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Abstract— Robots deployed in unknown and dynamic environments require controllers that guarantee high performance and handle disturbances, unmodeled dynamics, and
parametric uncertainties. Adaptive controllers enable systems
to compensate for disturbances and unmodeled dynamics based
on state measurements. In this paper, we propose a robust
adaptive model predictive controller for safe and high accuracy
trajectory tracking in the presence of model uncertainties.
The proposed approach combines robust model predictive
control (MPC) with an underlying discrete time `1 adaptive
controller. The `1 adaptive controller forces the system to
behave close to a linear reference model despite the presence of
disturbances and unmodeled dynamics. The robust MPC uses
the linear reference model to compute inputs that minimize
tracking error. The true dynamics of the underlying adaptive
system may deviate from the linear reference model. In this
work we prove this deviation is bounded and account for the
modeling error with the robust MPC. In experiments with a
quadrotor we show that the proposed robust adaptive MPC
enables the system to achieve high accuracy trajectory tracking
and successfully complete challenging tasks (obstacle avoidance
through aggressive maneuvers) that an adaptive MPC is not
able to complete.

I. INTRODUCTION
Robots are being deployed in challenging environments
to carry out tasks with high overall performance. Operating in these environments requires control methods that
guarantee high performance even in the presence of model
uncertainties, unknown disturbances and changing dynamics.
Robotic applications in these unstructured and changing
environments include autonomous driving, assistive robotics,
and unmanned aerial vehicle applications. In such robotic applications small changes in the environmental conditions may
significantly deteriorate the performance and cause instability
in traditional, model-based controllers (see [1] and [2]).
Controllers for robots deployed in changing environments
must adapt to and be robust against model uncertainties and
unknown disturbances. Additionally, the controllers should
have fast update rates to achieve better tracking performance.
In this paper, we extend previous work where we combined an underlying output feedback L1 adaptive controller
with nominal model predictive control (MPC) [3]. The
underlying L1 adaptive controller forces the system to behave
close to a specified linear reference model, even in the
presence of unknown disturbances. The MPC uses the linear
reference model to compute an input that minimizes the
tracking error of the L1 controlled system. This architecture
enables us to achieve high tracking performance of a possibly
nonlinear system at the computational cost of a linear MPC
even when disturbances are applied; however, it assumes that
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Fig. 1. The proposed robust adaptive model predictive control architecture.
The underlying `1 adaptive controller forces the system to behave close to
a specified linear model even in the presence of unknown disturbances. The
`1 controlled system may deviate from the linear model, but this deviation is
bounded. Using this bound, a robust model predictive controller calculates
at each time step the input for the `1 controlled system that minimizes
tracking error.

