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1. I NTRODUCTION

Abstract— In cold and humid environments, airfoil icing is a
major hindrance to UAV operations. Airfoil icing increases
the aerodynamic drag coefficient, while reducing the maximum
lift coefficient and the stall angle. This results in degraded
endurance and safety of an UAV. Recently de-icing solutions
for fixed-wing UAVs have been developed. These solutions use
resistive heating in order to melt the ice on the wings. However,
since this requires a high amount of energy it is desirable to only
heat the wings if significant icing occurs. In this paper, a method
for automatic icing detection is presented. A moving horizon estimator (MHE) is used, which combines aerodynamic, kinematic
and stochastic wind models with data from a typical autopilot
sensor suite to estimate angle of attack and lift coefficients. The
sensor suite consists of an inertial measurement unit (IMU), a
global navigation satellite system (GNSS) receiver, a heading
reference and a pitot-static tube. Within the MHE an Unscented
Kalman Filter (UKF) is used for arrival cost approximation.
FENSAP icing simulations show that in severe icing conditions,
both the offset and the gradient of the lift coefficient change.
Based on these icing simulations an UAV flight simulator that
can simulate icing has been used. Simulation results show that
the MHE is capable of monitoring changes in offset and gradient
of the lift coefficient due to icing. A faster convergence to the
estimated coefficient values could be achieved when using an
external trigger signal, i.e. from a temperature and humidity
sensor, to reset the covariance matrix of the arrival cost. We
also investigate the effect on convergence speed resulting from
an altitude change giving additional excitation. The estimation
results show angle of attack estimation errors below 1 degree.
These estimates can be used to limit the angle of attack and
adjust the commanded airspeed in the autopilot in order to avoid
stall.

When flying in cold and humid environments icing of the
wings, fuselage, control surfaces and propulsion systems of
an aircraft is a common phenomenon. Depending on the
structure and severity of icing, the effects can range from
increased drag, resulting in higher energy consumption and
decreased range, to the reduction of the stall angle, increasing
the risk of a sudden loss of lift force. Due to these effects on
the performance and safety of an aircraft, it highly desirable
to be able to detect and mitigate icing with an anti-icing or
de-icing solution.
Both the effects of icing and its detection have been extensively studied for manned aviation since the 1940s and are
still an active research topic today [5], [4], [8], [15], [12].
Icing also poses a serious threat to flights with unmanned
aerial vehicles (UAVs). Icing is most prevalent in clouds
where super cooled large droplets (SCLD), which cause icing,
can appear. Since UAVs typically fly at lower altitudes
than manned aircraft, they are more likely to be operated
in altitudes where these clouds are present. Meteorological
studies [2, 3] show that SCLD, which are a major cause
for inflight icing, appear regularly over large parts of North
America, Europe and Asia.
The increased drag can lead to a lower energy efficiency and
significantly reduced range of the UAV. The decreased lift can
cause the autopilot of the UAV to steer the aircraft to a higher
angle of attack, which in combination with the lower stall
angle can result in a high safety risk and in the worst case a
stall and crash of the UAV [14]. These effects of icing can
limit UAV operations or prevent them completely, since the
typical mitigation for small UAVs is simply to avoid icing.
A general problem when detecting icing on small UAVs is the
limited availability of sensor data and a lower level of redundancy compared to manned aircraft. This is due to stricter
restrictions concerning size, weight and costs. Previous work
therefore focused on icing detection using accurate models of
the aircraft dynamics and detecting the changes induced by
icing [6], [16], [19]. However in practice for low cost small
UAVs it might be difficult to obtain the model parameters to
use these methods since these parameters might change from
one mission to the other depending on the used payload or
due to individual differences in UAV configurations within a
fleet of supposedly equal UAVs. Other work [17] required
the knowledge of the angle of attack during the flight, which
requires the installation of either a multi-hole probe or vanes
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on the fuselage or trailing edge of the airfoils, or an estimation
strategy.
This paper presents an approach to the detection of icing for
small fixed wing UAVs, using the aerodynamic coefficient
estimator presented in [21] and [22]. This approach to icing
detection is able to detect icing by only using a standard sensor suite, consisting of an inertial measurement unit (IMU), a
global navigation satellite system (GNSS), a pitot-static tube,
as well as temperature and humidity sensors. Additionally,
standard kinematic relationships, a linearized aerodynamic
model, and a wind model are combined in a Moving Horizon
Estimator (MHE). The needed aerodynamic parameters for
these models are estimated online and no prior knowledge of
the UAV is needed. Airfoil icing can be assessed by detecting
changes in these parameters.

