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Intensive wind shear phenomena, such as downbursts and gust fronts, pose a hazard to
aviation, and issuing local forecasts of them could improve safety and decrease costs. In
this thesis, a methodology for detecting and nowcasting wind shear using Doppler weather
radar data is developed. The method consists of detecting the shear from one to three
weather radars, representing them as objects, and tracking and extrapolating their trajectory
for short-time forecasts from 5 to 15 minutes. The method is studied using a case study
of a very intensive shear line generated by a thunderstorm in southern Finland on August
12, 2017. Using the synthesized wind field from three radars to detect shear performs
poorly. Instead, the shear detected by different radars should be combined only as objects.
The tracking and forecasting of the object trajectory is done with a discrete white noise
acceleration model using a Kalman filter. The method shows potential for identifying the
trajectories of the shear, but further studying of the used state variable for the shear location
is required.
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Tuuliväänteet, eli äkilliset ja suuret muutokset tuulen suunnassa tai nopeudessa, ovat
merkittävä riski lentoliikenteelle, ja paikallistetut ennusteet niiden etenemisestä vähen-
täisivät riskitilanteita sekä kuluja. Tässä työssä kehitetään menetelmä tuuliväänteiden
maksimikohtien havaitsemiseksi ja niiden liikeradan ennustamiseksi Doppler-säätutkadatan
avulla. Menetelmä koostuu tuuliväänteiden havaitsemisesta yhdestä kolmeen säätutkan
perusteella, väänteiden esittämisestä olioina, sekä olioiden liikeradan jäljittämisestä ja en-
nustamisesta viidestä viiteentoista minuuttia eteenpäin. Menetelmää tarkastellaan käyttäen
tapaustutkimuksena Kiira-rajuilmaa, joka iski Etelä-Suomeen 12.7.2017. Tuuliväänteiden
havaitseminen kolmen tutkakentän mittaamasta tuulikentästä toimii huonosti. Sen sijaan
eri tutkista havaitut väänteet tulisi yhdistää vasta olioina. Olioiden liikeradan jäljittäminen
ja ennustaminen tehdään Kalman-suotimen avulla käyttäen diskreettiä valkoisen kohinan
kiihtyvyysmallia. Menetelmä tunnistaa olioiden liikeradat, mutta tilamuuttujana käytetty
olion sijainti vaatii lisätutkimusta.
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Latin symbols

A Area of a shear pattern
ae Effective radius of Earth for radar beam propagation
Ak−1 State transition matrix at timestep tk in Kalman filter
Athr Threshold value for the area of shear patterns
b Backgound wind vector in analysis grid
c(i, j) Stencil in the gradient operator
CM Tuning parameter for the mass conservation cost function
CO Tuning parameter for the observation cost function
Crr Auto-covariance matrix for radial wind components
CS Tuning parameter for the spatial smoothness cost function
cthr Contour threshold for shear detection
Ctr,Crt Cross-covariance matrices for radial and tangential wind components
CV Tuning parameter for the anelastic vertical vorticity cost function
d Observation innovation vector
d(s, s′) Distance between shear objects s and s′

D Shear magnitude
dc Mean minimum distance between centerpoints
dmax Maximum distance a shear can travel in one time unit
ds Mean minimum distance between shear objects
dthr Threshold for shear pattern distances
F Matrix mapping wind vectors from analysis grid into observation grid
F Fourier transform
F−1 Inverse Fourier transform
h Grid spacing
H Observation model matrix in Kalman filter
I Isotropic order of the gradient operator
I Identity matrix
J Total cost function in multi-Doppler analysis
JM Anelastic mass conservation cost function in multi-Doppler analysis
JO Observation cost function in multi-Doppler analysis
JS First-derivative spatial smoothness cost function in multi-Doppler analysis
JV Anelastic vertical vorticity cost function in multi-Doppler analysis
L De-correlation length-scale in variational single-Doppler analysis
` Length of a shear object approximation curve
mk State estimate at timestep tk in Kalman filter



8

N Normal distribution
NCart Number of analysis points in Cartesian grid
Ni Number of observation points for radar i
p p-value for Wilcoxon rank-sum test
p10 10-th percentile of shear pattern values
Pk State covariance matrix at timestep tk in Kalman filter
pt User-defined high percentile of shear pattern values
pthr Threshold for shear pattern values
q Degree of spline curve
Qk−1 Process noise covariance matrix at timestep tk in Kalman filter
qk−1 Process noise vector at timestep tk in Kalman filter
R Stencil radius in the gradient operator
ri Location of radar i
ri, j Distance from radar i to grid point x j

Rk Observation noise covariance matrix at timestep tk in Kalman filter
rk Observation noise vector at timestep tk in Kalman filter
rs Noise factor in the initial state covariance matrix
S Spatial order of the gradient operator
T Radar sampling interval, or the Wilcoxon rank-sum test statistic
tf Forecast leadtime
u x- or eastward component of a wind vector
û x- or eastward component of a wind vector estimate
U, V Pattern translation components in the frozen turbulance term
v y- or northward component of a wind vector
v̂ y- or northward component of a wind vector estimate
vi Wind vector at point xi

vr
i Radial wind vector component at point xi

vt
i Tangential wind vector component at point xi

ṽ Velocity of a shear object
vobsri, j Wind vector observed at point x j by radar i
v̂ri, j Wind vector estimate at point x j analyzed from observations by radar i
w z- or upward component of a wind vector
ŵ z- or upward component of a wind vector estimate
w(i, j) Coefficient in the gradient operator corresponding to stencil c(i, j)

x̂ Points approximating a shear pattern
xk State variable at timestep tk in Kalman filter
x̃ Center point of a shear object
y Observation vector
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Greek symbols

βi Angle between vector xi = (xi, yi)
T and the x-axis

∆tk−1 Time difference between consecutive timesteps
θ Azimuth angle of the radar observation
θe Elevation angle of radar scan
λM Weighting coefficient in the mass conservation cost function
λO Common weighting coefficient in the observation cost function
λO,i Weighting coefficient in the observation cost function for radar i
λS Weighting coefficient in the spatial smoothness cost function
λS,1 Weighting coefficient for horizontal smoothness of horizontal wind field in the

spatial smoothness cost function
λS,2 Weighting coefficient for vertical smoothness of horizontal wind field in the spatial

smoothness cost function
λS,3 Weighting coefficient for horizontal smoothness of vertical wind field in the spatial

smoothness cost function
λS,4 Weighting coefficient for vertical smoothness of vertical wind field in the spatial

smoothness cost function
λV Weighting coefficient in the anelastic vertical vorticity cost function
ξ Vertical vorticity
ξ̂ Vertical vorticity estimate
ρ(z) Base-state density of air
σ2 Background wind error
σ2
obs Observation wind error

σ2
v Magnitude of acceleration for shear location in Kalman filter
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Abbreviations

DFT Discrete Fourier Transform
EUROCONTROL European Organisation for Safety of Air Navigation
FFT Fast Fourier Transform
FMI Finnish Meteorological Institute
ICAO International Civil Aviation Organization
IDFT Inverse Discrete Fourier Transform
Lidar Light detection and ranging
LIWAS Light detection and ranging (Lidar) Windshear Alerting System
LLWAS Low-Level Wind Shear Alert System
MIGFA Machine Intelligent Gust Front Algorithm
NASA National Aeronautics and Space Administration (USA)
PPI Plan Position Indicator
SQI Signal Quality Index
TDWR Terminal Doppler Weather Radar
UFO Ultrafast Wind Sensors
USA United States of America
VVP Vertical Velocity Processing
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1 INTRODUCTION

This thesis aims to establish an object-based method for detecting, tracking and forecasting
intensive wind shear from weather radar data. Intensive wind shear phenomena pose a
severe threat for aviation, and providing reasonable warnings of them at airports and along
aircraft flight paths could prevent high-risk situations and save costs. This introduction
will provide background information about intensive wind shear and the risk it poses to
aviation and outline the thesis.

1.1 Background

Historically low-level wind shear – often also called a “downburst” or a “microburst” – has
been a significant factor in causing fatal aircraft accidents. The first accident identified to
have been caused by a wind shear occurred at John F. Kennedy Airport in New York City
on June 24, 1975, when Eastern Air Lines Flight 66 crashed during landing (Fujita 1976).
A total of 113 people were killed and 11 injured in the accident. Since then, hazardous
wind conditions have caused several accidents, with a tendency to high casualties. Indeed,
in an analysis of 126 aircraft loss-of-control accidents – with a total of 6087 fatalities –
between 1979 and 2009, Belcastro and Foster (2010) listed intensive wind shear or gust
fronts induced by thunderstorms as a contributing factor in 14.3 % of the accidents and
18.5 % of the fatalities. The only given factor causing more accidents was snow and icing
with 22.2 %, but even those contributed to only 9.8 % of the casualties.

The term “wind shear”, indicating a variation in wind speed or direction, was first introduced
by Fujita (1976) in connection to downbursts caused by thunderstorms. Later, downbursts
were subclassified into two classes based on the horizontal dimension the phenomena:
“microburst” for bursts that extend less than 4 kilometers, and “macroburst” for bursts
extending over 4 kilometers (Fujita 1985). In fact, the discovery of the downburst as a
cause for aircraft accidents, and subsequential efforts to reduce accidents caused by them,
by both pilot training and wind shear warning systems, can mostly be credited to Theodore
Fujita. His remarkable work on the topic is described by Wilson and Wakimoto (2001),
and consists of several measurements campaigns to analyze downburst occurrence and
characteristics in the continental United States of America (USA).

Currently, several operational systems exist for wind shear detection and warning. The most
notable of these is the Low-Level Wind Shear Alert System (LLWAS) that is documented
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by Goff (1980). It was commissioned in the 1970s by the Federal Aviation Administration
after several aircraft accidents due to wind shear (Nuottokari 2017). The LLWAS consists
of at least 6 wind anemometers around the aerodrome and a processing unit that calculates
the wind shear risk based on the observations. Due to the heavy hardware requirements, the
installation and maintenance of the system is costly, and it is mostly used only in the USA.

However, wind shear detection using only ground level wind measurements is often
insufficient. According to Wieringa (1980), measurements from ground-level anemometers,
as used by the LLWAS system, lack the representativeness needed to provide sufficiently
accurate wind information in the terminal manouvering area. The minimum height for
wind measurements, given by Wieringa, is 10 meters; however, even measurements from
this height fail to provide sufficient information along the aircraft approach and take-off
flight paths.

To address this issue, new wind shear detection systems were developed. The most famous
of these is the Terminal Doppler Weather Radar (TDWR) system that uses a weather
radar especially suited for scanning wind, installed near the aerodrome. The system was
developed by Merritt (1987), and the full system configuration is described by Michelson
(1990). The LLWAS and TDWR systems are also used together, especially in locations
where wind shear and microbursts occur often due to climate or terrain.

Another notable system for detecting wind shear and especially the gust fronts associated
with convective systems, is the Machine Intelligent Gust Front Algorithm (MIGFA; Delanoy
and Troxel 1993). It is based on detecting the signatures in weather radar data often
associated with gust fronts. In addition to detection, it is also capable of creating short-term
forecasts of the gust front movement based on the previous locations of individual pixels
belonging to a gust front.

Note that Doppler weather radars can only measure wind speed, and consequently wind
shear, when there is ice-crystal clouds, insects or precipitation in the air to act as a scatterer.
In order to detect shear in other types of weather, recent advances since the 2000s include
e.g. the use of multiple sources for observations. For example, the Ultrafast Wind Sensors
(UFO) project, presented by Oude Nijhuis et al. (2018), used two different types of X-band
radars and two different lidars for observing wind, and additionally a Mode-S that allowed
inquiring data from aircraft. The project aimed to develop a measurement scheme that
allows observing wind fields in every weather condition. Another example is the Lidar
Windshear Alerting System (LIWAS; Shun and Lau 2002) implemented in Hong Kong
with a special emphasis on detecting clear-air turbulence that often cannot be detected
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using a weather radar. A lidar is best suited to measure air speed during clear weather,
since lidar beams is attenuated by cloud and precipitation.

Even though aircraft accidents associated with hazardous wind conditions have been
drastically reduced since the introduction of downburst detection systems, wind conditions
still contribute to air traffic delays. According to the European Organisation for Safety of
Air Navigation (EUROCONTROL; 2017), weather conditions accounted to 23.2 % of air
traffic delays in Europe in 2017, and the share of weather-related delays has only increased
since 2015. The costs and disturbances related to these delays could be significantly
decreased by issuing in-advance-warnings for hazardous weather conditions, and therefore
allowing timely planning and management of air traffic, as opposed to only reacting to
conditions as they occur. Technological advances especially in telecommunication systems
could also allow for highly-developed information exchange between the aircraft pilots and
air traffic management including graphically presented data, in addition to current text and
radio-based communications. This could further improve the safety of air traffic.

The crucial issue with current wind hazard systems located at airports is that they usually
measure – and therefore predict – weather conditions only in a limited area around the
aerodrome. Therefore, in-advance-warnings for any arriving wind hazards, e.g. due to
approaching thunderstorms, are dependent on local or large-scale weather forecasts by
meteorological bodies and their interpretation by the air traffic control. Often these forecasts
are so imprecise that they do not lead to action. A typical aviation weather forecast for a
specific airport is, for example, “heavy thunderstorms expected during 13-18 UTC with
hail and wind gusts of 40 knots from the direction of 180 degrees”. Such information is
insufficient for guiding the pilot to avoid the wind hazards during the approach of a flight
that is scheduled to land, e.g. at 4.12 p.m.

An answer for the timely warnings could be nowcasting the wind conditions. Browning
(1982) defines nowcasting as local forecasts with a time range of few hours starting from
present moment that depend upon observations –often by remote sensing methods– with
a high temporal and spatial frequency. In comparison to numerical weather models
that usually provide good forecasts from six hours onwards, nowcasting aims to utilize
knowledge of the recent development of the weather phenomenon to forecast its location
and behavior in the near future. It is most used in predicting the behavior of mesoscale
systems, such as thunderstorms and terrain-induced weather conditions.

However, nowcasting the effect of wind shear for airports and aircraft requires observing
them before they arrive at the airport or cross the aircraft flight path. Detecting wind shear
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from Doppler weather radars may provide an effective solution to this problem. In most
European countries, the national weather radar networks provide comprehensive coverage
around many airports with a temporal interval of 5 to 15 minutes, and intensive wind
shear events could therefore be detected well before they actually hit the airport area. This
standpoint would not require major investments in new infrastructure, and would therefore
be accessible for wide use, should any effective system utilizing it be developed.

One attempt at this type of detection system has been tested in France, where Augros
et al. (2013) have developed a nation-wide radar mosaic for wind shear detection. Even
though they do not attempt to produce exact nowcasts of intensive wind shear, they find
that considering wind shear as a parameter in addition to other parameters describing
convective storms improves wind gust estimation.

Most of the methods described in this section for wind shear detection and forecasting are
grid-based. These methods treat the detections and forecasts as points in a grid, whereas in
an object-based approach the detected intensive wind shear phenomena is extracted from
the original analysis grid and processed separately. The advance in object-based methods
is that the object can be augmented with additional information that can be obtained from
non-meteorological systems. This is utilized, for example, to predict the power outages
caused by convective storms (Tervo et al. 2019) at the Finnish Meteorological Institute
(FMI).

1.2 Objectives and implementation of the Thesis

The objective of this thesis is to develop and implement a simple and efficient object-based
method for detecting and nowcasting the patterns of wind shear maxima from wind fields
measured by one to three different Doppler weather radars. The detection is focused on
wind shear in horizontal direction due to the fact that most severe shear cases in aviation
are related to convective storm -driven horizontal shear. During these times there is usually
precipitation or insects present enabling radar-based detection. The differences in detection
capability from one to three radars will also be studied.

The nowcasting is done by a Kalman filter model that incorporates the observations with the
forecast. However, no life-cycle model for the wind shear is considered, and the detected
shear patterns are assumed to remain unchanged throughout the nowcast.
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The detection and nowcasting are demonstrated with a case study of the Kiira storm on
August 12, 2017. The storm hit the Helsinki Airport in Finland in the early evening and
caused delays in air traffic for some hours. The Helsinki Airport is a unique environment
for this study, since it is surrounded by three different weather radars: an operational
weather radar of FMI in Vantaa, a test radar of Vaisala Inc. in Kerava, and the research
radar of the University of Helsinki in Kumpula, Helsinki. All the radars are located within
20 kilometers of the airport, which allows studying the wind field in low altitudes – as low
as 300 meters above ground – with the radars.

The algorithms used in the thesis are implemented in the Python programming language,
and the external libraries that are used are all publicly available in open source repositories.
Specific libraries and their availability are mentioned in the text wherever they are essential
for the implementation of the algorithms.

