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QP-Based Inner-Loop Control for Constraint-Safe
and Robust Trajectory Tracking for Aerial Robots

Lorenzo Balandi1, Paolo Robuffo Giordano1, and Marco Tognon1

Abstract—Accurate trajectory tracking is crucial in aerial
robotics. Optimal control methods such as Nonlinear Model
Predictive Control (NMPC) are able to track trajectories ex-
ploiting the full nonlinear dynamics while respecting constraints.
However, the NMPC model-based nature makes it sensitive
to mismatches among nominal and real models. A common
workaround to mitigate the effects of model uncertainties is to
implement an inner-loop controller which robustifies the NMPC
outer-loop. However, this inner-loop is usually based on purely
feedback-based controllers such as PID or Incremental Nonlinear
Dynamic Inversion (INDI), which do not allow to consider any
constraint (such as limited actuation) or optimization criteria. In
contrast, in this work we propose an optimization-based inner-
loop controller inspired by Time Delay Control (TDC), that,
thanks to a Quadratic Program (QP) formulation, is able to
respect constrains and can thus preserve stability in presence
of input saturation and model mismatches. Furthermore, thanks
to the use of acceleration feedback, the knowledge of inertial
parameters is not required by the proposed inner-loop which
therefore makes it even more robust against model uncertainties.
The overall architecture is validated on a fully-actuated hexarotor
under model mismatches and aggressive trajectories. The exper-
iments clearly show that our QP-based inner-loop improves the
NMPC tracking performance while preserving the stability in
conditions where a non-optimal (and more classical) inner-loop
controllers would fail.

Index Terms—Aerial Systems: Mechanics and Control, Motion
Control, Optimization and Optimal Control

I. INTRODUCTION

PRECISE trajectory tracking controllers are crucial for
Micro Aerial Vehicles (MAVs) to execute both contactless

and contact-based tasks effectively [1], as they must reject
external disturbances (e.g., wind) and be robust against un-
modeled dynamics (e.g., aerodynamics). Over the last decade,
many control strategies have been proposed to deal with the
inherently unstable and nonlinear nature of MAVs, and in
particular of quadrotors. For instance, a very popular choice
is to rely on geometric controllers that can explicitly deal
with the MAVs nonlinearities [2]. The differential flatness
property has also been exploited for the tracking of aggressive
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Fig. 1: Fully-actuated hexarotor used in the experiments with refer-
ence frames.

trajectories [3], [4] with good results also on real experiments
on quadrotors with onboard computational capabilities.

A drawback is that the control law is not able to take
into account performance criteria (e.g., energy consumption)
or constraints (e.g., limited actuation); moreover, the control
input is only based on the current state of the system and
cannot reason about longer-term consequences of local actions
(e.g., avoiding future collisions). Model Predictive Control
(MPC) is a popular optimization-based control strategy that
can instead explicitly handle constraints and/or optimality,
and which can reason over a longer time horizon compared
to a purely reactive feedback. MPC and NMPC have been
successfully applied to trajectory tracking for under-actuated,
fully-actuated and omnidirectional MAVs [4]–[7]. This control
approach exploits a dynamic model of the system to predict its
future behavior and optimize the control actions over a time
horizon. This makes it possible, for instance, to effectively
track unfeasible reference trajectories while respecting input
and state constraints at the cost, however, of a higher com-
putational load with respect to (wrt) simpler feedback-based
controllers.

The above mentioned controls, including MPC, depend on
an accurate knowledge of the robot model. To mitigate the
effects of model uncertainties, robust control schemes, such
as Sliding Mode [8] and H∞ [9] have been proposed in
the literature. To robustify MPC, an inner-loop controller is
often employed with the MPC acting as outer-loop. For this
purpose, a common choice is the INDI [10], [11]: this sensor-
based approach enables high-performance tracking through
direct acceleration measurement or estimation and is derived
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from applying Nonlinear Dynamic Inversion (NDI) to an
incremental system (equivalent formulations are available in
the literature [10]). An alternative inner-loop controller for
NMPC is L1 adaptive control, successfully applied in [12],
where the authors show that the inner-loop is able to deal
with modeling errors similarly to an integral action, unlike
the INDI inner-loop in [4]. However, note that different INDI
formulations that more closely mirror the original one can
provide the same effect [3] .

Another control method similar to INDI is TDC [13], origi-
nally proposed as a possible input/output linearization method
for uncertain nonlinear systems. More recent derivations of
TDC can be found in [14]–[16]. The basic idea is to use
sensors to measure the unknown dynamics and compensate
it in an incremental fashion. TDC has been applied to robotic
manipulators in [15], [16], where a discrete-time incremental
system is derived and used as dynamic model for MPC.
While INDI still requires a (limited) knowledge of the model,
TDC is potentially model-free thanks to the approximation of
unknown dynamics from acceleration measurements. Unlike
ground manipulators [15], [16], which control joint torques
directly, MAVs control propeller speeds rather than the body
wrench. Therefore, in the MAVs case an approach based on
TDC cannot be fully model-free.

