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Abstract—The objective of this dissertation consists in the 

implementation of a control program for drones that makes it possible 

for them to land in a moving platform, in an autonomous way, using 

only the onboard sensors (cameras and IMU unit). To evaluate the 

performance of the proposed architecture, a comparison with other 

existing control architectures (feedforward and feedback) is 

conducted. The work is divided into three main sections. In the first 

part, there’s the identification and dimensioning of the system which 

includes the controller and the direct and inverse models for the 

drone’s dynamic. In the second part, the self-localization of the drone 

and its trajectory generation modules are developed. The self-

localization is obtained through the calculation of the odometry, 

using the local sensors. The trajectory is calculated while having in 

consideration the drone’s dynamic and it also includes a module for 

smoothness (Min Jerk), to avoid saturation problems and guarantee a 

peak-free trajectory. The third part is responsible for the visual 

recognition and position estimation of the target (landing platform). 

The recognition is done by the detection of a marker (ArUco), which 

is placed on the platform, by the drone’s cameras. Based on tests 

performed, it was concluded that the objective of controlling a drone 

and landing it on a moving platform in an autonomous way was 

achieved, with a small amount of errors up to a certain value of base 

movement velocity. 

 
Index Terms—PD controller, Quadcopter Drone, Visual 

Odometry, Min Jerk Trajectory, ArUco marker. 

 

I. INTRODUCTION 

n a society that is increasingly more dependent on new 

technologies, the presence of robots in daily life, is starting 

to become more and more common. Drones are such an 

example. Drones are unmanned aerial aircrafts that do not 

require an onboard human pilot. Being able to move in a three 

dimensional axis system, they can be either remotely 

controlled or they can be semi or totally autonomous. It is 

expected that, in a near future, most robots will be completely 

autonomous in order to replace humans in hazardous or 

repetitive tasks. Drones frequently interact with outdoors 

environments, which are highly unpredictable and with a high 

degree of uncertainty. The main objective of this work is to 

develop and implement a control program that allows a drone 

land on a moving platform, using vision for its real time 

identification and tracking. Choosing the right platform is 

important. Available space, weight, battery duration and 

environment type are some factors to take into consideration. 

In this work the ARDrone 2.0 was chosen, which is a widely 

 
 

used platform in research an investigation. In [1], the authors 

describe several applications where this platform can be 

adopted. To perform the task of self-localization, intrinsic or 

extrinsic sensors can be used. Extrinsic sensors have the 

advantage of using external data, so the position calculated is 

in relation to the environment. [2] and [3] use this kind of 

approach to self-localize with vision by using RGB-D 

cameras. In highly texturized environments and powerful 

computational platforms, it is possible to perform the self-

localization, visually, directly from the cameras images using 

VSLAM algorithms, like in [4], where the author uses it to 

explore and map an environment. If that is not the case, these 

algorithms are not reliable. A lighter solution, in terms of 

computational, cost is to use visual markers. In [5], the author 

uses the landing platform as an identifiable point that, while 

not being a specific marker, can be tracked like one. In this 

paper, the markers described are the ArUco ones, which have 

a robust detection algorithm, as described in [6]. The author of 

[7] uses the same type of markers for self-localization and 

obstacle avoidance tasks. Planning of trajectories for moving 

platform landing has to take into consideration the velocities 

and angles of approach. In [8] the author tracks the base and 

generated suitable command values as input for the controller. 

To ensure a smooth trajectory, a jerk minimization function is 

used. The author of [9] claims that this minimization results in 

a natural smoothening of motion typical of humans. In [10] 

and [11] this problem is solved mathematically. In [12] and 

[13], the authors designed the dynamics models with a 

theoretical approach. In this work, the dynamics were 

described using parametric models, whose parameters where 

dimensioned experimentally 

 

II. METHODOLOGIES 

 

In this section, we provide theoretical background on the sub-

systems developed and implemented in this work. 

 

A. PD Controller 

 

The PD controller is responsible for the error corrections, due 

to factors such as sensor noise, drift and calibration 

imprecisions. It is represented by equation (1). 