1.3 Structure of the Thesis

The rest of the Thesis is divided in 7 sections as follows. First, Section 2 discusses wind
shear as meteorological phenomena. Section 3 describes different algorithms for detecting
wind shear by using different measurement devices. Furthermore, the developed algorithm
is described in Subsection 3.3. The mathematical definition of the wind shear object used
in the Thesis is described in Section 4, and an algorithm for wind shear nowcasting is
provided in Section 5. The case study is detailed in Section 6, and the results are discussed
in Section 7. Finally, Section 8 provides a summary of the work.
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2 WIND SHEAR

In order to be able to detect and forecast intensive wind shear, its characteristics and the
conditions in which it occurs should be understood sufficiently. As this thesis is focused in
wind shear associated with convective storms, especially gust fronts, the following will
focus mainly on these features.

2.1 Definition and meteorological basics of wind shear

Fujita (1976) first defined the wind shear as “the local variation of the wind vectors or its
components in a given direction and distance” (p. 37). He further divided the wind shear
in the following definitions (p. 50) according to the direction of the variation:

a. Vertical variation of horizontal winds (vertical wind shear)

b. Horizontal variation of vertical winds (shear in vertical velocity)

c. Horizontal variation of horizontal winds (horizontal wind shear)

In aviation, Fujita defined the wind shear as variation of the wind vector along the flight
path of the aircraft.

Generally wind shear can be considered an umbrella term for any non-tornadic, straight-line
wind phenomena that produce sufficiently large difference in wind speeds; in radar meteo-
rology a peak-to-peak differential Doppler velocity of at least 10m/s is required (Wilson
et al. 1984). However, the definition depends on the spatial scale one is interested in: a
change of 10m/s over one kilometer is completely different than over 10 kilometers. When
defining intensive wind shear in a single location, the definition can be tied to temporal
scale. For example, the definition could require the change to occur during one minute.
This study is focused especially in patterns of maximum shear that occur in association
with convective storms. These wind shear events are often denoted as microbursts.

The mechanisms producing severe convective storms are well understood in meteorology.
According to Wakimoto (2001), in suitable conditions with sufficient instability rising
air parcels can initiate storms. The rising air cools rapidly until saturation occurs and
finally the vapor in the air condensates, which results in precipitation. The weight of the
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precipitation can then drag the air downward, also known as condensate loading. This
leads to the convective downdraft that, once it reaches the surface level, spreads out as a
gust front at the leading edge of the convective cell. The downdraft completes the cycle by
cooling and drying the boundary layer.

The intensity of the downdraft is governed by the amount of negative buoyancy in the
descending air. The amount of negative buoyancy is further affected by the melting,
evaporation and sublimation of hydrometeors in the air parcel (Järvi et al. 2007). The
phase changes cause the adiabatic warming of the descending air parcel, which again aids
in the production of intensive wind shear in the downdraft.

The microbursts can be sub-classified into two classes: dry (low-reflectivity) and wet
(high-reflectivity) microbursts. Wakimoto (2001) defines the dry microburst as associated
with less than 0.25mm of rain, corresponding to a radar reflectivity factor less than 35 dBZ,
whereas the wet microburst is associated with values higher than that. (Hereafter, the radar
reflectivity factor is denoted simply as radar reflectivity, since no confusion with the real
quantity of radar reflectivity (Battan 1973, p. 31) will occur.) The wet microburst is formed
as described before; in the dry microburst the negative buoyancy is created by cooling due
to phase changes of the condensate and adiabatic warming due to compression (Wakimoto
2001). The dry microburst can be even more dangerous to air traffic than wet, since the
clouds producing it appear innocuous.

A simple schematic of amicroburst is shown in Figure 1. As shown in the figure, microbursts
usually contain some horizontal circulation; the stronger the circulation is, the stronger
the winds associated with the microburst usually are. According to Rinehart et al. (1995),
the tangential velocity inside the microburst has been found to be small compared to the
overall velocity difference. Thus, the rotation should not disturb the wind shear detection.

As opposed to microburst, a gust front often appears in a curved shape on one side of the
convective cell. When several convective cells form a line, known as a squall line, the gust
front can also appear as a twisting or almost-straight line. This has lead to the maximum
shear in a gust front to be called “a shear line” (J. Koistinen, pers. comm.). Even though
the gust front can propagate in front of the convective cell and the precipitation, it can
often in summer be observed with a Doppler weather radar. The gust front contains wind
convergence and updraft, which causes insects to be accumulated along the gust front. As
long as the radar is sensitive enough, the insects can be detected. Commonly, the radar
reflectivity of insects is −20 . . . 10 dBZ, whereas the radar reflectivity of precipitation is
10 . . . 60 dBZ.
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Figure 1. Three-dimensional schematic of a microburst. The lines indicate the motion of the air as
the microburst spreads towards the surface. Horizontal rotation may occur; however the tangential
velocity is smaller than the peak-to-peak velocity difference between the microburst and surrounding
wind. The microburst may reach up to 3 kilometers vertically and 4 kilometers horizontally. Based
on a figure from Fujita (1985).

Microbursts are usually observed slightly behind the gust front. For example, in a
comprehensive meteorological analysis of a microburst that occurred in Finland on June
3, 2004, Järvi et al. (2007) measured a 5-minute delay between the gust front and the
maximum wind speed that marks the microburst. In Finland the distance between a gust
front and the edge of the precipitating cell that generated it is typically up to 20 kilometers,
suggesting time delays of order of 0 to 10 minutes between the gust front and the downburst
(J. Koistinen, pers. comm.). Naturally, the strongest gust fronts are associated with short
delays, since the outflow tends to decelerate during its propagation.

The convective cell systems that commonly produce extreme wind shear can be recognized
through signatures in radar reflectivity images known as the bow echo and rear-inflow jet.
These signatures are demonstrated in Figure 2. The bow echo is a curved high-intensity
rainfall area in the leading edge of the storm, that can be seen in the figure on red. On the
other hand, the rear-inflow notch is a gap or dent in the bow echo caused by a rear-inflow
jet in the convective system. In the figure, the rear-inflow notch is marked by an arrow.

Existing studies suggest that 60% – 80 % of convective storms produce intensive wind
shear (Wakimoto 2001, p. 257). However, most of the surveys concerning with wind shear
are conducted in the USA. Statistical information of wind shear in Europe – and especially
in northern Europe – is lacking. Since intensive wind shear lasts a very short time, in
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Figure 2. A thunderstorm with bow echo and rear-inflow notch. The image shows a part of radar
reflectivity scan of the Sylvi storm over southern Finland, taken on 8 August 2010 at 1915 UTC.
The scan was taken with the Vantaa radar of the FMI national radar network. A bow echo can be
seen on red in the leading edge of the storm. The arrow points to a rear-inflow notch caused by a
rear-inflow jet.

sparsely populated Finland they go mostly unobserved (Järvi et al. 2007). Afterwards they
can be detected by analyzing forest damage tracks, as was done by Punkka et al. (2006).
Consequently, no long-term reliable statistical summary of intensive wind shear events in
Finland has been done. Still, considering that most convective storms in Finland occur
during the summer months between May and September (Anderson and Klugmann 2014),
wind shear can also be assumed to pose a threat mostly during that time.

This study will mostly focus on the detection of gust fronts, as their occurrence is
significantly easier to verify. For early warning purposes detecting the gust front may be
sufficient since the microbursts associated to convective fronts appear after the gust front
has passed.

2.2 Components

Even though most of the intensive wind shear undoubtedly consists of both vertical and
horizontal shear, studying these phenomena separately is useful as they can be detected
with different methods and pose different threats to aviation. The following subsections
will describe the difference between the two components of wind shear.
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2.2.1 Vertical wind shear component

According to the official definition by EUROCONTROL, vertical wind shear denotes
the change in wind speed or direction with altitude. Vertical wind shear is an important
indicator in convective cell evolution and as such is of great interest in research, especially
in the topic of tropical cyclones. For example, Zhang and Tao (2012) concluded through
numerical simulations that studying the vertical wind shear in tropical cyclones can
significantly improve their intensity forecast. For supercell evolution, Dennis and Kumjian
(2016) found that vertical wind shear can either increase or decrease hail production in the
cell, depending on the direction of the shear. Even though vertical wind shear is defined
as the change in wind speed or direction, the separation of these two might be useful.
Markowski and Richardson (2006) concluded that certain supercell characteristics depend
on only one type of wind shear.

Note that vertical wind shear is not only related to local convective storms, but is a
characteristic of the atmosphere in a large area. In the atmospheric boundary layer, wind
speed as a function of altitude follows a logarithmic law (Arya 2001, Ch. 10.1). Thus,
vertical shear is constantly present in the atmosphere, and the strength of the shear is
affected by synoptic scale weather systems, i.e. systems covering a horizontal area of order
of 1000 kilometers, such as cyclones, and diurnal variation.

Vertical wind shear can be detected in several ways. One way is to have several anemometers
at different heights in a tower; a detailed study of a wind shear detected in this manner is
presented by Sherman (1987). However, this method only gives sparse point measurements.

To obtain measurements with more coverage, scanning Doppler radars or lidars can be used.
The usual scanning strategy of operational weather radars is to repeat quasi-horizontal Plan
Position Indicator (PPI) scans (e.g. at 360 azimuth angles with 500-2000 range bins each)
with multiple elevation angles. These scans establish the 3-dimensional volume scan of
the measured quantities. When scatterers are present, it is relatively straightforward to
calculate the vertical wind profile and thus also the vertical wind shear distribution (see,
for example, Saltikoff et al. (2010)). However, due to the curvature of Earth, approximately
50 kilometers away from the radar site the scans no longer cover the lowest 300 to 500
meters of the atmosphere, and thus no wind profile from these altitudes can be obtained.
This makes the observation of low-level vertical shear difficult. Even though the observation
of horizontal shear is similarly affected, but as can be seen in Figure 1, the horizontal shear
often appears as a vertical pillar or front, so the presence of horizontal shear in the altitudes
above 300meters also indicates its appearance lower than that.
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In recent years, also Doppler lidars have become more common at airports for the sole
purpose of measuring wind speeds as a function of altitude. In these cases the lidar can
either scan horizontally to detect horizontal shear or vertically. Doppler lidars were also
tested in the UFO project by Oude Nijhuis et al. (2018).

However, vertical wind shear poses a smaller threat for aviation than horizontal. Aircraft
usually encounter vertical shear in high altitudes, where the risk of accidents is smaller,
whereas horizontal shear is encountered during landing and takeoff which are the riskiest
phases of the flight.

2.2.2 Horizontal wind shear component

Similarly to vertical wind shear, according to EUROCONTROL horizontal wind shear is
defined as the change in wind speed or direction with horizontal distance. Traditionally,
horizontal wind shear can be detected by using multiple anemometers at same altitude or
a horizontally scanning Doppler radar. When detecting with anemometers, as is done in
the LLWAS system, careful interpretation of the readings is required, since the meters only
measure in a single point and the location of the wind shear will influence the measured
wind speed and direction considerably. This makes the exact location of the microburst
difficult to deduce. However, when measuring with a Doppler radar, the scanned horizontal
area is vast making the locating of the wind shear easier.

As illustrated in Figure 1, a microburst will approach the surface in a vertical column that
can be slightly skewed. Once the microburst reaches the surface, the wind will spread
out horizontally. Note that the spreading can also occur in higher altitudes; hence the
microbursts spreading at surface level are often referred as “low-level wind shear”. In
the radar data, this results in a horizontal Doppler wind pattern that diverges from the
microburst center. The pattern is illustrated in Figure 3. Note that, since Doppler radars
allow measuring only the line-of-sight velocity, creating two-dimensional wind fields, as in
Figure 3, requires data from multiple radars or some other assumptions.

The horizontal shear can be extremely dangerous for aircraft during take-off and landing.
The effects an aircraft experiences in a microburst are described in Figure 4. During both
landing and take-off, the airplane will first experience a headwind with increased lift, after
that the downburst and finally a tailwind that can cause the airplane to crash. Whether the
aircraft escapes the situation and the severity of the possible crash depend on the strength
of the burst, the airplane characteristics and the skill of the pilot.
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Figure 3. Horizontal wind pattern caused by a microburst. Simulated pattern based on a figure
from Hjelmfelt (1988).

(a) Landing. (b) Take-off.

Figure 4. Effect of a microburst on an airplane during (a) landing and (b) take-off. The headwind
followed by a downburst and a strong tailwind can cause the airplane to crash. Based on a figure
from Fujita and Caracena (1977).
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3 WIND SHEAR DETECTION METHODS

Depending on the weather conditions and available measurements, wind shear can be
detected in multiple ways. The following section will first describe the traditional method
using wind anemometers. Additionally, wind shear detection with lidars is reviewed. After
that the section focuses on shear detection with weather radars, which is the topic of this
thesis.

3.1 Wind gauge methods

Traditionally wind speed and direction have been measured using different anemometers.
The oldest, still operationally used, instrument of these is the cup anemometer which
consists of three to four cups attached with horizontal poles to a vertical axis. Horizontal
airflow in the cups leads to rotation around the vertical axis, and the wind speed is
determined based on the rotation speed. Cup anemometers cannot be used to measure
wind direction; therefore they are often paired with a weather vane.

Wind speed can also be measured using sonic anemometers that consist of three to four
ultrasound transmitter-receivers. The transmission propagates between the devices and the
duration can be used to determine wind speed. The wind direction is determined based
on the angle of the wind vectors measured along two different paths in the device. It is
noteworthy that the speed of sound in air depends on the air temperature, and precipitation
can alter the speed significantly and anisotropically, making the wind speed and direction
measurements unreliable. Compared to cup anemometers, sonic anemometers can measure
at a very high frequency making them suited for turbulence measurements.

When measuring wind at airports, the location of the anemometers is essential. Generally
a height of at least 10 meters is preferred (Wieringa 1980). Apart from height, the
anemometers should be spread wide around the aerodrome in suitable locations. For
example, in the original description of the LLWAS system, Goff (1980) specifies that at
least six wind anemometers should be included in the system. According to International
Civil Aviation Organization (ICAO; 2005), the system should reach 5.5 kilometers beyond
the critical areas, such as the runways. The location of the sensors is affected not only by
the terrain and meteorological conditions around the aerodrome, but also logistical issues
due to, for example, power supply and maintenance.
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The simplest algorithm forwind shear detection is to observe differences in themeasurements
of the anemometers. The threshold for changes that can be considered a wind shear should
de determined according to the climatology of the area and the application; however
generally a difference of 15 knots (approximately 7.7m/s) between anemometers can be
considered a wind shear that requires warnings. In airports, wind shear detection with
anemometers can also be improved by using other types of sensors, such as pressure
plates (Bedard 1984).

In this thesis, the results of the radar algorithm are compared to measurements made by
wind sensors. The sensors used are all part of the FMI measurement station network.
Since each station, including the Helsinki-Vantaa Airport station, only have one wind
anemometer, only timeseries data is used. The data is inspected to determine whether the
wind shear detected with the Doppler radar algorithm can also be detected with the sensors.
Further considerations are presented in Section 6.

3.2 Lidar methods

A lidar is nowadays an important tool in measuring the atmosphere. Lidars can be used
depending on the wavelength of the laser to measure, for example, atmospheric temperature
and wind profiles. Lidar devices transmit laser beams with wavelengths generally between
250 nm and 11 µm (Wandinger 2005).

According to Werner (2005), wind profiles are measured using a pulsed Doppler lidar
that utilizes the phase difference between the transmitted laser pulse and received signal
to determine the line-of-sight speed of the scattering particle. Usually Doppler lidars
measuring wind speeds use the aerosols in the air as the backscattering media. The
wavelength of the lidar depends on the expected magnitude of the return signal; generally a
wavelength of order of magnitude of 10−6 meters is suitable.

Doppler lidars are better suited for detecting clear-air wind shear that usually appears in
mountainous areas than Doppler radars. Clear-air wind shear occurs – as the name suggests
– in conditions without precipitation. Especially in winter time, when there are few insects
in the air, there is nothing in the air to scatter the radar signal and wind shear cannot be
detected using a radar. However, since lidar signal scatters from aerosols, it can measure
the air speed even in clear weather. On the other hand, lidar suffers from attenuation in
clouds and precipitation.
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An example of the use of lidar in wind shear detection is presented by Shun and Lau
(2002). The LIWAS system consists of two scanning Doppler lidars located at the Hong
Kong International Airport that scan a distance up to 10 km over the runways. Due to the
surrounding terrain, the airport experiences a considerable amount of clear-air wind shear
that is a hazard to departing and arriving aircraft.

Wind shear detection with lidar is done similarly to radar detection. The lidar outputs
a velocity display that is processed to detect differences over a threshold value in wind
speed over some distance. These differences indicate a wind shear, and a warning for the
corresponding area is then given.

3.3 Weather radar methods

The detection of wind shear from Doppler radar data can be divided into three main parts:
the wind field synthesis, the computation of differences in the field, and the detection of
the shear in the difference field. The following sections describe the selected approaches in
this work.

