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Summary
Scanning radars are promising sensors for atmospheric remote sensing, giving po-
tential to retrieve parameters that characterize the local air dynamics during rain.
For observing air motion radars are relying on the backscatter of particles, which
can, for example, be raindrops or insects. To measure wind vectors and turbulence
intensities remotely during rain the radar is a common choice. This is mainly be-
cause the radar signals are not attenuated too much by the rain itself, which is
the case for instruments operating at other frequencies, such as lidars. There is,
however, a problem with measuring air dynamics from raindrops. Raindrops are
not perfect tracers of the air motion. It may thus be necessary to make some cor-
rections when air-dynamics parameters are estimated with a radar during the rain,
and account for that raindrops are imperfect tracers of the air motion. This disser-
tation focuses on this problem. In addition, existing radar-based wind vector and
turbulence intensity retrieval techniques are assessed for when they are applied
during the rain, and they have been further developed.

Nowadays, well-validated (experimentally and theoretically) formulas exist for
the raindrop terminal fall velocity, which are based on a balance between the forces
acting on a raindrop. In Chapter 2 the next step is taken, and raindrop inertial
parameters are derived by considering an imbalance of forces acting on a raindrop.
Based on the ‘sudden jump’ case, inertial distance and inertial time parameters
are derived for each raindrop size, with different formulations for the 𝑥/𝑦-direction
and the 𝑧-direction. These parameters are essential for the development of models
and retrieval techniques that take the influence of measuring from imperfect air
tracers (read: raindrops) into account. A new raindrop-inertia-correction model
was proposed that can easily be integrated into existing turbulence models and
retrieval techniques as an extra factor. From simulations it was derived that for
large radar total sampling scales (≫ 30 m), the influence of raindrop inertia on
retrieved turbulence intensities becomes negligible. For radar total sampling scales
comparable to or smaller than 30 m, the raindrop-inertia-correction model was
suggested. For small radar total sampling scales (< 10 m) and large raindrops (e.g.
4 mm), the application of the proposed correction model becomes limited, because
the uncertainty in the retrieved turbulence intensity becomes very large as a result
of the influence of raindrop inertia.

In Chapter 3, state-of-the-art and commonly-used turbulence intensity retrieval
techniques are assessed, when they are applied to raindrop-backscattering radar
Doppler measurements. The inertia correction model was not used here for two
reasons: (1) it is assumed that often a good estimation of the drop size distribution
(DSD) is not available; and (2) it can be expected that the influence of inertia is
negligible when a large total sampling scale is used. The quality of retrieved values
for the energy dissipation rate (EDR) was optimized, based on comparisons with
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in situ measurements from a sonic anemometer. As a result, the most optimal
technique is the wind speed variance (WSV) EDR retrieval technique, which uses
the full 3D wind vector from a profiling radar, TARA. Other turbulence intensity re-
trieval techniques, which rely on terminal fall velocity corrections, and thus depend
on accurate estimation of the DSD, are compromised by errors in the estimated tur-
bulence spectral width. For further applications, it is recommended that the concept
of EDR is applied cautiously, because of complex estimation errors. It is suggested
to always estimate a minimal retrievable EDR, give uncertainty estimates for the
retrieved EDR value, and provide the sampling and total sampling scales that were
used in the EDR retrieval technique.

In Chapter 4 the focus is on radar-based retrieved wind vectors. From a few
simulations of raindrop motions in predefined wind fields, it was concluded that
only for very special weather conditions a substantial influence of raindrop inertia
on the retrieved wind vectors can be expected. As this work is not aimed at such
special weather conditions, the influence of raindrop inertia is not accounted for in
wind vector retrieval techniques that are proposed and studied in this work.

A new wind vector retrieval technique was developed and implemented, which is
the four-dimensional variational analysis (4D-Var) wind vector retrieval technique,
which provides a more coherent and realistic wind field in comparison to other
existing techniques. With the 4D-Var wind vector retrieval technique, it is also
possible to show the solution space of wind vectors, which are associated with
measurements from a single scanning Doppler radar.

In the case of insufficient or no in situ wind vector measurements for validation,
an alternative approach for quantitative validation of radar-based retrieved wind
vectors is desired. Therefore, measures for curl and divergence of the wind vector
field are used to qualify and optimize the retrieved wind vectors. By selecting the
right settings for a wind vector retrieval technique, retrieval of spurious wind vectors
can be prevented, which are related to the implementation and configuration of an
algorithm.

In Chapter 5, the application of raindrop-backscattering radar-based turbulence
intensity retrieval techniques to small sampling scales is studied in detail. With
“small sampling scales” the radar resolution volume scale of modern research weather
radars is meant, which has a typical spatial scale of 30 m. A non-stochastic tur-
bulence implementation to model radar observables is developed, the so-called
“ensemble of isotropic vectors” approach, which can be used in radar-based turbu-
lence intensity retrieval techniques. The goal for this turbulence implementation is
to get the same turbulence-intensity dependencies in the polarimetric radar observ-
ables as for stochastic turbulence implementations. A novelty of this “ensemble of
isotropic vectors” approach is that it implicitly reproduces the canting angle distri-
bution of raindrops, on which so many polarimetric radar observables depend.

The performance of the proposed technique is demonstrated in a case study.
It was not possible to use radar-based estimations of the DSD in this case study
at small sampling scales, because several state-of-the-art radar-based DSD esti-
mations overestimated the Doppler spectral width due to raindrop terminal fall ve-
locities. Therefore, in situ ground-level DSD measurements have been used in this
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case study. With the ground-level DSD information, the application of the raindrop-
inertia-correction model is demonstrated for radar-based turbulence intensity re-
trieval techniques applied to the small sampling scales of modern research weather
radars during the rain.

In Chapter 6, the application of raindrop-backscattering radar-based retrieval
techniques is demonstrated at an airport. This was done within the UFO project and
can be used in the future to reduce wind hazards at airports. The 4D-Var wind vector
retrieval technique is recommended, as it has several advanced processing features.
In particular, this technique gives more control and versatility in the solutions. For
turbulence intensity retrieval techniques applied at airports, it is recommended to
avoid corrections for raindrop inertia, which relies on accurate estimation of the
DSD.





Samenvatting
Scannende radars zijn veelbelovend voor remote sensing van de atmosfeer, en
hebben de potentie om lokale luchtdynamicaparameters te leveren tijdens de re-
gen. Voor de observatie van luchtbewegingen rekenen radars op deeltjes die de
radiosignalen terugkaatsen. Die deeltjes kunnen bijvoorbeeld regendruppels of in-
secten zijn. Voor het meten van windvectoren of turbulentie intensiteit op afstand
tijdens de regen is de radar een vanzelfsprekende keuze. Dat is voornamelijk zo
omdat de elektromagnetische signalen afkomstig van de radar niet te veel worden
gedempt door de regen, wat wel het geval is voor instrumenten die opereren op
andere golflengtes zoals lidars. Er is toch - helaas pindakaas - een probleem met
het meten van luchtdynamicaparameters door middel van regendruppels. De re-
gendruppels zijn geen perfect volgers van de luchtbeweging. Het kan dus nodig zijn
om enkele correcties te maken, wanneer luchtdynamicaparameters worden geschat
met een radar tijdens de regen, en rekening te houden met dat de regendruppels
een bepaalde mate van traagheid hebben. Deze dissertatie houdt zich met dit prob-
leem bezig. Daarnaast zijn in dit werk bestaande op-radar-gebaseerde wind vector
en turbulentie intensiteit schattingsalgoritmes beoordeeld voor wanneer ze wor-
den toegepast tijdens de regen, en deze schattingsalgoritmes zijn verder dooron-
twikkeld.

Tegenwoordig bestaan er goed gevalideerde (zowel experimenteel als theo-
retisch) formules voor regendruppel terminale valsnelheden, die zijn gebaseerd op
een balans van krachten op een regendruppel. De daarop volgende stap wordt
in Hoofdstuk 2 genomen, door het beschouwen van het geval dat de krachten op
een regendruppel uit balans zijn. Gebaseerd op het “ogenblikkelijke sprong” geval,
worden parameters geschat voor de traagheidsafstand en de traagheidstijd voor
iedere regendruppel met verschillende formuleringen voor de 𝑥/𝑦-richting en de
𝑧-richting. Deze parameters zijn essentieel voor het ontwikkelen van modellen en
schattingsalgoritmes die de invloed van het meten vanaf niet-perfecte volgers (lees:
regendruppels) in rekening brengen.

Een nieuw regendruppel-traagheid-correctie-model wordt voorgesteld, dat makke-
lijk kan worden geïntegreerd in bestaande turbulentiemodellen en schattingsal-
goritmes als een extra factor. Met simulaties wordt afgeleid dat wanneer grote
ruimtelijke schalen voor bemonstering worden gebruikt (≫ 30 m) met de radar,
de invloed van regendruppeltraagheid op de gemeten turbulentie intensiteit ver-
waarloosbaar wordt. Voor kleine ruimtelijke schalen voor bemonstering (< 10 m)
en grote regendruppels (e.g. 4 mm), wordt de toepassing van het voorgestelde
correctiemodel zeer beperkt, aangezien de onzekerheid in de geschatte turbulentie
intensiteit zeer groot wordt, als gevolg van de invloed van regendruppeltraagheid.

In Hoofdstuk 3 worden de nieuwste en veelgebruikte turbulentie intensiteit
schattingsmethoden beoordeeld, voor wanneer deze worden toegepast op radar

xi
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Doppler metingen tijdens de regen. Het traagheid-correctie-model is hier niet ge-
bruikt vanwege twee redenen: (1) Het wordt aangenomen dat er vaak een goede
schatting van de regendruppelverdeling ontbreekt; en (2) het kan worden verwacht
dat de invloed van traagheid verwaarloosbaar is, zolang een grote ruimtelijke schaal
voor bemonstering wordt gebruikt.

De kwaliteit van de geschatte waarden voor de energy dissipation rate (EDR)
wordt verbeterd, gebaseerd op vergelijkingen met in situ metingen van een sonic
anemometer. Als resultaat komt naar voren dat het meest optimale schattingsal-
goritme het wind speed variance (WSV) EDR schattingsalgoritme is, die gebruikt
maakt van de volledige 3D windvector van een profilerende radar, namelijk TARA.
Andere turbulentie intensiteit schattingsalgoritmes, die afhangen van terminale-
valsnelheid-correcties, en daardoor afhangen van een nauwkeurige regendruppel-
verdeling, zijn gecompromitteerd door fouten in de geschatte turbulentie spec-
tral breedte. In verdere toepassing, wordt het aangeraden het concept van EDR
voorzichtig te gebruiken, vanwege complexe schattingsfouten. Het wordt aanger-
aden om altijd een minimaal-schatbare EDR waarde te leveren, onzekerheden te
geven voor de gevonden EDR waarde, en de gebruikte bemonsteringsschalen te
leveren die zijn gebruikt in het EDR schattingsalgoritme.

In hoofdstuk 4 verschuift de aandacht naar op-radar-gebaseerde windvectoren.
Aan de hand van een paar simulaties van regendruppelbeweging in vooraf bepaalde
windvelden, wordt geconcludeerd dat alleen voor zeer speciale weercondities een
substantiële invloed van regendruppeltraagheid kan worden verwacht op de geschatte
windvectoren. Aangezien dit werk niet is gericht op zulke speciale weercondities,
wordt de invloed van regendruppeltraagheid niet meegenomen in de windvector
schattingsalgoritmes die worden voorgesteld en bestudeerd in dit werk.

Een nieuwe windvectorschattingsalgoritme is ontwikkeld en geïmplementeerd,
het zogenaamde vierdimensionale variatonele analyse (4D-Var) windvectorschat-
tingsalgoritme, die meer coherente en realistische windvelden levert in vergelijking
met andere technieken. Met het 4D-Var windvectorschattingsalgoritme is het ook
mogelijk om de oplossingsruimte van windvectoren te laten zien, met betrekking
tot de radar Doppler metingen.

In het geval van onvoldoende of een gebrek aan in situ windvector metingen
voor validatie, is er behoefte aan een alternatieve aanpak voor een kwantitatieve
validate van op-radar-gebaseerde gevonden windvectoren. Daarom zijn de maten
voor rotatie en divergentie van windvelden gebruikt, om de gevonden windvec-
toren te kwalificeren en te optimaliseren. Door het selecteren van de juiste in-
stellingen van een windvector schattingsalgoritme, kunnen rare uitschieters worden
voorkomen die te maken hebben met de implementatie van het algoritme.

In Hoofdstuk 5 wordt de toepassing van regendruppel-terugkaatsing op-radar-
gebaseerde turbulentie schattingsalgoritmes op kleine bemonsteringsschalen be-
studeerd in detail. Met “kleine bemonsteringsschalen” wordt de radar resolutie vo-
lume schaal bedoeld van moderne onderzoeksweerradars, die een typische lengte-
schaal hebben van zo’n 30 m.

Een niet-stochastische turbulentie implementatie om radar waarnemingen te
modelleren is ontwikkeld, de zogenaamde “ensemble of isotropic vectors” methode,



Samenvatting xiii

die kan worden gebruikt in op-radar-gebaseerde turbulentie-intensiteit schattings-
algoritmes. Het doel van deze turbulentie implementatie is om dezelfde afhankelijk-
heden voor turbulentie intensiteit te krijgen in polarimetrische radarwaarnemingen
als voor stochastische turbulentie implementaties. Een nieuwtje aan deze “ensem-
ble of isotropic vectors” methode is dat het impliciet de kantelhoekdistributie van
regendruppels modelleert, waarvan de polarimetrische radarwaarnemingen sterk
afhangen.

De prestatie van het voorgestelde algoritme wordt gedemonstreerd in een case
study. Hierbij was het niet mogelijk om op-radar-gebaseerde schattingen van de
regendruppelverdeling te gebruiken op de kleine bemonsteringsschalen, omdat alle
op-radar-gebaseerde regendruppelverdelingen een overschatting van de Doppler
spectrale breedte voor regendruppel valsnelheden maakten. Daarom zijn er in situ
grondwaarnemingen van regendruppelverdelingen gebruikt voor deze case study.
Met de grondwaarnemingen van de regeldruppelverdeling, kon dan toch de toepas-
sing van het regendruppel-traagheid-correctiemodel worden gedemonstreerd voor
op-radar-gebaseerde turbulentie intensiteit schattingsalgoritmes voor de kleine be-
monsteringsschalen van moderne onderzoeksweerradars tijdens de regen.

In hoofdstuk 6 wordt de toepassing van regendruppel-terugkaatsing op-radar-
gebaseerde schattingsalgoritmes gedemonstreerd bij een luchthaven. Dit was gedaan
in het UFO project, en kan in de toekomst worden gebruikt om gevaren van wind
te verminderen op luchthavens. Hiervoor wordt het 4D-Var windvectorschattings-
algoritme aanbevolen, omdat het enkele geavanceerde verwerkingsmogelijkheden
heeft. In het bijzonder geeft deze techniek meer veelzijdigheid aan en controle
over de oplossingen. Voor turbulentie-intensiteit schattingsalgoritmes die worden
toegepast op luchthavens, wordt het aangeraden om regendruppeltraagheidcorrec-
ties te vermijden, aangezien die afhangen van een nauwkeurige schatting van de
regendruppelverdeling.
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Introduction

1

1Illustration adapted from the “logicomix”, a nice graphic novel about the search for absolute truth in
mathematics (Doxiadēs et al. 2009).
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2 1. Introduction

This research is dedicated to wind vector and turbulence intensity field retrieval
techniques during rain by using weather radars. To understand this in more de-
tail, first the relevant topics are introduced separately, which are: 1. wind vector
and turbulence intensity fields, 2. weather radar remote sensing and, 3. raindrop
backscattering. Subsequently, the research challenges are stated. And finally, the
dissertation structure and approaches are described.

1.1. Wind vector and turbulence intensity fields
The knowledge of wind vector and turbulence intensity fields is relevant for many
applications, such as aviation, shipping, recreation and atmospheric sciences. Cer-
tain weather phenomena, such as tornadoes and thunderstorms, are essential to
detect in order to protect people from hazardous situations. Next to that, it is of
interest to quantify the strength of a specific storm to give a more refined image of
its potential hazard. Typical measures for a storm strength are the average wind
speed [m s ] and the maximum gust wind speed [m s ]. Next to that, wind
shear [s ] is a measure of the gradient of the wind speed, which is in particular
of interest for aviation. Wind vectors can be measured in situ with cup or sonic
anemometers. Wind vectors can also be measured remotely via the Doppler effect,
where the frequency change of transmitted electromagnetic signals, backscattered
from particles in the air, can be used to estimate the air motion. Such measure-
ments of wind vectors have the potential to reduce and better estimate the risks of
hazardous weather situations.

Regarding safety, wind hazards play an important role in aviation, especially dur-
ing the take-off and landing phases, where the majority of accidents occur (Boeing
2013). Beside natural wind hazards, airport capacities are also limited by regu-
lations for minimum distance separations between aircraft (ICAO 2007b). These
distances have been defined for the worst weather conditions, which are low wind
speed and/or low turbulence intensities that have the longest-lasting wake turbu-
lence, to avoid the risks for a follower aircraft to encounter the wake turbulence
from the leader aircraft. To further increase airport capacity, the dynamic distance
separations should be adjusted with weather conditions.

It becomes a bit more complex when we start talking about turbulence. In the
atmospheric sciences, turbulence is important because it mixes and churns water
vapor, smoke, and other substances, as well as energy, which in effect become
distributed. Air turbulence is often quantified with the turbulent energy dissipation
rate (EDR), sometimes also called the eddy dissipation rate (Chan 2011; Nastrom
and Eaton 1997). The turbulent EDR is a fundamental number to characterize the
intensity of turbulence (e.g. Pope 2000). EDR is a measure of the viscous diffu-
sion of turbulent kinetic energy (TKE), which is transformed from large scales to
small scales within the inertial subrange via eddies, where eventually viscous ef-
fects dominate (Kolmogorov 1941). An advantage of using EDR is that just one
single parameter is used to quantify the turbulence intensity. Therefore, models,
measurements and other applications can be connected with this single parameter.
Using just a single parameter for turbulence intensity can also be seen as a dis-
advantage, because the underlying assumptions are not always satisfied. The key
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3

assumption made is that the energy spectrum follows the Kolmogorov -5/3 scal-
ing (more details in Chapter 3). In other words, the sampling scale and the total
sampling scale of the measurements need to be in the inertial range of the tur-
bulence energy spectrum. The sampling scale is the spatial (or temporal) interval
between consecutive measurements, and the total sampling scale is the spatial (or
temporal) scale of the combined measurements that is used in an algorithm. In
EDR retrieval techniques, these sampling scales are relevant as they represent the
spatial scales at which the turbulent kinetic energy is estimated, which is necessary
for the estimation of EDR. More about the sampling scales will follow in Chapter 3.
The bottom line of estimation of turbulence intensity is that turbulence is a complex
phenomenon, which is conveniently quantified - with some assumptions - with a
single parameter, the EDR.

Turbulence can be measured from time or space fluctuations of many differ-
ent atmospheric values, such as temperature, humidity and wind velocity. The
Kolmogorov theory applies to the spatial domain. Measurements in the time do-
main are analyzed by using Taylor’s hypothesis of “frozen” turbulence (Taylor 1938),
which presupposes that the spatial turbulent fluctuations are advected with the flow.
It is easily assumed that the measurements are in the inertial range, but often this
is not validated because it requires good data quality with a high sampling rate.
Also, the total sampling time/spatial scale of the fluctuations is important in an EDR
retrieval technique, as it can be that the total sampling scale is outside the inertial
range. The total sampling time/spatial scale is somewhat loosely defined as it can
be related to different measurement principles. In the end, EDR can thus be de-
rived from the fluctuations of many different atmospheric variables, with different
spatial or time sampling scales, and by using many different instruments, which all
affects the quality of the retrieved EDR values. Getting consistency in EDR values
from different source can thus be rather tricky.

For many years, EDR values have been derived from in situ measurements.
Close to the surface, EDR is typically derived from three-component sonic anemome-
ters and/or fine platinum wire thermometers mounted on towers (e.g. Caughey
et al. 1979; Kaimal et al. 1976; Piper and Lundquist 2004; Zhou et al. 1985). At
higher altitudes, EDR is estimated from gust-wind-probe systems mounted on air-
craft (e.g. Brost et al. 1982; Lemone and Pennell 1979; Nicholls 1978; Nucciarone
and Young 1991), or from sonic anemometer carried by balloon-borne sondes (e.g.
O’Connor et al. 2010). Next to deriving EDR from velocity or temperature fluc-
tuations, it can be estimated from other atmospheric variables that are indirectly
influenced, such as the atmospheric refractive index (e.g. Thiermann and Grassl
1992).

More recently, active remote sensors, such as profiling Doppler radars and lidars,
have been used to estimate EDR (Borque et al. 2016; Bryant and Browning 1975;
Fang et al. 2014; Kollias and Albrecht 2000; Kollias et al. 2001; O’Connor et al.
2010; Röhner and Träumner 2013; Shupe et al. 2012). Doppler lidars are able to
measure air motions below and at the cloud base or in clear-sky conditions (Lamer
and Kollias 2015). In the case of clouds, profiling cloud radars can be used to
continue profiling of measurements beyond the cloud base. The combination of a
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profiling Doppler lidar and a profiling Doppler cloud radar can then, for example,
be used to deliver a continuous turbulence intensity profile (Borque et al. 2016).
Active remote sensing of EDR has been proven to be valuable, for measurements
of clear-sky and clouds, by comparison to independent measurements (O’Connor
et al. 2010; Shupe et al. 2012).

In aviation, EDR is used as an indicator for turbulence hazards. For example,
EDR can be estimated from vertical accelerations of aircraft, or virtually any device
moving through air (MacCready 1964). In recent years, there is an increasing
interest to exploit lidar and radar measurements at airports to estimate the EDR. For
example at the Hong Kong international airport, operational turbulence monitoring
is done by mapping the EDR field with a scanning lidar (Chan 2011). Currently, wake
vortex monitoring systems are under development, where EDR has the potential to
be used as an input parameter (Barbaresco et al. 2013; Gerz et al. 2005). It is
necessary to mention that not only high but also low EDR values are hazardous
for aviation. Very light or negligible air turbulence plays an important role as it
favors long-lasting wake vortices. Fig. 1.1 illuminates wake vortices that are behind
airplanes. When the EDR is accurately measured, it can be used to predict the
lifetime of such wake vortices (Holzäpfel 2006). With accurately it is meant that
the measurements can indicate areas with strong, moderate and low turbulence
intensity, and that the uncertainty of the measurements is well understood.

Figure 1.1: Wake vortices visible in the clouds. Photo credits: Paul Bowen, Cessna Aircraft Company.
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1.2. Weather radar remote sensing
Remote sensing is defined as the measurement of atmospheric properties and pro-
cesses at a distance, using radiation sensors placed in space, on aircraft, and/or on
the earth’s surface (e.g. Petty 2006). To become familiar with this definition, we
can recognize the human eyes as a remote sensor (e.g. Mather 2009). The human
eyes measure the brightness of surrounding objects by sunlight radiation to sense
its environment. Because of the properties of electromagnetic (EM) radiation - both
intensity (brightness) and spectral characteristics (color) are strongly influenced by
its interactions with matter - it is possible as a human to instantly distinguish ob-
jects, faces, textures, material compositions, and many other details (Petty 2006).
Next to the human eyes, it is possible to use electronic devices - instruments - for
remote sensing.

In the nineteenth century, more forms of EM radiation were discovered beyond
the visible part of the spectrum. Other EM radiation forms are interesting to use in
remote sensing applications, because they are able to measure different properties
of the atmosphere. Radio waves were discovered by Hertz, and in 1863 Maxwell
developed an extensive EM theory - now known as the classical theory of electro-
magnetic radiation - which for the first time explained electricity, magnetism, and
light as different manifestations of the same phenomenon. Since the early 1960s,
virtually all areas of the atmospheric sciences have been revolutionized by the de-
velopment and application of remote sensing techniques (Petty 2006). They have
been further developed with increasing sensitivity, spatiotemporal resolution, and
gaining more versatility in a broad range of applications (Petty 2006; Rees 2012;
Richards et al. 2010).

An important remote sensing instrument that was developed in the 20th century
is the radar - the word originates from RADAR (RAdio Detection And Ranging). The
radar is an object-detection system that uses radio waves to determine the range,
angle, characteristics and/or velocity of objects. With respect to visual observation,
the radar has some advantages as it is able to operate during day and night, under
all weather conditions, and it is capable of observing targets at a large distance.
Further developments led to many applications of radar remote sensing systems.
These days radars are used for the identification and characterization of aircraft,
ships, spacecraft, guided missiles, motor vehicles, weather formations, terrain, and
many more (e.g. Rees 2012; Richards et al. 2010).

Radars can be further introduced by looking at some of their features. A radar is
characterized by its hardware that includes the radar antenna shape and polarimet-
ric capabilities, and the radar software that includes the signal processing. Some
essential parameters for radar are the central frequency, the frequency bandwidth
and the antenna dimensions. In the end such parameters result in a maximum
unambiguous radar range, the beamwidth, the sampling space area for each radar
cell, and an unambiguous velocity that can be estimated for targets. Such essen-
tial parameters are carefully selected to optimize a radar for a certain application.
Some of the key parameters that can be measured by a radar are the distance of
a target towards the radar (target range), the target velocity in the line of sight
of the radar antenna and the radar cross section (RCS) of a target. The RCS is a
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measure of the efficiency of a radar target in intercepting and returning radio en-
ergy, which depends upon the size, shape, aspect, and dielectric properties of the
target. Interested readers could turn for a more in-depth comprehension of radar
instruments to (e.g. Pozar 2009; Richards et al. 2010).

One important radar feature that is extensively used in this work is the mea-
surement of a targets velocity via the Doppler effect. This is done as the frequency
of an EM wave is changed with regard to the signal-transmitting instrument, be-
cause of the movement of the targets. In the case of a weather radar, which is
observing raindrops, the raindrops can change the EM wave frequencies because
of the raindrop motions. The frequency shift due to the Doppler effect can thus -
in the end after dedicated radar signal processing - be used to remotely estimate
parameters for wind dynamics.

A weather radar measures radar observables for each radar cell, which is a
space-bounded area defined by a certain range interval and a certain radar an-
tenna looking direction (azimuth and elevation). The exact size of the radar cell is
determined by several parameters, which are the radar range resolution, the radar
beamwidth in combination with the radar range (distance to the radar). The total
sampling space 𝐿 of a radar cell can be characterized by its volumetric sampling area
𝑉 via 𝐿 = 𝑉 / . With regards to the dynamics, the weather radar is able to measure
the radar mean Doppler velocity, which is a measure of the reflectivity-weighted
line-of-sight velocity of the targets. As a consequence, a single big raindrop will
have more impact than a small raindrop on the measured radar observables. Also,
note that only projected velocities in the radar antenna line of sight are measured,
and the velocities from the cross-directions (with regard to the radar antenna line
of sight) can not be measured (due to the Doppler frequency shift principles). As
we deal with multiple target’s in a single resolution volume, the radar can measure
the radar Doppler spectral width, which is a measure of the variation of motions of
the targets. The measured radar observables are thus never representative for a
single raindrop, but they represent an ensemble of raindrops that are distributed in
a space-bounded area, and next to that have a certain variation in raindrop sizes.

A few modern remote sensing instruments - which are relevant for this research
- are shown in Fig. 1.2. They are: TARA (an S-band precipitation profiling Doppler
radar, Heijnen et al. (2000)), IDRA (a scanning n X-band radar, Ventura and Russ-
chenberg (2006)), PARSAX (a scanning S-band radar, Krasnov et al. (2008)), the
Thales scanning X-band radar (Barbaresco et al. 2012), and the Leosphere 1.54
𝜇m scanning lidar (Dolfi-Bouteyre et al. 2009). The shared property of these re-
mote sensors is that they can measure wind dynamics with a high resolution. The
typical range resolutions of these instruments (IDRA: 30 m, TARA: 30 m, PARSAX:
3 m) are much higher in comparison to a typical weather radar (the WSR-88D has
a range-resolution of 250 m, Klazura and Imy (1993)). These instruments differ
in many ways, such as the frequency that is being used, the antenna looking di-
rection (horizontal/vertical/slanted/scanning), and the signal processing. The IDRA
and TARA radars are located at a meteorological supersite in Cabauw (Ulden and
Wieringa 1996), which makes their data interesting for research purposes as it can
be validated with in situ data from co-located instruments. They have been op-
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erating at this site for many years, which asserts that there are interesting study
cases and that there is sufficient data for statistical analysis. The Leosphere 1.54
𝜇m scanning lidar is the exception in Fig. 1.2: it uses ultraviolet radiation instead
of radio waves.

(a) TARA (b) IDRA (c) PARSAX

(d) Thales X-band radar (e) Leosphere 1.54 m scanning
lidar

Figure 1.2: A few modern atmospheric remote sensing instruments, which can be used to remotely
measure wind dynamics: (a) TARA, the TU Delft S-band precipitation profiling radar (Heijnen et al.
2000), (b) IDRA, the TU Delft X-band IRCTR Drizzle RAdar (Figueras i Ventura 2009), (c) PARSAX, the
TU Delft S-Band PARSAX radar system (Krasnov et al. 2008), (d) the Thales scanning X-band radar
(Barbaresco et al. 2012), and (e) the Leosphere 1.54 m scanning lidar (Dolfi-Bouteyre et al. 2009).
TARA photo credits: Tim Vlemix. IDRA photo credits: Jordi Figueras i Ventura.

The lidar measures the backscatter from aerosols, which allows measurements
during clear-sky conditions. For the radar, the aerosols typically do not reflect suf-
ficiently to be detected, and other targets such as snow, raindrops, cloud drops or
insects are required to measure the properties of the atmosphere. Radars and lidars
have the ability to work operationally in a complementary way in different weather
conditions like fog, precipitation and dry air. For the observation of air motion,
both instruments are relying on the backscatter of particles, which randomly fill the
observation volume and are involved in air motion. Typical backscatterers for radar
are rain/cloud drops and ice crystals, and aerosols for lidar. Different scattering
and attenuation mechanisms of light/infrared waves for lidars and of microwaves
for radars result in the fact that a lidar is able to retrieve the EDR remotely during
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clear sky conditions, and a radar is able to do the same in presence of clouds or
precipitation (Bringi and Chandrasekar 2001; Doviak and Zrnić 1993; Mishchenko
et al. 2002).

1.3. Raindrop backscattering
With regard to radar-based retrieval of air-dynamics parameters, often the assump-
tion is made that the motion of air is measured, where in reality the motion of
the tracers is measured. For the weather radar, raindrops are the most common
backscatters of which the motion is measured. Because of the much higher mass
density of raindrops in comparison to the surrounding air (approximately a factor
1000), the raindrops do not follow the motion of the air perfectly. This is due to the
inertia effect, and in this work we will refer to it as ”the raindrop inertia effect”. The
raindrop inertia effect is typically not taken into account in retrieval techniques for
wind vector or turbulence intensity estimation. An unanswered research question
is:

• Is the raindrop inertia effect of the same importance for classical weather
radars (typical total sampling scale for a radar cell of 250 m) as modern high-
resolution radars (30 m)?

It is thus unclear when - and exactly under what circumstances - the raindrop inertia
effect is important in radar-based wind vector and turbulence intensity retrieval
techniques.

As a result, for an accurate estimation of wind vectors and turbulence inten-
sities from raindrop-backscattering radar Doppler measurements, the peculiarities
of using raindrops as tracers has to be considered. It is expected that the size of
the raindrops will be of importance, and also the scales of turbulent eddies and the
sampling scales of the measurement. A model to take the raindrop inertia effect
into account for radar-based turbulence intensity retrieval techniques was proposed
by Yanovsky et al. (2005), where a raindrop is either a perfect tracer of the tur-
bulent motion, or not involved in the turbulent motions at all for a given turbulent
length scale and an equivolumetric raindrop size. A drawback of the model from
Yanovsky is that it has heuristic parameters, which are difficult to estimate, and
make it difficult - if not impossible - to develop this model further. The challenge
is thus to measure wind vectors and/or EDR with a Doppler radar during rain, and
take into account that raindrops are not perfect tracers of the air motion.

In the state-of-the-art literature, turbulence is typically modeled in radar ob-
servables as an additional Doppler spectrum width term, or by smoothening and
widening the spectrum via a convolution process (Borque et al. 2016; Bouniol et al.
2004; Doviak and Zrnić 1993; Kollias and Albrecht 2000; Shupe et al. 2012). There
has been done only little research to challenge these state-of-the-art approaches,
and in addition, for radar-based turbulence intensity retrieval techniques the influ-
ence of inertia is often ignored. Two research questions are then:

1. Does the turbulence intensity have an effect on the ensemble of orientations
of the scatterers (raindrops)?



1.4. Research challenges of the dissertation

1

9

2. And can there - as a consequence - exist a dependence between polarimetric
radar observables (𝑍 , 𝐿 ) and turbulence intensity?

These points are not considered in the literature with regard to radar-based tur-
bulence intensity retrieval techniques to our knowledge. It is not difficult to imag-
ine that the ensemble distribution of particle orientations will be different for calm
and turbulent conditions. There is thus clearly room for some improvement in
radar-based turbulence intensity retrieval techniques, and potentially the polari-
metric radar observables can be used in a better way.

1.4. Research challenges of the dissertation
This research is dedicated to the development of radar-based retrieval techniques
that are used to retrieve air-dynamics parameters remotely during rain, but then
more accurately. The key research challenges in this work are:

• Examine under what circumstances the raindrop inertia is of importance for
radar-based turbulence intensity retrieval techniques. And more specifically,
investigate if EDR can be derived accurately from the radar Doppler spectral
width from a modern radar with a much higher spatial resolution than the
classical weather radars.

• Find out if existing retrieval techniques for wind vector and turbulence in-
tensity fields are accurate in the case that they are applied to radar-based
Doppler measurements during the rain. And if so, verify this by comparisons
to other measurements.

• Investigate if radar-based wind velocity field retrieval techniques can be fur-
ther enhanced. In particular, study how a 3D wind vector can be recon-
structed from Doppler radar line-of-sight velocity measurements.

• Explore how retrieval techniques for wind vector and EDR fields can be further
adapted to the radar and enhanced with respect to the current state-of-the-
art. More specifically, study if polarimetric radar observables can be used to
enhance radar-based EDR retrieval techniques.

