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1 Introduction
Recent research in the application of Doppler
Light Detection And Ranging (Doppler LIDAR)
for wake vortex and wind shear detection [1],
low level turbulence detection at airports
[2][3][4] and in flight turbulence detection [5]
indicates an availability of systems in the near
future, that will allow a precise measurement of
spatial atmospheric conditions in front of an
aircraft.
Since atmospheric disturbances are by far
the biggest contributors to deviation in touchdown position during landing [6], in this paper a
method is developed and analyzed that
counteracts the effects of those disturbances

Fig. 1: Typical landing gear positions at Touch-down
(Vwind = 25 kts, von Karman turbulence, moving ground
vehicle) [7]
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Fig. 2: Gear-less aircraft on acceleration/
deceleration vehicle [8]

more agile longitudinal dynamic characteristics,
it is more likely that the ground vehicle will be
responsible here. Landing accuracy was
identified as one of the key factors to enable the
concept of gear-less aircraft [8].
Besides that, even for conventional
runways an increase in lateral touch-down
accuracy can improve landing safety and could
ultimately lead to narrower and thus more cost
effective runways.
1.1 Doppler LIDAR
Doppler LIDAR [1][3] uses a laser transceiver
to emit a single-frequency pulsed laser light into
the air and to receive light backscattered by
aerosol particles in order to observe the motion
of distant airflow. The frequency shift (Doppler
Effect) of the backscattered light caused by the
motion of the aerosols is used to determine the
component of the wind speed along the optical
axis while the round-trip time of the light is
used to determine the distance of the
observation.
Coplanar combination of two rotating
LIDAR transceivers in their plane of operation
allows the measurement of a 2-dimensional
velocity distribution in this plane.
1.2 Model predictive control
Model Predictive Control (MPC) [10], also
referred to as Moving Horizon Optimal Control
or Receding Horizon Control, is a control
method that is based on a discrete-time dynamic
model that is used to estimate future reaction of
the system with respect to the system’s input

variables. A cost function that can include
objectives for input and output variables as well
as system restrictions is iteratively minimized
for a finite time horizon (prediction horizon)
and control is achieved by applying the resulting
control inputs to the controlled system for the
current time slot. The prediction horizon is then
successively shifted forward through time. MPC
has thus the inherent ability to account for
anticipated future events (e.g. gusts on the flight
path) and to initiate control actions accordingly.
Originally developed for process control in
chemical plants, MPC has already been
introduced into many other fields of application,
including experimental control of aircraft.
2 Control method using measured wind data
LIDAR measurements of the motion of the air
mass between an approaching aircraft and the
runway (or ground vehicle) can either be done
on ground or on-board the aircraft. The
measured velocities are then incorporated into a
MPC feed forward control concept for the
autoland controller
to
counteract
the
atmosphere-induced aircraft motion and
resulting deviations in landing position.
In the MPC algorithm a linear model is
used for the internal representation of the
aircraft dynamics, due to the convenience of
efficient numerical handling. The use of the
linear model is justified, when nonlinearities are
small in the vicinity of the point of linearization
and the deviation from that point is also small.
The control performance of the MPC
algorithm is evaluated by a set of monte-carlo
simulations, taking into account the stochastic
characteristics of atmospheric disturbances. The
numerical analysis was performed using the
Model Predictive Control Toolbox with
MATLAB/Simulink.
The following chapters will explain the
chosen models for the aircraft, wind and wind
sensor and present simulation results for
different sensor configurations.
2.1 Linear aircraft model
The rigid body motion of an aircraft can be
formulated as two nonlinear vector differential
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⃗ K) and one
equations, one for the translational (𝑉
⃗ K) [11]:
for the angular velocities (𝛺
A

(

T

− sin 𝛩
𝑋
⃗⃗⃗⃗K
d𝑉
1
1 𝑋
) = 𝑀𝑏𝑎 [𝑌 A ] + [ 𝑌 T ] + [ sin 𝛷 cos 𝛩 ] 𝑔
d𝑡 𝑏 𝑚
𝑚 T
cos 𝛷 cos 𝛩
𝑍A 𝑎
𝑍 𝑏
𝑞K 𝑤K − 𝑟K 𝑣K
(1)
− [𝑟K 𝑢K − 𝑝K 𝑤K ]
𝑝K 𝑣K − 𝑞K 𝑢K 𝑏
𝐿A + 𝐿F
⃗⃗⃗⃗⃗K
d𝛺
−1
(
) = 𝑇𝑏 ([𝑀A + 𝑀F ]
d𝑡
𝑁A + 𝑁F
𝑞K 𝑟K (𝐼𝑧 − 𝐼𝑦 ) − 𝑝K 𝑞K 𝐼𝑥𝑧
1
− [𝑟K 𝑝K (𝐼𝑥 − 𝐼𝑧 ) − (𝑝K 2 −𝑟K 2 )𝐼𝑥𝑧 ])
𝑚
𝑝K 𝑞K (𝐼𝑦 − 𝐼𝑥 ) − 𝑝K 𝑟K 𝐼𝑥𝑧