3.3.1 Wind fields from single- and multi-Doppler analysis

The process of extracting two or three-dimensional wind fields from Doppler radar
observations from either one or multiple independent radars is called single- or multi-
Doppler analysis, respectively. Since radars, as well as lidars, can only detect the
line-of-sight velocity along the radar beam path, creating two-dimensional wind fields
requires either observations from two different radars in the same observation volume
or some other constraints imposed, such as the continuity of mass. Similarly, creating
three-dimensional fields requires observations from three radars or constraints.

Single-Doppler analysis

In its simplest form, single-Doppler analysis includes the studying of wind velocities
without transforming the line-of-sight velocities into higher-dimensional wind fields. These
velocities are usually shown, similar to other radar moments, using a map-like PPI where the
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radar is in the middle and ranges away from radar are indicated by circles, or a range-height
indicator that shows the radar scan vertically from a single azimuth angle (Rinehart 1997).

More advanced methods are capable of obtaining two- and even three-dimensional fields
from a single radar. For example, Gao et al. (2001) presented a method that can extract
three-dimensional fields from single-Doppler radar data. However, like most of the methods,
this requires additional information about the atmosphere and background wind fields.
These measurements commonly include vertical soundings that provide information on, for
example, air temperature and density as a function of height. Unfortunately no sounding
data is available in a reasonable distance of the test site, so these methods are not suitable
for this study.

The method used in this work to single-Doppler analysis is based on Xu et al. (2006), and
is available in an open-source Python library (https://github.com/nasa/SingleDop)
implemented by the National Aeronautics and Space Administration (NASA). Themethod is
based on calculating auto- and cross-covariance functions between the radial and tangential
velocities with respect to the radar.

The horizontal wind field is obtained from the radial and tangential wind components. As
given by Xu et al. (2006), the radial and tangential velocities vr

i and v
t
i at point xi := (xi, yi)

T

can be expressed as

vr
i = ui cos βi + vi sin βi

vt
i = −ui sin βi + vi cos βi

where vi := (ui, vi)
T is the wind field in east-north-axis, and βi := arctan(yi/xi) is the angle

between the vector to point xi from origin (the radar location) and x-axis.

The radial velocities are obtained from the radar measurements, and the tangential
components are approximated by constructing an auto-covariance matrix Crr for the radial
velocities and a cross-correlation matrices Ctr,Crt for the radial and tangential velocities.
The matrices are approximated with

Crr(x, x′) = σ2 exp

(
−

1
2

r2

L2

)
cos(β − β′)

Ctr(x, x′) = σ2 exp

(
−

1
2

r2

L2

)
sin(β − β′)

= Crt(x′, x)

https://github.com/nasa/SingleDop
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where r := ‖x − x′‖2 is the distance between points x and x′, L is a de-correlation length-
scale, β and β′ are the angles between the x-axis and points x and x′, respectively, and σ2 is
the background wind error that is assumed to be unbiased, homogeneous and isotropic.

In order to solve the radial and tangential velocities, first the equation

(Crr + σ
2
obsI)z = d

is solved for z. Above, σ2
obs is the observation wind error; I is an M × M identity matrix

where M is the number of observations; and d := y − Fb is the observation innovation
vector where y is the observation vector, F is a matrix mapping wind vectors from analysis
space into observation space and b := (br, bt)T is a matrix containing radial and tangential
components of background wind in analysis space points.

After that the radial and tangential velocities are calculated with

vr(x) = br +

M∑
m=1

Crr(x, xm)zm

vt(x) = bt +

M∑
m=1

Ctr(x, xm)zm

where zm is the m-th component of z, and xm gives the m-th observation point. The
background winds are estimated from the radar observations by using the Velocity Azimuth
Display method (Browning and Wexler 1968).

This method produces analyzed winds on a conical surface centered at the radar, so studying
results in Cartesian coordinates requires an additional interpolation. However, for the
purposes of short-term weather warning systems, a PPI view of the wind field is often
enough, especially if the field is produced from scans from only one radar.

Multi-Doppler analysis

For multi-Doppler analysis, the earliest methods first analyzed the wind fields in cylindrical
coordinates and then interpolated the vectors into a Cartesian coordinate system. These
methods generally are called COPLAN methods, and an example of them is detailed
by Doviak and Zrnić (2006, Ch. 9.2). In this method, the observation space is expressed in
cylindrical coordinates. Two components for the wind vectors are obtained by interpolating
the radial velocities from each radar into a grid. The third component is obtained through
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imposing a condition for air density continuity. Traditionally, the observation time from
both radars is assumed to be the same, and no temporal interpolation is done.

Nowadays, the multi-Doppler is usually carried out in Cartesian coordinates. In this way,
only one interpolation (from the radar observation space into Cartesian coordinates) is
required. Additionally, to improve the vertical velocity estimation, the methods usually
utilize a variational approach.

Variational methods denote a large group of methods, where the solution to, for example,
partial differential equation problem, is obtained by minimizing some cost function over the
problem domain. In multi-Doppler analysis, the variational approach was first introduced in
a Master’s Thesis by Ziegler (1978). The method minimized a cost function that considered
the difference of the analyzed wind field and the observations, and the equation for anelastic
continuity of the field.

The method used in this work for multi-Doppler analysis is a three-dimensional variational
(3DVAR) method presented by Shapiro et al. (2009) and tested by Potvin et al. (2011).
Here a brief summary of the main principles of the method is presented.

Denoting the x-, y-, and z-components of the wind field with u, v and w, respectively, the
anelastic vertical vorticity equation used in the method is

∂ξ
∂t + u ∂ξ

∂x + v
∂ξ
∂y + w

∂ξ
∂z +

(
∂v
∂z

∂w
∂x −

∂u
∂z

∂w
∂y

)
+ ξ

(
∂u
∂x +

∂v
∂y

)
= 0, (1)

where ξ:= ∂v
∂x −

∂u
∂y is the vertical vorticity of the wind. The equation is based on laws

describing compressible atmosphere under anelastic approximation that are commonly
used to describe mesoscale phenomena, such as convective storms.

Equation (1) contains a term for time derivatives. Generally, there are two methods for
handling time derivatives in variational multi-Doppler analysis. The first one is to discretize
the derivative as finite differences over the scan interval. The second one that is used
here is to employ a so called “frozen-turbulence hypothesis”, where the velocity of the air
stream is assumed to be much larger than the velocity of the turbulence in it (Taylor 1938).
Then any changes in the wind vector at a fixed point between two moments can be assumed
to be caused by the passage of an unchanging turbulent motion pattern. In practice, the
hypothesis is imposed by replacing the time derivative term in Equation (1) by

∂

∂t
= −U

∂

∂x
− V

∂

∂y
, (2)
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where U and V are pattern translation components that can be determined from the radar
observations through, for example, cross-correlation analysis.

This produces functional relations for the wind components û, v̂ and ŵ that are

û(x, y, z, t) = û(x −Ut, y − Vt, z, 0)

v̂(x, y, z, t) = v̂(x −Ut, y − Vt, z, 0)

ŵ(x, y, z, t) = ŵ(x −Ut, y − Vt, z, 0).

However, this approach can cause severe errors if the evolution in time of the wind patterns
is significant compared to the translation.

The total cost function J that is minimized in the method is given by

J := JO + JM + JV + JS,

where the cost terms are, respectively, for observation error, anelastic mass conservation,
anelastic vertical vorticity and first-derivative spatial smoothness.

Denoting the wind vector observed at point x j by radar i, interpolated into Cartesian
grid, with vobsri, j

:= (uobs
ri, j , v

obs
ri, j ,w

obs
ri, j )

T, and the corresponding analyzed wind with v̂ri, j :=
(ûri, j, v̂ri, j, ŵri, j)

T, the mismatch between these over two independent radars is expressed as
a cost function

JO :=
N1∑
j=1

λO,1r2
1, j

vobsr1, j − v̂r1, j
2

2
+

N1∑
j=1

λO,2r2
2, j

vobsr2, j − v̂r2, j
2

2
, (3)

where the summations extend over the N1 observation points of radar one and N2 points
of radar two, respectively; λO,i are weighting coefficients, and ri, j := ‖ri − x j ‖2 are the
distances from radar i to the grid points x j , with ri the location of radar i. Note that in this
case ri, x j ∈ R

3 since the altitude of the point is significant in specifying the points.

The violations to anelastic mass conservation in the analysis are presented by the cost
function

JM :=
NCart∑
i = 1

λM

[
∂ (ρûi)
∂x +

∂ (ρ̂vi)
∂y +

∂ (ρŵi)

∂z

]2
,

where the summations extend over the whole Cartesian analysis grid with NCart points, λM

is a weighting coefficient, and the base-state air density ρ(z) is either obtained through
soundings near the analysis volume or by approximation with an exponential function.



30

Furthermore, the violations to the anelastic vertical vorticity described by Equation (1), are
expressed with the cost function

JV :=
NCart∑
i = 1

λV

[
(ûi −U) ∂ ξ̂i∂x + (̂vi − V) ∂ ξ̂i∂y + ŵi

∂ ξ̂i
∂z

+
(
∂ v̂i
∂z

∂ ŵi

∂x −
∂ ûi
∂z

∂ ŵi

∂y

)
+ ξ̂i

(
∂ ûi
∂z +

∂ v̂i
∂y

)]2
,

where ξ̂i := ∂ v̂i
∂x −

∂ ûi
∂y is the vertical vorticity estimated in point xi, λV is a weighting

coefficient and the time derivative in Equation (1) has been replaced by the frozen-turbulence
term in Equation (2).

Finally, the smoothness of the estimated wind field in the Cartesian grid is penalized by

JS :=
NCart∑
i = 1

λS,1

[(
∂ ûi
∂x

)2
+

(
∂ ûi
∂y

)2
+

(
∂ v̂i
∂x

)2
+

(
∂ v̂i
∂y

)2
]

+

NCart∑
i = 1

λS,2

[(
∂ ûi
∂z

)2
+

(
∂ v̂i
∂z

)2
]

+

NCart∑
i = 1

λS,3

[(
∂ ŵi

∂x

)2
+

(
∂ ŵi

∂y

)2
]
+

NCart∑
i = 1

λS,4

(
∂ ŵi

∂z

)2
,

where λS,1, λS,2, λS,3 and λS,4 are weighting coefficients. Separating the terms in different
factors allows for weighting the horizontal and vertical smoothness separately. Additionally,
using first- or second-derivatives allows for smooth interpolation of the analysis variables
over areas with no observations.

Even though the method here is presented using two radars, an extension to three or more
radars is straightforward. Since the only cost function that depends on the radar observation
points is Equation (3), incorporating more radars to the method would be done by including
summation terms for each of the additional radars to that equation.

The method described here is implemented in an open-source library (https://github.
com/nasa/MultiDop) using Python and C languages by the University of Oklahoma and
NASA. The library allows for setting the weighting coefficients λM and λV separately, and
considers the coefficients λS,1, λS,2, λS,3 and λS,4 to have the same value, denoted with λS.
Similarly, coefficients λO,i are considered to have the same value, denoted with λO.

https://github.com/nasa/MultiDop
https://github.com/nasa/MultiDop
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The coefficients can then be rewritten as

λO = CO


N1∑
j=1

r2
1, j

vobsr1, j

2
2
+

N1∑
j=1

r2
2, j

vobsr2, j

2
2


−1

λM = CM

[
NCart ρ̄(DS)

2
]−1

λV = CV

[
NCart(DS)

4
]−1

λS = CS

[
NCart(DS)

2
]−1

,

where ρ̄ is the mean base-state air density in the analysis volume, and

DS :=
©«

1
N1 + N2


N1∑
j=1

©« 1
r1, j

∂vobsr1, j

∂θ

ª®¬
2

+

N2∑
j=1

©« 1
r2, j

∂vobsr2, j

∂θ

ª®¬
2

ª®®®¬
1/2

is the spatial gradient, with Ni the number of observation points for radar i and θ the
azimuth angle of the radar observation. When using the library, the tuning parameters CO,
CM, CV, and CS are used.

However, no method for determining the values of the tuning parameters exists, and they
have to be set through experimentation. Good values for the parameters are determined to
be such that varying them causes little change in the vertical wind components, which are
considered to be the most sensitive of the components.

Unfortunately, the multi-Doppler analysis is computationally intensive. The time and
memory requirements are affected by the selected tuning parameters and the size of the
analysis grid. Therefore, careful selection of the grid size and location in both horizontal
and vertical directions is important. In the grid resolution, the resolution of the original
data and the application should be considered.

3.3.2 Gradient fields

After performing the Doppler analysis, the derived wind fields have to be processed in order
to detect the wind shear. As defined before, wind shear involves intensive changes in some
direction in the wind speed. Additionally, a change in wind direction can be interpreted
to be a wind shear; however, for this no numerical definition has been given in literature.
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Therefore, it is more useful to study the shear as

D =
��v − v′

�� ,
where v and v′ are the wind vectors that are compared. Depending on the observation
method, v and v′ can either be from different locations or moments. For the quantity
defined above a simple threshold of, for example, 10m/s can be used.

In order to find these changes, a gradient of the wind fields should be computed. Since
the fields are numerical and not represented by any function, exact gradients cannot be
calculated. Instead, some approximations have to be done.

In this method, the gradient fields are calculated separately for the east-ward component u

and the northward component v of the wind field. Since these fields are scalar fields, the
gradient computation can be done similarly. This will also allow avoiding the complications
in defining and calculating gradients for a vector field.

The method used for calculating gradient fields is described by Leclaire et al. (2014).
Since the wind components are continuous variables, using a low-order finite difference
approximation of the gradient field can lead to errors, especially when dealing with a
low-resolution grid. Compared to simple one-dimensional finite differences, this method is
also spatially isotropic, meaning that the error term of the finite difference discretization is
isotropic.

The gradient approximation method is described through orders: the spatial order S, and
the isotropic order I. The spatial order controls the rate at which the gradient norm and
direction decrease with the grid resolution, whereas the isotropic order controls how the
error in gradient direction decreases. The orders are controlled by I=S+2.

To describe the gradient calculation for two-dimensional fields, first a set of stencils
c(i, j):= (c(i)x , c

( j)
y )

T is introduced as

c(i)x := ih, i = −R,−R + 1, . . . , 0, . . . , R − 1, R

c( j)y := jh, j = −R,−R + 1, . . . , 0, . . . , R − 1, R,

where h is the spacing of the grid (here assumed to be the same in both x- and y-directions),
and R is an integer describing the radius of the stencil. The stencils here are located at the
origin, but a simple translation would allow building the stencils in any grid position.
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The gradient of function F can then be approximated with (Leclaire et al. 2014)

∂F
∂x

���
(0,0)
=

1
h2

∑
i

∑
j︸    ︷︷    ︸

i2+j2≤D

F
(
c(i)x , c

( j)
y

)
w(i, j)c(i)x

∂F
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���
(0,0)
=

1
h2

∑
i

∑
j︸    ︷︷    ︸

i2+j2≤D

F
(
c(i)x , c

( j)
y

)
w(i, j)c( j)y ,

(4)

where D is an integer constant determining the size of the desired window for gradient
calculation and w(i, j) are coefficients that, for symmetry, fulfill

w(i, j) = w( j,i)

w(i, j) = w(|i |,| j |).

The coefficients w(i, j) for some combinations I, S are presented in Table 4.

Table 4. The coefficients w(i, j) for gradient operator in two dimensions. The table is from Leclaire
et al. (2014).

Spatial and isotropic order
Weights (2, 4) (4, 6) (6, 8)

w(1,0) 1/3 13/30 31/70
w(1,1) 1/12 2/15 27/140
w(2,0) - -1/120 0
w(2,1) - -1/60 -3/70
w(2,2) - 0 3/560
w(3,0) - 0 -1/630
w(3,1) - 0 1/280
w(3,2) - 0 0
w(3,3) - 0 0
w(4,0) - - 0
w(4,1) - - 0
w(4,2) - - 0
w(4,3) - - 0
w(4,4) - - 0
w(5,0) - - 0
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For practical computation, convolution is used to compute the gradient. Convolution of
two continuous functions g(x, y) and h(x, y) is defined as

(g ∗ h)(x, y) :=
∫ ∞

−∞

∫ ∞

−∞

g(x′, y′)h(x − x′, y − y′) dx′ dy′.

For discrete functions (images) G(i, j) and H(i, j), assuming that G has a bigger domain
(size) than H, the convolution is here defined as

(G ~ H)(i, j) :=
n∑

k=−n

n∑
l=−n

H(k, l)G(i + k, j + l), (5)

where H ∈ R(2n+1)×(2n+1). Then this can be understood as filtering the image G with the
filter H. Note that this is not the general definition for discrete convolution, but it is well
suited for this method.

The convolution can be computed with the Fourier transform, the Discrete Fourier
Transform (DFT) and the inverse Discrete Fourier Transform (IDFT) using the following
equations:

g ∗ h = F−1{F {g}F {h}}
G ~ H = IDFT{DFT{G}DFT{H}}

where F is the Fourier transform and F−1 is the inverse Fourier transform, defined as

F { f (t)} = f̂ (ω) =
∫ ∞

−∞

f (t)e−iωt dt

F−1{ f̂ (ω)} = f (t) =
1

2π

∫ ∞

−∞

f̂ (ω)eiωt dω.