All mentioned inner-loop controllers are suitable choices for
increasing the robustness of the MPC outer-loop against model
uncertainties thanks to their model-free nature (though to
different extents). However, unlike MPC or other optimization-
based controls, they do not offer the possibility of explicitly
considering input limits or other constraints. Therefore their
use as inner-loop controllers can still lead to a constraint
violation and possible instability in case of model mismatches
or other disturbances when used in conjunction with an outer
MPC loop, event if no additional mismatches are added. In
this context, the goal of this paper is to address these issues
by proposing a novel high-frequency inner-loop controller
that embeds TDC into a QP problem, building on the ideas
introduced in [15], [16]. This results in two main benefits:
(i) the robustness of the outer MPC loop against model
uncertainties is still enhanced thanks to the presence of the
TDC inner-loop and (ii) actuation constraints are strictly met
also at the inner-loop level thanks to the QP optimization
formulation, thus addressing the aforementioned shortcoming
of previous inner-loop controllers.

The proposed QP-based inner-loop, referred to as TDC-QP,
significantly reduces tracking errors without requiring precise
knowledge of the MAV model parameters, showing a behavior
comparable to [12]. At the same time, it ensures closed-loop
stability even in the presence of input saturation—conditions
where previously mentioned inner-loops would fail. These
claims are further validated through the experimental results
presented in Sec. V, which involve substantial model mis-
matches and aggressive reference trajectories that induce input
saturation, demonstrating the robust performance of TDC-QP
when the system operates at its limits.

The rest of the paper is structured as follows: Sec. II presents
the dynamic model for the hexarotor used as case study in
this work, while Sec. III illustrates the NMPC formulation.

Sec. IV introduces the main contribution of the paper, that is,
the derivation of an incremental system based on TDC and its
embedding in a QP, as well as its practical implementation
as inner-loop for NMPC and a discussion on its relation with
INDI. The experimental validation is discussed in Sec. V and
Sec. VI draws the conclusions of this work.

II. SYSTEM MODELING

We model a generic MAV with np ≥ 6 propellers as
a 6-DoF rigid body. To describe its motion, we define a
robot frame FR = {OR,xR,yR, zR} attached to the ve-
hicle Center of Mass (CoM), and a world frame FW =
{OW ,xW ,yW , zW }, with arbitrarily placed origin OW , and
zW opposing gravity vector. Reference frames are depicted in
Fig. 1. The position of OR with respect to FW is denoted
as p ∈ R3, while the orientation (attitude) of FR wrt FW is
represented by the rotation matrix R = [xR yR zR] ∈ SO(3),
parametrized by the unit quaternion q = [qw qx qy qz]

⊤ ∈
S(3). The angular velocity of FR wrt FW , expressed in FR,
is denoted as ω ∈ R3, v ∈ R3 is the linear velocity in FW .

Following the Newton-Euler formalism, expressing the
translational dynamics in world frame and the rotational
dynamics in robot frame, one can write the MAV model as

ṗ = v, q̇ =
1

2
q⊗

[
0 ω⊤ ]⊤

(1a)[
mI3 03

03 J

] [
v̇
ω̇

]
=

[
−mgzW
−ω×Jω

]
+cf

[
R 03

03 I3

]
Gw◦2 (1b)

where ⊗ is the quaternion product, m is the robot mass,
−gzW is the gravity vector, J is the constant inertia matrix of
the robot, cf is the thrust coefficient, and I3 and 03 are the 3×
3 identity and zero matrices respectively. The term multiplying
the linear/angular accelerations in (1b) is called generalized
inertia matrix and will be denoted as M in the following
derivations. Vector w◦2 is the component-wise square of the
rotor speeds w ∈ Rnp and will be taken as control input. As
for the quantity G ∈ R6×np , it represents the allocation matrix
computed as in [6]. By denoting γ = cfw

◦2 as the vector of
propeller thrusts, the quantity Gγ = [f⊤τ⊤]⊤ ∈ R6 is the
body wrench. Note that for fully-actuated aerial vehicles, like
the one considered in this work, G is full rank, while for
standard quadrotors its rank is limited to 4.