the linear model exactly represents the underlying adaptive
system, which may not be entirely accurate.
In this work we propose a robust adaptive MPC that
combines a discrete time state feedback `1 adaptive controller
with robust MPC (see Fig. 1). Note that we use L1 to refer to
the continuous time approach and `1 to refer to the discrete
time approach. We formulate and provide performance guarantees for the `1 adaptive controller, which forces a system
to behave close to a linear reference model. However, the
`1 controlled system may deviate from the linear reference
model. In this work we prove that this deviation has a
uniform upper bound. Unlike [3], we use this upper bound
and the linear reference model in a robust MPC module to
compute an input that minimizes the tracking error of the `1
controlled system. Taking into account the modeling error
enables the proposed robust adaptive MPC to successfully
perform aggressive maneuvers where adaptive MPC would
fail. We highlight theoretical contributions of the proposed
approach and present experimental results on a quadrotor.
L1 adaptive control is based on the model reference
adaptive control (MRAC) architecture but includes a lowpass filter that decouples robustness from adaptation [4]. It
has successfully been applied to fixed-wing vehicles [5], [6],
quadrotors [7], [8], a NASA AirSTAR flight test vehicle [9], a
tailless unstable aircraft [10], and hexacopter and octocopter
vehicles [11]. The L1 adaptive controller forces a system
subject to uncertainties and disturbances, to behave as a
specified linear model. Leveraging this characteristic, it was
used in combination with iterative learning control (ILC),
where ILC enabled the system to improve trajectory tracking
over iterations even when external disturbances were applied
to the system [8]. In [3], we proposed to replace ILC with
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a MPC, which enabled the system to achieve high accuracy
trajectory tracking on the first iteration by calculating the
optimal input online. In this work, we improve the controller
performance by adding robustness to the MPC to account for
modeling errors.
Model predictive control solves a finite horizon optimal
control problem at each time step to calculate a control
sequence that minimizes a given objective function. Model
uncertainties may significantly degrade the performance of
MPC implementations. Instead of relying on the inherent
robustness properties of standard MPC implementations, the
work in [12] combines a parameter update mechanism with
robust MPC algorithms. The optimization process accounts
for parameter adaptation until it converges to the true system
over time. Parameter uncertainty is decreased at every time
step to reduce conservativeness of the algorithm. In [13],
a robust adaptive MPC for a class of constrained linear,
time-invariant systems is proposed. This approach proposed a
novel method to estimate the parameters of a model suitable
for MPC. Initially conservative, performance is improved
over time as the parameter estimate’s uncertainty is reduced
and the estimate converges. However, the quality of the
estimation depends on the excitation of the state. Moreover,
learning-based MPC approaches have used neural networks
(see [14], [15] and [16]) or Gaussian processes (see [17]
and [18]) to learn the dynamics of the system used in the
controller. These approaches require a significant amount of
data in order to build an accurate model and often do not
adapt to changes in the environment in real time and at high
update rates. In these approaches, the model in the MPC
is adapted, which makes it difficult to guarantee feasibility
and stability theoretically [13]. In this work we tackle this
problem by separating adaptation from MPC.
We combine a discrete time state feedback `1 adaptive
controller with a robust MPC and make the following key
contributions: (i) formulate a discrete time state feedback `1
adaptive controller, prove stability and provide performance
guarantees even in the presence of disturbances; (ii) first
to prove the upper bound on the difference between linear
model and `1 controlled system; (iii) use the performance
guarantees in a robust MPC framework to account for
modeling errors; and (iv) validate the proposed approach
through experiments on a quadrotor.
II. PROBLEM STATEMENT
The objective of this work is to achieve high accuracy
trajectory tracking in the presence of uncertain, and changing
conditions on the first iteration. Consider a system whose
dynamics (‘Plant’ block in Fig. 1) are partially unknown
and can be described by a single-input, single-output (SISO)
system (this approach can later extended to multi-input,
multi-output (MIMO) systems) for state feedback:
x(k + 1) = Ax(k) + bm (u(k) + θT x(k) + ξ) , x(0) = x0
y(k) = cTm x(k) .
(1)
where x(k) ∈ Rn is the system state vector (assumed to be
measured); u(k) ∈ R is the control signal; bm , cm ∈ Rn are

known constant vectors; A is the known n × n matrix, with
(A , bm ) controllable; θ is a vector of unknown parameters,
and ξ is a disturbance both belonging to the compact convex
sets θ ∈ Θ ⊂ Rn and ξ ∈ Ξ ⊂ R; and y(k) ∈ R is the
regulated output. We introduce an assumption on the sets Θ
and Ξ.
Assumption 1. The set Θ is compact and convex. Each
dimension i is bounded by LΘi,min ≤ θi ≤ LΘi,max and
the set Θ includes all the values that satisfy this criterion.
The parameter ξ is bounded by Lξ,min ≤ ξ ≤ Lξ,max
where Ξ is the set that includes all the values that satisfy
this criterion.
The system is required to accurately track a desired trajectory r∗ (k) defined over a finite number of steps N < ∞ and
is assumed to be feasible with respect to the true dynamics of
the `1 -controlled system (orange dashed box in Fig. 1). The
desired trajectory can be written as r∗ = (r∗ (1), . . . , r∗ (N )),
and the state of the plant as x = (x(1), . . . , x(N )). The goal
is to take into account model uncertainties when minimizing
the tracking performance criterion J defined as:
J , min eT Qe
e

