the maize plants emerged around
mid-May. In this region, maize is typically left to ripen in the field and harvested
from mid-September onwards. Weekly phenological stage monitoring therefore
covered the development from the early vegetative stages (BBCH=12) to fully ripe
(BBCH=89).

From January 1 to mid-May, VH backscatter is around 12 dB lower than VV
backscatter but the temporal variations in both are quite similar. These are
dominated by the surface soil moisture. Variations in space can be attributed to
variations in roughness, soil texture and row orientation/geometry. The three sharp
decreases in VV and VH on 22 January, 9 February and 12 December 2017 are the
result of frost and snow cover respectively [58] and are observed in the other crops
too (Fig. 3.8 to 3.11). The increase of VV and VH before 5 March is caused by melting
snow and precipitation on 26 February and 5 March. A heavy rain event on 16 April
caused an abrupt increase in both VV and VH. It is noteworthy that these events
have little or no influence on the VH/VV ratio. This reflects its reduced sensitivity to
soil moisture variations compared to the individual VV and VH backscatter [45].

During the leaf development stage (BBCH 12 to 30) from 17 May to 8 June, the VH
backscatter and VH/VV ratio increased by 7 and 3.5 dB respectively. This is mainly
due to an increase in volume scattering as the newly formed leaves unfold. From
stem elongation (BBCH 31 to 39), through to the beginning of tassel emergence
(BBCH 51), the maize height increased from 40 cm to 2 m. This rapid accumulation
of above ground biomass, from 8 June to 10 July, resulted in increases in the VH
backscatter and VH/VV ratio of 4.0 and 2.43 dB.

In general, VV backscatter also increases slightly during the leaf development and
stem elongation phases. This can be explained by an increase in the double bounce
between the vertical stalks and the soil [139, 140]. While some studies report an
increase in VV backscatter associated with maize biomass [140, 141], others have
reported no correlation or even an inverse relation between maize biomass and VV
backscatter intensity [13, 142]. The VV and VH backscatter start to plateau as the
maize reaches its maximum height and the grain begins to develop (BBCH 71).
This is consistent with previous studies showing that radar backscatter from maize
parcels tends to saturate around the tasseling stage (BBCH 51) as the LAI reaches
values of 2-3 [45, 143, 144].

During the late fruit development (BBCH 75) and ripening stages (BBCH 89) from
23 August until mid September (BBCH 85 to 89), VH backscatter is relatively constant
with an average of -16.2 dB. At the same time, the VV backscatter increased slightly
from -9.5 to -7.5 dB. The combined effect is a decrease in VH/VV ratio consistent
with the conclusion of Vreugdenhil et al. that the dynamics VH/VV reflect changes
in vegetation water content [45].
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Figure 3.7.: Sentinel-1 backscatter data for all maize parcels in the Flevopolder; (a)
VH/VV [dB] (b) VH [dB] and crop height [cm], (c) VV [dB]. The black
line and shaded gray areas indicates the mean and +/- one standard
deviation across all maize parcels in the domain. The colored data
series correspond to individually monitored parcels. Green vertical lines
indicate the growth stage according to the BBCH scale [131].

48



3.3. RESULTS AND DISCUSSION

3

29

Abrupt decreases in backscatter are observed in the individual parcels on various
dates between mid-September and mid-October as maize is harvested. Harvesting
reduces the backscatter, particularly in VH, and increases the spread in VV, VH, and
VH/VV backscatter among the parcels. Harvesting the vegetation removes the dense
maize canopy which reduced the sensitivity of both VV and VH backscatter to soil
moisture signal during the growing season [13, 141, 145]. From mid-October onwards,
the variability between the parcels remains relatively constant and fluctuations due
to precipitation (25 of October and 12 of November 2017) and snowfall (12 of
December 2017) are observed.

POTATO

Fig. 3.8 shows the Sentinel-1 and in-situ data from January 2017 until January 2018
from 886 potato parcels in the Flevopolder. From November to March, the soil is
bare so the dynamics in VV and VH backscatter are due to surface soil moisture
variations and land management practices (tillage). Similar to the maize time series,
the drops in backscatter associated with snow/frozen soil events on 22 of January, 9
February and 12 December 2017 are observed in the potato parcels. The increase
in standard deviation of backscatter in both polarizations from mid-March is due to
the formation of ridges for potato cultivation. Differences in the orientation of the
ridges with respect to the radar look direction results in variations in the backscatter
from bare soil.

By the start of the phenological monitoring, the potatoes had already reached
BBCH 61 (the beginning of flowering). The rapid increase in both VH and VV
backscatter from May 22 onwards corresponds to the period of leaf formation and
stem elongation. During this time in the potato plants enters a stage of exponential
growth until the ground cover reaches a maximum in the middle of flowering stage
at BBCH 63. Above ground biomass stabilizes during the flowering stage (BBCH 63,
27 June). The backscatter stays relatively constant, with only slight variations in VH
due to heavy rain on 3 and 15 July and 8 August.

During the fruit develpment (BBCH 71 to 79) and ripening of fruit and seeds
(BBCH 81 to 90) stages, the average height of the plants decreases. Variations in
planting date, and field management practices (e.g. ridge structure and nutrient
application) mean that the amount of above ground biomass can vary between
parcels. Also, the rate at which the plants reach the yellowing and brownish stages
varies. Moreover, the reduction in vegetation water content increases sensitivity of
the backscatter to the underlying soil layer. Therefore variability in radar backscatter
in VV and VH polarizations increase during this time. This is clear from the
the increasing standard deviation in backscatter from 10 August to mid-September,
particularly in the VH backscatter.

The abrupt decrease in VH backscatter from 13 to 28 September is related to
haulming, the process of destroying the haulms (i.e. stalks or stems) prior to
harvesting. In the Netherlands, chemical haulming is typically carried out 10-20 days
before the intended harvest date to facilitate an equally ripening crop so that all
tubers form resilient skin. Destruction of the above-ground plant reduces volumetric
scattering and increases sensitivity to surface soil moisture and roughness. Hence the
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Figure 3.8.: Sentinel-1 backscatter data for all potato parcels in the Flevopolder; (a)
VH/VV [dB] (b) VH [dB] and crop height [cm], (c) VV [dB]. The black
line and shaded gray areas indicates the mean and +/- one standard
deviation across all potato parcels in the domain. The colored data
series correspond to individually monitored parcels. Green vertical lines
indicate the growth stage according to the BBCH scale [131].
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subsequent increase in variability among the parcels. The rise in radar backscatter
from 1 to 10 of October was caused by a rainy period from 29 September until 11 of
October during which 67.4 mm of precipitation was observed at the KNMI station at
Dronten [127].

The reduction in standard deviation in the VV, VH and VH/VV data after
mid-October suggests that harvesting has been completed by that time. The main
effect of mechanical harvesting is a perturbation in surface roughness after which
the backscatter dynamics are primarily sensitive to soil moisture. This could explain
the decrease in backscatter around this time. The combined influence of the
changing roughness and increased sensitivity to soil moisture make it difficult to
pinpoint the exact harvest time in the backscatter data. In Section 3.3.3 it will be
shown that harvest is more readily identifiable using coherence data.

SUGAR BEET

Fig. 3.9 shows the Sentinel-1 and in-situ data from January 2017 until January 2018
based on 763 sugar beet parcels in the Flevopolder. There are just three BBCH
stages noted for sugar beets. The first BBCH stage measurement was during the
rosette growth period and the last was when the crop cover was complete (BBCH
39), so the difference observed was primarily a change in ground cover from 60% to
90%. The later stages concern the development of harvestable beet root, and cannot
be evaluated from visual inspection of the above-ground plant. Crop height was
measured through to September 2017.

During March and April, the standard deviation across the parcels is high due to
variations in sowing date, soil roughness and row orientation. The backscatter values
start to converge in late May during the leaf development stages. This coincides
with a rapid increase in backscatter, particularly in VH as the development of
new leaves increases the plant’s above-ground biomass. The sugar plant produces
broad leaves in both horizontal and vertical direction which leads to an increase in
volume scattering. The backscatter in both VV and VH stabilizes in mid-June and
remains relatively constant until mid-August, with the exception of the influence
of precipitation on 9 June and 8 August. Leaves cover 90% of the ground by 10
July (BBCH 39), so this stability in backscatter is due to stability in the structure
and moisture content of the above-ground vegetation. There is limited sensitivity to
increases in soil moisture due to smaller precipitation events during this period as
the canopy is attenuating the signal from the soil completely. The influence of the
larger events on 9 June and 8 August is clear in the VV and VH backscatter but is
barely discernible in the VH/VV ratio.

From August to mid-September, there is a noticeable decrease in the average
VH/VV, and the standard deviation across parcels increases. This is due to the
combined effect of very slight increases in backscatter, particularly in VV. This
increase may be due to the increase in soil moisture (Fig. 3.6), and an increased
sensitivity to the surface soil moisture as the leaves lose moisture at the end of
the summer. The standard deviation across parcels increases considerably from
September to December coinciding with the harvest period. Sugar beet is harvested
throughout this period. Hence, a sudden drop in the mean backscatter across all
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Figure 3.9.: Sentinel-1 backscatter data for all sugar beet parcels in the Flevopolder;
(a) VH/VV [dB] (b) VH [dB] and crop height [cm], (c) VV [dB]. The black
line and shaded gray areas indicates the mean and +/- one standard
deviation across all potato parcels in the domain. The colored data
series correspond to individually monitored parcels. Green vertical lines
indicate the growth stage according to the BBCH scale [131].
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parcels is not expected. At an individual parcel scale, backscatter may decrease due
to harvest. However, in Fig. 3.9 these are difficult to distinguish from fluctuations
due to precipitation/soil moisture.

WINTER WHEAT

The time series of Sentinel-1 backscatter (VV, VH and VH/VV) and in-situ
measurements of crop height and phenological growth stages for 1048 wheat parcels
are shown in Fig. 3.10. The wheat was sown from mid-October to mid-November
2016 and harvested in August 2017. Four distinct periods can be identified in the
backscatter time series.

From mid-March to mid-May, both VV and VH decrease due to the increase
in biomass during the tillering and stem elongation period. VV backscatter is
dominated by the direct ground and canopy contributions. The decrease in VV
during the stem elongation is therefore attributed to the increasing attenuation
due to the predominantly vertical structure of the wheat [13, 45, 146–149]. The
decrease observed in VH is less severe than in VV. VH backscatter is influenced
by double-bounce between the wheat stems and the ground [31, 146] as well as
a volume scattering component [140]. During the tillering and stem elongation
periods, the increased attenuation of the double-bounce is countered by an increase
in volume scattering from the new biomass [13, 140]. The net effect is an increase
in the VH/VV ratio, affirming its suitability as a measure of fresh biomass [45].

From mid-May to 1 June, during the booting and heading periods, VH backscatter
remains stable while the VV backscatter starts to increase as the flag leaf opens and
the inflorescences emerges.Brown et al. [146] found that the C-band VV backscatter
during this period was primarily generated by the flag leaves and/or ears when they
conducted detailed 3-D imaging of wheat during this growth stage. The booting
stage is therefore identifiable as the time at which the increase in backscatter due
to stem elongation tapers off, but the VV backscatter increases due to the moisture
content of the flag leaves and emerging ears.

From 1 June to 8 August, both VV and VH backscatter increase steadily by 8-9
dB as the winter wheat goes through the flowering, fruit development and ripening
stages. This is due to the increased sensitivity to the ground contribution (both
direct and double-bounce) as the vegetation loses internal moisture. Mattia et al.
[147] emphasized the significance of the heading period as a turning point at which
the radar backscatter becomes primarily sensitive to soil moisture rather than above
ground biomass variations. The VH/VV increases by just 2dB during this period.

Finally, the sudden drop in both VV and VH backscatter between 8 and 14 August
is due to the harvest period. After this date, the standard deviation in backscatter
between parcels increases. This is due to the diversity in post-harvest land
management practices and the sensitivity to surface soil moisture and roughness
which varies between parcels.

ENGLISH RYE GRASS

Fig. 3.11 shows the Sentinel-1 and in-situ data from January 2017 until January 2018
for 1286 English Rye Grass parcels in the study area. The snow/frozen soil events
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Figure 3.10.: Sentinel-1 backscatter data for all winter wheat parcels in the
Flevopolder; (a) VH/VV [dB] (b) VH [dB] and crop height [cm], (c) VV
[dB]. The black line and shaded gray areas indicates the mean and +/-
one standard deviation across all winter wheat parcels in the domain.
The colored data series correspond to individually monitored parcels.
Green vertical lines indicate the growth stage according to the BBCH
scale [131].
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Figure 3.11.: Sentinel-1 backscatter data for all English Rye Grass parcels in the
Flevopolder; (a) VH/VV [dB] (b) VH [dB] and crop height [cm], (c) VV
[dB]. The black line and shaded gray areas indicates the mean and +/-
one standard deviation across all grass parcels in the domain. The
colored data series correspond to individually monitored parcels.
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on 22 January, 9 February and 12 December 2017 result in dips in the VV and VH
backscatter in the grass parcels. The heavy rain events on 9 June, 3 July, 8 August, 13
September and 7 October result in peaks of similar magnitudes in both VV and VH
backscatter. The effect of precipitation/soil moisture on the VH/VV ratio is therefore
limited, confirming that VH/VV is a good indicator of fresh biomass and vegetation
water content [13, 45].

The VH/VV ratio has a limited seasonal cycle due to the presence of grass cover
throughout the year. A slight increase is observed in the summer months as the
grass responds to increased solar radiation and warmer temperatures. This increase
is due to a decrease in both VV and VH backscatter as the increasing fresh biomass
attenuates the backscatter from the soil. The decrease in VV is larger than that
observed in VH resulting in an increase in VH/VV during this time. Conversely, the
lower temperatures from August onwards result in a decrease in biomass and an
increase in sensitivity to soil moisture.

Dips in the grass height observations suggest that mowing occurred around 23
May, 15 June, 13 July, 17 August and 7 September. Slight decreases in VH backscatter
are detected after these events. However, backscatter during this period is also
influenced by precipitation and soil moisture variations which makes it difficult to
distinguish mowing events from soil moisture changes [150].

3.3.3. MAPPING KEY DATES

EMERGENCE DATE

The sugar beet emergence date was estimated as the point at which the emergence
of the first leaves resulted in an increase in volumetric scattering from the vegetation,
and hence an increase in VH backscatter. Several relationships were fit to the 6-day
Sentinel-1 VH backscatter data from 1 April to 1 July, a period assumed to contain
the vegetative stages. The highest goodness of fit (coefficient of determination) was
obtained using a third order polynomial. The average goodness of fit across all
parcels was R2 = 0.97. For each parcel, the emergence date was determined as the
minimum of the fitted curve. Results for the entire study area are mapped in Fig.
3.12 (a). The estimated emergence date for 93 % of parcels occurred between day
115 (25 April) and day 130 (10 May) with the remainder emerging either one week
earlier or one week later.

The first available photos of the sugar beet parcels are shown in Fig. 3.12 (b)
to (e), along with the estimated emergence date. For the RBW parcel in Fig. 3.12
(b), the first pair of leaves is visible (BBCH 12). Therefore it is plausible that shoot
emergence (BBCH 9) occurred four days previously. For the other three monitored
parcels, the first photo is 10 to 14 days after the estimated emergence date. However,
visual inspection of Fig. 3.12 (c) to (e) indicates that these sugar beets were already
at BBCH 17 to 19 by the time there were first photographed. The consistency
in estimated emergence date across all parcels, together with this limited photo
validation suggest that the estimated emergence dates are credible. Similar results
obtained for potato and maize are provided in the Fig. B1 to B3 in the Appendix-B.
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Figure 3.12.: Estimated emergence date for sugar beet parcels in Flevopolder; (a)
Map of emergence date; (b-e) Photos from monitored parcels in the
closest time to emergence date.
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CLOSURE DATE

The closure date was estimated as the date of the maximum of the third order
polynomial fit to the data. Results for sugar beet are mapped in Fig. 3.13 (a). The
closure date for 93% percent of parcels (710 parcels) was estimated to be between
Day 166 (15/06/2017) and Day 171 (20/06/2017). Photos taken from five monitored
parcels around the estimated closure dates are shown in Fig. 3.13 (b) to (k). For
each of the five monitored parcels, it is clear that closure date occurred between the
dates of the photos in the top and bottom rows. The leaves from adjacent rows are
several centimetres apart in Fig. 3.13 (b), (c) and (d), but are clearly touching in Fig.
3.13 (g) and (i). In Fig. 3.13 (e), the leaves appear to be almost touching and the
estimated closure date is two days later. In the next photo at that location (Fig. 3.13
(j)), the leaves are providing almost full ground cover, so it is plausible that closure
is closer in time to the first photograph.

In practice, closure date is also determined by visual inspection and is an
inherently subjective measure. Additional photos around the expected closure date,
and a larger number of photos distributed across the study domain are essential to
draw a more robust conclusion. However, the limited range of estimated closure
dates, their timing and the agreement with photographs from the field suggest that
this method provides a reasonable estimate of the closure date.

SUGAR BEET HARVEST DATE

Fig. 3.14(a) shows an example of parcel-averaged NDVI from 6 August to 30
November 2017 estimated from Sentinel-2 imagery. This parcel is chosen because it
is known that it was harvested before 15 September. The parcel-averaged coherence
between pairs of Sentinel-1 VV images is shown in blue for the same period. The
coherence reported for a given date indicates the coherence between the image on
that date and its predecessor.

The NDVI is greater than 0.7 until 3 September and decreases to around 0.1 by 15
September. This is consistent with the parcel being harvested between these dates.
The coherence between images is low (< 0.3) in the period when the NDVI is high.
This is to be expected in a vegetated field where movement of leaves, fluctuations
in water content and structure, and variations in soil moisture or leaf surface water
result in phase differences between consecutive images. Conversely, in October and
November when the NDVI is close to zero, the coherence is generally above 0.6 as
the scene is comparatively stable. Therefore, harvest is associated with a significant
increase in coherence. Occasionally, the coherence decreases when soil moisture
variations result in phase differences between consecutive images.

The high coherence on 19 September suggests that the phase differences were
small between 13 and 19 September, i.e. that harvest occurred between 7 and 13
September.

Fig. 3.14 (b) shows a box plot of the parcel-averaged coherence for all 763 sugar
beet parcels in the study area during the same period. The coherence is generally
below 0.4 until 13 September, suggesting that all parcels are covered in vegetation.
From 7 October onwards, the median slowly increases until it reaches almost 0.9
by 30 November and the interquartile range (IQR) gradually shifts towards higher
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Figure 3.13.: Estimated closure date for sugar beet parcels in Flevopolder; (a) Map
of closure date; (b-f) Photos from monitored parcels in the closest time
before closure date; (g-k) Photos from monitored parcels in the closest
time after closure date.
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Figure 3.14.: Harvest date for Sugar beet parcels in Flevopolder; (a) NDVI and
Coherence time series for monitored parcel 154693; (b) Box plot time
series of mean coherence for all 763 sugar beet parcels; The central
mark indicates the median, and the bottom and top edges of the box
indicate the 25th and 75th percentiles, respectively. (c) percentage of all
sugar beet harvested parcels.

values. From 19 September to 25 October, there are so few parcels with high
coherence that they are considered outliers of the distribution. By 30 November, the
entire IQR has a coherence greater than 0.6 suggesting that most of the parcels have
been harvested.

Fig. 3.14 (c) shows the results from a simple rule-based classification formulated
based on the results in Fig. 3.14 (a) and (b). An increase in coherence is considered
significant if it is greater than 1.5 times the standard deviation of coherence during
the reference vegetated period (6 August - 6 September). Coherence values of 0.5
are considered "high". In Fig. 3.14 (c) , a parcel is considered harvested when the
coherence undergoes a significant increase and reaches a "high" coherence value.

The red curve is the percentage of harvested parcel observed estimated by field
agents/SuikerUnie. The two estimates converge after 18 November, and both suggest
that 85 % of parcels have been harvested by 30 November. Prior to that date,
the rule-based approach estimates a higher percentage of harvested parcels. One
contribution to the mismatch in Fig. 3.14 (c) is that the coherence is averaged to
parcel level before the rule-based classification. This leads to ambiguities if the
parcel is not all harvested at once, something quite common in this study area.
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POTATO HAULMING AND HARVEST DATE

Fig. 3.15 shows a box plot similar to Fig. 3.14 (b) for all potato parcels in the
study area. The median coherence is less than 0.3 throughout August during the
ripening and senescence stages as the loss in moisture content and associated
changes in structure cause phase differences between consecutive images. The
median coherence between images on 13 and 19 September is 0.5, suggesting that
a transition to a more stable scene occurred between 7 and 13 September. Recall
from Fig. 3.8 that there was a decrease in mean backscatter from mid-September
and an increase in the standard deviation of backscatter across the potato parcels.
Together, Fig. 3.8 and 3.15 suggest that haulming occurred during this period.
Harvesting can typically be expected around 10-20 days later. However, frequent
rainfall in September and October produced some decreases in coherence during
these months. This precipitation also possibly delayed harvest to longer than 20
days after haulming. Nonetheless, increases in coherence generally increases during
October. Coherence values greater than 0.6 from 31 October onwards suggest that
most parcels were harvested before 25 October.
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Figure 3.15.: Haulming and harvest date for Potato parcels in Flevopolder.

3.4. CONCLUSIONS
Results presented here illustrate the potential of Sentinel-1 SAR backscatter and
interferometric coherence for crop monitoring and the detection of key dates for
important agricultural crops in the Netherlands. Furthermore, the prevalence of
rainy (and cloudy) conditions during this growing season underscore the need to
use Sentinel-1 data by itself, or combined with optical data to provide timely and
reliable information on crop monitoring in the Netherlands.
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Time series analyses showed that, for each of the crops considered, structural
and biomass changes associated with crop development influenced the backscatter
throughout the season. Similar to the results of Vreugdenhil (2018) and Veloso
(2017), the VH/VV ratio proved to be particularly useful as it reduces the influence of
soil moisture. It is particularly sensitive to the increase in fresh biomass during the
vegetative stages, and decreases during senescence as the vegetation water content
decreases.

Key dates such as emergence and closure dates were estimated by fitting
polynomials to the time series of backscatter, and were validated using field photos.
Harvest detection proved to be more difficult in all crops apart from wheat. For
sugar beet and potato, coherence data were needed to detect the harvest date.
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THE INFLUENCE OF SURFACE

CANOPY WATER ON THE

RELATIONSHIP BETWEEN L-BAND

BACKSCATTER AND BIOPHYSICAL

VARIABLES IN AGRICULTURAL

MONITORING

Chapter 3 illustrates the capability of radar data for monitoring agricultural activity
throughout an entire growing season. Radar data, while unaffected by atmospheric
conditions and capable of cloud penetration, is sensitive to the presence of water
on the surface of the canopy. Despite this, the influence of surface canopy water
(SCW) on the relationship between radar backscatter and crop biophysical parameters
remains unexplored. Therefore, the aim of this chapter is to quantify the influence of
SCW on the relationship between L-band radar backscatter and biophysical variables
of interest in agricultural monitoring. Results indicate that the presence of SCW can
increase radar backscatter by up to 2-3 dB and affect the relationship between radar
observations and crop biophysical variables. The findings presented underscore the
necessity of considering the influence of SCW when retrieving biophysical variables
relevant to agricultural monitoring. They particularly emphasize the significance of
overpass time, as well as the impact that daily patterns in dew and interception, can
have on the retrieval of such variables.

This chapter is based on:
Khabbazan, Saeed et al., "The influence of surface canopy water on the relationship between L-band
backscatter and biophysical variables in agricultural monitoring." Remote Sensing of Environment
268 (2022): 112789. [102]

43

63



4

44
4. THE INFLUENCE OF SURFACE CANOPY WATER ON THE RELATIONSHIP BETWEEN

L-BAND BACKSCATTER AND BIOPHYSICAL VARIABLES IN AGRICULTURAL MONITORING

4.1. INTRODUCTION

Quantification of crop biophysical parameters is essential for many applications
including agricultural management, yield forecasting, crop health monitoring and
soil moisture estimation. Providing continuous and reliable crop information enables
farmers and food producers to implement timely interventions to maximize yields
and make optimal use of resources. Satellite data are increasingly used to estimate
crop biophysical parameters such as Leaf Area Index (LAI) [26, 43, 151–153], crop
height [42, 43, 154], dry biomass [43, 144, 151, 153, 155] and Vegetation Water
Content (VWC) [5, 156, 157]. LAI is related to crop productivity and growth [1] and is
a vital input parameter for crop growth and yield forecasting models [26, 158]. Crop
height and dry biomass are also important indicators for crop development [154],
crop identification and crop yield estimation [17]. VWC can provide information
to support irrigation management [159, 160] and drought assessment [161, 162],
and is an essential parameter in soil moisture retrieval [38, 84, 163]. Vegetation
Optical Depth (VOD) is increasingly used for vegetation monitoring in agricultural
applications and natural ecosystems [30, 164, 165].

