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Abstract— In order to achieve a high degree of
operational flexibility, it is often required to recover small
UAVs without infrastructure such as a runway. To help
overcome this difficulty, deep stall landing can be used as
a landing method on small space. The UAV is in a deep
stall when the angle of attack is beyond the stall angle,
and the condition causes the UAV to loose height rapidly.
In the post-stall phase the angle of attack is controlled
and the UAV can land with relatively low speed.

In this article we focus on the highly non-linear
longitudinal dynamics, and employ a non-linear model
predictive control (MPC) to find a control sequence to
guide a model of a fixed-wing UAV into a deep stall
to land at a given location and given path angle with
minimum speed.

Index Terms— Deep Stall, Optimal Control, Multiple
Shooting, MPC, Landing, UAV

I. INTRODUCTION
Unmanned aerial vehicles (UAVs) are used

for tasks involving human risk, hazardous areas
or repetitive tasks. It is common to divide
between fixed-wing and rotary-wing UAVs, where
the fixed-wing UAV is the type that will be
considered in this article. The main advantage of
fixed-wing UAVs is their ability to perform long
range missions. A longer flight time makes them
well suited for autonomous missions involving
surveillance or transport, where the area of interest
is far away from the point of departure. However,
this area of interest might be too far away from
land, forcing the need for take-off and landing on
a ship, or it has inconvenient landing conditions,
without space for a landing field. It is possible to
launch a small fixed-wing UAV from a catapult
[1],[2] or by hand [3], and bypass the need for
a runway for the take-off. To recover the UAV
without a runway, arrest systems can be used and
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the most common option among these is to use net
landing, see [2] and references therein. However,
this requires more equipment, which complicates
the operation and can be a limiting factor on UAV
missions. Deep stall landing is another method
that can be used to land a UAV withouth a runway
and without additional equipment. It exploits the
reduced lift and increased drag of a high angle of
attack in order to reduce speed during landing.

In the articles [4] and [5] the aerodynamics of
a deep stall are discussed, and in [6] an analysis
of deep stall landing for a small UAV is made.
To go into a deep stall means to increase the
angle of attack beyond the stall angle. In the
deep stall, the lift coefficient decreases and the
drag coefficient increases [4], [5]. This causes
the UAV to fall, but at a relatively low speed.
The steep path angle of the UAV reduces the
need of a landing field and enables the UAV to
land on a small area. In the article [1], a hybrid
system for safe deep stall landing of a delta
wing longitudinal model is described, with an
embedded safety mechanism that can abort the
landing if necessary. The authors describe how
this landing method is particularly convenient for
small autonomous flying vehicles, but it is difficult
to predict where the UAV will land, and when
to initiate the landing. A limiting factor is that
wind disturbance rejection performance may be
low as increased drag leads to more sensitivity to
wind, and reduced speed reduces control surface
effectiveness.

This article describes a case study where a
non-linear constrained Model Predictive Control
(MPC) is used to control the path angle of a
fixed-wing UAV in deep stall. MPC is chosen
since it can effectively handle non-linearities,



constraints, and find optimal solutions. Though
MPC has been used for various applications,
the use of MPC to control a deep stall landing
appears to be a novel idea, not reported in the
literature. Through simulations of a longitudinal
model of a Aerosonde UAV [7], which has a
mass of 13.5 kg and a wing span of 2.9 meters,
an algorithm is developed that guides the UAV in
deep stall to a given landing point. The algorithm
consists of two steps - cruise and landing - and
controls the path angle of the UAV to reach the
given touch down location. In the landing phase,
the UAV aims to follow a constant path angle
down to the landing spot. In addition to tracking
the path given, the speed of the UAV is taken
into consideration. To ensure a take down with
minimum impact and risk, the speed of the UAV
is minimized during the landing. In this algorithm,
the ratio between the vertical and the horizontal
velocity of the UAV is given by the path angle
needed to reach the given point of impact with
minimal speed. The aim in this scenario is to
land the UAV on a small place, like the deck of
a ship, with good accuracy and minimal speed.
It will risk some damage on the UAV, but this
is minimized by a minimal landing speed. To
solve the numerical optimization problem, an
open-source software package called CasADi
is used in a Python environment. CasADi is a
tool that, among other similar areas of use, can
make efficient implementations of algorithms
for non-linear optimization and calculations of
the numerical solutions of these optimization
problems [8]. A possible platform for real time
implementation of non-linear MPC is ACADO [9].