The novelties in this research are to take into account the influence of measuring air-
dynamics parameters from imperfect air tracers (read: raindrops), and the usage of
significantly smaller spatial sampling scales that are achieved with modern research
(and some operational) weather radars. The approach to resolve these challenges
is by analysis of radar measurements from these modern radars, and develop new
radar-based turbulence models, which will be explained in detail in the following
chapters.

1.5. Research approaches and outline of the dis-
sertation

The research questions above are addressed in the thesis chapters in the following
way:
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Chapter 2 investigates the theory of turbulence intensity measurements from
raindrop motions. The equations of motion for a raindrop are used as a starting
point, from which raindrop inertial parameters are estimated. These raindrop iner-
tial parameters, which now have a theoretical basis as they come from the equations
of motion, have the potential to be used in turbulence retrieval techniques and make
such techniques more accurate. To achieve this, a raindrop-inertia-correction model
is proposed, to enhance radar-based turbulence intensity retrieval techniques. With
turbulence simulations and using the equation of motion for a raindrop, the effec-
tiveness of the proposed correction model is investigated.

Chapter 3 assesses energy dissipation rate (EDR) retrieval techniques, based
on air-velocity measurements. A few state-of-the-art EDR retrieval techniques are
applied to raindrop-backscattering radar Doppler measurements, without a correc-
tion for raindrop inertia. The research question that is addressed here is: Does
the choice for a specific retrieval technique, and the chosen parameters, influence
the accuracy on the retrieved EDR when applied to the Doppler radar during rain?
The chosen parameters consist of using Doppler spectral width or a series of mean
Doppler velocities, and the associated sampling and total sampling scale in the re-
trieval techniques. Consequently, the techniques are optimized, such that they can
be used for radar-based EDR estimation during rain. The radar-retrieved EDR values
are then compared to in situ measurements of EDR for validation. This comparison
is then repeated for a massive dataset, to support conclusions that are valid for
a wide variety of atmospheric conditions in the midlatitudes and a variety of EDR
values.

Chapter 4 starts with an assessment of the influence of raindrop inertia on
raindrop-backscattering radar-based retrieved wind vectors. A novel 4D-Var wind
vector retrieval technique is introduced, which is applied to measurements from a
single scanning Doppler radar. Advanced processing features, which are only possi-
ble with this technique, are then demonstrated with a case study. A comparison for
the resulting wind vectors is made with the linear wind model, which is a commonly
used wind vector retrieval technique (e.g. Doviak and Zrnić 1993). The retrieved
wind vectors will be analyzed in detail, to assess which retrieval techniques provide
the most realistic results.

Chapter 5 presents an advanced approach on turbulence estimation, where
the influence of raindrop inertia is taken into account. The emphasis here is to
apply turbulence intensity retrieval techniques to small spatial scales of modern re-
search radars. For such small spatial scales, the DSD characteristics, the influence
of raindrop inertia and turbulence effects are mixed in the radar observables, and
the challenge is to disentangle this information. Therefore, a radar forward model
is developed that can handle this, which takes turbulence into account, and - as
a novelty - includes particle orientations as a function of turbulence intensity. A
radar forward model is a procedure that calculates radar observables, e.g. radar
reflectivity 𝑍, starting from physical model variables, such as DSD. Once the radar
forward model is there, differences between the radar measurements and simulated
data are used in an optimal estimation procedure, to estimate the model parame-
ters. Simulations are performed to justify the novel implementation of turbulence
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in radar forward models. In a case study, turbulence intensity profiles are retrieved
from the TARA Doppler radar data, for which the raindrop-inertia-correction model
will be demonstrated.

Chapter 6 demonstrates the application of wind vector and turbulence intensity
retrieval techniques at an airport for a fast scanning X-band radar. It will be studied
which retrieval techniques, both for wind vectors and EDR, give the most reliable
results when applied to an X-band radar during rain.

Chapter 7 contains the conclusions of this dissertation and presents an outlook
on future research and applications.





2
The raindrop inertia effect

In this chapter, the focus is on how to account for the influence of raindrop
inertia in radar-based turbulence intensity retrieval techniques, with a the-
oretical approach. Raindrop inertial parameters are derived from the equa-
tions of motion of a raindrop, which contain the relevant physical forces that
are acting on a raindrop. The inertial distance is introduced, which is a typ-
ical distance at which a particle obtains the same wind velocity as its sur-
roundings throughout its trajectory. Consequently, a newmodel for raindrop-
inertia correction is proposed, which is able to obtain the variance of mean
Doppler velocities as if there was no influence of raindrops. Such a model
is necessary for radar-based estimation of turbulence intensity during rain.
Two effects are taken into account into the new inertia-correction model. At
first, the effect that inertial particles are less involved in wind velocity fluc-
tuations due to their mass, which results in a decrease in the variance of
measured mean Doppler velocities. Secondly, the effect that the velocity of
an inertial particle is influenced by the history of its trajectory. For an en-
semble of particles, this can lead to an increase in the variance of measured
mean Doppler velocities. Theoretical simulations are performed to validate
the proposed model and to obtain some essential tuning parameters. Finally
the conclusions are drawn. It is in particular interesting to discover under
which conditions (read: sampling scales and raindrop sizes) the influence
of raindrop inertia is relevant, and under which conditions the influence of
raindrop inertia can be neglected.

“I have never tried that before, so I think I should definitely be able to do that.”
- Astrid Lindgren, Pippi Longstocking.

Parts of this chapter have been published in Oude Nijhuis et al. (2016b).
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2.1. Introduction
An accurate estimation and validation of turbulence intensity during precipitation by
using the radar has not received a lot of attention in the last years. A common ap-
proach to derive the energy dissipation rage (EDR) is to apply an analytical formula
to the radar Doppler spectral width (DSW) or the variance of mean radar Doppler
velocities (e.g. Bohne 1982; Frisch and Strauch 1976; Hocking 1986; Shupe et al.
2012; Yanovsky et al. 2002). Such a formula does not take the raindrop size dis-
tribution (DSD) into account. In recent years, the radar-based estimation of the
rainfall rate has been improved by making use of a simultaneous retrieval of the
rain DSD for radars with a low elevation angle (e.g. Brandes et al. 2003). Also, a
retrieval technique from a slant looking radar has been developed to retrieve the
DSD (Unal 2015).

The rain DSD is an essential input to radar-based EDR retrieval techniques to
improve the accuracy of the resulting turbulence intensity (e.g. Yanovsky et al.
2005). The rain DSD parameters can, for example, be estimated from polarimetric
parameters (e.g. Brandes et al. 2004; Yanovsky et al. 2015), but there are also
other techniques. In spite of essential progress achieved, EDR retrieval techniques
are nowadays not accurate enough for many applications. One point of concern is
the impact of the inertia effect when Doppler radar measurements during rain are
used for turbulence intensity estimation. This point is investigated in this chapter,
theoretically and by performing simulations.

One of the most difficult issues related to accurate retrieval of EDR from the
scattered signal is taking into account the inertia of the scatterers. Actually, the
echo-signal is scattered from particles that are located in the resolution volume
and not from the turbulence itself. Some early works suppose that the scatterers
are able to follow turbulent eddies perfectly (e.g. Doviak et al. 1979). This is true
for very small particles such as aerosols that are relevant for the lidar, it is almost
true for dry snowflakes (e.g. Rogers and Tripp 1964), but it is rather doubtful for
raindrops. It is rather obvious that larger droplets are less effective as the tracers
of the air motion; but how to estimate this quantitatively? And how to use it in
radar models to improve the results of turbulence intensity retrieval?

To answer some of these questions, an approach was developed by Yanovsky
(1996), which was further applied in follow-up articles (Yanovsky et al. 2005; Yanovsky
2002). The approach of Yanovsky (1996) takes into account that atmospheric tur-
bulence is a complex vortical motion with a spectrum of spatial scales of eddies. In
other words, the air motions with larger scales have more energy for the same EDR
value. The authors introduce a bounded deterministic function, which describes
the relation between the drop size diameter 𝐷 and the level of involvement of the
droplet for a given turbulence-motion size. This approach is based on four presup-
positions: 1) For each drop size there is a minimum length scale 𝐿 ; 2) For turbu-
lent motions larger than 𝐿 the drop is a perfect tracer; 3) For turbulent motions
smaller than 𝐿 the drop will not participate in the motion; 4) For 𝐿 = 𝑓(𝐷),
an approximation was introduced based on estimations of the droplet relaxation
times. The approach of Yanovsky (1996) is based on heuristic suppositions that are
rather flexible and allows adaption of the model to a real situation. Nevertheless,
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it is much better to have an algorithm based on more fundamental physics, and
the equations of motion for a raindrop seem to be a good starting point. In this
chapter, we reuse existing theoretical and experimentally validated work in which
the equations for raindrop motion, including the relevant constants, are derived
(Khvorostyanov and Curry 2005). Based on these equations we estimate raindrop
inertial parameters.

The chapter is structured as follows. In the second section we derive particle
inertial parameters from the equations of motion. In the third section, a new model
to account for the influence of raindrop inertia is described. In the fourth section
tuning parameters of the model are obtained by using a stochastic 3-D homoge-
neous isotropic turbulence model. In the fifth section, mathematical relations are
given that show how the model for inertia correction can be implemented in a radar
retrieval technique. In the end, the conclusions are drawn.

2.2. Raindrop inertial parameters
In this section, the aim is to find raindrop inertial parameters, which quantify how
much a particle behaves as a perfect tracer. Or alternatively speaking, how much
a scatterer responds to fluctuations in wind velocities throughout its trajectory. To
obtain raindrop inertial parameters that can be used in radar-based retrieval tech-
niques for the estimation of the energy dissipation rate (EDR) from the DSW, it is
logical to start from the equations of motion for a raindrop. However, a problem
is that the equations of motion can not be applied directly in a turbulence intensity
retrieval technique, because only limited information (read: not the motion of all
particles at each location and time) is available from measurements.

To follow the approach of starting from the equations of motion for a raindrop,
it is necessary to simplify these equations down to scalars, the inertial parameters,
that represent the behavior of an ensemble of particles. An advantage of this
approach is that it is possible to verify all model assumptions with simulations, and
better adapt this approach to specific applications. In addition, the same procedure
can be applied to other classes of hydrometeors such as ice crystals.

Works with such a fundamental approach already exist but with a different aim.
Khvorostyanov and Curry (2005) started from the equations of motion for rain-
drop/ice particles and successfully estimated their terminal fall speeds. One of the
most difficult parts in such works is the determination of the drag force coefficient
for raindrops or ice particles. Here we reuse this existing work from Khvorostyanov
and Curry (2005), but now with the aim of estimating inertial parameters instead
of the terminal fall speed.

The equations of motion using a Cartesian East North Up (ENU) coordinate
system for a particle in the 𝑥/𝑦-direction and the 𝑧-direction can be written as:

𝑑𝑣 ,
𝑑𝑡 =

±𝐹 ,
𝑚 = ∓𝜂 (𝑣 , − 𝑣 , ) , (2.1)

𝑑𝑣 ,
𝑑𝑡 =

−𝐹 + 𝐹 ± 𝐹 ,
𝑚 = −𝜂 𝑣 ∓ 𝜂 (𝑣 , − 𝑣 , ) , (2.2)



2

16 2. The raindrop inertia effect

with

𝜂 =
𝜌 𝐴 𝐶 ,

2𝑚 , 𝜂 = 𝜌 𝐴 𝐶 ,
2𝑚 , (2.3)

where 𝑣 ,∗ is the particle velocity, 𝑣 ,∗ is the air velocity, 𝑣 is the terminal particle
fall speed, 𝐹 ,∗ = 𝜌 𝐴∗𝐶 ,∗(𝑣 ,∗−𝑣 ,∗) is the drag force, 𝜌 is the air density, 𝐴∗ is
the projected particle surface area in direction *, 𝐶 ,∗ is the drag force coefficient,
𝐹 = 𝑚𝑔 is the gravity, 𝑚 is the particle mass, 𝑔 is the gravitational acceleration,
𝐹 = 𝜌 𝑉 𝑔 is the buoyancy force, and 𝑉 is the volume of the particle. Here 𝜂
[m ] and 𝜂 [m ] are scalars to write the equations of motion in a brief way.
The 𝑥 and 𝑦 directions have the same equation and are for convenience combined.

The calculations for the drag force coefficients 𝐶 ,∗ are extensive and can be
obtained from the work of Khvorostyanov and Curry (2005). For raindrops in the
air, the buoyancy force can be neglected, as the gravitational force is much larger
(Khvorostyanov and Curry 2005). However, for crystallized ice particles, which can
have much lower volumetric mass densities, the buoyancy force should also be
considered. The direction of the drag force is opposite to the particle motion with
respect to its surrounding air motion, which determines the right sign in the equa-
tions. For the remainder of this chapter the terminal fall velocities and scalars 𝜂
and 𝜂 are obtained from the work of Khvorostyanov and Curry (2005).

As big raindrops have a spheroidal shape, also an axis ratio formula as a function
of equivolumetric spherical drop diameter is used from Beard and Chuang (1987).

The raindrop terminal fall speed is obtained by assuming a balance between the
gravitational, drag and buoyancy forces (Khvorostyanov and Curry 2005):

𝑣 (𝐷) = [2(|𝑚𝑔 − 𝐹 |)𝜌 𝐴 𝐶 ,
]
/
, (2.4)

where 𝐷 is the equivolumetric spherical drop diameter. Almost all variables on the
right-hand side depend on 𝐷, except for 𝜌 and 𝑔.

The total particle velocity �⃗� is written conveniently as:

�⃗� = �⃗� + �⃗� + �⃗� , (2.5)

where �⃗� is the particle terminal fall velocity, �⃗� is the air velocity, and �⃗� the addi-
tional velocity difference due to relaxation. The direction of the terminal fall velocity
is always in the negative 𝑧-direction, pointing towards the Earth. The direction and
magnitude of �⃗� are obtained by numerically integrating the equations of motion,
Eq. 2.1 and 2.2. The relaxation term �⃗� contains thus some history of what the
particle has experienced from the surrounding wind field throughout its trajectory.

With analytical solutions to the equations of motion for simple cases, it is then
possible to estimate typical numbers that characterize the motion of an ensemble
of particles. One of such simple cases is a sudden jump in velocity, from which a
relaxation time can be estimated. For the 𝑥/𝑦-direction, the ‘sudden jump’ case is
formulated as:

𝑣 , (𝑡) = { 𝑣 , (−∞) for 𝑡 < 0
𝑣 , (∞) for 𝑡 ≥ 0 , (2.6)
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i.e. a step function at 𝑡 = 0, for which the solution for the particle velocity at 𝑡 > 0
is:

, ( ) , ( ) /[ , ( ) , ( )] . (2.7)

From the analysis of the ‘sudden jump’ case, we can obtain the relaxation time
for the 𝑥/𝑦-direction 𝜏 , . It is defined as the time that is needed to decrease the
relative difference in velocity with 𝑒𝑥𝑝(1):

𝑣 , (𝑡) − 𝑣 , (∞)
𝑣 , (−∞) − 𝑣 , (∞) = exp(−1), (2.8)

from which follows:

𝜏 , = 1 − exp(−1)
exp(−1)𝜂 [𝑣 , (∞) − 𝑣 , (−∞)] . (2.9)

This calculated relaxation time is then used as inertial time. It should be mentioned
that such an inertial time is only a figure of merit, and the reality is that wind fields
are more complex.

For the 𝑧-direction, no analytical solution is found yet for the general ‘sudden
jump’ case. It is, however, possible to find analytical solutions for more specific
cases, where the terminal fall speed is large or small, compared to the order of
magnitude of velocity differences due to relaxation 𝒪(𝑣 ). For the first case, a
small terminal fall speed is assumed. With this assumption, i.e. 𝑣 ≪ 𝒪(𝑣 ), it is
possible to neglect some terms in Eq. 2.2, and the solution becomes similar for the
𝑥/𝑦-direction. The relaxation time 𝜏 , is then:

𝜏 , = 1 − exp(−1)
exp(−1)𝜂 [𝑣 , (∞) − 𝑣 , (−∞)]

. (2.10)

In case the terminal fall speed is large, i.e. 𝑣 ≫ 𝒪(𝑣 ), also some terms can be
neglected, and the equation of motion for the 𝑧-direction is written as:

𝑑𝑣 ,
𝑑𝑡 =

𝑑𝑣 ,
𝑑𝑡 ≈ ∓2𝜂 𝑣 𝑣 , = ∓

𝑣 ,
𝜏 ,

, (2.11)

with:

𝜏 , = 1
2𝜂 𝑣 , (2.12)

where 𝜏 , is the relaxation time for the 𝑧-direction. Again, the sign is such that
the relaxation velocity, 𝑣 , , is reduced, e.g. negative derivative,

, , when 𝑣 , is
positive. For the ‘sudden jump’ case, the analytical solution is:

𝑣 , (𝑡) = −𝑣 + 𝑣 , (∞)
+[𝑣 , (−∞) − 𝑣 , (∞)] exp(− ,

). (2.13)
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direction Inertial time Inertial distance

𝑥/𝑦 ,
exp( )

exp( ) [ , ( ) , ( )] , ≈ exp( )
exp( )

𝑧, 𝑣 ≪ 𝒪(𝑣 ) ,
exp( )

exp( ) [ , ( ) , ( )] , ≈ exp( )
exp( )

𝑧, 𝑣 ≫ 𝒪(𝑣 ) , , ≈

Table 2.1: Inertial parameters for raindrops.

Given the inertial times, it is now also possible to approximate the inertial dis-
tances, by assuming that the particles are moving with the terminal fall speed in
the 𝑧-direction for 𝑣 ≫ 𝒪(𝑣 ), or otherwise moving with the final speed 𝑣 , (∞) −
𝑣 , (−∞). An overview of all the inertial distances and inertial times for raindrops
that are defined in this chapter are given in Tab. 2.1.
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z-dir, spheroid (vt≪O(v ′p))

z-dir, spheroid (vt′O(v ′p))

x/y-dir, spheroid

z-dir, spherical (vt′O(v ′p))

x/y-dir, spherical

Figure 2.1: The inertial distance for raindrops is plotted as a function of drop equivolumetric diameter
. The calculations are performed both for spherical and spheroid droplets, for which the axis ratio

relation from Beard and Chuang (1987) is used. Note that ‘ -dir, spherical, ≪ 𝒪( )’ is not in the
figure because it is the same solution as ‘ / -dir, spherical.’.

Calculated values for the inertial distance are shown in Fig. 2.1. The inertial
distance is increasing rapidly with the drop size. For large terminal fall speeds,
𝑣 ≫ 𝒪(𝑣 ), the inertial parameters are reduced. In Fig. 2.1 the calculated inertial
parameters are also calculated for spherical drops, which shows that the spheroidal
shape only has a minor impact.

From the equations of motion for a raindrop, inertial parameters have now been
estimated by making several assumptions. Without any additional information, the
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derived inertial parameters give a best guess for the time (distance), that a particle
needs to respond to a change in the wind field. These assumptions include the
simplification of the equations of motion to analytical solutions to the ’sudden jump’
case. The analytical solutions are different for direction, either 𝑥/𝑦 or 𝑧, and in
case of the 𝑧-direction the solutions deviate for relatively large or small terminal fall
speeds. An additional assumption is made that the raindrops maintain their shape,
which means that microphysics (evaporation/condensation) and vibrations are not
considered. Such simplifications are rather crude, but they are necessary as a first
step in the development of enhanced turbulence retrieval techniques that account
for the raindrop inertia effect.

2.3. A new model for raindrop-inertia correction
Here we propose a new way on how to account for the inertia of raindrops, which
can be used for modeling of radar observables such as the radar Doppler spectrum
or the radar Doppler spectral width. The proposed method provides a correction
for the observed variance of Doppler velocities, given the equivolumetric drop size,
or drop size distribution, and the observed radar resolution volume parameters.

In the case of homogeneous isotropic turbulence, the Kolmogorov hypothesis
(Kolmogorov 1991) states that, within the inertial subrange, the statistical repre-
sentation of the turbulent energy spectrum of air velocities 𝑆(𝑘) is given by:

𝑆(𝑘) = 𝐶𝜖 / 𝑘 / , (2.14)

where 𝐶 is a Kolmogorov constant, and 𝜖 is the energy dissipation rate. The
wavenumber 𝑘 is related to a length scale 𝐿 via 𝑘 = 2𝜋/𝐿. The variance of ve-
locities, 𝜎 , is then obtained as:

𝜎 = ∫ 𝑆(𝑘)𝑑𝑘 = 3
2𝐶𝜖

/ [𝑘 / − 𝑘 / ]. (2.15)

The variance of velocities 𝜎 is thus proportional to the length scales:

𝜎 ∝ [𝐿 / − 𝐿 / ]. (2.16)

A correction 𝜁 to the variance due to turbulence intensity, Eq. 2.16, is now defined,
which can be directly applied to the radar Doppler spectral width:

𝜁 = 𝜎 /𝜎 , , (2.17)

where 𝜎 is the standard deviation of velocities for the inertial particles, and
𝜎 , is the standard deviation of velocities as if there was no inertia.

Typically, in a radar-based turbulence intensity retrieval technique 𝜎 is
measured and one would like to have 𝜎 , , which can be directly related to
the turbulence intensity. The term 𝜎 , is related to perfect tracers of the air,
as if the radar was looking to particles that were following the air motion exactly.

A new inertia-correction model is proposed by making a correction to the scales
𝐿 and 𝐿 to account for the influence of raindrop inertia. This is achieved by
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filling in Eq. 2.16 two times in Eq. 2.17. Both the maximum and the minimum scale
for which the inertial particles are sensors are adjusted, based on the derived inertial
parameters (Tab. 2.1). The maximal scale is adjusted, as an ensemble of inertial
particles can have more variations of velocities that are representative for a larger
volume than the total volumetric scale at which is measured. To do this, a typical
distance is defined, 𝑑 , , which is a 3-D distance on which the particle responds
to variations in the wind field. On the other side, the minimal scale is adjusted
because the inertial particles need a certain distance to respond to variations in the
wind velocity.

The inertia-correction model is then formulated as:

𝑑 , = √2 ∗ 𝑑 , + 𝑑 , , (2.18)

( , )
( , ) / ( , ) /

/ , (2.19)

( , )
( , ) / ( , ) /

/ , (2.20)

where 𝐿∗ is the radar resolution volume scale for direction * and 𝑑 , is 3-D
inertial distance. Here we introduce 𝛼∗ and 𝛽∗, which are dimensionless tuning
parameters, that can be used to adapt this model, based on additional information
such as simulations or experiments. Note that for (𝛼∗ = 0, 𝛽∗ = 0) the result is that
𝜁 = 1 and there is no correction. The maximal scale is adjusted with the 3-D inertial
distance, because the variance in the x- or y-component velocities is enlarged due
to sensing of velocities over more space than just the sampling space due to the
slow adaptation of the velocity of a particle to its expected velocity (terminal velocity
+ air velocity). The minimal distance is only adjusted with the 1-D inertial distance,
because this idea fits the best with the analyzed “sudden jump” cases. Here we
choose 𝑑 , , i.e. the solution for 𝑣 ≫ 𝒪(𝑣 ), which is valid for small turbulence
intensities in precipitation. The alternative, 𝑑 , , has a similar dependency on 𝐷,
which is shown in Fig. 2.1.

Some choices in this model may be considered as rather crude, and they have
the potential to be further developed. At this stage the concept is that the estimated
tuning values for 𝛼∗ and 𝛽∗ should be able to cover for the model impurities. The
uncertainties of these tuning values will give an impression of how good the model
works.

In Fig. 2.2, the model for inertia correction is shown for different tuning pa-
rameters 𝛼∗ and 𝛽∗ for a drop of 0.5 mm which demonstrates both effects. The
parameter 𝛼∗ determines the importance of the correction for large scales. In Fig.
2.2, it is shown that an increased value of 𝛼∗ leads to an increased value of 𝜎 ,
which can be attributed to the ’transport of velocity fluctuations’ into the sampling
space. The parameter 𝛽∗ determines the relative importance of the classical inertia
effect, i.e. the limited response to the small-scale velocity fluctuations. In Fig. 2.2,
it is shown that an increased value of 𝛽∗ leads to a decrease in the value of 𝜎 ,
which can be interpreted as little (/no) response of inertial particles to small-scale
fluctuations.



2.3. A new model for raindrop-inertia correction

2

21

0 5 10 15 20 25 30
Lxy [m]

0.0

0.5

1.0

1.5

2.0
ζ x
y

model, αxy = 1, βxy = 1

model, αxy = 4, βxy = 1

model, αxy = 1, βxy = 4

(a) D = 0.5 mm, / -direction

0 5 10 15 20 25 30
Lz [m]

0.0

0.5

1.0

1.5

2.0

ζ z

model, αz = 1, βz = 1

model, αz = 4, βz = 1

model, αz = 1, βz = 4

(b) D = 0.5 mm, -direction

Figure 2.2: The inertia correction ∗ is plotted as a function of the observation length scale ∗ for the
direction ∗, which is / or for a droplet with a diameter of . mm. The plots are for different
tuning parameters ∗ and ∗.



2

22 2. The raindrop inertia effect

For reference, we also give here the correction for any radar line of sight (LOS),
which can be relevant for further applications. Given the radar antenna elevation
looking angle 𝜃, this is:

𝜁 (𝐿 , 𝐿 , 𝐷, 𝜃) = cos (𝜃)𝜁 (𝐿 , 𝐷)
+ sin (𝜃)𝜁 (𝐿 , 𝐷). (2.21)

2.4. Simulations of raindrop inertia
In this section, it is shown how wind field simulations can be used to adapt the
model for inertia correction. A 3-D homogeneous isotropic turbulence model from
Mann (1998) is used to estimate the tuning parameters 𝛼∗ and 𝛽∗ in the inertia-
correction model (Eq. 2.19 and 2.20). The simulated wind field and the terminal fall
speed of droplets are used to calculate backward trajectories of raindrops. Given
the backward trajectories, the additional velocity differences due to relaxation are
then calculated, by implicit integration of the equations of motion (Eqs. 2.1 and
2.2). The additional velocity differences due to relaxation, i.e. the inertia effect,
are then used to estimate the difference in variance of Doppler velocities, within
a radar resolution volume. The result of the simulations will also give an estimate
for the uncertainties due to the raindrop inertia effect for EDR estimation from the
Doppler spectral width.

Here we use the work of Mann (1998) to obtain a 3-D homogeneous isotropic
turbulence periodic field with spatial scales of 30 x 30 x 30 m , a spatial resolution of
1.2 m and an EDR of 0.01 m s , which is a typical value of daytime atmospheric
EDR. The scale of 30 m is chosen because this is a typical maximum distance
where inertia becomes less important (see Fig. 2.1). The parameters in the wind
field simulation are chosen in such a way that the simulated wind field satisfies the
Kolmogorov energy spectrum for the inertial subrange (Eq. 2.14). Details of such
simulations can be found in Mann (1998). The simulated wind fields are shown
in the background of Fig. 2.3. Given the terminal particle velocity, the wind field
and the assumption of no inertia, �⃗� = 0 in Eq. 2.5, the backward trajectories of
particles are then calculated. In Fig. 2.3 it is shown that for small raindrops (0.01
and 0.1 mm) the trajectories and the origins have a random nature. For larger
raindrops (0.5 and 4 mm) the trajectories have an orchestrated nature and the
drops mainly originate from above.

To estimate the effect of inertia on the radar Doppler spectral width, the follow-
ing method is applied. On a line, either parallel to the 𝑥-direction or the 𝑧-direction,
at a random position in the simulation, 100 equidistant points are taken, for which
the radar Doppler velocities are calculated (see Fig. 2.3 for some examples). For
the Doppler velocities the projected velocities in the radar LOS are taken, e.g. 𝑢
for the 𝑥-direction. Consequently, the standard deviations of the Doppler velocities
are calculated two times, with and without the velocity difference due to relaxation
𝑣 ,∗. The standard deviations of LOS velocities are then used to calculate the inertia
factor 𝜁∗, for direction ∗, which is specific for the realization of this wind field and
specific for the random location of the line that spans 100 equidistant drop locations
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Figure 2.3: Backward trajectories of raindrops are shown for different equivolumetric drop sizes for
the same 3-D wind field. The black dots represent the final locations of the drops, which are used in
the simulations. In the background, wind vectors are shown on the xy, xz and yz-planes of a 3-D wind
field simulation (Mann 1998).

for simulation number 𝑖:

𝜁∗, = 𝜎∗, , /𝜎∗, , , , (2.22)

where 𝜎 is the standard deviation of LOS velocities with 𝑣 ,∗ included. For
𝜎 , the relaxation term 𝑣 ,∗ is not included. An ensemble of such calcula-
tions are then used to calculate optimal tuning parameters in the model for inertia
correction, and to estimate the uncertainty due to raindrop inertia effect in EDR
estimation from the Doppler spectral width.

For the estimation of the inertia factor 𝜁∗, , the velocity difference due to relax-
ation 𝑣 ,∗ has to be calculated. First a backward trajectory is calculated, under the
assumption that 𝑣 ,∗ is not too large and has a negligible influence on the trajectory.
An advantage of this assumption is that the final position is not altered. See Fig.
2.3 for some examples of backward trajectories.

Consequently, the equations of motion are integrated over the trajectory to find
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the particle velocity difference due to relaxation 𝑣 ,∗. To do this, first the equations
of motion, Eqs. 2.1 and 2.2, are rewritten in terms of the relaxation term 𝑣 ,∗:

𝑑𝑣 ,
𝑑𝑡 = { +𝜂 𝑣 , for 𝑣 , < 0

−𝜂 𝑣 , for 𝑣 , > 0 , (2.23)

, {
[ , , ] for ,
[ , , ] for ,
[ , , ] for ,

. (2.24)

Implicit integration of the differential equation:

𝑑𝑦
𝑑𝑡 = 𝑎𝑦 + 𝑏𝑦 + 𝑐, (2.25)

has the following solution:

±√( ) , (2.26)

which are applied to find the following solutions of Eqs. 2.23 and 2.24:

, , { √ for ,
√ for ,

, (2.27)

, , {
√ for ,
√ for ,

√ for ,

, (2.28)

with
𝑈 , = 𝑣 , , − (𝑣 , , + 𝑣 , , ), (2.29)

𝑈 , = 𝑣 , , − (𝑣 , , + 𝑣 , , ), (2.30)

𝑄 = 1
2𝜂 Δ𝑡 , 𝑄 = |

𝑈 ,
𝜂 Δ𝑡 | , (2.31)

, | , | , . (2.32)

Given the terminal fall speed 𝑣 , raindrop parameters to calculate 𝜂∗ and a 3-D
wind field simulation, it is now possible to integrate the relaxation term 𝑣 ,∗ with
finite differences. Typically it is necessary to integrate over a distance on the order
of several 𝑑 , to obtain a stable solution.

The results of the inertia-correction factors, 𝜁∗, , that are calculated from the
simulations are shown in Fig. 2.4. On the x-axis the length scale 𝐿∗ is varied, which
defines the total distance of the line that spans the raindrop locations. On the y-
axis the raindrop-inertia-correction factor is shown. Simulations are performed for
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Figure 2.4: Calculation of the inertia factor ∗, for different simulations , that have a random position
in the 3-D wind field simulation. The calculations are performed for different equivolumetric raindrop
diameters , and for different wind velocity components (either -direction or -direction).

multiple drop sizes and for different looking directions (𝑥 and 𝑧). In Fig. 2.4e and
Fig. 2.4f, it is shown that for larger droplets the correction becomes more important
as it deviates more from 1. The smaller the spatial scale 𝐿∗, which corresponds to a
smaller spatial sampling volume, the more important the inertia correction becomes.

With a minimization of a cost function (Nelder-Mead Simplex, see e.g. Johnson
2017), where the modeled inertia correction 𝜁 is compared to an inertia correction
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𝐷 [mm] 𝛼 𝛽 RMSE of 𝜁
0.10 0.56 0.00 1.08e-03
0.50 2.21 0.00 9.22e-02
4.00 585.68 657.55 1.94e+00
all 273.57 263.77 8.11e-01

𝐷 [mm] 𝛼 𝛽 RMSE of 𝜁
0.10 -0.20 0.00 5.34e-04
0.50 0.14 0.00 1.45e-02
4.00 1.48 0.00 3.36e-01
all 2.59 2.64 1.21e-01

Table 2.2: Optimized tuning parameters ∗ and ∗ for the inertia-correction model for raindrops with
various equivolumetric diameters . Also, the root mean square error (RMSE) is calculated.

from the stochastic simulations, it is possible to estimate optimal tuning parameters
𝛼∗ and 𝛽∗, which are summarized in Tab. 2.2. The minimization is executed sepa-
rately for the 𝑥-direction and 𝑧-direction, and for different drop sizes. In addition,
the optimization of inertial parameters is done for all the drop sizes at the same
time. The root mean square error (RMSE) in 𝜁 increases for larger droplets, which
can be expected as large raindrops behave more as inertial particles. In Fig. 2.4
it is shown that the model is sufficiently adaptable for the different cases. Another
interesting result from the simulations is that especially for large raindrops (e.g. 4
mm) and a high radar resolution (𝐿 ≤ 10 m) the uncertainty for EDR estimation
due to the raindrop inertia effect becomes very large.

So in the end, a homogeneous isotropic turbulence was used to estimate the
tuning parameters for the proposed inertia-correction model. This was done by
calculating the additional velocity due to relaxation for raindrops of different sizes
that were moving in the simulated 3D turbulent wind field. Consequently, the
radar-measured variance of velocities was calculated with and without adding the
additional velocities due to relaxation. This resulted in a correction factor for each
individual simulation, which was used to estimate the tuning parameters and their
uncertainty. The tuning parameters were estimated for different raindrop sizes and
different directions, which showed that the model was sufficiently adaptable for
different raindrop size distributions (DSDs). The model may need to be further de-
veloped, such that the tuning parameters depend less on the raindrop size distribu-
tions. For EDR retrieval techniques, it is suggested to apply the tuning parameters
for the equivolumetric raindrop size that fits the best for a certain application. A
further interesting result from the simulations was that especially for large rain-
drops (e.g. 4 mm) and a high radar resolution (𝐿 ≤ 10 m) the uncertainty for EDR
estimation due to the raindrop inertia effect becomes very large.
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2.5. Conclusions
In this chapter, raindrop inertia parameters were estimated from the raindrop equa-
tions of motion. The equations of motion for a raindrop were solved analytically for
the ‘sudden jump case’, from which the inertial distance and the inertial time were
defined. It became clear that the inertia effect is anisotropic, i.e. has a different
behavior in the 𝑥/𝑦-direction and 𝑧-direction. These inertial parameters, based on
the ‘sudden jump’ case, take the forces that are acting on a droplet into account,
and are suitable to be used in radar-based turbulence intensity retrieval techniques
during rain.