 𝑢(𝑡) = 𝐾𝑃(𝑥𝑑(𝑡) − 𝑥𝑟(𝑡)) + 𝐾𝐷(�̇�𝑑(𝑡) − �̇�𝑟(𝑡)) (1) 

𝒙𝒅(𝒕) and 𝒙𝒓(𝒕) are the desired and real values of the variable 

to control, �̇�𝒅(𝒕) and �̇�𝒓(𝒕) are the respective derivatives, 𝑲𝑷 
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and 𝑲𝑫 are the proportional and derivative constants, 𝒖(𝒕) is 

the output of the controller. 

 

B. Internal model of the dynamics 

 

The drone is a dynamic system that has physical properties. 

The reference trajectory needs to be adjusted so that the 

command values are generated in order to achieve the desired 

state. The transfer function that represents the drone’s model 

is in (2). 

 𝐻(𝑧) =
𝑋(𝑧)

𝑈(𝑧)
=

𝐴1 + 𝐴2𝑧
−1 + ⋯+ 𝐴𝑚𝑧−(𝑚−1)

𝐵1 + 𝐵2𝑧
−1 + ⋯+ 𝐵𝑛𝑧−(𝑛−1)

 (2) 

𝑯(𝒛) is the transfer function, 𝑼(𝒛) and 𝑿(𝒛) are the input and 

output of the system, 𝑨𝒊 (𝑖 = 1,2, … ,𝑚) and 𝑩𝒊 (𝑖 = 1,2, … , 𝑛) 

are constants, 𝒛 is the variable of the 𝑍 transform, 𝒎 and 𝒏 

depend on the number of poles and zeros of the system. In 

order to simply its analysis, there are two alternative forms to 

represent the same system: series (Figure 1) and cascade 

(Figure 2). 

 

 
Figure 1 - Block diagram (series)  

 𝑥(𝑘) = 𝑥𝑛(𝑘) + 𝑃𝑛𝑥(𝑘 − 1) (3) 

𝒙(𝒌) represents the command value of the model in series 

form, 𝒙𝒏(𝒌) is the input of the last block, 𝑃𝑛 is the 𝑛𝑡ℎ pole, 𝒌 

is the continuous time variable. 

 

 
Figure 2 - Block diagram (cascade)  

 

 𝑥(𝑘) = 𝑥1(𝑘) + 𝑥2(𝑘) + ⋯+𝑥𝑛(𝑘) (4) 

𝒙(𝒌) represents the command value of the model in cascade 

form, 𝒙𝒏(𝒌) is the output of the 𝑛𝑡ℎ block, 𝑨𝒊 is a constant 

that can be calculated with the residues method. 

 

C. Trajectory Generation 

 

This module is responsible for the generation of the reference 

trajectory, which is generated in real time based on sensory 

information. 

 

 

 

 

i. Trajectory Smoothening 

Considering that the drone cannot follow any arbitrary 

trajectory due to its dynamic properties, it necessary to 

guarantee its smoothness to avoid overshoot and/or saturation 

of the command values. This can be achieved implementing a 

function to minimize the rate of change of the trajectory 

values. The equation used to solve this minimization problem, 

in the specific context of robotics’ trajectories, is (5). 

 𝑥⋆(𝑡) = argmin
𝑥(𝑡)

∫ (𝑥(𝑛))
2
𝑑𝑡

𝑇

0

 (5) 

𝒙⋆(𝒕) represents the best 𝒙(𝒕) function that minimizes the cost 

function (𝑥(𝑛))
2
. The value of 𝒏 is chosen depending on 

which variable we want to control. In this paper, we try to 

minimize the jerk (𝑛 =  3). To solve (5), the Euler-Lagrange 

condition in (6) needs to hold true. 

 𝜕ℒ

𝜕𝑥
−

𝑑

𝑑𝑡
(

𝜕ℒ

𝜕𝑥(1)) +
𝑑2

𝑑𝑡2
(

𝜕ℒ

𝜕𝑥2
) −

𝑑3

𝑑𝑡3
(

𝜕ℒ

𝜕𝑥(3)) = 0 (6) 

which originates the trajectory function in (7) 

 𝑥(𝑡) = 𝑐0 + 𝑐1𝑡 + 𝑐2𝑡
2 + 𝑐3𝑡

3 + 𝑐4𝑡
4 + 𝑐5𝑡

5 (7) 

To calculate de coefficients of this equation, proper frontier 

conditions are defined, and the matrix in (8) is built, 

 