The outline of the rest of the article is as follows:
Part II presents the longitudinal 3-DOF model for
the UAV. Part III reviews the theory of MPC and
non-linear MPC, the advantages of warm starting
and the theory of direct multiple shooting. Part
IV defines the non-linear optimal control problem
derived from the model and the need to land in
a given location. The objective function is time
varying and balanced between several minimiza-
tion objectives and there are several constraints
present. Part V discusses the simulation results and
the interpretations of these results. Part VI presents

the conclusion of this article.

II. MODEL

The kinematics and kinetics of a 6-DOF model
for a UAV is given in [7, p.36]. The longitudinal
model has 3 DOF:[

ṗn
ṗd

]
=

[
cos(θ) sin(θ)
−sin(θ) cos(θ)

][
u
w

]
(1)[

u̇
ẇ

]
=

[
−qw
qu

]
+

1
m

[
fx
fz

]
(2)

θ̇ = q, (3)

q̇ =
1
Jy

ma. (4)

Considering a straight path, p = [pn pd]
> is the

position vector of the UAV containing longitudinal
and vertical components, u and w are the velocity
components in the body frame, f = [ fx fz]

> is the
force vector acting on the UAV in the body frame,
θ is the pitch angle, q is the pitch rate, Jy and ma
are respectively the moment of inertia about the
y axis and the pitching torque, which acts on the
UAV about the y axis, and m is the mass of the
UAV.

The forces and torques that act on the UAV in
the 6 DOF model are elaborated in [7, p.57]. In the
longitudinal model, only the x and z components
of the total forces are needed, and only the torque
about the y axis. These forces and this torque are
the only ones mentioned in the previous equations,
and they are all given in the body frame. The
equations for the forces are written as:

f =
[

fx
fz

]
= fg + fa + fp, (5)

where the gravitational force is given by:

fg =

[
−mgsin(θ)
mgcos(θ)

]
, (6)

where g is the acceleration of gravity. The aerody-
namic force is given by:

fa =
1
2

ρV 2
a S
[
CX(α)+CXq(α) c

2Va
q+CXδe

(α)δe

CZ(α)+CZq(α) c
2Va

q+CZδe
(α)δe

]
,

(7)



where CXq(α), CXδe
(α), CZq(α) and CZδe

(α) are
functions of the angle of attack α and constant
parameters for the specific UAV [7, p.58]. ρ is the
air density, Va is the airspeed, S is the surface area
of the wing and c is the mean aerodynamic chord
of the wing. δe is the control signal for the elevator
deflection of the UAV.

CX(α),−CD(α)cosα +CL(α)sinα, (8)

CZ(α),−CD(α)sinα−CL(α)cosα, (9)

CL(α) = (1−σ(α))[CL0 +CLα
α]+σ(α) (10)

[2sgn(α)sin2
α cosα],

σ(α) =
1+ e−M(α−α0)+ eM(α+α0)

(1+ e−M(α−α0))(1+ eM(α+α0))
, (11)

α0 and M are positive constants and CL0 , CLα

and CDp are parameters specified for the UAV
model used. CL is the lift coefficient. In 1985, [10]
published a book which contains aerodynamic data
for different airfoils of the NACA 44XX series. As
the wing aspect ratio of the Aerosonde is 15.24,
the best fitting drag coefficient graphs are the ones
for an aspect ratio of 14.88, which are marked ∞

in the article because of the section of the wind
tunnel. A roughly fitted polynomial for the drag
coefficient as a function of the angle of attack is:

CD(α) =−1.4238×10−11
α

6 +5.1773×10−9
α

5

−6.3337×10−7
α

4 +2.3320×10−5
α

3

+5.2458×10−4
α

2−0.0073α +0.0275
(12)

The lift and drag coefficients for different values
of α are shown in Fig. 1. The deep stall occures
when the lift coefficient decreases and the drag
coefficient increases, where the drag coefficient is
largest when α = 90o.

The propulsion force is given by:

fp =
1
2

ρSpropCprop

[
(kmotorδt)

2−V 2
a

0.

]
(13)

where δt is the control signal for the throttle
deflection. The pitching moment on the UAV is
given by:
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Fig. 1: CL and CD as functions of α

ma =
1
2

ρV 2
a Sc(Cm0 +Cmα

α +Cmq

c
2Va

q+Cmδe
δe),

(14)
where Cm0 , Cmα

, Cmq and Cmδe
are parameters

specified for the UAV model used.