∗

where e = x − r is the tracking error and Q is a positive
definite matrix.
III. METHODOLOGY
We propose a robust adaptive MPC to achieve safe and
high accuracy trajectory tracking in the presence of modeling
errors. We consider two subsystems: (1) a discrete time state
feedback `1 adaptive controller (orange dashed box in Fig. 1)
that makes the system behave close to a specified linear
model, even in the presence of unknown disturbances; and
(2) a robust MPC (blue box in Fig. 1) that uses the `1
linear model and modeling error bound in the calculation
of the input that minimizes tracking error. The `1 adaptive
controller provides transient and steady-state performance
guarantees that specify how far the `1 controlled system
can deviate from the specified linear model, given certain
disturbance signals. The robust MPC improves tracking
performance while accounting for the modeling error.
A. Discrete Time, State Feedback `1 Adaptive Control
The discrete time state feedback `1 adaptive controller is
inspired by [19]; however, in this work we (i) extend the
system to include a disturbance ξ (see (1)), (ii) modify the
adaptation law to avoid division by zero, and (iii) prove
the uniform upper bound on the difference between the `1
controlled system and the linear reference model.
The output feedback L1 adaptive controller used in [3] has
performance guarantees that depend on the system transfer
function A(s), which is strictly-proper but unknown; hence,
the bounds are not realizable. We propose a discrete time,
state feedback `1 adaptive controller with bounds that are
realizable. We formulate the controller in discrete time
because (i) the robust MPC requires a discrete time system,
and (ii) a discrete time formulation is more robust to changes

in the sampling time than discretized L1 controllers [20]. The
discrete time state feedback `1 adaptive controller aims to
design a control input u(k) such that the output y(k) tracks a
bounded reference input r(k). Consider the following control
structure for the system in (1):
u(k) = um (k) + u`1 (k) ,

T
um (k) = −km
x(k) ,

T
where km ∈ Rn renders Am , A − bm km
stable, while
u`1 (k) is the adaptive component, which will be defined
shortly. The static feedback gain km leads to the following
partially closed-loop system:

x(k + 1) = Am x(k) + bm (u`1 (k) + θT x(k) + ξ) ,
x(0) = x0 , y(k) = cTm x(k) .

(2)

The equations that describe the implementation of the
discrete time state feedback `1 adaptive controller are:
State Predictor: We use the following state predictor:


ˆ
x̂(k + 1) = Am x̂(k) + bm u`1 (k) + θ̂T (k)x(k) + ξ(k)
,
T
x̂(0) = x0 , ŷ(k) = cm x̂(k) ,
(3)
ˆ
where x̂(k) ∈ Rn is the predicted state and θ̂(k) and ξ(k)
are the adaptive estimate of parameters θ and ξ.
Adaptation Law: We use a projection algorithm estimator
[21], [22] that avoids division by zero:


xext (k) bT0 (θT x(k) + ξ) − ρ̂T (k)xext (k)
,
ρ̂(k+1) = ρ̂(k)+
1 + xT (k)x(k)
(4)
ˆ T,
where xext (k) = [xT (k), 1]T , ρ̂(k) = [θ̂T (k), ξ(k)]
bm
ρ̂(0) = ρ̂0 ∈ Θ × Ξ, and b0 , T
is a constant vector.
bm bm
State measurements and the linear model (2) are used to
calculate θT x(k) + ξ = x(k + 1) − Am x(k) − bm u`1 (k).
If ρ̂(k+1) lies outside Θ×Ξ, then we need to orthogonally
project ρ̂(k + 1) on the boundary of Θ × Ξ [22]. The latter
guarantees that the estimate ρ̂(k) remains in the set Θ × Ξ,
which is needed for the performance guarantees.
Control law: The z-transform of the control law is:
u(z) = −C(z)(η̂(z) − kg r(z)) ,

(5)

where r(z) and η̂(z) are the z-transforms of command input
r(k) and η̂(k) = ρ̂T (k)xext (k), respectively, kg , (cTm (In −
Am )−1 bm )−1 , and C(z) is a bounded-input, bounded-output
(BIBO) stable, strictly-proper, discrete time transfer function
with gain C(1) = 1, and its state-space realization assumes
zero initialization.
The discrete time state feedback `1 adaptive controller is
defined via (3) – (5) with C(z) satisfying the following `1 norm condition:
λθ , kG(z)k`1 Lθ < 1 ,

