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Abstract— A major challenge in autonomous flights is un-
known disturbances, which can jeopardize safety and cause
collisions, especially in obstacle-rich environments. This paper
presents a disturbance-aware motion planning and control
framework for autonomous aerial flights. The framework is
composed of two key components: a disturbance-aware motion
planner and a tracking controller. The motion planner consists
of a predictive control scheme and an online-adapted learned
disturbance model. The tracking controller, developed using
contraction control methods, ensures safety bounds on the
quadrotor’s behavior near obstacles with respect to the motion
plan. The algorithm is tested in simulations with a quadrotor
facing strong crosswind and ground-induced disturbances.

I. INTRODUCTION

Enhancing the autonomy of unmanned aerial vehicles
(UAVs) has made safe autonomous landing in harsh environ-
ments a key research challenge. This capability is relevant
in various domains and applications, including air mobility,
search and rescue, and drone delivery [1]–[3]. Developing
robust quadrotor landing algorithms is challenging due to
disturbances and safety-critical constraints near obstacles.
Therefore, planning and control algorithms must account for
these disturbances and their effects on UAV performance.

Rotor-based aircraft experience increased thrust near the
ground due to reduced downwash, known as the ground
effect, first documented for helicopters in [4]. Modeling
ground effects is complex, and neglecting them can pose
significant safety risks. Accurately identifying or learning
these disturbance models can lead to smoother, safer UAV
landings. Ground effect disturbances, a type of interaction-
produced disturbance, can be modeled using neural networks
that take the relative position of the UAV from the ground
as input [5]. Incorporating such models into motion planning
enables UAVs to find and execute optimal trajectories that
account for ground effect disturbances.

In this paper, we focus on augmenting the nominal quadro-
tor dynamics with a learned disturbance model inside the
MPC scheme for predicting future behaviour. The distur-
bance model is acquired and refined through meta-learning,
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Fig. 1: Block diagram of the proposed disturbance-aware
motion planning and control algorithm.
defined here as an online adaptation of the offline-trained
disturbance model to the observed environmental conditions.
Our meta-learning approach leverages deep neural networks,
with the final layer dynamically adapted online through
adaptive control mechanisms [6]. Since the application is
safety-critical, collecting data to learn the representation
must be done efficiently and safely. During each MPC
iteration, the meta-learning algorithm updates the parameter
estimates and covariance matrix, which are then applied in
the next prediction step to refine the disturbance model.
A low-level contraction-based controller complements the
feedforward MPC control action, ensuring convergence to
the planned trajectory. Contraction theory [7] provides per-
formance bounds a priori, with respect to the desired trajec-
tory. The planner can utilize this information to guarantee
collision-free behaviour near obstacles. Thus, the proposed
framework achieves disturbance-aware planning and control
with theoretical safety guarantees.

The main contributions of this paper are
i) the augmentation of the model predictive control

(MPC) with the learned model of disturbances within
the proposed meta-learning framework,

ii) stability guarantees for the models with approximated
state-dependent coefficients,

iii) theoretical considerations on chance-constrained upper
bounds for safety.

A. Related Work

Recent research on quadrotor control and disturbance han-
dling often uses optimization-based controllers like model
predictive control (MPC) with adaptive methods for model
mismatch [8]. In [9], Gaussian processes model aerody-
namic effects and propagate corrected dynamics within
MPC, outperforming linear compensation approaches [10].
Disturbances are categorized as matched and unmatched
in [11], with online estimation and adaptation countering
matched disturbances while ensuring unmatched ones remain
bounded. Ground-effect disturbances [4], [12]–[14] have



been effectively represented and cancelled using spectrally-
normalized deep neural networks (DNNs) [5]. The character-
istics of interaction-produced disturbances have been studied
in [15], [16]. In [17], [18], authors use meta-learning to
combine offline learning and online adaptation to cancel
the wind disturbances represented by a learned deep neural
network and a set of linear coefficients adapted online for the
current wind conditions. Such a decomposition effectively
represents the unknown wind dynamics. Furthermore, meta-
learning approaches have been explored in [19]–[24].