Rewriting Equation (4) for any point x, y gives

∂F
∂x

���
(x,y)
=

1
h2

∑
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∑
j︸    ︷︷    ︸

i2+j2≤D

F(x + c(i)x , y + c( j)y )w
(i, j)c(i)x

∂F
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���
(x,y)
=

1
h2

∑
i

∑
j︸    ︷︷    ︸

i2+j2≤D

F(x + c(i)x , y + c( j)y )w
(i, j)c( j)y

These equations can be interpreted as two-dimensional convolutions and can therefore
be calculated using DFT that is implemented using the Fast Fourier Transform (FFT)
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algorithm. The terms w(i, j)c(i)x and w(i, j)c( j)y , corresponding to H in Equation (5), will in
future be called the “weight matrix”. An example of the weight matrix calculation is
presented in Table 5.

Table 5. An example of a weight matrix. (a) The coefficients from Table 4 in matrix form. (b)
The stencils for x-direction. (c) The element-wise product of the two matrices that forms the final
weight matrix. The matrices are built for the case I = S + 2 = 4. For y-direction, matrix (b) is first
flipped left to right and then transposed.

(a) The coefficient matrix.

1/12 1/3 1/12

1/3 1/12 1/3

1/12 1/3 1/12

(b) The x stencil matrix.

-1 0 1

-1 0 1

-1 0 1

(c) The weight matrix.

-1/12 0 1/12

-1/3 0 1/3

-1/12 0 1/12

Note that in this case, in addition to the regular zero-padding required by the FFT, the
fields are padded at every edge by repeating the edge values n times, where 2n + 1 is the
width/height of the weight matrix. The padding is removed after the FFT and inverse FFT.
The padding ensures that the derivatives at the edges of the fields are zero.

In practice, the gradient components are calculated with the following procedure:

1. Pad the wind field with edge values, and pad with zeros to size required by FFT.

2. Form the weight matrix, pad it to same size as the wind field and roll it so that the
non-zero elements are in the corners (as required for DFT).

3. Compute forward FFT on both the weight matrix and the padded field.

4. Compute inverse FFT on the element-wise product of the two and remove the
padding.

The previous theory is written for two-dimensional wind fields. Since the work focuses in
detecting horizontal wind shear, two-dimensional analysis is sufficient. However, extension
of the method into three dimensions is straightforward. In this case, the wind field consists
of three three-dimensional arrays presenting the east-, north- and upward winds.

In addition to this, the stencils c(i)x and c( j)y should be extended into three-dimensional
arrays, and an additional stencil c(k)z in z-direction should be defined. The weight matrix
would then also be a three-dimensional array. The coefficients for some orders of accuracy,
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as given by Leclaire et al. (2014), are presented in Table 6. The gradient would then be
calculated as before by using three-dimensional FFT.

Table 6. The coefficientsw(i, j,k) for gradient operator in three dimensions. The table is from Leclaire
et al. (2014).

Spatial and isotropic order (S, I)
Weights (2,4) (4,6) (6,8)
w(1,0,0) 1/6 1/15 -41/140
w(1,1,0) 1/12 1/5 3/7
w(1,1,1) - -1/30 -9/70
w(2,0,0) - 1/40 33/280
w(2,1,0) - -1/60 -9/140
w(2,1,1) - 0 3/280
w(2,2,0) - 0 3/560
w(2,2,1) - 0 0
w(2,2,2) - 0 0
w(3,0,0) - 0 -11/1260
w(3,1,0) - 0 1/280
w(3,1,1) - 0 0
w(3,2,0) - - 0
w(3,2,1) - - 0
w(3,2,2) - - 0
w(3,3,0) - - 0
w(3,3,1) - - 0
w(3,3,2) - - 0

3.3.3 IRIS SHEAR algorithm

The method described in the previous sections will be compared to results given by IRIS
SHEAR algorithm (Vaisala Inc. 2017) in the case study. The algorithm is developed by
Vaisala Inc. and this section will provide an overview of the algorithm. The algorithm is
described here only for radial and azimuthal shear calculation, but it can also be applied
similarly to several elevation angles to find vertical shear.

The IRIS SHEAR algorithm is calculated on Doppler radar data represented in azimuth-
range form. Generally the radar images have a shape of 360×Nr, with every row representing
one radar beam at different ranges. The algorithm consists of three parts: decluttering to
remove point clutter bins, differencing of adjacent bins and smoothing.
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Before applying the algorithm, two filter lengths must be defined. The range filter length
and azimuth filter length define the lengths of the gaps tolerated in point clutter removal
and the lengths of the filters for smoothing. The lengths are defined first in geographic
units and then converted to number of bins. For example, a range filter length of 1.5 km
corresponds to 3 bins in a radar image where a single bin range is 500meters; if the bin
range is 125meters, the range filter length is 12 bins. Similarly, the azimuthal filter length
is specified in degrees; for a radar image with 360 rays, a filter length of 3◦ corresponds to
3 bins.

In the point clutter removal, first any bin with a velocity within 2 % range of zero is marked
as a potential clutter bin. Next these potential clutter bins are filtered. Any clusters of
potential clutter bins where there are at most 1/3 of filter length adjacent bins (using the
range filter length for radial direction and azimuthal filter length for azimuthal direction),
are filtered out. Additionally, any isolated potential clutter bins are filtered out regardless of
the filter lengths. This filtering removes the clutter bins that should have been removed by
the signal processor but were not. Since the removal is applied for any bin with a near-zero
velocity, it cannot separate between real ground clutter and bins where the measured radial
wind happens to be near zero.

Next one-dimensional forward-finite differences are calculated in either radial or azimuthal
direction. The differences are calculated at most over gaps of length of half of the filter
length. If there is a gap, the resulting difference is placed in the bin closest to the middle of
the gap.

During smoothing, the differences are convoluted using a triangular kernel with length
equal to the filter length, again accordingly either the radial or azimuthal filter length. The
sum of the elements of the kernel is 1. Additionally, a weight corresponding to each bin is
calculated by convolution between an image, with value 1 for bins having a valid velocity
value and 0 for filtered or empty bins, and the convolution kernel. The final image is
obtained by dividing the convolved bin values with the corresponding weights and filtering
out any bins that have a weight less than 1/2. This removes any remaining speckled bins.

Finally, in this study for convenience reasons, the smoothed values are multiplied with the
filter length in bins. This allows the use of same threshold value in shear detection for
all images even though they have different radial resolutions. For example, when using
a threshold of 10m/s change in wind speed over 1.5 km, in an image with 500m radial
resolution the differences should sum in a range of 3 bins, whereas in an image with 125m
they should sum within 12 bins. Therefore, in the 125m image the average value in a
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bin should be 10/12, whereas in the 500m image it should be 10/3, and using the same
threshold for both images is not possible. This difference is corrected by multiplying the
values with the filter length in bins. Similarly, the change in wind speed is distributed to
different bins in the azimuthal direction; however, since the azimuthal resolution is usually
constant, there is no difference between particular images.

Once the final image is obtained, bin values exceeding a given threshold are defined to imply
a wind shear. Depending on the needs of the final user, several connected values exceeding
the threshold may be required. The shear bins can also be connected into curves to denote
a shear curve. Additionally, in operational use the azimuthal shear should be corrected to
account for the apparent shear caused by mean wind speed. This can be done by using
the mean wind velocities obtained from a Vertical Velocity Processing (VVP) product.
The VVP product can be calculated from the radar data with several elevation angles by
using algorithms presented, for example, by Waldteufel and Corbin (1979). However, in
the context of this work the correction is not done due to the lack of ready-made VVP data.

The IRIS SHEAR algorithm is used as a reference algorithm in this work for several reasons.
Firstly, it has been used operatively in aviation and can therefore be considered the “ground
truth” in wind shear detection. Secondly, it does not require heavy analysis or interpolation
that could smooth or remove local features in the wind fields. Thirdly, compared to
the Doppler analysis methods it is computationally light and is performed in the radar
measurement space. Therefore, the new method should give significant improvements
in the detection of wind shear in order to be considered for operational use, where the
computations and detection should be fast and reliable.

3.3.4 Shear detection from wind fields

After the gradient fields have been calculated, either by multi-Doppler analysis or the IRIS
SHEAR algorithm, the wind shear patterns should be extracted from them. In this work, in
order to obtain comparable results, the wind shear patterns are found similarly in all of
these cases.

In order to find the shear patterns, first contours corresponding to a given threshold value cthr

are found. These contours and points inside them are considered to be shear, if they
fulfill two conditions related to the area of the contour and the values of the points inside
them. The conditions are imposed in order to filter out “false” observations due to, for
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example, noise caused by velocity dealiasing. The possible error sources are discussed in
Section 4.3.2.

The condition for the area A of the shear pattern is defined as

A > Athr (6)

where Athr is a given threshold value. The threshold value used in this study is 3.5 km2,
which allows detecting microbursts, but removes smaller patterns that are most likely noise
or would, nevertheless, have a very low predictability.

The area of the shear is calculated directly by summing the areas of individual bins inside
the contour. However, the bins detected from azimuth-range images do not have a constant
geographical area, so the area of bins for each column of the image should first be calculated.
Using the formula for the area of a circular sector, the geographical area of a radar bin
between ranges ri and ri+1, assuming that the azimuthal resolution is 1◦, is

Ari =
π

360

(
r2
i+1 − r2

i

)
.

After calculating the column vector Ar =
[
Ar1, . . . , ANr

]T, the area of the shear pattern can
be calculated by summing the elements of MAr, where M is a boolean image (matrix)
marking the bins inside the pattern.

The point value condition for the shear patterns is defined through the 10-th percentile, p10,
and a given high percentile pt that can be for example the 97.5-th percentile, of the values
inside the contour. The condition is then

p10 < pthr and pt > pthr, (7)

where pthr is a given threshold value, for example 9m/s. The threshold value used here does
not need to be the same as when detecting the contours; this allows finding larger intensive
shear areas where the peak values are not located in connected areas. The condition for
the lower percentile helps to remove false detections caused by errors especially in the
multi-Doppler analysis due to radar data mismatch.

The contours fulfilling the conditions (6) and (7) are then selected as the detected shear
patterns and the rest of the contours are discarded.
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3.4 Comparison of methods

The suitable method for shear detection differs for horizontal and vertical shear, and depends
on the weather conditions the shear occurs in.

3.4.1 Horizontal and vertical wind shear

Since radars and lidars are mostly used to scan horizontally, detecting vertical wind shear
with them is challenging. A stationary wind shear can be detected rather well when taking
scans with several elevation angles and the location is close enough to the radar or lidar.
For example, considering the typical scans in the FMI radar network (Saltikoff et al. 2010),
there is a sizable amount of small bins in the 20 km range from the radar that are scanned
every five minutes which would allow measuring the vertical shear in a single horizontal
location, as long as the shear does not move. However, when the location is further away
from the radar, the size of the bins and the vertical difference between bins from different
elevation angles grows and the lowest bins are already well above the interesting altitudes
up to 300m. This makes it difficult to get observations of the vertical shear with a good
vertical resolution.

Additionally, wind shear related to convective cells can move a considerable distance in the
time it takes to scan several elevation angles. Therefore, the measurements from different
altitudes in the same horizontal area can represent altogether different situations which
makes it impossible to obtain direct measurements of the vertical shear.

With anemometers, vertical shear is possible to detect assuming that the anemometers
are located, for example in a tower, sufficiently densely. Since all the anemometers can
measure at the same moment – not accounting for inaccuracies in measurement time –
temporal differences can be avoided. However, if the shear does not pass over the tower,
nothing is detected. In addition to this, any shear detection made with anemometers in
the airport area could come too late in order trigger effective steps to counter the hazard
caused by it.

For horizontal shear detection, single radar or lidar should be successful, as long as the
range and azimuthal resolutions are high enough. However, when measuring the wind fields
with multiple devices and conducting multi-Doppler analysis, the temporal and spatial
differences in the radar bin locations easily lead to an averaged wind field. Therefore,
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multi-Doppler analysis might not be suitable for shear detection. This is demonstrated in
during the case study in Subsection 6.4.

3.4.2 Effect of weather conditions

As mentioned before, weather radars cannot detect wind speeds in clear weather when
there are no scatterers large enough in the air. This occurs especially in winter and cold
conditions; in summer and warm air most of the time there are enough insects from which
the radar signal backscatters. Since the Doppler velocity can be detected even with a weak
backscatter signal, shear can mostly be detected with radars in summer. For the scope of
this work – shear associated with convective storms – weather radar detection is well suited.

However, in areas where clear air shear occurs regularly due to terrain or sea breeze caused
by differential surface heating over land and water masses (Markowski and Richardson
2010, p. 149), radar detection is not enough, and lidar detection can be used to complement
it. Nevertheless, lidar alone might not be enough in these areas, as the lidar signal is
attenuated by precipitation (Guo et al. 2015). For detection with anemometers, they need
to be widely spread around the target area in order for the detection and nowcasting to
succeed.
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4 SHEAR OBJECT DEFINITION

The aim of wind shear detection is to give warnings and forecast the behavior of the shear
during its existence. In order to achieve that, once the shear patterns are detected, they
need to be represented in a format suitable for manipulating them and transferring them
between different systems. Object-based representation is well suited for this purpose, as
it allows adding information to the shear patterns flexibly and can be implemented in a
way that can be transferred easily between different systems. This section deals with this
mathematical description of the wind shear objects.

4.1 Object scope definition

After the detection process outlined in the previous section, the shear object consist of the
points in the original detection grid. These shear patterns can be noisy and form only a
part of the actual shear if, for example, there were gaps in the wind observations.

Therefore, the individual shear patterns can further be combined into bigger objects based
on the minimum distance between the patterns. The minimum distance between two shear
patterns is determined by calculating the Euclidean distance pairwise between all the
border points of the two patterns, as provided by the algorithm used to detect the contours
in Section 3.3.4. If the minimum of these distances is lower than a given threshold dthr,
the patterns are combined into a single pattern. This is demonstrated in Figure 5. The
threshold dthr can vary for the different datasources; for example, in the multi-Doppler
analysis the detected shear patterns were quite vast (as illustrated in Subsection 6.4) so
the combining was not done at all, whereas in the IRIS SHEAR analysis a threshold of
5 km was used. The threshold could also be adapted specifically for each pattern: small
patterns could be expected to be closer to each other than big patterns. The procedure is
repeated for the new patterns, until the minimum distances between all the patterns exceed
the threshold.

At this point the shear objects still consist of points defined on the original grid. Processing
the points further in the original grid, especially if it is an azimuth-range grid, is not very
productive. Hence, the points are transformed into geographical coordinates in meters with
respect to a chosen origin location. In this study, the selected origin location is the airport;
it could also be one of the used radars or some other well-known location.
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d < dthr

d > dthr

Figure 5. Minimum distances between shear patterns. Since the distance between the blue and red
shears is less than the threshold, they are combined. Red and green patterns are not combined as
their distance exceeds the threshold.

4.2 Mathematical formulation of object geometry

Since processing individual points is not very useful, next a curve is fitted into the points.
The curve fitting is done using basis spline interpolation.

Before the interpolation, the points are first ordered. Since at this point the coordinates
consist of pairs of distances (xi, yi), xi, yi ∈ (−∞,∞), east- and northward from the origin
location, they can be ordered primarily according to one coordinate and secondarily
according to the other. The first coordinate is chosen as the one that has the biggest range in
the pattern; that is, if the pattern is longer in y- (northward-) direction, the coordinates are
first swapped and after that ordered. Denote the coordinates (xi, yi), where xi now denotes
the coordinate that has longer range and yi the coordinate with smaller range.

After ordering the points, they are averaged with a moving average. The averaging is used
to reduce noise and to allow the spline interpolation, as interpolation requires that the
x-coordinates are unique. The coordinates for the points are averaged separately. The
moving average is computed over 10 coordinates, and if there is less than 20 points in
the pattern, the averaging is not done. The averaging is demonstrated in Figure 6, where
the original points are drawn with gray color and the averaged points with orange color.
Additionally, after averaging, 2n\100 of the points are discarded from beginning and end of
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the points, where n is the number of coordinate pairs after averaging and \ denotes integer
division. This reduces the significance of the points at the edges of the shear pattern that
can cause the spline curve to be too steep at the ends.

Figure 6. Shear point averaging and approximation. The gray points are coordinates of the original
shear pattern points. The line-like structure is due to the fact that the pattern was originally detected
from an azimuth-range image. The orange points are a moving average of the gray points with a
length of 10 coordinates. The number of averaged points is 2282, so 2 × 2282\100 = 44 points
from beginning and end of the points are discarded. The red line represents the spline interpolation
that was fitted to the orange points.

