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Robust Adaptive Model Predictive Control of Quadrotors

Alexandre Didier, Anilkumar Parsi', Jeremy Coulson, Roy S. Smith!

Abstract—Robust  adaptive model predictive control
(RAMPC) is a novel control method that combines robustness
guarantees with respect to unknown parameters and bounded
disturbances into a model predictive control scheme. However,
RAMPC has so far only been developed in theory. The goal
of this paper is to apply RAMPC to a physical quadrotor
experiment. To the best of our knowledge this is the first time
that RAMPC has been applied in practice using a state space
formulation. In doing so, we highlight important practical
challenges such as computation of \-contractive polytopes and
dealing with measurement noise, and propose modifications
to RAMPC so that it can be applied on a quadrotor. We
first simulate quadrotor flight with a direct and a decoupled
control architecture in different scenarios. The scenarios
include: (i) an uncertain quadrotor mass and additive wind
disturbance as part of a package delivery problem; and (ii)
all rotor efficiencies drop as a power delivery problem. We
then implement these scenarios on a physical quadrotor and
present the experimental results.

I. INTRODUCTION

Model Predictive Control (MPC), see e.g. [1], is an
optimisation based control scheme, which guarantees state
and input constraint satisfaction for a discrete-time, nominal
system. Robust MPC, see [1], integrates robustness guaran-
tees with respect to bounded disturbances and model uncer-
tainties into the optimisation problem. However, robust MPC
controllers result in poor closed loop performance when the
uncertainty is large. This is addressed by Robust Adaptive
MPC (RAMPC), a novel control technique proposed in [2]
using impulse response models to describe system dynamics.
The method assumes that the impulse response coefficients
lie in a bounded set describing the model uncertainty. Using
measurement data, this uncertainty set is updated online
by applying set-membership identification [3]. By ensuring
that the true parameter is always included in the updated
uncertainty set, robust constraint satisfaction is guaranteed
in closed loop. The RAMPC method was extended in [4] for
linear state space models with affine parametric uncertainty
in the state space matrices. This extension enables the
use of fewer parameters to describe the model uncertainty,
and allows to apply RAMPC to a wider class of systems.
Multiple extensions have been proposed to this algorithm to
reduce its computational complexity, see e.g. [5], [6]. Despite
these attractive features, RAMPC has never been applied in
practice using state space models. In this paper, we aim to
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bridge the gap between theory and practice, by implementing
RAMPC on a quadrotor to perform regulation in various
scenarios. The algorithm robustly guarantees a safe flight
when the model parameters are not accurately known and the
system is affected by disturbances. This provides an inherent
safety advantage compared to other adaptive schemes which
have been applied to quadrotors, see e.g. [7].

The main contributions of this paper are the solutions to
practical issues which arise in the application of RAMPC.
The first issue is that the steady-state input is itself not
known, which is generally ignored when a problem is
formulated for regulation. The second issue is that the
RAMPC algorithm for state space models assumes that the
measurements are unaffected by noise, which is not realistic.
Finally, the algorithm also requires computation of contrac-
tive polytopes, whose design affects the feasible region and
closed loop performance. To resolve these issues, we present
solutions with theoretical guarantees which showed good
performance during practical implementation. In addition,
we propose a novel algorithm to compute polytopes with
a desired contraction rate, which reduces conservatism and
computation time of the algorithm.

To test the effectiveness of RAMPC as a control scheme
for quadrotors, we first simulate different scenarios of a
quadrotor flight: (i) The first scenario involves an uncertain
quadrotor mass as part of a package delivery. If the mass
of the package is unknown, it may lead to an unsafe
flight resulting in a crash of the quadrotor. Additionally,
an unknown wind force is acting on the quadrotor which
is modelled as an additive disturbance. Wind is a common
factor during an outdoor quadrotor flight and its impact on
quadrotor flight is studied in [8] and [9]. (ii) In the second
scenario we consider a loss of efficiency in all rotors as a
power delivery problem, as similarly studied in [10] and [11].
The simulations were performed with two different control
architectures for the quadrotor, a direct thrust control and a
decoupled control structure, see [12].