The longitudinal model accounts for wind, just
like the full 6-DOF model by [7]. The wind
velocity vector in the body frame is given by:

vb
w =

[
uw
ww

]
=

[
cos(θ) −sin(θ)
sin(θ) cos(θ)

][
wns

wds

]
+

[
uwg

wwg

]
,

(15)
which is a sum of the gust component in the
body frame (uwg , wwg) and the inertial steady
component (wns , wds), rotated into the body frame
[7]. The gust component is simulated using the
Dryden wind turbulence model described in [11].
This model represents the turbulence as a spectral
density and simulates the turbulence as the output
of a linear filter with white noise as input. The
spectral density of the turbulence influencing the
UAV varies with the speed of the vehicle and the
altitude.

The velocity vector is given in (2), and taking
the wind velocity into account, the relative velocity
vector in the body frame is given:

va =

[
ur
wr

]
=

[
u−uw
w−ww

]
. (16)



The angle of attack, α , and the airspeed, Va, are
then given by:

α = tan−1
(

wr

ur

)
(17)

and
Va =

√
u2

r +w2
r . (18)

A vector u is formed with the longitudinal
control variables, δe, and δt . The control signal δt
is a pulse-width-modulated command, and should
be between 0−1.

u = [δe δt ]
> (19)

All states from (1), (2), (3) and (4) are placed
in a state vector:

x = [pn pd u w θ q]> (20)

III. METHODS

A. Model Predictive Control
This section refers in general to [12] and [13].

MPC is a controller that generates a sequence of
controls over a time horizon. For each time step,
an optimization problem is solved and a control
plan for the prediction horizon is generated. Only
the first control action from the plan is used as a
control input to the system, and the response of
the system is given as feedback to the controller
in the next time step. Then the optimization is
repeated and the prediction horizon is moved one
step further. In a linear MPC, the objective function
is assumed to be quadratic and the process model
is linear. This means that the optimization problem
can be solved with convex quadratic programming
(QP). In the non-linear case, with a general prob-
lem as given in (21)–(25), convex QP is no longer
an option, as the problem is no longer convex.

min
x(·),u(·)

∫ t0+T

t0
F(x(t),u(t))dt +E(x(T )) (21)

subject to
x(t0) = x0, (22)

ẋ(t)− f (x(t),u(t)) = 0, (23)
umin ≤ u(t)≤ umax, (24)

xmin ≤ x(t)≤ xmax,∀t ∈ [t0, t0 +T ]. (25)

To solve the non-linear MPC, a common method
is to transform the optimal control problem into a
non-linear program (NLP). The direct methods can
be characterized as ”first discretize, then optimize”
[14].

B. Direct Multiple Shooting
This section refers in general to [12], [13] and

[15]. In both direct single shooting and direct
multiple shooting, the control horizon of length
T is divided into N discrete control intervals,
with a corresponding piecewise constant control.
The difference between the two shooting methods
is that while single shooting solves the intervals
sequentially, the multiple shooting solves the prob-
lem simultaneously: Single shooting solves one
single ODE which is parametrized by the complete
input sequence. Multiple shooting, however, solves
one ODE for each time interval in the sequence
and has an additional constraint, demanding that
solutions of each time interval should be linked to
the next. Multiple shooting is illustrated in Fig. 2.
The NLP in multiple shooting problem is given in
(26)–(29), where F(si,qi) is the objective function
at time step i, si is the optimization variable for
the states, q is the optimization variable for the
control and E(sN) is the end term of the objective,
corresponding to E(x(T )) in 21.

min
s,q

N−1

∑
i=0

Fi(si,qi)+E(sN) (26)

subject to
x0− s0 = 0, (27)

xi(ti+1;si,qi)− si+1 = 0, i = 0, ...,N−1, (28)
h(si,qi)≤ 0, i = 0, ...,N, (29)

Equation (27) shows the initial value, which
affects all other variables and controls as each
consecutive state is a function of the previous
state and the previous control. Equation (28) is
the continuity constraint, and is necessary as each
optimization interval is dependent on the previous
one. Equation (29) represents the discretized path
constraint.

Multiple shooting is chosen over single shoot-
ing because it is a simultaneous approach, which



Fig. 2: Illustration of the control intervals and the
optimization variables at iteration i [15].

means that the optimization variables contain not
only the control variables, but also the state of
the model in all control steps of the trajectory.
That makes warm starting easier, meaning that
the solver is initialized with the output variables
of the previous optimization. Besides this obvious
advantage, it is easier to add hard constraints on
the states when they are included as optimization
variables, which is the case for multiple shooting.
Since the optimization method used is a direct
approach, it means that it commences with a dis-
cretization and then optimizes the discrete model
[14, p.77]. The discretization is performed with
an Explicit Runge-Kutta algorithm of 4th order
(RK4).

