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Abstract— While operating any aircraft it is vital to know
its current flight state. Some of the most important variables
to assess the flight state are the airspeed, the angle of attack
and the sideslip angle. Larger aircraft are equipped with
sensors specifically designed to measure these variables. However on small unmanned aerial vehicles (UAVs) much stricter
restrictions on size, weight and cost prohibit the use of such
sensors. Therefore we propose a method to estimate the airflow
variables utilizing only sensors that are part of a standard UAV
autopilot. This includes an inertial measurement unit (IMU),
a global navigation satellite system (GNSS) receiver and a
pitot-static tube. These measurement together with kinematic
and aerodynamic models will be fused within an estimator
to estimate steady and turbulent wind velocities as well as
aerodynamic coefficients. With these estimates it is possible
to calculate the angle of attack, the sideslip angle and the
airspeed. A main challenge is to distinguish between changes
in the aerodynamic coefficients and changes in wind velocity,
since pitot-static tube measurements of the relative airspeed are
only available in one direction at a time and hence the system
is not always observable. Therefore attitude changes have to be
undertaken to achieve persistence of excitation. In this paper
a Moving Horizon Estimator (MHE) is used for estimation.
Simulation results show overall good estimation results and
significant improvements compared to a previous Extended
Kalman Filter approach. Root mean square errors (RMSE)
are 0.25◦ for the angle of attack, 0.08m/s for the airspeed and
1.06◦ for the side slip estimates.

I. I NTRODUCTION
Angle of attack (α), side slip angle (β) and airspeed (Va )
are some of the most useful variables to assess flight performance and safety of fixed-wing aircraft. They are especially
important when encountering abnormal conditions, such as
stall and strong and turbulent winds. Larger aircraft are usually equipped with sensors dedicated to deliver reliable measurements of these variables. Those sensor systems usually
include vanes or multi-hole pitot-static tubes. Unfortunately,
on small fixed-wing unmanned aerial vehicles (UAVs), these
sensor systems are difficult to install due to much stricter
weight and size limitations or their costs often prove to be
prohibitive. Previous work (i.e. [24], [3], [6] ) has therefore
focused on model-based approaches utilizing aircraft models
which fully model the aerodynamic and kinematic behavior
of the UAV. However these models require the knowledge
of a large parameter set which in many cases is difficult
or costly to obtain, since this often requires the availability
of wind tunnel data. Some of these parameters might also
change from mission to mission due to different payloads or
978-1-5090-4494-8/17/$31.00 ©2017 IEEE