The value of the various parameters in (1) (center of mass,
geometrical quantities, thrust coefficient, etc) is in general
only approximately known. Therefore, we introduce a nominal
dynamic model[

m̂I3 03

03 Ĵ

] [
v̇
ω̇

]
=

[ −m̂gzW
−ω×Ĵω

]
+ĉf

[
R 03

03 I3

]
Ĝw◦2 (2)

where the ·̂ indicates the approximated knowledge of uncertain
parameters due to measurement or estimation errors. The esti-
mated generalized inertia matrix will be denoted as M̂ . This
nominal model will be relevant in the following developments.

A. Problem Statement and Control Framework Overview

The goal of the control framework discussed in the follow-
ing is to track a desired state trajectory for the robot under
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model uncertainties. To this end, an NMPC is proposed based
on the nominal model (2). Given the mismatch between real
and nominal dynamical models (1)–(2), the NMPC will present
considerable tracking errors due to its model-based nature.
A TDC-based controller is thus developed for fully-actuated
MAVs and integrated in the control scheme as inner-loop
for the NMPC. This additional loop computes control inputs
for the MAV given states and inputs from the NMPC and
reduces the tracking error thanks to acceleration feedback that
mitigates the effects of model uncertainties. However, the TDC
inner-loop is not able to handle constraints and, thus, even if
the inputs generated by the NMPC would respect actuation
limits the TDC action can still incur into input saturation
and introduce instability in presence of model mismatches. To
solve this issue, we then embed the TDC inner-loop into a QP
which guarantees the satisfaction of the same input constraints
as in the NMPC outer-loop.

III. NONLINEAR MODEL PREDICTIVE CONTROLLER

We rely on a NMPC for solving the trajectory tracking
task. NMPC iteratively solves a constrained Optimal Con-
trol Problem (OCP) and computes optimal states and inputs
over a (finite) prediction horizon by forward integrating the
MAV nominal model (2). In our case, the state and input
vectors are x =

[
p⊤q⊤v⊤ω⊤]⊤ ∈ R3 × S(3) × R6 and

u = w◦2 ∈ Rnp , respectively. The control objective is to track
as close as possible a desired time-varying state trajectory
xd(t) =

[
pd(t)

⊤qd(t)
⊤vd(t)

⊤ωd(t)
⊤]⊤, which may not be

dynamically feasible considering actuation constraints, and
possibly a reference input ud(t) computed by a trajectory
planner or set to a constant value (e.g., zero or hovering value).

In order to numerically solve the OCP, states and inputs
are typically discretized using N equally spaced intervals
with discretization step dt and denoted with subscript ·k. The
references are also sampled and fed to the NMPC accordingly,
obtaining the following Nonlinear Program (NLP):

min
x0, ..., xN ,

u0, ..., uN−1

N−1∑
k=0

(
||xk−xk,d||22,Q+||uk−uk,d||22,U

)
(3a)

+||xN−xN,d||22,QN

subject to xk+1 = f̂(xk,uk) k ∈ [0, N−1] (3b)
x0 = x̂ (3c)
umin ≤ uk ≤ umax k ∈ [0, N−1], (3d)

where Q = diag(Qp,Qq,Qv,Qω), Q⋆ ∈ R3×3 and
U ∈ Rnp×np are positive definite diagonal weight matrices,
QN = Q (we are equally interested in all nodes), constraint
(3b) is the discretized version of the nominal dynamics (2),
x̂ is the current robot state (assumed available from state
estimation), umin and umax are the minimum and maximum
squared rotors velocities, respectively. For the attitude error,
we use the vectorial part of the quaternion error with the
following abuse of notation as in [4]:

qderr = q − qd = (q ⊗ q−1
d )x,y,z. (4)

IV. INNER-LOOP CONTROLLER

Here we derive a TDC for fully-actuated MAVs and discuss
its similarities with INDI. We then show how to embed the
TDC in a QP with actuation constraints and integrate the inner-
loop controller with the NMPC outer-loop. Finally, we discuss
practical considerations for implementation.

A. TDC for Fully-actuated MAVs

We report here the application of TDC to fully-actuated
MAVs in order to obtain an incremental system where uncer-
tain dynamics terms are approximated with sensors measure-
ments, following the procedure explained in [15], [16]. We
demonstrate that, in the case of MAVs, knowledge of inertial
parameters is unnecessary; however, the approach still depends
on the allocation matrix, specifically on certain geometrical
parameters and propeller coefficients.