conditions. If these exceed a threshold, icing is suspected
and a trigger signal is sent to an aerodynamic coefficient estimator. The trigger signal can be used to adjust the assumed
uncertainties within the estimator to the current conditions.

3. A ERODYNAMIC COEFFICIENT ESTIMATOR
The used MHE based aerodynamic coefficient estimator was
first presented in [21] and extended in [22]. In this paper we
will only give a brief description of the estimator, for a more
detailed description and discussion we refer to [21] and [22].
This section distinguishes in the variable superscript between
b (body-frame) and n (navigation frame). As the navigation
frame, we will use the North-East-Down (NED) frame, which
we will assume to be inertial.

This work builds upon [20], where icing was detected by
monitoring aerodynamic coefficients estimated by an EKF. In
[20] icing was detected by increasing the anticipated uncertainties within the estimator and triggering an altitude change
to give excitations to the estimator, when icing is suspected
based on the measured ambient temperature and humidity.
This results in an icing detection architecture which is able to
discriminate between icing and non-icing conditions without
the need of prior knowledge about the aircraft or additional
sensors other than the standard autopilot sensor suite and a
temperature and humidity sensor.

The estimator uses kinematic and aerodynamic relationships
as well as a wind model to estimate wind velocities and aerodynamic coefficients from the pitot-static tube, accelerometers and velocities over ground measured by a GNSS receiver.
Additionally, an estimate of the attitude represented by a
quaternion qnb , describing the rotation from navigation to
body frame is needed. We assume that such an estimate is
available from an Attitude and Heading Reference System
(AHRS). Furthermore, to reduce noise levels on both the
velocity over ground v b and the altitude h, a translational
motion observer (TMO) can be applied (i.e. [1], [9]). An
overview on the structure of the estimator is shown in Figure
2. In the figure f˘ is the specific force and ω̆ is the angular
rate, both measured by the IMU, ψ̆ is a heading reference
vector, p̆n is the position and v̆ n the velocity over ground
in inertial frame measured by the GNSS receiver. The
airspeed Va is measured by a pitot-static tube, giving a raw
measurement Vam , related by

In this extension of [20], the same icing detection architecture
will be used but instead of the EKF approach we will be
using the MHE approach. In [20] additional excitations
combined with a reset of the covariance matrix are needed
in order to detect icing. In this work we are able to relax
these requirements due to the increased performance and
robustness of the MHE. To get a more realisitic model of
the airfoil icing, we use the icing flight simulator presented
in [10] which is based on icing simulations using FENSAPICE.

Vam = γVa

(1)

where γ is the pitot-static tube calibration factor.

2. I CING D ETECTION A RCHITECTURE

Within the estimator a simplified model of the aerodynamic
lift force is used:

The ice detection architecture is designed to detect changes in
the lift coefficients of the airfoil. Maximum lift and stall angle
are typically significantly influenced by icing [10]. However,
since it is undesirable to get into stall conditions during flight
it is challenging to detect changes in these parameters. One
approach might be to estimate the drag coefficient, which
changes significantly during icing [10] [4], using the pitotstatic tube and the accelerometer measurements. However,
this is challenging since these variables are dependent on the
engine propeller thrust and control surface deflections and
their respective parameters, which are usually not accurately
measured, and can also be influenced by icing.

