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Abstract: In this paper, we present the development of a non-linear model predictive controller for the
trajectory tracking of a quadrotor using the CasADi optimization framework. The non-linear dynamic
model of the quadrotor was derived using Newton-Euler equations, and the control algorithm and
drone dynamics were wrapped in Matlab. The proposed controller was tested by simulating the
tracking of a 3D helical reference trajectory, and its efficiency was evaluated in terms of numerical
performance and tracking accuracy. The results showed that the proposed controller leads to faster
computational times, approximately 20 times faster than the Matlab toolbox (nlmpc), and provides
better tracking accuracy than both the Matlab toolbox and classical PID controller. The robustness of
the proposed control algorithm was also tested and verified under model uncertainties and external
disturbances, demonstrating its ability to effectively eliminate tracking errors.

Keywords: model predictive control (MPC); non-linear MPC (NLMPC); CasADi; quadrotor; PID;
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1. Introduction
1.1. Background and Motivations

Unmanned aerial vehicles (UAVs) have gained considerable interest in recent years
from both academic and industrial researchers due to their wide variety of military and
commercial applications such as surveillance, exploration areal inspection, and photog-
raphy [1-5]. UAVs are classified into two main categories: fixed-wing and rotatory-wing
UAVs, which offer significant advantages over fixed-wing UAVs since they can take off
and land vertically, maintain their position at a fixed location in 3D space, have agility,
and have high maneuverability. Quad-copter or quad-rotor, a multi-rotor aircraft with four
connected propellers, one for each rotor, is one of the extremely popular designs for smaller
UAVs due to their ability to be controlled in the three dimensions translational and rota-
tional motions by adjusting the angular velocities of rotors. Vertical movement is achieved
by simultaneously increasing or decreasing the angular velocities of the four rotors [6,7].
Lateral motions are performed by changing the speed of the left and right rotors, while
Longitudinal motions are performed by adjusting the speed of the front and rear rotors.
Yaw motion results from imbalances of the torque generated by each pair of propellers,
for example, increasing the speed of the two clockwise-turning rotors, while decreasing
the counter-clockwise rotors’ speed creates a counter-clockwise motion, and vice-versa.
As a result, Quad-rotor provides a challenging control problem because of the non-linearity
feature of the system. Moreover, it is an under-actuated system [8] since it has six degrees
of freedom, while it has just four actuators [9-11].
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1.2. Related Works

Researchers have proposed a considerable amount of control techniques, while linear
control approaches such as PID controllers [12-15] and LOR controllers [15] have been used
widely, but they are valid in conditional flight zones. On the other hand, non-linear control
methods can expand the controllable flight envelope and achieve better performance in all
flight domains. For example, backstepping control [16,17], nonlinear He, control [18], and
sliding mode control (SMC) [19]. One of the promising control techniques used recently
to control quadrotors is model predictive control (MPC) [20,21] due to its capability to
compensate highly non-linear MIMO systems in addition to handling control constraints.
MPC consists of two main components: the optimizer and the internal plant dynamic model,
which predicts the next time step data. Moreover, the optimizer solves the optimization
problem in order to select the optimum input, which ensures that the system output tracks
the required reference values [22]. NMPC uses a non-linear internal plant model to predict
the system’s behavior, which requires high computational power in real-time applications.
Many approaches have been developed to overcome this problem, such as the explicit
MPC method [23-25]. This technique solves the optimization problem offline and stores
the optimal parameters, rather than solving it online at each sampling time. Furthermore,
the NLMPC can be implemented in real-time by using fast optimizers [26].

In this paper [27], an autonomous system designed to support Search and Rescue (SAR)
activities in a small area by providing airborne surveillance, inspection, and assistance.
The suggested technology is intended for use in challenging real-world conditions with
extremely small tunnels that are barely wider than the airborne platform and with restricted
sight owing to darkness and dust. The emphasis is on rapid deployment, high resilience,
safety, and exact localization in an uncharted area without the installation of any other
infrastructure, such as an external computer or localization system. The intended SAR
situations have these as their primary needs.

In order to take into consideration system uncertainties and actuator defects, a fault-
tolerant control approach for UAVs is suggested in this study [28,29]. When actuator
problems arise, a mathematical model of the quadcopter UAV is initially introduced.
The chattering issue and system uncertainties are addressed using a normal adaptive
sliding mode control (NASMC) strategy that does not need knowledge of the upper bound.
Radial basis function neural networks are linked with an adaptive scheme to make a rapid
adjustment in the face of system uncertainties and actuator defects, which improves the
performance of the NASMC scheme. The stability of the suggested approaches is examined
using the Lyapunov theory.