Note that when the averaging is done as it is here, the shear curve will not represent the
maximum points of the shear pattern, but rather just the average of the detected area. To
obtain the maximum points of shear, the threshold values used to detect the shear patterns
should be adjusted, or instead of a moving average a moving maximum operator could
be used. The method presented before has been optimized for highly noisy patterns. If
the shear patterns are less noisy, the steps conducted here to reduce noise (averaging and
discarding end points) could be avoided.

Once the points are averaged, a piecewise polynomial curve, i.e. a spline, is fitted into
them. For a reference on basis spline interpolation, see for example Kreyszig (2011, Ch.
19.4). Denote the averaged points (xi, yi), i = 1, . . . , N where yi refers to the coordinates
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that have a smaller range in the patterns. Note that the points are still ordered primarily
according to xi and secondarily according to yi.

If at this point there are still coordinates where xi are not unique, that is, there are pairs
with the same x-coordinate but different y-coordinate, these coordinates are combined and
the yi-value is taken as the mean of all the yi-values. This can occur especially when the
shears are detected from a Cartesian grid. Uniqueness in the yi-coordinate is not required.

For the interpolation, first a set of L + 1 knot points k0, . . . , kL are defined. These knot
points form L intervals. The knot points should satisfy

x1 < k0 ≤ . . . ≤ kL < xN

In practice, if N < 20, three knot points are used, and they are chosen by the used
interpolation algorithm; otherwise five knot points are chosen equidistantly between x2

and xN−1.

After the knot points are chosen, on each interval [k j, k j+1] a polynomial gi of degree q is
fitted into the points (xi, yi) for which xi ∈ [k j, k j+1]. The spline curve is required to be
g ∈ Cq(x1, xN ), so it should additionally satisfy

g0(k0) = g1(k0), g1(k1) = g2(k1), . . . , gL−1(kL−1) = gL(kL−1)

g′0(k0) = g′1(k0), g
′
1(k1) = g′2(k1), . . . , g

′
L−1(kL−1) = g′L(kL−1)

g′′0 (k0) = g′′1 (k0), g
′′
1 (k1) = g′′2 (k1), . . . , g

′′
L−1(kL−1) = g′′n (kn−1)

. . .

g
(q)
0 (k0) = g

(q)
1 (k0), g

(q)
1 (k1) = g

(q)
2 (k1), . . . , g

(q)
L−1(kL−1) = g

(q)
n (kn−1).

A spline curve can be represented by (Ramsay and Silverman 2005)

Sq(x) =
q+L−1∑

i=1
ci Bi,q(x, τ), (8)

where Bi,q(x, τ) are the basis spline curves of degree q, defined on the interval τ of the knot
points and evaluated at point x. The basis splines are most often defined with a recursive
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formula (see, for example, de Boor (2001, p. 89–90)):

B j,0(x) =


1, if k j ≤ x < k j+1

0, otherwise

B j,k(x) =
x − k j

k j+k−1 − k j
B j,k−1(x) +

k j+k − x
k j+k − k j+1

B j+1,k−1(x).

Note that Equation (8) is a linear transformation. The fit can then be formulated in matrix
form

y = Φc (9)

that could be minimized by using, for example, least squares methods. However, actually
formulating the transformation matrix Φ for an arbitrary degree and set of knot points is
arduous and therefore not very useful. Several programming languages have black-box
functions that can instead be used to fit the spline curves as desired. The functions used
in this work are provided by the SciPy-library (available at www.scipy.org) and allow
fitting the spline either with user-specified knot points or knot points set by the algorithm
depending on the desired data smoothing effect.

Once the curve has been fitted, the final approximation the shear pattern is formed by
sampling M points from the curve over the interval [x1 + 200, xN − 200], with a spacing of
100meters. Excluding the start and end of the xi interval reduces the error caused by the
instability of the spline curve at the ends of the fitting interval that often occurs, especially
when using spline of degree q > 2. The approximation is drawn with red in Figure 3.

If the coordinates were swapped before the spline interpolation, they are swapped back.
Thus is shear pattern is approximated by points x̂i := (x̂i, ŷi), i = 1, . . . , M in geographical
coordinates.

4.3 Object formulation

Once the shear patterns have been approximated with spline curves, attributes are estimated
for each object. These attributes can either be used during forecasting the object trajectory
or evolution, or they can be used to provide additional information for the end-user. For
example, object location and velocity are vital when constructing forecasts or issuing
warnings. But the user receiving the shear warning can be interested in, apart from location

www.scipy.org
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and estimated trajectory, also the maximum magnitude within the shear or the wind speeds
before and after the shear.

No attribute defined for the shear from physical conditions in the wind field is absolutely
certain. Therefore, studying the uncertainty in the attribute values is an important part of
determining their value.

4.3.1 Object attributes

The attributes used in this study for shear objects are listed in Table 7. Note that the
object could additionally be associated with several other attributes depending on how
the objects are used. For example, when giving warning of shear objects, the maximum
possible width of the intensive shear pattern around the approximation curve would be
required. Additionally, the shear could be described with its maximum or average value
within the pattern points to provide more information of the hazard the shear object can
cause. Deriving these values from the shear pattern points and the values of the wind and
shear fields in those points is relatively straightforward and thus not discussed further in
this thesis. Rather, this section will focus on the attributes that describe the characteristics
of the objects that are used to establish their trajectories.

Table 7. Shear object attributes.

Name Symbol [unit] Description
Center point x̃ [m ] The median of approximation coordinates, with respect to

a global origin
Velocity ṽ [m/s] The velocity of the object
Length ` [m ] The length of the approximation curve

The center point x̃ of the shear object is calculated as the median

x̃ = (x̃, ỹ) := (med(x̂i),med(ŷi)), i = 1, . . . , M,

where x̂i, ŷi denote the coordinates of the shear approximation and med denotes the median
operator. The median of the coordinates is used instead of the mean to diminish the effect
of the possible distortions in the ends of the approximation. For nicely behaving curves the
median and mean operators behave similarly, but for curves with high curvatures at the
ends, the median obtains a more stable result.
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However, the median – in reality, any descriptive quantity of the location – of the curve
is sensitive to changes in the curve length or location. Since the curve length can change
rapidly due to, for example, splitting, this can cause severe issues in tracking of the object
trajectories that have to be considered later.

The velocity ṽ of the object is defined through the center points of the object and its
predecessors (for object matching, see Subsection 5.1). If the object has an identified
predecessor, the velocity is obtained through aKalman filtering process from the predecessor
(see Subsection 5.2). If the object has no predecessor, the velocity is obtained as the
component-wise mean of velocities of all the objects detected at that time that have a
predecessor and therefore a velocity. If no such objects are detected, the velocity is set as
zero, since the velocity of the object cannot be reasonably inferred from the underlying
wind field.

It is possible that the velocity for objects with no predecessors could be determined by
using some method to calculate the displacement between the wind fields from a previous
timestep and the current one, i.e. the optical flow between the images. However, even though
some methods exist and are widely used for optical flow of radar reflectivity images (see,
for example, Peura and Hohti (2004) and Pulkkinen et al. (2019) for a general description
of these methods), it is not obvious that these methods would work for Doppler velocity
images or wind fields, as the nature of the observed fields differs from radar reflectivity
considerably. Some research exists in determining ocean winds using optical flow based
methods (Dankert and Horstmann 2004), but the use of these methods over land and in
higher altitudes would require further studying.

The length of the approximation curve ` is calculated as the sum of distances between the
points x̂i:

` :=
M−1∑
i=1

̂xi − x̂i+1


2 .

The curve length is an important feature when matching the curves to their predecessors.

Furthermore, for two objects s and s′ defined through approximation curves x̂i, i = 1, . . . , M

and x̂′j, j = 1, . . . , M′, the distance d(s, s′) between these objects is defined as the shortest
distance between points on the curves

d(s, s′) := min
i, j

̂xi − x̂′j


2
. (10)
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4.3.2 Uncertainty in object attributes

The definition of the objects, as it is, contains multiple sources of error that are not easily
quantified. The underlying Doppler velocity measurements and their dealiasing along with
data compressing creates errors that can be alleviated by measuring Doppler velocities with
a Nyquist velocity that is as high as possible and using enough bytes to store them. The
method through which the gradient field is calculated creates additional errors. Especially
the possible modeling errors produced by the multi-Doppler analysis can, in the worst case,
be many times higher than the actual wind field values.

Due to the complexity of these error sources, they are not studied further in this work.
Instead, this sectionwill focus on determining the noise characteristics in the object attributes
that are most important when determining the object track and providing information to
the end-user: the location.

The location of the object is determined through the center point, which is further defined
through the spline interpolation of the shear pattern points. The shear pattern points are
assumed to be accurate as long as the thresholds through which they are chosen are selected
carefully. Therefore, the biggest error source is due to the spline interpolation. However,
there is no straightforward method to estimate the fit of the spline interpolation that would
suit this study. The error in the fit can be estimated through the residuals yi − ŷi, but this
does not consider the uncertainty in the xi values. Actually analyzing the variance in the
estimates in a classical sense would also require constructing the matrix Φ in Equation (9)
separately for every curve.

Therefore, for simplicity, the error in the center point location observation will be estimated
through the covariance Σ of the original points (xi, yi). This covariance matrix is estimated
with the sample covariance matrix

R =
1

N − 1

N∑
i=1
(xi − x̄)(xi − x̄)T

where x ∈ R2×N is the matrix containing the shear pattern points and xi is its i-th column.

The uncertainty of the velocity of the object is not quantified here, as the velocity
is not observed directly. Rather, the uncertainty is formed by the Kalman filter (see
Subsection 5.2).
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5 SHEAR OBJECT TRACKING AND NOWCASTING

Once the shear patterns have been detected from the selected datasource, their trajectory
should be tracked in time and predicted beyond the present moment. These two steps
are presented next: matching objects between timesteps to construct their motion tracks,
and filtering those trajectories and forecasting them beyond the current timestep. The
forecasting is done with the Kalman filter that is also used to filter noise in the object
location observations. A similar method for tracking convective storms is presented
by Rossi et al. (2015).

5.1 Matching objects between timesteps

A crucial question in any object-based nowcasting algorithm is how to match objects
between consecutive timesteps. Since usually the velocity of the objects cannot be
determined based on the measurement field from which they were detected, accurate
nowcasting requires the ability to determine the objects that present the same physical
object, objects that have merged to join a new one or objects that have split from a single
object. Then the motion and evolution of the physical objects can be determined by studying
them and their locations as a function of time.

In this study, the object matching is divided into four groups: objects that can be directly
matched to each other; objects that have merged to form a new object; objects that have
split to form at least two new objects; and objects that are a clear descendant of one object
but could not be matched during the first step. A possible approach for future research
would be to adapt some existing multiple object tracking algorithm (Craciun et al. 2015;
Limpert et al. 2015) for shear object tracking.

Denote the shear objects found at time tk with Sk , hereafter referred to shortly as “shears”
or “objects”. The shears Sk detected at time tk are matched to shears Sk−1 detected at time
tk−1 as follows. Before conducting the matching, the distances of every object in Sk to all
of the objects in Sk−1 are calculated. For every object s j ∈ Sk , denote as the candidate
predecessors Sk−1, j the set of objects

Sk−1, j :=
{
s′ ∈ Sk−1 | d(s j, s′) < dmax ∆tk−1

}
, (11)
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where dmax is a threshold value that specifies how far the shears can move in one time
unit. The candidate predecessor sets are ordered according to d(s j, s′); the first candidate
predecessor is the one with the smallest distance from s j , the second one is the one with
the second smallest distance, and so on.

The matching is then conducted as follows.

1. Direct matching
Direct matching is done for objects s j that have only one candidate predecessor
s′ or the difference in distance from s j is “big enough” between the first and
second candidate predecessor (e.g. bigger than 1

2 dmax ∆tk−1), and the first candidate
predecessor s′ is not a first candidate predecessor for any other s ∈ Sk . If these
conditions are fulfilled, the object s j is considered to be a new observation of the
object s′.

2. Merging
The merging, demonstrated in Figure 7, occurs when two shears have combined into
one or, for some reason, a part of the shear was not observed and the shear was
detected as two separate objects, and at the next timestep the situation is corrected.
For that, the shear s j (that represents the “whole” shear), must have at least two
predecessor candidates. Denote the candidates s′1, s

′
2, . . .. Then a set P ⊂ Sk−1, j is

picked (if possible) such that

P :=
{
s′1, s

′
2, . . . , s

′
n | `sj ≥ `s′1 + `s′2 + · · · + `s′n and `sj < `s′1 + `s′2 + · · · + `s′

n−1

}
.

The cardinality of the set P should be at least two, as merging requires at least two
predecessors. Additionally, the objects in set P should not have been matched to any
object during step 1. If the set cannot be picked, no matching is done.

If the set P exists, then s j is considered to be a merged object. In practice this means
that s j starts a new track in the Kalman filtering, but the initial velocity of the object
is set as the length-weighed average of the velocities of all s′ ∈ P . However, for
practical purposes (for example, object naming), s j is considered to be a successor
of the longest object s′ ∈ P .
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s j

s′1s′2

tk

tk−1

Figure 7. Shear merging. The orange and red curves represent s′1 and s′2 at time tk−1 that have
merged into sj at time tk . sj inherits the identifier of object s′1, but the velocity for it is taken as the
length-weighed average of the velocities of s′1 and s′2.

3. Splitting
Splitting occurs as merging but reversed in time. The splitting of object into two is
demonstrated in Figure 8. To process splitting, the objects in Sk−1 that have not been
matched to any objects before are searched for the objects could have split. For this,
s′ ∈ Sk−1 is marked as possible split object if it is marked as a candidate predecessor
for at least two objects s1, s2, . . . sn ∈ Sk , where the ordering is based on the distance
between s′ and ′si, that have not yet been matched to any object, and these satisfy

`s′ > `s1 + `s2 + · · · + `sn .

The longest of the objects s1, s2, . . . sn is considered the successor of s′, receiving its
name or identifier. All the objects are given the velocity of s′ as the initial velocity,
but all of them start their own tracks.

tk

tk−1

s1
s2

s′

Figure 8. Shear splitting. The orange curve represents a shear object at time tk−1 that is detected as
split into two at time tk . The object s2 receives the identifier of s′. Both objects s1 and s2 inherit the
velocity of s′.
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4. Final matching
As the last step, the objects s j ∈ Sk that have a first predecessor candidate s′ that has
not yet been matched to any object, are processed. This is demonstrated in Figure 9.
In order to be matched to s′, s j should satisfy

s j = arg min
si

d(s′, si).

If this happens, s j is matched to s′ as in step 1.

tk
tk−1

tk−1

tk

d < dthr ∆tk−1

Figure 9. Final matching. The blue curves are detected at time tk−1 and the orange curves at time tk .
The solid orange object is not matched in step 1, since its distances to first and second predecessors
do not differ enough. However, the dashed orange object is matched to the dashed blue object. At
the fourth step, the solid objects are matched, since the solid orange object has only one predecessor
candidate that has not been matched yet (and the distance between the two is the smallest of the
distances from the solid blue line to its other possible successors).

All the objects s j ∈ Sk that are not matched in these four steps are given their own identifiers
and initialize their own track.

The reason that after merging and splitting the objects always start their tracks and inherit
only the velocity from the predecessor, is that the center point location of the object can
vary significantly if the object shape or length varies. If this is not taken into account, the
velocity of the object can be drastically distorted and no longer describe the actual progress
of the object.

Note that the approach, where the current detected objects are compared only to objects
detected at the previous timestep, assumes that the whole region of interest is observed at
every timestep. If at some timesteps part of the region is not observed (for example, due
to using several radar datasources with different coverages), the objects in these parts are
assumed to no longer exist even though they might only be unobserved. Therefore, all
object tracks for them will break off. In order to correct this, some additional rules for how
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long the objects are assumed to live on when they are not detected should be established.
For example, they could be assumed to survive the sampling time between consecutive
observations from the same source. Even though the conclusion of undetection is easy
to make for the next timestep if a forecast in the region exists but no observations, longer
gaps in observations are more difficult to determine. However, this issue could be helped
by employing life-cycle models that would describe the future evolution of the object, not
only its trajectory, based on previous observations.

Additionally, if the shears from current and previous timesteps are detected from different
datasources (such as different radars or methods), the distance threshold in Equation (11) is
considered to be dmax(∆tk−1 + 1). This is due to the fact that when viewing from different
datasources the detected parts of the shears may be at different altitudes, and therefore their
location may vary more than when they are detected from the same source.

5.2 Kalman filter tracking and nowcasting

Once the shear object is matched to its predecessors, the location of the objects and its
velocity are filtered and forecast using the Kalman filter. The Kalman filter is a statistical
estimation method that is designed to compute the distribution of a state variable xk based
on noisy measurements y1, . . . , yk (Särkkä 2013). The method was first introduced
by Kalman (1960). It is an optimal estimator in the mean squared error sense, when the
initial state x0 and the error terms are Gaussian (Bar-Shalom et al. 2001). The following
definitions are adapted from Särkkä (2013, Ch. 4.3).

