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Abstract

In recent years, advances in different technological areas enabled the development of low-
cost, yet efficient Unmanned Air Vehicles (UAVSs) for a broad spectrum of applications. The
Air Force Academy Research Centre (CIAFA) is currently exploring new open-source
software/hardware options, allowing for rapid prototyping and flight testing of control
algorithms for UAVs.

This thesis aims the development of a software architecture based on the hardware
developed by Silva et al. (2020), considering open-source software tools, available in the
scientific community. Once the software architecture is outlined, an autonomous ground target
tracking mission is considered, thus illustrating the effectiveness of the proposed solution.

In order to achieve the thesis' objectives, a literature review is carried out. First, a brief
review of the hardware architecture from Silva et al. (2020) is presented, outlining the software
constraints for each hardware component. Then, a review of the different available software
components mostly used by the academic community is performed. Afterwards, the
hardware/software architecture is proposed, detailing the software tools chosen to develop the
CIAFA's software architecture. In particular, the proposed software architecture is comprised
of five separate software modules: Control and Guidance, Target Estimate, Target Geolocation,
Target Detector and Video Acquisition.

Each module is validated independently, followed by a closed-loop control system
validation. This simulation aims to reproduce the target tracking mission proposed in this
research. Results show that using the proposed architecture for the closed-loop control system,
a fixed-wing UAV is able to autonomously detect, estimate and follow a ground target with
good performance.

Keywords: Software architecture, Unmanned air systems, YOLOv3, Moving Path Following,
PX4 autopilot, Gazebo.






Resumo

Nos ultimos anos, os avancos em diferentes &reas tecnoldgicas permitiram o
desenvolvimento de veiculos néo tripulados (UAVs) de baixo custo mas eficientes para um
amplo espectro de aplicacdes. O Centro de Investigacdo da Academia da Forca Aérea (CIAFA)
atualmente explora novas opcdes de software e hardware de cddigo-fonte aberta que permitam
répida prototipagem e testes de voo de UAVSs.

Esta dissertacdo visa desenvolver uma arquitetura de software baseada no hardware
desenvolvido por Silva et al. (2020), considerando as ferramentas de software de cddigo-fonte
aberta disponiveis na comunidade cientifica. Uma vez delineada a arquitetura de software, é
considerada uma missdo autonoma de seguimento de um alvo terrestre, ilustrando a eficacia
da solucéo proposta.

A fim de alcancar os objetivos da tese, é efetuada uma revisao bibliogréafica. Primeiro,
realiza-se uma breve revisao da arquitetura de hardware de Silva et al. (2020), delineando os
constrangimentos de software. Em seguida, é apresentada uma revisdo dos diferentes
componentes de software disponiveis e mais utilizados pela comunidade académica.
Posteriormente, é proposta a arquitetura de hardware/software, detalhando as ferramentas de
software escolhidas para desenvolver a arquitetura de software. A arquitetura proposta é
composta por cinco modulos individuais: Control and Guidance, Target Estimate, Target
Geolocation, Target Detector and Video Acquisition.

Primeiramente, cada modulo é validado de forma independente e seguidamente como
simulacdo em circuito fechado. Esta simulacao visa reproduzir a missao de vigilancia proposta
nesta dissertacdo. Os resultados mostram que a implementagdo da arquitetura proposta num
sistema de controlo em circuito fechado com um UAV de asa-fixa, é capaz de detetar, localizar

e seguir autonomamente um alvo, com bom desempenho.

Palavras-chave: Arquitetura de Software, Sistemas Nao Tripulados, YOLOv3, Moving

Path Following, Piloto Automatico PX4, Gazebo.

Xi






Table of contents

1

IR OAUCTION e 1
1.1 Background and MOLIVALION .........cc.ecvueiiiiiiiesee e 1
1.2 MaIN ODJECLIVE ...ttt bbbt 2
1.3 Problem FOrMUIBTION ......cooi ettt e e e e et eeeeeeeeaans 2
1.4 DISSEratioN LAYOUL.......c.coiiiiieieriiitiiti ettt 2

LR ATUIE REBVIEW ..ottt e e e e e e et e e e e e e e e e e eeeeas 5
2.1 Brief Review on the Hardware Architecture for Low-coSt UAVS .......oooooevviveeviinnnn.. 5
2.2 Hardware COMPONENES .......ccviiieiiieieeie sttt te e re et esbeete s e e sreeeeanes 7

2.2.1  AULOPHIOL. ... e 7

2.2.2  IMISSION COMPULET .....eeitieieiieecie ettt ste et e st ste et e e e sraeste e s e sbeenteennenreas 7

2.2.3  Telemetry RAGIO .......cccviieieiiieite e 8

S 1< T 0 1Yo ] ¢RI 8
2.3 SO AN ettt et ————————————————————————————————————————————————————— 9

2.3. 1 SOTIWAIE ATCNITECTUIE ...ttt e e e e e e e eeeens 9

2.3.2  Autopilot Flight Stack - PX4 and Ardupilot ............ccooiiiiiiiiicee, 10

2.3.3  Ground Control Station SOTTWAIE........c..eeeeeeee e 11

2.3.4  Software Applications for Mission COMPULET ..........ccooveeeierenereneseseeeeeenes 12

2.3.5 Middleware Interaction With PIXNaWK ..........cooiioooeeeeeee e 14

2.3.6  Communication through MAVLINK.........cccoooiiiiiiiie e 15

2.3 7 SIMUIBLON . et 15
2.4 Guidance and Control TECNNIQUES ......eeveiieiieieiieseeie et 15
2.5 Ground Vehicle Detection in Airborne Images using Computer Vision................... 18

2.5.1 Region-Based Conventional Neural Network (R-CNN)........ccccoevnininiinieiinnn. 19

2.5.2 FASE R-CINN ...t 19

2.5.3 FASTEI RoCININ ..ottt ettt e e e e e e e e e e ee e e e e e eeenennnns 19

2.5 4 Y OO e —— 20

2.5.5  Single shot multi-pox detector (SSD) ........ccociieriiiriiieeie e 21

2.5.6  UAV Vehicle Detections AppliCations .........cccevvviiiiiie i 22

SYSEEM AFCHITECTUNE ..ot ste e raenne e 25
3.1 SO WAIE ATCNITECIUIE ..ottt e e e eeeeeeeeeeeees 26
3.2 GAZEDO SEMUIBLOL oottt ettt eeeeeeeeeeeeeeeeeeeeeeeeeeeeereeeeeeeeeeeeeeeeeeeeeees 28
3.3 PXA AULOPIOL. ...t 28
3.4 ROS ENVITONMENT. ...oeiieeieeeeeieeeeeeeeeeeeeee et eeeeee et eeeeeeeeeeeeeeeeeeeeseeeereeeeererereeereeereeerereerenees 29

341 GUIANCE AN CONLIOL.. ...t e e e 30

4.2 Target DELECION......ciiiiie ittt eeaee s 40

3.4.3  Target GEOIOCAIION .......cueiiieitesie st 41

344 Target ESLIMALE ......ooviiiiiieie et 47
3.5 Closed-loop Validation - Intermediate RESUILS ..........ccceecveiveieiiinniee e, 55

Ground VehiCle DetECION ... .o 59
4.1 SYSIEIM SELUD .eeeeiiiieiiiie ettt ettt e st e et e bt e e bb et r e e s be e e e beeeanes 60



A L1 ATTCTAT oottt e e e e e e e e e e e e e ee e e eeeeeneens 60

A.1.2  CAIMEIA .ttt ettt n e n e e anre s 60
4.1.3 Different Scenarios considered for Image Capture ..........ccccooeieiinininieieeinennn. 61

4.2 DALASEL .....ceeeiieeiee et e e r e ns 63
4.3  Detector IMplementation ..o 63
4.4 Neural Network EValUation ..........ccooiiiiiiiiie e 65
441  Mean Average PreciSion IMELICS .......cooiiiiiiiiniiieeeeeese e 65
4.4.2  Mean Average Precision COmMPULAtIoN ..........cccccveveiieeieeieiee e e e e 66

5 Closed-loop Validation — Final RESUILS ...t 69
5.1 Closed-loop Validation with the Object Standing at a Constant Position................. 69
5.2  Closed-loop Validation with the Object MOVING ..........ccocovieiiieieninesieeecee 73

6  Conclusions and ReCOMMENAtiONS .........ccovvieriiiiiiiiiiesisee e 79
T8 A @0 o] 131 ] SRS 79
8.2  FULUIE WOTK ..ottt bbbttt 81

A =] (=] =] 10T USSR 83
AANINEXES .ttt ettt b e h e etk e R Rt b e R et e R e e R et e R e e R et e R e e nRr e enr e e nneenne e 100

Xiv



List of figures

Figure 1. Main components of a UAV system (Retrieved from Pastor et al., 2006). .........c.coccreeereeereeenneene. 5
Figure 2. Example of a system architecture (Adapted from Silva et al., 2020). ........ccoccvvrrernrrreernrrrerrneerennn. 6
Figure 3. Options available for Flight Control Software and Ground Control Software (Retrieved from
LAMBDIIVE, 2016). ......ovvueerieiresissiesssssessessssssesssssssssssssssessssssssssssessasssssesssssessssssessassssssesssssesssssessassasssessnsans 9
Figure 4. Flight controller and Mission computer architecture adapted from PX4 Autopilot (Adapted
Trom PX4 USEr GUITE, 2021). .......ccuveerrrreeinsiiesssssssssesssssssssssssssssssssssssssessssssssssssssssssssssessssssssssssssssassssssessanees 9
Figure 5. Hardware and SOftware arChiteCtUIE. ..o sssesssssens 25
Figure 6. System SOftware arChitECIUIE. ..o nees 26
Figure 7. Flight stack architecture (Adapted from ‘PX4 Architectural Overview’, 2021)........ccccvcerevreenn 29
Figure 8. OULEr 100D CONLIOIIEY. ..ottt nnne 31
Figure 9. UAV ClIMD 0 100 M. ..ovvuiiiiieieiiseiesse i ssse s ssssssssssnens 32
Figure 10. UAV pitch variation during climb t0 100 M. ..o sssssssesssssessssseens 32
Figure 11. UAV airspeed variation during Climb t0 100 M. .......c.vuueineienessessessesssesssesssesssesssessens 33
Figure 12. UAV thrust during climb t0 100 M. ........cueurieericecseesss s ssesessssse s sessssssesssssasens 33
Figure 13. UAV pitch variation during desCent t0 50 M. ........c.vcuurrereineiesesssessessesssesssesssesssessssssens 34
Figure 14. UAV altitude during descent to 50 M. ........c.cocueuerurererineeesnsisesesisssessssssssssss s ssssssssesssssasens 34
Figure 15. UAV airspeed during deSCent 10 50 M........c.ocuuuemermerrnermessessessessesssesssesssesssssssessessssssssssees 34
Figure 16. UAV thrust during desCent to 50 M. ..........ccuurvueenriieiesineiessssesesisssesssssessssse s sessssssesssssasens 35

Figure 17. Moving-path following: relevant variables (Retrieved from Oliveira & Encarnago, 2013)..35
Figure 18. Path following lateral dynamics relevant variables (Retrieved from Oliveira & Encarnago,

0 ST 36
Figure 19. Architecture for the simulation of MPF with fictitious target. .........ccoocvevveverieeveiecscseisnienns 37
Figure 20. 2-dimensional display of the UAV and target during the Simulation................cocoveereeneeneenens 38
FIQUIE 21, LALEIAl €ITOF. ..ottt bbbt 39
Figure 22. FICHItIOUS Target PAramMBLETS. ..o ssse s ssssssssssnens 39
Figure 23. Picture from the onboard camera with the object detection in colors and the binary mask

indicating the position of the deteCted ODJECL. ... 41
Figure 24. Longitudinal perspective of the coordinate frame (Retrieved from Barber et al. (2006))........ 42
Figure 25. Lateral perspective of the coordinate’s frames (Retrieved from Barber et al. (2000)). ............ 42
Figure 26. 2-dimensional display of the UAV and target during the simulation..............c.ccceernenivnnennn. 44
Figure 27. Front (a) and top (b) views of the camera’s frame in relation to the aircraft. ... 44
FIgure 28. Target POSIION EITON.........w.wuererieeesessesseesssesessssssssesssessessssssssssss st ssssesssssssssssssssssssssssesssssnens 44
Figure 29. 2-Dimensional view of the target’s Path. ..........cc.erreeeernremssnrrssesnssssesssssessssssssssssssssssssssssssnees 45
Figure 30. 2-Dimensional view of the UAV, target estimated position and target's true position............. 46

XV


file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930742
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930743
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930744
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930744
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930745
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930745
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930746
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930747
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930748
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930749
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930750
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930751
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930752
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930753
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930754
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930755
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930756
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930757
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930758
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930759
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930759
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930760
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930761
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930762
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930763
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930764
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930764
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930765
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930766
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930767
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930768
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930769
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930770
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930771

Figure 31. Comparison between the east and north position measured by the Geolocation algorithm and

the actual POSItION OF thE TAIGEL. ........c.eveeeciecse st sees 47
Figure 32. Block diagram of the Kalman filtering algorithm (Retrieved from Lim et al. (2016)). ........... 50
Figure 33. Architecture for the simulation of target measured by the Geolocation with Kalman Filter
BSHIMIALION. ....eoveveeceseseeeese st s es s s e s 51
Figure 34. 2-dimensional display of the UAV, target measured by Kalman Filter, Geolocation and true
location of the target during the SIMUIBLION. ..o 51
Figure 35. Target position estimated by Geolocation and Kalman Filter and true target position. ........... 52
Figure 36. Target parameters estimated by Kalman Filter during the SImulation. ... 52
Figure 37. 2-dimensional display of the UAV, target measured by Kalman Filter, Geolocation and true
location of the target during the SIMUIBLION...............c.iiie s 53
Figure 38. East and north positions from Kalman Filter, Geolocation and true target position................. 54

Figure 39. Comparison between the target velocity estimated by the Kalman Filter and true velocity....54

Figure 40. Acceleration, angular acceleration and orientation from Kalman Filter estimate...................... 55
Figure 41. 2-Dimensional view Of the target Path. ... 56
Figure 42. 2-Dimensional view of the SIMUIBLION. .............cc.couiecineineressse s sessssseens 57
Figure 43. Target position estimated by Kalman Filter and true target poSItioN...............covereenerneeneenens 57
Figure 44. Target velocity estimated by Kalman Filter and true target VeloCity...........cccoevverveencrrecnnnnen. 58
Figure 45. Lateral error fTOmM UAV. ... ssssssssssssssssssnens 58
Figure 46. Standard Plane from PXA...........coeissesssssesss s sssssessss st sssssssssssssssssessssssssssssasses 60
Figure 47. Front (a) and side (b) views of the camera’s orientation. This configuration was used to

capture images from a Vertical PEISPECLIVE. ..ottt 61

Figure 48. Front (a) and top (b) views of the camera’s orientation. This configuration was used to capture
images from a side view and is the setup used for further SIMUIALIONS............cccoevvereenereeeerreeresssiesseies 61

Figure 49. Example images of the four scenarios used for the dataset development. Image (a)
corresponds to the Runway scenario, image (b) to the Mcmillan Airfield, image (c) to the Ground Plane
scenario and image (d) to KSQL Airport. Images (a). (b) and (c) show two ground vehicles and image

(C) displays SiX ground VENICIES. ...ttt sttt sassassessssns 62
Figure 50. Yellow Beetle car from Gazeho. ... 62
Figure 51. Average loss function regarding the trainning of the neural Network. ............cccceevrecnrniinn. 64
Figure 52. Variation of mAP as a function of 10U threshold. ... 67

Figure 53. Images with the detection bounding box in blue and the ground truth bounding box in green.
Image (a) corresponds to a threshold of 60%, (b) to a threshold of 50%, (c) to a threshold of 40% and (d)

0 A TNIESNOI OF B0D0.......o ettt 68
Figure 54. 2-Dimensional View Of the SIMUILION. ... 70
Figure 55. Position estimate and error from Kalman Filter and true target position. ...........cccoeveereeneenen. 71
Figure 56. East and north axis velocity, acceleration, angular acceleration and orientation estimated by

the KKAIMAN FIIET. ...ttt bbb bbb bbb bbb 71
Figure 57. Lateral error during SIMUILION. ... ssssssssssssssssssssssssssssssssesssssnees 72

XVi


file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930772
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930772
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930773
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930774
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930774
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930775
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930775
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930776
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930777
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930778
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930778
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930779
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930780
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930781
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930782
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930783
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930784
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930785
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930786
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930787
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930788
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930788
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930789
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930789
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930790
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930790
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930790
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930790
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930791
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930792
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930793
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930794
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930794
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930794
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930795
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930796
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930797
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930797
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930798

Figure 58. 2-Dimensional view oOf the target Path. ... 74

Figure 59. 2-Dimensional view of the UAV, target estimated position and target's true position............. 75
Figure 60. Position estimate and error from Kalman Filter and true target position. ... 75
Figure 61. Velocity estimated from Kalman Filter and true velocity of the target...........cccocveenereenrenne. 76
Figure 62. Lateral error during SIMUIBLION. ... sssesssessssssens 77
Figure B-1. PX4 Flight Stack High-Level Software Architecture (Retrieved from PX4 User Guide,

202L0). covovvriiseeriesses iR R B-1

Figure I- 1. Example of four images used in the test set (marked with 1) and the corresponding detection
images (marked with 2) from the four different worlds used in our dataset. Images (a) and (b) have a

resolution of 920x920 pixels, and images (c) and (d) have a resolution of 640x640 piXels..........c...cc...... I-1
Figure H- 1. Architecture diagram of YOLOV3 (Retrieved from Cheng et al., 2020). ........ccccccverrerrnne. H-1
Figure L- 1. YOLOV3 network architecture diagram (Retrieved from Kathuria, 2018)............c.cccecuueee. L-1

Xvii


file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930799
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930800
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930801
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930802
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/DissertaçãoMestrado_ASPAL_PILAV_140667-B_Alves.docx%23_Toc104930803
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado.docx%23_Toc104738697
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado.docx%23_Toc104738697
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104907916
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104907916
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104907916
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104907923
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104908397




List of tables

Table 1. Ground Control Stations Options (Adapted from Sabikan & Nawawi, 2016)...........ccccrveerenenn. 12
Table 2. Detailed information regarding the fictitious target parameters and UAYV lateral error.............. 40
Table 3. Detailed information regarding the Geolocation validation in four simulations with the target
standing at @ CONSLANT POSTEION. ..........verrrererririresiessesssesessssses e ssssess s sss e ssss s sssssssssessesssssessssssessensans 45
Table 4. Results from the validation of Geolocation with the target moving............coeeeeneeeneeeneeeneeeneeene. 47
Table 5. Parameters estimated by the Kalman Filter. ... sessssssssessennns 52
Table 6. Results from Kalman Filter position €StMALION. ............ccrrerineieeieeisesssesssssisesssesssesesesssesssesenes 53
Table 7. Results from Kalman filter parameters eStiMation.............cc.euveueeneeinsinesessnssessessesssssssessssnns 55
Table 8. Information regarding Kalman Filter target POSIION. ...........ccueerreeseeneesrerisesesesssesesesesesssesssesenes 57
Table 9. Information about the lateral error from the UAWV............nssssssisssssssssessssssesnns 58
Table 10. Network evaluation results for different 10U Thresholds. ... 67
Table 11. Results from Kalman Filter eSMALION. ...........cocviueieiiieieinsssissssssssssssssssssssssssssssssssssssssssans 70
Table 12. Results regarding the MPF [teral EITOT. ..ot sessesenes 72
Table 13. DEECHION FESUILS. ......cvuuivrercireiseiseisssise i bbbt 73
Table 14. Results from the Kalman Filter position €StMALION. ...........ccreremeemeerereeeeneeeseessesssessseesseeseeenns 75
Table 15. Results regarding the MPF [ateral EITO . ...........cc.ocvieineincesssesssse e ssessssans 77
Table 16. DEECHION FESUIS. .....eevereeeereereeesriressesseessstssesessss st ss s sssssss s ssess s sss st ssesssssssssassssssessssssesssnsans 77
Table A-1. Comparison of the speed and accuracy of different object detectors on the MS-COCO
(Retrieved from Long et al., 2020). .........ccuueuerereieinesseesesssessesssessssesssssssssssssssssssssssssssssssssssssssssens A-l
Table A-2. Results on Pascal VOC2007 test (Retrieved from Liu et al., 2016). .........cccoevererrerrrerrcrrnnne. A-l
Table A-3. Comparison detection performance in terms of mean average precision (mAP) of several
state-of-art detectors (Retrieved from Mandal et al., 2019). .......c.cccvererrerreeneieensscsesse s, A-l

Table A-4. Computation and space complexity comparison of the SSDNet, YOLOv3 and YOLOv3-
tiny with input layer size=608x608x3. The FPS is computed over a CPU system (Retrieved from
Mandal €t al., 2019).......c.cvumrerrenerrrierereresssesesesesseessssssss sttt nes A-1

Table A-5. Comparison of SSD512, YOLOv3 and RetinaNet methods in the Dorrer et al. (2019) dataset
(Retrieved from Dorrer et al., 2019). .......cociuririiieieiesiessseesesssess s ssss sttt sssssens A-2

Table A-6. Comparison Detection Performance of ADVNet and several state-of-art detectors (Retrieved
from Mandal et al., 2020). ........covurerrirrenerrieeseise et A-2

Table C-1. Detailed information regarding the PI controller validation in climb and descent scenarios..C-
1

