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Abstract

This thesis contains modeling, observability analysis and state
estimator design of a tethered airfoil. A existing model is ex-
tended to include wind dynamics. The observability analysis
shows that the system is indeed observable. A comparison is
made between Extended and Unscented Kalman filter (UKF)
and the UKF is found to achieve best results during simula-

tions.
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Introduction

1.1 Motivation

The use of kites as a propulsion device is not a new idea. Even so it has since
the introduction of the combustion motor, been seen more as novelty item
than as a serious way of propulsion or power generation. This is changing
as kites used to aid propulsion of large vessel such as cargo ships [1], as well
as many serious concepts of power generation, has grown popular the recent
years. [5, 10, 8, 15, 16] The main advantages of using kite to generate power
as opposed to windmills is that the windmill power generation capabilities is
bounded by the size of its blades and the height of the construction. Kites
does not have that problem as they do not need a big ground structure
and are able to operate at greater heights where the wind speed is greater
[17]. This have lead to many concepts dealing with kites for use in power
generation. In these concepts it is often assumed that measurements of all

necessary states are readily available, and therefor involves measuring the



1. INTRODUCTION

kite position, speed and rotation using different measuring devices attached
to the kite itself. This impose challenges such as added weight and the
need for communication between the kite-based measuring device and the
controller.

This thesis explores the concept of estimating the state of the kite using
ground based measurements. These measurements are typically the angle
between the ground and the cable (), the rotational angle around the z-
axis (¢), the wind at ground level, and the the effect of the control lines as

depicted in Figure 1.1.



1.1 Motivation

Figure 1.1: The kite and the ground based control and measurement unit
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1.2 Outline

The outline of the thesis:
e Kite modeling
e Wind modeling
e Observability analysis
e State estimation
e Simulation
e Conclusion

e Discussion and further work



Kite Modeling

The first part of this chapter (2.1) is a brief summary of the kite model
given in Havard Knappskog’s Master thesis “Nonlinear control of tethered

airfoils” [12]. The model is the discretized in 2.2.

2.1 Continuous model

The kinematics of the kite system is based on Euler Lagrange’s equation of

motion, with ¢ = (0, ¢,7)T being the spherical coordinates:

d (0L oL
— (=) -==7 2.1
dt <8qz> 8qi 7 ( )
and the Lagrangian L is given by:
1 m . .
Trin :§m|p|2 = % (7’"2 + r2sin()¢? + 7“292) (2.3)



2. KITE MODELING

m is the mass of the system assumed only to be the mass of the kite:

m = m. T is the kinetic energy and U is the potential energy given by:

U =mgh = mgr cos()

The following is derived from the above equations::

Fl
j=S"'1——a
m

(2.4)

(2.5)

Which is the final continuous model. F' is the sum of forces given in the

local frame.S is a scaling matrix given by:

r 0 0
S=|(0 rsin(f) 0
0 0 0

and a is the pseudo force:
2;0 — sin(f) cos(6) >
a-| 2z 2o
—r sin(@)qg2 — rf?

The sum of the forces given in the local system consists of:

F'=F\+F], +F!
where F’ gl is the force caused by gravity:
gsin(0)
Fé =m 0
—gcos(d)

F!_ is the aerodynamic forces and F! is the cable force:

Fl=—(Fy+ Fl,),

(2.6)

(2.7)

(2.8)

(2.10)



2.1 Continuous model

xe

Figure 2.1: The earth and local coordinate systems. The spherical coordi-

nates ¢ = (0, ¢,7)7 is indicated in the figure
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Such that the sum of the forces in e,-direction is zero, Fi = 0. § is then

given by:
j—to _ ag (2.11)
) mrF
é :Wiw) — ay (2.12)
F;
P=—t—a, (2.13)

By assuming r to be constant and adding the yaw of the kite body around
the cable G, and the flaps angle §; as states the kite model is given by:

.. Sfl% .

33 ESlFl — 3 1

B:b = & 9 (2.14)
o biku

My, is the yawing moment and is given by:

1 .
My, = §Pair(Qw)gbACk — craBp (2.15)

where g, is the relative wind to the kite and C} is the sum of the natural

directional stability of the kite and the control input:
Cr = —Cisfs + Ch +delta 0l (2.16)

2.1.1 Coordinate frames and transformation matrices

The following right-handed orthogonal reference frames with corresponding

unit vectors in the x-, y- and z-direction are defined as:

e Farth frame, unit vectors: e;, e, and e., shown in Figure 2.2

8



2.1 Continuous model

e Local frame, unit vectors: egy, es and e,, shown in Figure 2.2
e Body frame, unit vectors: e;, e; and ey, shown in Figure 2.2
e Wind frame, unit vectors: e, ¢; and e,, shown in Figure 2.3

The relationship between the coordinate frames are given by transfor-

mation matrices which makes it possible to relate information given in one

coordinate frame to another.

The transformation matrix from the local- to the earth-frame is given

Rle :Ry(e)Rz(¢)
cos(f) cos(¢p) cos(f)sin(¢p) —sin(h)
= —sin(¢) cos(¢) 0 (2.17)
sin(@) cos(¢) sin(f)sin(¢)  cos(d)

The transformation matrix from the body- to the local-frame is given

R? =R.(B)
cos(fp) sin(By) O
= | —sin(By) cos(By) 0O (2.18)
0 0 1

The transformation matrix from the wind- to the body-frame is given

b =Ry(ow) R (Bw)

cos(y) cos(By)  cos(ay)sin(By) —sin(ay,)
= —sin(By) cos(fw) 0 (2.19)
sin(auy) cos(By)  sin(ay) sin(By)  cos(ay)



2. KITE MODELING

.,L.e

Figure 2.2: The local frame and the body frame. The body frame orientation

around the local frame fj is indicated in the figure.
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2.1 Continuous model

Figure 2.3: The body frame and the wind frame. The relative wind, the

yaw-angle 3, and the pitch angle «a, is indicated in the figure.