[
 
 
 
 
 

1 0 0 0 0 0
0 1 0 0 0 0
0 0 2 0 0 0
1 𝑇 𝑇2 𝑇3 𝑇4 𝑇5

0 1 2𝑇 3𝑇2 4𝑇3 5𝑇4

0 0 2 6𝑇 12𝑇2 20𝑇3]
 
 
 
 
 

[
 
 
 
 
 
𝑐0

𝑐1

𝑐2
𝑐3

𝑐4

𝑐5]
 
 
 
 
 

=

[
 
 
 
 
 
𝑥0

𝑣0

𝑎0
𝑥𝑇

𝑣𝑇

𝑎𝑇]
 
 
 
 
 

 (8) 

which can be easily solved using equation (9) 

 𝑥 = 𝐴−1𝑏 (9) 

𝒙 is the vector with the coefficients, 𝑨−𝟏 is the inverse of the 

matrix, 𝒃 is the vector with the initial conditions. 

 

D. Odometry 

 

The calculation of the odometry is done using the sensory 

information, in order for the drone to perform the task of self-

localization. Since the sensor data is represented in the robot’s 

coordinate frame, it is necessary to apply a transformation to 

convert them to the world’s frame. 

 

ii. Inertial odometry 

This type of odometry is calculated with the inertial sensors 

and uses the physics equations of motion (10) 

 𝑥(𝑡 + ∆𝑡) = 𝑥(𝑡) + 𝑣𝑥(𝑡) · ∆𝑡 +
1

2
𝑎𝑥(𝑡) · ∆𝑡2 (10) 

which are equivalent for all three position coordinates. 𝒙(𝒕) is 

the position at 𝒕 time, 𝒗𝒙(𝒕) is the instant velocity along the 𝒙 

axis, 𝒂𝒙(𝒕) the acceleration, ∆𝒕 is the time increment. 

 

iii. Visual odometry 

This type of odometry is calculated using the drone’s cameras 

for marker detection, which, in comparison to the previous 

type of odometry presents better results due to the lack of 

iterative process. It is recalculated every time step, which 

prevents error accumulation due to sensor noise. 
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E. Visual recognition 

 

The visual recognition module has the same basic principles as 

the visual odometry one. Specific markers that contain unique 

texture patterns are placed in the world and their images, 

obtained with the cameras, are processed in order to be 

identified. This process is done with an image detection and 

identification algorithm that is part of the C++ library 

OpenCV. 

III. IMPLEMENTATION 

 

In this section we describe the workflow of the control system 

(Figure 13), as well as the way each individual module was 

implemented. The system can be divided in two branches, plus 

the remaining sensor related modules: 

 

1. Feedback, for error correction. The inputs are the drone’s 

real position and the reference trajectory. The outputs are 

the values for the corrections needed to apply to command 

values. 

a. PD controller, for the calculation of the errors. 

The inputs are the errors between real and desired 

positions. The outputs are the increments to 

correct the command values. 

b. Dynamics direct model, to revert the effect of 

the inverse model. The inputs are the adjusted 

command values. The outputs are the reference 

trajectory values. 

2. Feedforward, for the generation of the reference 

trajectory. The input is the base’s position. The outputs are 

the command values adjusted to the dynamics. 

a. Trajectory Generator, to generate the values of 

the reference trajectory. The input is the final 

position of the drone. The outputs are the 

positions, velocities and accelerations of 

reference. 

i. Min Jerk, to minimize the values of the 

trajectory to avoid overshoot and 

saturation. The inputs are the drone’s 

initial and final positions, velocities and 

accelerations. The outputs are the 

minimized reference trajectory values. 

b. Dynamics inverse model, to calculate the 

command values necessary to achieve the desired 

state (reference trajectory). The inputs are the 

reference velocities. The outputs are the command 

values (linear and angular velocities). 

3. Sensor Modules, to perform sensory related tasks. 

a. Marker detector, to identify and track the marker 

placed in the landing platform, using the ArUco 

algorithm. The inputs are the images obtained 

with the cameras. The outputs are the values of 

position and orientation of the landing base. 

b. Odometry, to perform the self-localization task. 