For the application to radar-based turbulence intensity retrieval techniques, a
new inertia-correction model is proposed. This model is based on a correction
for turbulence scales, given the radar cell sampling space parameters, raindrop
inertial distance and model tuning parameters. The inertial correction factor reduces
the measured variance of velocities (𝜁 < 1), as heavy particles respond slowly to
the variance of air velocities over their trajectory. It was found that the inertial
correction factor can also be amplifying (𝜁 > 1), as an ensemble of raindrops is
able to sense air velocities in a larger space than the radar cell sampling space.
The tuning parameters in the inertia-correction model are necessary to connect
the raindrop inertial distance parameters (based on the ‘sudden jump’ case) with
the influence of raindrop inertia on the variance of velocities for an ensemble of
raindrops. Optimal tuning values have been estimated for different directions and
raindrop sizes from the simulations. For large radar total sampling scales (≫ 30 m),
the influence of inertia on retrieved turbulence intensity becomes negligible. For
radar total sampling scales comparable to or smaller than 30 m, the raindrop inertia
correction is suggested. For small radar total sampling scales (e.g. ≤ 10 m) and
large raindrops (e.g. 4 mm), the application of a turbulence retrieval technique is
limited, because the uncertainty in estimated EDR values due to raindrop inertia
becomes very large.

In the following chapters, two approaches to apply turbulence intensity retrieval
techniques to raindrop scatterers are taken, given the radar total sampling scale
dependency: 1) Using large radar total sampling scales, and thus avoiding the
influence of raindrop inertia, for the estimation of EDR and wind vectors without
applying the proposed novel inertia-correction model (chapters 3 and 4), and 2)
The estimation of the drop size distribution (DSD) and EDR, using a radar forward
model with the model for raindrop inertia correction included (chapter 5).





3
Velocity-based EDR
retrieval techniques

In this chapter, five velocity-based energy dissipation rate (EDR) retrieval
techniques are assessed. These techniques are applied without a correction
for the influence of raindrop inertia. This is the way how such techniques al-
ways have been applied to Doppler-radar and other velocity measurements.
The EDR retrieval techniques are applied to Doppler measurements from
TARA (Transportable Atmospheric Radar) - a precipitation profiling radar -
operating in the vertically fixed-pointing mode. A generalized formula for the
Kolmogorov constant is derived, which gives potential for the application of
the EDR retrieval techniques to any radar line of sight (LOS). Two case stud-
ies are discussed that contain long-lasting rain events. Consequently, from
a comparison of remote with in situ collocated EDR values for the case stud-
ies, it is derived which retrieval technique is the best for application to the
Doppler radar during rain. To see if the technique is also the best for many
other rainy cases in the Netherlands, a massive data analysis is applied to
further support the conclusions.

“Scientific progress is comparable to, and is also influenced by, the Dutch weather.”

Parts of this chapter may have been published in Oude Nijhuis et al. (2018a).
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3.1. Introduction
With a radar the Doppler spectral width, or the standard deviation of a series of
Doppler velocities, 𝜎 is measured, which can be modeled as a summation of inde-
pendent terms as:

𝜎 = 𝜎 + 𝜎 + 𝜎 + 𝜎 + 𝜁 𝜎 + 𝜎 , (3.1)

where 𝜎 is due to variety in hydrometeor fall speeds, 𝜎 is due to variety in hy-
drometeor orientations and vibrations, 𝜎 is due to antenna motion, 𝜎 is due to
shear, 𝜎 is due to turbulence, 𝜁 is a hydrometeor inertia correction, and 𝜎 is
an error due to model assumptions and/or measurement noise (Doviak and Zrnić
1993; Oude Nijhuis et al. 2016b). Under special circumstances, additional terms
can exist in Eq. 3.1, such as gravity waves (e.g. Nastrom 1997; Nastrom and Eaton
1997; Wilson 2004). The shear term can be retrieved from estimates of the wind
vector derivatives (Borque et al. 2016; Gossard 1990). Precipitating raindrops have
a non-negligible terminal fall velocity, because of their relatively large mass and vo-
lume. Therefore, a significant contribution in Eq. 3.1 due to variety in hydrometeor
fall velocities 𝜎 can be expected. In addition, the raindrop inertia effect, which can
be characterized as velocity differences due to relaxation, can enlarge or reduce the
measured variance of turbulence velocities via 𝜁 (chapter 2). The terms that are
related to the rain characteristics, 𝜎 and 𝜁 , can be estimated from radar observ-
ables via the raindrop size distribution (DSD) parameters. The rain DSD parameters
can be estimated from the radar reflectivity, and/or other radar observables (e.g.
Brandes et al. 2004; Marshall and Palmer 1948; Unal 2015).
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Figure 3.1: The schematic illustrates the assumptions and simplifications that are used in radar-based
turbulence intensity retrieval techniques.

The relative sizes of the terms in Eq. 3.1 determine how complex a radar-



3.1. Introduction

3

31

based turbulence intensity retrieval technique becomes. This is demonstrated in
a schematic in Fig. 3.1. In this schematic the turbulence intensity is qualified by
the relative magnitude of the turbulence term in comparison to the other terms in
Eq. 3.1. When the turbulence term is smaller than the error term (relative light
turbulence), the radar is not able to measure the turbulence intensity. To identify
when this is occurring, a minimal value for turbulence intensity that can be mea-
sured with the radar can be estimated. When the turbulence term is larger than the
error term, the turbulence intensity can be estimated but will rely on corrections for
the other terms.

The rain DSD and the total sampling scale of the measurements have an im-
portant role in the radar-based turbulence intensity estimation. The total sampling
scale 𝜆 is a measure of the scale at which the velocity measurements are taken
to calculate the standard deviation of velocities 𝜎 , and is used in the calculation of
EDR. When EDR is estimated from the radar Doppler spectral width, the total sam-
pling scale can be roughly estimated as 𝜆 = 𝑉 / , where 𝑉 is the total volumetric
area that is illuminated in a single radar cell. A more refined expression that takes
the power distribution pattern of the radar into account is given by White et al.
(1999). The turbulence contribution to the Doppler spectral width, 𝜎 (Eq. 3.1),
increases approximately with the total sampling scale 𝜆 as 𝜎 ∝ 𝜆 / in the inertial
range due to the Kolmogorov -5/3 power law (e.g. Eq. 3.5 in White et al. 1999).
It is not expected that the non-turbulent terms depend on the total sampling scale.
Therefore, one solution to reduce the bias in EDR due to inaccurate information on
the DSD is to enlarge the total sampling scale 𝜆 by using multiple radar cells for
the estimation of velocity variance due to turbulence.

In the case that 𝜎 is comparable to 𝜁 𝜎 (relative moderate turbulence), the
DSD parameters are necessary to estimate the turbulence intensity. In the case
that 𝜎 is negligible compared to 𝜁 𝜎 (relative strong turbulence), it depends on
the total sampling scale 𝜆 whether the influence of the DSD has to be take into
account. The exact value for ”a sufficiently large total sampling scale to neglect
the influence of measuring from raindrops” depends on the characteristics of the
rain, where in general it can be stated that larger raindrops have a larger impact
on the raindrop inertia term 𝜁 . The influence of raindrop inertia can be neglected
for radar-based turbulence intensity retrieval techniques for all raindrop DSDs when
the total sampling scale is larger than 30 m (chapter 2). Considering all effects of
measuring EDR during rain with a radar, the turbulence intensity may be too small
to measure, may need additional assumptions on the rain DSD, or can be derived
without taking into account the influence of raindrops.

In the radar-based estimation of EDR, it is assumed that turbulence is homo-
geneous and isotropic, and the measurements are in the inertial range, until it is
eventually dissipated to heat at the dissipation scale. An idealized energy spec-
trum is assumed, having an extensive inertial range: The energy production takes
places at the scale of weather systems, which is in the end via eddies dissipated
to heat. This means that the energy production scale is approximately 1-10 km,
depending on the meteorological conditions, and the energy dissipation occurs at
approximately the millimeter scale. In between the energy production scale and the
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dissipation scale, there is the inertial range where energy is converted to smaller
and smaller scales via eddies. A schematic that illustrates the transfer of energy in
the inertial range via eddies is presented in Fig. 3.2. As the dissipation takes place
at the millimeter scale (e.g. Piper and Lundquist 2004; Pope 2000), this scale is
irrelevant to weather radar measurements of turbulence intensity. For many EDR
retrieval techniques, the measurements are assumed to be in the inertial range of
the energy spectrum in Fig. 3.2. It should be stressed that this assumption of
measuring in the inertial range of the energy spectrum has to be validated, as the
turbulent kinetic energy spectrum shown in Fig. 3.2 is just a model.

Next to large-scale weather systems, there are many atmospheric phenomena
at smaller scales that produce energy, such as frontal systems, building-induced
turbulence or surface friction. At airports, aircraft wake turbulence can be relevant
(e.g. Frech 2007). For the cases where the measurements are not in the inertial
range, it can be expected that the estimated EDR values are biased. Such cases
should somehow be detected in an ideal EDR retrieval technique, and be accounted
for in a radar-based estimation of EDR.
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Figure 3.2: In this schematic the theoretical power density of the energy spectrum is plotted against the
wavenumber . The outer scale provides the energy that is eventually dissipated to heat in the viscous
range via eddies. In the middle, we find the inertial range, where energy is dissipated from larger to
smaller scales, having a -5/3 power law according to Kolmogorov’s hypothesis (Kolmogorov 1941).

A correction for the influence of measuring from raindrops in radar-based EDR
retrieval technique is challenging, and only useful for some specific scales given
the rain DSD. A solution on how to account for the influence of raindrop inertia in
radar-based turbulence intensity retrieval techniques is given in chapter 2, where an
inertia correction model is proposed using inertial parameters based on the equa-
tions of motion for a raindrop and tuning parameters estimated from turbulence
simulations.

To account for the inertia of scatterers, the DSD parameters have to be known,
which can be based on the radar observables. Such a correction for raindrop inertia
allows to resolve for a bias in EDR when it is not too dominant (𝜁 close to 1 in Eq.
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3.1). A large correction for raindrop inertia (𝜁 > 2) becomes ineffective, as the
uncertainty increases with the stochastic nature of turbulence (chapter 2). In this
chapter, we do not use a correction for the influence of raindrop inertia (𝜁 = 1)
as the focus is mainly on EDR retrieval techniques that have total sampling scales
larger than 30 m (chapter 2).

The goal of this chapter is to apply a set of five velocity-based EDR retrieval
techniques to radar-based estimated wind velocities during rain, and prove that the
radar is capable of measuring turbulence under rainy conditions. The novelty lies
in the active remote sensing of EDR during rain, which can be seen as an extension
to other works, which applied such techniques during clear, cloudy and/or drizzle
conditions (e.g. Borque et al. 2016; Bryant and Browning 1975; Fang et al. 2014;
Kollias and Albrecht 2000; Kollias et al. 2001; O’Connor et al. 2010; Röhner and
Träumner 2013; Shupe et al. 2012).

To achieve this goal, a few velocity-based EDR retrieval techniques are selected,
which can be applied to both in situ velocity measurements as well as remote radar
Doppler measurements. Consequently, EDR values are compared to qualify the per-
formance of these EDR retrieval techniques when applied to the radar during rainy
conditions. In this chapter, the emphasis is on the application of EDR retrieval
techniques with a total sampling scale larger than 30 m, for which it is expected
that the influence of raindrop inertia can be neglected. Energy spectra from col-
located sonic anemometers are analyzed to validate that the measurements are in
the inertial range. The EDR retrieval techniques are applied to measurements from
TARA (Heijnen et al. 2000), which is a precipitation profiling Doppler radar at the
Cabauw meteorological supersite (Ulden and Wieringa 1996). This site contains a
200 m tower, with sonic anemometers located at tower levers, which can be used
for in situ validation of EDR. Two illustrative cases have been selected, which both
contain a long and almost continuous rain event. One case study has relative high
EDR values during a storm, whereas the other case has relative low EDR values.

This chapter is organized as follows. In section 2, a set of five velocity-based EDR
retrieval techniques is described. In section 3, retrieved EDR values from the radar
are validated with an in situ comparison. This chapter ends with the conclusions.

3.2. Velocity-based EDR retrieval techniques
In this section, an overview is given of a few velocity-based energy dissipation rate
(EDR) retrieval techniques. When they are applied to the radar, a correction is
applied for the terminal fall velocities of raindrops, based on the estimation of DSD
parameters. The further specific details of the retrieval techniques are provided
after this section.

As a consequence of Kolmogorov’s similarity hypotheses, which are valid for ho-
mogeneous and isotropic turbulence, the turbulent energy spectrum 𝐸(𝜅) of three-
dimensional wind velocities in the inertial subrange is partitioned among the eddies
in a universal form (Kolmogorov 1941; Pope 2000; Sutton 1953):

𝐸(𝜅) = 𝐶𝜖 / 𝜅 / [m s ], (3.2)

where 𝜅 = 2𝜋/𝜆 [m ] is the wavenumber with length scale 𝜆 [m], 𝜅 is in the
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inertial range, 𝐶 = 1.5 is a Kolmogorov constant obtained from experiments (Pope
2000), and 𝜖 [m s ] is the EDR.

In addition to Eq. 3.2, there are similar expressions for the turbulent energy
spectrum of the wind components, which are relevant for velocity measurements in
the directions longitudinal or transverse to the main wind direction (e.g. Pope 2000).
For application of turbulence retrieval techniques to a Doppler radar, it is convenient
to be able to use any antenna looking direction, or alternatively speaking, any line
of sight (LOS). Therefore, the turbulent energy spectrum is formulated for any
arbitrary LOS 𝐸LOS:

𝐸LOS(𝜅) = 𝐶LOS𝜖 / 𝜅 / , (3.3)

where 𝐶LOS is the Kolmogorov constant for the LOS, given by:

𝐶LOS(𝜃, Δ ) = cos 𝜃 cos Δ 𝐶 + cos 𝜃 sin Δ 𝐶
+ sin 𝜃𝐶 , (3.4)

where 𝜃 is the radar antenna elevation angle, and Δ𝜙 is the angle between the LOS
and wind direction in the horizontal plane, given by:

Δ = 𝜙 − 𝜙 , (3.5)

where 𝜙 is the radar antenna azimuth, and 𝜙 is the angle of the horizontal wind
direction. The longitudinal Kolmogorov constant 𝐶 and the transverse Kolmogorov
constant 𝐶 are given by (e.g. Pope 2000):

𝐶 = 18
55𝐶 ≈ 0.49, (3.6)

𝐶 = 4
3𝐶 = 24

55𝐶 ≈ 0.65. (3.7)

For writing down the radar Kolmogorov constant, Eq. 3.4, isotropy is assumed,
which results in zero shear stress spectra (see §6.5.8 of Pope (2000) for more
details). Note that the formulation of Eq. 3.3 still satisfies the turbulent energy
spectrum for the longitudinal direction 𝐸 , as 𝐸LOS = 𝐸 for (𝜃 = 0, Δ = 0), and
for the transverse direction as 𝐸LOS = 𝐸 for (𝜃 = 0, Δ = 𝜋/2) or (𝜃 = 𝜋/2).

An alternative representation of the turbulent energy spectrum is the model
for the second-order structure function (SSF), which is defined for each spatial
separation 𝑟 as (Pope 2000):

𝐷 ,∗(𝑟) ≡ ⟨[𝑥(𝑟 + 𝑟) − 𝑥(𝑟 )] ⟩, (3.8)
= 4𝐶∗(𝜖𝑟) / [m s ], (3.9)

where 𝑥 is the 1D wind velocity component or the 3D wind speed, and 𝐶∗ is a
Kolmogorov constant, either 𝐶 or 𝐶LOS. The averaging is done over all possible
locations 𝑟 . Next to the second-order structure function model, there are models
for higher-order structure functions (Katul 1994; Pope 2000). In this work, the
higher order structure functions are not considered, as it can be expected that the
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EDR retrieval technique total
sam-
pling
scale

input variables

VWVV (Vertical Wind Velocity Variance) long Standard deviation of
vertical wind velocities
and the average 3D wind
speed

WSV (Wind Speed Variance) long Standard deviation of full
3D wind speeds and the
average 3D wind speed

STWSV (Short Time Wind Speed Vari-
ance)

short Standard deviation of full
3D wind speeds and the
average 3D wind speed

PS (Power Spectrum) long series of 3D wind speeds
SSF (Second=order Structure Function) long series of 3D wind speeds

Table 3.1: Overview of EDR retrieval techniques that are used in this work, their abbreviations, the scale
at which they are applied and the essential input variables. In this work a long time scale of 10 minutes
is used, and for a short time scale 5 seconds.

application of higher order statistics results in inaccurate EDR values, because the
higher order statistics have stricter requirements with respect to sampling errors.

The formulas for the turbulence energy spectrum, Eq. 3.2 and 3.3, and SSF,
Eq. 3.9, are relevant for the spatial domain. In order to apply them to a time series
of measurements, it is necessary to convert the energy spectrum and the structure
function into the time domain. Using the Taylor hypothesis of frozen turbulence, the
formulas are modified (Taylor 1938). For the conversion of the energy spectrum,
wavenumbers are replaced by angular frequencies 𝜒 = 2𝜋/𝑡 [s ] via the relation
𝜒 = 𝑈 𝜅, where 𝑈 [ms ] is the average 3D ambient wind speed, and the same
kinetic energy is maintained as:

𝐸∗(𝜒) = 𝐶∗𝜖 / 𝜒 / 𝑈 / [m s ]. (3.10)

For the structure functions, space lags 𝑟 are replaced by time lags 𝑡 via the relation
𝑟 = 𝑈 𝑡. The values for 𝜒 are obtained from the sampling time interval and the
total sampling time, with the assumption that the measurements are performed in
the inertial range.

In this work, EDR retrieval techniques are relying on a series of 3D wind speed/1D
wind velocity measurements, which can be obtained remotely via the Doppler effect
with a radar, or in situ with a sonic anemometer. An overview of these techniques
is given in Tab. 3.1, and the details are provided in the next subsections.

The set of EDR retrieval techniques includes a reference technique, the vertical
wind velocity variance (VWVV) technique, which is often used (e.g. Bouniol et al.
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2004; O’Connor et al. 2010; Shupe et al. 2012). It is desirable to apply this VWVV
technique to the radar, to be able to make a better comparison with other works,
and understand the limitations of this technique with regard to the radar instrument.
This technique can be modified into the wind speed variance (WSV) technique, by
using the variance of 3D wind speeds instead of the variance of vertical velocities.
It can be expected that EDR values estimated with the WSV and VWVV techniques
are unbiased for in situ measurements, and that they are approximately the same
under the assumption of isotropic turbulence, which was already assumed in the
Kolmogorov model to satisfy Eq. 3.2. However, for remote radar measurements
during rain, the resulting EDR values from the WSV technique could be much more
accurate than the VWVV technique, because the more dominant horizontal wind
velocity components are not prone to inaccurate terminal fall velocity corrections.

To address the turbulence scale dependency in this work, two total sampling
times are used: a long time scale of 10 minutes and a short time scale of 5 sec-
onds. The 10 minutes time scale is a typically used value (e.g. Siebert et al. 2006).
Changing only the time scale in the WSV technique leads to the short time wind
speed variance (STWSV) technique. When the sampling for these techniques (WSV
and STWSV) with different sampling scales occurs in the inertial range, it is ex-
pected that they result in unbiased and similar EDR values. A large difference in
EDR due to the applied total sampling time (short/long) can on the other hand thus
be seen as an indication that the assumption of measuring isotropic turbulence in
the inertial range is not satisfied.

In addition to the given techniques, we also consider a few other techniques,
that use the second-order structure function (SSF) or the power spectrum (PS) of
the wind speeds/velocities series. They are in particular interesting as they give an
alternative uncertainty estimate for the retrieved EDR value, based on differences
between a model function and measurements.

The set of EDR retrieval techniques that is given here has been implemented in a
Python module, which is publicly available at https://github.com/albertoudenijhuis/
edrlib. It contains all the necessary functions to apply the EDR retrievals. Docu-
mentation and worked examples are available that demonstrate the application of
the EDR retrieval techniques described in this work.

3.2.1. Terminal fall velocity correction
To obtain the vertical air velocity from radar Doppler measurements during rain, it is
necessary to correct for the terminal fall velocities of raindrops. First, assumptions
are made on the used rain DSD model and raindrop terminal fall velocity. Conse-
quently, the DSD parameters are estimated, and a correction for the radar mean
terminal fall velocity can be applied.

A common way to describe the rain DSD is by assuming a generalized gamma
distribution with three parameters 𝑁 , 𝜇 and Λ (e.g. Brandes et al. 2004):

𝑁(𝐷) = 𝑁 𝐷 exp (−Λ𝐷) , (3.11)

where 𝑁(𝐷) [mm m ] is the number of particles with an equivolumetric drop
diameter between 𝐷 and 𝐷 + 𝑑𝐷, 𝐷 [mm] is the drop equivolumetric diameter, 𝑁

https://github.com/albertoudenijhuis/edrlib
https://github.com/albertoudenijhuis/edrlib


3.2. Velocity-based EDR retrieval techniques

3

37

is an absolute factor determining the number of particles per unit volume, and Λ
[mm ] and 𝜇 [-] are distribution shape parameters.

The terminal fall velocity component along the radar beam is equal to (Atlas
et al. 1973):

𝑣 (𝐷) = 𝛼 − 𝛽 exp(−0.6𝐷) , 𝐷 ≥ 0.109, (3.12)

where 𝐷 [mm] is the equivolumetric drop diameter, and the parameters are given
by:

𝛼 = 9.65 sin𝜃 [m s ] , 𝛽 = 10.3 sin𝜃 [m s ], (3.13)

where 𝜃 is the radar antenna elevation angle.
The estimate for the radar mean terminal fall velocity 𝑣 is obtained by the

following integral:

𝑣 = ∫ 𝑣 (𝐷)𝑁(𝐷)𝜎(𝐷)𝑑𝐷/∫ 𝑁(𝐷)𝜎(𝐷)𝑑𝐷 , (3.14)

where 𝜎(𝐷) is the radar cross section (RCS). For the estimation of 𝑣 , the absolute
factor 𝑁 of the DSD is not required, and regarding the RCS only the dependency
with 𝐷 has to be known. For weather radars we can assume Rayleigh scattering,
and then the RCS is proportional to 𝐷 . The estimate for the radar mean Doppler
terminal fall velocity then simplifies to:

𝑣 = 𝛼 − 𝛽 [ Λ
Λ + 0.6] . (3.15)

The estimated vertical air velocity is then obtained by subtracting the estimated
radar mean fall velocity from the measured mean Doppler velocity.

The estimation of radar DSD parameters is a challenging task for which several
approaches can be taken. They can be based on a subset of radar observables,
such as radar reflectivity, differential reflectivity, specific differential phases (e.g.
Brandes et al. 2004), Doppler spectral analysis (e.g. Unal 2015), multi-frequency
techniques (e.g. Meagher and Haddad 2006), or an adaptive approach that uses
in situ DSD measurements for calibration (e.g. Takis et al. 2014). The radar mean
terminal Doppler velocity can be estimated for most of these radar-based estimated
DSDs, as long as the DSD is assumed to have a generalized gamma distribution.

For our case studies the DSD parameters are estimated with work from Marshall
and Palmer (1948), because the polarimetric approach is not effective as the radar
is vertically oriented, and there is a lack of additional in situ DSD measurements
for calibration or validation. Although this approach is not the state-of-the-art (with
regards to the aforementioned references), applying this first-order correction will
improve the results for the estimated vertical velocities.

3.2.2. Variance techniques (WSV, VWVV and STWSV)
Three EDR retrieval techniques that use the variance of wind as input are explained
here. To apply these techniques in the time domain, the Taylor hypothesis of frozen
turbulence (Taylor 1938) is used, which requires an average ambient wind speed
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𝑈 . The variance of the 3D wind speed sample series (or the variance of a wind
component velocity series due to turbulence) is equivalent to the integral of the
power spectrum, Eq. 3.10. For the time domain that is:

𝜎 = ∫ 𝐸(𝜒)𝑑𝜒 (3.16)

= 3
2𝐶∗𝜖

/ 𝑈 / [𝜒 / − 𝜒 / ] , (3.17)

where 𝜒 is the angular sampling frequency, and 𝜒 is the total angular sampling
frequency. The angular sampling frequency 𝜒 is related to the sampling time 𝑡
via 𝜒 = 2𝜋/𝑡 . And the total angular sampling frequency 𝜒 is in the same way
related to the total sampling time 𝑡 . Here 𝜎 is the 3D wind speed variance in the
case of the WSV or STWSV techniques, and 𝜎 is the 1D wind component vertical
velocity variance in the case of VWVV. The EDR can then be found by solving Eq.
3.17 for 𝜖:

𝜖 = (32𝐶∗ [𝜒
/ − 𝜒 / ])

/
𝑈 𝜎 . (3.18)
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Figure 3.3: Minimal retrievable EDR EDR as a function of the total sampling scale for different
uncertainties in the variance of a series of wind velocities [m s ]. A Kolmogorov constant of

. is used, and the assumption is made of 50 equidistant samples ( ).

A potential problem with the wind variance measurements is that due to noise
or errors the turbulence can be too small to measure, and an accurate retrieval
of EDR is impossible. This is in particular relevant for the radar, where there are
contributions to the wind variance measurements that can be comparable to or
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even larger in size than the turbulence contribution (see Eq. 3.1). Given the error
in the wind velocity standard deviation 𝜎 (see Eq. 3.1), a criterion for which EDR
values can not be accurately retrieved can then be formulated as:

𝜎 ≤ 2𝜎 . (3.19)

In combination with Eq. 3.17, this results in a lower limit EDR for retrievable
EDR , and is given by:

EDR = (32𝐶 ((
2𝜋
𝜆 )

/
− ( 2𝜋𝜆 )

/
))

/

(2𝜎 ) , (3.20)

where 𝐶 is a Kolmogorov constant, 𝜆 = 2𝜋/𝜅 is the spatial sampling scale and
𝜆 = 2𝜋/𝜅 is the total spatial sampling scale. The dependency of EDR with
the total spatial sampling scale 𝜆 is shown in Fig. 3.3. This figure demonstrates
that by using a larger total sampling scale 𝜆 the accuracy of EDR can be improved,
in particular for light turbulence values. The assumption for this is that the measure-
ments are in the inertial range (Eq. 3.2 applies), and that the other contributions
to the wind variance measurement in Eq. 3.1 have no or weak dependencies on
the total sampling scale.

In addition to the estimation of EDR , the uncertainty of retrieved EDR values
for the variance techniques can be estimated with error propagation (e.g. Taylor
1997). Error propagation assumes uncorrelated and Gaussian distributed errors.
As 𝜖 varies on several orders of magnitude, this variable is not suitable for error
propagation. The variable 𝜖 / is used here for the examination of the propagation
of errors. Note that typical values for 𝜖 and 𝜖 / are given in the introduction. For
the time domain we obtain:

( 𝜎𝜖 / ) = [ / (𝜕𝜖 / /𝜕𝜒 ) 𝜎 , ]

+ [ / (𝜕𝜖 / /𝜕𝜒 ) 𝜎 , ]

+ [ / (𝜕𝜖 / /𝜕𝑈 )𝜎 ]

+ [ / (𝜕𝜖 / /𝜕𝜎 ) 𝜎 , ] , (3.21)

= [ /
,

/
, ]

[ / / ]

+ ( ) + ( ) , (3.22)

≈ ( )
/
+ ( ) + ( ) , (3.23)

where 𝑁 is the number of samples, and 𝜎 , , 𝜎 , , 𝜎 , 𝜎 , are the uncertainties
of the variables in the subscript. The last approximation, Eq. 3.23, has been made
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by assuming that 𝜒 ≪ 𝜒 . Here we used the relation 𝜎 , /𝜎 = [2(𝑁 − 1)] /

(Taylor 1997), and that 𝜎 ≈ 𝜒 /𝜒 . The last relation is derived from uncertainty
propagation (e.g. Taylor 1997), , = , , and that 𝜎 , ≈ 𝑡 , where 𝜎 ,
is the uncertainty in sampling time. From this uncertainty analysis, we conclude
that sufficient samples are necessary for averaging (𝑁 > 50), the EDR estimation
uncertainty increases with the relative variation of the wind speed 𝜎 /𝑈 , and
the EDR estimation uncertainty increases with 𝜒 /𝜒 . For reference we give the
uncertainty propagation result for the space domain as well, for which the derivation
is similar:

( 𝜎𝜖 / ) ≈ 1
9 (

𝜅
𝜅 )

/
+ 1
2(𝑁 − 1) , (3.24)

where the assumption is made that 𝜅 ≪ 𝜅 . We note here that this estimated
uncertainty for EDR values should be treated carefully, and can be artificially low
when the measurements are not in the inertial range, or the turbulence intensity
fluctuates during the measurements (i.e. when the turbulence is not stationary).
The estimated uncertainty of this and other methods will be further discussed for
the measurements in the study cases.

3.2.3. Techniques based on time series of wind speeds (PS,
SSF)

In this subsection, retrieval techniques are discussed where the EDR is obtained
from the power spectrum (PS), or from the second-order structure function (SSF).
The assumption is that the measured velocity samples are in the inertial range of
the energy spectrum. These two techniques allow for the estimation of EDR in
sampling subdomains, and thus provide an alternative EDR uncertainty estimation.

For the power spectrum EDR retrieval technique (referred to as PS), first the
power spectrum is calculated for a series of 3D wind speeds. The power spectrum is
obtained via the Wiener-Khinchin theorem, where a discrete Fourier transformation
is applied to the autocorrelation of the given samples. For each discrete frequency
𝜒 the power 𝑃 is calculated. Consequently, the spectrum is divided into a certain
number of frequency intervals, and for each 𝑖-th interval [𝜒 , 𝜒 ] we can find the
standard deviation of wind speeds 𝜎 :

𝜎 =∑𝑃 . (3.25)

Given 𝜎 , 𝜒 , 𝜒 , Eq. 3.18 is used to calculate an EDR value for the 𝑖-th frequency
interval. The final estimate ̂𝜖 / comes from the average of 𝜖 / -values:

̂𝜖 / = 𝜖 / ± 𝜎 , (3.26)

where the uncertainty in EDR is estimated from the standard deviation of 𝜖 / -
values.
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To better comprehend the PS technique, we can look at the number of frequency
intervals. In the limit of 1 frequency interval, the PS retrieval technique is the same
as the WSV technique. This emphasizes the difference between the PS and WSV
techniques. The WSV technique gives most of the weight of the retrieved EDR to
the smallest frequencies (largest spatial/time scales), due to the -5/3 scaling with
frequency in the spectrum (see Eq. 3.10). On the contrary, the PS technique with
multiple frequency intervals gives extra weight to the larger frequencies (smaller
spatial/time scales). For the PS technique in this work, the spectrum is divided into
three equally-sized frequency intervals. With this choice, the PS technique deviates
from the WSV technique (just one interval), and at the same time unstable results
are avoided that can occur with insufficient sampling.

The second-order structure function EDR retrieval technique (referred to as SSF)
is applied in the time domain in this work. A time series of wind speeds with 𝑁
samples is used to calculate the structure function (Eq. 3.9 in combination with
𝑟 = 𝑈 𝑡) from time lags 𝑡 = 𝑡 until 𝑡 = 𝑁𝑡 /2 , where 𝑡 is the sampling time.
This is done in a such way that at least 𝑁/2 samples are used to calculate each
term (for non-periodic signals). Consequently, for each time lag 𝑡 an EDR value is
obtained with:

𝜖 = 1
𝑈 𝑡 [

𝐷 ,∗(𝑡)
4𝐶∗

]
/
. (3.27)

The final EDR value and its uncertainty are then calculated from the 𝜖 / -values for
each time lag 𝑡, via Eq. 3.26.

Advantages of these techniques, with respect to the variance techniques, are
that: (1) insight can be obtained from visual inspection of fitted functions with
regard to processed measurements; and (2) a model error can be estimated from
the fitted results. A disadvantage is that the processing becomes more complex,
and more retrieval settings have to be chosen, which can lead to unstable results.
With unstable it is meant that the result can depend on the chosen parameters,
such as the number of frequency intervals for the PS technique.

In this work 3D wind speeds are used as input for the PS and SSF techniques,
because the aim is to find techniques for the radar during rain, which are less
dependent on accurate DSD parameter estimation, and the 3D wind speeds are less
prone to terminal fall velocity corrections. Alternatively, wind velocity components
could be used.

Two cases are shown in Fig. 3.4 for sonic anemometer measurements. For the
PS technique, the discrete power 𝑃 [m s ] is plotted versus angular frequency
𝜒 [s ]. The model (Eq. 3.17) is plotted for the three frequency interval for which
EDR is estimated. In addition to that, the estimated uncertainty is plotted (Eq.
3.17) with dashed lines. For case A the uncertainty was rather large, and there was

no lower limit for the uncertainty ( ̂𝜖 / − 2𝜎 < 0). For case B the uncertainty was
much less, which indicates that the samples are more likely in the inertial range. For
the SSF technique, the estimated EDR for each time lag (Eq. 3.27) and the model
function (Eq. 3.9) are shown. Also, for the SSF the uncertainty of the estimated
EDR is plotted with dashed lines.
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Figure 3.4: Examples of the (a) - (b) PS and (c) - (d) SSF retrieval retrieval techniques for EDR, which
have a series of 3D wind speeds as input. In (a) - (b) the discrete power [m s ] is plotted as
a function of angular frequency [s ]. In (c) - (d) the second-order structure function [m s ]
(Eq. 3.9) is plotted as a function of lag time [s]. The black crosses/lines show the processed velocity
samples, and the red lines show the model functions. The dashed red lines show the 2 times STD
uncertainty of the model (model function evaluated at / ± ). Sonic anemometers are used for
the input for 3D wind speeds, which have a sampling time of . s, and a total sampling time of

s. Case A is for 900 UTC 10 April 2012, and case B is for 1200 UTC 10 April 2012.