IV. PROBLEM DEFINITION

The main objective of this optimization is to
land the UAV in the given location, following
a given path angle, at a minimal speed. This is
achieved by cruising the UAV at a constant altitude
for a certain distance, and then guide the UAV to
the landing location. This is shown in Fig. 3, where
p1 is the initial position, p2 is the position where
the cruise is ended and the landing is initiated
and p3 is the landing location. p2 is calculated by
first choosing the desired initial landing path angle,
γ̂ , which is a negative angle. The next step is to
intersect the line going at angle −γ̂ from p3, with
the horizontal line going from p1. This means that
the UAV will cruise at altitude h until the distance
in the x-direction is equal to d = h/ tan(−γ̂). Then
it will initiate the landing.

To generate a sequence of control that optimizes
the trajectory of the UAV with respect to the

x

z

h

d

p1 p2

p3

Fig. 3: The landing procedure: Cruise from p1 to
p2, then land by tracking p3.

objective, a finite horizon optimization problem is
represented by following equations:

min
x,u

N−1

∑
k=0

F(xk)
T QT

1 Q1F(xk)+

(uk+1−uk)
T RT R(uk+1−uk)

+E(xN)
T QT

2 Q2E(xN), (30)
subject to

xk+1 = fd(xk,uk) (31)
given x0 (32)

where functions F and E in (30) vary with the
objective of control and fd is the right-hand side
of the discretized differential equation for the
model. x and u are the state and control variables
of optimization. In addition, certain bounds were
introduced to the variables to prevent them from
challenging the physics of the UAV model. The
absolute value of the pitch angle cannot exceed
90o and there is a bound on the control signals.
Besides, to prevent the angle of attack from con-
taining a singularity, it has been limited within
60o in absolute value. A bound for the the body
velocity is introduced, limiting both u and w to 25
m/s.

−π

2
< θ <

π

2
(33)

−π

6
< δe <

π

6
(34)



−π

3
< α <

π

3
(35)

0≤ δt ≤ 1 (36)

−25m/s≤ u,v≤ 25m/s (37)

Since there is a strict limit on α , it is also
included as an optimization variable and requires
a second constraint:

subject to

αk = tan−1
(

wr

ur

)
(38)

Since α is upwards constrained to be less than 60o,
this will necessarily affect the drag coefficient,
which is dependent on alpha. According to Fig.
1, the maximum value of the drag coefficient
occurs approximately at 85 degrees, which means
that the constraint is active as it prevents the drag
coefficient to reach its maximum.

To cruise the UAV, the difference between the
UAV’s altitude and its initial altitude h is mini-
mized. At the same time, the change in the control
is minimized:

min
x,u

N−1

∑
k=0

(pnk−h)Q2
1(pnk−h)+αkQ2

2αk

+(uk+1−uk)
T RT R(uk+1−uk)

+(pnN −h)Q2
3(pnN −h)+αNQ2

4αN ,

Q1 = Q2 = Q3 = Q4 = 10, R =

[
1 0
0 1

]
(39)

Let the UAV’s path angle be written as γ and
the desired path angle as γ̂ . The path angle of the
UAV is the angle with which it moves relative to
the ground. It can be calculated by:

γ =− tan−1
(

ṗd

ṗn

)
(40)

where ṗd and ṗn are found from (1). To land the
UAV, the path angle is controlled to be as close
as possible to γ̂ , which is the path angle from the
UAV to the target.

γ̂ =− tan−1
(

pd− targetz
pn− targetx

)
(41)

In addition, some weight on the speed is im-
posed:

min
x,u

N−1

∑
k=0

(γk− γ̂)Q2
1(γk− γ̂)+VkQ2

2Vk

+(uk+1−uk)
T RT R(uk+1−uk)

+(γN− γ̂)Q2
3(γN− γ̂)+VNQ2

4VN ,

Vk =
√

u2
k +w2

k , k = 0, ...,N,

R = [R1 R2]
> (42)

where the size of Q1, Q2, Q3, Q4 and R depend
on the size of γ̂ in order to minimize the objective
function correctly. The deep stall landing is con-
tinued until the altitude of the UAV reaches the
altitude of the target.