λξ , kG(z)k`1 Lξ < ∞ ,

(6)

where
H(z) , (zIn − Am )−1 bm ,
Lξ , maxξ∈Ξ kξk1 .
(7)
Consider the following nonadaptive version of the sys-

G(z) , H(z)(1 − C(z)) ,
Lθ , maxθ∈Θ kθk1 ,

tem (2) controlled by (5) which defines the following closedloop reference system:
xref (k + 1)=Am xref (k)
+bm (uref (k) + θT xref (k) + ξ) ,
xref (0)=x0 ,
uref (z)=−C(z)(θT xref (z) + ξ − kg r(z)) ,
yref (k)=cTm xref (k) .

(8)

To show stability of the `1 controlled system, we first
show that the closed-loop reference system is stable. Then
we show the `1 controlled system stays close to the closedloop reference system.
Lemma 1. If kG(z)k`1 Lθ < 1, and kG(z)k`1 Lξ < ∞,
then (8) is bounded-input, bounded-state (BIBS) stable [23]
with respect to r(z) and x0 .
Proof. From the definition in (8), it follows that:
xref (z) = H(z)kg C(z)r(z) + G(z)θT xref (z) + G(z)ξ
+xin (z)
where xin (z) , (zIn − Am )−1 x0 . Since H(z), C(z) and
G(z) are proper BIBO-stable discrete-time transfer functions, it follows from (8) that for all i ∈ N∪{0} the following
bound holds:
kxref |i k`∞

≤

kH(z)kg C(z)k`1 kr|i k`∞ + kxin |i k`∞
+kG(z)θT k`1 kxref |i k`∞ + kG(z)ξk`1 .

Since Am is stable, xin (k) is uniformly bounded. Then, we
have the following relationship
Pn
kG(z)θT k`1 = maxm=1,...,n kGm (z)k`1 p=1 |θp |
≤ kG(z)k`1 Lθ < 1 ,
(9)
where kGm (z)k`1 is the `1 -norm for the impulse response
for each output gm (k) where m = 1, . . . , n. Recall from
Assumption 1 that ξ ∈ Ξ, which leads to
kG(z)ξk`1 =

max kGm (z)k`1 |ξ| ≤ kG(z)k`1 Lξ < ∞ .

m=1,...,n

(10)
Consequently,
kxref |i k`∞ ≤

α
.
1 − kG(z)θT k`1

(11)

where α , kH(z)kg C(z)k`1 kr|i k`∞ + kG(z)k`1 Lξ +
kxin |i k`∞ . Since r(k) and xin (k) are uniformly bounded,
kG(z)k`1 Lξ is bounded, and (11) holds uniformly for all
i ∈ N ∪ {0}, xref (k) is uniformly bounded. Boundedness of
yref (k) follows from its definition.
The closed-loop reference system is BIBS stable. It remains to show that the `1 controlled system stays close
to the closed-loop reference system. To do this we start
by defining the predictor error dynamics as x̃(k + 1) =
˜
Am x̃(k) + bm (θ̃T (k)x(k) + ξ(k)),
x̃(0) = 0, where x̃(k) ,
x̂(k) − x(k). Following a procedure similar to the proof of
Lemma 4 in [19], it can be shown that the prediction error

subject to the `1 -norm condition in (6), the uniform upper
bound of the difference between ideal and real state is

is uniformly bounded by
s
kx̃k`∞ ≤

ewρmax − 1
,
µλmin (P )

(12)

kxid − xk`∞ ≤

kH(z)(1 − C(z)kg )k`1 krk`∞
+kH(z)H1 (z)k`1 kx̃k`∞
+λθ (kx̂k`∞ + kx̃k`∞ ) + λξ .

(16)

where e is the Euler number, w > 0, µ > 0, ρmax ,
4 maxρ∈Θ×Ξ kρk2 , P is the unique positive definite matrix
satisfying the Lyapunov equation P = ATm P Am + R + In ,
R ∈ Rn×n is a positive definite matrix and λmin (P ) is the
minimum eigenvalue of P .