NLMPC is another widely used strategy. It has been shown that NLMPC performs
better than linear MPC, especially when managing nonlinear dynamics and uncertainty.
This method is especially applicable to quad rotors because of their well-known complicated
and nonlinear dynamics.

1.3. Contributions

We implemented an NLMPC tool for trajectory tracking applications using the opti-
mization framework CasADi, which gives a considerable boost in computing speed after
comparing its effectiveness with that of the MPC toolbox that is supplied by MATLAB.
In this study, we explain how we did this. When compared with the performance of the
MATLARB toolbox, CasADi’s results were evaluated to assess how successful they were. Fur-
thermore, CasADi significantly improves the accuracy of our findings regarding trajectory
tracking. In addition, we suggested that a contrast be drawn between the efficiency of the
MPC methods (both MPC and CasADi) and the PID control method. Significant findings
were obtained through CasADi, and those results were included in the real-time prototype
of the drone. Additionally, the real-time prototype of the drone had a fast sampling time
and an adequate degree of accuracy.
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2. Dynamic Model of the Quadrotor
Maintaining the Integrity of the Specifications

To derive the quadrotor’s mathematical model, we considered the following assump-
tions:

*  The quadrotor is a rigid body subject to one lift force and three torques.

¢ The structure of the quadrotor is symmetric with four rotors aligned with the x and y-
axes. Therefore, the moment of the Inertia tensor only contains the diagonal elements.

*  The center of gravity of the quadrotor and the origin of the body’s fixed frame coincide.

¢ The gyroscopic effects and aerodynamic forces are neglected.

As shown in Figure 1, and derived in [19,30], we define an inertial frame on a particular
location at ground level and a body fixed frame at the center of gravity of the quadrotor.
The linear position of the quadrotor in the inertial frame (x, y, z) axes is given by the vector
{ = [x y z]T. Meanwhile, the orientation of the quadrotor vector 7 = [¢, 8, 1] is defined by
the three Euler angles roll (¢), pitch (6), and yaw (¢), which determines rotations around x,
y, and z axes, respectively.

w4 wil

z8
t¢

YB XB

w2 w3

Figure 1. The inertial and body frames of the quadrotor.

The transformation between the body-fixed frame and the inertial frame is given by
the rotation matrix R, which is obtained depending on the sequence of principle rotation:
yaw, pitch, then roll:

CpCO CySOSP — SYCh CpSHCH + SPSep
R=|SpCo SYSOSp+CyCp SpSHCH — CypSep
—560 COS¢p COHC

M

where C denotes cos and S denotes sine.
The transformation between Euler angles rates in inertial frame 77 = [¢, §, 1] and the
angular velocities measured in body frames Q) = [p, g, r] is defined as:

Q =Wy @)
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where
1 0 —sind
Wy, = (0 cos¢ sin¢cos€) 3)
0 —sing cos¢cosd
In this derivation, we approximate the non-linear model around the hovering equi-
librium point by taking small roll and pitch angles assumptions, which reduces W, to the

Identity Matrix I3x3. As a result:
Q=7 (4)

The Newton—-Euler method is applied to describe the quadrotor dynamics. The trans-
lational equations of motion are derived in the inertial frame where the acceleration of the
quadrotor is only affected by the gravitational force G and the total thrust of rotors Tp

m{ = G + RTp ®)

i 0 r, [©
j| =—g|o| +R=2 10 (6)
3 1 g

In the body frame, the rotational motion is described in which the external torque
applied to the quadrotor T3 is equal to the angular acceleration of the inertia () and the
centripetal forces () x I().

3 =10+ Q* 1O (7)

The angular velocity of each rotor w; generates force f; in the rotor axis direction, in addition,
it generates torque M; around its axis.

F =kw?,  M; = bw? (8)

where k is the thrust constant and b is the drag factor.
The total thrust vector (Tp) applied in the body axes can be written by combining the
forces of four rotors

4 4
TB:ZlFi|:kaz'2 (9)
i=1 i=1
while the total torque applied on the quadrotor (7p) about the x, y, and z-axes can be
represented as follows
T Ik(—w3 + w?3)
— — 2 2
TB= |Tp| = lk(—wy + w3)

Ty b(—w? + wi — Wi+ w))

(10)

where [ is the distance between the rotor and the center of mass of the quadrotor and 7, Ty,
Ty denote the roll torque, pitch torque, and yaw torque, respectively.

