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Abstract
While unmanned aerials vehicles (UAVs) in meteorology are the heart of active research,

the use of a 4-rotors UAV as a wind instrument has not been deeply explored. This project
investigates recent methods of wind estimation to base a function that can correlate drone
behavior and wind. By comparing different techniques, it was possible to highlight their
qualities but also to improve them. The main force that affects the UAV under wind
condition is the drag force. To obtain information about the drag of the two UAVs used (the
Phantom 4 Pro and the Mavic 2 Entreprise), a calibration at a met mast and wind tunnel
tests were exploited. Then, the wind estimation relies on data onboard the UAV processed
with algorithms. Once, the methods are validated by comparison with an anemometer,
wind profiles were taken on fields. The application was essentially conducted on glaciers,
in Svalbard, because of the interest they represent for atmospheric modeling. UAVs also
offer the opportunity to explore uneven terrains such as crevassed glaciers. The main focus
was given to the roughness characterization of the glacier surface with wind profiles. As
atmospheric boundary layer (ABL) and surface are closely linked, the aim was to draw a
picture of how the wind interacts with a glacier. This application is a first try that can
arouse new interests for deeper investigations. This novel wind estimation method is also
a potential source of innovation in meteorology.
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Nomenclature

Symbols

γ Bank angle [°]
λ Direction of bank angle [°]
φ, θ, ψ Roll, pitch and yaw angle [°]
ρ Air density [kg.m−3]
A Exposed area [m2]
A State transition matrix
B Control input matrix
C Observation matrix
CD Drag coefficient [∅]
D Drag force [N]
g Acceleration of gravity [m.s−2]
m Mass of the drone [x]
q Dynamic pressure [kg.m−2]
R Rotation matrix
R2 Coefficient of determination [∅]
T Thrust [kg]
v Wind speed [m.s−1]
u? Shear velocity [m.s−1]
z0 Aerodynamic roughness length [m]

Acronyms and Abbreviations

ABL Atmospheric Boundary Layer
AMAP Arctic Monitoring and Assessment Programme
DEM Digital Elevation Model
GPS Global Positioning System
IMU Inertial Measurement Unit
ISBA Interaction Soil-Biosphere-Atmosphere
LIDAR LIght Detection And Ranging
MEMS Micro Electro-Mechanical Sensor
NASA National Aeronautics and Space Administration
RPM Rotation Per Minute
UAV Unmanned Aerial Vehicle
UNIS University Center in Svalbard
UTC Universal Time Coordinated
VPS Vision Positioning System
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Chapter 1

Introduction and context
The atmospheric boundary layer (ABL) is the lowest layer of the atmosphere closely linked

with the Earth’s surface. The surface interacts on the ABL and vice versa, involving heat
exchanges, momentum transport, moisture transport, and turbulent processes. While the
ABL is typically 1 km high at mid latitudes, in the Arctic it can only be 20 meters high
because of cold surface stratification (Mauritsen, 2007). ABL processes are essential in
meteorology because this is where most of the human activities takes place. For example,
it has an interest for chemical dispersion modeling, for setting up a wind turbine farm, or for
weather forecasts at very high resolution. However, modeling the ABL for these purposes
represents a challenge. In deed, micro-scale atmospheric processes have to be considered
such as turbulence, heat exchanges or surface interactions. Thus, a good knowledge about
ABL and an accurate observation network are required.

The probing of the atmosphere in the first hundred meters helps to have a better un-
derstanding of ABL processes and leads to improve the atmospheric models performances
(Holtslag, 2013). The ABL is the most accessible layer of the atmosphere for measure-
ments. However, having good quality observations requires high efforts, especially in the
Arctic where the terrain and conditions are difficult. Recent technology such as unmanned
aerial vehicles (UAVs), commonly called drones, can be used in addition of traditional
instruments such as weather balloons, lidars or aircrafts. Compared to the classic meteo-
rological instruments that are used for ABL measurements, UAVs have several advantages.
They are relatively cost-efficient, reusable, easy to transport, and typically require little
manpower to be operated (Prudden et al., 2018). However, a UAV is not appropriate to
high wind speed (meaning over 15 m.s−1) while lidar and balloons are more robust, and it
can only fly up to 1000 meters high from the ground.

This thesis aims at investigating the use of a quadrotor UAV to estimate wind conditions
up to 500 meters. The investigation is organized in two stages. The first goal is to validate
new methods of wind measurement thanks to drones without any wind sensors. This idea
started with the objective of operating wind measurements in the ABL above glaciers to
characterizes the wind conditions in a such terrain (Hann, Hodson, & Jonassen, 2019). The
main focus is to record wind profile to estimate the surface roughness length of glaciers by
using the logarithm wind law. The study took place in Svalbard, located in the high Arctic,
where 60% of the lands are covered by glaciers (Hagen, Liestol, Roland, & Jorgensen, 1993).
From there, glaciers are easily accessible to be studied.

The wind estimation is mainly based on the tilting response of the drone facing wind.
This approach avoids extra payloads on the drone that could reduce the flight duration.
Several methods of indirect wind estimation have already been studied in literature. But,
two methods have been considered in this study. The first one is partly described in
Palomaki, Rose, Van Den Bossche, Sherman, and Wekker (2017) and uses a simple equation
to describe the tilting response : it is called the simple method in this study. The second
one, more complex, uses a Kalman filter and is inspired by Moyano (2012). From these
methods, a mathematical function has to be code to correlate drone behavior and wind.
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Drones present the advantage to be able to take measurements in difficult terrain such as
crevassed glaciers (see figure 1.1). However, in the cold conditions of the Arctic, batteries
of the drone are sensitive and the UAV can suffer from ice accretions that could disturb its
behavior on flight and also change the wind estimation (Hann & Johansen, 2020). Flows
over glaciers present several features that can be highlighted by wind measurements from
a UAV. Specifically, there are several intrinsic properties linked to ice fracture (crevassing)
that greatly complicate our understanding of turbulent heat transfer to the ice surface
(Colgan et al., 2016). Consequently, crevasses increase the efficacy of almost all of the
heat sources responsible for summertime glacier ablation. It is surprising that there are no
current models that account for the direct effects of crevassing upon this heat flow. We find
this is a major problem for Svalbard glaciology on account of the ability of the glaciers to
oscillate between periods when the ice surface is characterized by intense crevassing during
a surge, and periods with smooth, continuous ice surfaces between surges. Crevassing
might, therefore, explain how the rate of glacier mass loss changes through space and time
for a given climate, and also how glacier surge velocity and duration are controlled by the
supply of melt-water to the glacier bed (e.g. Humphrey and Raymond (1994)).

Since there are obvious hazards associated with the direct examination of crevasses, we
aim to further develop the use of UAVs for studying the direct link of wind flow with
ground surface. effects of crevasses upon turbulent heat transfer to glacier surfaces. Most
emphasis will be given to the examination of wind profiles in order to characterize the
roughness length of a glacier. A major strength of the UAV approach therefore is the
ability to collect these over short intervals and then change sites to a different part of the
glacier with different crevasse patterns. This would be well beyond the capability of a
measurement program that would involved instruments installation. All the flights and
wind measurements were made in accordance with the Arctic Monitoring and Assessment
Programme (AMAP) (Storvold, 2015). Our specific objectives are therefore:

- Validation: Establish a strategy with different methods that enables a multi-rotor
UAV as a reliable estimator for wind speed and wind direction.

- Application/Fieldwork: Deploy the drone to collect vertical wind profiles over crevassed
glaciers with variable crevasse sizes.

- Analysis: Establish the quality of the wind estimation and the capability of the wind
profiles to determine the aerodynamic roughness lengths.

Figure 1.1: The Phantom 4 going to measure wind over Tunabreen, Svalbard.
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Chapter 2

Methodology
There are already several methods that have been described in literature to estimate wind

with a UAV. The objective here, is to implement some of these methods for specifics UAVs
and validate them for our own purposes. An application of the wind estimation, here, is to
look at the wind over glaciers. This requires to know how UAVs work and how to collect
data with. As most instrument, a UAVs need to be calibrated to record reliable data. It is
presented in this section, how the methods lead to a wind estimation, from the calibration
to the mathematical and statistical process of the data.

2.1 Drones, sensors and data

This study makes use of quadrotor UAVs. Two types of drones from DJI were used:
the Mavic 2 Entreprise and Phantom 4 Pro models. Some features of these two UAVs
can be found in Table 2.1 (Phantom (2017), Mavic (2018)). Even if they present similar
internal characteristics they have a different shape and different behavior on flight. Thus,
it affects their drag and their ability to respond to the wind, which make them interesting
to compare for wind estimation.

Phantom 4 Pro Mavic 2 Entreprise

Weight 1388 g 899 g

Record frequency 30 Hz 8 Hz

Operating frequency 2.4 GHz/5.8 GHz 2.4 GHz/5.8 GHz

Max tilt angle (S-mode) 42° 35°

Max flight duration 30 min 31 min

Operating temperature range 0 to 40◦C -10 to 40°C

Max transmission distance 7 km 10 km

Max wind speed resistance 10 m.s−1 8-10.5 m.s−1

Diagonal size 350 mm 354 mm

Table 2.1: General characteristics of the two drone models used.