Low frequency (1-10 GHz) radar data are not affected by atmospheric conditions,
can penetrate clouds and can acquire data during day and night. Radar observations
are sensitive to dielectric and geometric properties of crops such as vegetation
water content, leaf size, stem density, as well as the moisture and roughness of
the underlying soil. Furthermore, microwaves penetrate the canopy, with lower
frequencies penetrating deeper into the canopy and the underlying soil. As a result,
radar data are well suited to monitor soil and vegetation in agricultural applications
[5, 17]. Many ground-based experiments and campaigns based on airborne and
satellite data have demonstrated the value of low frequency radar data in agricultural
applications such as crop monitoring and classification, soil moisture estimation,
and extracting bio- and geo-physical parameters from radar data [5, 17, 124].
Several studies have investigated the sensitivity of radar backscatter to biophysical
parameters of crops (e.g. [26, 27, 166]). Others have shown that L-band backscatter
coefficients and RVI are highly correlated with VWC [167–170], LAI [152, 171, 172]
and the fresh weight of various crops [168, 171]. The launch of ESA’s Sentinel-1
mission in 2014 and Radarsat Constellation Mission (RCM) in 2019 provide high
temporal resolution SAR data with revisit time of 6-12 days and 4 days respectively.
This unprecedented revisit time has accelerated the use of radar observation for
monitoring temporal variability in agricultural areas [13, 28–30, 37, 44–46, 64, 121].
However, little attention has been paid to the potentially confounding influence of
surface canopy water (SCW) on retrieval of crop biophysical parameters. The SCW is
generally referred to the presence of water in a form of dew or interception on the
canopy surface.

The aim of this chapter, therefore, was to quantify the influence of SCW on
the relationship between radar observables and geophysical variables. The analysis
was based on L-band data collected in an intensive field campaign during an
entire growing season of corn. L-band data are particularly relevant in the context
of the future availability of L-band SAR data from NISAR [173] and ROSE-L
[174]. In this chapter, first the effect of SCW on different radar observables
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such as co- and cross-polarization data (σV V , σH H , σX P ), polarimetric ratio data
(σV H /σV V and σHV /σH H ), and Radar Vegetation Index (RVI) was investigated.
Then, correlation analyses were conducted between these radar observables and dry
biomass, Vegetation Water Content (VWC), plant height and Leaf Area Index (LAI) at
different growth stages of the corn plant. Finally, Vegetation Optical Depth (VOD)
was estimated in each polarization, and the effect of SCW on VOD estimation from
L-band radar data was investigated.

4.2. DATA AND METHODS

4.2.1. FIELD EXPERIMENT

STUDY AREA

This research conducted over corn field during a field campaign near Citra, Florida
at the Plant Science Research and Education Unit (PSREU) of the University of
Florida and the Institute of Food and Agricultural Sciences (UF|IFAS). For detailed
information regarding the study area specific to this part of the research, please refer
to section 2.1 of this thesis.

HYDROMETEOROLOGY

For detailed information regarding the hydrometeorology data specific to this part of
the research, please refer to sections 2.3.1 to 2.3.3 of this thesis.

GROUND VEGETATION SAMPLING

For detailed information regarding the ground vegetation sampling data specific to
this part of the research, please refer to section 2.3.4 of this thesis.

4.2.2. RADAR DATA

Radar backscatter was measured using the truck-mounted University of Florida
L-band Automated Radar System (UF-LARS) [106]. For detailed information regarding
the radar data specific to this part of the research, please refer to section 2.2 of this
thesis.

4.3. METHODOLOGY

4.3.1. RADAR DATA

In addition to analyzing the radar backscatter itself, time series of Radar Vegetation
Index and Cross Ratio were also considered. The RVI is calculated using:

RV I = 8σV H

σH H +σV V +2σV H
(4.1)

where σH H , σV V and σV H are the observed linear backscatter intensities [-]. Here,
σX P which is the average of σV H and σHV is used instead of σV H .
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The RVI was first introduced by Kim and van Zyl [175] and is often used to monitor
vegetation growth [39, 64, 167, 176], map vegetation cover [39, 177], and monitor
crop development [167, 178]. RVI is a (dimensionless) normalized index that ideally
varies between zero (bare soil) and one [179].

The cross ratios C RH and C RV are defined as σX P /σH H and σX P /σV V in the
linear domain respectively [45]. Recall that the average of σV H and σHV is used as
the cross-polarized backscatter (σX P ) here. Hence, the only difference between the
C RH and C RV here is in the denominator. CRs and RVI are less sensitive to surface
soil moisture variations [13, 45, 121] and are considered useful indicators of crop
growth [13, 26, 45, 121, 167].

The influence of SCW on radar observables was quantified by comparing radar
observations from early morning (6 am) to the first observations after SCW had
dissipated. Generally this occurred at around 10 am. Spearman’s rank correlation
coefficient (ρ) was used to quantify the effect of SCW on the relationship between
six radar observables and four plant biophysical parameters.

4.3.2. VEGETATION OPTICAL DEPTH ( VOD) ESTIMATION

The VOD estimation approach is based on that of Vreugdenhil et al. [33], where the
VOD can be estimated from the decrease in sensitivity of backscatter over bare soils
as a result of vegetation. Fig. 4.1 shows an illustrative time series of backscatter
in a vegetated area. The upper and lower limits of the backscatter time series are
referred to as the wet reference (σ0

wet ) and dry reference (σ0
dr y ) respectively. The wet

reference corresponds to the backscatter values one would obtain under saturated
soil conditions. The dry reference at some time t (σ0

dr y (t )) is the value corresponding

to backscatter from a completely dry soil. It is a combination of a static component
(σ0

s,dr y e.g. due to soil texture, roughness etc.) and a dynamic component due to

vegetation phenology. Vegetation growth leads to an increase in the dry reference,
which indicates that the change in backscatter in response to a given change of soil
moisture is assumed to be less than that during the bare soil period [180]. Note that
this implicitly assumes that any change in the sensitivity to soil moisture is entirely
due to the change in attenuation, and neglects any changes in double bounce or
multiple-scattering.

The vegetation optical depth (VOD) is a measure of the degree to which the
vegetation attenuates backscatter from the soil, and is a parameter of the Water
Cloud Model [84]. Vreugdenhil et al. [33] showed that the VOD can be expressed at
any time step as the difference between the sensitivity of backscatter to soil moisture
changes in bare soils and the observed sensitivity attenuated by the vegetation in
terms of the dry and wet reference as follows:

V OD(t ) = −cosθ

2
l n(

σ0
wet −σ0

dr y (t )

σ0
wet −σ0

s,dr y

) (4.2)

The value of σ0
wet was determined by averaging the highest backscatter values

observed during the soil moisture peaks throughout the season. Vreugdenhil et al.
[33] used the Integral Equation Method to model backscatter and, in particular, to
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Figure 4.1.: Illustration of the wet reference(σ0
wet ), and static components (σ0

s,dr y ) and

dynamic components of the dry reference (σ0
dr y ) as three components of

the TU Wien soil moisture retrieval method along with radar backscatter
coefficient [34].

estimate σ0
s,dr y . In this research, the tower-based measurements of radar backscatter

are combined with in situ soil moisture data to estimate the dry reference. Following
Wagner, Lemoine, and Rott [180] and Attema and Ulaby [84], it is assumed that for
a given vegetation water content, radar backscatter and soil moisture are linearly
related. VWC influences the slope of this linear relationship. Therefore, a linear fit
is obtained for a dynamic window (1-3 days) during which it is assumed that VWC
is relatively constant. The dry reference σ0

dr y (t ) varies in time due to vegetation

growth, so it was obtained by fitting a linear model between backscatter and soil
moisture during a moving window, and extrapolating to determine the backscatter
that would correspond to a completely dry soil. The static component of the dry
reference (σ0

s,dr y ) was estimated based on the backscatter data from 1 to 3 May. This

corresponds to the period after planting (April 13) and during the formation of the
first leaves (see Table 2). Estimating σ0

s,dr y during this period, rather than the bare

soil period directly after planting, ensures that the soil surface has been smoothed
by several irrigation events (see Fig. 4.4 (b) and (c)), and that the roughness
controlling σ0

s,dr y is as close as possible to roughness under the growing canopy.

The length of the dynamic window for the estimation of σ0
dr y (t ) was obtained using

a rule-based decision tree. The window should be as short as possible to minimize
the variations in vegetation water content. However, it needs to be long enough
to ensure that there is some variation in soil moisture (and backscatter), and that
sufficient data are included to obtain a reasonable goodness of fit, defined here
as R2 > 0.7 and P < 0.05. The leaf wetness sensor data were used to distinguish
between backscatter data obtained in the presence (wet) or absence (dry) of SCW
due to dew or interception. The dry reference was determined separately for these
two conditions. Hence, two time series of VOD were obtained. V ODdr y indicates
the attenuation due to internal vegetation water content alone. It is the estimate of
VOD obtained in the absence of any SCW. V ODwet is the estimate of VOD based on
observations obtained when SCW was present due to dew or interception.
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4.4. RESULTS

4.4.1. HYDROMETEOROLOGICAL DATA

WEATHER DATA

Daily precipitation and irrigation and 15-minute air temperature, relative humidity,
and solar radiation are presented in Fig. 4.2. The early season (26 April to 18 May)
was hot and dry with strong daily cycles in air temperature and relative humidity.
Irrigation was applied at midnight on 8 occasions to ensure moisture availability for
plant growth. During the mid-season (19 May to 30 May), rainfall occurred on most
days with three particularly heavy rainfall events on 21, 27 and 30 May. Nighttime
temperatures were generally warmer than in the early season, so the amplitude of
the daily temperature cycle was less than during the early season. The late-season
was dry and warm with high temperatures and solar radiation and a few small rain
events.
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Figure 4.2.: Time series of meteorological data collected by Florida Automated
Weather Network: a) daily rainfall and irrigation (mmd−1), b) air
Temperature at 2-meter height (C◦), c) relative humidity at 2-meter
height (%) and d) solar radiation at 2-meter height (W m−2).
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ROOT ZONE SOIL MOISTURE

Fig. 4.3 shows the volumetric soil moisture (θ) at five depths. In general, soil
moisture at 5 and 10 cm were highly affected by irrigation and precipitation events,
while the soil moisture content was mostly stable at 20, 40, and 80 cm depth. The
soil moisture at 80 cm depth was only affected by very heavy rainfall events. The
effect of midnight irrigation during the early season can be seen as a rapid increase
in 5 cm and 10 cm soil moisture, followed by a clear dry down. The soil moisture
at 20 cm was slightly affected by irrigation events, but the water did not infiltrate
to the sensors at 40 and 80 cm. During the mid-season, heavy rain events led to
several abrupt increases throughout the root zone. Three intense rain events from
21 May to 1 June resulted in higher soil moisture content at 10 and 20 centimeters
compared with soil moisture at 5 centimeters. The dry period from 2 June to 11 June
resulted in a significant decrease in soil moisture at all depths. The minimum soil
moisture observed in situ was 0.107 m3m−3. This value will be considered as "dry
soil" for the estimation of the dry reference.
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Figure 4.3.: Averaged volumetric soil moisture (m3m−3) from two pits on different
depths (5, 10, 40, and 80 cm).

INTERCEPTION AND DEW DATA

Fig. 4.4 shows the presence and duration of water on the leaf wetness sensors at
three different heights. Fig. 4.4 (a), (b), and (c) show results from the sensor installed
at the upper, middle and lower canopy respectively.

During the early season, the canopy surface wetness was related to the presence
of dew and midnight irrigation practices. During the mid-season, the surface of the
canopy was mostly wet due to the frequent rain events. Fig. 4.4 (d) shows the
number of days on which SCW (dew or interception of precipitation/irrigation) was
present as a function of time of day. Dew is almost always present from midnight
until around 10 am. The presence of SCW is 3.05 times more likely between 12 AM
and 10 AM than between 11 AM and 11 PM.
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Figure 4.4.: Presence of SCW resulted from precipitation, irrigation, and dew on
detected from a)upper sensor, b)middle sensor c)lower sensor. The red
star on 7 May shows the installation date for the upper sensor. Colored
squares represent detection of water in the sensors for at least 15 min
during that hour. d) The percent of days that SCW was presented at each
hour of the day. e) The picture of leaf wetness sensors at early stage.

4.4.2. CROP DEVELOPMENT

Data on crop development are shown in Fig. 4.5 and Table 4.1. While corn height
continued to increase until the end of the season, the LAI reached its maximum
value around 23 May. Slight variations in LAI are observed after this date due to
variability within the field. However, leaf VWC (Fig. 4.5 (a)) and leaf dry biomass
(Fig. 4.5 (b)) suggest that leaf formation stabilized after this date. On 23 May, the dry
biomass of both stems and leaves was almost equal but the stems account for 65%
of the total VWC. The formation of corn ears at the start of June is clear from the
increase in both dry biomass and ear water content. The stem VWC decreases by
around 30% (-0.8 kg m−2) from 1 to 8 June due to a combination of ear formation
and separation, the decline in root zone soil moisture due to warm and dry weather
conditions, and the start of senescence.
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Figure 4.5.: Seasonal pattern of (a) vegetation water content (kg m−2) per
constituents and leaf area index, and (b) dry biomass (kg m−2) per
constituents and canopy height (cm). Phenological stages are shown by
BBCH codes, which are explained in Table 4.1.

Table 4.1.: Description of BBCH codes and growth stages of sweet corn
Period Date DAP BBCH Description

2*Early Season Apr 27 14 13 Leaf development - 3 leaves (V)
May 11 28 21 Beginning of tiller formation (V)

3*Mid Season May 18 35 30 Beginning of stem elongation (V)
May 23 40 51 Beginning of tassel emergence (V)
May 28 45 55 Middle of tassel emergence (V)

4*Late Season 2*Jun 1 2*49 2*63 Male: Beginning of pollen shedding (R)
Female: tips of stigmata visible (R)

Jun 8 56 69 End of flowering (R)
Jun 13 61 73 Development of suit - Early milk (R)

V = Vegetative stage ; R = Reproductive stage.
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4.4.3. TIME SERIES OF L-BAND BACKSCATTER AND DERIVED INDICES

Fig. 4.6 (a) shows the seasonal variation in the observed radar backscatter. The
increasing trend in backscatter during the early stage (27 April to 18 May) is due
to crop growth. It is particularly clear in XP and VV, which are less sensitive than
HH backscatter to soil moisture. Fluctuations of up to 5 dB are observed in all
polarizations after irrigation events. The influence of biomass accumulation on
backscatter dynamics during the mid-season (19 - 31 May) is limited because the
soil and vegetation are both wet for much of this period, resulting in persistently
high backscatter. The lack of precipitation or irrigation from June 1 (Fig. 4.2) results
in a drydown in the root zone (Fig. 4.3), and decrease in stem VWC (Fig. 4.5), which
result in a decrease in cross-pol backscatter from -16 dB to -21 dB. Ear development
from 2 to 12 June coincides with an overall increasing trend in XP- and VV-pol
backscatter, with short-term variations corresponding to the precipitation events on
5 and 11 June.

In a previous study [119], the Tor Vergata Model [85, 98] was used to simulate the
observed backscatter using the soil moisture and vegetation data discussed in Section
2.1. In addition to providing the total backscatter, the Tor Vergata model simulations
also provide some insight into the relative importance of different scattering
mechanisms to total backscatter and how this changes throughout the growing
season. Direct scattering from the ground dominates co-polarized backscatter in
the early season. Increasing biomass leads to attenuation of direct scattering and
increased double-bounce and multiple scattering between the vegetation and ground
in both HH and VV. Direct scattering from vegetation dominates after mid-May, with
double-bounce as the second largest contribution. This term is more significant in
HH than VV and ensures some sensitivity to soil moisture throughout the growing
season. In contrast, σ◦

X P is dominated by direct vegetation scattering as soon as the
vegetation emerges, with limited influence of soil moisture due to multiple scattering
between the vegetation and ground.

In Fig. 4.6 (b), CRs and RVI data clearly follow plant development, increasing
steadily from 27 April to 28 May. The steady decrease in both CRs and RVI data
from 28 May to 5 June coincides with the general decrease in stem VWC in response
to high evaporative demand and decreasing root zone soil moisture availability (Fig.
4.2). The differences among the two CRs and RVI are greatest in the early season, i.e.
before 18 May. The difference between the V-pol and H-pol CRs, in particular, can
be attributed to the difference between HH and VV-pol backscatter during the early
season due to the difference in their sensitivities to soil moisture and vegetation.
The presence of system noise in the HH data partly explains higher variability in
the C RH at this time. The C RV and C RH converge after 18 May when backscatter
is dominated by vegetation scattering. The divergence from 5 to 10 June may be
attributed to the difference in sensitivity of VV and HH to changes in ear and stem
VWC.

Fig. 4.7 shows the mean daily cycle of the radar backscatter for the period from
June 1 to June 13. This specific period was chosen because the limited precipitation
means that the SCW is primarily due to the presence of dew, and the corn has
reached maximum biomass. There is clear daily cycle in radar backscatter in
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response to accumulation and dissipation of dew (shown in Fig. 4.4) and variations
in internal water content (VWC). The maximum value is observed at the acquisition
of 7:30 am in VV and cross-pol, coinciding with the maximum dew accumulation.
The minimum backscatter occurs in the late afternoon in all polarizations when the
VWC reaches its minimum value. The increase in backscatter between 13:00 and
15:00 is due to the influence of rain events on 6 and 11 June. The range of the mean
daily cycle in backscatter during this period is 0.78, 1.02, and 0.96 dB in HH, VV and
cross-pol respectively. In Section 4.4, it will be shown that even larger variations are
observed in the early and mid-season. A detailed discussion about the daily cycle of
backscatter can be found in Vermunt et al. [119].
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Figure 4.6.: Complete time series of L-band (a) HH, VV, and cross-polarized (XP)
radar backscatter, and (b) CRs (C RV , and C RH ) and Radar Vegetation
Index (RVI). Light blue vertical lines indicate the presence of SCW during
the radar acquisition.

4.4.4. EFFECT OF SURFACE CANOPY WATER ON MORNING RADAR

BACKSCATTER

Fig. 4.8 shows the difference in radar observables acquired during early and late
morning, i.e. in the presence and absence of SCW. Dawson and Goldsmith [73] found
that the presence of SCW influenced cellular, leaf and whole-plant water relations
through its role in suppressing transpiration and changing water potential. It is also
assumed that the plant water potential has finished equilibrating with the soil by 6
am and will not continue to rise during the mid-morning period [72]. Therefore, it
is assumed here that the presence of SCW limits transpiration, so that the change in
internal water content between the 6 am and late morning observations is limited.

Note from Fig. 4.8 (a), that the coincident difference in soil moisture is less
than 0.01 m3m−3. However, it is important to note that variations in backscatter in
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Figure 4.7.: Mean daily cycle of co- and cross-polarized backsactter for a 13 day
period from June 1 to June 13.

the early season may be affected by dew formation on the soil surface [119]. The
formation and dissipation of dew on the soil surface will not influence the observed
5 cm soil moisture, but will affect backscatter.

Fig. 4.8 (a) shows that early morning backscatter is higher than late morning
backscatter by up to 1.02 dB for co-pol and 1.27 dB for cross-pol, and can reach
up to 3.56 dB (σV V on 9 May). Note that these differences are not negligible
while the dynamic range for HH, VV and XP during the growing season was around
11.36, 8.19 and 12.93 dB respectively. The magnitude of the difference varies
considerably during the growing season. Large differences, particularly in VV and XP
are observed in the early season. However the low fractional cover during this period
means that this is also influenced by dew on the soil. During the mid-season, the
growing vegetation results in an increase in direct scattering from the vegetation and
increased attenuation of the return from the soil. Note that large differences of up
to 2.77 dB in XP (23th May), and 1.49 dB in HH and VV (25th May) occur on days
when SCW was due to dew rather than interception. Differences of around 1 dB are
observed in all polarizations in the late season with a maximum value of 1.37 dB
observed in σV V on 11th June.

Fig. 4.8 (b) shows the difference in early morning CRs and RVI due to the
dissipation of SCW. On average, the difference between early- and late-morning CRs
is 0.7 dB, and the average difference in RVI is 0.02. These are relatively small
compared to the dynamic range of CRs and RVI observed in Fig. 4.6 (b). However,
the observed sensitivity of XP backscatter to SCW (Fig. 4.8 (a)) means that both CRs
and RVI are especially affected by SCW in the mid-season. Differences in this period

74



4.4. RESULTS

4

55

are consistently positive, and reach up to 2 dB and 0.125 in CRs and RVI respectively.
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Figure 4.8.: Differences in early morning backscatter from wet and dry vegetation
on destructive sampling dates. The difference is calculated between
observations at 6am (wet vegetation) minus the first radar observation
after the SCW has dissipated ( 10am - 12pm). Data are presented for (a)
backscatter and soil moisture, and (b) CRs and RVI.

4.4.5. VOD TIME SERIES RETRIEVED FROM DRY AND WET VEGETATION

Fig. 4.9 shows the dry reference, estimated separately for wet and dry vegetation.
The annotation σ0

dr y−PSCW and σ0
dr y−ASCW indicates whether the dry reference was

estimated from radar observations in the presence or absence of SCW. During the
early season, sufficient data were available to estimate the dry reference for both
wet and dry SCW conditions in VV and XP. Noise in the first few days of HH
backscatter (Fig. 4.6 (a)) resulted in goodness of fit values lower than our threshold
for the linear fit between soil moisture and backscatter. Hence it was not possible to
estimate σ0

dr y−ASCW in HH reliably in the early season. Frequent rain events during

the mid-season meant that there were not enough data to calculate σ0
dr y−ASCW from

18 May to 1 June.
Both σ0

dr y−PSCW and σ0
dr y−ASCW increase during the vegetative stages as the

fresh biomass increases. Recall that σ0
wet −σ0

dr y corresponds to the range within

which backscatter varies due to soil moisture, and is therefore an indication of the
sensitivity of backscatter to soil moisture. As σ0

wet has a constant value for the
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Figure 4.9.: Time series of radar backscatter along with the calculated static
component (σ0

s,dr y ), the dry reference for wet vegetation (σ0
dr y−PSCW )

and dry vegetation (σ0
dr y−ASCW ), and the wet reference (σ0

wet ) for co-

and cross-polarization data. The green and orange horizontal lines on
each plot indicate the wet reference and the static component, both of
which are constant for the entire growing season.

growing season, an increase of σ0
dr y indicates a loss in sensitivity of backscatter

to soil moisture as a result of vegetation attenuation. The rate of increase in
σ0

dr y varies per polarization as backscatter in different polarizations is sensitive to

different constituents of the canopy. The rapid increase in σ0
dr y in VV is due to stem

elongation, while the more gradual increase in XP corresponds to the increase in
LAI, which reaches a maximum around 23 May.
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Figure 4.10.: Time series of radar backscatter along with the calculated static
component (σ0

s,dr y ), the dry reference for wet vegetation (σ0
dr y−PSCW )

and dry vegetation (σ0
dr y−ASCW ), and the wet reference (σ0

wet ) for VV-pol

and period of 3 to 15 May.

In general, σ0
dr y−PSCW is higher than σ0

dr y−ASCW . In terms of Equation 4.2, this

means that the estimated attentuating effect of vegetation is higher in the presence of
SCW. The difference between σ0

dr y−PSCW and σ0
dr y−ASCW , depends on polarization,

with a larger difference observed in VV than XP backscatter. In the absence of
reliable data in the early season in HH, it is difficult to draw a conclusion about HH
polarized data. In the late-season, drier weather ensured that sufficient data were
available to estimate σ0

dr y−PSCW and σ0
dr y−ASCW . In both VV and HH, σ0

dr y−PSCW

remains relatively flat in the late-season. Temporal variations in σ0
dr y−ASCW vary

with polarization. The increase in VV, for example, coincides with the increase in
ear water content, while HH and XP are more sensitive to the leaf water content.
Fig. 4.10 provides a closer view of the estimated wet and dry references in VV
polarization during the early stages. While σ0

dr y−ASCW increases relatively steadily

during this period, σ0
dr y−PSCW is influenced by irrigation events and dew formation.