11



2. KITE MODELING

The yaw-angle (3, and the pitch angle «,, (indicated in Figure 2.3) is the
product of the states and the wind vector, and is therefor unknown. How-
ever, by defining the relative wind vector v given in the local frame, it is

possible to calculate «, and By

I _pl, e -l
v, =R,v" —p

c(0)c(¢) c(0)s(d) —s(0)\ [vz re
c(9) 0 vy | = | rs(0)¢ (2.20)
s(0)c(9) s(0)s(d) (@) ) \v: 0

—s(¢)
(c(@)c(qﬁ)vm + c(0)s(¢)vy — s(0)v, — r9>

it is assumed that 7 = 0 and the wind vector is dominated by wind along

the x®-axis. It is now possible to show that a,, and 3, are given by [12]:

o <¢ww@d@mﬂ+mam+meV+@ﬁwdwﬂ
(2.22)

0ps(0)c(9) )

B, = — arcsin (C(Bw(vxs(qﬁ) +75(0)9) + 5(B) (vac(B)c(9) — ré))

V Wac(0)e(6))? + (va5(9) + r5(6)6)?
(2.23)

12



2.2 Discretization of the system

2.1.2 State space representation of the system

By using the results of the previous chapters the kite model is represented

by the following state space model:

x =f(x,v,t) + u(t) + w(t) (2.24)
y =h(x,t) +v(t) (2.25)

where:

x=10 (2.26)

The system is then given by:

2 Z6 0 Was

T3 S*lﬂl . 0 W

Ta| = ( m > F10] vt |wsy (2.27)
Ts S_l% —a 0 Wes

356 My, 2 0 Wy

_1:7_ I(’)C _bu_ | War |

2.2 Discretization of the system

If the model is to be used to control and/or monitor hardware, it is necessary

to discretize the system. The discretization is achieved by using the Euler

13



2. KITE MODELING

first order method and the discrete system is given by:

X =Xp—1 + h - (f(xp_1,0,t) + up + w)

e
T2k
T3,k
T4k
Ts5.k
L6,k

Z7.k ]

1 -1 |
T2 k-1
T3k—1
T4 k-1
T5k—1
T6,k—1

L7 k—1]

+h-

(24 11

T5,k—1

Z6,k—1

T4 k-1

T5 k-1

6 k—1
0

O O O o oo

bu

ug +

Wy,
W
W
Wy,
W
Wi

Wi |

Where h is the step size given by the sampling frequency.

14

(2.28)



Wind Modeling

When modeling the influence of wind on a kite there are two main factors

which needs to be considered, namely:
e Change in wind speed due to altitude and terrain (wind shear).
e Effect of wind turbulence.

In section 3.1 the effect of altitude and ground terrain on the wind speed is
introduced while a way of modeling the turbulence is introduced in section

3.2.

3.1 Wind Shear Modeling

One of the main advantages of using kites to generate power is their ability

operate at higher altitudes than conventional windmills as the wind velocity

15



3. WIND MODELING

v € R? increases with altitude h € R with a factor given by: [17]

w(h) =v¢ (Z))am (3.1)

where v¢ € R? is the wind velocity at a given altitude hg € R and aqing € R
is the power law exponent. The height of the kite A is given by the measured
angle 6:

h =rcos(6) (3.2)

Quing varies with the terrain and is found empirically. Typically used values

of aying is found in table 3.1 [17].

Terrain Description Qwind
Smooth, hard ground, lake or ocean 0.10
Short grass on untilled ground 0.14
Level country with foot-high grass, occasional tree | 0.16

Tall row crops, hedges, a few trees 0.20
Many trees and occasional buildings 0.22-0.24
Wooded country - small towns and suburbs 0.28-0.30
Urban areas with tall buildings 0.4

Table 3.1: Typical wind power law exponents for varying terrain

In this paper ayi,q is set to % ~ (.14 as the terrain is relative smooth in
the areas of interest for installation of the kite controller. Figure 3.1 shows

the the altitude dependent wind velocity with aying = %

16



3.1 Wind Shear Modeling

[m/s]

wind

u

5 | | | | |
0 5 10 15 20 25 30

h [m]

Figure 3.1: Wind shear - Wind velocity at different heights with v¢ =
[6,0,0] [m/s] and hg = 2 [m]
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3. WIND MODELING

3.2 Wind Turbulence modeling

The total wind contribution is given by a vector consisting of contributions

from the stable wind v € R3 and the turbulence dv € R3.
Vtotal =V + 0V (3.3)

Turbulence is defined as irregular fluctuation of the speed, in this case
wind speed, at any point from instant to instant about a mean value. [6,
7] The turbulence is therefor assumed to be a random process with the
expectation value E{dv} = 0. [10]

The autocorrelation function K : R x R — R3*3 of the turbulence v

is given by
K(t,7) =E{[6v(t)][0v(t)]" } (3.4)
K(t,7) =K(r, t)T (3.5)
Vi, 7 € R

The power spectral density S : R x R — R"™totat *™totat of the turbulence

is defined to be the Fourier transform of the autocorrelation function;
[e.e]
S(t,w) := / K(t,7)e " dr Vi,we R (3.6)
—0o0

where t is the time and w is the frequency.
A simplified version of Dryden’s wind turbulence model is given by

[10, 6]:

2025 0 0
62+w? 5 o
S(tw)=| 0 opdiag, 0 VtiweR (3.7
2 2
0 0 020 {5y

18



3.3 Kite model with wind added as process states

where 0,,0,,0, € R are the turbulence intensities and J € R is the corre-

lation rate.

The corresponding autocorrelation K is given by:

0 o, (1 — |TT> 0 eIl (3.8)
7’|
0 0 o2 (1-13))

It is possible to simulate the wind turbulence with the above autocorrelation
function by passing white noise through a sequence of linear forming filters.

One way of simulating the turbulence is described in Appendix A

3.3 Kite model with wind added as process states

The wind vector viyiq; found in 3.2 is given in Cartesian coordinates. Before
adding wind as process states a conversion from Cartesian to spherical

coordinates is carried out.

