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Abstract—During recent decades, Unmanned Aerial Vehicles
(UAVs) has increased their success in several areas of applications
thanks to their versatility. Furthermore, the growing availability
of low-cost electronics has pushed their use in civil consumer
applications. Attitude control is one of the needed tasks to
effectively carry out missions, whose accuracy and adaptability
to high payload imbalances or atmospheric disturbances are
fundamental requirements. This paper focuses on the design
of a flight control scheme based on Model Reference Adaptive
Control with Neural Networks. The effectiveness of the proposed
controller is assessed through experimental tests carried out on
a Crazyflie 2.1 quadrotor.

I. INTRODUCTION

The use of Unmanned Aerial Vehicles (UAVs) has expo-
nentially grown in the last decades in both civil and military
applications. In particular, multirotor drones offer advantages
when used for missions in hazardous environments [1] if
compared to fixed-wing aircraft, thanks to their characteristics,
such as the ability to take-off and land vertically, fly in
confined spaces and hover over a specified area. In civil
applications, micro and mini UAVs are adopted for tasks such
as aerial photography, mapping, weather forecasting, Search
and Rescue (SAR) applications in post disaster scenarios [2]–
[8].

However, this kind of aircraft needs a reliable and effective
attitude controller to successfully carry out a mission, with
the ability to ensure stable flight even under operational
conditions different from the nominal ones, such as in the
presence of atmospheric disturbances. Because of their ease
of implementation, the most conventional control methods
are based on Proportional-Integral-Derivative (PID) controllers
[9], [10], particularly suitable in quasi steady-conditions. This
kind of controller offers an intuitive interface to be calibrated
and for this reason it is still the most used approach for
commercial drones. Over the years, researchers found several
alternative to improve performance and reliability of such
systems, using optimal control [11]–[15], Hinf [16]–[18],
Nonlinear Dynamic Inversion [19].
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However, in the presence of unknown disturbance, such
control systems can fail [20]–[22]. To overcome these dif-
ficulties, several adaptive strategies have been proposed by
researcher, such as Adaptive Control [23], NN-based Non-
linear Decoupling [24], Model Reference Adaptive Control
[25] and Neural Networks (NN) based controllers. [26]. NN-
MRAC [27], [28] is particularly interesting in fast dynamics
applications, thanks to its ability to automatically adjust the
parameters of the control model in real-time when the plant
parameters are unknown or suddenly change during operations
[29]. This adaptive control technique has been adopted by
several authors over the years. In [30], the authors proposed an
intelligent Model Reference Adaptive Control (MRAC) based
on a neural network for robust tracking control of quadrotor
UAV under external disturbances and parameter variations.
The authors in [31] proposed a control architecture based on
MRAC enabling trajectory tracking for quadcopters, despite
uncertainties about the inertial properties of the aircraft and
the presence of unknown and unsteady payloads. To enhance
adaptability to changing conditions, ensuring efficient and
reliable control, the incorporation of Neural Networks for
attitude control purposes was also introduced in [32]. The
adaptability characteristics of the MRAC controllers were
also used in [33], where the authors developed a controller
for a quadcopter capable of autonomously adapting control
parameters to various operational scenarios different from the
reference model, without any external intervention from the
pilot. To facilitate the adaptation to dynamic environments,
a quadrotor position controller leveraging Neural Networks
trained via Reinforcement Learning was proposed in [26].

The main aim of this paper is to design an attitude con-
trol system based on a Model Reference Adaptive Control
(MRAC) integrated with Neural Networks, to enhance flight
control precision and adaptability to unknown external distur-
bance. To evaluate the performance of the control algorithm,
experimental results are presented, comparing two different
NN architectures in the presence of a weight unbalance over
a commercial quadrotor. In particular, the main contributions
of the proposed work are twofold:

• a performance comparison of MRAC with several acti-
vation functions;

• design and implementation of experimental tests on a
commercial micro quadrotor, such as Crazyflie 2.1+.

The paper is organized as follows: Section II introduces
the adopted aircraft model. Section III describes the proposed
flight control algorithm. Finally, Section IV presents the pre-



Fig. 1: Definition of NED and Body reference frames.
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Fig. 2: Quadrotor configuration.

liminary results of an experimental test campaign.

II. AIRCRAFT MODEL

To define the motion of the aircraft and its orientation, two
reference frames are considered: an inertial earth-fixed frame,
denoted as E, and a body-fixed frame, denoted as B, whose
origin OB is located at the Center of Gravity (CG) of the
quadrotor (see Fig. 1).

Before presenting the rigid body equations useful to model
the motion of the aircraft, the following assumptions have
been considered: (a) the quadrotor structure is symmetrical
and rigid, (b) each propeller has a fixed pitch angle, and (c)
the center of mass of the quadcopter is coincident with its
geometrical center, OB .