V. SIMULATION

The simulation program is written in python,
aided by the libraries numpy [16] and CasADi
[8]. An optimization horizon of T = 2 sec-
onds is chosen, and the number of equidistant
control intervals is N = 40, which leads to a
corresponding discretization interval of 50 ms.
To perform the non-linear optimization, CasADi
uses the non-linear program solver NlpSolver.
For more details on the CasADi framework,
see [8]. In the initialization of the program,
the optimization variables are declared as X =
[x0 α0 u0 x1 α1 u1 ... xN αN uN xN+1 αN+1]
and the boundaries of the variables are stated in
(33), (34), (35), (36) and (37). Besides, an initial
guess for the optimization variables is given. This
is made by repeating the initial value of the state
variables, α and the control variables, x0, α0 and
u0, N times and then adding a last occurrence of
x0 and α0:

x0 =


0
−70
25

1.32
0.05

0

 ,u0 =

[
−0.08
0.33

]
,α0 = 0.05 (43)

The target landing position is given by two co-
ordinates in the longitudinal coordinate system:
targetx and targetz. The position is set to (250,0).
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Fig. 4: The position and inertial velocity, angles and angular velocity of the UAV during the deep stall
landing.
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Fig. 5: The the control values, drag and lift coefficients of the UAV during the deep stall landing.



TABLE I: γ̂ weighing parameters

γ̂ Q1 Q2 R1 = R2 Deviation between landing
position and targetx

30o 400 1 40 0.00984 m
40o 600 1 60 0.44345 m
50o 700 1 70 0.68845 m
60o 200 1 20 5.47832 m

The steady component of the wind is constant
throughout the simulation, but the gust follows the
Dryden turbulence model, as follows:[

wns

wds

]
=

[
−3
2

]
,

[
uwg

wwg

]
=

[
0.1
0.1

]
(44)

Although the steady component is kept constant
throughout the simulation, the gust component
varies with each time step. After the optimization
is performed with the present gust values, the
gust is updated with a simulation of the Dryden
model, and this new gust value is used in the
simulation of the UAV model to iterate one time
step. This way, the measurement delay of a real
UAV’s wind measurements is simulated. The
consequence is that the simulation of the UAV
model will not give exactly the same values as
the optimized values, although the same control
signals are used. This is an unknown disturbance
to the system, and can cause results which are not
perfect. An average performance over 10 tests is
presented later in this section.

The first optimization part of the program
consists of cruising in a constant height from p1
to p2 as illustrated in Fig. 3. Point p2 is defined
by quantifying γ̂ and letting the line from p3
intersect the horizontal line from p1. The value
of γ̂ , for which the model has been successfully
tested to give deep stall measurements, can be
between −30o and −60o, although the controller
also works very well for −30o < γ̂ < 0, which
results in no deep stall, but still low speed
landing. The plots included and discussed in this
article use a reference path angle of γ̂ = −40o.
The relationship between γ̂ and the weighing
parameters that tracks the desired γ̂ best and at
the same time keep the UAV in deep stall, are
given in Table I.

In the cruising phase, an optimization with
the NlpSolver is repeated, where the objective
function is as given in (39) and the constraints
are as given in (31). In this optimization the
IPOPT [17] solver is used. The maximum
number of iterations is 100, to prevent a long
computation time. Every time the optimization
is repeated, it is warm started, using the output
from the last optimization as the initial value
of the next optimization, only shifted one position.

After the UAV has reached p2, the MPC
switches objective. The NlpSolver is initiated
again just like in the cruising part, only with an
objective as given in (42). For the simulation
whose plots are included in this article, the
weighing parameters are set to Q1 = 600, Q2 = 1
and R = 60.

The simulated behaviour of the UAV is plotted
in Figs. 4 and 5, with the gust component
of the wind plotted in Fig. 6a. The average
number of iterations for the cruising phase was
9 and the average computation time on the
optimizations was 0.223 seconds. The landing
phase found the optimal solution at every
optimization, using an average of 20 iterations
and in total 154 optimizations. The average time
spent on optimization for the landing phase
was 0.584 seconds. The processor used for
these optimizations is a 4th gen Intel R© CoreTM

i7-4610M. It is worth mentioning that the position
is plotted with altitude instead of the usual down
variable, simply by inverting it and using the
ground as zero. The velocity in the inertial frame,
shown in Fig. 4b, therefore has altitude velocity,
showing the change of altitude, instead of down
velocity with the change of the down variable.

