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Abstract
Global Navigation Satellite System Reflectometry (GNSS-R) is a novel remote sensing
technique that exploits the GNSS signals after being reflected off the Earth’s surface.
The receivers on cost-effective and low-orbiting satellites operate as a bistatic radar
instrument. Monitoring of ocean wind is one of the applications and the main
objective of recently launched satellite missions. This thesis aims at the development
and characterization of these geophysical data products for a better understanding
of the technique, which potentially leads to the higher quality of existing products
and expands their variety.

The UK TechDemoSat-1 (TDS-1) is the satellite mission launched in 2014 for
demonstrating capabilities of GNSS-R in ocean monitoring. Using TDS-1 measure-
ments, a GNSS-R wind speed dataset is developed. The resulting data are evaluated
in comparison to those obtained from the Advanced Scatterometer (ASCAT). Wind
field estimates of European Centre for Medium-range Weather Forecasts (ECMWF)
reanalysis-Interim (ERA-Interim) and in situ observations from the Tropical Atmo-
sphere Ocean (TAO) buoy array in the Pacific are taken as reference. The evaluation
using ECMWF winds results in a root-mean-squared error (RMSE) and bias of 2.77
and -0.33 m/s, being comparable to those derived from ASCAT estimates, as large
as 2.31 and 0.25 m/s, respectively. The TDS-1 and ASCAT winds differences from
buoys measurements result in an RMSE and bias of 2.23 and -0.03 m/s, and 1.40 and
-0.68 m/s, respectively. The derived winds show a higher level of robustness against
rain with an RMSE and bias of 2.94 and -0.21 m/s over oceans under precipitations,
in comparison to those obtained from ASCAT measurements, which are 3.16 and
1.03 m/s, respectively. Nonetheless, a systematic behavior in the Bistatic Radar
Cross Section (BRCS) is observed for the first time. The BRCS reduces to lower
values during rain events at low wind speeds.

Followingly, the impact of rain on GNSS-R scatterometric measurements is
studied seeking a plausible physical explanation for the demonstrated effect. The
signal attenuation by rain is investigated simulating GNSS-R delay-Doppler maps at
different rain rates and reflection geometries. It is shown that the resulting bias is
smaller than ≈ 0.35 m/s (1%) at a wind speed of 30 m/s and an incidence angle of
30◦. At the same wind speed and incidence angle, the examination reports that a
continuous rain at every cell of the signal propagation path, at rates of 10, 15 and 20
mm/h, could lead to overestimation of wind speed not larger than 0.65 m/s (2%),
1.00 m/s (3%), and 1.3 m/s (4%), respectively. It is concluded that rain attenuation
is ignorable within the current GNSS-R applications.

Rain splash on the ocean surface alters its roughness and this phenomenon is
studied as the second rain effect on the scatterometric measurements. The scattering
physics of signals and its mechanism change over weakly and strongly wind-induced
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oceans are discussed. Despite a commonly made conclusion that the scatterometric
GNSS-R measurements are not sensitive to the small-scale waves generated by
raindrops, this study presents the first evidence that the BRCS is reduced due to
rain splash at weak winds, lower than ≈ 6 m/s. The decrease in the BRCS derived
from TDS-1 measurements is as large as ≈ 0.7 dB at the wind speed of 3 m/s
due to precipitation at smaller rates than 2 mm/hr. The simulations based on the
recently proposed model approves that the rainsplash decreases the BRCS value
at low wind speeds. The observed signature could potentially enable the GNSS-R
technique to detect precipitation over oceans after the further characterization studies
recommended in this thesis.

For the derivation of wind speeds with higher quality, disadvantages of conven-
tional retrieval methods are discussed and implementation of a machine learning
technique is proposed. A model based on the feedforward neural networks is deter-
mined to invert the measurements to wind speed. The model results in a significant
general improvement of 20% in the RMSE in comparison to the retrieval algorithm
deployed initially. The advantages, leading to the achieved improvement, are dis-
cussed including the ability to model the effect of the different levels of the Effective
Isotropic Radiated Power (EIRP) of GPS satellites. The derived Mean Absolute
Error (MAE) of the satellite with Space Vehicle Number (SVN) of 34 is decreased
by 32%.

Finally, using CYclone GNSS (CYGNSS) measurements, the first satellite constel-
lation fully dedicated to GNSS-R since December 2016, a signature of ocean mesoscale
eddies is demonstrated. The Normalized BRCS (NBRCS) behaves conditionally with
distinguishable fluctuations, either over the eddy center or in the edges. Statistical
analyses are carried out which report that 28.6% of the CYGNSS measurement
tracks show a correlation coefficient of 0.7 or more with the two observed patterns
over the eddies. Using ancillary data, a strong inverse correlation of NBRCS with
sensible heat flux and surface stress in specific conditions is demonstrated.

Keywords: GNSS Reflectomatry, wind speed, bistatic radar, electromagnetic
scattering, rain splash, rain attenuation, mesoscale ocean eddy, machine learning,
TDS-1, CYGNSS.
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Zusammenfassung
Global Navigation Satellite System -Reflektometrie (GNSS-R) ist eine innovative
Fernerkundungsmethode, welche GNSS-Signale nutzt, die von der Erdoberfläche
reflektiert werden. GNSS-R-Empfänger werden vorwiegend auf kostengünstigen LEO
(Low Earth Orbit) Satelliten eingesetzt und arbeiten als bistatisches Radar. Die
Überwachung von Ozeanwinden auf globaler Skala ist eine Hauptanwendung und
Missionsziel verschiedener kürzlich gestarteter Satelliten. Diese Doktorarbeit hat die
Entwicklung und Charakterisierung von geophysikalischen GNSS-R-Datenprodukten
zum Inhalt, womit ein besseres Verständnis der neuen Fernerkundungstechnik erreicht
werden soll. Weiterhin wird die Qualität der GNSS-R-Datenprodukte verbessert und
deren Vielfalt erweitert.

Die britische TechDemoSat-1 (TDS-1) Satellitenmission wurde 2014 gestartet
und dient zur Demonstration der Fähigkeiten von GNSS-R zur Ozeanüberwachung.
Basierend auf TDS-1-Messungen wird ein GNSS-R-Windgeschwindigkeitsdatensatz
erstellt. Die Ergebnisse werden mit Daten vom Advanced Scatterometer (ASCAT)
verglichen. Zusätzlich werden Windfeldschätzungen von ERA-Interim (ECMWF,
European Centre for Medium-Range Weather forecasts Reanalysis-Interim) und
In-situ-Beobachtungen des TAO (Tropical Atmosphere Ocean) Bojenfeldes im Pazifik
als Referenz herangezogen. Der Vergleich zu ECMWF-Winden ergibt ein RMSE
(Root Mean Square Error) und Bias von 2,77 und -0,33 m/s. Diese Werte sind
mit denen vergleichbar, die aus ASCAT-Daten abgeleitet wurden (2,31 bzw. 0,25
m/s). Die Abweichungen von TDS-1 und ASCAT-Windgeschwindigkeiten zu den
Bojenmessungen betragen (RMSE und Bias) 2,23 und -0,03 m/s bzw. 1,40 und -0,68
m/s. Die TDS-1-Winde zeigen ein höheres Maß an Robustheit gegenüber Regen mit
einem RMSE und Bias von 2,94 und -0,21 m/s über Ozeanen bei Niederschlägen im
Vergleich zu den ASCAT-Messungen mit 3,16 bzw. 1,03 m/s. Dennoch wird erstmals
ein systematischer Einfluss von Regen auf den Bistatischen Radarquerschnitt (BRCS)
der GNSS-R-Daten beobachtet. Der BRCS reduziert sich bei Niederschlag unter
niedrigen Windgeschwindigkeiten.

Dieser neuartige Effekt im rückgestreuten Signal wird näher erforscht, um eine
plausible physikalische Erklärung zu finden. Die Signaldämpfung durch Regen
wird untersucht, indem GNSS-R DDM (Delay-Doppler Maps) bei verschiedenen
Regenraten und Reflexionsgeometrien simuliert werden. Es wird gezeigt, dass der
resultierende Bias bei einer Windgeschwindigkeit von 30 m/s und einem Einfallswinkel
von 30 Grad kleiner als 0,35 m/s (1%) ist. Bei gleicher Windgeschwindigkeit und
gleichem Einfallswinkel ergab die Untersuchung, dass ein kontinuierlicher Regen
in jeder Zelle des Signalausbreitungsweges mit Beträgen von 10, 15 und 20 mm/h
zu einer Überschätzung der Windgeschwindigkeit kleiner als 0,65 m/s (2%), 1,00
m/s (3%) bzw. 1,3 m/s (4%) führen kann. Daraus wird geschlussfolgert, dass die

ix



Signaldämpfung durch Regen in den aktuellen GNSS-R-Anwendungen vernachlässigt
werden kann.

Regentropfen auf der Meeresoberfläche verändern jedoch deren Rauigkeit. Dieses
Phänomen wird als zweiter Regeneffekt bei den GNSS-R-Streumessungen untersucht.
Die Physik der Signalstreuung und deren Mechanismen unterscheiden sich für den
schwach bzw. stark vom Wind beeinflussten Ozean. Im allgemeinen wird angenom-
men, dass GNSS-R-Messungen unempfindlich gegenüber den von Regentropfen
erzeugten kleinen Wellen sind. Die vorliegende Studie liefert jedoch erstmals den
Beweis dafür, dass sich der BRCS aufgrund von Regentropfen bei schwachem Wind
von weniger als 6 m/s verringert. Die aus TDS-1-Messungen abgeleitete Abnahme des
BRCS beträgt bei Niederschlagsraten kleiner 2 mm/h und einer Windgeschwindigkeit
von 3 m/s etwa 0,7 dB. Die Simulationen, die auf einem kürzlich entwickelten
physikalischen Modell basieren, bestätigen, dass Regentropfen den BRCS bei niedri-
gen Windgeschwindigkeiten verringern. Diese erstmals beobachtete Signatur könnte
dazu führen, dass die GNSS-Reflektometrie nach den in dieser Arbeit empfohlenen
weiteren Charakterisierungsstudien zur Messung von Niederschlägen über Ozeanen
eingesetzt werden kann.

Zur Ableitung von Windgeschwindigkeiten mit höherer Qualität werden Nachteile
herkömmlicher Retrievalmethoden diskutiert und die Implementierung neuartiger
Methoden unter Nutzung von künstlicher Intelligenz vorgeschlagen. Ein Modell,
das auf ANN (Artificial Neural Network) basiert, wird entwickelt, um die GNSS-
R-Messungen in Windgeschwindigkeiten umzuwandeln. Das Modell führt zu einer
signifikanten Verbesserung des RMSE um 20% im Vergleich zu dem ursprünglich
verwendeten Berechnungsschema. Die Vorteile, die zu der erreichten Verbesserung
führen, werden diskutiert, einschließlich der Fähigkeit, den Effekt der verschiede-
nen EIRP (Effective Isotropic Radiated Power) von GPS-Satelliten zu modellieren.
Beispielsweise wird der abgeleitete MAE (Mean Absolute Error) des GPS-Satelliten
mit der Space Vehicle Number (SVN) 34 um 32% verringert.

Schließlich wird mit GNSS-Messungen von CYGNSS, der ersten
GNSS-R-Mehrsatelliten-konstellation, die seit Dezember 2016 im Orbit ist, eine
Signatur von mesoskaligen Ozeanwirbeln nachgewiesen. Der normalisierte BRCS
verhält sich unterscheidbar unterschiedlich über dem Wirbelzentrum und den Randge-
bieten. Es werden statistische Analysen durchgeführt, aus denen hervorgeht, dass
28,6% der CYGNSS-Messspuren einen Korrelationskoeffizienten von 0,7 oder mehr
mit dem beobachteten Muster über den Wirbeln aufweisen. Anhand von Zusatzdaten
wird eine starke inverse Korrelation von normalisierte BRCS mit dem fühlbaren
Wärmestrom (surface heat flux) und der Oberflächenspannung unter bestimmten
Bedingungen gezeigt.
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Chapter 1

Introduction

1.1 Remote Sensing of Ocean Surface Winds
Emanated or reflected radiations both in a passive or active configuration can be
processed and analyzed for the derivation of oceanic and atmospheric information.
As a result, a large variety of sensors onboard satellites could be able to measure
wind speed. Imagery satellites observe the surface visible, Infrared and thermal
emissions. One of the first preliminary approaches was to study cloud top heights
on these images to extract the wind speed and its direction through a cloud motion
analysis. The derived data could improve Numerical Weather Predictions (NWPs)
(Kalnay et al. 1998). Wind monitoring using such passive imagery techniques is
highly dependent on the local time and the presence of Sun as the illumination source.
The atmosphere condition should be additionally considered since an overcast sky
makes the analysis complicated. Alternatively, microwave and radar instruments
such as scatterometers, Synthetic Aperture Radar (SAR) systems, and altimeters
offer more robust measurements due to their active mechanism and the penetration
capability due to the implemented signal frequency. Unlike imagery satellites, the
measurements of scatterometers are based on the analysis of the scattered signal
from the ocean surface.

Remote sensing of ocean and the atmosphere state originates from studies con-
ducted far back in the 1960s (Moore and Pierson 1966). Microwave radar instruments
onboard scatterometer satellites measure the ocean state. Wind stress is the domi-
nant source of momentum to the upper ocean, and wind-driven ocean surface state
can be converted to wind information in the concept of ocean scatterometry. The
coupling between atmosphere and ocean is a well-known factor in establishing the
atmosphere and climate condition. The wind information is finally assimilated
into NWP models contributing in the determination of the atmosphere state and
forecasting its condition and severe events (Isaksen and Janssen 2004; Leidner et al.
2003; Singh et al. 2008; Andrews and Bell 1998; Singh et al. 2011; Bi et al. 2011).
Despite the achievements of remote sensing satellite missions operating in different
signal frequencies and the significance of the derived data, the pursuit of atmospheric
measurements with denser spatiotemporal resolutions and a higher level of robustness,
in terms of accuracy, never stops. As the performance of NWPs improves, further
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progress in the knowledge of the atmosphere demands meteorological datasets with
more ideal characteristics. Ideas are being developed on measurements with higher
coverage of the Earth and observational mechanisms providing a higher quality of
data, both generally and in specific conditions such as severe weather.

The relatively new technique, Global Navigation Satellite System Reflectome-
try (GNSS-R), exploits the heretofore existing GNSS signals of opportunity, after
reflection off the Earth’s surface, to obtain a wide range of geophysical parameters.
GNSS users need navigation signals everywhere, every time, and in every atmospheric
condition. Therefore, the GNSS provides the desired signal coverage for a progressive
Earth observation technology. They can be processed after being intercepted at a
low-cost, low-mass, and low-power receiver to monitor the atmosphere state with
high spatial coverage and an unprecedented sampling rate. In addition, rain-affected
scatterometric measurements are more commonly rejected during the quality control
procedures within data assimilation into NWP models which causes their performance
degradation during severe weathers. The L-band GNSS signals with higher trans-
missivity in rainy and cloudy conditions, compared to conventional remote sensing
signals (usually at Ku- or C-band frequencies), are structurally able to provide less
affected data from hurricanes. This capability can potentially enhance NWP models
in the prediction of extreme atmospheric events.

1.2 History of Spaceborne GNSS-R
The use of GNSS signals scattered from the Earth’s surface originates from the
late 1980s when exploitation of them for scatterometry purposes was innovatively
discussed by Hall and Cordey (1988). Three years later in 1991, the feasibility of
tracking reflected signals of the Global Positioning System (GPS) on the French
Alpha-jet was demonstrated (Auber 1994). Martin-Neira (1993) proposed the use
of the signals for ocean altimetry in the studies on the Passive Reflectometry and
Interferometry System (PARIS). Soon after that, the first GPS reflected signal
was observed by the Spaceborne Imaging Radar-C (SIR-C) providing the first
insights into the expected voltage Signal-to-Noise Ratio (SNR) received at space
platforms (Lowe et al. 2002). The signature of the GPS signals were additionally
demonstrated in GPS / Meteorology (GPS/MET) and Challenging Minisatellite
Payload (CHAMP) radio occultation observations (Beyerle and Hocke 2001; Beyerle
et al. 2002). Zavorotny and Voronovich (2000) developed the theoretical basis for
GNSS scatterometry proposing the Bistatic Radar Equation (BRE) based on the
geometric optics limit of the Kirchhoff approximation. These events along with the
demonstrated feasibility of the technique to monitor ocean surface roughness and
wind speed with air-borne measurements (Garrison et al. 1998; Lin et al. 1999),
sufficiently motivated spaceborne GNSS-R experiments.

The UK Disaster Monitoring Constellation (UK-DMC), launched into a 680
km sun-synchronous orbit in 2003, was equipped with the first spaceborne receiver
dedicated to GNSS-R developed by Surrey Satellite Technology Limited (SSTL). It
was able to collect data in several tracks and the data analysis of these pioneering
measurements revealed some trends between wind and waves and the Delay-Doppler
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Maps (DDMs) (Gleason et al. 2005). Although UK-DMC was the platform with
several experiments and the GNSS-R data collection process was limited to a lower
priority, it served significantly to improve the knowledge of the ocean, ice and land
monitoring using spaceborne GNSS-R measurements (Gleason 2010; Clarizia et al.
2009; Gleason 2006). The first retrieved spaceborne GNSS-R winds were compared to
buoy measurements resulting in root mean square error (RMSE) of 1.84 m/s, however
with a small dataset and at low to moderate winds (Gleason 2013). Nevertheless,
this was a great benchmark for future experiments.

Thanks to the experiences collected with UK-DMC, an even more successful
GNSS-R satellite mission was launched on July 8, 2014, into a 635 km Low Earth
Orbit. The SSTL equipped TechDemoSat-1 (TDS-1) with a more advanced GNSS
remote sensing instrument. The autonomous Space GPS Receiver Remote Sensing
Instrument (SGR-ReSI) tracked the L1 Coarse/Acquisition (C/A) code reflections
as well as the L2 signals for the first time. It produced DDMs of surface scattering
onboard TDS-1 every two days out of 14 due to the platform-sharing with other
experiments. Later on July 2, 2018, it was operational continuously until December
16, 2018, when GNSS-R data collection ceased, approaching TDS-1 end of life in
May 2019.

The TDS-1 measurements, especially being available at no cost, extensively
broadened the knowledge not only for ocean wind retrievals but also in a variety of
applications. The TDS-1 DDMs led to high-quality wind products up to 27.9 m/s
for the first time (Foti et al. 2015) and later the possibility of tracking the signals
in hurricane conditions was shown (Foti et al. 2017). In addition to ocean remote
sensing, TDS-1 showed the feasibility of using spaceborne GNSS-R for monitoring
various types of natural covers such as ice (Alonso-Arroyo et al. 2017; Rius et al.
2017; Yan and Huang 2016; Hu et al. 2017; Li et al. 2017) and land for soil moisture
and vegetation information (Camps et al. 2016; Chew et al. 2016). Signs of progress
were also achieved in using the measurements for water altimetry (Mashburn et al.
2018; Xu et al. 2019). As a result, TDS-1 was a key experiment in bringing the
technique to a higher level of maturity beyond that achieved through the previous
ground or airborne experiments or by UK-DMC during almost a ten-year period
before.

Similar to UK-DMC, TDS-1 provided the baseline for the next GNSS-R mission
which was this time a constellation of satellites fully dedicated to GNSS-R. The
significance of this promising technique was fully recognized by the National Aero-
nautics and Space Administration (NASA) supporting the development and launch
of the Cyclone Global Navigation Satellite System (CYGNSS) on December 15, 2016.
The CYGNSS consists of eight micro-satellites in 35◦ inclined equatorial orbits. The
primary mission objective is to monitor ocean and wind especially in the inner core
of tropical cyclones to improve intensity forecasting and hurricane tracking (Ruf et al.
2018a). Similar to TDS-1, CYGNSS measurements are also being processed over
land surfaces adding additional information such as the estimation of near-surface
soil moisture (Chew and Small 2018; Kim and Lakshmi 2018).

The novelty of technique, the cost-effective GNSS-R receivers, and further matu-
rity of theoretical and instrumental knowledge, allow scientists to create ideas for
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future spaceborne missions. The GNSS REflectometry, Radio Occultation and Scat-
terometry onboard the International Space Station (GEROS-ISS) was the innovative
experiment proposed to the European Space Agency in 2011 (Wickert et al. 2016). In
addition to the use of the GNSS signals of opportunity, the mission was designed to
exploit the International Space Station as the platform by installing a GNSS-receiver
at the upper external payload facility (upper balcony) of the Columbus module. The
main scientific objectives were monitoring sea surface height as well as the ocean
state and surface wind speed. The industrial Phase A studies are finalized and
GNSS-R assessment of requirements and consolidation of retrieval algorithms are
accomplished by 17 scientists in different European countries. The GNSS Transpolar
Earth Reflectometry exploriNg system (G-TERN) was the other GNSS-R mission
proposed later (Cardellach et al. 2018). A 33-member scientific team developed the
mission concept in response to the European Space Agency’s (ESA’s) Earth Explorer
9 revised call. The scientific objective of G-TERN is to monitor sea ice properties and
other Earth system components including ocean wind for a better understanding of
climate change. The high number of missions being developed in both scientific and
industrial sectors does not allow here a review of all spaceborne GNSS-R missions.

1.3 Thesis Structure
This thesis is based on five appended papers, which share the motivation of enhanc-
ing the knowledge of ocean remote sensing using spaceborne GNSS Reflectometry
measurements. The research conducted therein follows the characterization of this
technique and improving the associated physical understanding. The outcomes can
serve to improve the quality of existing products and the development of novel
applications. All appended papers follow and complement each other.

In the first part of the thesis, the introductory chapters are provided. The thesis
starts with an Introduction shortly reviewing the remote sensing of the ocean and
history of spaceborne GNSS Reflectometry in Chapter 1.

Chapter 2 prepares the reader with Fundamentals which are necessary for a
complete understanding of the research in the appended papers. This chapter starts
with explaining the signals of opportunity which can be potentially used by the
GNSS-R technique. It is followed by the physical basics of bistatic radar signal
scattering, with an emphasis on GPS signals. Weak and diffuse ElectroMagnetic
(EM) scattering from ocean surface types are introduced and the bistatic radar
equations describing them are provided. The physical mechanisms that rain and
swell can potentially affect scatterometric estimates are presented. A review of types
of wind retrieval algorithms is given. Finally, this chapter introduces the machine
learning concept and gives the basis for reading Paper 4 and other discussions on
this technique in different parts of this thesis.

The research results are summarized in Chapter 3. It also includes the discus-
sions which complement those in the papers. Chapter 4 finally presents the major
concluding remarks and some ideas are therein recommended for future works.

The second part of this thesis appends the five papers. Paper 1 develops wind
speed data and evaluates the products in comparison to the Advanced SCATterom-
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eter (ASCAT) as a baseline and using different datasets as the reference. It also
reports on the systematic effects of rain which are recommended for future investi-
gations. Following that, Papers 2 and 3 separately focus on two mechanisms that
the measurements could be affected by rain: signal attenuation and surface splash
effect altering the signal forward scattering, respectively. These papers focus on the
characterization of the effect seen in Paper 1. Paper 3 provides physical feasibility
for rain detection over calm oceans based on the effect seen. Paper 4 alternatively
proposes a machine learning algorithm for wind speed retrieval, which is compared to
that implemented in Paper 1 and discusses the quality improvements of estimations
and the advantages of the new algorithm. Finally, Paper 5, for the first time, shows
the signature of ocean mesoscale eddies in GNSS-R measurements which also initiates
investigations on this topic for the development of new applications.

For the convenience of the reader, the abbreviations within this thesis are defined
in the List of Acronyms, in addition to where the first time they are used.





Chapter 2

Fundamentals

2.1 Signals of Opportunity

Signals of Opportunity refer to the signals that heretofore exist and provide the
opportunity of use not only with the main purposes (such as positioning and timing
by GNSS signals) but also in other applications such as remote sensing of the Earth.
The GNSS-R refers to the exploitation of these signals (usually GNSS signals) after
being reflected off the Earth’s surface. Although the technique is originally developed
for the use of GNSS signals, it is being extended to the implementation of those
from digital communication systems for monitoring of surface geophysical parameters
(Shah et al. 2011). Currently, the applications are extended significantly and there
is a wide diversity in the target geophysical parameters (e.g., ocean state, ice and
vegetation properties, soil moisture, sea height) and in the processing algorithms
based on different observables (e.g., phase delay, interferometric phase, delay-Doppler
maps, SNR at the specular point). Here, an overview of the signals of opportunity is
provided, which can be exploited with the GNSS-R technique.

2.1.1 Global Navigation Satellite Systems

The GNSS refers to the evolving satellite constellations developed for positioning and
navigation services over the globe. The concept originates from the 1970s when the
American GPS and Russian GLObal NAvigation Satellite System (GLONASS) were
being emerged. Similar to many significant technology developments, these systems
were a consequence of the ambition of these countries for a military advantage.
Later, the services were also available to the civilian community for positioning
and navigational purposes, however, after imposing some limitations (Seeber 2003;
Teunissen and Montenbruck 2017).

This is imaginable how hardly the scientist could believe at first that these systems
could become one day a significant remote sensing component. The signals, passing
through the atmosphere or reflected from different surfaces (e.g., land, ice, and ocean),
carry the signatures left by different Earth system parameters. Nowadays, the signals
are employed not only for navigational purposes, but also in diverse scientific fields

9
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Table 2.1: GPS constellation status (as of August 19, 2019).

Block Comprising satellites No. of satellites

IIA SVN 34 1PRN 18

IIR SVN 56, 44, 59, 61, 45, 46, 51, 47, 60, 41, 43 11PRN 16, 28, 19, 02, 21, 11, 20, 22, 23, 14, 13

IIR-M SVN 52, 48, 58, 57, 53, 50, 55 7PRN 31, 07, 12, 29, 17, 05, 15

IIF SVN 65, 64, 62, 71, 66, 72, 63, 67, 69, 73, 70, 68 12PRN 24, 30, 25, 26, 27, 08, 01, 06, 03, 10, 32, 09
Total No. of satellites 31

such as meteorology and climate research, ocean, glacier, hydrology studies, and
natural hazard warning systems including tsunami, landslide and volcano monitoring.

In the GNSS-R technique, the GNSS transmitters act as the electromagnetic
radiation source in a passive radar system. The GNSS is designed so that at every
point over the globe the coverage by a minimum number of satellites is always met.
Theoretically, visibility to at least four GPS satellites are required for a successful
positioning, but usually more satellites are available. On the other hand, the signal
frequency is chosen so that it enjoys a high level of rain transmissivity reaching
the receivers through clouds and raindrops. These characteristics are also greatly
of interest for the remote sensing of the Earth, seeking measurements with high
coverage and sampling rate in every condition including severe weather.

Here, the available signals from GNSS are discussed, however, there is a high
number of textbooks and materials, e.g., (Seeber 2003; Teunissen and Montenbruck
2017), to which the reader could refer for more details especially on the positioning
concept (i.e., navigational messages structures and positioning observation equations).

The Global Positioning System

Signals of the US GPS are currently the most commonly deployed GNSS signals for
both positioning and remote sensing purposes. Since they are used for the studies
presented in this thesis, the GPS signals are introduced with more details compared
to those from other systems.

The first satellite of GPS constellation, OPS 5111 (NAVSTAR 1), was launched in
1978 as one of the eleven satellites of Block I, demonstrating positioning capabilities.
The nominal number of satellites was 24, however, the constellation has ended up
in the currently 31 operational satellites. As the system has been evolving, the
satellites are built in different blocks (effect of which on GNSS-R winds are discussed
in Paper 4). They are also launched in different orbital planes. Table 2.1 reports on
the GPS constellation status as of August 19, 2019.

The GPS transmitters currently use three carriers on L-band frequencies including
two legacy carriers broadcast by all of the satellites: Link 1 (L1) at 1,575.42 MHz and
Link 2 (L2) at 1,227.60 MHz, and one more by recent (IIF and later designed) blocks:
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Link 5 (L5) 1,176.45 MHz. GPS signals are formed as a product of a Direct Sequence
Spread Spectrum (DSSS) modulation, which refers to binary biphase modulation of
these carries, known for a long time (Golomb 1964). A DSSS is a product of three
components including a RadioFrequency (RF) carrier, a navigation signal, and a
spreading sequence, as shown in Figure 2.1.

The navigation signal is amplitude rectangular pulses generated at 50 Hz, which
represent the information by the binary determining polarity of the pulses. The
spreading sequence is a rectangular pulse derived from a digital PseudoRandom
Noise (PRN) code. One chip τc refers to the minimum time-period that the spreading
sequence repeats itself and it is reciprocally equivalent to this period known as the
chipping rate Rc = 1/fm, where fm is the code modulation frequency. The term
chip is preferred to bit so that it is emphasized that they carry no information. As
Figure 2.1 illustrates, during the DSSS modulation the navigation signal and the
spreading signals, i.e., sequences of +1 (normal state) and -1 (mirror image state),
are multiplied with each other resulting in a biphase modulation function a(t). The
carrier is multiplied with a(t). In other words, each transition of a(t) from +1 to
-1, or vice versa, results in a phase shift in the carrier and the final DSSS signal is
formed.