The state for the object track at time tk is xk :=
[
x̃k, ṽx,k, ỹk, ṽy,k

]T that consists of the
elements of the center point location and velocity of the object. The state is described by
the following dynamic and observation models:

xk = Ak−1xk−1 + qk−1

yk = Hxk + rk,

where Ak−1: xk−1 → xk is the state transition matrix, H: yk → xk is the observation model
matrix, qk−1 ∼ N (0,Qk−1) and rk ∼ N (0,Rk) represent process and observation noise,
respectively, and yk ∈ R

2 is the observation of the center point location of the object. The
measurement noise covariance matrix was defined in Subsection 4.3.2 with the sample
covariance matrix of the shear pattern points.
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The velocity is estimated using the discrete white noise acceleration model (Bar-Shalom
et al. 2001, Ch. 6.3.2). This means that the velocity of the object is constant on average,
but at each timestep tk the object experiences a small Gaussian acceleration. The process
noise covariance matrix for this model is:

Qk−1 =


1
4∆t2

k−1
1
2∆tk−1 0 0

1
2∆tk−1 1 0 0

0 0 1
4∆t2

k−1
1
2∆tk−1

0 0 1
2∆tk−1 1


σ2

v , (12)

where ∆tk−1:= tk − tk−1 is time difference between consecutive steps, and σ2
v is a coefficient

of unit ([length]/[time]2)2 that defines the order of the maximum magnitude of change in
the velocity.

In this case, Ak−1 and Hk are defined as follows:

Ak−1 :=


1 ∆tk−1 0 0
0 1 0 0
0 0 1 ∆tk−1

0 0 0 1


H :=

[
1 0 0 0
0 0 1 0

]
. (13)

The Kalman filter is computed with prediction and update steps. Denoting the state estimate
with mk , the prediction step is

m−k = Ak−1mk

P−k = Ak−1Pk−1AT
k−1 +Qk−1.

(14)

The update step is

Sk = HP−k + Rk

Kk = P−k HTS−1
k

mk = m−k +Kk(yk −Hm−k )

Pk = P−k −KkSkKT
k .

(15)
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This algorithm determines the parameters for the following distributions that describe the
model:

p(xk | y1:k−1) = N(xk | m−k ,P
−
k )

p(xk | y1:k) = N(xk | mk,Pk)

p(yk | y1:k−1) = N(yk | Hm−k , Sk).

Pk is called the state covariance matrix.

An important part of the Kalman filter processing is assigning the estimate for the initial
state x0. The initial state estimate m0 ∼N (x0,P0) is obtained in two parts. The object
center point location is observed in the same manner as in other timesteps. The initial
velocity depends on the matching of the object to its predecessors and is described in
previous sections. Therefore, the actual filtering begins only when the object is detected
for a second time.

The selection of the initial state covariance matrix P0 is somewhat more difficult. If
the object gets its initial velocity from one predecessor, it also inherits that objects state
covariance matrix. If the initial velocity is taken as the weighed average of velocities of
objects s1, . . . , sn, also the initial state covariance matrix is taken as the length-weighed
average:

P0 :=
1∑n

i=1 `si

n∑
i=1

`siPk,i,

where Pk,i denotes the state covariance matrix of object si at time tk .

If the object does not inherit the velocity of any object but rather the inverse-distance-
weighted average of all shear objects that have specific velocity, then also the initial process
covariance matrix is taken as:

P0 :=
1∑n

i=1
1

d(s′,si)

n∑
i=1

1
d(s′, si)

Pk,i,

where s′ is the object for which the covariance matrix is assigned to.

If there are no objects that can be used to assign the velocity, the state covariance matrix
is initialized using the so-called two-point differencing method (Bar-Shalom et al. 2001,
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p. 247) as

P0 :=


rs rs/T 0 0

rs/T 2rs/T2 0 0
0 0 rs rs/T

0 0 rs/T 2rs/T2


,

where rs is a constant that estimates the noise level in the center point observations, and T

is the radar sampling interval (e.g. 5 minutes).

The nowcasting of the object track is done with the Kalman prediction step given by
Equation (14). Instead of the timestep between observation, the ∆tk−1 in Equations (13)
and (12) will be replaced with the leadtime tf of the nowcast. The update step given by
Equation (15) is not done for the nowcasting.

5.3 Forecast verification

An essential part of any forecast system is the assessment and verification of its goodness.
Quantifying the skill of the forecast system, that is, how correctly it can predict the quantity
as compared to some base-line method, allows for comparing different systems and provides
important information to the user about the reliability of the forecasts. Knowing the quality
of the forecast can also help the user to decide whether the system will provide enough
improvements to the current system compared to the costs that arise from adopting a new
system.

Verifying the results of the forecast system described in this section is not straightforward.
Firstly, there exists few methods to verify object-based forecasts compared to grid-based
forecasts. Many traditional verification statistics, such as the Critical Success Index (see,
for example Stephenson and Jolliffe (2012, p. 51)), provide less meaningful values for
object-based forecasts and can even underestimate the quality of the forecast. Secondly,
the phenomena that is forecast is rare and observations of it are even more infrequent.
Therefore, the amount of data to be used in the verification is low. This will lead to statistics
that may not describe the reality well. Thirdly, in most cases tracking the object to the
future to match its forecast to some actual observed object is not possible or feasible.

One score that can be used to consider the goodness of the forecast is the mean minimum
distance between the center points of the forecast objects and the observed objects. Consider
the forecasts s ∈ Ŝt+tf that were created at moment t for a leadtime tf , and denote s′ ∈ St+tf

the objects detected at moment t + tf (or, in reality, the moment that is closest to it). Then
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the minimum distance between center points is

dmin(s) = min
s′∈St+tf

̃xs − x̃s′


2 .

Using this definition, the mean minimum distance between object centerpoints dc is

dc(tf) =
1
n

∑
t∈Ttf

∑
s∈Ŝt+tf

dmin(s),

where Ttf is the set of all timesteps for which there exists both forecasts and observations
corresponding to those forecasts, and n is the total number of objects that are summed.

This score does not consider whether the minimizing objects actually are descendant of the
objects that were forecast or if any such descendants still exist. However, it does answer to
the question “how close to the location where the shear was predicted to be is the nearest
shear”, and therefore addresses the quality of the forecast that the user would be interested
in.

Since the center point of the shear is sensitive to, for example, changes in the shear length,
another useful statistic is the mean minimum distance between shear objects. This statistic
considers the minimum distance between any points in the shear objects. The mean
minimum distance between objects ds is defined as

ds(tf) =
1
n

∑
t∈Ttf

∑
s∈Ŝt+tf

min
s′∈St+tf

d(s, s′),

where d(s, s′) is as defined in Equation (10).

The dc and ds statistics should be compared to same statistics computed between the objects
s ∈ St and s′ ∈ St+tf . Comparing the two statistics allows determining whether the forecast
gives better results than just estimating the location of the shear in the future with the
current location.

The statistics can be compared by using the Wilcoxon rank-sum test (Wilks 2011, p. 162–
164). It is a nonparametric test for testing the difference in distribution of two paired
datasets. The test is resistant to outliers and requires no assumptions of the underlying
distributions. The null hypothesis H0 of the test is that the two sets are sampled from the
same distribution: the allocation of the sample in either of the two sets is irrelevant and
could be reversed.
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Denote xi the values dmin(si) calculated for the forecast objects, and yi the same value
calculated for the current objects, with i = 1, . . . , n iterating through all the available objects
in all timesteps. Then define the differences zi = xi − yi that are transformed into ranks

Ti := rank |zi | .

Equal values of |zi | are assigned average value of the tied ranks, and values with zi = 0⇔
xi = yi are discarded. The number of pairs where xi , yi is denoted with n′. The test
statistic is then

T :=
∑
zi<0

Ti

and T ∼N (µT, σ
2
T ) with

µT =
n′(n′ + 1)

4
and σ2

T =
n′(n′ + 1)(2n′ + 1)

24
.

This stands when n′ > 20. For smaller n′, the critical values for T+ := n′(n′ + 1)/2 − T can
be found in tables (for example, Conover 1999).

The test works similarly for ds by replacing the function dmin with d. If the null hypothesis
is rejected, then the underlying distributions for the mean statistics for the forecast and
current objects are not the same and the forecast affects the estimate. If the test is estimated
as a one-tail test instead of two-tail, it can be used to determine whether the forecast
provides better estimates of the future location than the current location.
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6 CASE STUDY

The following section demonstrates the use of the developed method using real data from a
thunderstorm event that was accompanied by strong wind gusts. A flowchart of the method
is presented in Figure 10.

The background maps in the plots in this section are provided by Stamen Design (http:
//stamen.com), under CC BY 3.0 (http://creativecommons.org/licenses/by/
3.0), with map data by OpenStreetMap (http://openstreetmap.org), under ODbL
(http://www.openstreetmap.org/copyright).

6.1 Case description

The case study focuses on the afternoon of August 12, 2017, around the Helsinki Airport in
Vantaa, Finland. During that afternoon a line of thunderstorms associated with a cold front,
named Kiira, passed over southern Finland. The highest measured wind speeds during
the storms were 32.5m/s in the Helsinki Lighthouse, and 29.6m/s in Helsinki Kaisaniemi.
According to the public broadcasting news services Yle Uutiset, over 6 000 lightnings
occurred and approximately 50 000 households suffered from power outages.

The gust front moving along the front edge of the thunderstorm struck the airport at 16:11
UTC. The prevailing wind before gust was approximately 4m/s from south-east. During
the gust front the maximum wind speed measured at the airport was 23.5m/s from south.
The maximum rainfall intensity was 71mm/h, and during the rainfall the visibility at lowest
was 470m. The weather observations measured at the airport during the case study period
are listed in Appendix 1.

The effects of the storm to aviation were investigated during a feasibility study Micro
Weather and Space Weather Services for Aviation lead by Isaware Ltd. and funded by
the European Space Agency. The effects had the potential to be extremely severe. The gust
front propagated with a speed of 25.5m/s to direction 34 ◦. Only ten minutes before the
front struck the airport, the weather at the airport was reportedly good. During those ten
minutes there were several aircraft approaching the airport, some of which managed to land
before the gust front struck and one that had to be diverted to the Tampere Airport. The
airport had to be closed without forewarning for all departures and landings for the duration
of one hour, which affected the air traffic control on both regional and European level.

http://stamen.com
http://stamen.com
http://creativecommons.org/licenses/by/3.0
http://creativecommons.org/licenses/by/3.0
http://openstreetmap.org
http://www.openstreetmap.org/copyright
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Figure 10. Flowchart of the method. The chart shows operations for a single timestep.
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In total, all activities at the airport returned to normal levels at 18:00 UTC. Reasonable
nowcasts of the storm location (that was detected little less than half an hour before it hit
the airport by the FMI Vantaa radar) could have been used to direct the approaching flights
to alternative airports in advance, thus avoiding high risk situations and providing more
time for decision-making in the air-traffic control.

6.2 Radar data

The data used in this thesis consists of radar data from three different C-band weather
radars in the Greater Helsinki area in Finland. Basic information of the radars is given in
Table 8. The radars are operated by three different institutions/organizations for varying
purposes, so the specifications and quality of the data differ significantly.

Table 8. Radars used in the case study.

Radar Operator Abbr. Location (Lon, Lat) Data interval used (UTC)
Vantaa FMI VAN 24.8690, 60.2706 15:45 – 17:30
Kumpula UH KUM 24.9613, 60.2047 16:00 – 16:15
Kerava Vaisala KER 25.1146, 60.3882 16:04 – 17:04

The Vantaa radar, operated by FMI, is an operational weather radar that provides data for
the weather models and operational weather services, and therefore the different scans of
data are very consistent and high-quality. The only correction conducted on the Vantaa
data is velocity unfolding to obtain real velocities. Figure 11 shows an example of the
radar images before and after velocity unfolding. The maximum range of the images is
123.9 kilometers and the Nyquist velocity is 47.79m/s.

The Kerava radar that is operated by Vaisala Inc. is mostly used for testing and product
development purposes. The data used in this work from that radar was measured with a
specific task designed for recording thunderstorms. The maximum range of the images is
75 kilometers and the Nyquist velocity is 19.99m/s. However, the quality of the data is
not as high as the Vantaa radar as it is missing the Signal Quality Index (SQI) quantity,
calculated by the signal processor based on the Doppler spectra that can be used to filter
out poor quality Doppler velocity observations. The SQI quantity cannot be obtained
afterwards, so the quality control that could normally be based on that has to be conducted
manually with different types of filters, which leads to distinctly worse results. An example
of the data before and after correction is shown in Figure 12. The correction removes the
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most noisy region in the northwest sector of the image that consists of second-trip echo
where the phase information is lost. However, it also removes some data that is originally
not necessarily noisy.

The Kumpula radar, on the other hand, is operated by the University of Helsinki for purely
research purposes. This means that the radar scans are designed for specific purposes (none
of which exactly match the purpose of this thesis), and the specifications of the data vary
significantly between consecutive scans. An example of the data is shown in Figure 13, but
for the Kumpula data the scans at different timestep are measured using different maximum
ranges and Nyquist velocities.

The data specifications are summarized in Table 9. Table 9a describes the data for the
Vantaa and Kerava radars, and Table 9b specifies the data for the Kumpula radar. The tasks
in the Kumpula radar repeat approximately every ten minutes.

Table 9. Data descriptions.

(a) Vantaa and Kerava radars. The scans repeat approximately every five minutes for both radars.

Radar Elev. [◦] Max. range [km] Nyquist vel. [m/s] No. of gates No. of rays
VAN 2.0 123.9 47.79 992 360
KER 1.0 75 19.99 601 360

(b) Kumpula radar. The tasks listed here repeat every ten minutes. RHI stands for a vertical scan. (*) Only
the lowest elevation angle is given; the task has a total of 5 sweeps.

Time Elev. [◦] Max. range [km] Nyquist vel. [m/s] No. of gates No. of rays
16:00 0.51 240 7.995 1598 360
16:02 0.51 240 7.995 1598 360
16:03 0.51 240 7.995 1598 360
16:05 0.51 240 7.995 1598 360
16:06 RHI 50 23.98 999 398
16:07 0.51 240 7.995 1598 360
16:08 1.0(*) 50 19.99 999 360
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(a) Original Doppler velocity.

22.70◦ 23.60◦ 24.50◦ 25.39◦ 26.29◦ 27.19◦
59.14◦

59.58◦

60.03◦

60.47◦

60.92◦

61.36◦

L
at

itu
de

Longitude

Corrected Doppler velocity at the Vantaa radar at 201708121608 UTC

−20

−10

0

10

20

V
el

oc
ity

(m
/s

)

(b) Unfolded and corrected velocity.

Figure 11. Example data from the Vantaa radar. The maximum range in all of the Vantaa radar
images is 123.9 km. (a) shows the original measured Doppler velocities and (b) shows the corrected
and unfolded velocities. The data quality is good, so the correction and unfolding do not cause
significant improvements.
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(a) Original Doppler velocity.
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(b) Unfolded and corrected Doppler velocity.

Figure 12. Example data from the Kerava radar. The maximum range in all of the Kerava radar
images is 75 km. (a) shows the originally observed Doppler velocities that show significant noise in
the region northwest of the radar (marked with a red plus sign). (b) shows the data after de-noising
and velocity unfolding. Most of the noise has been removed, but additionally some areas in the left
lower part of the image are lost.
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(a) Original Doppler velocity.
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(b) Unfolded and corrected Doppler velocity.

Figure 13. Example data from the Kumpula radar. (a) shows the original measured Doppler
velocities and (b) shows the corrected and unfolded velocities. The Kumpula radar measured with
different ranges and Nyquist velocities, so the characteristics of these images do not represent the
whole dataset.

An important factor in the quality of the multi-Doppler analysis is how close the observation
volumes are to each other between the different input images. For that, the height of the
radar beam at a certain distance is an important factor. The height of the beam, accounting
for the curvature of Earth is given by (Doviak and Zrnić 2006, p. 21)

h(r, θe) = ae

(
cos θe

cos(θe + r/ae)
− 1

)
,

where ae:= 4
3 · 6371 km is the effective radius of Earth, θe is the elevation angle of the

beam, and r is the distance from the radar to the measurement volume on the ground.

Figure 14 shows the altitudes of the radar beams for the used scan elevation angles. The
figure shows the beams with different colors and the distance from the airport to the radar
with the dashed vertical lines. According to the graph, the beams transmitted at different
angles propagate at different altitudes above the airport, which means that the measurement
volumes of the radars overlap very little, if at all, in the region of interest. This will affect
the capabilities of the multi-Doppler analysis to obtain changes occurring in small areas
when the values from different radars are averaged in the process.



66

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Distance from radar (km)

0

100

200

300

400

H
ei

gh
t(

m
)

K
E

R

VA
N

K
U

M

KUM
KER
VAN

Figure 14. Radar beam heights. The curves show the height of the radar beam as a function of
distance from the radar for the reported beam elevation angles (0.51◦ for Kumpula), and the colored
areas approximate the beam width 0.5 degrees below and above the elevation angle. The dashed
vertical lines denote the distance to the airport from the radar site. The graph shows that the beams
do not have large common measurement volumes around the airport.