(2)

Here, Mba denotes the transformation matrix
between
body-fixed
(subscript b)
and
aerodynamic (subscript a) axis system, uK, vK,
wK, pK, qK, rK the translational and angular
velocities, X, Y, Z, L, M, N the aerodynamic
(superscript A) and thrust (superscript T) forces
and moments, Θ and Φ the pitch and roll angle
and m, 𝑇𝑏 , I, and g the mass, inertia tensor,
inertial tensor coefficients and gravitational
constant.
In order to linearize equations (1) and (2),
they will be simplified first by neglecting small
contributions [11]. The angular velocities pK, qK
and rK are considered to be small, and thus the
Euler term in (2) is eliminated. Furthermore, if
the velocities orthogonal to the direction of
flight (vK and wK) are small, the Euler term in
(1) can be simplified to [0 rKVK -qKVK]T with
VK ≈ uK. Additionally, for small angles α, β, Θ
and Φ, the trigonometric functions of the flow
angles can be replaced by a first order Taylor
approximation. With the aerodynamic lift FL,
drag FD, side force FY and the thrust line angle
iF, equations (1) and (2) become:
𝑢̇ K
− sin 𝛩
1 −𝐹D + α𝐹L + 𝐹
𝐹Y
[ 𝑣̇ K ] = [
] + [ sin 𝛷 cos 𝛩 ] 𝑔
𝑤̇ K 𝑏 𝑚 −α𝐹D − 𝐹L − 𝑖F 𝐹 𝑒
cos 𝛷 cos 𝛩
0
+ [−𝑟K 𝑉K ]
𝑞K 𝑉K 𝑏

(3)

𝐼𝑧
∆

𝑝̇K
[𝑞̇ K ] = 0
𝑟̇K 𝑏
𝐼𝑧𝑥
[∆

0
1
𝐼𝑦
0

𝐼𝑧𝑥
∆
0
𝐼𝑥
∆ ]𝑏

𝐿A
2
[𝑀A ] , with ∆= 𝐼𝑥 𝐼𝑧 − 𝐼𝑧𝑥
𝑁A

(4)

Landing accuracy is measured by the
difference between actual and desired position
of touch down. Therefore, the differential
equation of the position needs to be added to the
aircraft model. It can be expressed conveniently
by defining a reference flight path (e.g. along a
localizer) with flight-path azimuth χref = 0° and
⃗⃗⃗⃗⃗ as
angle of climb γref = 0°. Then, with ∆𝑅
deviation from the reference flight path, the
differential equation for the position becomes:
∆𝑅̇𝑥
−∆𝑉K
̇
⃗⃗⃗⃗⃗ = [∆𝑅̇𝑦 ] = [−∆𝜒𝑉K ]
∆𝑅
∆𝛾𝑉K
∆𝑅̇𝑧

(5)

𝑏

Finally, to complete the aircraft model, the
wind differential equation has to be added to the
set of equations. For an aircraft that is flying in
a wind field, the wind velocities it is affected by
depend on the motion of the wind and on the
motion of the aircraft itself. With Taylor’s
hypothesis of a “frozen” atmosphere and the
outer product ⊗, the time derivative of the wind
velocities can be simplified as:
𝑢̇ W
𝑇
⃗ W) 𝑉
⃗K
[ 𝑣̇ W ] = (𝛻⃗ ⊗ 𝑉
𝑤̇ W
𝑢W𝑥 𝑢W𝑦 𝑢W𝑧 cos 𝛾 cos 𝜒
= [ 𝑣W𝑥 𝑣W𝑦 𝑣W𝑧 ] [cos 𝛾 sin 𝜒 ] 𝑉K
𝑤W𝑥 𝑤W𝑦 𝑤W𝑧
− sin 𝛾

(6)

With small wind gradients and small χ and
γ, equation (6) becomes
𝑢W𝑥
𝑢̇ W
[ 𝑣̇ W ] ≈ [ 𝑣W𝑥 ] 𝑉K
𝑤W𝑥
𝑤̇ W