The MAV dynamics (1) can be rewritten as a nonlinear
system in control affine form

ẋ1 = h(x1,x2) (5a)
ẋ2 = f(x) + F (x)u, (5b)

where x1 = [p⊤ q⊤]⊤ ∈ R3 × S(3), x2 = [v⊤ ω⊤]⊤ ∈ R6,
u = w◦2 ∈ Rnp , x =

[
x⊤
1 x⊤

2

]⊤
and h(·) is a function

expressing the non-linearity of the quaternion kinematics (1a).
Moreover,

f(x) = M−1

[
−mgzW
−ω × Jω

]
, F (x) = M−1cfR̄G, (6)

with R̄ = diag (R, I3). Introducing matrix

G̃ = ḠR̄Ĝ ∈ R6×np (7)

where Ḡ ∈ R6×6 is a constant diagonal positive-definite gain
matrix and Ĝ the best approximation of the allocation matrix,
(5b) can be rewritten as

G̃+ẋ2 = H(x, ẋ) + u, (8)

with H(x, ẋ) = (G̃+ − F+(x))ẋ2 + F+(x)f(x) ∈ Rnp . If
np > 6, G̃ and F are not square and their Moore-Penrose
pseudoinverse G̃+, F+ ∈ Rnp×6 must be used.

The purpose of matrix Ḡ is not only to provide a tunable
gain for the body wrench, but also to approximate the thrust
coefficient and inverse of generalized inertia matrix. The quan-
tity H(x, ẋ) includes the terms f(x) and F (x) which are
assumed unknown or uncertain. According to [15], [16], these
terms can be approximated using acceleration measurements.
Considering a sufficiently small time interval ∆t, the value
of H(x, ẋ) at time t can be considered close to its sampled
value at time t − ∆t. Therefore, the uncertain terms in (8)
can be approximated using sensors, state estimation algorithms
and input measurements, obtaining the Time Delay Estimation
(TDE) of H(x, ẋ) as

Ĥ(x, ẋ) = G̃+ẋ2,0 − u0, (9)

where ẋ2,0 = ẋ2(t − ∆t) and u0 = u(t − ∆t). Note that
(9) uses the most recent sampled values of accelerations ẋ2

and inputs u to approximate the unknown dynamics, thus
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making this method a sensor-based approach. Following the
TDC literature, ∆t is the sensors sampling time (1ms in our
case.)

By replacing H(x, ẋ) in (8) with its TDE computed in (9),
we obtain the incremental dynamics

ẋ2 = ẋ2,0 + G̃(u− u0) = ẋ2,0 + G̃∆u, (10)

which will be used in the QP formulation. Vector ∆u is
the incremental input. Note that (10) does not depend on the
generalized mass matrix M anymore, but there remains a de-
pendency on the allocation matrix Ĝ through G̃. TDC applied
to MAVs is therefore not completely model-free because of the
dependency on geometrical quantities and the ratio between
drag and thrust through Ĝ (see [6], Section 2.1). As previously
mentioned, this limitation is due to the fact that the measured
variables are linear acceleration and angular velocity whereas
the controlled ones are the motor rotational speeds instead of
the body-frame wrench.

Furthermore, in (10) we omitted the TDE error, see [15]
and [16] for a complete discussion. Gain Ḡ is tuned in
order to satisfy a condition which guarantees the TDE error
boundedness, as discussed in [13] Sec. III, [15] Sec. II-B
and [16] Sec. III-A. As general suggestions to select this
parameter, consider that large Ḡ results in large TDE errors,
while small Ḡ causes noisy responses. To tune Ḡ, we can
start with a sufficiently large positive value that guarantees
stability and then decreases it until the closed loop response
starts to become noisy. Indeed, this manual tuning procedure
is in practice limited by the sensors noise level.

Note that our derivation applied to the MAV case slightly
misuses the term TDC, because G̃ depends on the state via
the rotation matrix in R̄. However, since a rotation matrix has
unitary norm and only changes the direction of a vector and
not its magnitude, we still consider it a TDC. The key property
of fixed, tunable gain remains by assuming no uncertainty in
the attitude provided by the state estimator.

By solving (10) for the input u, one obtains

u = u0 + G̃+(ẋ2 − ẋ2,0), (11)

where the acceleration ẋ2 includes the reference acceleration
and a stabilizing PD action [13], [11], [14], [15] as follows

ẋ2 = ν = ẋref2 +

[
Kp(pref − p) +Kv(vref − v)

Kqq
ref
err +Kω(ωref − ω)

]
(12)

with K⋆ being suitable constant diagonal gain matrices and
qreferr similar to (4). Note that this PD action is crucial to
compensate model mismatches [17], as shown by experimental
results. (12) allows tracking a reference state computed inter-
polating optimal states and inputs from NMPC (3), as detailed
in Sec. IV-D. Control law (11) can be used as inner-loop
controller to enhance the NMPC tracking capabilities and, in
particular, increase its robustness against model uncertainties.