Combining Equations (9) and (10), we can define the control input vector in terms of
the rotors” angular velocities.

uy TB k k k k (,d%
upl _ [T | _ 0 —-lk 0 Ik w% (11)
us Tp —lk 0 Ik 0 (,(J2
3
Uy Ty b b b b wi

Now, we can represent the overall dynamic model of the quadrotor as follows:
5c'=(cos¢>~sin9-cos¢+sin<p-simp)-% (12)

: . . u
= (cos¢-sinf-siny —sing - cos ) - -

|5

(13)
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Z=—g+ (cos¢-cosb) - % (14)

oA Iy =1 u
§=09p(1=)+ 1 (15)

X X

T ey |

0= gp(=)+ T (16)

Y Y

. oL —1 Uy
b= g+ 2 (7)

3. Control of Quad-Rotor Using Model Predictive Control

Model predictive control (MPC) has been widely used in recent decades due to its
ability to control multi-input-multi-output (MIMO) systems, taking into consideration
constraints on both the control inputs and the states of the system. MPC solves an opti-
mization problem with a certain objective function over a prediction horizon to drive the
output to the required reference. The output is a sequence of optimal control actions based
on the current states and set of constraints. Using the dynamic model of the plant, the
future behavior of the system is predicted and only the first control action is implemented,
while the remaining samples are discarded, then the same steps are repeated by shifting
the prediction horizon at each sampling instant. MPC has become increasingly utilized
to control quadrotors due to its capability to handle the system’s constraints through the
optimization process [20,31,32].

3.1. MPC Mathematical Formulation

The objective of the control method [33] is to minimize the weighted cost function (18)
by manipulating the optimization variables, which is the control sequence (u) using the
optimal control problem (OCP), represented by Equation (21).

N-1
In(x,u) = kZ I((xu(k), u(k))) + Le(xu(N), u(N)) (18)
=0
where,
1w (k), u(k)) = ||xu = (G + |[u — [ |7 (19)

and I;(x,(N),u(N)) is the terminal cost that is defined as follows
(xu(N), u(N)) = ||xu — |3 (20)

These quadratic functions penalize the deviation between the predicted states, x,,, and the
reference states, x,, and it penalizes the difference between the control action, u, and its
reference value u,. The Q, R, and Q are defined as the states, control, and terminal weights
matrices, respectively. The optimal control problem of the MPC controller is then ex-
pressed as:

N-1
min [y (x,u) = kz ((xu(k), u(k))) + 1t (xu(N), u(N))
=0

st xyu(k+1) = f(xu(k),u(k)) (21)
x4 (0) = xg
Upin < Ui < Upgy

Algorithm 1 represents the approach utilized to control the quadrotor model with
nonlinear MPC.
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Algorithm 1 Non-linear MPC code.

: Initialize the system with sampling time T, prediction horizon N and initial states.
: Calculate the optimal control function over the prediction horizon.

: Get the optimized control inputs.

Implement the first control sample to the non-linear model of the system.

: Updates the system states.

. Initialize the next iteration with the current inputs and states.

: Repeats the same procedure from step 2 every sampling time T.

N U W N e

3.2. MPC Implementation

The quadrotor’s dynamic model represented in Equations (12)—(17) can be represented
in the general nonlinear system form as follows:

x(t) = f(x(t),u(t)) (22)

where, x(tf) € R" and u(t) € R™, n, m are the numbers of states and control inputs,
respectively.
The discrete-time of this system can be expressed as:

x(t+1) = F(x(t),u(t)) 23)

where x(t) is the states of the system x(t) = [x,y,z,¢,0,%,%,7,2,¢,0, %], u(t) denotes the
control inputs u(t) = (w%, w%, w%, wi), which represent the squared angular velocities of
the four rotors. This non-linear model was used as the plant model provided to NLMPC
to predict the output of the system. The quadrotor dynamics were discretized using the
Runge—Kutta fourth order method. Since the system is under-actuated with six DOFs and
only four control inputs, we can determine the states needed to be controlled through
the weighting matrix Q and restrict the variation of other states through constraints that
consider one of the major factors for the success of the MPC algorithm. In our design we
assigned weights on the three positions [x, y, z] and three Euler angles [¢, 0, ¢]. Furthermore,
we applied weights to the control inputs through the R matrix but lower than the weight
applied to the tracking states R, to keep the quadrotor operating around the hovering
equilibrium point. In this work, the CasADi package and NLMPC toolbox in Matlab were
used to stabilize the quadrotor.