As dew accumulates, σ0
dr y−PSCW increases, corresponding to a gradual reduction in

sensitivity to soil moisture at 5 cm depth.
Fig. 4.11 shows the VOD for each polarization, estimated using equation 4.2. From

5 May onwards, the rapid increase in biomass of all plant constituents (Fig. 4.5)
results in an increase in VOD. The rate at which it increases varies by polarization
due to the sensitivity to different vegetation constituents. The sharpest increase is
observed in VV due to the sensitivity to increasing biomass in the corn stems during
the early stage.

Recall from Fig. 4.9 that σ0
dr y−PSCW was always greater than σdr y−ASCW . As a

result, VOD values estimated in the presence of SCW are always higher than those
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Figure 4.11.: Temporal pattern of VOD for wet and dry vegetation computed for a)
VV polarization, b) HH polarization and c) XP polarization.

estimated in its absence. The difference is particularly striking in the mid-season
when interception following several heavy rainfall events results in significant
variations in VOD in all polarizations. Fig. 4.4 showed the persistent presence of
SCW in this period. As a result, few data were available to estimate σ0

dr y−ASCW (Fig.

4.9) and hence VOD (Fig. 4.11) from dry vegetation during this period. Nonetheless,
Fig. 4.11 shows that VOD in the presence of SCW reached up to 0.4 - 0.5, while
that from dry vegetation was in the range 0.1 - 0.2. Three heavy rain events
(Fig. 4.2) occurred on 21, 27, and 30 May. Their influence on the estimated VOD
varies considerably with polarization due to the polarization-dependent sensitivity of
backscatter to different constituents of the canopy (Fig. 4.9).

During the late-season (1 to 12 June), both VOD estimates in VV polarization
increase steadily, coinciding with ear formation (Fig. 4.5). Between 1 and 8 June, the
difference between VOD estimated in the presence and absence of SCW is around
0.1 for VV and HH, though barely any difference is discernible in XP.
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4.4.6. EFFECT OF SURFACE CANOPY WATER ON THE RELATION BETWEEN

RADAR BACKSCATTER DATA AND CROP BIOPHYSICAL VARIABLES

Fig. 4.12 shows how each of the radar observables relates to the biophysical
parameters of interest in the presence (blue) and absence (red) of SCW. The scatter
plots and Spearman’s rank correlation coefficient (ρ) values in Fig. 4.12 show that
cross-polarized backscatter, and the indices derived from it, are strongly related to
each of the biophysical parameters of interest. In general, ρ is consistently lower
(by around 0.2) when the backscatter data are collected in the presence of SCW.
This is true for all radar observables and all biophysical parameters. It is also clear
that increase in backscatter due to SCW (Fig. 4.6) results in a different relationship
between the radar observables and the biophysical variables, so the presence of SCW
potentially has a confounding effect on the retrieval of biophysical parameters from
radar observables. On the other hand, the dynamic range of backscatter values is
marginally larger when backscatter is acquired in the presence of SCW. So, while the
relationship may be less well-defined, there is greater sensitivity to the biophysical
variables. This is clear, for example, in Fig. 4.12 (m to p) where the sensitivity of
the C RV is higher for wet vegetation than for dry vegetation when BBCH < 55. The
same is true in Fig. 4.12 (u to x) for the RVI, particularly for BBCH < 55.

Recall from Fig. 4.5 that the rapid changes in biophysical parameters, particularly
in VWC and LAI, occur before BBCH = 55. These rapid changes result in a strong
increasing trend in backscatter, particularly in cross-polarization (Fig. 4.6). In
contrast, after BBCH = 55, VWC is quite stable and the backscatter is closer to
saturation. There is no increasing trend after BBCH = 55, but backscatter still
varies in response to changes in the structure (e.g. ear formation), as well as
changes in stem and ear VWC, their influence on the relative importance of different
contributions to total backscatter. The domimant contribution to backscatter in all
polarizations at this time is direct scattering from vegetation. So, the variations
are primarily due to vegetation, but some (limited) sensitivity to soil moisture
remains due to the contribution of double-bounce. Consequently, the ability to
relate biophysical parameters to radar observables is very different before and after
BBCH = 55. This can also be observed in Fig. 4.12, where the relationship between
the radar observables and biophysical parameters is not linear over the full range of
biophysical parameter values.

Table 3 compares ρ between the radar observables and the biophysical parameters
for ρ calculated using the whole season, or only the period before BBCH = 55. Due
to the limited number of destructive sampling dates, note that this corresponding
number of samples is 21 and 13 respectively. ρ values for which the corresponding
P-vale is greater than 0.01 are indicated in bold in Table 3. For BBCH < 55, the
presence of SCW leads to similar or higher ρ values when cross-polarized data are
used (e.g. in XP, RVI and C RV ) and lower values of ρ when co-polarized data are
used. When data from the whole season are used, ρ values are lower than those
obtained using data for BBCH < 55 alone. The difference between the two is greater
when the radar observables were acquired in the presence of SCW (i.e. "Wet").
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Figure 4.12.: The relationship between six radar observables and four key biophysical
variables based on data from the full growing season. Blue and red
indicate that the radar observables correspond to acquisitions from wet
(including SCW) and dry (no SCW) vegetation. The corresponding
Spearman’s rank Correlation Coefficients (ρ) are in the lower right
corner. The vertical dashed line indicates BBCH = 55 (middle of heading
stages and start of ear formation).
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Table 4.2.: Spearman’s rank correlation coefficients between four biophysical variables
and the six radar parameters for dry and wet vegetation at two different
growing stages.
Dry Biomass VWC Plant Height LAI

BBCH < 55 Whole season BBCH < 55 Whole season BBCH < 55 Whole season BBCH < 55 Whole season
Dry Wet Dry Wet Dry Wet Dry Wet Dry Wet Dry Wet Dry Wet Dry Wet

VV 0.87 0.75 0.82 0.61 0.87 0.75 0.86 0.70 0.89 0.74 0.82 0.54∗ 0.89 0.74 0.86 0.57

HH 0.90 0.89 0.84 0.76 0.90 0.89 0.86 0.80 0.92 0.89 0.84 0.74 0.92 0.89 0.85 0.74

XP 0.92 0.96 0.87 0.74 0.92 0.96 0.90 0.75 0.93 0.96 0.87 0.70 0.93 0.96 0.89 0.66

CRV 0.88 0.92 0.89 0.67 0.88 0.92 0.85 0.68 0.90 0.93 0.89 0.64 0.90 0.93 0.83 0.63

CRH 0.87 0.80 0.75 0.49∗ 0.87 0.80 0.71 0.47∗ 0.87 0.81 0.74 0.44∗ 0.87 0.81 0.75 0.39∗

RVI 0.92 0.93 0.87 0.68 0.92 0.93 0.83 0.67 0.92 0.94 0.85 0.64 0.92 0.94 0.84 0.61
∗ P-value of the Spearman’s rank correlation coefficient is higher than 0.01.

4.4.7. EFFECT OF SURFACE CANOPY WATER ON RELATION BETWEEN VOD
AND VEGETATION WATER CONTENT

VOD is assumed to depend linearly on vegetation water content according to
V OD = b ∗V W C . Fig. 4.13 shows the linear fit between VOD and total VWC for the
whole season (a - c) and for the period with BBCH < 55. The goodness of fit (R2) is
up to 0.34 higher when the linear fit is limited to BBCH < 55 (Fig. 4.13 (d - e)).

Recall from Fig. 4.5 that after BBCH = 55, the total VWC remains at around 4 kg
m−2, but the stem water content decreases and the ears form and separate from the
stem. So, while VWC does not change, the internal moisture distribution changes
and the canopy is undergoing structural changes which influence the backscatter
(Fig. 4.6), and VOD (Fig. 4.5). Focusing on the relationship for BBCH < 55,
the goodness of fit is > 0.94 for both VV and XP in the presence and absence
of SCW. Values are lower for HH polarization, though this may be due to limited
data. Goodness of fit values are similar in the presence and absence of SCW, so the
assumption that there is a linear relationship is reasonable in both scenarios. Note,
however, that VOD values obtained in the presence of SCW (blue) are generally
higher, than those obtained in its absence (red), and the difference increases with
VWC. So, the linear regressions between VOD and VWC in the presence and absence
of SCW are markedly different. The b parameters are generally much higher when
estimated using VOD in the presence of SCW (Table 4.3). The difference occurs
regardless of whether b is estimated using data from the entire season or the period
where BBCH < 55.

4.5. DISCUSSION
Results in Fig. 4.4 demonstrated that L-band backscatter is influenced by the
presence of SCW, in the form of both dew and interception. This is compatible
with previous studies [67, 79, 119, 181]. Fig. 4.8 showed that the presence of early
morning dew can contribute to a difference of up to 2 dB in L-band backscatter. This
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Figure 4.13.: Vegetation optical depth (VOD) calculated for VV- (left), HH- (middle)
and cross-polarized backscatter (right), as a function of vegetation water
content (VWC). Results are shown for the full growing season (a - c),
and the period up to BBCH = 55 (d - f). The data, fitted linear
regressions and goodness of fit (R2) values are shown in blue and red to
indicate if they were obtained in the presence (blue) or absence (red)
of SCW.

Table 4.3.: Regression coefficient (b-factor) for each linear regression between VWC
and VOD retrieved from VV, HH and XP backscatter.

2*Channel BBCH < 55 Whole season
Dry Wet Dry Wet

VV 0.06 0.08 0.03 0.05
HH 0.03 0.10 0.03 0.05
XP 0.03 0.05 0.02 0.04

is consistent with previous studies [47, 80, 119, 181]. However, here the availability
of high temporal resolution data from both leaf wetness sensors and tower-based
radar throughout the entire season allowed us to show that the impact of SCW on
backscatter varies with growth stage and with polarization. In the early season, while
the fractional cover was low, the difference between SCW and no-SCW conditions
were large due to the combined influence of dew on the canopy as well as the soil.
In the mid-season, the amount of SCW is higher due to both interception and dew,
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and the fact that LAI is much higher than the early-season. In the late-season, the
LAI is still high, but the difference between SCW and no-SCW is lower than the early
and mid-season because the high biomass means that radar backscatter is close to
saturation and the SCW is almost entirely due to dew rather than a combination of
dew and interception. It remains challenging to explain the differences observed
between polarizations because there is a limited understanding of how the presence
of droplets or a film of water affects the various contributions to total backscatter.
Unfortunatly, current models do not account for the presence of SCW [36, 85, 86,
181, 182].

In addition to backscatter, we also examined the influence of SCW on CRs and RVI.
These are increasingly used to monitor vegetation because they are less influenced
by soil moisture as they are normalized with co-polarized backscatter [13, 26, 45,
121, 167]. The difference between early morning and late morning values, i.e. in the
presence and absence of dew, was not zero. In fact, the difference in morning values
during the mid-season was around a quarter of the dynamic range. This suggests
that while CRs and RVI may be useful in mitigating the influence of soil moisture,
they are not immune to the influence of SCW.

The relationships between radar observables (backscatter, CRs, RVI) and biophysical
variables are most meaningful during the vegetative stages as they all monotonically
increased in response to the accumulation of fresh biomass. This is consistent with
previous studies [26, 27, 42, 152, 178]. In the later stages the backscatter was closer
to saturation, but it still varied in response to changes in the structure and internal
distribution of moisture within and among constituents. This explains why the
Spearman’s rank correlation coefficient was lower when determined for the whole
season rather than the stages where BBCH < 55.

Unlike previous studies, this thesis explicitly addressed the influence of time of
day on the relationship between radar observables and biophysical parameters.
Occasionally, rapid daytime growth can occur in the early vegetative stages when a
dry spell ends. Generally though, LAI, dry biomass and plant height do not vary
much on a single day. On the other hand, the impact of SCW on backscatter means
that the timing of observations used to retrieve biophysical parameters matters. If
we consider the entire growing season, results in Fig. 4.12 showed that the strength
of the monotonic relationship between backscatter and the biophysical variables
is higher (difference in ρ up to 0.25) when one uses backscatter collected in the
absence of SCW. This is quite consistent with decades of research using destructive
sampling of vegetation to prove that backscatter is sensitive to the dielectric constant
of vegetation, which is primarily controlled by its water content. However, results in
Table 4.2 showed that the lower ρ values were primarily due to the low sensitivity
of backscatter to biophysical variables when BBCH > 55. During the vegetative
stages, the ρ values were comparable in the presence and absence of SCW. Results
for BBCH < 55 in the Table 4.2 suggests that stronger relationships (higher ρ) were
observed in the presence of SCW. This is consistent with the conclusions of earlier
studies that argued that the presence of SCW made it easier to distinguish between
crop types [79, 183]. This is likely due to the influence of vegetation geometry on
the amount of water that can be held by the vegetation.
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However, it is essential to note that the relationship between the radar observable
and the biophysical parameter is just different due to the higher values of backscatter
obtained in the presence of SCW. If ground data are used to calibrate relationships
between radar observables and biophysical parameters it is essential, therefore, to
calibrate the relationship for the situation likely to be observed. For example, if
early morning dew is common, and morning satellite overpasses will be used, these
relationships need to be determined for wet vegetation.

VOD estimated using radar backscatter data obtained in the presence of SCW was
generally higher than that obtained in its absence. This was true for all polarizations.
The largest differences were found in the mid- to late-season, but the dynamics (i.e.,
the difference between VOD obtained in the presence and absence of SCW) were
found to vary by polarization. This may be related to the polarization-dependent
response of radar backscatter to SCW, but the influence of data scarcity can not be
overlooked.

VOD is often used as a proxy for vegetation water content as the two are assumed
to be linearly related [164]. However, results presented here show that the linear
regression coefficient b is very different when the backscatter data are obtained in
the presence and absence of SCW. Higher backscatter values in the presence of SCW
result in considerably higher b values. It is important to highlight that VOD is not
a biophysical parameter, but a parameter of an electromagnetic model, in this case
the Water Cloud Model. The VOD is assumed to be a measure of the degree to
which the signal from the soil is attenuated by the vegetation. However, the VOD
time series contain artifacts from the manner in which VOD is estimated from this
model and the validity of any inherent assumptions. For example, multiple scattering
is not considered. This assumption is particularly problematic in the presence of
SCW as any enhancement of multiple scattering due the presence of droplets or
a film of water on the leaves is not accounted for. In addition, the methodology
involves fitting a relationship between backscatter and soil moisture within some
time window. The length of this window must be long enough to ensure a reasonable
fit, but this implies that the dry reference (hence VOD) is constant within this
window. Data sparsity and noise in the data will influence the VOD estimate, as will
any rapid changes in VOD during the window due to growth or water uptake.

4.6. CONCLUSIONS

Data from an intensive field campaign were used to investigate the influence of
SCW on the relationship between L-band backscatter and biophysical variables in
crop monitoring. Continuous leaf wetness sensor data, combined with precipitation
and irrigation data were used to chart the accumulation and dissipation of dew
and interception throughout the growing season. These were combined with data
from an L-band fully polarimetric tower-based radar to quantify the effect of SCW
on L-band radar observables (backscatter, RVI and CRs), as well as the relationship
between these observables and biophysical parameters of a corn crop. In addition,
VOD was estimated to consider the effect of SCW on VOD, and its relationship with
VWC.
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At the study site in Florida, dew was present on the canopy for most days from
12 am to 10 am and was found to have a substantial effect on backscatter in all
polarizations and throughout the growing season. The cross-ratio and RVI, often
used to mitigate the influence of soil moisture, were not immune to the influence of
dew and interception. Furthermore, it was shown that the presence of SCW affected
the relationship between L-band observables and biophysical variables. This means
that it is important to consider daily patterns in SCW and overpass time when
deciding to retrieve biophysical parameters from radar data. Sentinel-1 and RCM are
in near-polar, sun-synchronous orbits with local overpass times at 18:00 and 06:00
hours. Future SAR missions, like NiSAR and ROSE-L, are likely to be in similar
orbits [173, 174]. Daily patterns in SCW should be taken into consideration when
choosing to retrieve biophysical parameters from ascending or descending passes, or
by combining data from both. Further research exploring the influence of frequency
and viewing geometry is strongly recommended to support agricultural applications
using data from these and other current and future SAR missions.

Results presented here show that the VOD estimate in the presence of SCW was
higher than those estimated in its absence. In some sense, it is acceptable to say
that the higher values of VOD from wet vegetation indicate a reduced sensitivity to
soil moisture. However, this reduced sensitivity is not entirely attributable to the
attenuation. It is hypothesized that the presence of water on the canopy may be
leading to an increase in direct scattering from the vegetation, which is also reducing
the signal that reaches the soil surface. The influence of SCW on multiple scattering,
and how it might affect sensitivity to soil moisture is entirely unknown. This
suggests that if VOD is to be used as a proxy for internal vegetation water content,
backscatter values affected by SCW should not be included in the VOD estimate. In
areas with strong daily cycles in dew or interception, it would be prudent to limit
the estimation of VOD to satellite radar acquisitions at overpass times less likely to
be affected by SCW.

The conclusions drawn in this thesis are based on experimental data collected in
a field experiment of limited duration, with a single crop type. Interestingly, similar
conclusions were drawn in a recent study using VOD obtained from satellite passive
microwave remote sensing, suggesting that the outcomes of this study are relevant
for a wider range of cover types. Xu et al. [184] used VOD data derived from X-band
(10.7 GHz) measurements by the Advanced Microwave Scanning Radiometer for the
Earth Observing System (AMSR-E) in combination with a terrestrial biosphere model
in order to evaluate the relationship between canopy water content (CWC) and leaf
surface water (LWs ) due to dew formation and rainfall interception with VOD at four
tropical forest and savanna sites in Brazil. They found that LWs accounts for > 50%
of diurnal variation in CWC at all four of the study sites that could make a large
contribution to diurnal variation in CWC and AMSR-E VOD signals over tropical
forests. Additional studies, over multiple locations, crop and land cover types are
essential to characterize the impact of surface canopy water on retrievals of soil and
vegetation states more generally from both active and passive microwave remote
sensing.

All of the above point to an urgent need for an improved understanding
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of microwave interactions with vegetation in the presence of SCW. Additional
experiments are strongly recommended to examine the influence of SCW over a
wider range of vegetation. The capacity of various crops to store water will depend
on their structure and geometry (e.g. narrow-leaved or broad-leaved etc.). These
data are needed to understand how droplets or a film of water on the vegetation
influences microwave interactions with the vegetation and soil. Inclusion of SCW
in radiative transfer models of vegetated surfaces is essential to account for its
influence in retrieval of soil and vegetation states. Furthermore, the potential to
observe and retrieve SCW using radar remote sensing offers many new opportunities
in the context of hydrology [185], and plant physiology [73].
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In Chapters 4 and Appendix A, we assessed the influence of surface canopy water
(SCW) on backscatter, cross-ratio, RVI, and VOD at the L-band. We demonstrated
that the presence of SCW impacts the relationships between radar observables and key
biophysical variables. However, due to a limited understanding of how SCW affects
the various components of total backscatter, we were unable to explain the observed
differences between polarizations. This underscored a pressing need for a more
in-depth understanding of how microwaves interact with vegetation in the presence of
SCW.

In this chapter and the next, we aim to employ a radiative transfer model to
enhance our understanding of how SCW affects the various components contributing
to total backscatter. For this chapter, we utilize the radiative transfer model developed
at Tor Vergata University. Although this model accurately simulates the seasonal
evolution of the signal due to crop growth, it struggles with the simulation of fast
temporal dynamics in the signal. Therefore, the objective of this chapter is to present
a calibration technique that could augment the model’s ability to simulate high
temporal dynamics, specifically those due to soil moisture and internal vegetation
water dynamics in the signal.
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5.1. INTRODUCTION
Several electromagnetic models have been developed to better understand and
simulate backscattering from agricultural crops. Both semi-empirical and theoretical
models have been developed to model the influence of the soil and vegetation
on radar backscatter [36, 84–87]. Among these, the most commonly used is
the semi-empirical Water Cloud Model (WCM), which considers the vegetation
as a cloud containing identical water droplets randomly distributed within the
canopy [84]. The WCM is a zero-order radiative transfer solution. This model,
widely preferred due to its simplicity, does not consider higher-order scattering
mechanisms. To obtain a more detailed understanding of scattering from vegetation
surfaces, advanced models based on energy and wave approaches like the Michigan
Microwave Canopy Scattering model (MIMICS) [36], Multi-static Interferometric and
Polarimetric Electromagnetic Model for Remote Sensing (MIPERS) [87], and the Tor
Vergata model [85] have been proposed.

Previous studies using the Tor Vergata model demonstrated the high sensitivity of
the model to crop growth and good agreement between the model and observed
backscatter. However, these studies relied on temporally sparse data (i.e., ranging
from every 3 days to every 12 days) for the input parameters, with simulations
primarily capturing the seasonal growth cycle. Vermunt et al. [119] combined
daily input data (soil and vegetation water content) with data from a scatterometer
to understand the contribution of different scattering mechanisms to total L-band
backscatter during the corn-growing season. The results showed that, in general, the
model could simulate the increase in backscatter due to crop growth with an average
RMSE equal to 3.91 dB for the whole season. In all polarizations, the modeled total
backscatter could not simulate the daily dynamics in observed backscatter, indicating
that the Tor Vergata model cannot to accurately simulate the higher temporal (i.e.,
daily and sub-daily) dynamics of the observed signal.

The goal of this chapter is to improve the ability of the Tor Vergata model
to simulate higher temporal dynamics due to internal vegetation water and soil
moisture dynamics in the signal. We will first show that the small cylinder radius
(SCR) significantly impacts backscatter at L-band, in all polarizations, and argue
that its influence is less noticeable at higher frequencies. We will then present an
approach that allows for the calibration of SCR using hyper-temporal, ground-based
L-band scatterometer data. Finally, we will investigate the factors that could drive
the dynamics in the SCR.

5.2. MATERIALS AND METHOD

5.2.1. RADIATIVE TRANSFER MODEL

The model used in this research was developed at the University of Rome, Tor
Vergata [85], and is therefore referred to as the “Tor Vergata model" througout. This is
a discrete microwave scattering model which simulates the backscattering coefficient
of vegetated surfaces with an approach based on the radiative transfer theory and
the matrix doubling algorithm. The model is able to simulate both scattering and
extinction properties of vegetation elements and of the underlying soil by applying
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the most suitable electromagnetic approximation, depending on the scatterers’ size
and shape adn frequencies. For the soil, the permittivity was computed using
Mironov’s soil dielectric model [186, 187] and the Integral Equation Model (IEM)
[188] was used to determine the backscattering coefficient. For maize, the model
considers two layers, where the lower layer is a homogeneous half-space with rough
interface, representing the soil, and the top layer contains the stems, leaves, and
petioles (i.e. ribs) as shown in Fig 5.1. The ear is not considered in this version of the
model since Della Vecchia et al. [98] showed that their inclusion has a limited effect
on total simulated backscatter (<0.3 dB) even at L-band. Leaves are represented as
dielectric discs while stems and petioles (i.e. ribs) are represented by big and small
cylinders respectively. To compute the scattering matrices and the extinction vector,
the Rayleigh-Gans approximation [189] is used for both leaves and petioles (i.e. ribs)
for L-band. For C and X bands, the Physical Optics approximation is used for leaves
and the infinite length approximation [190] is used for petioles (i.e. ribs). For
the stem, the infinite length approximation is used for all frequencies. In order to
combine contributions from the various scatterers, and between vegetation and soil,
the matrix doubling algorithm [189] is used. This method enables including multiple
scattering effects of any order in the calculation of the backscattering coefficient
and it can separate contributions of different scatterers in the vegetation canopy.
The simulated total backscattering coefficient is calculated as the combination of
contributions due to four scattering mechanisms as shown in Fig. 5.1 and equation
6.1.