B. Relations with INDI
The control law in (11) closely resembles the INDI law,

which, when applied to the fully-actuated MAV case, can be
expressed as:

u = u0 + G̃(x0)
+(ẋ2 − ẋ2,0), (13)

where G̃(x0) = Ḡ(x0)R̄Ĝ and ẋ2 = ν. A nice and detailed
comparison between TDC and INDI can be found in [14]. In
general, INDI can be viewed as TDC control with a state-
dependent gain Ḡ(x0) in place of Ḡ. There exist several
derivations of INDI in the literature, see for example [3],
[10], [14]. INDI is based on a time-scale separation argument,
stating that the input rate of change is much faster than the
state rate of change. This assumption is absolutely reasonable
when INDI is applied as fast inner-loop. The self-scheduling
property of INDI could enhance system stability. However,
for MAVs with fixed geometry and inertial parameters, INDI
would have a non-tunable gain, making it less flexible and
more dependent on hard-to-obtain parameters such as inertia
[3], [4]. Moreover, it could result in very aggressive gains
which are not applicable in practice due to, e.g., sensor noise.
For this reason we believe that, if applied to MAVs with

constant parameters, TDC is more advisable, as it allows
greater tuning flexibility through the gain matrix Ḡ without
requiring the knowledge of mass and inertia. This is similar
to the integral gain approach presented in [17], and a relation
between TDC and the gains of a PID in incremental form is
reported in [14].

C. QP-based TDC

To make the inner-loop controller able to respect constraints,
the incremental dynamics (10) is embedded in a QP

min
∆u

. ||ẋ2 − ν||22,Q2
+ ||∆u||22,U2

(14a)

s.t. umin ≤ u0 +∆u ≤ umax, (14b)

where Q2 ∈ R6×6 and U2 ∈ Rnp×np are positive definite
diagonal matrices, ẋ2 is the incremental dynamics (10). In
(14), the objective is to track an acceleration ν defined in (12)
while minimizing the incremental input and keeping the full
input between minimum and maximum limits (the same limit
of the NMPC, see (3d)).

By expanding the cost function (14a) and reformulating the
constraints, (14) is rewritten as

min
∆u

. ∆u⊤H∆u+ g⊤∆u

s.t. A∆u ≤ b
(15)

where
H = G̃⊤Q2G̃+U2, g = 2Q⊤

2 G̃
⊤ (ẋ2,0 − ν) (16)

A = [−I I]
⊤
, b =

[
(u0 − umin)

⊤ (−u0 + umax)
⊤]⊤. (17)

Letting ∆u⋆ be the solution of (15), the input to apply to the
system at the next step is

u⋆ = u0 +∆u⋆, (18)

which is a vector of np squared propeller velocities consistent
with the constraint imposed by the NMPC. We call the inner-
loop based on (14) TDC-QP.

D. Application to NMPC and Practical Implementation

We explain here how we obtain the reference state and
acceleration to be tracked by the inner-loop (computed using
(11) or QP (14)). The overall scheme for the TDC-QP inner-
loop case is depicted in Fig. 2, where a ∈ R3 indicates the
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Fig. 2: Control scheme: NMPC outer-loop and TDC-QP inner-loop.

linear acceleration, namely v̇ = a. If the QP is not used,
the corresponding block in Fig. 2 and the sum are replaced
by Equation (11). The reference values are obtained from
NMPC as follows: at each NLP solution of (3), the algorithm
outputs optimal states and inputs for all the shooting nodes
along the prediction horizon, namely xoptk for k = 0, . . . , N
and uoptk for k = 0, . . . , N − 1, where xopt0 is the same
of (3c) and uopt0 is the input that should be applied to
the system without inner-loop controller. Since the temporal
interval between two consecutive NMPC prediction nodes
contains multiple executions of the inner-loop, optimal states
and inputs are linearly interpolated between the first and the
second shooting nodes, namely between (xopt0 , uopt0 ) and
(xopt1 , uopt1 ) considering the current time. In Fig. 2, Ropt and
uopt represent attitude and input computed via interpolation,
respectively. Linear and angular reference accelerations ẋref2

are computed using optimal interpolated states and inputs and
inverting the model (2), as shown in Fig. 2.

Note that the desired trajectory has no feasibility guarantees
and it is filtered by the NMPC to produce feasible (according
to nominal model (2)) states and controls, while reference tra-
jectory to be tracked by the inner-loop controller is computed
through NMPC data and thus inherits the feasibility property.

In practical implementations, signal filtering is crucial since
signals from onboard sensors such as the IMU are very noisy.
As discussed in [3], [4], [10], all feedback signals must be
low-pass filtered with the same filter in order to accumulate
the same amount of delay. In Fig. 2, the block LPF indicates
a second order Butterworth filter with cutoff frequency f ,
while low-pass filtered signals are indicated with subscript ·f .
Moreover, the angular acceleration in (10) (last three elements
of ẋ2,0) cannot be directly measured by sensors and it is thus
obtained by numerically differentiating the filtered angular
velocity. Since this operation amplifies noise, a good filtering
is essential.