(2)

fz = −KVa2 (CL0 + CLα α)

where fz is the specific force in z-direction in the body frame,
K is a constant factor, α is the angle of attack and CL0 and
CLα are the constant and linear lift force coefficients .
This model is combined with a kinematic model:

On the other side [4, 7, 10] also shows that the lift coefficient
changes in icing. Both the gradient and the offset of the
lift coefficient are reduced in the severe case of mixed icing
which we will be considering in this paper (cf. Fig 3). In a
lift force model this is described by the linear lift coefficient
CLα and constant lift coefficient CL0 . The changes in CLα
and CL0 appears already at low angles of attack (α) and can
be detected without risking wing stall of the aircraft.

ubg = d1 Rnb (vsn + vtn ) + Va cos(α)

(3)

wgb

(4)

=

d3 Rnb (vsn

+

vtn )

+ Va sin(α)

where:
d1 = [1 0 0]
d3 = [0 0 1]
and

α = arctan

Figure 1 shows the proposed structure of the icing detector.
The aircraft is affected by its environment, where some major
influences are wind and ice. Temperature and humidity
sensors can be used to assess the current environmental
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where k is the current time step, Ts is the sampling period,
[Lu Lv Lw ] are spatial wave lengths, [σu σv σw ] are
the gust amplitudes and [ηut ηvt ηwt ] are noise variables.
The spatial wave lengths and gust amplitudes are dependent
on the wind velocity 6 m above ground and the altitude of the
aircraft [13].
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Dryden wind model [13]:

Pitot-static
tube

States and parameters to be estimated are the turbulent wind
velocities in inertial frame, the parameters to be estimated are
the steady wind velocities in navigation frame, the two lift
coefficients, and a scaling factor γ governing pitot-static tube
calibration:
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The model outputs are compared to the specific force in zdirection fz , the measured airspeed Vam and the aircraft’s velocity over ground decomposed in body frame vgb , estimated
by the TMO.

Figure 2. Estimation Structure

The four models are combined with the sensor data in a moving horizon estimator (MHE), where the differences between
the outputs h of the measurement models (1)-(4) and sensor

T
measurements z = Vam fz ubg wgb
are minimized
within a window of length L given an input vector u =
 b
T
vg qnb h .

where vrb is the relative air velocity decomposed in body
frame and Rnb is the corresponding rotation matrix of qnb . The
wind velocity is modeled as a combination of a steady wind
velocity vsn and a zero-mean turbulent wind velocity vtn , both
decomposed in the inertial frame.

This results in the following nonlinear program (NLP) which
is solved iteratively:

To model the turbulent wind velocity we use the discrete time
3

min

xk−L ,...,xk
pk−L ,...,pk
ηk−L ,...,ηk
θk−L,0 ,...,θk,d
k
X

xk−L − x̂k−L
pk−L − p̂k−L

choosing larger values of the tuning parameters aCL0 and
aCLα requires a relatively high frequency of attitude changes
to monitor the coefficients and avoid drift of the estimates. To
avoid this lower values for the tuning parameters were used,
combined with a reset of the error covariance estimate P̂ if
the ambient temperature is below a certain threshold Tcrit and
the humidity is above a threshold Hcrit . This information
is provided by a temperature and humidity sensor. This
technique is commonly used in EKF applications in order to
increase robustness to disturbances [23] or adapt to changes
in parameters [11]. The goal is to achieve a faster detection
by allowing more changes in the aerodynamic parameters by
triggering an instant rise in the expected uncertainty. This
procedure would have to be repeated if icing conditions
are suspected to change. In addition, aCL 0 and aCL 0 are
temporarily increased.