Several on-board sensors are implemented on the UAV and they are more or less the
same on both of the two models. However, they do not record the data the same way. The
Phantom 4 has a richer amount of data in its internal system. Here is a description of each
of the most useful instruments on a UAV for wind estimation.

Inertial Measurements Units (IMU)

The IMU contains a 3D accelerometer and a 3D gyroscope made for describing the atti-
tude of the UAV. They are both made of micro electro-mechanical sensors (MEMS). This
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technology enables the component to be small (of the order of millimeter) and low-cost.
A 3D accelerometer records a linear acceleration from dynamic motion or from gravity. It
is built combining three accelerometers in the x, y, and z directions in order to measure
the linear acceleration ax, ay and, az. The output is given in g unit (gravity acceleration).
In the z-direction, a static acceleration is constantly measured equal to g = 9.81 m.s−2.
To obtain the real acceleration of the drone g need to be added along z and the rotation
matrix has to be considered (Metni, Pflimlin, Hamel, & Soueres, 2005):

R =

CθCψ SθSφCψ − CφSψ SθCφCψ + SφSψ

CθSψ SθSφSψ + CφCψ SθCφSψ − SφCψ
−Sθ CθSφ CθCφ



where
{

C and S respectively denote cos and sin
θ, φ and ψ respectively denote roll, pitch and yaw angles

Angles are depicted on Figure 2.1 in the frame of reference (~ex, ~ey, ~ez) following the ENU
coordinates convention : ~ex pointing eastward, ~ey pointing northward and ~ez pointing
upward.

Figure 2.1: Example of drone tilting in wind condition. The tilt angle is given by γ, θ and
φ respectively denotes pitch and roll angles.
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According to equation (7) in Metni et al. (2005), real accelerations can be obtained from
raw IMU data with: ẍÿ

z̈

 = R

ẍRAWÿRAW
z̈RAW

 g +

0
0
g

 (2.1)

With trigonometric considerations pitch and roll angles can also be inferred from the next
equations:

φ = arcsin(ax)

θ = arcsin(
ay
cos(θ ))

Gyroscope measures the rotation rate of the UAV in °/s. A simple integration over time
gives the angles of the UAV. Data from the gyroscope has the disadvantage to drift away
from the real value over time while data from the accelerometer are more precise but can
be noisy (Lai & Jan, 2011). Data from gyroscope are used for the attitude estimation on
which is based the wind estimation.

Attitude of an aircraft can be defined as its orientation in the space with respect of the
inertial frame of reference. It is represented by the pitch, roll, and yaw angles. The IMU
is useful to have a precise measurement of the attitude, especially for the roll and pitch
angles. The yaw angle is measured less accurately by IMU because it suffers from drifting
over time but is corrected by the magnetometer (Lai & Jan, 2011).

Magnetometer

A magnetometer is made to measure the Earth’s magnetic field. It is useful on the UAV to
see which direction the it is pointing. This sensor gives a more precise yaw angle measure
than the accelerometer (Moyano, 2012). To know the direction the drone is pointing is
relevant to estimate the wind direction. It can be noticed that the experiments are con-
ducted in the Arctic, where there is a deviation between the true north and the magnetic
north that can be not negligible. This issue can affects the measures.

Global Positioning System (GPS)

GPS is relevant to determine the position, velocity and acceleration of the UAV. It has the
advantage to not be affected by vibration as accelerometer can be. However, it requires
at least four available satellites which can be an issue in a high latitude location, such as
Svalbard (78° North) where the tests were conducted. The GPS has a low update frequency
(1 Hz) compared to the accelerometer. The accuracy of the GPS on the UAVs used is 0.5
m vertically and 1.5 m horizontally (Phantom, 2017). Surprisingly, the GPS of the UAVs
used is more accurate vertically than horizontally.
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Vision positionning system (VPS)

The VPS is a technology developped by DJI that used data from ultrasonic sensors and
from images to give a precise position of the UAV in flight (Phantom, 2017). The VPS
has an accuracy of 0.1 m vertically and 0.3 m horizontally. The relative height from te
ground can be precisely measured from this senors. However it works only up to 10 meters
high and needs to be calibrated before. Also, it requires sufficient light and a surface with
diffuse reflection material to work properly (Phantom, 2017).

Barometer

The barometer is useful for the absolute altitude of the drone. However, it is sensitive to
weather and pressure changes. According to hydrostatic law 2.2, a pressure drop overesti-
mates the altitude. So it must be calibrated and used for short-time measurement.

dP = −ρg dz (2.2)

where P is the air pressure, ρ the air density and z the altitude.

Figure 2.2 shows the best sensor on-board to use depending on the parameter measured.
Other sensors such as thermometer, camera, and motor controller are available on the
UAVs used.

Sensor Measurment Attitude 
estimation

Translational 
velocity 

estimation  

Horizontal 
position 

estimation

Vertical 
position 

estimation
Advantages Disadvantages

Accelerometer Acceleration PITCH 
ROLL POOR POOR POOR Long term 

accuracy
Vulnerable to 

vibration

Gyroscope Angular rates
PITCH 
ROLL 
YAW

NO NO NO Short term 
accuracy

Suffers from 
drift

Magnetometer Magnetic 
fields YAW NO NO NO Fixed 

reference

Vulnerable to 
external 
magnetic 

disturbances

Barometer Absolute 
height NO NO NO YES

Absolute 
height, vertical 

accuracy

Vulnerable to 
pressure 

disturbance

Figure 2.2: Sensors characteristics summary (adapted from Moyano (2012)).

Even if some sensors are able to measure the same parameters, the best measurement is
obtained by combining the best performance of all of them.

The accelerometer is used to get pitch and roll angles which are useful to calculate the
tilt angle. The yaw angle is obtained from the magnetometer which is more accurate than
accelerometer. GPS data are used to implement the Kalman Filter (see section 2.2.2). The
sonar is useful in order to build a vertical profile above glaciers up to 10 meters and then
the GPS takes over.

Data from sensors are stored in the memory, in one file for each flight. These collected
data are sampled to 30 Hz for the Phantom and 8 Hz for the Mavic. For the GPS data
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are 1Hz sampled at 30 or 8 Hz by the system to be same frequency that the others data.
These sampling rates are a good compromise between accuracy and memory space. Wind
calculation is made on these rates and then data are averaged to 1 Hz to be easier to
manipulate and easier to plot. It can be noted that time is UTC on raw files from DJI
UAVs.

The system of the Phantom 4 Pro also provides a variable wind speed derived from
unknown sources to prevent the controller when the wind is to high to fly. However, there
is no explicit information about the method used by DJI to give an estimation of the wind
speed.

2.2 Wind speed

To estimate wind speed, the next forces acting on the UAV have to be considered:

- The drag force, ~D , is the main force resulting from wind.
- The thrust, ~T , comes from the propellers.
- The weight, m~g, where m is the mass of the UAV.

According to the drag equation, the drag force acting on the drone is given by:

D =
1

2
ρACD v2 (2.3)

where ρ is the density of air, A is the exposed area of the drone, CD is the drag coefficient,
and v the wind speed.

This method assumes that the controller has no influence on the attitude of the UAV
and vertical wind is negligible compared to the horizontal one. When the drone is in wind
conditions, the IMU is responding by tilting the UAV against the wind to maintain the
drone static. From this tilt angle, the wind speed can be estimated. Also, the IMU is not
perfectly stabilizing the quadcopter. So, small horizontal motion occurs and needs to be
taken into consideration. The simple method only considers tilt angle while linear dynamic
equation also includes these displacements in the model (Moyano, 2012).

The wind speed can be calculated from Equation 2.3 :

v2 =
2

CDρA
D (2.4)

In this study, D is calculated from two different approaches. The first approach is simple
and uses Euler angles to get the attitude of drone: we call it the simple method in this
study. The second one, named Kalman filter, requires a more complicated process: it uses
both a model of the UAV’s behavior through the linear dynamic equations and attitude
from the IMU.

For both approaches, CD and A remain complicated to calculate because they depend on
many parameters. The drag coefficient CD and area A are linked to the complex shape
of the drone. This is the main issue for wind estimation from UAV. Moreover, the drag
coefficient is impacted by the rotor speed, in rotation per minute (RPM). To determine
these parameters, the drone needs either to be calibrated next to a weather tower or tested
in a wind tunnel.
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2.2.1 Simple method

The simple method assumes that the drag force and the attitude of a UAV are linked as :

D = mg tan(γ) (2.5)

where γ is the tilt angle and m the mass of the drone.

This equation shows that when the wind is blowing the UAV, it responds by tilting to
counter the drag force and remain static. Thus, the propellers adapt their rotation to
create a horizontal force and to make the UAV moving against the wind (wind velocity is
positive while ground velocity remains null). This approach does not take in consideration
the dynamic effects (Moyano, 2012). Dynamic effects are the small displacements that
occurs because the UAV is not completely static. This occurs especially in very turbulent
flow. The simple method, here, just takes into account the tilt angle but not these dis-
placements. Thus, this method will have more difficulties to represent the turbulence in
its wind estimation.
The tilt angle of the drone is calculated with the pitch angle, θ, and roll angle, φ (Neumann
& Bartholmai, 2015). According to Figure 2.1, the drone is contained on the XY-plan. The
vector ~nXY = (0, 0, 1) is defined as the normal vector to the XY-plan. With some geometric
considerations, the tilt angle can be calculated with :

γ =
~nXY .(~eθ × ~eφ)

|~nXY |.|~eθ × ~eφ|
(2.6)

where |.| is the Euclidean norm and, ~eθ and ~eφ respectively denote the pitch and roll axis.