19



3. WIND MODELING

Viotal =V 2 + y2 + 22

:\/ (0 + 60)2 + (v + 60)2 + (v + 6v)?2 (3.9)

z
Veotal = ATCCOS ( ;)
ov),
= arccos <M> (3.10)

Viotal

=asctan (1)
Htotal = arctan | =
X

v (L2£520) o)

The new states added to the system p, v and v as well as the contribu-

tion of the turbulence w,, w, and w, is given by:

vey /()2 + <U)§ + (v)2 (3.12)
w, =/ (50)2 + (0)2 + (4v)2 (3.13)

¥ =arccos ( <) (3.14)

W~ = arccos (\/(&) ) o0 (3.15)
= arctan <(5§z> (3.16)

w,, = arctan <(§Z)y> (3.17)

xT

~—

where v is the strength of the wind, v and p is the direction of the wind as
shown in Figure 3.2 while w,, w, and w, is the influence of the turbulence

on strength and direction of the wind.

20



3.3 Kite model with wind added as process states

The effective wind on the local system is then given by:

14
Quw = |7
I
h Qind
=qy, <h) + 0qw (3.18)
h Qyind
ZCIZ) (h) +fw,t(h7 Ukit6707 d)v/Bb) (319)
g ‘Wind turbulence
Wind shear

Where qf, is the wind vector measured at height hg and f,,; is the wind
turbulence function described in Appendix A.

It is reasonable to assume that kite will operate in a environment where
the wind vector is dominated by wind in one direction, and the contribu-
tion from the other elements of the vector is primarily due to turbulence.
Defining the wind along the e* axis as the primary contributer to the wind

vector gives the following approximation:

v =/ ()2 + W+ 0T = v, (3.20)
~ = arccos ((5v)z> (3.21)

Vg

p =w,, = arctan <E§Z;i> (3.22)

Redefining v as the angle between the x°y¢ plane at height hg and the wind

vector, results in:

Y= g — arccos <(5U)Z> (3.23)

(%

21



3. WIND MODELING

h Qayind
qiu = (qi;)x <h> + fw,t(ha Vkite, 67 d)v /Bb) (324)
T Vo
Wind turbulence
‘Wind shear
z5 =q., (3.25)

The state space representation of the kite model with the new states then

is given by:
- T4 - _
1 . 0 Wy,
. 5
z 0 w
2 Tg e
I3 (Sil Fl a) 0 Wy
x m o 0 Wy
4= i L4 w4 | " (3.26)
Ts (S_lf — 0 Wy
. m
T g |0 Wai
:L:7 I(’)C bu Wiy
_‘758_ Z LV [ Wais
8

22



3.3 Kite model with wind added as process states

xe

Figure 3.2: Wind direction is represented by u® and v¢ while the strength

of the wind is represented by v¢. All coordinates are in earth frame.
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4

Observability analysis

The observability problem consists of investigating whether there exist rela-
tions binding the state-variables to inputs, outputs and their time derivative
thus locally defining them uniquely in terms of measurable quantities with-
out the need for knowing the initial conditions of the states. If no such
relation exist, the initial state of the system cannot be deduced strictly by
looking at the input-output behavior of the system. [3]

In this chapter the theory behind the observability analysis is first pre-
sented in Chapter 4.1 the applied to determine the observability properties
of the kite model in Chapter 4.2.

4.1 Nonlinear observability

There are several strategies to determine the observability of a nonlinear
system. In this paper the focus will be on the the differential geometric

approach as presented in [9, 18, 3].

25



4. OBSERVABILITY ANALYSIS

A nonlinear system is defined as

x= f(x)+gx)u
y = h(z)
It is assumed that x € M where M is a open subset of R”. And where

X (4.1)

f € R™ is the model function, h € R™ is the measurements and g(x)u € R?
is the contribution of the inputs.

Suppose the trajectories of X are required to satisfy the initial condition
X(to) =X
then ¥ defines a map from inputs to outputs as follows. Each input
(u(t), [t9, t']) gives rise to a solution (x(t), [t¥, t!]) of x = f(x, u(t)) satisfying
the initial condition. The output (y(t), [t",¢!] is then given by y = h(x(t)).
This map is denoted by

S0t (u(t), [t%¢1]) = (v (1), [t £])) (4.2)

and is referred to as the input-output map of ¥ at x.

A pair of points x and x! are indistinguishable (denoted x°Ix!) if
(2,x%) and (X, x!) realize the same input-output map, that is if: [9]

Yo : (u(t), [t 1)) = Sy o (u(t), [t° 1) (4.3)

¥ is said to be observable at z° if I(x?) = {x°} and observable if
I(x) = {x} for every x € M.

In practice however it may not be necessary to distinguish x° for every
point in M. Distinguishing it from its neighbors may suffice. If there exists
a an open neighborhood U of x° such that I(x°)NU = {x°}, ¥ is said to be

weakly observable (or distinguishable) at x° and locally weakly observable

if this the case for every z € M [9].

26



4.2 Observability of the kite model

4.2 Observability of the kite model

In this chapter the observability properties of the kite system with ground
based measurements is investigated. As mentioned in Chapter 1.1, the

measurements available from the ground is:

h=[0 ¢ 6 & & a2 (4.4)

The only input in the system is the angular velocity of the flaps controlled

by the power cables:
g =0, (4.5)

Hence for the system to be observable, £, and Bb needs to be uniquely
identified given only the mentioned inputs and outputs. Recalling from

Chapter 2.1:

1

M, :ipair(Qi;)QbA(_cksﬁs + Cr.se01) — CraBo
. 1 1
By =— <pair(qfﬂ)2bA(—cksﬂs + Ck,505z)> — Mj, (4.6)
Ckd \ 2

As §; is a measured state and the rest of the parameters is assumed known,
it is only necessary to determine the effect of the side slip 55 and the relative

wind ¢!, to obtain the value of By, recalling from Chapter 2.1:

c(By)((ahy)25(0) +15(0)9) + 5(By) ((alhy)ac(8) () — )

V()oc0)e(6))? + ((d)os(6) + rs(0)d)?