The state of the quadrotor X = [VT ,ΩT ,ΘT , zT ]T is
composed of:

• the velocity vector in the body reference frame, V,
• the angular rate in the body frame, Ω = [ωx, ωy, ωz]

T ,
• the attitude in terms of Euler angles, Θ = [ϕ, θ, ψ]T ,
• the position z = [xE , yE , zE ]

T in the earth-fixed frame.
The governing equations, in the body-fixed frame B, de-

scribing the dynamic model of the UAV can subsequently be
expressed as:

m
(
V̇ +Ω×V

)
= F (V,Ω,Θ,u) (1)

JΩ̇+Ω× JΩ = T (V,Ω,u) (2)

ż = R−1
BE(Θ)V (3)

Θ̇ = H(Θ)Ω (4)

where m is the mass of the quadrotor, J =
diag(Ixx, Iyy, Izz) represents the inertia matrix, assumed di-
agonal and constant in the Body frame. The vector V̇ denotes
the time derivative of the vector V as observed in the body
frame, while F represents the vector of external forces, which
depends both on the motion variables and the vector of
propellers rotational speed used for vehicle control, u. The
vector T represents the applied moments with respect to the
Center of Gravity (CG), and RBE denotes the rotation matrix
from the earth-fixed frame to the body frame, which depends
on the attitude of the UAV.

The matrix H(Θ) is the transformation matrix for angular
velocities, defined as follows:

H(Θ) =

1 0 − sin θ
0 cosϕ sinϕ cos θ
0 − sinϕ cosϕ cos θ

 (5)

The external forces and moments in (1) and (2) can be
decomposed as follows:

F (V,Ω,Θ,u) = Fg(Θ) + Fp(V,Ω,u) + Fa(V,Ω) (6)

T (V,Ω,u) = Tp(V,Ω,u) +Ta(V,Ω) (7)

where Fg = RBE [0, 0,mg]
T represents the gravitational

force, Fp and Tp are the propulsive forces and moments,
whereas Fa and Ta consist of the aerodynamic components
of forces and moments, respectively.

In practical implementation, PWM signals are involved to
control rotational speeds. Experimental observations revealed
a proportional relationship between the rotor thrust/torque and
the control signal, through a coefficient kf /kt.

Fi = kfui
Ti = ktui

∀i = 1, 2, 3, 4 (8)

The body-frame components of the propulsive force and
torque, mainly dependent on the propeller rotational speed of
the quadrotor and denoted as Fp = [0, 0, Fpz]

T and Tp =
[Lp,Mp, Np]

T , can be modeled as a combination of the rotors
thrust, Fi, and torque, Ti with i = 1, 2, 3, 4.

 Fpz

Lp

Mp

Np

 =

 kf kf kf kf
bkf −bkf −bkf bkf
lkf lkf −lkf −lkf
kt −kt kt −kt


 u1

u2

u3

u4

 (9)

The parameters b and l denote the distance of the rotors
center from CG along the y and x axes, respectively (see Fig.
2).

III. FLIGHT CONTROL ALGORITHM

The proposed Flight Control System (FCS), whose
schematic representation is depicted in Fig. 3, is composed
of three main components:

• A Control Allocator (CA), responsible for distributing
the control effort, in terms of the requested forces and
moments, among the available actuators.



Fig. 3: General scheme of the Flight Control System.

• An inner loop for the attitude control of the vehicle,
consisting of a PID and an MRAC-based compensator,
able to provide virtual moments through the CA and
characterized by fast dynamics.

• An external loop, characterized by slow dynamics, for the
altitude control, able to generate virtual force commands
to the Control Allocator.

A. Control Allocator

The Control Allocator, designed by manipulating (9), is
responsible to translate virtual forces and moments into nor-
malized input commands ready to be translated into PWM
signals, as expressed in (10).

 u1

u2

u3

u4

 =


1

4kf

1
4bkf

1
4lkf

1
4kt

1
4kf

− 1
4bkf

1
4lkf

− 1
4kt

1
4kf

− 1
4bkf

− 1
4lkf

1
4kt

1
4kf

1
4bkf

− 1
4lkf

− 1
4kt


 Fpz

Lp

Mp

Np

 (10)

B. Inner Loop Control

The inner loop control allows stabilizing the attitude of the
quadrotor through the combination of a baseline PID model
and an adaptive controller based on MRAC to compensate for
any nonlinearities.

PID controllers are widely used in aerospace applications
for their simplicity and robustness, especially for attitude
control problems of quadcopter [34], [35].

Let us consider the linear system defined in (11), obtained
through the linearization of the equations describing the dy-
namic model of the UAV, (1) to (4).