Table D- 1. Detailed information regarding the path from the target............cocoveenennennenneeneinennne, D-1
Table D- 2. Camera. UAV and target settings used in this SIMUIALION. ..........coeernenieneerneeneenneneeneeeene, D-1
Table E- 1. Camera. UAV and target settings used in this SIMUIALION. .............ccoereeenrermenreneeresnsiessnennns E-1
Table F- 1. Camera. UAV and target settings used in the SIMUIAtION. ...........ccvevermeneenneneeneeneenseeeeneenes F-1
Table F- 2. Detailed information about the path Of the target. ..o F-2

XiX



Table G- 1. Camera and UAV settings used to capture the dataset images. Tests from 1 to 6 were
conducted in the Ground plane scenario displayed in Figure 45(c). Tests 7 and 8 were performed in the

Runway scenario depicted in FIGUIE 50(8). .........wvureurereeereeeseeeeesesseessesssesssessessesssesssssssessssssessssssssssesens G-1
Table J- 1. Parameters maintained during simulation from Camera, UAV and Target. ..........ccccoevvuunnn. J-1
Table K- 1. Detailed information about the path with the target MOVING. .........c.cocveeerreereenerreensiseeenene, K-1
Table K- 2. Camera, UAV and target settings used in the SIMUILIoN. ..., K-2

XX


file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104908490
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104908490
file:///C:/Users/HP/Desktop/Dissertação%20de%20Mestrado/Dissertação%20de%20Mestrado%20-%20Cópia.docx%23_Toc104908490

List of Abbreviations

AdaGrad
Adam
Al

AP
APM
AVDNet
BoF
BoS
CIAFA
COCO
cowc
CPU
DCNN
DL
DOTA
FPN
FPS
GCS
GMM
GPS
GPU
IMU
loU
LGVF
LIDAR
mMAP
MAV
MB
MIT
ML
MPF

Adaptative Gradient

Adaptative Moment Estimation Optimizer
Artificial Intelligence

Autopilot

AutoPilot Mega

Vehicle Detection Network

Bag of Freebies

Bag of Specials

Air Force Academy Research Centre
Common Objects in Context

Cars Overhead With Context

Central Processing Unit

Deep Convolutional Neural Network
Deep Learning

Dataset for Object Detection in Aerial Images
Feature Pyramid Network

Frames per second

Ground Control Station

Gaussian mixture model

Global Positioning System

Graphics Processing Unit

Inertial Measurement Unit
Intersection over Union

Lyapunov guidance vector field

Light Detection and Ranging LIDAR
Mean Average Precision

Micro Air Vehicle

MegaByte

Massachusetts Institute of Technology
Machine Learning

Moving Path Following

XXi



NED
NMS
NN
PID
PPM
RC
R-CNN
RGB
RHC
RMSProp
ROI
ROS
RPN
SILT
SSD
SVM
UAS
UAV
UGV
VAID
VEDAI
VTOL
YOLO

North-East-Down
Non-Maximuim Suppression
Neural Networks
Proportional-Integral-Derivative
Pulse Position Modulation
Remote Control

Region-Based Convolutional Neural Network
Red, Green, and Blue

Receding Horizon Control

Root Mean Square Propagation
Region of Interest

Robot Operating System
Region Proposal Network
Software-In-The-Loop Testing
Single Shot Multi-Box Detector
Support Vector Machine
Unmanned Aerial System
Unmanned Aerial Vehicles
Unmanned Ground Vehicle
Vehicle Aerial Image Dataset
Detection in Aerial Imagery
Vertical Take-Off and Landing

You only look Once

XXii



1 Introduction

1.1 Background and Motivation

The increasing use of Unmanned Aerial Vehicles (UAVs) for military and civilian
purposes determines the need to adopt low-cost yet efficient configurations to fulfil the mission
for which they are being committed. In addition, the recent advances in different areas, such as
communication systems, solid-state devices, and battery technology, enables low-cost and low-
weight Unmanned Aerial Systems (UAS) to be an excellent solution for a broad spectrum of
applications (Beard et al., 2005). Furthermore, low-cost UAVs are also an excellent option
considering dangerous operations and repetitive situations where these systems are engaged
(L6pez et al., 2007).

Since 2009, the Portuguese Air Force Academy Research Centre (CIAFA) has been
involved in several research projects (for example, PITVANT, PERSEUS, SUNNY,
SEAGULL, FIREFRONT) using UAVs. Framed in the above-mentioned research projects,
CIAFA’s main research areas and corresponding publications include path following and target
tracking for fixed-wing UAVs (Oliveira et al., 2013, 2016a, 2016b, 2017), computer vision (
Marques et al., 2014; Bernardino & Cruz, 2015; Cruz & Bernardino, 2016), micro and nano
flapping-wing aerial vehicles (Caetano et al., 2013; Caetano, Percin, et al., 2015; Caetano,
Weehuizen, et al., 2015; Armanini et al., 2016), multidisciplinary design optimization (Felix et
al., 2012, 2013), and reliability and airworthiness for small UAVs (Goncalves et al., 2016,
2017).

Typically, Piccolo (Collins Aerospace, 2022) autopilots have been used by CIAFA for
research purposes. However, Piccolo autopilots are relatively expensive and resort to closed-
source software, making it very difficult to sustain and operate due to the need for specific skills
for that purpose (Kortunov et al., 2015). Therefore, CIAFA is currently exploring new open-
source hardware and software options that allow for rapid prototyping and flight testing of
UAVSs. One of the most used open-source autopilots is the Pixhawk (Kortunov et al., 2015).
This autopilot has already been integrated into previous thesis, as in Silva & Oliveira (2017),
who compared Pixhawk and Piccolo. Later, Ferreira et al. (2019), Silva et al. (2020) and
Mendes et al. (2021) developed aerial platforms using this same hardware.

This thesis aims to implement a rapid prototyping and testing architecture, which will be

used to develop trajectory controllers and computer vision algorithms using low-cost platforms.



1.2 Main Objective

In the scope of this thesis, the main goal is to develop and validate a software architecture
compliant with the hardware architecture proposed by Silva et al. (2020) for later
implementation in a fixed-wing UAV. The effectiveness of the proposed architecture is
demonstrated by considering a target tracking mission, in which a UAV should detect and track

a moving ground vehicle.

1.3 Problem Formulation

The first problem that this thesis intends to solve is to propose a software architecture
suitable for prototyping and expediting the validation of flight controllers taking into account
the hardware architecture proposed in Silva et al. (2020). This can be formulated as follows: i)
consider the hardware architecture proposed in Silva et al. (2020), ii) propose a compatible
software architecture for rapid prototyping of computer vision, guidance and control algorithms
for low-cost, fixed-wing UAVS.

Once the previous problem is successfully addressed, the proposed software architecture
will be validated by implementing a case study described in the following: i) consider the
problem of a UAV performing an autonomous detection and tracking of a ground vehicle, ii)
using the software architecture previously proposed, implement a modular control architecture
that allows the UAV to:

1- Detect a ground vehicle.

2- Estimate its location based on the data collected using a Red, Green and Blue (RGB)
camera.

3- Autonomously follow the ground vehicle based on that information.

1.4 Dissertation Layout

This dissertation is divided into six main chapters. Chapter 1 starts by presenting the
background and motivations of this research based on the CIAFAs projects and future
objectives, followed by the main objectives and problem formulation.

The second chapter displays a brief review of the hardware architecture and some notes
of the software restrictions in each hardware component. Afterwards, the software commonly
used and supported by the hardware architecture for data acquisition and processing is studied
in depth. The last part of this review focuses on Computer Vision and Control and Guidance

Techniques to solve the problem at hand.



Subsequently, in Chapter 3, the proposed hardware/software architecture and the software
tools decision are presented. Subsequently, the software architecture is analysed and each block,
as well as each connection, is explained in detail. Each block is validated individually and then
as a closed-loop architecture. In these tests, the target is defined as a red block, and the detector
is a colour filter.

Chapter 4 comprises the implementation of a YOLO detector and a brief description of
its characteristics. Furthermore, the detector is tested and validated through an evaluation based
on mean average precision.

The fifth chapter culminates in the closed-loop simulation, where the whole software
architecture is tested to perform the detection and tracking of a ground vehicle. This chapter
intends to verify if the architecture is valid to respond to the proposed surveillance mission.

Finally, the Chapter 6 provides an overview of the dissertation and summarizes the
conclusions obtained. Limitations and recommendations from the several stages of the research
are then exposed. Future studies perspectives that appeared during the execution of this study

are then provided.






2 Literature Review

Over the years, UAVs have been used for numerous applications. Monitoring forest fires
(Merino et al., 2015), volcanic phenomena (Melita et al., 2015), traffic monitoring (Kanistras
et al., 2015), precision agriculture (Alsalam et al., 2017), cooperative UAVs for search,
surveillance, and target tracking (Beard et al., 2006; Kingston et al., 2008; Sujit & Beard, 2008;
Manathara et al., 2011) are only a few examples of many domains where UAVSs can prove their
worth. (R. Beard et al., 2005).

Since the engagement of UAVs has a wide range of applications, there has been a
development in small and less expensive UAVs (Skulstad et al., 2015; Wang et al., 2016).
Furthermore, even though UAV research is a field of long history, the availability of low-cost
sensors and the evolution of computing power have provided modernized UAVs at a fraction
of the original value (Klausen et al., 2017). Therefore, to conduct many missions, the loss of a

UAYV should not be detrimental to the owner.

2.1 Brief Review on the Hardware Architecture for Low-cost UAVs
A UAV architecture is somewhat complex due to its need to accommodate all the systems
in a small volume, ensuring low weight, limited power resources, increased computational

requirements, and never hindering the system’s performance (Pastor et al., 2006).
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Figure 1. Main components of a UAV system (Retrieved from Pastor et al., 2006).

According to Pastor et al. (2006), it is possible to state that a UAV system comprises six
main sub-modules, as shown in Figure 1. The first is the UAV airframe, which corresponds to
the aircraft’s structure. The second is the flight computer, which is the heart of the UAV. It
gathers all the information from a set of sensors and guides the aircraft through a flight path.
The third system is the payload, for example, sensors. The fourth is the mission controller,

which controls the operation of the sensors. The base station or Ground Control Station (GCS)
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is the fifth module. It is located on the ground, which monitors the mission execution and
ultimately allows for the operation of the UAV navigation systems and payload. Finally, the
communication infrastructure is responsible for establishing a continuous link between the
UAYV and the GCS.

Since this thesis aims to develop software architecture based on the hardware architecture
proposed by Silva et al. (2020), it imposed restrictions on the software and firmware running
in the different UAS systems. As a result, to define the software architecture, some hardware

restrictions must be considered.
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Figure 2. Example of a system architecture (Adapted from Silva et al., 2020).
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Figure 2 represents a hardware architecture from Silva et al. (2020) research that displays
the link to GCS, Autopilot, and Mission Computer. According to Silva et al. (2020), the
telemetry link connection allows communication between the GCS and the aircraft's autopilot.
This link is established using MAVLink (PX4 User Guide, 2022a), enabling the UAV system
to exchange flight parameters (relative position, altitude, speed, and Global Positioning System
(GPS location of the model) and energy parameters during flight. In addition, the GCS is able,
through this connection, to send flight commands, for example, flight plans (Silva et al., 2020).

The manual control link is made through radio frequency between the remote control
(RC) and the UAV, enabling the pilot to control the model manually through radio command.
The information is sent directly by radio (RC IN), which sends that information to the autopilot
channel by a Pulse Position Modulation (PPM). The autopilot will act accordingly when it
receives this information (Silva et al., 2020).

The payload link connection contemplates the autopilot and the Flight computer. This
link enables onboard sensor information processing, such as the sensors embedded in the

autopilot or other UAV sensors, such as a RGB camera for image capture (Choi et al., 2016).



Once the hardware architecture has been briefly described, the explanation of the software
options used for the Autopilot, Mission Computer, Telemetry Radio and Sensors will be

performed, along with the constraints imposed at the software and firmware level.
2.2 Hardware Components

2.2.1 Autopilot

A UAV consists of specific parts, in which the flight control system, including autopilot
and guidance devices, is one of the critical components (S. Wang et al., 2016). There are several
options in the context of small and low-cost autopilots for UAVs, particularly Paparazzi,
Kestrel, and Piccolo (Kortunov et al., 2015); however, Silva et al. (2020) proposed the use of
Pixhawk (PX4 User Guide, n.d.-a).

Pixhawk is one of the leading open-source autopilot projects (Kortunov et al., 2015),
which further develops Ardupilot and ArduPilot Mega (APM) projects (ArduPilot Dev Team,
n.d.). This autopilot includes a GPS and two Inertial Measurement Unit (IMU) (Silva et al.,
2020). In terms of specifications, Pixhawk is a small size, light-weighted, and low-cost
Autopilot (Kortunov et al., 2015).

The main advantage of this autopilot is that the source code is available for all users, from
beginners to professionals, which can adapt it for their use. Furthermore, the project evolves
quickly due to many enthusiastic developers (Kortunov et al., 2015).

As for firmware restrictions, two major software packages are fully compatible with the
Pixhawk autopilot, the Ardupilot and the PX4 (LambDrive, 2016a). The choice of the most

suitable software flight stack for this autopilot will be addressed in this thesis.

2.2.2 Mission Computer

The choice of the mission computer must be based on the performance required by the
system. On the one hand, the mission computer with less computing load can be powered by
less powerful hardware (Pokhrel, 2018). On the other hand, if the system requires a high level
of computation and real-time calculation, a powerful mission computer should be used
(Pokhrel, 2018).

Given its availability in the CIAFA laboratory, two mission computer options can be
considered for hardware architecture namely, the Raspberry Pi (Raspberry Pi Foundation, n.d.)
and NVidia TX2 (NVidia Developer, 2022). Raspberry Pi is a computer widely used by the
whole academic community due to its diversity of applications and accessories for the board

and connectivity (Polo et al., 2015). In addition, this computer is low-cost, lightweight, low-
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size, and capable of running a complete Linux distribution (Polo et al., 2015). The NVidia TX2
Is a computational system that delivers great improvement in Artificial Intelligence (Al)
computing performance. This device is compact, power-efficient, and ideal for several UAV
applications (Xu et al., 2018). In addition, it is a module smaller than a credit card and
lightweight, so it is suitable for small UAVs (Burdziakowski, 2018).

Both mission computers have no significant software restrictions since they can operate
with various software solutions to communicate with the autopilot and process its data
(ArduPilot Dev Team, 2021b). Moreover, these two choices are available in CIAFA. As a
result, the choice between these two mission computers depends mainly on the intended
application. In particular, Jetson TX2 provides higher Central Processing Unit (CPU) and
Graphics Processing Pnit (GPU) computational power (Stizen et al., 2020).

2.2.3 Telemetry Radio

Typically, the hardware associated with a GCS is a laptop connected to a radio receiver
with an antenna that allows sending and receiving data from the UAV. This component provides
the establishment of the telemetry link presented in Figure 2.

Several radio telemetry systems are available to the community, for instance, RMILEC,
DragonLink, EzZUHF, and HawkEye Open LRS (Umair Igbal et al., 2015). However, Silva et
al. (2020) proposed the SIK telemetry radio (ArduPilot Dev Team, 2021f) because of its small
size, lightweight, low-cost, and enables short-range communication (300m). Furthermore, an
open-source firmware is embedded in this radio, explicitly designed to operate with MAVLink
(ArduPilot Dev Team, 2021h). The SIK telemetry radio's firmware is compatible with different
GCS software applications that allow for the graphical display of telemetry information (refer
to Section 2.3.3).

2.2.4 Sensors

Different mission objectives can be satisfied by changing the payloads while using the
same airframe. The selection of a UAV sensor should consider several factors, including the
mission to be performed, available size, weight and power, required accuracy, etc. (Alvarado
et al., 2015). Given the context of this thesis, it was considered that for (eventual) early
laboratorial/flight validation of the architecture proposed in this work, the use of a RaspberryPi
camera (Raspberry Pi Foundation, n.d.) rigidly attached to the UAV airframe is an adequate

solution.



2.3 Software

Once all hardware components and their software constraints have been presented, the
options available for the software architecture is addressed. Several software possibilities can
be loaded onto the previously addressed hardware devices. For instance, in Figure 3, the
Pixhawk autopilot can operate with PX4 or Ardupilot firmware, and the GCS has the
QGroundControl (QGC) (QGroundControl, 2019), APM Planner 2 (APM Planner 2, 2021) and
other software available.

Flight Control Software Ground Control Software
@ YMAVLINK H
A 4
Install & Run on
Upload to FC Laptop/Tablet/Phone
Wel Mpt @GROUNDCONTROL 74 PM
oA e et PLANNER o

e Tower (DroidPlanner3) MAVProxy

Figure 3. Options available for Flight Control Software and Ground
Control Software (Retrieved from LambDrive, 2016).

This sub-section initially describes a common software architecture implemented
together with the Pixhawk autopilot system. Afterwards, the two firmware options compatible
with the Pixhawk autopilot are presented. Then a brief characterization of the options for the
Ground Stations software and the Mission Computer to command and control is addressed.

Finally, the interaction with Pixhawk as well as the MAVLink communication are described.

2.3.1 Software Architecture

Software
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(with integrated manual controls) | e o
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Figure 4. Flight controller and Mission computer architecture adapted from PX4 Autopilot (Adapted from PX4 User
Guide, 2021).



Figure 4 shows a typical software stack that is compatible with the hardware architecture
proposed by Silva et al. (2020). The different options available in the academic community for
the autopilot firmware, the ground station software, and the interaction with the autopilot will

be discussed in the following sections.

2.3.2 Autopilot Flight Stack - PX4 and Ardupilot

This sub-section covers the two firmware most used by the community in the Pixhawk
autopilot: PX4 and Ardupilot. In the following paragraphs, the main differences between the
two flight stacks and choose the most suitable option are presented.

Generally, Ardupilot and PX4 use MAVLink protocol to establish communications with
vehicles, submit commands, and receive Telemetry and specific data (Torrico, 2020).
Moreover, even though they jointly developed this hardware, the two software chose different
approaches and open licensing codes. The better support and information from the Ardupilot
community are some of the main differences between those firmware (Silva & Oliveira, 2017).

Ardupilot can be installed in open hardware, for instance, Beagle Bone Blue (Linux) and
Holybro Pixhawk 4, as well as in closed-source hardware. However, some limitations regarding
this firmware are related to some configurations exceeding 1 MegaByte (MB) size. In addition,
some autopilots may not have enough flash memory to store the entire firmware. For this
reason, in such cases, reduced firmware is generated by omitting less commonly used features
(ArduPilot Dev Team, n.d.).

Depending on the type of vehicle, the Ardupilot firmware integrates several sensors. It
uses gyroscopes, accelerometers, compass, altimeter, and GPS for primary flight control and
stabilization. Apart from those sensors, it can also support additional sensors that allow
enhanced functionality, for instance, sonar, laser, optical flow, and airspeed sensors. As for the
sensors supported by the PX4, it can provide many peripherals, including IMU sensors, Light
Detection and Ranging (LIDAR), range finders, and optical flow. In addition, it has flexible
and powerful flight modes, which provide distinctive types/levels of vehicle automation and
autopilot assistance to the user.

Both PX4 and Ardupilot have safety features that protect and recover the vehicle safely
if something does not go as planned, such as low battery, data link loss, offboard loss, to name
some. Furthermore, in both autopilots, the controller can insert specific areas and conditions
where the vehicle can fly safely and program how to perform upon failsafe (PX4 User Guide,
n.d.-a).
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One of the main differences between Ardupilot and PX4 is its license. Ardupilot holds a
GPLv3 license, while PX4 uses a BSD-3. The first license compels the user to copyleft the
source code developed, which is less attractive to commercial enterprises that want to sell a
UAYV product. On the other hand, the BSD-3 license is a permissive license in which the users
do not have to release their source code openly (Benowitz, 2021).

One of the key points of the PX4 over the Ardupilot is the availability of the Offboard
mode for fixed-wing aircraft. The Ardupilot for fixed-wing aircraft provides the Guided mode.
However, this mode only allows sending position commands, i.e., sending the fixed-wing
aircraft to a certain waypoint, and when it reaches the predetermined coordinate, it starts a loiter
(ArduPilot Dev Team, 2021c). Conversely, the PX4 provides the Offboard mode, which
enables sending vehicle movement and attitude commands, yet supports only a limited set of
MAVLink messages. In particular, the Set_Attitude Target message allows sending attitude
commands and thrust setpoint to the aircraft through a Mission Computer (PX4 User Guide,
2021a).

Silva & Oliveira (2017) concluded that the Ardupilot community is broader and more
active compared to PX4. Consequently, there is more information sharing and progressing,
which benefits from incorporating such software. Sgrensen et al. (2017) also concluded that
Ardupilot provided good support for the drone and its software ecosystem.

2.3.3 Ground Control Station Software

Although UAVs are already equipped with high autonomy, the contact with a ground
station is always necessary (Erdos & Watkins, 2008). A GCS is generally a software application
that runs in a ground-based computer and enables communication with a UAV through wireless
Telemetry (ArduPilot Dev Team, 2021a).

The GCS simplifies the control and monitoring of the vehicle and the exploitation of
information from the UAV (Natarajan, 2001). Moreover, a typical GCS provides a
straightforward, intuitive user interface allowing the operator to insert waypoints on a map and
then command the UAV to fly according to the created path (Erdos & Watkins, 2008). Lastly,
Natarajan (2001) stated that the design of a GCS should address some requirements, for
instance, air vehicle control, payload control, mission planning, payload data analysis and
dissemination, post-flight analysis, etc. Therefore, there are several GCS software options that
include different features, such as QGroundControl, APM Planner, MAVProxy (ArduPilot Dev
Team, 2019) and Mission Planner (ArduPilot Dev Team, 2021e). Moreover, all these software
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GCS (presented below) support the MAVLink communication protocol and are user-free
(Sabikan & Nawawi, 2016).