Proof. The response of the ideal system in the z domain can
be written as:

Theorem 1. For the system in (2) and the controller defined
via (3) – (5) subject to the `1 -norm condition in (6), we have

The response of the closed-loop system (2) with the `1
adaptive controller can be written in the z domain as (14).
The latter implies that:

kxref − xk`∞ ≤

kC(z)k`1
kx̃k`∞ ,
1 − kG(z)k`1 Lθ

(13)

where kx̃k`∞ is defined in (12).
Proof. The response of the closed-loop system (2) with the
`1 adaptive controller (5) can be written in the z domain as:
x(z)

= H(z)C(z)kg r(z) − H(z)C(z)η̃(z)
+G(z)(θT x(z) + ξ) + xin (z) .

xid (z) = H(z)kg r(z) + xin (z) .

x(z) − xid (z)=H(z)kg (C(z) − 1)r(z) − H(z)C(z)η̃(z)
+G(z)(θT x(z) + ξ)
=H(z)kg (C(z) − 1)r(z) − H(z)H1 (z)x̃(z)
+G(z)(θT x(z) + ξ) .
Using the above, the following uniform bound can be derived

(14)

The above equality holds because η̃(z) = η̂(z) − ρT xext (z).
From the definition of the closed-loop reference system (8),
it follows that
xref (z) = H(z)kg C(z)r(z) + G(z)ρT xext (z) + xin (z) .
The predictor error dynamics let us show that x̃(z) =
H(z)η̃(z), which implies that

k(x − xid )|i k`∞

≤

kH(z)kg (C(z) − 1)k`1 kr|i k`∞
+kH(z)H1 (z)k`1 kx̃k`∞
+λθ (kx̂k`∞ + kx̃k`∞ ) + λξ .

We have shown that the `1 adaptive controller makes a
system state x(k) remain close to an ideal system state
xid (k). The actual system state may deviate from the ideal
system state, but this deviation is uniformly bounded (16).

xref (z) − x(z) = G(z)θT (xref (z) − x(z)) + H(z)C(z)η̃(z) B. Robust Model Predictive Control
Robust MPC solves an optimization problem at each time
= G(z)θT (xref (z) − x(z)) + C(z)x̃(z) ,
step to minimize a given cost function based on (i) a model
of the system, (ii) a measure of the disturbance on the
hence, the following uniform upper bound holds
system, and (iii) input and state constraints. In this work
kC(z)k`1 kx̃k`∞
k(xref − x)k`∞ ≤
.
we use the robust MPC proposed by [24]. For convenience
1 − kG(z)k`1 Lθ
and completeness, we present a brief summary of the robust
MPC. Consider a linear system with additive disturbance:
Theorem 1 shows that the `1 contolled system stays close
to the BIBS stable closed-loop reference system (8); hence,
the `1 controlled system is stable. Ideally, the uncertainties
in the system would be in the bandwidth of the low-pass
filter and the controller would cancel them exactly. In this
scenario, the ideal system response would be:
xid (k + 1) = Am xid (k) + bm kg r(k) .

(15)

In this work the ideal model (15) is used as the model of
the robust MPC. In reality not all uncertainties are canceled
and x(k) could deviate from xid (k). We prove that there is
a uniform upper bound on the difference between the ideal
and the `1 controlled system state. We first use Corollary 1
in [19], to show that C(z)η̃(z) = H1 (z)x̃(z), where H1 (z)
is proper and BIBO stable. We also note that it is possible to
show that kx̂k`∞ is uniformly bounded in a similar fashion
as the proof of Lemma 3 in [19].
Theorem 2. For the system (2) and the controller (3) – (5)

xMPC (k + 1) = Am xMPC (k) + bm kg u(k) + γ ,

(17)

where γ ∈ Γ is an additive disturbance affecting the system.
In the proposed framework, Am , bm , kg are provided by the
`1 adaptive controller, and Γ is the set containing all the
values that satisfy the uniform bound (16). This system is
subject to state and input constraints
u ∈ Ū ,

xMPC ∈ X̄ ,

(18)

where Ū ⊂ Rm is compact, X̄ ⊂ Rn is closed, and each set
contains the origin in its interior. The robust MPC assumes
there is an ancillary controller with gain K that makes the
disturbed system (17) stay in a disturbance invariant set Z.
Hence, despite the presence of disturbances the system (17)
stays in an area defined by Z around the nominal system
xMPC (k + 1) = Am xMPC (k) + bm kg u(k) ,