individual differences between supposedly identical UAVs.
Aerodynamic coefficients can even change during a mission
due to structural effects like in-flight icing. Due to these
circumstances it is desirable to develop estimation concepts
that do not rely on the availability of a large parameter set
and only use sensors that are part of a standard sensor suite
consisting of a GNSS (Global Navigation Satellite System)
receiver, an IMU (Inertial Measurement Unit) and a standard
single-directional pitot-static tube. This sensor data can then
be fused, using kinematic, aerodynamic and wind models
within an estimator, in order to simultaneously estimate the
aerodynamic coefficients and the wind velocities impacting
the aircraft, allowing the computation of the airflow variables.
Recently several methods have been proposed to estimate
the airflow variables and aerodynamic coefficients. One popular methods is the Extended Kalman Filter (EKF), which
has been used in [7] , [14], [16], and the Unscented Kalman
Filter (UKF) which has been applied to the problem in [21],
[8].
Tian et.al [25] compare the use of an EKF, Output Error
Minimization and a Complimentary Filter to improve measurements of the airflow variables obtained from a multihole probe. [6] uses a detailed aircraft model and a nonlinear
observer for wind estimation. In [15] kinematic vehicle models are used together with IMU, GNSS and multi-directional
airspeed sensors to estimate the wind field. [23] propose a
method using optical flow measurements. A hybrid system
approach using Bayesian estimation is presented in [24],
and achieving promising results. However in the described
method a detailed model of the aerodynamics is used and
the parameters for this might not always be available.
This paper builds up on previous work [28] where the
above mentioned sensor suite was used together with aerodynamic and kinematic relationships and a stochastic wind
model to estimate wind speeds and lift coefficients. In [28] an
EKF was used to fuse the sensor information and models. A
general problem regarding the system properties is the lack of
observability in periods where no attitude changes occur. In
these cases the parameter estimates of the EKF tend to drift
over time and the estimated error covariances are inconsistent, causing the need for compensation by periodic attitude
changes. Additionally the EKF estimates were sensitive to
input noise, since in the EKF framework input noise can
not be handled independently of process noise. To overcome
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these issues this paper proposes a Moving Horizon Estimator
(MHE). A MHE uses the data gathered form the sensor
measurements in a time window of length L until the current
time together with a system model to estimate the state
trajectory in the time window. This is done by minimizing the
error between the system output and the measurement vector
forming a Nonlinear Program (NLP). MHE has been a active
research topic in the last years. One of the earlier descriptions
can be found in [22]. [20] compares different estimation
methods including the MHE, the extended and unscented
Kalman filter as well as the particle filter. It is shown that the
MHE can capture nonlinearities better than the EKF resulting
in lower estimation error and better consistency of the filter.
The goal of this paper is to compare the performance of the
MHE with the EKF especially regarding parameter drift.
A disadvantage of the MHE is the increasing computational cost with increasing window length. We therefore
apply methods described in [13], [5] and [9] to efficiently
solve the NLP.
II. M ODELING
A. Aerodynamic Model
As in [28], we start with a simplified model of the
aerodynamics of the UAV in z-direction in body frame:
fz = KVa2 (CL,0 + αCL,α + ν(q))

(1)

where fz is the specific force in z-direction in body frame,
ρS
measured by an accelerometer, and K = 2m
is a constant
factor consisting of the air density ρ, the wing area S and the
mass of the aircraft m. CL,0 is the constant lift coefficient
and CL,α is the linear lift coefficient. This model of the
aerodynamics in the z-direction is simplified and neglects the
effects of drag on the body z-acceleration and linearizes the
underlying trigonometric functions. The acceleration induced
by the pitch rate q is accounted for in ν(q) and will be
regarded as a disturbance later on. However, for small angles
of attack and non-stall conditions the model errors induced
by this simplifications are small and do not degrade the
estimation performance. Va is the airspeed and α is the angle
of attack which are defined as:
 b
wr
−1
α = tan
(2)
ub
 br
vr
(3)
β = sin−1
Va
Va = kvrb k
(4)

T
Here vrb = ubr vrb wrb
is the velocity of the aircraft
relative to the surrounding airmass decomposed in the body
frame which is given by the wind triangle:
n
vrb = v b − Rnb vw

(5)

Where v b = (u, v, w) is the velocity over ground in body
n
frame, vw
is the local wind velocity in NED frame and
Rnb is the rotation matrix from NED frame to body frame.
We assume that the variables ubr and v b are available as
measurements from a pitot-static tube and a GNSS receiver,

furthermore we assume that Rnb is estimated from IMU and
n
GNSS data. The wind velocity vw
is unknown and needs to
be estimated in order to obtain the full vector vrb .
B. Wind Model
In the following we use a time-discrete model where k
denotes the time index and ∆xk the difference between xk
n
and xk−1 . We assume the wind velocity vw
to have two
n
parts. A low-frequent steady part vs and a high-frequent
turbulent part vtn which are governed by the following
discrete time dynamics [3, pp.55]:
n
n
n
vw,k
= vs,k
+ vt,k
n
∆vs,k
≈0

(6)
(7)

The dynamic equations for the turbulent wind velocity (8)
are given by the Dryden wind model [1]:

 q
 un 
σu 2∆T LVau ηut
t

 q
L


 vtnu 
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Va
+
∆vt,k
= −∆T Va,k  L
η
2∆T
σ



v
v
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Lv
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n
q
wt
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Lw
2∆T
σ
η
k
w
Lw wt
k
(8)
T