MAVProxy is a fully functioning open-source GCS for UAVS, developed to be portable,
small, and used by any autonomous vehicle (ArduPilot Dev Team, 2019). In addition, the
Mission Planner is open-source full-featured software GCS, where the customer can configure
the hardware and interact with the aircraft during flight. (Figueiredo, 2014). Conversely, the
APM Planner 2 is an open-source GCS that provides a smaller user base and a reduced feature
compared to the Mission Planner. This software offers configurations and calibrations to
autopilots for autonomous vehicle control in particular missions (APM Planner 2, 2021).
Finally, the QGroundControl is an open-source GCS that provides complete flight control and
mission planning for any MAVLink enabled drone. From the GCS addressed in this research,
it is the only GCS that can deliver flight control and configuration to multiple UAVs
simultaneously (Ramirez-Atencia & Camacho, 2018) and also runs on all platforms, desktops
and mobiles (QGroundControl, 2019).

Table 1 gathers the relevant information for the choice of software for the GCS.
Table 1. Ground Control Stations Options (Adapted from Sabikan & Nawawi, 2016).

Compatibility  Compatibility with

GCS Userbase Supported OS ]
to PX4 Ardupilot
Advanced Users, Win, Linux, OS .
MAVProxy ) Partial Yes
developers X, Android
) Win only, runs
Basic and ) )
o on Linux using )
Mission Planner Advanced Users, Partial Yes
Mono and OS X
developers )
using VM
Basic and
QGroundControl ~ Advanced Users,  Win, Mac, Linux Yes Partial
developers
Basic and L
Win, Linux, OS .
APM Planner 2 Advanced Users, N Partial Yes
developers

2.3.4 Software Applications for Mission Computer
Middleware has become a fundamental part of any distributed environment because it
offers essential features and functionalities (Mohamed et al., 2014). Mohamed et al. (2013)

stated that “it is practically impossible to build large-scale or complex distributed applications
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without involving middleware” (Mohamed et al., 2013, p. 6). Middleware is found all over the
system regarding distributed computing, and it plays different roles. For instance, it can be used
for the underlying communication features, for translation and data integration from various
sources, as a tool used to clarify application development, and many other functionalities. In
addition, middleware connects any set of components that are part of distributed systems, such
as operating systems, applications, network stacks, and hardware (Mohamed et al., 2013).

Since middleware is a crucial part of developing a UAV architecture, the most common
middleware solutions used by the community will be addressed. The literature reviewed on
low-cost UAVs from Chapter 2.1 identified that ROS, DroneKit, FlyOS, APSync, Maverick
and Rpanion-server are the most widely used middleware (ArduPilot Dev Team, 2021b).

ROS is open-source software that develops libraries, tools, and an accessible environment
to develop robotic applications (Alsalam et al., 2017). This middleware was developed to
facilitate and expedite the prototyping of a robotic system (Bernardeschi et al., 2019). For
example, Day et al. (2015), for multiple UAVSs, uses ROS to communicate with UAVS in the
swarm. It enables particular swarm members to autonomously perform navigation decisions
based on the states of their neighbours (Alsalam et al., 2017). ROS organises its processes into
nodes that communicate with each other concurrently by exchanging messages in a
publisher/subscriber scheme. Those messages are published in topics (Quigley et al., 2009).

DroneKit Python is an open-source and community-driven project that allows the
community to create powerful apps for UAVs. For example, for their UAV Agricultural
applications, Psirofonia et al. (2017) used DroneKit to enhance the autopilot, adding greater
intelligence to the UAV behaviour and performing computationally intense tasks, in particular,
computer vision, path planning, and 3D modelling. Dronekit library enables sending MAVLink
commands from an onboard computer to a flight controller, expanding different applications.
However, ROS has its specific ROS package of MAVLink, MAVROS (ROS.org, 2018). This
package provides communication between several systems using MAVLink. Moreover, ROS
can use the MAVROS package to gain the same functionality as DroneKit while at the same
time opening doors to several other ROS tools and utilities (Kim & Lee, 2019).

Kim & Lee (2019) agree that ROS is more accessible than DroneKit because ROS,
supports, natively, C++ and Python (among others through non-native processes), whereas
DroneKit supports only Python. Another concern regarding DroneKit is that it has a problem
with extending to a heterogeneous collaboration system. In contrast, ROS enables the
communication between multiple processes using message passing, solving the communication
of heterogeneous UAVSs issue (Kim & Lee, 2019).
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It is essential to state that ROS has two different versions, namely ROS 1 and ROS 2.
ROS 1 was developed in 2007, and due to many years of experience, it was possible to establish
important features missing which could be improved. In fact, ROS 1 lacks crucial real-time
safety, certification, security, and increased distributed processing requirements. For those
reasons, one of the goals of ROS 2 is to be compatible with industrial applications (Yuhong
Lin, 2018). ROS 1 itself does not permit more than one node in a process and has no standard
framework for writing about nodes, which means that each developer has the freedom to
develop a unique product. Conversely, ROS 2 enables various nodes in the same process and
provides a predefined convention that saves users time and allows cleaner and more structured
programs (The Robotics Back-End, n.d.).

The choice between both ROS versions will depend on the application and the level of
ROS understanding. For example, ROS 1 is recommended for beginner developers, students,
and Robotics Algorithm Developers. On the other hand, ROS 2 is advised for professional

computer learners and developers who value real-time applications (Yuhong Lin, 2018).

2.3.5 Middleware Interaction with Pixhawk

Since this dissertation will use the Pixhawk autopilot, it is vital to understand how the
interaction between the mission computer software application and Pixhawk firmware is carried
out. Since we are addressing two types of middleware, Dronekit and ROS, the features of each
are presented.

Firstly, even though DroneKit is working towards full compatibility with PX4 firmware,
it is not entirely working with this firmware because it is not formally tested (PX4 User Guide,
n.d.-b). Moreover, the community that tested DroneKit with PX4 raised some issues related to
parameter handling due to DroneKit implementing the Ardupilot variant that is not compatible
with PX4. Additionally, the waypoint missions upload shows errors related to the planned home
location, and some PX4 features are not supported. On the other hand, for Ardupilot, Dronekit
can be a great choice because this middleware was built with Ardupilot in mind (PX4 User
Guide, n.d.-b). PX4 supports both ROS versions with different configurations. In particular,
ROS 2 communicates with PX4 over the PX4-ROS 2 bridge (PX4 User Guide, 2021e). This
interface directly connects PX4 uOBR messages and ROS 2 DDS messages and provides direct
access to PX4 from ROS workflows and nodes in real-time. Apart from this configuration, there
are other two, ROS 1 via ROS 2 bridge and ROS 1 via MAVROS. In this last configuration,
the communication is engaged through MAVLink (PX4 User Guide, 2021b).
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2.3.6 Communication through MAVLink

MAVLink is a messaging protocol that provides communication with UAVSs, specifically
onboard drone components. In addition, it allows up to 256 UAVs to communicate at the same
time in the same frequency bandwidth (Fuller et al., 2014). This protocol is an open-source
library and is free for public users (Erdelj et al., 2019). MAVLink is also compatible with
Pixhawk Autopilot and both firmware Ardupilot and PX4 (ArduPilot Dev Team, 2021d; PX4
User Guide, 2022a). Furthermore, MAVLink can be used for both onboard and offboard
communications. For example, it is possible to communicate between the autopilot and a GCS
and between the autopilot and mission computer (ArduPilot Dev Team, 2021d).

2.3.7 Simulator

Since the testing of the software architecture is usually performed in a simulated
environment, it is necessary to address different simulator options in order to recreate the
aircraft and a real environment. For this reason, the simulator must guarantee compatibility with
one of the flight stacks, Ardupilot or PX4, and provide a simulating flight with a fixed-wing
aircraft. Gazebo, Mission Planner Simulator, JSBSim, and Flight Gear (ArduPilot Dev Team,
20219) are the simulators that meet the two requirements mentioned above and which are the
most used by the community.

Gazebo simulator is highly recommended by the PX4 User Guide (2022b) and is a
powerful 3D simulation for object avoidance and computer vision. One the other hand,
FlightGear is a more complex simulator regarding physical and visual realistic environments.
It also provides several weather conditions and types of atmospheric flows, which require better
graphical performance from the computer. In the same line of performance requirements, the
JSBSim is an advanced flight simulator that provides realistic flight dynamics based on wind
tunnel data (PX4 User Guide, 2022b). Finally, the Mission Planner simulator allows a simpler
interface of the aircraft behaviour but is only supported by the Ardupilot (ArduPilot Dev Team,
20219).

2.4 Guidance and Control Techniques

Different methods have been proposed in the literature for tracking ground targets. In the
early days of target tracking, Dickmanns & Mysliwetz (1992) developed an algorithm to detect
roads that employed a control strategy based on total state feedback and used an extended

Kalman filter. Additionally, Taylor et al. (1999) developed a simple edge detection algorithm
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and compared different control strategies, for instance, lead-lag control, full state feedback, and
input-output linearization, to solve the road tracking issue.

One line of research defined periodic reference flight trajectories for a UAV to navigate
via waypoint and maintain proximity with the target. For example, Lee et al. (2003) introduced
a path-planning algorithm for a UAV to track a ground vehicle. The ground target changes its
heading and varies its velocity from a standstill position up to the UAV speed. Moreover, Hushy
(2005) proposed a path algorithm with three possible patterns (square wave, circular and bow
tie-shaped standoff), assuming that the target's position and velocity are known and the UAV
has a visual range of the target. Finally, R. W. Beard (2007) developed two classes of flight
trajectories for tracking ground-based objects. The first one is called longitudinal trajectories,
which are more suitable for targets with the same speed as the UAV. The other trajectory is an
orbital, considered to have more advantages for slow targets.

Quintero & Hespanha (2014) recognize that the greatest amount of research regards the
standoff tracking issue in the target tracking area. In order to solve this problem, Frew et al.
(2007) used a Lyapunov guidance vector field (LGVF) to enable a UAV orbiting a moving
target at a fixed, planar standoff distance, assuming no wind speeds. However, this method can
lead to oscillatory behaviour when there is a proximity between the target speed and the UAV
speed or wind speed (Chen et al., 2009; Wise & Rysdyk, 2006). Therefore, Chen et al. (2009)
proposed a tangent and Lyapunov field vectors that enable the UAV to converge to the standoff
circle faster than the previous LGVF method. In addition, through differential geometry, Oh et
al. (2013) proposed a rendezvous and standoff tracking guidance. This method permits the UAV
to track accurate information without the target's noticing. Finally, Zhu et al. (2013) presented
a saturated heading rate controller based on a vector field to regulate the relative course angle
to the target while the velocity remains constant. This approach guarantees that the UAV,
initiating with an arbitrary state, can converge to a desired circular orbit around the target.

Another line of research uses vision sensors based on nonlinear feedback control of the
UAV heading rate to track a ground vehicle. Dobrokhodov et al. (2008) proposed a vision-
based control algorithm with a gimbaled camera onboard the UAV to maintain the target in the
centre of the image frame. Once the target position is unknown, the authors rely on the
information attained by the image processing software for feedback. Along the same lines,
Quintero & Hespanha (2014) adopted a vision-based target tracking which maintains the target
in the scope of an onboard camera with enough resolution for visual detection. This research
proposed two different optimization-based control policies, the game theoretic approach and

the stochastic optimal control approach, which enable the UAV to maintain visibility and
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proximity to the target. In the same line of work, Li et al. (2010) used a gimbaled camera in the
UAV to follow a target. In particular, the UAV was equipped with a single gimbaled pan/tilt
camera and a high bandwidth wireless link video to accomplish the vision-based target tracking
and motion estimation. This system allowed the UAV to maintain a horizontal circular orbit
around the target to estimate its position, speed, and heading (Li et al., 2010).

Still, on tracking through sensors, Ariyur & Fregene (2008) described a system for
tracking a ground target from a UAV through delayed estimation of target motion from noisy
sensors. This algorithm estimates the vehicle's acceleration and uses a point mass model to
estimate its velocity and location. Afterwards, these estimations are used to produce waypoints
for the UAV (Ariyur & Fregene, 2008).

Kuwata & How (2004) proposed a receding horizon control (RHC) to design trajectories
for aerial vehicles in three-dimensional terrain. More recently, Yao et al. (2017) presented a
three-layer distributed control structure to create an optimal multiple UAV trajectory to seek a
target in a complex environment based on RHC and Gaussian mixture model (GMM).

On another perspective, X. Wang et al. (2014) proposed a vision-based detection and
tracking of a mobile ground target using a fixed-wing UAV through an improved Zhu & Wang
(2012) bang-bang heading rate controller. This research proposes to achieve a desired circular
tracking of a ground target, trying to avoid exposure to the UAV.

Other authors used the moving path following (MPF) technique to address target tracking
problems. Initially, Oliveira et al. (2013) presented a control method that relies on a path
following control strategy to track a fixed radius circumference that moves together with the
target that emits its position through a GPS beacon. In this research, the fixed-wing UAV is
assumed to maintain its airspeed constant by the inner loop controller. Moreover, Oliveira et al.
(2013) approach showed no oscillating issues when the speed of the UAV is close to the target
speed. More recently, Oliveira et al. (2016b) introduced the MPF control law while control was
derived using Lyapunov methods. This new method has overcome the problems of monitoring
moving objects using classical path following algorithms. In the MPF, the authors assume that
the UAV flies at constant altitudes and speeds. In this research, the UAV was required to
converge to and follow a specific moving path without temporal specification, resulting from a
generalization of the classical path following.

In this dissertation, the MPF was the algorithm implemented as it allowed operating in
every conditions disregarding the relative initial position between the target and the UAV.
Moreover, the oscillating behaviour is eliminated due to the target speed approximating the

UAV speed. Finally, it allows using any geometric path shape (Oliveira et al., 2016b).
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2.5 Ground Vehicle Detection in Airborne Images using Computer Vision

In the current work, the main goal is to have the UAV to follow a target, completing the
control loop based on a sensor. For the sensor to detect an object, several methods can be
adopted, such as radar (Schwartz, 1990), an operator (van Breda, 1995), and the method adopted
in this research, computer vision (Borji et al., 2019).

Larry Roberts first introduced computer vision at the Massachusetts Institute of
Technology (MIT) in the 1960s through his Ph. D thesis, which discussed the possibility of
recovering “3-D geometrical information from a 2-D perspective view of blocks” (Huang,
1996, p. 21). This task can be represented as a pipeline of sequential tasks. The first one tries
to extract information from an image, such as the location of an object or its size. This task
consists mainly of applying image processing techniques, which vary according to the state-of-
the-art. In a subsequent task, some assumptions about geometry and the image formation
process extrapolate information from a 2D signal to a 3D representation.

In parallel, since the 1950s, a small subsection of Artificial Intelligence (Al) known as
Machine Learning (ML) has revolutionized different fields. Neural Networks (NN) is a set of
techniques that integrates ML, and it was the field that spawned Deep Learning (DL). Since
2012, DL has shown outstanding success in image processing tasks, such as image
classification, object detection and object segmentation. This makes DL a strong candidate to
be used in the first task of the computer vision pipeline (Alom, 2018).

Object detection can be accomplished through several approaches that can be divided into
traditional and deep-learning-based (Nguyen et al., 2020). Alom (2018) stated in his research
that for detection problems, DL-based regression approaches such as You Only Look Once
(YOLO) and Single Short Multiple-box Detector (SSD) provide superior performance facing
traditional methods. Since DL has been dominant in image classification, segmentation, and
detection (Alom, 2018), several ways introduced by the literature will reviewed.

There are two types of DL methods of object detection, the two-stage approaches, which
are the ones based on region proposal algorithms (R-CNNSs), and one-stage approaches based
on regression or classification recognized (YOLO and SSD) (Nguyen et al., 2020). On the one
hand, two-stage methods generally achieve high accuracy but are slower. On the other hand,
one-stage methods are much faster than two-step methods, but have reduced accuracy (Dorrer
etal., 2019).
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2.5.1 Region-Based Conventional Neural Network (R-CNN)

Region-Based Conventional Neural Network (R-CNN) is a method proposed by Girshick
et al. (2014) that provides more than 30% mean average precision (MAP) than related to
previous best results on PASCAL VOC 2012 (Girshick et al., 2014). The R-CNN architecture
includes four stages, firstly, it resizes an image to 227x227 pixels and takes it as an input.
Secondly, it applies a selective search algorithm and generates 2000 candidate region proposals
that, in the next phase, are wrapped into a square and inserted into a CNN that creates a 4096-
dimensional feature vector. Afterwards, using a Support Vector Machine (SVM), the features
extracted from the image are classified (Kim et al., 2019).

Nguyen et al. (2020) describe that R-CNN’s main advantage is the use of CNN features
learned from real images. This makes them more discriminative representations than the low-
level image features, which are hand-crafted. On the other hand, the R-CNN is considered to
be extremely costly in space and time (Girshick, 2015) and wasteful because it has to apply
CNN 2000 times (Girshick, 2015; Kim et al., 2019; Nguyen et al., 2020). Moreover, once R-
CNN resizes the image to 227 x227 pixels, it constitutes an issue to small object detection

(Nguyen et al., 2020).

25.2 Fast R-CNN

Fast R-CNN is a method developed by Girshick (2015) that includes innovations to
improve the drawbacks of R-CNN, mainly the speed and accuracy (Girshick, 2015). Although
Fast R-CNN is similar to the R-CNN approach, instead of providing the region proposals to the
CNN, the CNN takes an image of any size as input and several Region of Interest (ROIs) and
generates a convolutional feature map (Nguyen et al., 2020).

As a result, it has higher average precision of detection than R-CNN. Moreover, the
training stage is a single-phase, using a multitask loss, and can update the entire network layers
(Gandhi, 2018).

2.5.3 Faster R-CNN

Ren et al. (2017) introduced a Region Proposal Network (RPN) that “shares full-image
convolutional features with the detection network, thus enabling nearly cost-free region
proposals” (Ren et al., 2017, p. 1). This research is an improvement of Fast R-CNN and is
called Faster R-CNN. The methods mentioned above (R-CNN and Fast R-CNN) use selective
search to designate the region proposals. Consequently, those techniques affect the network due

to being a slow and time-consuming process (Gandhi, 2018). Moreover, Ren et al. (2017) stated
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that the Faster R-CNN accomplishes near real-time rates by avoiding the time used on region
proposals.

The overall object detection accuracy and region proposal quality are enhanced with
Faster R-CNN (Ren et al., 2017). In addition, Nguyen et al. (2020) considered the RPN to
improve the running time because it generates fewer proposal boxes due to sharing computation
on convolutional features. However, although RPN and Fast R-CNN combination enable

improved accuracy, it leads to a processing speed reduction (Nguyen et al., 2020).

254 YOLO

YOLO, as the name suggests, “you only look once at the image to predict what objects
are present and where they are” (Redmon et al., 2016, p. 1). This method was developed to
create a one-step process through a single convolutional network that predicts multiple
bounding boxes and class probabilities for those boxes (Pedoeem & Huang, 2018; Redmon et
al., 2016). Contrary to the R-CNNs process, YOLO trains on entire images and optimizes
detection performance directly (Redmon et al., 2016). The authors considered that YOLO is an
extremely fast detection algorithm (45 FPS) due to its test time to predict detections. Moreover,
YOLO’s capacity to analyze the whole image reduces to half the background errors compared
to Fast R-CNN, meaning high accuracy. Finally, this method learns generalizable
representations of objects, enhancing the possibility of detecting in new domains or unexpected
inputs (Redmon et al., 2016).

One of the main drawbacks of YOLO is its accuracy compared to other state-of-art
detection systems. Furthermore, this method lacks precisely localizing some objects due to its
rapid object detection capability (Redmon et al., 2016). In view of these limitations presented,
the authors introduced the YOLO v2 method that improved the accuracy but lacked small object
detection (Redmon & Farhadi, 2016). Apart from these three versions of YOLO, Pedoeem &
Huang (2018) suggested the YOLO-LITE method. This technique solved the real-time problem
in a non-GPU computer once both YOLO and R-CNN frames per second (FPS) in a non-GPU
computer were impractical for real-time detection (Pedoeem & Huang, 2018).

Later YOLO v4 was developed by Bochkovskiy et al. (2020). This method is influenced
by the state-of-art Bag of Freebies (BoF) and Bag of Specials (BoS) (Bochkovskiy et al., 2020).
The first method improves the detector’s accuracy without affecting the inference time but
increments the training computational cost. On the other hand, the second method increases
object detection accuracy significantly while the inference cost rises by a small margin
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(Supeshala, 2021). Regarding mAP and FPS, YOLO v4 has increased 10 percent and 12 percent
of those parameters compared to YOLO v3 (Bochkovskiy et al., 2020).

Until this moment, PP-YOLO is the latest version of YOLO and was introduced by Long
et al. (2020). The researchers aimed to develop an effective and efficient technique that could
be utilized in actual application scenarios. Since YOLO v3 has been successfully used in
practice, PP-YOLO is based on this method. In contrast to YOLO v4, this detector uses a
specific backbone, ResNet (He et al., 2015) and data augmentation method, MixUp (Zhang et
al., 2018). In Long et al. (2020) research, an experiment was conducted and demonstrated that
PP-YOLUO is faster (FPS) and more accurate (COCO mAP) than YOLO v4. Long et al., 2020,
compared three different versions of YOLO and PP-YOLO is faster and more accurate than
YOLO v4 and YOLO v3 (detailed comparison displayed in Table A-1 from Annex A).

2.5.5 Single shot multi-box detector (SSD)

Single shot multi-box detector is a method that detects objects in real-time in images
using a single and one-stage deep neural network (Liu et al., 2016). This method comprises two
parts: extraction of feature maps and convolution filters to detect objects (Nguyen et al., 2020).