(19)

which does not have a disturbance. In nominal MPC implementations the initial state of the optimal control problem

VN (xMPC (k), u) ,

NX
H −1

l(xMPC (i), u(i))+Vf (xMPC (NH )) ,

i=0

(20)
where NH is the time horizon, u = [u(0), . . . , u(NH − 1)]
is the control sequence, xMPC (i) satisfies (19), l(x, u) ,
1 T
1 T
T
2 [x QMPC x + u RMPC u], Vf (x) , 2 x PMPC x, and QMPC ,
RMPC and PMPC are positive definite matrices of appropriate
size. The robust MPC is constrained by (18) and xMPC (k) ∈
x0 ⊕Z, where ⊕ is the Minkowski set addition, i.e, A⊕B ,
{a + b|a ∈ A, b ∈ B}. In order to account for the tube, in
the robust MPC the constraints have to be tightened
u(i) ∈ U , Ū

KZ ,

xMPC (i) ∈ X , X̄

Z,

(21)

where i = 0, . . . , NH − 1,
denotes set subtraction, i.e.,
A B , {a|a ⊕ B ⊆ A}. The robust MPC control law
includes the ancillary controller:
r(xMPC (k)) , u∗0 (xMPC (k)) + K(xMPC (k) − x∗0 (xMPC (k))) ,
where K T ∈ Rn is such that Am + bm K is stable, xMPC (k)
is the state of the real system at the current time step,
u∗0 (xMPC (k)) is the first input of the optimal control sequence
and x∗0 (xMPC (k)) is the initial state calculated by the robust
MPC minimizing the cost function (20). Intuitively, the
robust MPC finds an optimal state sequence with initial
state x∗0 (xMPC (k)) that minimizes the cost function (20) and
uses an ancillary controller that makes the system stay in
a disturbance invariant set Z around the optimal state sequence, despite the disturbances. In the robust adaptive MPC
framework the control input r(xMPC (k)) is the reference r(k)
for the underlying `1 adaptive controller.
Lessons learned: the bound Γ (from the `1 adaptive
controller) may be too conservative to be used in the robust
MPC. However, it can be approximated more tightly experimentally by applying a step function to the `1 controlled
system and measuring the deviation from the ideal system.
IV. EXPERIMENTAL RESULTS
This section presents experimental results of the proposed
robust adaptive MPC applied to a quadrotor. We assess two
aspects of the proposed framework: (i) trajectory tracking
performance, and (ii) obstacle avoidance with trajectory
update. In [25] we showed an adaptive MPC (underlying
L1 adaptive controller and nominal MPC) with tracking
capabilities that outperform non adaptive and non predictive
approaches even in the presence of external disturbances. To
assess the performance of the proposed robust adaptive MPC,
we compare it to adaptive MPC. We show that unlike adaptive MPC, the robust adaptive MPC enables the quadrotor to
successfully complete challenging tasks. The results can be
seen in a video at http://tiny.cc/89lscz.
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is the current state xMPC (k). In the robust MPC framework
the initial state x0 is included as a decision variable and a
parameter of the ancillary controller. The calculated initial
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Fig. 2. The six different trajectories that are used to test trajectory tracking
of the robust adaptive MPC.