(7)

The resulting set of differential equations
lends itself to be divided into two independent
subsets, covering the “symmetrical” and
“asymmetrical” state variables und thus dividing
the model into separate descriptions of the
longitudinal and lateral motion. For this
analysis, we focus on the lateral part of the
equations, because, due to the stronger
restrictions on runway width compared to
3
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runway length the lateral landing accuracy is of
greater importance than the longitudinal landing
accuracy here.
With 𝑣W = 𝛽W 𝑉A , 𝛽K = 𝜒 – 𝛹 and
̇
𝛹 = 𝑟K (for small Φ), the simplified nonlinear
differential equations for the lateral motion are:
̇ 𝑉A
𝛽W
𝑣W𝑥 𝑉K
𝑟̇K
(𝐼𝑧𝑥 ⁄∆)𝐿A + (𝐼𝑥 ⁄∆)𝑁 A
̇
(1⁄𝑚)𝐹Y + sin 𝛷 cos 𝛩 𝑔 − 𝑟K 𝑉K
𝛽K 𝑉K
𝑝̇K =
(𝐼𝑧 ⁄∆)𝐿A + (𝐼𝑧𝑥 ⁄∆)𝑁 A
𝑝K + tan 𝛩 𝑟K
𝛷̇
𝜒̇ 𝑉K
(1⁄𝑚)𝐹Y + sin 𝛷 cos 𝛩 𝑔
−∆𝜒𝑉K
]
[ ∆𝑅̇𝑦 ] [

(8)

Summarized, the simplifications to yield
equation (8) are:




gradients(δ𝑣W𝑥, δ𝑤W𝑦 ) form the input vector to
the system, all expressed as deviations δ from
their reference value.
With δ𝐷 = ∆𝑅𝑦 being the lateral deviation
from the reference flight path (localizer), the
value of δD at the moment of touchdown can be
directly used as a measure of lateral landing
accuracy.
To simplify notation, the denominator δ is
omitted from here on, even though the state and
input variables still denote deviations from the
reference flight state.
Values for the coefficients in the linear
state-space equation (9) are calculated from [11]
for an Airbus A300 in landing configuration at
V0 = 77 m/s as summarized in Table 1.

Small velocities pK, qK, rK, vK and wK.
Small angles α, βW, βK, (𝜒 – 𝛹) Θ, γ and Φ.
Small wind values 𝑢W /𝑉A , 𝑣W /𝑉A , 𝑤W /𝑉A
and wind gradients 𝑢W𝑥 , 𝑢W𝑦 , …

In order to linearize equation (8), a
reference state has to be chosen at which the
nonlinearities
are
replaced
by
linear
approximations (first order Taylor series) that
are valid only in close vicinity of the reference
state. Choosing symmetrical and trimmed
forward flight at V0 as a reference state and
splitting the forces and moments into parts only
dependent on a single state variable, the
linearized equation of the lateral motion
becomes:
0
𝛿𝛽̇W
−𝑁𝛽
𝛿𝑟̇K
𝐹𝑌𝛽
𝛿𝛽̇K
𝛿𝑝̇K = −𝐿𝛽
0
𝛿𝛷̇
−𝐹𝑌𝛽
𝛿 𝜒̇
[ 𝛿𝐷̇ ] [ 0

0
𝑁𝑟
−1
𝐿𝑟
𝛩0
0
0

0
𝑁𝛽
𝐹𝑌𝛽
𝐿𝛽
0
𝐹𝑌𝛽
0
0
𝑁𝜉
0
+ 𝐿𝜉
0
0
[0

0
𝑁𝑝
0
𝐿𝑝
1
0
0
0
𝑁𝜍
𝐹𝑌𝜍
𝐿𝜍
0
𝐹𝑌𝜍
0

0
0 0 𝛿𝛽
W
0
0 0
𝛿𝑟K
(𝑔/𝑉0 ) 0 0 𝛿𝛽
K
0
0 0 𝛿𝑝K
0
0 0 𝛿𝛷
(𝑔/𝑉0 ) 0 0 𝛿𝜒
0
𝑉0 0] [ 𝛿𝐷 ]
1
0
−𝑁𝑟 −𝑁𝑝
𝛿𝜉
0
0
𝛿𝜍
−𝐿𝑟 −𝐿𝑝 𝛿𝑣
W𝑥
0
1 [𝛿𝑤 ]
W𝑦
0
0
0
0 ]
𝑇