To see how much the stochastic variables of the
wind gust influence the end results, 10 simula-
tions were performed with the same parameters
as mentioned above. The deviation between the
landing position and the target had an average
of 0.440 meters and standard deviation of 0.008
meters, and the landing speed had an average of
11.8 m/s and a standard deviation of 0.212 m/s,
flying deep stall throughout the landing phase. The
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Fig. 6: The gust components of the wind during one simulation and 10 simulations

gust components of these simulations is shown in
Fig. 6b.

A. Discussion of the Results

Already when the path angle is −60o, the
deviation between the landing position of the
UAV and the target position is significant, and
when the landing speed and path angle are higher,
the target tracking is no longer working, giving
an oscillating angle of attack.

According to Fig. 4a, the landing position was
successfully tracked with γ̂ . The landing position
error was approximately 0.43 meters, which is
reasonably small compared with the length of the
UAV. At the landing, the speed is approximately
11.82 m/s, which is a reduction of more than
50% from the cruising speed. The longitudinal
component of the inertial velocity is 6.7 m/s at
the touch down moment, and the vertical velocity
is 9.75 m/s, pointing downwards. The speed is
relatively constant, but increasing slightly at the
end, due to an increasing difference between
desired path angle and real path angle. The wind
can influence the inertial speed of the UAV a lot
if the magnitude of the wind is large, pushing the
UAV in the direction of the wind. If the UAV
flies against the wind, this effect is exploited to
reduce the speed of the UAV. The gust, however,
is not known by the model at each time instance,
and therefore influences optimization of the UAV,

causing an error in the path angle tracking.
However, as the previous section says, in average,
the differences are minimal. In [1] and [6], one
characteristic of the deep stall landing was that the
longitudinal velocity was much smaller than the
vertical velocity. In the simulations presented in
this paper, this difference is not that remarkable,
since a specific path angle has to be followed,
thus forcing a relationship between the velocity
components.

When the cruising phase is done, the plots
show a brief but rather unsteady transition to
the landing phase. Both the pitch angle and the
angle of attack in Fig. 4c, the pitch rate q in Fig.
4d and the elevator deflection in Fig. 5a show
clear signs of this. With a different tuning of
the weights in the optimization, this could have
been smoothed, but that would have sacrificed the
tracking of the desired path angle and minimizing
the speed of the UAV later. A good solution
for this problem would be to diverge from
using two phases, first cruise and then landing,
and instead follow a smooth transition from a
constant altitude flight until the landing is finished.

Looking at the control plot in Fig. 5a, the
elevator deflection is smooth and does not
vary much after the unsteady initial transient
phase. The throttle is smoother than the elevator
deflection and does not vary much. It is saturated



in zero for a short while during the landing,
corresponding to the part in Fig. 4c where
the actual path angle oscillates slightly, from
approximately 6.5 seconds to 8 seconds. The
oscillations in the elevator deflection results in
oscillating angles in Fig. 4c, angular velocity
in Fig. 4d and oscillating lift in Fig. 5b in the
transient phase. The last few iterations, both
control signals deviate from their stable positions,
which reflects the moment when the altitude of
the UAV reaches zero and the deviation between
γ and γ̂ gets large. The simulation is stopped
only when the altitude crosses zero. This gives
an end path angle that is larger than 90o, and
magnifies the deviation between desired and real
path angle and demands a high elevator deflection.

Apart from the transient phase, the angle of
attack is constantly high in Fig. 4c, roughly 60
degrees, due to a constraint in allowed angle of
attack for the controller that is meant to avoid
singularities in calculations and potential loss of
controllability. If this constraint were higher, set
for instance to 85o degrees, then the angle of
attack would increase and saturate there instead.
The maximum drag coefficient of this UAV
is approximately 2.1, which is achieved with
α = 85o, but even at α = 60o, the drag coefficient
is significantly larger than the lift coefficient.

VI. CONCLUSION

The model that is given in Section II is able to
perform a precision landing at low speed with the
aid of an accurately controlled deep stall. This is
achieved with a non-linear MPC that first controls
the altitude and then minimizes the velocity sig-
nificantly and controls the path angle of the UAV.
Simulations of longitudinal dynamics and control
have been performed, indicating that the precision
landing is possible, and that the impact will happen
at a relatively low speed. The known steady wind
influences the landing speed and the unknown
wind gust influences the landing position. With the
use of warm start, every optimization needs only a
minimum of iterations to find the optimal solution.
Lateral control is also important for a deep stall,
but has for simplicity not been included in this
paper.
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