Figure 2.1: Direct Sequence Spread Spectrum Modulation (not drawn to scale).

When PRN codes are cross- or auto-correlated, they behave similarly to Gaussian
noises. They are designed so that they have significant autocorrelation and, mean-
while, low cross-correlation peaks. However, the PRN code is, in fact, deterministic.
It can be consequently precisely reproduced. Each GPS satellite has its own PRN
code and these characteristics enable the users’ receivers to differentiate the codes,
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and therefore identify the transmitter so that the signals from different satellites do
not interfere with each other.

Blocks IIA and IIR only broadcast the C/A code and the restricted precision
code (P-code) which were the originally designed codes and are today known as
legacy GPS signals. C/A code, on the L1 carrier frequency, is available to the public,
whereas the P-code, on both L1 and L2, is reserved for military purposes. It is
also called Y-code in the encrypted mode of operation. The C/A PRN codes are
originated form Gold codes (Gold 1967) with a length of 1023 chip and they are at
1.023 MHz. The PRN codes of Y-code are generated at 10.23 MHz, algorithm and
the keys of which are reserved for authorized use.

Block IIR-M and later designed ones additionally transmit the new signals of L2C
(the second civilian signal) on L2 and Military-code (M-code) on both L1 and L2.
L2C is broadcast with a rate similar to C/A signal. It contains the Civil-Moderate
code (CM), 10230 chips being repeated every 20 ms, and the Civil-Long length code
(CL), 767250 chips being repeated every 1.5 s (Fontana et al. 2001).

The M-code is designed, seeking a higher level of robustness against anti-jamming.
It has its energy peaks at the edges, away from those of the existing P(Y) and
C/A signals. The L5 is the third civilian signal being broadcast in a radio band
of 1,176 MHz which is exclusively used for aeronautical radionavigation services.
Therefore, the signals enjoy a higher level of robustness for critical applications.
It was first broadcast by a satellite of Block IIR-M, Space Vehicle Number (SVN)
49, and currently is transmitted by all satellites of Block IIF. Finally, L1C is the
latest civilian-use signal on L1 which is broadcast by satellites of block III, the first
satellite of which was launched recently in late 2018 (Thoelert et al. 2019). Figure
2.2 demonstrates evolution of GPS signals.

Other GNSS

The GLONASS or Globalnaya navigatsionnaya sputnikovaya sistema (in Russian)
is the second system in operation globally. The GLONASS has been revitalized
since October 2011 and provides yet the service with 24 satellites1. It broadcast its
navigational signals in three sub-bands of L-band: L1, L2 and, since February 2011,
L3. Instead of the code division multiple access, only a frequency division multiple
access was initially implemented on L1 and L2 (GLONASS 2008). Each GPS satellite
has its own exclusive PRN, but GLONASS satellites share just one, and different
carrier frequencies are instead employed. In other words, each satellite transmits
a different carrier frequency, which allows the receivers to identify the transmitter
by differentiating the frequency. Since the launch of GLONASS-K1 satellite, SVN
801, GLONASS started transmitting code-division multiple access signals on L3
(1,202.025 MHz) (Thoelert et al. 2011). The L1 carrier frequencies are

fK1 = f01 +K∆f1 (2.1)

and L2 carrier frequencies are given by

fK2 = f02 +K∆f2 (2.2)
1https://www.glonass-iac.ru/en/GLONASS

https://www.glonass-iac.ru/en/GLONASS
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Figure 2.2: Evolution of the GPS Signals, reproduced from (Hegarty and Chatre
2008).

where f01 = 1, 602 MHz, f02 = 1, 246 MHz, ∆f1 = 0.5625 MHz, ∆f2 = 0.4375 MHz,
and K denotes the channel numbers, which were initially from 0 to +13, but later
were shifted to the range from -7 to +6.

Galileo is the European satellite navigation system. The two demonstration
satellites were launched in 2005 and 2008 and the first satellite of the current
constellation was launched in 2011. Although the constellation completion progressed
slowly, its development has accelerated significantly in the last two years. The
satellites are planned to be placed in three medium Earth orbital planes. On
February 11, 2019, the most recently launched four satellites E11, E13, E15, and
E33 became operational2.

The Galileo operates at three different frequency bands broadcasting five different
RF-signals: E1, E6, E5, E5a, and E5b at 1575.42, 1278.75, 1191.795, 1176.45, and
1,207.14 MHz, respectively. The frequency of the signals is designed so that either
they overlap or contiguous to frequency bands used by other GNSS constellations
seeking interoperability with them.

BeiDou, also known as COMPASS, is the Chinese global navigation system (Han
et al. 2011). The first generation of this constellation (BeiDou-1) was deployed
in 2000. Currently (as of August 2019), it consists of 40 satellites, from which 33
satellites are operational3. A combination of satellites in medium Earth-orbiting,
geostationary and inclined geosynchronous satellites constitute the space segment.

2https://www.gsa.europa.eu/newsroom/news/latest-batch-galileo-satellites-enters-service
3https://www.glonass-iac.ru/en/BEIDOU

https://www.gsa.europa.eu/newsroom/news/latest-batch-galileo-satellites-enters-service
https://www.glonass-iac.ru/en/BEIDOU/
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All the new-generation satellites transmit their navigational signals on different
frequencies; B1 (1,561.098 MHz), B2 (1,207.140 MHz), and B3 (1,268.520 MHz).

In addition to the global positioning satellite constellations, regional systems
are spread over the globe. The Satellite-Based Augmentation System (SBAS) is
established to enhance the positioning services by providing corrections, integrity
parameters and atmospheric data (Enge et al. 1996). The space segment of this
system includes geostationary satellites, signals of which resemble L1 C/A code of
GPS. Table 2.2 reports on the existing SBAS.

Table 2.2: The satellite-based augmentation systems.

System Covered region First launch
Wide Area

Augmentation System (WAAS)
North America, benefiting additionally

Central and South America, the Atlantic and Pacific oceans. 2003

Multi-functional Satellite
Augmentation System (MSAS) Japan and the surrounding area 2007

European Geostationary
Navigation Overlay Service (EGNOS) Europe and northern parts of Africa 2005

System of Differential
Correction and Monitoring (SDCM) Russia and the surrounding area 2011

GPS and GEO
Augmented Navigation (GAGAN) India and the surrounding area 2011

Besides, the Quasi-Zenith Satellite System (QZSS) transmits signals with four
geosynchronous satellites over Japan and its surrounding (Inaba et al. 2009). They
broadcast four carrier frequencies which are common with GPS L1 and Galileo E1,
Galileo E6, GPS L2, and GPS L5. The Indian Regional Navigation Satellite System
(IRNSS) provides signals with seven geosynchronous satellites. When IRNSS was
operational, reaching its original designed constellation in May 2016, its name was
changed to the operational name Navigation with Indian Constellation (NavIC)
(Zaminpardaz et al. 2017). The NavIC transmit navigation signals in two bands:
L5 and S, the center frequency of which are 1176.450 MHz and 2492.028 MHz,
respectively.

2.1.2 Communication Signals
Deployment of signals from digital communication satellites is proposed based on the
developments in the GNSS-R technique. Each signal has its own characteristics and
the reflectometry products implementing a wider range of signal frequencies could
complement each other.

Shah et al. (2011) have discussed the use of the signals from XM radio system
which is a satellite-based terrestrial-repeater-enhanced digital broadcasting system.
Two geostationary equatorial orbit satellites broadcast signals on four S-band carriers
(two carries each satellite) at frequencies between 2,332.5 and 2,345.0 MHz. The
signals are left-hand circular polarized (LHCP) and the dependence of the waveform
shape on surface roughness and the feasibility to retrieve wind speed is demonstrated.
Yet, the technique is further extended to the use of multi signals of opportunity.
Boyd et al. (2018) studied implementing signals of the Navy’s Mobile Users Objective
System (MUOS) at P-band frequencies (240-270 MHz and 360-380 MHz), Orbcomm’s
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satellites at I-band (137.5 MHz), beside those from GPS (L-band) and XM radio
system (S-band), for the derivation of soil moisture.

2.2 GNSS Reflections

2.2.1 Reflection Geometry
In radar science, the term bistatic refers to systems that the signal transmitter and
the receiver are separated so that the distance in between is comparable to the range
between the reflecting point and the transmitter or receiver. Those with collocated
transmitter and receiver are conversely called monostatic systems. The GNSS-R
receivers, being separated from the GNSS transmitters, remotely sense the Earth in
a bistatic passive configuration. Those receivers, operating on TDS-1 and CYGNSS,
are able to simultaneously receive up to four reflected signals from four distinct
points. So, the technique could operate as a multistatic system. This concept is
visualized in Figure 2.3.

Figure 2.3: GNSS Reflectometry: a multistatic radar system.

The GNSS-R can provide an unprecedented sampling rate due to the capability of
receiving multiple GNSS signals. This can be even further improved using signals of
opportunity from non-GNSS sources, discussed in Section 2.1. Thanks to the low cost
of GNSS-R passive instruments, multi-satellite constellations can be implemented
which additionally decrease the revisit time. The CYGNSS constellation currently
has a median revisit time of 2.8 hours (McKague et al. 2017).

2.2.2 Types of Reflection
The reflection can occur in two different forms depending on the type and the
roughness of the reflecting surface as well as the signal wavelength. The EM wave
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can be either scattered at a single outgoing direction or many different angles. These
types of scattering are called coherent or specular scattering and incoherent or diffuse
scattering, respectively. In the case of GNSS bistatic ocean scatterometry, the signals
are scattered from an almost ellipsoidal zone, the center of which is the nominal
specular point. The zone surrounding the specular point is, in turn, called the
glistening zone. One of the characteristics which controls the size of the glistening
zone is surface roughness. The rougher the surface, the larger is the glistening zone.
As it becomes more smooth, the glistening zone shrinks and at a flat enough surface,
the transition from diffuse to specular scattering occurs. This mechanism can be
better realized by imagining reflections of visible light. Specular reflection results
in a mirror-like image on a lake, whereas the diffuse scattering leads to an unclear
figure. Figure 2.4 illustrates the role of roughness in the reflection types of light
showing an image on calm (left)4 and rough (right)5 lakes.

(a) (b)

Figure 2.4: Mt. Rainier reflecting in a lake: illustration of role of roughness in
the reflection type at low (a) and higher (b) wind speed.

To physically categorize types of EM waves scattering, Rayleigh parameter Ra

can be used as a measure as follows (Voronovich and Zavorotny 2017):

Ra = (2π/λ)h cos θinc (2.3)

where θinc denotes the incidence angle and h is the root-mean-square of surface
heights which is a function of surface roughness spectrum Ŵ (−→ζ ):

〈h2〉 =
∫
Ŵ (−→ζ )d−→ζ (2.4)

Surface Models for derivation of h are introduced in Section 2.5. When Ra is
smaller than one, specular scattering occurs, whereas values much larger than one
lead to diffuse scatterings. Figure 2.5 plots Ra for the L1 GPS signal at different

4Retrieved from URL
https://www.trover.com/d/1hKAN-reflection-lakes-lewis-county-washington; Accessed
on December 17,2019

5Retrieved from URL http://marinakrasnovid.com/showkase/landscape; Accessed on De-
cember 17,2019

https://www.trover.com/d/1hKAN-reflection-lakes-lewis-county-washington
http://marinakrasnovid.com/showkase/landscape


Chapter 2. Fundamentals 17

vlues of h and θinc. Figure 2.6 shows Ra at the L1 GPS signal frequency as a function
of the incidence angle and wind speed using Elfouhaily’s elevation spectrum model
(see Section 2.5.2). Accordingly, smaller values of Ra are expected at lower wind
speeds and higher incidence angles.
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Figure 2.5: Rayleigh parameter versus the root-mean-square of surface heights at
L1 GPS signal frequency and different incidence angles.

Figure 2.6: Rayleigh parameter at L1 GPS signal frequency as a function of the
incidence angle and wind speed.

According to the above discussions, the type of GNSS signal scattering is also
controlled by the roughness of the ocean. Over an ocean induced by high enough wind
speed (Ra >> 1), signals are bounced off the curved facets formed by surface waves.
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In such scatterings, most of the reflected energy is focused in the cone surrounding
the specular ray. Because of that, such reflections are called quasi-specular (or nearly
specular) reflections. The quasi-specular scattering is a product of a large number of
reflections from correctly oriented facets being combined. According to the theory,
the large-scale surface components within the glistening zone, almost three times
larger than the signal wavelength, control the intensity of this scattering (Zavorotny
and Voronovich 2000). Over calm oceans (Ra < 1)), there is a raise to the coherent
component in the nominal specular direction. In other words, the quasi-specular
scattering changes so that it is more like a higher-order Bragg scattering driven
by Ra (Voronovich and Zavorotny 2017). The mechanism change of GNSS signals
scattering is further discussed in Sections 2.4 and Paper 3. The BREs describing the
scattering as theoretical models are given in Section 2.4.

2.3 Waveform and Delay-Doppler map
A GNSS-R instrument, as the conventional measurement approach, correlates coher-
ently the reflected signal over a coherent integration time Ti as follows (Voronovich
and Zavorotny 2018):

Y c(t, τ,D) = 1
Ti

∫ t+Tc

t
sR(t′)a(t′ − τ)e−j2π(Fc+D)t′dt′ (2.5)

where sR(t) is the replica of the PRN code sequence, a(t) is the reflected signal, t is
the integration start time, τ is the time delay, and D is the Doppler frequency shift.
Due to the weakness of reflected power compared to the direct one, and also to have
a better estimate from the noisy measurements, an incoherent averaging over a large
number of measurements Ni is carried out so that

〈| Y c(τ,D) |2〉 ≈ 1
Ni

Ni∑
n=1
| Y c(tn, τ,D) |2 (2.6)

At the zero Doppler frequency shift D = 0, the measurements are a synthetic one-
dimensional footprint, which is known as waveform. The measurements can be also
presented in the form of a two-dimensional map of the correlation power as a function
of delay and Doppler shift, which are called delay-Doppler Map. Both measurements
respond to the ocean roughness and wind speed with variations in their shape and
the power level. Exemplary CYGNSS waveforms and DDMs at different wind speeds
are shown in Figures 2.7 and 2.8, respectively.

2.4 Bistatic Radar Equations
To retrieve geophysical information from the scattered signals, knowledge of the the
signal behavior and the role of surface properties in their scattering is necessary. In
radar science, the reflecting surface controls the signals scattering through radar cross
section, or in the case of GNSS-R, Bistatic Radar Cross Section σ0 (BRCS). The
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Figure 2.7: Waveforms at different wind speeds, derived from CYGNSS measure-
ments.

BRCS depends on the scattered EM waves and the characteristics of the reflecting
medium. Proposing a general solution for modeling EM scattering is not possible
due to the complexity in the mechanism. Accordingly, developed scattering models
are limited to certain simplifying assumptions.

As the first assumption, one could consider that the L-band signals, over oceans
and ice, do not penetrate the medium and the scattering is mainly by the surface
roughness and the dielectric permittivity of the very top layer. The problem could be
therefore simplified to the case of the single-scattering regime, avoiding accounting for
the multiple reflections by different layers beneath the surface. Numerous theoretical
models formulate the scattering of EM waves as a function of roughness (see e.g.,
Zavorotny et al. (2014) and references therein). In the following, the two important
models which can be employed for GNSS-R applications are reviewed.

2.4.1 Strong Diffuse Scattering Regime
The widely used BRE for practical purposes is developed by Zavorotny and Voronovich
(2000) using the Geometric Optics limit of the Kirchhoff Approximation (KA-GO).
This approximation is based on the assumption that the EM field is formed by
reflections from a high number of specular points within the glistening zone. As
a result, KA-GO neglects diffraction effects and it is based on the quasi-specular
scattering.

The following equation describes the ensemble mean of the correlation power as
a function of the time delay and Doppler frequency shift (Zavorotny and Voronovich
2000):

〈| Y (τ,D) |2〉 = PtGtλ
2T 2

i

(4π)3

∫ ∫
A

Gr | χ(τ,D) |2
R2
tR2

r

σ0dA (2.7)



20 2.4. Bistatic Radar Equations

-3 -2 -1 0 1 2 3
Doppler (kHz)

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

D
el

ay
 (c

hi
p)

0

0.5

1

1.5

2

2.5

3

3.5

Po
w

er
 (W

at
t)

#10-17

(a)

-3 -2 -1 0 1 2 3
Doppler (kHz)

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

D
el

ay
 (c

hi
p)

0

0.5

1

1.5

2

2.5

Po
w

er
 (W

at
t)

#10-17

(b)

-3 -2 -1 0 1 2 3
Doppler (kHz)

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

D
el

ay
 (c

hi
p)

0

2

4

6

8

10

12

14

16

Po
w

er
 (W

at
t)

#10-18

(c)

-3 -2 -1 0 1 2 3
Doppler (kHz)

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

D
el

ay
 (c

hi
p)

0

1

2

3

4

5

6

Po
w

er
 (W

at
t)

#10-18

(d)

Figure 2.8: Exemplary CYGNSS DDMs at wind speeds of 1.5 m/s (a), 3.7 m/s
(b), 4.5 m/s (c), and 8.3 m/s (d).

where χ(τ,D) is the Woodward Ambiguity Function (WAF) and can be approx-
imated using χ(τ,D) ≈ Λ(τ)S(D), in which Λ and S are the triangular and sinc
functions, τ and D are the time delay and the frequency offset, respectively. In
this equation, 〈| Y (τ,D) |2〉 is the ensemble mean of the correlation as a function
of time delay and the frequency offset, Pt is the transmitter power, Gt and Gr are
the transmitter and receiver antenna gains, respectively. The parameter λ is the
carrier wavelength, Ti is coherent integration time, Rt and Rr are respectively the
transmitter to specular point and specular point to receiver ranges, A represents the
scattering area (the glistening zone). Based on the KA-GO, the BRCS reads

σ0 =| R2 | (| ~q | /qz)4P (~q⊥/qz) (2.8)

where ~q = ~q⊥ + qz ẑ is the scattering vector and R is the polarization dependent
Fresnel reflection coefficient which can be obtained from the complex dielectric
constant of ocean water, signal polarization, and local incidence angle as follows
(Zavorotny and Voronovich 2000):

RRR = RLL = 1
2(RV V + RHH) (2.9)
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RRL = RLR = 1
2(RV V −RHH) (2.10)

In the above equations, RV V and RHH read

RV V =
ε cos θinc −

√
ε− sin2 θinc

ε cos θinc +
√
ε− sin2 θinc

(2.11)

RHH =
cos θinc −

√
ε− sin2 θinc

cos θinc +
√
ε− sin2 θinc

(2.12)

where ε is the complex dielectric constant of sea water.
Equation 2.7 is derived based on a certain limitation to the case of strong diffuse

surface scattering. In other words, this equation is valid when the ocean is induced
by an intense enough wind speed and the Rayleigh parameter is consequently large
enough (>> 1). It, therefore, describes a quasi-specular scattering which involves
surface slopes of the large-scale sea surface components. In Equation 2.8, P (~q⊥/qz)
is the slopes Probability Density Function (PDF) of the large-scale sea surface
components at wavenumbers much higher than k∗ = (2π/3λ) cos(θinc). As a result
of that, small scale surface perturbations (such as rain splash discussed in Section
2.6.1), do not affect the strong diffuse scattering and the resultant correlation power.

2.4.2 Weak Diffuse Scattering Regime
When the GNSS signals are scattered from ice or a calm ocean surface induced by
weak wind speed, the Rayleigh parameter would not have a high enough value for
a strong diffuse scattering. In this case, a coherent scattering component exists
which should not be ignored, such as how the Equation 2.7 assumes the mechanism.
In such a condition, the KA-GO would lead to an inaccurate BRCS estimation
through the PDF of surface slopes. One should, therefore, use the models developed
for more general cases so that they count for the transition between the weak and
strong diffuse scattering and their combination. Figure 2.9 shows this transition in
TDS-1 DDMs. The left DDM is obtained form a first-year ice surface which shows
a combination of incoherent and coherent scattering. The coherent scattering has
appeared as a strong single-point-like power at the specular bin with a horizontal
extension over the Doppler frequency shift. Nevertheless, the presence of a weak
incoherent component is still evident potentially due to the ice roughness. The right
DMM corresponds to a reflection from a rough ocean surface showing the typical
horseshoe shape. This DDM represents a strong diffuse scattering.

The BRE is recently extended into two terms, one for describing the coherent and
the other counting for the incoherent component (Voronovich and Zavorotny 2018).
The incoherent component is similar to Equation 2.7, and the coherent component
reads

〈| Y (τ,D) |2〉coh = Ptλ
2GtGrη0

(4π)2(Rt +Rr)2 | χ(τ,D) || VF |2 exp(−4R2
a) (2.13)
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(a) (b)

Figure 2.9: Exemplary TDS-1 DDMs obtained from a first-year ice (a) and a rough
ocean surface (b), modified from (Voronovich and Zavorotny 2018; Alonso-Arroyo
et al. 2017).

where η0 ≈ 120π Ohms, and VF = VF (ε, θinc) is the Fresnel reflection coefficient of
the underlying medium, which is a function of the dielectric constant of the medium
ε and the incidence angle θinc. It can be considered as a combination of vertical and
horizontal polarization Fresnel reflection coefficients, which reads

VF (ε, θinc) = RV V −RHH

2

=
cos θinc(ε− 1)(

√
ε− sin2 θinc)

(ε cos θinc +
√
ε− sin2 θinc)(cos θinc +

√
ε− sin2 θinc)

(2.14)

The BRE, proposed by Voronovich and Zavorotny (2018), considers the coherent
reflection component which is significant in the weak diffuse scattering regime.
Therefore, it provides the generality and describes a much wider range of surface
conditions at any Rayleigh parameter. From equation 2.13, it can be seen that
the intensity of the coherent component is inversely proportional to the Rayleigh
parameter. It decays rapidly at high wind speeds due to the strong effect of the
decorrelation factor (exp(−4R2

a)) and this component is conversely significant at the
low values of the Rayleigh parameter.

Besides, a scattering model is proposed describing BRCS in the weak diffuse
scattering regime with the transition to the strong diffuse scattering (Voronovich and
Zavorotny 2017). Based on the small slope approximation of the first order, BRCS



Chapter 2. Fundamentals 23

is determinable as follows:

σ0(−→k ,−→k 0) = | B(−→k ,−→k0) |
4q2
kq

2
k0

(qk + qk0)2 e
−(qk+qk0 )2W (0)

×
∫
e−i(

−→
k −
−→
k 0)−→ρ

(
e(qk+qk0 )2W (−→ρ ) − 1

)
d−→ρ

(2.15)

where −→K 0 = (−→k 0,−qk) is the wave vector of the incident plane and −→k 0 and qk =
(ω2/c2−k2

0)1/2 are its horizontal projection and the vertical wavenumber, respectively.
Similarly, −→K = (−→k ,−qk) is the wave vector of the scattered plane wave. W (−→ρ ) is
the correlation function of the surface roughness which reads

W (−→ρ ) = 〈h(−→r )h(−→r +−→ρ )〉 =
∫
ei
−→
ζ −→ρ Ŵ (−→ζ )d−→ζ (2.16)

and B is determinable as

B(−→k ,−→k 0) =
(ε− 1)(q(ε)

k q
(ε)
k0

−→
k
−→
k 0

kk0
− εkk0)

(εqk + q
(ε)
k )(εqk0 + q

(ε)
k0 )

(2.17)

For numerical implementations, Equation 2.15 can be expanded to

σ0(−→k ,−→k 0) =16q2
kq

2
k0 | B(−→k ,−→k 0) |2

× e−(qk+qk0 )2W (0)
L∑
l=1

(qk + qk0)2l−2

l!
−→
W (l)(−→k −−→k 0)

(2.18)

where
Ŵ (l)(−→ζ ) =

∫
e−i
−→
ζ −→ρW (−→ρ ) d

−→ρ
(2π)2 (2.19)

and
Ŵ (1)(−→ζ ) = Ŵ (−→ζ ) (2.20)

The reader could refer to Voronovich and Zavorotny (2017b) for the descriptions on
the determination of the equations and further details.

2.5 Modeling Surface State

2.5.1 Probability Density Function of Ocean Wave Slopes
As discussed in previous sections, one needs the knowledge on the ocean surface wave
spectrum for the determination of BRCS and the Rayleigh parameter to describe an
EM wave scattering from the surface. Normally, it is assumed that the distribution
of the surface elevations is bivariate Gaussian, although it is demonstrated that the
PDF of ocean wave slopes does not always follow this assumption (Cardellach and
Rius 2008). Nevertheless, the derivation of the non-Gaussian PDF would not be an
easy task as the information on skewness and peakedness is required.

The KA-GO based derivation of the BRCS (Equation 2.8) requires the PDF of
surface slopes. Following the assumption that the PDF is Gaussian, it is described
as a function of slope variances along orthogonal axes, which reads
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P (s) = 1
2πσsxσsy

√
1− b2

x,y

exp
(
− 1

2(1− b2
x,y)

(
s2
x

σ2
sx

− 2bx,y
sxsy
σsxσsy

+
s2
y

σ2
sy

))
(2.21)

where sx and sy are the upwind and crosswind ocean slope components and σsx and
σsy denote the upwind and crosswind MSS components, respectively. The spectrum
is normally assumed symmetrical with respect to the wind direction along the major
x- or y-axis (bx,y = 0). Components σsx and σsy are dependent on the sea-surface
elevation spectrum W (−→κ ) so that

σ2
sx,sy

=
∫ ∫

ζ2
x,yW (−→κ )dφdκ (2.22)

Finally, the above integration is carried out over the wavenumbers κ smaller that
the cutoff wavenumber

k∗ = (2π/3λ) cos(θinc) (2.23)
For more general cases, such as bx,y 6= 0, and for more details, one could refer to
Zavorotny and Voronovich (2000).

2.5.2 Elfouhaily’s Wave Spectrum
According to Elfouhaily et al. (1997), the elevation spectrum can be expressed as a
function of wind speed, which reads

W (−→κ ) = ψ(κ)A(κ, φ) (2.24)

where ψ(κ) and A(κ, φ) are respectively the radial and the azimuthal parts so that

ψ(κ) = κ−4[Bl(κ) + Bh(κ)]L(κ)Γγ(κ) (2.25)

A(κ, φ) = 1
2π [1 + ∆(κ) cos 2(φ− φ0)] (2.26)

In the above, Bl and Bh are respectively the long and short wave curvature spectrum,
∆ is the unified spreading function, and φ0 is the wind direction. Additionally,

L(κ) = exp
(
−5

4(κp/κ)2
)

(2.27)

where κp is the wavenumber of the dominant wave which is determinable through
the phase speed cp of the dominant wave

cp =
√
g/κp = U10/Ω (2.28)

In the above, Ω is the inverse wave age which is equal to 0.84 for a well-developed
sea, and

Γ =
{

1.7, if 0.83 < Ω < 1,
1.7 + 6 log(Ω) if 1 < Ω < 5

(2.29)
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Figure 2.10: Wave elevation spectrum at different wind speeds U10 derived from
Elfouhaily’s model.

γ(κ) = exp

−
(
κ1/2 − κ1/2

p

)2

2δ2κp

 (2.30)

where δ = 0.08(1 + 4Ω−3). For the details on Bl, Bh, and ∆(κ) see Elfouhaily et al.
(1997). Figure 2.10 shows the elevation spectrum at different wind speeds U10.

Elfouhaily’s wave spectrum can be implemented in equations 2.4 and 2.22 for
derivation of the Rayleigh parameter and MSS. Equation 2.22 can be rewritten to

σ2
sx,sy

=
∫ κ∗

0

∫ π

−π
κ2
x,yψ(κ)A(κ, φ)dφdκ (2.31)

Then, the MSS components are derivable as follows:

σ2
sx

=
∫ κ∗

0

∫ π

−π
κ2 cos2(φ)ψ(κ)A(κ, φ)dφdκ (2.32)

σ2
sy

=
∫ κ∗

0

∫ π

−π
κ2 sin2(φ)ψ(κ)A(κ, φ)dφdκ (2.33)

Finally, the total MSS σ2
s reads

σ2
s = σ2

sx
+ σ2

sy
=
∫ κ∗

0

∫ π

−π
κ2ψ(κ)A(κ, φ)dφdκ (2.34)

and in the case of isotropic PDF of slopes, σ2
sx

= σ2
sy

= σ2
s/2.

2.5.3 Empirical Mean Square Slope Models
The advantage of using Elfouhaily’s model is that it describes wind-driven waves
in deep water under diverse wave age (fetch) conditions. When, the wind energy is
imparted maximally to the waves in deep seas, an equilibrium state of wind-wave
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energy is established, which is called the well- (or fully-) developed condition. Over
a well-developed sea, the statistical distribution of surface slopes has a determinable
connection to wind speed. This relationship between MSS components and wind
speed could be derived empirically based on measurements. Such empirical models,
for the sake of convenience, explain the components along wind direction, σ2

u, and
across it, σ2

c .