The paper is structured as follows. Section II contains a
description of the RAMPC method used, a description of the
set-membership identification, and a discussion on practical
implementation issues and their solutions. In Section III, we
show the results of simulations of different quadrotor flight
scenarios and in Section IV we discuss the results of the
experiments on the physical quadrotor.

Notation. The set of integers {1,...,n} is given as N}
and the set of positive reals is R~g. A = 0 denotes that the
matrix A is positive semi-definite. The i-th row of a matrix
A is given as [A];. The diagonal matrix with entries a, b, ¢ on
its main diagonal is denoted as diag(a, b, ¢) and the convex
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hull of a set A is defined as co(A). The identity matrix is
denoted as I and 1 is the vector of ones. The Euclidean
norm of b is is given by ||b|| and ||:c||?4 represents z7 Ax.
A @ B denotes Minkowski set addition and B,, denotes the
set {z € R"| ||z]|, < 0.5}

II. ROBUST ADAPTIVE MODEL PREDICTIVE CONTROL
A. System description

The RAMPC scheme proposed in [6] is used in this paper
due to its computational efficiency. The method considers
linear, discrete-time, parameter dependent dynamics with an
additive disturbance

Tpy1 = A(G)l’k + B(G)uk + wg, (1)

with the state vector z;, € R"”, the disturbance w; € R", the
input vector ug € R™ and the uncertain parameter § € R?,
whose true value is 8 = 6*. The additive disturbance w;, and
the uncertain parameter 6 fulfil the following assumptions,
made in [4], [5] and [6]:

Assumption 1.

1) The disturbance wy, is bounded by a convex polytope
wg € W = {w S Rn| wa S hw}» (2)

with Hy, € R™ %" and hy, € R™.

2) The system matrices A(0) and B(0) depend affinely
on the parameter vector 0 € RP with respect to the
matrices A; € R™" and B; € R™"*™, such that

p

(A(6), B(6)) = (Ao, Bo) + > _(Ai, B)[fli- (3

i=1
3) The parameter 0 is bounded in a convex polytope
0 € ©g = {0 € R?| Hp,0 < hg, }, “4)

with Hg, € R™*P and hg, € RY known, containing
the true, unknown parameter vector 6*.

The states and inputs are constrained in a bounded poly-
topic set, with F' € R"=*" and G € R"=*™,

(g, ug) €Z={(z,u) € R" xR™| Fx + Gu < 1}. (5)

B. Parameter Identification

To estimate the parameter 6, set-membership identification
is used, see [3]. In this identification method, a set of possible
parameters that is guaranteed to contain the true parameter
is recursively updated. This gives robustness guarantees with
respect to the uncertain parameter. In order to compute this
recursive update, the time dependent matrix Dy € R™*? and
vector d;, € R"™ are introduced

Dy = [Ayxp+Brug, Az +Bauy, . . .
dp = Agri—1 + Boug—1 — x,

7Ap$k+Bp’LLk],

which are affine in the states and inputs. At every time step k,
the set of possible parameters consistent with the evolution of
the system given the unknown, bounded disturbance, can be

computed. This set of parameters Ay, called the non-falsified
parameter set, is given as

Ay = {9 S Rp| T — (A((g)l’kfl + B(@)ukfl) S W}
={0 eRP| — H,Dy_10 < hy + Hydg}. (6)

The set of feasible parameters is denoted by O and is
recursively updated using the non-falsified set Ay, starting
with © as the initial set. In order to efficiently describe the
parameter set, the parameter sets are restricted to a bounding
hypercube, with centre §, € R” and length 7, € R>g, as in

Ok = {0k} ® mBy 2 Op_1 NA. (7N

The computation of such 0, and N, is detailed in [6].
Additionally, a point estimate 0, is required to evaluate
the cost function, which is chosen as a least mean squares
estimate of the true parameter 8* and is updated recursively
using the update formula

O = Op—1+uDF_ (23— (AOp—1)Tp—1+B(Or—1)u—1)),
0, = To, (0), ®)

where Ilg, (-) denotes the projection onto the set © and
1 € Ry is a constant filter parameter.

