S S S S S S S S S

NANA

N\

.

AN

'—)‘\Y

L’)(‘ 4‘//

B10 INSPIRED COOPERATIVE PREY HUNTING FOR

MULTI AGENT SYSTEM

BY

MD MUZAKKIR QUAMAR

A Thesis Presented to the
DEANSHIP OF GRADUATE STUDIES

KING FAHD UNIVERSITY OF PETROLEUM & MINERALS
DHAHRAN, SAUDI ARABIA

In Partial Fulfillment of the
Requirements for the Degree of

MASTER OF SCIENCE

In

CONTROL AND INSTRUMENTATION ENGINEERING

MAY 2022

\.
o
/&v
1

!

»/,

N
23

!

e S e

?

~

S I S S I B SR RS

NG
4
|

TOET
»Qf 4@?

%ﬁ%%&f—i%ﬁa‘%inAafei%fezafezakza’f:aff:%ezakb%t%ei%i#ei%@ef%&@eﬁ%ﬁeﬁﬂeﬁ%l#ﬁ%i&i&iﬂeﬁ%a‘%

S S S T S S S S S S S S S e

T AST

T



This thesis, written by MD MUZAKKIR QUAMAR under the direction of his thesis
advisor and approved by his thesis committee, has been presented and accepted by the
Dean of Graduate Studies, in partial fulfilment of the requirements for the degree of
MASTER OF SCIENCE IN CONTROLS AND INSTRUMENTATION

ENGINEERING.

@ j Dr. SAMI EL FERIK
(Advisor)

Dr. MUJAHED AL DHAIFALLAH

(Department Chairman) =
W

Dr. MUJAHED AL

IR R
= o s DHAIFALLAH
Dr. SOLIMAN S. AL-HOMIDAN (Member)
(Dean of Graduate Studies)

Dr. ABDUL~\‘)AHID A. SAIF
(Member)

Date:



© MD MUZAKKIR QUAMAR

2022



In the name of Allah, the Most Gracious, the Most Merciful.

This study is wholeheartedly dedicated to my family who always stood by my side and

have been a source of inspiration and strength.



ACKNOWLEDGEMENTS

All Praise to Almighty Allah for blessing with wisdom, strength, determination, and good
health which helped me reach the milestones of my life.

| take this opportunity to thanks the Ministry of Education, Kingdom of Saudi Arabia for
giving me an opportunity to pursue my MS in one of the best universities within Kingdom.
Likewise, | would also thank the KFUPM imparting world class education, and access to
advanced facilities and equipment in class and Laboratory. KFUPM will consistently be
recalled in my sweet memories as a home away from home.

I am highly grateful to my thesis advisor and Graduate Coordinator, Prof. Sami El Ferik. |
express my wholehearted gratefulness to Prof. Sami for his valuable ideas, direction, and
important time from his bustling timetables all through my Masters. | truly value his
unassuming nature and generosity which kept me agreeable all through the excursion at
KFUPM. I think without his unconditional help this work could not have been conceivable.
It was an advantage for me to enter in the realm of exploration under his direction acquiring
the abilities needed in this field. Indeed, | say thanks to him for all his help till date and
ideally likewise in my prospects. | would wind up saying that it is an honour to work under
his supervision, it inspired and benefitted me from his tremendous experience.

I am also grateful to my committee and members, Prof. Abdul Wahed A.Saif and Dr.
Mujahed Al Dhaifallah for their valuable suggestions throughout the thesis work and in

improvising the quality of my work by exchanging the ideas. | would like to take this



opportunity to thank all the teachers and faculty for their continuous support, guidance, and
advice.
I would like to thank my family and friends who encourage me during the hard times for
keeping up with this task. Lastly, I am grateful to all respondents and different people for
their important collaboration and furthermore to the individuals who directly or by
indirectly helped me during this undertaking. Without the assistance of every one of these
respected individuals, I would not have had the option to attempt this thesis effectively.
Thanking you.