Table 1: Elements of the state and input matrices
in eq. (9) for an A300 in landing configuration
at V0 = 77m/s
𝑁𝛽 :
𝑁𝑝 :
𝑁𝑟 :
𝑁𝜉 :
𝑁𝜍 :

0.3684
-0.2200
-0.2308
-0.0245
-0.3551

𝐿𝛽 :
𝐿𝑝 :
𝐿𝑟 :
𝐿𝜉 :
𝐿𝜍 :

-1.3807
-0.7735
0.7747
-0.2586
0.0730

𝐹𝑌𝛽 :

0.0970
𝐹𝑌𝜍 : 0.0225
𝑔/𝑉0 : 0.1274
(SI units, angles in rad)

2.2 Wind model
Turbulence is modeled by use of a white noise
signal with a defined seed, filtered to create
stochastic data with Dryden gusts’ power
spectral density. This approach allows easy
generation of a great number of different
reproducible and representative wind gradient
time series for the monte-carlo simulations.
2.3 Sensor model

(9)

Here, 𝑥 = [δ𝛽W δ𝑟K δ𝛽K δ𝑝K δ𝛷 δ𝜒 δ𝐷] is the
system’s state vector, while the rudder and
aileron deflections (δξ, δς) and the wind

The technical implementation of a suitable
atmospheric data sensor (e.g. LIDAR sensor) is
not subject of this analysis. Instead we postulate
the availability of such sensors in the near
future. However, some physical limitations of
these sensors are foreseeable and will be
included into the analysis.



A forward looking sensor mounted on the
aircraft will have a limited sensor range.
Sensors on the ground will most likely only
measure data in a two-dimensional plane of
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Fig. 4: Simulation structure

operation oriented perpendicular to the flight
path of the aircraft and thus will give
intermittent sets of data along the flight
path.
Therefore, the simulation sensor model provides
data with these limitations to the MPC
algorithm.
3 Results
The outlined simulation model was used to
design a model predictive controller that
minimizes deviation from the reference flight
path under the influence of atmospheric
disturbances. A time step of 0.1 s and a
prediction horizon of 10 s were chosen and the
angles of the control surfaces (ξ, ς) were limited
to ± 20°. In order to emphasize the minimization
of the lateral deviation from the reference path,
only the states D and 𝜒 were included into the
cost function of the MPC optimizer. The
simulations were performed in a simulation
structure as shown in figure 4.
3.1 Linear gust ramp
Figure 4 and 5 show the reaction of the
MPC controlled aircraft to a lateral gust from
the left. The gust consists of a 1 s rectangular
pulse of the wind derivative 𝑣W𝑥 starting at
t = 10 s (Fig. 5) resulting in an increase of 𝛽W
up to 5° after one second (Fig. 4). At t = 12 s a
similar 1 s pulse to the opposite direction

occurs, reducing 𝛽W to 0° again. The system’s
reaction is shown for three different controller
configurations:
1. The continuous lines show the
development of the state variables and
inputs over time, when the controller
does not use any information at all about
the actual measured disturbance (md)
𝑣W𝑥 (no md). The controller can only
react to the deviations of the state
variables. The gust causes a maximum
deviation from the reference path of
|D|max ≈ 1.25 m (t ≈ 15 s) before the
aircraft returns to the reference flight
path.
2. The dotted lines (md range 0 s) show
the state variables and inputs with the
same controller but this time provided
with information about the disturbance
currently affecting the aircraft. This
disturbance could be measured e.g. by
wind vanes or pressure probes on board
of the aircraft. The inherent knowledge
of the aircraft’s reaction to a disturbance
due to the internal model allows for a
better optimization of the commanded
variables and thus leads to a smaller
deviation from the reference flight path
with |D|max ≈ 0.56 m (t ≈ 12 s).
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Fig. 5: Control surfaces and wind gradient during gust

Fig. 4: States of the controlled system during gust, with
and without measured disturbance (md)

3. The dash-dotted lines (md range 10 s)
show the states of the system when the
controller incorporates information
about oncoming disturbances, measured
up to 10 s ahead of the aircraft by
LIDAR. With a landing speed of 77 m/s,
the md range of 10 s gives an effective
sensor range of 770 m. The maximum
deviation from the reference flight path
is further reduced to |D|max ≈ 0.30 m
(t ≈ 8 s).