Cox and Munk’s

Cox and Munk (1954) proposed an empirical model based on a statistical analysis of
the slope distribution using the Sun’s glitter on the sea surface measurements. The
developed direct equations read

σu,CM = 3.16× 10−3U10 (2.35)

σc,CM = 0.003 + 1.92× 10−3U10 (2.36)
Later, a corrected MSS, σcor, was proposed for signals with smaller frequencies
(f < 35 GHz) by Wilheit (1979) , which reads

σ2
cor(f) = (0.3 + 0.02f)σ2

CM (2.37)

where σ2
CM = σ2

c,CM + σ2
u,CM .

Katzberg et al.’s

Katzberg et al. (2006) proposed an empirical model, derived based on the National
Oceanic and Atmospheric Administration (NOAA) measurements, especially in high
wind speed conditions. Accordingly, the modified MSS components read

σu,G = 0.45(0.00 + 0.00316×H(U10)) (2.38)

σc,G = 0.45(0.003 + 0.00192× U10) (2.39)
where H(U10) is a function of wind speed so that

H(U10) =


U10, if 0.00 < U10 ≤ 3.49,
6 lnU10, if 3.49 < U10 ≤ 46,
0.4111U10 if 46 < U10 < 5

(2.40)

2.6 Retrieval Perturbations

2.6.1 Rain
The common assumption in GNSS-R wind speed retrievals is that the surface
roughness is formed by wind-generated gravity-capillary waves, and consequently,
the BRCS is controlled by the wind, which is the geophysical parameter of interest.
In fact, rain could affect the derived BRCS in different ways. Here, the fundamentals
of how rain may affect scatterometric observations are provided.
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Signal Attenuation

The GNSS signals may lose their energy passing through the rainy atmosphere. The
existing raindrops and the dense clouds and water vapor absorb the signal energy
when its path intersects the rain cell and transfer it into heat. They additionally
scatter the signal off their original path (Hulst and Hulst 1981). These phenomena
could happen in both ways from the transmitter to the glistening zone and from
that toward the receiver. As a result, rain affects the received power in the form
of a reduction in the level of received power which could consequently appear as a
bias in the retrieved wind speed. Rain attenuation is highly dependent on the signal
frequency so that at Ku-band signal frequencies (i.e., 12 to 18 GHz), the majority
of the radiation is scattered in directions away by intense precipitation and this
phenomenon can significantly disturb the backscatterometry (Contreras et al. 2003).

There is a variety of solutions that can be implemented to approximate rain
attenuation on scatterometric signals. Mie (1908) proposed an analytical solution,
estimating the scattering and absorption of the electromagnetic waves by dielectric
spherical particles. This solution has been restated commonly by several scientists.
The total cross-section efficiency factor by Mie solutions reads (Collin 1985; Islam
et al. 2010)

Qext = λ2

2π (kr)3(c1 + c2(kr)2 + c3(kr)3) (2.41)

where r is the arbitrary radius of the dielectric sphere and k(= 2π/λ) a is the signal
wavenumber. The constant values, c1, c2, and c3 are dependent on the dielectric
constant of the particle which is a complex value with the real ε′ and imaginary ε′′
parts. They are determinable as follows:

c1 = 6ε′′
(ε′ + 2)2 + ε′′

(2.42)

c2 = ε′′
{

6
5

7ε′2 + 7ε′′2 + 4ε′ − 20
[(ε′ + 2)2 + ε′′2]2

+ 1
15 + 5

3 [(2ε′ + 3)2 + 4ε′′2]

}
(2.43)

c3 = 4
5

{
(ε′ − 1)2(ε′ + 2) + [2(ε′ − 1)(ε′ + 2)− 9] + ε′′4

[(ε′ + 2)2 + ε′′2]

}
(2.44)

Mie solution applies for predicting attenuation for any microwave wave, however,
it is more reliable at high frequencies. At lower frequencies, when kr � 1 (i.e., at
much larger wavelengths, compared to the radius of the particle), a simple solution,
known as the Rayleigh approximation is alternatively proposed which reads (Collin
1985; Islam et al. 2010)

Qext =
[

8
3πr

2(kr)4 + 12πr2(kr) ε′′

(ε′ − 1)2 + ε′′2

] [
ε− 1
ε+ 2

]2
(2.45)

Once Qext is derived, the attenuation coefficient can be determined as (Sadiku 2000;
Odedina and Afullo 2010)

γ = nQext (2.46)
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where n is identical to the number of spherical drops per unit volume. Finally, the
strength of the signal passing through a distance d decreases by factor G, which
reads

G = e−γd (2.47)

To obtain rain attenuation through the calculation of Qext and G, the information
on the raindrop size, the number of drops and the complex dielectric constant of the
mediums is needed. The other approach can be the use of the power-law relationship,
whose coefficient can be adjusted based on the signal frequency and are given
empirically by the International Telecommunication Union-Radio communication
sector (ITU-R). To avoid redundancy, a detailed explanation of this approach is
avoided here and Paper 2 provides the details in the following. It investigates the
rain attenuation effect on the GNSS-R observations and the derived wind speeds.

Surface Splash

Rain can affect GNSS-R scatterometric measurements with modifications of the
ocean surface roughness. Ring-waves, craters, stalks, and crowns created by raindrops
impinging the ocean surface, shown in Figure 2.11, could alter the surface state
which potentially can be detectable by GNSS-R. Rain splash effect at other signal
frequencies and mainly in a backscatterometry configuration is widely investigated
(see Paper 3 and references therein). However, due to the signal and the scattering
mechanism change in the GNSS-R scatterometry, this effect on the measurements
requires its special attention and investigations.

(a) (b) (c)

Figure 2.11: Splash products of a raindrop impinging the water surface: crown
and crater (a), stalk (b), and ring-waves (c) (Contreras et al. 2003; Worthington
1896).

Equations 2.34 and 2.3 show the dependencies of the Rayleigh parameter and
the MSS on the surface elevation spectrum. The combination of the rain splash and
wind generated spectrum, such as that modeled by Elfouhaily (see Section2.5.2),
could be used to derive the affected parameters and, consequently through them, the
rain-splash contaminated GNSS-R observables. Craeye et al. (1997) have proposed a
log-Gaussian model of the radial spectrum SK(κ) being derived from the frequency
spectrum measured at one point of the surface. This model reads

SK(κ) = 1
2πVgrSf,peak exp

−π
 ln(f(κ)

fp
)

∆f
fp

2 (2.48)
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where Vgr is the group velocity, ∆f = 4.42 + 0.0028R Hz, fp = 5.772− 0.0018R Hz,
Sf,peak = 6× 10−4R0.53 cm2 Hz−1, and R is the rain rate. Through follows, f(κ) is
determinable:

ω2 = (2πf)2 = gκ+ hκ3 (2.49)

where κ is the wavenumber, g = 980 cm/s2 , and h = 74 cm3/s2.
Paper 3 discusses the investigations of the splash effect of rain on GNSS-R

measurements.

2.6.2 Other Potential Perturbations
In addition to rain effects, other error sources could potentially affect GNSS-R ocean
products. The investigation of these effects is beyond this thesis, but they are highly
recommended for future studies. Here, some of them are shortly introduced giving
the preliminary directions on how they could be studied.

Dust

Similar to raindrops, the attenuation of dust particles in the atmosphere is expected
to be significantly at lower levels for L-band signals compared to those at higher
frequencies. However, the attenuation level by dust storm could be characterized by
implementing the Rayleigh approximation or Mie solutions. A similar investigation
is carried out to predict microwave attenuation at much larger frequencies by Islam
et al. (2010).

Swell

Swell is a kind of wave that is not generated by the local wind. The source of swell
could be distant weather, blowing over the fetch of the ocean, originating the wave
at a far enough location. It is mainly generated by hurricanes in other areas. Similar
to the rain splash effect, the swell-generated spectrum can be combined with the
wind-induced one and the effect is determinable. A swell-generated narrow-band
Gaussian spectrum reads (Durden and Vesecky 1985; Ghavidel and Camps 2016)

Ss(κx, κy) = 〈h2〉
2πσxσy

exp

−1
2

(κx − κxm
σx

)2
+
(
κy − κym

σy

)2
 (2.50)

where 〈h2〉 denotes the swell height variance, σx and σy represent the spectral
standard deviations, κx and κy are the wavenumber components, and κxm and κym
are the spectral peak wavenumbers. Figure 2.12 shows the generated spectrum by
swells with different wavelengths Λm, which relates the swell wavenumber through

κm =
√
κ2
xm + κ2

ym = 2π/Λm (2.51)

Figure 2.13 plots a swell-wind combined spectrum Ss,w(κ) along with the cutoff
wavenumber at incidence angles of θinc = 0o and θinc = 60o.
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Figure 2.12: Swell wave spectrum at different wavelengths Λm: 〈h2〉 = 4m2,
σx = σy = 0.0025, and κxm = κym = 2π/(

√
2Λm).

According to Figures 2.12 and 2.13, swell modifies ocean surface wave spectrum
at small enough wavenumbers, which reside at much lower than the GNSS-R cutoff
wavenumber. As a result, this oceanic phenomenon is expected to affect GNSS-R
measurements at both regimes of weak and strong diffuse scattering. As a result,
characterizing this effect is highly recommended for future studies.

2.7 Retrieval Algorithms

2.7.1 Delay-Doppler Map Observables

The dependency of measured DDMs on the wind speed is clarified in Section 2.4.1.
The BRCS and Rayleigh parameter are both a function surface roughness which
is in turn mainly controlled by the surface wind field. In the conventional wind
speed retrieval algorithms, there is a simplifying assumption that the ocean state is
only a function of wind speed. Whereas, the surface could be disturbed by various
atmospheric or oceanic phenomena, such as precipitation and swell, as discussed
before. Nevertheless, retrieval algorithms have been able to meet the required
accuracy for successful wind speed retrieval.

The retrieval algorithms are generally an inversion of the BREs from the observable
to the geophysical parameter. Any quantity extracted from the measured waveforms
or DDMs, which is necessarily sensitive to the geophysical parameter of interest,
might be used as an observable. Equation 2.8 demonstrates how the BRCS is
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Figure 2.13: A wind induced wave spectrum at U10 = 9 m/s (derived from
Elfouhaily’s model) modified by a swell with a wavelength of Λm = 400 m.

dependent on wind speed through the PDF of ocean wave slopes which in turn is
mainly controlled by wind speed. The BRSC is, therefore, the more commonly used
quantity for the derivation of wind speed. However, post-processing of the DDM
is required to derive this parameter. For each bin at different delay and Doppler
values, a BRCS value is derivable. Then, normally NBRCS is established being
representative for the entire DDM, or more commonly, for the effective area. The
NBRCS reads

σ0 =
 N∑
j=1

M∑
i=1

σ0,τjDi

/ N∑
j=1

M∑
i=1

AτjDi

 (2.52)

where N and M are the DDM bins of delay and Doppler over the effective area,
which is normally a box cantered at the bin with zero delay and Doppler shift values.
The effective area corresponds to the specular point and the area surrounding it.

Quantities which are highly correlated with wind speed can be used, however,
there might be differences in their level of sensitivity to wind speed. This is important
that the observable properly responds to the widest range of wind speed which could
ease the accurate information extraction. Retrieval algorithms could use one or more
observables in the inversions to wind speed.

As shown in Figure 2.7, the integrated delay waveform responds to wind speed
with variations in its shape, especially near the peak value. Quantities representing
the shape of the integrated delay waveform can be therefore used as observables in
the wind speed retrievals. The Leading Edge Slope (LES) is defined as the slope of
the leading edge of the integrated delay waveform. The slope is calculated where it
has the maximum value (i.e., where the integrated delay waveform has the maximum
derivative value). In addition, the Trailing Edge Slope (TES) could be used for wind
speed determination. It is obtained as the slope of a part of the waveform, where it
descends immediately after the peak. In addition, the Delay-Doppler Map Average
(DDMA) is computable averaging the received incoherent power over the effective
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area. The DDMA can be calculated after subtracting the noise floor. The noise floor
is, in turn, determinable averaging bin values over the area where no scattered signal
resides. This area is the early delay region of a DDM. Clarizia et al. (2014) studied
use of these observable to retrieve wind speed.

2.7.2 Theoretical-model-based Algorithms
These methods rely on searching for the best set of geophysical variables −→x which
result in the best fit to the measurement M(−→x true), being used as inputs into a
theoretical model f(−→x ). In other words, the problem is defined as

min
x∈A

(‖ f(−→x )−M(−→x true) ‖) (2.53)

where A is the searching domain and −→x true is the true solution. Since f ≈M , the
solution of the above problem is xopt ≈ xtrue. There are studies of an early time
relaying on the above scheme for wind information derivation. Garrison et al. (2002)
proposed an algorithm, based on the scattering model generating sets of modeled
waveforms. They used the BRCS (Equation 2.7) to predict the expected shape of the
cross-correlation waveform at different wind speeds. This approach was later followed
by fitting of the measured delay waveforms, normally using least squares, at the
zero Doppler frequency shift to those derived from theoretical models (Gleason et al.
2005; Cardellach et al. 2003). Li and Huang (2014) proposed a retrieval algorithm
to obtain both sea-surface wind speed and direction by least-squares fitting of the
entire simulated GNSS-R DDMs to the measured one.

2.7.3 Geophysical Model Functions
The translation of wind speed to the DDM is explained by the BREs. However, the
inverse conversion, describing wind speed as a function of GNSS-R observables, is
more complicated and requires the determination of a Geophysical Model Function
(GMF). Generally, the observable can be described as the function of reflection
geometry −→G , radar and system properties −→R , and the geophysical parameters −→U ,
which reads

Obs = GMF(−→U ,−→G,−→R ) (2.54)

In other words, the GMF is inherently a forward operator deployed to convert directly
the GNSS-R observable to wind speed. The vector −→U could be a set of geophysical
variables including those causing non-wind driven surface perturbations (e.g., swell,
rain splash), but conventional GMFs simply consider just the parameter of interest,
which is the neutral-stability equivalent wind speed, normally at 10 m above the
ocean surface. In addition to wind speed, the BRCS is theoretically sensitive to wind
direction when the scattering projection does not coincide with the nominal specular
direction (Zavorotny and Voronovich 2014). Nevertheless, considering that the
sensitivity to wind speed is significantly stronger than wind direction, this signature
can be ignored in current GMFs to a low order approximation. Retrieving wind
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direction practically requires further studies in addition to already conducted ones
(Zavorotny and Voronovich 2014; Park and Johnson 2017; Guan et al. 2018).

The GMF can be determined analytically or empirically. The analytical ap-
proaches, more used in earlier times and for backscatterometry rather than in bistatic
forward scatterometry, rely on the physical knowledge, inverting the radar equations,
and the radar geometry. One could refer to Li and Huang, p. 793-798 (2014) for a
review on the Ku- and C-band GMFs of the earlier time.

The other approach is the derivation of the GMF in an empirical sense. For this
purpose, GNSS-R observations are collocated to a match-up dataset derived from
other instruments or weather model reanalysis estimates. Based on a preliminary
knowledge on the observable relation to wind speed, the GMF is constrained to
a specific class of function. The function is then fitted to the collocated dataset
so that the best fit, normally using least squares, is achieved. This approach is
commonly used for retrieving GNSS-R wind speed (Foti et al. 2015; Wickert et al.
2016; Cardellach et al. 2003; Clarizia et al. 2009; Katzberg et al. 2006; Garrison et al.
2002; Komjathy et al. 2004; Gleason et al. 2005). This parametric derivation of a
GMF has its own deficiencies which should be considered, discussed in Paper 4.

2.8 Machine Learning

2.8.1 Concept

Machine Learning (ML) is known as an engineering/scientific field, being established
since the 1990s. It is “a Field of study that gives computers the ability to learn
without being explicitly programmed” as Samuel (1959) specifies.

What acts as a biological brain in machines is a mathematical/statistical ar-
chitecture of subfunctions and operators. The parameters within this architecture
(those designed to be determined during training) are optimized so that the machines
perform the desired task. For a better understanding, one could say it is similar to a
polynomial fitting to a dataset and the determination of coefficient values, however,
ML algorithms are much more complicated. As a result, this field has closely linked
to statistics and “it was striking how many times people working within the ML
community realized that their ideas had a lengthy pre-history in statistics”6.

On the other hand, these statistical models are executed by computers. The
processing of big datasets requires high computational capabilities and adequate
data storage systems (recently known as data clouds) as well as rapid data transfers
between computational units. Consequently, the ML field is also highly related to
computer science.

Nowadays, we are using ML services consciously or unconsciously every day. For
example, they recognize spam emails and sent them to the spam folder, they offer us
what we might need on social media and online shopping websites, and they sort the
contents according to our request from a search engine, and eventually based on our

6Michael I. Jordan at reddit (click here); Accessed on November 13, 2019.
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need. The bigger human dreams are coming true with the help of ML such as those
in robotics (Kober et al. 2013) and autonomous driving (Sallab et al. 2017).

In recent years, ML techniques have been being developed and implemented as an
efficient empirical approach in different applications. They help scientists in a wide
variety of research fields from medical diagnoses (Razzak et al. 2018) to economics
(Mullainathan and Spiess 2017).

ML-based models can be multi-variable with a high number of input parameters.
The relationship between the input and output sets are captured empirically. A
well-trained machine is expected to predict the output values for even unseen inputs.
In this sense, ML is supposed to assist us to achieve the proper solution when

• the problem is highly nonlinear,

• the input or/and output are high dimensional,

• the theoretical knowledge could not meet the requirements for an analytical
solution

• there is enough number of examples for the training.

The capabilities of ML in remote sensing and Geosciences are well documented
(Lary et al. 2016; Zhang et al. 2016) and the applications range is still growing as
better computational and data storage capabilities are developed.

2.8.2 Optimal Performance and Generalization
Machines must be trained so that the objective task is not only performed on
the training dataset, but also on those which are not yet seen. So, the training
is not only about performance optimization, but also generalization. An under-
trained model, such as that shown in Figure 2.14 (a), has not yet achieved its
optimal performance, and an over-trained model has lost the generality needed.
Although it might demonstrate a perfect fit to the training data, its performance
could significantly degrade over a test dataset, similar to the model in Figure 2.14
(b) with a large MSE. As a result, training can be the most important part to obtain
desirable performance such as that by the model in Figure 2.14 (c).

Additionally, ML is not able to achieve the required level of generality with an
insufficient number of training examples, or with those not well covering the input
domain (not varied enough examples).

To assess the generality and optimality of an algorithm, the examples are typically
split into three groups of

• Training data: the dataset specified to train the algorithm.

• Validation data: the part of data used to tune the training parameters (such
as the number of training iterations) which are known as hyperparameters.
These parameters are the inputs into the learning algorithm and their own
suitability are assessed through the validation data.
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Figure 2.14: Exemplary under-fitted (a), over-fitted (b), and well-fitted (c) models.
The plots show polynomial regressions with degree of 1, 4 and 15 respectively.

• Test data: the unseen examples used to evaluate the final performance of the
model and validate it.

Finally, the goal of the training will be to achieve a homogeneous performance over
the above datasets. The training is mathematical optimization of the loss function
value over the datasets, which measures the difference (or equivalency) between the
predicted and the true label.

2.8.3 Learning Types
The ML techniques can be classified into three groups based on the way they learn
the tasks (Russell and Norvig 2016):
• Supervised learning is the learning process that the example pairs are

introduced by a teacher and the machine is supposed to learn the relationship
between input-output pairs.
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• Unsupervised learning is that with no information in a form of labels or
given output values and the machine learns by exploring the data characteristics
and discovers the hidden patterns.

• Reinforcement learning is the process in which the machine learns to take
actions with a certain goal in a dynamic environment to maximize cumulative
reward (such as driving a car or playing a specific game).

Additionally, semi-supervised learning could be the other type of training when the
machine is given both labeled and (normally much larger amount of) unlabeled data.

2.8.4 Task Types
The ML algorithms can be also categorized into different groups based on the tasks
that they perform such as

• Classification: The input data are classified into multiple categories. The
algorithms carrying out classification assigns a categorical class to the input.
An example can be the recognition of the type of animals shown in images.
The algorithms carrying out classification are mainly trained with supervision
giving the labels for each input.

• Regression: The machine predicts the output which is continuous rather than
discrete or categorical.

• Clustering: In such applications, the machine classifies the data to different
classes with a difference to what happens in classification. In clustering,
unsupervised learning is applied and the machine categorizes the data exploring
their characters without any given label.

New classes can be added to the above as applications of ML being extended, such
as density estimation and dimensionality reductions of inputs (Sugiyama et al. 2012;
Bi et al. 2003).

2.8.5 Machine Learning Algorithms
Listing all the existing ML algorithms will be not possible due to their huge variety.
Nevertheless, it is here tried to shortly review the commonly used algorithms.

Artificial Neural Networks

An Artificial Neural Network (ANN) or a Neural Network (NN) (Hinton 1992) is a
learning algorithm inspired by the structure of the human brain. An interconnected
architecture of artificial neurons in multiple layers process the information. They are
highly capable of capturing the complex relationship between the input and output
and are commonly used as a non-linear statistical data modeling tool. They are
further explained in Subsection 2.8.6 .
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Decision Trees

Decision trees can be architected to form predictive models mapping observations to
the decision (Safavian and Landgrebe 1991). Decision trees are a popular algorithm
for classification applications which recursively split the input into smaller partition
at each branch, based on a criterion defined during training, until the decision is
made at the last leaf.

A multitude of decision trees is normally developed during the training procedure
to improve decision accuracy based on the ensemble theory. Ensemble methods can
achieve a higher level of accuracy than that could be obtained by a single constituent
learning algorithms (Opitz and Maclin 1999). In other words, the optimal final
decision is made based on those single predictions by each individual decision tree,
through a voting procedure for example (Liaw, Wiener, et al. 2002). A multitude of
these decision trees constitutes a random forest.

Support Vector Machines

The Support Vector Machines (SVMs) are used for both regression and classification
applications (Suykens and Vandewalle 1999). The SVMs are based on defining
hyperplanes that define the input space (which can be high dimensional) into multiple
classes. the hyperplanes are determined so that the inaccurate classifications are
minimized during the training phase. Mathematical functions are used by an SMV
algorithm as the kernel. Some of the commonly used kernel functions are

• linear kernel:

K(xi, xj) = xi.xj (2.55)

• radial basis function kernel:

K(xi, xj) = exp(−γ‖xi − xj‖2) (2.56)

• Gaussian kernel:

K(xi, xj) = exp
(
−‖xi − xj‖

2

2σ2

)
(2.57)

• polynomial kernel:

K(xi, xj) = (γxi.xj + r)d, γ > 0 (2.58)

• and sigmoid kernel:
K(xi, xj) = tanh(γxi.xj + r) (2.59)
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Clustering Algorithms

A clustering algorithm divides the dataset into multiple groups (or clusters) of
similar data according to a set of predefined criteria. Clustering algorithms usually
adopt an unsupervised learning approach. There are several algorithms with the
purpose of cluster analysis, including k-means (Forgy 1965), k-Medians, Expectation
Maximisation (North and Blake 1998), and Hierarchical Clustering (Frigui and
Krishnapuram 1999). An overview of clustering methods is provided by Omran et al.
(2007).

Association Rule Algorithms

Association rule learning is the method developed for identifying relations between
different variables in the databases (Agrawal and Srikant 1994). The relations in
a dataset are searched according to specific measures of interest. Association rule
learning is employed extensively for marketing analysis and purposes. For instance,
this method could be implemented to capture the relationship between the purchase
of different products. The offers during the next online shopping could be therefore
optimized based on the previous purchases of each client.

2.8.6 Artificial Neural Networks
Neurons are the smallest processing unit of a biological brain and they are intercon-
nected to each other. The information is passed through Axons from a neuron to
another which makes them an extremely powerful processing network, although they
can not be solely very bright. The network is, in the end, able to respond in a highly
non-linear manner. The ANNs are developed inspired by biological brains

Architecture

Similarly, an artificial neuron is the smallest processing unit of an ANN. Each neuron
could have inputs variables p which have their own weight W. The output of a
neuron a reads

a = f(Wp + b) (2.60)

where b is the bias and f is the activation function. Figure 2.15 illustrates a neuron.
The input to each neuron is the output derived from other neurons, except into those
in the input layer which take directly the input variables into the ANN. Multiple
neurons form a layer and finally, an ANN consists of input, hidden and output layers.
The nth layer has a weight matrix Wn and bias vector bn with activation function
fn. Finally, the output of this layer an reads

an = fn(Wnan−1 + bn) (2.61)

Figure 2.16 shows the architecture of an ANN with three layers. Choosing the
optimal number of neurons for each layer and number of hidden layers is dependent
on different factors such as the problem being solved and its level of non-linearity,
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types of input data into the ANN, the number of available examples for the training
and their quality. Determining the optimal architecture could be challenging (Larose
and Larose 2014). A large number of neurons and layers may impose computational
intensities. Whereas, an insufficient number of them could degrade ANN learning
ability. Normally, the ANN performance during training procedures is observed and
a decision on the architecture of the ANN is made, in a trial and error sense.

Figure 2.15: A multiple-Input neuron (Hagan et al. 1997).

Figure 2.16: A three-layer neural network (Hagan et al. 1997).
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Training

The value of weights in an ANN are determined during the training so that the ANN
outputs the correct values. During the training, the errors are calculated as the
difference between the ANN-derived and actual outputs and it is used to alter the
weights and minimize the error in an iterative procedure. The training algorithms
could be in turn discussed extensively. Normally, backpropagation algorithms are the
popular approaches, which determine the gradient of the loss function with respect to
the weights within the network, based on the input-output example (Hecht-Nielsen
1992).

To train the network, the Levenberg-Marquardt algorithm can be implemented,
the original description of which is given by Marquardt (1963). The technique was
proposed to train the ANNs by Hagan and Menhaj (1994). Here we summarize the
training algorithm. In this algorithm, the Hessian Matrix, H, is approximated as
follows:

H = JTJ (2.62)
where J is the Jacobian Matrix of errors with respect to weights (i.e., Jij = ∂eij/∂wij)
and can be obtained through a standard backpropagation (refer to, e.g., Hagan and
Menhaj (1994)). The gradient g reads

g = JTe (2.63)

and finally, the Newton-like update can be written as follows:

wk+1 = wk −
[
JTJ + µI

]−1
JTe (2.64)

When the scalar µ is equal to zero, the approach is the same as Newton’s method,
using the approximate Hessian matrix. When µ is large, the technique is gradient
descent with a small step size. The aim is to shift toward Newton’s method as quickly
as possible since it is faster and more accurate near an minimum error. Hence, µ
is decreased after each successful step with reduction in performance function and
is increased only when a tentative step increases this function. At each iteration,
the performance function is expected to reduce. An overview of gradient descent
optimization algorithms is provided by Ruder (2016).

Feed-Forward and Recurrent Neural Networks

The architecture of the ANN shown in Figure 2.16 refers to a Feed-forward Neural
Network (FFNN). In an FFNN, information flows in one direction, from the input
to the output layer. In other words, there are no cyclic connections, through which
outputs of a neuron is fed back into itself. When in the architecture of ANN includes
a cycle in the connections, the network is conversely called Recurrent neural network
(RNN). In an RNN, the output of a neuron might affect the input into itself. RNNs
could be considered as a deeper architecture of standard ANNs with generally more
processing power than FFNNs. The motivation for the self-feed-back in an RNN is
creating artificial memories to process sequences of input data (such as speech) in
connection with each other (with the exemplary application of voice recognition).
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2.8.7 Deep Learning
Apart from the desired application, the topology of ANNs is also dependent on
the number of available data for the training and the processing capabilities of the
computers. The available big data and the emergence of powerful graphical processing
units, as well as data clouds with a storing capability of huge datasets, led to the
creation of ANNs with complicated architectures and higher learning abilities, which
are currently known as Deep Neural Networks (DNNs). The modeling capability of
complex non-linear relationships promoted computers’ performance to that of a real
human brain, and could even outperform human performance in specific tasks such
as image classification (He et al. 2015). There is a huge variety in DNNs including
convolutional neural networks (Krizhevsky et al. 2012). An overview is provided
by Schmidhuber (2015) discussing a criterion of how shallow and deep NNs could
be distinguished, which is a controversial topic between ML experts trying to yield
the required criteria. Here, the author would like to highlight the role that Deep
Learning could play in the processing of GNSS-R measurements, in the near future
(discussed in Section 4.2).





Chapter 3

Summary and Discussion

3.1 GNSS-R Ocean Wind Speed: Development
and Characterization

A motivation of this dissertation is the development of wind speeds and their
characterization. The GNSS-R wind speed data is firstly developed following a
conventional approach and the wind product is evaluated in comparison to those
derived from a well-established wind scatterometer as a baseline. It is shown later
that the wind estimates can be further improved by considering the weak point of
the retrieval algorithm and tackling them using novel techniques.

3.1.1 First Algorithm and Evaluation
At the time of starting this study in early 2017, the performance of GNSS-R in
retrieving ocean wind was not yet well characterized, despite the already fully
demonstrated capability. Paper 1 aims at the systematic validation of GNSS-R wind
products especially over oceans under precipitation.