The input is the local sensor data. The output is 

the drone’s position in real time, in the world 

frame. 

i. Inertial approach, using the inertial 

sensors. The inputs are the velocities and 

accelerations of the IMU. The output is 

the same as already stated. 

ii. Visual approach, using the camera data. 

The inputs are the images obtained by the 

local cameras. The output is the same as 

already stated. 

 

A. PD Controller 

 

The PD controller is a simple program that implements (1). 

Each variable (𝒙, 𝒚, 𝒛, and 𝒚𝒂𝒘) has its own sub-controller, 

which means that there are 4 different 𝑲𝑷 and 𝑲𝑫 constants 

whose values need to be dimensioned. 

 

B. Dynamics internal models 

 

i. Direct model 

The direct model represents the drone’s dynamics, i.e., given a 

specific command value, predicts the state that is achieved. 

To implement it in cascade form, equation (4) is used. The 

number of poles and zeros is defined experimentally by means 

of the Matlab toolbox Ident. It is concluded that the 

mathematical model closest to the drone’s dynamic contains 1 

zero and 2 poles. (11) is a particular case of (4), for these 

conditions. A shift in time is applied to represent the next 

command value produced. 

 𝑥(𝑘 + 1) = 𝑥1(𝑘 + 1) + 𝑥2(𝑘 + 1) (11) 

 

i. Inverse model 

Considering that the inverse model can be obtained with the 

mathematical inversion of the direct model, after the 

inversion, its equation is (12) (in series form). 

 𝑥(𝑘 + 1) = 𝑥1(𝑘 + 1) + 𝑃2𝑥1(𝑘) (12) 

 

C. Minimization of the jerk function 

 

The minimization of the jerk uses equation (7) with a change 

of variable (𝒕 to 𝝉), to normalize the time variable where  

 𝜏 =
𝑡 − 𝑡0

𝐷
 (13) 

 𝐷 = 𝑡𝑓 − 𝑡0 (14) 

which modifies the matrix (8) into (15) 

 

[
 
 
 
 
 
 
 
 
 

1 0 0 0 0 0

0
1

𝐷
0 0 0 0

0 0
2

𝐷2
0 0 0

1 1 1 1 1 1

0
1

𝐷

2

𝐷

3

𝐷

4

𝐷

5

𝐷

0 0
2

𝐷2

6

𝐷2

12

𝐷2

20

𝐷2]
 
 
 
 
 
 
 
 
 

[
 
 
 
 
 
 
 
 
 
𝑐0

𝑐1

𝑐2

𝑐3

𝑐4

𝑐5]
 
 
 
 
 
 
 
 
 

=

[
 
 
 
 
 
 
 
 
 
𝑥0

𝑣0

𝑎0

𝑥𝑓

𝑣𝑓

𝑎𝑓]
 
 
 
 
 
 
 
 
 

 (15) 

This matrix represents a normalized, with more generic 

frontier conditions compared to (8). 



 

 

 

4 

 

D. Visual Recognition 

 

This module is implemented with the use of the ArUco 

algorithm previously mentioned. The data required as input for 

the algorithm is obtained with the frontal camera in early 

stages of the trajectory, since it is easier to spot the vertical 

marker at longer distances. When a marker is detected by the 

inferior camera, it means that the drone is hovering over the 

platform and the detection and tracking is switched to that 

camera. The required frame transformations are implemented 

in the form of rotation and translation matrices. 

 

E. Odometry 

 

As described in II.D, there are two types of odometry 

calculations implemented. The visual odometry is calculated 

using the visual recognition algorithm with the difference that 

another marker with a different pattern was generated to serve 

as the origin of the world frame. The inertial odometry is 

calculated with the implementation of equation (10) for all 

axes. In all the tests performed, the inertial version was used 

since, in simulation, it was verified to be reliable. 

 

F. Platform and material 

 

i. ROS - Robot Operating System 

The framework used in this work was ROS, a widely used 

middleware operating system, specifically designed for 

robotics’ needs. One of its greatest benefits is its modular 

nature that allows an easy integration with other programs and 

systems. Its communication protocol has a topology similar to 

a client/server approach as shown Figure 3. 

 

 
Figure 3 - ROS  communication protocol  

 

ii. ARDrone 

The chosen platform was the ARdrone 2.0, a quadcopter with 

four 14,5 W and 28,5 rpm motors and a weight of 380 g 

without the protective frame and 420 g with it. The onboard 

sensors are described in Table 1. 