σ0
tot al =σ0

veg +σ0
veg−g r ound +σ0

doubl e−bounce +σ0
soi l (5.1)

where σ0
tot al is the total backscatter coefficient, σ0

veg is the vegetation direct
backscattering component (i.e. multiple scattering from the vegetation layer Fig. 5.1
(b))), σ0

veg−g r ound is the vegetation-ground scattering (i.e. multiple scattering due

to interactions between vegetation and ground Fig. 5.1 (c))), σ0
doubl e−bounce is the

double bounce scattering between vegetation and soil or vice versa (Fig. 5.1 (d))
and (e))), and σ0

soi l is the direct component from the soil surface attenuated by
the canopy (Fig. 5.1 (b)). The required input parameters describing the dielectric
and geometry of the vegetation and soil are listed in Table 5.1. These data were
collected during a field campaign in Florida, USA, in 2018 (see section C). The
reader is referred to Bracaglia, Ferrazzoli, and Guerriero [85] for a more detailed and
comprehensive description of the model and its assumptions.

5.2.2. EXPERIMENTAL DATA

STUDY SITE

This research also conducted over corn field during a field campaign near Citra,
Florida during spring 2018. For detailed information regarding the study site specific
to this part of the research, please refer to section 2.1 of this thesis.
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A B C D E

Figure 5.1.: Schematic representation of the radiative transfer model geometry for
corn. The four components of rough soil, main stems, leaves, and
ribs, and 5 scattering mechanisms of direct soil (A), Volume (B),
Vegetation-ground (C), and double bounce (D, E) are shown.

Table 5.1.: List of input parameters for Tor vergata model simulation

Parameter Value or Time series

Frequencies (GHz) L=1.25 / C=5.405 / X=9.6
Incidence angle (degree) 40
Soil volumetric moisture content Time series
Soil rms height (cm) 0.92
Soil correlation length (cm) 9.17
Plant density (plant/m2) 8
plant height (cm) Time series
LAI Time series
number of leaves per plant Time series
Leaf area (cm2) Time series
Leaf half width (cm) Time series
Disc (leaf) thickness (cm) 0.03
Disc (leaf) gravimetric moisture Time series
Stem height Time series
Stem radius Time series
Stem gravimetric moisture Time series
small cylinder (ribs) length (cm) 70% of leaf length
small cylinder (ribs) maximum radius (cm) 0 - 0.4
small cylinder (ribs) gravimetric moisture Time series
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FIELD MEASUREMENTS

Soil For detailed information regarding the soil data specific to this part of the
research, please refer to section 2.3.2 of this thesis.

Vegetation For detailed information regarding the vegetation data specific to this
part of the research, please refer to section 2.3.4 of this thesis.

Surface Canopy Water For detailed information regarding the surface canopy water
data specific to this part of the research, please refer to section 2.3.3 of this thesis.

GROUND-BASED RADAR OBSERVATIONS

Radar backscatter was measured using the truck-mounted University of Florida
L-band Automated Radar System (UF-LARS) [106]. For detailed information regarding
the ground-based radar observations data specific to this part of the research, please
refer to section 2.3.4 of this thesis.

5.2.3. RT MODEL CALIBRATION METHOD

In the Tor Vergata model, a leaf is described as a combination of a disc representing
the leaf area and a small cylinder representing the rib, i.e. the relatively sturdy
central spine of the leaf. The inclusion of small cylinders was necessary to improve
the agreement between simulated and observed backscatter. The dielectric constant
of the small cylinder is assumed to be the same as that for the whole leaf, and is
obtained from the measured leaf moisture content. The length of the small cylinder
is assumed to be 70% of the leaf length, and can therefore be determined from
weekly field measurements. In the Tor Vergata model, the maximum radius of a
small cylinder, measured in centimeters, is defined as “acylmax." In the original
version of the model, this parameter was assumed to have a single value (i.e., 0.3
cm) throughout the growing season. The model also requires another parameter,
the value of the small cylinder centimeters for each time, referred to as “acyl." It is
calculated using the following equation:

ac yl = ac yl max · (ar eal ea f /450)0.25 (5.2)

Here, the value of the small cylinder radius (SCR) is determined based on the
maximum radius for the small cylinder (“acylmax" in cm) and the average area
of corn leaves (“arealeaf" in cm). Section 5.3.2 will demonstrate that the total
backscatter is sensitive to SCR, and that allowing SCR to vary during the season
leads to improved agreement between the modeled and observed backscatter.

Since the maximum radius of small cylinders was not directly measured in the
field, we employed a calibration method to determine the optimal values for this
parameter on a daily basis. The calibration started by running the model using all
the measured data, with the only variable being modified being the maximum radius
(“acylmax"), ranging from 0 to 0.4 cm in increments of 0.01 cm. This upper limit of
0.4 cm for “acylmax" was established based on measurements from previous studies
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[182, 191, 192]. The main reason for changing the maximum radius (“acylmax")
instead of the SCR was to ensure that the calibrated SCR is always in a valid range
defined by previous studies. Therefore, for the calibration of the model, we used
the optimum “acylmax" value, which in turn provided us with the optimal SCR size
based on the measured average leaf area of corn. In the following sections, we
always refer to calibrating the SCR since this is the input of the model, and it is
directly changed by “acylmax" values.

Next, we used dynamic windows ranging from 1 to 10 days, with each polarization
being handled separately. Within each window, we determined the SCR that resulted
in the lowest root mean square error (RMSE) between observed and simulated
backscatter. The window was shifted with an increment of 24 hours across the data,
to yield daily estimates of the optimal SCR value.

5.2.4. MULTI LINEAR REGRESSION METHOD

In this section, understanding the factors that primarily impact SCR dynamics is
important. Given the complex nature of SCR, characterized by its dependency
on more than one parameter, the multiple linear regression (MLR) technique was
selected over the simple linear regression method.

The MLR method allows for the analysis of the relationship between a dependent
variable and two or more independent variables. Unlike simple linear regression,
where the relationship between a dependent and a single independent variable is
examined, MLR extends this concept to encompass multiple predictors. The general
mathematical form of MLR can be expressed as [193]:

y =β0 +β1x1 +β2x2 + . . .+βn xn +ϵ (5.3)

Here, y represents the dependent variable (in this case, SCR), β0 is the intercept,
β1,β2, . . . ,βn are the coefficients of the independent variables x1, x2, . . . , xn , and ϵ

denotes the error term.
The coefficients quantify the contribution of each independent variable to the

prediction of the dependent variable. They are estimated using various techniques
such as the least squares method, which aims to minimize the sum of the squared
differences between the observed and predicted values.

The utilization of MLR in this context enables a more comprehensive investigation
of SCR dynamics, allowing the simultaneous consideration of multiple factors.

In this chapter to use the MLR method, the time series of SCR at each polarization
(Fig. 5.7 (a)-(c)) was considered as the dependent variable, and both soil moisture at
a depth of 5cm and one of the vegetation water content constituents (Fig. 5.7 (d))
were considered as independent variables at each point in time. The corn growing
season can be divided into two distinct periods: the vegetative stage (i.e., 28 April to
28 May) and the reproductive stage (28 May to 12 June). To better understand the
factors controlling SCR dynamics, the analysis was performed separately for these
two periods. To maintain comparable results, the number of data points used in the
analysis for each period had to be similar. Because the reproductive stage had 11
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data points, we had to choose the 11 data points in the vegetative stage. Therefore
only data from 14 to 28 May were used as vegetative stage data.

5.3. RESULTS AND DISCUSSIONS

5.3.1. FIELD MEASUREMENTS

Seasonal variations in observed radar backscatter (a), volumetric soil moisture (θ) at a
depth of 5 cm (b), and vegetation water content (VWC) per constituent (c) are shown
in Fig. (5.2). The radar backscatter and soil moisture data are presented exclusively
for dry vegetation conditions, meaning that they were acquired in the absence of
surface canopy water (SCW). In the early season (28 April - 15 May), midnight
irrigation was implemented on eight occasions, resulting in a sharp increase in soil
moisture and fluctuations of up to 5 dB in backscatter across all polarizations. The
upward trend in backscatter during this period can be attributed to crop growth
and an increase in VWC, with a notable increase of 1.81 (kg m−2). Throughout the
mid-season (17 - 31 May), radar backscatter remained consistently high, exhibiting
limited dynamics, while the total VWC experienced a rise of approximately 2.51 (kg
m−2). This was predominantly due to numerous rainfall events and the subsequent
extended period of high moisture in both soil and vegetation. The late season (1-12
June) was characterized by the development and growth of ears, coinciding with
limited precipitation and irrigation events. During this period, the water content of
stems and leaves decreased, while ear water content increased. The simultaneous
change in internal corn water content and soil moisture explained the dynamic in
radar backscatter during this period. More details about the field measurements are
described in [119] and [102], respectively.

5.3.2. EFFECT OF SMALL CYLINDERS SIZE AS A FUNCTION OF FREQUENCY

Fig. 5.3 illustrates the effect of small cylinder size on the time series of simulated
L, C, and X band HH-polarized backscatter. Line color is varied from blue to red
as the SCR is increased from 0 to the maximum SCR value of 0.4 cm. The top
row shows total backscatter, and the rows below correspond to the contributions
to total backscatter from direct vegetation scattering, vegetation-ground scattering,
double-bounce scattering, and direct ground scattering.

Changing the SCR can significantly influence the simulated backscatter coefficients
and the values of all scattering mechanisms. Increasing the SCR from 0 to 0.4 cm
leads to an increase in total, direct vegetation, and vegetation-ground scattering
in the L band, while causing a decrease in these quantities in C and X bands.
Increasing SCR led to reductions in double-bounce and ground scattering at all three
frequencies. Additionally, changes in the SCR influenced the relative dominance of
the different contributions to total backscatter, particularly in the L-band.

In L-band, the dominant scattering mechanism differed between low and high
SCR values. During the early season (18 April - 15 May), employing a lower SCR
value (i.e., SCR < 0.25 cm), means that direct ground scattering and direct vegetation
scattering emerge as the first and second dominant contributions. However, using a
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Figure 5.2.: Seasonal variation in (a) L band radar backscatter in HH, VV and
cross-polarization (XP), (b) volumetric soil moisture (m3 m−3) content
at 5 cm depth with a 15 minutes resolution and the mean daily soil
moisture (m3 m−3) at 5 cm depth ), and (c) vegetation water content
(kg m−2) per constituents (the phenological stages are shown by BBCH
codes). Figures (a) and (b) are only shown when surface canopy water
are absence.
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Figure 5.3.: Time series of total and contribution to total backscatter for Tor Vergata
model simulations using different small cylinder radius (SCR) sizes for
HH pol in L-band (left columns), C-band (middle columns), and X-band
(right columns) for a whole growing season of corn.
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Figure 5.4.: Time series of Tor Vergata model simulations of the total backscatter
using different small cylinder radius (SCR) sizes for L-band (left columns),
C-band (middle column), and X-band (right colums) and HH, VV, and XP
polarizations, during a whole growing season of corn.
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larger SCR value (i.e., SCR > 0.29 cm) reduces direct ground scattering so that direct
vegetation scattering and the vegetation-ground scattering becoming the first and
second dominant contributions. During the mid and late season (15 May - 4 June),
direct vegetation and double-bounce scattering were predominant with lower SCR
values. However, an increase in SCR led to a reduction in double-bounce scattering
and an increase in vegetation-ground scattering. Hence, for larger SCR values (i.e.,
SCR > 0.29 cm), direct vegetation and vegetation-ground scattering emerged as the
dominant mechanisms. This shift was caused by increases in the size and water
content of the corn leaves due to the increase in SCR, reducing the signal penetration
depth and amplifying the interaction of the L band signal with the leafy part of the
crop.

In C-band, increasing SCR reduced all ground-related scattering contributions
after May 5 (the onset of tiller formation), resulting in a decrease of up to 5 dB in
vegetation-ground, and direct ground and up to 10 dB in double-bounce scattering.
Direct vegetation scattering remained stable and was unaffected by changes in SCR
during this period, possibly due to the small wavelength of the C band compared to
the size of corn leaves at this stage.

In X-band, the impact of increasing SCR was the least pronounced compared to
the L and C bands. Similar to the C band, from May 5 onwards, direct vegetation
scattering dominated, reaching a saturation point by the end of the early season
(May 8) and resulting in near-monotonous and similar values across all SCRs. The
most noticeable impact of SCR was on vegetation-ground scattering, causing a
decrease of up to 4.2 dB. In X band, due to a very short wavelength, the radar signal
could not penetrate through out the corn canopy, resulting in zero double-bounce
scattering and very negligible direct soil effect during the mid and late season.

The results for VV and XP polarizations are similar to those from the HH
polarization. To avoid redundancy, the detailed time series plots of model
simulations for VV and XP polarizations can be found in Fig. B.4 and B.5) of
Appendix B.2.

To examine the effect of SCR on simulated scattering coefficients across different
polarizations, the total simulated backscatter for L, C, and X bands, and HH, VV, and
XP polarizations for different SCRs are displayed in Fig 5.4. An increase in SCR from
0 to 0.4 cm led to a maximum increase of 9.38, 11.63, and 18.93 dB in the L band
for HH, VV, and XP polarizations, respectively. In the C band, an increase in SCR
resulted in decreases of -0.86 and -1.05 dB in HH and VV polarizations, respectively,
and an increase of 2.45 dB in cross-pol. In the X band, trends resembled those in
the C band, but with smaller backscatter changes of -0.49, -0.65, and 1.88 dB in HH,
VV, and XP polarizations, respectively. These findings indicate that the SCR effect is
considerable at L-band, but less substantial at C- and X-bands.

5.3.3. OPTIMAL SMALL CYLINDER RADIUS (SCR)
Fig. 5.5 shows (in blue) the optimal SCR values obtained using a window size
of 1-day (left column) and 5 days (middle column). The right column shows
the fixed value of SCR obtained by using all available data. The fixed value was
calculated as 0.34 cm for co-pol channels and 0.23 for cross-pol channel. The
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corresponding simulated total backscatter is shown in red, and compared to the
observed backscatter in grey. The root mean square error (RMSE) between observed
and simulated total backscatter for each case was calculated for the period from May
1 to June 12 (i.e the end of the season) and is shown in the lower right corner of
each plot. This period was selected because the SCR had no effect on the simulated
backscatter before May 1 across all polarizations.

The comparison of simulated backscatter using a fixed SCR and a dynamic SCR
reveals that in the very early season (17 April - May 1), while corn leaves are
small (LAI < 0.9), changes in the SCR do not affect the simulated backscatter. The
simulated backscatter is overestimated in VV polarization and underestimated in
HH polarization during this period. This discrepancy is primarily linked to the
measured roughness parameter, specifically the correlation length values. Accurate
measurement of the correlation length is challenging due to its high variability[112].
Previous studies conducted by [112–114] recommend using a calibrated correlation
length that provides the best fit between simulated and observed backscatter during
the bare soil period. Although this method was attempted in this research, an
optimum value for the correlation length yielding the best fit in both polarizations
was not found. Hence, the measured value of the correlation length was used. Since
the SCR does not influence the simulated backscatter in this period, the main focus
is on the mid and late season period (15 May to 12 June), since the effect of SCR size
on simulated backscatter is prominent during this period as corn grew and reach its
maximum biomass (i.e LAI = 3.8).

Simulated backscatter in all cases exhibits gradual changes related to crop growth
and more rapid changes tied to SCR variations.The highest dynamic in SCR (blue
line) can be seen in Fig 5.5 left column, when using the windows size of 1 day, which
results in rapid changes in simulated backscatter. Despite the lowest RMSE values in
this case, a very small window size could lead to overfitting of simulated backscatter.
The simulated backscatter jumps rapidly and unrealistically, just to fit the observed
backscatter better. These swift jumps in simulated backscatter lead to rapid changes
in all scattering mechanisms, which cannot be realistic, as previous modeling studies
showed gradual changes in scattering mechanisms during the growing season[86,
182].

In general, a fixed value of SCR is sufficient to capture the increase of backscatter
in response to vegetation growth during the season, although the rate of increase in
backscatter during the vegetative stages in early May differs between the observed
and simulated. Using a dynamic SCR reduces the RMSE, as the simulated backscatter
captures the finer scale temporal variability of that observed. However, one should
be mindful of over-fitting as the smaller window size obviously incorporates fewer
data.

Fig. 5.6 highlights the improved ability of the model with a dynamic SCR to
simulate daily and sub-daily dynamics in observed backscatter. The observed
backscatter is displayed in gray, while the simulated backscatter is shown in red
(dynamic SCR) and blue (fixed SCR). In the early season (Fig. 5.6, left column),
both simulations using either fixed or dynamic SCR can capture the increase in
backscatter associated with plant growth. However, the use of a dynamic SCR
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Figure 5.5.: Time series of observed and simulated total backscatter coefficients
beside the optimum SCR for window size of 1 day (left colum), window
size of 5 days (middle cloum), and fixed SCR (right column) for VV, HH
and XP polarization. The root mean square error (RMSE) between the
observed radar backscatter and simulated total backscatter for the period
of May 1 to end of the season was shown on the bottom of each plots.

improves the ability of the model to capture the diurnal dynamics of the observed
backscatter, particularly in VV and XP polarization. Utilizing a dynamic SCR during
this period results in RMSE value reductions of 1.16, 0.23, and 0.19 dB in VV, HH and
XP respectively, compared to using a fixed SCR. Recall that the disparity between the
modeled and observed data in VV and HH polarization for the period of 1 May until
5 May is mainly attributable to the roughness parameter.

In the mid-to-late season (Fig. 5.6, right column), the use of a fixed SCR
means that the simulated backscatter lacks the daily and sub-daily dynamics of the
observations. Using a dynamic SCR yields a simulated backscatter time series with
more temporal variability, a reduced RMSE and a visibly improved agreement with
the observations in all polarizations. Reductions of around 0.29, 0.37, and 0.76 dB
wer obtained using the dynamic SCR in VV, HH and XP polarization. Therefore, we
conclude that dynamic calibration of SCR leads to better estimates of fine temporal
variations in backscatter, e.g. those associated with soil moisture and vegetation
water content changes and therefore a better agreement with observed backscatter
in all polarizations.
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Figure 5.6.: Time series of observed and simulated total backscatter coefficients
using the fixed SCR and dynamic SCR using window size of 5 day
for two period of Early season (left column) and mid and late season
(right column) in VV, HH and XP polarization respectively. The root
mean square error (RMSE) between the observed radar backscatter and
simulated total backscatter in each case was shown on the top of each
plots.

5.3.4. FACTORS CONTROLLING OPTIMUM SMALL CYLINDERS RADIUS

The coefficient of determination (R2) of the MLR method for HH, VV, and XP
polarization and the two growth stages is displayed in Table 5.2. This demonstrates
the relationship between the modeled and calibrated SCR. The coefficient of
determination (R2) in the MLR method can explain how much variability in one
factor can be attributed to its relationship with other factors. A higher R2 signifies a
stronger linear relationship.

Results in Table 5.2 indicate that the highest R2 occurred during the vegetative
stage, when considering the vegetation water content of corn leaves and surface soil
moisture. This suggests that SCR dynamics during this period were primarily affected
by the simultaneous changes in corn leaf VWC and surface soil moisture. During
the reproductive stage, the highest R2 values were observed when considering stem
water content and surface soil moisture. This period corresponds with ear formation
and development.
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Figure 5.7.: Time series of optimum small cylinder radius (SCR) using the windows
size of 5 days in (a) HH polarization, (b) VV polarization, (c) cross-
polarization XP during mid and late season. (d) shows the seasonal
variation in the same period for the mean daily soil moisture (m3 m3) at
5 cm depth, and vegetation water content (kg m2) per constituents.

Table 5.2.: The coefficient of determination (R2) of the multi linear regression (MLR)
method for HH, VV and XP polarization and two growth stages of
vegetative and reproductive stage.

HH VV XP
Vegetative

stage
Reproductive

stage
Vegetative

stage
Reproductive

stage
Vegetative

stage
Reproductive

stage
SM & VWCtot al 0.8 0.44 0.53 0.05 0.71 0.05
SM & VWClea f 0.81 0.57 0.6 0.63 0.77 0.53
SM & VWCStem 0.8 0.62 0.58 0.71 0.75 0.75
SM & VWCE ar 0.46 0.67 0.55

5.4. SUMMARY AND CONCLUSION

This research utilized high temporal resolution data from an L-band fully polarimetric
tower-based radar, along with the geometrical and water content of corn constituents,

101



5

82
5. TOWARD MODELING THE INFLUENCE OF SUB-SEASONAL VARIATION IN VEGETATION

ON RADAR BACKSACTTER USING A RADIATIVE TRANSFER MODEL

to study the effect of SCR on three frequencies (L-, C-, and X-band) and all
polarizations (HH, VV, and XP) in the radiative transfer (RT) model developed by
Tor Vergata University. A calibration technique was also presented to determine the
optimum SCR for each polarization, with the goal of improving the model’s ability to
simulate sub-seasonal and daily dynamics in response to internal vegetation water
content and soil moisture variations.

Results show that SCR can significantly affect total simulated backscatter across
all polarizations and the three frequencies considered. The impact was most
pronounced in the L-band (up to 18.93 dB) and diminished significantly for the
C and X bands (up to 2.45 and 1.88 dB, respectively). This suggests that SCR
selection is crucial for frequencies up to 5 GHz, while its impact is less significat at
higher frequencies. Furthermore, it was demonstrated that the choice of SCR can
directly affect the relative contribution of different scattering mechanisms to total
simulated backscatter, and their relative importance throughout the growing season.
This influence varied across different frequencies, indicating that the optimum SCR
is frequency-dependent. Analysis of the trend and dynamic range of the optimal
SCR in L-band during the mid- and late- seasons showed that the optimal SCR
is also polarization-dependent. Therefore, the choice of optimal SCRs cannot be
transferred across polarizations or frequencies. This implies that the calibration
method presented in this thesis should be applied separately for each polarization
and frequency.

In L-band, the use of a dynamic SCR improved model performance by better
simulating the sub-seasonal and daily temporal dynamics in observed data,
particularly during the mid and late seasons. By employing a dynamic SCR derived
from a window size of five days instead of a fixed SCR, the root mean square error
(RMSE) between the model and observation was reduced by around 0.64, 0.58, and
0.69 dB in VV, HH, and XP polarization, respectively. Multiple linear regression
results show that the SCR dynamics are not arbitrary. MLR analysis suggests that
during the vegetative stage, surface soil moisture and corn leaf water content drove
the SCR dynamics in all polarizations. Conversely, during the reproductive stage, the
simultaneous dynamics in surface soil moisture and corn stem water content drove
the SCR dynamics in all polarizations.

The findings of this chapter underscore the potential importance of considering
a dynamic SCR over a fixed SCR, particularly for frequencies up to 5 GHz, to
improve model accuracy by better simulating the temporal dynamics in observed
data. Nonetheless, the conclusions drawn in this thesis are confined to a single
crop type and a fixed incidence angle, necessitating further experimental research to
explore the performance of the calibration technique presented here using different
viewing geometries and for different crop types.

The results presented in this chapter show that in order to capture sub-seasonal,
daily and sub-daily dynamics in observed backscatter, we need to revisit the
assumptions made in radiative transfer models. In particular, we need to revisit
assumptions regarding parameters that are assumed to be constant for the growing
season. While this assumption may be sufficient to capture the overall seasonal
dynamics, it may not be sufficient to capture fine temporal variations associated
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with water status rather than biomass changes. The dynamics observed in SCR
and its influence on the total backscatter show that it is effectively controlling the
relative importance of the ground-affected contributions. It is physically plausible
that such a parameter would be directly related to vegetation water content which is
known to influence both scattering and extinction. Nonetheless, additional research
is recommended to explore this and other parameters used in the Tor Vergata model
and other models to represent the distribution of moisture within the vegetation.
The data presented by [23], for example, highlight that the vertical distribution is
non-uniform, and highly dynamic over a range of timescales. As the microwave
remote sensing community pays increasing attention to the use of radar (and
radiometry) data to study water status as well as biomass, it is essential to ensure
that models are parameterized in a way that allows us to account for the known
spatial (vertical and among constituents) and temporal variations in water content.
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6
THE INFLUENCE OF SURFACE

CANOPY WATER ON L-, C-, AND

X-BAND BACKSCATTER: A STUDY

COMBINING DETAILED In situ DATA

AND THE TOR VERGATA RADATIVE

TRANSFER MODEL

As explained in previous chapters, our current understanding of the impact of surface
canopy water (SCW) on total backscatter and the underlying mechanisms is limited.
To advance our understanding, we require a radiative transfer model capable of
simulating the effect of SCW on the radar signal. To this end, we employed the
radiative transfer model developed at Tor Vergata University.

In the previous chapter, we presented a calibration technique for this model,
facilitating its simulation of high temporal dynamics in backscatter data. However,
to explore the impact of surface canopy water (SCW) on backscatter across various
frequencies and polarizations, there was still a need to develop a model that could
accurately simulate the influence of SCW on radar backscatter.