C. Tube Model Predictive Control

Tube model predictive control, see [13], predicts the state
propagation of a system by using polytopes within which
the states are guaranteed to be contained, given a bounded
additive disturbance and bounded uncertain parameters. In
order to guarantee robustness with respect to w € W and
6 € O, a state tube {X k}leNé\’ is introduced at time step
k for the predicted time step . This tube consists of N + 1
predicted polytopes X;;, C R™ in the state space at time
step k, where IV is the prediction horizon of the RAMPC
scheme. At each predicted time step |k, it can be ensured
that the states are inside of the polytope X, for all w € W
and 0 € ©y. It follows that robustness is guaranteed if the
polytopes do not violate the constraints in (5). Thus, the
following constraints must hold VI € N}

A(G)JC + B(G)u”k(x) +w € Xl+1\7€’
Vo € Xy, w € W, 0 € O,
($7Ul|k($)) €Z, Vxre X”k,

(9a)

zg € Xo|, (9b)

for some input mapping u;; : R™ — R™. The polytopes
X = {Zyx} © ayiXo are defined as translations and
dilations of a predefined polytope Xg = {z € R"| Hyz <
1}, with H, € R"=*" The translations Zy);, are computed
according to the dynamics (1) with # = 6}, and the dilations
oy are decision variables. Finally, in order to guarantee
recursive feasibility of the scheme, the following terminal
constraint is applied on the final polytope of the tube X ;, C
Xy, where Xy is a terminal set.

An input parametrisation u,(z) = Kx+4-wvy is used, with
a prestabilising feedback matrix K € R™*"™ and the decision
variables {U”k}leN(JJ\I—l, where vy, € R™. The feedback
matrix K needs to fulfil the following assumption.



Assumption 2. The feedback gain K stabilises
Ay (0)=A(0)+B(0)K for all 0Oy and it holds that

Aq(0)'PA4(0)+Q+ KT'RK = P, V0 e 0Oy, (10)

where Q € R"*"™ R € R™*™ and P € R"*™ are positive
definite cost matrices of the cost function defined in (11a).

Assumption 2 is standard for tube MPC methods, and
is also used in [4] and [6]. The prestabilizing gain K and
the terminal cost P can be computed using a semi-definite
program, for example as proposed in [6].

The RAMPC method in [6] uses the contractivity of the
polytope X, in order to rewrite the constraints (9) linearly in
the optimisation variables. The definition of a A-contractive
polytope is given as follows.

Definition 3. A polytopic set Xg = {x € R"| H,z < 1}

is A-contractive for some \ € [0, 1), with respect to some
0 € ©¢ and a feedback gain K, if

H,(A(0) + BO)K)z < \1, Vz € X,.

In order to compute the contractivity of a polytope X for
all § € ©, C O, the upper bound, denoted A,

A= max [H,];Au(Ok)x+nr max [H,|;D(x, Kx)é;,
i,2€Xo i,7,2€X0

is used, where e; represents the j-th vertex of the unit
hypercube B,. The RAMPC optimisation problem, which

is solved at every time step, using ov.|,={yx }i=o,....n and
ve={vik fi=0,....N—1 i8:

N-1 2 2 2

min, 3 e, + e[, + 2 (112
0 e 2 Q R P

st Vie NP'= Vje N e N)-1,

Tojk = Tojk = Tk, o)k = 0, (11b)

Zig1pk = AOr) Ty + B0y, (11c)

Wk = KTy, + oy, (11d)

Tip1n = A(ék)fﬁl\k + B(ék)al\ky (11e)

Uy = KZyp + vy, (111)

(F + GK)Zyi + Guyg + cogpe < 1, (11g)