2

+ ···
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P̂k−L

2

kzj − h(xj , uj , pj )kV +

j=k−L

k−1
X


kηj k2W  (11)

j=k−L

where ηj = [νx,j νpj ηm,j ]. Variables in the NLP are
the states x and parameters p, measurement noise variables
η, process noise variables ν as well as collocation parameters
θ. An Unscented Kalman Filter is used for arrival cost
approximation, yielding x̂k−L , p̂k−L and P̂k−L . This NLP
is subject to equality and inequality constraints. The equality
constraints are continuity constraints necessary to capture the
system dynamics. This is done using a direct collocation
method which uses parameter vectors θj to subsample the
states at collocation points between the sampling instants
[21].

We will adapt the same technique for the MHE presented here
and assess in Section 5, the influence of it.
Icing Detection
In Figure 3, typical lift coefficients for the iced and non-iced
case are presented [10]. One can see that in order to keep the
lift coefficient constant when icing occurs, the angle of attack
has to be increased. However due to the reduced stall angle
this is only possible up to about 6◦ angle of attack. At this
point the airspeed has to be increased, in order to create the
necessary lift force.

The weighting matrices are given by
V = R−1
 −1
Q
W =
0[5x9]

(12)

0[9x5]
−1
−1 ∆T
Wm

(13)

As discussed in Section 3, we use a linear approximation of
the lift coefficient, which is valid in non-stall conditions. This
results in two lift coefficients to be estimated, the constant
and the linear lift coefficient. As can be seen in Figure
3, both coefficients decrease in icing conditions. Once the
estimator has converged one can set lower thresholds based
on the coefficient estimates relative to their nominal values
(e.g. ±10%), and use violations of these thresholds as icing
indications.

Where Q is the covariance matrix of the combined state and
parameter process noise, Wm is the covariance matrix of
the combined measurement noise and R is the covariance
matrix of noise resulting from approximation errors in the
measurement model.
Handling Uncertainty in Icing Conditions
In a MHE the uncertainty of the state estimate is estimated
by the covariance matrix estimate P̂ within the arrival cost,
which is initialized with a matrix P0 . The uncertainty from
process noise and modeling errors is described by a covariance matrix Q corresponding to the augmented state vector
 T
T
x
pT , which is defined as:
 a n 
ut
 avtn 
 awn 
 t 
 auns 


Qk = diag  avsn 
a n 
 ws 
 aCL,0 
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aγ

4. S IMULATION S ETUP
UAV simulation
All simulations were performed using the simulation environment described in [10] and a simulated autopilot. The
simulator and the autopilot are based on [1, Chap. 4 and 6]
and implemented in Matlab / Simulink.
Wind velocity is simulated following [1, 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
(8) following the Dryden model. The steady wind speed and
the wind speed at 6m above ground, used for the turbulence
generation, were set to 3m/s, the wind speed at flying altitude
was set to 5m/s and the wind direction was set to north.

(14)

where ai are tuning parameters.
In [22] it was shown in simulations that attitude changes or
natural excitations due to turbulence are necessary during
filter initialization to achieve good estimates of the aerodynamic coefficients and from time to time afterwards to avoid
drift of the estimates. This is true for the case when the
coefficients CL0 and CLα are constant. In this case the
covariance parameters associated with these coefficients can
be chosen to relatively low values in order to reduce the
need for corrections during the estimation. However, as is
discussed in [10], in icing conditions these coefficients are
likely to change during the flight. In [20] it was shown that

Simulation of Icing
Icing is simulated using the mixed-ice aerodynamic model
presented in [10]. At the start of the simulation the airfoil
is not effected by icing (clean case). Figure 3 shows the
simulated lift coefficient for different angles of attack in the
mixe ice and non-iced cases. Note the decrease in gradient
and offset between the two lift curves.

4

Table 1. Initial Conditions and Tuning Parameters
Parameter

Values
h
0

x0
h

p0
"
diag

P0

diag

Q

0

10−3

0

Wm

0.2

1

iT

10−3

10−3

10−2

−2
10−6
" 10
10−1 10−1

10−7

10−6

−4

−6

1

10−4

···

#!