Compared to the state-of-art two-stage processing, for instance, Fast R-CNN, which
needs two shots (one for generating regional proposals and the other to detect the object of each
proposal), SSD presents an improvement in speed of running time faster. This increase is a
consequence of eliminating bounding box proposals and the subsequent pixel or feature
resampling stage (Liu et al., 2016; Nguyen et al., 2020). On one hand, eliminating the proposal
network causes a reduction in mAP, which is compensated by applying improvements such as
multiscale features and default boxes. It permits the SSD method to use lower resolution
images, therefore increasing the speed of processing (Nguyen et al., 2020). On the other hand,
this makes SSD easy to train and straightforward to integrate into systems with limited
resources. (Liu et al., 2016).

Experiments conducted by Liu et al. (2016) proved that SSD has significantly improved
speed for high-accuracy detection compared to Faster R-CNN and YOLO v1 in the dataset
VOC 2007 (detailed comparison displayed in Table A-2 from Annex A).

Even though the improvements mentioned above regarding the SSD are significant, this
method presents difficulty detecting small objects (Nguyen et al., 2020). Therefore, Fu et al.
(2017) introduced the Deconvolutional Single Shot Detector (DSSD), capable of enhancing the
accuracy for detecting small objects and the additional large-scale context in object detection.
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2.5.6 UAYV Vehicle Detections Applications

Vehicle detection in aerial images is challenging due to three main factors: i) the variable
vehicle size, ii) the high/low density of vehicles and iii) the complex background in the camera'’s
field of view (Mandal et al., 2019). In addition, the variety of object types and their similarities
lead to difficulties distinguishing the vehicle and non-vehicles objects in aerial images. Dorrer
et al. (2019) consider vehicle detection a difficult task due to the small size of vehicles, the
monotone appearance and the complex background.

Mandal et al. (2019) proposed a lightweight network for vehicle detection in aerial scenes
called SSSDet. This method is a simple and shallow convolutional network optimized for fast
detections and high accuracy in object detection and classification in a single step. Mandal et
al. (2019) measured the mAP of the proposed SSSDNet, YOLO v2, YOLO v3, YOLO v3 tiny,
Faster R-CNN and RetinaNet performances in three different datasets (VEDAI, DLR-3K,
DOTA), concluding that their network outperforms the other state-of-art detectors (detailed
comparison displayed in Table A-3 from Annex A). Furthermore, an analysis for real-time
applications was conducted by Mandal et al. (2019), showing worst performance of SSSDNet
in terms of inference speed (FPS) than YOLO v3 tiny (detailed comparison displayed in Table
A-4 from Annex A).

Dorrer et al. (2019) proposed an external region method, RetinaNet, for vehicle detection
and a focal loss function to distinguish complex negative samples from actual vehicles. In this
research, since the authors considered aerial images that presented small-scale objects, one-
stage detectors, such as YOLO and SSD, were used to negatively affect vehicle detection
performance.

Although many existing datasets contain different types of vehicles, for instance,
ImageNet (Krizhevsky et al., 2017), those are not applicable for vehicle detection in airborne
images (Dorrer et al., 2019). From the datasets available for aerial images, Dorrer et al. (2019)
do not recommend the use of VEDAI (Razakarivony & Jurie, 2016) and DLR 3K (Kang Liu &
Mattyus, 2015) due to their low offer of vehicle images to train the CNN model. Afterwards, a
large-scale dataset was developed to provide 1200 images with 75567 vehicle images for
training (Dorrer et al., 2019).

Regarding Dorrer et al. (2019) research, experiments evaluating the precision rate and
recall rate of RetinaNet, YOLOv3 and SSD512 with several Intersection over Union (loU) and
the proposed dataset were conducted. As a result, Dorrer et al. (2019) concluded that RetinaNet
outperformed both state-of-art detectors (detailed comparison displayed in Table A-5 from
Annex A).
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Mandal et al. (2020) detect small-scale vehicles in aerial scenes through a proposed one-
stage vehicle detection network (AVDNet). However, once the authors stated that YOLOvV2,
YOLOv3 and RetinaNet were more suitable for images captured from canonical perpective and
required high memory space, those detectors were not an option for their research.

The effectiveness of AVDNet was performed on several datasets, namely, VEDAI, DLR-
3K and DOTA and combined dataset (VEDAI, DLR-3K, DOTA and ABD). In addition, the
airborne image data set (ADB) was the dataset developed by Mandal et al. (2020) for further
experiments. The performance measured by AVDNet, YOLOv2, YOLOv3 and RetinaNet
proved that the proposed network outperforms, in terms of mAP, the other state-of-art methods
in all four datasets (detailed comparison displayed in Table A-6 from Annex A).

Lu etal. (2018), Ju et al. (2020) and Cepni et al. (2020) used YOLO as vehicle detection
methods in their research. Lu et al. (2018) processed and integrated three public datasets of
aerial images, VEDAI, COWC and DOTA, for testing YOLO. The authors concluded that the
model was suitable for small, rotating, compact and dense objects, showing good test results
(mAP =76.7%) and meeting the real-time requirements.

In addition, Ju et al. (2020) proposed an improved YOLO v3 method to detect vehicles
through aerial images. To accomplish that, the authors redesigned the backbone of YOLO v3
for resizing the aerial images, improved the loss function of the original YOLO v3 and verified
the performance with experiments on VEDAI dataset. This improved method showed better
results in detecting small vehicles than the original YOLO v3 since the mAP of the improved
YOLO v3 was 70.3% and in the original was 62.8%.

Cepni et al. (2020) trained three YOLO v3 versions, original, v3-spp and v3-tiny with
COCO data and were tested through a video obtained by a UAV. The results showed that YOLO

v3-spp outperformed compared to the other versions with 63.53% mAP.
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3 System Architecture

The hardware and software architecture proposed in this thesis is depicted in Figure 5.
The proposed hardware based on Silva et al. (2020) is displayed on the left side of the image.
On the right side, it is presented the software components selected for the architecture based on
the requirements imposed by the hardware, as well as the need to run the computational
component of trajectory control and computer vision on board the aircraft. Therefore, a
discussion on the choice of each software component is held.
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NVidia TX2 Linux
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Figure 5. Hardware and Software architecture.

Concerning the autopilot, the Pixhawk has two options for the flight stack: the Ardupilot
or the PX4. Despite advantages of the Ardupilot regarding the broader and more active
community and information sharing and progress over the PX4, the Ardupilot lacks a main
requirement for this thesis, i.e., the Offboard mode (ArduPilot Dev Team, 2021c). The Offboard
mode is the method that provides attitude and thrust control to the fixed-wing aircraft, and the
PX4 flight stack is the one to have it (PX4 User Guide, 2021a). In addition, choosing PX4 over
the Ardupilot was driven by easy understanding for beginners, which is decisive in this research
(PX4 User Guide, n.d.-a). Furthermore, it allows easy connectivity with software like ROS,
QGC and Gazebo, all used in this dissertation.

As for the ground station software, several options could be adopted, such as QGC,
MAVProxy, Mission Planner and APM Planner 2. However, among these ground stations, only
the QGC provides full compatibility with the chosen flight stack, PX4, so it is the software used
in this thesis (LambDrive, 2016b).
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Regarding the mission computer software, the proposed software application to be used
iIs ROS library due to its compatibility with PX4, which was not the case with the Dronekit.
The use of ROS thus limits the operating system of the mission computer that is Linux (PX4
User Guide, 2021b). The decision to choose ROS 1 over ROS 2 was based on four factors: i)
ease of support for installing the development tool chain (PX4, Gazebo and ROS Melodic), ii)
compatibility with CIAFA software applications, which are based on ROSL1, iii) CIAFA's
greater experience using ROS1, and iv) the complexity of the present work doesn’t require the
real-time guarantees and certification provided by ROS2.

Lastly, the choice of the Gazebo 9 simulator was based on the recommendations made by
the PX4 community and its scalability, which permits friendly usage and easy and fast access
to other systems such as PX4 or ROS. Another reason was the availability of the PX4 website
with the installation of the complete toolchain of PX4 flight stack, ROS and Gazebo 9 (PX4
User Guide, 2022Db).

3.1 Software Architecture

The software architecture developed in this research is presented in Figure 6. The
architecture can be divided into four major parts, the PX4 SILT interface, the ROS environment,
the QGroundControl and the Gazebo simulator.
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Figure 6. System Software architecture.
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The module PX4 SILT represents the PX4 flight stack and is the component that will
receive information via MAVROS from the ROS Environment module, as well as from
QGroundControl and Gazebo simulator, through a UDP port. The PX4 will use the information
from the ROS environment module (through the MAVROS node) to command the UAV
aerodynamic surfaces deflection and thrust settings.

The Gazebo simulator module provides a realistic environment for the SILT simulations.
From the received information, the simulator reproduces the commands in the aircraft. In
addition, there is a connection through UDP port from the simulator to the Video Acquisition
node sharing the aircraft camera video displayed in the Gazebo.

The QGroundControl block represents the software from the ground station. The link
between the QGC and PX4 autopilot, allows the exchange of information between the
simulation interface and ground control. As a result, it is possible to follow the flight and
monitor several parameters from the aircraft through the QGC, for instance, airspeed, heading,
altitude, flight mode, etc. In addition, it is also possible to file a flight plan from the QGC to the
PX4 autopilot, change the flight mode and a handful of other functionalities.

Finally, the ROS environment block contains the following sub-modules: Guidance and
Control, Target Estimate, Target Geolocation, Target Detector and Video Acquisition. Each
sub-module corresponds to a ROS node. The Target Detector node is divided into two parts;
initially, a colour filter is implemented to detect a red box to validate the Guidance and Control
algorithm. Afterwards, this detection module is replaced by a neural network-based approach
to detect a ground vehicle.

In the ROS environment, the data is transferred over ROS topics. Regarding Figure 6, it
displays several ROS topics, namely, UAV data published by the MAVROS and subscribed by
the Guidance and Control node and local_position_pose message subscribed by Target estimate
node and Target Geolocation. Both these ROS topics correspond to telemetry data regarding
altitude, airspeed, flight mode, etc.

Inside the ROS module, five ROS topics are used: i) video_publisher, ii)
target_2d_pixel_position, iii) target_geolocation_measurements, iv) target data and v)
setpoint_raw/attitude. First, the video_publisher is the topic where the images from Gazebo are
published for the Target Detector node. Next, the target 2d_pixel_position is a topic that
publishes the 2D coordinates from the target's position in the camera frame in pixels and will
subsequently be used by the Target Geolocation position estimation. Afterwards, the
target_geolocation_measurements topic represents the NED coordinates calculated by target

geolocation and is subscribed by the Target Estimate node.
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Subsequently, the target data topic represents the output from the Kalman Filter
estimation. Having two separate ROS nodes, i.e., one for position measurement through the
Target Geolocation node and the other node for parameters estimation by the Target Estimate,
it enables the target_geolocation_measurements rate to be distinct from the target data
computation rate (which includes information regarding the target position, velocity and
heading). This makes it possible to use filter estimation and prediction in the case of no
measurements by the Target Geolocation node.

Finally, the Guidance and Control node subscribes to the target_data topic and publishes
the setpoint_raw/attitude topic. The setpoint_raw/attitude topic includes a command message
(mavros_msgs/AttitudeTarget.msg, which includes commands to yaw, pitch, roll and thrust)
sent to the PX4 autopilot. The Guidance and Control node comprises the Pl lateral
(Roll_control) and longitudinal (Pitch_control and Thrust_control) controllers.

Implementing a modular architecture allows various algorithms to be developed and
tested for later implementation in UAVs. Each of these modules will be described in the

following sections.

3.2 Gazebo Simulator

The Gazebo simulator is the module responsible for creating complex worlds (Koenig &
Howard, 2004) that will be encountered in reality by both UAVs and unmanned ground vehicles
(UGV) (Shin, 2019). Additionally, its diverse library of air vehicles, open-source community,
high fidelity and precise control makes this simulator a crucial piece between "the drawing
board and the real hardware" (Koenig & Howard, 2004, p. 1).

3.3 PX4 Autopilot

PX4 autopilot architecture can be divided into two layers, the flight stack and the
middleware. The first one represents the software of the flight control system and estimation;
on the other hand, the middleware supports all types of UAVs and UGVs, providing hardware
integration and communication (PX4 User Guide, 2021f).

The software architecture from PX4 is displayed in detail in Figure B-1 (see Annex B).
Generally, the upper part of the diagram consists of the middleware blocks, and the lower layer
contains the flight stack's components. The source code is broken down into self-contained
modules. Each building block is considered a module, and the arrows between them represent
the flow of information and connections. There are many more links than the ones defined in

the diagram, and some data is shared by most of the modules. The communication between
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modules is conducted by publish-subscribe messages known as uORB. This type of
communication can be reactive, fully parallelized, and open to consume data from anywhere
inside the system (PX4 User Guide, 2021f; Shin, 2019).

The flight stack, shown in Figure 7, is composed of guidance, navigation and control
algorithms for drones and controllers, attitude and position estimation for fixed wing, multirotor
and VTOL. The flight stack architecture includes several elements, from sensors, RC input and
outer-loop flight control laws (referred to as Navigator in Figure 7) to the motor and servo
control (actuators). The estimator combines one or more sensor inputs and computes a vehicle
state. For example, an IMU sensor can measure the estimated attitude.

Generally, a controller is an element that takes a setpoint and an estimation state, also
known as a process variable. Afterwards, the process's variable is adjusted to match the setpoint
and finally outputs the correction to reach the setpoint. For example, in Figure 7, the input is
the desired position (setpoint); the process variable is the estimated position; the output is the
attitude and thrust that converges the vehicle to the predetermined setpoint. Finally, the mixer
takes force commands and converts them into actuator inputs. Those actuator commands will
vary from aircraft type (PX4 User Guide, 2021f).

s "
Estimator
y ! }

Figure 7. Flight stack architecture (Adapted from ‘PX4 Architectural Overview’, 2021).

The middleware includes drivers of systems devices for installed sensors, communication
with the external environment and the PX4 internal communication mechanisms, the uUORB
publish-subscribe message bus. Moreover, the middleware allows PX4 code to be executed on

the desktop operating system to control a vehicle in the simulated environment (Shin, 2019).

3.4 ROS Environment

The ROS environment corresponds to the module that incorporates the Python code
related to the Guidance and Control, Target Estimate, Target Geolocation, Target Detector and

Video Acquisition.
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3.4.1 Guidance and Control

The Guidance and Control node comprises the sub-blocks related to longitudinal, lateral
and attitude control. The longitudinal control was computed through PID implementation,
while the lateral control was done by implementing MPF algorithm developed by Oliveira &
Encarnagéo (2013). Finally, the attitude control is performed by the flight stack of the PX4

displayed in Figure 7. Next, each one of these sub-modules are presented in detail.

3.4.1.1 Outer Loop Longitudinal Controller

The PID control is a feedback controller that provides excellent control performance
despite the varied dynamic aspects of the process plant. This control method is extensively used
in flight control and industrial control (Shin, 2019). Once PID stands for proportional, integral
and derivative modes, choosing which modes will be used as well as associating them to
specific parameters or settings is a key point. Willis (1999) states that the three basic algorithms
used are P, PI, and PID.

Since this control system is simple to design, to implement, is response-based and
requires no background knowledge in system modelling (Shin, 2019), it was used in this
dissertation. In this research, the outer loop controller, including altitude and velocity, was
developed as a PI control process to make it possible to command a specific altitude and speed
to be followed by the UAV (Shin, 2019).

The outer loop controller used in this study is shown in Figure 8. Variables h.,,; and
V.ma are the altitude and velocity setpoints of the UAV, respectively. The longitudinal outer-
loop controller computes the pitch and thrust used in the UAV to reach or maintain the altitude
and velocity. Then, the outer loop lateral controller takes the target data and the UAV dynamics
as input and determines the roll command (®.,,,) that allows the UAV to perform a loiter
around the moving target. The target data list the position, velocity, acceleration, angular
acceleration and ¥ of the target.
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Figure 8. Outer loop controller.

The outer loop begins by computing the altitude and velocity errors through the actual
altitude and velocity provided by the autopilot telemetry and the altitude and velocity setpoint.
Variables V..., and h.,..,, are the velocity and altitude error, respectively, and are described

according to

Verror = chd - Vmeasured (3-1)

herror = hcmd - hmeasured- (3-2)

The K ,Kz’}, K/and K variables represent the proportional velocity gain, proportional
altitude gain, integral velocity gain and integral altitude gain outer loop controllers,
respectively. In this research, these parameters were set to K/ = 0.3 and K* = Ky = K,’} =
0.2. Variable Ty, stands for throttle steady-state and is set equal to 0.5. Variables t,,,4 and 6,4
are commanded thrust and commanded pitch, correspondingly, as displayed in equations (3.3)
and (3.4)

3.3
tema = Tss + Verror K;‘o/ + J Verror KiV dt (3.3)

3.4
Ocma = herror K;? + J Rerror Kih dt. (3.4)

Outer Loop longitudinal Controller Validation

This section presents two Gazebo simulations that validate both altitude and thrust
controller in a climb, descent, and cruise scenarios. In the first simulation, the aircraft was
initially standstill on the ground and then initiated a take-off to an altitude of 100 m at 15 m/s
airspeed. After establishing this altitude, the aircraft started a loiter with a radius of 150 m at

an airspeed of 15 m/s. This simulation was performed in 265.06 s.
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Figure 9 to Figure 13 show the graphics with the parameters that sustain whether the Pls
are valid. In all four graphs, two vertical lines are drawn. The green line represents the time
instant when the aircraft reaches 100 m for the first time. Between the two vertical lines, the
controllers converge to the setpoint values for airspeed and altitude and adjust the pitch and
thrust for these values. The red vertical line corresponds to the moment from which the UAV
has achieved a steady state.

Regarding Figure 9 and Figure 10, which correspond to the altitude PI controller, it can
be observed that the aircraft, after establishing the 100 m height, can maintain it steadily. The
pitch angle is constant during the climb and converges to -0.05 radians to maintain the altitude
setpoint. Concerning Figure 11 and Figure 12, the thrust percentage oscillates between 25.18%
and 100%; the airspeed has an average of 15.23 m/s during the climb. After the aircraft reaches
100 meters, the thrust converges to 23.55%, and the airspeed reaches the 15.33 m/s average.

The settling time for the controllers to converge to the setpoints was 39.80s.
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Figure 9. UAV climb to 100 m.
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Figure 10. UAV pitch variation during climb to 100 m.
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In the second simulation, the aircraft flew at an altitude of 100 m at 15 m/s and started a
descent to 50 m at a constant airspeed. After establishing the predetermined altitude, the aircraft
began a loiter with a radius of 150 m at an airspeed of 15 m/s. This simulation took 265.09 s.

Regarding Figures 13 to 16, the graphics show the parameters that sustain whether the
Pls are valid during descent. In all four graphs, two vertical lines are drawn. The green line
corresponds to when the aircraft reaches an altitude of 50 m for the first time. The area between
these vertical lines presents the flight stage when the altitude and airspeed variables reach the
setpoint values for airspeed and altitude and adjust the pitch and thrust for those values. The
red vertical line determines the moment from which the controller is stable.

Figures 13 and 14 correspond to the altitude PI controller's input (altitude) and output
(pitch). Those graphs show that the aircraft, when established at 50 m height, can maintain the
altitude steadily. The pitch angle is constant during the descent and converges to -0.04 radians
to maintain the altitude setpoint.

Regarding Figures 15 and 16, the thrust percentage oscillates between 27.97% and 5%,
and the airspeed has an average of 16.14 m/s during the descent. The airspeed during the climb
has exceeded the setpoint value due to the 5% minimum thrust predefined in the controller, to

ensure safety of flight. After the aircraft reaches 50 m, the thrust converges to 23.56%, and the
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airspeed reaches the 15.35 m/s average. This PI controller has a settling time of 32.89 s to be
completely stable.

Concerning both simulations, i.e., climb and descent, the altitude and velocity are
achieved and maintained correctly during the flight. Therefore, the PI controllers are validated
to maintain the altitude and velocity in further simulations. More detailed information about

both simulations is exposed in Table C-1 (see Annex C).
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Figure 15. UAV airspeed during descent to 50 m.
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3.4.1.2 Outer Loop Lateral Controller

The control method used in this dissertation is the moving path following control method
developed by Oliveira & Encarnagéo (2013). This method allows an autonomous vehicle to
follow a circumference with a constant radius that moves jointly with a reference on the ground,

as displayed in Figure 17.

Desired X -4
Path

Serret-Frenet

"

Frame \
N

Ty
Local
Inercial Frame

ur m

Figure 17. Moving-path following: relevant variables (Retrieved
from Oliveira & Encarnagdo, 2013).

The control law was used in all conditions regardless of the relative position and velocity
between the UAV and target. For this reason, the UAV performs a loiter when the target
velocity is lower than the UAV. Conversely, if the target velocity approximates the UAV, the
UAYV behaves similarly to a controller that tracks a particular point on the path(Oliveira et al.,
2013).

The control law was derived from Lyapunov methods, and the kinematic model for path
following was written by considering a Serret-Frenet frame attached to the reference path. The

- — —

Serre-Frenet frame is presented as {SF} = [T, N, B] in Figure 18. The x-axis is represented



along the tangent to the path, the y-axis is the normal vector to the x-axis and points to the
observer's right that moves along the path positively to the tangent axis. Lastly, the z-axis points

down.
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Figure 18. Path following lateral dynamics relevant
variables (Retrieved from Oliveira & Encarnacéo, 2013).