Ao+ 0+, [He i D (2, )€ < aggapr, (11h)
(11i)

with @ = max; ,ew|[H;];w and [c]; = max,ex, [F+GK];x
for ¢ € N}=. The optimisation problem consists of the cost
function (11a), the initial condition (11b), the propagation of
the state z for the centre ), of ©, in (11c) and (11d) and of &
for the point estimate 0 in (11e) and (11f), the state and input
constraints (11g), the tube inclusion constraint (11h) which
implies (9a) and finally the terminal constraint (11i). Under
the assumption that \ + max; ¢;w < 1 holds, it is shown in
[6] that (11i) can be used as a terminal constraint to show
recursive feasibility. Thus, with the given assumptions the
constraints (9) hold and recursive feasibility, stability and
consistency of the parameter estimation are proven in [6].

D. Practical Issues

Steady-state input error and measurement noise affect
many real systems. For the quadrotor simulations and imple-
mentations in Sections III and IV, an uncertain mass is used,
which results in a steady-state input dependent on the uncer-
tain parameter 6 for a linearisation of the dynamics around
the hover position. This practical issue is not considered in
the methods presented in [4], [5] and [6]. Given a system
with a true, non-zero steady state input uss(6*) the steady-
state input which is applied iS uss(0) = wss(0%) 4+ Uss err (0)
with the steady-state input error g e (6).

This steady-state input error affects the dynamics given
by xp+1 = Aa(0%)xy + B(0*)vr + B(0" )uss err(0) + wp.
In order to be able to guarantee robustness with respect to
this steady-state input error, the term B(6*)uss,err(6) can
be considered as an additional disturbance that affects the
dynamics. By using [4]; = maxgco,[Hy]iB(0)uss,err(0) as
the rows ¢ of the vector @, the tube inclusion constraint can
be rewritten for xy;, € Xy, 0 € Oy, as

H, ((A(B) + BO)K )y + BOue )+ + 1 < g,

By including this additional term %, the theoretical robustness
guarantees of the method are preserved. In practice however,
this leads to conservatism, as a large uncertainty set ©g
is used for the scenarios, which in turn leads to a large
steady-state error compared to the disturbance. Instead, as
the estimate of § improves over time by using the set-
membership identification, the steady-state input is recom-
puted as u,4(0y), with 6}, the centre of ©. This significantly
improves performance at the cost of the loss of robustness
guarantees. Compared to directly using the methods in [4],
[5] and [6], updating the steady-state input with respect to 6,
resulted in reference tracking with small or no steady-state
error, as can be seen in Sections III and IV.

The second practical issue to be considered is measure-
ment noise on the state £ = xx + my. Such noisy mea-
surements can lead to the true parameter §* being removed
from ©f in the set-membership identification. Under the
assumption of bounded noise m; € M C R", with a
convex polytope M, consistency for the set-membership
identification can still be guaranteed. It must hold that if there
exists a noise m € M, that could explain a parameter choice
0 € O_; given the disturbance w € W, then this parameter
0 cannot be eliminated from Oj. This can be achieved by
introducing dilation factors in the calculation of the non-
falsified parameter set

Ay ={0 € R"| —H,Dj_10 < hy+H,dj+ ma;l\%lemk
mi€
L~ HuA@)m 1}, (12)

max

0€OK_1,mK_1€
with the set update © O Of_1 N Aj. As M is known
a priori and and the sets ©j are restricted to hypercubes,
the dilation factors can be easily computed. By using the
proposed methods, RAMPC can be applied to any practical
system subject to an uncertain steady-state input and bounded
measurement noise.



In order to reduce the computation time in the RAMPC
scheme, the upper bound X in (11h) is not updated during
real-time control in Section IV. As this results in a conser-
vative upper bound on the contractivity rate, the algorithm
from [14] is adapted to construct a polytope Xy with a
desired contractivity rate A for all § € Og, and is given
in Algorithm 1. The specified contractivity rate A\ replaces
the potentially conservative upper bound A and reduces the
initial conservatism on the contractivity, which results in
better initial feasibility. Additionally, by using the proposed
algorithm, A-contractive polytopes with a low number of
half-spaces were constructed, which allowed a real-time
application of RAMPC in Sections III and IV.