Calibration with a met mast

This method of calibration is inspired by Palomaki et al. (2017). The drone is supposed
to tilt only due to wind flow.

Then, Equation 2.4 can be written as :

v2 =
2mg

CDρA︸ ︷︷ ︸
ĉ

tan(γ) (2.7)

It is shown here a linear relation between v2 and tan(γ), where ĉ represents the slope.
The estimation of wind speed depends, now, only on ĉ and tan(γ). The tilt angle γ can
be obtained from the drone IMU. To get an estimation of ĉ, a calibration needs to be
conducted. The ĉ coefficient depends on the frame of the drone through the parameters
A and CD. It also depends on the mass of the UAV. Thus, for two different UAVs the ĉ
coefficient will be different. The density of the air could also change the value of ĉ.

Another way of calibrating the drone, with a more practical approach, is to consider that
v2 only depends on tan(γ). Then, by comparing the wind from an anemometer and the tilt
angle of the drone it is possible to find an empirical relation between these two parameters.
It is considered again v2(tan(γ)). Then, it was found empirically, that v2 is proportional
to tan2(γ) until a critical value γcrit. Over γcrit, the relation is considered as linear with a
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slope β1 and an intercept β0. Thus, the model is represented by a split regression and the
two regressions are joined in γcrit.

v2 =

{
α tan2(γ) for γ < γcrit
β1 tan(γ) + β0 for γ ≥ γcrit

(2.8)

The calibration was done by flying the drone next to a measurement tower equipped with
anemometers (one at 2 meters and another at 10 meters high). For this study, a met mast
was available in Adventdalen at the Aurora station (Figure 2.3). The procedure consists in
flying the drone in a steady-state position at 10 meters just close by the anemometer. Each
measurement lasted for approximately 5-10 minutes. The measures were repeated several
times on different days in order to have a large range of wind speeds. Then, the data from
anemometer were collected online (Adventdalen weather station, 2020) and compared to
the drone’s data. Table B.1 shows the referenced calibration and validation flights.

Figure 2.3: Calibration next to the met mast in Adventdalen (06.05.2020). The Phantom
4 (in white) is flying close to the anemometer at 10 meters (in black).

Test in a wind tunnel

This test has not been experimented in this study. Instead, it was used wind tunnel tests
conducted in a NASA laboratory by Russel and Jung (2018) with a Phantom 3 drone. It
is assumed that Phantom 4 and Phantom 3 have the same drag properties as they have
nearly the same frame. Thus, these results can be used for the Phantom 4 Pro we had.
The test consists of fixing horizontally the drone on a mechanic arm in a wind tunnel (see
Figure 2.4). A constant air flow, denoted by the dynamic pressure qtest, is produced in
the tunnel. The drone can be tilted comparing to the wind flow and the rotors speed can
be set to different values. The tilt angle of the UAV is reproduced by inclining the flow
direction upward or downward along the z-axis. The arm is equipped with several sensors
and it measures the forces induced on the drone on the x, y and z directions.

From this, it is possible to calculate the drag force acting on the Phantom 3. Let’s call
this drag force obtained from the wind tunnel tests Dtest. It is known from 2.3 that :
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CD = Dtest
qtest.A

where qtest is the given dynamic pressure.

Thus, Equation 2.4 becomes:

v2 =
2D

ρDtest(γ,RPM)
qtest

(2.9)

It can be highlighted that Dtest depends on the tilt angle γ and the rotors speed in RPM.
qtest was set by the experimenter and was constantly equals to 0.49 lb.ft−2

Figure 2.4: Setting of the Phantom 3 in the wind tunnel test led at NASA. (Adapted from
Russel and Jung (2018))

2.2.2 Linear dynamic equations and Kalman Filter

In this method, first it is presented the model from linear dynamic equations of the drone
motion and then how the Kalman Filter was implemented. The Kalman filter makes use
of the dynamic linear equations of a UAV as a model.
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According to Elkholy (2014), the linear dynamic system that characterizes the behavior
of a quadrotor in the inertial frame of reference is :


mẍ = (SθCφCψ + SφSψ)T −Dx

mÿ = (SθSφCψ − CφSψ)T −Dy

mz̈ = CθCψT −Dz −mg
(2.10)

As the wind mainly affects the drone horizontally, it is assumed that drag on the z-axis
is negligible (Dz = 0). Consequently, the thrust T can be calculated as :

T =
m(z̈ + g)

CθCφ
(2.11)

Including 2.10 to 2.11 gives :


Dx = m

[
(SθCφCψ + SφSψ)

(z̈ + g)

CθCφ
+ ẍ

]
Dy = m

[
(SθSφCψ − CφSψ)

(z̈ + g)

CθCφ
+ ÿ

] (2.12)

From here, the drag force can be calculated with : D =
√
D2
x +D2

y

From accelerometer data, ẍ, ÿ, and z̈ are calculated with Equation 2.1. θ, φ, and ψ
are obtained from the gyroscope of the drone. However, gyroscope data are inherently
drifting and accelerometer can be noisy. The interest of the Kalman filter is to correct
these defaults thanks to the model 2.10.

The Kalman filter is a recursive method that takes in consideration the noise of a signal in
order to correct it thanks to a model and to give a better estimation of a noisy parameter.
In this case, it uses data from IMU in the state model and merge it with GPS data
(more accurate but lower frequency than IMU) in the observation model. Both state and
observation models contain an input noise which are represented by vectors v and w and
set by the user. The continuous form of the state model taken from Equation 2.10 can be
written as :

Ẋ = AX +Bu+Gw (2.13)

where
{
X = (ẋ x Dx ẏ y Dy ż z Dz)

t

Ẋ = (ẍ ẋ Ḋx ÿ ẏ Ḋy z̈ ż Ḋz)
t and u = (T g 0)t is the control input.

The observation model is given by :

Y GPS = CX + v (2.14)

where Y GPS = (ẋ x ẏ y ż z)t denotes the measurements from the GPS of the UAV.
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A is the state transition matrix, B the control-input and w the process noise. C is called
the observation matrix and v is the observation noise.

A =



0 0 −1/m 0 0 0 0 0 0
1 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 −1/m 0 0 0
0 0 0 1 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 −1/m
0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0 0


B =

1

m



SθCφCψ + SφSψ 0 0
0 0 0
0 0 0

SθSφCψ − CφSψ 0 0
0 0 0
0 0 0

CθCφ −m 0
0 0 0
0 0 0



C =



1 0 0 0 0 0 0 0 0

0 1 0 0 0 0 0 0 0

0 0 0 1 0 0 0 0 0

0 0 0 0 1 0 0 0 0

0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 1 0


G = I9

The previous observation and state models are discretized to be implemented (see Equa-
tion 2.15 (a) and (b)). This was done with the function c2d() in MATLAB. The algorithm
of Kalman filter works in four steps. Here is the description of the Kalman filter algorithm
used :

(a) Xk+1 = AXk + Bkuk + Gw Predicted state

(b) Y GPS
k = CXk + v Observation

(c) Xupdate
k+1 = Xk+1 + L(Y GPS

k −HXk+1) Updated state

(d) Xk = Xupdate
k+1 , next step k = k + 1 ...

(2.15)

First, the predicted state is calculated with (a) and the observation state with (b). Then,
at the first step, results from (a) and (b) are used to calculate the matrix L with the
command kalmd() in MATLAB. L represents the Kalman gain of the filter. It is made
to "tune" the signal i.e. it allows to increase the response of the filter or not. For a
gain with coefficient close to one (obtained by putting low noise values in w), the filter
will follow more the model than the observation, but it will have a longer response and a
smoother estimation. On the other hand, if the gain is close to zero (obtained by putting
low noise values in v), the filter trusts more the measurements with a quicker response and
high frequency (Bonnable, Martin, & Salaün, 2009). Here, L does not evolve during the
process. Once L is obtained, it is possible to get the updated state with (c). This result
is retained for the wind speed estimation because it gives a better estimation of Xk+1.
Finally, the estimated state is used in (a) for the next step and the process is repeated.
From Xupdate

k+1 we get D̂x and D̂y which enable the estimation of the drag force with :

D̂ =
√
D̂2
x + D̂2

y .
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2.3 Wind direction

Wind direction estimation requires to know in which direction the drone is tilting and
where the head is pointing. Thus, it makes use of pitch, roll and yaw angle. The inclination
direction of the UAV is given by:

λ = arccos

(
−~nY Z .(~eθ × ~eφ)XY
| − ~nY Z |.|(~eθ × ~eφ)XY |

)
(2.16)

where (.)XY is the projection onto the XY-plan and −nY Z = (−1, 0, 0) is the vector
perpendicular to the YZ-plan (Neumann & Bartholmai, 2015).