In this chapter, the calibrated Tor Vergata model is used to simulate total backscatter
at L-, C-, and X-bands and to study the relative contributions of various scattering
mechanisms. In this chapter, we first compared simulations from the standard form of
the calibrated Tor Vergata model to L-band observations from the fully-polarimetric
UF-LARS tower-based scatterometer. Subsequently, we developed two additional
implementations of the Tor Vergata model to account for the effects of SCW and the
presence of water on the soil surface on radar backscatter. After comparing simulated
and observed backscatter for the full growing season at the L-band, we used the three
implementations to simulate backscatter at C- and X-bands for the same period.
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6.1. INTRODUCTION
Surface canopy water (SCW) refers to water present in the form of dew or
interception from irrigation or precipitation on the canopy surface. Several studies
have investigated the influence of the presence of water on the canopy surface. It
has been shown that the presence of SCW can play an important role in the recovery
of the water content in plants after heavy water loss, and that SCW can be an
important source of moisture for plants in arid areas during the dry season [65, 70].
Therefore, The information about the duration and amount of SCW can be valuable
to support crop management decisions such as the optimal scheduling of fungicide
applications.

In addition to the direct effect of SCW on hydrology and plant biology, SCW can
directly affect microwave observations and influence the retrieval and estimation of
e.g. soil moisture, vegetation optical depth (VOD), biophysical variables, canopy fuel
load, and crop classification [66–69, 75, 76, 102, 194].

Radar observations from agricultural land are highly sensitive to the dielectric
and structural properties of the crops and soil depending on system properties
(i.e. frequency, polarization, and incidence angle) [5, 6, 24, 139]. The presence of
SCW increases the water content, and hence dielectric constant of the crop, leading
to an increase in the observed backscatter [78, 79]. Several experimental studies
have been conducted using different radar configurations over different crop types
to understand the effect of SCW on radar data. However, the previous studies
could not explain the differences observed between polarizations because there was
limited understanding of how the presence surface canopy water affects the various
contributions to total backscatter.

The aim of this chapter is to investigate the effect of SCW on backscatter as
a function of frequency, polarization, and growth stage and to understand the
influence of SCW on the contributions to total backscatter. The radiative transfer
model developed at the Tor Vergata University is used to simulate the backscatter
response as a function of frequency and polarization. The standard form of the
Tor Vergata model does not consider the presence of SCW on leaves. Therefore,
two additional implementations of the Tor Vergata model are considered in this
chapter, whereby the standard model is adapted to account for the presence of
water on the surface of the vegetation and soil by adjusting the leaves’ internal
water content and soil moisture respectively. Simulations at L-band from the three
model implementations are first compared to the L-band observations from the
UF-LARS scatterometer. Then the three model implementations are used to simulate
backscatter at C- and X-band to explore the difference in sensitivity to SCW as a
function of frequency and polarization.

This chapter is based on:
Khabbazan, Saeed et al., "The Influence of Surface Canopy Water on L-, C-, and X-Band Backscatter:
A Study Combining Detailed In situ Data and the Tor Vergata Radative Transfer Model." Science of
Remote Sensing (2023): Under revision
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6.2. DATA AND METHODS

6.2.1. EXPERIMENTAL SITE

The data for this research were alos collected during a field campaign near Citra,
Florida during spring 2018. For detailed information regarding the Study site specific
to this part of the research, please refer to section 2.1 of this thesis.

6.2.2. FIELD MEASUREMENTS

SURFACE CANOPY WATER

For detailed information regarding the surface canopy water data specific to this part
of the research, please refer to section 2.3.3 of this thesis.

SOIL DATA

For detailed information regarding the soil data specific to this part of the research,
please refer to section 2.3.2 of this thesis.

VEGETATION DATA

For detailed information regarding the vegetation data specific to this part of the
research, please refer to section 2.3.4 of this thesis.

GROUND-BASED RADAR OBSERVATIONS

Radar backscatter was measured using the truck-mounted University of Florida
L-band Automated Radar System (UF-LARS) [106]. For detailed information regarding
the ground-based radar observations data specific to this part of the research, please
refer to section 2.3.4 of this thesis.

6.2.3. RADIATIVE TRANSFER MODEL

In this research, the two-layer model developed at the University of Rome, Tor
Vergata [85] specifically for corn was used, and is referred to as the “Tor Vergata
model" throughout. This model has been used in multiple studies for the simulation
of radar backscatter across various crop types and frequencies, ranging from P- to
X-band [18, 88–101]. The model has therefore been validated at the frequencies
(L-, C- and X-band) considered here. For instance, in the work of Della Vecchia
et al. [89], the model was used to simulate the scattering from corn during the
growing season for frequencies between 2.5 and 10.2 GHz for incidence angles
between 20 and 50 degrees, across all linear polarizations. This chapter, compared
model simulated data with experimental data collected by the Radio ScAtteroMeter
(RASAM). The findings indicated that the RMS error between the simulated and
actual data across five different frequencies ranged from 1.37 to 2.23 dB. In another
study, Della Vecchia et al. [98] employed the model for maize and wheat backscatter
simulation at C-band frequencies, comparing it with ground-based and ERS-2 data.
The model performance demonstrated RMSE of 1.44 and 0.96 dB when comparing
simulated and observed data in corn fields, and 1.78 and 2.23 dB in wheat fields.
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The RMS errors of less than 2 dB in previous studies demonstrate the model
performance matched observations, demonstrating its sensitivity to crop growth
across various frequencies. Vermunt et al. [119] employed the Tor Vergata model
to quantify the relative importance of soil and vegetation contributions to the total
L-band backscatter of maize and how this changes during the growing season. Note
that Vermunt et al. [119] used the same observations from UF LARS but did not
account for the influence of surface canopy water (SCW) or the presence of water
on top of the soil layer on backscatter or on the contributions to total backscatter.

This model is a discrete microwave scattering model based on radiative transfer
theory. The model simulates both scattering and extinction properties of vegetation
elements and of the underlying soil by applying the most appropriate electromagnetic
approximation, based on the scatterer shape and the wavelength. The corn field is
modeled as a homogeneous half-space with a rough interface, representing the soil,
overlaid by a single layer made up of the stems, leaves, and petioles (i.e. ribs). This
model does not consider ears because Della Vecchia et al. [98] found that including
ears has a limited effect on total simulated backscatter from corn (<0.3 dB).

For the soil layer, the scattering coefficient of soil is computed by means of
the original version of the Integral Equation Model (IEM) [188]. Input data for
this model comprises the soil permittivity that was computed using Mironov’s soil
dielectric model [186, 187], soil roughness parameter such as root mean square
(RMS) height (s), correlation length (l), and the exponential autocorrelation function.
Álvarez-Mozos et al. [112], Baghdadi et al. [113], and Baghdadi, Holah, and Zribi [114]
and others suggest calibrating the correlation length, selecting the value that yields
the minimum RMSE between observed and simulated backscatter for the measured
RMS height. This approach is generally a pragmatic solution to the difficulty in
measuring accurate correlation length in the field. However, we measured both RMS
height and correlation length (Section 2.2.2), and use the measured values directly
here.

For the vegetation layer, leaves are represented by dielectric discs and stems,
and ribs by dielectric cylinders. The permittivity of the vegetation constituents
is computed using the model of Matzler [195]. The discs are described by their
diameter and thickness while the cylinders are described by their diameter and
length. Long leaves are subdivided into several discs, with the diameter equal to the
leaf width. The orientation of leaves and ribs scatterers within the canopy layer was
arranged randomly assuming a uniform distribution.

To compute the scattering matrices and the extinction vector, different
approximations are used depending on the frequency. For frequencies up to 5 GHz,
the Rayleigh-Gans approximation [189] is used for both leaves and ribs (i.e. L-band).
For frequencies higher than 5 GHz, the Physical Optics approximation is used for
leaves and the infinite length approximation [190] is used for ribs (i.e. C- and
X-band). For stems, the infinite length approximation is used for all frequencies.
The model utilizes the matrix doubling algorithm [189] to combine contributions
from the various scatterers, and between vegetation and soil. This method allows
for the inclusion of multiple scattering effects of any order in the calculation of the
backscattering coefficient and it can separate contributions of different scatterers
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in the vegetation canopy. In the Tor Vergata model, the total backscatter has four
contributions:

æ0
tot al =æ

0
v +æ0

v g +æ0
db +æ

0
g (6.1)

where æ0
tot al is the total backscatter coefficient, æ0

v is the vegetation scattering (i.e.
volume scattering by the vegetation layer), æ0

v g is the vegetation-ground scattering
(i.e. multiple scattering effects due to interactions between the vegetation and
ground), æ0

db is the soil-stem double bounce specular reflection, and æ0
g is the

direct component solely from the soil surface attenuated by the canopy. In æ0
v g ,

multiple interactions between the plant elements, and between the plant elements
and the ground are considered, whereas in æ0

db , only the corner reflection between
the vertical stem and the ground is taken into account, as illustrated in Fig. 5.1.

A more detailed and comprehensive description of the model and its assumptions
can be found in [85]. A list of the input variables provided to the Tor Vergata
model is presented in Table 5.1. Moreover, the hourly values of vegetation geometry
measurements for the inpit of the model were obtained by linear interpolation and
is shown in Fig. B.6 in the Appendix-B. It should be noted that in this study the
sub-daily cycles of Mg were not considered, because of the laborious nature of
destructive sampling.

6.2.4. ACCOUNTING FOR SCW IN THE TOR VERGATA MODEL

The presence of SCW increases the amount of water present in the vegetation layer
above the soil. In reality, SCW consists of droplets of free water on the outside of
the leaves. It is not trivial to introduce this into a model because it would require
parameterization of the shape, size, and distribution of the water droplets and a
model to account for their behavior in an electric field. As a first approximation,
we account for the presence of water on the surface of the vegetation by adjusting
the internal gravimetric water content for the disc and small cylinders so that the
additional moisture due to SCW “appears" as extra leaf moisture. It implicitly
assumes that water on the surface of the leaf behaves in the same way as water
within the leaf, which may not be the case. Nonetheless, it at least includes the
additional moisture, and ensures that it is distributed within the canopy using the
canopy architecture. In the Tor Vergata model, the average gravimetric water content
(Mg ) of all corn leaves is used as an input parameter for the disc (leaf) and small
cylinders (ribs) gravimetric moisture to account for their internal water content. The
adjusted internal gravimetric water content (Mg+) for the disc and small cylinders is
calculated as follows:

Wf + =Wf +
SCW
Ωpl ant

(6.2)

Mg+ =
Wf +°Wd

Wf +
(6.3)

where Wf + is the combination of the fresh weight and the amount of SCW of corn
leaves (kg ) and the Wd is the dry weight of the corn leaves (kg ).
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Vermunt et al. [119] and [102] observed increases in radar backscatter during the
bare soil period that could not be explained by in situ soil moisture measurements
at 5cm but coincided with non-zero measurements of the SCW sensors. They argued
that these increases could be attributed to the presence of a thin layer of dew
visually observed on the soil surface. Here, we account for the effect of the presence
of dew on the soil surface by setting the soil moisture in the surface layer to the
measured saturated value for sandy soil (i.e. 0.37 m3 m°3) when the leaf wetness
sensor indicates the presence of water.

In the following analysis, we will consider three implementations to investigate the
effect of SCW on the vegetation and the soil surface:

(1) In the “VWC" scenario, the presence of SCW is not taken into account and the
measured Mg was used for disc and small cylinders. This corresponds to a standard
implementation of the Tor Vergata model.

(2) In the “V W C+" scenario, the internal water content is adjusted so that the
gravimetric water content used in the model is the (Mg+ ) calculated using Eq. 6.3.
In this scenario, the role of dew on the soil surface is not considered.

(3) In the “V W C+SM+" scenario, the internal water content is adjusted so that
the gravimetric water content used in the model is the Mg+ calculated using Eq. 6.3.
In addition, the surface soil layer is assumed to be saturated when the presence of
SCW is detected.

6.3. RESULTS AND DISCUSSIONS

6.3.1. FIELD MEASUREMENTS

HYDROMETEOROLOGICAL DATA

Fig. 6.1 shows the daily amount of irrigation and accumulated precipitation as well
as the time series of volumetric soil moisture. The early season (28 April - 15
May) was dry, therefore irrigation was conducted every 8 days, close to midnight to
minimize evaporation losses.

The mid-season (16 - 31 May) had frequent and heavy tropical rainfall with a
cumulative precipitation amount of around 215 mm.

The late season (1-13 June) was almost dry with few rain events, and a cumulative
precipitation amount of around 35 mm. A more detailed description of the
hydrometeorological data is provided by Khabbazan et al. [102] and Vermunt et al.
[119]

SCW DATA

Fig. 6.2 (a) illustrates that the average water mass (Mw ) deposited on the surface of
the three leaf wetness sensors (LWS) due to dew was approximately one-third of that
resulting from interception. In the early season, the water accumulation on the LWS
and canopy was primarily due to dew and interception from irrigation, whereas, in
the mid-season, it was predominantly from interception from frequent rain events.
In the late season, dew was the main source of wetness.
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Figure 6.1.: Time series of (a) daily irrigation amounts mm per day and cumulative
rainfall mm captured every 15 minutes by Florida Automated Weather
Network, (b) averaged volumetric soil moisture m3 m°3 from two pits at
5cm depth captured every 15 minutes.

The results from Fig. 6.2 (a) indicate variability in the water mass on the LWS
caused by dew events during the early season, highlighting both moderate and high
dew occurrences. For example, the dew event on 6 May was the heaviest of the
season, resulting in a water deposition of 125 g m°2 on the LWS, while the following
day event (7 May) led to only 20 g m°2. In case of the interception events, early
season irrigation resulted in lower water deposition on the LWS compared to the
precipitation events during the mid and late seasons.

Fig. 6.2 (b) displays a time series of the surface canopy water (SCW) on the corn
leaves, which is derived from the water mass data on the LWS (Fig. 6.2 (a)) by
applying equations 2 and 3. The results show that the amount of SCW increased
with biomass accumulation. During the early season, the SCW was relatively low for
both dew and interception events, approximately 0.04 and 0.09 kg m°2 respectively.
This increased up to 0.47 and 1.28 kg m°2 in the late season. Comparing results
from Fig. 6.2 (a) and (b) for the early season reveals that although the water mass on
the LWS exhibited significant variation due to dew and irrigation, the SCW remained
relatively consistent. This consistency in SCW can be attributed to the small size of
the corn leaves during this period. As the corn reached its maximum biomass in the
late season, the SCW increased by up to 10 times compared to the early season,
even though the water mass on the LWS remained almost similar throughout. These
results highlight the impact of biomass accumulation on the amount of water on top
of the canopy surface.

The frequency of the presence of SCW is shown in Fig. S2 (supplementary
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material). SCW was present on more than 80 % of days after midnight and on
more than 90 % of days after 3 AM until 10 AM. This is noteworthy because many
polar-orbiting, sun-synchronized satellites have an overpass during this period.

Figure 6.2.: Time series of (a) water mass (Mw ) deposited on the leaf wetness sensors
surface from dew and interception and (b) the amount of SCW on corn
leaves caused by dew or interception. Note: consider the magnitudes
involved are very different for dew (left axis) and interception (right axis)
events.

VEGETATION DATA

Crop development and internal water content dynamics during the whole season
are shown in Fig. 6.3. The corn leaves reached their maximum size around 25 May
when LAI reached its maximum value of 3.8. Before 25 May, the gravimetrci water
content of both stems and leaves were almost stable. Tassel emergence occurred
around 25 May, after which Mg of both stems and leaves decrease. A sharp decrease
is observed after 1 June. Ear formation results in a significant decrease in the Mg
of the stems. The hourly interpolated and the adjusted gravimetric water content of
the leaves (Mg ) calculated using Eq. 6.3 are also shown in this figure. Note, that the
adjusted gravimetric water content never exceeds 1.
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Figure 6.3.: Seasonal pattern of measured predawn gravimetric water content for
total plant and per constituents and measured LAI, in addition with
hourly interpolated gravimetric water content of stems and leaves and
the adjusted gravimetric water content of corn leaves using the SCW
amount (Mg+).

6.3.2. REPRESENTING THE EFFECT OF SCW IN THE TOR VERGATA

MODEL

Here, we compare the three implementations of the Tor Vergata model in terms
of their capacity to simulate total L-band backscatter. The results for these three
implementations at L-band for HH, VV, and XP polarizations are shown in Fig. 6.4,
6.5, and 6.6 respectively. Statistics describing the agreement between the model and
L-band observations are provided in Table 6.1.

Fig. 6.4 - 6.6 (a) show that, in all three implementations, there is poor agreement
between simulated and observed L-band backscatter during the bare soil and early
vegetative stage (before 15 May). However, the model performance improves during
the middle and late season (after 15 May) when the LAI is above 1.5. In Table 6.1,
the RMSE values are always higher for the period before 15 May than the period
after 15 May. This is primarily due to the performance of the IEM soil scattering
model during the bare soil and early season period. Even for dry data (days without
SCW), the IEM model does not capture the observed dynamics in radar backscatter
due to the change in surface soil moisture. In addition, in HH polarization (Fig. 6.4),
a significant bias occurs due to a well-documented challenge related to determining
the surface roughness [112], our treatment of which is discussed in Section 2.3, and
the presence of system noise in the first few days of this period in HH backscatter
[102, 194]. It worth mentioning that, in the UF-LARS scatterometer, all channels are
designed to be independent, which results in independent noise levels. During the
first few days of the season, up to May 8th, the power ratios at HH polarization
were closer to the noise floor compared to those at VV polarization. This noise
led to variability in the sigma nought data obtained post-calibration. Despite
extensive investigations, the primary reason for this noise remained undetermined
and unresolved. These HH data are plotted for completeness but are not used in

9



6

94
6. THE INFLUENCE OF SURFACE CANOPY WATER ON L-, C-, AND X-BAND

BACKSCATTER: A STUDY COMBINING DETAILED In situ DATA AND THE TOR VERGATA

RADATIVE TRANSFER MODEL

any quantitative analyses.
In all three polarization (Fig. 6.4 - 6.6 (a)), in the presence of SCW (wet data), even

when the surface layer is assumed to be fully saturated to represent the presence of
SCW, the IEM model underestimates the backscatter dynamics from bare soil. In
this period, the V W C+ implementation has a limited effect due to the small size
of the corn leaves. However, the V W C+SM+ implementation reduced the RMSE
considerably. This will be discussed in detail in Section 3.3.

In the absence of SCW (dry data) the RMSE and ubRMSE values after 15 May are
half of those obtained before 15 May. In addition, the bias is close to zero for dry
data after 15 May. This can be easily seen by comparing Fig. 6.4 - 6.6 (b) to Fig. 6.4
- 6.6 (c). These results show that the standard Tor Vergata model can simulate the
observed backscatter from corn in L-band, and in all polarizations (RMSE<0.85 dB)
at the mid and late season (LAI>1.5) in the absence of SCW.

For wet data, the performance of all three Tor Vergata model implementations is
better for the period after 15 May (mid to late season) compared with the period
before 15 May (early season). This can be seen by comparing Fig. 6.4 - 6.6 (d)
to Fig. 6.4 - 6.6 (e). Comparing the three implementations, the RMSE and bias
values after 15 May are always highest for the standard VWC implementation. The
reduction in RMSE, and particularly, bias values in the V W C+ implementation shows
that representing the observed SCW as additional internal water content of leaves
(Modeled V W C+) leads to some improvement in the agreement between modeled
and simulated L-band backscatter. However, the bias is still higher than that
observed for dry data, suggesting that there is considerable scope for improvement in
how SCW on the vegetation can be represented. The additional value of V W C+SM+

over V W C+ is limited after 15 May due to the limited sensitivity to the soil surface
under the fully grown canopy.

6.3.3. THE EFFECT OF DEW ON SOIL

Fig. 6.7 provides a detailed view of the period before 15 May when the soil is
transitioning from bare to light vegetation cover (LAI<1.5) for VV and XP pol. The
HH pol is not included here due to a significant bias between observed and modeled
data as a results of a well-documented challenge related to determining the surface
roughness [112] and also the presence of system noise in the first few days of this
period in this channel [102] as already explained in previous sections.

The gradual increase in the observed radar backscatter during this period is related
to crop growth (Fig. 6.3). The daily cycles superimposed on this upward trend
are due to dynamics in the soil moisture, internal vegetation water content, and
the presence of interception or dew. Midnight irrigation (indicated by the blue
background) led to a rapid increase of around 0.1 m3/m3 in soil moisture at 5
cm depth which resulted in an increase of more than 5 dB in backscatter in both
polarizations. On nights without irrigation, the accumulation of dew from midnight
until sunrise (periods indicated by grey background) led to a gradual increase in
backscatter of up to 2-3 dB, even though soil moisture (measured at 5 cm) was
decreasing. While the corn leaves are small during this period, this increase can be
related to the accumulation of dew on the soil surface as discussed by [102, 119].
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Table 6.1.: Comparison of modeled and observed backscatter per polarization, where
a distinction is made between early (before 15 May) and late (after 15
May) season, as well as between acquisitions obtained in the presence
(Wet data) and absence (Dry data) of SCW.

Modeled dataset conditions
Before 15 May After 15 May

Polarization Assesment parameter Dry data Wet data Dry data Wet data

VWC VWC V W C+ V W C+SM+ VWC VWC V W C+ V W C+SM+

RMSE 1.63 3.18 3.07 2.72 0.85 1.58 1.49 1.46
VV UbRMSE 1.62 2.4 2.38 2.71 0.85 1.06 1.49 1.46

Bias -0.17 2.09 1.93 -0.18 0.01 1.17 -0.05 -0.09

RMSE 4.24 3.84 3.96 3.06 0.78 1.14 1.05 1.05
HH UbRMSE 2.37 1.97 2.27 1.77 0.78 0.79 0.98 0.97

Bias 3.52 3.3 3.24 2.5 0.08 0.82 -0.37 -0.41

RMSE 1.34 1.84 2.27 2.51 0.73 1.94 1.29 1.25
XP UbRMSE 1.26 2.07 2.25 2.38 0.73 1.22 1.28 1.25

Bias 0.44 1.21 0.33 -0.8 -0.01 1.51 0.13 0.02

In VV, simulated backscatter from the VWC and V W C+ implementations are
virtually identical. With the exception of 9 and 11 May, the V W C+ results overlay
the VWC results completely. Due to the limited vegetation cover, the total VV
backscatter is primarily affected by the soil surface rather than the vegetation. Both
implementations simulate the increase in the observed backscatter due to crop
growth and biomass accumulation, and the variation in 5 cm soil moisture. But
neither captures the observed sub-daily dynamics. The RMSE from the VWC and
V W C+ implementations are 3.18 dB and 3.08 dB in VV. Part of the discrepancy is
due to the limitations of the IEM model discussed earlier. However, our working
hypothesis is that the failure to account for water on the soil surface explains the
lack of sub-daily dynamics. In VV, the V W C+SM+ implementation introduces a
steep change in backscatter as soon as any SCW is detected on the leaf wetness
sensor. The high values, during the dew and interception period, correspond to the
VV backscatter from saturated soil. The value increases from -12 dB on 28 April to
-9 dB on 12 May. While this introduces a response in backscatter at the right time, it
is too high for dew events before 4 May, and too low for interception events after 4
May. The V W C+SM+ leads to an increase in ubRMSE compared to V W C+ because
it has limited variability, but it results in a significant reduction in absolute bias.

In cross-pol, the sensitivity of total backscatter to even a small amount of
vegetation means that the VWC and V W C+ simulations can be distinguished during
most dew and interception events. The inclusion of additional moisture in the leaves
of these young crops is enough to increase backscatter and reduce the bias between
simulated and observed XP backscatter. However, even the increase in V W C+ is
not enough to explain the dynamics in backscatter during interception events from
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Figure 6.4.: The time series of observed backscatter and modeled backscatter for
the three implementations at L-band and HH polarization. Light blue
vertical lines indicate the presence of SCW during radar acquisition (a).
The scatter plot between the observed and modeled backscatter for data
when there was no SCW (dry data) for time periods before 15 May (bare
soil and early season) (b), and after 15 May (mid- to late season) (c).
The scatter plot between the observed and modeled backscatter for data
when the SCW was presented (wet data) for time periods before 15 May
(bare soil and early season) (d)and after 15 May (mid- to late season) (e).