Bs = — arcsin

(4.7)

27



4. OBSERVABILITY ANALYSIS

where (q!,), is the wind contribution in the e* direction given in the local
frame given by:

h Qwind i
qlw :Rle <(qi})y <h> + fw,t(h, Vkite, 9a b, Bb)) - pl (48)

The turbulence contribution f,,; is also dependent on the yaw of the kite.
It is clear that B is needed to calculate Sy Recalling again from Chap-
ter 2.1,the relation between the earth frame and the wind frame is given

by:

RY =R'R'RY (4.9)
:Rm(e)Rz(¢)Rz (5b)Ry (aw)Rz(ﬁw) (4'10)
Known Unknown Known

It is possible to calculate s by using the relation of the wind frame, local

frame and the body frame given by:

R, =(Ry)" = RiR,, (4.11)
cos(ay) cos(Bs) —sin(Bs) sin(ay,) cos(fBs)
= | cos(aw)sin(Bs) cos(Bs)  sin(ay)sin(Bs) (4.12)
— sin( o) 0 cos(uy)

Having calculated s, and qfu it is possible to calculate 3,. However since
oy and B are given by the the relative wind which in turn is given by the
yaw of the kite, it is not possible to calculate 8y directly. But by making
the assumption that the wind vector is being dominated by the wind in

e”-direction and the contribution of the turbulence is negligible we are able
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4.2 Observability of the kite model

to give a approximate value By of 3 since:

h Awind )
qflw :Rle ((qz;)y <h> + fHJt h‘ itey Yy aﬁb)> - pl
! h Qwind !
—ria), () (4.13)

As the relative wind is no longer dependent on the yaw, but purely on the
height of the kite it is now possible to find Bb,o by using the relations given
in 4.6, 4.7 and 4.12. This value of 3, ¢ will however include an error due to

the exclusion of the wind turbulence.
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4. OBSERVABILITY ANALYSIS
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State estimation

A state observer is a system that estimates the states of a process given
only access to the process inputs and outputs. This a trivial matter when
the process is linear. When the system is non linear however the task of
estimating the states becomes more complex. The optimal solution to the
non linear state estimation problem requires the propagation of the full
Probability Density Function (PDF). The PDF is defined as the derivative
of the cumulative distribution function [14]. Since the form of the PDF
is not restricted it cannot, in general,be described using a finite number
of parameters. The use of approximations is therefor necessary in the de-
sign of any practical state estimator. One of the most widely used state
estimator algorithms is the Kalman Filter (KF), it only utilizes the mean
and covariance of the state in its update rule which makes it computation-
ally manageable and require few special assumptions about the form of the
process.[11]

In 5.1 the idea behind the KF is demonstrated. In 5.2 and 5.3 two
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5. STATE ESTIMATION

different non linear KF’s is presented namely the Extended Kalman Filter
(EKF) and the Unscented Kalman Filter (UKF).

5.1 Discrete Kalman filter

A discrete model of a linear system is defined as [22]:
zp =Fexi_1 + Brup + wi (5.1)
Yk =Hpxi + vy (5.2)

Where F} is the state transition model which relates the previous time
step state vector (zx_1) to the next time step (z), By is the control-input
model, wy is the process noise which is assumed to be drawn from a zero

mean multivariate distribution with covariance Qy:
wy ~ N(0, Q) (5.3)

Hj, is the observation model, and v; is the observation noise which is as-

sumed to be zero mean Gaussian white noise with covariance Rj:
v ~ N(0, R) (5.4)

A initial estimate of the state vector is assumed to be known and de-
clared as 2, this is known as the a priori estimate of the state vector. The

error of this a priori estimate is given by:
e, =Ty — Iy (5.5)
The covariance matrix of the error is given by:
P. = Ele;e; "] = El(vx — a7, ) (z1, — 7,)7] (5.6)
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5.1 Discrete Kalman filter

The measurement vector (y) is then used to update the state estimate

Tp =T, + Ky (yr — Hki‘];) (5.7)

Tk :.’i']: —i—Kk(HkCCk—i-vk —Hk@];) (58)

K}, is the Kalman gain and is yet to be found. By substituting (5.8) in to

(5.6) the updated (a posteriori) error covariance matrix estimate is found:

Py, =Eleye},] = E[(zy — &) (z — &1)"] (5.9)
Py =E{[(zy — &},) — K (Hpwy, + vy — Hypy)]

[(zx — &) — Ki(Hpwg + vp — Hpdy )]} (5.10)

Noting that the a priori state estimate is uncorrelated with the measure-

ment error vg, the updated error covariance may be written as:
Py = (I — KxHy) Py (I — KpHy)" + Kp R K (5.11)

Finding the optimal blending factor is done by finding the K} that min-
imizes the estimation error variances for the elements of the state vector
being estimated. These elements are found along the major diagonal of Pj.
By differentiating the trace of P, w.r.t. K} and setting the derivative to

zero the optimal blending factor, known as the Kalman gain, is given:

d(tracePy)

—\T — T
= 2UHPOT + 2K (H P HE + Ry

Ky =P, HI (HyP, Hf + Ri)™" (5.12)
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5. STATE ESTIMATION

5.2 Extended Kalman filter

The kite is modeled by a non linear system and the transitions models is
therefor not available and needs to be approximated before a Kalman fil-
ter may be implemented. A Kalman filter that linearizes about the current
mean and covariance is referred to as an extended Kalman filter (EKF).[22]
However since the kite-model is somewhat complex the exact Jacobian is
not easily available and heavy computation is needed to obtain it. An ap-
proximated Jacobian of the state and measurement transformation matrices

is therefor computed using Newton’s difference quotient.

Nf(xk’ + A, u) — f(inv u)

Ay~ A (5.13)
H, %h(xk + A,uA) — h(xg,u) (5.14)

The approximated state vector along with the updated error covariance

matrix is computed as shown in Table 5.1.