Where ηvt ,k = ηut ηvt ηwt is Gaussian white noise
with standard deviation σ = 1 and the spatial wavelengths
are given by:
hk
(0.177 + 0.0027 · hk )1.2
= hk

Lu,k = Lv,k =
Lw,k

(9)
(10)

where hk is the altitude above ground. The noise amplitudes
are given by:
1
(0.177 + 0.0027 · hk )0.4
σw = 0.1 · Vw,G

σu,k = σv,k = Vw,G

(11)
(12)

where Vw,G is the wind speed measured 6 meters above
ground.
C. State-space Model
The estimation problem consists of state and parameter
estimation parts. The states to be estimated are the turbulent
wind velocity in inertial frame, the parameters to be estimated are the steady wind velocities in inertial frame, the
two lift coefficients, and a scaling factor γ governing pitotstatic tube calibration, (cf. (24)):

T
x = unt vtn wtn
(13)
 n
T
n
n
p = us vs ws KCL0 KCLα γ
(14)
Inputs to the observer are the measurements of the velocity
over ground in the body frame from GNSS, the pitot - static
tube airspeed, the rotation matrix estimated by an attitude
and heading reference system (AHRS) and the altitude.

T
Rnb h
ũ = ũb ṽ b w̃b ũm
(15)
r
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The measurements of the inputs ṽ b and ũbr are affected by
measurement noise

In the following we will summarize the input noise in the
vector ηu and define the system input as.

ṽ b = v b + ηvb

(16)

u = ũ − ηu

ũbr = ubr + ηubr

(17)

which is assumed to be additive Gaussian white noise.
Regarding the rotation matrix, it is assumed that biases and
noise of the used IMU are accounted for in the AHRS.
Popular approaches for attitude and heading estimation are
the EKF and nonlinear observers with a global or semiglobal region of attraction [3], [12], [10]. These approaches
provide locally stable (in case of the EKF) or (semi-) globally
stable estimates of the attitude (in case of the nonlinear
observer) while filtering input sensor noise. We therefore
assume that the given attitude estimates have negligible noise
levels and are bias free. The altitude is affected by noise
on the GNSS measurements, however the influence of this
noise is limited since the altitude is only used to calculate
the spatial wavelength of the wind gusts in (9)-(10) which
is insensitive to small variations. To reduce noise levels
on both the velocity over ground and the altitude inputs a
translational motion observer (TMO) can be applied (i.e. [3],
[10]). The system setup is shown in Figure 1.

IMU

GNSS

f˘, ω̆

v̆ b
Rnb

AHRS

f˜

Pitot-static
tube

ũm
r

TMO

f˜
Rnb

ṽ b

(18)

The state transition function is then given by:
 ut 
Lu

f (x, u, p) = −V̄a  Lvtv 
wt
Lw

(19)
u
x
p

The process noise input function is given by:

 q
σu 2∆T LV̄au ηut

 q


V̄a
w(xk , uk , ηvt ,k , p) =  σv 2∆T L

η
v
t
v

 q
V̄a
σw 2∆T Lw ηwt

(20)
uk
xk
p

The predicted state is then given by:
xk+1 = xk + ∆T f (xk , uk , p) + w(xk , uk , ηvt ,k , p) (21)
where ∆T is the sampling interval. Note that V̄a is a lowfrequency version of Va which is only dependent on the
velocity over ground v b and the steady wind velocity vsn and
independent of the turbulent wind velocity vtn , as described
in [28].
V̄a = v b − Rnb vsn
(22)
The underlying assumption is that the shape of the lowpass filter described in (19) and (20) used to calculate the
change in turbulent wind velocity ∆vtn is not depending on
the turbulent wind velocity itself.
Measurements used for correcting the predicted state vector are the specific force in z-direction in body frame f˜z
measured by an accelerometer and the longitudinal velocity
over ground in body frame ũb which both are affected by
additive white Gaussian measurement noise.
  