The MPF considers a local inertial frame, which has its origin in the Ground Station. In
addition, the local inertial frame follows the North-East-Down (NED) reference, where x; axis
pointing North, y; axis pointing East and z; axis pointing Down, as displayed in Figure 18.
Furthermore, the wind frame has its origin in the centre of mass of the UAV. The x;,, axis is
defined along the direction of the UAV ground airspeed vector, the y,,, axis is normal to the x,
axis, parallel to the x;-y; plane and points to the right of the observer that is moving with the
path, the zy, axis points down according to the NED reference.

Equation (3.5) corresponds to the control law proposed by Oliveira & Encarnacgdo (2013)

and implemented in this thesis.

1—cosy
P

lp = (_gll/;-l'k&_gz y1(vxSin¢sf_vyCOS¢sf) _gzvtyl COSlﬁd%)' (35)

The control law variables can be divided into five major parts: path geometry, UAV data,
tracking errors, controller parameters and parameters of the space error that mathematically
characterize the problem.

The first part, regarding path geometry, includes variables k and Wers representing the

path curvature and the yaw angles of the Serret—Frenet frame, respectively. Variable s is the
velocity vector of the UAV along the path, written in the referential that parameterizes the path
and V; is the UAV ground speed, as displayed in Figure 18. Variable y; represents the linear

distance between the UAV and the path to be followed, and v refers to orientation tracking
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errors, as depicted in Figure 18. The controller parameters g, and g, were set to 0.1 and
0.00012, respectively. Finally, y; and ) are the parameters that mathematically characterize
the problem.

To determine the bank reference for the outer loop controller, we used the coordinated
turn relation (McLean, 1990), where U, representes the aircraft airspeed and g is the

gravitational acceleration, as shown in
®_q = arctan (%) (3.6)

Further details about the control law can be found in Oliveira & Encarnacdo (2013) and

Oliveira et al. (2016) papers.

Guidance and Control Module Validation

One of the first blocks implemented in this architecture was the MPF adopted from
Oliveira & Encarnacdo (2013) study. Since this control law takes as input the position, velocity,
acceleration, angular acceleration, and orientation of the target, the first step to validate the
implementation of this law was to develop a dummy target whose coordinates were artificially
generated by the Target Estimate node (refer to Figure 19 and equations 3.15).

After implementing this target, the goal was to conduct several simulations to verify that
the UAV was following the target accurately. Moreover, the fictitious target's coordinates are
sent to the Guidance and Control node through a ROS node with a customized target message,
as displayed in Figure 19.

Target_data parameters

ROS Xy
Guidance Roll_control yr
Ve,
and Control
A I me L
| /target_data ! v
1
: : a
Target Estimate <---! 0
Yr

Figure 19. Architecture for the simulation of MPF with fictitious target.

Since the fictitious target had to generate several random parameters, a script had to be
created to generate these values. Equations (3.5) present the considered target kinematics that
were used to provide the Guidance and Control node with the target telemetry



Xr = fvxT dt

yr = f”yr dt
V= f adt
Uy, = v cos (¥r) (3.15)

v, = vsen (¥Yr)
0 = 0,03 cos(0,03)
a = 0,011 sen(0,015)

Y, = f 0 dt
where,
x7 1S the position in the Cartesian axis that corresponds to north in NED axis
yr is the position in the Cartesian axis that corresponds to East in NED axis
v, is the velocity in the north-axis
v, is the velocity in the east-axis
v is the linear velocity of the target
a is the acceleration
0 is the angular acceleration

Y, is the target’s orientation.

The simulation was conducted with the aircraft taking off and climbing to 100 m at 15
m/s airspeed. Then, the UAV started to loiter counterclockwise with a radius of 150 m, and the

fictitious target was launched.
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Figure 20. 2-dimensional display of the UAV and target during the simulation.
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Figure 20 displays the position of the UAV and fictitious target during the whole
simulation. The orange line corresponds to the UAV position, and the blue line represents the
target’s motion corresponding to the sinusoidal trajectory. It shows an expectable behaviour
with various turns around the target with an average lateral error of 1.79 m, a maximum of
55.67 m and a minimum of -44.36 m.

Figure 21 displays the lateral error throughout the simulation. In this figure, the lateral

error oscillates with low amplitude around zero throughout the simulation.
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Figure 21. Lateral error.

The evolution of the variables concerning the target motion is shown in Figure 22. More
detailed information regarding the simulation is presented in Table 2. As the UAV can follow
the fictitious target and the lateral error decreases over time, we can consider that this module
is validated, given the results presented. Furthermore, the results presented are consistent with

the Oliveira & Encarnacdo (2013) paper.
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Figure 22. Fictitious target Parameters.
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Table 2. Detailed information regarding the fictitious target parameters and UAYV lateral error.

Results
Maximum Minimum Average
- Velocity east-axis (m/s) 1.466 0 0.53
qé ® Velocity north-axis (m/s) 1.08 -1.08 -0.02
2 é Linear velocity (m/s) 1.47 0 0.65
2g Acceleration (m/s?) 0.011 -0.011 0.002
:E 8 Angular Acceleration (rad/s?) 0.03 -0.03 0.0013
Angular orientation (rad) 0.99 -1 0.05
g5
% g Lateral Error (m) 55.67 -44.36 1.79

3.4.2 Target Detector

Once the UAV is equipped with a camera observing the ground, the next step is to
implement a method that allows the UAV to detect and extract relevant information from a
target to be used by the Guidance and Control node.

Since the initial aim is to validate the Control and Guidance module, a simple colour filter
was implemented to detect a red block. The OpenCV library was used for image processing
due to its extensive list of implemented algorithms and ease of use (OpenCV team, 2022). The
first step was to import the image through a UDP port from the Gazebo simulator. The image
has three channels RGB, each channel with 256 levels and a resolution of 8 bits per pixel.

Since the target was a red object, the colour upper and lower boundaries in the RGB
colour space needed to be defined. In this research, the boundaries [Blue,Green,Red] used for
the red colour were: lower bound=[0,0,100] and upper bound=[50,50,255]. These boundaries
mark the lightest red and darkest red colour to be detected.

Then Open CV's image masking was applied to highlight only the portion of the image
of interest, based on the colour boundaries mentioned above. Afterwards, a mask was
implemented to show only the red object in any image. After applying the mask, the red block
becomes white and the rest of the image becomes black (Rosebrock, 2021).

Finally, this filtered image intersects with the original image obtaining the red object
detected. Subsequently, the OpenCV counter function applied an outline to the object. Next,
through the boundingRect function (OpenCV team, 2022), we determined the height, width and
coordinates of the top-left vertex of the red block. Then the width and height were summed to
the corresponding coordinate and determined the centre of the rectangle. In the last phase, the
position of the centre of the red block was written in a ROS message to publish these two
coordinates in a ROS topic.

40



Target Detector Validation

In order to validate the Target Detector module, a continuous loiter was performed by the
UAYV with a red object standing still on the ground. The simulation purpose was to verify that
the aircraft could assertively detect and estimate a ground target's position.

The simulation verified that the aircraft camera could detect the red object and indicate
the pixel coordinates of its centre of mass in the camera frame. The sensor width and height
used were 640 pixels, and the focal distance was 320 pixels.

Figure 23 displays, on the left side, the red object detected in the Gazebo simulator with
a green cross representing its centre of mass which corresponds to the pixel coordinates to be
provided to the Target Geolocation node (described in the sequel). This image helped
confirming if the object was being detected properly and if it needed any modification in the
thresholds that specifies the red colour. On the right side of Figure 23, a binary mask indicated

the presence of the desired object and verified if another object was being detected.

Figure 23. Picture from the onboard camera with the object detection in colors and the binary mask
indicating the position of the detected object.

3.4.3 Target Geolocation

Since a low-cost small UAV with a camera embedded is being used, the solution found
for navigation, guidance, and control purposes was to use the geolocation algorithm from
Barber et al. (2006). This method was motivated by how birds and insects use their vision as
primary guidance sensors.

Generally, the geolocation algorithm computes the position of a ground target through its
location and motion streamed in the video sequence. This approach assumes that another

algorithm is being used to track the features of the target in the video. Moreover, the geolocation
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approach considers that the object moves around a flat terrain (flat-earth assumption), and the
UAV can calculate its location and other state variables. The image plane is determined by the
target movement and the translational and rotational motion of the aircraft (R. W. Beard &
McLain, 2012).

The method is based on five different frames, the inertial frame, the gimbal frame, the
camera frame, the body frame and the vehicle frame, as depicted in Figures 24 and 25. The
inertial frame is a fixed frame denoted by (X;,Y;, Z;), which corresponds to the NED notation
and corresponds to the local inertial frame addressed in the MPF algorithm with coordinates
(x1,y1, 2;), which are displayed in Figure 18. The vehicle frame has its origin at the vehicle
centre of mass and is oriented identically to the local inertial frame (X, Y,,, Z,,). The body frame,
as well as the vehicle frame, has its origin in the vehicle's centre of mass. However, the
orientation is different, the X, points to the nose, Y;, points to the right-wing and Z,, pointing
out to the belly. Note that the body frame from Figure 24 and the wind frame presented in
Figure 18 in this thesis are coincident since the wind is neglected, and the angles of attack and
slip in relation to the air mass are also negligible (Oliveira et al., 2016b).

»

A . X-¥, Plane ~
X (North) ~.

Figure 24. Longitudinal perspective of the coordinate frame  Figure 25. Lateral perspective of the coordinate’s frames
(Retrieved from Barber et al. (2006)). (Retrieved from Barber et al. (2006)).

As displayed in Figures 24 and 25, the gimbal frame originates at the gimble rotation
centre and is represented by X, pointing out along the optical axis, ¥, pointing out to the right
in the image plane and Z,; pointing down in the image plane. Finally, the camera frame denoted
by (X., Y., Z.) has its origin in the optical centre. The X, points towards the upper part of the

image, Y, points to the right of the image plane and Z,. is aligned with the optical axis (Barber
et al., 2006).
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Given the previously presented notation, the position of target in the inertial frame can
be computed by the target's pixel coordinates in the camera frame through equation (Barber et
al., 2006)

Pn RiRbRI pe (3.7)
Phoj = Pe |+ hor =,
T \py kiR, RERY P

where,

Rg IS the rotation matrix from the gimbal to the body
R is the rotation from camera frame to gimbal frame

R¢ is the rotation from body to inertial
h is the UAV altitude

Pn
<Pe ) are the UAV coordinates
Pa

k' represents the Z axis of the inertial frame

£¢ represents the normalized target's line-of-sight vector from the camera frame.

Target Geolocation Validation with the Target at a Constant Position

Once proven that the object was detected effectively and could publish the pixel
coordinates, several simulations were conducted, feeding those target's pixel coordinates to the
Target Geolocation node to verify its estimated position in the inertial frame. In order to achieve
as accurate validations as possible, the following parameters were changed between
simulations: object position, camera orientation, and aircraft loiter turn direction. As a result,
the target position was simulated at four different places, each corresponding to a different
quadrant considering the Cartesian Axis. In addition, the aircraft camera orientation was
changed given the direction of the turn, which altered the camera pan and the desired elevation
(tilt).

One out of the four simulations results is presented in detail in the following. In this test,
the UAV flew at 100 m, 15 m/s, loitering clockwise, with a pan equal to a,, = 68.75°and a
tilt of a,; = —44.12° ,as displayed in Figure 26. The camera frame (provided by the gazebo
simulator) had a height and width of 640 pixels with a focal length of 320 pixels. The object

was placed in the fourth quadrant with the following coordinates, X; = —10mand Y; = 50 m.
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(a) (k)
Figure 27. Front (a) and top (b) views of the camera’s frame in relation to the aircraft.

In Figure 27, a 2-Dimensional view of the simulation is displayed. The target position
had an average error of 14.04 m, but regarding the blue line in the graph, the target position is
around the real position. Therefore, it is possible to confirm the accuracy of the implemented
method, since the average Y; = 48.87 m and the average X; = 14.03 m.
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Figure 26. 2-dimensional display of the UAV and target during the simulation.
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Figure 28. Target position error.

Figure 28 shows the position error over simulation time with a maximum error of 25.60

m and a minimum error of 7.67 m. In view of the results for the four simulations it is possible
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to validate the Geolocation module since the results are within the desirable error bound

(detailed information regarding the four simulations is presented in Table 3).

Table 3. Detailed information regarding the Geolocation validation in four simulations with the target standing at a constant

position.
Right Turn
. Target Position in Geolocation average Geolocation position
Pan Tilt - error (m)
Gazebo World (m) position error (m) . .
Maximum Minimum
68.75°  -44.12° X;=-10 Y;=50 14.04 25.60 7.67
90° -45° X;=60 Y;=20 12.38 25.38 3.89
Left Turn
. Target Position in Geolocation average Geolocation position
Pan Tilt o error (m)
Gazebo World (m) position error (m) . .
Maximum Minimum
-90° -45° X;=-30 Y;=-10 13.09 23.63 5.58
-90° -45° X;=20Y;=-70 17.69 30.97 5.25

Target Geolocation Validation with the Target Moving

Since the ultimate goal of this research is to have the UAV locating a moving car, it is
important to validate the geolocation algorithm with a moving target. In order to validate this
movement condition, an actor plugin from Gazebo was used to give movement to the red block.

This plugin works through a predefined set of waypoints and time between waypoints to build

a closed path.

80

-60
Y, -axis (m)

Figure 29. 2-Dimensional view of the target’s path.

The target’s path used in this simulation, shown in Figure 29, was divided into five
sections. The target started at position X; = 0 m and Y, = 0 m and then moved along the four
vertices. In the first section of the track, the object moved to the point X; = 50m and Y, =
50 m. Then, in the second section, the target maneuvered along the north axisto ¥; = 50 m and

X; = =50 m. After that, it drew a diagonal through the graphto X; = 50mand ¥; = =50 m
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and completed the third section. In the fourth branch, it went down to the third quadrant and
coordinates of to X; = =50 m and Y; = —50 m, and finally headed to the starting point, thus
completing the last part of the path (detailed information about the target’s path is displayed in
Table D-1 from Annex D).

In order to make the simulation even more realistic, the velocity of the object was changed
by modifying the time that the target had to travel each part of the path. In the first, second and
fifth sections, the target moved at 2.36 m/s, and in the remaining two parts, the target moved at
3.33 meters/second.

The simulation was performed with the UAV loitering clockwise with the centre in X, =
0 and Y, = 0, at the height of 100 m and 15 m/s. The detailed information regarding the camera,
UAYV and target settings used in this simulation is depicted in Table D-2 from Annex D. The
tilt used in the simulation was computed based on the aircraft's average roll angle on 150 m
loiter. In order to maintain the 45- angle between the horizontal plane of the aircraft and the
camera's optical axis, the tilt had to be -36.31° considering that the UAV's average roll angle
was 8.69-.
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Figure 30. 2-Dimensional view of the UAV, target estimated position and target's true position.

Figure 30 displays the 2-Dimensional view of the whole simulation, where the orange
line represents the loitering from the UAV, the grey line corresponds to the real target path.
Lastly, the blue line is the target position measured by the Geolocation algorithm.

Based on the blue and grey lines, it can be stated that globally, the geolocation estimate
is close to the actual path of the target. On average, the computed position error is 11.64 m,
with a standard deviation of 2.81 m. Furthermore, from Figure 31, the estimate of the target's
position (solid line) follows the real path (discontinuous line) uniformly throughout the

simulation. Therefore, according to the results obtained from this simulation, it is possible to
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validate the geolocation module (detailed information about the Geolocation position
measurement is presented in Table 4).
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Figure 31. Comparison between the east and north position measured by the Geolocation algorithm and the actual
position of the target.

Table 4. Results from the validation of Geolocation with the target moving.

Results

Average position error (m)  11.64

Standard Deviation (m) 2.81
Maximum position error (m) 19.99
Minimum position error (m)  6.86

3.4.4 Target Estimate

Due to the specific nature of UAVS, several errors affect the geolocation estimation, with
some high-frequency peaks. In addition, the Geolocation only calculates the position, and the
MPF needs additional parameters as input (including, among others, velocity and heading of
the target). For these two reasons, a Kalman Filter was implemented.

The Kalman Filter is an algorithm that “provides estimates of unknown variables given
the measurements observed over time” (Y. Kim & Bang, 2019). This filter is used to estimate
states through linear dynamical systems. In simpler words, the goal of the Kalman filter is to
provide an estimative of x; at a time k, knowing the first estimate of x, and the other
estimations until x;, and the information described by different matrices P, F, Q, R and H.

The system state or x;, corresponds to the parameters that the algorithm wants to estimate;
in this dissertation, the system state IS X;qte = [x, Y, Uy, Vy, Gy, ay]. In addition to provide an
estimate of the system's state, the Kalman filter also tracks an estimate of the uncertainty
associated with that state. That is related to the fact that the position, velocity and acceleration

estimates are never perfectly known (since they depend, among others on the sensor
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measurements, which are affected by noise). This uncertainty can be represented by a matrix
known as the state covariance matrix P. In the implemented Kalman Filter, the covariance

matrix was the following one

0.

(3.8)

0.01

0.01

0 0
0 0
0 001 O
0 .0
0 0
0 0

Sooc oo o
oo oo oo
J

0.01-

Matrix (3.8) is the first estimate of the covariance matrix used in this study. The covariance
matrix (3.8) uses small values since the system’s first estimates the system state based on the
target's first measurement position.

The Dynamic model or matrix F describes the relationship between the current state
(input) and the next state, corresponding to the target parameters in the next interval (output).
This matrix is based on the physical context of the problem. In this research, since the
Geolocation only measures the target’s position, the goal is to estimate the velocity and
acceleration based on a dynamic model. The equation that describes an object's dynamics

motion with constant acceleration is Newton’s motion equation and displayed as follows

1
X=x0+v0dt+z adtz

v=vy+adt (3.9)

a=a.
The simulation is in three dimensions, but since it is considered that the target is lying on

a flat ground, it discarded the motions on the z-axis, so the system of equations is

(x = x + vxodt+%adt2

Y = Yo+ vy dt +> adt?
X Uy = Uyo + a, dt . (3.10)
Uy = Vyo +a, dt
Ay = Ay
\ ay = ay

The Dynamic model can be described as the following matrix (3.11), assuming constant

acceleration
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d

_ 2 .
1dt %0 0 0
0 1 dt 0 0 0
F=|0 0 1 00071 (3.11)
00 0 1 dt %
0 0 0 0 1 dt
o 0 0 0 0 1!

The process noise covariance matrix Q is the error related to external factors that accounts
for possible miss-match between the considered target kinematics and its actual motion. In the

implemented Kalman Filter, the Q matrix (3.12) was the following one

r0.0001 0 0 0 0 0
0 0.00001 0 0 0 0
| o 0 0.00001 0 0 0
Q= 0 0 0 0.0001 0 0 (3.12)
0 0 0 0 0.00001 0
0 0 0 0 0 0.000014

Since Geolocation estimates the position state, its confidence (10~%) is slightly higher
than the other states (10~°).

The measurement noise matrix R represents the sum of errors in the measurements from
the system. Therefore, this matrix indicates the level of thrust of the measured values from the
sensor. Similar to the matrix (3.8), the higher the sensor's accuracy, the lower the values entered
in the matrix, and vice versa. The next Matrix (3.13) represents the matrix R used in this
research

R = [300 300]. (3.13)

The uncertainty that best fits this problem is 30 because, through several simulations, this value

was the one that most closely matched the filter estimate to the actual target parameters.
Finally, the matrix H or observation matrix represents the measured variables and relates

to the state vector. Since the only variable measured by the system is the x and y position, the

following matrix (3.14) has a unit value at the position of these same variables

1 0 0 0 0 O

H:[000100'

(3.14)

The Kalman filter comprises two stages, the prediction process, and the measurement
process, as shown in Figure 32. As the name suggests, the first stage predicts the next state of
the system. The filter makes the first prediction through the system state estimate, using the
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first measurement received by the system, and over the system model matrix F and matrix Q
(Lim et al., 2016).

The next step is when the Kalman filter computes the Kalman Gain for each incoming
measurement and determines how the input measurements influence the system state estimate.
The Kalman Gain is used by the system to estimate the system state and error covariance matrix
for the time of the input measurement (Welch & Bishop, 1995).
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Figure 32. Block diagram of the Kalman filtering algorithm (Retrieved from
Lim et al. (2016)).

Since the filter can only estimate the parameters of position, velocity and acceleration, it
was necessary to use the equation (3.16) and (3.17) to determine the value of orientation and
angular acceleration. Therefore, the orientation of the object is calculated using the following
equation

Y = atan (M> (3.16)

veast

The angular acceleration is deduced from W by the following equation

day
= — . 3.17
0 tanh( dt) (3.17)

Target Estimate Validation

Since the data coming from the Target Geolocation node depends on the "instantaneous"
reading of the color filtering system, this measurement is sometimes too noisy to be sent directly
to the Guidance and Control node. Additionally, the Target Geolocation node only provides
estimated target position information. Since the Kalman Filter is one of the most common
methods of estimating parameters not directly observable/measured by a system's sensors, it is
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used in this research. In the case of this thesis, it is intended to estimate the velocity and
acceleration based on the measured position. After reviewing how the Kalman filter works and
subsequently adapting the matrices to the problem at hand, the filter's validation was started.
The validation of this filter was performed with the target position measurements from
the Geolocation. Since the Geolocation measures position, it was possible to feed the filter with
the position and estimate the other two parameters with the filter’s estimation, as Figure 33

shows.
Testimate
XTmeasured YT estimate
Yy XT estimate
R measure 1 =
Target Geolocation |------ e " Vrecimare
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Figure 33. Architecture for the simulation of target measured by the Geolocation with Kalman Filter
estimation.

Kalman Filter Validation with the Object Standing at a Constant Position

The first simulation was conducted with the target standing on the ground at a constant
position. The detailed information regarding the camera, UAV and target settings used in this
simulation is depicted in Table E-1 from Annex E.