Concerning the input feedback u0 in (10), if it cannot be
measured (or it cannot be measured fast enough, as in our
case), it is necessary to estimate it from previous control
commands considering the actuation delay as explained in
[10]. This is just a technological limitation which can be
solved using different hardware. In this work, we achieve this
by applying a first-order filter with a time constant τ1 to the
most recently computed input, which yields the discrete-time
transfer function A(z). The estimated input, according to [10],
is further filtered with the same filter used for the accelerations
in order to synchronize the signals.

Finally, since the computed input u⋆ is a vector of np
squared propeller velocities, we take the elementwise square

root to obtain the final command sent to low-level electronics.

V. EXPERIMENTS

We present here the experimental setup, the details of the
implementation on onboard hardware and the final results. The
purpose of the experiments is to show that the proposed TDC-
QP control scheme offers the same advantages of other inner-
loop controllers for NMPC while guaranteeing stability in case
of saturation and model mismatches, the latter condition being
unavoidable in real robots. The videos related to the proposed
experiments can be found in the multimedia material.

A. Experimental Setup

The proposed control algorithm is tested on the fully-
actuated hexarotor with fixedly tilted propellers shown in
Fig. 1 whose design has been introduced in [18]. The platform
weights 3.05 kg including batteries and np = 6. Note that
this vehicle is fully-actuated and not omnidirectional, and the
forces that it can exert laterally (in the xR-yR plane) are
limited and smaller than the one along zR, as clearly visible
in the experimental part of [19], where the same robot is
used. The robot is equipped with a NUC13 onboard computer
running Ubuntu. The flight controller runs custom firmware
and is equipped with IMU (accelerometer and gyroscope).
The experiments are performed in an indoor arena equipped
with motion capture system providing position and attitude
data at 200Hz which are fused with IMU data sampled at
1 kHz by the state estimator. As previously mentioned, the
final command sent to low-level electronics are desired rotors
speeds, which are tracked in closed-loop by a control algorithm
[20] embedded in the Electronic Speed Controllers (ESCs).

The robot is controlled to track a trajectory which may
be unfeasible (i.e., lead to input saturation) due to excessive
accelerations or to heavy model mismatches. Note that min-
imal model mismatches are always present, even in nominal
conditions, because of air turbulences and imprecise assembly.

B. Implementation Details

The NMPC is implemented with acados [21] Python inter-
face using the Real Time Iteration (RTI) scheme [22], and
runs on the high-level onboard computer at 100Hz with a 1 s
prediction horizon and 20 shooting nodes. Nominal dynamics
(2) is discretized using a fourth order Runge-Kutta integrator.
State estimation, inner-loop controller (TDC and TDC-QP),
and interfaces with a motion tracking system (mocap) and low-
level electronics run onboard at 1 kHz within the open-source
framework Telekyb31 . The control algorithm described in this
paper is implemented in a novel component called tdopt,
where PROXQP [23] is used as QP solver. In order to compare
the performance of different controllers, it is possible to use
TDC inner-loop control without QP computing the input with
(11) or to not use the inner-loop at all. The first option is
comparable to INDI as discussed in Sec. IV-B, while in the
latter case the control input computed by (3) is directly sent
to low-level electronics.

1https://git.openrobots.org/projects/telekyb3
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Control Param. Value Control Param. Value
NMPC Qp 250 · I3 TDC-QP ḡfxy 0.003 · I2
NMPC Qq 10 · I3 TDC-QP ḡfz 0.0006
NMPC Qv 5 · I3 TDC-QP ḡτ 0.03 · I3
NMPC Qω 0.1 · I3 TDC-QP Kp 9 · I3
NMPC U 10−8 · I6 TDC-QP Kq 9 · I3
NMPC N 20 TDC-QP Kv 4.242 · I3
NMPC dt 50 ms TDC-QP Kω 4.242 · I3

TDC-QP Q2 I6 TDC-QP f 5Hz
TDC-QP U2 10−8 · I6 TDC-QP τ1 0.02

TABLE I: Control gains and parameters.

The control gains and parameters used for the experiments
are reported in Table I, where the gain matrix has been divided
in Ḡ = diag(ḡfxy

, ḡfz , ḡτ ) in order to distinguish gain in
horizontal force, vertical force and torque, respectively. The
desired input uk,d in cost function (3a) is set to the hovering
value.