In order to know whether the tilt direction is on the left or right side of the YZ-plan, the
sign of ~nXY .(~eθ × ~eφ)XY is to be known. From this, the wind direction formula is:

wind direction =

{
360− λ+ ψ, if ~nXY .(~eθ × ~eφ)XY < 0
λ+ ψ, otherwise

(2.17)

The angle λ is included in [0◦, 180◦]. If the tilt direction is left, the direction range is
comprised in [180◦, 360◦]. So, the tilt direction value will be negative and the direction
needs to be counted from 360. On the other way, the tilt direction will be positive and
the direction starts from 0. This way of measuring the wind direction does not require
the UAV to point in a specific direction. The direction the UAV is pointing is taken into
account in the equation and the wind direction is calculated independently.

2.4 Validation and application

The second objective of the study, after calibration, was to validate the methods and put
them in practice.

The validation took place at the weather station in Adventdalen, where two anemometers
and a LIDAR were available. The different validation flights that have been conducted can
be found in the Table B.1 in the appendix. Each flights lasted approximately between 4
and 10 minutes. These flights are used to see the accuracy of the wind estimation methods
with the UAV (see section 4.1). Only two flights with the Mavic were done because the
COVID-19 situation could not have allowed more fieldwork

The application aims at taking wind profiles and try to interpret them. Specifically, a
UAV is able to fly and to take measures above a crevassed glaciers. This is interesting
because this type of terrain is not easily accessible by walking but it is for an UAV. The
main experiment is to record wind profiles in order to learn information about glacier. It is
interesting to see how much a glacier can impact wind condition in the ABL and vice versa.
Three glaciers were studied, namely: Tunabreen, Fridjovbreen and Mohnbukta. They have
different characteristics which makes them interesting to compare.

Two approaches have been considered to do a wind profile : making the profile step by
step or continuously. For the step by step profile, the UAV records on a steady state
position an averaged wind over 15 seconds on each step. The steps are one meter high
until 15 meters, and two meters high above. On the other hand, the continuous profile
is made by flying up the drone continuously at a speed of approximately 0.4 m.s−1. The
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continuous profile presents the advantage to be shorter in time than the step by step profile
(they last respectively for 2 and 6 minutes in average for a 30 meters profile). However,
the continuous method measure an instant wind while the step by step method averages
the wind to dispose of the turbulence. Furthermore, when the controller moves the UAV
upward, the wind estimation is still valid because there is no action on the roll and pitch
angles. It is not excluded that while the drone is moving upward, the propellers can slightly
impact the attitude of the UAV. This is why method is useful for wind profile while an
horizontal measurements is not possible continuously but step by step. In deed, if the UAV
is moved continuously horizontally the controller affect the tilt and the wind estimation
is no longer possible. If a transect has to be done, it has to be step by step by holding a
steady state for each step.

Figure 2.5: Theoretical logarithm wind pro-
file.

The wind conditions above a glacier are
closely linked with its roughness. Accord-
ing to the wind logarithm law it is possi-
ble to obtained a theoretical wind profile
depending on the roughness length of the
surface:

v̄ =
u?
k
ln(

z

z0
) (2.18)

u? is the shear velocity and k is the univer-
sal Von Karman constant (taken equals to
0.4). z0 denotes the aerodynamic roughness
length expressed in meters. On the graph,
the value of z0 can be read for Ū(z) = 0.
It is a characteristic of a glacier and it can
be associated with the tenth of the aver-
age size of the obstacles. However, z0 does
not represent the height of each element of
the ground even if a higher value of rough-
ness denotes a bigger obstacle size (Stull,
1988).

The wind logarithm law works for z >> z0, so typically from 10 meters above the ground,
and until the top of the Ekman layer, located around 50-80 meters Tennekes (1973). Also,
the law is valid only under neutrally stratified conditions, which means that there is no
thermal transfers and no convection (Stull, 1988).

The shear velocity has to be precisely estimated to draw a proper realistic wind profile.
It can be calculated empirically with two simultaneous wind estimations at two different
levels. This experiment can be achieved by flying one UAV, measuring v(z2), above the
UAV making the profile, measuring v(z1). The shear velocity u? can be obtained with the
next relation (Stull, 1988):

u? = k
v̄(z2)− v̄(z1)

ln

(
z2

z1

) (2.19)

where z2 > z1
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The roughness length of a glacier is estimated by doing wind profile with the UAV.
Then, according to Equation 2.18 we apply a logarithm regression to the next formula :
Ū

u?/k
= ln(z) − ln(z0). Here, the roughness length can be obtained with the intercept of

the regression. However, the wind conditions during the profile needs to remain constant
to avoid biased profile.

2.5 Processing

Once data were collected with the drone, they needed to be post-processed to have the
wind estimation. It was done with the software MATLAB© (2020). A function was set
with MATLAB© taking in input raw data from UAV and giving in output an estimation
of the wind according to the different methods mentioned before. Each function leans
either on a calibration or wind tunnel tests data. Data from the calibration or the wind
tunnel test, stored separately, are merged with the drone data. All of this goes through
the function to provide wind speed and direction estimation.

Drone data  
Φ, θ, Ψ, acceleration, 

RPM, GPS

Function
Estimation

Wind speed
Wind direction

Calibration 
met mast

Wind tunnel 
tests

Kalman filter

Phantom 4

Simple method

Phantom 4 and Mavic

CD and A 
estimation

X f(X)

Figure 2.6: Code structure in MATLAB© for wind estimation from a UAV

As the wind tunnel test was not available in the literature for the Mavic, it can only used
the simple method set with the met mast calibration for this UAV. The Phantom is able
to use all the methods namely the simple method, both with calibration and wind tunnel
test, and also the Kalman filter.
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Chapter 3

Results
The results issued from drones have been produced with raw 30 Hz data. But, the results

shown on figures are 1-s averaged to make it more readable. Here are presented all the
results developed on the basis of the code structure shown in Figure 2.6. Some of the
results are missing because the COVID-19 crisis prevented some fieldwork. The missing
results will be mentionned. However, it was possible to make use of the data from the 2019
field campaign for the wind profiles on glacier even if they were not done with the method
described before.

3.1 Calibration and wind tunnel test results

Calibration Figure 3.1 shows two types of regression using the least mean squares
method: the linear regression between v2 and tan(α) with no intercept (upper graphs)
and the split regression (lower graphs). The regression relations are based on Equation 2.7
described before. The tilt angle of the drone, γ, is calculated with data from the IMU.
v2 is the squared wind speed from the anemometer at 10 meters on the met mast. The
measures (blue dots) show a link between the squared wind speed and the tilt angle. From
this observation, the regression models were built to highlight a correlation. The range of
wind speeds goes from nearly 0 m.s−1 to 14.5 m.s−1 for the Phantom and up to 9.5 m.s−1

for the Mavic. To obtain this spread of measures, 12 calibration flights were necessary for
the Phantom and 9 flights for the Mavic (see Appendix B).

Regarding the upper figures in 3.1, the wind speed estimation is modeled as a linear
function, with a slope equals to 338.7 for the Phantom 4 and 277.9 for the Mavic.
On the lower figures the regression is separated in two parts. These two regressions were
found to be the best fit according to statistical consideration described later. The first part
is the quadratic regression calculated with the measurements observing tan(γ) < 0.12.
For tan(γ) ≥ 0.12, it is a simple linear regression. It is important to notice that the
measurements have been separated at tan(γ) = 0.12 in two clusters. However, this is not
the value where the regression model is split. The intersection between the two regressions
is found in a way to join the two models for a value equal to tan(γcrit). Also, for both
regression models, it is considered that if there is no tilt, there is no wind. This explain
why there is no intercept for the linear regression on the upper graphs and for the quadratic
regression on the lower graphs.

To know the correlation of the regression, the R2 value was calculated and a Fisher test
was done with MATLAB©. Statistical values of the regressions can be found in Table 3.1.
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Figure 3.1: Simple linear regressions (upper figures - inspired by Palomaki et al. (2017))
and split regressions (lower figures) between v2 and tan(γ) for the Phantom 4 and the
Mavic. Yellow line is a linear regression with no intercept, red line is a linear regression
and green line is a quadratic regression.

Phantom 4 Mavic

Simple linear regression

ĉ 338.72 277.89
R2 0.79 0.66
p-value <10e-16 <10e-16

Split regression

α̂ 1113.2 2062.6
tan(γcrit) 0.091 0.090
β̂1 501.20 460.95
β̂0 -36.27 -24.76
R2 (γ < γcrit) 0.56 0.67
R2 (γ ≥ γcrit) 0.85 0.53
p-value (γ < γcrit) <10e-16 <10e-16
p-value (γ ≥ γcrit) <10e-16 <10e-16

Table 3.1: Statistical values derived from the two regressions shown in Figure 3.1
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Wind tunnel test To obtain the values of the drag of the Phantom derived from the
wind tunnel test, it was necessary to make the calculation out of the data available in
Russel and Jung (2018). The drag force D acting upon the UAV can be calculated from a
formula derived from Schiano et al. (2014). The proof of the formula is shown in Appendix
A.

Dtest = Fx cos(γ) + (Fz − T ) sin(γ) (3.1)

Fx and Fz respectively denote the force induced on the mechanic arm along x and z axis
with respect to the frame shown in Figure 2.4. T is the thrust of the drone. The values
of these parameters were obtained in the sections C.18 and C.76 of the data appendix in
Russel and Jung (2018).

The values of Dtest were calculated for seven different ranges of tilt angle and five ranges
of rotors speed. The values are stored and used to estimate the drag force depending on
the tilt angle and the rotor speed. The different drags values are shown in Figure 3.2.