Md Muzakkir Quamar



TABLE OF CONTENT

ACKNOWLEDGEMENTS ...t \Y;
TABLE OF CONTENT ..ottt Vi
LIST OF TABLES ... .t IX
LIST OF FIGURES ... oottt e et X
LIST OF ABBREVIATIONS ...ttt Xiii
ABST R A CT ettt e et e e e et e e et e e e e b e e e anra e e e nnees Xiv
B PP OPRPP XVi
Chapter 1 INTRODUCTION ......oiiiiiiieiie ettt sia e sia e e e snaee e snneeeansea e 1
1.1 Problem STatement ..........cooviiiiiieiee e 4
1.2 ODJECTIVES. ...eeeeiie ettt e e e et e e et a e et e e et e e e ra e e e nreeennae e 5
L3 APPIOACKH ..o e 6
1.4 OrganiSAtION .......cciiuiieiiiee ettt e e e e e e e e a e e e e e arae e 7
Chapter 2 LITERATURE SURVEY ......ooiiiiiiieiiteiie et 9
2.1 MUItE AQENT SYSTEIM ...t e s e e e e e sre e e anee e 9
2.2 Biologically Inspired NEtWOIK ...........ccoiiiiiiieiiiie e 10
2.2.1 Adaptive NEIWOIKS ......cccuiiieiiie et 12
2.2.2 Distribution STrategies ........cccveeiiiieeiiie e 13

2.3 Pursuit-Evasion: Swarm of UAVS ..o 13

Vi



2.4 Cooperative Prey HUNTING .......oooiiiiiiiciic e 14

2.5 Trajectory controller for Non-Holonomic UAV Models ...........ccccceviiieninnnne. 15
Chapter 3 NONHOLNOMIC UAV MODEL .....ccccciiiiiieiie e 18
B L INEFOAUCTION ..ttt ettt nnee s 18
Chapter 4 NAVIGATION ALGORITHM FOR UAVS. ... 21
A1 INEFOTUCTION ..ttt ettt 21
4.2 The FOraging PhaSe ..........coiiiiiiiiiiiieii e 22
4.2.1 Fish Prey AlGOrithm ......oooeiiieie e 23

4.3 EVASION PRASE.. ..ottt s 35
4.4 Distributed Velocity Estimate for SWarm ...........ccccccvviviiiiic e 37
4.5 Global Estimation of Predator Location and veloCity. ............ccccoccvveviieeiinnnnn 38
4.6 Predator BENAVIOUT ...........coiiiiiiieeee s 39
Chapter 5 COOPERATIVE PREY HUNTING BY MULTIPLE PREDATORS.....40
5.1 INTFOTUCTION ...t 40
5.2 Motion Control Mechanism for Predators............cccooviviiieiieiicicsic e, 41
5.2.1 State Machine Model ..........cccooiiiiiiiii e 42

5.3 Global Velocity Update for Predator ............ccccoovvieiiiec e 47
Chapter 6 DESIGN OF TRACKING CONTROLLER ........ccocviviiiieciee e, 48
6.1 TrajeCctory gENEIAtION .........cccveiiiiee et eaee e 49
6.1.1 Trajectory Generation in Absence of Threat ............ccoovveeiiiiie i, 50

vii



6.1.2 Trajectory Generation in Presence of Threat ...........ccccccevvvviiiiieiiic v, 51

6.2 Single UAV Tracking ANAlYSIS........uuiuiiiiiiiiieiiiie i 51
6.2.1 Design of Optimal Fractional Order PID Controller. ...........cccccceevvvevinnennnen. 52
6.2.2 Control System Implementation............cccocveiiiiieiiienc e 57

6.3 SIMUIATION RESUITS .....c.eeiiiii e 58

6.4 Multiple UAV Tracking ANalysis .........ccccooiiiiiiiniii e 63

Chapter 7 RESULTS AND ANALYSIS ..ot 65

7.1 Single Predator ATEACK ...........cooiiiiieiiee e 65
7. 1.1 FOraging PREASE .......cueeiiiiiiiiiieiee ettt 66
7.1.2 FOraging and EVASION .........cccuiieiiiieiiireciie e cee e e e e sa e san et e e snnee e 68