In the EKF the state distribution is approximated by a Gaussian ran-
dom variable (GRV), which in turn is propagated analytically through the
first order linearization of the non linear system. This is equivalent to
applying the linear Kalman filter covariance update equations to the lin-
earized system. The EKF may therefor be seen as providing “first-order”
approximations to the optimal covariance matrix and Kalman gain. This

might result in large estimate errors and even divergence. [21]
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5.3 Unscented Kalman filter

Step Equations

Initialization step

Design matrices Qk)= Q">0, R(k)=RT">0

Initial conditions )A(o = E[Xo] y Po = E[(XO — io)(XO —
%0)"]

Time update For k € {1,...,00}

Model update X, = f[Xp_1, 0]

A priori covariance P, = AkPk_lA{ +Q

Measurement update:

Kalman gain K, = P,H/ (H,P,H +R)!

A posteriori estimate X = %, +Ki(yr —h[X,])

Updated error covariance P, = (I-K;Hy)P,

Table 5.1: Standard EKF algorithm

5.3 Unscented Kalman filter

To address the weaknesses of the EKF, a new strategy for computing the
posterior first and second order statistics (mean, standard deviation and
variation) of a random variable introduced into a non linear system is
needed. A way of avoiding the linearization of the non linear system is
to realize that it is easier to approximate a probability distribution than it
is to approximate an arbitrary non linear function or transformation [19].

A way of approximating the probability distribution is to use the Sigma-
point approach. In the Sigma-point approach the state distribution is rep-
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5. STATE ESTIMATION

resented by GRV specified using a minimal set of deterministically chosen
weighted sample points called sigma-points. These points captures the true
mean and covariance of the prior random variable, and when propagated
through the true non linear system, captures the posterior mean and co-
variance to 2nd order (Taylor series expansion) for any non linearity. [11]

The sigma point approach is summarized in three steps:

1. The sigma points are calculated using the mean and square root de-

composition of the covariance matrix of the prior random variable.

2. The sigma points are the propagated through the true non linear

function.

3. The posterior statistics are calculated using weighted sample mean

and covariance of the posterior sigma points

The Unscented Kalman Filter (UKF) uses the sigma point approach as
shown in Table 5.2. Where the weights are given by:

(m) _ A
Wy _(L—i-)\) (5.15)
W) :# + (1 = adxp+ Bukr) (5.16)

0 (L_I_)\) UKF

(m) _ e L i—1.... 9] 1
W, W TN i AR (5.17)

Here L is the number of states. A = L(a2UKF — 1), ayxr and Bykr are
scaling parameters. apip is used to determine the spread of the sigma
points around the mean and is typically set to 107* < apgr < 1. Bukr
is used to incorporate prior knowledge of the distribution of the states (for

Gaussian distribution, Sy r = 2 is optimal). [20]
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5.3 Unscented Kalman filter

It has been shown that the EKF and the UKF have a similar computa-
tional complexity of O(L3). [20]
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5. STATE ESTIMATION

Step FEquations

Initialization step

Design matrices Q(k) Q'>0, R(k)=RT>0

Initial conditions %o E[xg], Po=E[(x0—%0)(x0—%0)"]

Calculate sigma points

For k € {1, ey OO}

Xk—1 Rio1 Re1 + 0y/Pror Ry —
ny/P-1]
Time update
Model update Xk|k—1 flxr—1, up—1]

Priori state

Priori covar.

Sigma measurement

Priori measurement

oL
> Wi(m)Xi,kmq

=0

2L

Z Wi(c) [Xi k-1 — X X k=1 — % 1"+
=0

Q
h[Xi,k\k—l]

21,
> Wi(m)Hk|k—1
=0

Measurement update:

Posteriori covar.

Posteriori covar.

Kalman gain
Posteriori estimate

Updated error covar.

2L

Z Wi(c) Yep—1 — 95 1 Ysp—1 — 951" + R
51

Z Wi(c) X1 — R 1 [epe—1 — 951"

1=0
PPy
%, +X(yr —95)
P, — KiPyy 5, KJ

Table 5.2: Standard UKF algorithm
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Simulation

The simulations was conducted in MATLAB and Simulink. The parameters
used in all simulations is given in Appendix C unless other is noted. Three
cases where the yaw angle of the process is set to follow different paths are

chosen as they represent widely different dynamics of the process:

Case 1: The yaw angle of the kite is set to: B, = 0. The kite will in

this case drift to a equilibrium.

Case 2: The yaw angle of the kite is set to: 5, = % sin(0.75t) The

kite will in this case drift along the y° axis as 3, never exceed 7.

Case 2: The yaw angle of the kite is set to: 8, = % sin(1.5¢) The
kite will in this case follow a trajectory resembling the infinity symbol.
This is a well known kite power trajectory and results in high kite

speeds.
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6. SIMULATION

The yaw angle 8, and the trajectory of the kite in the three cases is
depicted in Figure 6.1.
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Case 1
Case 2
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1
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Time

B lrad]

Case 1
Case 2
Case 3

100

Figure 6.1: Process trajectory - 3, and trajectory of the process for three
cases
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6. SIMULATION

6.1 UKF vs EKF

The purpose of this series of simulations is to test and compare the EKF
and UKF’s ability to approximate 3, and By during different dynamics of
operation. ¢ is set constant to [6,0,0]7 and the effect of turbulence is

neglected.

Figure 6.2 shows the EKF and UKF approximated as well as the real

process yaw angle during the three cases mentioned above.

Figure 6.3 shows the approximated as well as the real process yaw an-

gular velocity.

The mean squared error (MSE) of the EKF and UKF approximated
0, ¢ and B from all of the simulations where the yaw angle sinus varies

according to Table C.1, are shown in Table 6.1.