The tilt angle γ is positive when the upper part of the drone is facing the wind (see Figure
A). For a fixed RPM, the drag generally decreases with the tilt angle until 20° and rise after.
On the other hand, for a fixed angle, the difference of drag regarding the RPM highlights
the fact that propellers largely impact the drag : the higher the rotor speed, the higher the
drag force. The propellers have a certain porosity to the flow, which means that the higher
the rotors speed, the less porous is the propeller (Neumann & Bartholmai, 2015). This
tends to make the exposed area higher, and thus the drag force higher. Surprisingly at 40°,
the 4800 RPM point (red) is higher than the 5300 RPM point (yellow). This observation
remains unexplained and might be caused by measurements error.

Figure 3.2: Drag force on the Phantom for q = 0.48 lb (data from Russel and Jung (2018))

From these values of Dtest(γ,RPM), the wind speed can be calculated with Equation
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2.9. This method shows similar drag force values than values derived from the calibration
method.

3.2 Tests and validation of the different methods

It is suggested in this section to compare the results from the different methods exposed
before. Four approaches can be taken in consideration : three simple methods, one with a
linear regression, one with a split regression, and one with wind tunnel test, or the Kalman
filter method also from wind tunnel test. We aims here at comparing these approaches to
see their pros and cons.

Figure 3.3 is a comparison between the four methods. It shows that the two simple
methods (blue and green lines) have similar variations because they are based on data
from the IMU. But we decided to focus only on the simple method with a calibration
because the Kalman filter already use the wind tunnel test. Thus with a high variability,
the Kalman filter would looks the same than the green line which is also based on wind
tunnel test. Here, the Kalman filter (fushia line) is smoother than the other methods
because the Kalman gain L was chosen in a way to smooth the signal (see Equation 2.15).

Now we need to choose which calibration to use for the simple method: either the simple
regression or the split one. Figure 3.4 suggests that the split calibration gives a more
accurate estimation than the linear one (these two regressions are related in Figure 3.4).
In deed, wind speed issued from the split regression (blue line) is closer to the anemometer
than the wind speed from the linear regression (red line). The linear regression over-
estimate the wind speed especially for low values comprised between 0 and 6 m/s.

Thus, for the rest of the study, the simple method is assimilated to the method with the
split regression for both UAVs.

We found in the wind estimations a time shift of few seconds between the UAV’s and
anemometer’s clock. Indeed, on the next figures, the pics of the signals were synchronized
with the anemometer signal. From this superposition we assume it was the time shift that
is shown in the tables of the Appendix B.

Figure 3.3: Wind speed comparison between three different approaches : the simple method
from two drag calculation and the Kalman filter. The estimation was made from validation
flight n°14 with the Phantom.
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Figure 3.4: Wind speed estimation derived from two different approaches with the simple
method. Upper graph was made with the Phantom 4 from flight n°13 and the lower one
with the Mavic from flight n°11.

Figures 3.5 and 3.6 show wind estimation from the UAV compared to anemometer mea-
surement with the two different UAVs. For both drones, the wind speed for the simple
method (blue line) closely follows the variation of the anemometer. The drone has the
same response time than the anemometer. The Kalman filter on Figure 3.5 shows the
same trend than the anemometer but is less noisy because it trusts more the model than
the IMU data due to the gain L setting. The wind direction remains constant through
time and estimation is still close to the anemometer for this flight.

However, wind direction can sometimes presents an offset. As shown on Figure 3.7,
the wind direction is shifted of 30° comparing to the anemometer but it still follows the
variation. There is no clear explanation for this offset that does not appear for all the
estimations.

These measures are taken at 10 meters at the met mast in Adventdalen. It was necessary
to synchronized these curves because the clock of the drone was shifted of few seconds
compared to the anemometer’s clock. This comparison with anemometer aims at validating
the wind estimation and see if there are some bias in the method.
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Figure 3.5: Wind speed and direction estimation with the Phantom 4 from validation flight
n°19.

Figure 3.6: Wind speed and direction estimation with the Mavic from validation flight
n°10.
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Figure 3.7: Biased wind direction estimation derived from Phantom 4 validation flight
n°15.

3.3 Application : wind measurements above glaciers

Here are presented the results of the wind profiles from 2019. The friction velocity was
calculated with Equation 2.19, by taking the wind speed at two different levels from the
same wind profile. This way might be biased because it is not exactly the same simultane-
ous wind that is recorded at two different levels. Also, it was not possible to check if the
wind remained stable with time.

On figures 3.8 and 3.9, (a), (b) and (c) respectively describes the glaciers Tunabreen,
Fridjovbreen and Mohnbukta. Looking at Tunabreen on Figure 3.8, the profile starts close
to the glacier surface, at approximately 60 meters, until 100 meters above the sea level.
The three profiles are roughly 40-50 meters high (relative altitude). Each step during the
profiles lasts for approximately 30 seconds. It would have been better to do 15 seconds
because it is enough time to average wind and to make a quick enough profile of roughly
6 minutes.

For the wind profiles on Figure 3.9, blue line is the wind estimated with the UAV and
orange is the theoretical logarithm profile. To obtained the blue line, wind was averaged
on each elevation step. The first level of the profile is the first averaged step. To calculate
the friction velocity (or shear velocity) for Tunabreen, the wind at 2 meters and 20 meters
were taken and it was found u? = 0.41 m.s−1. However the roughness is very sensitive to
the value of the shear velocity. This is why this parameter has to be precisely estimated.
On the theoretical profile, the roughness length is shown as the elevation where the wind
is equal to zero. The roughness length was obtained thanks to the logarithm regression
made from the measurements shows by the blue line (Stull, 1988). The orange curve was
obtained thanks to the coefficients from the regression.

22 CHAPTER 3. RESULTS



Figure 3.8: Wind profiles map (upper) and elevation (lower) over Tunabreen (a), Frid-
jovbreen (b), and Mohnbukta (c). Blue horizontal lines denotes when the wind profiles
from the drone shows on Figure 3.9 start and stop.

Figure 3.9: Wind profiles corresponding to figure 3.8. Blue line shows the drone measure-
ment and orange line shows the theoretical profile from equation 2.18.
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Chapter 4

Discussion

4.1 Statistics for calibration

It is considered here the calibration made at the met mast. It is qualified as a secondary
calibration because it uses as a reference an anemometer that has to be primary calibrated.
This approach is valid only if the reference instrument has a higher accuracy than the
instrument to calibrate (VIM, 2008). The calibration of the UAV has a major role in the
reliability of the wind estimation. The larger the wind speed spread used for calibration,
the more reliable. However, it is not possible to have the required spread of wind condition
in one day. Thus, several flights on different days were done in order to have a proper
calibration for the Phantom 4 and the Mavic. Also, we saw with Equation 2.7, that the
coefficient ĉ depends on the air density which can fluctuate with temperature. The colder
the air, the denser. As the calibration was conducted at -20°C, it has to be evaluated.
With a simple ratio of wind speeds it can be obtained that an estimation of 10 m.s−1

at -20°C gives an estimation 10.76 m.s−1 at +20°C. Thus, there is a difference of 7.6%
between ambient conditions and the ones used for the calibration.

We suggest here to compare the linear and split regressions. The linear regression model,
taken from Palomaki et al. (2017), consists in comparing the square wind speed v2 and
the tilt angle tan(γ) according to Equation 2.7. The R2 provides information about the
correlation between two variables. However, it is an indication about the correlation but
not about the causality. A sample can have a R2 close to 1 without having any causality
between the parameters. Thus, a Fisher test was used to determine whether the regressions
are significant or not. The test was conducted with the software R© (RStudio Team, 2020).

For all the regressions it was found p− value << 0.05 (see Table 3.1) which means that
the hypothesis H0 is rejected and the regressions are considered as significant. Given this
results it can be admitted that there is a correlation between v2 and tan(γ) and thus the
models can be accepted.

4.2 Estimation uncertainty and bias

To highlight the error contained in the wind estimation we look at the bias of the sample
and the root mean squared error (RMSE). The anemometer was taken as a reference to
compare with the UAV estimations. It is known that anemometer have measurement
uncertainty which is ignored.

Firstly, it is interesting to look at the difference, for each observation, between the UAV
estimation and the anemometer (there is one observation per second). These differences
can be called ε = (εi)i∈[1,n], where n is the total number of observations. Each εi is a random
variable representing the error to the true value. The mean of the sample ε is associated
with the bias of the wind estimation. If this bias is significant, it can be subtracted to the
estimation. Then, this unbiased sample follows a centered normal distribution N (0, σ2),
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where sigma is the standard deviation of the unbiased sample. Also, for an unbiased sample,
the student deviation σ is equal to the RMSE. In deed, MSE(θ̂) = Varθ(θ̂)+Bias(θ̂, θ)2, so

if the bias is equal to 0, then RMSE(θ̂) =

√
Varθ(θ̂) = σ (where θ̂ is the estimator of the

unknown parameter θ) (Wackerly, 2008). In Table 4.1, the RMSE of the unbiased sample
is noted σ.

To know whether the bias is significant or not, a Student test can be used to test the
equality between the mean from anemometer and from UAV measurement. The statistical
test was computed with R using the next hypothesis :

H0 : v̄anemo = v̄UAV

⇔ µ = v̄anemo − v̄UAV = 0

H1 : v̄anemo 6= v̄UAV

where v̄UAV and v̄anemo are respectively the mean of the wind sample from the UAV and
the anemometer. The same test was conducted for wind direction.