Note that a similar study on using interaction-aware dis-
turbances for motion planning has been conducted in [16].
However, the main differences to this work are that we now
consider the nonlinear model of quadrotor dynamics instead
of double-integrator dynamics and use the control inputs
provided as the outcome of the optimal control problem as
a feedforward input to the low-level controller.

The paper is organized as follows. The problem formu-
lation is given in Sec. II, and the meta-learning augmented
MPC is presented in Sec. III. Finally, Sec. IV presents the
simulation results, and Sec. V concludes the paper.

B. Notation
For a matrix A ∈ Rn×n, A ≻ 0 denotes that A is positive

definite, A ⪰ 0 that A is positive semi-definite, and λmin(A)
and λmax(A) are minimal and maximal eigenvalues of A,
respectively. Also, 2sym(A) = A+AT .

II. PROBLEM FORMULATION

We consider the quadrotor UAV model:

ṗ = v, (1a)
mv̇ = R(η)fT + fdist −mg, (1b)
η̇ = RT (η)ω, (1c)

Jω̇ = Jω × ω + τdist + τu (1d)

where x = [pT , vT , ηT , ωT ]T ∈ X = R12, p ∈ R3 is the
position in the inertial frame, v ∈ R3 is the linear velocity,
η = [ϕ, θ, ψ]T ∈ T = (−π

2 ,
π
2 ) × (−π

2 ,
π
2 ) × (−π, π) is

the vector of Euler angles representing the attitude (roll,
pitch, yaw angles), and ω = [ωϕ, ωθ, ωψ]

T is the angular
velocity, expressed in the body frame; fT = [0, 0, fu]

T is the
controlled thrust, and τu is the controlled torque; R : T →
SO(3) is the rotation matrix from the body to the inertial
frame, and SO(3) is the special orthonormal group in 3D and
In ∈ Rn×n is the identity matrix; Furthermore, RT : T →
R3×3 is the mapping from the angular velocity to the time
derivatives of the Euler angles. Wind disturbances, ground
effects, unmodeled aerodynamic forces, and other external
disturbances are captured by fdist. Since the disturbance
torque τdist is two orders of magnitude smaller than other
feedback terms in a standard attitude controller loop [16],
we focus on learning fdist alone. Finally, m and J are the
mass and positive definite inertia matrix of the UAV.

Because of the assumption on additive disturbances as in
(1b), the quadrotor model can be rewritten in the following
form

ẋ = f(x) +B(x)u+ fd (2)

where fd = [0T , fTdist, 0
T , 0T ]T because we assume

τdist ≈ 0. We consider the quadrotor tasked with landing
on a moving platform with the reference state xr(t) being
derived from the motion of the platform.

Problem 1: Given the state estimate of the moving land-
ing platform xr(t) ∈ X , t ≥ 0, derive a trajectory x :
[0, tf ] → X and a control input u = [fu, τ

T
u ]
T , with control

thrust fu and torque τu such that the state of quadrotor x(tf )
at tf is in the goal region Xgoal(xr(tf )) determined by the
state of the landing platform and state and control constraints
x ∈ X , u ∈ U are satisfied for all t.

III. META-LEARNING AUGMENTED MPC
The interaction-produced disturbances, mainly generated

by the ground effect, can also be modelled with a neural
network that, as input, takes the relative position from the
ground surface [5]. In this work, we introduce a disturbance
model that incorporates the position of the targeted ground
surface, setting it apart from the approach in [17]

fd(x, xr, w) ≈ ϕ(x, xr,Θ)a(w) (3)

where a(w) is an unknown parameter that depends on
w ∈ Rm which is an unknown hidden state representing
the underlying environmental conditions and can also be
time-varying, and ϕ is a neural network with parameters
Θ. Note that ϕ has non-zero components only in the linear
velocity term (1b), so our ϕ = [0, ϕv, 0]. The function ϕ
constitutes a basis function in the meta-learning approach
that is invariant to the specific environment conditions.
The specific conditions are tackled online by dynamically
adapting the parameter a in the disturbance model which,
practically, can be seen as changing the final layer of the
learned neural network model.