6.2.1 Denoising of the data

Before applying any of the methods described in Section 3.3, the radar data should be
denoised. The denoising is done for the Kerava radar data, to remove the speckled areas
near the radar, and the Kumpula radar data, to remove the specular reflections that occur
when the beam transmitted in the oppposite direction reflects off a building. The specular
reflections appear in otherwise empty sectors (an example can be seen in Figure 13a from
the center to northeast).

For the Kerava data, the denoising is done by applying a local standard deviation filter to
the radial Doppler spectrum width. For this quantity, the standard deviation for every pixel
with a window size of 3 × 3 is calculated. Then the pixels where the standard deviation is
over 2m2/s2 are marked. Next the pixels that have at least 3 pixels exceeding the value in
their 5× 1-sized neighborhood (in azimuth-range format) are removed. Figure 15 shows an
example of the Doppler spectrum. The noisy area is to the northwest from the radar and is
characterized by rapid change between high and small values and a clearly radial pattern.
The noise is actually second-trip echoes caused by targets that are in reality located beyond
the maximum range rmax of the radar. The radar beam reflects of these targets at range r ,
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but the signal processor of the radar calculates the range to be r − rmax (Rinehart 1997,
p. 110).

In order to remove the speckled rays in the Kumpula radar, a local filter calculating
non-zero values in the Doppler velocity image is applied. The filter uses 5 × 1-window
in azimuth-range dimensions, and all pixels with less than two non-zero pixels in this
neighborhood are removed.

After this denoising, all the Doppler velocities are unfolded by using the pyart-library (Hel-
mus and Collis 2016). The unfolding algorithm looks for areas with similar velocities and
unfolds and merges them pair-wise.
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Figure 15. Example of a PPI display Doppler spectrum width. The spectrum describes how
much the Doppler velocity varies inside the measumerent volume. In this image, the noisy area is
indicated by rapid changes between high and approximately zero values.

6.3 Object definitions

The user-specified constants used in the case study are specified in Table 10. Some constants
are specific to the method, since the constants are either defined differently or the error
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sources in the methods vary significantly. Other constants are the same for all methods;
these constants are mostly related to the object approximation that can be done similarly
for all objects.

Table 10. Constants used in the shear object definition in the case study. Subscript 1 refers to
objects detected through IRIS SHEAR algorithm, and subscript 2 to object detected through single-
or multi-Dopppler analysis; missing subscript means that the threshold is common between the two.
The unit of the constant is specified when it is unambiguous.

Constant Value Explanation
cthr,1 7 Threshold for contour detection
dthr,1 5 km The distance limit used for combining shears
cthr,2 1 Threshold for contour detection
dthr,2 0 The shears are not combined
Athr 3.5 km2 The area threshold
pt 97.5th The percentile used for shear value thresholding
pthr 9 The threshold for shear values
L 3 / 5 Number of knot points in spline fitting; 3 is used when there are

less than 20 averaged points
q 2 The degree of spline curves used for object approximation

6.4 Radar method results

After denoising the data, the methods described in Section 3.3 can be applied to the
data. The results of the three separate methods are presented: single-Doppler analysis,
multi-Doppler analysis and the IRIS SHEAR algorithm.

6.4.1 Single- and multi-Doppler analysis

The single-Doppler analysis is perhaps the worst-suited method of all three for the purpose
of this thesis. The results of the method, especially when no sounding or other information
of the atmosphere is available, are very sensitive to the selection of the different parameters.
An example of the results is shown in Figure 16.

The wind field from the single-Doppler analysis is inevitably smoothed compared to the
observations. Therefore, it may be suited for applications where the wind field is actually
very smooth. However, shear detection requires studying the sharp changes in the wind
field, so the single-Doppler analysis is not very well suited for that.
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(a) Eastward velocity.
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(b) Northward velocity.

Figure 16. Example of single-Doppler analysis results for the Vantaa radar. The figures are
produced from the radar image in Figure 11. (a) shows the eastward component of the wind field
and (b) shows the northward component. The results are very unstable and any small or sharp
changes are lost.

The parameters used in the case study are listed in Appendix 2.

The multi-Doppler analysis gives somewhat better results than the single-Doppler analysis,
but even that produces results that are very sensitive to the used parameters. A short
timeseries of the multi-Doppler analysis results for a 30 km×30 km area centered at the
airport is shown in Figure 17. The wind field is analyzed in altitudes 200m. . . 300m. The
left column shows the eastward component of the analyzed wind field, the middle column
shows the northward component of the wind field and the right column shows the total
magnitude of gradient, calculated element-wise as

D =
((

∂ û
∂x

)2
+

(
∂ û
∂y

)2
+

(
∂ v̂
∂x

)2
+

(
∂ v̂
∂y

)2
)1/2

.

The results show severe artifacts in the three first timesteps caused by noise in the original
radar data. However, in the last timestep when all of the radars (locations plotted with
red plus-signs) are covered with similar measurements from all three radars, the noise is
reduced and the wind field is even. This suggests that the multi-Doppler is well suited
for situations where the wind field is continuous and smooth. However, for wind shear
detection it averages and spreads the observations out too much to reproduce sharp features
in the wind field, especially if the radar measurements are poorly compatible, as in this
case study,
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a) Eastward wind b) Northward wind c) Total gradients
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Figure 17. Multi-Doppler analysis results. Figures (a) show the eastward components of the
wind field, (b) the northward components, and (c) show the total gradient (as pixel-wise `2-norm
of different gradient components). The radar locations are plotted with red plus-signs and the
airport location with an orange plus-sign. Figures (c) also show the shear pattern areas and the
approximation curves.
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The shear object approximations shown in the left column of Figure 17 are largely effected
by the noise artifacts in the wind fields. However, the curves associated with the actual
wind front are detected reasonably well, and they can clearly be seen to propagate along
with the wind front.

The parameters used in the multi-Doppler analysis are listed in Appendix 3.

6.4.2 IRIS SHEAR analysis

For the IRIS SHEAR analysis, a range filter length of 1500m and an azimuth filter length of
3◦ were used. The shear is first calculated separately in the radial and azimuthal directions,
and then the total shear magnitude is calculated as the element-wise `2-norm:

D =
((

∂vr

∂r

)2
+

(
∂vr

∂θ

)2
)1/2

,

where ∂vr

∂r stands for the radial shear and ∂vr

∂θ for the azimuthal shear. Note that in this case
D has no unit, since the units of the radial and azimuthal shear are not the same, and they
are considered here to be unitless.

An example of the shear is given in Figure 18. The figure shows the radial Doppler velocity
image, the radial and azimuthal shears and the total shear magnitude. The shear patterns
are overlaid with red on the total magnitude.

Since the algorithm does not require any interpolation or combining of the original velocity
observations, it is able to detect even very sharp derivatives in the data. The method is also
robust to different radial resolutions, and it can remove the noise in Doppler velocities that
caused significant artifacts in the multi-Doppler analysis. This can be seen in Figure 19,
where none of the remaining noisy pixels northwest of the radar have been identified as
shear pattern.

However, it remains unclear whether the derivatives at the edges of the data, that is, between
pixels where the other has observations and the other not, should be considered as shear.
Since there is no way of determining whether there actually is wind in a volume with no
scatterers without additional information, considering these changes as shear can either
lead to over- or underdiagnosed shear.



72

a) Doppler velocity b) Radial shear

c) Azimuthal shear d) Shear magnitude
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Vantaa radar at 201708121608 UTC

Figure 18. Example of IRIS SHEAR results. (a) shows the denoised and unfolded Doppler velocity
image. (b) and (c) show the radial and azimuthal shears. (d) shows the total shear, with red areas
denoting the identified shear patterns. The radar location (center) is drawn with a red plus-sign.

a) Doppler velocity b) Radial shear

c) Azimuthal shear d) Shear magnitude
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Kerava radar at 201708121609 UTC

Figure 19. Example of IRIS SHEAR results for a noisy velocity image. (a) shows the denoised
and unfolded Doppler velocity image. (b) and (c) show the radial and azimuthal shears. (d) shows
the total shear, with red areas denoting the identified shear patterns. None of the noisy bins left
by the denoising prodecure are identified as shear patterns, demonstrating that the method is very
robust to individual noisy values.
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6.5 Tracking and nowcasting

The constant values used in the nowcasting are listed in Table 11.

Table 11. Constants used in the shear tracking and nowcasting in the case study.

Constant Value Explanation
dmax 5 km/min The maximum distance a shear can propagate in a time unit.
rs 1 km The noise factor in the initial state covariance matrix.
T 5min Radar sampling interval.
σ2

v 1 km2/min4 The magnitude of maximum acceleration for shear location.

The shear trajectories are tracked separately for the Vantaa and Kumpula radars using the
IRIS SHEAR algorithm, and for the multi-Doppler analysis using all three radars with
measurement times as close as possible. The Kumpula data is not used alone due to the
differences in the scan specifications. The trajectories are presented as a timeseries in
Appendix 4 for the Vantaa radar and Appendix 5 for the Kerava radar. The multi-Doppler
analysis was not used for nowcasting since the area where the analysis is at least somewhat
sustainable (approximately 30 km radius around the airport) is so small that the objects
are detected only once or twice in that area. With the current method that does not give
enough information of the object trajectories to create sensible forecasts.

Figure 20 shows a 20-minute timeseries for the Vantaa radar with forecasts for 5-, 10-, and
15-minute leadtimes. The figures have the detected objects plotted with solid lines, and the
forecasts with dashed lines. Objects plotted with the same color are matched to the same
track. The series shows that the tracking is quite successful even if the shape of the object
varies significantly between timesteps, as is the case with the object plotted with red color.
The nowcasting method does not contain a life-cycle model, so it only moves the current
shape forward along the trajectory. Since the shapes vary between timesteps, the forecast
shear curves do not appear to be very good. However, the general propagation of the object
is forecast rather well.

The biggest issues in the nowcasting are related to the identifying of the split and merged
shear objects, and the assignment of the initial velocity. In Appendix 4 in the beginning of
the timeseries a situation can be seen where the biggest shear has no velocity for several
timesteps. This is due to the fact that the shear is identified through splitting and merging,
and there are no shears from which it could inherit any other velocity than zero. When it
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finally gets a velocity, it is in fact to the wrong direction due to the instability in the shear
matching.
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Figure 20. Example of nowcasting results. The solid lines indicate the detected shear objects, and
the dashed lines indicate the nowcasts of those objects for leadtimes of 5, 10, 15 minutes. Objects
plotted with the same color are identified as part of the same track.

6.5.1 Forecast verification

The forecast for the Vantaa radar is verified by using the statistics described in Section 5.3.
The Kerava radar forecasts are not verified, since the amount of datapoints would be very
small.

The distributions and values of the dc and ds are shown in Figures 21 and 22, respectively.
The distributions for the forecast and current objects do not differ much. For the dc the
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forecast objects obtain slightly smaller mean values for all leadtimes, but for the ds only
the 15-minute leadtime has a smaller mean.
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Figure 21. Mean minimum distance between centerpoints for the Vantaa radar. The histograms
show the distributions of the minimum distances between center points for forecast leadtimes of 5,
10 and 15 minutes. The dc values are slightly smaller for the forecasted objects than the current.

The test statistics for the Wilcoxon rank-sum test are given in Table 12. The only statistically
significant difference in distributions is obtained for the ds statistic with 15-minute leadtime.
For all other cases the null hypothesis is accepted.

Table 12. Wilcoxon rank-sum test statistics for the Vantaa radar.

+ 5 min + 10 min + 15 min
dc ds dc ds dc ds

n 27 27 27 27 43 43
T 141 137 157 118 348 294
p 0.249 0.212 0.442 0.088 0.131 0.031

The reason for the statistically insignificant changes in the distributions is most likely
due to the varyingly successful initial velocities in the Kalman filtering. If the object
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has no velocity, the forecast will be the same as the current location, leading to similar
distributions.
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Figure 22. Mean minimum distance between shear objects for the Vantaa radar. The histograms
show the distributions of the minimum distances between shear objects for forecast leadtimes of 5,
10 and 15 minutes. The forecast ds values are bigger for the 5 and 10-minute leadtimes, but the
distribution shapes are very similar. For the 15-minute forecast the ds is significantly smaller for the
forecasted objects than the current.

6.5.2 Comparison with wind gauge observations

According to the wind gauge measurements (see Appendix 1), the wind measured at the
airport prior to the arrival of the storm was approximately 4 to 5m/s from direction 125◦,
which is approximately from southeast. The strongest wind gusts occurred at 16:12 UTC,
when the wind speed measured was 23.5m/s. The direction of the wind was most likely
approximately 215 ◦ which is from southwest.

Figure 23 shows a forecast for a single shear object at 16:08 UTC. The velocity of the
object is determined to be 16.9m/s, and it is predicted after five minutes to be slightly west
of the airport and arrive at the airport slightly after 16:12 UTC. This is later than the actual
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hit of the storm. However, the object is here considered to be completely one dimensional,
and the averaging that is used to fit the approximation curves will place the curve in the
middle of the actual shear pattern. Thus, the shear will actually occur in a wider area
than just the curve, and the shear in Figure 23 would cause danger at the airport before it
is exactly predicted to pass over the area. Therefore, when using these shear objects to
provide warnings, they should be augmented with an additional danger area around the
curve.

24.78◦ 24.96◦ 25.14◦
60.23◦

60.32◦

60.41◦

L
at

itu
de

Longitude

+5

+10

20170812160807 UTC fivan

Figure 23. Shear forecast near the airport. The shear is detected at 16:08 UTC southwest from the
airport, and the velocity of the object is determined to be 16.9m/s. The 5-minute nowcast shows
that the shear passes right next to the airport at 16:12 UTC, when the wind gauge measurements
reported the beginning of the strongest wind speeds.

6.5.3 Comparison of detection with one and three radars

Based on the results from the case study and the reasoning described in Subsection 3.3.1,
combining measurements from several radars by multi-Doppler analysis is not sensible.
The sharp changes in the wind field are easily lost, and the results are very sensitive to
parameter selection. This would require selecting reasonable parameters separately for
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every radar combination and even weather conditions, which would make any operational
use very hard.

Instead, detecting shear from a single radar image by the IRIS SHEAR algorithm (or, most
likely, any similar algorithm), appears to be a good solution. The shear is detected easily
and most of the noise in the radar images can be suppressed. The method is also rather fast,
as it requires no heavy interpolation or minimization.

Therefore, the best option for combining observations from several radars would be to
first detect the shear objects separately from every radar. Then the coordinates (local to
each radar) of the shears can be transformed to global coordinates and the objects can
be combined. However, efficiently combining the objects requires more advanced rules
than the ones presented in this work to take into account the area in which the shears were
observed and, conversely, areas that were not observed at all.

6.6 Computational efficiency

When proposing systems for operational use, the required computation time to run the
system for one timestep should always be less than the timestep. In this case, with radar
sampling interval of five minutes, the whole procedure should run in less than five minutes.
Longer run times will lead to lags in the end-product. Additionally, since the aim is to
provide in-advance-warnings, fast reaction times (and therefore fast computation times) are
needed.

For the multi-Doppler analysis, a grid of size 30 km×30 km×200m, with horizontal
resolution of 125m and vertical 100m, took approximately 48 seconds of real time to
compute the multi-Doppler analysis, gradient fields and detect the shear objects from
it. As with everything related to the multi-Doppler analysis, also the computation time
depends on the chosen parameters. Increasing the grid size or setting smaller resolution
increases also the computation time; changing the grid size to 60 km×60 km×200m with
the same resolution increased the computation time to 2 minutes and 24 seconds. That is,
quadrupling the grid size tripled the computation time. Even if the requirements increase
less than linearly, extending the multi-Doppler analysis over larger areas quickly becomes
untenable. The core functions of multi-Doppler analysis were implemented in C but not
parallelized, so some optimization could still be done.
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With the IRIS SHEAR algorithm, running the analysis for three radar images and detecting
the shear objects from them took 11 seconds when the different images were run in parallel.
This makes it significantly faster than the multi-Doppler analysis, and the computations
could be further optimized by implementing the crucial functions in C or Fortran. Since
the IRIS SHEAR analyzes can be run in parallel for as many radars as the computer allows
parallel processes, increasing the number of used radar images would not significantly
increase the computation time. Additionally, every radar image could be run as soon as
it arrives; with the multi-Doppler analysis the radar images have to always be combined.
This makes the method very attractive for operational use.
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7 DISCUSSION

The aim of this thesis was to develop a method for detecting and nowcasting gust fronts,
sharp and intensive wind shear phenomena, based on weather radar data, and to demonstrate
the method with a case study. The method was developed by combining multiple existing
methods. Due to lack of existing literature on the topic, the method was not verified against
any other method.