Variable MSE (mean) EKF MSE (var) EKF

0 0.0051 4.1562 - 10~
¢ 0.0064 3.2196 - 10~4
By 0.7138 6.0507
MSE (mean) UKF MSE (var) UKF
9 1.0888 - 106 2.0583 - 10712
2.7603 - 10=6 1.3493 - 10~
By 0.0106 1.8724-1074

Table 6.1: MSE of EKF and UKF of system without wind turbulence
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6.1 UKF vs EKF

Case 1

Process
— UKF
— EKF

B

151 N

0.5 b

T T T T T
500 1000 1500 2000 2500 3000

Case 2

Process
— UKF
EKF

. . .
500 1000 1500 2000 2500 3000

Case 3

Process
— UKF
EKF

I I I
500 1000 1500 2000 2500 3000

Figure 6.2: UKF and EKF approximated 8, - The UKF and EKF
approximated (3, in the different cases
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6. SIMULATION
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Figure 6.3: UKF and EKF approximated Bb - The UKF and EKF

approximated Bb in the different simulations
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6.1 UKF vs EKF

Where the MSE is defined as:
N
MSE =) (x—#) (6.1)
i=1
where IV is the number of sample points and. The MSE shown in Table 6.1
is then calculated by taking the mean of every time series MSE.

As seen by Table 6.1 and Figure 6.2 the UKF outperforms the EKF
quite clearly when it comes to estimating the yaw of the kite (55). The EKF
fails when the process is experiencing low or dynamic operation. This was
expected due to the EKF use of the approximated Jacobian to calculate
the error covariance and Kalman gain. Because it uses a approximated
Jacobian of the process it does however perform better at estimating the
angular velocity of the yaw than the UKF. Because the EKF is “bounded”
by the approximated Jacobian it does a poor job of estimating dynamics
not described by the first derivative of the system which does not influence
the Jacobian much but may have a large influence on the overall system

over time.
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6. SIMULATION

6.2 Wind turbulence response

The purpose of this series of simulation is to test the UKF’s ability to esti-
mate [, under different dynamic of operation with different wind strengths.
The wind speed at hg = 2m is varied between 5™ (gentle breeze),10" (fresh
breeze) and 15" (near gale).[2]

Figure 6.4 shows the estimated yaw angle during different wind speeds
for case 1.

Figure 6.5 shows the estimated yaw angle during different wind speeds
for case 2.

Figure 6.6 shows the estimated yaw angle during different wind speeds
for case 3.

The MSE of the UKF estimated 6, ¢ and (3, are shown in Table 6.2,
while plots of the simulated and estimated wind is shown in Appendix B.

As witnessed by Table 6.2 and Figure 6.4- 6.6, the UKF is still able to
estimate the yaw with relative small errors.

It is however noticeable that the MSE mean is larger in Case 2 compared
to the other cases. This is due to the estimated kite body yaw angular
velocity Bb, as previously mentioned, is dependent on three factors, the
relative wind ¢, the side slip 35 and the flaps angle §;. As d; is the only
known of these factors it follows that the estimated Bb error grows as the
known state contribution decreases in comparison to the estimated ones.

The estimated and simulated wind is shown in Appendix B.2, as ex-
pected it is shown that the UKF does a poor job of estimating the wind

turbulence. This is due to the turbulence models dependency of £, and
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6.2 Wind turbulence response

Wind at h =2 m: qus [m/s]

-0.05

I I I I
500 1000 1500 2000 2500 3000

Wind at h =2 m: q3:10 [mis]
0.2 T =

-0.05

I I I I
500 1000 1500 2000 2500 3000

Wind at h =2 m: q3:15 [mis]

:
03f 1
02 1
o
(=N 0.1 4
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-0.1 ‘ ‘ ‘ ‘ ‘ 3
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Figure 6.4: UKF estimated [, for case 1 and turbulence - UKF

estimated (3, with constant process yaw angle and various wind speeds
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6. SIMULATION

Wind at h =2 m: qo=5 [m/s]
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Wind at h;=2 m: =10 [m/s]
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Figure 6.5: UKF estimated [, for case 2 and turbulence - UKF

estimated [, with process yaw angle given by Case 2 and various wind speeds
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6.2 Wind turbulence response

Wind at h;=2 m: q§=5 [m/s]

. . ! .
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Wind at h,=2 m: qg:10 [mis]
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Figure 6.6: UKF estimated (3, for case 3 and turbulence - UKF

estimated (8, with process yaw angle given by Case 3 and various wind speeds
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6. SIMULATION

Case 1
Variable MSE (mean) MSE (var)
9 9.6799 - 108 5.1550 - 1014
o 8.5377-107%  3.2133.10713
By 0.0015 3.0897 - 1076
Case 2
Variable MSE (mean) MSE (var)
9 4.8240-107°  3.3282-107°
o 3.9483-1076¢  3.1599 .10~
By 0.0125 2.2441 - 1074
Case 3
Variable MSE (mean) MSE (var)
9 6.7121 - 1076 5.8655 - 10~ 11
o 1.7563 - 10~° 1.7904 - 1010
By 0.0060 1.1255-1074

Table 6.2: MSE of UKF estimated states with different dynamic of operation
and wind strengths

the kite speed. Errors in these states are propagated through the the tur-

bulence model and in combination with the use of random noise results in

deviations of the turbulence contribution.
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7

Conclusion

In the modeling part of this thesis (Chapter 2- 3) the wind dynamics on an
existing kite model was expanded to include the effect of wind shear and
turbulence. Although the wind model has not been compared to actual
data the simulation shows realistic dynamics compared to existing data [4].

In the observability analysis part (Chapter 4) the kite model is examined
using non linear observability theory and found to be observable with the
assumption of that the effect of the turbulence is negligible. This is however
not a reasonable assumption in some cases, as it was shown in the simulation
part of this thesis (Chapter 6) where the estimation error was larger when
the effect of side slip is large compared to the control input.