4 May onwards. The effect of V W C+SM+ is most significant in the first few days
(before 4 May). Once the XP backscatter starts to increase due to plant growth,
the limited difference between V W C+ and V W C+SM+ suggests that the backscatter
is primarily sensitive to the vegetation rather than the soil. Again, it seems that
V W C+SM+ is too wet for dew in the first few days but not wet enough to capture
interception in the latter half of this period. Table 2 confirms that while there is an
increase in the random errors through the inclusion of the extra moisture, there is a
considerable reduction in bias in VV and XP using the V W C+SM+ model.

These results illustrate that for low vegetation cover before 15 May (LAI<1.5), the
presence of water on the soil surface during dew and interception events needs to be
accounted for. Setting surface soil moisture to saturation in the presence of dew or
interception is a pragmatic interim solution, but it provides a conservative estimate
of the effect of interception in these conditions. Furthermore, the agreement
between model and simulation is still not comparable to the agreement in the
absence of SCW. This suggests that there is considerable scope for improvement in
how the effect of dew on the soil surface could be represented in the model.
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Figure 6.5.: The time series of observed and modeled backscatter for the three
implementations at L-band and VV polarization. Light blue vertical lines
indicate the presence of SCW during radar acquisition (a). The scatter
plot between the observed and modeled backscatter for data when there
was no SCW (dry data) for time periods before 15 May (bare soil and
early season) (b), and after 15 May (mid- to late season) (c). The scatter
plot between the observed and modeled backscatter for data when the
SCW was presented (wet data) for time periods before 15 May (bare soil
and early season) (d)and after 15 May (mid- to late season) (e).

6.3.4. EFFECT OF SCW ON SCATTERING MECHANISMS

Fig. 6.8 shows the simulated total backscatter as well as the contributions from
each scattering mechanism for the three Tor Vergata model implementations at
L-band. The (standard) VWC implementation (Fig. 6.8 left column) shows that the
co-polarized backscatter was dominated by ground scattering until 4 May. From 4
to 15 May, increasing biomass resulted in attenuation of ground scattering and an
increase in vegetation scattering, double bounce, and vegetation-ground scattering.
After 15 May, when LAI > 1.5, the simulated backscatter is dominated by vegetation
scattering with the double bounce term providing the second largest contribution.
During this period, the contributions of ground, and vegetation-ground scattering
were negligible in VV-pol (Fig. 6.8 (a)), while in HH-pol (Fig. 6.8 (b)) they had some
limited effect. In cross-polarization (Fig. 6.8 (g)), ground scattering was dominant
until 29 April. From 29 April (one week after crop emergence) onward, vegetation
scattering dominated.

The inclusion of additional internal water in the V W C+ implementation (Fig. 6.8
middle column), mainly has an effect after 15 May. The presence of SCW led to an
increase in the total backscatter in all polarizations mainly due to the increase in the
vegetation scattering term. The SCW also slightly increases the vegetation-ground
scattering while it reduces the double bounce and ground scattering contributions to
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Figure 6.6.: The time series of observed backscatter and modeled backscatter for the
three implementations at L-band and cross-polarization (XP). Light blue
vertical lines indicate the presence of SCW during radar acquisition (a).
The scatter plot between the observed and modeled backscatter for data
when there was no SCW (dry data) for time periods of before 15 May
(bare soil and early season) (b), and after 15 May (mid- to late season)
(c). The scatter plot between the observed and modeled backscatter for
data when the SCW was presented (wet data) for time periods before
15 May (bare soil and early season) (d)and after 15 May (mid- to late
season) (e).

close to -40 dB in all polarizations. This illustrates that the presence of SCW affects
penetration through the canopy layer, consistent with previous studies [102, 184].

Accounting for water on the soil surface using the V W C+SM+ implementation
during the dew and interception events (Fig. 6.8 right column) leads to an increase
in all contributions except the vegetation scattering term before 15 May. This is
mainly due to an increase in ground scattering and vegetation-ground scattering.
After 15 May, the combined effect of SCW and dew on the soil surface led to a
decrease in double bounce and ground scattering. Comparing the rows in Fig. 6.8,
it is clear that the impact on total backscatter varies somewhat with polarization,
depending on the relative importance of the vegetation and ground scattering.

In the case of higher frequencies of C and X bands, the effect of SCW and
dew accumulation on the soil surface on the total simulated backsactter was first
investigated. Fig. 6.9 shows the total simulated backscatter in C- and X-band for the
three Tor Vergata model implementations. In the (standard) VWC implementation
(green), backscatter increases in both frequencies and all polarizations until 15 May.
This is due to crop growth. The magnitude of the increase is higher in cross-pol
than co-pol in both C- and X-band due to higher sensitivity of the cross-pol data
to biomass. After 15 May, the total modeled backscatter decreases gradually. The
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Figure 6.7.: Time series of observed backscatter and modeled backscatter for three
implementations in (a) VV-polarization and (b) cross-polarized (XP). The
vertical gray and blue lines indicate the presence of dew and interception
during the radar acquisition respectively. (c) averaged volumetric soil
moisture (m3 m°3) profile at 5 cm, and SCW (dew/interception) amount
(kg m°2) for 15 days during the early season.

magnitude of the decrease is around 1.3 dB in co-polarized C-band, and it is around
0.5 dB in cross-polarized C-band and all X-band polarizations. Comparing the
V W C+ (blue) to the VWC implementation (green), the presence of SCW only has
an effect after 15 May, and in general it has more of an effect in C-band than in
X-band. Results for V W C+SM+ implementation show that considering the saturated
soil level to represent the effect of dew on the soil surface highly affects the signal.
This effect was highest on 28 April and its magnitude reduces by increasing biomass.
In contrast, the V W C+SM+ has a significant effect, up to 3 dB, at the start of the
season. The difference between V W C+SM+ and the standard VWC implementation
decreases as biomass increases due to the loss of sensitivity to the surface. The two
are virtually identical by 19 May.

Recall from Fig. 6.7 that the V W C+SM+ implementation tended to overestimate
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Figure 6.8.: Tor Vergata model simulations and observed backscatter in L-band
for three polarization combinations and three implementations. Each
column shows results for one implementation in VV, HH, and XP
polarization from top to bottom. The gray background indicates period
when no SCW was installed.

co-polarized backscatter during dew events, and underestimated during interception
events, while providing reasonable estimates for both in cross-polarized backscatter.
Therefore, we should consider the co-polarized backscatter in Fig. 6.9 as an upper
limit for dew events and a lower limit for interception. Results from cross-polarized
backscatter suggest that the total C- and X-band backscatter may vary by up to 3dB
in the early season due to the presence of water on the soil.

Fig. 6.10 shows the contributions to C-band backscatter for each of the three
Tor Vergata model implementations. In the VWC implementation (Fig. 6.10 left
column) ground scattering dominates at the start of the season. However, vegetation
scattering and vegetation-ground scattering increase in all polarizations as soon as
the crop emerges on 22 April. By 5 May, vegetation scattering dominates, closely
followed by vegetation-ground scattering. Double-bounce scattering has some
seasonal variation in HH and VV but is low throughout the season and makes no
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Figure 6.9.: Total simulated backscatter using Tor Vergata model for three implemen-
tations in C- and X-band and three polarization combinations for 20
days during the bare soil and early season.

contribution to cross-polarized backscatter at all.

Comparing the V W C+ implementation (Fig. 6.10 middle column) to the standard
VWC implementation (left column), it is clear that the observed increase in total
backscatter after 15 May comes from the effect of SCW on vegetation scattering.
While SCW also has an effect on the vegetation-ground, and ground scattering, their
contribution to total backscatter is not significant enough to have any impact.

When water on the soil surface is also included (Fig. 6.10 right column), it leads
to transient increases in the ground scattering, vegetation-ground scattering, and
double-bounce. The combination of the first two combine in the period prior to
15 May to produce the increase in total backscatter. As the vegetation scattering
increases, reducing the importance of these two terms, the effect of the water on the
soil also becomes less important.

Similar results were observed in X-band ((Fig. 6.11)). The main difference is
that the double-bounce term is -40 dB throughout the season in X-band, compared
to peak values of -30 dB in co-polarized C-band backscatter. The effect on total
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Figure 6.10.: Tor Vergata model simulations in C-band for three polarization
combinations and three implementations. Each column shows results
for one implementation in VV, HH, and XP polarization from top to
bottom. The gray background indicates period when no SCW was
installed.

backscatter is negligible though because in both frequencies, the total backscatter
is dominated by ground and vegetation-ground scattering in the early season, and
then vegetation scattering after 15 May.

6.3.5. THE EFFECT OF SCW ALONE ON BACKSCATTER AT L-, C-, AND

X-BAND

In previous sections, the agreement between observations and simulations of
the three implementations at L-band, as well as the contribution of scattering
mechanisms was investigated. However, these simulations considered the combined
effect of several factors simultaneously: change in internal vegetation water content
caused by plant growth and diurnal cycle, soil moisture, SCW (modeled by adding
the amount of SCW as internal water content of corn leaves, denoted as Mg+), and
dew on the soil surface (modeled by considering saturated soil moisture). It is
important to clarify that the increase in the internal water content of corn leaves
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Figure 6.11.: Tor Vergata model simulations in X-band for three polarization
combinations and three implementations. Each column shows results
for one implementation in VV, HH, and XP polarization from top to
bottom. The gray background indicates period when no SCW was
installed.

(Mg+) in our simulations was solely to mimic the impact of SCW. This simulated
increase should not be not be mistaken as an actual change in the internal water
content of corn leaves. Therefore, to understand the influence of SCW alone, we
need to compare observations where the only change is in SCW, while the change in
soil moisture and internal vegetation water content is minimal.

Therefore, we will compare backscatter values for times at which we can be sure
that the difference is only due to the presence and absense of SCW. Observations at
6 AM are used as representative of the presence of SCW, as this time coincides with
the maximum SCW amount. It is also pre-sunrise, so the internal water content is at
a maximum. [23] found that the VWC in corn can reach its maximum value around
10 PM, stay constant until 7 AM of the next day after which it can start to decrease.

To choose data for the absence of SCW or moisture on the soil surface, two times
were considered: 10 PM on the previous day or 9 or 10 AM on the same day.

When morning SCW is due to solely to dew, the change in backscatter from 10
PM to 6 AM of the next day is only related to the accumulation of dew while the
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VWC can be considered constant and the change in 5cm soil moisture negligible
(Fig. 6.13 (c)). As shown in Fig. 2 (b), irrigation was applied on several dates,
generally at night. During these interception events, the 5cm soil moisture changed
considerably between 10 PM and 6 AM, having a significant effect on backscatter
between these two times. Therefore, for interception events, the first acquisition
after 9 AM was used as the observation without SCW to ensure that these are the
first acquisitions after the SCW has fully dissipated. The soil moisture data in Fig.
6.13 (c) show that the 5cm soil moisture variations between 6 AM and 9 AM are
negligible. Therefore the backscatter dynamics in Fig. 6.13 and 6.14 can mainly be
attributed to the presence of water on the vegetation and soil alone. Since VWC may
decrease between 6 AM and the first acquisition after 9 AM [23], the ¢æ value due
to SCW may be slightly lower than the values reported in these figures. Fig. 6.12
shows the amount of ¢SCW on top of the corn leaves which is a difference in SCW
amount over corn leaves between 6 AM and 10 PM of the day before for dew events
and between early morning (6 AM) and late morning (after 9 AM) for interception
events. The time series shows only days when the SCW amount on the acquisition
of 10 PM or late morning was zero.

Fig. 6.13 shows ¢æ, the difference between backscatter acquired during the
presence and absence of SCW or moisture on the soil surface. Extracting the ¢æ
allows us to focus on the ability of the model to capture the ¢æ rather than the
absolute value of æ. Fig. 6.13 shows that there are strong variations in ¢æ during
the season.

Figure 6.12.: Time series of difference in surface canopy water amount kg m°2 on
top of corn leaves between 6 AM and 10 PM of a day before for
dew events and between 6 AM and late morning (after 9 AM) for
interception events.. The ¢SCW was calculated only for days when the
SCW amount on the acquisition of 10 PM or late morning was zero.

Fig. 6.13 shows that the ¢æ values from the standard (VWC) model implementation
are close to zero and that this implementation does not capture the observed ¢æ
values in L-band. For the period before 15 May, the V W C+ implementation does
not capture the ¢æ values in the observed VV or HH backscatter (Fig. 6.13 (a)
and (b)). In VV, the V W C+ implementation is indistinguishable from the VWC
implementation due to the lack of sensitivity to vegetation in the bare soil and
early vegetative stages. This could be related to the fact that considering only
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Figure 6.13.: Time series of difference in early morning observed and modeled
backscatter for three implementations from wet and dry vegetation (¢æ)
in L-band and for (a) VV polarization, (b) HH polarization, and (C)
cross-polarization (XP). The difference is calculated between 6 AM and
10 PM of a day before for dew events and between 6 AM and late
morning (after 9 AM) for interception events. The difference in 5cm soil
moisture values for the wet and dry canopy is shown in (c).

the water on the leaves mostly affects the direct vegetation term which is small
at this time. Allowing for wet stems may lead to an increase vegetation-ground
interaction. V W C+ introduces some dynamics in ¢æ in HH, but it does not improve
the estimate. Recall, however, that the characterization of roughness in IEM in
HH-polarization resulted in poor simulations during this time. In XP, the V W C+

implementation improves the simulated ¢æ.
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Recall from Fig. 6.7 (a) that for the period before 15 May, the dynamic range
of the model for V W C+SM+ implementation was limited resulting in a maximum
æ value (i.e. red data) higher than that observed during dew events but lower
than observed during interception. However, in Fig. 6.13 (a) the ¢æ estimated
for V W C+SM+ implementation during interception events (May 4 to May 15)
from the models agrees well with the observed ¢æ. Moreover, the V W C+SM+

implementation produces a larger ¢æ during dew events (squares) compared to
interception events (triangles) for this period, while the observed data shows that
the ¢æ from interception is not always lower than those of the dew. This can be
related to the fact that the dew on the soil surface does not penetrate to 5 cm
depth. Therefore assuming the saturated soil moisture at 5 cm depth to model the
effect of dew on the soil surface can cause an overestimation of the isolated effect
of dew compared to interception, which can be an indication that dew on the soil
surface is not represented in an optimal way. In XP, Fig. 6.13 (c) shows that the
V W C+ implementation could model the ¢æ from SCW and moisture on the soil
surface before 15 May better than V W C+SM+ implementation, while results in Fig.
6.7 showed the V W C+SM+ implementation better captured the absolute values of
the æ than V W C+ implementation.

For the period after 15 May, sensitivity to the soil surface is limited and the total
backscatter is dominated by the vegetation scattering (Fig. 6.8), so the ¢æ estimated
using the V W C+ and V W C+SM+ implementations are virtually identical. Between
15 May and 1 June, the ¢æ from both implementations is higher than observed.
Recalling Fig. 6.5 to 6.6, this is during the high biomass period (LAI>1.5) which was
also very wet. The observed æ was close to saturation, however, the model V W C+

and V W C+SM+ could still increase in the presence of SCW. After 1 June, results
show that both implementations simulate the observed ¢æ with higher accuracy
except for the last two dates. The overestimation on these two dates could be related
to the fact that the corn reached its maximum biomass after 25 May and the amount
of SCW was very high on those dates (Fig. 6.12).

Fig. 6.14 shows simulated ¢æ at L-, C-, and X-band using the V W C+ and the
V W C+SM+ implementations. Comparing the results in Fig. 6.14 left columns, it
is clear that the magnitude of the difference due to water on the canopy varies
considerably by frequency. The modelde ¢æ can reach up to around 2.5 dB in
L-band compared to 0.6 dB in C- and X-band. It should be noted that although the
simulations in Fig. 6.13 could not capture ¢æ dynamics perfectly, the simulations
approximate the maximum and average magnitude of the change in ¢æ during the
season. During the interception events in the middle of the season, the ¢æ values at
C-band in various polarizations are comparable in magnitude. In X-band, the ¢æ in
XP is larger than that in co-polarized backscatter. Results also show that the effect of
water on the vegetation is lower during the early season (especially in co-polarized
channels) and reaches its maximum during the mid and high season as crop reaches
its maximum biomass.

Fig. 6.15 shows the relationship between ¢SCW and the modeled ¢æ in L-, C-,
and X-band from the V W C+ implementation. The Pearson correlation coefficients
are relatively high for all frequencies and polarizations. Fig. 6.15 highlights the
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Figure 6.14.: Time series of difference in early morning simulated total backscatter
from wet and dry vegetation (¢æ) for three polarizations and L-, C-, and
X-band for V W C+ implementation is shown in the left columns and for
V W C+SM+ implementation is shown in the right columns. Each row
shows the results for one band.

contrast between frequencies in terms of sensitivity, and shows that the relationship
between ¢SCW and ¢æ evolves with VWC as the contribution of direct scattering
to total backscatter changes. The highest amount of SCW on 22 May (0.52 kg
m°2), caused by the heaviest rain event during the growing season (Fig. 6.1 (a)
and (b)), resulted in a peak on ¢æ at L-, C-, and X-band (Fig. 6.14 left columns).
The reduction in the amount of ¢SCW from 22 May until 4 June resulted in the
reduction in modeled ¢æ in all polarization at 3 bands. The rapid increase in ¢SCW
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between 6 and 11 June happened due to the heavy rain event on 7 June and heavy
dew event on 10 June. It should be noted that based on the L-band data from Fig.
6.13, the ¢æ in this period could also overestimate the effect of dew on C- and
X-band. In X-band, the effect of SCW was highest in XP polarization which can be
explained by the scattering mechanisms. However, in this research due to the lack
of experimental evidence on higher frequencies, the scattering mechanism was not
investigated.

Figure 6.15.: The relationship between ¢æ (V W C+ implementation) and the ¢SCW
for three polarizations and L-, C-, X-band is shown. The color for each
data point shows the amount of VWC for the 6 AM acquisition. Pearson
correlation coefficients are shown in the bottom right of each plot.

Fig 6.14 (b) shows that in L-band, the effect of water on the soil surface at the
early season is as significant as the effect of water on the vegetation later in the
season and both cases can affect the signal around 2.5-3.5 dB. However, in C- and
X-band (Fig 6.14 (d) and (f)), accounting for the effect of dew on the soil surface
during the bare soil and early vegetative stage could have a stronger effect than the
presence of SCW during the mid and late season. Simulation results suggest that
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dew on the soil surface during the bare soil and early season could affect the radar
signal in C- and X-band for up to 3 dB, while the effect of SCW during the mid and
late season can only affect the simulated signal for up to 0.6 dB. However, due to a
lack of experimental evidence on these frequencies, further investigation is required
to be able to make a firm conclusion.

The simulation results suggest that the water on the canopy could have a limited
impact in C- and X-band but that water on the soil surface at the beginning of the
season could have a comparatively large effect. Results in Fig 6.14 (d) and (f) also
suggest that the effect of dew on the soil surface mostly decreases with the increase
in crop biomass. The reduction in the sensitivity of backscatter to water on the
soil surface diminishes earlier at higher frequencies. This finding is very relevant
for applications such as soil moisture estimation over bare soil or sparsely-vegetated
areas when the combined data from ascending and descending overpasses would
be used at C- and X-band. If data from ascending and descending overpasses are
combined without considering the effect of the presence of dew on the soil surface,
it could lead to spurious soil moisture values.

6.4. CONCLUSIONS
The goal of this study was to improve our understanding of the influence of
surface canopy water (SCW) on radar backscatter as a function of frequency and
polarization. Observations were available from the UF LARS tower-based radar at
L-band. In a previous study, these data had been analyzed against continuous leaf
wetness sensor, soil moisture and crop geometry data to quantify the impact of SCW
on observed L-band backscatter. Here, the L-band observations were compared to
three implementations of the Tor Vergata model in which we attempted to account
for the presence of SCW by increasing the vegetation and soil moisture contents.
These L-band simulations provide insight into the contributions to total backscatter
and how they may be affected by the presence of SCW. In addition, simulations with
the same model at C- and X-band were used to explore the potential impact of SCW
at higher frequencies.

The standard implementation of the Tor Vergata model accounts for internal
vegetation water content, but does not explicitly consider the presence of SCW. One
approach to account for the additional water present due to dew or interception
would be to allow for a "cloud" of water droplets throughout the vegetation layer
or specifically the leaf layer. However, SCW within the vegetation layer due to dew
or interception is primarily concentrated on the leaves and so the additional water
should be located at the leaves. Therefore, we accounted for the additional water
present of SCW on the vegetation by augmenting the VWC, so that the additional
water present as dew or interception is spatially distributed within the dielectric
medium according to the geometry and architecture of the vegetation. In other
words, the structural representation of the scatterers is the same, but they are wetter.
Results at L-band show that this implementation (V W C+) improved the agreement
between simulated and observed backscatter particularly when total backscatter was
dominated by the impact of vegetation. However, while the bias was considerably
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reduced, the agreement between model simulations and observations was far from
perfect. Further improvements are necessary and could include, for example, the
addition of a thin layer of droplets on the surface of the leaves. This would ensure
that the spatial distribution was consistent with that of the vegetation elements,
while representing the additional water as “free" water on the leaf surface.

Agreement between the V W C+ simulations and the L-band observations was
comparatively poor during the bare soil and early vegetative stages. We hypothesized
that this could be due to the presence of dew, in the form of water on top of
the soil layer. We investigated if the effect on backscatter could be emulated by
assuming the surface soil layer was saturated if the leaf wetness sensor indicated
the presence of moisture on the field. This improved the agreement between the
modeled and observed backscatter during the bare soil and early vegetative stages
somewhat. However, the remaining mismatch suggests that this approach is less
than optimal and should be improved. In past studies, the inclusion of a litter
layer has proved beneficial in the simulation of emission and scattering from forest
areas [196, 197]. So, one option could be to represent dew as a thin saturated litter
layer. Alternatively, it may be physically more plausible to include an additional thin
layer of water droplets on the surface above the soil when the leaf wetness sensors
indicate the presence of moisture. Nonetheless, the comparison of simulated and
observed L-band backscatter suggests that while there is scope for improvement,
the V W C+SM+ implementation provides better agreement with observations than
the standard (VWC) or V W C+ implementations. It provides some insight into the
importance of water on the soil surface during the bare and early growing stages.

Analysis of the contributions of the various scattering mechanisms at L-band
shows that including the SCW as additional internal water content of leaves, in
general, led to an increase in vegetation volume contribution and a reduction in
the contribution from double bounce and direct scattering from the ground in all
bands. This finding is consistent with Riedel et al. [82] and Riedel and Schmullius
[83], who also observed an increase in volume scattering and a decrease in surface
and double-bounce scattering based on use of the target decomposition theorem at
L-band in the presence of SCW. Assuming a saturated surface soil layer to model the
effect of dew on the soil surface has a significant effect on the scattering mechanisms
during the bare soil and early season. This generally led to an increase in all
contributions except the vegetation volume contribution. The influence of surface
soil moisture or water at the soil surface is less important when the vegetation
starts to dominate the total backscatter. Therefore, accounting for water on the
soil surface is primarily important during the bare soil and early vegetative stages
at L-band. While Wood et al. [75] also found that the presence of dew increases
radar backscatter during dawn acquisitions, our study is the first to highlight the
importance of considering the presence of dew on the soil surface at the beginning
of the season for all frequencies, particularly for applications involving bare soil and
low vegetation cover.

The TV model was also used to simulate backscatter at higher frequencies,
to explore the potential sensitivity as a function of frequency and polarizations.
Simulated results of ¢æ due solely to SCW on backscatter were always low during
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the early season and reached a maximum during the mid and late season. This
effect varied with polarization and frequencies, with simulations suggesting that
the impact of SCW alone on backscatter could reach up to 2.5 dB in L-band and
up to 0.7 dB in C- and X-band. This is in contrast to the findings of Gillespie
et al. [79], who observed a higher increase in radar backscatter at C-band than at
L-band during dew events. However, the different conclusions may be due to the
difference in crop type (wheat versus corn). Additionally, our findings differ from
those reported by Riedel et al. [82] and Riedel and Schmullius [83], who observed
no significant influence from dew events on VV-pol at L-band and X-band. While
they studied a similar crop type as this study (corn), the different conclusions may
be related to their comparatively sparse dataset (using data from 2 days and 3 times
of the day: 6 AM, 9 AM, and 12 PM). They also used indirect measures, such as
microclimatological data, to infer the presence of SCW. Again, while previous studies
such as those by Herold, Pathe, and Schmullius [81], Riedel et al. [82] and Riedel
and Schmullius [83] suggested a more pronounced effect at C-band and minimal
impact at X-band, our finding indicate similar effect at both C- and X-band. Thee
studies also relied on sparse datasets and the indirect measurements of interception.
In contrast, our study could avail of high temporal resolution radar data combined
with direct, continuous measurements of the SCW amount from leaf wetness sensors
throughout the entire growing season.