ẋ(t) = Ax(t) +Bζ(t) (11)

The vector x = [ΩT ,ΘT ]T ∈ Rm is a reduced state vector
for attitude control purposes, ζ = [Lp,Mp, Np]

T ∈ Rn is
the control input, A ∈ Rmxm and B ∈ Rmxn are unknown
constant matrices.

The Altitude Hold block (see Fig. 3), based on a PID
controller, is responsible to maintain the desired altitude. The
PID controller for attitude stabilization is able to provide
the requested control signals in terms of requested moments,
Lp, Mp, and Np, to the Control Allocator, providing the
appropriate input commands to the quadcopter (see (10)).

The presence of nonlinearities due to weight unbalance or
engine failures, can lead to degraded controller performance.

To address this issue, the MRAC is used to dynamically
compensate the PID control signal, ensuring that the system
is able to follow a reference model subjected to the same input
conditions.

To account for system nonlinearities, let us introduce an
uncertainty function, fT(X), into the model described in (11).
This way, the set of equations describing the state dynamics
is modified in accordance to (12).

ẋ(t) = Ax(t) +BΛ (ζ(t) + fT(X)) (12)

The diagonal matrix Λ is designed to take into account po-
tential uncertainties in the effectiveness of the control system,
whose diagonal elements are strictly positive.

Since the model shown in (11) is a linear approximation of
a nonlinear system, valid in a small region around a particular
flight condition, the non-linear function fT(X) allows to take
into account the uncertainties of the system and disturbances
that may arise from flight conditions different from those
considered during linearization. In this regard, fT(X) can be
defined according to (13).

fT(X) = Ta(V,Ω) +Tp(V,Ω) +Tm(V,Ω) (13)

The aerodynamic components, Ta, account for uncertainties
arising from an incomplete aerodynamic model under flight
conditions different from the hovering phase. Similarly, the
propulsive components, Tp, address uncertainties related to
actuator characterization, as well as disturbances related to a
loss of actuator performance. Finally, Tm takes into account
uncertainties about inertial and miscellaneous effects not re-
lated to aerodynamic and propulsive components.

In order to ensure a desired behaviour, the adaptive control
law must guide the system defined in (12) to track the state
xr of a given reference plant model, as defined in (14), even
in the presence of disturbances and uncertainties.

ẋr(t) = Arxr(t) +Brr(t) (14)

The matrix Ar ∈ Rmxm is a stable matrix, Br ∈ Rmxn,
and r(t) ∈ Rn is the reference input vector.

Considering a neural network with two layers, a single layer
of N hidden neurons and a linear output layer with 1 neuron
(see Fig. 4), the MRAC controller computes the control input
according to (15).

uMRAC(t) = −w(t)TΦ(x) (15)

Φ(x) = [Φ1(x),Φ2(x), ...,ΦN (x), 1]T represents the vector
of activation functions plus a unit term used to add a bias,
whereas w(t) ∈ R(N+1)xn is the hidden layer weights matrix
[36]. The rectangular matrix w(t) is defined as:

w(t) =

 w1,1(t) . . . w1,n(t)
. . . . . . . . .

wN+1,1(t) . . . wN+1,n(t)

 (16)



Fig. 4: Graphical representation of the adopted neural network.

The MRAC controller updates w(t) using the tracking error
e(t) = x(t) − xr(t) between the vehicle and the reference
model as follows.

ẇ(t) = ΓΦeTPB− σw (17)

The parameter Γ represents the adaptation rate of the
weights, P is the solution of the Lyapunov equation [36], and
σ ensures that the weights remain bounded without the need
for persistent excitation [32], [37].

The total amount of attitude control signal provided to the
plant is a combination of PID and MRAC outputs as defined
in (18).

uΘ(t) = uPID(t) + uMRAC(t) (18)

C. Outer Loop Control

The outer loop control block, based on a PID controller
[34], provides the appropriate control effort, in terms of force
command, Fpz , to track a reference altitude, zr.

IV. EXPERIMENTAL SIMULATION RESULTS

To validate the proposed control architecture, preliminary
experimental results were obtained considering a Crazyflie
2.1 quadrotor, whose main simulation parameters, presented
in [38], are summarized in Table I. PID parameters were opti-
mized in simulation, by using a digital twin of the quadrotor.
In particular, to test the attitude control system, the quadrotor
was constrained to a custom-built tilting platform, specifically
designed to allow only attitude maneuvers, as shown in Fig.
5.

Table II shows the operating parameters for the proposed
MRAC controller. A comparison between two neural archi-
tectures were conducted, specifically varying the activation
function. The first uses a shifted ReLU (DReLU), a slightly
modified version of the ReLU-type, which allows for a greater
flexibility with respect to the ReLU-type in the distribution of
functions within the disturbance domain. The second employs
a RBF-type (Radial Basis Function), a computationally heavier
activation function in terms of computational burden, but able
to better approximate the non-linearity of the disturbance. As

TABLE I: Quadcopter main characteristics.