7.2 Single Predator Attack with Obstacle and Wind Turbulence ......................... 76
7.2.1 Single UAV Foraging with Obstacle and Turbulence ...........ccccccoevvveiiieennen. 77
7.2.2 Single UAV Foraging and Evasion with obstacle and Wind Turbulence. ...... 77

7.2.3 Multiple UAV Foraging and Evasion with Obstacle and Wind Turbulence ... 79

7.3 Multiple Predator Attack - Cooperative HUNEING ........ccccooiveiiiieccic e, 81
7.3.1 Cooperative Hunting Under Wind Turbulence ...........ccccooveiiiieeiiie e, 87
Chapter 8 CONCLUSION AND FUTURE STUDY .....cooiiiiiiiiiesie e 88
REFERENCQGES . ... .o e et e e 90
CURRICULUMN VITAE ...t 106

viii



LIST OF TABLES

Table 4-1: ASSUMPLION TaDIE......cooiiiiii e 24
Table 4-2: Estimating node position on the outer boundary of Fragmented groups......... 34
Table 4-3: Evasion Angle for UAVS in each Quadrant............cccovveivieiniieesiiee s, 37
Table 6-1: Gain Parameters FOPID CONtroller............ccooiiiiiiiiiiiii e 58
Table 7-1: Simulation table for single Predator Attack .............cccoviiiiiiiie i 66
Table 7-2: Simulation table for Multi-Predator Attack- Cooperative Hunting................. 81



LIST OF FIGURES

Figure 1.1: swarming drones, based on the Hunter 2 series of UAS, presented at Unmanned

Systems Exhibition and Conference (UMEX 2022) [9]. ....ooooveiiiieiiiiieieeeeee e 3
FIgure 3.1: UAV MOGEL .......ooiiiiiiiiee et 19
Figure 4.1 1 Air Combat FIeld......ccviiiiiiieie e 22
Figure 4.2 : Vector representation of Fish nodes and Target ..........cccooevvvereeiineniiennn, 27
Figure 4.3 : Four Regions around Predator based on relative position of fish node......... 30
Figure 5.1: State Transition Model for Predator............ccccoovieiiiinii i 42
Figure 5.2: Predator position with the network center and concept of Outlier ................ 44
Figure 6.1: Control Schematic - Single UAV ... 48
Figure 6.2: Control decision flowchart for Fleet Navigation ...........c.ccccccvveviieeiiieeiiinnnn 49
Figure 6.3: Generalized Schematic diagram of FOPID controller .............ccccceevvveeiinnnnn 53
Figure 6.4: Simple Flow chart structure of particle swarm optimization......................... 56
Figure 6.5: The block diagram of the FOPID control system structure..............ccccceuvee.. 57
Figure 6.6: Single UAV reference tracking...........cocveeiieeeiiiii i 59
Figure 6.7: Orientation tracking error for single UAV ........ccccooiviiiiiciiiic e 60
Figure 6.8: Reference tracking for circular trajectory.........cccccoovvveiiiieiiie e 60
Figure 6.9: Single UAV Reference tracking under wind turbulence............cc.cccooeeinn.n. 61
Figure 6.10: Orientation tracking error for single UAV under wind turbulence............... 62
Figure 6.11: Reference tracking for circular trajectory under wind turbulence ............... 62
Figure 6.12: Multiple UAV tracking..........ccccooivieiiiii i 64
Figure 7.1: UAV Fleet aligned to forage towards target............ccccoevvveiieeiviee e 66