As discussed in Sections 2.4 and 2.5, the GNSS-R scatterometric ocean mea-
surements are proportional to the ocean state and the received power is inversely
correlated with the surface roughness. The DDM derived from the GNSS-R receivers,
operating on low-Earth orbiting satellites, can be theoretically generated through
bistatic radar models. However, the inversion of the measurements to wind speed
could be more difficult and is carried out deploying different algorithms reviewed in
Section 2.7.

A simple approach to estimate the wind speed could be the use of the DDM peak
SNR, however, the effect of reflection geometry (i.e., the transmitter and receiver
antennas gain and the ranges from the receiver and transmitter to the specular
point) should be considered. Figure 3.1 shows a rudimentary approach to wind speed
estimation. It fits a 2D planar curve so that wind speed is modeled empirically, as a
function of SNR and Reflection Geometry parameter RG, which reads

RG = PtGtλ
2T 2

i

(4π)3 × GrΛ2(τ = 0)S2(D = 0)
R2
t,spR2

r,sp

Ab (3.1)
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where Rt,sp and Rr,sp are the ranges from the specular point to the transmitter and
receiver and Ab is the area corresponding to the DDM bin with the peak value.
Figure 3.1 displays this model on a small TDS-1 dataset.

Figure 3.1: A 2D model fitted to TDS-1 data with a SNR>=-3 dB: training data
= 544, control data = 300, RMSE = 2.05 m/s, bias = 0.05 m/s.

The more common wind speed retrieval approach is the empirical fitting so that
the wind speed is modeled as a function of the BRCS. It needs further processing of
the power or SNR to compute this parameter, through which the effect of reflection
geometry is counted and, consequently, the BRCS is independent from them.

Paper 1 studies the TDS-1 measurements, from May 2015 to July 2017. Obser-
vations with SNRs > 0 are used. The BRCS is computed using the BRE for the
strong diffuse scattering (Equation 2.7). An empirical GMF is determined by fitting
TDS-1 measurements to the estimates of the European Centre for Medium-Range
Weather Forecasts (ECMWF) Reanalysis-Interim (ERA-Interim). The collocation is
carried out within 60 km and 30 min. The GMF is considered in the exponential
form of U10 = AeBσ

0 +C and A, B, and C values are determined using least squares,
which are 9042.24, -0.62, and 0.99, respectively. A TDS-1 wind speed dataset is
derived and the performance is validated on the test data, the measurements excluded
from the GMF fitting (30% of the data). Test estimates are compared to those
from The Advanced SCatterometer (ASCAT) taking ERA-Interim and the Tropical
Atmosphere Ocean (TAO) buoy array measurements as the ground truth. Table 3.1
summarizes the comparison results both in general and during rain events.
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Table 3.1: Comparison of TDS-1 GNSS-R wind speeds to ASCAT ones using
ERA-Interim and TAO buoys as reference.

Reference TDS-1 ASCAT
RMSE, m/s 2.77 2.31ERA-Interim Bias, m/s -0.33 0.25
RMSE, m/s 2.23 1.40TAO buoys Bias, m/s -0.03 -0.68
RMSE, m/s 2.94 3.16ERA-Interim

During rain events Bias, m/s -0.21 1.03

A few points must be here considered:

• the retrieval algorithm in Paper 1 is the most straightforward approach and
the derived dataset is the initial product. The retrieving algorithms are still
being developed and the later ML-based approach, presented in Paper 4, could
lead to much better quality of wind speed data.

• the TDS-1 had not been yet the fully dedicated satellite mission to GNSS-R.
The CYGNSS is the first operational mission and it can provide higher quality
measurements, with TDS-1 heritage and the technical and science experiment
of previous missions. At the time of this investigation, CYGNSS mission
was still in its calibration phases. Later, Ruf et al. (2018b) reported on the
CYGNSS assessment results. The root mean square (RMS) uncertainty is 1.4
m/s at wind speeds below 20 m/s.

• regression to the mean is a known issue in any regression problem (Barnett et al.
2004), and the GMFs derived in the least square sense could be contaminated
to this tendency. There are pieces of evidence on the underestimation of high
winds by both GNSS-R (Ruf et al. 2018b) and scatterometers (Zeng and Brown
1998). At low winds, a similar overestimation by CYGNSS is reported (Ruf
et al. 2018b). The model-based simulations shown in Figure 3.2, presented
in Paper 3, also show how BRCS loses sensitivity to wind speed, due to the
mechanism change from quasi-specular to a high order brag scattering. The
BRCS inverse response changes to a direct correlation at ≈ 2.5 m/s. On the
other hand, the matchup data for the regression is not exactly at the same time
and place, and in extreme regimes, where the winds are highly variable and
tend to the mean, the over- and underestimation might be more pronounced.

3.1.2 Wind Speed Retrieval Using Machine Learning
Following Paper 1, Paper 4 aims at the novel ideas on the algorithms converting
GNSS-R measurements to wind speed data.

ANNs are able to implicitly capture and model highly nonlinear relationships
between input and output variables. They have already shown promises in modeling
the complicated interaction of different variables. This capability, therefore, initiates
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Figure 3.2: Bistatic radar cross section versus wind speed for scattering angles of 0◦
(a) and 30◦ (b) at different rain rates R. The dashed and solid lines are generated
by Equations 2.18 and 2.8, respectively, using Elfouhaily’s model combined with
rain splash surface spectrum in Equation 2.48 (from Paper 3).

the idea of deriving inverse GMFs based on these techniques as an alternative to the
use of conventional least-squares fittings. The implementation of an ML technique
here can lead to better wind speed products because:

• The traditional fitting procedures, in a parametric sense, use a predefined form
of function. The potential differences between the true and the chosen class of
function can lead to additional biases in the derived products. Whereas, ANNs
are a non-parametric regression method, which needs no predefined form of
function.

• The ANNs can model the unknown effects and dependencies which are not
yet physically revealed and those ignored within the simplifying assumption
during theoretical model developments.

Accordingly, Paper 4 proposes the use of FFNN with one hidden layer. The number
of neurons in the hidden layer is determined so that the error on the validation data
is minimized. Typically, GMFs take the BRCS as the input. In this study, a variety
of parameters provided in L1b TDS-1 data can be additionally incorporated into
the model. Variables, which potentially have correlations with the derived wind
speed, are successively incorporated into the model. It is demonstrated that the
incorporation of a set of additional variables reduces the network error on the training
and validation data. Finally, the variables improving the model certainty are used as
the input into the FFNN.

The FFNN-derived winds result in an RMSE and bias of 0.01 and 2.20 m/s
with respect to ERA-interim wind estimates. The ANN approach, therefore, results
in a 20% reduction in the RMSE compared to the baseline algorithm, which is
presented in Paper 1. Paper 4 also demonstrates the smaller average Mean Absolute
Error (MAE) values at winds between 2 to 9 m/s after implementing the FFNN.
Besides, the standard deviation of the average MAE is considerably smaller in this
range of winds. The MAE is also compared over the GPS SVNs. Accordingly, the



Chapter 3. Summary and Discussion 47

MAE of winds derived from signals of almost all satellites is greatly decreased. This
improvement can be explained by the capability of the FFNN to model the effect of
different levels of the effective isotropic radiated power transmitted from each GPS
satellite. This effect is modeled, dictated by data itself and without a need to direct
information. The MAE of wind speeds derived from signals of SVN 34 has more
significantly dropped. This satellite is from block IIA which has been the oldest one
among the operational blocks and is supposed to have a significantly lower level of
radiated power compared to the other satellites of the GPS constellation.

3.2 Geophysical Signatures
The assessment of GNSS-R measurements within the previous studies led to recogni-
tion of the signatures and systematic behaviors which, in turn, needed characteriza-
tion of the causing source. These studies are motivated for better understanding of
GNSS-R ocean scatterometry mechanism for firstly, higher quality of the wind prod-
ucts, and secondly, potential information extractions from the observed signatures
in future applications. They could initiates the development of the novel GNSS-R
applications, the feasibility of which has been discussed for the first time.

3.2.1 Rain
Evaluating the GNSS-R wind speed estimates in comparison to ASCAT, Paper 1
demonstrates a systematic effect of rain at low wind speeds. The BRCS responds
to precipitation with a drop in its value. Figure 3.3 visualizes this behavior. At a
wind speed of 3 m/s, the decrease is as large as 0.7 dB due to rain with a rate of 0-2
mm/hr. Besides, Figure 3.4 shows how rain alters the BRCS distribution, sliding
the peak to a lower value. The distribution during rain events also show higher and
lower probabilities at lower and higher BRCS values, respectively.

This question has arisen: what causes the observed behavior? In Subsection 2.6.1,
it was discussed how rain can affect radar systems. For an accurate interpretation
of remotely sensed data, rain effects on the scattering of microwave radiations have
gained attention in several studies. They affect radar systems operating at X-, Ka-,
Ku- and C-band frequencies (Nie and Long 2007; Contreras et al. 2003; Contreras and
Plant 2006; Moore et al. 1979; Braun et al. 2002; Sobieski et al. 1999; Hansen 1986).
To summarize the observed effects, Ku-band scatterometers at the incidence angle of
40◦ are affected by increased backscattering during rain over calm sea (Moore et al.
1979). These splash effects are caused by the crater, crowns, and stalk created by the
raindrops, and the contribution of each product to the scattering might be varying
for different signal structures. Splash effects are also observed at X-band frequencies.
It is demonstrated that radiations, polarized with channels for the Vertical transmit
and Vertical receive (VV), are more affected than those polarized with channels for
the Horizontal transmit and Horizontal receive (HH). This is because VV scatter
is from all of the splash features, whereas HH scatter is from the stalk (Hansen
1986). In addition, the ring waves from raindrops splash contribute significantly to
the scattering of VV polarized radiation at Ka- and Ku-bands (Sobieski et al. 1999).
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Figure 3.3: Bistatic Radar Cross Section σ0 versus wind speed at different rain
rates R (reproduced from Paper 1).

(a) (b)

Figure 3.4: Probability (a) and the Cumulative Distribution function (CDF) (b)
of the bistatic radar cross section σ0 in segregating cases during no rain (red) and
rain events (blue).

The X-band backscatter in a wind-wave tank with a coherent microwave system is
studied and where their effect is separated from those of stationary splash products
(Braun et al. 2002).

Although the rain effects on X-, Ka-, Ku- and C-band in a backscatterometry
configuration are well documented, few types of research address the rain effects
on L-band signals. The splash and ring wave effects are simulated for different
microwave signals including L-band radiations, showing an increased backscatter
during rain (Contreras and Plant 2006). Camps et al. (2001) simulated emissivity
oriented for a better understanding of the rain altered roughness using a modified
Kirchhoff model. The GNSS-R electromagnetic bias was later investigated using
simulations by Ghavidel and Camps (2016). A systematic study of rain effect on
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surface roughness is presented by Camps et al. (2006). They studied the impact
of foam, rain, and oil spills on the sea surface emissivity. They show that the net
effect of rain is the increment of the sea surface slopes variance and discuss that
the brightness temperature difference measured with a radiometer at H- and V-
polarizations was not significant.

Rain effects on GNSS-R forward scatterometric measurements need their own
investigation due to the different mechanism. Papers 2 and 3 aim at the characteri-
zation of the effects of rain attenuation and surface splash, respectively, which, needs
to be first corrected for a higher quality of the wind products and, the potential
signatures can be secondly used in future as a source of information on the precipita-
tion over oceans. Such investigations are significant since one of GNSS scatterometry
motivations is the extreme weather monitoring.

Paper 2 studies signal attenuation on the BRCS simulating the DDMs and
the effect. It investigates how the attenuation modifies the derived BRCS. The
simulations are carried out based on the BRE (Equation 2.7) and TDS-1 orbital
information. After simulating DDMs, the loss of power at different rain rates is taken
into account. Finally, it is shown how the BRCS is modified by rain atmospheric
attenuation. At typical rates (<5 mm/h), rain attenuates the signal negligibly so
that the resulting bias is smaller than ≈0.35 m/s (1%) at a wind speed of 30 m/s
and incidence angle of 30o. At the same wind speed and incidence angle, rain at
rates of 10, 15, and 20 mm/h might cause overestimation as large as ≈0.65 m/s
(2%), 1.00 m/s (3%), and 1.3 m/s (4%), respectively. Whereas, the average rain rate
during hurricanes is 3.9 mm/h and the majority of the area (>50%) is covered with
a rainfall rate of 0.25-6.25 mm/h (Marks 1985).

Zavorotny and Voronovich (2000) proposed a scattering model in the strong
diffuse regime (see Subsection 2.4.1), based on which, the GNSS reflected signal is
insensitive to small-scale gravity-capillary waves generated by drop splashes. In the
strong diffuse scattering regime, forward quasi-specular scattering is governed by the
low-pass Mean Square Slope (MSS), MSSLP , which is, in turn, a function of the part
of the wave slope spectrum with wavenumbers smaller than the cutoff-wavenumber
(see Equation 2.23). Rain splash affects the wave slope spectrum at wavenumbers
beyond the cutoff-wavenumber.

Paper 3 discusses the BRE developed for the strong diffuse scattering regime
is valid over oceans with rough enough surfaces, i.e., at high Rayleigh parameter
values (Ra >> 1). The quasi-specular scattering turns to more like a higher-order
Bragg scattering, driven by Ra at low wind speeds (see Subsection 2.4.2). The
parameter Ra is in turn proportional to h (see Equation 2.3). As a result of
integrating the entire surface elevation spectrum (without any cutoff wavenumber),
the GNSS-R observations can be affected due to the altered surface roughness by
rain splash. Paper 3 further shows the effect in TDS-1 measurements along with
numerical simulations of the BRCS for the regime of weak-to-moderate winds using
the expansion of the small-slope approximation of the first order (SSA1) (Voronovich
and Zavorotny 2017).
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3.2.2 Mesoscale ocean eddies
Finally, Paper 5 discusses the signature of ocean eddies, swirling bodies of water in
oceans, in GNSS-R observations using CYGNSS measurements. This study can serve
as the starting point to extend GNSS-R applications to the study of ocean-atmosphere
coupling.

The behavior of the CYGNSS Normalized Bistatic Radar Cross Section (NBRCS)
is investigated over eddies, the trajectory of which are provided in the Aviso eddy
trajectory atlas. A clear response is demonstrated over eddies, in two different forms:
significant jumps in the NBRCS value either in the center or over the edges of eddies.
Following the demonstrated pattern, a Principal Component Analysis (PCA) is
carried out. This statistical analysis reports a correlation coefficient of 0.7 or more
between the NBRCS and the two observed patterns over the eddies. Additionally,
the analysis of GNSS-R observations collocated with ancillary data from ERA5
reanalysis shows strong inverse correlations of CYGNSS BRCS observations with
sensible heat flux and surface stress under certain conditions.

The CYGNSS measurements could detect the stress field more probably with
a direction against the moving GNSS-R specular points. Besides, for the angular
distances in the range of about 60◦ to 300◦, it is statistically shown that the wind stress
signature is more pronounced in the CYGNSS measurements. The observed NBRCS
behavior over eddies is more probable to appear at low to moderate wind speeds
when the coherent scattering component is significant. The discussed behavior
of the NBRCS over eddies could be partially associated to the modified surface
stress by the eddy currents and altered local wind field due to the sea surface
temperature anomalies in eddy induced areas. Nevertheless, the study initiates
follow-on investigations on this topic and further characterization of factors causing
the signature.



Chapter 4

Concluding remarks and future
work

4.1 Conclusions
The current GNSS-R satellite missions are placed in orbit for retrieving ocean surface
wind information. Paper 1 developed an algorithm to retrieve wind speed from TDS-1
measurements. It was based on an empirical regression using matchup data. The
first derived wind speed dataset using the preliminary retrieval algorithm showed a
reasonable performance, although the TDS-1 was not fully dedicated to GNSS-R and
was still considered as a demonstration experiment (see the summarized evaluation
results in Table 3.1). The most striking fact of the evaluation presented in Paper 1
is the GNSS-R robustness during rain events which promises efficient severe weather
monitoring. However, the GNSS-R measurements still show sensitivity to rain, as
the BRCS decreases during rain events at low wind speeds.

Papers 2 and 3 characterized the rain effects to provide a physical explanation for
the effects seen in Paper 1. The simulation studies, presented in Paper 2, show that at
typical rain rates, the resulting bias is negligible and it is smaller than the CYGNSS
required uncertainty threshold. The results report that the rain attenuation can not
alter the derived BRCS significantly at the wind speed and rain rate ranges, where
the systematic effect is showed in Paper 1. Consequently, rain attenuation is not here
a contributing phenomenon. The simulation results, presented in Paper 2, can also
explain the robustness of TDS-1 performance during rain, demonstrated in Paper 1.

Paper 3 provided a plausible explanation for the observed behavior of the BRCS
during rain events. Considering the mechanism change at the regime of weak diffuse
scattering, the simulations qualitatively confirmed that the rain splash, i.e., the
altered roughness by raindrops impinging the ocean surface, leads to a decrease in
the BRCS value. The study approved the existence of the effect only for the low
wind speeds, below ≈6 m/s, which is almost the median global wind speed. At
higher values, rain splash shows no left effect on the quasi-specular scattering of
signals. Finally, a potential explanation for the BRCS reduction during rain events
at low wind speeds was provided. For the first time, it is concluded that rain can be
detected by the GNSS-R at weak winds, which can potentially enable the technique

51



52 4.1. Conclusions

to detect precipitation over oceans induced by weak winds. Nevertheless, further
studies are expected to address the remained questions on the potential role of
other geophysical phenomena and the ambiguity caused by rain- and wind-driven
signatures (discussed as future works in the following). It must be noted that a
later study by Balasubramaniam and Ruf (2020), demonstrated a similar behavior of
CYGNSS measurements during rain events. They also confirm that the splash effect
is the dominant effect at low wind speeds (< 5 m/s) and the impact of attenuation is
negligible. Besides, they report on the downdraft effect at the moderate wind speed
regime (5–15 m/s).

Similar to Paper 3, Paper 5 discussed a new geophysical signature which can be
also further developed to a new GNSS-R application. The paper demonstrates a
distinguishable response of the GNSS-R measurements over mesoscale ocean eddies.
Potential mechanisms causing the observed signatures are the eddy-induced changes
in the sensible heat flux and surface stress, which lead to the fluctuations in the
BRCS value in specific conditions. The probability of the signature appearance is
higher at low to moderate wind speed. This could be explained by the sensitivity of
the GNSS-R measurements to the entire surface spectrum at any wavenumber in
the regime of weak diffuse scattering, similar to the discussions on the rain effect in
Paper 3. This scattering regime generally shows more sensitivity to a wider range of
oceanic features, which, although introduces opportunities for further geophysical
information extraction, also signifies future investigations on a better understanding
of the associated physics due to its complexity. The presented eddy signature is
discussed for the first time and this paper also needs follow-on investigations for
more accurate physical characterization of the scattering mechanism over mesoscale
ocean eddies.

The study presented in Paper 4 developed a wind speed algorithm with a higher
level of accuracy, following the investigations in Paper 1. It demonstrates promising
capabilities of machine learning-based approaches in capturing the relationships
between the GNSS-R measurements and the target geophysical parameter (wind
speed in this case), based on the input-output training examples. The technique
models the effects dictated by the data themselves, such as the different levels of
the effective isotropic radiated power of GPS satellites. As a result, the derived
wind speeds from a feedforward neural network showed a significant improvement,
compared to those obtained from the algorithm in Paper 1. Extensive discussions
are provided in Paper 4, which argue the possible physical and mathematical reasons
for the observed better performance. They could be summarized to the capability of
modeling multiple effects even those hidden yet to the theoretical knowledge and the
nonparametric regression characteristic of the ANNs.

The GNSS were not optimized for remote sensing applications. The successes
and the validations show that the GNSS-R data are indeed more than just additional
information and these systems could, in turn, operate as a powerful remote sensing
and ocean monitoring instrument. The interest in the use of the technique might be
initially motivated by the low-costs of such systems, and the high spatio-temporal
resolution of the measurements. The robustness of measurements in terms of accuracy
in different atmospheric conditions is besides a unique characteristic they offer. This
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could close the gaps in data acquisition capabilities when conventional remote sensing
instruments are obscured. The mechanism difference, forward scatterometry with
L-band signals, also brings diversity to the state-of-the-art satellite remote sensing,
leading to new ideas.

Nevertheless, one should consider the points that might turn as a weakness in
specific applications: over very calm oceans (induced by weak winds ≈<3 m/s), the
scattering mechanism transition might cause ambiguities in wind speed estimates.
The GNSS signals power is also controlled considering positioning applications and
political purposes. A geographically driven flex power mode is applied to some of the
GPS satellites, which causes changes in the transmitted power over specific regions.
Flex power can be the source of an error in precise estimates as long as they are not
taken into account in the retrieval algorithms. This issue could be solvable with the
implementation of novel approaches (discussed in the following).

Finally, the technique is young and its potential is still being discovered as it
reaches higher levels of technical and physical maturity. An even more significant
role of GNSS-R in ocean monitoring, with higher quality and a wider variety in the
geophysical data products, is soon expected.

4.2 Future Work
To enhance the spaceborne GNSS-R, studies in two directions are recommended,
which are discussed as follows.

4.2.1 Further Physical Characterizations
The conducted studies, especially those presented in Papers 3 and 5, show that there
are still physical mechanisms which need to be further investigated. The simulations
on the splash effects of rain qualitatively explain the trends in the BRCS due to
rain in the range of low wind speeds. However, it is seen that there is no exact
quantitative match between discrepancies shown in the numerical and simulation
analyses. Although the data uncertainties and current spatiotemporal resolution of
the measurements could cause the difference, there are still questions on the role of
other oceanic phenomena affecting the retrieved BRCS. The simulations are carried
out for a well-developed ocean. Swell and wave age roles could be investigated by
taking into account the wave information. This could be conducted in simulations
combining swell caused modifications in the wave spectrum (as shown in Figure
2.13). The simulations can be validated in comparison to the numerical results on
CYGNSS measurements (with a substantially larger dataset than TDS-1) and wave
observations or model estimates such as those from NOAA Wavewatch III R© (Tolman
et al. 2009). Besides, some other processes are involved in a rainy condition such as
ocean surface roughening by air downdrafts, which needs attention in future studies.
The used model for the rain-modified spectrum is rather simplistic and raindrops
at varying sizes might lead to different types of splash products and non-identical
scatterometric effects.
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The discussed rain signature is investigated on the BRCS derived from the peak
value in the DDM. However, the effect behavior at different delay and Doppler shift
values needs to be studied. In the case of distinguishable behaviors of wind and rain
wave scatterings at different parts of the DDMs, the wind and rain information could
be possibly derived without ambiguity or ancillary information from other sources.

Paper 5 discusses the demonstrated behavior of the BRCS can be due to the
eddy-caused anomalies in the sensible heat flux and surface stress and consequently
the local winds. Eddy-induced currents might, in turn, affect the scatterometric
measurements. There is an intense and complicated interaction between oceanic
and atmospheric parameters, characterization of whose contribution in the shown
NBRCS behavior, could be extensively investigated in distinct studies. Additionally,
the role of biogenic films from natural life in the ocean can be still a significant
research question. The natural biogenic surfactants are brought to the surface in
eddy induced areas. It is already shown that the surfactant molecules can generate
a surface tension which alters the Bragg waves (Gagliardini 2011). Under certain
conditions (such as at low enough wind speed), the affected surfaces can potentially
alter the scattering of the GNSS signals.

4.2.2 Implementation of Novel Data-Scientific Approaches
The ML algorithms are powerful tools in modeling the effects dictated by the
data themselves, without direct knowledge of the complicated and highly nonlinear
relationships. They can be not only implemented in the retrieval algorithms but also
can be used to extract the hidden patterns in the measurements caused by different
oceanic or atmospheric features such as those discussed above. At first glance, one
might assume that ML techniques can not be interpreted for a physical understanding.
They offer, in fact, a possibility to discern the complicated signatures which are
not explained by the existing theoretical knowledge and are not easily detectable.
Unsupervised algorithms can be implemented to this aim, processing CYGNSS
measurements to cluster them into different groups of interest. Consequently, the
physical explanations could be sought in a reverse engineering sense. For instance, the
behavior of scatterings by rain and wind-generated waves at different parts of DDMs
can be studied using these techniques (as discussed in the previous subsection).

Although the capability of achieving a higher quality of data products by ML is
demonstrated here, it must be noted there is still potential for further improvements.
Using deep learning algorithms, the measurements at a lower level of processing
(DDM and geometry parameters instead of the BRCS) can be used as the input
into these models. The computation of the BRCS relies on the existing theoretical
models which are subjected to simplifications. In this sense, the direct use of
lower-level-processed measurements could lead to avoiding such computational error
contamination. To this end, Convolutional neural networks could be employed.

Also, the wind speeds in successive DDMs in an observational track are highly
correlated. Instead of DDM-wise processing, algorithms could be developed proposing
track-wise retrievals. The RNNs can be used due to their internal state (memory)
to process sequences of DDMs. Besides, the power of direct signal can be input
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into such models to tackle the Flex power issues. In case the direct information on
the transmitted power is not available, such algorithms can model the spatial and
temporal variations in the power of direct signal dictated by data.
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Paper 1. TDS-1 GNSS Reflectometry:
Development and Validation of Forward

Scattering Winds
Milad Asgarimehr, Jens Wickert, and Sebastian Reich

Abstract

This study presents the development and a systematic evaluation study
of GNSS reflectometry wind speeds. After establishing a wind speed
retrieval algorithm, UK TechDemoSat-1 (TDS-1) derived winds, from
May 2015 to July 2017, are compared to the Advanced Scatterometer
(ASCAT). ERA-Interim wind fields of the European Centre for Medium-
range Weather Forecasts (ECMWF) and in-situ observation from Tropical
Atmosphere Ocean (TAO) buoy array in the Pacific, are taken as reference.
One-year averaged TDS-1 global winds, demonstrate small differences
with ECMWF in a majority of areas as well as discussed under- and
overestimations. The pioneering TDS-1 winds demonstrate an RMSE
and bias of 2.77 and -0.33 m/s, which are comparable to the RMSE and
bias derived by ASCAT winds, as large as 2.31 and 0.25 m/s, respectively.
Using buoys measurements as reference, RMSE and bias of 2.23 and -0.03
m/s for TDS-1 as well as 1.40 and -0.68 m/s for ASCAT are obtained.
Utilizing rain microwave-IR estimates of the Tropical Rainfall Measuring
Mission (TRMM), rain-affected observation of both ASCAT and TDS-1
are collected and evaluated. Although ASCAT winds show a significant
performance degradation resulting in an RMSE and bias of 3.16 and 1.03
m/s during rain condition, TDS-1 shows a more reliable performance with
an RMSE and bias of 2.94 and -0.21 m/s, respectively, which indicates
the promising capability of GNSS forward scattering for wind retrievals
during rain. A decrease in TDS-1 derived bistatic radar cross sections
during rain events, at weak winds, is also demonstrated.

1 Introduction
Satellite missions have been providing wind information since 1978 (Doyle 1978).
Ocean winds are addressed by numerous scatterometers such as ASCAT, QuikScat,
RapidScat, ERS-1/2 using different signal frequencies and retrieval algorithms, re-
viewed in (Rajeesh and Dwarakish 2015). ASCAT, as a well-established scatterometer,
has been able to provide the acceptable wind information as the root-mean-squared
error (RMSE) of the wind speed and direction have been less than 1.72 m/s and 18◦
compared to buoys winds, respectively (Bentamy 2008). However, some meteorologi-
cal challenges, such as poor performance of numerical weather models in real-time
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hurricane prediction, still remain unresolved (Luitel et al. 2018). During severe
weather conditions such as heavy rain, C- and Ku-band scatterometer winds, are
significantly affected (Portabella et al. 2012; Stiles and Yueh 2002). In addition to
the rain contamination, the insufficient temporal sampling of these scatterometers is
the other reason for the slow-paced improvements in real-time hurricane predictions
(Bourassa et al. 2010).

In the last two decades, several types of researches have investigated the feasibility
of the GNSS Reflectometry (GNSS-R) to measure ocean surface winds (Cardellach et
al. 2011; Wang et al. 2016; Garrison et al. 1998; Garrison et al. 2002; Komjathy et al.
2004; Rodriguez-Alvarez et al. 2012). We are witnessing emergence of recent GNSS-R
missions using Reflected GNSS signals as a tool for bistatic radar scatterometry,
a concept developed in (Zavorotny and Voronovich 2000). The first spaceborne
measurements of an Earth-reflected GPS signal, onboard the space shuttle SIR-C
at an altitude of 200 km, was a starting point to develop ideas and scale GNSS-
R measurements to determine the expected Signal to Noise Ratio (SNR) and,
consequently, to estimate geophysical parameters (Lowe et al. 2002). The idea was
followed by UK-Disaster Monitoring (UK-DMC) which pioneeringly experimented
GNSS-R onboard satellites in 2003/2004. Although UK-DMC highly inspired further
space-borne GNSS-R missions, its data were unable to robustly demonstrate the
capabilities of GNSS-R due to being thinly dispersed (Gleason 2006; Gleason et al.
2005; Clarizia et al. 2009; Gleason 2013). Finally, the TechDemoSat-1 (TDS-1),
launched on July 8, 2014, could demonstrate capabilities of GNSS-R to derive high-
quality ocean surface winds (Foti et al. 2015). After several months of interruption
starting on 10th July 2017 when TDS-1 was supposed to become retired, it has been
operating again with a mission extension since February 2018. The measurements are
currently running 7/7 days, rather than the 2/8 as in the first 3 years. Following the
successes achieved by TDS-1, the U.S. CYclone Global Navigation Satellite System
(CYGNSS) was launched on December 15, 2016. CYGNSS is supposed to expand
GNSS scatterometry missions by eight microsatellites (Ruf et al. 2012; Ruf et al.
2016).