3.3. Selected case studies
The validation of EDR retrieval techniques is done by a comparison of EDR values
from a Doppler radar during rain with EDR values from in situ measurements. In
this study two instruments are used, which are TARA - an S-band precipitation
profiling radar (Heijnen et al. 2000) - and sonic anemometers placed on levers at
several altitudes of a 200 m research tower in the Netherlands. These instruments
are located on a meteorological supersite, which is well equipped for atmospheric
boundary layer research (Casso-Torralba et al. 2008; Ulden and Wieringa 1996).
On this site the TARA radar and the research tower are closely located, and can be
used for the comparison and validation of the EDR retrieval techniques.

For the validation of EDR by comparison, two rain events are chosen on 10
April 2012 and 21 June 2012. The first case study has moderate turbulence levels,
whereas the latter case has some peak values for turbulence intensity (turbulence
intensity levels can be found in e.g. ICAO 2007a).

On 10 April 2012, a cold front passes Cabauw during the morning. The daily
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total rainfall is 4.1 mm, which is accumulated in approximately 9 hours. The wind
is coming mainly from the south south west.

On 21 June 2012 a cold front passes over the site in the evening. The daily total
rainfall is 14.1 mm, which is accumulated in approximately 3 hours. The wind is
coming mainly from the east south east. During the rain on this day, there was a
summer storm, for which lightning strikes were reported.

3.3.1. Sonic anemometers
For the estimation of in situ EDR values, the Gill R3 sonic anemometers are used,
which are mounted at levers at 5, 60, 100 and 180 m on the Cabauw research
tower. The instantaneous wind speed and direction are determined using the effect
of the wind influence on the propagation time of acoustic pulses transmitted in
opposite directions from two arms of the instrument. The raw data, including the
three orthogonal wind components and the sonic anemometer temperature, are
stored with a frequency of 10 Hz.

The wind component measurement accuracy is less than 0.02 m s , where
effects of tower mounting are not taken into account. The sonic anemometer mea-
surements can be disrupted by the presence of water droplets on the transducer.
To mitigate this effect, we filter out data with unrealistic wind changes that are
higher than 500 m s . Less than 1% is filtered by this procedure, and unrealistic
velocity spikes during rain events are filtered out. Whenever the horizontal wind
direction is in the range of 280-340 degrees, the data quality is flagged, because for
such cases the sonic anemometer is in the wake of the tower. For the calculation of
moving averages we require to have at least 50% of the samples available within
the total sampling time, and otherwise the data quality is flagged. Whenever the
data quality is flagged, it is not used for comparisons or in plots.

Fig. 3.5 shows measurements of the sonic anemometers wind speeds at dif-
ferent altitudes. We can see a typical vertical structure within these rain events
for the wind speed, as it increases with height. In Fig. 3.6 the vertical wind ve-
locity is shown for the sonic anemometer at 180 m altitude. A 10-minute-moving
average is used to calculate the vertical wind velocity, which is on average close to
zero and for the case studies never exceeds more than 2 m s in magnitude. The
10-minute-moving average for the vertical wind velocity is in particular useful for
the validation of the radar-based vertical-velocity correction for raindrops. Using
10 minutes for averaging also overcomes difficulties of comparing the results from
two instruments that are spatially separated. Figs. 3.5 and 3.6 demonstrate thus
that the sonic anemometers were capable to measure the vertical velocities during
these rain events, and can thus be used for in situ validation. This is not trivial,
because unrealistic spiked velocities had to be removed with the filtering strategy.

3.3.2. TARA radar
TARA is a polarimetric S-band (frequency 3.298 GHz, wavelength 9.1 cm, horizon-
tal/vertical polarizations, far-field region starting at ∼200 m range) FMCW radar that
was developed at the Delft University of Technology (Heijnen et al. 2000). Besides
the main beam with polarimetric measurement capabilities, TARA has two offset
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beams at vertical polarization pointing with an offset angle of 15 ∘ with respect to
the main beam in the radar-antenna-elevation-looking angle and the radar-antenna-
azimuth-looking angle directions. Its antennas are pointing with a fixed antenna
elevation (𝜎 = 0 in Eq. 3.1). In this work, the main beam has a radar antenna
elevation looking angle of 𝜃 = 75∘. The first offset beam has the same radar an-
tenna azimuth looking angle and an elevation looking angle of 𝜃 = 90∘, and the
second offset beam has a radar antenna azimuth looking angle offset of +15∘, with
a radar elevation looking angle of 𝜃 = 69∘. The radar transmits linear frequency
modulated sweeps, alternately at horizontal and vertical polarization for the main
beam, and linear frequency modulated sweeps at vertical polarization for the two
offset beams. The backscattered signal is received by a one-channel receiver, ei-
ther from the main beam (horizontal or vertical polarization) or by one of the two
offset beams.

The velocity estimation is based on analysis of the Doppler frequency shift,
caused by the displacement of hydrometeor particles and spatial irregularities of
atmospheric refractive index, which are related to variations in air temperature
and humidity. A Doppler polarimetric dealiasing technique, described in Unal and
Moisseev (2004), takes care of unfolding the Doppler velocities. By combining
the Doppler measurements from the three beams, the horizontal wind speed and
direction, and the vertical Doppler velocity can be estimated at high time and spatial
resolution (Unal et al. 2012). The dataset contains the time-height indicators of the
main beam reflectivity (dBZ), the estimated horizontal wind speed and direction and
the vertical Doppler velocity. The processed radar data have 2.5 s time resolution
and 30 m range resolution. The altitude range is between 200 m and 15 km. There
is no radar data available from TARA in the case of clear air and very calm conditions,
because the measurement technique relies on backscattering from atmospheric
inhomogeneities or particles. There is also no information when the LOS velocity
modulus is below ±0.2 m s , due to the Doppler filtering strategy in the non-
polarimetric offset beams.

In Fig. 3.7 the measured reflectivity factors and Doppler velocities for the main
beam from TARA are shown. We can see that there was strong precipitation on
21 June 2012, as there were high reflectivity factors. On 10 April 2012 the rain
intensities were moderate. For both cases, a melting layer can be recognized from
increased reflectivity factors at ∼1.7 km and∼3 km respectively. At these and higher
altitudes, the interaction between the ambient wind and the tracers becomes much
more complex due to the presence of non-liquid hydrometeors, and is outside the
scope of this study.

3.3.3. Comparison of remote with in situ measurements
In this work, only the first radar range cell of TARA is used for EDR estimation,
because only at this altitude there is an in situ comparison possible with a sonic
anemometer at 180 m altitude. The first range cell of TARA has a sampling space
that has its altitude between 173 and 202 m. Only the data with good quality is
used for data analysis and in the EDR retrieval techniques. The data is not used in
case of one of the following conditions:
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1. the sonic anemometer is possibly in the wake of the tower (explained in sub-
section 3.3.1);

2. the radar reflectivity factor is less than -20 dBZ for the main or offset beam;

3. the backscattering is inhomogeneous for the three beams (one beam reflec-
tivity is more than the average ± 3 dB);

4. less than 50% of the samples are usable for a given total sampling time.

In the presence of precipitation, the measured radar Doppler velocity represents
the reflectivity weighted LOS velocities of the scatterers. An estimate for the air
LOS velocity is then obtained by a correction for the radar mean Doppler terminal
fall velocity (details in section 3.2.1).

The resulting 3D wind speed retrieved from TARA for the first range cell is shown
in Fig. 3.5, and the vertical wind velocity is shown in Fig. 3.6. The figures show
qualitatively that the air wind speed is well captured by TARA, but the remotely
retrieved vertical wind velocity has biases of up to 3 m s . A bias in the radar-
based retrieved vertical velocities is by itself not problematic for the estimation of
EDR, which is based on the velocity fluctuations. However, if the bias in estimated
vertical velocity fluctuates with time, then the estimate for standard deviation of
vertical air velocities will be compromised. In Fig. 3.6, fluctuations in the estimated
vertical wind velocity of about 2 m s are shown for the study cases. Therefore, it
can be expected that the EDR values from the VWVV technique are less accurate.

The biases in vertical velocity have a complex origin that differs from case to
case, and could be explained by inaccurately estimated rain DSD parameters. To
our knowledge, there has been no validation of radar-based estimated vertical air
velocities during rain, which includes the estimation of DSD parameters. Note that
for the case studies, the used correction for terminal fall velocity was still useful, be-
cause without such a correction the biases could be as large as the largest terminal
fall speeds, which are up to about 10 m s .

3.3.4. Comparison of retrieved EDR values
One concern with the application of EDR retrieval techniques is whether the mea-
surements are in the inertial range. Or with other words, Eq. 3.2 applies to the
measurements. To analyze this, averaged power spectra are obtained from sonic
anemometer wind speed measurements at 180 m altitude for a few times points,
and are shown in Fig. 3.8. We note here that the radar is not useful for estimating
power spectra, because of the much longer sampling time and the radar data qual-
ity. Fig. 3.8 shows that for short time scales (smaller than approximately 10 s, or
approximately 𝜒 > 10 rad s ), the power spectra do not satisfy the −5/3 power
scaling for 0900 and 1200 UTC 10 April 2012. This can be associated with bound-
ary layer processes, such as energy transport, surface friction, and windshear (see
Fig. 3.5). The part of the power spectra of 3D wind speeds for time scales longer
than 10 s are in the inertial range. This proves that the velocity measurements
at the scale of 10 minutes are in the inertial range. As a result, the assumption
of measuring in the inertial range is demonstrated for the EDR retrieval techniques
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that are based on the energy estimate of velocities at the scale of 10 minutes in this
work (WSV, VWVV) . For the STWSV technique, the measurements will not always
be in the inertial range, for which biased EDR estimates can be expected. For the
techniques that process spectra of 3D wind speeds (PS, SSF), EDR values will be
biased if the measurements are not in the inertial range, but at the same time their
error estimate gives a measure of how well the measurements are in the inertial
range.

Estimated EDR values and uncertainties are shown in Fig. 3.9 for both the
TARA radar and the in situ measurements from the sonic anemometer. These EDR
estimations are for the same times as the estimated power spectra in Fig. 3.8.
For 1200 UTC 10 April 2012, consistency is found for the different EDR retrieval
techniques, which can be expected as the obtained spectra in Fig. 3.8 showed
that the inertial range was applicable for time scales from ∼10 until ∼10 s. For
the PS technique, rather large errors are found, which may be a consequence of
insufficient averaging of spectra. We further note that the estimated uncertainty
with error propagation (VWVV, WSV and STWSV in Fig. 3.9) are often on the low
side. This may be a consequence of that this estimated uncertainty does not include
a broader range of the energy spectrum, which the other uncertainty estimates
do (PS, SSF). In contrast to the PS technique, the error estimated with the SSF
technique does not suffer from insufficient samples or averaging, and thus seems
to be the best choice for uncertainty estimation from the discussed techniques.

In Figs. 3.10a and 3.10b, time series of EDR are shown for EDR retrieval tech-
niques applied to in situ measurements from the sonic anemometer at 180 m al-
titude. Both cases have values of EDR varying on a logarithmic scale from ap-
proximately 10 up to 10 m s . An agreement is found for the different EDR
retrieval techniques (WSV, VWVV, SSF), where the time variation of EDR is similar.
The EDR values do not differ much more than one order of magnitude.

Time series for the remote retrieval of EDR values during rain from the TARA
instrument are shown in Fig. 3.10c and 3.10d. The differences in EDR values from
the remote radar measurements during rain from different techniques are now,
in contrast to the in situ measurements, larger and up to 2 orders of magnitude.
The time variation of the SSF technique is very similar to the WSV technique in
Fig. 3.10c, which is based on the same measurements of 3D wind speeds. In Fig.
3.10d the SSF could not be applied, because the radar measurements contained
incomplete time series, due to insufficient quality (see quality conditions in section
3.3.3), which makes this technique less versatile in its application. The times series
from the PS and STWSV techniques are not shown in Fig. 3.10, because of its large
biases and uncertainties (see Fig. 3.9).

In Fig. 3.11 scatter density plots are shown for the VWVV and WSV techniques
to assess these techniques quantitatively. A good correlation of 0.79 was found for
the comparison of in situ versus remote EDR values for the WSV technique during
rain. The retrieved values from the radar are, however, biased towards higher EDR
values: the sonic values are predominantly between 10 and 10 m s , and
the radar values are predominantly between 10 . and 10 . m s . In addition
to this bias, the radar did not measure EDR values lower than 10 . m s for the
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WSV technique. The VWVV comparison of in situ versus remote EDR values during
rain is not very impressive, which is most likely due to non-reliable raindrop terminal
fall velocity corrections. Therefore, the WSV is recommended for applications, but
caution is necessary because very low EDR values can not be estimated, and a small
bias towards higher EDR values should be expected.
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Figure 3.5: 10-minute-moving average of wind speed on (a) 10 April 2012, and (b) 21 June 2012 for
the sonic anemometers at different altitudes and the first range cell of TARA where the radar resolution
volume spans from 173 to 202 m altitude.
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Figure 3.6: 10-minute-moving average of vertical wind velocity measured with a sonic anemometer at
180 m altitude and with TARA for the first range cell on (a) 10 April 2012 and (b) 21 June 2012. For
TARA a correction has been applied for the raindrop terminal fall velocity (Eq. 3.15).
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Figure 3.7: Radar measurements from TARA: (a) - (b) reflectivity factors and (c) - (d) Doppler velocities
for the main beam (antenna elevation angle of 75 ∘) on 10 April 2012 (left) and 21 June 2012 (right).
Note that the measurement of the upper part of the precipitating cloud is missing before 19:00 in (b)
and (d), because of the automatic decrease of the transmit power to avoid receiver saturation.
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Figure 3.8: Averaged power spectrum of wind speed from the sonic anemometer. The discrete power
[m s ] is plotted as a function of angular frequency [s ]. The averaging has been applied over

1000 spectra to reduce noise. The total sampling time was one hour (±3 minutes with respect to the
time in the legend).
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Figure 3.9: Estimated EDR values and uncertainties for TARA and the sonic anemometer on: (a) 0900
UTC 10 April 2012, (b) 1200 UTC 10 April 2012, and (c) 1851 UTC 21 June 2012. The box indicates the
standard deviation (STD) uncertainty and the outer edges 2 times the STD. For TARA the SSF could not
be applied on 1851, because of insufficient samples.
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Figure 3.10: Retrieved EDR values from the sonic anemometer and the TARA radar for 10 April 2012
(left) and 21 June 2012 (right). In the top results from a set of EDR retrieval techniques are shown,
which were obtained from the sonic anemometer at 180 m altitude. In the bottom, results from a set
of EDR retrieval techniques applied to TARA are shown. For comparison, the WSV technique is always
shown for both instruments.
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Figure 3.11: Scatter density plot of EDR values obtained with (a) VWVV and (b) WSV retrieval techniques
for the two case studies. Relative occurrence is plotted in each pixel for the radar (y-axis) against the in
situ sonic measurements (x-axis). On top of the axis the relative distribution is plotted and the correlation
coefficient is printed.
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3.4. Massive data analysis
In the previous section, the analysis of EDR retrieval techniques was limited to
just two study cases. A potential problem with the derived conclusions for the two
study cases is that they may be only valid for the same specific weather conditions.
Therefore, the performance of the EDR retrieval techniques is tested in this section
with an extensive analysis of 140 days of radar data. The main advantage of such
an extensive data analysis is that the estimation of statistics, such as correlation
coefficients and distributions, is improved significantly, and the statistics are more
representative for all rainy weather conditions in the Netherlands, instead of being
representative for just the two study cases.

In this work, a massive data analysis tool has been developed and applied to
overcome the difficulties when dealing with large amounts of data. When a dataset
becomes very large, ordinary statistical data analysis tools become either unfea-
sible or impractical. Such datasets are qualified as massive datasets (Hoerl et al.
2014; Kettenring 2009). The addition of summary statistics is an exact solution
to problems with the calculation of statistics for massive datasets. The addition of
summary statistics is implemented in a tool that is called “comparison of everything
with everything” (CEWE), which is another massive data analysis tool in the form of
a Python module (Oude Nijhuis 2016). Some other handy features of this massive
data analysis tool are that: (1) it can handle circular variables and (2) it produces
self-descriptive hierarchical data 5 (HDF5) format files, containing statistics that can
easily be recombined.

The CEWE tool is applied to TARA (Heijnen et al. 2000) data, which is located at
the Cabauw meteorological supersite (Ulden and Wieringa 1996). In total 140 days
are processed, covering a time period from 1 January until 13 August 2012, which
all have the 75 ∘ main beam elevation configuration. Statistics were calculated
for about 80 atmospheric parameters, including EDR values from different retrieval
techniques and more regular atmospheric variables from the research site, such as
temperature and relative humidity. The total dataset for which the statistics are
calculated have a size with an order of magnitude of 100s of gigabyte. Some of the
results from this CEWE are presented here, and are also made available in an on-
line tool called TARA CEWE, http://taracewe.ewi.tudelft.nl, and can be
used as an exploratory research tool to study dependencies between atmospheric
variables. In this section, the focus is on the validation results of EDR retrieval
techniques, which come from this massive data analysis effort.

The goal of the massive data analysis was to further validate the EDR retrieval
techniques. One of the results of the TARA CEWE tool are one-to-one scatter density
plots, which can be used for the comparison of remote with in situ measurements
of wind and EDR. Here we start with a comparison of wind, which is a relatively
simple atmospheric variable in comparison to EDR.

The one-to-one scatter density plots of 10 minute averaged 3D wind speed
and wind direction are shown in Fig. 3.12. The correlation coefficients for the
comparison of remote versus in situ values for wind speed and wind direction are
very good, with deviations that are less than 5% from perfect (perfect one-to-one
correlation values are 𝑟 = 1 and 𝑟 = 1.41.). Therefore, the comparison of

http://taracewe.ewi.tudelft.nl
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Figure 3.12: Scatter density plot of (a) wind speed and (b) wind direction for 140 days in 2012. Relative
occurrence is plotted in each pixel for the radar (y-axis) against the in situ sonic measurements (x-axis).
On top of the axis the relative distribution is plotted, the correlation coefficient is printed and/or a
measure of circular to circular variable dependence (Mardia and Jupp 1999) is printed.

the remote measurements from TARA versus in situ measurements from the sonic
anemometer placed at the tower at 180 m altitude went very well. This gives
confidence that this comparison via a massive data analysis tool called CEWE can
also be used for the validation of more complex atmospheric variables, such as EDR.

The comparison of remote against in situ EDR values is now repeated for 140
days in 2012. Previously, this comparison was done for just two case studies (Fig.
3.11). In Fig. 3.13 the result for the massive data analysis is shown. For the VWVV
EDR retrieval technique almost no correlation is found (𝑟 = 0.20), which is similar
to what was found for the two case studies (𝑟 = −0.20). For the WSV technique
a good correlation is found (again) for the massive comparison (𝑟 = 0.58), but
the correlation is lower than for the two case studies (𝑟 = 0.79).

The conclusions that were obtained for the two case studies are also thus valid
for the larger dataset. The VWVV technique is not very promising, likely due to
inaccurate raindrop-DSD-based terminal fall velocity corrections. The best agree-
ment of TARA with the in situ EDR values is found for the WSV technique with a
good correlation (𝑟 = 0.58). A problem with the radar is that the EDR values are
overestimated with about one order of magnitude. For future applications, such a
bias can be removed by calibration that is based on (massive) data analysis or radar
simulations. Further research would be required to estimate calibration factors for
every remote instrument.

The in situ distributions of EDR values are interesting to study to get a better
picture of biases, and potential problems with the retrieval techniques. For a small
dataset, estimated distributions of EDR are typically spiky and only limited to a
small range of EDR values. The two case studies are exemplary for this, where
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Figure 3.13: Scatter density plot of EDR values obtained with (a) VWVV and (b) WSV retrieval techniques
for 140 days in 2012. Relative occurrence is plotted in each pixel for the radar (y-axis) against the in situ
sonic measurements (x-axis). On top of the axis the relative distribution is plotted and the correlation
coefficient is printed.

EDR values were mostly between 10 and 10 , and the distributions are not so
smooth (see Fig. 3.11). The advantage of using more data is that the estimated
distributions of EDR values become wider and more continuous. For 140 days in
2012, in situ EDR values varied between 10 and 10 . Hence, the estimated
distributions of EDR with the massive data effort will provide a much better picture
regarding biases and potential problems with the EDR retrieval techniques.

The distributions of EDR values for all retrieval techniques with this massive
data analysis are shown in Fig. 3.14. The distributions of in situ EDR values from
the sonic anemometer are consistent for techniques that use the variance of 3D
velocities (WSV), variance of vertical wind velocities (VWVV), or the second-order
structure function (SSF). Here we take the distributions of these techniques as
reference for comparison to other techniques. The power spectrum (PS) technique
is biased with EDR values that are one order of magnitude higher, which can be
associated with large errors that this technique has (See Fig. 3.9). All the in situ
techniques are applied with a total sampling time of 10 minutes, except for the
STWSV technique where the total sampling time is 5 seconds. The STWSV is biased
with about one order of magnitude higher EDR values, which is due to the applied
smaller total sampling time. The fact that the STWSV EDR values are biased with
respect to the WSV values is an indication that the measurements are not in the
inertial subrange. It suggests that the Kolmogorov -5/3 power law (Eq. 3.10)
does not apply often to the short time scale of 5 seconds for the measurements in
the boundary layer. This was also illustrated for some cases with averaged power
spectra of in situ 3D wind speeds (Fig. 3.8).

If the Kolmogorov model is not always applicable, the concept of EDR has to be
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Figure 3.14: Distributions of EDR values for a set of retrieval techniques for (a) in situ from sonic
anemometers and (b) remote measurements from TARA. Abbreviations of the EDR retrieval techniques
can be found in Table 3.1.

applied cautiously. For example, this can be done by providing large uncertainties
of EDR values when necessary, or by providing the length/time scales for which
the estimated EDR value is relevant based on averaged power spectra from in situ
measurements.

The next step is to look at the distributions of EDR retrieved with the radar, and
the possibilities to explain them with what we learned so far from the two case
studies. The distribution of EDR values retrieved with remote data from TARA are
shown in Fig 3.14b. As for the in situ comparison of EDR value distributions, there
is a set of consistent EDR retrieval techniques (WSV, SSF) and the PS technique
is biased with too high values due to the large errors (again see Fig. 3.9). The
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technique based on the variance of vertical velocities (VWVV) is biased with respect
to the other techniques, which is due to inaccurate estimation of vertical velocities
that were based on the rain DSD. From the retrieved distributions with TARA, it is
apparent that values below 10 m s are almost never retrieved. This seems to
be consistent with the fact there is a minimal retrievable EDR (Fig. 3.3).
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Figure 3.15: Averaged daily pattern for one month, April 2012. Scatter density plots of EDR values
versus time are plotted for (a) in situ WSV EDR, and (b) TARA WSV EDR.

With measurements that do no rely on the presence of raindrops, trust can be
gained in the results by looking at the daily time evolution of EDR. For the two
study cases in 2012, this was not possible because the radar data did not contain
sufficiently long rain events. When radar data is abundant, a trick can be applied
to get an idea of the daily pattern retrieved from raindrops, without having a single
day where it rains the full day. The trick is to average the time pattern for one
month of data. The result is shown in Fig. 3.15, which gives an impression of the
evolution of EDR during a typical day. In Fig. 3.15a we see a typical day for the in
situ measurements of EDR values: often low EDR values during the night and high
EDR values during the day. In Fig. 3.15b we can see a similar pattern for the radar,
but it is more vague. An obvious reason to explain this, is that the radar is limited
in estimating low EDR values.

With the massive data analysis that was performed, it was found the WSV is
the best EDR retrieval technique to be used with TARA during rain, based on a
good correlation coefficient with in situ measurements from EDR. This confirms the
conclusion from the two case studies, and demonstrates that this technique can
be applied to all rainy cases in the Netherlands. By looking at distributions for a
large dataset, it becomes clear which EDR retrieval techniques are consistent and
which ones are problematic. A bias in retrieved EDR values can be corrected for
and should, in principle, not be a problem. With further applications, care has to be
taken when EDR values are estimated, because the measurements are not always
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in the inertial range, and the radar is not capable of estimating very low EDR values,
which is consistent with the results from Eq. 3.20 and Fig. 3.3.
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3.5. Conclusions
In this chapter, the goal was to find the best EDR retrieval technique - from five
typically applied EDR retrieval techniques - for the Doppler radar that is capable
to measure EDR under rainy conditions. A correction for the raindrop terminal
fall speed was applied. The best retrieval technique was determined by comparing
retrieved EDR values based on estimated wind velocities from the TARA radar during
rain and collocated EDR values from a sonic anemometer on a tower lever at 180 m
altitude.

One concern with the retrieval of EDR values is whether the measurements are
in the inertial subrange. To verify this, power spectra of 3D wind speeds from a
sonic anemometer at 180 m altitude were analyzed, and with them it was demon-
strated that there was always an inertial range of time scales between 10 and
10 s. For shorter time scales, boundary layer processes such as energy trans-
port, surface friction or strong windshear, can lead to anisotropic turbulence, and
thus implicate that the measurements are outside the inertial range. Therefore,
the EDR retrieval techniques that use a time scale of 10 minutes in this work were
applied in the inertial range. These techniques are: the wind speed variance (WSV)
and the vertical wind velocity variance (VWVV) EDR retrieval techniques. For tech-
niques that were applied at a shorter time scale or take a spectrum of times scales
into account in this work EDR values could be biased, because they may be ap-
plied outside the inertial range. These techniques are: the power spectrum (PS),
the second-order structure function (SSF) and the short time wind speed variance
(STWSV) EDR retrieval techniques. The estimated uncertainty from the processing
of 3D wind speed spectra (SSF, PS) can be useful for these cases, as it quantifies
how well the measurements are in the inertial range.

Two rain events on 10 April 2012 and on 21 June 2012 were used to demonstrate
and assess the EDR retrieval techniques. For these case studies, an agreement was
found for EDR retrieval techniques (WSV, VWVV, SSF), when they were applied to
the sonic anemometer. Other techniques were biased, likely due to large errors
(PS), or the application to a short time scale (STWSV). When the EDR retrieval
techniques are applied to Doppler velocity measurements from the radar during
rain, more diversity appears in the retrieved results. A good correlation was found
between remote EDR values and in situ EDR values for the WSV EDR retrieval
technique, and is considered the best. The VWVV EDR retrieval technique, which
is often applied to lidar and sonic anemometer measurements, is less effective for
the radar during rain, because the radar-based estimated vertical velocities were
not sufficiently accurate. Although the technique based on the SSF can be useful,
in particular for a reliable uncertainty estimation that is based on a broad range
of time scales, its application to Doppler radar measurements is limited because of
incomplete time series due to noncontinuous beam filling.

With a massive data analysis it was possible to show that the conclusions for the
two case studies are also valid for 140 days in 2012, and are thus representative for
rainy weather in the Netherlands. A more detailed analysis was given with the large
data analysis, by estimating distributions of retrieved EDR values and showing the
EDR time evolution with daily averaged EDR patterns. The massive data analysis
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revealed that there are biases in the EDR values that were estimated with the TARA
radar, and also that this radar is limited in estimating very low EDR values.

For further applications to other Doppler radars during rain, it is recommended
that the concept of EDR is applied cautiously. A minimal retrievable EDR should
be estimated for the used instrument, and for each EDR value uncertainties should
be provided. In addition, it is suggested to always provide the sampling and total
sampling scales that were used in the EDR retrieval technique. Also, the estimation
of energy spectra of 3D wind speeds is advised, which can be used to validate if
the measurements were taken in the inertial range. With regard to the radar-based
drop size distribution (DSD) estimation, not only the DSD parameters should be
verified, but also the associated vertical velocities. Further, it is expected that these
retrieval techniques can also be applied - with some modifications - to radar-based
EDR retrievals during snow and hail. In all of the future studies, long-term and
consistent observations of EDR are recommended, which leads to testing of the
algorithms under sufficiently various weather conditions.



4
Model-based estimation of

wind vector fields
This chapter starts with an assessment of the influence of raindrop inertia on
radar-based retrieved wind vectors. Consequently, two wind vector retrieval
techniques are described, which are the “linear wind model” and the “four-
dimensional variational analysis (4D-Var)” techniques. The retrieved wind
vectors from the linear wind model technique, which is commonly used, are
used as a reference in this work. The proposed 4D-Var wind vector retrieval
technique, where optimal estimation is used, has some advanced processing
features. In a case study, the techniques are applied to one scan of IDRA
radar measurements. By selecting extreme algorithm settings in 4D-Var, the
solution space of wind fields can be shown that is associated with the mea-
surements from a single Doppler scanning radar. In addition to these two
techniques, a trial is made to retrieve wind vectors from the advection of the
radar reflectivity pattern. The quality of the retrieved wind vectors from the
different retrieval techniques are assessed by making a comparison of mea-
sures for curl and divergence as a function of range, and by a comparison of
the standard deviation of residuals as a function of time.

“The invention of the light bulb has had more influence on the life of people
than any philosophical work.” - Steve Jobs.

Parts of this chapter have been published in Oude Nijhuis et al. (2014a).
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4.1. Introduction
With a lidar or radar, the line-of-sight velocity, 𝑣 , is measured using the Doppler-
induced frequency shift on the backscattered signal, and is expressed by (e.g.
Doviak and Zrnić 1993):

𝑣 = 𝑢 cos 𝛾 sin𝛼 + 𝑣 cos 𝛾 cos𝛼 + 𝑤 sin 𝛾 , (4.1)

where 𝛾 is the elevation angle, 𝛼 is the radar antenna azimuth looking angle,
and (𝑢, 𝑣, 𝑤) are the wind-components in an ENU Cartesian coordinate system (see
Appendix A). Consequently, wind vectors can be reconstructed by model-based
parameter estimation.

For the lidar, the Volume Velocity Processing (VVP) method is often used to ob-
tain wind vectors (e.g. Kongara et al. 2012; Krishnamurthy et al. 2013). With the
VVP method, a linear wind model is used for each analysis volume (e.g. Doviak
and Zrnić 1993). The accuracy of the retrieved wind vectors depends on the num-
ber of measurement samples within an analysis volume, and the set of the fitted
parameters. More samples will give a higher accuracy to averaged wind speeds.
On the other hand, too much fitting parameters with insufficient samples can lead
to unstable results. When these parameters are properly chosen, good validation
results can be found, e.g. an accuracy of 0.06 m s at 1.6 km range (Wagner and
Courtney 2014).

For the radar, Eq. 4.1 also applies, but more challenges in the wind vector
retrieval technique arise, due to the radar measurement principles. In comparison
to a lidar, we can - generally speaking - state that the weather radar has a much
wider beam and a larger range resolution, which is due to the nature of the used
radar frequencies and the radar operating principles. Further, the scatterers for a
weather radar are much larger than for a lidar. For the weather radar the scatterers
are typically raindrops, snow/hail or insects, and for the lidar they are typically
aerosols (small dust particles). All these mentioned features of a weather radar
measurement have to be taken into account to obtain the most accurate result to
retrieve a physical parameter. This includes the radar projection, the radar beam
pattern, the pulse shape, range folding and the radar signal processing (see e.g.
Fabry 2010).

One solution to enhance wind vector retrievals is by using multiple Doppler
radars (e.g. Friedrich and Hagen 2004; Gao et al. 2001; Satoh and Wurman 2003).
Also, often the mass continuity equation is used as a constraint in a fitting routine
to obtain wind vectors (e.g. Bousquet and Chong 1998; Chong and Cosma 2000;
Chong et al. 2000; Gao et al. 2004, 1999, 2001). This is only relevant when 3D
wind vectors can be obtained, for example, with a single radar that scans both in
the azimuthal and elevational directions, or by combining observations from mul-
tiple instruments. The adjustment of wind vectors to the continuity equation is
sometimes seen as somewhat arbitrary, and is thus questioned in the literature
(e.g. Chong and Testud 1983; Gao et al. 1999). On the scale of weather systems
the mass continuity constraint is true, but on smaller scales, variations of air density
can be very significant. In this work, the mass continuity constraint is not used.
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Problems with wind vector retrieval techniques can exist when they are applied
to the radar during rain, because: (1) rain/cloud drops are not perfect tracers of the
air motion, and (2) data gaps exist in the scanning area. These two problems are
addressed in this chapter, by analysis of the raindrop inertia effect on radar-based
wind vector retrievals during rain, and by the development of advanced wind vector
retrieval techniques. These wind vector retrieval techniques are tested on a single
scanning Doppler radar, with no variation in the radar-antenna elevation looking
angle for the retrieval of horizontal wind vector components. This is challenging,
because the mass continuity equation can thus not be applied, and the wind vectors
can not be retrieved by combining measurements from different looking directions.

In this chapter, it is investigated how to use Doppler measurements from a
scanning radar to obtain a reliable and useful local wind field estimate at the scale
of an airport. First, it is investigated what the influence of raindrop inertia is on
radar-based wind vector retrievals during rain. Next, the linear wind model retrieval
technique is applied to IDRA (Figueras i Ventura 2009; Otto and Russchenberg
2010) radar measurements. In order to compensate for the shortages of the linear
wind model, the 4D-Var wind retrieval is introduced and is applied to the same IDRA
radar measurements. With 4D-Var, the ambiguity of the wind vector fields that is
associated with the measurements from a single scanning Doppler radar is shown.
After that, an effort is made to validate the radar-based retrieved wind vectors. In
the end, the conclusions are drawn.



4

66 4. Model-based estimation of wind vector fields

4.2. Assessment of the influence of raindrop in-
ertia on radar-based retrieved wind vectors

One might ask the question under what circumstances the influence of raindrop
inertia is important for radar-based wind vector retrievals. In the case of a uniform
wind field, raindrops will fall with the air velocity plus their terminal fall velocities,
until they reach the surface. If the raindrop size distribution (DSD) is known, it
is possible to correct for the terminal fall speeds of the raindrops, and obtain the
air velocity in the radar line of sight. In the case of a non-uniform wind field, it
becomes more complex. Two examples of these non-uniform wind fields are wind
shear and a boundary-layer wind structure, for which the influence of raindrop
inertia is simulated in this section.