In the state estimation and simulation in Chapter 5 and 6 the EKF
and UKF was compared and the UKF was shown to achieve far better
estimations than the EKF. The effect of turbulence on the UKF estimate
was shown to increase the error somewhat but the UKF still managed to

achieve reasonable good kite yaw estimation results.
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Discussion and further work

8.1 Discussion

Although the UKF was found to do a decent job of estimating the kite yaw
it is likely that the assumptions made in this thesis is too simplistic and
does not reflect the real dynamics of the kite. Especially the assumption
that the power cable always is fully stretched and adds nothing to the drag
may be shown to be unrealistic and needs to be addressed. By adding the
complex dynamic of the cable to the system, the direct measurement of
spherical coordinates are lost and position estimation of the kite becomes
difficult using only ground based measurement. The use of measuring de-
vices attached to the kite seems to fix these problems and seem like a more
desirable solution both in terms of added robustness and decreased estima-

tion errors.
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8. DISCUSSION AND FURTHER WORK

8.2 Further work

8.2.1 Cable modeling

The assumption that the cable may be disregarded when describing the
dynamics of the system is a naive one. As the cable grows in length it
adds substantial mass while creating drag. The cable will also sag at times

creating dynamics not included the model presented in this thesis.

8.2.2 Parameter estimation

The parameters used in this thesis are very roughly approximated and is
most likely not correct. To achieve smaller parameter errors a strategy for

estimating the parameters should be considered.

8.2.3 State estimation with IMU

Although it has been shown in this thesis to be possible to estimate the
yaw of the kite using ground based measurement, the use of measurements

in the kite system would add robustness and should be
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Appendix A

Simulation of wind

The wind is simulated in Simulink as a vector consisting of the effect of wind
shear and wind turbulence on the measured wind. The wind shear is calcu-
lated as shown in Chapter 3.1, while the effect of wind turbulence is calcu-
lated using the Discrete Dryden Wind Turbulence given in the Aerospace
blockset in Simulink.

The Dryden wind turbulence model uses the Dryden spectral represen-
tation to add turbulence to the model by using band-limited white noise
filtered by digital filters finite difference equations. The parameters used in

the block is given Table A.1. [13]
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A. SIMULATION OF WIND

Parameters

Units:

Specification:

Model type:

Wind speed:

Wind direction at 6 m:
Probability of exceedance of
high-altitude intensity:
Scale length at

medium /high altitudes (m):
Wingspan (m)

Band limited noise and
discrete filter sample time (sec)

Noise seeds:

Comment
Metric(MKS)
MIL-HDBK-1797 The most recent
Dicrete Dryden(+q -r)
Gw,0 Simulation dependent
0 degrees clockwise from north
2.1071
533.4 Default value
b Given by model
T
Simulation dependent

Table A.1: Dryden wind turbulence parameters
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Figure A.1: Simulated wind - Simulink diagram of the wind model, the
memory block is to prevent self-reference and adds a time delay of one time
step

o7


10_appendix_a/figures/MATLAB_wind.eps
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Appendix B

Plots

B.1 Kite speed

In this section the simulated and UKF estimated kite speed is shown.
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B. PLOTS
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Figure B.1: Kite speed for case 1 - The speed of the kite [m/s] for case
1

60


11_appendix_b/figures/speed_case1.eps

B.1 Kite speed
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Figure B.2: Kite speed for

case 2 - The speed of the kite [m/s] for case
2
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B. PLOTS
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B.2 Wind speed

B.2 Wind speed

In this section the simulated and UKF estimated wind is shown. As seen
by Figure B.4- B.12 the approximated turbulence contribution is not a

accurate approximation by any means.
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B. PLOTS
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Figure B.4: Wind for case 1, ¢, = 5 - Simulated and UKF estimated
wind for case 1
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B.2 Wind speed

Wind exfdirection for Case 1 with qazlo [m/s]

16

12r

wind speed

. . . .
500 1000 1500 2000 2500 3000

Wind ey—direction for Case 1 with qjvzlo [m/s]

wind speed

I I I I
500 1000 1500 2000 2500 3000

Wind eZ—direction for Case 1 with qi:lo [m/s]

150 M

wind speed

1 1 1 1 1
500 1000 1500 2000 2500 3000

Figure B.5: Wind for case 1, ¢, = 10 - Simulated and UKF estimated
wind for case 1
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B. PLOTS
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Figure B.6: Wind for case 1, ¢, = 15 - Simulated and UKF estimated
wind for case 1
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B.2 Wind speed
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Figure B.7: Wind for case 2, ¢ = 5 - Simulated and UKF estimated
wind for case 2
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B. PLOTS
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Figure B.8: Wind for case 2, ¢, = 10 - Simulated and UKF estimated
wind for case 2
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Figure B.9: Wind for case 2, ¢, = 15 - Simulated and UKF estimated
wind for case 2
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Figure B.10: Wind for case 3, ¢, = 5 - Simulated and UKF estimated

wind for case 3
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Figure B.11: Wind for case 3, ¢, = 10 - Simulated and UKF estimated

wind for case 3
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Figure B.12: Wind for case 3, ¢, = 15 - Simulated and UKF estimated
wind for case 3
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Appendix C

Parameters

C.1 Kalman filter parameters

The state error covariance matrix used both by the EKF and the UKF is

given by:
& 0 0 0 0 0 0 0 0 0
0 & 0 0 0 0 0 0 0 0
o 0 & 0 0 0 0 0 0 0
0 0 0 & 0 0 0 0 0 0
0 0 0 0 & 0 0 0 0 0
Q=109 0o 0o 0o 0 20 0 0 0 (C-1)
00 0 0 0 0 & 0 0 0
0O 0 0 0 0 0 0 & 0 0
0 0 0 0 0 0 0 0 & 0
0o 0 0 0 0 0 0 0 0

The measurement error covariance matrix is used both by the EKF and

73



C. PARAMETERS

the UKF is given by:
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The Sigma point tuning parameters used by the UKF is set to:
aygr =107*
Bukr =2
C.2 Model parameters

The model parameters used in the simulation of the kite is given in Ta-
ble C.1.
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C.2 Model parameters