3.2.1. CasADi Package

The presented work in this paper excluded alternative software options from their
investigation and instead focused only on CasADi for a number of reasons. To begin with,
CasADi offers a versatile and potent optimization framework created especially for nonlinear
dynamic systems. This makes it the perfect solution for the complex, nonlinear system used
in the publication’s examination of trajectory tracking. As employing the MPC tools offered
by MATLAB, computational performance is likewise substantially faster when compared to
CasADi. This was shown in the research by comparing the two programs’ performances,
which demonstrated that CasADi offers faster solutions for the same optimization problem.
Another factor is the committed user and development community that supports CasADi and
works to continuously update and enhance it. This offers a degree of support and knowledge
that may not be present in other packages. The authors chose to focus only on CasADi
because it provides an optimization framework that is adaptable, effective, and well-
supported for nonlinear dynamic systems. For their specific research and application,
the authors feel that this framework is the best option.

CasADi is an open-source software platform for numerical optimization [34], which
facilitates the solution of NLP’s. The external solver Interior point Optimizer Package
(IPOPT) is able to handle convex and non-convex optimization problems to obtain the
optimum solution that satisfies the design requirements. We applied a direct multiple
shooting technique to discretize the OCP (18) in which both the states and control inputs
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are explicitly defined as decision variables. The dynamics of the quadrotor were discretized
using three commonly used numerical methods: Euler, Heun, and Runge-Kutta fourth
order. The computational time and tracking error were measured for each method and
compared. The results show that while the difference in computational time between
the methods is minimal (2.5%), RK4 exhibited the least tracking error among the three
methods. For this reason, we have implemented the RK4 method for the discretization of
the dynamics of the system.

3.2.2. Matlab Toolbox

Matlab provides this toolbox for designing, simulating, and prototyping the MPC
controller. In our implementation, we used the non-linear MPC function (NLMPC). This
function uses the default (fmincon) solver with the SQP algorithm to provide the manipu-
lated variables and states. Algorithm 2 represents the approach to control the quadrotor
model with nonlinear MPC.

Algorithm 2 Non-linear MPC implementation in Matlab toolbox.

: Set number of states, inputs, and outputs.

: Define the prediction non-linear model state function.

: Provide sampling time, prediction horizon, and control horizon.
: Set constraints on the control inputs and states.

: Specify weights of outputs and manipulated variables.

: Set the reference states and the nominal control target.

: Simulate trajectory tracking.

NON Ul s N

3.3. PID Controller

PID controller is widely used to stabilize the quadrotors, so we developed a con-
troller to evaluate the performance and stability of the MPC controller and compare their
results. The following Figure 2, as desribed in [35], shows the control methodology im-
plemented in the quadrotor system, which is categorized into two loops; the inner loop
that has the attitude parameters and the outer loop that controls the position parameters of
the quadrotor.

(6w
Outer-loop Inner-loop
- [ I U 2
i 0. | Auitude | ni | ae A

: 1 S H Z
Reference , : . 2| Control i > ~
Trajectory [@ry Yry 20| : - Position | ¢r : L} Ty N

7| Control P T

E . ; F: N —|

Figure 2. Control strategy for the PID technique.

This architecture to control the quadrotor needs to create and tune six parameters
using the PID algorithm, one for each state, and all of them interact with each other, so
in order to achieve this task, we used Simulink/Matlab via PID tuning to acquire the
appropriate gains for each state.

The following Figure 3 illustrates the Simulink /Matlab model developed to test the
response of the system.
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states_estim phi_ref ' P phi_ref

theta_ref theta_ref

tau_pitch tau_pitch

tau_roll
tau_roll

control_input > u X

Dynamic_model

»
Position_Controller ,—b states_estim 4|—. tau_yaw

tau_yaw

y_ref

Reference_Trajectory

PR totalThrust

Attitude_Controller

states_estim

PosZ

control_input

altitude_cmd

Altitude_Controller
Figure 3. Simulink model for the quadrotor using PID controller.