Compared to C- and Ku- band scatterometers, GNSS-R observations, due to the
utilization of L-band signals, are less sensitive to atmospheric rain attenuation. In
addition, the Spaceborne GNSS Receiver REmote Sensing Instrument (SGR-ReSI)
onboard TDS-1 and a similar one with the same heritage onboard CYGNSS, are
capable of retrieving four simultaneous Doppler Delay Maps (DDMs) from a high
number of GNSS satellites. The global availability of GNSS signals, which provide
a dense coverage over the Earth, offers the potential for significant improvements
in storm-scale predictions as a result of the main advantage of GNSS-R, which is
the sampling of the ocean winds and waves with a high spatiotemporal resolution.
By 2020, GPS, Galileo, GLONASS, and BeiDou will constitute more than 100
transmitting satellites providing the needed signals of opportunity. Assuming these
GNSS signals can be intercepted by spaceborne GNSS-R receivers, this will shorten
revisit times and improve the spatiotemporal resolution of the data which would
be a great step to real-time ocean monitoring. Consequently, GNSS winds can be
structurally a promising solution for the challenges associated with the obscurity
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during severe weather and lack of high-resolution data. Additionally, space-borne
GNSS-R datasets can potentially grow rapidly due to the low mass and low power
GNSS receivers which can be deployed not only onboard the upcoming satellite
missions (Cardellach et al. 2018) but also different platforms such as the International
Space Station (ISS) (Wickert et al. 2016). As a result, GNSS-R has grown interest in
ocean wind monitoring as well as in a variety of GNSS-R applications such as ocean
altimetry and topography (Semmling et al. 2016; Clarizia et al. 2016; Hu et al. 2017),
sea ice (Hu et al. 2017; Rius et al. 2017), soil moisture and snow depth (Camps
et al. 2016; Vey et al. 2016a; Vey et al. 2016b), oil slick and sea target detection
(Di Simone et al. 2017; Valencia et al. 2012).

Although GNSS-R achievement in retrieving wind speed is already demonstrated
(Foti et al. 2015) and the data is available for further exploitations, the associated
performance is not well documented. The sensitivity of TDS-1 measurements to
ocean waves, at the SNR level, is investigated in (Soisuvarn et al. 2016). In (Foti
et al. 2017a), the authors also demonstrate the sensitivity of the measurements,
at the bistatic radar cross section level, to hurricane winds. As a reason for using
the cross section instead of wind speed in the analysis, they explain that, due
to a shortage of reliable matchup data in high winds to develop the Geophysical
Model Function (GMF) in this region, the developed ones are mainly proper for
low-to-moderate winds. Nevertheless, there is currently no systematic validation
study of GNSS forward scattering wind estimates similar to the ones evaluating
other scatterometers and satellite wind products (Jagdish et al. 2018; Bentamy
2008; Yang et al. 2011; Portabella et al. 2012). As a result, this study carries out
an evaluation characterizing the GNSS forward scattering winds using the TDS-1
dataset. In section 2 the datasets and the preparation for the analysis is described.
Section 3 reports on developing the wind retrieval algorithm and converting the
TDS-1 measurements to wind speed. Sections 4 and 5 present the comparison and
evaluations of TDS-1 using the benchmark and reference datasets. Finally, the results
and concluding remarks are discussed.

2 Dataset

2.1 UK TechDemoSat-1 (TDS-1)
In this study, GNSS-R data from TDS-1 are discussed. The preliminary calibration
phases are completed and the capability to provide wind speed is already demon-
strated. TDS-1 data products are available at three different processing levels. Level
0, 1b and 2 include the raw data, the DDMs and wind speed and the mean square
slope, respectively (Jales and Unwin 2015). The Level 1b data are used in this
study. The studied dataset covers the temporal interval from May 2015 to July
2017 when the Programmed Gain Mode (PGM) is switched on. The SGR-ReSI was
operating continually in Automatic Gain control Mode (AGM) from early mission
operations until April 2015 (Foti et al. 2017b). Sea ice affected data are removed by
limiting the analyses to the ocean data at latitudes below 55◦. The data are available
to the users on the Measurement of Earth-Reflected Radio-navigation Signals By
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Satellite (MERRByS) website1. The Level 2 products provide directly the geophysical
parameters, sea state and wind speed utilizing corrected SNR for the antenna gain
at the specular point by applying it into the power-law relation developed from the
UK-DMC/Windsat matchup dataset (Jales and Unwin 2015). Nevertheless, here,
to avoid potential errors and carrying out the analysis under specific conditions of
this study, Level 1b data are used. This also provides an opportunity for a study on
the bistatic radar cross sections, not only the final derived winds. Hence, the cross
sections are first determined and then converted to wind speed by a GMF, described
in details in section 3.

2.2 Advanced Scatterometer (ASCAT)

ASCAT onboard European Space Agency (ESA)’s polar-orbiting MetOp-A, as an
aperture radar operating at 5.25 GHz (C-band), utilizes vertically polarised antennas.
It sweeps the ocean in two swaths as wide as 500 km which are separated by an
approximately 700 km subtrack gap. It measures electromagnetic backscatters from
the wind-induced ocean roughness and the corresponding Normalized Radar Cross
Section (NRCS) using two sets of three fan-beam antennae mounted broadside. The
resultant data covers 70% of ice-free ocean (Verspeek et al. 2009). When QuikSCAT
ended its mission on November 23, 2009, the reliance on ASCAT significantly
increased by becoming the only operational scatterometer.

The operational near-real-time Level 2 ocean surface wind vector from ASCAT
on MetOp-A at 25 km sampling resolution is used for the comparisons in this study.
The dataset is a product of the European Organization for the Exploitation of
Meteorological Satellites (EUMETSAT) Ocean and Sea Ice Satellite Application
Facility (OSI SAF) provided through the Royal Netherlands Meteorological Institute
(KNMI). The wind vector retrievals are processed using the CMOD5.n GMF using
a Hamming filter to spatially average the cross section data in the ASCAT Level
1b data (Verspeek et al. 2009). The quality flagged data are not omitted from the
analyses.

2.3 ERA-Interim Wind Field of ECMWF

Six-hourly wind fields of ERA-Interim, which is based on the European Centre
for Medium-Range Weather Forecasts (ECMWF) Integrated Forecast System (IFS)
model, is used as the main reference in this study. The model includes a 4-dimensional
variational analysis (4D-Var) with a 12-hour analysis window. The reanalysis assimi-
lates data from various sources including satellite and ground-based observations.
ASCAT observations on Metop-A are not assimilated into ERA-Interim because the
relevant code developments in the IFS were made after the start of ASCAT data
production (Dee et al. 2011; Berrisford et al. 2011).

1http://www.merrbys.co.uk ; Accessed 21-June-2018
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2.4 Tropical Atmosphere Ocean (TAO) Buoy Array
Tropical Atmosphere (TAO) Ocean buoy array, also known as Triangle Trans-Ocean
Buoy Network (TRITON), are mainly designed to study climate variations related
to El Niño and the Southern Oscillation (McPhaden et al. 2010). The data are
available on the associated website2. Figure 1.1 shows a map of 55 moored-buoy
locations used in this study. The high-resolution data (hourly) wind observations
of TAO/TRITON are used as an additional reference dataset for the comparison of
satellite winds. Buoy wind speed data are measured at different anemometer heights.
As a result, the observations are converted to a reference level of 10 m using the log
profile as follows (Thomas et al. 2005):

U10 = 8.87403× Uz
ln(z/0.0016) (1.1)

where Uz is the observed wind speed at the anemometer height of z in meters and
U10 is the 10-m wind speed.

Figure 1.1: Location of TAO/TRITON buoys used in this study. Fifty-five Buoys
located in the Pacific constitute TAO/TRITON.

2.5 Tropical Rainfall Measuring Mission (TRMM)
The rain information during wind measurements in this study is extracted from
three-hourly combined Level 3 microwave-IR estimates (3B42 V7) of The Tropical
Rainfall Measuring Mission (TRMM) dataset3. The TRMM 3B42 product is obtained
from TRMM merged with other satellite measurements. This dataset has a 3-hour
temporal and 0.25◦ spatial resolution and covers spatially from 50◦ S to 50◦ N
(Huffman and Bolvin 2015).

2.6 Data Preparation
TDS-1 measurements with SNRs < 0 dB (signals smaller than noise) are excluded
from the analyses. Both TDS-1 derived winds (described in section 3) and ASCAT
measurements are collocated with ECMWF winds within 60 km and 30 min. The

2https://www.pmel.noaa.gov ; Accessed 21-June-2018
3https://disc2.gesdisc.eosdis.nasa.gov/data; Accessed 21-June-2018
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collocation results in 413,452 and 600,922 TDS-1/ECMWF and ASCAT/ECMWF
measurements in total, respectively. Implementing the same collocation conditions
with buoys winds, 2,690 and 11,142 TDS-1/buoys and ASCAT/buoys measurements
have been resulted. The TDS-1/ECMWF winds are divided into two groups: the
training data (70% of the measurements, used in section 3) and the test data
(30% of the measurements, used in sections 4 and 5). Corresponding precipitations
are extracted from TRMM data. 20,937 and 41,608 measurements of test TDS-
1/ECMWF and ASCAT/ECMWF data are collected during rain events, respectively.

3 TDS-1 Wind Speed Retrieval and the Geophys-
ical Model Function

To retrieve wind speed from GNSS-R measurements, different approaches and algo-
rithms have been proposed in the literature to retrieve the ocean surface roughness
or sea state, and consequently wind speed, from GNSS-R measurements (e.g. in
(Valencia et al. 2012; Zavorotny et al. 2014; Clarizia et al. 2014) ). In this paper, a
wind inversion algorithm similar to what is presented in (Foti et al. 2015), is used.
The algorithm is implemented based on the peak SNR at the specular point and the
GNSS-R Bistatic Radar Equation (BRE) which reads (Zavorotny and Voronovich
2000):

〈| Y (τ, f) |2〉 = PtGtλ
2T 2

i

(4π)3

∫ ∫
A

GrΛ2(τ)S2(f)
R2
tR2

r

σ0dA (1.2)

where τ and f are the time delay and the frequency offset, respectively, and 〈|
Y (τ, f) |2〉 is the ensemble mean of the correlation as a function these parameters.
Pt is the transmitter power, Gt and Gr are the transmitter and receiver antenna
gain respectively. λ is the carrier wavelength, Ti is coherent integration time, Rt and
Rr are respectively the transmitter to specular point and specular point to receiver
ranges, A represents the scattering area (the glistening zone), σ0 is the bistatic
radar cross section, Λ2 and S2 are the triangular and the sinc function, respectively.
Assuming that the cross sections is constant over the glistening zone, the average
cross section, 〈σ0〉, associated with the received power, Pr, is derived by:

〈σ0〉 = Pr(4π)3
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GPS satellites have been built in a number of blocks, from different manufacturers
and there are some well-documented differences in the angular distribution of the
transmitting gain (Verde et al. 2017). The Effective Isotropic Radiated Power (EIRP)
of the GPS satellite varies for different GPS satellites (Steigenberger et al. 2018) and
the most recent satellites are expected to have a higher output power than their
end-of-life specification. Nevertheless, it is assumed that the differences in Pt and
Gt are constant to a first approximation since no information on these parameters
are available in the current TDS-1 dataset. As discussed in (Foti et al. 2015), Pr
can be computed from SNR of the correlated power around the specular point which
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corresponds to the peak of DDM. The SNR of the peak DDM pixel is used in this
study.

ERA-Interim wind field of ECMWF is used as the match-up dataset to develop
the GMF. For fitting the GMF, 70% of data selected randomly, are used, while
the remaining data are considered as the test data for the further analyses of this
study. Figure 1.2 displays ECMWF wind versus the derived TDS-1 cross section,
σ0, as well as the fitted GMF. The number of observations in various wind and
weather conditions plays an important role in a better calibration of the GMF. Better
calibrated GNSS-R wind models are expected in future as TDS-1 collects more
observations and by use of GNSS-R measurements from CYGNSS eight satellites.

The rougher the ocean is, the weaker scattered signal is received, while the noise
is almost constant. The received power is not only a function of the ocean roughness
but also depends on the reflection geometry. Equation 1.2 demonstrates that larger
distances from the specular point to the transmitter and receiver satellites result in
a weaker power at the receiver. Hence, weaker signals are received not only at the
high winds but also at higher incidence angles. Consequently, at higher incidence
angles, the signal received from the ocean induced by different wind speeds may
not be with a sufficient enough power. Omitting measurements with an insufficient
quality, which are the measurements with SNRs < 0 dB in this study, makes the
majority of scatterings, at large incidence angles, from oceans induced by weaker
winds. In other words, at higher incidence angles, high winds are observed with a
negative SNR and omitted from the data. As a result, the average cross section
increases over the incidence angle. Figure 1.3 shows the average cross section and
number of data classified into four severity regions. Accordingly, up to the incidence
angles of 17◦, no significant changes in average scattering cross section is observed
and the observations with positive SNRs are still from the oceans induced by the
entire range of wind speeds. Although the derived σ0 is theoretically independent of
the incidence angle, the error sources associated with the incidence angle can cause
additional dependencies. For instance, the unknown antenna pattern outside the
main lobe may affect systematically the derived σ0. Although the largest number
of measurements are collected by TDS-1 at incidence angles between 10◦ and 30◦
with a peak around 22◦, a non-negligible number of observations are detected outside
the main lobe (Foti et al. 2017b). Correcting such effects, due to the still existing
unknowns in the antenna pattern outside the main lobe and the inaccuracies in the
satellite attitude, is not conducted in this study.

4 Wind Speed Comparisons
Figure 1.4 shows the average global wind speed, from May 2015 to June 2016.
According to the figure, in the majority of areas, TDS-1 demonstrated differences
close to zero. The overestimations in the equatorial regions are explained by the higher
noise levels in the Equatorial East Pacific, the Indian Ocean, Equatorial Atlantic and
the North-Western Pacific due to the to signals from other existing satellite-based
augmented system (SBAS) and ones in Geostationary or Geosynchronized orbits
(Foti et al. 2017b). The higher variation of wind speed due to the jet streams at
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Figure 1.2: TDS-1 derived σ0 with SNRs > 0 dB versus collocated ECMWF wind
speed for the training dataset. The fitted GMF of the form U10 = AeBσ

0 + C is
shown with the red dashed line. Values of A, B, and C , obtained by least squares,
are equal to 9042.24, -0.62, and 0.99, respectively. RMSE and bias of 2.76 and
0.23 m/s are reported, respectively.

Figure 1.3: Bar graph of the number of measurements with SNRs > 0 dB, versus
the incidence angle. The dashed line shows the average cross section. At high
incidence angles, high winds are excluded due to the weakness of signal resulting
in SNRs < 0 dB. At incidence angles up to 17◦ no significant change in the average
cross section is observed and the entire range of winds are measured with the
sufficient enough power.

southern latitudes is a contributing factor for the underestimations by TDS-1 in this
region.

As for further analyses, Figure 1.5 shows the TDS-1 measurements (the test data
which has been excluded from the fitting procedure) and ASCAT winds comparison.
Accordingly, the bias and RMSE of ASCAT minus ECMWF winds are 0.25 and
2.31 m/s and the bias and RMSE of TDS-1 minus ECMWF winds are -0.33 and
2.77 m/s, respectively. Figure 1.6 compares the TDS-1 and ASCAT winds using the
buoys as reference. Although ASCAT winds demonstrate a better accuracy with a
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(a)

(b)

(c)

Figure 1.4: Average global wind speed (May 2015 to June 2016) by TDS-1 SGR-
ReSI measurements (a), ECMWF (b) and the differences (TDS-1 minus ECMWF
winds) (c). The collocated observations are only used.

bias and RMSE of -0.68 and 1.40 m/s, TDS-1 performance is still reliable resulting
in a bias and RMSE of -0.03 and 2.23 m/s. Generally, ASCAT demonstrates a
better performance compared to TDS-1 on a small scale with slight differences in the
statistics. This can be promising for GNSS-R winds showing a high potential in the
preliminary phases. As discussed, by better calibration of the GMF with a higher
number of observations in various weather conditions, further error characterizations,
tuning the physical scattering models and finally with higher technical experiences,
the performance, especially at high winds, is expected to improve.
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(a) (b)

Figure 1.5: ASCAT (a) and TDS-1 (b) wind speed differences with ERA-Interim
winds of ECMWF resulting in the bias and RMSE of 0.25 and 2.31 m/s, and,
-0.33 and 2.77 m/s, respectively.

(a) (b)

Figure 1.6: ASCAT (a) and TDS-1 (b) wind speed differences with the TAO
buoys measurements in the Pacific resulting in the bias and RMSE of -0.68 and
1.40 m/s, and, -0.03 and 2.23 m/s, respectively.

5 Performance Evaluation during Rain Events
Figure 1.7 shows scatter plots of TDS-1 and ASCAT versus ECMWF wind speeds
during rain events. The analysis demonstrates significantly the less sensitivity of
TDS-1 winds to rain events, in comparison to ASCAT winds. ASCAT performance
has significantly worsened to the bias and RMSE of 1.03 and 3.16 m/s, respectively,
while TDS-1 measurements with a slight degradation, show a bias and RMSE of 0.21
and 2.94 m/s. The results indicate that GNSS forward scattering data are highly
promising for ocean sea surface wind retrieval during severe weather.

Average TDS-1 cross section versus wind speed for different rain rates are plotted
in Figure 1.8. Accordingly, a sensitivity to rain at weak winds is evident. Figure 1.9,
displaying the average cross section at winds between 2.5 and 5 m/s, demonstrates a
decrease in TDS-1-derived cross section during rain events. Explaining rain effects
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on GNSS forward scattering is beyond scope of this paper, but characterizing these
effects is highly recommended for the future studies. Although, as shown, rain results
in a slight degradation in derived winds, studying this effect can highly contribute to
a better understanding of GNSS forward scatterings physics.

(a) (b)

Figure 1.7: ASCAT (a) and TDS-1 (a) wind speed differences with ERA-Interim
winds of ECMWF, during rain events, resulting in the bias and RMSE of 1.03
and 3.16 m/s, and, -0.21 and 2.94 m/s, respectively.

6 Discussion and Conclusion
Using TDS-1 GNSS-R measurements, a characterization and validation study of
forward scattering winds is conducted. After developing a wind speed retrieval based
on a GMF of derived scattering cross section, a wind speed dataset using TDS-1 level
1b measurements, from May 2015 to July 2017, is provided. Comparing the derived
winds, it is shown that TDS-1 measurements are in a fair agreement with ERA-
Interim wind fields of ECMWF in the majority of areas. However, the comparison
also shows an overestimation in the equatorial regions due to the higher noise levels

Figure 1.8: Average bistatic radar cross section versus wind speed at different
Rain Rates (RR). The figure shows a sensitivity at weak winds.
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Figure 1.9: Average bistatic radar cross section, at winds between 2.5 and 5 m/s,
versus the incidence angle in a rain free area (black) and during rain events (red).
The number of observation in each bin is shown. The figure shows a slight decrease
in cross section during rain events.

in this region, as well as underestimations in southern latitudes where the fast flowing
jet streams exist with a high variability in the wind speed. Using well-established
ASCAT backscattering winds as the benchmark, the first fully implemented GNSS
forward scattering satellite mission demonstrates a promising performance. TDS-1
wind differences with ECMWF result in an RMSE and bias of -0.33 and 2.77 m/s,
while the ASCAT winds show an RMSE and bias of 0.25 and 2.31 m/s, respectively.
These statistics, taking TAO buoys in the Pacific as reference, change to -0.03 and
2.23 m/s for TDS-1 and -0.68 and 1.40 m/s for ASCAT winds.

The most striking fact can be that GNSS winds indicate a high potential to
produce high-quality wind data during rain. The rain-affected data of TDS-1,
recognized using TRMM precipitation data, show an RMSE and bias of 2.94 and
-0.21 m/s, while ASCAT demonstrates a significant degradation resulting in 3.16 and
1.03 m/s. However, a change in cross section, at low winds, during rain events is
demonstrated and highly recommended for the future studies.

It must be noted that, for a fair comparison, all the conducted analyses include
ASCAT flagged data since no quality control is applied to TDS-1 measurements.
This study has been a preliminary phase evaluation demonstrating the promising
capabilities of GNSS forward scattering winds with an expectation for an improved
performance in near future with a higher level of maturity.
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Abstract

The novel space-borne Global Navigation Satellite System Reflectometry
(GNSS-R) technique has recently shown promise in monitoring the ocean
state and surface wind speed with high spatial coverage and unprecedented
sampling rate. The L-band signals of GNSS are structurally able to
provide a higher quality of observations from areas covered by dense
clouds and under intense precipitation, compared to those signals at
higher frequencies from conventional ocean scatterometers. As a result,
studying the inner core of cyclones and improvement of severe weather
forecasting and cyclone tracking have turned into the main objectives of
GNSS-R satellite missions such as Cyclone Global Navigation Satellite
System (CYGNSS). Nevertheless, the rain attenuation impact on GNSS-
R wind speed products is not yet well documented. Evaluating the rain
attenuation effects on this technique is significant since a small change in
the GNSS-R can potentially cause a considerable bias in the resultant
wind products at intense wind speeds. Based on both empirical evidence
and theory, wind speed is inversely proportional to derived bistatic radar
cross section with a natural logarithmic relation, which introduces high
condition numbers (similar to ill-posed conditions) at the inversions to
high wind speeds. This paper presents an evaluation of the rain signal
attenuation impact on the bistatic radar cross section and the derived
wind speed. This study is conducted simulating GNSS-R delay-Doppler
maps at different rain rates and reflection geometries, considering that
an empirical data analysis at extreme wind intensities and rain rates
is impossible due to the insufficient number of observations from these
severe conditions. Finally, the study demonstrates that at a wind speed
of 30 m/s and incidence angle of 30◦, rain at rates of 10, 15, and 20
mm/h might cause overestimation as large as ≈0.65 m/s (2%), 1.00 m/s
(3%), and 1.3 m/s (4%), respectively, which are still smaller than the
CYGNSS required uncertainty threshold. The simulations are conducted
in a pessimistic condition (severe continuous rainfall below the freezing
height and over the entire glistening zone) and the bias is expected to be
smaller in size in real environments.
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1 Introduction

The innovative Global Navigation Satellite System Reflectometry (GNSS-R) tech-
nique, offering exploitation of existing GNSS signals reflected off the Earth’s surface,
has significantly grown in interest as an Earth observation technology to retrieve a
variety of geophysical parameters (Zavorotny et al. 2014; Jin et al. 2014). Ocean
surface wind monitoring using GNSS-R measurements, as a bistatic radar forward
scatterometer, is one of the latest promising applications. TechDemoSat-1 (TDS-1),
launched in 2014, fully demonstrated the capabilities of GNSS-R in retrieving the
state of the ocean, and consequently, in obtaining high-quality winds (Foti et al.
2015). The Cyclone Global Navigation Satellite System (CYGNSS) was launched
in December 2016 and provides wind data with an unprecedented sampling rate.
CYGNSS consists of eight microsatellites in the inclined orbits (Ruf et al. 2012; Ruf
et al. 2016). In addition, further ideas and upcoming GNSS-R missions are being
developed (Wickert et al. 2016; Cardellach et al. 2018; Castellvi et al. 2018).

GNSS-R satellite missions can provide a sufficient observation frequency for ocean
surface monitoring, exploiting the high and growing number of GNSS transmitters and
the easily employable low-cost, low-mass, and low-power GNSS receivers. In addition,
it is known that GNSS L-band signals are affected by a much lower level of attenuation
and scattering by clouds or raindrops in the atmosphere, compared to those from the
conventional Ku- and C-band scatterometers. The general reliability of wind speed
products during rainfalls is documented (Asgarimehr et al. 2018a). These advantages
can be potentially a solution to overcome the limitations in capturing and forecasting
severe weather events. Weather models performance degrade during extreme events
due to the lack of high spatiotemporal-resolution data and the obscurity of traditional
remote sensing instruments during severe weathers. Consequently, improving severe
weather forecasting is the overall objective of CYGNSS and the mission studies
tropical cyclone inner core process.

Rain can affect ocean monitoring with scatterometers in two ways. First, raindrops
impinging the ocean surface alter the wind-induced radar signature, which, in case of
GNSS-R scatterometry, is the quasi-specular reflections from multiple facets. They
can create rings, stalks, and crowns (Bliven et al. 1997) which alter the surface
roughness, and consequently, the wind retrieval quality. Rain splash effect on GNSS-
R observations is discussed (Asgarimehr et al. 2018b) and a decrease in Bistatic
Radar Cross Section (BRCS) at low wind speeds (≈<5 m/s) is demonstrated both
with TDS-1 data analysis and based on model simulations. At high enough winds
(≈>5 m/s), the intensity of forward quasi-specular scattering is controlled by surface
gravity waves with lengths larger than several wavelengths of the reflected signal.
As a result, the scatterometric GNSS-R measurements are insensitive to the surface
modifications by raindrops impinging on the ocean at high winds.

As the second effect, rain attenuates signals passing through the atmosphere, the
phenomenon which this study is focused on. Existing raindrops and water vapor
in the atmosphere cause attenuation in Electromagnetic (EM) waves due to the
absorption and scattering (Hulst and Hulst 1981). Absorption is explained by the
intersection of rain cells and propagation path of EM waves and the absorbed energy
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is transferred into heat. Deeper absorption happens when the rain cells fill a major
part of the Fresnel’s ellipsoid along the signal path. In case of large enough signal
frequency, such as 12 to 18 GHz (Ku-band), as the precipitation rate increases, the
signal received less at the receiver is scattered from the ocean surface and the majority
of the radiation is scattered by the rain layer. These effects significantly degrade the
performance of scatterometers operating at Ku-band frequencies (Contreras et al.
2003).

Although the rain attenuation can cause small-scale effects on GNSS signals,
the impact on the diverse applications can be different in size. A small change
in the observable cannot be always interpreted as an insignificant bias in the final
products but it depends on how the product responses to the observable change. The
dependency of the wind speed to a GNSS-R observable is translated by a Geophysical
Model Function (GMF) which is a forward operator mapping the observable to the
product. Mathematically, assuming that the wind speed GMF is a linear function,
we can consider the simplified wind speed retrieval problem as:

G~x = ~U10 (2.1)

where G is a m × n GMF matrix and ~x and ~U10 are the n- and m-dimensional
observable and wind speed vectors, respectively. In the case of perturbations, we
have G(~x+ ~δx) = ~U10 + ~δU10, form which we can estimate the relative error in the
wind speed as:

‖ ~δU10 ‖ / ‖ ~U10 ‖≥‖ G ‖‖ G−1 ‖ (‖ ~δx ‖ / ‖ ~x ‖) (2.2)

which shows that the final error in the wind speed is a function of condition number
µ which reads:

µ(G) =‖ G ‖‖ G−1 ‖ (2.3)

Finally, a small change in the observable can cause large biases in the output for
problems with a large condition number, so-called ill-conditioned problems.

Normally, in GNSS-R wind speed retrievals, the GMF is a nonlinear function.
The condition number for nonlinear functions, unlike the discussed linear problem,
is not a constant value, and varies with the point over the domain of the function.
The condition number of a nonlinear but differentiable function f at point x is
xf ′(x)/f(x). Hence, a TDS-1 wind speed U10 GMF, taking the Bistatic Radar Cross
Section (BRCS) σ0 as the input argument, U10 = 9, 042.24e−0.62σ0 +0.99 (Asgarimehr
et al. 2018a), can be considered and the associated condition number is shown in
Figure 2.1. Accordingly, at lower values of σ0, corresponding to higher wind speeds,
the condition number is at higher levels. So, at a small enough σ0, that is at high
enough wind speeds, the GMF tends to an ill-conditioned function.

According to the above arguments, small changes in the GNSS-R observables
might cause a considerable bias in the wind speed at high-value regions, which
signifies the need to a characterization investigation, considering the main objective
of CYGNSS. However, conducting data analysis at extreme winds and rains is
impossible due to the lack of a sufficient number of observation from extreme events.
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Figure 2.1: Condition number of a TechDemoSat-1 (TDS-1) wind speed Geophys-
ical Model Function (GMF) converting the Bistatic Radar Cross Section (BRCS)
to wind speed.

This study characterizes the effect simulating the delay-Doppler Maps (DDM) and σ0,
as described in Section 2. Counting rain attenuation effects is explained in Section 3,
which also reports the numerical results. Finally, Section 4 discusses the outcomes
and provides the concluding remarks.