C. Experimental Results

We performed a set of experiments with different conditions
in order to validate the proposed TDC-QP inner-loop and
compare it to other controllers. For each scenario (numbered
from 1 to 4), three controls are tested and compared: NMPC
without inner-loop control; NMPC + TDC inner-loop with-
out QP computed with (11); NMPC + TDC-QP inner-loop
computed with (15), with results in Table II. After a gain
tuning process, to ensure comparable performance to TDC-
QP, the second controller is implemented with ḡτ = 0.015 I3
while the other gains are as in Table I. Its limitations are still
highlighted by experiments with input saturation.

The trajectory chosen for the experiments is a double
symmetric chirp along yW . This seems an appropriate choice
since it can heavily affect also the attitude of the MAV and
it allows to trigger input saturation even in a small space by
properly changing its parameters. More in detail, the desired
position is pd(t) = [0 py(t) z̄]

⊤, where z̄ is the desired takeoff
height and

py(t) = A sin(ξ(t)t), ξ(t) =

{
ξt if t ∈ [0, t̄2 [

ξ(t̄− t) if t ∈ [ t̄2 , t̄]
(19)

where A is the amplitude and ξ is the slope used to transition
from the initial frequency ξ(0) = 0Hz to ξ( t̄2 ) = fm to finally
ξ(t̄) = 0Hz.

The desired velocity vd(t) is defined accordingly with the
position, while desired attitude and angular velocities are set
to zero. However, NMPC cost function weights give more
importance to position tracking than attitude tracking, so the
hexarotor tilts when the required lateral force exceeds the
platform bounds.

By varying chirp parameters and experiments conditions,
we consider four scenarios with results reported in Table II
and discussed in the following. In Table II, columns ”M” and
”S” specify respectively if model mismatches have been added
to the hexarotor beside the minimal ones and if it reaches
heavy input saturation. The chirp amplitude is A = 1m
for each scenario. The controllers performance are evaluated
computing the RMS values of position tracking error ep and
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(b) NMPC+TDC-QP

Fig. 3: Scenario 1 with no saturation nor added mismatches.

attitude tracking error converted as roll, pitch and yaw errors
eq = [eϕ eθ eψ]

⊤ for better clarity. The input is depicted
normalized dividing by its maximum achievable value. The
red dashed lines in the input plots represents minimum and
maximum values. A red background in input plots indicates
input saturation. Motors are numbered from 1 to 6 counter-
clockwise, with motor 1 on the positive xR axis. Takeoff and
landing are not depicted in the plots and not considered for
errors computation.

1) Scenario 1 - nominal conditions: we first test the al-
gorithms without additional model mismatches. Only minimal
(unavoidable) mismatches are present and there is no input
saturation. The three controllers perform similarly and they
all preserve system stability. From Table II and Fig. 3 we can
see that, even if there are turbulences due to air bouncing
against the walls, the NMPC is able to reject the unknown
disturbance also without inner-loop controller. However, there
is a constant error in yaw which is compensated with both
inner-loop controllers. The reason for this yaw offset may be
the imperfect assembly of the hexarotor, which does not lead
to a perfect compensation of the internal forces. In general,
from the RMS errors, it is clear that an inner-loop controller
decreases the attitude error, as the inertia is one of the most
uncertain parameters in MAVs, while the mass is easier to
measure. The fact that constant errors are reduced to zero
suggests that acceleration-based inner-loop controllers (both
with and without QP) embed an integral action, as discussed in
[14], [17]. Lastly, another advantage of the TDC-QP inner-loop
is that it leads to more uniform inputs as shown in Fig. 3(b),
because it penalizes high input increments.

2) Scenario 2 - aggressive trajectory: we test the con-
trollers with a trajectory which leads to input saturation
without additional model mismatches beside the minimal ones.
As shown in Table II and Fig. 4, NMPC and NMPC+TDC-QP
performs similarly, with the advantage of the latter of reducing
attitude and vertical position errors as in previous experiments.
This control scheme is again stable despite the fact it reaches
saturation multiple times, as depicted in Fig. 4(d) and Fig. 4(b).
The TDC inner-loop without QP becomes unstable in the
most aggressive part of the trajectory and the experiment
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Scenario M S fm [Hz] t̄ [s] Tracking error NMPC NMPC+TDC no QP NMPC+TDC-QP

1 ✗ ✗ 0.40 20.0 ep,RMS [m] [0.013, 0.032, 0.009]⊤ [0.014,0.028, 0.010]⊤ [0.007, 0.030,0.006]⊤

eq,RMS [deg] [10.133, 1.047, 3.876]⊤ [10.244, 0.618, 0.372]⊤ [9.820,0.283,0.261]⊤