In the simulations, raindrops with different sizes are used, and the difference
in horizontal wind velocity of the raindrop with regarding to its surroundings is cal-
culated for two theoretical case studies. This difference in horizontal wind velocity
can be expected as the mass of the raindrop needs some time - while it is falling
- to respond to changes in the surrounding motion. The most simple case study is
vertical shear (change of the wind speed with altitude). A slightly more complex
case study is an Ekman layer, which is a common boundary layer profile (e.g. Holton
2001), where both wind speed and wind direction are changing with altitude. In
the theoretical case study simulations, the raindrop velocity is obtained by implicit
integration of the relaxation velocity over a backward trajectory (details in §2.4).

The simulation results are presented in Fig. 4.1. In the case of an Ekman layer
(e.g. Holton 2001) and raindrops of 4 mm, the raindrop inertia leads to a deviation
between air and raindrop velocities of about 1.5 m s . The deviations between
air and raindrop velocities due to shear can be as much as 5 m s . Note that
such large deviations are only present for large raindrops and very strong shear in
the simulation, which are raindrops of 4 mm (or larger) and changes of 10 m s
over 25 m in altitude (or more). For smaller droplets, it is demonstrated with these
simulations that the influence of raindrop inertia is negligible on the scale of about
10 m or larger.

From these simulations, it is concluded that for most cases, the raindrop inertia
effect for radar-based wind vector retrieval techniques is not important. Only for
special conditions, such as very strong shear in combination with the presence
of large raindrops, a substantial bias can be expected and should be corrected
for. In this work, we are not considering study cases with such special conditions.
Therefore, in this work no additional effort is made to correct for the influence of
the raindrop inertia in wind vector retrieval techniques. It is part of future research
how to account for the raindrop inertia effect, which is expected to be only relevant
for special case studies.

One approach to account for the influence of raindrop inertia in wind vector
retrieval techniques is to calculate the relaxation velocity term with a backward tra-
jectory in an optimal estimation technique. The consequence of doing this is that
the wind vector retrieval technique becomes much slower, because of the multi-
plicity of the extra calculations: For each raindrop size in a certain DSD, for each
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Figure 4.1: Simulation of the influence of raindrop inertia on vertical wind profiles. The horizontal wind
speed and horizontal wind direction is calculated of raindrops for different equivolumetric raindrop sizes
for: (a) vertical wind shear with some variation, and (b) - (c) a typical boundary layer profile (an Ekman
layer).

measurement point in space, and for all backward trajectory points calculations have
to be done, making such an approach a large and thus unattractive computational
effort. This could be a good approach for some case studies where processing time
is not an issue, but for general application an efficient approach is more desirable.
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4.3. Wind vector retrieval techniques
In this section, two wind vector retrieval techniques are described that will be later
applied to a scanning Doppler weather radar during rain for further analysis. First
the linear wind model is described, which is a commonly used approach and taken
as a reference in this work. And then the 4D-Var wind vector retrieval technique is
explained, which is a novel approach that is based on optimal estimation.

The concept to obtain wind vectors from line-of-sight (LOS) velocities, or some-
times called radial velocities, which are obtained with a radar (or lidar) from backscat-
tering targets via the Doppler effect, is to derive the wind velocity components by
combining measurements from different antenna looking angles. The difficulties
for when they are applied to radar measurements are that wind fields can be inho-
mogeneous and that the radar measurements typically contain data gaps. Let us
look a little bit more into these difficulties.

For a homogeneous horizontal wind field, a harmonic series of LOS velocities
is produced as a function of the antenna azimuth looking angle. In that case, the
wind vector retrieval technique becomes relatively simple. The wind vector can be
obtained with analytical formulas and by combining a few measurements from dif-
ferent looking angles, or alternatively by a least squares fit of radial velocities (e.g.
Brown and Wood 2007; Doviak and Zrnić 1993). In reality, wind fields are rarely
uniform over the large volumes surveyed by radars. For non-homogeneous wind
fields, the difficulty is thus to obtain a wind vector field, including all its fluctua-
tions, from remote LOS velocity measurements, and a more advanced wind vector
retrieval technique is desired.

For the weather radar that is relying on tracers - e.g. raindrops, hail, snow, or
insects - an additional challenge (with regards to a Doppler lidar) is the existence of
data gaps due to inhomogeneous filling of the air with the weather radar scatterers
(e.g. rain cells). It can be expected that the retrieved wind vectors will be biased
when there are data gaps, and the question is then how to quantify which retrieval
technique is performing the best. This question will be answered later with the
study cases.

4.3.1. Linear wind model
In the linear wind model, the wind vector �⃗� = (𝑢, 𝑣, 𝑤) , at radial distance 𝑟, ele-
vation angle 𝛾 and azimuth angle 𝛼, is assumed to be well represented by a first-
order Taylor series in a small region, a so-called analysis volume, around the point
(𝑥 , 𝑦 , 𝑧 ), the center of the analysis volume:

⃗( , , ) ⃗( , , )
⃗
( )

⃗
( )

⃗
( ). (4.2)

Here the ENU coordinate system is used to uniquely determine the position of
points in space (see Appendix A).

In the following parts, the estimated variables are indicated with a hat ( ̂ ) and
the physical parameters are put in a mathematical vector K. A projection vector
Pr is used to convert the parameters to the estimated variable. For the linear wind
model, Pr and K are vectors, and the mathematical dot product is used to get the
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result. The modeled radial Doppler velocity �̂� can then be written as:

�̂� (𝑟, 𝛾 , 𝛼) = Pr ⋅K, (4.3)

and the horizontal wind components as:

�̂�(𝑥, 𝑦, 𝑧) = Pu ⋅K, (4.4)
�̂�(𝑥, 𝑦, 𝑧) = Pv ⋅K. (4.5)

Here Pr, Pu, and Pv are the projection vectors for �̂� , �̂� and �̂� respectively, and
K is the parameter vector. The terms in these expressions are:

Pr =

⎛
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜

⎝

cos 𝛾 sin𝛼
cos 𝛾 sin𝛼(𝑥 − 𝑥 )
cos 𝛾 sin𝛼(𝑧 − 𝑧 )

cos 𝛾 cos𝛼
cos 𝛾 cos𝛼(𝑦 − 𝑦 )
cos 𝛾 cos𝛼(𝑧 − 𝑧 )

cos 𝛾 [𝑟 cos 𝛾 sin𝛼 cos𝛼 − (𝑥 cos𝛼 + 𝑦 sin𝛼)]
sin 𝛾

sin 𝛾 (𝑥 − 𝑥 )
sin 𝛾 (𝑦 − 𝑦 )
sin 𝛾 (𝑧 − 𝑧 )

⎞
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟

⎠

, (4.6)

Pu = ( 1., 𝑥 − 𝑥 , 0., 0., 0., 0., (𝑦 − 𝑦 ), 0., 0., 0., 0. ) , (4.7)

Pv = ( 0., 0., 0., 1., 𝑦 − 𝑦 , , 0., (𝑥 − 𝑥 ), 0., 0., 0., 0. ) (4.8)

and

K = ( 𝑢 , 𝑢 , 𝑢 , 𝑣 , 𝑣 , 𝑣 , (𝑢 + 𝑣 ), 𝑤 , 𝑤 , 𝑤 , 𝑤 ) , (4.9)

where these formulas have been adapted from Doviak and Zrnić (1993). Here 𝛾
is the radar antenna elevation looking angle and 𝛼 is the radar antenna azimuth
looking angle. And �⃗�(𝑥 , 𝑦 , 𝑧 ) = (𝑢 , 𝑣 , 𝑤 ) is the velocity at the center of the
analysis volume, and 𝑢 is the scalar parameter for the 𝑥-derivative of the 𝑢 velocity
component, and the same holds true for all the other components.

The goal is thus to find all these parameters, and they can be obtained with a
least squares fit minimization of the 𝜒 function:

𝜒 =∑(P , ⋅K− 𝑣 ,
𝜎 , ,

) , (4.10)

where 𝑣 , is the measured Doppler velocity for measurement 𝑖 with uncertainty
𝜎 , , .
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Simplification to other linear wind models
The linear wind model is a generalization of several wind vector retrieval techniques
(Doviak and Zrnić 1993). Because of the mathematical formulation, this might be
hard to see. To illustrate this, we give here an example of reducing the linear
wind model to a more simple wind vector retrieval algorithm. Here just two radar
Doppler measurements are used to calculate the horizontal wind components. In
such a case, the vertical wind component 𝑤 is neglected, and we can write the
modeled LOS radar Doppler velocity as:

𝑣 = 𝑢 cos 𝛾 sin𝛼 + 𝑣 cos 𝛾 cos𝛼. (4.11)

Given this linear equation, just two measurements, with different azimuth looking
angles, are sufficient to solve for the horizontal wind components, 𝑢 and 𝑣 . When
we are given just two such radial velocity measurements 𝑣 and 𝑣 , we can obtain
𝑢 and 𝑣 via:

𝑢 = cos 𝛾 cos𝛼 𝑣 − cos 𝛾 cos𝛼 𝑣
cos 𝛾 sin𝛼 cos 𝛾 cos𝛼 − 𝛾 cos𝛼 cos 𝛾 sin𝛼 , (4.12)

𝑣 = cos 𝛾 sin𝛼 𝑣 − cos 𝛾 sin𝛼 𝑣
cos 𝛾 sin𝛼 cos 𝛾 cos𝛼 − cos 𝛾 cos𝛼 cos 𝛾 sin𝛼 . (4.13)

In addition to this example, there exists more formulations and variations of
the linear wind model (Doviak and Zrnić 1993). They can be regarded as a subset
of this general formulation, where a subset of all the parameters is solved for. In
the way that the linear wind model is formulated here, it can be simplified to such
simpler models, by using a subset of the full list of parameters in K.

Further details
In the linear wind model, the analysis volume size has to be chosen, which results
in the number of measurements that are used in the least square fit to retrieve the
wind vector field parameters. The combination of the number of fitted parameters
in K, the number of measurements, and the quality of the measurements (noise
and variation in looking angles) determine how good and stable the retrieved wind
vectors become. Typically, a satisfying solution is found by using different param-
eters with trail and error.

Another common problem is that a small analysis volume contains too little
information on the global wind field, with the consequence of fitting a random
direction and/or random wind speed. A simple solution to this problem - that is also
used in this work - is to add a few additional Doppler measurements from a larger
analysis volume to the least squares fit to stabilize the retrieved wind vectors.

4.3.2. 4D-Var
Here we propose the four-dimensional variational assimilation (4D-Var), for the
retrieval of the local wind field with radar Doppler measurements (Oude Nijhuis
et al. 2014a), with the goal to retrieve reliable and realistic wind vectors. This
4D-Var wind vector retrieval technique is inspired by 4D-Var techniques, which are
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typically used in numerical weather models, like ECMWF (Bouttier and Kelly 2003;
Kopken et al. 2003), and optimal estimation techniques in general, such as ozone
profile retrievals from hyperspectral radiances (Liu et al. 2010).

4D-Var is a model-based retrieval technique for parameter estimation. Some
recognized advantages of 4D-Var and optimal estimation techniques are: 1) the
time variation can be taken into account, with the consequence that the parameters
of interest can be estimated in a more optimal way, and more measurements can
be assimilated at once, and 2) prior errors and correlation lengths of wind vector
components can be taken into account.

In this work, we propose to see the pattern in the wind field fluctuations as
an advected field, and to see the pattern in the radar reflectivity field as an ad-
vected pattern as well. The wind fluctuations patterns are conserved with time and
advected with the flow.

Here we use the meteorological wind direction, Θ, and horizontal wind speed,
𝐻, which are defined in terms of the horizontal wind components 𝑢 and 𝑣 as:

𝑢 = −𝐻 sin(Θ), (4.14)
𝑣 = −𝐻 cos(Θ). (4.15)

Both formulations, (𝑢, 𝑣) and (𝐻, Θ), are used in this work, depending on which
ones gives the most convenient expressions.

The geostrophic wind is generally a good approximation for the time-evolution of
wind vectors in extratropical synoptic-scale disturbances, except for some extraor-
dinary cases (Holton 2001). The time evolution of the horizontal wind direction can
then be approximated as:

Θ(𝑡) = Θ(0) + 𝑓𝑡, (4.16)

where 𝑓 = 2Ω sin𝜙 is the Coriolis parameter, Ω is the rotation rate of the Earth,
and 𝜙 is the latitude. The combination of advection and geostrophic evolution of
the wind field can then be written as:

( , , , ) ( ( ), ( ), ( )) cos( ) ( ( ), ( ), ( )) sin( ), (4.17)
( , , , ) ( ( ), ( ), ( )) sin( ) ( ( ), ( ), ( )) cos( ), (4.18)

( , , , ) ( ( ), ( ), ( )), (4.19)
( , , , ) ( ( ), ( ), ( )), (4.20)

where 𝑢, 𝑣, 𝑤 are the wind components, and 𝐿 is the liquid water content (LWC).
The LWC variable is used here to match simulated radar reflectivities with the mea-
sured radar reflectivities. Note that the LWC is only relevant for the retrieval of wind
vectors via the advection of the radar reflectivity pattern.
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The displacement of the advected fields is given by:

𝑥(𝑡) = ∫ 𝑢(𝑡 )𝑑𝑡 =∑ 𝐻
𝑓 [cos(Θ + 𝑓Δ𝑡 ) − cos(Θ)] , (4.21)

𝑦(𝑡) = ∫ 𝑣(𝑡 )𝑑𝑡 =∑ −𝐻
𝑓 [sin(Θ + 𝑓Δ𝑡 ) − sin(Θ)] , (4.22)

𝑧(𝑡) = ∫ 𝑤(𝑡 )𝑑𝑡 =∑𝑤Δ𝑡 . (4.23)

The right-hand side formulations are small steps of the integration, which are used
in the 4D-Var wind vector retrieval technique.

The wind field components and the liquid water content field are saved on 3D
grids, representing the state of the fields at a reference time (for convenience
𝑡 = 0). The 3D grids are used to simulate the measurements by using bilinear
interpolation and the forward time operator described above. The 3D grid point
values are stored in the parameter vector K, which is used in the cost function.

Using 3D grids makes this approach versatile, and depending on the application,
a degenerated grid can be used. For example, for a profiling radar the grid can be
reduced to a vertical profile (just one point for all 𝑥 and 𝑦-locations). Or in the case
of a scanning radar with a fixed low antenna elevation looking angle, the 3D grid
can be reduced to a horizontal 2D grid.

In the case of a 10 × 10 × 10 field, the components of K are :

Ku = (𝑢 , , , ⋯ , 𝑢 , , ) (4.24)
⋮ ⋮ ⋮

KL = (𝐿 , , , ⋯ , 𝐿 , , ) .

And the full parameter vector is:

K = (Ku,Kv,Kw,KL). (4.25)

For the 4D-Var model, Pr is a projection operator and is representative for a
mathematical procedure that integrates the grid parameters over the radar cell to
obtain an estimated variable. The modeled Doppler mean velocity estimate �̂� , and
the radar reflectivity estimate, �̂�, are then calculated as:

�̂� (𝑥, 𝑦, 𝑧, 𝑡) = Pr(𝑥, 𝑦, 𝑧, 𝑡)K, (4.26)
�̂�(𝑥, 𝑦, 𝑧, 𝑡) = PZ(𝑥, 𝑦, 𝑧, 𝑡)K, (4.27)

where PZ and Pr are the projection operators for the radar reflectivity and the
Doppler velocity respectively.

In this work, the Zephyros tool is used to calculate radar observables from the
parameters (Oude Nijhuis 2017), and thus takes care of the spatial interpolation and
integration, and takes into account the radar characteristics. All the wind vector re-
trieval techniques are implemented in Zephyros, which is a tool for the development
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of radar-based retrieval techniques of wind vectors and turbulence intensity, and
can be downloaded from GitHub. A few more details regarding spatial interpolation
and turbulence models are discussed later in chapter 5.

4D-Var with radial velocity measurements
The wind field is retrieved by minimization of a cost function 𝜒 . In the case that
wind vectors are fitted from the radar Doppler velocities, the cost function is written
as:

𝜒 , =∑(Pr,iK− 𝑣 ,
𝜎 , ,

) + (K−Kp) Sp (K−Kp), (4.28)

where 𝜎 , , is the uncertainty of the Doppler velocity 𝑣 , for the 𝑖-th measurement.
The first term in the right side of 4.28 compares measured Doppler velocities to
modeled velocities. The second term in the right side of 4.28 compares the pa-
rameters of the current state of the fit K with the prior parameters Kp. The prior
parameters Kp can come from other models/measurements/fitting routines to find
a solution that matches with that, or they can be filled with some best guesses
with large uncertainties forcing the solution to a realistic solution, or they can be
completely ignored by setting the parameter uncertainties to infinity. In this cost
function the parameters consist only of the wind field velocity components, which
are used to estimate the radar line-of-sight velocities. In this equation, Sp is the
error covariance matrix of the parameters. More details with regard to fitting via
optimal estimation can be found in e.g. Rodgers (2000).

4D-Var with radar reflectivity measurements
Another approach to retrieve wind vectors from radar measurements, is to use the
motion of the radar reflectivity pattern, which are representing the advection of rain
cells. The concept behind it is that the wind vector field can be estimated from the
motion of rain cells, which are measured as a radar reflectivity pattern. Here we
also use 4D-Var to achieve this, where a series of radar reflectivity scans are fitted
with a cost function 𝜒 :

∑(PZ,iK
,

) (K Kp) Sp (K Kp). (4.29)

In Eq. 4.29, the first term of the right-hand side compares the measured radar
reflectivities 𝑍 with the modeled radar reflectivities PZ,iK, and the second term
compares the parameters with the prior parameters.

For this wind vector retrieval technique, the radar reflectivity is matched in the
cost function by varying the total liquid water content L. Note that the drop-size-
distribution shape is irrelevant here, because only the radar reflectivity is used. The
cost function compares thus the difference in the radar reflectivity PZ,iK− 𝑍 , with
a given uncertainty in the radar reflectivity 𝜎 , for each measurement 𝑖.
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Further details
The prior error covariance matrices, S∗, are calculated for grid point 𝑖 and 𝑗 by:

𝑆∗, , = 𝜎∗, 𝜎∗, exp (− (𝑑 , /𝐿 ) ) , (4.30)

where 𝑑 , is the spatial distance between points 𝑖 and 𝑗, 𝜎∗, is the prior parameter
error estimate at grid point 𝑖, and 𝐿 is the correlation distance (see e.g. Rodgers
2000). The size of prior parameter error estimates 𝜎∗, determines how much the
prior parameters are taken into account in the optimal estimation procedure. The
effect of the prior parameter errors can be well understood by considering some
extreme values. In the case of very large prior parameter errors, the prior parame-
ters are neglected, and only the measurements will be effectively used in the search
routine. In the case of very small prior parameters errors, the measurements will
be effectively ignored, and the search routine will converge to the prior parameters.
In the 4D-Var retrieval technique, the concept is to achieve reliable wind vectors
by having an optimal balance for a best fit to the local measurements and a best
guess in the beginning.

A nice feature of the prior errors is that the outcome can be somewhat pushed
in a certain direction by choosing some extreme values for the prior errors. In
the 4D-Var implementation, it is also possible to fit the horizontal wind speed and
horizontal wind direction as grid parameters (as an alternative to using 𝑢 and 𝑣).
By setting one prior error of these variables to very large and one to very small, the
outcome can be controlled and pushed in a certain direction. With this trick, the
”horizontal wind-direction” and the ”horizontal wind speed” solutions are obtained.

The implementation is optimized by using sparse matrices in the calculations for
the error covariance matrices in the cost function. Further, also optimized code for
the minimization of cost functions is exploited (Davis 2006; Johnson 2017; Vlcek
and Luksan 2006).

4.4. Uncertainty estimation
Here a method is given on how to estimate the radar measurement uncertainties,
and from that the posterior parameter uncertainties. The posterior parameter un-
certainties are important, if one is interested in the reliability of the retrieved wind
vectors.

For retrieved wind vectors from radar Doppler measurements, the estimation of
posterior errors is not trivial. There is abundant information in the radar Doppler
measurements for the component of velocity in the radar line of sight, but there is
little information on the component of velocity in the directions perpendicular to the
radar line of sight. As a consequence, with modern weather radars that have a high
spatial resolution, the retrieved wind vectors are not necessarily very accurate at the
same high spatial resolution. The difficulty is that within a small volumetric area the
measurements have approximately the same radar looking directions. The solution
proposed here is then to give a fair estimate for the uncertainty in the retrieved
wind vector.
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The range dependence of the radar reflectivity uncertainty for volumetric scat-
terers, 𝜎 , can be expressed as a function of range 𝑟:

𝜎 = 𝛼 ( 𝑟𝑟 ) , (4.31)

given the uncertainty in radar reflectivity error 𝛼 at range 𝑟 . Here attenuation
effects are not taken into account, and the variables are on a linear scale (not on
a logarithm scale). The uncertainty in the radar Doppler velocity is then estimated
as (Doviak and Zrnić 1993):

𝜎 , = √
𝑣
𝐿 [ 𝜎4√𝜋

+ 2𝜎 𝜎
𝑍 + 1

12 (
𝜎
𝑍 ) ], (4.32)

𝜎 =
𝜎
2𝑣 , 𝑣 = 𝜆

2𝐿 𝑇 , (4.33)

where 𝐿 is the number of pulses, 𝑇 is the sampling time interval, 𝑣 is the Doppler
resolution, 𝑣 is the maximum unambiguous Doppler velocity, 𝜎 is the measured
Doppler spectral width, and 𝜎 is the normalized Doppler spectral width.

It would make sense to use this uncertainty in radar Doppler velocity 𝜎 , in a
wind vector retrieval technique, and using measurements weighted as 1/𝜎 , (see
Eq. 4.10 and Eq. 4.28). After all a larger weight should be given to measurements
where the radar is more sensitive. However, typically the uncertainty in the radar
Doppler velocity estimated with Eq. 4.32 is quite small compared to the radial
velocity model error. This model error comes from the fact that in a small analysis
volume there are a lot of radial velocity measurements with similar antenna looking
directions. Using a high number of windfield grid points is not a real solution, as
there is too little information on the velocity components perpendicular to the line-
of-sight measurements. This solution would lead to a very good fit, but with random
wind vectors.

A better approach is to allow for a small model error, but having a stable so-
lution for the retrieved wind vectors. It is then important to estimate this model
error, which is a measure of the difference between the fitted and measured radial
velocities, without any constraints due to prior parameters. Alternatively speaking,
the model error gives an estimate for how well the model can fit the measurements.

Here we give a general method for how to estimate a model error after mini-
mization of a cost function where modeled measurements �̂� have been compared
to measurements 𝑦 . In the wind vector retrieval technique, this is used to estimate
a radial velocity model error. This estimated model error can then be taken into
account for an accurate posterior error estimation of the retrieved wind vectors.

For each measurement 𝑦 , a residual can be calculated as:
𝑟 = 𝑦 − �̂� . (4.34)

The residual uncertainty, 𝜎 , , , for measurement 𝑦 can be written as:
𝜎 , , = 𝜎 , , + 𝜎 , , (4.35)
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where 𝜎 , , is the observational error (e.g. 4.32), and 𝜎 , the model error, due
to simplification and smoothing. The model error can then be estimated from the
residuals as:

𝜎 , =∑𝑤 , , max [0, (𝑦 − �̂� ) − 𝜎 , , ] with 𝑤 , , =
1

𝜎 , ,
/∑ 1

𝜎 , ,
,

(4.36)
where 𝑤 , , are the weights. The covariance matrix of the residual errors, 𝑆 , ,
which include both observational and modeling errors, is a diagonal matrix, and the
elements are given by:

𝑆 , , = 𝜎 , , . (4.37)

The posterior parameter covariance matrix can then be computed from

Sp = [J Sr,y J+ Sa] , (4.38)

where J is the Jacobian matrix, with derivatives 𝐽 = 𝜕�̂� /𝜕𝑝 , and the a prior
covariance matrix is given by Sa. The standard parameter errors are the square
root diagonal elements of this matrix.

4.5. Case study
In this section, first a small overview is given of the case study details and the used
implementations. Consequently, with 4D-Var the solution space of wind vectors is
shown that is associated with measurements from a single scanning Doppler radar.
Then an attempt is made to retrieve wind vectors from the motion of the radar re-
flectivity pattern. Finally, the retrieved wind vectors from different implementations
are compared quantitatively in a novel way by measures for curl, divergence and
standard deviation of the residuals.

For this case study, measurements from the IRCTR Drizzle RAdar (IDRA) (Figueras
i Ventura 2009; Otto and Russchenberg 2010) are used. IDRA is a horizontal scan-
ning X band radar (zero elevation looking angle), on top of a 200 m meteorological
research mast, located at a meteorological supersite in Cabauw (Casso-Torralba
et al. 2008; Ulden and Wieringa 1996). The IDRA radar makes a full horizontal
scan about every minute.

IDRA measurements are used from June 21th 2012, from 18:30 UTC and on-
wards. On this day, a cold front was passing over that brings in the rain. Only
10% of the radar data is used, where in the range direction 9/10 measurements
are skipped for processing. This data reduction allows for fast processing and thus
more algorithm testing. The resulting range resolution is then 300 m, and the
azimuthal resolution is 2.5 ∘.

All the implementations (wind vector retrieval technique + configuration) that
are being tested in this case study are:

1. Linear wind model

2. 4D-Var simple
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3. 4D-Var horizontal wind speed

4. 4D-Var horizontal wind direction

5. 4D-Var neutral

6. 4D-Var advection

For all of these implementations a grid box of 4 x 4 km is used (analysis volumes
for the linear wind model), except for the 4D-Var simple retrieval technique, where
just one single point is used. In the application of these wind vector retrieval
techniques, different time windows have been used for the data assimilation: either
1 or 5 minutes, where each minute contains about one radar scan.

Linear wind model implementation details
For the linear wind model implementation, the parameters (𝑢 , 𝑢 , 𝑢 , 𝑣 , 𝑣 , 𝑣 , 𝑢 +
𝑣 ,𝑤 ) are fitted via a least squares method for each analysis volume using Eq.
4.10. The radar measurement uncertainties (Eq. 4.32) are not taken into account,
as the combination of fitting derivative components and uncertainties with radar-
range dependencies lead to unstable fitting. To stabilize the linear wind model fit,
extra Doppler measurements are added from outside the analysis volume, which are
randomly selected. Increasing the number of these extra measurements, pushes
the solution to a more homogeneous solution. And decreasing this number will
push the solution towards unrealistic results. For the case studies, 50 extra Doppler
measurements are added.

4D-Var implementation details
For the 4D-Var implementation, it is possible to use a prior wind field. This prior
wind field is obtained, by applying the “4D-Var simple” retrieval technique, that fits
just one wind vector to all the radar Doppler measurements. Consequently, the “4D-
Var simple” solution is casted to a finer 2D grid, for a second minimization round to
estimate the wind vectors, which results in the “4D-Var neutral” wind vector field
solution.

To get an idea of all possible wind vector field solutions, the 4D-Var neutral
wind vector retrieval technique is applied but with one essential difference. The
difference is that extreme a priori errors are used that either fixes the horizontal
wind direction or the horizontal wind speed. As a consequence, the solution that
is obtained with the cost function has the fluctuations in the non-fixed parameter
(either horizontal wind direction or horizontal wind speed). Two solutions are made
in this manner. The “4D-Var horizontal speed” solution, where a large a priori
horizontal speed error and a small a priori horizontal direction error is used. And
the “4D-Var horizontal wind direction” solution, in which the roles of horizontal wind
direction and horizontal wind speed are reversed. With these solutions, it is possible
to get an impression of the solution space of wind vectors that is associated with
the radar Doppler measurements.
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Next to these implementations, a trial is made to retrieve wind vectors from the
evolution of the radar reflectivity pattern during multiple scans, which is called the
“4D-Var advection” solution.

First impression: a qualitative comparison
In Fig. 4.2, the retrieved wind vectors from the linear wind model, and from the
4D-Var neutral implementation are shown. At short distance from the radar the
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(b) 4D-Var simple
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(c) linear wind model
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(d) 4D-Var neutral

Figure 4.2: Wind vectors retrieved from one scan from IDRA. In (a) the measured Doppler velocities are
shown. Results for three wind vector retrieval techniques are shown, which are: (b) 4D-Var simple, (c)
the linear wind model, and (d) the 4D-Var neutral. In these figures and all other figures in this work, a
positive Doppler velocity is in the direction away from the radar location.

solutions are similar. At larger distance from the radar, there is more variation in
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the retrieved wind vectors. Two artifacts can be recognized in the results from the
linear wind mode, which are typical for retrieved wind vectors from radar Doppler
measurements: (1) In the direction perpendicular to the radar beam the retrieved
wind velocity becomes somewhat random (to fit the radar measurements), and (2)
there are unrealistic jumps in the wind vector field, which can be associated with
the edges of the analysis volumes in the linear wind model retrieval technique.

Solution space of wind vectors
In Fig. 4.3, wind vectors retrieved with the 4D-Var horizontal speed and the 4D-
Var horizontal direction are shown. The wind vectors from the 4D-Var horizontal
speed solution have almost no variation in the horizontal wind direction, and the
wind vectors from the 4D-Var horizontal direction have almost no variation in the
horizontal wind speed. This is what we were aiming for with these implementations.
Despite that the retrieved wind vectors are different, the modeled Doppler velocities
match the measured radar Doppler velocities. Therefore, the solution space of wind
vectors is indeed demonstrated, for radar Doppler measurements from a single
scanning Doppler radar.

The two solutions, with extreme settings in the prior errors, give thus an im-
pression of all the possible solutions of wind vectors, that can be retrieved for
the same radar Doppler measurements, from one scan from a horizontal scanning
radar. Based on these images, an impression can be obtained on how reliable wind
vector retrieval techniques are for a given dataset and a certain radar configuration.
These images and this information can then be used to strategize about the best
usage of radar measurements, and how to optimize the configuration of the wind
vector retrieval technique.
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(b) 4D-Var horizontal direction
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(c) 4D-Var horizontal speed

Figure 4.3: Illustration of the solution space of wind vectors that is associated with single scanning
Doppler radar measurements. In (a) the measured Doppler velocities are shown, and two solutions are
shown that use one scan of IDRA Doppler measurements, which are: (b) the 4D-Var horizontal direction,
and (c) the 4D-Var horizontal speed. Note that the radar reflectivity measurements for this study case
is shown in Fig. 4.4.
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Wind vectors from the advection of radar reflectivity
When one sees a pattern moving through a scanning radar, one might get the idea
to use this as an estimator for wind vectors. This concept is the basis for the “4D-
Var advection” implementation, which is an experimental variation of the 4D-Var
retrieval technique.

Here we use 5 consequent scans from IDRA to estimate wind vectors from the
moving radar reflectivity pattern. Two of such scans are shown in Fig. 4.4. Contours
are drawn in this figure to show where the rain cells are located. It can be seen
that the rain cells are moving in the northerly direction.
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(a) Doppler measurements at 18:31
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(b) Doppler measurements at 18:35
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(c) 4D-Var advection

Figure 4.4: Illustration of wind vectors that are retrieved from the advection of a radar reflectivity
pattern. In (a) the measured Doppler reflectivities are plotted at 18:31 and in (a) at 18:35. In (c) the
fitted radar reflectivity pattern at 18:35 is shown, with the 4D-Var advection, including the estimated
wind vectors.
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The 4D-Var advection implementation is composed of two steps in which Eq.
4.29 is fitted via optimal estimation: (1) the radar reflectivity pattern is fitted and
(2) both the reflectivity pattern and a wind vector are fitted. The wind advection
vector is thus retrieved from matching a series of radar reflectivity patterns to a
modeled radar reflectivity pattern that moves with the advection vector.

In contrast to the time it takes to find a solution for the cost function in the
other 4D-Var retrieval techniques (a few minutes on a desktop computer), the 4D-
Var advection retrieval technique takes much more time (about 10 minutes). This
is likely caused by the fact that the optimization is less linear, as in the last step
the reflectivity pattern and the motion are fitted simultaneous. This is consistent
with the fact that the convergence towards a solution of a non-linear (cost) function
takes more time. In this implementation, just one wind vector is retrieved and not
a field of wind vectors. One wind vector is not a very impressive or realistic result,
but it gives a first impression of this wind vector retrieval technique, and whether
it can be expected to be promising in further developments.

The result for 4D-Var advection is shown in Fig. 4.4c. The most remarkable thing
about the retrieved wind vector from the advection is that it has a different wind
direction than all the other solutions, which are retrieved from the radar Doppler
measurements (see Fig. 4.2). At first, this is quite a surprising result!

It can after all be explained. For this case study, shear in the vertical was
observed by a balloon-borne sonde measurement of the wind profile from KNMI.
Alternatively said: the wind direction at higher altitudes was different than close to
the surface, which is not uncommon in the case of rain. Although the radar reflec-
tivity and the radar Doppler measurements are coming from the same location, the
reflectivity pattern of the scatterers can be perceived as a shadow of precipitating
clouds at higher altitudes. The Doppler measurements are direct measurements
at the location of the scatterers. It is thus due to an indirect effect - the falling
nature of raindrops - that the motion of radar reflectivity measurements is related
to higher altitudes than where the radar is actually measuring.

From this example, the idea of a superior wind vector retrieval technique by
fitting both the radar reflectivity and radar Doppler velocity measurements can be
directed towards the trash bin. It can be expected to be troublesome, due to the
aforementioned reasons.

We can also see from this example, that when there is a large difference between
the wind vectors estimated from radar reflectivity and from radar Doppler velocity
measurements, it can be an indication of vertical wind shear. It can, however, be
extremely difficult - if not impossible - to estimate the number for vertical wind
shear, as it is unclear at what altitude the precipitating clouds are. More research is
required on this topic, to unravel for which cases the 4D-Var advection wind vector
retrieval technique can be useful.

Quantitative analysis of retrieved wind vectors
The larger the distance from the radar location, the more challenging the retrieval
of wind vectors for a single scanning Doppler radar becomes. The reason is that for
an analysis volume (or grid box) that is further away from the radar, the variation in



4.5. Case study

4

83

measurement antenna looking directions (azimuth and/or elevation angles) are less
diverse. This means that the line-of-sight (LOS) directions are less diverse, and it is
harder to correctly estimate the velocity component in the direction perpendicular
to the radar antenna LOS.