A. Neural Network Model of Disturbances
The first stage is an offline training of a neural net-

work based on the synthetically generated dataset Dmeta =
{D1, ..., DM} consisting of M different environmental con-
ditions subsets Di with Nk samples

Di =
{
x
(i)
k , y

(i)
k = fk(x

(i)
k , u

(i)
k ) + ϵ

(i)
k , x

(i)
r,k

}Nk

k=1
(4)

where ϵ
(i)
k is the residual obtained by capturing the dis-

crepancy between the discretized known model dynamics
fk(x

(i)
k , u

(i)
k ) of (2) and the measured dynamical state.

The Deep Neural Network (DNN) model is based on L
fully connected layers with element-wise ReLU activation
function g(·) = max(·, 0) and the DNN weights Θ =
{W 1, ...,WL+1}
ϕ(x, xr,Θ) =WL+1g(WLg(· · · g(W 1[xT , xTr ]

T ) · · · ))
(5)

Thus, the meta-learning model of the disturbances is

f̂d(x(t), xr(t)) = ϕ(x(t), xr(t),Θ)â(t) (6)

where â(t) is the estimate of a(w). Define the loss function

L(Θ, {ai}M1 ) =

M∑
i=1

Nk∑
k=1

∥∥∥ϵ(i)k − ϕ(x
(i)
k , x

(i)
r,k,Θ)ai

∥∥∥2
2
. (7)



Learning is performed using stochastic gradient descent
(SGD) and spectral normalization. A parameter ai is intro-
duced for each dataset to capture the specific environmental
conditions. Domain-invariant learning [17] ensures the neural
network basis remains invariant to these conditions. This
approach enables us to employ adaptive control to learn and
adapt in real-time to the current conditions encoded with the
parameter â. It also enforces ∥φ(x, xd, xr)∥ ≤ γ ∥x− xd∥
where φ(x, xd, xr) = ϕ(x, xr)−ϕ(xd, xr), and γ is specified
Lipschitz constant for the spectrally normalized DNN [5].

B. Contraction-Based Adaptive Controller (CBAC)

In this section, we present a controller that bounds system
behavior to a target trajectory using contraction theory. We
first define the error dynamics, then solve a convex optimiza-
tion problem for the contraction metric, and conclude with
a stability theorem and proof. Let us consider the system in
(2) and a given target trajectory (xd, ud)

ẋ = f(x) +B(x)u+ ϕ(x, xr)a+ d(x) (8)
ẋd = f(xd) +B(xd)ud(xd) + ϕ(xd, xr)â (9)

where x, xd : R≥0 → Rn, ud : Rn → Rm, fd(x, xr) =
ϕ(x, xr)a captures the interaction-produced and wind dis-
turbances, fd(xd, xr) = ϕ(xd, xr)â are the disturbance
estimate used to determine the target trajectory, d(x) are
the unmodelled remainder of the bounded disturbances with
d̄ = supx ∥d(x)∥ and f : Rn → Rn, B : Rn → Rn×m are
known smooth functions.

Let us define an approximated state-dependent coefficient
(SDC) parametrization as A(x, xd), such that

f(x)+B(x)ud − f(xd)−B(xd)ud =

A(x, xd)(x− xd) + εA(x, xd)
(10)

where εA(x, xd) is a parametrization error that can be
considered as disturbances d′(x, xd) = d(x) + εA(x, xd).
Then, by choosing the control law

u = ud −K(x, xd)(x− xd)−B†(x)φ(x, xd, xr)â (11)

the dynamics in (8) can be equivalently written as

ẋ =ẋd + (A(x, xd)−B(x)K(x, xd))(x− xd)

−B(x)B†(x)φ(x, xd, xr)â+ φ(x, xd, xr)a

− ϕ(xd, xr)ã+ d′(x)

(12)

where ã = â − a is the error between the estimate â and
actual parameter a, K(x, xd) = R−1(x, xd)B

T (x)M(x, xd)
is a state-feedback control gain based on the contraction
metric M(x, xd) [7], [25], [26] that will be explained later
and a weight matrix R(x, xd) ≻ 0, where R(x, xd) ≻
0 denotes that R(x, xd) is positive definite, B†(x) =
(BT (x)B(x))−1BT (x) is the Moore-Penrose inverse of the
matrix B(x) which has linearly independent columns and
φ(x, xd, xr) = ϕ(x, xr) − ϕ(xd, xr). Note that in such
a formulation, the disturbances fd(x) = ϕ(x, xr)a are
matched through two parts. First, the function φ(x, xd, xr)
corresponds to the cancellation of the disturbances based on
the discrepancy from the target trajectory xd, and the term

−B(x)B†(x)φ(x, xd, xr)â which corresponds to the online
adaptation part that acts through the control input and is
fundamentally limited via matrix B(x).