Figure 34 displays a 2-Dimensional view of the simulation where both Kalman Filter and

Geolocation estimates are close to the target's true position.
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Figure 34. 2-dimensional display of the UAV, target measured by Kalman Filter, Geolocation and true location of the
target during the simulation.

Apart from the similarity in the position, the main difference between the filter and

Geolocation is exposed in Figure 35. It is possible to notice that the Kalman filter measurements
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are less noisy than the Geolocation data. Moreover, the output from the filter eliminates the

high-frequency peaks from the Geolocation.
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Figure 35. Target position estimated by Geolocation and Kalman Filter and true target position.

The additional parameters estimated by the Kalman filter are displayed in Figure 36. Both

estimated velocities slightly oscillate in around zero, with averages near zero.

In addition, the acceleration also reached values close to zero. It is possible to get a more

detailed information of the data estimated by the Kalman Filter through Table 5.
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Figure 36. Target parameters estimated by Kalman Filter during the simulation.

Table 5. Parameters estimated by the Kalman Filter.

Kalman Filter estimated parameters

Average Maximum Minimun
Velocity X;-axis (m/s) -0.0016 0.8255 -2.536
Velocity Y;-axis (m/s) 0.0168 1.7477 -1.323
Acceleration X;-axis (m/s 2) -0.0019 0.1238 -0.344
Acceleration Y;-axis (m/s 2) 0.0017 0.2806 -0.155
Target Orientation (rad) -0.0450 1.5703 -1.57
Angular acceleration (rad/s?) -0.0412 1 -1
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Kalman Filter Validation with a Moving Object

In the simulation, to validate the Kalman filter with the object moving, we used the
previously defined path that validated the geolocation algorithm, represented in Figure 29. The
detailed information regarding the camera, UAV and target settings used in this simulation is
depicted in Table E-1 from Annex E.

The position estimated by the Kalman Filter is similar to the one measured from
Geolocation, as shown in Figure 37 (detailed information about the position measured by
Geolocation is displayed in Table 6). As it was possible to state in the previous section, the

filter outputs are less noisy and reduce high-frequency spikes, as shown in Figure 38.

+45 e Traget position measured by
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Figure 37. 2-dimensional display of the UAV, target measured by Kalman Filter, Geolocation and true location of
the target during the simulation.

Table 6. Results from Kalman Filter position estimation.

Results
Average position error (m) 11.619
Standard Deviation (m) 2.9000
Maximum position error (m) 19.253
Minimum position error (m) 2.6833

53



Geolocation Yi-axis position

Geolocation Xi-axis position

Kalman Filter Y1-axis position

Kalman Filter X1-axis position

Position (m)

= e= True Yi-axis position

== = True Xi-axis position

Kalman filter position error

Time (S)
Figure 38. East and north positions from Kalman Filter, Geolocation and true target position.

Figure 39 displays the east and north velocities estimated by the Kalman Filter and
measured from the Gazebo telemetry. Since the red object is generated by a Gazebo plugin, the
telemetry for that target is only available in a specific simulator window. Given this setback, it
was necessary to create a new ROS topic to access the target (true) position. Afterwards, the

velocity was calculated for each instant of time in both axis.
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Figure 39. Comparison between the target velocity estimated by the Kalman Filter and true velocity.

It is possible to verify that the velocity coming from the Gazebo's telemetry is noisy due
to a generation issue of the target's position. Since the Gazebo's world is coarsely pixelated, the
object moves between consecutive (discrete) positions instantaneously and not continuously,
causing a noisy output. Even so, it is possible to confirm that the velocity estimated by the
Kalman filter follows the low-frequency component of the target's actual speed. In terms of
acceleration, it was not calculated for later comparison to the Kalman Filter outputs due to the
noisy measurements. Figure 40 displays the acceleration, angular acceleration, and orientation
resulting from Kalman Filter. The error from the velocity estimated by the Kalman filter are
displayed in Table 7, among the other parameters.
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Figure 40. Acceleration, angular acceleration and orientation from Kalman Filter estimate.

Table 7. Results from Kalman filter parameters estimation.

Results
X axis velocity (m/s)

Average error (m) 0.0076
Maximum estimated (m)  4.1947
Minimum estimated (m)  -2.234

Y, axis velocity (m/s)

Average error (m) -0.0175
Maximum estimated (m) 1.0807
Minimum estimated (m)  -2.029

X axis acceleration (m/s?)
Maximum estimated (m) 0.6163
Minimum estimated (m)  -0.188

Y, axis acceleration (m/s?)
Maximum estimated (m)  0.1084
Minimum estimated (m)  -0.286

Angular acceleration (rad/s?)

Maximum estimated (m) 1

Minimum estimated (m) -1

Orientation (rad)

Maximum estimated (m) 1.5706
Minimum estimated (m) -1.5711

3.5 Closed-loop Validation - Intermediate Results

One of the valences of the architecture used in this dissertation is the possibility of easily

replacing blocks of the chain and thus changing the scope or adding other capabilities to the
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system. However, to make these changes successfully, all the system modules have to be tested
and validated individually to ensure that each block works as it is supposed to.

Full validation of the entire loop encompasses connecting all the blocks of the architecture
shown in Figure 6 and verifying that the aircraft reacts in the correct and expected way by
putting them together. In this simulation, the object is moving along a predefined path.

First, the UAV performs a loiter and start detecting the target. After detecting it, the UAV
measures its position through Geolocation and estimate with Kalman Filter the remaining target
variables. Finally, the position, velocity, acceleration, angular acceleration, and orientation
parameters are fed to the Guidance and Control node. Then, the UAV should be able to
continuously detect and track a moving target, by loitering around its estimated position. The
detailed information regarding the camera, UAV and target settings used in this simulation is
depicted in Table F-1 from Annex F.

The target’s path used in this simulation is drawn in Figure 41, and the different sections
of the track are specified in Table F-2 from Annes F. The course design was based on the path
once implemented in geolocation validation, but in this case, it was divided into seven-parts. In
order to move the object as similar as possible to a car, several changes in direction, speed and

stops at a given point were implemented.
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Figure 41. 2-Dimensional view of the target path.

After the target path was defined, the simulation followed. With the UAV flying at an
altitude of 100 m and 15 m/s speed, the Target Geolocation and Target Estimate nodes were
started, and the UAV began following the target. Figure 42 shows the 2-dimensional path taken
by the object and the UAV. The figure shows an accurate estimate of the target position by the

Kalman filter compared to the actual position of the object.
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Figure 42. 2-Dimensional view of the simulation.

In conjunction with Figure 43, which shows the position discriminated by each axis, it is
possible to verify the proximity between the real position and estimated measurements by the
filter. Moreover, the average error of the filter position compared to the actual target position
is 8.7953 m, with a standard deviation of 2.56 m (detailed information about the position
estimated by Kalman Filter is displayed in Table 8).
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Figure 43. Target position estimated by Kalman Filter and true target position.

Table 8. Information regarding Kalman Filter target position.

Results from Kalman Filter

Average position error (m)  8.79
Standard Deviation (m) 2.56

Maximum position error (m) 17.46

Minimum position error (m) 0

Figure 44 displays the velocity estimated by the Kalman filter and the velocity calculated
from the true target position given by Gazebo. For the same reasons stated in section 3.4.4,
despite the calculated speed being noisy, the estimated velocity follows the course of the actual

speed, with an average error on the east axis of 0.0039 m/s and the north axis of 0.0017 m/s.
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So far, it has been possible to verify that the target location is accurate and thus validated.
Finally, Figure 45 shows that the lateral error tends to zero and oscillates around zero. Although
the oscillation of lateral error is maintained during the simulation, its amplitude is reduced and
allows the UAYV to track within an acceptable error for this research (detailed information about
the lateral error is presented in Table 9). The results presented make it possible to validate the
simulation with the complete loop with all the blocks foreseen in the architecture proposed in
this thesis.
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Figure 44. Target velocity estimated by Kalman Filter and true target velocity.
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Figure 45. Lateral error from UAV.

Table 9. Information about the lateral error from the UAV.

Results UAV lateral error

Average position error (m) 1.22

Standard Deviation (m) 24.91
Maximum position error (m) 149.99

Minimum position error (m) -58.71
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4 Ground Vehicle Detector

The detection of a ground vehicle is challenging due to the complex background and
small size of the cars (Ju et al., 2020). The detection of objects can follow different approaches,
as stated in the literature review. However, the Deep Convolutional Neural Network (DCNN)
proved to have outstanding success in classifying, detecting and segmenting an object
compared to traditional object detectors (Alom, 2018).

Detecting an object through aerial images is different from general object detection once
the pictures “lose their faces’ because they are captured from a distance to the ground” (Ju et
al., 2020. p. 1). In addition, the UAV's flight changes the background colour, tone, and shade
continually, which makes it more challenging for the detector to operate in different scenarios.
The aerial images also have several perspectives and dimensions depending on the position and
height of the UAV when capturing the image (Dorrer et al., 2019).

This research implements a YOLOv3 detector that follows a data-driven approach, which
justifies using a dataset. Regarding the literature review on computer vision, the YOLO detector
presented key advantages for this research, such as performing rapid detection, and ability to
analyse the whole image, which decreased background errors (Redmon et al., 2016) and
improved small object detection for YOLOv3 (Redmon & Farhadi, 2018; Lu et al., 2018; Ju et
al., 2020; Cepni et al., 2020). These characteristics are essential for detecting in the simulation
environment where the vehicle is consistently changing position in the image plane; thus, rapid
detection is required.

In addition, the images captured by the UAV have great latency and poor definition,
which sometimes makes it difficult to identify the car, hence the importance of reducing the
background error. Lastly, the detector will identify small vehicles in the images. Beyond these
aspects, YOLOs have a wide range of repositories available from the community, allowing
greater flexibility of choice and even a means of comparison between different projects
proposed online (Redmon et al., 2016).

In contrast, one of the main drawbacks of the choice of this detector was the compromise
of lower accuracy against the higher detection speed that, as stated previously, is a more
significant point for the problem in question (Redmon et al., 2016). Detailed information about

the YOLOv3 architecture, loss function and detection process are described in Annex L.
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4.1 System Setup

This section describes the aircraft, the camera used to capture the images for the dataset,

and the different Gazebo Worlds considered to modify the background environment.

4.1.1 Aircraft

The aircraft used in this research was the fixed-wing standard plane (PX4 User Guide,
2021d), a UAV developed by PX4 autopilot, depicted in Figure 46. This UAV is a small-scale
replica of a Cessna 172 with a wingspan of 0.47 m, length of 0.47 m, and 0.11 m height. In
addition. this plane model can carry an onboard camera which was a key requirement for this

research.

Figure 46. Standard Plane from PX4.

4.1.2 Camera

While choosing the plane that would be integrated into the simulations, one of the main
concerns was whether this plane would be able to carry a camera. Therefore, the camera used
in this research was a camera plugin provided by PX4 that operates in the visible spectrum.

Various differentiation parameters used in the camera were modified to increase the
dataset's diversity. Changes to the camera included adjusting the pan, tilt, field of view and
resolution in order to get different perspectives of the vehicles.

In this research, a fixed camera was adopted, so any changes in its characteristics required
a new simulation to be started. As a result, the camera was mounted on the airframe in several
setups (detailed information about the different dataset setups is presented in Table G-1).
Figures 47 and 48 display two examples of those setups.

In particular, Figure 47 presents the tilt and pan used on the camera to take the images
from a vertical perspective; hence the camera is pointed downwards with its optical axis aligned
with the vertical body frame axis. Figure 48 shows the camera setup aimed to be used in the

further simulations conducted in this research. In this figure, the camera was pointing at 68.76°
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to the left of the aircraft and approximately 31.78° from the horizontal plane. The choice of
31.78° for the tilt was based on maintaining a 45° angle between the camera and the vertical
earth axis. Since the aircraft, on average, banks 13.23° degrees with a radius of 100 m, a tilt of

31.78° permits reaching 45° on the camera.
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Figure 47. Front (a) and side (b) views of the camera's orientation. This configuration was used to capture
images from a vertical perspective.

~ Optical axis ==~ Optical axis
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Figure 48. Front (a) and top (b) views of the camera’s orientation. This configuration was used
to capture images from a side view and is the setup used for further simulations.

4.1.3 Different Scenarios considered for Image Capture

In order to ensure diversity in the dataset, four scenarios were used for image capture, as
shown in Figure 49. Six cars were placed with different models, sizes, and colours, along with
these scenarios. All the vehicles occupied two Gazebo units in length and height, and one
Gazebo unit in width, as represented in Figure 50. In addition, the colours of the vehicles vary
from black, yellow, blue and red.

Although the aircraft is predetermined to perform the surveillance mission flying at an
altitude of 40 meters with a turn radius of 75 meters, images were captured at different heights

and turn radius so that, there was greater flexibility in changing one of these parameters during
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the mission. That said, images were collected at 30, 40, 50 and 60 m altitude and with 75, 90,
and 100 meters turn radius.

(b)

(© (d)

Figure 49. Example images of the four scenarios used for the dataset development. Image (a)
corresponds to the Runway scenario, image (b) to the Mcmillan Airfield, image (c) to the
Ground Plane scenario and image (d) to KSQL Airport. Images (a). (b) and (c) show two

ground vehicles and image (c) displays six ground vehicles.

Figure 50. Yellow Beetle car from Gazebo.
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4.2 Dataset

Several datasets of aerial car images were proposed in the literature, such as Vehicle
Detection in Aerial Imagery (VEDAI), introduced by Razakarivony & Jurie (2016). and
Vehicle Aerial Image Dataset (VAID), developed by Lin et al. (2020). However, those datasets
mainly use pictures taken from the upper perspective of a car, which is not ideal for the problem
at hand since the UAV will capture the cars from a side perspective, as shown in Figure 49 (a)
and Figure 49 (c).

Moreover, the detection is carried out in a simulated environment, so having a dataset
close to that environment will improve the detector's performance. Given those reasons, a
dataset was developed to be more representative of the scenario, improving its accuracy.

The developed dataset contains 1153 images of cars from different models and sizes. As
stated in the previous section, the pictures were taken from a UAV at different heights,
perspectives, and camera settings in several Gazebo worlds, making a total of eight tests- The
tests from 1 to 6 were performed with the exact parameter assigned for each test. In contrast,
tests 7 and 8 were conducted with different parameters that range according to Table G-1 from
Annex G.

In each image, the individual labelling of the objects of interest was performed by a
human operator through a labelling tool called Label-Studio (Label Studio, 2022). The
bounding boxes' width and height in pixels varied from X=[0.4218, 80.8155] and Y=[0.2109,
72.0788], respectively.

4.3 Detector Implementation

Since the goal of this dissertation regarding computer vision is to detect a car, an existing
YOLOV3 repository within the community, duly validated, has been used. The repository used
was TrainYourOwnYOLO, available on GitHub and developed by Muehlemann (2022). This
detector was previously trained on a database, so a new learning will not be started. Instead, it
will be retrained to detect one class of objects: cars.

Keras and TensorFlow were the libraries used to implement the deep learning techniques.
In addition. the Adaptative Moment Estimation Optimizer (Adam) was used as an optimization
algorithm to train the model (Ezat et al., 2021). This optimizer was developed by Kingma & Ba
(2017) and it is an extension to stochastic descent that recently has broader adoption for deep
learning applications in computer vision. The authors describe the optimizer as straightforward
to implement, computationally efficient, little memory requirements, among other advantages
(Brownlee, 2018).
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The classical stochastic gradient descent maintains a single learning rate for all weights
updates, which means that the learning rate is not modified during training. Nevertheless, the
Adam optimizer “computes individual adaptative learning rates for different parameters from
estimates of first and second moments of the gradients” (Kingma & Ba, 2017. p. 1). In addition,
an advantage of Adam is that it integrates two other extensions of stochastic gradient descent,
particularly the adaptative gradient algorithm (AdaGrad) and the root mean square propagation
(RMSProp) (Brownlee, 2018).

The dataset proposed for this study was divided into 90% for the training set and 10% for
the validation set. Later, forty more images were captured, ten for each world of the Gazebo, to
test the detector after the network training. Figure I-1 from Annex | displays four examples of
an original image from the test set and respective detection.

Different batch sizes and learning rates were used during the neural network training.
Initially, for the first training stage, the learning rate was set on l,,:. = e~3 with a batch size
of 32 for 51 epochs, and 249 of 252 layers were frozen. In the next stage, the learning rate

parameter was set on ..., = e~* with a batch size of 16 for 51 epochs, and all the layers were

unfrozen.
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Figure 51. Average loss function regarding the trainning of the neural network.

Since the train begins using frozen layers, only a small part of the model is trained; thus,
the loss is larger. In contrast, when the model unfreezes all layers, more parameters are available
to learn, reducing the loss (Brock et al., 2017). The change from frozen to unfrozen layers can
be noticed in Figure 51 at epoch 50, where the loss reached 36.09 and subsequently declined

with a greater gradient.
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After this drop, a high peak (a) from validation loss is noticed in epoch 54, with a loss of
232.2 due to incorrectly adjusted weight in that training epoch. Subsequently, the loss function
value declines until an early stop in the 87" epoch with a training loss of 16.53 and validation
loss of 15.89, as displayed in Figure 51.

Bengio et al. (2016) suggest two main factors determining if the machine learning
algorithm will execute well: the capacity to make the training error short and the gap between
training and validation error small. Both factors are considered the two central challenges in
machine learning: underfitting and overfitting. Briefly, underfitting appears when the model
can not achieve a low error value in the validation set; overfitting results from a large difference
between the training and validation error (Bengio et al., 2016).

Regarding the graphic in Figure 51 and considering the underfitting and overfitting
explained above, it is possible to conclude that the model has a good fit learning curve. A good
fit is defined as the training and validation loss decreasing to the stability point with a minimal
gap among the two final loss values (Brownlee, 2019), which means that the model does not
suffer from a significant amount of underfitting or overfitting (Bengio et al., 2016). The training
loss is expected to be lower than the validation loss. The gap between both losses is called the

generalization gap (Brownlee, 2019).

4.4 Neural Network Evaluation

Mean Average Precision (MAP) is a metric commonly used to evaluate the performance
of object detectors and its values range from 0 to 1. This metric indicates the performance of
the detectors over different classes and although there is only one class in the current problem,
the mAP was still used for easier comparison with other implementations. The mAP depends
in other metrics like the confusion matrix, intersection over union, recall and precision, which

are described in the following subsection (Rizzoli, 2022).

4.4.1 Mean Average Precision Metrics

The confusion matrix focuses on four elements: true positives, true negatives, false
positives, and false negatives. The attribute true occurs when the prediction from the model is
considered correct, and it is considered false when there is a mismatch between the model
prediction and the ground truth labels (Gad, 2020).

Furthermore, the loU measures the performance of an object detector by measuring the

overlap of the ground truth bounding box and the predicted box of the model. A higher loU
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means that the predicted box is close to the ground truth box (Rizzoli, 2022). The following

equation describes how to calculate the loU,

Area of Overla
Iu0 = f i

: 4.
Area of Union (48)

Afterwards, the precision measures the ratio between the number of true positives and all

positive predictions. as displayed in the following

Truepositive

Precision = (4.9)

Trueyositive + Falsepositive
The precision level determines the model's confidence in classifying a sample as positive. The
higher the precision, the more confident the model is when classifying a sample as positive
(Gad, 2020).
The recall measures how well it is possible to find true positive samples correctly
classified as positive out of the whole positive samples, which means that this parameter focuses
only on the positive samples and how they are classified, as shown in

Truepositive

Recall = (4.10)

Truepositive + Falsenegative.
The higher the recall, the more positive samples the model correctly classified as positive (Gad,
2020).

4.4.2 Mean Average Precision Computation
The Average Precision (AP) can summarize the precision-recall curve into a single value

representing all precisions' average using the following equation
k=n-1
AP = z [Recalls(k) — Recalls(k + 1)] * Precisions(k), (4.12)
k=0
where Recalls(n) = 0, Precision(n) = 1 and n = number of thresholds (Gad. 2020).

The mean average precision corresponds to the area under the recall-precision curve.

The network evaluation was performed with 125 images with several backgrounds and a
different number of ground vehicles. The threshold of the evaluation was changed (see Table
10) in order to understand how it affected the mAP. In Figure 52, it is observed that the mAP
increases approximately linearly with decreasing loU threshold. This result is expected since

the system accepts more detections by the network as true by decreasing the threshold
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Figure 52. Variation of mAP as a function of loU threshold.

Table 10. Network evaluation results for different loU Thresholds.

loU Threshold mAP
0,3 0,703
0,4 0,533
0,5 0,331
0,6 0,133

Figure 53 displays four example images with a detection in blue and the corresponding
ground truth in green. Each image has a different loU threshold.

Regarding Figure 53 (d), which corresponds to a 30% loU threshold, the system will be
more permissive on detections since it only requires a 30% intersection between detection and
ground truth to consider the detection true. As a result, the mAP will increase against lower
thresholds.

Applying this detection to the case study context from this thesis, the difference in
coordinates would be insignificant when calculating the ground truth and detection coordinates,
considering that the UAV is flying at 40 meters with a turning radius of 100 meters. So, even
though 30% is a low threshold, it still allows obtaining the car's coordinates with an accuracy
of +- 1.5 meters.

In function of these conditions, it is verified that it is not necessary a threshold so high to
obtain the desired relative position since the variation of the squares ends up being practically

insignificant for the proposed mission.
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Figure 53. Images with the detection bounding box in blue and the ground truth
bounding box in green. Image (a) corresponds to a threshold of 60%, (b) to a
threshold of 50%, (c) to a threshold of 40% and (d) to a threshold of 30%.
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5 Closed-loop Validation — Final Results

In order to validate the close-loop, the architecture of Figure 6 is implemented. Until this
chapter, the Guidance and Control, Target Geolocation and Target Estimate modules with the
colour filter have been validated. In the previous chapter, computer vision was validated in a
realistic environment. Consequently, the Target Detection block is now be replaced with the
vehicle detector described in Chapter 4.