 

Sensor Utility Precision 

3 axis accelerometer measuring acceleration 50 𝑚𝑔 (0,49 𝑚/𝑠2) 

3 axis magnetometer measuring orientation 6 ° (0,105 𝑟𝑎𝑑) 

Pressure measuring altitude 10 𝑃𝑎 (10 𝑁/𝑚2) 

Ultrasonic measuring altitude - 

 
Table 1 - ARDrone Sensors  

It is also equipped with a frontal camera that has 92 degree 

opening angle, and a vertical camera on the bottom of the 

frame. The communication is done via Wi-Fi with a maximum 

range of 50 meters. It has an approximately 12 minute 

autonomy. 

 

iii. Gazebo 

Gazebo is the 3D simulation program used to perform all the 

tests. It already has models of many real drone models 

available with simulated noise, which provides a relatively 

realistic environment for the study. Figure 4 shows an 

example of the simulated environment: a representation of a 

room on the 7
th

 floor of the IST’s northern tower. 

 

 
 

Figure 4 - Simulation Environment ( Gazebo)  

 

iv. OpenCV & Aruco 

OpenCV is the C++ library that contains the module with 

ArUco’s visual recognition algorithm for the detection of 

rectangular fiducial markers. Fiducial markers are objects 

placed in the field of vision of an image capture system 

(typically a camera), to be used as a reference point in the 

world frame. The detection can be performed using individual 

markers or a board with multiple ones, which provides a more 

robust way of guaranteeing its detection. The marker’s board 

can simply be printed on a sheet of paper and placed in the 

desired location. In Figure 5 there are examples of these two 

types of options for the markers. 

 

 
 

Figure 5 - ArUco Patterns ( left )  and ArUco board sheets (righ t)  

 

IV. TESTS AND RESULTS 

 

In this section, we present the experimental results obtained in 

the simulation tests. It is divided in three parts: first, the 

identification of the control system, which includes the PD 

controller and the dynamic models. Then the practical tests 
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with the intent to compare the response of the drone in the 

different architectures. Lastly, the tests pertaining to the 

landing of the drone in the platform (stationary and moving) 

are presented. 

 

A. System Identification 

 

i. PD Controller 

The dimensioning of the Controller constants is done 

experimentally, using the architecture of Figure 11. The test 

consists in feeding the drone a step in position with 1 meter of 

amplitude, for 5 seconds, varying the values of the constants 

between 0 and 5 for 𝐾𝐷 and 0,6 and 5 for 𝐾𝐷. Figure 4 shows 

an example of the 598 experiments resultant from that test, for 

the 𝒙 variable. 

 

 
Figure 6 - Drone’s response for the 598 combinations of 

constants  (𝒙 variable)  

 

The three characteristics taken into consideration to choose the 

best result are overshoot, overshoot time and average 

amplitude past the overshoot time point. The equation used to 

calculate a score is in (16) and the restrictions in (17). 

 𝑆 = 𝑤1𝑇 + 𝑤2𝑂 + 𝐴 (16) 

 𝑤1 + 𝑤2 = 1 (17) 

𝑺 is the score, 𝒘𝟏 and 𝒘𝟐 are the weights that adjust the degree 

of importance of each term, 𝑻 is the time of overshoot, 𝑶 is 

the overshoot amplitude and 𝑨 is the average value of 

amplitude. The combination that provides the lowest score is 

chosen as the optimal one and implemented in the controller. 

The results obtained are presented in Table 2. 

 

𝒙 𝒚 𝒛 𝒚𝒂𝒘 

𝑲𝒑 5,0 4,8 3,8 3,8 

𝑲𝒅 1,2 1,2 1,0 0,4 

 

Table 2 - Optimal controller constants  

 

From Figure 7 to Figure 10 are the graphics that show the 

response of the drone when controlled with the dimensioned 

PD controller, for the four variables. 