Common approaches for the validation of retrieved wind vectors are to compare
them with wind vectors from weather prediction models or from in situ measure-
ments, or make a comparison of projected radial velocities with radars that are
looking from a different direction. Such comparisons typically do a good job when
a lot of averaging is involved, to overcome difficulties with differences in time and
spatial resolution, and the location of the instruments. In this work some alterna-
tive methods are proposed that look at the retrieved wind vectors from a different
side. The aim is then to assess the quality of the retrieved wind vector fluctuations
at the high resolution of the modern weather radar (a typical resolution is 100 m).

To achieve a validation of the retrieved wind vectors, statistical measures are
defined that are useful to identify unrealistic wind vectors. In this work, measures
for the curl and divergence of the wind vector field are defined and calculated.
Secondly, residual of radial Doppler velocities are calculated as a function of time,
both during the measurements that were used in the optimization, as well as for
some time after that. This will give an indication of how good the retrieved wind
vectors are during the time the measurements were done, but also for some time
after that. The latter gives an idea of the predictive value of the retrieved wind
vectors.

The circulation per unit area 𝐶 [m s ] is calculated for an enclosed circle as
(e.g. Marsden and Tromba 2003):

𝐶 = 1
2𝜋𝑟 ∮ �⃗� ⋅ 𝑑𝑙 = 1

2𝜋𝑟 ∑∫𝑢 𝑟 sin𝛼𝑑𝛼 +∫𝑣 𝑟 cos𝛼𝑑𝛼

= 1
2𝜋 ∑[𝑢 cos𝛼 − 𝑣 sin𝛼] . (4.39)

This quantity is a measure of how much the wind field is rotating. With regards to
a scanning radar that retrieves wind vectors in the horizontal plane, the integration
takes place over the radar antenna azimuth looking angle 𝛼. For each azimuth
interval [𝛼 , 𝛼 ], averaged 𝑢 and 𝑣 are used in the integral. Further note that
the circulation per unit area is equal to the curl, according to Stokes theorem (e.g.
Marsden and Tromba 2003).

Another similar quantity 𝐷 [m s ] is formulated, which calculates the compo-
nent of velocity normal to the path integral, which is calculated for an enclosed
circle as:

𝐷 = 1
2𝜋𝑟 ∮ �⃗� × 𝑑𝑙 = 1

2𝜋𝑟 ∑∫𝑢 𝑟 cos𝛼𝑑𝛼 +∫𝑣 𝑟 sin𝛼𝑑𝛼

= 1
2𝜋 ∑[−𝑢 sin𝛼 + 𝑣 cos𝛼] . (4.40)
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Via the divergence theorem in the plane - another form of Green’s theorem - the
quantity 𝐷 is equal to the average divergence of the enclosed circle (e.g. Marsden
and Tromba 2003).

Now that we have these two measures, we can apply them to the retrieved wind
vectors, which is demonstrated in Fig. 4.5. As a check, the 4D-Var simple retrieval
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Figure 4.5: Quantitative analysis of the retrieved wind vectors for different implementations. In (a) a
measure of curl, , and (b) a measure of divergence, , is calculated as a function of range. In (c) the
standard deviation (std) of the residuals is calculated as a function of time. Until the dashed vertical line,
the measurements are used in the optimization to fit the model parameters. After the dashed vertical
line, the model is only used to predict the radar Doppler velocities. In the optimization, 5 minutes of
IDRA Doppler measurements (approximately 5 horizontal scans) have been used.

technique, that retrieves just a single wind vector, gives zero values for the curl
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and divergence, as expected. The other implementations for wind vector retrieval
techniques, give some variations in the curl and divergence as a function of range.
In particular deviating values in an ensemble of retrieved wind vector for the same
radar measurements but for different retrieval techniques are interesting, as they
can be used to assess the resulting wind vectors.

In Fig. 4.5, some unrealistic features of the retrieved wind vectors can be related
to the implementation: (1) a high curl for the linear wind model at short distance
from the radar, possibly due to separately retrieved wind vectors in several analysis
volumes, and (2) a high curl for the 4D-Var direction at large distance, because
the wind vector solution is forced in the direction perpendicular to the radar line of
sight. Overall, only the 4D-Var simple and 4D-Var horizontal speed have zero or low
values for the curl and divergence, and might thus be preferred over the others.
Further investigation with in situ measurements at several distances from the radar
are required to verify this. It is thus demonstrated here that by using measures
for curl and divergence as a function of radar range, some unrealistically retrieved
wind fields can be identified and marked as unreliable.

In physics, a very general principle with measurement results is that they should
not depend on the parameters of the measurements. For example: if an elephant’s
mass measurement is 7341 kg in Paris, it should have the same mass measure-
ment in Amsterdam. Regarding wind vector retrieval techniques, the wind vector
measurement should not depend on the radar location. Alternatively stated: the
retrieved wind vector for the same point in space and time should be the same if
the radar would be moved to another location. With regards to our example we
can state that: in the case of homogeneous terrain - which is the case for IDRA -
we can expect a long-term average negligible range-dependence for radar-based
retrieved wind vectors.

In Fig. 4.5c, the standard deviation (std) of residuals of radar Doppler velocities
is plotted as a function of time. The residual is the modeled radar Doppler velocity
minus the measured radar Doppler velocity. The lower the std of residuals, the
better the model is able to represent the measurements. This figure shows that
the linear wind model is the best with regard to reducing the difference between
the model and the measurements. This is most likely due to the fact that the linear
wind model has the most free parameters to fit to the solution (8 parameters for
the linear wind model - 𝑢 , 𝑢 , etc. - for an analysis volume of 4 x 4 km, and just
2 parameters for the 4D-Var model - 𝑢, 𝑣 grid point for each 4 x 4 km.). Somewhat
surprising is that the advanced 4D-Var implementations give higher values than the
4D-Var simple implementation. It might be related to fitting a continuous wind field,
the grid box size and/or the time allowed for the optimization routine for fitting the
solution. More research is required to find out these details.
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4.6. Conclusions
In this chapter, from simulations of the raindrop inertia effect, it is concluded that
in most cases the influence of measuring from raindrops as tracers for the air mo-
tion can be neglected in radar-based wind vector retrieval techniques. Only for
some special weather conditions, such as very strong shear in combination with
large raindrops, a substantial deviation between air and raindrop velocity can be
expected. In this work - which is not aimed at such special weather conditions -
no additional effort is made to account for raindrop inertia in wind vector retrieval
techniques.

A novel approach is proposed for the retrieval of the local wind vector field, with
radar Doppler measurements. It is based on four-dimensional variational analysis
(4D-Var) and the model of the wind field as an advected field. Several implementa-
tions of the 4D-Var wind vector retrieval technique, and a state-of-the-art reference
technique, the linear wind model, are applied to radar measurements from IDRA.
From a qualitative analysis, the linear wind model appears somewhat problematic,
as there exist unrealistic jumps in the retrieved wind vectors near the edges of
the analysis volumes, and the wind vector directions seem somewhat arbitrary at
large distance from the radar. With the 4D-Var wind vector retrieval technique,
this is solved, as all measurements are used simultaneously to estimate wind vec-
tor fields, and the solution is more continuous and appears to be more reliable.
By choosing extreme settings in 4D-Var, the solution space of wind vectors can
be demonstrated, which gives an impression of all the possible wind vector field
solutions that are associated with the radar Doppler measurements.

Alternative approaches to in situ validation for the quantitative validation of
radar-based retrieved wind vectors are proposed. They can be useful to check if the
retrieved wind field fluctuations at the high resolution of modern radar are realistic.
Measures for curl and divergence as a function of range have been used, to identify
issues with the retrieved wind vectors and some unrealistic retrieved wind fields
were identified. In addition, the standard deviation of residuals was calculated as a
function of time, to compare how well the radar Doppler measurements are fitted
and predicted. Further research is, however, required in combination with in situ
measurements at multiple locations, to find out the most optimal retrieval settings
for the 4D-Var wind vector retrieval technique.

The wind vector retrieval techniques that were applied here required typically a
few minutes of processing time on a desktop computer to find an optimal solution.
Therefore, they can be used in real-time applications. Depending on the application
and the used computational resources, the performance can be enhanced by using
less or more measurements, and/or a more finer/coarser grid at which the wind
vectors are resolved.
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turbulence intensity
In this chapter, the emphasis is on the application of raindrop-backscattering
radar-based turbulence intensity retrieval techniques to relatively small scales.
More specifically, we are looking here at the correct estimation of turbulence
intensity from radar observations at the scale of the radar resolution volume
of modern weather radars with a high spatial resolution of about 30 m or
even less. At these small scales, the information of the raindrop size distri-
bution (DSD) and turbulence intensity are mixed in the radar observables.
Therefore, an accurate estimation of the rain DSD, and accounting for in-
fluence of raindrop inertia become crucial to estimate turbulence intensity.
Different approaches are taken in this chapter on how to optimize the esti-
mation of turbulence intensity from radar measurements during rain at these
small scales, and it is investigated what the limits are of the state-of-the-art
radar-based turbulence intensity retrieval techniques.

“Dreaming occurs in all ages, and there have always been people who could
make dreams come true, as long as they obey the laws of science and laws of
physics.” - Gerard ’t Hooft (translated from the book Planetenbiljart).
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5.1. Introduction
In the state-of-the-art literature, turbulence is typically modeled in radar observ-
ables as an additional Doppler spectrum width term, or by smoothening and widen-
ing the spectrum via a convolution process (Borque et al. 2016; Bouniol et al. 2004;
Doviak and Zrnić 1993; Kollias and Albrecht 2000; Shupe et al. 2012). There has
been only little research to challenge these state-of-the-art approaches.

An alternative approach takes the influence of raindrop inertia into account, and
can be found in the work by Yanovsky et al. (2003, 2015). In the work of Yanovksy,
a raindrop is either a perfect tracer of the turbulent motion, or not involved in the
turbulent motions at all for a given turbulent length scale and an equivolumetric
raindrop size, A drawback of the model from Yanovsky is that it has heuristic pa-
rameters (𝐿 and 𝑉 ), which are difficult to estimate, and make it difficult - if
not impossible - to develop this model further. Therefore, it is proposed to use a
different and novel approach to account for the influence of raindrop inertia.

In chapter 2, inertial parameters were formulated based on the equations of mo-
tion for raindrops. With these parameters, a raindrop-inertia-correction model was
formulated, which also includes tuning parameters that can be used to adapt the
model to simulations of falling raindrops. This raindrop-inertia-correction model will
be used in this chapter to estimate turbulence intensity from radar measurements.

The state-of-the-art models for turbulence in the calculation of radar observables
are not perfect. Next to that the influence of inertia is often ignored, there are some
features from turbulence unexplored in the modeling of radar observables. Here
we note the two most important that are treated in this chapter:

1. the turbulence intensity has an effect on the ensemble of orientations of the
scatterers and

2. there can exist a dependence between polarimetric radar observables and
turbulence intensity.

These points are not considered in the literature with regard to radar-based tur-
bulence intensity retrieval techniques to our knowledge. It is not hard to imagine,
that the ensemble distribution of particle orientations will be different for calm and
turbulent conditions. We can state some expectations as:

• For turbulent conditions, it can be expected that the particles are oriented in
a more random fashion.

• For calm conditions, it can be expected that the particles are oriented in a
more aligned and organized manner.

As a consequence of these two expectations, it can and it should thus be expected
that the polarimetric radar observables depend on turbulence intensity.

A novel approach is proposed for how to apply non-stochastic turbulence in
radar observables simulations. This novel approach is the so-called “ensemble of
isotropic vectors” model, which has a solution for how to take the variation of an
ensemble particle orientations into account for a given turbulence intensity. The
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defining parameter for this turbulence model, is the turbulence broadening with the
raindrop inertia effect included (𝜁 𝜎 ), which depends on the turbulence intensity
𝜖, the radar resolution volume parameters, and the raindrop size diameter.

To apply this novel model in radar-based turbulence retrieval techniques via op-
timal estimation, it is necessary to use a radar forward model to simulate radar
observables. A radar forward model is a procedure that calculates radar observ-
ables, e.g. radar reflectivity 𝑍, starting from physical model variables, such as the
raindrop size distribution (DSD). Optimal estimation is the minimization of a cost
function where simulated measurements are compared to real measurements to
obtain the best fitting physical parameters, such as the turbulence intensity. A
radar forward model in combination with optimal estimation is thus an advanced
tool to accurately retrieve model parameters. A drawback is that modeling adds
a lot of complexity, and a strategy has to be developed to constrain the solution
space. For the estimation of rain and cloud parameters, such as the raindrop size
distribution and turbulence intensity, there exist a few of such radar forward models
(e.g. Donovan et al. 2008; Haynes et al. 2007; Ryzhkov et al. 2010; Voors et al.
2007). In this work, where the development and comparison of turbulence models
in a radar forward model is crucial, it was found most practical to start from scratch,
and a new program for optimal estimation with a radar forward model was created.

The structure of this chapter is as follows. First, the model-based calculation of
radar observables is explained in detail with the so-called “radar forward model”.
Secondly, an overview is given of turbulence models that are used for the calcula-
tion of radar observables. A comparison is made between radar observables from
stochastic turbulence models, and from a novel non-stochastic turbulence model
(the “ensemble of isotropic vectors” model) with a few simulations. In addition,
simulations are performed to get a qualitative picture of the influence of radar
instrument parameters on the quality of radar-based estimated turbulence inten-
sities. Consequently, a case study is made where Doppler radar data from TARA
(Heijnen et al. 2000) is used to estimate turbulence intensity profiles during rain.
In this case study, a correction is applied for the influence of raindrop inertia, which
demonstrates the current potential and limitations of EDR estimation at the small
resolution scale of a modern Doppler radar. In the end, the conclusions are drawn.

5.2. The radar forward model
A radar forward model is a procedure that calculates radar observables, e.g. the
radar reflectivity factor 𝑍 [mm m ], and takes physical model (field) variables
as input, e.g. the raindrop size distribution (DSD), and next to that the radar in-
strument parameters, e.g. the radar beamwidth. Once the radar forward model is
there, it can be used in optimal estimation where differences between the actual
radar measurements and simulated measurements from the forward model can be
minimized to estimate optimal physical model parameters. This concept of model-
based optimal estimation via a radar forward model is demonstrated in Fig. 5.1.
The essence is that differences are minimized, both for the physical parameters: a
prior state vector is compared to a state vector; and for the measurements: actual
radar measurements are compared with the model measurements from the radar
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forward model. Note that Fig. 5.1 is for demonstration purposes only, as the com-
plete lists of instrument features, physical fitting parameters, and radar observables
are rather long.
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Figure 5.1: Demonstration of the usage of a radar forward model in optimal estimation.

Now we give the essential details with regards to the calculation of radar ob-
servables in a radar forward model.

The essential equation in the radar forward model is the weather radar equa-
tion, which states how much power is received by the radar antenna due to the
backscattering of radar signals by meteorological targets such as raindrops. The
weather radar equation can be written as (e.g. Doviak and Zrnić 1993):

< 𝑃∗(𝑟 ) >=
𝐶
𝑟 𝜂∗, (5.1)

where < 𝑃∗ > [W] is the expected received power, 𝐶 is a radar constant, 𝑟 [m]
is the range at the resolution volume center, and 𝜂∗ [m m ] is the radar reflec-
tivity, where the index ∗ is ℎℎ, ℎ𝑣, 𝑣ℎ or 𝑣𝑣 to indicate the sending and receiving
polarization state respectively.

The physical variables (turbulence, wind vectors, rain intensity) can vary within
the scale of the radar resolution volume. Therefore, spatial integration of the phys-
ical variables becomes important, and the weather radar equation can be written
in the following form to account for the power distribution for a specific radar res-
olution cell (adapted from Eq. 5.40 in Bringi and Chandrasekar 2001):

< 𝑃∗(𝑟 ) >= 𝐶 ∫ ∫ ∫ 𝑓(𝜃 , 𝜙 , 𝑟, 𝑟 )𝜂∗(𝜃 , 𝜙 , 𝑟)𝑑𝜃 𝑑𝜙 𝑑𝑟, (5.2)

where the integral is over radar range 𝑟, and radar BEAM coordinates 𝜃 and 𝜙
(see Appendix A). Further, 𝐶 is another radar constant, and 𝑓 is a function that
accounts for range weighting and a radar power pattern function.

When the assumption is made that the radar power is distributed with a Gaussian
beam shape, and a range-dependence of 𝑟 , the function 𝑓 can be written with
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independent functions 𝑓 and 𝑓 :

𝑓(𝜃 , 𝜙 , 𝑟) = 𝑓 (𝜃 )𝑓 (𝑟, 𝑟 ). (5.3)

Note that Eq. 5.3 assumes a symmetrical pencil-like antenna power pattern,
and therefore, this function has no dependence on the radar beam azimuth 𝜙 .

Consequently, the spatial area of the integral over the radar cell in Eq. 5.2 is
divided into a finite number of smaller areas, the so-called subvolumes. By as-
suming a constant radar reflectivity for each subvolume 𝜂∗, , the integral can be
approximated as:

< 𝑃∗(𝑟 ) >= 𝐶 ∑[∫∫∫𝑓 (𝜃 )𝑓 (𝑟, 𝑟 )𝑑𝜃 𝑑𝜙 𝑑𝑟] 𝜂∗, , (5.4)

where the summation is over subvolumes, and the integrals are over the space of
each subvolume.

By choosing the subvolumes in such a way that the weight due to 𝑓 is con-
stant, the integral factor can be integrated into the radar constant. Eventually, this
means that by choosing subvolumes with equal weight due to 𝑓, the weather radar
equation that accounts for subvolumes can be written in a convenient way as:

< 𝑃∗(𝑟 ) >=
𝐶
𝑟
1
𝑛 ∑𝜂∗, , (5.5)

where 𝑛 is the number of subvolumes. So in the end, Eq. 5.5 greatly simplifies the
spatial integration of physical variables in the radar forward model to account for
the radar antenna power pattern.

When a raindrop-size distribution is used in the radar forward model, the sum-
mation is expressed as a sum over a finite number of raindrop sizes in the following
way:

< 𝑃∗(𝑟 ) >=
𝐶
𝑟
1
𝑛 ∑∑𝜂∗, , , (5.6)

where 𝜂∗, , is the radar reflectivity for subvolume 𝑖 and raindrop size 𝑗, and 𝑛 is
(still) the number of subvolumes.

The division of the radar resolution volume into subvolumes is convenient in
the radar BEAM coordinates. To apply spatial integration of atmospheric physical
variables, the BEAM coordinates have to be translated into the coordinates at which
the atmospheric physical variables are stored. In this work, grids are used in ENU
coordinates, and hence the BEAM coordinates are transformed to ENU coordinates.
All the relevant coordinate transformations are given in appendix A.

An example of a hypothetical application can be as follows. A vertical profile of
turbulence intensity is fitted with a vertically profiling radar. The physical parameter
space is a vertical profile of EDR with a 100 m resolution in the ENU coordinates to
match the radar resolution of 100 m range resolution in radar BEAM coordinates.
Consequently, a turbulence intensity profile can be fitted to the radar measure-
ments. From this simple example, it is thus clear that for each radar instrument
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and application, the fitting parameters and ENU grid dimensions and resolutions
have to be carefully chosen.

In the weather radar equation (Eq. 5.1), the radar reflectivity, 𝜂∗ [m m ], is
defined as (Bringi and Chandrasekar 2001):

𝜂∗ = ∫𝜎∗(𝐷 )𝑁(𝐷 )𝑑𝐷 , (5.7)

where 𝜎∗ [m ] is the radar cross section (RCS) for a rain/cloud drop and 𝑁(𝐷 )
[m ] is the drop size distribution (DSD) with equivolumetric diameter 𝐷 [mm].
Note that 𝜂∗ is defined as a measure per unit volume.

radar reflectivity < 𝜂∗ >=∑
𝜂∗,
𝑛

reflectivity factor < 𝑍∗ >= 10 ⋅ log (𝜆 < 𝜂∗ >
𝜋 |𝐾 | )

Doppler velocity < 𝑣∗, >=∑
𝜂∗,
𝑛 𝑣 , /< 𝜂∗ >

Doppler spectral width < 𝜎 ,∗, >=∑
𝜂∗,
𝑛 (𝑣 , − < 𝑣∗, >) /< 𝜂∗ >

differential reflectivity < 𝑍 >= 10 ⋅ log (< 𝜂 > / < 𝜂 >)

Table 5.1: List of radar observables and their calculations. For the radar reflectivity ∗ the sum-
mation is over all particles and subvolumes (see Eqs. 5.5 and 5.6). Here is the dielectric factor of
water, and , is the Doppler velocity of a particle. More details on radar observables can be found in
textbooks, such as Bringi and Chandrasekar (2001) or Doviak and Zrnić (1993).

A list of commonly used radar observables is given in Tab. 5.1. These radar
observables are relevant for different applications, such as rainfall estimation (e.g.
based on < 𝑍∗ >), wind vector estimation (< 𝑣∗, >), effective raindrop size esti-
mation (< 𝑍 >), and turbulence intensity estimation (< 𝜎 ,∗, >).

Doppler spectral density bin < 𝜂∗, , >= ∑
, ,

𝜂∗,
𝑛 /(𝑣 − 𝑣 )

spectral differential reflectivity
bin

< 𝑍 , , >= 10 ⋅ log (< 𝜂 , , > / < 𝜂 , , >)

Table 5.2: Radar Doppler spectra calculations. The Doppler spectrum consists of velocity bins, for which
the formulas are given here. For each velocity bin the radar observable is calculated, where subscripts
and indicate the part of the velocity spectrum that is used in the calculation. Scaling with the velocity
interval width then leads to the Doppler spectral density.

Next to the common radar observables, the radar Doppler spectra can be mea-
sured and modeled, with the difference that the common radar observables are
separated into velocity bins. These definitions are given in Tab. 5.2. In this work,
the Doppler spectrum is scaled by the inverse of the interval length (𝑣 − 𝑣 ) .
Therefore, it is called the Doppler spectral density, which is convenient as it makes
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Doppler spectra comparable, regardless of the number and widths of intervals. Also,
the spectra can be used in retrieval techniques, such as a retrieval technique for
the raindrop size distribution (e.g. Unal 2015).

For the cross sections 𝜎∗ in Eq. 5.7, calculations from Mishchenko (2000) or
De Wolf et al. (1990) are used. Cross sections from Mishchenko (2000) have the
advantage that they do not apply the Rayleigh assumption, and in the calculations
the full polarimetric amplitude matrix for non-spherical particles is obtained. This
means that there is the possibility to calculate the co-polar and cross-polar corre-
lation coefficients. For most applications, usage of the full polarimetric amplitude
matrix is unnecessary and the Rayleigh approximation can be used. In that case,
the faster calculations from De Wolf et al. (1990) are preferred.

The radar forward model that is used here, and which was developed in this
work, is implemented in the “Zephyros” software package (Zephyros is a Greek wind
God). This software package can be used for the simulation of radar observables,
and the development of radar-based retrieval techniques. This software package
can be found on GitHub, and is written mostly in C, partly in FORTRAN, and has
interfaces to Python and Matlab.
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5.3. Turbulence models
In radar forward models, turbulence models are used to account for the influence of
turbulent motion of particles on the radar observables. The most common approach
to do this, is to enlarge the Doppler spectral width, and/or to convolute the Doppler
velocity spectra to enlarge the spectrum width (Borque et al. 2016; Bouniol et al.
2004; Doviak and Zrnić 1993; Kollias and Albrecht 2000; Shupe et al. 2012). There
has been done little research effort to challenge this common approach.

An alternative to this approach, is to use a stochastic turbulent wind vector field
to simulate the radar observables. A stochastic approach can not be used in a
retrieval technique, as it would lead to unstable results in a fitting algorithm. But
such an approach can be helpful to develop more advanced parameterized turbu-
lence models for the radar forward model. In contrast to a stochastic approach,
the non-stochastic turbulence model always has the same outcome for the same
turbulence intensity, but the result is artificial and not very realistic.

For a retrieval technique, a non-stochastic turbulence model has to be used,
because otherwise the fitting algorithm becomes unstable. Therefore, the chal-
lenge is to develop a non-stochastic turbulence model that can be used to model
radar observables (𝑍, 𝑍 , etc.), which has the same dependencies on turbulence
intensity as the stochastic turbulence model.

In this section, first a few stochastic turbulence models are used to simulate
radar observables. Consequently, a novel implementation is developed that is ca-
pable of reproducing radar observable dependencies on turbulence intensity.

5.3.1. Stochastic turbulence models

Figure 5.2: Schematic overview of turbulence models with increasing complexity.

A schematic overview of stochastic turbulence models, with increasing complex-
ity, is given in Fig. 5.2. In this work, the most basic turbulence models are used,
the so-called homogeneous isotropic turbulence (HIT) models, which are based on
the Kolmogorov -5/3 power law. The HIT models are convenient to use, because:

1. They are very fast in comparison to numerical models that solve the Navier-
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Stokes equations, such as direct numerical simulation (DNS) or large eddy
simulation (LES). Therefore, numerous realizations and experiments can be
made.

2. They produce wind fields that satisfy the Kolmogorov power law at all locations
in the field (homogeneous), and are similar for different directions (isotropic).

The last reason is important for simulation of radar-based EDR retrieval tech-
nique results, because a discrepancy between the input parameters for the sim-
ulation and the simulated retrieved parameters, such as EDR, can then be more
easily explained. The simplicity of these models enhances the possibility to trace
artifacts that appear in the resulting retrieved values of turbulence intensity. With
more complex turbulence models (e.g. DNS/LES), the intermittency of turbulence
intensity complicates this possibility to trace artifacts due to the radar measurement
principles.

There are some differences in the available HIT models. The resulting turbulent
wind vector produced by the different models are shown in Fig. 5.3. The consid-
ered HIT models and their abbreviations used here in further discussions include:
Mann (1998) (MA98), Careta and Sagues (1993) (CA93), Pinsky and Khain (2006)
(PI06), and Oude Nijhuis et al. (2014b) (CTM14). The most notable difference in
the resulting turbulent wind vectors is the dimensionality, which is 3D for MA98, 2D
for CA93/PI06, and 1D for CTM14.

One of the preferred models is MA98, because it simulates all three dimensions.
By using MA98, any confusion with the simulation results due to the orientation
of the radar with respect to the wind field is avoided. However, the simulation of
three dimensions is consuming a lot of memory, and as a result the numerically
resolved spatial scales are limited. In some specific cases with a specific research
question, another model can then be preferred. For example, when the goal is to
study phenomena in just one dimension with a wide range of spatial scales. In such
a case, computational efficiency limits the usage of 3D HIT models with a broad
domain of resolved spatial scales, and a 1D-HIT-model becomes useful.

The stochastic turbulence models produce wind fields, from which the appear-
ance of turbulence in radar observables can be computed. In addition, the inertia
effect can be accounted for using the methods proposed in Ch. 2. This is achieved
by calculation of the inertial velocity term for an ensemble of particles, as a function
of turbulence intensity with different values, and placed at different locations in the
radar resolution volume. The additional velocity difference due to relaxation, �⃗� , is
found by solving the equations of motion over its backward trajectory. The details
for the calculation of a backward trajectory, and the estimation of the additional
velocity due to relaxation can be found in chapter 2.

5.3.2. Non-stochastic turbulence models
Here two non-stochastic approaches are explained to simulate turbulence in radar
observables. The first approach, which is the state-of-the-art (e.g. Doviak and Zrnić
1993), can be characterized as “smoothing/smearing” the radar spectrum with a
turbulence term. The second approach, which is a novel approach developed in
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(a) MA98 (Mann 1998) (b) CA93 (Careta and Sagues 1993)

(c) PI06 (Pinsky and Khain 2006) (d) CTM14 (Oude Nijhuis et al. 2014b)

Figure 5.3: Stochastic turbulence models. Results are plotted for different implementations of HIT
turbulence models. (a) MA98 from Mann (1998): A 3D wind field is made via a spectral tensor. Typically
used in wind engineering. (b) CA93 from Careta and Sagues (1993): A divergence free 2D wind field
is created via transformation from an auxiliary random scalar. Used in studies of diffusion processes.
(c) PI06 from Pinsky and Khain (2006): A 2D windfield is obtained that obeys the continuity equation.
Used for simulation of droplet tracks. (d) CTM14 from Oude Nijhuis et al. (2014b): A 1D windfield is
produced with a large dynamic range (mm-km scale). Used for turbulence intensity retrieval technique
studies. All these stochastic turbulence models have a periodic domain and do not simulate boundary
layers.

this work, takes into account the orientation of particles.

Common approach
A common way how turbulence is modeled in radar observables is by adding a tur-
bulence spectral width term to the radar Doppler spectral width, and with regard to
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the Doppler spectra by a convolution, which results in smoothening and broadening
of the radar Doppler spectra. For the Doppler spectral width, such a calculation can
be formulated as, with regard to the formulated forward model in section 5.2:

< 𝜎 ,∗, >=∑
𝜂∗,
𝑛 [𝜁 , 𝜎 + (𝑣 , − < 𝑣∗, >) ]/< 𝜂∗ > , (5.8)

where 𝜁 , is the inertia correction for particle 𝑖, and 𝜎 is the turbulence spectral
width without inertia correction. The addition of the inertia correction term, 𝜁 , , is
a novelty and generalization in this work, with respect to the state-of-the-art. In
the case that 𝜁 = 1, there is no correction.

The radar Doppler turbulence spectral width for air motions without the influence
of raindrop inertia 𝜎 can be calculated as:

𝜎 = 𝐶𝜖 /

4𝜋 𝐼, (5.9)

where 𝐶 is a Kolmogorov constant, 𝜖 the energy dissipation rate, and 𝐼 is an integral
for which we refer to White et al. (1999). The integral 𝐼 takes the radar instrument
characteristics into account.

The radar reflectivity for a velocity bin is calculated as:

< 𝜂∗, , >= ∑
, ,

𝜂∗,
𝑛 𝑓(𝐷 , 𝑣 , 𝑣 )/(𝑣 − 𝑣 ), (5.10)

where 𝑓(𝐷 , 𝑣 , 𝑣 ) is the fraction of Doppler velocities that are between 𝑣 and
𝑣 (see also Tab. 5.2). Note that the combination of velocity bins make up the
spectrum. To include turbulence in the spectrum, the assumption is made that for
each particle with a certain non-turbulent velocity, a turbulent velocity can be added
that has the characteristic of a normal distribution with a zero mean and a standard
deviation that is related to the turbulence intensity. The function 𝑓(𝐷 , 𝑣 , 𝑣 ) can
then be calculated with the cumulative normal distribution function 𝐹(𝑥|𝜇, 𝜎) with
mean 𝜇 = 𝑣 , and standard deviation 𝜎 = 𝜁 , 𝜎 as:

𝑓(𝐷 , 𝑣 , 𝑣 ) = 𝐹(𝑣 |𝑣 , , 𝜁 , 𝜎 ) − 𝐹(𝑣 |𝑣 , , 𝜁 , 𝜎 ). (5.11)

An advantage of this formulation is that the fall velocity and cross section are still in
symbolic form. They are not convoluted by integrals, which would limit the choice
of cross section and/or terminal fall velocity calculations. Therefore, any cross
section implementation can be used here, such as the Mie cross sections from
Mishchenko (2000).

Ensemble of isotropic vectors approach
In the “ensemble of isotropic vectors” approach, for each particle, an ensemble of
velocity vectors is used. A vector �⃗� ,∗ is calculated as:

�⃗� ,∗ = �⃗� + �⃗� + �⃗� ,∗. (5.12)
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This ensemble of 3D unit directions covers all possible directions. For each unit
vector �̂�∗ , a turbulence velocity vector �⃗� ,∗ is calculated:

𝑣 ,∗ = 𝜁 𝜎 √3�̂�∗. (5.13)

In this model, the Doppler spectral width is increased by 𝜁 𝜎 , which is consistent
with the state-of-the-art approach that adds a turbulence term to the Doppler spec-
tral width. The difference with the state-of-the-art broadening calculations is that
the particle orientation variation, caused by turbulence, is taken into account. The
assumption made here is that the particle symmetry axis (/minor axis) is always
parallel to the particle velocity vector (𝑣 ,∗). This methodology is demonstrated
in Fig. 5.4. Additionally, this method implicitly models the raindrop canting angle

0.1 mm 1.0 mm 5.0 mm

light turbulence,

ζIσT = 0.1 ms
−1

.

heavy turbulence,

ζIσT = 2.0 ms
−1

.

Figure 5.4: Illustration of the ensemble of isotropic vectors approach. In this 2D illustration
(in reality 3D) an ensemble of particle orientations, representative for raindrops, is shown as a function
of turbulence intensity and drop size. The relative sizes of the terminal fall velocity, air velocity and
turbulence velocity determine the variation of orientations, and therefore, the polarimetric characteristics
in the radar observables.

distribution. This is achieved because in the model each particle has an exactly
defined orientation.

Although the ensemble of turbulence vectors (�⃗� ,∗) covers all directions, the
resulting ensemble of particle orientation vectors can either cover some segment
of directions, or have a very specific direction, depending on the relative size of
the terms for terminal fall velocity, wind velocity and turbulence velocity. This is
illustrated in Fig. 5.4.

Now that we have a newmodel for non-stochastic turbulence, the next challenge
is to examine whether it is reliable, by doing simulations. This is part of the next
sections and future research. A further extension of the “ensemble of isotropic
vectors” approach is the usage of different magnitudes of the turbulence vector
�⃗� ,∗, such that it can represent a distribution of kinetic energy.
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5.4. Simulations
Given the radar forward model and a specific implementation of turbulence, we can
get an idea how radar observables are influenced by turbulence. The main reason
to do this is to learn from these simulations, and come up with recommendations
on how to optimize turbulence intensity retrieval techniques. More specifically, we
desire to have a tool to analyze the influence of turbulence intensity on radar ob-
servables, and see if the results depend on the specific HIT model that is used.
Further, we would like to see whether it is possible to simulate the stochastic fea-
tures of turbulence with a non-stochastic turbulence model that can be used in tur-
bulence retrieval techniques. Essentially, we are thus looking for a non-stochastic
model of turbulence in a radar forward model that is the best in simulating radar
observations.

Here we use the novel non-stochastic turbulence model that was introduced in
the section before, the ensemble of isotropic vectors approach, and try to validate
this model by comparing features in the radar observables with a few stochastic
turbulence models. Also, the implicitly produced canting angles are compared for
the different turbulence models. In addition, a few simulations are performed to
qualitatively optimize turbulence intensity retrieval technique parameters.