Previously, the detection of the red block was performed at a rate of 10 Hz, enabling the
rate of 2D coordinates publication to be equal to the rate of measurement of the Geolocation.
Therefore, each Kalman Filter update had a new Geolocation measurement because the filter
ran at a 10Hz rate. Since the MPF also runs at a rate of 10 Hz, the information from the target
to feed the Guidance and Control is always given by the Kalman Filter update estimate.

Conversely, when introducing the YOLO detector, the frequency between detections is
approximately 0.15 Hz which is considerably slower than the rate of the MPF. To solve this
issue, the Target Geolocation rate was changed to match the rate of detections, and the Target
Estimate maintained a rate of 10 Hz, equals to the Guidance and Control node.

So, when detection occurs, the Target Geolocation calculates the estimated position, and
until the next detection, the Target Geolocation does not send position measurement to the
Target Estimate. As a result, the prediction phase of the Kalman Filter from the Target Estimate
block in these periods is used to feed the MPF. Furthermore, since there are different rates
between the Geolocation and the Kalman Filter, the Target Geolocation and Target Estimate
run in distinct nodes.

Initially, we test the closed-loop with a vehicle standing in a constant position in the
Runway Gazebo world displayed in Figure 49 (a), chosen to be the realistic environment for
the final simulation. Next, the vehicle moves in a pre-determined path, changing its orientation

and velocity similar to a car in a real environment.

5.1 Closed-loop Validation with the Object Standing at a Constant Position
The first simulation was conducted with the target standing on the ground at a constant
position, X; = —30m and Y, = —10 m. The simulation started with the UAV loitering
clockwise with a 100 m radius and centre in X; = 0 m and Y, = 0 m at an altitude of 40 m and
15 m/s.
The change in height and turn radius to the previous validation values from Chapter 3

increased the quality of the images captured from the camera for further detection. As a result,
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the new turn radius changed the aircraft's camera tilt value as the roll angle depended on that
radius, as mentioned in Chapter 4. As a result, the tilt angle used was -31.81°. The detailed
settings used in this simulation regarding the object, the UAV and the camera are mentioned in
Table J-1 from Annex J.

Figure 54 displays the 2-Dimensional perspective of the simulation regarding the UAV
position, target estimated position and target true position. The orange line represents the UAV
trajectory around the target position; the green point corresponds to the start position, and the
black dot to the final location. In addition, the position estimated by the Kalman Filter is in red,
and the dark blue corresponds to the true target position.

Based on the estimated and true target position, it can be stated that visually the Kalman
Filter estimate is close to the actual path of the target. On average, the estimated Kalman Filter
position error is 5.66 m, and the standard deviation is 3.24 m (detailed information regarding
the Kalman Filter position estimation presented in Table 11).

Regarding Figure 55, the target's estimated position (solid line) oscillates between the
discontinuous dashed line representing the true position, with a maximum error of 14.62 m.

This behaviour, by the estimation, is consistent with the previous Kalman Filter validations.
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Figure 54. 2-Dimensional view of the simulation.

Table 11. Results from Kalman Filter estimation.

Results from Kalman Filter

Average position error (m)  5.66
Standard Deviation (m) 3.24

Maximum position error (m) 14.62

Minimum position error (m) 0
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Figure 55. Position estimate and error fram Kalman Filter and true target position.

The additional parameters estimated by the Kalman Filter are displayed in Figure 56.
Since the target is standing in a constant position, the velocity and acceleration values are

expected to be close to zero as show in Figure 56.
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Figure 56. East and north axis velocity, acceleration, angular acceleration and orientation estimated by the Kalman
Filter.

The values in Table 12 are calculated after the UAV has converged to the path,
disregarding the initial approach phase as this depends on the relative initial position between
the UAV and the path itself. The lateral error oscillated between a maximum of 38.74 m and a
minimum of -22.78 m. From that moment on, the error decreases with a tendency to zero, as
displayed in Figure 57. The average lateral error is 4.24 m, and the standard deviation is 13.81
m, both being expected and acceptable values for validation, taking into account the validation
done to MPF in Chapter 3 (see Table 12).
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Regarding Figure 57, there is a discontinuity in the system in the 157.11%" second since
the Kalman filter only started estimating the UAV parameters after the first detection. This
causes the UAV to instantly change it loiter from the centre X; = 0 m and Y; = 0 m to the first

estimate coordinates, X;, = —30mand Y; = —10 m.
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Figure 57. Lateral error during simulation.

Table 12. Results regarding the MPF lateral error.

Results UAV lateral error

Average position error (m) 4.24

Standard Deviation (m) 13.81

Maximum position error (m) 38.74

Minimum position error (m) -22.78

Focusing on the Computer Vision part, its validation will be qualitative since its
quantitative validation was carried out in Chapter 4. In a first approach to the detections in this
simulation, all objects detected as cars were considered. Consequently, when the aircraft was
converging to the loiter with the centre at the target, sometimes the UAV stopped having the
vehicle in sight, detected targets in the distance with low confidence and considered them as
accurate detection. This behaviour impaired the simulation since high velocities and
accelerations were generated that did not allow the aircraft to converge to the loiter.

In order to solve this problem, a threshold value of 60% confidence was restricted for the
detection to be considered. Thus, whenever the UAV did not have the car in sight and made a
false detection, it would not be considered, and the UAV would have to be guided by the output

of the Kalman Filter prediction from the Target Estimate block.
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In the case of obtaining several detections that were above 60%, the one with the highest
confidence was considered. During several simulations, when more than one car was detected,
the true positive detection was always the one with the highest confidence and, therefore, the
one chosen to perform the tracking.

During the simulation, 415 frames of the video were analysed, of which 314 obtained
detections and 99 had no detections, as displayed in Table 13. Of the 314 frames detected, 27
detected more than one car. Since each image had only one car placed, we can conclude that
the detector presented false positives.

The importance of having a separated block to the Kalman Filter (Target Estimate node)
with an independent ROS node was confirmed when the average detection time was 1.57s.
Since the Target Geolocation has a rate of 10 Hz or 0.01s per iteration, the detection rate was

low to feed the Geolocation algorithm.

Table 13. Detection results.

Detection Results

Analysed frames 414
Frames with detections 315
Frames without detections 99

Total detections in the simulation 342

Frames with two detections 27

Average time between detections (s) 1.57

Concerning the results previously presented, the closed-loop architecture with the object
stopped in a fixed position was successfully validated. Afterwards, the architecture with the

ground vehicle in movement is tested.

5.2 Closed-loop Validation with the Object Moving

The simulation with the vehicle moving was conducted through the path displayed in
Figure 58. The course design was based on a possible path followed by the target. In order to
increase the reality of the simulation and make the path as similar as possible to a potential car
movement, several changes of direction, velocities and stops were used and are described in
detail in Table K-1 from Annex K.
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Figure 58. 2-Dimensional view of the target path.

After performing several simulations with the proposed path, the time between detections
and the ground vehicle movement provided poor estimations of acceleration by the Kalman
Filter. Furthermore, those acceleration estimations impaired the MPF tracking, leading the
simulation to have false positive detections, which generated high lateral errors.

As a result, the Kalman filter's model was updated in order to consider a constant speed

target, as shown in equation (5.1)

1 dt 0 0

_lo 1 0 o

F=1o o 1 atf 1)
0 0 0

Matrix (5.1) follows the same equations as the matrix (3.11); however, the dynamic model
considers constant speed. The matrix Q and H are identical to the matrix (3.12) and (3.14), yet,
the acceleration parameters are not considered. Lastly, matrix R remains equal to the matrix
(3.13).

The simulation was performed with the UAV loitering with a radius of 100 meters centred
in X; =0m and Y; = 0m and at an altitude of 40 m (detailed information regarding the
simulation settings is presented in Table K-2 from Annex K). After establishing the altitude,
the UAYV started detecting the vehicle, estimating the coordinates and feeding the MPF for the
target tracking.

Figure 59 shows the upper perspective of the simulation, where the orange line represents
the UAV path, the red line corresponds to the target’s estimated coordinates, and the blue line
resembles the target’s true path, as displayed in Figure 59. The green and black dots mark the
start and final position of the UAV, respectively.

Visually analysing the graph in Figure 59, it is possible to state that the estimation of the
target's coordinates allows for obtaining a general drawing of the real path of the car. Indeed,
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the mean error, 8.18 m, and the standard deviation, 3.27 m, are within the expected range for
this simulation and verified that the filter position estimate is accurate enough for the MPF to
follow (detailed information regarding the Kalman Filter position estimation is displayed in
Table 14). Moreover, the UAV can efficiently maintain continuous loiters around the target,
both in straight lines and curved segments, which tend to be the most difficult segments for
tracking once the car changes direction and speed continuously.

Target position
estimated by
Kalman Filter

—— UAV position

e AV start
position

X, -axis (m)

e AV final
position

—— Target true

-120459 80 280 480 680 880 1080 position

Y, -axis (m)

Figure 59. 2-Dimensional view of the UAV, target estimated position and target's true position.

Table 14. Results from the Kalman Filter position estimation.

Results from Kalman Filter

Average position error (m)  8.18
Standard Deviation (m) 3.27

Maximum position error (m) 71.24

Minimum position error (m) 0

Regarding Figure 60, the target's estimated position (solid line) oscillates between the
discontinuous dashed line representing the true position. This behaviour, by the estimation, is

consistent with the previous Kalman Filter validations.
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Figure 60. Position estimate and error from Kalman Filter and true target position.
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The velocity of the target by the Kalman Filter and from Gazebo telemetry are displayed in
Figure 61. For the same reasons presented in Section 3.4.4, the target speed provided by Gazebo
is noisy yet allows an analysis to be made of the behaviour of the estimated speed.

It is also possible to verify through the graph below that the velocity behaviour follows
the low frequency component of true velocity. Moreover, it is possible to state that the east and
north velocities vary according to the speeds defined in the path (detailed information regarding

the target path is presented in Table K-1).
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Figure 61. Velocity estimated from Kalman Filter and true velocity of the target.

The MPF gains changed compared to those used until this simulation (consult Table K-
2). Initially, the orientation and position error gains, g; = 0.1 and g, = 0.00012,
respectively, were causing high amplitude oscillation of the lateral error. However, through an
iterative gain adjustment process based on previous experience, it was possible to realize that
the proposed MPF gains, shown in Table 15, enable obtaining the best lateral error results
compared to the other gain combination results. Furthermore, improvements to the results
presented in Figure 62 would only be obtained by modifying the controller inner loop.

The values in Table 15 are calculated after the UAV has converged to the path,
disregarding the initial approach phase as this depends on the relative initial position between
the UAV and the path itself. Although the lateral error does not continuously tend towards zero
in Figure 62, it makes a harmonic effect centred on zero and peaks at -20.78 m and 34.90 m, as
displayed in Table 15, and are acceptable results for this research.

As mentioned in section 5.1, Figure 62 has a discontinuity point in the 144.2t" second,
representing the moment when the centre of the UAV loiter changed from X; = 0m and ¥; =

0mto X; = 30 m and Y; = 10 m, which corresponds to the first detection.
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Table 15. Results regarding the MPF lateral error.

Results UAV lateral error

Average position error (m) 8.09

Standard Deviation (m) 14.19

Maximum position error (m)  34.90

Minimum position error (m) -20.78

As elaborated in the previous Section 5.1, the validation of the Computer Vision part will
be based on reading quantitative data from the detections and qualitative analysis of the detector
performance during the simulation. The threshold value used for the detection was 60%.

Regarding Table 16, of the 2754 analysed frames, just 1878 frames had detections above
the established threshold, which means that the Target Estimate block with the Kalman Filter
was decisive in predicting the coordinates of the target in between those measurements. In
addition, among all the frames that had detection, 109 frames obtained 2 detections, which

means that there have been few false positives above the denominated threshold.

Table 16. Detection results.

Detection Results

Analysed frames 2754

Frames with detections 1878
Frames without detections 876
Total detections in the simulation 1987
Frames with two detections 109

Average time between detections (s) 1,28

77



Considering all the results that has been presented, the software architecture is validated
to detect a ground vehicle and track it. Furthermore, the modifications made to the Kalman

Filter and the MPF gains allowed promising results to obtain the closed-loop validation.
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6 Conclusions and Recommendations

6.1 Conclusions

The present dissertations aimed to implement an adequately validated and documented
software open-architecture compliant with the hardware architecture proposed by Silva et al.
(2020) and on the community available and most used software components. This software
architecture's goal was to constitute a modular tool that allows rapid prototyping of control
algorithms and computer vision. This goal was validated in this thesis by implementing a case
study where a fixed-wing UAV is required to detect and track a moving ground target.

First, a literature review, which aggregated all the theoretical basis of this dissertation,
was presented. Initially, the hardware architecture from Silva et al. (2020) was reviewed,
underlining the hardware's constraints to the software architecture to be proposed in this thesis.
Then the different software solutions were studied in depth. Subsequently, two areas were
addressed, namely Guidance and Control Techniques and Computer Vision.

In chapter 3, the hardware/software architecture was presented, and the software tools
decision was carried out. First, the PX4 flight stack was chosen for the Pixhawk autopilot due
to its support for an Offboard control mode for fixed-wing UAVs. Next, the Ground Station
chosen was the QGroundControl because of the full compatibility with the autopilot flight
stack. The mission computer was left open to two choices, the Raspberry Pi or Nvidia TX2.
Both mission computers could support the software choices in terms of the operating system,
Linux, and ROS software application. Lastly, the Gazebo simulator was adopted due to the
availability of a full pack installation of PX4, ROS Melodic and Gazebo 9, as well as the access
to a fixed-wing aircraft model.

Afterwards, the software architecture was proposed, and each block was explained in
detail. The architecture comprises four main blocks, Gazebo simulator, PX4 autopilot, QGC
and ROS environment that exchange telemetry and control messages via ROS and MAVROS.
The Gazebo simulator was the simulation software that created the simulated environment for
the testing, and the QGC worked as the software for the Ground Station. In addition, the PX4
was the autopilot that enabled the conversion of the thrust, pitch and bank values to the
deflection of the aircraft's flight surfaces and motor setting. Finally, the ROS environment
contains the Control and Guidance, Video Acquisition, Target detector, Target Estimate and
Target Geolocation to ensure the detection, geolocation, filtering and guidance functions.

In this thesis, a modular and incremental validation logic was followed, starting with the

validation of the Guidance and Control node, followed by the Video Acquisition and Target
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Detector, then Target Geolocation and Target Estimate until the control loop with vision is
closed. These preliminary validations were carried out with the detection of a red object. The
Target Detector module was then validated with the ground vehicle detector. Finally, the
closed-loop architecture was validated.

In the Guidance and Control node, the outer loop controller uses the Offboard mode to
issue roll, pitch, yaw and thrust commands, which are then used by the PX4 autopilot's inner
loop controller to calculate the necessary flight surface deflections and motor settings. The
trajectory control was developed separately for the lateral and longitudinal control of the UAV.
The lateral control was implemented based on Oliveira & Encarnacdo (2013) article, using the
MPF method, which uses non-linear control techniques. The longitudinal control was
implemented based on P1 controllers.

The longitudinal control was successfully validated in several simulations where the
UAV was commanded to maintain an airspeed and altitude setpoint in climb, descent and
cruise. In addition, the trajectory control was tested with a fictitious target randomly generated
and reacted positively to follow the dummy target.

The Video Acquisition node imports the camera video from the simulator through a UDP
port and provides it to the Target Detector node. Initially, in Chapter 3, the Target Detector uses
a filter from OpenCV library to detect a red target. Later, in Chapter 4, a YOLO detector was
adopted to detect a moving ground vehicle. Finally, it was validated that the target coordinates
in the image frame were published by the Target Detector through a ROS message.

In the Target Geolocation block, it was implemented a Geolocation algorithm from
Barber et al. (2006) to compute the position of a ground target throughout its location and
motion streamed in the video sequence. This algorithm was tested by calculating the position
with the target standing still and moving and comparing the results with the true target position.

Next, a Kalman Filter was used in the Target Estimate node to estimate and predict the
other parameters required by the MPF through linear dynamical systems. The filter was tested
to estimate the target parameters in two scenarios, where the target was at a constant position
and moving on a predetermined path. Results showed that the filter could estimate the target
parameters successfully, thus validating this module.

In the final phase of Chapter 3, the final validation of the closed-looped with the colour
filter detector showed that the aircraft could take off, maintain a predetermined altitude,
airspeed and loiter radius, then detect a red object, whether it is moving or not, and finally track
it.

80



In Chapter 4, the implementation of the YOLOv3 detector was made by initially
describing in detail the main philosophy of the detector and further advantages to sustain and
enhance its choice for our problem in specific. Since the detections were performed inside the
simulator, a new dataset with aerial images of cars in four Gazebo worlds has been elaborated
to approximate the model's dataset to what it would detect in the simulation. The dataset was
composed of 1153 images in which several parameters, in particular, the camera settings, UAV
altitude, loiter radius and background Gazebo world, were changed.

The YOLOV3 implemented in this research was developed online by another author, so
most training setups were maintained because the repository was validated with those settings.
Furthermore, the training loss graph showed no underfitting or overfitting, meaning that the
model has a good fit.

The evaluation of the neural network was conducted through the mean average precision
calculation. Different thresholds were used to compute the mAP. An increase in the threshold
causes a decrease in the mAP as expected since the system accepts more detections by the
network as true by decreasing the threshold.

The last chapter comprised the final simulation where the closed-loop was validated. This
simulation was used together with the previously tested Guidance and Control and Target
Geolocation and Target Estimate nodes and the Target Detector, which uses the YOLOv3
detector. Since these sub-modules were validated individually, this final closed-loop simulation
aimed to prove that the architecture could accomplish the proposed mission. In summary, the
proposed architecture enabled a UAV to detect and track a car fully autonomously.

The main objective, which was developing a software architecture with low-cost tools
proposed by the community, was achieved. Moreover, the Guidance and Control, Target
Estimate, Target Geolocation, and Target Detector nodes were successfully validated, first
individually and then as a closed-loop simulation. As a result, the surveillance mission of
tracking a ground vehicle through Computer Vision proposed for this research was also
attained.

6.2 Future Work

During the development of this research, several important decisions, particularly the
tools used for the architecture, namely the simulator, and ROS versions, needed to be made.
Some of the chosen paths led to problems due to no previous knowledge of the specific topics,
thus resulting in limitations in certain areas and restricting the time available to develop this

project. In the following paragraphs, some recommendations will be addressed.
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In what concerns the Gazebo simulator and ROS, the versions used caused some
compatibility issues when implementing the YOLOv3 detector due to the Python versions. The
Gazebo simulator adopted was the 9™ version recommended for use with ROS melodic. Both
these versions use Python 2. In contrast, the detector repository implemented recommended
Python 3 to run. That said, | would suggest implementing Gazebo 11 with ROS Noetic to run
all the blocks of the simulation in the same Python version.

In addition, the adoption of Gazebo 11 could enhance the simulation for several reasons.
First, in Gazebo 9, the video captured from the camera had poor resolution and plenty of
latency, which degraded the images for the training phase and later in-flight detection; since
version 11 is more recent, this problem could be overcome. Another advantage of adopting this
version 11 would be the possibility of opening doors to all the latest projects developed by the
community, particularly improving the background environment to a more realistic one.

Finally, future studies could focus on improving the YOLOvV3 detector or study other
state-of-the-art detectors that could perform better in more complex environments than the one
used in this research. Another suggestion would be to follow up on this same work, moving
forward with the hardware-in-loop phase, and test this same architecture on board a CIAFA
UAV in a test flight.

One of the great advantages of the implemented architecture is that it is modular, which
allows the development of various projects with different scopes and missions by replacing
blocks. Having that in mind, | would suggest a study that uses the camera for a distinct mission,
such as automatic landing through computer vision or use another type of sensor for a different

task, in particular, an infrared sensor for fire detection.
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ANNEX A — Comparison of Different Detectors with Specific Datasets

Table A-1. Comparison of the speed and accuracy of different object detectors on the MS-COCO (Retrieved from Long et
al., 2020).

Method Backbone FPS mAP

YOLO v3 + ASFF Darknet-53 294 43.9%
YOLO v4 CSPDarknet-53 62 43.5%
PP-YOLO ResNet50-vd-dcn  72.9  45.2%

Table A-2. Results on Pascal VOC2007 test (Retrieved from Liu et al., 2016).

Method FPS (Titan X) mPA

SSD 300 59 74.3%

Faster R-CNN (VGG16) 7 73.2%
YOLOv1 (VGG16) 45 63.4%

Table A-3. Comparison detection performance in terms of mean average precision (mAP) of several state-of-art detectors
(Retrieved from Mandal et al., 2019).

Method VEDAI DLR DOTA Complete
YOLOv2_416 9.08 9.61 33.36 28.86
YOLOv2_608 25.12 26.81 47.45 48.04
Faster R-CNN 3482 20.04 42.29 38.02
YOLOv3_416 32.07 5211 74.46 70.35
YOLOv3_608 38.98 5449 76.60 75.21

RetinaNet 43.47 5477 73.77 71.28
YOLOV3-tiny 416 11.10 2642 47.88  46.73
YOLOv3 tiny 608 31.73 39.74 65.89 59.17

SSSDet 4597 5825 79.52 77.22

Table A-4. Computation and space complexity comparison of the SSDNet, YOLOv3 and YOLOvV3-tiny with input layer
size=608x608x3. The FPS is computed over a CPU system (Retrieved from Mandal et al., 2019).