file:///C:/Users/engab/OneDrive/Desktop/Thesis_Draft_Final.docx%23_Toc111557568

Figure 7.2: FOraging BENAVIOT L ........cooiiiiiiiiiiiie et 67

Figure 7.3: FOraging BENAVIOT 2 ........ccuuiiiiiieiiiie sttt 67
Figure 7.4: FOraging Behavior 3 ..o s 68
Figure 7.5: Q1 Attack - Foraging & Evading Behavior 1 ...........cccooceviiniiiiicninicnen 69
Figure 7.6: Q1 Attack - Foraging & Evading Behavior 2 .............ccccoiiiniiicniicie, 69
Figure 7.7: Q1 Attack - Foraging & Evading Behavior 3 ...........cccooceiiiniiicnicie 70
Figure 7.8: Q1 Attack - Foraging & Evading Behavior 4 .............ccccovviiiiiiiciiicien, 70
Figure 7.9: Q1 Attack - Foraging & Evading Behavior 5 ...........cccocceviiiiiiciicie, 71
Figure 7.10: Q1 Attack - Foraging & Evading Behavior 6............cccccovviivieiiieinicinennn, 71
Figure 7.11: Q2 Attack - Foraging & Evading Behavior 1............ccccoviiiniiiiieniniennenn, 72
Figure 7.12: Q2 Attack - Foraging & Evading Behavior 2............cccccovviiiieiiieiiiciene, 72
Figure 7.13: Q2 Attack - Foraging & Evading Behavior 3............ccccccevveeviiee e 73
Figure 7.14: Q2 Attack - Foraging & Evading Behavior 4.............cccccevvveeviieeiiine e 73
Figure 7.15: Q2 Attack - Foraging & Evading Behavior 5............cccccceeviieeviiee e 74
Figure 7.16: Q2 Attack - Foraging & Evading Behaviour 6.............ccccccccveeviieeiiiineciinnn, 74
Figure 7.17: Q3 Attack - Foraging & Evading Behavior ...........c..cccccceeviieeiiieeiiiec i 75
Figure 7.18: Q4 Attack - Foraging & Evading Behavior ...........cc.ccccceeviieeviieciiiec i 76
Figure 7.19: Foraging of single swarm in presence of obstacle and wind turbulence. .....77

Figure 7.20: Single UAV foraging and evasion with obstacle and wind turbulence- case |

Xi



Figure 7.23:
Figure 7.24:
Figure 7.25:
Figure 7.26:
Figure 7.27:
Figure 7.28:
Figure 7.29:
Figure 7.30:
Figure 7.31:
Figure 7.32:
Figure 7.33:

Figure 7.34:

Multiple UAV foraging and evasion in the presence of wind and obstacle . 80

Casel-Multi-Predator Attack -Frame 1........cccoceiiveiiiieiiiiee e 82
Casel-Multi-Predator Attack -Frame 2.........ccccceviieiiiieiiieeiieesiieesieeens 82
Casel-Multi-Predator Attack -Frame 3.........ccoceviieiiiieiiiee e 83
Casel-Multi-Predator Attack -Frame 4.........ccccevveeiiiie e siee e 83
Casel-Multi-Predator Attack -Frame 5.........ccoceiiveiiie e 84
Casel-Multi-Predator Attack -Frame 6..........cccevvveeiee e siie e 84
Casel-Multi-Predator Attack -Frame 7 .........ccccevveeeiiee e sie e 85
Casel-Multi-Predator Attack -Frame 8..........ccccoviveeviie i 85
Casel-Multi-Predator Attack -Frame 9.........ccccevviveiiiie e 86
Casel-Multi-Predator Attack -Frame 10 .........ccccoocveeiiveiiine e 86
Cooperative Hunting Under Wind Turbulence............ccccooovevviiieiiiieiinnns 87

Xii



LIST OF ABBREVIATIONS

Abbreviations

UAV Unmanned Aerial Vehicle

UAS Unmanned Aircraft System

RPAS Remotely Piloted Aircraft System
VTOL Vertically hover, take-off, and landing
DOF Degree of Freedom