f + ηfz
f˜
zk = zb = zb
(23)
u + ηu b
ũ
where ηfz is again assumed to be additive Gaussian white
noise. The time varying measurement function is given by:


−K V̄a2 (CL0 + CLα α)
(24)
h(xk , uk , p) =
d1 Rnb (vsn + vtn ) + γum
r

Wind velocity
+
Aerodynamic parameter
estimation

CL,0 , CL,α

vrb

n
vw

Fig. 1: System structure

The first measurement equation in (24) uses the zaccelerometer together with the aerodynamic model (1) to
estimate the aerodynamic coefficients and the wind velocities
via V¯a and α. Here V̄a is used in order to interpret fast
changes in the acceleration fz as to be induced by changes
in the angle of attack α, which has higher frequency components instead of interpreting them as airspeed changes due
to turbulence. This assumption provides different gradients
when differentiating (24) with respect to vsn and vtn and
therefore allows separate observation of these states. The
second measurement equation utilizes the wind triangle (5)
to relate the measurements of the velocity over ground to the
relative longitudinal velocity um
r measured by the pitot-static
tube. This is similar to the method described in [11].
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As discussed in [28] and [11] the system is not uniformly
observable at all time instants. Therefore attitude changes are
necessary in order to ensure persistence of excitation.

condition (27) is added to the equality constraints of the NLP.
d
X

Γ̇r (τi )θj,r = f (θj,i , uj , p) +

r=0

1
w(θj,i , p, uj , ηvt,j )
∆T
(26)

III. M OVING H ORIZON E STIMATOR

d
X

The Moving Horizon Estimator (MHE) uses the sensor
measurements gathered in a window of length L to estimate the states x and parameters p of a system. These
measurements can be interpreted as a series of inputs uj
and outputs yj of a state space model of the system. This
system is affected by process noise ηvt,j and input noise
ηu,j , summarized in a noise vector ηj . The goal of the
MHE is it to minimize the error between the model output
and the measurements while fulfilling continuity conditions
given by the state transition function. To estimate the states,
parameters and the process noise the following nonlinear
program is solved in each time step:

min
,...,x

xk−L
k
wk−L ,...,wk
θk−L,0 ,...,θk,d
p
k
X
j=k−L

xk−L − x̂k−L
p − p̂k−L

2

c+ · · ·
−1
P̂k−L

2

kyj − h(xj , uj , p)kR−1 +

k−1
X


kηj k2W −1 

j=k−L

(25)
Where
uj = ũj − ηu,j , yj = zj − ηz,j and ηj =

ηvt ,j ηu,j ηzj . Note that all norms are 2-norms and
are weighted by a matrix indicated in the subscript of the
respected norm. The first term in the penalty function is
the so called arrival cost which summarizes the information
before the current estimation window in a state estimate
x̂k−L , a parameter estimate p̂k−L and a error covariance
matrix P̂k−L . The variable c is an additional tuning factor
used to increase the weight on past data in periods of low
excitation. The arrival cost is key to the stability of the MHE
[13], [19] and will therefore be discussed in more detail in
section III-A. The second term penalizes deviations of the
output of the state space model from the measurement zj
with a weighting matrix R−1 . The last term is penalizes the
noise vector in the state transition function with a weight
matrix W −1 .
In this paper we chose a direct collocation formulation
for the nonlinear program, proposed for model predictive
control in [4], [5], [26]. This formulation uses d additional
collocation points τi between each time step j, given by the
roots of a Legendre polynomial of order d. These roots are
indicated as L1 . . . Ld . The trajectory of the state transition
and the noise transfer functions are then approximated on
the interval [tj , tj+1 ] by Lagrange polynomials Γi (t) with
weights θ. On each collocation point the gradient condition
(26) and at the end of an collocation interval the continuity

Γi (1)θj,i = θj+1,0

(27)

i=0

xj = θj,0 ,

xj+1 = θj,d

for i = 0, . . . , d and j = k − L, . . . , k − 1
pmin ≤ p ≤ pmax
where:

τ = 0

L1

...

d
Y

Γi (t) =

r=0,r6=i

Ld



(28)

t − τr
τi − τr

(29)

The result is a very large but also very sparse NLP, which can
be solved efficiently by dedicated NLP solvers like IPOPT
[27] which has been used in this paper.
One of the benefits of the MHE is the possibility to
impose constrains on the estimated states, noise variables and
parameters. In this case we will only impose constraints on
the estimated lift coefficients and the pitot-static tube scaling
factor since bounds for these parameters can be roughly
estimated, whereas wind velocity bounds are unknown.
A. Approximation of the Arrival Cost
As mentioned before the arrival cost term is key to the
stability of the estimator. Ideally one would like to use the
exact arrival cost, i.e. (25) is writen as:
min

k
X
j=0

kyj − h(xj , p, uj )k2R−1 +

k
X

kηj |k2W −1

(30)

j=0

However with increasing k the amount of data to store and
the computation time needed to solve this problem rises
drastically and can therefore not be implemented. To solve
this problem several approaches have been proposed. [17]
consider different Kalman filter type approaches including
the EKF and the Unscented Kalman Filter (UKF), as well
as the Particle Filter (PF). It was demonstrated that filters
that avoid linearizations, like the UKF and the PF, have
significant performance advantages compared to the EKF
when approximating the arrival cost, allowing the use of
shorter window lengths and thus compensating for the higher
computational cost of these filters.
In this paper the UKF approach to arrival cost approximation was used, as described in [18]. The arrival cost is updated in the following way: We start with an augmented state
vector xav−1|v−1 which includes the optimal state estimates
at the start of the moving horizon (x∗v−1|v−1 ) and the optimal
parameter p∗k−1 estimates of the previous solution of the NLP
(25), with v = k − L. The augmented state vector includes
also the first moments of the process, measurement and input
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noises, which are, following the previous assumptions, equal
to zero.

estimation error:
xv|v−1 =

h

xav−1|v−1 = x∗v−1|v−1

p∗k−1

0qx

0qp

0r

0u

iT
pv|v−1 =

(31)

ẑv =

The corresponding covariance matrix of the estimation error
is:

Pv−1|v−1

 x
Pv−1|v−1
 0[9x9]
=
 0[2x9]
0[4x9]

0[9x9]
Q
0[2x9]
0[4x9]

0[9x2]
0[9x2]
R
0[4x2]

x
Pv|v−1
=



0[9x4]
0[9x4] 

0[2x4] 
Wu

i=1
a
2n
+1
X
i=1
a
2n
+1
X
i=1
a
2n
+1
X

Ωi χxi,v = x̂k−L

(39)

Ωi χpi,v = p̂k−L

(40)

Ωi γi,v

(41)

T


Ωi χxi,v − xv|v−1 χxi,v − xv|v−1

i=1

(42)

(32)
Py,v =

Where Q is the covariance matrix of the process noise, Rs
is the covariance matrix of the measurement noise and Wu
is the covariance matrix of the input noise. We then generate
a set of sigma points:
a
χav−1 = Xv−1|v−1
+ ···
p
0[24x1]
(na + κ)Pv−1|v−1

a
2n
+1
X

Pyz,v =

a
2n
+1
X

i=1
a
2n
+1
X

Ωi [γi,v − ŷv ] [γi,v − ŷv ]

T



T
Ωi χxi,v − xv|v−1 [γi,v − ŷv ]

(43)

(44)

i=1

As a final step the covariance matrix of the estimation error
needs to updated with the measurement uncertainty and is
then used as weight for the arrival cost.
−1
Kv = Pxy,v Py,v
x
Pv|v


p
− (na + κ)Pv−1|v−1
(33)

= Pv|v−1 −

Kv Py,v KvT

(45)
= P̂k−L

(46)

IV. S IMULATION S ETUP
A. UAV Simulation

and corresponding weights:

Ωi =

κ
na +κ
1
2(na +κ)

if i = 1
otherwise

(34)

where na is the size of xa which is in this case 24 and κ
is a tuning parameter set to −21 in accordance with [18].
a
is the expanded na × (2na + 1) matrix with
Xv−1|v−1
xav−1|v−1 as each column. We then use the state space model
for prediction:
χxv =
=
γv =

1 + e−M (α−α0 ) + eM (α+α0 )


1 + e−M (α−α0 ) 1 + eM (α+α0 )
CL (α) =(1 − ζ)(CL,0 + CL,α α)+
ζ=

ζ(2 sign(α) sin(α)2 cos(α))
1
FL = ρVa2 S(CL (α) + CL,q c/(2Va )q + CL,δe δe )
2
(CL,0 + CL,α α)2
+
CD,α =CD,p + (1 − ζ)
πe(b2 /S)
ζ2 sign(α) sin(α)3


1
c
FD = ρVa2 S CD,α + CD,q
q + CD,δe |δe |
2
2Va
  


cos α − sin α
fx
−FD /m
=
sin α cos α
fz
−FL /m

χxv + ∆T f (χxv−1 , ũv−1 − χuv−1 , χpv−1 ) + · · ·
x
w(χxv−1 , ũv−1 − χuv−1 , χqv−1
, χpv−1 )

χpv

All simulations were performed using a simulation of the
X8 flying wing and a simulated autopilot. The simulator
and the autopilot are based on Beard and McLain [3, Chap.
4 and 6] and implemented in Matlab / Simulink. In the
aircraft simulation a more complex non-linear model of the
aerodynamics is used (ssee [3, pp.44]). The aerodynamic
forces are thus given by:

q

p
χpv−1 + χv−1
h(χxv , ũv − χuv−1 , χpk ) + χrv−1

(35)
(36)
(37)

With:
χav−1 =

 x
χv−1

χpv−1

x
χqv−1

q

p
χv−1

χrv−1

T
χuv−1
(38)

Afterwards we can calculate the predicted state and parameter vectors as well as the predicted covariance matrix of the

(47)

(48)
(49)

(50)
(51)
(52)

where M and α0 are positive constants, c is the mean
aerodynamic chord of the wing, q is the pitch-rate and δe
is the elevator deflection and CL,q , CL,δe , CD,q , CD,δe are
their respective lift and drag coefficients. Figure 2 shows the
resulting lift coefficient for different angles of attack.
Wind velocity is simulated following Beard and McLain [3,
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yielded better performance of the estimator. The other noise
parameters describe the uncertainty in the parameters. It was
assumed that the steady wind velocities in the horizontal
plane are somewhat more likely to change than in the
vertical direction, resulting in higher covariances for these
parameters. The linear lift coefficient and the pitot-static
tube scaling factor are unlikely to change over time and
therefore lower covariances were chosen. The estimator was
tuned so that model mismatch in (1) results in a change in
the constant lift coefficient estimate, therefore the process
noise covariance was set somewhat higher for this parameter
estimate. The covariance matrix of the measurement noise is
chosen to:
R = diag(1, 10−1 )
(57)

1.0

Lift Coefficient CL

0.8
0.6
0.4
0.2
0.0
−0.2
−0.4
−0.6

CL

−0.8
−30.0−25.0−20.0−15.0−10.0 −5.0

0.0

5.0

10.0 15.0 20.0 25.0 30.0

Angle of Attack α in Degrees

Fig. 2: Nonlinear model of the lift coefficient

in normal flight and to
pp.55] as the sum of a steady and a turbulent wind velocity
component, where the turbulence is generated by passing
white noise through a low pass filter. The filter is designed
in the way described in section II-B according to the Dryden
model. The steady wind velocity and the wind velocity at 6m
above ground, needed for the turbulence generation, were set
to 6m/s, the wind direction was set to 90◦ .
B. Moving Horizon Estimator
As a simulation and computation environment Matlab/
Simulink was used. Within Matlab, Casadi [2] was used
for symbolic calculations and algorithmic differentiation. In
order to speed up computation C code and precompiled .mex
functions were generated from the Matlab / Casadi code. The
number of collocation points d was set to 5. Limits for the
coefficient estimates were set to:

 
  
−0.1
KCL,0
0.2
 0  ≤ KCL,α  ≤  1 
(53)
0
γ
2
C. Initial Conditions and Tuning
The initial condition for the state and parameter vectors
were set to:

T
x0 = 0 0 0

T
p0 = 0 0 0 0.01 0 1
(54)
The inital condition for the error covariance matrix of the
arrival cost was set to:

P0 = diag 10−5 10−5 10−5 10−2 10−2

(55)
10−5 10−5 3 · 10−3 10−8
The process noise covariance matrix Q for the arrival cost
approximation was set to:

Q = diag 10−2 10−2 1 10−6 10−6

(56)
10−12 10−12 10−20 10−20
∆T
The first 3 parameters govern the noise power of the inputs to
the noise transfer function (20). A finding during tuning was
that a somewhat higher noise power for the vertical turbulent
wind velocity in comparison to the horizontal component

R = diag(1.2, 10−1 )

(58)

if kqj k ≥ 0.2 rad
s for j = k − L, . . . , k. This covariance matrix is important in tuning the MHE. It quantifies the expected
uncertainties in the measurement equation induced by noise
in the sensors and model mismatch. For the measurement
noise was modeled as zero-mean Gaussian white noise. For
the pitot-static tube the measurement the noise standard
deviation was set to 0.001m/s, for the z- accelerometer
measurement the standard deviation was set to 0.1m/s2 and
for the ground velocity measurement to 0.001m/s. It was
assumed in the simulation that the AHRS system supplies
the estimator with accurate attitude angles with negligible
noise levels. The weighting matrix of the process and input
noise W was chosen to:


W = diag 10−2 10−2 1 10−3 10−3 10−3 10−3
(59)
The first 3 noise parameters are set as for the process noise
covariance matrix Q and the input noise covariances were
set to the actual covariances of the simulated sensor noise.
D. Autopilot Maneuver
We simulate a normal take off and some circles, which are
typically performed by UAV pilots before handing control
over to an autopilot. The UAV performs one circle per
minute. The UAV is commanded to fly at an altitude of
150m, with a course angle of 60◦ . Later the UAV changes
altitude to 250m and course 120◦ at two different time
instants. The input signals can be seen in Figure 3 and
Figure 4. As discussed before, attitude changes are necessary to excite the system and ensure observability. The
autopilot maneuvers were chosen so that is observability is
satisfied in the first part of the flight. Afterwards a steady
course and altitude comments results in poor observability
and allows assessment of parameter estimate drift in these
circumstances.
V. S IMULATION R ESULTS
The simulations were done for different window lengths
L where a window length of L = 20 provided a good
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trade off between computation time and estimation performance. Computation time for this window length was
0.0520 s/iteration on a 2.5 GHz Intel Core I7 CPU, allowing
real-time computation up to a sampling frequency of 19.24
Hz. The following simulation results were achieved with a
sampling frequency of 10 Hz. Real-time computation was not
a focus of this paper and we expect that with more efficient
implementation the runtime can be improved considerably.
A. Lift Coefficient Estimates
In Section III we introduced a factor c in order to weigh the
arrival cost differently in regions of low excitations. Figure 5
shows the estimates of the linear lift coefficient for different
c. The coefficient estimates converge for all values of c other
than c = 1, where the constraint is met. The other trajectories
converge quickly to an interval around the reference and stay
there for the entire simulation run. The best results could be
achieved with a factor c = L = 20, which will be used
subsequently.
Figure 6 shows the estimates for both lift coefficients
with confidence intervals. The linear lift coefficient estimate
CL,α converges quickly to an estimate close to the reference
value. Afterwards it stays there and shows very little drift.
Overall the estimation error is quite low. The constant lift
coefficient estimates CL,0 converges also very fast towards
its reference value. It remains within an interval for the entire