2 Simulating DDMs
In this study, the simulations are based on the bistatic radar equation which reads
(Zavorotny and Voronovich 2000):

〈| Y (τ,D) |2〉 = PtGtλ
2T 2

i

(4π)3

∫ ∫
A

GrΛ2(τ)S2(f)
R2
tR2

r

σ0dA (2.4)

where τ and D are the time delay and the frequency offset, respectively, and
〈| Y (τ,D) |2〉 is the ensemble mean of the correlation as a function of these parameters.
Pt is the transmitter power, Gt and Gr are the transmitter and receiver antenna gains,
respectively. λ is the carrier wavelength, Ti is coherent integration time, Rt and
Rr are respectively the transmitter to specular point and specular point to receiver
ranges, A represents the scattering area (the glistening zone), σ0 is the bistatic radar
cross section, Λ2 and S2 are the triangular and sinc functions, respectively. Different
studies propose DDM simulation algorithms. For instance, one can refer to (Marchan-
Hernandez et al. 2009; Li and Huang 2013; Gleason 2006; Zavorotny and Voronovich
2000) for further information. Nevertheless, the simulation algorithm conducted in
this study is here explained in details for the sake of clarity. For simulating the
DDMs, the sea surface is modeled firstly as a function of wind speed, which is the
dominant factor controlling the surface roughness. Other oceanic phenomena such as
rain splash effects and swell, which might change the roughness and, consequently,
affect the DDMs, are not investigated in this study. In case of interest, one can
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refer to (Asgarimehr et al. 2018b) which discusses the rain splash effect intensively.
Then, the reflection geometry and the specular point position is determined. Finally,
the power distribution in a spatial domain is computed and is then mapped to the
delay-Doppler domain.

2.1 Ocean Surface Modeling
The BRCS describes the strength of the signal after reflection from a particular point
on the rough surface and scattered in the direction of the receiver’s antenna. The
intensity of the propagated signal is a function of roughness and, as a result, the
BRCS describes the glistening zone being rough. In these numerical simulations, we
use the equation derived from the well-known geometric-optics limit of the Kirchhoff
approximation (Zavorotny and Voronovich 2000; Garcia et al. 1979):

σ0 =| R2 | (| ~q | /qz)4P (~q⊥/qz) (2.5)

where R is the complex Fresnel coefficient which can be determined by the com-
plex dielectric constant of sea water, signal polarization, and local incidence angle
(Zavorotny and Voronovich 2000). ~q = ~q⊥ + qz ẑ is the scattering vector, which
can be obtained from the locations of the transmitter and receiver satellites and
the specular point. P (~q⊥/qz) is the Probability Density Function (PDF) of the
slopes of the large-scale sea surface components at wavenumbers much higher than
k∗ = (2π/3λ) cos(θinc), where θinc is the incidence angle.

For numerical simulations, the PDF for a given slope s = ~q⊥/qz, can be obtained
using the Gaussian statistics of anisotropic slopes (Zavorotny and Voronovich 2000):

P (s) = 1
2πσsxσsy

√
1− b2

x,y

exp
(
− 1

2(1− b2
x,y)

(
s2
x

σ2
sx

− 2bx,y
sxsy
σsxσsy

+
s2
y

σ2
sy

))
(2.6)

where sx and sy are the upwind and crosswind ocean slope components and σsx

and σsy denote the upwind and crosswind Mean Square Slope (MSS) components,
respectively. The slope variances and correlations can be determined from a ocean
surface elevation spectrum W (~k) with an integration over wavenumbers smaller than
k∗, which can be in turn modeled using different spectra models such as the one
proposed in (Elfouhaily et al. 1997). One can refer to (Zavorotny and Voronovich
2000) for the integrals deriving the wind-dependent slope variances and correlations
which are valid for any arbitrary spectrum W (~k). Instead, the direct equations are
here used, deriving the MSS components (Cox and Munk 1954):

σsx = 3.16× 10−3U10 (2.7)

σsy = 0.003 + 1.92× 10−3U10 (2.8)

where U10 is the wind speed at 10 m above the ocean surface. For simplicity, the
spectrum is here supposed symmetrical with respect to a wind direction which is
in turn assumed along the major x- or y-axis (bx,y = 0). Finally, σ0 is computed
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for different scenarios leading to simulated DDMs as described in the following
subsections.

The type of scattering considered here and modeled by Equation (2.4) is the
quasi-specular scattering, which takes place on oceans induced with intense enough
winds (≥≈4 m/s), in other words, for rough surfaces with a high enough (�1)
Rayleigh parameter, Ra = (2π/λ)h cos(θinc), where h is the root-mean-square of
surface heights. For the case of scattering from insufficiently rough oceans (induced
by weak winds), the mechanism changes the rough surface scattering dominated
by or combined with the coherent specular reflection component which is absent
at higher winds (at a large Rayleigh parameter). This type of scattering and its
transition to the regime of strong diffuse scattering is discussed and modeled in
(Voronovich and Zavorotny 2017). In this study, the scattering mechanism change at
low winds is neglected for simplicity since the main concern is the attenuation effect
at high winds where the wind speed GMF has a high condition number and might
be potentially sensitive to BRCS small changes, as discussed in the introduction.

2.2 Reflection Geometry
The reflection geometry is defined with locations of transmitter and receiver satellites
and the specular point on the ocean surface. For more realistic simulation, eight real
TDS-1 reflectometry events, at different incidence angles of 0◦, 10◦, 20◦, 30◦, 40◦,
50◦, 60◦, and 70◦are collected as the case scenarios. Then, the direct information on
the position of TDS-1 and GPS satellites are used as the coordinates of the receiver
and transmitter, respectively. Appendix A reports on the position and velocity of
the satellites in the Earth-centered Earth-Fixed (ECEF) reference frame, in each of
eight case scenarios, in Tables 2.1 and 2.2.

Calculating the Specular Point Position

Once the positions of the satellites are known, the specular point position can be
determined. To this aim, the algorithm proposed in (Gleason 2010) is used. The
specular point position is calculated so that three conditions are met: the angle
between the incoming and reflected signal with respect to the surface normal is
equal, the total path between the transmitter, specular point, and the receiver is the
minimum, and finally, the specular point relies on the WGS84 Earth geoid. For a
more precise simulation, when needed, local variations in the geoid height can be
taken into account (one can refer to (Wu et al. 2019) for example). Then, the signal
path magnitude as a function of the specular point position reads (Gleason 2010):

P (~S) =| (~T − ~S) + (~R− ~S) | (2.9)

where ~S, ~T , and ~R denote the specular point, transmitter and receiver position
vectors. Since the transmitter and receiver locations are known, the specular point
location can be obtained with an iterative minimizing approach as the path equation
is non-linear. Taking the partial differential of the specular point ~S with respect to
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x, y, and z for the purpose of minimizing this path:

dS =
 Tx − Sx√

(Tx − Sx)2 + (Ty − Sy)2 + (Tz − Sz)2
+ Rx − Sx√

(Rx − Sx)2 + (Ry − Sy)2 + (Rz − Sz)2

 dx
+
 Ty − Sy√

(Tx − Sx)2 + (Ty − Sy)2 + (Tz − Sz)2
+ Ry − Sy√

(Rx − Sx)2 + (Ry − Sy)2 + (Rz − Sz)2

 dy
+
 Tz − Sz√

(Tx − Sx)2 + (Ty − Sy)2 + (Tz − Sz)2
+ Rz − Sz√

(Rx − Sx)2 + (Ry − Sy)2 + (Rz − Sz)2

 dz
(2.10)

we have the change in ~S converging to the minimum path step as:

~∆S = (~T − ~S)
| (~T − ~S) |

+ (~R− ~S)
| (~R− ~S) |

(2.11)

After the initial guess, which is simply the point below the receiver satellite
and on WGS84 surface reference, the iteration is carried out as we have ~Stemp,i =
~Stemp,i−1 + ~∆Si, where i is the iteration step and temp indicate the intermediate
being of the value. To ensure the specular point lies on the ocean surface (on the
WGS84), ~Stemp is scaled by the radius of the Earth, r/ | ~Stemp |, where:

r = aWGS84

√√√√ 1− e2
WGS84

1− (e2
WGS84 + cos(λ)) (2.12)

in which aWGS84 and eWGS84 are the semimajor axis and eccentricity of the
WGS84 reference ellipsoid. So, the specular point can be obtained as:

~S = r
~Stemp

| ~Stemp |
(2.13)

when d~S is smaller than a specified tolerance after several iterations, it is considered
determined.

Transformation of the Vectors to the Model Reference Frame

To ease the simulation process, all of the position and velocity vectors are transformed
to a model reference frame. The model reference frame is defined so that its origin is
at the center of the Earth. The specular point is along the z-axis, and the x–y plane
is parallel to the plane tangent to the surface at the specular point. The system is
right-handed and the x-axis is toward the receiver satellite trajectory on the x–y
plane. This reference frame is shown in Figure 2.2.

To obtain the vectors in the model reference frame, they are first transferred to a
local East, North, Up (ENU) coordinate system centered at the specular point. This
transformations is as follows:xenuyenu

zenu

 =

 − sin λs cosλs 0
− sinφs cosλs − sinφs sin λs cosφs
cosφs cosλs cosφs sin λs sinφs


xecefyecef
zecef

 (2.14)
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y

x

z

Figure 2.2: Orientation of the model reference frame used for the numerical
simulations.

where λs and φs denote the geodetic longitude and latitude of the specular point,
respectively. The ENU and the model reference frame have equivalent z components,
while the horizontal orientation can be different. With a rotation of the coordinate
system with respect to z-axis, ENU coordinates are transformed to the model
reference frame. Then, the transformation of the horizontal components are first
conducted with calculating the horizontal angular difference between the two systems:

∆θ = θh − θr (2.15)

where:
θh = tan−1(xenu/yenu) (2.16)

θr = tan−1(xt,enu − xr,enu
yt,enu − yr,enu

) (2.17)

denoting the coordinates components of the reciever and trasnmitter satellite with r
and t subscripts, respectively. Finally, the vectors in the model reference frame can
be easily obtained: xmym

zm

 =


√
x2
enu + y2

enu cos ∆θ√
x2
enu + y2

enu sin ∆θ
zenu

 (2.18)

and in the following, all of the vectors are designated in the model reference frame.

Establishment of the Glistening Zone

The glistening zone is considered as the area surrounding the specular point. So, a
spherical plane is considered so that the curvature of Earth is taken into account.
To this aim, a grid is etablished whose elements are designated in a 2D angular
frame (γ1, γ2). The components γ1 and γ2 are the angular differences with respect
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to the z-axis of the model reference frame (intersecting the specular point), while
the endpoints of the rays are at its origin. The boundary of the glistening zone can
be considered as γ = Rg/r, where Rg is the radius of the circular glistening zone.
Finally, the grid elements can be obtained in the model reference frame by rotation
of the specular point position ~Sm = [0, 0, 1] with respect to y-axis and x-axis as large
as γ1 and γ2, respectively:

~gm(γ1, γ2) = ~SmM1(γ1)M2(γ2) (2.19)

where,

M1(γ1) =

− cos γ1 0 sin γ1
0 1 0

sin γ1 0 cos γ1

 (2.20)

M2(γ2) =

1 0 0
0 cos γ2 − sin γ2
0 sin γ2 cos γ2

 (2.21)

2.3 Power Distribution Calculation
In this step, the received power is calculated using Equation (2.4). However, the
direct calculation of the power map in the delay-Doppler domain is not possible
unless it is first obtained in the spatial domain (over the established grid over ocean
surface) and then mapped to the delay-Doppler domain afterward.

Power Distribution in the Spatial Domain

For each grid element we need the corresponding delay and Doppler shift values to
calculate the received power scattered form that surface element. The delay refers
to the time delays of the signal scattered from different grid elements. The delay
value at every grid point on the ocean surface can be obtained using Equation (2.9)
and the path delay at the specular point (the minimum path delay) can be used to
reference other paths across the grid. To be more specific, the C/A delay for each
grid position vector ~g is obtained as:

τ(~g) = fC/A
c
P (~g) (2.22)

where fC/A = 1.025e6 Hz and c = 2.99792458e8 are the frequency of C/A code
and the speed of light in a vacuum, respectively, and P is given in Equation (2.9).
Finally, ∆τ = τ(~g)− τ(~S) is the delay with respect to the specular point.

The relative motion between the transmitter, receiver and grid elements cause
the Doppler shift. In an arbitrary case, a signals Doppler frequency between two
points ~A and ~B with velocity vectors of ~Av and ~Bv, respectively, is as follows:

D ~A~B =
| ( ~Av − ~Bv). (

~A− ~B)
| ~A− ~B| | f

c
(2.23)
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where f is the signal frequency. In GNSS-R, the signal is received after being
reflected and the total Doppler frequency at grid element ~g, after adding the rate of
the receiver clock drift dclk, reads:

D(~g) = DTg +DgR + dclk (2.24)

which can be rewritten as:

D(~g) = | (~gv −
~Tv).~uTg | fL1

c
+ | (

~Rv − ~gv).~ugR | fL1

c
+ dclk (2.25)

where ~u is the unit vector between the two points shown as the subscripts and
fL1 = 1575.42e6 Hz is GPS L1 carrier signal frequency. The receiver clock drift is
usually determined as an unknown parameter in positioning solutions. Nevertheless,
this value is assumed zero in simulations of this study. In addition, the velocity of
sea surface (grid elements) can be assumed equivalent to zero since its magnitude is
much smaller than the transmitter and receiver satellites. This calculation is carried
out at every grid element to map the scattered signal frequency over the glistening
zone. Similar to delay computations, the Doppler frequency at the specular point is
used to reference other frequencies across the grid as ∆D = D(~g)−D(~S).

Power Distribution in Delay-Doppler Domain

Once the power distribution is transformed from the spatial domain to the delay-
Doppler domain, the simulated DDM is generated. To this aim, the relationship
between the two domains must be first considered. Figure 2.3 schematically illustrates
an idealized DDM in both the spatial and delay-Doppler domain as well as the equi-
Doppler curves, shown in blue, and the equi-range lines, ellipses in black. The right
panel shows the corresponding DDM with the well-known horseshoe shape. The
surface elements in the spatial coordinate domain, specified at the intersection of
equi-range and equi-Doppler curves, and DDM pixels in the delay-Doppler domain
are connected with a relation which is not one-to-one. In other words, every pixel of
the DDM is not mapped to exactly one element of the spatial domain. Each DDM
pixel is proportional to scattered power from the pair of pixels located symmetrically
with respect to the intersection of the incidence plane with the ocean surface, which
is the y-axis in the illustrated case. This is valid for every DDM pixel, except the
pixel with maximum value, which normally corresponds to the specular point and the
pixels with zero value (or a value close to the noise-floor), the dark blue area of the
DDM in the right panel, which correspond to non-intersecting equi-range and equi-
Doppler lines in the spatial domain. This non-one-to-one relation causes the so-called
ambiguity problem. Dealing with the quasi-specular scattering from the glistening
zone and the discussed ambiguity, the received power can be spatially filtered with
the help of the Woodward Ambiguity Function (WAF), χ(∆f,∆τ) ≈ S(∆f)Λ(∆τ),
applied as follows:

〈| Y (∆τ,∆D) |2〉 = χ2(∆τ,∆D) ∗ Σ(∆τ,∆D) (2.26)
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Figure 2.3: Illustration of the ambiguity problem in mapping the power from
the spatial domain (left) to the delay-Doppler domain (right). In the left panel,
blue curves are equi-Doppler and black ellipses are equi-range. As shown, each
delay-Doppler Map (DDM) pixel is not proportional to scattered power from only
one pixel in the spatial domain, but from a pair of pixels located symmetrically
with respect to the intersection of the incidence plane with the ocean surface,
which is the y-axis in the illustrated case.

where ∗ represents the two dimensional convolution operation and:

Σ(~g) = T 2
i D

2(~g)σ0(~g)ds
4πR2

t (~g)R2
r(~g) (2.27)

in which ds is the area of the grid element. To accelerate the numerical simulations,
Equation (2.26), with the help of Fourier transformation F , can be rewritten as
(Marchan-Hernandez et al. 2009):

F [〈| Y (∆τ,∆D) |2〉] = F [Σ(∆τ,∆D)].F [χ2(∆τ,∆D)] (2.28)

Finally, using the procedure described in this section, the DDMs are simulated
for each scenario reported in Tables 2.1 and 2.2. Figure 2.4 shows a simulated and
measured DDM onboard TDS-1.

3 Rain Attenuation
After simulating the DDMs, rain attenuation effects on them is applied as described
in the following subsections.

3.1 Attenuation Model
For practical purposes, the specific attenuation γR, for a given rain rate R, can be
calculated simply using the power-law relationship:

γR = kRα (2.29)
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Figure 2.4: A measured DDM onboard TDS-1 (a) and the modeled DDM after
adding an artificial Gaussian noise (b) at a wind speed of 14.74 m/s. Specular
point position: Latitude 34.38 Longitude 16.25 degrees. Time: 3 November
2015, 13:59.47. The SGR-ReSI receiver is operated in unmonitored automatic
gain control mode (AGM) so that the gain of the intermediate-frequency voltage
amplifier of the global navigation satellite system (GNSS) receiver is adaptively
adjusted by the automatic gain control according to the received power level (Foti
et al. 2017). The variable gain level is not recorded and the absolute level of
incoming radiation is inaccessible.

The coeficient values k and α are a function of the frequency f . They are obtain-
able from equations proposed by the International Telecommunication Union-Radio
communation sector (ITU-R), specifically ITU-R P.838-3, which have been devel-
oped from curve-fitting to power-law coefficients derived from scattering calculations
(ITU-R Recommendation P.838-3, Specific attenuation model for rain for use in
prediction methods 2015):

log10 kH/V =
4∑
j=1

aj exp
−( log10 f − bj

cj

)2
+mk log10 f + ck (2.30)

αH/V =
5∑
j=1

aj exp
−( log10 f − bj

cj

)2
+mα log10 f + cα (2.31)

The coefficient are depended on the signal polarization as shown with subscripts
H or V for horizontal and and vertical polarization, respectively. Values of aj , bj , cj ,
mk/α, and ck/α for each polarization are given in Appendix B from ITU-R P.838-3.
Coefficients k and α, for a circular polarization, can be obtained from those for
horizontal and vertical polarization as follows:

k = [kH + kV + (kH − kV ) cos2 θ cos 2τt]/2 (2.32)

α = [kHαH + kV αV + (kHαH − kV αV ) cos2 θ cos 2τt]/2k (2.33)

where θ is the path elevation angle and τt is the polarization tilt angle relative to
the horizon (=45◦ for circular polarization). At GPS L1 frequency (f = 1575 MHz),



Paper 2. Evaluating Impact of Rain Attenuation 103

the values for k and α are 24.312e−5 and 0.9567, respectively (Clarizia et al. 2015).
Finally, the rain attenuation (Grain) is computed with a forward model as follows
(Clarizia et al. 2015):

Grain = exp(−γRhf (csc θt + csc θr)) (2.34)

where hf is the freezing height in km (assumed 6 km in this study), and θt and θr
are the elevation angles to the transmitter and receiver satellites, respectively. The
elevation angles of both satellites are assumed equal, as would be the case at the
secular point. In addition, the rain rate is assumed constant from the surface up to
the freezing height. In Equation (2.34), Grain is the power out as percentage of the
power in, which is simply convertible to attenuation in dB (= 10 log10(Grain)).

3.2 The Effect on GNSS-R Winds
Finally, the rain effects are calculated as described previously and summarized in
Figure 2.5. The simulation is conducted for rain rates up to 20 mm/h effecting the
observation at eight different TDS-1 case scenarios with incidence angles of 0◦, 10◦,
20◦, 30◦, 40◦, 50◦, 60◦, and 70◦as reported in Tables 2.1 and 2.2.

Transmitter and 
receiver position 

and velocity vectors 
from TDS-1 dataset 

(Table A1) 

Determination of 
specular point 

poition Ԧ𝑆 in Eq. 13 
(2.2.1)

Transformation of 
the position and 

velocity vectors to 
the model reference 

frame (2.2.2)

Determining the 
glistening zone and 
the grid elements Ԧ𝑔

in the model 
reference frame 

(2.2.3) 

Calculating the 
corresponding 

delay 𝜏( Ԧ𝑔) in Eq.22 
and Doppler 

frequency shift 
D( Ԧ𝑔) in Eq. 25 

(2.3.1)

Determining 
bistatic radar cross 

section 𝜎0 using 
Eq. 5 (2.1)

Arbitrary wind 
speed

Calculating Σ( Ԧ𝑔) in 
Eq. 27 (2.3.2)

Transformation to 
the delay-Doppler 
domain using Eq. 
26 or 28 (2.3.2)

Arbitrary rain rate

Calculation of the 
rain attenuation 
𝐺𝑟𝑎𝑖𝑛 in Eq. 34 

(3.1)

Determining rain 
attenuation on 

power

Deriving rain 
affected bistatic 

radar cross section 
and wind speed

Figure 2.5: An overview of the simulation procedure of DDMs and calculation of
rain attenuation effects in this study.

As a means to extract the wind information, retrieval algorithms are developed
based on different quantities obtained from the DDMs as the input into the empirical
GMFs. The GMF is in turn derived from a large collocation study between the
observed DDM measurement together with wind data from other sources such as
scatterometers, situ buoys and Numerical Weather Prediction (NWP) model data.

Among diverse observables, the BRCS computed from the signal-to-noise ratio
(SNR) of the correlated power around the specular point is used to retrieve wind
speed form TDS-1 measurements (Foti et al. 2015) and the average normalized BRCS
around the specular point is used in the CYGNSS wind speed algorithm (Clarizia
and Ruf 2016). As a result, the rain attenuation effects on this parameter and,
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consequently, the derived wind speed is investigated. Figure 2.6 demonstrates the
rain attenuation effects on the BRCS at different rain rates and incidence angles,
which is followed by Figure 2.7 showing the eventual modification on the derived
BRCS and wind speeds. The differences indicated by Figure 2.7 are at the incidence
angle of 30◦ which has the highest occurrence probability in TDS-1 dataset.
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Figure 2.6: Cont.
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Figure 2.6: Cont.
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Figure 2.6: Rain attenuation effects on the Bistatic Radar Cross Section σ0 at
different rain rates and incidence angles of 0◦(a), 10◦(b), 20◦(c), 30◦(d), 40◦(e),
50◦(f), 60◦(g), 70◦(h).

4 Discussion and Conclusions
Rain attenuation, depending on the signal frequency, can affect the satellite scattero-
metric wind retrievals. This effect on the novel space-borne GNSS-R, providing wind
information over oceans, needs to be characterized, since one of the main objectives
of this technique is providing unaffected data during severe weather. Although
the L-band GNSS signals are not attenuated at high levels by the raindrops in the
atmosphere, the high condition number of GMFs at high wind speed ranges may
result in a considerable bias in the resultant wind speed. In this study, the signal
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Figure 2.7: Rain attenuation modifications in the derived BRCS (a) and wind
speed (b) at incidence angle of 30◦ and at different rain rates. σ0

R and U10,R are
the rain attenuation affected BRCS and wind speed.

attenuation impact on the BRCS σ0 at the specular point as one of the important
quantities derived from DDMs, as well as the bias in the wind speed, is evaluated.
Empirical GNSS-R data analysis is impossible due to the lack of a sufficient number
of observations at extreme wind speeds and rain rates. Consequently, this study is
conducted simulating the DDMs from a satellite with orbital properties similar to
TDS-1.

Figure 2.6 shows that the modification due to the rain attenuation is slight at
any incidence angle. As visualized in this figure (and as reported in Figure 2.1 in
terms of the condition number), at wind speeds below 5–10 m/s, the BRCS change
over the wind speed is very gradual (dσ0/dU10 is small) and the wind speed is barely
responsive to BRCS changes. As a result, although the modifications in BRCS are
relatively larger at low winds, the resultant bias is negligibly small (as shown in
Figure 2.7). At higher wind speeds, the slope of the curves in Figure 2.6 becomes
very steep and small changes in BRCS correspond to relatively large changes in the
derived wind speed. So, the component of wind speed error due to measurement
error will be larger here. At typical precipitations (<5 mm/h), rain attenuation is
negligibly ineffective so that at a wind speed of 30 m/s and incidence angle of 30◦,
the bias is smaller than ≈0.35 m/s (1%).

The numerical results demonstrate that rain rates of 10, 15 and 20 mm/h, might
cause overestimation as large as ≈ 0.65 m/s (2%), 1.00 m/s (3%), and 1.3 m/s (4%),
respectively, at a wind speed of 30 m/s and incidence angle of 30◦. These statistics
can be considerable if they exceed the required uncertainty threshold. This threshold
is established considering the intrinsic errors in the wind speed retrieval algorithms,
which represent the errors that would be still present even if the measurements
were perfect. In practice, perfectly modeling the dependence of measured DDMs on
non-wind variables is impossible and the algorithms are at a level of simplification.
Such unavoidable error sources are combined with those from other phenomena,
including the rain attenuation effect. The uncertainty threshold for CYGNSS mission
is 2 m/s at wind speeds below 20 m/s and ±10% above 20 m/s. The errors shown in
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Figure 2.7 are always much smaller than this threshold, and thereby might not be
statistically significant, even at the incidence angle of 70◦, which is the worst case
scenario shown in Figure 2.6.

In addition, according to (Marks 1985), the average rain rate during hurricanes
is 3.9 mm/h and majority of the area (>50 %) are covered with a rainfall rate of
0.25–6.25 mm/h, estimated from composites of rain gauge data measuring rain rate
on Pacific islands during passage of typhoons over a 21-year period. Only over 4% of
the total covered area the rain rate is larger than 19 mm/h, which may be for a very
short time (few minutes). In hurricane events, extremely large rain rates happen in
convective cells which are highly localized and moving and evolving rapidly. So, the
severe rainfalls happen for few minutes in fast-moving cells. However, the simulation
here counts the rain attenuation effects very pessimistically. It considers constant
and continuous precipitation along the entire path of the direct and reflected signal
below the freezing height and over the entire glistening zone. The ambiguity function
(explained in Section 2.3) smooths the effect of rain attenuation over an area of ≈25
km. So, the effect of extreme rainfalls over small local regions can be significantly
reduced. As a result, the effect of rainfall during hurricanes can be noticeably smaller
in reality than the reported statistics.

It is recently demonstrated that rain splash altering ocean roughness can be
considerable at low wind speeds. The characterization of the signal attenuation
effect in this study complements the previous discussions and helps scientists obtain
a better understanding in the development of models correcting rain effects on
wind products and potentially in detecting rainfalls over oceans with GNSS-R
measurements. Generally, this study demonstrates that rain attenuation effects can
be ignored, considering the current technical and theoretical level of space-borne
GNSS-R maturity, and the technique shows the required insensitivity to atmospheric
rain attenuation for providing high-quality data from tropical storms.
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12,928,387.67
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11,085,709.07
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◦

5,432,997.00
−
2,902,608.00

−
3,353,593.75

19,042,175.45
−
9,244,237.63

−
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◦
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−
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−
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◦

−
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−
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−
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Appendix B

Coefficients for kH, kV , αH, and αV

Table 2.3: Coefficients for kH .

j aj bj cj mk ck
1 −5.33980 −0.10008 1.13098

−0.18961 0.711472 −0.35351 1.26970 0.45400
3 −0.23789 0.86036 0.15354
4 −0.94158 0.64552 0.16817

Table 2.4: Coefficients for kV .

j aj bj cj mk ck

1 −3.80595 0.56934 0.81061

−0.16398 0.632972 −3.44965 −0.22911 0.51059
3 −0.39902 0.73042 0.11899
4 0.50167 1.07319 0.27195

Table 2.5: Coefficients for αH .

j aj bj cj mα cα
1 −0.14318 1.82442 −0.55187

0.67849 −1.95537
2 0.29591 0.77564 0.19822
3 0.32177 0.63773 0.13164
4 −5.37610 −0.96230 1.47828
5 16.1721 −3.29980 3.43990

Table 2.6: Coefficients for αV .

j aj bj cj mα cα
1 −0.07771 2.33840 −0.76284

−0.053739 0.83433
2 0.56727 0.95545 0.54039
3 −0.20238 1.14520 0.26809
4 −48.2991 0.791669 0.116226
5 48.5833 0.791459 0.116479
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Abstract

For the first time, a rain signature in Global Navigation Satellite System
Reflectometry (GNSS-R) observations is demonstrated. Based on the
argument that the forward quasi-specular scattering relies upon surface
gravity waves with lengths larger than several wavelengths of the reflected
signal, a commonly made conclusion is that the scatterometric GNSS-R
measurements are not sensitive to the surface small-scale roughness
generated by raindrops impinging on the ocean surface. On the contrary,
this study presents an evidence that the bistatic radar cross section σ0

derived from TechDemoSat-1 data is reduced due to rain at weak winds,
lower than ≈ 6 m/s. The decrease is as large as ≈ 0.7 dB at the wind
speed of 3 m/s due to a precipitation of 0-2 mm/hr. The simulations
based on the recently published scattering theory provide a plausible
explanation for this phenomenon which potentially enables the GNSS-R
technique to detect precipitation over oceans at low winds.