10−8 #!
···

−20

control over to the autopilot. These are important for the
initial convergence of the estimator. The UAV performs one
circle per minute during the initial period. The commanded
altitude is 150m and the commanded course angle is 60◦ after
the initial loitering period.
We will test two different scenarios:

1.50

Lift Coefficient

0

10 h 10
10
10−20 i
10−15
diag 0.4 10−4 10−3 10−3
h
i
diag 10−1 10−1 10−1 10−3 10−3

R

1.00

• Icing Scenario: At time 300s the icing starts and the model
coefficients change gradually within 20s to their icing values
corresponding to the iced curve in Figure 3.
• Clean Scenario: No Icing occurs during the flight, i.e.
model coefficients are kept constant.

0.50

clean
mixed
0.00

0

iT
0

0

0

5

10

15

In both scenarios the airspeed is increased at 300s by the
autopilot to 22m/s, which is necessary in the icing case to
avoid stall.

Angle of Attack in Degrees

Figure 3. Lift Coefficient vs. Angle of Attack for Iced and
Non-iced Case, [10]

Within the icing scenario we want to study the influence of
different maneuvers on the detection ability :
No changes in altitude and expected uncertainties. (Icing)
Change in altitude after icing is suspected by temperature
and humidity sensor. (Icing Alt)
• Covariance matrix reset after icing is suspected by temperature and humidity sensor (Icing Cov)
• Change in altitude and covariance matrix reset after icing is suspected by temperature and humidity sensor (Icing
Cov+Alt)
•
•

Tuning and Initial Conditions
Initial values and covariance matrices can be found in Table
1. The tuning factor with the most influence on the estimation
result is the first element in R. This factor describes the
uncertainty in the aerodynamic model. Small values lead to
more aggressive update and a faster detection but more drift
of the estimates, while larger values have the opposite effect.
The value chosen provides a good trade-off for the simulated
airframe.

The altitude change is triggered at 350s. The maneuver
consists of a climb to 170m for 50s. The climb rate is limited
during icing so that the angle of attack stays well below the
stall angle. The covariance reset is triggered at 300s which
leads to a reset of the covariance matrix to P0 and an increase
of aCL0 and aCLα to 10−10 for both tuning factors.

The measurement noise ν, which disturbs the GNSS and
accelerometer measurements, is modeled as band limited
white noise with the following variances:
 −1 2 4 
10 m /s
2
σν =
(15)
10−3 m2 /s2

The input signals can be seen in Figures 4 - 6. The airspeed
is varied initially in order to achieve faster convergence of the
estimator.

Additionally the pitot-tube measurement is affected by band
limited white noise with a variance of 10−3 m2 /s2 . It was
assumed in the simulation that the AHRS system supplies the
estimator with accurate attitude angles with negligible noise
levels.

5. S IMULATION R ESULTS
Aerodynamic Coefficient Estimates
In order to calculate reference values for the iced and noniced case we perform a linear regression on the lift curve
shown in Figure 3 in the linear region. The reference values
ρS
= 0.0383 in order to be
have to be multiplied by K = 2m

Simulated Scenario
We simulate a takeoff and some loitering, which is often
performed in UAV missions by the safety pilot before handing
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Figure 6. Commanded and Resulting Airspeed of the UAV

Figure 4. Commanded and Resulting Altitude of the UAV,
Including altitude Change After Icing

tion induced by wind. A separation of the icing case from the
clean case is possible. The covariance reset is not necessary
but can enhance the convergence rate of the estimation after
the onset of icing and thus the ability to discriminate between
the different cases.