Problem 2: Let ω, ω̄ ∈ (0,∞), ωχ = ω̄/ω. Determine
the contraction metric M(x, xd) = W−1(x, xd) ≻ 0, with
λmin(W ) = ω, λmax(W ) = ω̄, by solving the convex
optimization problem for a given value of α ∈ (0,∞):

min
ν>0,ωχ∈R,W̄≻0

ωχ (13)

subject to the convex constraints

− ˙̄W + 2sym(AW̄ )− 2νBR−1BT ⪯ −2αW̄, (14)
∂bj(x)W̄ + ∂bj(xd)W̄ = 0, j = 1, ...,m (15)

I ⪯ W̄ ⪯ ωχI, (16)

where A = A(x, xd) and B = B(x) = [b1(x), ..., bm(x)]
are the state-dependent coefficients defined in (10), W̄ =
W̄ (x) = νW (x), ν = 1/ω, and ∂bj(x)W̄ =

∑n
i=1

∂W
∂xi

bij(x)
is the notation for directional derivative where bji(x) is the
ith element of the column vector bj .

Remark 1: We minimize the eigenvalue ratio of W to
optimize the transient response and error bounds, while
ensuring stability with constraint (14) and relaxing the need
for a priori knowledge of the closed-loop controller K
(15). The structure of matrix M is a non-trivial problem
that depends on the considered dynamical system. It can
be computed using SOS programming [26] or, alternatively,
pointwise for the state space of interest [25], with the results
then fitted to a neural network for a representation valid
across the entire state space [27]. In Problem 2, α is treated as
given, simplifying the optimization. For a fixed convergence
rate, this approach obtains an appropriate contraction metric
and robust set estimates, as shown in Theorem 1. However,
obtaining the optimal contraction rate α and metric M can
be achieved through a line search on α [28].

Theorem 1: Suppose there exists the contraction metric
M(x, xd) ≻ 0 and M(x, xd) = W−1(x, xd) obtained by
solving Problem 2 for a given value of α ∈ (0,∞) and that
sup ∥d′(x, xd, ud)∥ ≤ d̄. Suppose further that the system is
controlled by the following adaptive control law:

u = ud −Ke−B†φâ (17)
˙̂a = −σâ+ PϕTR−1(y − ϕâ) + P (BB†φ)TMe (18)

Ṗ = −2σP +Q− PϕTR−1ϕP (19)

where e = x − xd, K = R(x, xd)
−1B(x)TM(x, xd),

φ = φ(x, xd, xr), ϕ = ϕ(x, xr), y is the measured discrep-
ancy between the observed error dynamics and the known
dynamics, P is the covariance matrix, Q ≻ 0 is a weight
matrix and σ ∈ R≥0. If there exists ᾱ > 0 such that

−
[
2αM 2Mϕ
0 P−1QP−1 + ϕTR−1ϕ

]
⪯ −2ᾱ

[
M 0
0 P−1

]
(20)

holds, then the error dynamics e are bounded with

∥e∥ ≤ λMe−ᾱt(∥e(0)∥+ ∥ã(0)∥) +
(
1− e−ᾱt

) D

ᾱλmin(M)
,



where

D = sup
t

∥∥∥∥[ M(I −BB†)φa+Md
ϕTR−1ε− σP−1a− P−1ȧ

]∥∥∥∥ (21)

and ε = y − ϕa, M =

[
M 0
0 P−1

]
, λM =

√
λmax(M)
λmin(M) .