 

 
Figure 7 - Response with the optimal constants for 𝒙 

 

 
Figure 8 - Response with the optimal constants for 𝒚 

 

 
Figure 9 - Response with the optimal constants for 𝒛 

 

 
Figure 10 - Response with the optimal constants for yaw 

 

ii. Dynamics direct models 

 

The dimensioning of the dynamics direct models is done 

using, as input for the drone, a square signal with different 

amplitudes and observing its response. Using Matlab’s Ident 

toolbox, the constants of the difference equations are obtained 

and shown in Table 3. 
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Variable 

Constant 𝒙 𝒚 𝒛 𝒚𝒂𝒘 

Pole 1 0.95563 0.95545 0.97524 0.99999 

Pole 2 0.93326 0.93651 -0.05823 0.20936 

𝑹𝟏 0.12507 0.13603 0.02473 0.57367 

𝑹𝟐 -0.12214 -0.13319 0.00148 -0.12011 

 

Table 3 - Constants of the direct  model  

 

The models for 𝒙 and 𝒚 have a precision of roughly 98% and 

for 𝒛 and 𝒚𝒂𝒘 of 99.99% 

 

i. Dynamics inverse models 

The inverse model is obtained by the mathematical inversion 

of the direct one and its poles and zeros are shown in Table 4. 

 

Variable 

Constant 𝒙 𝒚 𝒛 𝒚𝒂𝒘 

Pole 1 0.95563 0.95545 0.97524 0.99999 

Pole 2 0.93326 0.93651 -0.05823 0.20936 

Zero 0.00293 0.00284 0.02620 0.45357 

 
Table 4 - Constants of the inverse model  

 

B. Drone Behavior 

 

The next set of tests aims at showing the individual effect of  

each module on the quality of the trajectory followed by the 

drone, when compared to the reference trajectory. 

 

The complete control system can be divided in sub-systems 

that represent a different architecture as show from Figure 11 

to Figure 13. 

 

The part of the system that contains the feedback branch is 

shown in Figure 11. It has a common feedback loop design 

that compares the real position of the drone calculated in the 

odometry module to the reference position generated by the 

trajectory (path) generator module. The PD controller receives 

these positions errors and calculates the correspondent 

command values to feed the drone. The input is the reference 

position and orientation on one side and real position and 

orientation on the other. Output is the command values in the 

form of linear and angular velocities. 

 

 
 

Figure 11 - Feedback architecture  

The feedforward branch is responsible for the generation of 

the command values from the reference trajectory. This task 

can be performed without (Figure 12 on the left) or with 

dynamics internal models (Figure 12 on the right). In the first 

case, the system generates the command values directly from 

the reference trajectory values and passes them directly to the 

drone. In the second case, the reference trajectory is adjusted 

by the inverse model of the dynamics, taking into 

consideration the drone’s physical properties. The command 

values generated are the ones needed to reach the desired state. 

This system has no error correction of any kind which makes 

it susceptible to any kind of external disturbances or any type 

of noise. The inputs are the reference linear velocities and 

orientations generated from the target position. The outputs 

are the command values. 

 

 

 
 

Figure 12 - Feedforward without dynamic architecture (left) 
and feedforward with dynamic architecture (right)  

 

The complete system is the fusion of the two types of 

architectures described, with the addition of a module for the 

direct model of the dynamics, which is needed to reverse the 

adjustment of the inverse model. The system receives the 

camera images and IMU readings. After a pre-processing 

phase (calculation of the odometry from IMU and extraction 

of the landing base position from the camera images) the 

system calculates the desired minimum jerk trajectory 

(velocities and orientations in time). It then transforms them 

(in the inverse model module) into the command values 

necessary to achieve that state. The command values are also 

passed to the direct model to reverse that transformation back 

into velocities and orientations, which are then compared to 

the real ones. These differences are passed to the PD controller 

which calculates the necessary corrections to the command 

values. These correction values are then added to the 

command values and fed to the drone. The input of this system 

is the linear velocities and orientations of reference and the 

output is the position and orientation of the drone calculated 

with the odometry module. 

 

The complete system is shown in Figure 13. 
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Figure 13 - Architecture of the complete system  

 

The main goal of this group of tests is to prove that, although 

is it possible to control the drone in each isolated architecture, 

it is the complete system that presents the best results, making 

it robust, precise and accurate. 