Value

m [kg] 0.031
l [m] 0.098
b [m] 0.098

J [kg ∗m2] diag(2.4 ∗ 10−5, 2.4 ∗ 10−5, 3.2 ∗ 10−5)

TABLE II: MRAC controller parameters.

Value

N 10
Γ 6 · 10−4

w(0) zeros(N + 1, n)
α [−π

6
: N : π

6
]

σ 0.05

a reference, the results are compared with a conventional PID-
based control strategy.

DReLU-type [39] and RBF activation functions can be
expressed as follows:

DReLU(x) = max(α, x) (19)

RBF (x) = e−(x+α)2 (20)

In both cases, the parameter α is used to cover the distur-
bance domain.

To simulate the effect of an unknown disturbance on the
model, we introduced an external force inducing an unbalanc-
ing moment by mounting a weight of 2 ·10−3kg below motor
M1, as shown in Fig. 5.

The performance of the proposed control architecture is
evaluated considering a sequence of distinct roll and pitch
maneuvers around the body axis. Specifically, the maneuvers
are imposed by applying an initial sequence of doublets with
increasing amplitude, ranging from 5deg to 15deg, with a
duration of 3s. After a training interval of 60s, two additional
maneuvers are performed, with a peak amplitude of 15deg and
10deg and a duration of 8s and 5s, respectively.

Fig. 5: Experimental setup used to test the control algorithms.
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Fig. 6: Experimental results on ϕ channel, with and without
MRAC controller. ϕRBF represents the response of the model
with MRAC controller and RBF activation function. ϕDReLU

is the response of the model with MRAC controller and
DReLU activation function. ϕPID is the response of the
system without the MRAC controller. ϕRef indicates the
desired response used as a reference model for the MRAC.
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Fig. 7: Experimental results on θ channel, with and without
MRAC controller. θRBF represents the response of the model
with MRAC controller and RBF activation function. θDReLU

is the response of the model with MRAC controller and
DReLU activation function. θPID is the response of the system
without the MRAC controller. θRef indicates the desired
response used as a reference model for the MRAC.

As depicted in Fig. 6, the use of a PID controller suffers of
a significant bias around the roll axis due to the unbalancing
moment, whereas the MRAC-based architectures, both with
DReLU and RBF activation functions, are able to effectively
compensate for this bias, providing satisfactory results, with
limited overshoot in tracking error. A similar behavior can be
observed during the pitch maneuver (see Fig. 7), where the
MRAC controller is able to effectively mitigate the external
disturbance, outperforming the performance of the PID con-
troller.

It is worth noting that the use of DReLU activation function

TABLE III: Performance comparisons of the proposed
DReLU-based MRAC control architecture in terms of the
average error, µ, and standard deviation, σ, for roll (µϕ and
σϕ) and pitch (µθ and σθ) attitude control.

µϕ [deg] σϕ [deg] µθ [deg] σθ [deg]

DReLU 1.81 2.54 1.54 2.18
RBF 1.57 2.54 1.33 2.01
PID 7.03 10.79 5.70 8.20

does not impact the performance of the MRAC controller in
terms of attitude error, providing a good trade-off between
the performance and the computational cost, given the linear
nature of DReLU, less demanding compared to RBFs [40].

To further highlight the good performance of the DReLU-
based MRAC controller, two performance indices were intro-
duced. Denote with η the generic component of the vector Θ,
let us define the error between the response of the reference
model, ηRef , and the response of the system as in (21).

eη(t) = ∥ηRef (t)− η(t)∥ (21)

The average error µη in a time window composed by nt
time steps is expressed in (22).

µη =
1

nt

nt∑
t=1

eη(t) (22)

Then, it is possible to define the standard deviation ση with
respect to the average error as in (23).

ση =

√√√√ 1

(nt)

nt∑
t=1

(eη(t)− µη)
2 (23)

Table III shows a tabular comparison in terms of standard
deviation and mean absolute error.

V. CONCLUSIONS

In this paper, the design and testing of a flight control
scheme based on PID and MRAC with Neural Networks is
presented. The effectiveness of the proposed control algorithm
has been validated through experimental simulations on a
Crazyflie 2.1 quadcopter, performing a series of maneuvers
around roll and pitch axis with the presence of an external
unbalancing weight mounted on one arm of the drone. Results
have demonstrated that the proposed MRAC-based control
scheme outperforms traditional control architectures based on
PID control, ensuring limited tracking errors and avoiding
the excessive overshoot shown in the response to the input
commands without the use of the MRAC. As future work
different neural networks architecture will be tested and a
sensitivity analysis will be carried out to check how the
parameters of the neural network influence the performance.
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