For the detection of wind shear several methods were studied: combining the data from
several weather radars by using multi-Doppler analysis and using only one radar to detect
the regions of large shear. The multi-Doppler analysis was not well-suited for this purpose,
at least in the scope of the case study. Since all the data used in the case study were
prerecorded, no adjustments could be made to better suit them for the multi-Doppler
analysis.

However, if the purpose of the data were considered when setting up the measurement
tasks for the involved radars so that the measurement volumes would overlap better and the
resolution of the measurements in the region of interest were smaller, better results could
be achieved. Additionally, better tuning of parameters could lead to better results; however,
the parameters depend on the conditions that are being observed, so most likely they should
be tuned continuously. Even after these improvements, the main challenge can remain:
the measurement volumes of multiple radars will not match each other geometrically.
Consequently, too much averaging is done in the course of the multi-Doppler analysis
leading to poor detection of very sharp wind gradients that are characteristic for convective
storms.

However, using just one radar to detect the intensive shear patterns works well. The method
studied for that, the IRIS SHEAR analysis, proved to be robust to noise in the measurements,
as can be seen in Figure 19. It is also simple and can be computed practically in real-time,
which makes it especially suited for operational use.

After some method has been used to identify the shear patterns from the data, they are
represented as objects. For simplicity and efficient programmatical handling the shears are
approximated by polynomial curves. The objects are augmented with different attributes,
such as the length of the curve, to help with their tracking and retaining information of
the underlying shear pattern. Several methods are used to diminish the effect of noise in
the shear patterns to the curve approximations, in order to ease the tracking. However,
this is not completely successful, as the appearance of the shear in different times and
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detected from different radars can vary significantly. Even though an experienced radar
meteorologist can easily identify gust front patterns and match consecutive observations of
the same physical shear, providing rules that would allow the algorithm to do the same is
not simple.

The matching of the shear between different observations is done by using a set of rules
based on the location and length of the shear. The rules aim to cover, in addition to simple
cases where the shear simply propagates in time, the merging of two or more shears into
one and the splitting of one shear into multiple. The rules are generally very successful in
identifying successive objects even in very confusing situations. However, some additional
rules to account for changes in datasources or propagation direction for the shears could be
added.

The nowcasting of the shear objects is done with a simple Kalman filter with a discrete
white noise acceleration model. The model is implemented by observing the location of
the object and then calculating its velocity based on the previous observation, since there
is no method for estimating the velocity of the object from the radar data. The model
describes the propagation of the shears well, but the observation of the location of the
shears, and thus the velocity observation, is very sensitive to various changes in the object.
The location is observed with the median of the coordinates of the approximation curve,
and can vary significantly if the length of the curve changes. Therefore, in situations where
the shear is observed as a result of merging or splitting, its velocity cannot be determined
based on the observations, but it must inherit it from the previous state. This can lead to
situations where, if the shear merges or splits many times in consecutive timesteps, it has
no reasonable estimate of its velocity. This will lead to a bad forecast, as the forecast is
done solely by extrapolating the trajectory of the shear. In the worst cases, the shear has a
zero velocity for several timesteps leading to no forecast. This can be seen in Appendix 4
in the first timesteps, where the shear drawn with red first has no velocity and then the
velocity is in the wrong direction with respect to its actual propagation direction.

These issues in the velocity assignment affect the results of the forecast verification detailed
in Subsection 6.5.1. As such, the improvements made by the forecast to the location
estimate are not, in most cases, statistically significant, but addressing the issues with
the initial velocity would likely improve them. But even as it is, the system would have
provided in-advance information of the gust front in the case study setting.

Methods such as the one described in this thesis have a clear demand in aviation and
other services that are affected by hazardous wind conditions. Still, very few object-based
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methods such as this for nowcasting intensive wind shear phenomena have been developed.
Even though themethod has some issues, it does show promise for observing and nowcasting
the wind shear.

In the future, the method could be further developed by improving the velocity assignment
and thus the forecasts that it produces that could be done by adapting some existing multiple
object tracking algorithms. One option for observing the location of the shear object could
be to utilize artificial intelligence systems. However, gathering a large enough training set
of the phenomena would be arduous. Additionally, the shear objects should be associated
with more attributes that can be used to either aid in the tracking of the trajectories or to
provide more information to the user.

Another clear improvement would be to combine observations from multiple measurement
instruments, such as lidar or wind anemometers at automated weather stations. This would
allow observing the intensive shear in locations where there is no weather radar coverage
and thus even longer warning times. However, matching the observations in order to create
trajectories for the shear phenomena is very challenging.
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8 SUMMARY

The object of this study was to develop a method for detecting, tracking and nowcasting
intensive wind shear based on weather radar data. The developed method consists of
detecting the intensive shear phenomena, representing them as objects and tracking their
trajectories. The nowcasting is done by extrapolating the trajectory. The use of the method
is demonstrated with a case study of thunderstorm on August 12, 2017, with focus on the
area surrounding the Helsinki-Vantaa airport in Finland.

The methods studied for the detection of wind shear were variational single-Doppler and
multi-Doppler analysis and the IRIS SHEAR algorithm developed by Vaisala Inc. The
variational single- and multi-Doppler analysis methods were found to be poorly suited for
the purpose of the study due to high sensitivity to the used parameters and the mismatch
of data from different radar, but the IRIS SHEAR method was found to be effective and
robust to noise in the weather radar data in shear detection.

The detected shear patterns were represented by using polynomial spline curves. The curves
were then matched between consecutive timesteps with a set of rules based on the location
and length of the curve. The matching rules performed well even in challenging situations,
but additional rules about the propagation direction of the shear could be implemented to
improve the matching of small shear objects.

The matched shear objects were then tracked by using a Kalman filter with a discrete white
noise acceleration model. In general the model describes the shear trajectories well, but
the assignment of the velocities of the shear objects is challenging and causes issues in
the trajectory forecasts. This could be improved by developing the method with which the
velocities are assigned to objects in the beginning of the detected trajectory and after the
object has split or merged.
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Appendix 1. Weather conditions during the case study

Weather conditions measured on August 12, 2017 at the FMI automatic weather station at Helsinki-
Vantaa Airport (N 60◦ 19′ 36.12′′ E 24◦ 57′ 24.3′′) during the case study.

Time (UTC)
Temp.
[◦C]

Precip.
intensity
[mm/h]

Visibility
[m]

Wind speed
2 min max.

[m/s]

Wind speed
10 min max.

[m/s]

Wind direction,
10 min avg.

[◦]
15:45 24,2 0 46730 5,1 6,3 130
15:46 24,1 0 46250 5,1 6,3 130
15:47 24,1 0 47280 4,6 6,3 129
15:48 24 0 45030 4,7 6,3 128
15:49 24 0 47380 5,7 6,3 127
15:50 24 0 43200 5,7 6,3 126
15:51 23,9 0 44230 4,9 5,7 125
15:52 23,8 0 43760 4,5 5,7 123
15:53 23,8 0 45030 4,8 5,7 123
15:54 23,9 0 43600 4,8 5,7 123
15:55 23,8 0 41320 4,4 5,7 122
15:56 23,7 0 41570 4 5,7 121
15:57 23,8 0 41100 4,2 5,7 121
15:58 23,7 0 42050 4,2 5,7 122
15:59 23,6 0 41760 4,1 4,9 122
16:00 23,6 0 46060 4,4 4,8 122
16:01 23,6 0 45170 4,4 4,8 122
16:02 23,6 0 43730 4,6 4,8 122
16:03 23,6 0 44610 4,8 4,8 121
16:04 23,6 0 43970 4,8 4,8 121
16:05 23,6 0 46150 4,8 4,8 122
16:06 23,6 0 43570 4,8 4,8 124
16:07 23,6 0 41780 4,6 4,8 126
16:08 23,6 0 41700 4,1 4,8 128
16:09 23,6 0 42400 3,7 4,8 131
16:10 23,5 0 42400 5,9 5,9 137
16:11 23,5 0 43320 17 17 148
16:12 22,1 1,9 3020 23,5 23,5 160
16:13 18,4 7 1170 23,5 23,5 171
16:14 16,9 14,3 990 23,2 23,5 181
16:15 16,5 24,7 740 21,4 23,5 188
16:16 16 35,1 620 21,4 23,5 195
16:17 15,9 42,2 580 16,2 23,5 202

(continues)



Appendix 1. (continued)

Weather conditions measured on August 12, 2017 at the FMI automatic weather station at Helsinki-
Vantaa Airport (N 60◦ 19′ 36.12′′ E 24◦ 57′ 24.3′′) during the case study.

Time (UTC)
Temp.
[◦C]

Precip.
intensity
[mm/h]

Visibility
[m]

Wind speed
2 min max.

[m/s]

Wind speed
10 min max.

[m/s]

Wind direction,
10 min avg.

[◦]
16:18 16 49,5 540 13 23,5 208
16:19 16,1 57,7 520 12,2 23,5 215
16:20 16,1 65,4 490 12,2 23,5 218
16:21 16,2 70,7 470 9 23,5 216
17:00 17,1 2,1 17480 5,8 7,3 165



Appendix 2. SingleDop parameters

For more detailed decriptions of the parameter values, refer to the documentation of the
library (https://github.com/nasa/MultiDop).

{

"L": 1.0,

"range_limits": [0, 25],

"max_range": 25,

"grid_edge": 25,

"grid_spacing": 0.125,

"thin_factor": [2, 2],

"filter_data": true,

// A null value will use L/2 by default

"filter_distance": 2.0,

"verbose": false,

"use_vad": true,

// Background wind components

"Ub": null,

"Vb": null,

// Errors for background and observation winds (m/s)

"sigma": 10,

"sigma_obs": 1.0

}

https://github.com/nasa/MultiDop


Appendix 3. MultiDop parameters

# Run time parameters for DDA.

# White space can be any sequence of spaces, tabs, and newlines.

# token: specifies type of parameter. Subsequent content depends on token.

# Parameters can be provided in any order.

# ’#’ to end of line is ignored.

# (Optional) Execution directory. Analysis process will set working directory

# to this when it starts. Auxiliary files hard coded into this program must be

# in this directory, or defaults will be used. Output files will appear here,

# too. Defaults to ".".

dir: ./

# Grid specification.

# axis: min step num_points

# max will be min + (num_points - 1) * step

# Assume, perhaps naively, that distances are measured in meters,

# angles in degrees.

x: -15000.0 125.0 241

y: -15000.0 125.0 241

z: 200 100.0 2

# Geographic coordinates of grid origin, degrees

# Note that order is LONGITUDE LATITUDE, not vice versa (think Cartesian).

grid: 60.316998732 24.957996168 0.0

# OPAWS or OBAN input. Number of radars followed by that many file paths and

# radar name. Radar name identifies a radar elsewhere in parameter input.

opaws: 3

fivan_pZBQA5.nc KER

fikum_pZBQA5.nc VAN

fiker_pZBQA5.nc KUM

# (Optional) Name of reflectivity variable. Defaults to "DT".

refl: dBZ

# (Optional) Name of velocity variable. Defaults to "VT".

vt: velocity

# (Optional) Name of background file. If absent, analysis will not use sounding

# constraint.

(continues)



Appendix 3. (continued)

# Names of output file

frprmn_out: frprmn_out.nc

writeout: /tmp/tmprts8afcl

# Minimum beam crossing angle for optimal coverage

min_cba: 0

# Additional parameters for calculation

calc_params: calc_parameters.dda

# For mass conservation constraint (CalcDiv):

# 0 => Boussinesq approximation

# 1 => anelastic approximation

anel: 1

# For smoothness constraint (CalcSmooth):

# 0 => first-order derivatives

# 1 => second-order derivatives

laplace: 0

# For weights in data constraint:

# 0 => calculate and output to file

# 1 => read from file

# 2 => weight all observations equally

read_dataweights: 2

# For dual-Doppler coverage_bg mask

# Verification statistics computed within 2+ Doppler domain only.

# 0 => calculate

# 1 => read from file

# 2 => don’t calculate

read_cvg: 0

# Dual-Doppler domain criteria:

# There must be at least one observation from each radar within this distance

# of the analysis point (only used if read_cvg=0)

max_dist: 1000.0

# Optional height below which to omit observations from analysis

# (e.g., data-denial experiments).

cutoff: 0.0

(continues)



Appendix 3. (continued)

# Prescribed storm motion (spatiotemporally constant)

UT: 0.0

VT: 0.0

# If = 1, output verification stats after each iteration

# (see bottom of CalcCost)

output_error: 0

# The index of the height equal to and below that

# the sounding constraint is weakened inside regions

# with greater than 10 dbz. Set to -1 to prevent

# implementation

weak_height: -1

# Impose upper BC w=0 if 1, ignore if -1

upper_bc: 1

# Number of iterations in frprmn before and after the filtering round

itmax_frprmn: 200 10

# Number of iterations in dbrent

itmax_dbrent: 200

# Coefficient for data constraint

C1b: 500.0

# Coefficient for mass conservation equation

C2b: 200.0

# Coefficient for vorticity equation

C3b: 0

# Coefficient for horizontal smoothing

C4b: 1.0

# Coefficient for vertical smoothing

C5b: 0.0

# Coefficient for sounding constraint

C8b: 0.0

(continues)



Appendix 3. (continued)

# 0 => all constant weights

# 1 => vary weights

vary_weights: 0

# Define filter with ONE of the following forms.

# filter: none

# filter: filter_frequency Leise nstep

# filter: filter_frequency low-pass alpha

#

# Filter will be applied every filter_frequency iterations.

# Leise filter will perform nstep steps. See leise_filt.f

# Low pass filter will use alpha as smoothing parameter.

# Default is no filter.

filter: none

# Coverage values for various combinations of radars.

# Each line should provide the type of coverage value, radar count,

# radar names, and the value, in the following form:

#

# cvg_(""|opt|sub)_(bg|fil): integer radar1 radar2 ... boolean

#

# Radars are identified by the OPAWS/OBAN file name with grid data for that

# radar. This must be just the base name, not the full path.

#

# For example:

#

# cvg_opt_bg: SR1 SR2 1

#

# says that if SR1 SR2

# both have data within max_dist meters of the point under consideration,

# and an optimal beam crossing angle, then the point will receive a coverage

# value of 1, i.e. point has coverage.

#

# "opt" means optimal beam crossing angle.

# "sub" means suboptimal beam crossing angle.

# "bg" means background coverage.

# "fil" means filter coverage.

# cvg_bg, cvg_fil, and sseq_trip do not require a radar count. (Beam crossing

# angle is meaningless with one radar, so there is no opt or sub)

#

(continues)



Appendix 3. (continued)

# If this file is being used, coverage values must be provided for all

# combinations of radars.

# Background coverage arrays for optimal beam crossing angle for two radars

cvg_opt_bg: 2 VAN KUM 1

cvg_opt_bg: 2 KER KUM 0

cvg_opt_bg: 2 KER VAN 1

# Background coverage arrays for suboptimal beam crossing angle for two radars

cvg_sub_bg: 2 VAN KUM 0

cvg_sub_bg: 2 KER KUM 0

cvg_sub_bg: 2 KER VAN 0

# Filter coverage arrays for optimal beam crossing angle for two radars

cvg_opt_fil: 2 VAN KUM 1

cvg_opt_fil: 2 KER KUM 0

cvg_opt_fil: 2 KER VAN 1

# Filter coverage arrays for suboptimal beam crossing angle for two radars

cvg_sub_fil: 2 VAN KUM 0

cvg_sub_fil: 2 KER KUM 0

cvg_sub_fil: 2 KER VAN 0

# Background coverage arrays for single radar

cvg_bg: KER 0

cvg_bg: VAN 0

cvg_bg: KUM 0

# Filter coverage arrays for single radar

cvg_fil: KER 0

cvg_fil: VAN 0

cvg_fil: KUM 0

# Data weight multiplier when all 3 radar pairs have good beam crossing angles

sseq_trip: KER 1.0

sseq_trip: VAN 1.0

sseq_trip: KUM 1.0



Appendix 4. Shear trajectories for the Vantaa radar
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Figure A4.1. Shear trajectories for the Vantaa radar. Shears plotted with same color are identified
as a part of the same track. Dashed lines indicate nowcasts, with the label indicating the leadtime.
If no forecast is plotted, the objects has a zero velocity and the trajectory could not be forecasted.
Only shears with length over 25 kilometers are shown.

(continues)



Appendix 4. (continued)
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Figure A4.1. Shear trajectories for the Vantaa radar. Shear curves plotted with same color are
identified as a part of the same track. Dashed lines indicate nowcasts, with the label indicating the
leadtime. If no forecast is plotted, the objects has a zero velocity and the trajectory could not be
forecasted. Only shears with length over 25 kilometers are shown.



Appendix 5. Shear trajectories for the Kerava radar
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Figure A5.1. Shear trajectories for the Kerava radar. Shears plotted with same color are identified
as a part of the same track. Dashed lines indicate nowcasts, with the label indicating the leadtime.
If no forecast is plotted, the objects has a zero velocity and the trajectory could not be forecasted.
Only shears with length over 25 kilometers are shown.
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