5.4.1. Turbulence in scanning radar observables
Simulation details
Here we explore how turbulence looks in the radar mean Doppler velocities and
radar Doppler spectral widths for a scanning radar for different turbulence wind
field simulations, both stochastic and non-stochastic.. The details of the simulations
are as follows: The radar frequency used is S-Band (3.298 GHz), a liquid water
content is used of 1 g m , and a raindrop size distribution with gamma distribution
parameters of 𝜇 = 5 and 𝐷 = 2 mm. The radar resolution parameters are of a
hypothetical radar, with a full width halve maximum (FWHM) radar beamwidth of
2.1 ∘, and a range resolution of 30 m. In the simulations, a radar antenna elevation
angle of 0∘ has been used to avoid the additional terms due to raindrop terminal
fall velocities.

It is convenient to start with relatively simple simulations, which will become
more complex in the following parts. Regarding mean Doppler velocity and Doppler
spectral width, a non-zero elevation looking angle of the radar antenna would lead
to contributions from raindrop terminal fall velocities, which make the results harder
to interpret. The simulated mean Doppler velocity and Doppler spectral width for a
elevation looking angle of 0 ∘ are not so sensitive to the radar frequency or raindrop
size distribution parameters. Therefore, these simulations are representative for
many scanning radars, having other frequencies or other raindrop size distributions.

In the simulations, no noise is added to the simulations, as it could be confused
with the influence of turbulence. The influence of raindrop inertia is not taken into
account in the simulations here yet. The turbulence wind fields have been used
that were described in the previous section (see Fig. 5.3).
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Results
In Fig. 5.5 the turbulence signal is shown in the Doppler velocities, and in Fig.
5.6 the Doppler spectral widths, for different turbulence implementations. They
demonstrate how turbulence looks like in radar observables.

There are some differences in radar observables for the different HIT models,
which can be attributed to their implementations. For example, CTM14 simulates
a 3D turbulent wind velocity in one dimension, which results in an artificial similar-
ity for the non-simulated direction. Although CA93 and PI06 are 2D simulations,
it is impossible to see this in the simulated scanning radar observables. The non-
stochastic turbulence model (PA15) is clearly different in the resulting radar observ-
ables from the others. This non-stochastic turbulence model gives a zero Doppler
mean velocity, and a smooth field in the Doppler spectral width. The non-stochastic
turbulence model has thus no features of turbulence intermittency (random irregu-
larities). So, by interpreting the resulting figures quantitatively, it is concluded that
the implementation of Mann (1998) is preferred for stochastic turbulence simula-
tions, as it simulates a wind field in all three dimensions, which is the most realistic.
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Figure 5.5: Horizontal scanning radar simulations. Doppler velocities are plotted for a radar that
scans in the xy-plane (radar antenna elevation looking angle is 0 ∘), for different turbulence implementa-
tions in the radar forward model. The turbulence intensity (EDR) is 0.1 m s . The abbreviations refer
to the turbulence model that is used (see Fig. 5.3, PA15 refers to the “ensemble of isotropic vectors”
model).
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Figure 5.6: Horizontal scanning radar simulations. The Doppler spectral widths are plotted for a
radar that scans in the xy-plane (radar antenna elevation looking angle is 0 ∘), for different turbulence
implementations in the radar forward model. The turbulence intensity (EDR) is 0.1 m s . The ab-
breviations refer to the turbulence model that is used (see Fig. 5.3, PA15 refers to the “ensemble of
isotropic vectors” model).
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5.4.2. Turbulence in polarimetric radar observables
Simulation details
For the simulation of turbulence in polarimetric radar observables, an antenna radar
elevation looking angle of 45 ∘ is used. This is necessary for the radar to be sensitive
to the particle orientations. For the radar instrument details, the features of TARA
are used (Heijnen et al. 2000), which are: an S-band radar frequency (3.298 GHz), a
full width halve maximum (FWHM) radar beamwidth of 2.1 ∘, and a range resolution
of 30 m. Further, a liquid water content is used of 1 g m , and raindrop size
distribution with gamma distribution parameters of 𝜇 = 5 and 𝐷 = 2 mm.

In these simulations, the emphasis is on the dependencies of radar observables
to the turbulence intensity, which can be useful in model-based parameter estima-
tion of EDR. In the simulations the symmetry axis (/minor axis) of the raindrops is
oriented parallel to the direction of their velocity, which is the sum of the terminal
fall velocity and the simulated turbulent wind velocity.

Sensitivity of polarimetric radar observables to turbulence intensity

Results
In Fig. 5.7 the simulated polarimetric radar observables are shown for different
turbulence intensities. As expected, the Doppler spectral width increases with larger
EDR. However, for the stochastic turbulence model there is some variation in the
results, which is most likely due to turbulence intermittency.

For the polarimetric radar observable 𝑍 , only a very weak dependence on
turbulence intensity is found, which is only present for strong turbulence (EDR
values larger than 10 m s ). The dependence of 𝑍 on the median raindrop
size is much stronger (Brandes et al. 2004), in comparison to the dependence of
𝑍 on turbulence intensity shown here. It can thus be expected that it is difficult
to estimate turbulence intensity from 𝑍 . With regard to quantitative precipitation
estimation (QPE) based on 𝑍 , it can be expected that a bias can be expected in
the case of strong turbulence.

For 𝐿 a nice linear relation is demonstrated with the simulations, and could
thus be very useful as an estimator for turbulence. However, a problem is that
the demonstrated values are below the level of what a radar can typically measure
(approximately -30 dB), and would thus require a very sensitive radar (read: very
costly).

From these simulations, we can derive that the polarimetric radar observables
𝑍 and 𝐿 are not useful for radar-based turbulence estimation. With regards to
improvement of radar-based estimation of raindrop size distributions or QPE (e.g.
Kowalewski and Peters 2010; Zhang et al. 2001), there is potential to take the
uncertainty that turbulence creates in polarimetric radar observables into account.
For example by exploiting that the radar observable 𝑍 is likely to be more accurate
at locations with low turbulence intensity.

With these simulations, it is shown that the ensemble of isotropic vectors ap-
proach produces qualitatively the same dependencies of radar observables for tur-
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Figure 5.7: Sensitivity of polarimetric radar observables to turbulence intensity for a non-
stochastic, ensemble of isotropic vectors approach (blue line), and a stochastic approach (Mann 1998)
(black lines) in the radar forward model. The radar measure with an elevation looking angle of 45 ∘,
and the turbulence intensity (EDR) is varied in these simulations. Shown are: (a) the Doppler spectral
width [m s ], (b) [dB], and (c) [dB] as a function of the energy dissipation rate (EDR). In these
simulations, , mm, and the inertia correction is not applied ( ).

bulence intensity as stochastic turbulence implementations. However, more re-
search is required to demonstrate that this can be useful in radar-based turbulence
intensity estimation, because there are uncertainties due to the turbulence nature.
Further, the sensitivity of 𝑍 to turbulence intensity is too weak in comparison
to the sensitivity of 𝑍 with raindrop size distribution parameters. For 𝐿 the
sensitivity to turbulence intensity is too weak to measure.
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Canting angles
The polarization scattering properties of active radar signals in a medium with scat-
tering particles are determined by the particle shapes and their orientations (e.g.
Beard et al. 2010; Beard and Jameson 1983). With regard to precipitation, this is
quantified by the canting angle, which is the orientation of a particle with respect
to a reference orientation. Raindrops are normally expected to fall with their flat
bottom towards the surface (as a pancake), and in this case the raindrop symmetry
axis and the vertical direction are aligned. In the case of shear or turbulence, the
canting angle can be changed, and can thus also alter the polarization properties
of the backscattered radar signals. Here we give an impression of how turbulence
intensity influences the canting angles of raindrops for the described turbulence
models. It is in particular interesting to see how canting angles are modeled in the
novel turbulence model, the ensemble of isotropic vectors approach.

In this work the canting angle is defined as the angle between the symmetry
(/minor) axis of a raindrop and the vertical direction �̂� :

𝛽 = cos
�⃗� ⋅ �̂�
|�⃗� ||�̂� | , (5.14)

where �⃗� is the particle velocity (see Eq. 5.12), which is assumed to be aligned
with the spheroid vertical symmetry axis. For an ensemble of particles, the canting
angle spread is calculated as the standard deviation of 𝛽:

𝜎 = STD(𝛽). (5.15)

Note that 𝜎 is independent with respect to the reference orientation.
Here we are mostly interested in the canting angle spread, because this vari-

able is influenced by the turbulence intensity. The value of 𝜎 is determined by the
relative size of turbulence velocities, which have random orientations, in compari-
son to the terminal fall velocity, which has a fixed orientation and depends on the
equivolumetric drop size. It can be expected that for calm conditions, the raindrop
orientations have little variation and have a low value 𝜎 . For more turbulent condi-
tions, it is expected that 𝜎 is higher due to more spread in the particle orientations.
To make fair comparisons, it has to be asserted that the canting angle spread is
independent of other particle variables or radar instrument parameters, such as the
particle shape, the particle size, or the radar antenna orientation.

Results
In Fig. 5.8 the canting angle spread is shown for the novel non-stochastic tur-
bulence model (the ensemble of isotropic vectors approach) and for the stochastic
turbulence model from Mann (1998). For reference, the canting angle spread is
also shown for 2-D video disdrometer (2DVD) measurements. In all the figures,
the canting angle spread 𝜎 is plotted as a function of equivolumetric drop size
diameter, which asserts that this parameter is independent of the particle size. For
the raindrops, it is assumed that the shape is always a spheroid, determined by
the equivolumetric drop size, where in this work the relation is used from Beard
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Figure 5.8: Canting angle spread for (a) a stochastic turbulence model from Mann (1998), (b) a novel
non-stochastic turbulence model (ensemble of isotropic vectors approach), and (c) from in situ data.
The bottom figure is adapted from Beard et al. (2010). In these figures inertia is not included ( ).

and Chuang (1987). In the simulations, as well as the measurements, the canting
angle spread decreases for large equivolumetric drop sizes. This is as expected,
as the terminal fall velocity will be larger, which can be interpreted as a more ver-
tically preferential particle orientation. For the stochastic turbulence model, a few
realizations are shown for the same turbulence intensity, which demonstrate the
variability in the results due to the stochastic nature of turbulence. For the non-
stochastic turbulence model, quite similar results are found, which demonstrates
that the model is consistent with the stochastic model.

Also, the measurements from the literature are consistent with the turbulence
models, although the turbulence intensity was not measured. From in situ obser-
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vations of canting angle spread (Fig. 5.8c) and using a qualitative comparison with
the other figures (Fig. 5.8a and (b)), we can estimate that the turbulence intensity
was around 𝜖 = 0.1 m s for the 2DVD measurements (inertia effect not consid-
ered). This result is promising, because it demonstrate that the novel model for
turbulence can be useful in further applications.

What do these new results imply? In most of the state-of-the-art implemen-
tations of turbulence in radar observables that use the broadening/smoothing ap-
proach, there is no dependency between the orientations of particles and turbu-
lence intensity (e.g. Doviak and Zrnić 1993). By the development of models for
polarimetric radar observables, that include a dependency on turbulence intensity,
retrieval techniques of turbulence intensity but also other parameters such as rain-
fall rate might become more accurate. The simulations have shown that it possible
to include turbulence intensity in a novel manner with the ensemble of isotropic
vectors approach. In particular, a comparison of the canting angle spread of mod-
els with measurements can be useful in further research for the validation and the
development of radar forward models. It could be interesting to perform the 2DVD
measurements again, but with inclusion of in situ turbulence intensity measure-
ments. It would also be interesting to make comparisons with older work from
(e.g. Beard and Jameson 1983), which claims to have found consistency of theo-
retical and measurements of rather small canting angle spreads of about 2 ∘ due to
turbulence.

5.4.3. Optimization of retrieval technique parameters
Here we use relatively simple experiments to formulate recommendations for turbu-
lence intensity retrieval techniques. An essential problem with turbulence intensity
retrieval techniques is that there is no reference to true EDR. Therefore, it makes
sense to simulate EDR retrieval techniques, and study the influence of radar instru-
ment parameters and retrieval technique settings on the retrieved EDR values. The
goal is to give a qualitative picture of optimal parameters for retrieval techniques,
by applying EDR retrieval techniques to simulated turbulent wind vector fields, and
estimate the bias in retrieved EDR values for radar and sonic anemometers,

The bias and precision of retrieved EDR values from the simulated measure-
ments are studied to synthesize recommendations for EDR retrieval techniques. In
this small theoretical study, a turbulence wind field is created by using the cascade
turbulence model (Oude Nijhuis et al. 2014b). In the cascade turbulence model,
3D turbulent wind vectors are simulated along one dimension, given a prescribed
turbulence intensity (EDR), and 𝑙 , , the maximum length scale of the inertial
range. The advantage of this relatively simple turbulence model is that a wide range
of spatial scales can be resolved (details in Oude Nijhuis et al. (2014b) and section
5.3.1). A disadvantage is that the simulation experiments are limited to just one di-
mension. The simulated wind field fluctuations are in the horizontal direction. This
allows to use the vertical wind velocity variance (VWVV) technique (see section
3.2) for retrieving EDR, or more advanced techniques that use the second-order
structure function, or the power spectrum.

Four experiments are conducted that will give an idea of the influence of mea-
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suring with a certain configuration using either a sonic anemometer or a radar
instrument. The first two experiments consider EDR retrieval techniques, without
considering the instrument measurement principles. They are thus representative
for potential issues of sonic anemometers and Doppler radars. In the first exper-
iment the influence of the number of samples used in the retrieval technique is
simulated. In the second experiment, the influence of not measuring in the inertial
range is simulated. Then, some specific features of the radar instruments are stud-
ied. In the third experiment, the influence of spatial averaging due to the radar
beamwidth and a cloud structure is studied. And in the fourth experiment, the
influence of noise is simulated. In these experiments, the influence of measuring
from raindrops is not considered (raindrop terminal fall velocity, raindrop inertia),
and can be found in other sections of this work.

Experiment 1: influence of the number of samples
In this experiment the number of samples is varied for different EDR retrieval tech-

Figure 5.9: Experiment 1: influence of the number of samples . A series of vertical velocities
from a sonic anemometer is simulated with the cascade turbulence model (Oude Nijhuis et al. 2014b).
The EDR values are retrieved from the vertical velocity variance. The number of samples, , is varied,
which can lead to a bias in measured EDR in case of too few samples.

niques. In Fig. 5.9 the result of the first experiment is shown. The total sampling
time for the vertical velocities is 10 minutes, and the number of samples is varied,
while keeping the time intervals the same. The true EDR value is 10 m s , and
is obtained when sufficient samples are taken for all retrieval techniques. When
the number of samples is too low, e.g. 𝑁 = 5, a bias is obtained in the retrieved
EDR value. When the number of samples is sufficient, 𝑁 > 50, there are no biases
in the variance technique (VVWV) and the structure function technique (SSF). This
is different for the power spectrum EDR retrieval technique, which has a positive
bias, and needs much more samples to achieve consistency with the other retrieval
techniques.
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Experiment 2: measuring outside the inertial range
A problem with EDR retrieval techniques is that it is usually unknown whether

Figure 5.10: Experiment 2: measuring outside the inertial range. A series of vertical velocities
from a sonic anemometer is simulated with the cascade turbulence model (Oude Nijhuis et al. 2014b).
The EDR values are retrieved from the vertical velocity variance. In this experiment vertical velocity
measurements are simulated outside and inside the inertial range.

the measurements are performed in the inertial range of the turbulence energy
spectrum, i.e. whether the Kolmogorov -5/3 power law applies to the measured
velocities. Therefore, in this experiment such a mismatch is created artificially.

In Fig. 5.10 the result of this experiment is shown, where there is a mismatch of
the maximum length scale of the inertial range between the simulation and retrieval.
In this experiment there are 100 samples, the total sampling time interval is 10 min-
utes, and the horizontal wind speed is 10 m s . There is no noise added to the
measurements, or spatial averaging applied to the simulated measured velocities.
The inertial range is modified, by varying the maximum spatial scale in the inertial
range 𝑙 (see Fig. 3.2, 𝑙 = 𝜆 ). In this experiment, there is a mismatch
between the maximum spatial scale of the inertial range in the retrieval 𝑙 , ,
and the maximum spatial scale of the inertial range in the simulation 𝑙 , . If
𝑙 , > 𝑙 , , the measurements are performed outside the inertial range.
And if 𝑙 , < 𝑙 , , the measurements are inside the inertial range. The
fraction 𝑙 , /𝑙 , is plotted on the x-axis, so on the left side the measure-
ments are inside the inertial range, and on the right side the measurements are
outside the inertial range.

A somewhat surprising result is that the different EDR retrieval techniques are
almost always consistent (except for a small bias), even when the measurements
are performed outside the inertial range. Therefore, consistency of retrieved EDR
values, retrieved with different retrieval techniques does not prove that the mea-
surements are in the inertial range. What we can learn from these simulations, is
that another method is required to validate if the velocity measurements are in the
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inertial range of the turbulence energy spectrum. For example by calculation of the
power spectrum of wind speeds (see e.g. 3.8).

Experiment 3: influence of spatial averaging

Figure 5.11: Experiment 3: influence of spatial averaging. A series of vertical velocities measured
with a radar is simulated with the cascade turbulence model (Oude Nijhuis et al. 2014b). The EDR values
are retrieved from the vertical velocity variance. A cloud structure (Hogan and Kew 2005) is added in
the simulations, and the radar beamwidth is varied in the simulations.

In the third experiment, the influence of spatial averaging is considered. This
can be relevant when the radar cells are only partially filled, due to inhomogeneous
rain fields. In Fig. 5.11, the result of the third experiment is shown, which demon-
strates the dependence of retrieved EDR values on spatial averaging and data gaps.
The number of samples used was 100, the total sampling time was 10 minutes, and
the horizontal wind speed was 10 m s . Note that the spatial scale and the time
scale are linked via the Taylor hypothesis of frozen turbulence (see e.g. (Taylor
1938), or discussion in Chapter 3). In the simulations no noise is added and the
radar beamwidth full width halve maximum (FWHM) is varied, which is then plotted
on the x-axis. The reference true value for EDR is 0.1 m s . In this experiment
a modeled stratocumulus cloud from Hogan and Kew (2005) is used (or not) in
the simulations, which gives some variation in reflectivity and some data gaps. It
is found that EDR values for all retrieval techniques are rather well retrieved, and
the cloud structure or the weighting of the radar power pattern does not raise any
concerns with these retrieval techniques. This result might depend on the fact that
no noise was added, and that the total sampling scale was much larger than the
radar resolution volume.

Further research is required to validate these findings. It would be interesting
to see how the radar beamwidth influences EDR retrieval techniques that are ap-
plied on the small resolution volume scale. Next to that, a few alternative cloud
simulations are necessary to validate the influence of data gaps due to different
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cloud types. Also, note that the used cloud model from Hogan and Kew (2005)
is not very representative for the radar, as it simulated stratocumulus clouds, for
which many radars are not sensitive. On the other hand, it can be expected that
rain from stratocumulus clouds has a similar spatial structure, but this has to be
further investigated.

Experiment 4: influence of noise

Figure 5.12: Experiment 4: influence of noise. A series of vertical velocities measured with a radar is
simulated with the cascade turbulence model (Oude Nijhuis et al. 2014b). The EDR values are retrieved
from the vertical velocity variance. In these experiments noise is added to the measurements and the
signal-to-noise-ratio (SNR) is varied. In the right side there is mostly a turbulence signal (almost no
noise), and in the left side there is mostly a noise signal (almost no turbulence signal).

In the last experiment, the influence of noise in the radar measurements is
considered with regard to measuring EDR. In Fig. 5.12 the result of the fourth
experiment is shown. In this experiment, noise with different levels of intensity
is added to the radar measurements. The number of measured Doppler velocity
samples used is 100, and the total sampling time interval is 10 minutes. The results
have been performed for two EDR truth values of 10 and 10 m s . In the
figure, the signal-to-noise ratio (SNR) is varied on the x-axis. This means that on
the left side the measurements consist mostly of noise, and on the right side the
measurements consist mostly of the turbulence signal. The result is as expected:
the EDR is well retrieved for sufficient SNR (> 1e2 = 20 dB), or it is compromised in
the limit of low SNR (< 1e1 = 10 dB). There is an exception for the power spectrum
retrieval technique, where a much higher SNR is required of 1e3 = 30 dB.

Discussion of the experiments
We have seen that due to turbulence intermittency random discrepancies can exist
in retrieved EDR values of up to 100%. For common EDR retrieval techniques
(VWVV, SSF) 50 samples should be sufficient. When there is consistency of retrieved
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EDR values from different retrieval techniques, it has not been proven that the
measurements are in the inertial range of the turbulence energy spectrum. This
means that for an accurate estimation of EDR, always some means are necessary to
estimate the wind speed power spectrum. From the available methods, the power
spectrum is most challenging, because for consistency a high SNR is required and
a high number of samples.

In general, a qualitative picture has been given for the sensitivity of some es-
sential parameters in turbulence intensity retrieval techniques, which can be used
to enhance them. Further research is required to test the retrieval techniques for
other cloud types, and also for other total sampling times.

5.5. Application to the TARA radar
Here turbulence intensity profiles are estimated from radar Doppler measurements
during rain at relatively small spatial scales from the TARA radar (Heijnen et al.
2000), including a correction for the raindrop inertia effect. In a case study, TARA
measurements were used during the ACCEPT campaign, with a radar antenna ele-
vation looking angle of 45 ∘. The research question that is addressed here is:

• Can we accurately measure EDR from this FMCW precipitation profiling Doppler
radar during rain at the radar resolution volume scale?

To answer this question, the following steps are taken:

1. estimation of the raindrop size distribution (DSD),

2. application of the raindrop-inertia-correction model,

3. estimation of turbulence intensity (EDR), and

4. validation of the results with EDR values from in situ sonic anemometer mea-
surements.

The instruments that have been used are shown in Fig. 5.13, which consist of
the TARA radar, the sonic anemometer for in situ EDR validation (see Chapter 3 for
details), and the Parsivel sensor (Tokay et al. 2014) that can measure the drop size
distribution locally.

A major challenge is how to obtain an accurate estimation of the DSD, which can
be based on the radar measurements, or can be based on the in situ ground-level
measurements. Note that the DSD estimation is not the major challenge addressed
in this work, and simply state-of-the-art works have been used for this. In Tab. 5.3,
two commonly used radar-based DSD techniques are given, that use either only the
reflectivity (Marshall and Palmer 1948), or both reflectivity and differential reflectiv-
ity (Brandes et al. 2004). Typically, these radar-based rain DSD retrieval methods
are applied via analytical relations, e.g. a Z-R relation. In this work the methods
of (Marshall and Palmer 1948) and (Brandes et al. 2004) have been applied via an
routine were the fit parameters are obtained via a fit of the modeled reflectivity
(and differential reflectivity) to the measured radar observables (see Fig. 5.1 for
details).
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(a) TARA radar (b) Parsivel sensor

(c) Sonic anemometer

Figure 5.13: Instruments used for this case study: (a) the TARA FMCW precipitation profiling S-
band Doppler radar (Heijnen et al. 2000; Unal et al. 2012), (b) a Parsivel sensor, located at ground level
during the ACCEPT measurement campaign, providing in situ DSD measurements (Tokay et al. 2014),
and (c) Gill R3-100 sonic anemometers, attached to levers from the meteorological 200 m research
tower in Cabauw at several altitudes (Ulden and Wieringa 1996).

fitted model
A. Marshall-Palmer 𝐿 . . ,
B. Constraint-gamma 𝐿, 𝐷 . . .

Table 5.3: Two radar-based retrieval techniques of gamma drop size distribution (DSD) pa-
rameters. In A. the rain water content [mg m ] is fitted from the radar reflectivity, with the model
from Marshall and Palmer (1948). In B. also the gamma distribution parameter is fitted from the
differential reflectivity, via the model adopted from Brandes et al. (2004).

Please note that the resulting rain DSDs are not any different than the ones
that would be obtained with the analytical relations. However, in optimal estimation
techniques, it is common to fit and use physical parameters, which are independent
from the radar measurements, and it is convenient that the radar forward model
takes into account the instrument features. As an example to illustrate why optimal
estimation is better to use: in the literature there exist relations to estimate the rain
DSD from 𝑍 for a horizontally scanning radar, but such a relation will be erroneous
when the radar antenna elevation looking angle is changed. When a radar forward
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model is correctly used, such an error would not be easily made.
In addition, two alternatives for the DSD estimation are used which are: in situ

ground-level measurements from a Parsivel sensor; and a novel radar-based DSD
retrieval technique that uses the Doppler spectrum (Unal 2015).

Retrieved rain DSDs
In Fig. 5.14, the retrieved rain DSDs are shown. For the DSD model from Mar-

(a)

(b)

(c)

Figure 5.14: Estimated drop size distributions. On the y-axis the relative drop size number densities
are plotted against drop size intervals on the x-axis for three different altitudes.

shall and Palmer (1948), the largest number concentration is given to the smallest
droplets. For the other two radar-based DSD estimations, a slightly larger number
concentration is given to larger drops. However, none of the retrieved DSD reflect
the in situ DSD estimation, which has a rather flat distribution.

It can thus be concluded that for this case study (and thus for this specific time),
based on a comparison of estimated DSDs, the radar-based retrieved DSDs are not
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consistent and biased towards smaller droplets.
We further stress here that the measured in-situ DSDs were obtained with 30

seconds of temporal integration. It is part of further research, to extend this com-
parison to more case studies, and to redo this comparison with more spatial and
temporal averaging to overcome issues with measurement representativeness, and
thus gain more confidence in such comparisons.

(a) Doppler spectral width (b) EDR

Figure 5.15: Retrieved profiles. (a) Doppler spectral width profiles, due to raindrop terminal fall
velocities, calculated with the estimated raindrop size distributions (DSDs), without turbulence. (b)
With in situ ground-level DSD, the EDR is estimated, including a correction for raindrop inertia. In
addition, EDR values estimated from sonic anemometers have been plotted (red crosses, STWSV retrieval
technique, details in Chapter 3).

In the next step, given the rain DSD, the Doppler spectral width due to raindrop
terminal fall velocities is calculated. This is shown in Fig. 5.15a.

Note the problem here: If the modeled terminal fall velocity Doppler spectral
width is already larger than the measured Doppler spectral width, there is no turbu-
lence spectral width to estimate (turbulence intensity can not be negative!). There-
fore, the turbulence intensity can not be estimated for this case study. Therefore,
it can be concluded that the state-of-the-art radar-based DSD retrievals - that were
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applied in this case study - are not accurate enough to correctly estimate turbulence
intensity. A solution to this problem requires a more accurate estimation of the rain
DSD, which is outside of the scope of this work.

Retrieved EDR from the Doppler spectral width
Since there are problems with sufficient accurate radar-based estimation of the
radar Doppler spectral width for this case study, a simple workaround solution is
used to estimate EDR from the Doppler spectral width, just for illustration purposes.
The solution is to use the ground-level in situ DSD for the estimation of the tur-
bulence spectral width. It can be expected that this approach may be problematic
in further applications, because the in situ ground-level estimated DSD may not
be representative for the higher altitudes, and often such measurements are not
available. The resulting estimated EDR, both with and without raindrop inertia cor-
rection, is shown in Fig. 5.15. The application of the raindrop inertia correction,
based on Chapter 2, is thus finally demonstrated.

Obviously, more research effort is needed to further improve the accuracy of
EDR estimation at the scale of the radar resolution volume, and in particular with
regard to the modeled radar Doppler spectral width due to raindrop terminal fall
velocities.
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5.6. Conclusions
In this chapter, a novel model for turbulence in radar forward models is proposed:
the ensemble of isotropic vectors approach. This model takes the orientations of
particles into account as a function of turbulence intensity. The novel non-stochastic
turbulence model implicitly produces a relation between turbulence intensity and
particle orientations, the particle canting angles. A novel feature of this approach is
that the polarimetric radar observables, 𝑍 and 𝐿 , then also depend on turbu-
lence intensity, although a direct usage of such a connection is limited due to vari-
ous reasons. This novel model is promising for future applications of more accurate
radar-based retrievals of turbulence intensity and drop size distributions. Additional
observations of simultaneous raindrop particle orientations and turbulence intensity
are, however, necessary to further validate and develop this model.

A qualitative picture was given with simulated theoretical experiments for op-
timal parameters of turbulence intensity retrieval techniques, such as the number
of samples that should be used. The results of these experiments can be used to
apply EDR retrieval techniques in the most optimal way.

In a case study, it was found that the radar-based retrieved DSDs are not yet ac-
curate enough for the estimation of the radar Doppler spectral width component of
raindrop terminal fall velocities. The estimated terminal fall velocity Doppler spec-
tral width was larger than the measured radar Doppler spectral width. Therefore,
the turbulence intensity was too small to measure or, only with in situ rain DSD
estimates, the turbulence intensity profile could be estimated. EDR profiles were
retrieved from the profiling radar, given the in situ DSD, for which it was possible
to demonstrate the raindrop inertia correction.

Further research is recommended for the improvement of radar-based rain DSDs,
and accurate estimation of the radar Doppler spectral width. In particular1, it has
been recognized that the following topics are interesting to consider in more depth.
(*) The relation between the raindrop terminal fall speed and turbulence intensity
(e.g. Bringi et al. 2018; Stout et al. 1995). This should be considered, as mea-
surements suggest that there is a ”slowing down” of the terminal fall speed for a
raindrop with the same equivolumetric drop size for larger turbulence intensities.
This has not been considered in this work (or many other works). (*) Consideration
of application and testing of this study with more sensitive radars and studies with
regard to raindrop canting angles (e.g. Bringi et al. 2008, 2011). (*) The consider-
ation of other scattering calculations for asymmetrical raindrops (e.g. Manić et al.
2018).

1after a global review of this chapter and an extensive discussion with Merhala Thurai and Viswanathan
Bringi
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Application at an airport

In this chapter, retrieval techniques for wind vectors and turbulence inten-
sities are applied to a fast scanning X-band radar and a scanning Doppler
lidar, to demonstrate their application at an airport. This can be seen as an
extension of the work from the previous chapters to a practical application.
The radar measurement used in this chapter, were taken during the Ultra-
Fast Observations (UFO) project trials at the Toulouse-Blagnac airport. In the
UFO project, sensors have been developed that satisfy all the requirements
for current standard operations for monitoring wind hazards at airports as
well as for future advanced dynamic separation concepts. This chapter will
show some of the UFO project results, which consider the application of EDR
and wind vector retrieval techniques to a fast scanning X-band radar and a
scanning Doppler lidar at an airport.

“Transformation to an eco-effective vision doesn’t happen all at once, and it
requires plenty of trial and error - and time, effort, money, and creativity expended
in many directions.” - Cradle to Cradle: Remaking the Way We Make Things.

Parts of this chapter have been published in Oude Nijhuis et al. (2018b) and Oude Nijhuis et al. (2016a).
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6.1. Introduction
The UltraFast wind sensOrs (UFO) project, http://www.ufo-wind-sensors.
eu/, explored the future of sensors for monitoring wind hazards at airports. In
situ, profiling and scanning sensors were developed and used for the retrieval of
wind vectors and turbulence intensity, during trials at Toulouse-Blagnac airport, see
Fig. 6.1. The results of the UFO project are published in a Bulletin of the American
Meteorological Society (BAMS) scientific journal article Oude Nijhuis et al. (2018b),
and in this chapter the relevant results with regard to wind and turbulence intensity
retrieval techniques are given.

Figure 6.1: Impression of the UFO trials at Toulouse-Blagnac airport. In the middle there is the 1.5 m
scanning lidar from Leosphere, and on the right there is the solid-state X-band radar from Thales.

A scanning 1.5 micron coherent Doppler lidar, and a solid state X-Band Doppler
radar have been developed in the UFO project, with improved update rates, spatial
resolution and coverage. In addition, Mode-S data downlinks have been collected
for data analysis. The lidar and radar are complementary, to be able to measure
during both clear air and rainy conditions.

For the implementation of advanced dynamic separation concepts in modern avi-
ation, accurate and frequent wind and turbulent intensity observations are needed
in specific areas, such as the aircraft approach and takeoff paths. Current standards
for monitoring wind hazards at airports - low level windshear alert system (LLWAS)
and in situ sonic anemometer wind measurements - are limited for this purpose,
as they represent surface measurements, which are lacking representativity for
the whole airspace (e.g. Wieringa 1980). To achieve accurate wind information at
higher altitudes, measurements along the aircraft’s approach and takeoff paths are
required. Another purpose of the added measurements is to improve weather fore-
casts, which require more observations for assimilation to do so (Illingworth et al.
2015).

In this chapter, a demonstration is given of what can be obtained with the com-
bination of a modern scanning Doppler lidar and a modern scanning Doppler radar
at an airport. The contents are on a lower level of detail with regard to the pre-
vious dissertation chapters, and the details of the retrieval techniques themselves
can also be found there. First, the retrieved wind vectors are shown and discussed.
Then the retrieved turbulence fields are presented. And finally, the conclusions are
drawn.

http://www.ufo-wind-sensors.eu/
http://www.ufo-wind-sensors.eu/
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6.2. Wind vectors
With a lidar or radar the line-of-sight (LOS) velocity 𝑣 is measured, using the
Doppler-induced frequency shift on the backscattered signal, and is expressed by
(e.g. Doviak and Zrnić 1993, or chapter 4):

𝑣 = 𝑢 cos 𝛾 sin𝛼 + 𝑣 cos 𝛾 cos𝛼 + 𝑤 sin 𝛾 , (6.1)

where 𝛾 is the radar looking elevation angle, 𝛼 is the azimuth looking angle, and
(𝑢, 𝑣, 𝑤) are the wind-components in a Cartesian ENU coordinate system (see ap-
pendix A). Consequently, wind vectors can be reconstructed by model-based pa-
rameter estimation.