4. Simulation Results and Discussion

The proposed controller is simulated in MATLAB to follow a 3D helical reference
trajectory as follows:

x = bcos(t/2) —5 (24)
y = 5sin(t/2) (25)
z=1/2 (26)

The parameters of the quadrotor used in the simulation are obtained from [36] and are
presented in the following Table 1.

Table 1. Quad-Rotor parameters.

Description Symbol value
Inertia in x-axis L 0.0213
Inertia in y-axis Iy 0.02217
Inertia in z-axis I, 0.0282
Lift coefficient k 4.0687 x 1077
Distance between rotor and center of mass 1 0.243
Quad-rotor mass m 1.587
Drag coefficient b 8.4367 x 1077

The constraints considered on the control input mainly relies on the limits of the
motors’ angular velocity. For the given quadrotor, the maximum angular velocity for each
motor is w; = 4720 rpm. From Equations (8) and (9), we can set the maximum control input
limit and, by taking the angular velocity of each rotor at the hovering point, we can obtain
the lower limit for the control input. The constraints applied to the states:

0 < Ty < 36.257 (27)
—1.257 < 7y < 1.257 (28)
— 1257 < 15 < 1.257 (29)

— 02145 < 7y < 0.2145 (30)

The weighting matrices were tuned via trial and error to obtain the output close to the
reference. The weighting matrix Q = Diag[1,1,1,0.6,0.6,1,0,0,0,0,0, 0], while the control
input weighting matrix R = Diag[0.3,0.3,0.3,0.8]. Furthermore, the sampling time of the
controller was set to 0.1 s with a prediction horizon of 30 samples.
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4.1. Results and Discussion

As depicted in Figures 4 and 5, the quadrotor position follows the reference trajectory
in both the NLMPC package and CasADi toolbox, but the optimization time was about
0.02 s with the aid of CasADi software compared to 0.4 s for the NLMPC algorithm.

On the other hand, the PID controller showed less accurate results compared with the
MPC controllers. Moreover, the mean Euclidean error value of the states was significantly
smaller in the CasADi approach compared with the NLMPC results. The same helical
trajectory was used to test the PID controller. It is clearly shown in Figures 4 and 5 that that
PID controller has problems in tracking (x, y) trajectories, while it performs attitude and
altitude stability perfectly.

MPC toolbox

PID
— = Reference

x(m)

Figure 4. The 3-D plot of helical trajectory for the 3 controllers and the reference trajectory.

2

0

aF

¥ (m)

_12 1 11 1 | 1 11 1 | 1 1 11 | 1 11 1 | 1 11 1 | 1 1 1 1 | 1 111 | 1 1 1 1 | 1 1 1 1 | 1 111 |
0 10 20 30 40 50 60 70 80 80 100
Time (s)

Figure 5. Cont.
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=

Figure 5. Time history of the translational states.

PID === Reference |

Figure 6 shows the time history for the attitude angles during flying in a helical path.
The data clearly displays the difference in PID controller results compared with the two
types of MPC controllers. This difference is considered as a delay/gap between the desired
and the drone’s exact angle/s. The difference happened in the rolling and pitch angles but
in the yaw it acts as the other two MPC controllers without a significant gap.

Figure 7 shows the time history for the calculated controller actions for hovering com-
manded to the actuators. It indicates at the beginning of the simulation that the PID decays
quite fast with higher fluctuations compared with the MPC controllers. The commanded
path for the drone is helical, which is why the gap appeared clearly in roll and pitch angles
but it usually does not appear in the step inputs as it is a constant value with the time that
the system can settle at it after a short period.

Figure 8 depicts the time history for the rolling angle command to motors 2 and 4 in
order to rotate around the x-axis. The control action shown in the figure is multiplied by
the drag constants, that is why it is a very small number. The same situation happens for
the pitch angle shown in Figure 9 but it commands motors 1 and 3 in order to rotate around
the y-axis. On the other hand, Figure 10 has all responses near the same frequency but the
PID controller response is very smooth compared with the other two controllers.
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Figure 7. Time history of the actuator actions.
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Figure 8. Time history of the roll control action.
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Figure 9. Time history of the pitch control action.
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(N.m}

T

0 1 2 3 4 5 3 7 8 9 10
Time (s)
| MPC toolbox ==s=====: Casadi PID == ===: Reference |

Figure 10. Time history of the yaw control action.