We implement a discrete time state feedback `1 adaptive
controller for position control of each axis, as described
in Section III-A. We assume that the x, y, and z axes are
decoupled. We also implement the robust MPC described
in Section III-B. The signal x(k) is the state and r∗ (k) the
desired state, which in this case is composed of position and
velocity in each axis. The nominal (for adaptive MPC) and
robust MPC (for robust adaptive MPC) minimize the cost
function (20) with the same weight gains. The differences
are that robust MPC (i) includes the initial state x0 as a
decision variable, (ii) uses it for the ancillary controller, and
(iii) tightens the input and state constraints (21). We define
QMPC = qI, RMPC = rI, and PMPC = pI and constrain
the input to guarantee that the quadrotor remains in a given
area at all times. We use IBM CPLEX optimizer to solve the
above optimization problem.
The vehicle used in the experiments is the Parrot Bebop 2.
A central overhead motion capture camera system provides
position, roll-pitch-yaw Euler angles and rotational velocity
measurements, and through numerical differentiation translational velocities of the quadrotor. The output of the `1
adaptive controller is ui,`1 (k) with i = x, y, z, where x
and y are commanded translational acceleration and z is
commanded velocity specified in the global coordinate frame.
To quantify the performance of the controllers the average
position error along the trajectory is defined:
PN p
ex (i)2 + ey (i)2 + ez (i)2
e = i=1
,
N
∗
∗
where ej (i) = rj,pos
(i) − xj,pos (i), rj,pos
(i) are the desired
positions and xj,pos (i) are the measured positions with
j = x, y, z. We propose six different trajectories to test our
approach, as shown in Fig. 2.
In Section III-A we showed that there is an upper bound
on the difference between the real and ideal state (16).
The theoretical bound is conservative and not suitable to
be used in a robust MPC framework. In this work we
experimentally characterized this bound through simple step
response experiments where we compare the response of the
actual system and the ideal system in the x, y, and z axes.
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Fig. 3. Tracking error of six different trajectories with adaptive MPC
and the proposed robust adaptive MPC, which achieves a lower trajectory
tracking error in most trajectories.

B. Obstacle Avoidance with Trajectory Update
We also assess the performance of the controllers when a
cylinder obstacle is introduced in the environment and the
desired trajectory avoids it, as shown in Fig. 4. The desired
trajectory surrounds the obstacle and the state constraints
are tightened to exclude the volume where the obstacle is.
The drone must avoid the obstacle to successfully complete
the task. Fig. 5 shows a top view into the x, y plane of the
obstacle (in black), the desired trajectory (in red), and actual
and predicted trajectories of both controllers at two different
times. At 2.36 seconds (Fig. 5a) both controllers predict
to go around the obstacle. Note that the position sequence
predicted by the robust adaptive MPC does not begin at the
current state, because it accounts for modeling errors and the
ancillary controller. Since the adaptive MPC does not take
into account the difference between ideal and actual system
behavior, the quadrotor collides with the obstacle (red cross
in Fig. 5b). The robust adaptive MPC is able to successfully
avoid the obstacle and complete the task.

x axis [m]

-0.5
1

y axis [m]

-1

Fig. 4. Desired trajectory in red avoiding the obstacle. For successful task
completion the drone must avoid the obstacle.
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We compare the adaptive MPC to the proposed robust
adaptive MPC on the six test trajectories in Fig. 2. We
want to show that the added robustness does not negatively affect the tracking performance. The average position
tracking errors for each controller and trajectory are shown
in Fig. 3. In the six trajectories both controllers have a
similar performance. In five of the six trajectories, the robust
adaptive MPC achieves a smaller tracking error, since it is
able to account for modeling errors.
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V. CONCLUSIONS
We presented a robust adaptive MPC framework that
combines (i) a discrete time state feedback `1 adaptive
controller that forces systems to behave close to a specified
linear reference model despite the presence of disturbances
and changes in the environment, and (ii) a robust MPC that
improves tracking performance and is robust against model
error. Key theoretical contributions include (i) formulating
and showing performance guarantees for an `1 adaptive
controller in discrete time, and (ii) proving that the difference
between the linear model and the true underlying adaptive
system is uniformly bounded.

(b) Time = 6.82 [s]
Fig. 5. Actual and predicted paths of adaptive (AMPC) and robust adaptive
MPC (RAMPC). RAMPC takes into account modeling errors which enables
it to avoid the obstacle successfully completing the task. RAMP includes the
initial state x0 as a decision variable; hence, the predicted path (magenta)
does not begin at the current position (end of solid line). AMPC does not
include the potential disturbance in the system and collides with the obstacle.

Experimental results on a quadrotor show that the robust
adaptive MPC achieves high accuracy tracking performance
and, unlike adaptive MPC, enables the system to complete
the challenging task of introducing a obstacle in the quadrotor path.
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