 

i. Circular trajectory 

The first experiment consists in observing the response of the 

drone while performing a circular trajectory controlled in the 

different architectures. The drone starts hovering at a 

relatively distant position from the initial position of the 

circular trajectory with 1 meter radius and a frequency of 0,1 

rotation per second. Since the objective is to show the effect of 

the absence of specific modules and not to obtain results in 

realistic conditions, simulation noise is not used in some cases. 

 

a. Feedforward and feedback but no dynamics 

nor min jerk 

 

 
Figure 14 - Response without min jerk  

In Figure 14, it can be observed that the drone, starting from a 

point outside of the circular trajectory, attempts to reach it in 

the fastest way possible (straight line). This originates 

overshoot and oscillation, due to the fact that the minimization 

of the jerk was not applied. The difference of amplitude is due 

to the lack of the dynamics model which makes it impossible 

for the drone to follow the reference trajectory. 

 

b. Feedforward and min jerk but no feedback nor 

dynamics 

To solve the previous problem, the portion of the trajectory 

between the drone’s initial position and the initial position of 

the circumference is plotted by using the jerk minimization 

function. The time value needed to execute this part of the 

trajectory affects how smooth the approach to the 

circumference will be and should be properly chosen. In this 

case, 5 seconds were used and originates a very efficient 

trajectory while not creating any kind of overshoot, as can be 

observed in Figure 15. 

 

 
Figure 15 - Response without the dynamics model  

 

It can also be observed that the real trajectory has a slightly 

smaller radius when compared to the reference trajectory. This 

is expected because the internal model module is turned off 

and the command values generated are not taking into 

consideration the drone’s dynamics. The drone is unable to 

reach the desired state (the reference trajectory). 

 

By analyzing each position component separately, it is also 

possible to notice that there is a small delay between both 

trajectories (Figure 16 and Figure 17). 

 

 
Figure 16 - Drone’s posit ion in  𝒙 
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Figure 17 - Drone’s posit ion in  𝒚 

 

c. Feedforward, min jerk and dynamics but no 

feedback 

To observe the drone’s behavior when in the presence of 

sensor noise, the simulation noise is turned on and the PD 

controller module disabled. The correspondent response is 

shown in Figure 18. 

 

 
Figure 18 - Response without error correction (noise enabled)  

 

The trajectory followed by the drone has a lot of error 

compared to the reference trajectory, which is expected due to 

the lack of any type of compensation to noise. It can also be 

observed in Figure 19 and Figure 20 that this type of error 

increases over time, which is due to the drone’s drift caused 

by these disturbances. 

 

 
Figure 19 - Drone’s posit ion in 𝒙 

 
Figure 20 - Drone’s posit ion in 𝒚 

 

To conclude these tests, the PD controller is turned on and the 

experiment is performed in the complete control system. The 

results are highly satisfactory, with a very small error between 

both trajectories, as shown in Figure 21. 

 

 
Figure 21 - Response with the complete architecture  

 

ii. Landing in a stationary base 

The second test consists in controlling the drone in the 

complete architecture and observing its behavior when 

following a trajectory to the base and landing on it. Two 

ArUco markers are used: the first is placed horizontally in the 

base and the second one vertically placed in front of it, 

functioning as a reference point for the frontal camera. The 

trajectory generation module receives, as first input, the 

horizontal marker’s position so that the drone has a general 

idea of its location and starts moving in that direction. The 

trajectory is recalculated with a certain value of frequency, 

which is varied in each experiment, and the values of both the 

base and drone’s final positions are registered. The base is 

stationary at the position with coordinates (6𝑚, 2𝑚, 0𝑚) and 

each experiment is repeated ten times, so that an average can 

be calculated. Simulation noise is active. 

 

The results are presented in Table 5. 
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𝒇 [𝑯𝒛] �̅�𝒙 [𝒎] �̅�𝒚 [𝒎] 

2 0,040313 0,043941 

1 0,051328 0,055062 

0,2 0,074607 0,077462 

0 0,112415 0,126726 

 

Table 5 - Comparison of the base and drone's final posit ions  

 

𝒇 is the trajectory’s update frequency (0 means it is only 

calculated initially and never updated until the end), �̅�𝒙 and �̅�𝒚 

are the average errors between both positions (in 𝒙 and 𝒚). 

 

It can be concluded from the previous table that the error 

increases as the frequency decreases. The position of the base 

is updated more frequently resulting in a more precise 

estimation which makes the landing position error decrease 

with higher update frequencies. From Figure 22 to Figure 24, 

the trajectory followed by the drone is shown. 