The controller Configurations 1 and 2 are only
able to react to the disturbance beginning from
the moment the gust is actually affecting the
aircraft. Consequently, counter steering with the
control surfaces (ξ, ς) starts at t = 10 s (Fig. 5).
Additionally, in this example, the gust declines
before the system had time to settle at a new
steady state, resulting in a significant overshoot
when returning to the original trim state. Both,
initial deviation and overshoot are less
pronounced when the controller uses measured
data of the currently affecting disturbance in
order to predict the system’s dynamic response
to
the
disturbance
more
precisely
(configuration 2).
In Configuration 3 however the controller
does receive information about the oncoming
disturbance beforehand und thus can prepare the
system to better cope with the gust. Starting at
t ≈ 2 s, the controller, maneuvers the aircraft
into a state that helps to reduce the effect of the
oncoming gust, leading to a much smaller
maximum deviation |D|max and a significantly
reduced settling time. This is done at the price
of small but acceptable deviations from the
reference flight state prior to the gust.
In all three configurations, the controller is
using full aileron control authority to counteract
the atmospheric disturbance, leading to roll
angles of more than 5°.
6
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Fig. 7: Correlation between standard deviation of
maximum deviations and range of measured
disturbances (md)

3.3 Discussion of results

Fig. 6: 20 Monte-carlo simulations of the aircraft motion
with MPC using md range of 0 s (top) and md range
of 10 s (bottom)

3.2 Turbulence
Figure 6 shows a typical development of
the lateral deviation D under turbulent
atmospheric conditions for an aircraft with a
controller using only currently measured
disturbances at the aircraft (md range: 0 s) and a
controller using measured disturbances for the
full prediction horizon (md range: 10 s). For
clarity only the first 20 monte-carlo simulations
are displayed.
In both cases, the simulations start with the
aircraft on the reference flight path. The
turbulence induced lateral deviations are
increasing quickly, resulting in maximum
deviations of about 20 m in case of the
controller using only current measurements.
When using full measurement range however,
the controller is able to keep the maximum
deviations at a scale of 1 m.
The dependency between measurement
range and standard deviation σ of the maximum
deviations |D|max is displayed in figure 7 for sets
of 200 monte-carlo simulations. The standard
deviation is decreasing from σ ≈ 4.3 m to a
value of σ ≈ 0.4 m for a measurement range of
10 s (770 m) with the gradient flattening
towards the prediction horizon. At a
measurement range of 2 s (144 m) the deviation
is reaching a local minimum of σ ≈ 0.8 m.

The simulations show that the deviations due to
turbulence can be reduced by an order of
magnitude when using the complete prediction
horizon as sensor range. The results also show,
that even with a measurement range of only 2 s,
a significant reduction in deviations can be
achieved. However, the temporary increase of
the standard deviation when further increasing
the measurement range beyond 2 s also shows,
that the influence of the measurement range on
the deviations is depending on additional
factors. The results indicate that, while
generally a long measurement range is
preferable to reduce deviations, it is also
possible to achieve good controller performance
even with a very short measurement range,
provided that e.g. the range fits to the system
Eigen behavior and the characteristics of the
turbulence. This will be subject of future
analysis.
In the examined examples, the controller
optimizes the complete flight path to stay close
to the desired track and results are calculated
with respect to the maximum deviation from the
track. However, in a landing scenario the lateral
deviation prior to touch-down is of less
importance than the deviation at the moment of
touch-down itself. Adapting the cost-function to
reflect this by emphasizing the touch-down
phase could further reduce deviation at that
moment of contact with the runway.
Model Predictive Control allows a great
number of parameters to be varied. This covers
in particular the specification of the cost
function with its weighting factors as well as the
length of the prediction horizon or step size.
These parameters have been chosen suitably for
7
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the example control task, but have not been
analyzed in depth. The use of full control
surface authority (Fig. 4) for example is
beneficial for fast turbulence compensation but
could be less desirable in terms of passenger
comfort or actuation effort of the control
surfaces.
4 Conclusions and future work
This analysis aims to explore the general
applicability of model predictive control in
conjunction with atmospheric disturbance
monitoring. The simulation results showed that
the control approach is suitable to keep the
aircraft on the desired flight track and that the
control performance is further improved, if
information about oncoming atmospheric
disturbance is available.
While in general control performance
improves with a longer range of the wind
sensor, good results can already be achieved
with a relatively short sensor range (Fig. 6). The
good control performance in the regime of small
sensor ranges is planned to be analyzed in more
depth in future work.
The current analysis focused on the most
relevant lateral motion of the aircraft. In a next
step it is planned to extend the control scheme
to the full aircraft motion. Performance analysis
will then be carried out on a nonlinear 6DOF
aircraft model.
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