1 Introduction
Over the last two decades, there has been a rapidly growing interest in the use of
Global Navigation Satellite System (GNSS) signals reflection from the Earth’s surface
to monitor a variety of geophysical parameters (see, e.g., Jin et al. (2014); Zavorotny
et al. (2014)). Despite a wide variety of GNSS Reflectometry (GNSS-R) applications
for Earth’s systems monitoring, the reflected signals have been hardly considered as
a potential rain indicator due to lack of both experimental evidence and theoretical
substantiation of such a phenomenon. Indeed, it is commonly assumed that GNSS
is an all-weather system due to the fact that frequencies for the GNSS signals are
chosen in the L band, so they would not suffer noticeable attenuation by clouds or
typical precipitation, and as a result, they are not sensitive to rain. However, the
sensitivity to rain might not be limited only to rain attenuation caused by signal
absorption in drops and accompanying scattering. Other signal propagation effects
may be involved. For example, Cardellach et al. (2014) recently proposed to use a
depolarization effect induced by the flattening of the heavy precipitation drops to
detect heavy rains.

The surface effects of precipitation on microwave wind scatterometry have been
known already for several decades, and they are well documented (Braun et al.
2002; Cavaleri et al. 2015; Contreras and Plant 2006; Contreras et al. 2003; Craeye
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et al. 1997; Craeye et al. 1999; Hansen 1986; Hwang 2011; Melsheimer et al. 1998;
Melsheimer et al. 2001; Milliff et al. 2004; Moore et al. 1979; Nie and Long 2007;
Portabella et al. 2012; Sobieski et al. 1999; Weissman et al. 2002; Weissman et al.
2012). These effects can be explained by the following impact model. Drops strike
the water surface producing splashes which, in its turn, generate gravity-capillary
ring waves from which the microwave signal scatters. The additional ocean surface
roughening can be described in terms of the modified wave elevation spectrum.
Naturally, such a roughening effect can be mostly noticed at low wind speeds when
heights of wind-generated waves are relatively low.

With the emergence of the GNSS bistatic radar ocean forward scatterometry a
question has been posed: Can rain surface effects have a similar impact on the GNSS
reflected signals? It is clear that this case requires a special consideration because
the mechanism of L-band forward scattering significantly differs from microwave
backscattering implemented in traditional wind scatterometry. Ghavidel and Camps
(2016) investigated a GNSS-R electromagnetic bias due to the rain and also by swell
and sea currents performing numerical simulations; however, the rain sensitivity of
GNSS wind scatterometry was not addressed in that publication. Soisuvarn et al.
(2016) analyzed a limited GNSS-R data set under rain conditions obtained during
the UK TechDemoSat-1 (TDS-1) mission. Although some spread for the signal-to-
noise-ratio (SNR) at different rain rates is shown in this study, the authors draw
no conclusion whether or not there is any effect of rain on GNSS-R measurements
and defer it until a substantially larger data set for statistical analysis is available.
Currently, TDS-1 has provided a significantly larger data set being operational for a
longer time. Consequently, a noticeably larger number of observations, especially at
higher rain rates, are investigated in this study.

At first glance, the GNSS reflected signal should not be sensitive to gravity-
capillary waves generated by drop splashes because of the nature of the forward
quasi-specular scattering. Indeed, according to the model presented by Zavorotny
and Voronovich (2000), the surface parameter that controls the intensity of forward
quasi-specular scattering is the low-pass mean square slope, MSSLP , of the ocean
surface. It is determined by the part of the wave slope spectrum that resides at wave
numbers smaller than κ∗ = κ cos θinc, where θinc is an incidence angle and κ is the
wave number (2π/λ) of the L-band GNSS signal.

Figure 3.1 (a) demonstrates a wave elevation spectrum (Elfouhaily et al. 1997)
induced by a wind speed of 3 m/s, together with the log Gaussian spectrum (Craeye
et al. 1997) used to describe the rain-induced ring waves at rain rates of 10 mm/hr. As
seen from this plot, the part of the spectrum affected by rain splashes resides at wave
numbers much higher than cutoff number κ∗, which is ≈ 11 rad/m for θinc = 0◦ and
≈ 5.5 rad/m for θinc = 60◦. However, the type of scattering described by Zavorotny
and Voronovich (2000), also known as a strong diffuse scattering, takes place for
rough surfaces with a high enough (� 1) Rayleigh parameter, Ra = κh cos θinc,
where h is the root-mean-square of surface heights. At such conditions, the forward
bistatic scattering can be described by the geometric optics approximation which
involves surface slopes of waves with wave numbers smaller than κ∗ as described
above. For typical ocean conditions, this happens for winds with speed U10 > 5− 6



Paper 3. Can GNSS Reflectometry Detect Precipitation Over Oceans? 119

m/s. For weaker winds (and, respectively, Ra ≤ 1, ) the scattering mechanism
changes. Instead of quasi-specular scattering, driven by surface slopes, it becomes
more like a higher-order Bragg scattering, driven by parameter, Ra. Since Ra

is proportional to h, which in its turn results from integrating the entire surface
elevation spectrum, it also includes the spectral interval affected by rain splashes.
Voronovich and Zavorotny (2017) proposed a bistatic scattering model that describes
such a weak diffuse scattering providing a smooth transition to the regime of strong
diffuse scattering. For weak enough winds, the magnitude of the spectral peak due to
wind-generated waves becomes comparable to the one of the secondary peak due to
the rain-generated ring waves. As a result, the root-mean-square of surface heights
(and, therefore, the Rayleigh parameter) becomes sensitive to the rain-generated ring
waves. Figure 3.1 (b) shows Ra versus the wind speeds between 1.5 and 3 m/s and
how it responds to a range of rain rates at incidence angles of 0◦, 30◦, and 60◦.

Figure 3.1: Wave elevation spectrum (a) at wind speed 3 m/s without rain and
modified by rain (rain rate R = 10 mm/hr) along with the κ∗ for incidence
angles of 0◦ and 60◦ shown with vertical dashed and dash-dotted lines and surface
roughness Rayleigh parameter Ra (b) versus wind speed for a range of rain rates
and for three incidence angles θinc.

In this study, for the first time, the sensitivity of GNSS-R observations to the
rain splash effect, in terms of changes in the bistatic radar cross section (BRCS),
is discussed. The investigation is conducted using both the data from TDS-1 and
simulations based on the scattering model (Voronovich and Zavorotny 2017). Section
2 briefly describes the used data, whereas, in section 3, the rain effect on the real
observations is demonstrated. Section 4 discusses the model-based simulations.
Finally, the concluding remarks are presented.

2 Data Description
GNSS-R measurements of TDS-1 are analyzed in this study. The Level 1b data
covering the temporal interval from June 2015 to July 2017 are used. The ice-
affected ocean observations whose latitude is above 55◦ (or below −55◦), as well
as measurements with a negative SNR (< 0 dB), are omitted from the analyses.
The data are available to the users by the Measurement of Earth-Reflected Radio
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navigation Signals By Satellite. For each observation, BRCS σ0 is computed using
the bistatic radar equation (Zavorotny and Voronovich 2000) and as described by
Foti et al. (2015).

ERA-Interim reanalysis measurements, based on the Integrated Forecast Sys-
tem European Centre for Medium-Range Weather Forecasts (ECMWF) model, are
used as the match-up data set in this study. The model winds are analyzed by a
four-dimensional variational analysis with a 12-hr analysis window. The reanalysis
assimilates data from various sources including satellite and ground-based observa-
tions (Dee et al. 2011). Six-hourly data with a spatial resolution of 0.75◦ are used.
For TDS-1, σ0 was computed from the peak zone of the Doppler-delay map (DDM)
corresponding to a spatial resolution between 22 and 30 km (median value 25 km)
depending on the incidence angle of the specular point (see, e. g., Unwin et al.
(2016)). The derived TDS-1 BRCSs are collocated both spatially and temporally
within 60 km and 30 min, and the resultant measurements are analyzed.

The precipitation value of each TDS-1/ERA-Interim measurement is obtained
from 3-hourly combined Level 3 microwave-IR estimates (3B42 Version 7) of The
Tropical Rainfall Measuring Mission (TRMM). The TRMM 3B42 product is obtained
from TRMM merged with other satellite measurements. This data set has a 3-hr
temporal and 0.25◦ spatial resolution and covers from 60◦S to 60◦N (Huffman and
Bolvin 2015), which consequently meets the requirements for the analyses in this
study. However, global precipitation measurement alternatively provides half-hourly
Level 3 R estimates with a higher spatial resolution of 0.1◦, which can be also used for
future studies (Huffman et al. 2015). Finally, the data collocation results in 346,091
measurements from which 25,994 observations are collected during precipitation. To
be more specific, 20,465, 3,517, and 1,051 measurements are at rain rates 0-2, 2-4,
and 4-6 mm/hr, respectively, and the rest are at higher rates.

Considering the current level of retrieval uncertainty and the spatiotemporal
resolution of spaceborne GNSS-R, and the fact that this study is the first and
preliminary demonstration of rain detection feasibility using this technique, one can
be satisfied with the above data sets for rain signature analyses. However, future
studies might consider other phenomena affecting the GNSS-R measurements such
as swell and wave age by incorporating the wave information from wave observations
or models such as the National Oceanic and Atmospheric Administration Wavewatch
III R© (Tolman et al. 2009). We cannot exclude a possibility that some other processes
are involved such as ocean surface roughening by air downdrafts (Weissman et al.
2012). At the same time, spatial inhomogeneity of rain and wind speed in the low
wind speed regime, so-called light and variable winds, can be potentially studied,
but the current spatial resolution of the GNSS-R technique is too coarse to resolve a
spatial structure of wind and precipitation. Accordingly, this study stays satisfied
with the preliminary objective of showing the existence of rain signature, while future
investigations may include the quantitative analyses of potential phenomena using
CYGNSS measurements.
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3 Rain Signatures in TDS-1 Measurements
Figure 3.2, demonstrates the average derived BRCS versus wind speed U10. The
figure shows a systematic decrease in BRCS due to rain at winds weaker than ≈ 6
m/s. At wind speeds lower than 2 m/s, the difference between obtained σ0 during
rain and the one derived in a rain-free environment becomes greater in size as the
rain rate increases. The curves corresponding to different rain rates converge each
other at the wind speed of almost 6 m/s, showing no significant difference.

Figure 3.2: BRCS σ0 versus wind speed at different rain rates R (mm/hr) along
with the number of observations and the histogram of incidence angles for the
measurements in each rain rate bin. BRCS = bistatic radar cross section.

In Figure 3.3, the data are divided into six groups of different incidence angles.
The BRCS in the rain-free area (red) and during rain events (blue) are shown versus
the wind speed. Accordingly, the decrease in BRCS persists at any range of incidence
angles. In addition, BRCS versus the incidence angle is shown by Figure 3.4 splitting
the data into five groups of wind speed severity. The decrease in BRCS is evident
for first two groups, U10 <2 m/s and 2 ≤ U10 < 4. An artificial upward trend is also
observed which is due to the omission of the data with insufficient quality, which
means observations with negative SNRs here.

According to the discussed results in this section, the change in BRCS due to
rain is significantly evident. This change is such that, as shown in Figure 3.2, at a
wind speed of less than 2 m/s, BRCS is dropped as large as almost 1 dB due to a
precipitation of 0-2 mm/hr. The results demonstrate that BRCS is independent of
rain at winds higher than almost 6 m/s which is shown in Figures 3.2 and 3.3 as
well as 3.4 (c-e). The analysis is not able to reveal how the rain effect changes in
size at different incidence angles due to the existing inaccuracies.
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Figure 3.3: BRCS versus wind speed at different incidence angles: 0◦≤ θinc < 5◦
(a), 5◦≤ θinc <10◦ (b), 10◦≤ θinc <15◦ (c), 15◦≤ θinc <20◦ (d), 20◦≤ θinc <<25◦
(e), and 25◦≤ θinc <30◦ (f). BRCS = bistatic radar cross section.

4 Model-Based Simulations

Based on the scattering model from Voronovich and Zavorotny (2017), which used
the small slope approximation of the first order, the surface effect of rain on L-band
BRCS can be expected only at weak diffuse scattering. Indeed, numerical simulations
using this scattering model demonstrate that there is a sensitivity of the BRCS, σ0,
to various rainfall rates for a range of low wind speeds. In these simulations, the
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Figure 3.4: BRCS versus the incidence angle at different wind speeds: 0≤ U10 <2
(a), 2≤ U10 <4 (b), 4≤ U10 <6 (c), 6≤ U10 <8 (d), 8≤ U10 <<10 (e). BRCS =
bistatic radar cross section.

wave spectrum from Elfouhaily et al. (1997) was used for the case of fully developed
seas. Results of simulations are presented in Figures 3.5 and 3.6.

The dependence of modeled BRCS in a nominal specular direction for various
rainfall rates R as a function of the incidence/scattering angle at U10=3 m/s is
shown in Figure 3.5. It is seen that sensitivity of the BRCS to the surface rain effect
reduces with the scattering angle. The dependence of modeled BRCS in a nominal
specular direction for various rainfall rates R as a function of wind speed for the
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Figure 3.5: BRCS σ0 versus the scattering angle for U10=3 m/s at different rain
rates R. BRCS = bistatic radar cross section.

Figure 3.6: BRCS σ0 versus wind speed for scattering angles of 0◦ (a) and 30◦
(b) at different rain rates R. BRCS = bistatic radar cross section.

incidence/scattering angles of 0◦ and 30◦ is shown in Figure 3.6. The thin lines at
winds below 4 m/s are obtained using the scattering model from Voronovich and
Zavorotny (2017), whereas the thick solid lines represent the result valid for the regime
of strong diffuse scattering, such as in Zavorotny and Voronovich (2000). It is seen
that being accurate for high winds, these curves at winds below 4 m/s underestimate
the true σ0 dependence on wind speed. They do not show any sensitivity to the rain
rate for the entire range of winds as well.

It should be noted that, for the case of Ra ≤ 1, together with a diffuse incoherent
component, a coherent component emerges. However, because of a strong effect
of the decorrelation factor exp(−4R2

a), the coherent component can be neglected
for winds U10 >2 m/s according to the modeling results presented by Zavorotny
and Voronovich (2018). They show that the coherent component is, to some extent,
sensitive to rain, but it decays very fast as the Rayleigh parameter grows above 1,
yielding to the incoherent component.
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5 Discussion and Conclusions
A possible rain effect on TDS-1 GNSS-R data was studied. The analysis of the
data demonstrated a significant decrease in the BRCS during rain events at winds
weaker than ≈ 6 m/s. At a wind speed of 3 m/s, the average decrease in the BRCS
is about 0.7 dB due to precipitations of 0-2 mm/hr. The reduction is almost 1 dB
for winds weaker than 2 m/s at the same rain rates. The decrease in the BRCS
persists at any range of incidence angles; however, the rain effect might vary in size
at different incidence angles which cannot be well seen due to existing noise and
various uncertainties in the observations.

The simulations qualitatively predict similar trends in the BRCS dependencies
on wind speed and the incidence angle for various rain rates in the range of low wind
speeds. The sensitivity of the modeled BRCS curves to changes in rain rate for the
interval of weak winds is due the fact that the BRCS for such wind conditions is
controlled by the surface Rayleigh parameter rather than by the L band low-pass
mean square slope. Our modeling study predicts this phenomenon only for the low
wind speeds, below 4–5 m/s, which are not that rare on the global scale since the
median global wind speed is around 6 m/s. A presence of swell probably can diminish
the rain effect on the BRCS, but the limitations of the numerical scheme used here
did not allow us to model the influence of swell. For wind speeds higher than 4–5
m/s the previous strongly diffuse (quasi-specular) scattering model is still valid. As
expected, it does not demonstrate any sensitivity to the precipitation.

From the comparison between the measured and modeled BRCS it is seen that
there is no exact quantitative match between them. This is mainly due to the
limitations imposed by the data uncertainties and current spatiotemporal resolution
of the measurements, as well as due to existence of other oceanic phenomena affecting
the retrieved BRCS discussed in section 2. On the other hand, the model for the rain-
modified spectrum is rather simplistic and is not fully validated for field conditions,
so it might be subject to some refinements. Overall, the modeling results demonstrate
that the observed BRCS sensitivity to precipitation does not contradict the physics
of bistatic forward scattering of the GNSS signals at weak winds and, moreover, can
be qualitatively explained by the ocean surface roughening due to raindrop splashes.
As a result, one can conclude from this study that rain can be detected by GNSS-R
observations at weak winds.
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Abstract

A machine learning technique is implemented for retrieving space-borne
GNSS-R wind speed. Conventional approaches commonly fit a function
in a predefined form to matchup data in a least-squares sense, mapping
GNSS-R observations to wind speed. In this study, a feedforward neural
network is trained for TDS-1 wind speed inversion. The input variables,
along with the derived bistatic radar cross section σ0, are selected after
investigating the wind speed dependency and the model performance.
Being compared to a least-squares based approach, the derived model
shows a significant improvement of 20% in the root mean square error.
The proposed neural network demonstrates an ability to model a variety
of effects degrading the retrieval accuracy such as the different level of
the effective isotropic radiated power of GPS satellites. For example, the
derived Mean Absolute Error of the satellite with SVN 34 is decreased
by 32% using the machine learning based approach.

1 Introduction
The GNSS forward scatterometry, as a relatively new Earth observation technique,
provides surface-wind information, and therefore adds important information to the
global state of the atmosphere. The GNSS-R receivers onboard low Earth orbit
satellites, such as TechDemoSat-1 (TDS-1) and CYclone GNSS (CYGNSS), produce
a 2-D map of the diffuse scattered power of GPS signal as a function of time delay
and Doppler frequency shift, which is known as the Delay-Doppler Map (DDM).
The translation of bistatic radar cross section, which in turn is a function of the
ocean roughness, to the DDM is explained by the Bistatic Radar Equation (BRE)
(Zavorotny and Voronovich 2000). The inverse conversion, retrieving wind speed
from GNSS observations, can be carried out using a forward operator mapping the
observable to wind speed, usually derived in an empirical sense. In literature, this
operator is called Geophysical Model Function (GMF).

To fit an accurate GMF to the full range of wind speeds, uniform quality input
data, or at least, input data with known error properties, are needed. Generally, it
is not easy to meet this condition. Given the limited coverage of the available data,
the derived GMF may be degraded in regions where the data coverage is sparse. In
case of determining wind speed GMFs, input data may lack sufficient measurements
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at high and very low wind speeds. This fact can be problematic when there are
strong nonlinearities between the input and the output. Hence, the model-fitting
approaches may fail to accurately model the output as a function of the input. Many
measurements concentrated in a specific region coupled with data-sparse regions lead
to non-uniform GMF performance. As a result, the wind speed retrievals relying
on approaches fitting the observables from measured DDMs to a matchup dataset,
usually in a Least-Squares (LS) sense, may not have a uniform accuracy within
the entire wind speed range. Whereas, LS-based approaches are commonly used in
numerous studies retrieving either state of the ocean or directly the wind speed (see
e.g. (Asgarimehr et al. 2018a; Foti et al. 2015; Wickert et al. 2016; Clarizia et al.
2009).)

Moreover, conventional fittings use a predetermined form of function. Any
potential disagreements between the true and the predefined functions can introduce
an additional bias to the final retrieval. In addition to the unknown validity of the
predefined form, ignored factors affecting GNSS-R observations may introduce further
inaccuracies. These effects can be either geophysical, such as those from non-wind-
derived waves (Soisuvarn et al. 2016) and precipitation (Asgarimehr et al. 2018b), or
non-geophysical effects such as differences in the level of the GNSS transmitted power.
Various manufacturers have built GPS satellites in distinct blocks with different
signal levels and differences in the angular distribution of the gain (Steigenberger
et al. 2018b). In addition, the Effective Isotropic Radiated Power (EIRP) is not at
the same strength for different GPS satellites which are expected to have a higher
output power than their end-of-life specification. This fact may cause inaccuracies
in the computed TDS-1 bistatic radar cross section σ0 and, consequently, in the
obtained ocean wind speeds. Currently, direct incorporation of the transmitting
signal levels in TDS-1 winds is not possible as the information is not available in the
current datasets.

Artificial Neural Networks (ANNs) are a machine learning technique that are
inspired by the structure of the brain (Hinton 1992). ANNs can implicitly model
complex nonlinear relationships between independent and dependent variables and
are able to detect interactions between predictor variables (Tu 1996). ANNs properly
fitted to observations (i.e. without overfitting or undertraining) can make use of a
powerful nonlinear inverse model as dictated by the data themselves and without a
need of direct information (such as the discussed EIRP). A feature (input variable)
selection from the TDS-1 dataset, extracting the most relevant set of variables, in
terms of modeling the response variable (i.e. wind speed here), can be conducted.
This procedure may also incorporate the unknown effects and dependencies which
are not yet physically revealed. ANNs are a non-parametric approach requiring no
predefined form of function. Hence, the inaccuracies associated with an imperfect
predefined form of function can be addressed.

ANNs have shown promising performance in sea ice detection from space (see e.g.
(Yan et al. 2017)). They have been also used for extracting wind speed from signals of
BeiDo G4 satellite received at a ground station (Kasantikul et al. 2018). Nevertheless,
their performance being implemented for wind speed retrievals from space-borne
DDMs is not yet characterized. In this study, a GMF for TDS-1 measurements,
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mapping GNSS-R observations to wind speed, based on a feedforward ANN, is derived
and compared with conventional GMFs based on LS fittings. Section 2 introduces
the datasets used for determining and evaluating the GMFs. Section 3 describes the
ANN training approach, architecture and input variables. The validation study and
comparisons to the LS-based approach is conducted in Section 4. Finally, Section 5
discusses the results followed by the concluding remarks in Section 6.

2 Training, Validation and Test Data
The same datasets and TDS-1 σ0 computation algorithm are used as in (Asgarimehr
et al. 2018a). Training the ANN with the same dataset enables us to robustly
compare the two methods and avoid a biased analysis. Then, by changing only the
GMF, the comparison would reveal the advantages and disadvantages associated
with the methods under study, not with the datasets. Nevertheless, the input data
and obtaining the TDS-1 cross section are briefly described in this section, while the
reader may refer to (Asgarimehr et al. 2018a) for further details.

The Level 1b TDS-1 data from May 2015 until end of June 2017 are used. The
ice affected ocean, higher than 55◦ latitude is excluded from the analyses. The data
are available to the users by the Measurement of Earth-Reflected Radionavigation
Signals By Satellite (MERRByS) (Jales and Unwin 2015). To determine the GMFs
for TDS-1 observations, a matchup dataset, used as the data for training the ANN
and also fitting the function by LS, is required. To this end, TDS-1 measurements are
collocated with six-hourly reanalysis wind fields of ERA-Interim which is based on the
Integrated Forecast System European Centre for Medium-Range Weather Forecasts
(ECMWF). The reanalysis assimilates data from various sources including satellite
and ground-based observations (Dee et al. 2011). The collocation is conducted
within 60 km and 30 min. An amount of 87% randomly selected data, 414,684
measurements, from TDS-1/ERA-Interim measurements are used for training the
ANN (as training and validation data used in Section 3), while the remaining data,
61,846 measurements, are employed for the evaluation and comparisons, which are
never seen by ANN during training procedure (as test data used in Section 4).
Bistatic radar cross section σ0 associated with the peak received power is obtained
using the BRE (Zavorotny and Voronovich 2000) and as described in (Asgarimehr
et al. 2018a).

3 Determining the ANN based GMF
Various types of ANNs exist. In this study, the feedforward ANN with one hidden layer
is used (Hecht-Nielsen 1992). One hidden layer is usually sufficient to approximate
any continuous function (Cybenko 1989). To train the network, the Levenberg-
Marquardt (LM) algorithm is implemented, the original description of which is given
in (Marquardt 1963).

We employ the 5-fold cross-validation (CV) procedure (Kohavi et al. 1995) with
10 repetitions in order to find the optimal number of neurons in the hidden layer.
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Figure 4.1: Successively incorporation of variables and the corresponding RMSEs
for the training and validation data.

During 5-fold CV all available data are split into five chunks of equal size, where
one chunk is used for validation and four remaining chunks are used for training.
These chunks alternate, so each time the network performance is tested on different
data (we can train and test five ANNs in the 5-fold CV). That allows us to estimate
the generalization ability of a neural network and to obtain the mean and standard
deviation of error that can be used to identify whether the network overfits, underfits,
or produces reasonable results. We select ANNs with the number of neurons in the
hidden layer that have the minimal error on the validation data.

In addition to the computed σ0, L1b TDS-1 data provides a variety of parameters
related to either the transmitter or receiver satellite and antenna. To collect the
optimal set of input variables, those introducing correlations with the wind speed,
are successively incorporated into the model. In the case the incorporation results
in a reduction of the obtained Root Mean Square Error (RMSE) on the validation
data, the variable is considered as a further input. Figure 4.1 demonstrates how
the incorporation of the variables affects the resulting RMSEs of the training and
validation data. After testing all variables, eight were selected based on their reduction
in RMSE. These are listed in Figure 4.2 showing the eventual ANN architecture.

4 Performance Characterization
In order to evaluate the proposed machine learning technique and discover its
advantages and disadvantages, the proposed ANN-based GMF is compared to the
retrieval algorithm developed in (Asgarimehr et al. 2018a) which uses the predefined
form of inversion as an exponential function, U10 = Aebσ

0 + C, where the values
of A , B and C are determined by LS. Figure 4.3 compares TDS-1 derived wind
speeds using both approaches. The comparisons are conducted using only test
observations (excluded from the training procedure and never seen by ANN before).
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Figure 4.2: Architecture of the final derived ANN as the inverse GMF. Parameters
n, b and w indicate the number of neurons in each layer, the bias input, and the
weights. Inputs variables: σ0 in dB, SVN of GPS satellites, SP incidence angle in
degree, SP elevation in the Orbital Reference Frame (ORF) in degree, Antenna
gain toward SP in dB, SP latitude in degree, DDM output numerical scaling in
power counts, and Z component of the receiver in position in ECEF in meters.

ANN demonstrates a bias of 0.01 m/s and RMSE of 2.20 m/s, while the LS-based
approach results in a bias of -0.16 m/s and RMSE of 2.76 m/s. The ANN reduces
the RMSE by 20%.

As Figure 4.3 demonstrates, TDS-1 winds overestimate winds lower than 2.5 m/s.
This trend is intrinsic and physically explainable. According to the model clarifying
the diffuse scattering at low winds (Voronovich and Zavorotny 2017), the scattering
mechanism changes to a higher-order Bragg-like scattering rather than the expected
forward quasi-specular mechanism whose magnitude is controlled by the low-pass
Mean Square Slope (MSS). The already conducted simulations based on this model,
shown in (Asgarimehr et al. 2018b), demonstrate how σ0 loses its sensitivity to wind
speeds lower than 2.5 m/s. A similar overestimation of low wind conditions is also
reported in CYGNSS retrievals (Ruf et al. 2018). Furthermore, the performance at
high wind speeds shows larger biases with a tendency to underestimation. This is
also expected as the main observable, σ0, is less sensitive to wind speed change in
this region. The underestimation at CYGNSS-derived high winds is also similarly
reported (Ruf et al. 2018). Likewise, radar scatterometers also show a performance
degradation at high wind speeds despite the differences in scattering mechanism
(Zeng and Brown 1998). It should be also noted that ERA-Interim might have its own
deficiencies resolving high and low winds. As a result, the over- and underestimations
at extreme regimes may be more pronounced.

Figure 4.4 compares the differences between the derived winds from both methods
versus ERA-Interim wind speed. Accordingly, ANN-based GMF has a significantly
better performance demonstrating smaller Mean Absolute Error (MAE) for wind
speeds between 2.5 to 10 m/s compared to the LS regression and, as another striking
fact, the standard deviation (std) derived from the ANN is significantly smaller
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(a) (b)

Figure 4.3: Wind speed derived from ANN GMF (a) and least squares based
GMF (b) versus ERA-Interim test observations.

Figure 4.4: MAE of ANN (red) and LS (blue) based GMFs versus wind speed
(left vertical axis), along with the data histogram in the background (right
vertical axis).

in this range of winds. At higher wind speeds, ANN maintains its superiority
marginally up to wind speed of 17 m/s. In addition, the MAE of ANN and LS based
methods are compared versus the Space Vehicle Numbers (SVN) and other input
variables in Figures 4.5 and 4.6, respectively. Figure 4.5 demonstrates how the MAE
for observations of signals transmitted by different GPS satellites is significantly
decreased by the ANN. According to Figure 4.6, the MAE is generally decreased by
ANN over the input variables.

In addition, Figure 4.7 shows the ANN-derived winds in July 2017 which is
beyond the the training, validation and test datasets time window. The winds are
compared to MERRByS L2 Fast Delivery Inversion (FDI) products (Jales and Unwin
2015).
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Figure 4.5: MAE of ANN (red) and LS (blue) based GMFs for each GPS satellite
indicated by Space Vehicle Number (SVN). The block of each satellite is also
reported over the bars.