If the bias is significant, it can be corrected as : v̄corr = v̄UAV + µ

The Student test is valid because the error of the reference value (i.e. the anemome-
ter here) is lower than the error of the estimation and also because X̄anemo belongs to
[X̄UAV − σUAV , X̄UAV + σUAV ], where X is the wind estimation (VIM (2008) 5.1). It
can be highlighted that the sample from wind does not follow a Gaussian law which is a
condition for a Student test. However, according to the central limit theorem, large sam-
ples (n>100) can be arranged to follow a normal distribution and the Student test can be
applied.

The bias and the RMSE/σ were calculated for every validation flights that can be found
in the Table B.1 of the appendix B. This allows to see how accurate are the estimations and
to compare them. It has to be admitted that, even if some estimations are precise, some
of them suffers from significant bias. In deed, with the simple method and the Phantom,
the wind speed estimations are quite close to the anemometer, with non significant bias (4
over 6 estimations have non significant bias according to Table 4.1a) and a RMSE around
0.6 m.s−1 in average. But, the maximal bias reaches 0.42 m.s−1 with the simple method
and 2.1 m.s−1 for the Kalman filter. However, looking at the σ for the Kalman filter, they
show a better scores than for the simple method. For the wind direction, the bias can be
high, up to 35-40°. But, once again, after correcting the bias, a precision of 10° can be
reached (see σ). All the statistical values about the wind estimation are gathered in tables
4.1a for the wind speed and 4.1b for the wind direction.

These validation tests can be used for another calibration of the drone. However, this kind
of calibration takes time to process and cannot necessarily be done before a measurement.
For the user who does not need an accuracy lower than 1 m.s−1, this bias correction can
be easily skipped.

The accuracy of the wind estimation represents a condition for the method to choose. It
also depends on the UAV used and the wind conditions.
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Table 4.1: Statistical values of the wind estimation compared to the anemometer. σ is the
RMSE of the estimation with corrected bias. Bias values in bold correspond to a significant
bias according to a Student test.

Flight n° Simple method Kalman filter

Phantom 4

Bias RMSE / σ Bias RMSE / σ

13 -0.12 0.25 / 0.22 1.88 1.89 / 0.21

14 -0.03 0.78 / 0.78 0.03 0.65 / 0.65

15 -0.10 0.75 / 0.74 -0.64 0.91 / 0.66

16 -0.04 0.62 / 0.62 1.60 1.64 / 0.41

18 0.42 0.59 / 0.42 2.1 2.1 / 0.22

19 0.09 0.56 / 0.55 0.4 0.86 / 0.76

Mavic

10 -1.60 1.73 / 0.66

11 -0.43 0.53 / 0.31
(a) Wind speed (values are given in m.s−1).

Flight n° Simple method Kalman filter

Phantom 4

Bias RMSE / σ

13 45 46 / 7.7

14 34 35 / 4.7

15 35 36 / 5

16 6 10 / 10

18 -9 17 / 15

19 8 7 / 5

Mavic

10 -5 8 / 5

11 6 6 / 5
(b) Wind direction (values given in °).

4.3 Advantages and disadvantages of the methods

It is suggested in this section to talk about the pros and cons of the different methods
and also of the different UAVs. Then, the method chosen can be different depending on
the purpose of the user but also of the accessible means (type of UAV, met mast, wind
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tunnel, code).

As mentioned before, the Kalman filter seems to be more precise than the simple method
after correction of the bias (see σ). Indeed, it might be because the Kalman filter takes
into account the dynamic behavior of the drone i.e. it’s translationnal displacement due to
the wind. Also, the variability of the Kalman filter can be adapted to be smoother or not.
By using a Kalman gain closer to 1, a higher variability is described. Then, it is possible
to have the more information about the wind turbulence (Moyano, 2012).

From the statistic of the validation flights, it appears that the Mavic is more accurate
than the Phantom especially for the wind direction. The Phantom has presented large
bias for wind direction. This might be due to lack of accuracy or less good quality of
internal sensors. For, the wind direction it is hard to explain the source of the bias. One
solution could be that the gyrocompass has more difficulty to calculate the yaw angle at
high latitude because the Earth is spinning slower there (Paturel, Lacambre, Patin, &
Moynagh, 2015). If the bias comes from the accelerometer, it could be because it has been
disturbed by electromagnetics interferences that often occurs at the latitude of the open
field lines of the magnetic field of the Earth.

The smoother Kalman filter was used to do the wind profiles over glaciers. In deed,
it seemed to the most convenient method for the step by step wind profiles, because we
aimed at getting rid of the turbulence to measure an averaged wind. Thus, the smoother
the signal, the less longer each step lasts and the profile can be done quicker. If the profile
is done fast enough, it can be assumed that the wind conditions are the same during the
profile. It is an important assumption in order to estimate glacier roughness length because
the wind has to be considered as constant.

4.4 Glacier roughness

The dynamic surface roughness is difficult to measure from wind profile because the wind
can depends on many external parameters. We found the roughness length calculation
difficult to estimation because of the next limitations :

- The wind is not constant during the profile and might induced some bias in the
profile.

- The step by step profile takes more time than the continuous one. It might be more
interesting to do continuous profiles.

- The wind logarithm law assumes to have a stably stratified ABL but it could be
some thermal exchanges between the glacier and the air that are not negligible Stull
(1988).

- The roughness depends on the direction of the wind because there is not the same
roughness length depending on the axis of the glacier we look at (Smith et al., 2016).

The roughness values found in Figure 3.9 are of the order of few centimetres for the three
glaciers. These values are valid only locally where the profile was done. However, the
roughness on a glacier can fluctuate depending on the location. Thus, the values are not
representative of the general roughness of the glacier. But, as roughness length roughly
represents one tenth of the average size of the surface obstacles Stull (1988), it can easily be
extrapolated that, locally, the crevasses size is of the order of one or two meters. Also, the

CHAPTER 4. DISCUSSION 27



profile has to be carefully interpreted, because the logarithm regressions were significant
only for the profiles 3.9(a) and 3.9(b) (i.e. p-value < 0.05). However, it is not the case
for the profile over Mohnbukta. The theoretical profile does not match with the observed
one, which might be due to an uncertain calculation of z0 or maybe to not viable wind
conditions. It has to be mentioned that for some other profiles made over Mohnbukta after,
the wind was higher close to the surface than above. This might be a signature of some
katabatic wind above the glacier. This was particularly pronounced in stable conditions at
Monbuktha where there was low wind. This type of phenomenon disturbs the wind profile
and prevent to draw the logarithm increase shape of the wind profile (see Figure 2.5).

As mentioned before, the glacier roughness estimation assumes to have a constant wind
flow over the glacier at a given level (see Equation 2.18). However, for the wind profiles
show in Figure 3.9, only one drone was used for the field campaign of 2019. It would have
been interesting to use a second drone to probe whether the wind is constant or not. Then,
it is hard to know how reliable the wind conditions were.

To assert how trustworthy the wind profiles are and the roughness length calculation are,
we can used digital elevation models (DEM). DEM are more accurate way to calculate
the roughness length, locally and globally. This approach was used in a parallel project
(Dahauer (2020)) where DEM of the three glaciers studied were constructed (Dachauer,
2020). In literature, it can be found roughness lengths around 2 to 8 cm for very rough
glacier (Brock, Willis, & Sharp, 2006). The values obtained in our study are a bit higher
but there are of the same order of magnitude.

The concept of logarithm wind profile is a theoretical concept that presents issues to
be applied practically. But in order of magnitude, the results are not too far away from
expected value. A deeper investigation has to be done from this observation to test how
accurate are these roughness length estimations.

4.5 Climate model discussion

Even if the roughness length characterization with a UAV is not as precise as with a
DEM, it presents the advantage to provide a z0 value by only flying a wind profile. The
questions are, what can be the purpose of wind profile for estimating the surface roughness
? And, how accurate the estimation needs to be ?

In the surface model coupled ISBA (Interaction Soil-Biosphere-Atmosphere) developed by
Météo-France, the roughness length is parametrized with an averaged value depending on
the soil characteristics (Decharme et al., 2016). This study especially mentioned, that the
seasonal snow fall impacts the surface roughness length and thus the radiative transfers.
This roughness length parametrization can be improved by building wind local profiles
over the concerned area. It would increase the grid resolution for the parametrization and
thus the quality of the model.

On the other hand, it is possible to obtain a roughness length grid with a high resolution
of 50 meters thanks to a DEM. This could be useful if the objective is to precisely represent
a turbulent flow over a glacier or study the heat transfer from the wind. Then, the DEM
can be coupled to an ABL model and simulate wind flow over a glacier. Also in this
situation, a wind profile with the drone can be useful to build the initial condition for the
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wind. A way to do it, could be to use several drones and fly them at the same time to set
the wind profiles that will initiate the model.