2 ✗ ✓ 0.52 26.9 ep,RMS [m] [0.013,0.040, 0.021]⊤ CRASH [0.012, 0.041,0.018]⊤

eq,RMS [deg] [15.430, 1.350, 4.443]⊤ CRASH [14.956,0.458,0.438]⊤

3 ✓ ✗ 0.40 20.0 ep,RMS [m] [0.012, 0.032, 0.026]⊤ [0.013, 0.029, 0.011]⊤ [0.013, 0.029, 0.011]⊤
eq,RMS [deg] [10.673, 1.631, 5.230]⊤ [10.443, 0.552, 0.384]⊤ [10.104, 0.558, 0.385]⊤

4 ✓ ✓ 0.40 20.0 ep,RMS [m] [0.007, 0.033, 0.030]⊤ CRASH [0.012,0.032,0.008]⊤

eq,RMS [deg] [10.734, 2.107, 5.200]⊤ CRASH [10.387,0.989,0.871]⊤

TABLE II: Experiments results for the tested scenarios and controllers.
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(c) NMPC+TDC without QP
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(d) NMPC+TDC-QP

Fig. 4: Scenario 2 with aggressive trajectory, no added mismatches (only minimal ones).

is manually interrupted (red background in Fig. 4(c)). In
an ideal case (achievable only in simulation) this situation
would not lead to a crash, because the commands from NMPC
would be tracked without exceeding input limitations as real
and nominal models coincide. This experiment highlights the
importance of a safe inner-loop such as TDC-QP even with
minimal, unavoidable mismatches. To further investigate and
validate this, we tested the same controller in a simulation
where nominal and real models coincides and the inner-loop
controller without QP had comparable performance to TDC-
QP, maintaining stability.

3) Scenario 3 - additional model mismatches: to add model
mismatches to the minimal ones, a 350 g mass is attached with
a rope near the CoM of the robot and acts as a pendulum. The
chirp trajectory is the same of scenario 1. From Table II one
can notice that, since the NMPC is not aware of the added
mass, it has a constant offset in the vertical position and the
yaw error is increased wrt experiment 1. The results show
that the TDC-based inner-loop controllers (with and without
QP) are able to greatly reduce these offsets. In particular, the
two inner-loops perform very similarly on both position and
attitude trackings. These results are similar to Scenario 1 and
for space reasons we do not show the plots here.

4) Scenario 4 - heavy model mismatches and saturation:
we test here the advantage of TDC-QP inner-loop control
in case of model mismatch and trajectory leading to heavy
input saturation. The benefits of inner-loop tracking are already
known, but we show here how TDC-QP is able to provide
lower tracking errors while preserving system stability also in

this challenging conditions, which is the main focus of this
paper. These conditions may represent a system of which a
very coarse model is available. The desired chirp trajectory is
the same of scenario 1 and 3. To increase the model mismatch
beyond the minimal one, some masses are attached to the
hexarotor with ropes in a pendulum-like style. In particular,
there are a 300 g mass attached slightly below the CoM,
and a 220 g mass attached along the xR axis to the arm
connecting motor 1 to the frame, as shown in Fig. 5(a). Note
that the masses act as a pendulum and they introduce not only
unknown time-varying forces, but also torques. From Table II
and Fig. 5, it is evident that the TDC-QP inner-loop is able
to greatly reduce the tracking errors, in particular in vertical
position and yaw, while handling the saturation of the input.
TDC without QP, instead, becomes unstable and leads to a
crash (red background in Fig. 5(c)). These behaviors are also
shown in the attached video.

VI. CONCLUSION AND FUTURE WORK

Tracking aggressive trajectories under strong model un-
certainties still represents a challenge in Aerial Robotics, as
common inner-loop controllers used to improve accuracy can
cause input saturation and, thus, instability. To address this,
we propose a TDC-based fast inner-loop for NMPC trajectory
tracking. Our approach retains the benefits of acceleration-
based inner-loop controllers while ensuring actuation con-
straints align with the outer NMPC loop, preserving stability
under saturation and model mismatches. This is achieved by
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(d) NMPC+TDC-QP

Fig. 5: Scenario 4 with heavy added mismatches and saturation.

formulating dynamics in incremental form and embedding it
in a QP, considering filters delays and interpolating NMPC
data. Experiments on a fully-actuated hexarotor demonstrate
superior safety performance in challenging conditions, han-
dling input saturation where others fail.

In the future, we plan to apply TDC-QP inner-loop to
platforms such as torque-controlled manipulators and aerial
manipulators, where we could achieve model-free control [16].
Since in those systems the inertia varies with the state, a
comparison with INDI inner-loop could be performed. As
hardware improvements, to enhance inner-loop reliability, we
will further investigate vibration damping on IMU and use
more performant ESCs capable of providing fast rotors speed
feedback. This will eliminate the need to estimate the actuation
delays in the input feedback.
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