Proof: By satisfying conditions (14) for the ma-
trix W̄ (x, xd), its scaled inverse M(x, xd) satisfies Ṁ +
2sym(AKM) ≤ −2αM (P1) [26], where AK = A−BK.
Rewrite the error dynamics e = x− xd using (12) as

ė = (A−BK)e−BB†φâ+ φa− ϕâ+ d′

= (A−BK)e−BB†φã+ (I −BB†)φa− ϕâ+ d′

where ã = â− a. Furthermore, ˙̃a = ˙̂a− ȧ and using (18)

˙̃a = −σã− σa+ PϕTR−1(ε− ϕã)−P (BB†φ)TMe− ȧ

where ε = y − ϕa. Similar to [29, Theorem 2], we prove
the formal stability and robustness guarantees using the
contraction analysis. For a Lyapunov function V = eTMe+

ãTP−1ã, and using d
dtP

−1 = −P−1ṖP−1(19)
= 2σP−1 −

P−1QP−1 + ϕTR−1ϕ we obtain

V̇ =

[
e
ã

]T [
Ṁ + 2sym(MAK) 2MBB†φ− 2Mϕ
−2(BB†φ)TM −P−1QP−1 − ϕTR−1ϕ

] [
e
ã

]
+ 2

[
e
ã

]T [
M(I −BB†)φa+Md′

ϕTR−1ε− σP−1a− P−1ȧ

]
(P1)

≤ −
[
e
ã

]T [
2αM 2Mϕ
0 P−1QP−1 + ϕTR−1ϕ

] [
e
ã

]
+ 2

[
e
ã

]T [
M(I −BB†)φa+Md′

ϕTR−1ε− σP−1a− P−1ȧ

]
As P−1QP−1, M and P−1 are all positive definite and
uniformly bounded and ϕTR−1ϕ is positive semidefinite,
there exists some ᾱ > 0 such that (20) holds for all t [17].
Then, V̇ ≤ −2ᾱV+2

√
V

λmin(M)D, where D as in (21). Using

the Comparison lemma [30], and
∥∥∥∥[eã

]∥∥∥∥ ≤
√

V
λmin(M) , we

obtain
∥∥∥∥[eã

]∥∥∥∥ ≤ λMe−ᾱt
∥∥∥∥[e(0)ã(0)

]∥∥∥∥+ (1− e−ᾱt) D
ᾱλmin(M) .

The final result follows by ∥e∥ ≤
∥∥∥∥[eã

]∥∥∥∥ ≤ ∥e∥+ ∥ã∥.

Remark 2: A similar problem formulation to Theorem 1
can be found in [29, Theorem 2]. Our work differs by not
assuming the matched uncertainty condition φ(x, xd, xr)a ∈
span(B(x)), leading to a less conservative stability theorem
valid for a broader class of systems. Unmatched distur-
bances are addressed by generating the target trajectory
xd, accounting for learned disturbances in the optimization
problem (Problem 3 below). The covariance matrix P for the
adaptation variable â is updated analogously as in Kalman-
Bucy filter [31]. In practice, we implemented the discretized
version of CBAC at a frequency of 100 Hz. At this rate, the
discretization error is minimal and should not significantly
affect performance or stability guarantees. The control law
remains unchanged, while the adaptation law follows the

two-step Kalman filter approach [17, Section S4]. This result
enables us to further quantify the upper bound (21) as done
in Corollary 1.

C. Chance-constrained Upper Bound

Based on the covariance matrix P , and a user-specified
small probability of failure δ > 0, δ ∈ (0, 1), we can
determine the uncertainty sets as

SP (â, P, δ) := {a : ∥â− a∥2P ≤ χ2
k(1− δ)} (22)

where χ2
k(p) is the Inverse Cumulative Distribution Function

(ICDF) of the chi-square distribution with k degrees of
freedom, evaluated at the probability values in p.

Corollary 1: Assume that the unknown parameter a, es-
timated through the adaptation law (18), varies slowly such
that ȧ ≈ 0, and that the estimation â has reached a steady
state. Then D in (21) can be upper bounded on a set x ∈ X
with

D ≤ D̄ :=
d̄

ωχ
+ ϕ̄ε̄λmax(R) +

(
b̄ϕ̄

ωχ
+ λmin(P )σ

)
sup
t

∥a∥,

where b̄ = λmax(I − BB†), φ̄ = supx∈X ∥φ∥, ϕ̄ =
supx∈X ∥ϕ∥ and ε̄ = sup ∥y − fd∥ is the upper bound on
the measurement noise. Furthermore, a chance-constrained
bound can be derived by using supt ∥a∥ ≤ ∥â∥+

√
χ2
k(1−δ)
λmin(P ) .