 

 
Figure 22 - rea l t rajectory’s 𝒙 component  

 

 
Figure 23 - rea l t rajectory’s 𝒚 component  

 

 
Figure 24 - rea l t rajectory’s 𝒛 component  

 

The difference in the trajectories calculated with different 

update frequencies happens because there is always an error in 

the calculation of the drone’s position, velocities and 

accelerations. There is also an error between the real trajectory 

and the reference trajectory calculated in the previous step. 

When the trajectory is updated, the current values of the 

sensor’s measurements are used in the calculation of the new 

desired state. The difference between the reference trajectory 

and its recalculation in the next step originates “leaps”. The 

lower the frequency, the higher the value of time that passes 

between each update and higher the accumulated error 

between those two trajectories. That means bigger “leaps” and 

a more oscillating and less smooth total trajectory. 

 

iii. Landing in a moving base 

This test is similar to the previous one, with the difference that 

the base is moving along the 𝒚 axis, in a sinusoidal pattern 

with a radius of 2 meters, starting from the position 

(6𝑚, 0𝑚, 0𝑚). The goal is to observe the response of the 

drone for different base velocities. With a controller update 

frequency of 2 𝐻𝑧, the experiment is repeated 10 times for 

each velocity and the base and drone’s final positions 

recorded, as show in Table 6. 

 

𝒇 [𝒓𝒑𝒔] �̅�𝒙 [𝒎] �̅�𝒚 [𝒎] 

0,01 0,06477 0,07242 

0,02 0,08234 0,24062 

0,1 0,27407 0,37425 

0,2 N/A N/A 

0,5 N/A N/A 

 

Table 6 - Comparison of the base and drone's final posit ions  

 

𝒇 is the frequency to complete a full period on the sinusoidal 

trajectory, �̅�𝒙 and �̅�𝒚 are the average errors between both 

positions (in 𝒙 and 𝒚), N/A means “not available”. 

 

As it can be observed in Table 6, for low frequencies, the 

results are similar to the results obtained on the test with the 

stationary base. However, the average error increases 

exponentially with the increase in frequency. Above a certain 

value (0,2 𝑟𝑝𝑠 in this case) the results obtained are no longer 

valid since the drone cannot reach and land in the platform due 

to its velocity. This happens mainly because there is not a 

module for the prediction of the base’s position (for instance a 

Kalman Filter), which makes the tracking of the moving base 

in real time practically impossible, for higher velocities. 

 

V. CONCLUSIONS 

 

In this thesis we implemented a system able to control a drone 

to land on a moving platform using only onboard sensors as 

input (RGB cameras and IMU sensor). We demonstrated in 

simulation that the robot can perform the landing with an error 

of less than 5 centimeters, with a predictable motion. 
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The internal models of the dynamics originate realistic 

command values that allow the drone to achieve the desired 

reference state. The jerk minimization function provides a 

smooth and overshoot-free trajectory and prevents the 

saturation of the command values. The PD controller 

guarantees a real trajectory with a high degree of precision 

compared to the reference one and removes the drift’s effect. 

It was concluded that the response of the drone when 

controlled in the complete system’s architecture presents 

satisfactory results with high precision in the presence of 

simulation noise. 

 

The tests with the stationary base show that the value of the 

trajectory’s update frequency originates different trajectories. 

It was concluded that (although it was not calculated in this 

dissertation) there is an optimal value to calculate the most 

efficient trajectory, which can be determined experimentally. 

Even though the visual identification and recognition module 

implemented is viable, there is a limitation in terms of space. 

The limited range of the drone’s cameras can only provide 

reliable marker recognition at distances of roughly under 5 

meters. 

 

The tracking of the moving base is a task that, while not 

adding addition complexity to the system, presents results that 

are clearly sensitive to disturbances (internal and external). 

When the drone approaches the base, the calculated trajectory 

has a higher amount of oscillations. This happens, in part, 

because of the magnitude of the angle’s variation that the 

controller has to compensate more bluntly. The fact that the 

tracking is done in real time also contributes for poorer results, 

since the drone is in constant delay in relation to the base, due 

to the lack of an estimate of its future position. 
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