Algorithm 1 Computation of a A-contractive polytope.

1: Initialise H? = |FT (GK)T !
2141

3. while i < # rows of H.™! do

4  H« Hi7!

5 for j € N/’ do

6: e; + max,[H:)iAq(67) — A1

7 st. Hix <1

8 if e; > 0 then .
0 H, = [HT (3[Hi]iAa(07)T]
10: end if

11: end for

12: 11+ 1

13: end while
14 Xo={z e R"| H: 'z < 1}

ITI. SIMULATION STUDIES
A. Quadrotor Dynamics
The dynamics of a quadrotor are nonlinear and are repre-

sented by 12 states and 4 inputs and their description can be
found in [12]. The states and inputs are

T = [ApT ApT  AyT Au}T}T,
u=[aff A A af]

where Ap is the z-,y-,z-positional deviation from the steady-
state position, Ay = [Ay  Af Aa]T are the roll-pitch-
yaw angles and A f; are the deviations of the thrusts gener-
ated by rotor ¢ from a steady-state input. For the RAMPC
scheme described in Section II, the linearisation around
the hover position of the quadrotor dynamics is used. This
steady-state input for the quadrotor is computed by solving

1 1 1 1 f1 mg
Y1 Y2 Ys  Ya fa 0
- : 13
—x1 —%z —x3 —Ta| |f3 0 (13)
1 Co C3 4 fa 0

with the position of rotor ¢ with respect to the centre of
gravity (w;,y;), a constant of proportionality from rotor
torque to thrust force c;, the quadrotor mass m and the

gravitational acceleration g. The linearised dynamics are in
the form (1) and are given in [12]. For the discrete time
dynamics, an Euler discretisation with a sample time of
T, = 0.1s is used. The chosen discretisation and sampling
time showed good flight performance in simulation.

B. Unknown Mass Scenario

The first scenario considered is of a package delivery,
where the mass of the quadrotor m is unknown. For this,
we use RAMPC in a receding horizon fashion for a control
architecture where the control inputs are the individual
thrusts of each rotor as described in Section III-A, referred
to as direct thrust control in [12]. Note that as m is required
in the computation of the steady-state input (13), uss(6) is
updated at every time step as discussed in Section II-D. The
inverse of the mass appears in the dynamics. Thus, 6 = %
and Oy = [ﬁ,ﬁ]kgfl with §* = 535<. A constant
wind disturbance with a velocity of up to 27 in z,y and z-
direction is considered. The quadrotor is restricted to operate
in a hypercube in space of {Ap € R3| ||Apl||_, < 0.7m}. The
roll, pitch and yaw angles are restricted to +7/2 radians. As
input constraints, the generated rotor thrust for each rotor
needs to lie within [0,0.16]N. The cost matrices, which
are used are Q=diag(10,10,100,1,1,1,2,2,30,1,1,1)/100 and
R=diag(1,1,1,1)/100. All optimisation problems are solved
using YALMIP [15] with MOSEK [16] and OSQP [17] as
solvers. The results of this scenario can be seen in Figure 1,
where after 10 time steps, ©1¢ ~ [35.66, 37.04}kg71, which
corresponds to m € [27,28.05]g. Note that by using the
direct thrust control mode, robust flight can be ensured in
the lateral directions as well as the altitude. The average
solve time for solving the optimisation problem as well as
updating the uncertain parameter was 90ms on a 3.1 GHz
Intel i5 CPU. The computation time of 90ms was achieved by
using Algorithm 1 in order to find a A-contractive polytope
Xy C R!'? with a low number of half-spaces n,, as the
number of constraints in (11) is dependent on n,. In Figure
2, the performance of RAMPC is compared to a robust MPC
controller while performing the package delivery task. Note
that the mass of the quadrotor is assumed to be 37g for the
robust MPC scheme, which lies in ©g and is not updated
during the flight. As opposed to the results shown in Figure
1, the robust MPC controller is tracking only the altitude
reference as tracking the x- and y-position at the same
time resulted in unstable flight. The robust MPC problem is
infeasible near the constraints and a steady-state error exists
near the origin, as the steady-state input is not updated as
the mass is not estimated.