Model parameters value
Air:
Pair Air density 1.2 %
Wind:
ho  Wind measurement height 2m
Quing Wind shear power law exponent %
Kite:
A Surface 10 m?
b  Wingspan Tm
r Cable length 100 m
m Kite mass 10 kg
Drag force:
Cgm: Minimum drag 0.15
kq: Drag constant 0.15
Lift force:
CrLmaz: Maximum lift 1.5
cs:  Lift slope 1'5CL,:«M
ag:  De-power angle 51%0
Crosswind force:
Ces:  Crosswind constant 117
Yawing moment:
cps:  Directional stability 0.5
ks, Directional stability 0.5
Yaw angle control sinus:
Agin  Amplitude of sinus 0— %[rad]
fsin Frequency of sinus 0 — 2[rad/sec]

Table C.1: Model parameters

75



C. PARAMETERS

76



References

[10]

[11]

[12]
[13]

[14]

Skysails. http://www.skysails.info/index.php?id=472&L=2. 1
Beaufort wind scale. http://www.srh.noaa.gov/mfl/?n=beaufort. 46

M. Anguelova. Nonlinear observability and identifiability, general theory and a case study of a kinetic
model. Master’s thesis, Chalmers University of technology and Gothenburg University, 2004. 25

D. Bourlis and J. Bleijs. A wind speed estimation method using adaptive kalman filtering for a variable
speed stall regulated wind turbine. PMAPS 2010,IEEE, 2010. 51

Fagiano L. Canale, M. and M. Milanese. Power kites for wind energy generation. IEEE Control Systems
Magazine, 2007. 1

H.L Dryden and A.M Kuethe. Effect of turbulence in wind tunnel measurements. Report no. 342, Bureau
of Standards, 1929. 18

Hugh L. Dryden. Turbulence and diffusion. Industrial and Engineering Chemistry, 31(4):416-425, 1939.
doi: 10.1021/ie50352a008. 18

L. Fagiano. Control of Tethered Airfoils for High-Altitude Wind Energy Generation. PhD thesis, Politecnico
Di Torino, 2009. 1

R. Hermann and A. Krener. Nonlinear controllability and observability. IEE Transactions on Automatic
Control, vol Ac-22, No. 5, 1977. 25, 26

B. Houska. Robustness and Stability Optimization of Open-Loop Controlled Power Generation Kites. PhD
thesis, Ruprecht-Karls-Universitt Heidelberg, 2007. 1, 18

S.J Julier and J.K. Uhlmann. Unscented filtering and nonlinear estimation. Proceedings of the IEEE,
Vol.92, No. 3, 2004. 31, 36

H. Knappskog. Nonlinear control of tethered airfoils. Master’s thesis, NTNU, 2010. 5, 12
MATLAB manual, Aerospace Blockset. Mathworks, 2010a edition, 2010. 55

Emanuel Parzen. On estimation of a probability density function and mode. The Annals of Mathematical
Statistics, 33(3):pp. 1065-1076, 1962. ISSN 00034851. URL http://www.jstor.org/stable/2237880. 31

7


http://www.skysails.info/index.php?id=472&L=2
http://www.srh.noaa.gov/mfl/?n=beaufort
http://www.jstor.org/stable/2237880

REFERENCES

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

A.R Podgaets and W.J. Ockels. Flight control and stability of a multiple kites tethered system. In
Proceedings of Renewable Energy Conference 2006, pages 1-4, 2006. 1

A.R Podgaets and W.J. Ockels. Flight control of the high altitude wind power system. In Proceedings of
the 7th conference on sustainable application for tropical island states, pages 1-6, 2007. 1

Rogers A.L. Ray, M.LL and J.G. McGowan. Analysis of wind shear models and trends in different terrains.
In American Wind Energy Association Windpower 2006, 2006. 1, 16

‘W. Respondek. Introduction to geometric nonlinear control; linerization, observability, decoupling. Lecture
given at the Summer School on Mathematical Control Theory, Trieste, 2001. Laboratoire de Mathmatiques,
INSA de Rouen, France. 25

J.K Uhlman. Simultaneous map building and localization for real time applications. PhD thesis, Univ. Oxford,
Oxford, U.K., 1994. 35

R. van der Merwe and E. Wan. The square-root unscented kalman filter for state and parameter estimation.
In Proceedings of the International Conference on Acoustics, Speech, and Signal Processing (ICASSP), Salt
Lake City, Utah, May 2001. IEEE. URL http://cslu.cse.ogi.edu/publications/ps/merweOla.ps.gz. 36, 37

R. van der Merwe, E.A. Wan, and S.I. Julier. Sigma-point kalman filters for nonlinear estimation and
sensor-fusion: Applications to integrated navigation. In Proceedings of the AIAA Guidance, Navigation &

Control Conference, pages 16—-19, 2004. 34

G. Welch and G. Bishop. An introduction to the kalman filter. Course booklet, 2006. 32, 34

78


http://cslu.cse.ogi.edu/publications/ps/merwe01a.ps.gz

	Title Page
	List of Figures
	List of Tables
	Glossary
	1 Introduction
	1.1 Motivation
	1.2 Outline

	2 Kite Modeling
	2.1 Continuous model
	2.1.1 Coordinate frames and transformation matrices
	2.1.2 State space representation of the system

	2.2 Discretization of the system

	3 Wind Modeling
	3.1 Wind Shear Modeling
	3.2 Wind Turbulence modeling
	3.3 Kite model with wind added as process states

	4 Observability analysis
	4.1 Nonlinear observability
	4.2 Observability of the kite model

	5 State estimation
	5.1 Discrete Kalman filter
	5.2 Extended Kalman filter
	5.3 Unscented Kalman filter

	6 Simulation
	6.1 UKF vs EKF
	6.2 Wind turbulence response

	7 Conclusion
	8 Discussion and further work
	8.1 Discussion
	8.2 Further work
	8.2.1 Cable modeling
	8.2.2 Parameter estimation
	8.2.3 State estimation with IMU


	A Simulation of wind
	B Plots
	B.1 Kite speed
	B.2 Wind speed

	C Parameters
	C.1 Kalman filter parameters
	C.2 Model parameters

	References