5 Discussion

According to Figure 4.1, the ANN model responds to successive incorporation of
additional variables as the input along with σ0 demonstrating a continuous reduction
in the mean RMSE of the model. This fact, as well as the smaller std values shown
in Figure 4.4, are the evidence that there are still unmodeled effects affecting the LS
model-fitting. These effects are modeled by ANN resulting in a better performance.
The systematic patterns in the data are captured by the ANN as dictated by the
data themselves and without a need to direct information. On the other hand,
this capability also results in the difficulty of interpreting the physical behavior.
This empirical function, in a form of weights, sub-functions and operators in the
architecture of an ANN, could not be described as the way pre-defined functions are.
Nevertheless, possible commentaries can be provided.

The different level of EIRP from the GPS satellites is one of the known factors
introducing additional biases in GNSS-R derived winds. According to the Interna-
tional GNSS Service (IGS) models and as shown in (Steigenberger et al. 2018b),
Block IIA and IIR satellites have a comparable transmit power of about 50 to 60 W,
respectively. However, the discrepancy is much larger in comparison to the IIRM
satellites with values of 143 to 150 W, and even greater being compared to IIF
satellites with values mostly between 224 and 238 W.

In addition, one should consider the differences in the angular transmitting gain.
The L1 gain pattern of the GPS IIA has a value of 12.6 dB at nadir angles below 3◦ and
a peak value of about 15 dB at a nadir angle of 10◦. The gain patterns of the IIR and
IIF satellites are noticeably different for L1 (one could see (Steigenberger et al. 2018b)
for details). This effect, which is depended on the reflection geometry, as well as the
different EIRP values, can be modeled by the ANN capturing the differences from the
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(a) (b)

(c) (d)

(e) (f)

Figure 4.6: MAE of ANN (red) and LS (blue) based GMFs on test data versus
different input variables (a)-(f).

input SVN and the geometrical features. As a result, a significant improvement in
the performance (reduction in MAE value) of GPS satellites, especially the older ones
transmitting a lower level of power, is expected as shown in Figure 4.5. Accordingly,
higher RMSE of SVN 34, the old satellite from block IIA, is shown in Figure 4.5
which is decreased as large as 1.2 m/s (≈ 32%) by ANN.

In addition to IERP and discrepancies between GPS blocks and the gain pattern
differences, Blocks IIR-M and IIF redistribute transmit power causing a geographical
variation in the transmitted power since January 2017 (Steigenberger et al. 2018a).
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(a) (b)

Figure 4.7: Wind speeds derived from ANN GMF (a) and L2 FDI products (b)
versus ERA-Interim observations in July 2017.

The documented Flex power during TDS-1 data time span in this study is permanently
enabled at 41◦ E/37◦N located over land. The global mode is observed on L1 and
L2 on four consecutive days in April 2018. As a result, the derived winds can be
supposed unaffected in this study.

The LS normally tends to fit the function so that the squared error is minimized,
which consequently results in a better performance where most of the data reside
in. This can be seen in Figures 4.6a, 4.6b, and 4.6c. According to Figure 4.6a, the
majority of data has an incidence angle of 10◦ to 30◦ where the two approaches
converge with similar performance. ANN has decreased generally the MAE assisting
for correction of errors associated with incidence angle, in computing σ0. At higher
incidence angle, the values of MAE are statistically insignificant and meaningless as
the number of data in the bins are not sufficient as shown with the histogram in the
background. As the power differences are a function of the geometry, a similar trend
versus geometry correlated variables, in Figure 4.6b and Figure 4.6c are demonstrated,
showing higher levels of improvement at low data probabilities. Incorporation of
the receiver antenna gain as input into the ANN helps to account for calibration
issues and uncertainties related to the derivation of the σ0 from the DDMs. “DDM
output numerical scaling” is the scaling applied to the 16-bit DDM variables files.
This parameter corresponds to the value of the maximum DDM pixel before scaling
for the 16-bit storage range and might help to recover and count for the information
lost during this scaling. According to Figure 4.6, ANN has marginally improved the
performance versus DDM output numerical scaling at lower values, and the failure of
the technique in modeling the potentially associated effect at higher values, due to
the extremely low number of data and insufficient training in this range, is evident.
However, the MAE values can be meaningless in this regime due to the insufficient
number of data in each bin.

Figures 6e and 6f show the highest data probability in the southern hemisphere
due to the larger ocean area compared to the northern hemisphere. This is exactly
where both methods show similar performance with converging MAEs at latitudes
-45◦ to -20, due to the LS tendency to minimizing the error where the majority of
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data reside in. The convergence in performance with the same level of MAE is also
observed at latitudes 20◦ to 45◦, due to the existing symmetries in TDS-1 orbit and
GPS constellation with respect to the equator. In the end, ANN has been successful
in capturing the differences for reflections in the equatorial regions showing better
performance in this area.

Figure 4.7 shows the performance of the ANN beyond the datasets time window
in July 2017. The generality of model is further approved with a similar performance
to that on the test data. As the instrument behavior changes, especially in final
periods of its operation time, any retrieval model should be recalibrated. This could
be why the FDI products also show a severe degradation as TDS-1 approaches its
end of mission. Nevertheless, ANN shows more stability compared to traditional
approaches. This is due to its modeling nature, multivariable modeling and predicting
the modification on σ0 imposed by changes in other input variables.

6 Conclusion

In this study, the implementation of machine learning as an alternative approach for
determining a space-borne GNSS-R GMF was investigated. The technique shows
promising results in modeling the effects dictated by the data themselves capturing
the relations between the input to output based on seen input-output training
examples. This fact as well as its nonparametric intrinsic characteristic, which avoids
the introduction of additional biases by an imperfect predefined form of function,
can result in a noticeably higher quality of wind speed products. Nevertheless, one
might consider the two main criticisms: the performance is highly depended on the
amount of available data for the training and the technique does not offer a direct
and clear interpretation on the physical behavior. However, on the other hand, it
provides a general insight after numerical analyses and careful validations. The
studied TDS-1 data do not overlap with documented global Flex power and does not
allow an investigation of the effect on GNSS-R winds here. However, such studies
are highly recommended especially using data available from other satellites with
much more concurrency and dense measurements, such as CYGNSS. It must be
noted that the GMF used here as a benchmark might not be the optimal model but
is able to provide us the first-order insights into advantages and disadvantageous
with machine learning techniques. Expected follow-on evaluation studies can even
better characterize the performance of such novel techniques in providing GNSS-R
products with comparisons to a variety of retrieval algorithms. As next steps, the
technique could be also used for not only improving the wind data but also in pattern
recognition and extraction of signatures left by different oceanic and atmospheric
phenomena resulting in expansion of the GNSS-R products and applications. With
the substantially larger number of DDMs measured by CYGNSS, the ANNs also
have a potential of further accuracy improvement.
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Abstract

Feasibility of sensing mesoscale ocean eddies using spaceborne Global
Navigation Satellite Systems-Reflectometry (GNSS-R) measurements
is demonstrated for the first time. Measurements of Cyclone GNSS
(CYGNSS) satellite missions over the eddies, documented in the Aviso
eddy trajectory atlas, are studied. The investigation reports on the
evidence of normalized bistatic radar cross section (σ0) responses over
the center or the edges of the eddies. A statistical analysis using profiles
over eddies in 2017 is carried out. The potential contributing factors
leaving the signature in the measurements are discussed. The analysis of
GNSS-R observations collocated with ancillary data from the European
Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis-5
(ERA-5) shows strong inverse correlations of σ0 with the sensible heat
flux and surface stress in certain conditions.

1 Introduction
Mesoscale ocean eddies can drive atmosphere response at mesoscales mainly through
heat fluxes (Small et al. 2008) and they have a local influence on near-surface
wind, cloud properties, and rainfall (Frenger et al. 2013). Analysis of mesoscale
eddy-atmosphere interactions from general circulation models suggests significant
intermodel differences mainly stemming from two factors: surface wind strength and
marine atmospheric boundary layer adjustments to mesoscale heat flux anomalies
(Yang et al. 2018). Several Earth-observing satellites have been aiding these models
for decades with their data products.

Global Navigation Satellite System Reflectometry (GNSS-R) is a relatively new
Earth observation technique for monitoring a large variety of geophysical parameters
(see (Jin et al. 2014; Zavorotny et al. 2014) for a review). This technique exploits
the GNSS signals of opportunity after being reflected from the Earth’s surface, both
over lands and oceans. The signals are intercepted by low-cost, low-power and
low-mass GNSS-R receivers and are processed to extract geophysical information.
These receivers onboard small low Earth-orbiting satellites offer cost-effective Earth
observations with high coverage and unprecedented sampling rate. Cyclone GNSS
(CYGNSS) is the satellite constellation consisting of eight microsatellites with the
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main science objective of ocean wind speed monitoring especially during hurricane
events, launched in December 2016 (Ruf et al. 2016).

Ocean monitoring is one of the most mature spaceborne GNSS-R applications,
with a proven capability of surface wind measurement (Foti et al. 2015; Ruf et al.
2018b; Asgarimehr et al. 2018a). Insignificant level of sensitivity to rain attenuation
(Asgarimehr et al. 2019) and cost-effective observation frequency are the main ad-
vantageous characteristics motivating researchers to develop new ideas for additional
applications over oceans (Alonso-Arroyo et al. 2017; Asgarimehr et al. 2018b; Clarizia
et al. 2016), and for the development of future novel GNSS-R missions (Wickert et al.
2016; Cardellach et al. 2018).

Remote sensing of oceanic features, e.g., eddies, based on high precision GNSS-R
altimetric measurements, are being pursued. For instance,Semmling et al. (2014)
deduced sea surface topography observations from the GNSS-R phase measurements
onboard the German High Altitude Long Range (HALO) research aircraft. In an
air-borne GNSS-R study, the so-called "Eddy Experiment", the capabilities of the
technique for ocean altimetry (Ruffini et al. 2004) and scatterometry (Germain
et al. 2004) were additionally demonstrated. Nevertheless, the response of the
measurements over mesoscale eddies is not yet characterized and documented, despite
the available large datasets from recent GNSS-R satellite missions.

A high number of observations are provided by CYGNSS offering a possibility
to study the feasibility of observing ocean eddies using GNSS-R measurements.
This research focuses on the GNSS-R scatterometric observations (rather than
in an altimetry configuration) and tries to characterize eddy signatures in those
measurements for the first time. The data are empirically analyzed and the signatures
and physical explanations are discussed. Following this introduction, section 2
describes the datasets and the method. The results are reported and discussed in
section 3. Finally, concluding remarks are given in Section 4.

2 Data and Method
Four datasets are used for the analysis covering the period from March to December
2017. The main dataset consists of the CYGNSS GNSS-R measurements. The eight
CYGNSS microsatellites are dispersed in 35◦ inclined orbits with an altitude of ≈ 520
km. The onboard GNSS-R receivers are equipped with distinct channels measuring
up to four simultaneous GPS signals after reflection from the ocean surface (Ruf
et al. 2018a). The corresponding data are available at different processing levels.
Level 1 (L1) provides a variety of parameters including the calibrated measurements
of bistatic radar cross section (BRCS) as well as the Normalized BRCS (NBRCS) σ0.
The L1 data are further processed into the 10 m referenced wind speed above the
ocean surface at Level 2 (L2). For the analysis in this study, σ0 product is extracted
from the Version 2.1 (v2.1) dataset (Gleason et al. 2018; Ruf et al. 2019).

CYGNSS measurements over the documented mesoscale eddies in Aviso’s trajec-
tory atlas version 2.0 are extracted. The atlas is a multi-mission altimetry-derived
product with a daily temporal resolution (Faghmous et al. 2015). Eddy characteristics,
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including the position and radius, spinning speed, and the type (cyclonic/anticyclonic)
are extracted from the atlas.

Near-surface ocean current estimates from the Ocean Surface Current Analysis
Real-time dataset (OSCAR) are also used in this study (Bonjean and Lagerloef 2002).
The ocean current data are provided with a spatial resolution of one-third degree.
Nevertheless, they are spatially interpolated along the CYGNSS tracks. Due to the
five-day temporal resolution of the OSCAR dataset, the tracks on those days, on
which OSCAR current estimates are available, are collected for the analysis.

The analysis also uses ancillary data retrieved from the European Centre for
Medium-Range Weather Forecasts (ECMWF) Reanalysis-5 (ERA-5) product. The
ERA5 is a global atmospheric reanalysis based on an ECMWF model assimilating
observations from various sources including satellite and ground-based measurements
(Hersbach and Dee 2016). The retrieved parameters include surface wind-field, Sea
Surface Temperature (SST), Sensible Heat Flux (SHF), and turbulent surface stress
field. These data products offer a possibility to discuss potential interactions of
the geophysical parameters with the GNSS-R σ0. The reanalysis measurements are
provided hourly with a spatial resolution of 0.25◦. The estimates are spatiotemporally
interpolated along with the CYGNSS tacks being used in the study.

The eddy trajectory atlas detects an eddy as the outermost closed-contour of Sea
Level Anomaly (SLA) encompassing a single extremum (Faghmous et al. 2015). The
area enclosed by the contour of maximum circum-average speed is considered as the
eddy radius R. The CYGNSS tracks overpassing the eddy with a maximum distance
of 2R from the eddy center are collected and transformed into a local coordinate
system (Figure 5.1). The local coordinate system has the origin at the center of
the moving eddy with x- and y-axes oriented toward geographical east and north,
respectively. Observations marked with a poor quality flag in the CYGNSS dataset
(L1, v2.1) and tracks with more than 10% data loss are excluded from the collocated
dataset.

The methodology of this study is based on the following steps. First, the signatures
in the CYGNSS σ0 are visually sought. The observed behavior in several cases can
be the first evidence on the possibility of an eddy-left signature in the GNSS-R
measurements. This examination is followed by statistical analyses to quantitatively
characterize the signatures. We investigate the collocated dataset consisting of more
than 2.7 × 105 NBRCS profiles over ≈ 6000 mesoscale eddies. The profiles in the
along-track coordinate system are normalized using the radius of each eddy and
gridded between −1.1×R to +1.1×R (Figure 5.1).

The visually observed behaviors of the σ0 profiles show noticeable changes over the
central region or the edges of the eddies. These patterns are along with some linear
and nonlinear changes in different scales. To extract the main nonlinear anomalies
over the center or at the edges of eddies within the profiles, linear and small scales
fluctuations of σ0 should be filtered out. We apply Principal Component Analysis
(PCA) (Jolliffe and Cadima 2016) to reduce the dimensionality of the dataset while
preserving most of the information within the σ0 profiles. To this end, a data matrix
Xm×n is formed using n profiles, each of which with m gridded observation points.
The profiles are centered by subtracting the mean values. Using Singular Value
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Figure 5.1: A sketch of the gridded GNSS-Reflectometry profile of Cyclone GNSS
(CYGNSS) over an eddy and the local coordinate system with x- and y-axes
oriented toward east and north, respectively.

Decomposition (SVD), the data matrix X can be written as:

X = ULVT (5.1)

where the columns of U and V are the left and right singular vectors, respectively.
L is a diagonal matrix with non-negative elements, the singular values λ. A proper
group of singular values and corresponding singular vectors is selected to reconstruct
the data matrix. Columns of the reconstructed matrix contain the filtered σ0 profiles.
Assuming the set I = {i, i+ 1, ..., k} whose elements are the indices of the selected
group, the reconstructed data matrix, X̂ is:

X̂ = Xi + Xi+1 + ...+ Xk , Xi = λiUiVT
i (5.2)

where Ui and Vi are the left and right singular vectors associated with the singular
value λi. Columns of the matrices Xi represent uncorrelated features of the σ0

profiles. The quality of each principal component (PC) can be measured by:

Λi = λi∑d
l=1 λl

(5.3)

where Λi represents the proportion of total variance explained by the principal
component i. The parameter d (d ≤ min{m,n}) is the number of non-zero singular
values.

The investigation is followed seeking the conditions, in which the σ0 response is
more pronounced. To this end, the correlation coefficient between σ0 and surface
sensible heat flux is calculated at different wind speeds. Similarly, the correlation
coefficient between σ0 and the mean turbulent surface stress is obtained in a range
of angular differences between the CYGNSS observational track and the turbulent
surface stress. The results are presented in the following section.
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3 Results and Discussion
Generally, two prominent anomalies are observed in our investigation as responses
of σ0 to the presence of the eddies: one jump at the eddy center (single-jump
behavior) or two jumps at the eddy edges with a lower value at the center (double-
jump behavior). Figure 5.2 demonstrates the double- (a–c) and single-jump (d–f)
behaviors in different exemplary cases. The sudden increase in σ0 is significant
enough to be easily discerned in the measurements.
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Figure 5.2: Exemplary cases of GNSS-Reflectometry σ0 double-jump (a–c) and
single-jump (d–f) behaviors observed in Cyclone GNSS (CYGNSS) tracks.

Additional exemplary cases are shown along with the collocated ancillary data in



150 3. Results and Discussion

Figures 5.3, 5.4, and 5.5. In Figure 5.3, clear fluctuations are repeatedly demonstrated
over the eddy edges (similar to Figure 5.2 (a–c)). Once the track enters the eddy-
affected area, σ0 increases significantly and then drops quickly at the center followed
by another jump once the track leaves the eddy.

Figure 5.3: A track of Cyclone GNSS (CYGNSS) overpassing an eddy on July 04,
2017, 12:24. The top-left panel displays sea surface temperature, surface wind
(white arrows) and current (blue cones). On the top-right, instantaneous surface
sensible heat flux (SHF) as well as surface stress (blue arrows) are visualized.
The bottom panel profiles CYGNSS σ0 along with the wind and current velocity,
instantaneous SHF and surface stress magnitudes.

Figure 5.4 shows a CYGNSS track which is long enough to overpass three cyclonic
eddies. The σ0 behaves similarly to Figures 5.2 (a–c) and 5.3. The track does not
cross the first eddy center. This causes an increase in the value of σ0 when it passes
the eddy outer lying area. A remarkable fact is that σ0 remains almost at the same
level moving over the eddy edges and again drops to lower values once it leaves the
affected region. Reaching the second eddy, the track sweeps also the areas close to the
eddy center and σ0 responds with a lower value at the center and two considerable
increases at the edges. The behavior of σ0 is similar over the third eddy, however,
the peaks stand at lower values.

Figure 5.5 shows another CYGNSS track overpassing three eddies. Similar to
Figure 5.2 (d–f), σ0 shows a single peak at the center. The track enters the core
region with a sudden increase in σ0 which again drops to its initial level once the
track moves off the center. Similar behavior of σ0 is observed reaching the central
region of the second and third eddies.

Figure 5.6 shows the PCA results where the first nine principal components of
the dataset preserve more than 95% of the statistical information in the dataset.
The PCs represent low to high-fluctuating patterns within the profiles. The first PC
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Figure 5.4: A track of Cyclone GNSS (CYGNSS) overpassing three eddies on June
04, 2017, 08:11. The top panel displays sea surface temperature, surface wind
(white arrows) and current (blue cones). In the middle, instantaneous surface
sensible heat flux (SHF) as well as surface stress (blue arrows) are visualized.
The bottom panel profiles CYGNSS σ0 along with the wind and current velocity,
instantaneous SHF and surface stress magnitudes, referenced at the center of the
middle eddy.

mainly reflects the overall linear trend of the σ0 profile. The other PCs capture the
remaining non-linear variations of the profiles over the eddies. We reconstruct the
profiles using the eight components PC2-PC9 and calculate the correlation coefficient
of each reconstructed profile with synthetic templates of the two observed patterns.
Since the peaks over the edges or at the center of the eddies could be slightly displaced
from the exact expected location, we consider up to ±0.1×R lag for the calculation
of the correlation.

The analysis reveals that about 12.7% (15.9%) of profiles demonstrate a correlation
coefficient of 0.7 or more with the single (double) peak template. We also carried
out the same statistical analysis over a new set of profiles collected regardless of
the presence of eddies. In a reverse approach, the profiles demonstrating a high
correlation with the templates (≥ 0.7) are investigated. About 45% of these profiles
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Figure 5.5: A track of Cyclone GNSS (CYGNSS) overpassing three eddies on June
29, 2017, 20:45. The top panel displays sea surface temperature, surface wind
(white arrows) and current (blue cones). In the middle, instantaneous surface
sensible heat flux (SHF) as well as surface stress (blue arrows) are visualized.
The bottom panel profiles CYGNSS σ0 along with the wind and current velocity,
instantaneous SHF and surface stress magnitudes, referenced at the center of the
second eddy.

are either located on the eddies (according to the Aviso’s trajectory atlas) or show a
high correlation (≥ 0.7) with the surface current.

Results of the next statistical analysis over the collocated dataset reveal a strong
negative correlation of CYGNSS σ0 observations with both SHF and surface stress
under certain conditions. Figure 5.7 provides insights into the favorable conditions,
in which CYGNSS is more likely to sense surface stress and SHF over the eddies.

Figure 5.7 (a) illustrates a simplified model of changing surface stress due to the
interaction between the eddy surface current and wind speed. In Figure 5.7 (b),
the behavior of σ0 is highly correlated with SHF over the eddies at wind speeds
between ≈ 3 m/s and 7 m/s, where the values of the correlation coefficients are
mainly between -0.8 to -0.95. According to the theory, at high enough wind speed
(≈> 5 m/s), the surface parameter that controls the intensity of GNSS reflections
from the ocean surface, or σ0, is the low-pass mean square slope, MSSLP , of the
ocean surface (Zavorotny and Voronovich 2000). It is determined by the part of
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Figure 5.6: Principal components of the profiles and the total variance of the data
explained by each principal component.

the wave slope spectrum that resides at wavenumbers smaller than k∗ = k cosθinc/3
where θinc is an incidence angle and k is the wavenumber (2π/λ) of the L-band
GNSS signal (Zavorotny and Voronovich 2019). The σ0 is inversely proportional
to MSSLP . The largest contribution to the MSSLP originates from the short-wave
portion of the spectrum near k∗. From classic works of (Plant 1982) and (Phillips
1984), it is known that there are two main mechanisms affecting that part of the
wave spectrum: the varying wind surface stress and interaction of short waves with
the current gradients. At low enough wind speed, the scattering of GNSS signals
does not follow a pure quasi-specular scattering and there is a coherent scattering
component that tends the mechanism to a higher-order Bragg scattering, driven
by Rayleigh parameter (Voronovich and Zavorotny 2018). Rayleigh parameter is
proportional to waves at any wavenumbers. So, at this regime of wind speed, GNSS-R
measurements could be more sensitive to surface state, even to small-scale roughness
modifications (Asgarimehr et al. 2018b). Figure 5.7 (c) shows the impact associated
with the angular difference of CYGNSS tracks and surface stress field direction. The
direction of the CYGNSS track with respect to the surface stress vector can increase
the sensitivity of σ0 to surface stress anomalies within the eddies. This means the
GNSS-R measurements are highly likely to sense the stress field with a direction
against the moving GNSS-R specular points. It can be also seen that for the absolute
angular distances in the range of about 60 to 180 degrees the wind stress would be
more pronounced in the CYGNSS measurements.

Atmospheric boundary layer change associated with the eddy-induced SST anoma-
lies results in a varying wind field (Johannessen et al. 2005). The modified local
surface wind influenced by marine boundary layer dynamics (Wallace et al. 1989;
Samelson et al. 2006) can partially explain the GNSS-R σ0 patterns. The enhanced
local wind over the warm core of the eddy can lead to the abrupt change in the
GNSS-R σ0 values. Since the improvement in the weather and climate projections
require detailed observations and understanding of warm eddy-atmosphere interac-
tions (Sugimoto et al. 2017), this possible promising contribution by the GNSS-R
technique should be investigated.

The first cold-core eddy shown in Figure 5.5 can cause a strong dampening of
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Figure 5.7: Schematic representation of surface stress change due to the inter-
action of an eastward uniform wind with the surface current associated with an
anticyclonic eddy (a), Correlation of the σ0 profiles of Cyclone GNSS (CYGNSS)
with anomalies of instantaneous surface sensible heat flux at different wind speeds
(b), the impact of different angular distances of the CYGNSS tracks with surface
stress vector on the correlation between the σ0 profiles and mean turbulent surface
stress (c).

wind intensity due to downward transport of wind momentum, decelerating local
surface wind. The sharp peak of GNSS-R σ0 resides at the core region of the eddy
where the SST has a lower value. This deceleration could also happen when a tropical
cyclone reaches a strong cold-core eddy. Such eddies can broaden the eye size of
the storm during its passage and reduce its intensity (Ma et al. 2013). For instance,
an unforeseen rapid weakening was demonstrated when the category 4 hurricane
Kenneth passed over a cold-core eddy on 19–20 September 2005 (Walker et al. 2014).

The discussed air-sea interactions over the eddies could explain the GNSS-R
observations response to SHF at the ocean-atmosphere interface through the modified
surface stress. In Figure 5.3, a local minimum of ERA5 surface stress values takes
place almost over the core region of the eddy. The peaks of the stress values
approximately reside over the rotating current of the eddy. The impact of the surface
stress on the profile of CYGNSS σ0 is evident where sudden fluctuations are seen
over the edges and in the core. Larger SHF values with negative sign, i.e. upward
direction of the flux, are well synchronized with two σ0 minima at -150 and 150 km
along with track coordinates.
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In Figure 5.4, the most prominent change in the σ0 profile can be seen over the
middle eddy. The possible signature of this eddy could be explained by a high value
of stress approximately at the eddy center where an increment of upward SHF is
observed. The ERA5 could be subjected to deficiencies in resolving local sudden
changes and It seems that it does not reveal the same level of details over the left
eddy as those provided by the CYGNSS measurements. The behavior of σ0 over
the right eddy in this figure can be described by the expected behavior of σ0 at
very low wind speeds. According to Voronovich and Zavorotny (2017), at very low
wind speeds (< 2.5 m/s), the bistatic radar cross section is directly proportional to
the roughness (unlike the inverse correlation at higher wind speeds). Therefore, the
clear correspondence between the magnitude of upward SHF and wind speed over
this eddy closely matches the similar pattern in σ0 while the wind speed values are
mainly below 2 m/s.

The surface current associated with eddies is another factor that can affect surface
stress. Considering surface stress as a function of wind and ignoring the surface
current in the oceanic numerical modeling, can result in the overestimation of the
total energy input of wind to the ocean (Renault et al. 2016). Wind stress (τ) can
be calculated as (Seo et al. 2016):

τ = ρaCD (W − U) |W − U | (5.4)

where ρa is the density of the air, CD is the drag coefficient, and W and U are the
wind and surface current, respectively.

The behavior of σ0 in Figure 5.5 can be partially attributed to the modified
surface stress at the eddy currents. Eddy-induced current can amplify or decrease the
wind stress or alter its direction which can in turn change the level of σ0 sensitivity
to surface stress (Figure 5.7). Over the left eddy in Figure 5.5, the similar directional
orientation of the CYGNSS track with respect to the surface stress field can lead
to the weaker impact of stress on the σ0 values (see Figure 5.7 (c)). Interaction
of eddy-induced current with surface stress can increase the σ0 sensitivity over the
edges resulting in lower σ0 values. Therefore, the vanishing current at the core region
would lead to the less pronounced impact of stress on σ0. Although the stress field
over the middle eddy is not as strong, the angular difference of the CYGNSS track
with the stress field intensifies the impact. The strong current velocity on the edges
enhances the stress on the left side and decreases the stress on the right side of
the eddy (see Figure 5.7 (a)), resulting slightly higher σ0 values on the right edge
compared to the left edge. The low magnitude of SHF over this cold-core eddy
together with almost zero current velocity at the center cause a sudden peak in the
σ0 value. The higher SHF magnitudes and stress values between the two eddies keep
the σ0 values at a lower level.

It is worth mentioning that concentrated biogenic films from natural life in
the ocean can potentially play a role in the power of reflected GNSS-R signals.
The turbulence associated with the eddies brings the natural biogenic surfactants
released from plankton and fishes to the surface, where the concentration of the
surfactant molecules can generate a surface tension. This phenomenon could inhibit
the development of Bragg waves (Gagliardini 2011). Such areas are discerned
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as dark regions in the synthetic aperture radar images since the signal is mainly
forward scattered rather than being backscattered. In a bistatic forward scattering
configuration, the wide-enough smoothed regions can increase the power of GNSS
signals after reflection from the ocean. Therefore, a dramatic increase in σ0 over
these regions can be expected. The characterization of biogenic surfactants’ role in
the signal forward scattering is recommended for future studies.

4 Conclusion
In this study, it is shown that spaceborne GNSS-R measurements can respond to the
existence of eddies. Different characteristics of eddies can impact the local wind as well
as surface stress which can, in turn, affect GNSS-R measurements. The normalized
bistatic radar cross section (NBRCS) exhibits a clear inverse correlation with surface
heat flux and surface stress under certain conditions. Nevertheless, characterization
of the observed signatures requires further study considering other potential factors
such as the effect of biogenic surfactants and the eddy-induced currents in the surface
stress and ocean state. Many factors produce NBRCS changes. The complexity
of oceanic and atmospheric mechanisms controlling the GNSS scattering demands
further sophisticated analyses in future studies. There are still open questions such
as the conditions of occurrences or the measurements specific behaviors over cyclonic
or anticyclonic eddies. This study initiates the development of the novel GNSS-R
technique for studying ocean mesoscale eddies, the feasibility of which has been
demonstrated for the first time.
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