Our results highlight a significant impact from SCW at L-band and a lower, but
noticeable, effect at C- and X-band. This finding emphasizes the importance of
considering SCW in low frequency data, in agreement with the findings of Wood
et al. [75]. The divergence among previous studies underscores the complexities
inherent in understanding the impact of SCW on radar observables.

Our finding suggests that considering the effect of SCW on the different
applications is more important for lower frequency data. This is relevant for current
SAR missions such as SAOCOM, and ALOS as well as future SAR missions, like
NISAR and ROSE-L. Simulations showed that the isolated effect of dew on the soil
surface during the early season on backscatter could reach up to 3.8 dB in all bands.
These results suggest that while the presence of SCW has a limited impact at C-
and X-band, the presence of dew on the soil surface at the beginning of the season
should be considered during bare soil and low vegetation cover for all frequencies.

This study provides new insights into the effect of SCW on radar backscatter
and various contribution to total backscatter. While the overall uncertainty of the
UF-LARS was approximately 1.49 dB [107], the maximum impact of changes in soil
moisture and the dynamic range in backscatter due to crop growth at L-band was
around 5 dB and 10 dB, respectively. For comparison, the effect of SCW alone can
reach up to 2.5 dB in L-band. In C- and X-band, modeling results indicate that the
maximum effect of soil moisture during bare soil periods was around 2 dB, while the
dynamic range in backscatter due to crop growth was approximately 2.7 dB in co-pol
and 5 dB in cross-pol. For comparison, simulations suggest that the influence of
SCW could reach up to 0.7 dB. Therefore, both observations and model simulations
suggest that the presence of dew and intercepted precipitation is significant at
microwave frequencies, warranting attention in the context of upcoming radar
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missions such as Sentinel-1 NG, ROSE-L, and NISAR. In addition, this sensitivity of
sub-daily SAR data to water on the canopy suggests that future sub-daily SAR data
could be valuable in understanding the influence of interception on evaporation
and evaporation partitioning. This is relevant in the context of Cosmo SkyMed,
TerraSAR-X and TanDEM-X and data from commercial constellations such as those
from Capella Space and ICEYE.

To our knowledge, this is the first study to consider the influence of dew on soil
on backscatter which can have a particularly significant effect on backscatter during
the early season. Measuring this quantity directly is challenging because, while some
soil moisture sensors like Hydra Probes have large measurement volumes of around
30-40 cm3, most sensors designed for more localized soil moisture measurements
such as EM-5 sensors need to be buried beneath the surface and typically measure
a volume extending a few centimeters around the sensor. While the leaf wetness
sensors could apparently detect the events, additional research is recommended
to explore the potential to observe this more deliberately during field experiments
using COTS sensors and providing a more direct method to quantify the amount of
water on the soil surface.

Our exploration of C- and X-band is limited to model simulations due to the lack
of observational data at these frequencies. Recall from Section 2.3 that the Tor
Vergata model has been validated extensively at C- and X-band as well as L-band.
The use of the UF LARS L-band data demonstrates the value and importance
of tower-based radar experiments to improve our understanding of microwave
interactions with vegetation and to guide model development to support future
applications and exploitation of future satellite missions. Our simulated results
provide valuable insights, but higher frequency observational data are essential to
make these conclusions definitive. In addition, further ground-based studies and
modeling experiments are recommended to extend the conclusions drawn here to
a wider range of land cover types. In addition, this study highlights the need to
develop realistic representations of dew and interception on the vegetation and soil
surfaces in EM models. With the number of radar satellites, and novel applications
of their data on the rise, these model developments are urgently needed to enable
the use of SAR to model rapid water processes in the soil-vegetation-atmosphere
continuum.

Finally, the impact of SCW extends beyond radar backscatter, influencing
parameters like differential interferometry, phase differences, polarimetry, and
interferometric coherence. Studies such as the TROPISCAT Expriment over tropical
dense forests [198–201], and studies using the BorealScat on boreal forest areas
[202–204] have explored the effect of SCW on interferometric coherence, particularly
how rain and wind cause temporal decorrelation in tropical and boreal forests. Yet,
the impact of dew accumulation, especially heavy dew, on interferometric coherence
in temperate agricultural regions remains unclear. Future research should further
investigate SCW effects using polarimetry, interferometry and backscatter across a
range of cover types.
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CONCLUSION

This dissertation aimed to expand our knowledge of the relationship between
radar backscatter, vegetation dynamics, and surface canopy water (SCW) in
agricultural monitoring, focusing on a range of frequencies and polarization. The
research employed statistical analysis and radiative transfer modeling, utilizing fully
polarimetric L-band data from a truck-mounted scatterometer and C-band data from
Sentinel-1, along with extensive field data. The findings of this thesis have significant
implications for current and future SAR missions and contribute to our understanding
of how radar backscatter interacts with vegetation and soil. The results underscore the
importance of the impact that daily patterns in surface canopy water can have on
radar backscatter, and highlight the implications on agricultural monitoring.
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7.1. KNOWLEDGE GENERATED AND IMPLICATIONS

7.1.1. CROP MONITORING USING SENTINEL-1 SAR DATA

In line with studies by [13] and [45], the case study in the Flevopolder (Chapter3)
highlights the significant potential of Sentinel-1 SAR backscatter and interferometric
coherence for crop monitoring and the identification of key phenological stages such
as crop emergence, closure, and harvest date. The findings illustrate that the SAR
data can be used to ensure the real-time, reliable and continuous information on
crop growth and development.

The results confirm that the cross-ratio (CR) of VH/VV proposed in previous
research [13, 45] is valuable, with reduced sensitivity to soil moisture and stronger
sensitive to changes in crop structure and biomass throughout the season than
backscatter (in any polarization) alone. Key dates such as emergence and closure
were successfully estimated using polynomial fitting on backscatter time series.

For harvest detection, backscatter data proves highly effective with crops such as
maize and wheat. These crops generally exhibit short and swift harvest periods,
often falling within a few weeks (e.g., between 2-3 Sentinel-1 acquisitions). This
results in a consistent change in the areal average backscatter values, enabling more
straightforward detection.

In contrast, the detection of harvest dates for crops like sugar beet and potato
proves more challenging. While harvest in an individual potato or sugar beet field
can be short and swift, the areal average values can be inconsistent. Potatoes and
sugar beets can be left in the ground, leading to a varied harvest date for individual
fields within a few months, resulting in no singular change in the areal average.
Additionally, the process of haulming (killing the above-ground plant) prior to potato
harvest and the senescence of sugar beets before harvest introduce complexities. In
potatoes, several changes occur in a matter of weeks rather than a sudden change,
as seen in crops like wheat. In sugar beets, the influence of above-ground biomass
on backscatter around harvest time is limited due to senescence, with the main
change being in surface roughness. Therefore, detecting harvest dates for these
crops often requires the use of coherence data, taking into account the variations
and particularities of their harvest processes.

The potential of interferometric coherence combined with the high temporal
density of Sentinel-1 data, presents a promising path forward in agricultural
monitoring practices. This research was among the earliest to leverage coherence
data for detecting harvest times across diverse crops. Many subsequent studies have
used coherence data both independently and in combination with backscatter data,
to detect crucial dates in agricultural practices such as tillage, sowing, and harvesting.
For example, Satalino et al. [206] developed a new classification algorithm using
Sentinel-1 (SAR) and Sentinel-2 (optical) data to identify tillage over agricultural
fields at a resolution of approximately 100 meter at the farm scale. In the same
year, Van Tricht et al. [61] used both optical and SAR backscatter data to create a
comprehensive crop map for Belgium.

Kavats et al. [207] proposed an algorithm to monitor harvesting events using time
series of Sentinel-1 coherence and backscatter data on agricultural fields in northern
Kazakhstan. Azzari et al. [208] combined Sentinel-1 and optical data (Landsat
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5,7,8) with a random forest classifier to generate expansive maps of tillage intensity
from 2005 to 2016. Ouaadi et al. [209] used the time series of the Sentinel-1
backscatter and the interferometric coherence to monitor the wheat across five
growing seasons. Shang et al. [210], then developed a simple, yet effective algorithm
using a set of physically-based rules for detecting crop seeding and harvest events
using the Sentinel-1 data. [60] utilized both coherence and backscatter time series
of Sentinel-1 data to detect the phenological stages of maize, sunflower, and wheat,
finding a strong correlation between sowing, growth, and harvesting stages and radar
coherence. Tampuu et al. [211] employed Sentinel-1 temporal median coherence
data to detect harvest-related surface alterations over milled peats. Their use of
the change detection method led to the detection of active peat extraction sites,
peat extraction events, and partially harvested areas. Amherdt et al. [63] used both
coherence and backscatter time series of Sentinel-1 data to apply a crop classification
and a harvest date detection algorithm for corn and soybean fields. They discovered
that changes in coherence data could be intrinsically linked to changes in the
phenological stage of plants (from seeding to harvesting), alterations in surface
structure induced by harvest operations, and the appearance of post-harvest crop
stubble. More recently, Villarroya-Carpio, Lopez-Sanchez, and Engdahl [212] analyzed
Sentinel-1 interferometric coherence data for crop monitoring in Sevilla, Spain,
showcasing its high correlation with the NDVI and its efficiency in tracking crop
growth stages across multiple crop species. The research, importantly, indicated that
both coherence and backscattering data, derived directly from radar images, could
be utilized for agricultural monitoring purposes since their temporal evolution fits
well the main phenological stages of the different crops.

This trajectory of research underscores the increasing relevance and utility of
coherence and backscatter data in agricultural monitoring, improving our ability to
monitor and manage the cultivation of various crops.

7.1.2. INFLUENCE OF SCW ON THE RELATIONSHIP BETWEEN L-BAND

BACKSCATTER AND BIOPHYSICAL VARIABLES

Comprehensive quantitative analysis of L-band data and SCW data (Chapters 4
and appendix-a) highlights the significant impact of SCW on radar backscatter and
choice of overpass time. Results showed that the presence of dew can substantially
affect radar backscatter. At the Florida study site, dew was present on the canopy for
most days from 12 am to 10 am and L-band radar backscatter observations in the
presence of dew were 2-3 dB higher than those made when the dew has dissipated.
Moreover, commonly used metrics like cross-ratio and RVI, despite their role in
mitigating soil moisture, were still influenced by dew and interception.

Furthermore, results showed that the presence of SCW affected the relationship
between L-band observables and biophysical variables such as dry biomass,
vegetation water content (VWC), plant height, and leaf area index (LAI) from
radar data in all polarization and RVI and cross ratios (CR). This means that
the parameters of the relationship between backscatter and biophysical variables
of interest are different for dry and wet vegetation. The correlation coefficient
between radar data and plant parameters was up to 0.33 higher in the absence
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of dew. These findings illustrate that it is important to consider daily patterns in
SCW when retrieving biophysical parameters. The choice of overpass time affects
the probability of dew and consequently affects radar backscatter and biophysical
parameter retrieval. Therefore, it is important to consider SCW in any vegetation
applications when combining acquisitions from a single mission or multiple missions
when the acquisitions are at different overpass times.

Vegetation optical depth (VOD) is often used as a proxy for vegetation water
content (VWC) and is generally assumed to correlate linearly with VWC [164],
regardless of Surface Canopy Water (SCW). The research in this thesis, however,
suggests that while VOD and VWC are linearly related, the relationship between
VOD and VWC changes markedly in the presence or absence of SCW. The linear
regression coefficient parameters tend to be much higher when VOD is estimated
in the presence of SCW. It is important to note that VOD is not a biophysical
parameter, but a parameter of an electromagnetic model, in this case, the Water
Cloud Model. Therefore, VOD should be interpreted as a measure of the degree to
which the soil signal is attenuated by vegetation. Higher VOD values are typically
seen as indicators of increased attenuation in soil moisture retrieval, but they might
not be solely attributable to attenuation. We hypothesize that the presence of water
on the canopy could lead to an increase in direct scattering from the vegetation,
which may further reduce the signal that reaches the soil surface. Our modeling
results from Chapter 6 have already shown that the presence of SCW can increase
direct scattering from vegetation, suggesting that VOD increases in these situations
are not solely due to attenuation. Although we did not use the Tor Vergata Model
to simulate VOD directly in this research, our findings indicate that the presence of
SCW increases the backscatter, potentially supporting this hypothesis.

The dependence of VOD estimation on SCW, a significant finding of this research,
can be important for various applications and domains. For instance, it could lead
to discrepancies in the interpretation and retrieval of soil moisture content and
VWC from both passive and active microwave data. Thus, if VOD is to be utilized
as a proxy for internal vegetation water content or for other applications, the effect
of SCW must be carefully considered, particularly in areas with strong daily cycles
of dew or interception. One approach may be to exclude the backscatter values
affected by SCW. Alternatively, additional calibration or corrections may be applied to
account for the effects of SCW. These could involve calibrating the linear regression
coefficient parameters or developing models to simulate the scattering and emission
characteristics of vegetation under varying surface moisture conditions. If these
effects are not considered, it may be prudent to limit the estimation of VOD to
satellite radar acquisitions at overpass times that are less likely to be affected by
SCW.

7.1.3. MODELING THE INFLUENCE OF SCW ON L-, C-, AND X-BAND

BACKSCATTER

In Chapter 6, the calibrated Tor Vergata Model was used to improve our
understanding of the effect of SCW on backscatter as a function of frequency and
polarization, and to better understand the underlying mechanisms. We examined
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the impact of SCW on backscatter by utilizing L-band radar observations from the
UF-LARS tower based scatterometer and implementing three versions of the Tor
Vergata model. Results showed that representing SCW by the inclusion of additional
water in the vegetation improved the correlation between simulated and observed
backscatter at the L-band, especially when vegetation significantly influenced the
total backscatter. While the agreement between simulated and observed data was
suboptimal during bare soil and early vegetative stages even by considering the
SCW, simulating the presence of water on the soil surface as saturated soil surface
improved the correlation.

In case of the influence of SCW on L-band backscatter mechanisms, the presence
of SCW led to an increase in the vegetation volume contribution and a reduction
in contribution from double bounce and direct scattering from the ground. This
result proved the hypothesis presented in Chapter 4 about the effect of SCW on
VOD estimation. Moreover, simulating the presence of dew on the surface of
soil layer affected scattering mechanisms predominantly during bare soil and early
season stages, typically increasing all contributions except the vegetation volume
contribution.

Comparing the effect of SCW on different frequencies revealed that the increase
in total backscatter is higher at lower frequencies and it decreases with increasing
frequency. Similar to results in Chapter 4, modeling results suggest that the impact
of SCW on backscatter could reach up to 2.5 dB in L-band highlighting its relevance
for low frequency data. The isolated effect of dew on backscatter could reach up
to 3.8 dB across all bands, making its consideration vital during bare soil and low
vegetation cover stages for all frequencies.

Our findings offer novel insights into the impact of SCW on radar backscatter,
underscoring the significance of dew and interception at microwave frequencies. This
research points out the potential value of current and future SAR missions including
Sentinel-1, ROSE-L, NISAR, SAOCOM, ALOS, CosmoSkyMed and constellations
such as those from ICEYE and Capella which have dawn/dusk overpasses or
multiple overpasses per day for improving radar-based agricultural monitoring
and enhancing understanding the influence of interception on evaporation and
evaporation partitioning.

7.2. DIRECTIONS FOR FUTURE RESEARCH

7.2.1. USING SENTINEL-1 FOR AGRICULTURAL MONITORING

This thesis stands out as one of the initial efforts to use both backscatter
and interferometric coherence time series for detecting phenological stages and
monitoring crop growth. The current applications of interferometric coherence for
observing changes in structural and fresh biomass is not fully explored, especially in
the field of crop monitoring. It is therefore suggested that future studies utilize a
combination of backscatter and interferometric coherence data, capitalizing on the
strengths of both types of data simultaneously. To this end, [213, 214] demonstrated
the synergistic use of combining backscatter and interferometric coherence for
vegetation classification and crop growth modeling.
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Results presented in Chapter 3 employed data from a single relative orbit (RO),
providing a temporal resolution of 6 days, mirroring the common Sentinel-1
acquisition strategy. By integrating data from all relative orbits, nearly daily data
could be obtained in the Netherlands and part of Europe, which would enhance the
temporal resolution of emergence, closure, and harvest date estimates. Combining
data from different relative orbits requires accounting for differences in acquisition
parameters between the images. This necessitates more sophisticated calibration
and normalization procedures [215–219]. To date, few studies have fully explored the
methods for combining data with varying acquisition parameters, such as varying
incidence angles [48, 61, 215, 217, 220, 221]. To mitigate the effects of these varying
parameters, future studies should focus on their impact on both backscatter and
interferometric coherence. One simple method to address this issue could involve
analyzing data from each relative orbit separately, then combining the information
from all separate time series to achieve more accurate results with higher temporal
resolution.

One persistent barrier to the widespread use of SAR is the data volume, which
presents substantial computational challenges in terms of storage and processing
power. The emergence of cloud computing power, as exemplified by Google Earth
Engine (GEE) [132] and Amazon Web Services (AWS) [222], affords opportunities for
processing high volumes of data. However, the processing and analysis of coherence
data are not currently available through GEE since they require the use of SLC data.

The temporal density of Sentinel-1 data, particularly in Europe, and the RADARSAT
Constellation Mission (RCM) data (with a temporal density of 4 days) offers an
opportunity to capitalize on the synergy between backscatter and coherence data
for agricultural monitoring. However, increased temporal density introduces greater
variety in the time series and magnifies the influence of environmental conditions
on the backscatter, necessitating further research to fully comprehend and harness
the full potential of these datasets. Furthermore, using data with higher temporal
density increases the impact of SCW on the radar backscatter, which should be
carefully considered.

To date, few researchers have focused on the effect of SCW on the interferometric
coherence signal to understand the extent to which it can influence and decrease
interferometric coherence over short periods. A series of the TROPISCAT
EXPERIMENTs over tropical dense forests [198–201], and studies using the BorealScat
on boreal forest areas [202–204] have investigated the temporal decorrelation of
interferometric coherence due to rain and wind during daytime. However, the effect
of the accumulation of dew, especially heavy dew, on interferometric coherence
in temperate regions and specifically for agricultural areas is still not completely
understood. This issue can be addressed in future studies by utilizing daily or very
short period radar data for interferometric coherence analysis over agricultural areas.

In this thesis, the time series analysis was carried out using polynomial fitting
and statistical analysis, providing accurate results about the type and timing of
agricultural activities. However, the approach relied on simple rule or thresholds for
detecting these activities. Given that time series data can be influenced by various
factors, it would be beneficial to explore and compare more complex methods, such
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as machine learning or deep learning, for detecting phenological stages and activity
dates in future studies. Comparing these methods with time series analysis could
shed light on their relative performance and possible increase in accuracy of the
results. This could be more important when the study area would be very large
(country level) and consist of different agricultural practice and dates and having
different agroclimatic zones.

Looking further into the future, new satellite missions such as the NASA-ISRO SAR
(NiSAR) mission [223], the ROSE-L (Radar Observing System for Europe-L) mission
[224], and the Next Generation Sentinel-1 (Sentinel-1 NG) mission [225] provide
new opportunities for the application of SAR data in agricultural monitoring. These
missions are designed to provide more capabilities than their predecessors. For
instance, NiSAR promises an unprecedented L-band SAR, facilitating better crop
classification, and soil moisture estimation. ROSE-L, on the other hand, is designed
to provide L-band SAR data at a global scale, with a 3-day revisit frequency. This will
significantly enhance our capability to monitor crop growth and detect phenological
stages. The Sentinel-1 NG will continue the legacy of the existing Sentinel-1 satellites,
ensuring continuity of C-band SAR data.

Yet, as we go into this future, we must be mindful of the changing needs and
demands of users. The agricultural sector, being a key stakeholder, requires solutions
that are accessible and user-friendly. For example, initiatives, like the Agricultural
Sandbox [226], aim to answer to this demand by providing the data in an accessible
format so that users can interact with and analyze spaceborne radar data in an
intuitive manner. These efforts parallel the work done by organizations like NASA
[227], Alaska Satellite Facility [228], VITO [229] and Planet Labs[230], who are trying
to simplify data analysis and interpretation for a broader audience.

However, the widespread adoption of SAR for agricultural monitoring is still a
challenge. The primary hurdle lies in the complexity of SAR data, which often
necessitates specialized knowledge for effective interpretation and usage. Addressing
this concern, future studies should focus on bridging this knowledge gap. Future
research could focus on making radar data more accessible and useful to a wide
range of users, especially those in the agricultural sector. Additionally, as we
approach the launch of upcoming missions it becomes crucial to prioritize research
that will allow us to effectively utilize these new data sources. A thorough
understanding of how to manage and analyze these high-volume datasets will be
critical in avoiding wastage of such valuable resources. Furthermore, expanding
the scope of future research to encompass diverse agricultural systems, with varied
practices, crop types, and agroclimatic conditions, is essential for the successful
adoption of radar data in agricultural monitoring at a global scale.

7.2.2. SURFACE CANOPY WATER VALIDATION DATA

Numerous studies from the nineties onwards have attempted to understand the
influence of SCW on radar backscatter across various crop types and frequencies [68,
75, 76, 79, 81–83]. Unfortunately, many of these studies were constrained by having
access only to limited and temporary sparse SCW data. In some instances, the
presence of SCW was not measured directly but was estimated using meteorological
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datasets. However, in our detailed experimental campaign in Florida, we collected
the first extensive quantitative information about the SCW data with high temporal
resolution (every 15 minutes during the whole growing season). It marked a key step
in linking radar backscatter variations with continuous and simultaneous estimates
of SCW.

Our data highlights consistent patterns between variations in the raw SCW data
and dew and interception accumulation and dissipation. However, in this research,
the monitoring was limited to three leaf wetness sensors at different heights in one
location. This allowed us to monitor the duration and amount of SCW due to dew or
interception events along the corn height, but it could not capture the distribution of
dew across the field. There was also no sensor near the soil layer, which limited our
understanding of dew presence at the bottom of the canopy and on the soil layer.
Therefore, we highly recommend deployment of an increased number of leaf wetness
sensors, which is crucial for future research campaigns. We propose installing more
sensors not only along the plant height but also at different locations within the
field. With a more densely distributed sensor network, we could potentially gain a
more detailed perspective of spatial and vertical heterogeneity within the field. By
having complete information about the accumulation and dissipation of dew and
interception on a field scale over different canopy types a new avenue for future
studies could focus on estimating and predicting the SCW amount and distribution
on a field scale by considering weather data, having a small number of leaf wetness
sensor and considering vegetation parameters such as LAI, plant height and biomass.

Given the proven utility of leaf wetness sensors, ease of operation, and cost-
effectiveness, leaf wetness sensors can play an important role in future calibration
and validation campaigns. The findings of this thesis suggest using these sensors
in any field campaigns where the microwave data would be used. Therefore, the
potential of these devices should be fully leveraged in the context of future research
and broadly in agricultural monitoring using SAR data.

The findings of this research reveal that the presence of water on the top of the
soil surface can significantly influence radar backscatter at all frequencies. This effect
is especially pronounced during the bare soil and early growth stages and must be
considered when monitoring agricultural activities during these periods, particularly
for soil moisture estimation and retrieval applications.

However, despite the advancements in soil moisture sensor technology, accurate
measurement of moisture at the surface or within the top millimeter of the soil
remains a challenge. Particularly with the theta probe that operates around 100
MHz [110, 231], the necessity for full insertion into the soil arises from the sensor’s
methodology of measuring the real part of the permittivity [231, 232]. This property,
closely related to the soil moisture content, requires the sensor electrodes to be
fully embedded within the soil particles to ensure an accurate measurement of the
dielectric constant. The complexity of soil mineral composition, the strong effect
of water on the bulk permittivity of the soil, and the specific operating frequency
of the theta probe further emphasize the need for complete immersion within the
soil [233]. This design constraint inherently limits the sensor ability to precisely
measure moisture content in the top 1 or 2 millimeters of the soil, a region
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crucial for many applications but often misrepresented by the traditional sensing
techniques. Consequently, there is no direct method to measure the soil moisture
changes attributable to the accumulation and dissipation of dew on the top few
millimeters of the soil. Therefore, it is highly recommended to either utilize other
types of sensors such as thermal infrared sensors, or to develop new sensors that
can measure the presence and amount of moisture in the very top layer (1 mm) of
soil. This capability would considerably improve our understanding and ability to
monitor soil moisture dynamics, particularly in the early stages of crop growth.