C. Decoupled Quadrotor Dynamics

The linearisation in Section III-A represents one possible
means of controlling a quadrotor via direct rotor control, i.e.
the desired thrust for each rotor is computed individually
and applied directly. This control mode proved to be difficult
to implement, as discussed in Section IV. Another possible
mode of control decouples the quadrotor system into an x-
position system, a y-position system, a z-position system



Position x [m]

— Simulated Quadrotor Position
—Reference
— Constraint

0.6
04
02

I I I I I I T T T
0 1 2 3 4 5 6 7 8 9 10

Position y [m]

06 B
04 B
02 B

5 6 7 8 9 10
T
0.6
04
0.2,
0

Position z [m]
T
Il Il Il Il Il Il Il Il Il

0 1 2 3 4 5 6 7 8 9 10
Time [s]

o
-
~
w
IS

Fig. 1. Simulation of RAMPC applied to a quadrotor with an uncertain
mass and constant wind as a disturbance with position states, constraints
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Fig. 2. Comparison of robust MPC and RAMPC applied to a simulated
quadrotor with an uncertain mass and wind as a disturbance with the altitude
reference, constraint and position for robust MPC and RAMPC.

and a yaw system which are controlled in an outer loop.
The inputs in the decoupled system are the total thrust force
deviation A fio1q1 and Awy ref, Awy ret and Aw., rr are the de-
sired body rates about the x,y,z body axes, respectively. The
decoupled system thus needs a different controller for each
subsystem. Since the scenarios considered in our simulation
studies affect the z-direction the most, a RAMPC controller
was chosen for z-position control while LQR controllers
were used for the yaw and x- and y-position. This means that
for this architecture, the subsystem controlled by RAMPC
has 2 states and 1 control input, as given by

Ap.| |0 1] |Ap, n

Ap.| |0 0] |Ap.
The desired body rates for the z-,y- and yaw-control are
controlled in a linearised inner loop. This inner control

loop is controlled at a faster sampling rate by using a PID
controller.

0
1

Aftotal . (14)

D. Unknown Mass Scenario with Decoupled Control

Using the decoupled control architecture, we first study
the package delivery scenario described as in Section III-
B. RAMPC is applied to the altitude control of a quadro-
tor, where the mass is unknown and its inverse lies in
Oy = [ﬁ,ﬁ]kgfl with §* = 5. The altitude is
constrained to be within 0.7m of the origin and the results

of this simulation can be seen in Figure 3 as the dashed line,
where the reference is tracked with no steady-state error.

E. Power Delivery Failure Scenario

The final scenario considered consists of a sudden power
delivery failure for the decoupled altitude control. The rotor
efficiency of all rotors v € [0.7,1] can drop at any given
moment within these bounds and results in the dynamics
Tpi1 = Azp+B (L) yuy. As the decoupled altitude control
(14) is used, the uncertain parameter is 6 = -, with ©g =
[%, ﬁ]. In order to guarantee robustness for this failure
at any time step, the lower bound 0y min of Oy is dilated
at every time step after the parameter update according to
ﬁk’min = min{O.?Qk,min,ﬁomm}, where eo’min = % The
result of such a failure is shown with a dashed line in
Figure 4, where the failure occurs at 2 seconds. The applied
RAMPC scheme manages to keep the quadrotor safe during
the failure and with only a small steady-state error. This
small steady-state error persists for the altitude due to the
fact that the parameter set is dilated at every time step to

ensure robustness against another failure.