Remark 3: The assumption that ȧ changes slowly (practi-
cally zero) is needed to establish an upper bound that can be
calculated, as estimating this parameter beforehand is diffi-
cult. This assumption holds in practice since wind conditions
remain relatively constant during algorithm execution. Due
to the non-constant terms in the upper bound that depend
on the time-varying matrix P , the corollary is valid only
when the estimation has converged. Numerically, D̄ can be
computed at each MPC (Section III-D) time step. Finally, the
initial adaptation error ∥ã(0)∥ in Theorem 1, can be written

as ∥ã(0)∥ ≤
√

χ2
k(1−δ)

λmin(PDmeta )
assuming â(0) comes from the

neural network training step (Section III-A).
Corollary 2: Let D̄ be defined as in Corollary 1. Assume

that the current wind conditions a have been previously
recorded in the dataset Dmeta, and that the initial value for
the estimated parameter â(0) is determined as described in

Section III-A. Then, ∥ã(0)∥ ≤
√

χ2
k(1−δ)

λmin(PDmeta )
and the error

dynamics can be upper bounded with

ē(t, â, P, δ) =e−ᾱt

(
λM ∥e(0)∥+ λM

√
χ2
k(1− δ)

λmin(PDmeta)

)

+
(
1− e−ᾱt) D̄

ᾱλmin(M)
,

Remark 4: Corrolary 2 provides a way to compute the
error bound, valid for the current conditions, that can be
used as an ingredient to obtain safe target trajectories through
MPC. This bound certifies safe behaviour near obstacles.

D. Optimal Control Problem as MPC

We formulate the optimal control problem with respect to
the tracking objective xr to determine the target trajectory
(xd, ud) which will serve as an input to the CBAC.



Problem 3 (ML-MPC): Let the desired states of the sys-
tem at time t be xd(t). Given the reference trajectory xr(·|t),
and the estimated error bound ē(t, â, P, δ) the meta-learning
augmented MPC is

min
u(·|t)

J(x̂d(·|t), ud(·|t), xr(·|t)) (23a)

subject to

x̂d(k + 1|t) = fk(x̂d(k|t), ud(k|t)), xr(k|t)), (23b)
x̂d(k|t) ∈ X , (23c)
ud(k|t) ∈ U , (23d)
x̂d(k|t) ∈ Xsafe(ē(tk, â(t), P (t), δ)), (23e)
x̂d(N |t) ∈ Xgoal(xr(N |t), ē(tN , â(t), P (t), δ)), (23f)

for k = 0, 1, ..., N , for all i ∈ N , and tk = t+ k∆t, where
fk(xd, ud, xr) are discretized dynamics of ẋd = f(xd) +
B(xd)ud + fd(xd, xr).

Set X denotes the set of system dynamics state
constraints, U the input constraints, Xsafe(ē) :=
{x ∈ X : {x} ∩ (O ⊕ B(ē)) = ∅} is a safety set based
on the obstacles occupying a closed set O and B(ē) is
a closed ball of radius ē centered at the origin in R3;
Xgoal(xr, ē) := {xd ∈ Xsafe(ē) : ∥xd − xr∥ ≤ εl} is the
terminal set around the final point of xr and εl > 0 is its
radius. We define the cost function as

J(x̂d(·|t), ud(·|t), xr(·|t)) = ∥x̂d(N |t)− xr(N |t)∥2Qm

+

N−1∑
k=0

∥x̂d(k|t)− xr(k|t)∥2Qm
+ ∥ud(k|t)∥2Rm

where the error between the target trajectory xd and the
tracking objective xr as well as the control effort are pe-
nalized throughout the prediction horizon of length N and
matrices Qm, Rm ≻ 0. The MPC formulation in Problem 3
yields a dynamically feasible and optimal target trajectory
(xd, ud) that accounts for the disturbance model.