7.2.3. VALIDATION CAMPAIGNS FOR MICROWAVE REMOTE SENSING OF

VEGETATION

This dissertation explored the impact of SCW on radar backscatter, largely based on
experimental data gathered during a singular field experiment during three months
in Florida, USA. This research was limited to a single crop type (i.e., sweet maize)
and utilizes backscatter data acquired at a single frequency through the University of
Florida L-band Automated Radar System (UF-LARS). The ground-based scatterometer
experiments have long served as a foundation for fundamental research in active
microwave remote sensing. For over 40 years, scholars like Ulaby [15, 16, 22, 36, 84,
234] and others [25, 79, 107, 166, 169, 198–204, 235, 236] have demonstrated how
vital these studies are for advancing our understanding of radar and its potential
application. Both previous research and this dissertation emphasize the value
of tower-based radar experiments in enhancing our understanding of microwave
interactions with vegetation. Such research also supports model development for
future applications and paves the way for the future use of satellite missions.

However, the limitations of focusing on a single frequency and vegetation type
mean that the conclusions may not entirely apply to all frequencies and vegetation
types. Therefore, additional experiments are strongly recommended to examine the
influence of SCW over a wider range of vegetation types and frequencies. This mainly
relates to the fact that the capacity of various vegetation types to store water will
depend on their structure and geometry (e.g., narrow-leaved or broad-leaved etc.).
Furthermore, we need to understand how the presence of water droplets or films
on vegetation might change microwave interactions. As demonstrated in Chapter
6 of this dissertation, the influence of SCW on backscatter strongly relates to the
frequency. Therefore, data should be acquired across a broader range of frequencies
in future studies for a more comprehensive understanding of SCW effects.

Interestingly, a recent study by Xu et al. [184] suggested that this dissertation’s
findings could extend beyond sweet maize to a broader range of cover types such as
tropical forests and savanna sites in Brazil. However, recent studies have suggested
that the influence of surface canopy water (SCW) on Vegetation Optical Depth (VOD)
from passive microwave radiometry may be less pronounced than initially thought.
In particular, research by Holtzman et al. [237] found that the presence of dew in
the oak forest did not significantly alter the VOD from L-band radiometer on a tower
above the forest. This is consistent with other studies that found minimal effect of
dew on observed brightness temperatures at the L-band over grasslands and corn
fields [238, 239]. These findings indicate that the impact of leaf surface wetness
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on VOD may depend strongly on the canopy type and droplet amount, suggesting
that the relationship between SCW and radar backscatter might be more nuanced
than previously understood. However, the studies were limited to certain types
of vegetation and certain frequencies, and other research has indicated that leaf
surface water can significantly influence observed X-band brightness temperatures
at a tropical forest [240].

Hence, while these studies provide valuable insights, it is clear that more research
is still required. First, a deeper understanding is required to explore how external
water content influences crop biophysical parameters. Second, it is vital to explore
how the sensitivity of Vegetation Optical Depth (VOD) estimation varies with water
both inside and outside the canopy. This variation occurs across different crop
types, land cover types, and frequencies, making the issue complex. Understanding
these relationships could lead to more accurate interpretations of how surafce
canopy water (SCW) affects the retrieval of soil and vegetation parameters from
both active and passive microwave remote sensing. Therefore, additional research
across multiple locations and crop types is necessary. This not only underscores the
conclusions of this dissertation but also defines the future direction of this research
area.

7.2.4. RADIATIVE TRANSFER MODELING

Results and findings in Chapter 4 of this thesis highlighted an urgent need for
improved understanding of microwave interactions with vegetation in the presence
of SCW. Therefore, in Chapters 5 and 6 of this thesis the Tor Vergata model has been
used to improve our understanding of the interaction processes between microwave
backscatter and corn crops especially in the presence of SCW over different
frequencies and polarization. The Tor Vergata model was originally developed to
simulate the seasonal evolution of the radar backscatter due to crop growth with
high accuracy. The results of Vermunt et al. [119] showed that this model was not
able to capture the sub-daily dynamics in observed backscatter for data from a
canopy without SCW. Additionally, the standard version of the Tor Vergata model
does not explicitly account for the presence of SCW.

Therefore, in Chapter 5, we introduced a technique to enhance the model
capacity to simulate the high-temporal dynamics that occur due to changes in soil
moisture and, importantly, internal vegetation water dynamics. This improvement
was achieved by allowing the small cylinder radius size to vary during the season
rather than relying on a fixed value for the entire growing season. This improved our
ability to capture sub-daily dynamics observed in backscatter. However, this method
necessitates the availability of high-temporal observation data for calibration. In
general, these results suggest that as we start to use radiative transfer models to
simulate variations at finer temporal resolutions, we need to pay increased attention
to the representation of vegetation structural dynamics and their role in weighing
the various contributions to the total backscatter.

In a parallel study using the same experimental dataset, Vermunt et al. [23] showed
significant diurnal water dynamics within corn stems and leaves. In addition, they
showed that the total backscatter was primarily sensitive to dynamics in specific
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layers of the vegetation. Combined, these could have a significant influence on the
diurnal cycle of backscatter on dry days. Allowing for a more detailed representation
of the vertical distribution of internal water content by height as well as constituent
could improve our ability to capture diurnal variations in backscatter.

To address the sub-daily variations in observed backscatter driven by the presence
of SCW and dew on the soil surface, we propose two implementations of the Tor
Vergata model (discussed in Chapter 6). These implementations seek to account
for impact of SCW on both vegetation and the soil surface in the simulated
backscatter. In order to include the influence of dew on the canopy, we adjusted
the vegetation water content (VWC) to account for the additional water from SCW.
This augmentation means that any extra water from dew or intercepted rain is
distributed spatially within the dielectric medium in accordance with the geometry
and structure of the vegetation. This method led to improved agreement between
simulated and observed backscatter when the total backscatter was predominantly
influenced by vegetation. Although the bias was substantially reduced, the model
simulations and observations were still not in perfect agreement. One possible
reason for this discrepancy could be that the scattering from free water droplets or a
water layer on top of the canopy could be different from the scattering of additional
water inside the vegetation tissue. This could be explored in future studies. In
particular, it could be helpful to allow for an additional thin layer of droplets on leaf
surfaces in radiative transfer models to account for the effect of free water on the
leaf surface. Furthermore, during dew and rain interception events, all parts of a
crop experience increased wetness. However, in this research, we focused solely on
the wetness of corn leaves. Future studies should extend this focus to consider the
presence of water on stems and all other constituents.

In this research we encountered a relatively poor agreement between observed
data and the V W C+ implementation during bare soil and early vegetative stages.
We hypothesized that this discrepancy could arise from the presence of dew in the
form of water on top of the soil layer. To test this, we attempted to mimic the
effect of dew on top of the soil layer on backscatter by assuming the surface soil
layer as saturated if the leaf wetness sensor indicated the presence of moisture. This
adjustment somewhat improved the agreement between the modeled and observed
backscatter during bare soil and early vegetative stages. However, the remaining
mismatch suggests that this approach is less than optimal and requires further
refinement. We suggest for future work to consider updating the radiative transfer
models and soil moisture estimation models to consider an additional thin layer of
water droplets on the soil surface when the leaf wetness sensors detect moisture.
This is an important consideration for many application since the presence of dew
on top soil can affect the radar backscatter considerably. Alternatively, dew could
be represented as a thin saturated litter layer similar to previous research on the
inclusion of a litter layer which has proved beneficial in the simulation of emission
and scattering from forest areas [196, 197].

Our research can be considered among the first studies that investigate and
simulate the influence of dew on soil on backscatter. Our results proved that this can
have a significant effect on backscatter over bare soil and during the early season.
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The findings underscore the necessity to refine electromagnetic models used for soil
moisture retrieval and crop monitoring for more realistic representations of dew and
interception on vegetation and soil surfaces. Given the increasing number of radar
satellites and innovative applications for their data, these model enhancements are
urgently needed. With these advancements, the use of Synthetic Aperture Radar
(SAR) could be effectively harnessed to model rapid water processes within the
soil-vegetation-atmosphere continuum.

7.3. CONCLUDING REMARKS
This research represents a significant improvement in understanding the interaction
of radar backscatter with vegetation, particularly focusing on the influence of surface
canopy water (SCW) and internal vegetation water content. We have discovered how
important these factors are for accurately modeling electromagnetic behavior, with
potential implications for various applications like agricultural parameter retrieval,
monitoring droughts, and agricultural management.

By studying the relationships between L-band backscatter, biophysical variables,
and SCW, as well as the effects of SCW on modeled L-, C-, and X-Band backscatter,
we have established a new benchmark for understanding and utilizing radar data
for vegetation monitoring. This is especially exciting because it opens up many
possibilities for current and future SAR missions such as NiSAR, ROSE-L, and
Sentinel-1 NG and also the constellations such as ICEYE, and Capella which have
dawn/dusk overpasses or multiple overpasses per day.

However, despite the considerable advances made in this thesis, it has also
underlined areas demanding further exploration. Future research should focus on
investigating the influence of SCW on backscatter and other radar observables across
diverse land cover types, as well as refining representations of dew and interception
effects on vegetation and soil surfaces in electromagnetic models. This will give us
a better understanding of how radar backscatter interacts with vegetation and soil,
benefiting future SAR missions and their applications.

While we have gained valuable knowledge from field experiments and models
developed in the past, we need to constantly reassess and update these models to
account for the detailed dynamics of vegetation water. Field experiments can be
costly, but they are essential for fully realizing the potential of radar remote sensing.

In conclusion, this thesis emphasizes the significance of accurately representing
SCW to improve our understanding of electromagnetic models and radar interactions
with vegetation and soil. This work is just a step towards more advanced remote
sensing techniques for precise, timely, and relevant information on agricultural
monitoring and management. The findings in this research pave the way for the
continued exploration, innovation, and development in this exciting field.
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A
APPENDIX-A: THE IMPORTANCE OF

OVERPASS TIME IN AGRICULTURAL

APPLICATIONS OF RADAR

Chapter 4 illustrates that the presence of SCW can significantly affect radar backscatter
and the retrieval of crop biophysical variables. Most current and future SAR missions
have sun-synchronized orbits, implying they have dawn/dusk overpasses or multiple
overpasses per day. Since the probability of SCW is much higher before dawn than
later in the morning, this chapter investigates the effect of diurnal variation in
internal and surface canopy water on L-band backscatter, with regard to the influence
of overpass time on agricultural applications. The findings underscore the importance
of taking overpass timing into account for agricultural monitoring, whether when
selecting times for a single mission, integrating data from multiple missions, or
planning acquisition times for future missions.

.

This chapter is based on:
Khabbazan, Saeed et al., "The Importance of Overpass Time in Agricultural Applications of Radar."
2021 IEEE International Geoscience and Remote Sensing Symposium IGARSS. IEEE, 2021.[194]
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A. APPENDIX-A: THE IMPORTANCE OF OVERPASS TIME IN AGRICULTURAL

APPLICATIONS OF RADAR

A.1. INTRODUCTION

Several studies have used sun-synchronized satellite data (ascending and descending
observation) to demonstrate the capability of radar data to detect diurnal variation in
internal vegetation water content[32, 34]. They reported differences between evening
and morning observations that were attributed to a change in internal vegetation
water content. In addition, several studies have demonstrated that the presence of
surface canopy water increases the radar backscatter[66–68, 75, 76, 79, 81–83].

However, the limited radar datasets (using ascending and descending overpass) in
previous studies leave open questions in terms of sub-daily pattern in backscatter
and the sensitivity of backscatter to both variation in surface and internal water
content. Moreover, the limited ground validation datasets on surface canopy water
limit quantitative analysis. The main goal of this study is to investigate the possible
influence of overpass time on backscatter variations due to surface canopy water,
and its effect on the retrieval of biophysical parameters.

A.2. DATA AND METHODS

A.2.1. STUDY AREA

The study was conducted at UF/IFAS Extension Plant Science Research and
Education Unit (PRSEU), Citra, Florida, USA. Sweet corn (Zea mays L. var. rugosa)
was planted with an average density of 7.9 plants m−2 on 13 April 2018 and
harvested on 18 June 2018. The corn field was around 250 m by 150 m and the soil
consisted of > 90% by volume fine sand. The study area has a humid subtropical
climate and midnight irrigation was necessary at the beginning of the season to
control the soil moisture content.

A.2.2. HYDROMETEOROLOGY

Meteorological data were obtained from the Florida Automated Weather Network
(FAWN) weather station located 600 m east of the corn field. Rainfall, relative
humidity, temperature, solar radiation, and wind speed were obtained every 15
minutes. The presence and duration of surface canopy water (SCW) were monitored
using three Phytos31 dielectric leaf wetness sensors. These sensors were installed
at different heights in the canopy and the heights of the sensors were adjusted as
the corn grew. Surface canopy water was classified as precipitation, irrigation or
dew using the precipitation and irrigation data. Soil moisture was observed every
15 minutes at 5, 10, 20, 40, and 80 cm depth in two pits near the radar footprint.
A site calibration was applied and the average of two locations is presented here.
Vegetation water content (VWC) and dry biomass were measured by predawn
destructive vegetation sampling every 2-3 days. More details on hydrometeorology
and vegetation sampling during this experiment can be found in Vermunt et al.
[119].
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A.2.3. MICROWAVE SCATTERING SYSTEM

The University of Florida L-band Automated Radar System (UF-LARS) was used to
acquire radar backscatter (σ0). The system operates at a central frequency of 1.25
GHz and has a dual-polarization horn antenna, which allows us to acquire data at
four polarization combinations (VV, HH, VH, and HV) simultaneously. The UF-LARS
was installed on a Genie platform and scanned the corn field with an antenna
height of 14 meters and a fixed elevation angle of 40◦. The ground range and
azimuth resolution were measured using 3dB antenna beamwidth and are provided
in Table A.1 and a full description of the system can be found in [106]. The
UF-LARS system was programmed automatically to acquired 32 measurements per
day during the growing season and the internal calibration was applied during each
acquisition [119]. The external calibration was conducted using a trihedral corner
reflector several times during the growing season. The Single Target Calibration
Technique (STCT) was used to calculate backscatter coefficient σ◦ from the received
signal and the total systematic and random error were estimated as 1.49 and 0.85
dB respectively.

Table A.1.: UF-LARS specifications

Parameter UF-LARS
Range resolution (m) HH / VV / cross-pol 8.5 / 6.2 / 6.2
Azimuth resolution (m) HH / VV / cross-pol 4.7 / 6.4 / 4.7

A.3. RESULTS
A.3.1. METEOROLOGICAL DATA

The first three weeks of the season were dry and warm. Therefore midnight
irrigation was applied on 8 occasions to control soil moisture content. The resultant
rapid increase in 5 and 10 cm soil moisture after irrigation can be seen in Fig.
A.1. Three heavy rain events on 21, 27 and 30 May led to sharp increases in root
zone soil moisture content Fig. A.1. A dry period with few rain events and high
humidity between June 1 and June 10 resulted in a rapid decrease in soil moisture
at all depths. The mid-season was frequently rainy with very high humidity, which
resulted in the presence of water on the canopy surface for long periods during the
day. Fig. A.2 illustrates that the SCW (dew/interception) was present on most days
from midnight until around 10 am. In terms of overpass times note, for example,
that SCW was present on 95% of days at 6 am and just 25% of days at 6 pm.

A.3.2. FACTORS INFLUENCING L-BAND BACKSCATTER

Fig. A.3 (a-c) shows that there are slow changes in radar backscatter due to crop
growth, and more rapid changes associated with vegetation water dynamics. The
increasing trend in all polarizations is due to crop growth, as this time series is
during the leaf development growth stage [119, 120]. The daily cycles superimposed
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Figure A.1.: Time series of meteorological data collected by FAWN and averaged
volumetric soil moisture from two pits on different depth
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Figure A.2.: The percent of days that surface canopy water was presented at each
hour of the day

on this upward trend are due to dynamics in surface and internal water content
and soil moisture. Fig. A.3 (d) shows the soil moisture and surface canopy water
variations during this time. Interception of irrigation events at midnight on May 7, 9

168



A.3. RESULTS

A

149

and 11 led to rapid increase in surface soil moisture. In addition, dew accumulation
leads to an increase in backscatter during the night.

The backscatter data in Fig. A.3 have been colored to indicate if the observations
were acquired in the presence of dew and/or interception. This illustrates that the
sharp increase in interception and soil moisture following irrigation can result in an
increase of more than 5 dB in VV and VH. Results are less convincing in HH due to
noise in the observations. During the night, the decrease in backscatter due to soil
moisture is inhibited by the presence of interception and the accumulation of dew.

On nights without irrigation, the accumulation of dew from midnight until
sunrise led to a gradual increase in backscatter of up to 2-3 dB, even though soil
moisture was decreasing. Dew and interception dissipate rapidly after sunrise, so
the backscatter variations (highlighted in black) are due to variations in internal
water content and surface soil moisture. As the daily radiation cycle drives
evapotranspiration, the backscatter in all polarization is found to decrease from 10
am to a minimum in the late afternoon in response to moisture losses.

A.3.3. DIURNAL CYCLES OF WATER CONTENT AND BACKSCATTER

The clear daily cycle in radar backscatter in response to accumulation and dissipation
of dew and variations in internal water content (VWC) can be seen in Fig. A.4. These
data were collected during the flowering and fruit development stages [120], so the
corn has reached maximum biomass and L-band backscatter is dominated by the
vegetation contribution [119].[119] Continuous internal canopy water content were
estimated using a water balance approach combining sparse destructive sampling
with continuous records of evapotranspiration and sap flow [241]. The diurnal
change in VWC is around 0.38 kg m−2 which is about 9.1 % of total VWC, and
is comparable in magnitude to the variation in SCW. The range of the mean daily
cycle in backscatter at this time is 1.64, 2.43, and 1.96 dB in HH, VV and cross-pol
respectively. The maximum value is observed at the acquisition of 7:30 am in VV
and cross-pol, and the minimum occurs in the late afternoon in all polarizations
when the VWC reaches its minimum value.

A.3.4. IMPACT OF SCW ON L-BAND BACKSCATTER

Fig. A.5 provides insight into the quantitative change in backscatter due to surface
canopy water. The ∆σ indicates the difference in backscatter between 6 am, when
the vegetation is covered in dew (red) or dew and interception (yellow) and 9 am
when the dew/interception has dissipated. Internal water content is mostly constant
during this period as the presence of SCW supresses transpiration, and the difference
in soil moisture, ∆θ, is negligible (< 0.01m3/m3). Therefore, any difference in
backscatter can be attributed to surface canopy water content. The presence of SCW
generally leads to an increase in backscatter, so ∆σ is generally positive. The average
value of ∆σ is 1.02 dB for co-pol and 1.27 dB for cross-pol but can reach up to
3-4 dB. This is consistent with values observed in other studies [79].Considerable
variability is observed due to variability in SCW, as well as variation in the relative
contribution of vegetation to total backscatter during the growing season. The
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Figure A.3.: Time series of co- and cross-polarized backscatter divided to three
situations based on presence and absent of SCW (three upper rows), soil
moisture profile at 5 cm, and SCW (dew/interception) content (lower
row) for 9 days during the early season

decreasing trend in ∆σ from May 23 to June 1 is due to a decreasing trend in 6 am
SCW. The amount of SCW on 23, 26, 28 and 31 May was 0.6, 0.31, 0.2, and 0.058 kg
m−2 respectively.

A.3.5. EFFECT OF SURFACE CANOPY WATER ON RELATIONSHIP BETWEEN

BACKSCATTER AND BIOPHYSICAL VARIABLES

Given that the probability of SCW is much higher before dawn than later in the
morning (Fig. A.2), and that the presence of SCW influences backscatter (Fig. A.3), it
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Figure A.4.: Mean daily cycle of (a) surface canopy water (dew) and modeled VWC
and (b) co- and cross-polarized backscatter for just 3 days without
precipitation between June 2 and June 13.

is hypothesized that acquisition time is an important consideration for the retrieval
of biophysical parameters in agricultural monitoring. Fig. A.6 shows the relationship
between backscatter and three biophysical variables. Blue points correspond to data
collected at 6 am, while red points correspond to the first backscatter data collected
after dew had dissipated (generally between 10 am and 12 pm). Note that the
Spearman correlation coefficient is always higher (up to 0.33) when the radar data
are collected in the absense of SCW. The relationship between radar data and the
biophysical variable of interest depends on whether or not SCW was present. Among
the crop biophysical variables, the impact of SCW is greatest in LAI. Among the
polarizations, HH is least influenced by SCW. Therefore, the presence of surface
canopy water has a confounding effect on the retrieval of biophysical variables. For
the retrieval of VWC, dry biomass and LAI, acquisitions in the late morning are
more strongly correlated with the biophysical variables. The difference in variability
is likely due to the varying amount of dew and its influence on backscatter.

A.4. CONCLUSION
Surface canopy water and internal VWC have daily cycles that are driven by local
hydrometeorological conditions and root zone soil moisture availability. Backscatter
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Figure A.5.: Time series of difference in radar backscatter between wet and dry
vegetation for (a) VV, (b) HH, and (c) VH polarization. Difference was
computed by using radar data at 6 am (wet vegetation) and first radar
data after 9 am when the surface of canopy was dry (dry vegetation).
The blue dashed line shows the difference in surface soil moisture value
between wet and dry vegetation.

in all polarizations is highly affected by these daily cycles. In the morning, L-band
radar backscatter observations in the presence of dew are 2-3 dB higher than
those made when the dew has dissipated and the internal water dynamics in fully
grown corn can change a radar backscatter around 2 dB. The parameters of the
relationship between backscatter and biophysical variables of interest are different
for dry and wet vegetation and the correlation coefficient between radar data and
plant parameters is up to 0.33 higher in the absence of dew. Choice of overpass
time affects the probability of dew, and the strength of the relationship between
backscatter and biophysical variables in agricultural monitoring. This should be
taken into account in any vegetation applications when combining overpass times
for a single mission, combining overpasses from multiple missions or selecting an
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Figure A.6.: The relationship between radar backscatter and measured total VWC,
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of surface canopy water. The corresponding Spearman Correlation
Coefficients (SCC) are in the lower right corner.

acquisition time for future missions.
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B.1. SUPPLEMENTARY MATERIAL FOR CHAPTER 3

Figure B.1.: Estimated emergence date for potato parcels in Flevopolder; (a) Map of
emergence date; (b-e) Photos from monitored parcels in the closest time
to emergence date.
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Figure B.2.: Estimated emergence date for maize parcels in Flevopolder; (a) Map of
emergence date; (b-c) Photos from monitored parcels in the closest time
to emergence date.
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Figure B.3.: Estimated closure date for potato parcels in Flevopolder; (a) Map of
closure date; (b-e) Photos from monitored parcels in the closest time
before closure date; (f-i) Photos from monitored parcels in the closest
time after closure date.

178



B.2. SUPPLEMENTARY MATERIAL FOR CHAPTER 5

B

159

B.2. SUPPLEMENTARY MATERIAL FOR CHAPTER 5
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Figure B.4.: Time series of all scattering mechanisms for RT model simulations using
different small cylinder radius (SCR) sizes for VV pol in L-band(left
column), C-band (middle column), and X-band (right column) for whole
growing season of a corn. Each colored line shows simulation using
one SCR. Dark blue corresponds to the smallest SCR and dark red
corresponds to the smallest SCR. SCR was chosen from 0 to 0.4 cm by
an interval of 0.02 cm.
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Figure B.5.: Time series of all scattering mechanisms for RT model simulations using
different small cylinder radius (SCR) sizes for XP pol in L-band(left
column), C-band (middle column), and X-band (right column) for whole
growing season of a corn. Each colored line shows simulation using
one SCR. Dark blue corresponds to the smallest SCR and dark red
corresponds to the smallest SCR. SCR was chosen from 0 to 0.4 cm by
an interval of 0.02 cm.
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Figure B.6.: Measured data (stars) and fitted relationships (blue and orange curves)
for vegetation descriptors.
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Figure B.7.: The percentage of days on which SCW was present for each hour of the
day.
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