Figure 7 shows the estimation error in the wind velocity
estimates in x, y and z direction in body frame. The results
show lower estimation error for the wind velocity estimate
in x-direction which is expected due to the pitot-static tube
measurement in that direction. For the y-direction the performance is not as good since estimates only rely on previous
data since no measurement in that direction is available.
Notably the estimate of the wind velocity estimate in zdirection which is mainly dependent on the z-acceleration
measurement and the aerodynamic model (1) performs very
well after a short convergence phase.
C. Airspeed, Angle of Attack and Sideslip Angle
In the following we show the estimates for Airspeed,
Angle of Attack and Sideslip Angle and compare them to the
estimates obtained from an Extended Kalman Filter using the
same tuning as in [28]. Note that the EKF results presented
here are not directly comparable to [28] since this paper uses
more realistic simulation of the input noise, resulting in a
decreased performance of the EKF. For the root mean square
error calculation the first 100s were omitted, since otherwise
larger errors occurring during the convergence phase distort
the overall result.
Using the wind velocity estimates and the GNSS velocity,
the airspeed Va can be calculated using equation (4). The
resulting estimation error is shown in Figure 8. The figure
shows, that after a short convergence phase the error stays
below 0.4m/s.
To calculate the angle of attack two methods are available.
One is the calculation of the angle of attack using the GNSS
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Fig. 6: Estimates of static and linear lift coefficient for c =
20, dashed black lines indicate 3 σ interval

velocity measurement, the wind velocity estimate and equation (2). The other possibility to calculate the angle of attack
is by inverting the aerodynamic model (1). The estimation
errors from both methods are shown in Figure 9. In this
case the performance for the calculation via the aerodynamic
model showed better results than the calculation via the
relative wind velocities. This is due to the good airspeed
and coefficient estimates. If the wind velocity in y direction
in body frame is changing very frequently the quality of
the airspeed estimate might deteriorate, in these cases the
calculation via (2) would have a superior performance due to
its independence of the lateral wind velocity. Both estimates
show clearly superior performance compared to the estimate
obtained via the EKF as in [28].
For completeness we also show the estimation error of the
sideslip angle estimate in figure 10. As discussed before
no information about the lateral wind is available in this
system setup. Therefore the estimator can only rely on prior
data. This lack of information explains the larger sideslip
angle estimation error compared to the angle of attack
estimate. However the sideslip angle estimate also shows
clear performance advantages in comparison to the EKF
estimate.
The performance advantage of the MHE compared to the
EKF proved to be consistent for different wind scenarios and
autopilot maneuvers. The MHE also showed less parameter
drift, generally coping better with regions of low observabil-
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Fig. 7: Wind velocity estimation error in body frame

ity resulting in less need for excitations. When increasing
simulated sensor noise levels, the MHE outperforms the EKF
significantly due to the possibility to incorporate input noise
into the system model.
VI. C ONCLUSION
This paper presents a method to estimate wind velocities
and aerodynamic coefficients in order to calculate angle of
attack, sideslip angle and the airspeed. This is done by
utilizing measurements of a standard sensor suite together
with aerodynamic, kinematic and wind models. As an estimator the moving horizon estimator was applied using direct
collocation for the construction of the nonlinear program and
an unscented kalman filter for arrival cost approximation.
The estimator was tested using a UAV simulator steered by
an autopilot model. The simulation results showed generally
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wind speed measurement performance is limited. All airflow
variable estimates from the MHE showed lower estimation
error compared to the EKF estimates, clearly showing the
advantages of the MHE formulation.
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good performance of the wind velocity estimates and the
lift coefficient estimates. This allows computation of the
angle of attack and airspeed estimates which both show very
low estimation errors. For the angle of attack calculation
two different methods were proposed which are applicable
in different scenarios. An estimate of the sideslip angle
is also available, however due to the lack of a lateral
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