Another interest can be for weather forecast models. Comparing to a lidar or a met
balloon, an UAV has the advantages to be cheap and reusable. The data from wind profiles
can be implemented in the atmospheric models to increase the number of observations and
thus gives a better forecast. The drone can fly by itself, being programmed to do the profile
and come back to its home position. For this purpose, the wind profile measurement has
to respect the WMO quality standards for weather observations. For the wind speed, the
maximal standard deviation accepted is 5 m.s−1 (WMO, 2018). For this study, it was found
a standard deviation of 0.8 m.s−1 on wind speed, so the estimation is accurate enough. The
biggest advantage of this method is that UAV can easily provides hourly wind profile while
meteorological balloons use to give a profile every 6 hours. However, the drone cannot fly
in high wind conditions (meaning over 15 m.s−1 max) and is restricted to the lowest part of
the atmosphere (it is difficult to go higher than 1000 meters). Thus, these limitations mean
that UAVs cannot replace balloons but they represent an interesting additional instrument
for wind profiles.
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Chapter 5

Conclusion and futures objectives
The common thread of this project was to validate a reliable method of wind estimation

with two different UAVs: the Phantom 4 and the Mavic 2 Enterprise. UAVs open new pos-
sibilities for atmospheric science. Especially, the topic of wind estimation with quadrotors
has emerged ten years ago. The estimation is based on a function that correlates the atti-
tude of the drone with the wind speed and direction. For the wind speed, several methods
were considered and can be summarized as: the simple method, using either a calibration
or wind tunnel test and the Kalman filter, which also rely on wind tunnel test, using the
linear dynamic equations. However, only the Phantom 4 was able to make use of wind
tunnel test data. Also, only one approach was used for the wind direction. These methods
were in part available in the literature. The added value of the work was to implement
the necessary function for wind estimation from the described methods. The main interest
was to compare them and see which one is the most significant for our purpose.

The application of the wind estimation aimed at probing the wind above glaciers in
Svalbard. The concept of measuring wind log profiles above a crevassed terrain is well
known in theory. However, we faced some issues to put into practice the theory. Indeed,
wind conditions in outdoor terrain is not a manageable parameter. Thus, to build a proper
wind profile represented a challenge as it requires to test the stability of the wind condition
and define precisely the wind shear. However, some results seem promising even if it is
hard to estimate their accuracy.

More exactly, the results appear to give an accurate wind estimation with some bias that
can easily be corrected. Moreover, the wind profile methods described can be used to
feature some aspects of the ABL. Even if the goal was to probe wind above glaciers, some
other observation can be deduced. But also some new encouraging work can be inspired
by this work.

The UAVs have a big potential to improve our understanding of the ABL. They can
be useful for atmospheric modeling or even weather forecasts. In the future, it could be
interesting to initialized atmospheric models from the UAV wind profile. A major advance
would also be the automation of these wind profiles. If this work is undertaken, we can
easily think about including UAV as a part of the regular instruments for meteorological
observation.
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Appendix A

Drag force calculation

The drag of the UAV can be obtained by testing it in a wind tunnel . This test was done
by Russel and Jung (2018) but the drag force values were not given. Thus it was necessary
to calculate it from theory.

In figure A.1, the next parameters are considered : ~v is the wind vector, γ is the tilt
angle, ~T is the thrust force, ~D is the drag force and, ~Fx, ~Fy, ~Fz are the forces acting on
the frame. The wind speed is contained in the XZ-plan. According to equation (30) in
Schiano et al. (2014) D can be obtained as :

(~ex) D = Fx
cos(γ) +

unknown︷ ︸︸ ︷
(L−mg) tan(γ), ∀γ 6= π

2 [2π]

(~ez) (L−mg) =
Fz − T
cos(γ)

−D tan(γ), ∀γ 6= π
2 [2π]

⇒ D = Fx
cos(γ) +

(
Fz−T
cos(γ) −D tan(γ)

)
tan(γ) = Fx

cos(γ) + (Fz − T ) sin(γ)
cos(γ)2

−D tan(γ)2

⇒ D (1 + tan(γ)2)︸ ︷︷ ︸
= 1

cos(γ)2

= Fx
cos(γ) + (Fz − T ) sin(γ)

cos(γ)2

⇒ D = Fx cos(γ) + (Fz − T ) sin(γ)

Figure A.1: Wind tunnel experiment
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Appendix B

Calibration and validation

This appendix stand for the experiments conducted at the met mast. They took place in
two stages : first the calibration next to the anemometer at 10 meters and the validation
of the wind estimation from the UAV. The validation has been done with anemometers at
2 and 10 meters and also with a LIDAR.. It was used both Phantom 4 and Mavic UAV.
Date, time (UTC) and flight number are shown in tables B.1.1 and B.1.2. The time shift
is given by the delay (if negative) or the advance (if positive) of the UAV’s clock compared
to the anemometer’s clock.
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Table B.1: Calibration and validation flights

Phantom 4

Date Start End N° Experiment Time shift
Calibration

2020-04-27 15:06:00 15:16:00 1 10 m
15:18:30 15:20:30 2 "

2020-05-06 11:49:00 11:54:30 3 "
11:58:30 12:02:50 4 "
12:09:30 12:18:50 5 "

2020-05-13 11:01:30 11:11:30 6 "
11:21:10 11:26:50 7 "

2020-05-18 14:09:30 14:24:30 8 "
2020-05-22 13:31:10 13:42:50 9 "

13:43:10 13:46:50 10 "
2020-06-03 14:37:10 14:51:30 11 "

15:50:10 15:59:30 12 "
Validation

2020-04-27 15:30:00 15:36:00 13 10 m -14 s
2020-05-06 12:21:00 12:27:00 14 2 m -8 s
2020-05-13 11:14:00 11:18:00 15 2 m -18 s
2020-05-18 14:25:30 14:29:30 16 2 m -21 s

13:37:00 13:43:00 17 Lidar
2020-05-22 13:47:00 13:52:30 18 10 m -50 s
2020-06-03 16:00:00 16:10:00 19 2 m -33 s

(a) Experiments for the Phantom 4.
Mavic

Date Start End N° Experiment Time shift
Calibration

2020-05-06 12:32:30 12:36:50 1 10 m
2020-05-18 13:06:40 13:12:10 2 "

13:13:20 13:19:30 3 "
13:19:50 13:21:30 4 "
13:49:20 13:58:30 5 "

2020-05-22 13:08:10 13:27:30 6 "
13:34:30 13:37:30 7 "

2020-06-03 14:32:10 14:50:30 8 "
15:00:10 15:05:30 9 "

Validation
2020-05-13 11:04:30 11:12:00 10 2 m +3 s
2020-05-18 13:01:30 13:05:30 11 10 m +3 s

(b) Experiments for the Mavic
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Appendix C

MATLAB codes

Here is the main functions used to do the wind estimation. It is not possible to show all
of them, but they are the ones that required the most technical work and they allow to
get the wind estimation from the Kalman filter.

C.1 Tilt angle calculation

function [tilt] = calc_tilt(STRUC, varargin)
% CALC_TILT caluculate tilt angle of a drone.
% cf equation (1) and (2) in Neumann (2015)
% p = e_phi x e_theta (phi = roll ; theta = pitch)
%
% INPUT :
% STRUC (struct) = structur of drone data
% varargin (bool) = true if data in radian
%
% OUTPUT :
% tilt (list) = tilt angle

if nargin > 1
if varargin{1} == true
phi = STRUC.roll ; theta = STRUC.pitch ;
end
else
phi = STRUC.roll *pi/180 ; theta = STRUC.pitch *pi/180;
end

norm_p = sqrt((cos(phi).*sin(theta)).^2 + (sin(phi).*cos(theta)).^2
+ (cos(phi).*cos(theta)).^2);
p_dot_n = −cos(theta).*cos(phi);

tilt = acos(p_dot_n ./ norm_p) ; %[rad]

end

C.2 Drag force calculation with linear dynamic equations

function [Dlin, varargout] = calc_drag_linear(STRUC , g, m, varargin)
%CALC_DRAG_LINEAR calculate the drag force acting on the drone according to
%the linear dynamics equations that descibe the behavior of the drone
%
% INPUT :
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% STRUC (struct) = structure of the drone data. It has to contain the next fields :
% roll, pitch, yaw, {x,y,z}_acc
% g, m = gravity and mass of the UAV
% varargin (bool) = true if data in radian
%
% OUTPUT :
% Dlin (list) = drag values from linear dynamics equations

if nargin > 3
if varargin{1} == true
phi = STRUC.roll ; % [rad]
theta = STRUC.pitch ; % [rad]
psi = STRUC.yaw ; % [rad]
end
else
phi = STRUC.roll *pi/180; % [rad]
theta = STRUC.pitch *pi/180; % [rad]
psi = STRUC.yaw *pi/180; % [rad]
end

x_acc = STRUC.x_acc; y_acc = STRUC.y_acc; z_acc = STRUC.z_acc;

R = struct() ;

R.n11 = cos(psi).*cos(theta); R.n12 = cos(psi).*sin(theta).*sin(phi)−sin(psi).*cos(phi); R.n13 = cos(psi).*sin(theta).*cos(phi)+sin(psi).*sin(phi);
R.n21 = sin(psi).*cos(theta); R.n22 = sin(psi).*sin(theta).*sin(phi)+cos(psi).*cos(phi); R.n23 = sin(psi).*sin(theta).*cos(phi)−cos(psi).*sin(phi);
R.n31 = −sin(theta); R.n32 = cos(theta).*sin(phi); R.n33 = cos(theta).*cos(phi) ;

qx = ( cos(psi).*sin(theta).*cos(phi) − sin(psi).*sin(phi) ) ./ ( cos(theta).*cos(phi) ) ;
qy = ( sin(psi).*sin(theta).*cos(phi) − cos(psi).*sin(phi) ) ./ ( cos(theta).*cos(phi) ) ;