Method FPS
YOLOV3 0.04
YOLOv3-tiny 0.40
SSSDet 0.15
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Table A-5. Comparison of SSD512, YOLOvV3 and RetinaNet methods in the Dorrer et al. (2019) dataset (Retrieved from
Dorrer et al., 2019).

Method Recall rate Precision rate

SSD512 21.19% 6.52%
YOLOv3  88.38% 58.36%
RetinaNet  89.44% 64.61%

Table A-6. Comparison Detection Performance of ADVNet and several state-of-art detectors (Retrieved from Mandal et al.,

2020).

Method VEDAI DLR-3K DOTA Complete
Coupled R-CNN 12.04 11.74 25.60 19.66
YOLOv2 416x416  9.08 9.61 33.36 28.86

YOLOv2_608x608  25.12 26.81 47.45 48.04
Faster R-CNN 34.82 20.04 42.29 38.02
YOLOv2_416x416  32.07 52.11 74.46 70.35
YOLOv2_608x608  38.98 54.49 76.60 75.21
RetinaNet43.47 43.47 54.77 73.77 71.28
AVDNet 51.95 56.24 79.65 80.02
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ANNEX B — High-Level Software Architecture

Figure B-1. PX4 Flight Stack High-Level Software Architecture (Retrieved from PX4 User Guide, 2021d).
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ANNEX C - Detailed Information regarding PI Controller Simulation

Table C-1. Detailed information regarding the P1 controller validation in climb and descent scenarios.

Climb Descent
@ Initial altitude (meters) 0 100
—
£ Final altitude (meters) 100 50
IS -
o Turn radius (meters) 150 150
¢
o Airspeed Setpoint (meters/second) 15 15
Time to reach 100 meters (seconds) 97.26 104.89
Time to converge to 100 meters and 15 m/s 137.0 137.79
(seconds) ' )
Settling time (seconds) 39.80 32.89
Average (meters) 100.15 50.09
Altitude (meters) maintained Relative error (meters)  0.149 0.002
after reaching 100 m Maximum (meters) ~ 101.38  50.83
Minimum (meters) 99.51 49.45
Average (meters) -0.05 -0.04
Pitch (radians) maintained after -
reaching 100 m Maximum (meters) 0.13 0.14
Minimum (meters) -0.20 -0.20
] Average (meters) 0.23 0.23
2 Thrust (percentage/100) .
©  maintained after reaching 100 m Maximum (meters) 0-53 0.52
Minimum (meters) 0.05 0.05
Average (meters) 15.33 15.35
Airspeed (meters/second) Relative error (meters) ~ 0.022 0.023
maintained after reaching 100 m Maximum (meters) 16.44 17.11
Minimum (meters) 14.38 14.60
Average (meters) 0.69 0.07
Thrust (percentage/100) during Maximum (meters) 1 028
climb i
Minimum (meters) 0.25 0.05
Average (meters) 15.23 16.14
Airspeed (meters/second) durin -
peed ( climb ) g Maximum (meters) 19.02 16.33
Minimum (meters) 0.82 15.10
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ANNEX D — Detailed Information regarding the Geolocation
Validation with the Target Moving

Table D- 1. Detailed information regarding the path from the target.

Path settings

s Waypoints (X;, Y;) (meters) (0,0) — (50,50)
5 Distance (meters) 70.71

i” Time between waypoints (seconds) 30

— Velocity (meters/second) 2.36

= Waypoints (X;, Y;) (meters) (50,50) — (-50,50)
g Distance (meters) 100

Z’ Time between waypoints (seconds) 30

& Velocity (meters/second) 3.33

= Waypoints (X;, Y;) (meters) (-50,50) — (50,-50)
g Distance (meters) 141.43

;” Time between waypoints (seconds) 20

‘5" Velocity (meters/second) 7.07

c Waypoints (X;, Y;) (meters) (50,-50) — (-50,-50)
% Distance (meters) 100

;” Time between waypoints (seconds) 20

~ Velocity (meters/second) 5

c Waypoints (X;, Y;) (meters) (-50,-50) — (0,0)
% Distance (meters) 70.71

f Time between waypoints (seconds) 30

o Velocity (meters/second) 2.36

Table D- 2. Camera. UAV and target settings used in this simulation.

Parameters maintained during simulation

D-1

S Pan 68.75°
§ Tilt -36.31°
g Sensor width/height (pixels) 640

S Sensor focal distance

S (pixels) 320

S Height (meters) 100

g Airspeed (meters/second) 15

<>E Turn radio (meters) 150

o) Loiter Clockwise
= 9 Position See Table D-1
= g Dimension (meters) 12x9
=3 Color Red






ANNEX E — Detailed Information regarding the Kalman Filter
Validation with the Target at a Constant Position

Table E- 1. Camera. UAV and target settings used in this simulation.

Parameters maintained during simulation

Pan 68.75°
£5 :
qE) e Tilt -36.31°
8 E Sensor width/height (pixels) 640
Sensor focal distance (pixels) 320
é’» Height (meters) 100
g Airspeed (meters/second) 15
; Turn radio (meters) 150
% Loiter Clockwise
2 8 Position (meters) X,=-10, ¥;=-30
= :E_. Dimension (meters) 12x9
S5
=3 Color Red

E-1






ANNEX F — Detailed Information regarding the Closed-loop Validation
with the Red Target

Table F- 1. Camera. UAV and target settings used in the simulation.

Parameters maintained during simulation

@ Pan 68.75°
= Tilt 36310
@ - -
g Sensor(F\)/\i/)l((itlr;;helght 640
% Sensor focal distance
O (pixels) 320
Height (meters) 100
&, Airspeed (meters/second) 15
é Turn radio (meters) 150
; Loiter Clockwise
<D( g1 0.1
92 0.00012
= 8 Position See Table F-2
25 Dimension (meters) 12x9
=3 Color Red



Table F- 2. Detailed information about the path of the target.

Path settings

Waypoints (X;, Y;) (meters)

(0,0) — (0,200)

c

% Distance (meters) 200

i” Time between waypoints (seconds) 90

- Velocity (meters/second) 2.22

= Waypoints (X;, Y;) (meters) (0,200) — (0,200)
g Distance (meters) 0

;” Time between waypoints (seconds) 30

N Velocity (meters/second) 0

= Waypoints (X;, Y;) (meters) (0,200) — (-200,150)
§ Distance (meters) 206.15

;” Time between waypoints (seconds) 100

& Velocity (meters/second) 2.06

< Waypoints (X;, Y;) (meters) (-200,150) — (-200,0)
§ Distance (meters) 150

f:” Time between waypoints (seconds) 75

= Velocity (meters/second) 2

g Waypoints (X;, Y;) (meters) (-200,0) — (80,80)
B Distance (meters) 291.20

f Time between waypoints (seconds) 120

o Velocity (meters/second) 242

c Waypoints (X;, Y;) (meters) (80,80) — (0,-30)
% Distance (meters) 136.01

f Time between waypoints (seconds) 70

© Velocity (meters/second) 1.94

g Waypoints (X;, Y;) (meters) (0,-30) — (0,0)
§ Distance (meters) 30

;” Time between waypoints (seconds) 60

~ Velocity (meters/second) 0.5
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ANNEX G — Camera and UAYV Settings used to Capture the Dataset

Images

Table G- 1. Camera and UAYV settings used to capture the dataset images. Tests from 1 to 6 were conducted in the Ground
plane scenario displayed in Figure 45(c). Tests 7 and 8 were performed in the Runway scenario depicted in Figure 50(a).

Settings Parameters 1°test 2°test 3°test 4° test 59 test 6° test 7°test 8°test
Tilt -36.31° -40.12° -36.31° -34.38° -90° -60° -36.31° -90°
Pan 68.76° 90° -68.76° -90° 0° 0° -90° to 90° 0°
. 640x640 640 x640
© Resolution
o . 920x920 920x920 920x920 920x920 920x920 920x920 and 920x and 920 x
E (pixel)
= 920 920
© HFOV 90° 90° 90° 90° 90° 90° 90° 90°
Sensor focal 320 and 320 and
distance (pbel) 460 460 460 460 460 460 460 160
Turn radius
100 100 100 90 75 60 60to 100 60to 100
(meters)
Altitude 75 60 50 30 60 45 01075 30to75
(meters)
<>f Counterclo Counterclo Clockwise/
) Loiter Clockwise Clockwise . . - Counterclo -
Type ckwise ckwise )
ckwise
of
flight . . . .
9 Vertical Vertical Vertical Vertical
passes passes passes passes
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ANNEX H — Architecture Diagram of YOLOV3

Figure H- 1. Architecture diagram of YOLOV3 (Retrieved from Cheng et al., 2020).

Layer Lilters size Repeat Output size
Image 416 % 416
Conv 323 X 3N 1 416 X 416
Conv 643 X 312 1 208 x 208
Conv 321 % 171 iConv 7 208 X 208
Conv 643 % 3/1 IConv  1x 1 208 x 208
Residual iResidual, 208 X 208
Conv 1283 X 372 1 104 > 104
Conv 641 % 171 [Conv 104 % 104
Conv 1283 % 3/1 IConv : X2 104 % 104
Residual Residual, 104 > 104
Conv 2563 X 372 1 52 %X 52
Conv 1281 % 1/1 Conv 52 X 52
Conv 2563 X 3/1 Conv | § 52 X 52
Residual l'if‘éigl_l"_ll 52 X B2
Conv 5123 X 3/2 1 26 X 26
Conv 2561 % 1/1 iconv 26 % 26
Conv 5123 % 31 ICnnv : ¥ 8 26 X 26
Residual Residual| 26 X 26
Conv 10243 * 3/2 1 13 % 13
Conv 5121 X 1/1 iConv 7} 13 % 13
Conv 1024 3 % 3/1 IConv | x 4 13 % 13
Residual Residual, 13 %13

Conv
Con2d BN | || LeakyRelLU
layer Layer Layer
Residual
Add
L, Conv Ll Conv
(1%1) (3 % 3)
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ANNEX I — Example of Four Images used in the Test Set

Figure I- 1. Example of four images used in the test set (marked with
1) and the corresponding detection images (marked with 2) from the
four different worlds used in our dataset. Images (a) and (b) have a
resolution of 920x920 pixels, and images (c) and (d) have a resolution
of 640x640 pixels.
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ANNEX J — Detailed Information regarding the Closed-loop Validation

with the Vehicle at a Constant Position

Table J- 1. Parameters maintained during simulation from Camera, UAV and Target.

Parameters maintained during simulation

Pan 68.75°
S8 Tilt -31.81°
§ % Sensor width/height (pixels) 640
Sensor focal distance (pixels) 320
Height (meters) 40
&, Airspeed (meters/second) 15
% Turn radius (meters) 100
; Loiter Clockwise
g g1 0.1
9> 0.00012
s 9 Position (meters) X;=-30, ¥,=-10
S5 Dimension (meters) 1x1
=3 Car model Lexus
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ANNEX K — Detailed Information regarding the Closed-loop
Validation with the Vehicle Moving

Table K- 1. Detailed information about the path with the target moving.

Path settings

c Waypoints (X;, Y;) (meters) (30,10) — (600,1000)
% Distance (meters) 11424

? Time between waypoints (seconds) 400

= Velocity (meters/second) 2.8

< Waypoints (X}, Y;) (meters) (600,1000) — (1000,400)
§ Distance (meters) 721.1

9 Time between waypoints (seconds) 500

~ Velocity (meters/second) 1.4

S Waypoints (X;,Y;) (meters) (1000,400) — (1200,800)
§ Distance (meters) 447.2

9 Time between waypoints (seconds) 200

® Velocity (meters/second) 2.2

S Waypoints (X}, ;) (meters) (1200,800) — (250,100)
B Distance (meters) 1180.1

f Time between waypoints (seconds) 350

= Velocity (meters/second) 3.4

S Waypoints (X;, Y;) (meters) (250,100) — (30,10)
3 Distance (meters) 291.20

f Time between waypoints (seconds) 120

o Velocity (meters/second) 4.8



Table K- 2. Camera, UAV and target settings used in the simulation.

Parameters maintained during simulation

(23 Pan 68.75°

é Tilt -31.81°

@ - -

g Sensor(F\)/\i/)l((itIZ;helght 640

% Sensor focal distance

O (pixels) 320
Height (meters) 40

&8,  Airspeed (meters/second) 15

é Turn radio (meters) 100

; Loiter Clockwise

<D( g1 0.23

g2 0.00024

=8 Position See Table K-1

£.5  Dimension (meters) 1x1

=3 Color Red
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ANNEX L -YOLOV3 detailed information regarding the detection
process, architecture and loss function

1. YOLOV3

While there is a handful of distinguishing object detection algorithms, as stated in the
computer vision literature review, we use YOLO. More specifically in this research, YOLO v
3.

“You only look Once” (Redmon et al., 2016. p. 1) or YOLO is a family of deep learning
models designed by Redmon et al. (2016) to perform fast object detection as a regression task.
Redmon et al. (2016) frame object detection as a single neural network that predicts bounding
boxes and class probabilities from an entire image with just one evaluation. As a result, the
detection is extremely fast since the whole detection pipeline is a single network while
maintaining high accuracy (Redmon et al., 2016).

1.1.YOLO Detection Process

This system starts by dividing the loaded figure into a S x S grid, and if the centre of an
object matches a grid cell, that grid cell is assigned for detecting the object. Each grid cell
predicts the bounding boxes and the related confidence (Kathuria, 2018).

The confidence reflects how sure the model is that the object is within that box and the
accuracy that the model attributes itself by knowing that inside the box is the object that it
predicts. If a grid cell is empty, the confidence score should be zero. Otherwise, the confidence
value should be equivalent to the loU between the predicted and ground truth boxes from the
original dataset to find the most common shapes and sizes (Redmon et al., 2016).

Each bounding box includes 5 predictions, x, y, width, height and confidence. The (x, y)
represents the coordinates of the box's centre relative to the grid cell's bound. The width and
height are coherent to the whole image, and the confidence corresponds to the loU between the
predicted bounding box and any ground truth box (Redmon et al., 2016).

Furthermore, conditional class probabilities, B. = (Class|Object), is predicted by each
grid cell that contains an object. Only one set of class probabilities per grid cell is predicted
even if there are several bounding boxes. In the test, the conditional class probabilities are

multiplied by the individual box confidence prediction as follows

P, (Class|Object) * P.(Object) * IOU 4 = P.(Class) * 10UST5". (4.1)
The result is a class-specific confidence score for each box that comprises the probability of the
class appearance in the box and how well the prediction box fits the object (Redmon et al.,
2016).
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1.2.YOLOvV3 Architecture

YOLOV3 architecture, shown in Figure L-1, was inspired by other famous architectures,
particularly ResNet and FPN (Feature Pyramid Network) (Chakure, 2021). YOLOvV3 uses a
variant of Darknet to perform feature extraction, which originally had 53 layer network trained
on Imagenet with skip connection like ResNet and three predict heads like FPN. This enables
YOLOv3 to process images at a different spatial scales. As a result, YOLOv3 has 53
convolutional layers from Darknet-53 and 53 more layers for detection (Redmon & Farhadi,
2018).

36 61 91 A
o 17 | P y W, y
// Y 4 79 ‘ 4 4 a(,‘)_ .
) (+) oo | 1 oo b ° B
TR . L) ) ) ~
) /y,’ //
| 4
) : 1
~ //,‘
:‘*'\, Concatenation ff
(3) Addition 82 Shide: 32 4

Scale 2
Stride: 16

Residual Block T
EraT
Detection Layer ﬁ
Upsampling Layer i PR
e Further Layers

Scale 3
106 Stride: 8

Figure L- 1. YOLOV3 network architecture diagram (Retrieved from Kathuria, 2018).

The network is framed with a bottleneck structure 1 x 1 followed by 3 x 3 convolution
layers inside each residual block plus a skip connection (Thuan, 2021). All the convolutional
layers in YOLOv3 are followed by a batch normalization layer and Leaky RelLU activation.
There are no pooling layers; instead, there are convolutional layers with stride 2 used to
downsample feature maps. Consequently, it prevents the loss of low-level features that the
pooling layer would exclude. As a result, capturing low-level features improved the capacity to
detect small objects (Kathuria, 2018) (detailed information regarding the YOLOvV3 architecture
is displayed in Figure H-1).

FPN is a method where a feature map gradually decreases in spatial dimension and

increases again and then is concatenated with previous feature maps with corresponding sizes.
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Concatenation is a method that gets more meaningful semantic data from the upsampled
features and detailed information from the earlier feature map (Redmon & Farhadi, 2018).
YOLO detection is done by applying 1 x 1 kernel on feature maps of three different sizes

at three distinct places of the network. The size of the detection kernel filter
X = (Bx (N + conf + (C)), (4.2)

where X corresponds to the size of the detection kernel, B represents the number of bounding
boxes the filter can predict, variable N the number of bounding boxes attributes, variable conf
the object confidence, and term C is the number of class predictions (Redmon & Farhadi, 2018).

The detection occurs at three different layers, 82", 94" and 106" coinciding with the
three last residual blocks. So, in the 81% layer, the stride is 32, which means that if the image
has dimensions 416 x 416 pixels, a feature map of 13 x 13 pixels will be obtained. As a result,
one detection by the 1 x 1 detection Kernel gets a 13 x 13 x 255 pixels detection feature map.
Following this logic, in the 94™ layer, the detection feature map is 26 x 26 x 255 pixels, and in
the 106" the detection feature map is 52 x 52 x 255 pixels (Mao et al., 2019).

Each scale has 3 anchor boxes, making 9 anchor boxes for the overall model generated
using K-means clustering. The anchors are organized in descending order of dimension, so the
three biggest anchors are for the first scale, the next three for the second scale and the last three
anchors for the third scale (Kathuria, 2018).

Between the detection scales in Figure L-1, the feature map from the previous two layers
is upsampled by 2 times. Then the feature map from earlier in the network is merged with the
upsampled features using concatenation. Afterwards, the feature map is subjected to a
convolutional set and outputs the prediction result. Finally, it connects to the next feature map
(Redmon & Farhadi, 2018).

The reason for YOLOV3 to use three scales is to detect objects of the same class with
different dimensions in the same image. Therefore, it uses a 16 x 16 pixels map to detect larger
objects and 52 x 52 pixels to detect small objects (Kathuria, 2018).

After the image has passed through the three scales, a fusion of the three scale predictive
outputs is performed, and a probability score filter runs out the anchors with low scores. Lastly,
the Non-Maximum Suppression (NMS) takes the bounding box with the best objectness score
in the given model, suppresses the other boxes. or performs an 10U of the bounding boxes (Mao
etal., 2019).
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1.3.Loss function
YOLO uses a sum-squared error between the predictions and the ground truth, to calculate
loss. The loss function can be divided into classification loss, localization loss, and confidence

loss (Hui, 2018).

obj
i

First, the classification loss computes the loss of class probability. except for the 1
term, which is ‘0’ if no objects are present in the cell (Thuan, 2021). The equation is expressed
through

SZ

classification;,ss = Z IliObj z (pl-(c) — ﬁi(c))z, (4.3)

i=1 ceclasses

where p;(c) is the conditional class probability for the class c in cell i (Redmon et al., 2016).
Second, the localization mean-squared error measures the errors in the predicted

bounding box locations and size through

s2 B
localizationoss = Acoord z Z ﬂ?jbj [(x; — fi)z + (i — yi)z] (4.4)

i=0 j=0

s> B 2 (4 5)

. 2 ~ .
Fheoora D Y 1 [Wi— o (v - i) ]
i=0 j=0
obj

where 1.7 denotes 1 if jth bounding box in cell i is responsible for detecting the object;

ij
otherwise, 0 (Redmon et al., 2016). YOLO attributes the highest penalty (A.0,-4) for the
predictions from bounding boxes containing objects and the lowest (4,,,p;) for predictions
without an object to avoid overwhelming the gradient of the cells containing the object, since
it can lead to training divergence and model instability (Redmon et al., 2016).

The first term (4.4) computes the loss related to the deviation from the predicted bounding
box position and the ground truth bounding box based on coordinates (X.enter» Yeenter)-
Subsequently, the second term (4.5) calculates the square root of the difference between the
width and height of the bounding box (Thuan, 2021).

Since the magnitude of the error in large boxes affects the equation less than in the small
boxes, the second term takes the square root of width and height to the loss function and
considers the deviation in terms of the size of the bounding box. Therefore, the small bounding
boxes with little deviation should be more meaningful than the large ones. Moreover, to

increase the bounding box accuracy, the term A.,,q 1S multiplied with the loss (Thuan, 2021).
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At last, the confidence loss is composed of two terms and is represented by the following

equation
s> B
confidence;,ss = z Z ]l?jb] (Ci - Ci)z (4.6)
i=1 j=1
s2 B
bi A\2
/’Lnoobjz 17 (¢ = ¢, (4.7)
i=1 j=1

noobj
ij

obj

where C; is the box confidence score of the box in cell i and 1 is the complement of 1;

(Redmon et al., 2016).

The first term (4.6) represents the addition of squared error between the predicted
confidence value and the ground truth for each bounding box in each cell. The second term
(4.7) computes the mean-squared sum of cells that do not incorporate any bounding box.
Furthermore, a regularization parameter, A,,p;, is used to make this loss small because most
boxes do not contain any object, so it causes a class imbalance problem (Thuan, 2021).

In YOLOV3. the (4.3), (4.6) and (4.7) terms of the equation, which are squared errors, are
replaced by cross-entropy error terms. As a result, object confidence and class predictions in
YOLOv3 are now predicted through logistic regression. The objectness value should be 1 if the
preceding bounding box overlaps a ground truth object by more than any other bounding box
(Kathuria, 2018).
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