The most important result from the comparison between the three types of controllers
is that CasADi control has better steady-state error compared with the NLMPC imple-
mented in Simulink/Matlab. It was shown in the error analysis in Figure 11 where the
NLMPC settled with high error (position) compared with the CasADi and PID controllers.
Moreover, the PID controller had less error compared with NLMPC but with a high rate
of fluctuations. Therefore, the concluded result from these results is that the CasADi con-
troller is the best choice between the three different controllers, and also it can be easily
implemented in a Microcontroller such as Raspberry-Pi with highly optimistic results.

10—
C MPC toolbox
| EmEEEEmE Cﬂsﬂd|
8 PID
5 6>
T
= L
= 4
[&] -
I
2_
A e e T e e e e P e e P PR PR PR e P PEEPE R R EPPREERPY
IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|
0 10 20 30 40 50 60 70 80 80 100

Time (s)
Figure 11. Time history of the tracking errors.

4.2. Robustness Analysis

The performance of the proposed tracking systems is tested and verified under model
uncertainties and external disturbances. The mass and the moment of inertia are assumed
be uncertain with errors of zero mean and standard deviation as presented in Table 2.
In addition, the dynamic system is subjected to external disturbances of zero mean and
standard deviation values presented in Table 3.
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Table 2. Uncertainties of the inertial parameters.

Parameter Value
Om 1071
o1, 1073
oy, 1073
oy, 1073

Table 3. The standard deviation of the external disturbances.

Parameter Value
[0k Tg 1
o7, 101
Oz, 101
o, 102

Figure 12 shows that the reference trajectory is followed by the quadrotor in the
presence of parameter uncertainties and external disturbance. As depicted in Figure 13,
the robustness analysis shows that the state error remains bounded for all ranges of
disturbance in Tables 2 and 3.

——disturbed model
= == Reference

10

o

5

y{m) 5 -10 x (m)

Figure 12. Trajectory tracking under model uncertainties and external disturbances.
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Figure 13. Tracking error under model uncertainties and external disturbances.

5. Conclusions

In the presented paper, we employed the CasADi algorithm in drone application as
an MPC technique. We compared an existing NLMPC algorithm available in Matlab (not
open source) and a free package (CasADi) beside the classical control in the application of
the drone and found the following;:

*  The performance of CasADi was optimistic compared with the other two control types
from the sampling time and system response point of view.

*  The system error of the two MPC algorithms (NLMPC and CasAD:i) are very close to
each other with higher accuracy than the PID controller.

¢  CasADi algorithm can run much faster than the NLMPC package in Matlab for the
same accuracy.

e PID controller runs in a low sampling time compared with the NLMPC, however, its
accuracy is very low and might lead to insatiability in noisy /windy conditions and
might not achieve the trajectory defined for the flight tests.

e CasADi algorithm gives better steady-state error than the NLMPC package for position
control.

¢ Our preliminary investigations highlighted the potential of the CasADi technique to
be implemented in real-time for the small drone with suitable micro-controllers with a
sampling time of less than 0.1 s. It will be the first time a drone flies with the CasADi
algorithm with accepted flight performance.

The Matlab environment’s integrated CasADi optimization framework is used by
our control method. We can model and simulate the whole system, including the drone
dynamics, using our novel technique without the requirement for co-simulation. A robust
and adaptable environment for the design and implementation of sophisticated control
algorithms for drone systems is made available by the combination of Matlab and CasADi.
We can do thorough and effective simulations of the whole system since the drone dynamics
and control algorithms are integrated inside the Matlab environment. This enables us to
assess the performance of the control algorithm under a variety of operational settings
and to see any possible problems or constraints before installation on the actual system.
CasADi is a great option for real-time implementation on a drone system since it offers a
considerable boost in computing speed compared to conventional MPC toolboxes. This
is crucial for applications such as aerial navigation, obstacle avoidance, and autonomous
flying that call for quick and precise control. Finally, the integration of Matlab with CasADi
offers a strong foundation for the development of sophisticated control algorithms for
drone systems. Our control technique makes the most of this integration, allowing us to
smoothly model and simulate the whole system and assess its performance under a variety
of operating situations.
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As a future work, we plan to implement the CasADi algorithm in a small drone
using a Raspberry-Pi Micro-controller in order to achieve the simulated results in the
submitted paper.
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