IV. EXPERIMENTS
A. Experimental Configuration

A Crazyflie quadrotor is used in the experiments. The mass
of the Crazyflie is 27g and it has a size of 92 x 92 x 29mm.
It has a built in IMU consisting of 3 accelerometers and
gyroscopes with up to a 2kHz data rate. Through radio
functionality, control commands are sent from a laptop,
which computes the RAMPC solution, to the Crazyflie.

In order to accurately track the position and rotation of the
Crazyflie, a Vicon tracking system is used, which consists of
6 cameras placed in a room that track the motion of reflective
surfaces attached to the Crazyflie. The data of the tracking
system is collected using a separate computer and is sent to
the laptop at a rate of 200Hz.

The MPC optimisation problem is solved using OSQP,
see [17], and takes less than 5ms. It was observed that
the direct thrust control mode is difficult to implement on
the Crazyflie, not only for RAMPC, but also with an LQR
controller. Thus, the experiments were performed only with
RAMPC in the decoupled altitude control mode in (14).
Although wind disturbances were not experimentally applied,
the same disturbance bounds used in simulation were used
to account for any linearisation error. Additionally, due to
small measurement noise, the set-membership update with
the dilated non-falsified parameter set (12) is used.

B. Unknown Mass Experiment

The unknown mass experiment is identical to the sim-
ulation configuration described in Section III-D for the
decoupled system. The RAMPC scheme is used for the
altitude control of the quadrotor, while LQR controllers are
used for the x and y-position and yaw control. A PID
controller stabilises the inner control loop (14) using the IMU
of the Crazyflie. The quadrotor altitude is initially controlled
using an LQR controller with an assumed mass of 37g until



RAMPC is activated at ¢ = 3s. RAMPC is able to identify
the unknown mass of the quadrotor and follows the altitude
reference as can be seen in Figure 3. However, compared
to the simulation, the Crazyflie reaches the reference slower
and a small steady-state error exists due to using the dilated
non-falsified parameter set (12), which results in a slower
size reduction of the set of estimates and the differences
between the theoretical model and the Crazyflie.
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T
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04 —Reference
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02 -
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Fig. 3. Comparison of a simulation and implementation of RAMPC for the
unknown mass scenario. In simulation, RAMPC is applied to the altitude
control of a quadrotor with an uncertain mass. In the implementation,
RAMPC is applied to the same scenario and is activated after ¢t ~ 3s.
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Fig. 4. Comparison of a simulation and implementation of RAMPC for
the power delivery failure scenario. In simulation, RAMPC is applied to the
altitude control of a quadrotor with an uncertain mass and a power delivery
failure after ¢ = 17s for all rotors, with v = 0.7. In the implementation, the
same failure is considered with the RAMPC activation time after ¢t ~ 2s.

C. Power Delivery Failure Experiment

This experiment is again the same as the configuration
described in III-E for the decoupled system. The failure for
this practical implementation, which can occur at any given
time step, occurs at ¢ = 17s. The occurrence of the failure
is implemented by lowering the requested thrusts from the
RAMPC scheme by 30% on the quadrotor. As can be seen in
Figure 4, the quadrotor recovers successfully from the failure
and is able to track the given reference. Similarly to Section
IV-B, small discrepancies exist in the tracking performance
between simulation and experiment for the altitude control.

V. CONCLUSION

We used the Robust Adaptive Model Predictive Control
scheme to run several experiments on a quadrotor. The
existing RAMPC schemes were modified so that unknown

steady-state inputs are considered and measurement noise is
accounted for. The scenarios which were considered include
an unknown mass experiment with wind as a disturbance and
rotor failure of all rotors combined. For all the scenarios, it
was shown through simulations that RAMPC managed to
adapt to the uncertain parameters, as well as ensure state
and input constraint satisfaction. Though the direct thrust
control mode could not be experimentally implemented, it
was shown that RAMPC can be applied to the resulting
full state problem in simulations. RAMPC was then used
to perform experiments for two proposed scenarios and the
results were in agreement with those from the simulations.
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