IV. RESULTS

To evaluate the proposed algorithm, we use synthetic wind
disturbance data and the ground-effect model presented in
[14]. Side disturbances are computed as forces acting on the
propellers under constant wind. The network is a four-layer
fully connected DNN with ReLU activations, which proved
to be effective on similar tasks [16], [17]. Given the temporal
separability between the position and attitude dynamics of
the quadrotor model, we design the position controller as
CBAC and use a geometric controller valid on complete
SO(3) [32], [33] for the attitude. The CBAC for the position
dynamics of the quadrotor, cast to the form of (2), is derived
by considering the reduced state x = [pT , vT , ηT ]T ∈ X ⊆
R6 × T, and input u = [fu, η

T
u ]
T ∈ U ⊂ R× T and

f(x) =

 v
−ge3
0

B(x) =

 0 0
1
mR(η)e3 0

0 I3

 fd =
 0
ϕa
0


where e3 = [0, 0, 1]T and I3 is the 3 × 3 identity matrix.
One parametrization of the SDC matrix A(x, xd, ud) can
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(a) Nominal MPC,
RMSE: 0.29720
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(b) MPC+ML-CBAC,
RMSE: 0.22470
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(c) Our algorithm,
RMSE: 0.17714

Fig. 2: Performance comparison of (a) nominal MPC, (b)
nominal MPC with a feedback controller consisting of a
neural network and an adaptive controller similar to [17] and
(c) our algorithm. For fairness, the NNs in cases (b) MPC
without and (c) with disturbance knowledge are identical and
trained on the same dataset. Disturbances include the ground
effect (ground at z = 0) and constant crosswind of 12 m/s.

be obtained by considering Taylor’s expansion of r3(η) =
R(η)e3 = r3(ηd)+J(ηd)η̃+

1
2 η̃
TH(ηd)η̃+o(∥∆η∥2) where

J(ηd) =
∂r3
∂η (ηd) is Jacobian matrix, and H(ηd) =

∂J
∂η (ηd)

is Hessian tensor, η̃ = η − ηd, and o(∥η̃∥2) is the little-o
notation. Thus, for (10) to hold, we choose

A(x, xd, ud) =

0 I3 0

0 0 fu
m (J(ηd) +

1
2 η̃
TH(ηd))

0 0 0

 (24)

and εA(x, xd, ud) = [0T , fum o(∥η̃∥2)T , 0T ]T . The matrix
M(x, xd, ud) is obtained by solving the convex optimization
problem in Problem 2 for a grid of points of the considered
state space. We find optimal α using line search and approx-
imate it with the neural network as described in Remark 1.

1) Trajectory Tracking in a Figure-8 Pattern. The frame-
work operates in real-time, achieving 100 Hz for CBAC and
5 Hz for MPC solved with IPOPT in CasADi, with the
inference taking at most approximately 10 ms on a personal
computer running Ubuntu 22.04 with an Intel i7 processor
and an NVIDIA RTX A500 CUDA 12-enabled graphics
card. Performance is evaluated with Root Mean Square Error
(RMSE) relative to the reference trajectory, which is a rotated
Figure 8 in the x-z plane. When the MPC is unaware of
disturbances, discrepancies persist over multiple periods due
to the inability of MPC to account for them. Adding a
feedback controller does not improve the performance as it
is limited by how well it can track the desired trajectory
xd generated by the MPC. Performance improves when the
MPC incorporates knowledge of the disturbance model.

2) Autonomous Soft Landing. We focus on a specific prob-
lem of autonomous UAV landing [34]–[36]. In this setup,
we assess whether the algorithm achieves a smooth landing,
which means approaching the ground z = 0 as smoothly as
possible. Figure 3 demonstrates the ability of the algorithm
to compensate for the ground effect and land smoothly. It is
worth noting that the algorithm in both examples uses the
same NN trained on data from the first example.

V. CONCLUSION

This paper presented a meta-learning augmented MPC
algorithm for disturbance-aware motion planning and con-
trol, guaranteed to improve performance with respect to
desired state-input trajectories. The results highlight the
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Fig. 3: (left) Nominal MPC fails to compensate, leaving a
25 cm error; (right) our algorithm compensates and lands.
importance of disturbance-aware planning for more accurate
and reliable behavior. By incorporating disturbances into
the planning loop, the algorithm improves robustness and
trajectory tracking. Future work will focus on testing the
control scheme in real-world experiments, extending it to
explore other interaction-produced disturbances in unknown
environments, and applying it to multi-agent model sharing.
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