200.00

100.00

0.00

Angle of Attack Estimates

−100.00

−200.00
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200.00
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Course Angle in Degree
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Figure 9 shows the resulting α estimate for the clean case.
During the airspeed and altitude variations the angle of attack
varies as well. These variations excite the estimator and cause
the initial bias in the angle of attack estimate to disappear.
The angle of attack estimate for the icing case without covariance reset is shown in Figure 10 and with covariance reset in
Figure 11. In the case without covariance reset an estimation
bias i noticeable after icing occurs. With covariance reset the
angle of attack estimate converges faster and shows a lower
bias, indicating increased estimation performance.

Course Angle
Commanded Course Angle
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Time in Seconds
Figure 5. Commanded and Resulting Course Angle of the
UAV

The angle of attack estimates could be used to assess flight
performance and safety during icing conditions using e.g. a
hypothesis test as in [17]. Additionally, this information can
be used to change the allowed flight envelope, in particular
by reducing climb rate and adjusting the set airspeed in the
autopilot to avoid the risk of wing stall.

comparable to the estimated values.
Figure 7 shows the estimates of the constant lift coefficient
over time for the different scenarios. During the take off and
the initial loitering the estimate varies but converges around
200s. One can see clearly that the constant lift coefficients
converge to lower values after the start of icing at 300s than
for the clean scenario, but do not fully converge to the reference value. The covariance reset results in somewhat faster
convergence, but a more varying estimate. The influence of
the altitude change on the estimation result is minor.

Root mean square errors (RMSE) of the angle of attack estimates and additionally of wind velocity, airspeed and sideslip
angle estimates are shown in Table 2. Overall the estimation
results are similar to one shown in [21] and [22]. The
estimation errors are consistently low for the wind velocity
estimates in longitudinal and vertical direction and higher in
lateral direction. In lateral direction the estimation errors are
somewhat higher due to the lack of a lateral aerodynamic
model, as discussed in [21] and [22]. Estimation errors of
angle of attack can be reduced through a covariance reset after
the onset of icing, while an additional altitude change does
not influence the estimation result significantly. The runtime
per iteration of the MHE is below the sampling time of 0.1s,
allowing real-time computation.

Figure 8 shows the resulting linear lift coefficient estimates.
The estimate for the clean case has not fully converged
before icing due to lack of excitation. For all three icing
cases the linear lift coefficient converges to lower values
but do not reach the reference value in icing conditions.
Additional excitation results in a slightly faster convergence
of the estimate. A more profound change in convergence
speed can be noted when resetting the covariance matrix. To
achieve full convergence, airspeed changes would be helpful,
however this might be undesirable when operating close to
stall conditions.

6. C ONCLUSION
This work studies the application of an MHE based aerodynamic lift coefficient estimator to the problem of detecting
in-flight icing of small fixed wing UAVs. The MHE uses
only sensors which are part of a standard autopilot sensor

The results indicate that the estimator is able to detect the
changes in the lift coefficients solely relying on natural excita6
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suite in order to estimate lift coefficients and the angle of
attack. Additionally, sensors for temperature and humidity
can be used to send a trigger signal to the estimator if icing
is suspected in order to achieve faster convergence of the
estimator by resetting the covariance matrix.

lation results with an icing model show that the estimator is
able to detect these changes and thus can be used as a valuable
icing indicator for a deicing system [18].
The MHE is able to detect the coefficient changes even
without a covariance matrix reset, which is an advantage
compared to the EKF based icing detection method presented
in [20]. However, a covariance matrix reset increases the

If icing has occurred the value of both the constant and linear
lift coefficient are lower than in non-icing conditions. Simu7

Table 2. Estimation Results during Icing Detection
Variable

Clean

Icing

Icing +
Alt

Icing +
Cov

Icing +
Cov +
Alt

RMSE vw,x

0.2m/s

0.2m/s

0.2m/s

0.2m/s)

0.2m/s

RMSE vw,y
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1.81m/s

1.81m/s

1.8m/s)

1.8m/s

RMSE vw,z

0.19m/s
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RMSE Va
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