Dx = qx .* ( (R.n31.*x_acc + R.n32.*y_acc + R.n33.*z_acc)*g + 2*g)*m ...
− (R.n11.*x_acc + R.n32.*y_acc + R.n13.*z_acc)*(m*g);

Dy = qy .* ( (R.n31.*x_acc + R.n32.*y_acc + R.n33.*z_acc)*g + 2*g)*m ...
− (R.n21.*x_acc + R.n22.*y_acc + R.n23.*z_acc)*(m*g);

Dlin = sqrt(Dx.^2 + Dy.^2) ;

varargout{1} = Dx ; varargout{2} = Dy ;

end

C.3 Kalman Filter function

function [D_est, varargout] = calc_drag_KF(STRUC, start_data, end_data, varargin)
%CALC_DRAG_KF returns an estimation of drag force acting on drone using a
%Kalman Filter
%
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% INPUT :
%STRUC (struct) = structure of the drone data. It has to contain the next fields : GPS_{X,Y,Z},
%GPS_{X,Y,Z}, roll, pitch, yaw, {x,y,z}_acc, time
%varargin = {1}true if data in radian {2}std(V) {3}std(D) {4}std(GPSv)
%{5}std(GPSpos)
%
% OUTPUT :
%D_est (list) = drag value estimated with KF
%varargout = {1}Dx {2}Dy {3}P(predicted covariance matrix)

%% Data
formatIn = 'yyyy−mm−dd HH:MM:SS';
m = 1.38; % [kg] % for the Phantom 4 !!!
g = 9.81; % [m/s^2]

[phi, t_sync] = data_sync(STRUC.roll*pi/180, STRUC.time, start_data, end_data,
formatIn, true);
theta = data_sync(STRUC.pitch*pi/180, STRUC.time, start_data, end_data, formatIn);
psi = data_sync(STRUC.yaw*pi/180, STRUC.time, start_data, end_data, formatIn);

GPS_X = data_sync(STRUC.GPS_Lon, STRUC.time, start_data, end_data, formatIn);
GPS_Y = data_sync(STRUC.GPS_Lat, STRUC.time, start_data, end_data, formatIn);
GPS_Z = data_sync(STRUC.GPS_H, STRUC.time, start_data, end_data, formatIn);

GPS_Vx = data_sync(STRUC.GPS_Vx, STRUC.time, start_data, end_data, formatIn);
GPS_Vy = data_sync(STRUC.GPS_Vy, STRUC.time, start_data, end_data, formatIn);
GPS_Vz = data_sync(STRUC.GPS_Vz, STRUC.time, start_data, end_data, formatIn);

x_acc = data_sync(STRUC.x_acc, STRUC.time, start_data, end_data, formatIn);
y_acc = data_sync(STRUC.y_acc, STRUC.time, start_data, end_data, formatIn);
z_acc = data_sync(STRUC.z_acc, STRUC.time, start_data, end_data, formatIn);

[~, Dx, Dy] = calc_drag_linear(STRUC, g, m);
Dx = data_sync(Dx, STRUC.time, start_data, end_data, formatIn);
Dy = data_sync(Dy, STRUC.time, start_data, end_data, formatIn);

phi = avg_data(phi, t_sync);
theta = avg_data(theta, t_sync);
psi = avg_data(psi, t_sync);

GPS_X = deg2k(avg_data(GPS_X, t_sync));
GPS_Y = deg2k(avg_data(GPS_Y, t_sync));
GPS_Z = avg_data(GPS_Z−GPS_Z(1), t_sync);

GPS_Vx = avg_data(GPS_Vx, t_sync);
GPS_Vy = avg_data(GPS_Vy, t_sync);
GPS_Vz = avg_data(GPS_Vz, t_sync);

x_acc = avg_data(x_acc, t_sync);
y_acc = avg_data(y_acc, t_sync);
z_acc = avg_data(z_acc, t_sync);

Dx = avg_data(Dx, t_sync);
Dy = avg_data(Dy, t_sync);

tilt = calc_tilt(STRUC) ;
tilt = data_sync(tilt, STRUC.time, start_data, end_data, formatIn);
[tilt time] = avg_data(tilt, t_sync,true);
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%% KF

n = length(phi) ;

A = [0 0 −1/m 0 0 0 0 0 0 ; ...
1 0 0 0 0 0 0 0 0 ; ...
0 0 0 0 0 0 0 0 0 ; ...
0 0 0 0 0 −1/m 0 0 0 ; ...
0 0 0 1 0 0 0 0 0 ; ...
0 0 0 0 0 0 0 0 0 ; ...
0 0 0 0 0 0 0 0 −1/m ; ...
0 0 0 0 0 0 1 0 0 ; ...
0 0 0 0 0 0 0 0 0 ] ;

for i = 1:n
B(:,:,i) = [cos(psi(i))*sin(theta(i))*cos(phi(i))+sin(psi(i))*sin(phi(i)) 0 0;...
0 0 0;...
0 0 0;...
sin(psi(i))*sin(theta(i))*cos(phi(i))−cos(psi(i))*sin(phi(i)) 0 0;...
0 0 0;...
0 0 0;...
cos(theta(i))*cos(phi(i)) −1 0;...
0 0 0;...
0 0 0];

Y_GPS(:,:,i) = [GPS_Vx(i); GPS_X(i) ; GPS_Vy(i); GPS_Y(i); GPS_Vz(i); GPS_Z(i)];
end

H = [1 0 0 0 0 0 0 0 0;...
0 1 0 0 0 0 0 0 0;...
0 0 0 1 0 0 0 0 0;...
0 0 0 0 1 0 0 0 0;...
0 0 0 0 0 0 1 0 0;...
0 0 0 0 0 0 0 1 0];

R = struct() ;

R.n11 = cos(psi).*cos(theta); R.n12 = cos(psi).*sin(theta).*sin(phi)−sin(psi).*cos(phi);
R.n13 = cos(psi).*sin(theta).*cos(phi)+sin(psi).*sin(phi);
R.n21 = sin(psi).*cos(theta); R.n22 = sin(psi).*sin(theta).*sin(phi)+cos(psi).*cos(phi);
R.n23 = sin(psi).*sin(theta).*cos(phi)−cos(psi).*sin(phi);
R.n31 = −sin(theta); R.n32 = cos(theta).*sin(phi); R.n33 = cos(theta).*cos(phi) ;

z_acc_p = ( R.n31 .* x_acc + R.n32 .* y_acc + R.n33 .* z_acc ) * 9.81 + 9.81;

T = (z_acc_p + g)*m ./ (cos(theta).*cos(phi)) ;

% Errors (std). The errors implemented here will change the variability of
% the KF.
if nargin > 4
sigma_v = varargin{2} ; % [m/s2]
sigma_D = varargin{3} ; % [N/s]
sigma_GPS = varargin{4} ; % [m]
sigma_GPSv = varargin{5} ; % [m/s]
else
sigma_v = .01 ; % [m/s2]
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sigma_D = .02 ; % [N/s]
sigma_GPS = .1 ; % [m]
sigma_GPSv = .5 ; % [m/s]
end

%processed noise
w = [sigma_v; 0; sigma_D; sigma_v; 0; sigma_D; sigma_v; 0; sigma_D].^2;
%observation noise
v = [sigma_GPSv; sigma_GPS; sigma_GPSv; sigma_GPS; sigma_GPSv; sigma_GPS].^2;

Qn = diag(w);
Rn = diag(v);
G = eye(9) ;

dt=1 ; %second

SYS = ss(A,[B(:,:,1) G],H,0);

SYSd = c2d(SYS, dt) ;
Ad = SYSd.A ;
Bd = SYSd.B(:,1:3) ;
Cd = SYSd.C ; % = C

[Kest,Kfd,~,~,Z]=kalmd(SYS,Qn,Rn,dt); %Kalman gain calculation (Kfd)

Y0 = [GPS_Vx(1); GPS_X(1) ;Dx(1); GPS_Vy(1); GPS_Y(1); Dy(1); GPS_Vz(1); GPS_Z(1); 0];
Yk = Y0 ;
Y_est = [Yk] ;

% This is the KF algorithm described with Equations (2.15)
for i = 2:n
Ykpred = Ad * Yk + Bd * [T(i−1)/m; g; 0];

Yk = Ykpred + Kfd*(Y_GPS(:,:,i) − Cd* Ykpred); %use of the Kalman gain

Y_est = [Y_est Yk];

SYS = ss(A,[B(:,:,i) G],H,0);
SYSd = c2d(SYS, dt) ;
Bd = SYSd.B(:,1:3) ;
end
% End of the KF algorithm

Dx_est = Y_est(3,:); Dy_est = Y_est(6,:); % estimations of the drag forces
%from the 3rd and 6th column

D_est = sqrt(Dx_est.^2 + Dy_est.^2) ;
D_est = reshape(D_est, length(D_est), 1) ;

varargout{1} = Dx_est ; varargout{2} = Dx_est ; varargout{3} = Z ;

end
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