For the radar, Eq. 6.1 applies, but more challenges in the wind vector retrieval
technique arise, because, for example, rain/cloud drop motions differ from air mo-
tions. A classical approach to retrieve 3D wind vectors from a scanning radar is to
use the linear wind model, in combination with a least squares fit (e.g. Doviak and
Zrnić 1993, or chapter 4). A more advanced proposed method is to use a radar
forward model, in combination with an optimal estimation procedure (chapter 4).
When the measured Doppler velocities are assimilated for a longer period of time,
and the forward model accounts for variations in time, we can refer to this as a four-
dimensional variational analysis (4D-Var) technique. With the 4D-Var technique a
cost function 𝜒 is minimized, to obtain a wind field on a grid (chapter 4):

𝜒 , =∑(Pr,iK− 𝑣 ,
𝜎 , ,

) + (Kv,r −Kv,r,p) Sv,r,p (Kv,r −Kv,r,p),

(6.2)

where the first term is concerned with the measurements, and the second term
is concerned with the parameters. The first term compares modeled with mea-
sured Doppler velocities, where K is a vector containing the model parameters that
are fitted, Pr,i is an operator to estimate the measured radar Doppler velocity for
measurement 𝑖, which is calculated as �̂� , = Pr,iK, 𝑣 , is the measured Doppler
velocity, and 𝜎 , , is the uncertainty of the measured Doppler velocity. The second
term compares prior parameters with the parameters that are being fitted, where
Kv,r contains the parameters that are being fitted, Kv,r,p contains the prior param-
eters, and Sv,r,p is the error covariance matrix of the parameters. More details on
the wind vector retrieval techniques can be found in chapter 4.

In Tab. 6.1 some advanced processing features of the 4D-Var wind vector re-
trieval technique are listed. The 4D-Var retrieval technique has a clear advantage,
as it can show the solution space of wind vectors that is associated with the radar
measurements, which is not possible with the linear wind model approach. Fur-
ther, it has an advantage regarding the use of a priori information. The 4D-Var
wind retrieval technique is a rather general technique, and can be applied to re-
mote radar or lidar Doppler measurements, for different scenarios and settings.
From a comparison of different techniques, it is found that a 4D-Var wind vector
retrieval technique, based on an optimal estimation procedure, is most optimal for



6

122 6. Application at an airport

Linear wind model 4D-Var
- Measurements pro-
cessed for each analysis
volume

- Measurements pro-
cessed for a single or
multiple scans at once

- Discontinuities at edges
of each analysis volumes

- Coherent and smooth
full solution

- Spurious results at
large distance

- Use of a priori informa-
tion at large distance

- Unclear how small-
scale wind variations are
resolved.

- Possibility to show so-
lution space by choosing
extreme parameters

- Time variation not in-
cluded

- Geostrophic advection
of fluctuations can be in-
cluded

Table 6.1: A list of some advanced processing features with regard to using 4D-Var to retrieve wind
vectors with a radar during the rain in comparison to a commonly used wind retrieval technique, the
linear wind model.

the single scanning Doppler radar for the retrieval of wind vectors, in particular at
large range (Chapter 4).

In Fig. 6.2 the result of wind vector scans is shown, where both the scan-
ning lidar and the scanning radar are working simultaneously to get a display
of wind speed and wind direction in the vicinity of the airport. The scanning li-
dar measurements are fitted here with the linear wind model with the parameters
(𝑢 , 𝑢 , 𝑢 , 𝑣 , 𝑣 , 𝑣 , 𝑢 + 𝑣 ,𝑤 ) with analysis volumes of 4 x 4 km. The scanning
radar measurements are fitted here with the 4D-Var wind vector retrieval technique,
with a grid resolution of 4 x 4 km. Note that in Fig. 6.2 the altitudes of the mea-
surements are shown with circles in the background. In Fig. 6.2a retrieved wind
vectors are shown for lidar in the atmospheric boundary layer (ABL). Close to the
surface, where the lidar instrument was measuring, the wind field is rather homo-
geneous and no strong winds were measured. As there was light rain during these
measurements, the lidar was not able to measure beyond 5 km due to attenuation.
The observation of wind vectors and turbulence beyond 5 km were obtained from
the scanning X-band radar, which is shown in Fig. 6.2b. At the higher altitudes
(> 500 m), stronger wind was measured with values of up to 8-9 m s . These
wind maps help to improve the awareness of hazardous wind at the airport.

6.3. Turbulence intensities
The most basic EDR retrieval uses the variance of radar/lidar Doppler velocities
as input (Bouniol et al. 2004; Brewster and Zrnić 1986; O’Connor et al. 2010;
Yanovsky et al. 2005). More advanced EDR retrieval techniques, rely on processing
of the power spectrum of velocities, or structure functions of velocities (Frehlich
et al. 1998; Pope 2000; Siebert et al. 2006). By using the hypothesis of Taylor of
”frozen” turbulence (Taylor 1938), the EDR retrievals can also be applied in the time
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(b) Scanning radar

Figure 6.2: Retrieved wind vectors during the Toulouse trials on 1412 UTC 24 April 2014 from (a) the
scanning Doppler lidar, and from (b) the scanning Doppler radar. In the background the wind speed
is plotted in color contours, and the wind direction is shown with arrows on top. The altitudes of the
measurements are shown with circles in the background.

domain. A practical advantage of using EDR, is that just one parameter is sufficient
to connect atmospheric energy transfer to wake vortex lifetime and wind hazards.
It should be noted that it becomes challenging when there are differences in re-
trieved EDR values, which can be attributed to the used measurement principles,
the retrieval technique and/or the sampling scale that is applied. For more details,
see chapter 3.

The scanning X-Band radar is able to provide EDR retrievals in rainy/cloudy
conditions, but the retrieval techniques are more challenging than for lidar or in
situ measurements, as raindrops are not perfect tracers of the air. Based on the
radar specifications and scanning strategy, the most optimal manner of remotely
retrieving EDR during rain, was determined to be at a low elevation angle, and by
using a series of Doppler velocities in a single line of sight, and by applying the
most basic EDR retrieval, the variance method. An overview of the applied EDR
retrievals, based on the variance of wind velocities, the power spectrum of wind
speeds, or structure functions of wind speeds can be found in Chapter 3.

The difficulty with retrieval techniques of turbulence intensity in the atmosphere,
is that there are many parameters that can be chosen. For the radar the retrieved
variable that is linked most directly to the velocity variations in the atmosphere
are the radar mean Doppler velocity and the radar Doppler spectral width. Other
variables would be possible, such as variations in temperature, humidity or po-
tentially even radar reflectivity. Having chosen the parameter that is going to be
used, the sampling scale at which the energy dissipation rate (EDR) is retrieved
becomes important. Often it is not the case that just one single parameter, the
energy dissipation rate, is sufficient to describe the turbulence intensity because of
the following reasons: 1) small-scale turbulence exists because the measurements
are in the wake of a building; or 2) energy is transported in the atmosphere, re-
sulting in more energy dissipation within small areas, such as the surface boundary
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layer. In addition, problems with the measurement can exist when the radar is
used, because the scatterers themselves (e.g. raindrops) are not perfect tracers
of the air. From these notions, the following recommendations for EDR retrieval
techniques are formulated, when applied to the radar during rain:

• The sampling scale at which the EDR retrieval is applied should be sufficiently
large, such that it can be assumed that the variance of velocities is not influ-
enced by the inertia effect of the scatterers. This is typically more than ∼30
m (Chapter 2).

• When different results of EDR retrievals are compared, it has to be assured
that only the sampling scale, the retrieval technique or the instrument is
changed and not simultaneous.

• For radar measurements from raindrops, using the horizontal direction is more
convenient than the vertical. For the vertical direction, an additional correc-
tions has to be made for the terminal fall velocity of the scatterers. In addi-
tion, atmospheric structure is more relevant for the vertical direction, which
can complicate the EDR retrieval.

Based on this, we can recommend the application of raindrop-backscattering radar-
based turbulence intensity retrieval techniques in the following way:

• Use the radar at a low elevation angle and use a series of Doppler velocities
from a single line of sight.

• Check the data quality, by looking at the signal to noise ratio (SNR), and the
amount of data available in a single line of sight.

A simple analytic formulation to obtain a value for EDR is:

𝜖 = (32𝐶∗ [𝜅
/ − 𝜅 / ])

/
𝜎 . (6.3)

where 𝐶∗ is a Kolmogorov constant, 𝜅 are wavenumbers related to the minimal
and maximal spatial sampling scales, and 𝜎 is the variance of radar mean Doppler
velocities along the line of sight. Details of how to use this for getting an EDR value
is described in Chapter 3 (WSV technique), except that here we apply this technique
in the radar line of sight to the line-of-sight radar Doppler velocity measurements.

In Fig. 6.3 the retrieved EDR intensity maps are shown, which can help to
enhance the awareness of hazards due to turbulence (e.g. Chan 2011). For the
scanning Doppler lidar and the scanning Doppler radar, the variance of measured
Doppler mean velocities in the line of sight is used to estimate EDR (Eq. 6.3).
Please note that the altitudes of these measurements are shown with circles in the
background. An example of a lidar EDR map is shown in Fig. 6.3a. In the vicinity
of the airport (< 5 km) and low altitudes (< 500 m), low to moderate turbulence
levels are found in this case. With the scanning X-band radar, the measurements
are complemented, which is shown in Fig. 6.3b. Some small peak EDR values
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Figure 6.3: Retrieved EDR values during the Toulouse trials on 1412 UTC 24 April 2014 from (a) the
scanning Doppler lidar, and from (b) the scanning Doppler radar. EDR values are shown in color contours.
The altitudes of the measurements are shown with circles in the background.

observed by the radar likely indicate wake turbulence from buildings, or aircraft
wake turbulence, or other small-scale turbulence phenomena. In addition to that,
there are large sections with higher EDR values, in this case predominantly in the
easterly direction with regard to the airport. The scanning UFO sensors can thus
also improve the awareness of hazards due to turbulence, where the scanning X-
band radar complements the scanning lidar measurements that are attenuated due
to the raindrops.

Although almost identical EDR retrieval techniques have been applied and val-
idated with in situ measurements (e.g. O’Connor et al. 2010; Siebert et al. 2006),
it is, nevertheless, desired in future operational applications that the retrieved EDR
values from the new types of instruments (scanning lidar and scanning radars) will
be further validated and compared to in situ EDR measurements.
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6.4. Conclusions
Wind vectors and turbulence intensities have been retrieved from a modern scan-
ning Doppler lidar and a modern scanning X-band radar, to demonstrate the ap-
plication of EDR retrieval techniques, during trials at the Toulouse-Blagnac airport,
within the UFO project. It is expected that such modern scanning Doppler instru-
ments will be widely used at airports in the future to enhance the awareness of
wind hazards.

Some recommendations have been defined on how to apply wind vector and
EDR retrieval techniques. For a wind retrieval technique, 4D-Var is recommended,
as there are advanced processing features, such as the inclusion of prior errors,
and the possibility to show the solution space of wind vectors that is associated
with the radar Doppler measurements.

For turbulence intensity retrieval techniques applied at airports, it is recom-
mended that the total sample scale is larger than 30 m, to avoid the influence of
drop-size-distribution-dependent (DSD) raindrop-inertia corrections. In addition, a
low radar-antenna elevation looking angle is recommended, which also avoids the
influence of DSD-dependent-terminal-fall-velocity corrections. The DSD dependen-
cies were avoided, as it requires very accurate estimation of the DSD.

With these recommendations, wind vectors and turbulence intensities were suc-
cessfully retrieved, and the added value of an X-band radar at airports is demon-
strated. It is suggested to support long-term measurements at airports, with in situ
measurements for validation, to further develop, validate and optimize the retrieval
techniques.
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recommendations
In this work, wind vector and turbulence intensity retrieval techniques for raindrop
Doppler radar measurements have been adapted and assessed regarding their accu-
racy, and when necessary further developed. The problems that have been tackled
are:

• The correction for the influence of raindrop inertia in radar-based turbulence
intensity retrieval techniques;

• The validation of state-of-the-art velocity-based EDR retrieval techniques, when
they are applied to raindrop-backscattering radar measurements;

• Improvement of scanning Doppler radar wind vector retrieval techniques;

• The application of raindrop inertia correction in a radar forward model for
improved estimation of EDR; and

• The application of this work to demonstrate the retrieval of EDR and wind vec-
tors at Toulouse-Blagnac airport from scanning X-band radar measurements.

The first problem taken was to estimate the influence of measuring turbulence
intensity from imperfect tracers (read: raindrops) with a radar. The raindrop mo-
tion can be calculated as an integral of acting forces over its trajectory, which are
air friction, gravity and buoyancy. The calculation of such an integral is far too
complex in the application of turbulence intensity retrieval techniques, and there-
fore, simplifications are necessary. Nowadays, well-validated formulas exist for the
raindrop terminal fall velocity, based on a balance between the forces acting on a
droplet. In this work this theoretical framework has been used when considering
an imbalance of forces acting on a raindrop. By starting from the equations of mo-
tion and the ‘sudden jump’ case, inertial parameters were defined with which the
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influence of raindrop inertia can be quantified. They resulted in formulas for inertial
distance and inertial time for each raindrop size, with different formulations for the
𝑥/𝑦-direction and 𝑧-direction. These formulas are essential for the development of
models that account for the influence of raindrop inertia. A new inertia correction
model is proposed, which can be applied to radar-based turbulence intensity re-
trieval techniques. This model is based on a correction for turbulence scales, given
the radar sampling space parameters, raindrop inertial distance and model tuning
parameters. Consequently, tuning parameters were estimated for typical raindrop
sizes, from turbulent wind velocity field simulations. From the simulations, it was
derived that for large total sampling scales (≫ 30 m), the influence of raindrop
inertia on radar-based retrieved turbulence intensity becomes negligible. For total
sampling scales comparable to or smaller than 30 m, the application of the raindrop-
inertia-correction model is suggested. For small radar total sampling scales (< 10
m) and large raindrops (e.g. 4 mm), the application of a turbulence retrieval tech-
nique is limited, because the uncertainty in the turbulence intensity correction for
the influence of raindrop inertia becomes very large.

In the second problem, energy dissipation rate (EDR) - a measure of turbulence
intensity - retrieval techniques are applied to radar measurements during rain. Their
accuracy is assessed and estimated. A correction for the influence of raindrop iner-
tia is not taken into account here for two reasons: (1) it can be expected that it is
negligible when a large total sampling scale is used, and (2) it is assumed that often
a good estimation of the DSD is not available. Two case studies and massive data
analysis are applied to a defined set of EDR retrieval techniques that cover com-
monly used EDR retrieval techniques. To reduce the influence of raindrop inertia,
the application of terminal fall velocity corrections was studied and different total
sampling scales are used in the techniques. For the TARA radar, it was shown that
the best validation results are achieved by using the full 3D wind vector in an EDR
retrieval technique with a total sampling time of 10 minutes, which was called the
wind speed variance (WSV) EDR retrieval technique. For retrieval techniques that
rely on terminal fall velocity corrections, and thus rely on accurate estimation of
the DSD, the retrieved EDR values are compromised by errors. Although incorrect
estimation of DSD parameters can be easily proven by comparison of the 10 min.
averaged radar corrected vertical air velocity with in situ measurements, it remains
a challenge to estimate the rain DSD sufficiently accurate for dynamical corrections
in turbulence retrieval techniques during the rain with the radar antenna looking
vertically. Next to that, it was shown that EDR retrieval techniques have some
challenges in their application: the Kolmogorov model is not always applicable,
which becomes clear when the same EDR retrieval is applied to in situ measure-
ments to small and large scales, or when averaged spectra of 3D wind speeds are
analyzed. A massive data analysis confirmed that the conclusions for the two case
studies are also valid for rainy weather in the Netherlands.

In the application of turbulence retrieval techniques to the radar during rain, it
is recommended that the concept of EDR is applied cautiously, because of complex
estimation errors. It is suggested to always estimate a minimal retrievable EDR,
give uncertainty estimates for the retrieved EDR value, and provide the sampling
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details of the EDR retrieval technique. In the end, it is then possible to retrieve EDR
from the radar measurement during rain, by using the radar measurements in the
most optimal way.

The third problem was the improvement of single Doppler radar-based wind
vector retrieval techniques. Regarding the influence of raindrop inertia on raindrop-
backscattering radar-based wind vector retrieval techniques, it was concluded from
a few simulations that only for very special weather conditions a substantial bias -
if not corrected for - can be expected. As this work is not aimed at such special
weather conditions, the raindrop inertia is not accounted for in wind vector retrieval
techniques in this work. Problems with the linear wind model - a state-of-the-art
wind vector retrieval technique - that have been identified from a case study are
that: (1) the retrieved wind vectors have jumps near the analysis volume edges,
and (2) at large distance the retrieved wind vectors become arbitrary and spurious.
A new wind vector retrieval technique has been developed and implemented, the
so-called four-dimensional variational analysis (4D-Var) wind vector retrieval tech-
nique, that provides a more coherent and realistic wind field. With 4D-Var it is
possible to show the solution space of wind vectors, which is associated with the
radar Doppler measurements. The solution space was demonstrated by two spe-
cial implementations: the “4D-Var horizontal direction” and the “4D-Var horizontal
speed” that give an impression of all possible solutions. By a lack of sufficient in
situ wind vector measurements, alternative approaches for quantitative validation
of radar-based retrieved wind vectors are proposed. Measures for curl and diver-
gence have been used to identify issues. Such issues are, for example, artificial
features in the retrieved wind vector field, related to the implementation and its
configuration settings. More research is required, which includes a validation with
in situ measurements at multiple locations with respect to the radar to find the most
optimal settings for the wind vector retrieval techniques.

The fourth problem is the application of raindrop-backscattering radar-based
turbulence intensity retrieval techniques to small scales, in particular the radar res-
olution volume of modern radars with a high spatial resolution. A non-stochastic tur-
bulence implementation has been developed, the so-called “ensemble of isotropic
vectors” approach, which can be used in radar forward models. It has the same
dependencies of turbulence intensity in radar observables as stochastic turbulence
implementations. A novel feature of this approach is that the polarimetric radar ob-
servables, 𝑍 and 𝐿 , then also depend on turbulence intensity, although a direct
usage of such a connection is limited due to various reasons. Further, this model
implicitly reproduces the canting angle distribution, which is potentially interesting
for further validation studies. This model is also promising for future applications of
radar-based retrieval techniques of turbulence intensity and drop size distributions
that require a better accuracy for EDR estimation than the state-of-the-art.

In a case study, it was found that the radar-based retrieved DSDs are not yet ac-
curate enough for the estimation of the radar Doppler spectral width component of
raindrop terminal fall velocities. The turbulence intensity was too small to measure
or, only with in situ ground-level rain DSD estimates, the turbulence intensity profile
could be estimated. Turbulence intensity profiles were retrieved from the profiling
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radar, given the ground-level in situ DSD, for which it was possible to demonstrate
the raindrop inertia correction. Further research is recommended for the improve-
ment of radar-based rain DSDs to allow for a more accurate model estimation of
the radar Doppler spectral width.

In the state-of-the-art literature, turbulence and raindrop size distributions are
almost never considered together in radar-based retrieval techniques. A good ex-
ample is a recent article from Beard et al. (2010), which gives an overview of rain
DSD retrieval techniques from polarimetric radar measurements, but turbulence is
not discussed at all. It is suggested to conduct new experiments regarding raindrop
shape, axis ratios and canting angles, but then in combination with in situ turbu-
lence measurements. For example by combining 2-D video disdrometers and sonic
anemometers at the same measurement site. Such new experiments will allow for
that the influence of turbulence and rain DSD can be studied more independently.
The obtained data will also be essential for the validation of new radar forward
models, such as the ones that were proposed in this work.

In the last chapter, wind vectors and turbulence intensities were retrieved with
modern scanning Doppler instruments at an airport. This was done during trials at
the Toulouse-Blagnac airport, within the UFO project. It is expected that such mod-
ern scanning Doppler instruments, both lidar and radar, will be widely used at air-
ports in the future. For a wind vector retrieval technique, 4D-Var is recommended,
as it has several advanced processing features, and therefore, it gives more control
and versatility in the solutions. For turbulence intensity retrieval techniques applied
to Doppler radar measurements during rain at airports, it is recommended to avoid
corrections for raindrop inertia, as it requires an accurate estimation of the raindrop
size distribution. This can be achieved by assuring that the total sampling scale is
larger than 30 m, and by using a low radar antenna elevation looking angle. In
addition, it is suggested to support long-term Doppler radar measurements at air-
ports, with in situ measurements for validation, to further develop and optimize the
retrieval techniques.
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A
Coordinate systems

In this appendix the equations for coordinate system transformations are provided.
For radar and lidar simulation, five coordinate systems are relevant in this work.
The following abbreviations are used for them: WGS84, ECEF, ENU, AZEL and
BEAM. A short overview is given below, and after that the details of the coordi-
nate transformations are given. Only the essential parameters and equations are
given, and for more information we refer to the literature on coordinate systems.
For a large part, this information has been adapted from Wikipedia, see http:
//en.wikipedia.org/wiki/Geographic_coordinate_conversion.

• WGS84: The World Geodetic System (WGS) is a standard for use in cartog-
raphy, geodesy, and navigation. It comprises a standard coordinate system
for the Earth, a standard spheroidal reference surface (the datum or refer-
ence ellipsoid) for raw altitude data, and a gravitational equipotential surface
(the geoid) that defines the nominal sea level. The position of an object is
described by the geodetic coordinates that are latitude 𝜙, longitude 𝜆 and
height ℎ.

• ECEF: The Earth-Centered Earth-Fixed coordinate system, also known as the
Earth Centered Rotational (ECR) coordinate system, is a Cartesian coordinate
system and is sometimes known as a ”conventional terrestrial” system. It
represents positions as (𝑋, 𝑌, 𝑍) coordinates. The point (0,0,0) is defined as
the center of mass of the Earth, hence the name “Earth-Centered´´.

• ENU: This is the local East, North, Up (ENU) coordinate system. In many
targeting and tracking applications, the ENU Cartesian coordinate system is
far more intuitive and practical than ECEF or Geodetic coordinates. The local
ENU coordinates are formed from a plane tangent to the Earth’s surface that is
fixed to a specific location. Therefore, it is known as a ”local tangent” or ”local
geodetic” plane coordinate system. By convention the east axis is labeled 𝑥,
the north 𝑦 and the up 𝑧.
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• AZEL: This is the AZimuth-ELevation coordinate system, also known as the
radar instrument coordinates or the horizontal coordinate system, which con-
sists of the instrument antenna looking angles. The coordinates for a point in
space are the azimuth angle 𝛼, the elevation angle 𝛾 and the range 𝑟. The
elevation is the angle of the antenna looking direction with regards to the
surface, and the azimuth angle is the angle between the antenna looking di-
rection and the north. The azimuth is then positively increasing for the east,
the south and the west, respectively.

• BEAM: This is the radar beam coordinate system, which describes points in
space with regards to a given reference radar antenna looking direction. The
beam coordinates are the offset angle 𝜃 (with regards to the center beam), the
azimuth angle 𝜙, and the range 𝑟. It is thus a spherical coordinate system,
where 𝜃 = 0 for the center of the beam, and for increasing 𝜃 the points
in space go away from the radar beam center. This coordinates system is
in particular useful for spatial integrations, such as integration over a radar
antenna power distribution pattern.

A.1. WGS84
The World Geodetic System (WGS) is a standard for use in cartography, geodesy,
and navigation. It comprises a standard coordinate system for the Earth, a standard
spheroidal reference surface (the datum or reference ellipsoid) for raw altitude data,
and a gravitational equipotential surface (the geoid) that defines the nominal sea
level. The position of an object is described by the geodetic coordinates that are
the latitude 𝜙, the longitude 𝜆 and the height ℎ. The WGS84 defining parameters
are:

𝑎 = 6378137.0, (A.1)
1/𝑓 = 298.257223563, (A.2)

where 𝑎 [m] is the semi-major axis, and 𝑓 [-] is the flattening. From these param-
eters, the parameters that follow are:

𝑏 = 𝑎(1 − 𝑓), (A.3)
𝑒 = 1 − 𝑏 /𝑎 = 2𝑓 − 𝑓 , (A.4)

where 𝑏 is the semi-minor axis, and 𝑒 the first eccentricity. The parameters are
necessary for coordinate transformations that will follow.

A.2. ECEF
ECEF (Earth-Centered, Earth-Fixed), also known as ECR (Earth Centered Rota-
tional), is a Cartesian coordinate system, and is sometimes known as a ”conven-
tional terrestrial” system. It represents positions as (X, Y, Z) coordinates. The
point (0,0,0) is defined as the center of mass of the Earth. Hence the name Earth-
Centered.
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WGS84 to ECEF Geodetic coordinates (latitude 𝜙, longitude 𝜆, height ℎ) can be
converted into ECEF coordinates by using the following formulas:

𝑋 = (𝑁(𝜙) + ℎ) cos𝜙 cos 𝜆, (A.5)
𝑌 = (𝑁(𝜙) + ℎ) cos𝜙 sin 𝜆, (A.6)

𝑍 = (𝑁(𝜙)(1 − 𝑒 ) + ℎ) sin𝜙, (A.7)

where the normal 𝑁 is defined as:

𝑁 = 𝑎/√1 − 𝑒 sin 𝜙. (A.8)

ECEF to WGS84 The conversion of ECEF coordinates to WGS84 geodetic coor-
dinates is a much harder problem. There exist two kinds of methods in order to
solve the Bowring’s irrational geodetic-latitude equation:

𝜅 − 1 − 𝑒 𝑎𝜅
√𝑝 + (1 − 𝑒 )𝑧 𝜅

= 0, (A.9)

with

𝜅 = 𝑝
𝑧 tan𝜙 and 𝑝 = 𝑋 + 𝑌 . (A.10)

Newton-Raphson method. The Bowring’s irrational geodetic-latitude equa-
tion is efficiently solved by the Newton-Raphson iteration method: The algorithm
starts with 𝜅 :

𝜅 = (1 − 𝑒 ) . (A.11)

Consequently, the solution is found by convergence of the following equations:

𝑐 = (𝑝 + (1 − 𝑒 )𝑧 𝑘 ) /
𝑎𝑒 , (A.12)

𝜅 = 𝑐 + (1 − 𝑒 )𝑧 𝜅
𝑐 − 𝑝 . (A.13)

In the end, the height, longitude and latitude are calculated as:

𝜆 = tan 𝑦/𝑥, (A.14)

𝜆 = {
𝜆 for 𝑥 >= 0

𝜆 + 𝜋 for 𝑥 < 0 and 𝜆 < 0
𝜆 − 𝜋 for 𝑥 < 0 and 𝜆 > 0.

(A.15)

And finally:

𝜙 = tan
𝜅𝑧
𝑝 , (A.16)

ℎ = 𝑒 (𝜅 − 𝜅 )√𝑝 + 𝑧 𝜅 . (A.17)
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In Eq. A.16, the inverse tangent is typically implemented with the ’atan2’ function
to get the right sign.

Ferrari’s solution. An alternative is Ferrari’s solution, which uses the following
formulas to get a solution:

𝜁 = (1 − 𝑒 )𝑧 /𝑎 , (A.18)
𝜌 = (𝑝 /𝑎 + 𝜁 − 𝑒 )/6, (A.19)

𝑠 = 𝑒 𝜁𝑝 /(4𝑎 ), (A.20)

𝑡 = (𝜌 + 𝑠 + √𝑠(𝑠 + 2𝜌 )) / , (A.21)
𝑢 = 𝜌 + 𝑡 + 𝜌 /𝑡, (A.22)

𝑣 = √𝑢 + 𝑒 𝜁, (A.23)
𝑤 = 𝑒 (𝑢 + 𝑣 − 𝜁)/(2𝑣), (A.24)

𝜅 = 1 + 𝑒 (√𝑢 + 𝑣 + 𝑤 + 𝑤)/(𝑢 + 𝑣). (A.25)

A.3. ENU
The local ENU coordinates are formed from a plane tangent to the Earth’s surface
fixed to a specific location. Hence it is sometimes known as a ”local tangent” or
”local geodetic” plane. By convention, the east axis is labeled x, the north y and
the up z.

Conversion from and to the ECEF coordinate system is obtained via the following
coordinate transformations. Here 𝜙 and 𝜆 are the WGS84 coordinates for the center
of the ENU system, (𝑋 , 𝑌 , 𝑍 ) are the ECEF coordinates for the center of the ENU
system, and (𝑥,𝑦,𝑧) are the ENU coordinates.

ECEF to ENU Given the reference coordinates, this coordinate transformation is
obtained via the application of a rotation matrix:

(
𝑥
𝑦
𝑧
) = (

− sin 𝜆 cos 𝜆 0
− sin𝜙 cos 𝜆 − sin𝜙 sin 𝜆 cos𝜙
cos𝜙 cos 𝜆 cos𝜙 sin 𝜆 sin𝜙

)(
𝑋 − 𝑋
𝑌 − 𝑌
𝑍 − 𝑍

) . (A.26)

ENU to ECEF This the reverse of the previous coordinate transformation, which
is again the application of a rotation matrix:

(
𝑋
𝑌
𝑍
) = (

− sin 𝜆 − sin𝜙 cos 𝜆 cos𝜙 cos 𝜆
cos 𝜆 − sin𝜙 sin 𝜆 cos𝜙 sin 𝜆
0 cos𝜙 sin𝜙

)(
𝑥
𝑦
𝑧
) + (

𝑋
𝑌
𝑍
) . (A.27)

A.4. AZEL
The AZimuth-ELevation coordinate system, also known as the radar instrument
coordinates or the horizontal coordinate system, consists of the instrument antenna
looking angles. The coordinates for a point in space are the azimuth angle 𝛼, the
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elevation angle 𝛾 and the range 𝑟. The following coordinates transformations are
used to transform coordinates back and forth from the ENU coordinate system.

ENU to AZEL

𝑥 = 𝑟 cos 𝛾 sin𝛼, (A.28)
𝑦 = 𝑟 cos 𝛾 cos𝛼, (A.29)

𝑧 = 𝑟 sin 𝛾. (A.30)

AZEL to ENU
𝛾 = tan 𝑥/𝑦, (A.31)

𝛾 = {
𝛾 for 𝑦 >= 0

𝛾 + 𝜋 for 𝑦 < 0 and 𝜆 < 0
𝛾 − 𝜋 for 𝑦 < 0 and 𝜆 > 0.

(A.32)

The inverse tangent is typically implemented with the “atan2´´ function to get the
right sign. The range 𝑟 and the azimuth 𝛼 are then found with:

𝑟 = √𝑥 + 𝑦 + 𝑧 , (A.33)

𝛼 = sin (𝑧/𝑟). (A.34)

Effective earth correction As a radio ray passes through the atmosphere, the
length and direction of its path vary with the radio refractive index. A simple first-
order correction is given by Doviak and Zrnić (1993), known as the effective earth
correction, or the 4/3 effective earth assumption. The coordinates 𝑥, 𝑦, and 𝑧
transformation between AZEL radar coordinates 𝑟, 𝜃 , and 𝜙 and ENU coordinates
are given in the following formulas. Here is 𝛾 the sum of the beam’s elevation
angle to the data point and the angle subtended by the verticals at the radar and
the measurement point. Note that 𝑧 is different here from Doviak and Zrnić (1993),
because we stick here to the ENU representation of coordinates, whereas in Doviak
and Zrnić (1993) 𝑧 = (𝑎 +𝑟 +2𝑟𝑎 sin𝜃 ) / −𝑎 and it presents the height above
the surface.

AZEL to ENU with effective earth correction

𝛾 = 𝛾 + tan [𝑟 cos 𝛾/(𝑎 + 𝑟 sin 𝛾)], (A.35)
𝑥 = 𝑟 cos 𝛾 sin𝛼, (A.36)
𝑦 = 𝑟 cos 𝛾 cos𝛼, (A.37)

𝑧 = 𝑟 sin 𝛾 , (A.38)

where 𝛾 is the modified elevation angle.
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ENU to AZEL with effective earth correction The inverse of the above coor-
dinate transformation is:

𝑟 = √𝑥 + 𝑦 + 𝑧 , (A.39)
𝛼 = tan (𝑥/𝑦), (A.40)

𝛾 = sin (𝑧/𝑟). (A.41)
(A.42)

To obtain 𝛾 from 𝛾 we have to solve:

tan(𝛾 − 𝛾) = 𝑟 cos 𝛾
𝑎 + 𝑟 sin 𝛾 . (A.43)

By using trigonometric identities, the following solution can be found:

𝛾 = tan ⎛

⎝

tan 𝛾 ± (𝑟/𝑎 )√1 + tan 𝛾 − (𝑟/𝑎 )
1 − (𝑟/𝑎 )

⎞

⎠

(A.44)

A.5. BEAM
The BEAM coordinate system describes points in space with regards to a given
reference radar antenna looking direction. The beam coordinates are the offset
angle 𝜃 (with regards to the center beam), the azimuth angle 𝜙, and the range 𝑟.
It is thus a spherical coordinate system, where 𝜃 = 0 for the center of the beam, and
for increasing 𝜃 the points in space go away from the radar beam center. Note that
the range 𝑟 is the same in the BEAM coordinate system as in the AZEL coordinate
system.

The conversion between the BEAM and the AZEL coordinate system, can be best
understood by reminding ourselves how a spherical coordinate system is related to
a Cartesian coordinate system with coordinates (𝑥, 𝑦, 𝑧). For example, a BEAM co-
ordinate (𝜙, 𝜃, 𝑟) can be presented as a Cartesian coordinate (𝑥, 𝑦, 𝑧) with reference
point (𝑥 , 𝑦 , 𝑧 ):

𝑥 − 𝑥 = 𝑟 sin𝜃 cos𝜙, (A.45)
𝑦 − 𝑦 = 𝑟 cos𝜃, (A.46)

𝑧 − 𝑧 = 𝑟 sin𝜃 sin𝜙. (A.47)

Here the beam azimuth 𝜙 is thus the difference with regards to the x-axis.

AZEL to BEAM A convenient way of going from AZEL to BEAM is to use the
difference in azimuth (𝛼−𝛼 ), and the difference in elevation (𝛾−𝛾 ). Here (𝛼 , 𝛾 )
are the AZEL coordinates for the main beam direction, and (𝛼, 𝛾) are the AZEL
coordinates for the actual beam direction. We can then go from AZEL coordinates
(𝛼, 𝛾) to beam coordinates (𝜙, 𝜃) via the following transformation:

tan(𝛼 − 𝛼 ) = tan𝜃 cos𝜙, (A.48)
sin(𝛾 − 𝛾 ) = sin𝜃 sin𝜙. (A.49)
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BEAM to AZEL For the reverse action, the formulas are:

cos𝜃 = cos(𝛾 − 𝛾 ) cos(𝛼 − 𝛼 ), (A.50)
tan𝜙 = tan(𝛾 − 𝛾 ) sin(𝛼 − 𝛼 ). (A.51)
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