PID Proportional Integral Derivative

PSO Particle Swarm Optimization

ATC Adapt and Then Combine

SLAM Simultaneous Localization and Mapping
CEP Complex Event Processing

MAS Multi Agent System

GPS Global Positioning System

Fig. Figure

Egn. Equation

PSO Particle Swarm Optimization

MPC Model Predictive Controller

AUV Autonomous underwater vehicle

LMS Least- Mean Square

CTA Combine-Then Adapt

FOPID Fractional order Proportional Integral Derivative

Xiii



ABSTRACT

Full Name : MD MUZAKKIR QUAMAR

Thesis Title: : Bio-Inspired Cooperative Prey Hunting for Multi Agent
system

Major Field: : Controls and Instrumentation Engineering

Date of Degree: : May 2022

In this thesis, a biologically inspired diffusion adaptation-based algorithm is
implemented for swarm of UAVs. The swarm of UAVs in pursuit of food, forage
to a desired target exhibiting cooperative behaviour. The swarm is capable of
evading in case of a predator attack using Adapt and then combine algorithm. The
navigation algorithms are designed to swiftly switch to desired mode of foraging
and evasion based on the environmental conditions. Further a cooperative hunting
strategy for multi predator is modelled. This is also inspired by the biological
behaviour exhibited by some fishes and animals. The hunting strategy is modelled

using state transition model.

The swarm and predator are modelled using nonholonomic UAV models knitted in
an adaptive network such that the UAVs exhibit biological behaviour during the
navigation. This approach is like war of drones in an air combat field. To put in
context, in this thesis we aim to use bio inspired algorithms for the navigation of
UAVs along with design of an optimal controller to ensure the trajectory tracking
of the UAVs. The complete navigation is designed to emulates the scenarios of
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warfare, where a group of UAVs are on a mission of accomplish a target and is
attacked by enemy UAVs. To approximate the environment with real world
scenario we add unstructured obstacle such as buildings or trees, which the agents
avoid colliding during the navigation. We also added a wind turbulence zone that
emulates storm or typhoon in real world to increase the complexity in the
environment. The fleet of UAVSs is capable of evading the attack using cognitive
evasion algorithm. Similarly, the predator UAVs also form groups and cooperate
to trap and attack the swarm considering its enemies. Simulations are performed
for both single and multi-predator attack. The results exhibit the effectiveness of

the work.
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CHAPTER 1

INTRODUCTION

Unmanned aerial vehicles (UAVS) typically refer to an aircraft that does not have a pilot
and operates through a combination of technologies including computer vision, artificial
intelligence, object avoidance technique, and others. The UAVs have been gaining
popularity due to its small size, ease of operation, vertically hover, take-off, and landing
(VTOL) low production cost, ease of operation and most importantly unmanned operation
in high-risk operation and wars. Due to its ability to perform wide range of civil and
military operations such as survey, monitoring, security inspection, search and rescue,
delivery operations, disaster management, attacks in warfare, etc it is intensely researched.
The researchers are showing interest to develop more advanced UAVs with better control,
increased intelligence, and cooperative manoeuvring. According to data extracted from
Scopus [1], UAV/UAS/RPAS/drone related research exponentially rose since 2014, while

more than 80k papers published with these keywords since 2001.

Today every country is investing heavily in drone technology. As per reports[2] the global
drone market is expected to grow by $21.01 billion at a compound annual growth rate of
14.42% between 2021-2025. A large percentage of this investment is dedicated to military
needs. The global military drone market is expected to grow at 6.6% during this period [3].
The military drones are utilised for military use such border surveillance, combat
operations, communication, delivery, and anti-terrorism weaponry. Since the military

operation is performed in regions with no or minimum information and access. Thus, it is
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required for the drones to be robust, precise, adaptive, and intelligent during its operations
in such militarised zone. While it is easy to control and operate a single UAV, however,
controlling and coordinating the operation of multiple UAVs is complex [4]-[6].

One of the recent advancements in the military use of the UAVs is the swarming
technology. Swarming typically refers to a mode of operation, where multiple autonomous
systems act as a coherent unit by coordinating their actions. Military applications require
networked multi-UAV system to perform practically, optimally, and reliably under
changing mission requirements. A 2018 study conducted by U.S Army [7] suggest
that “swarming would make attack drones at least 50% more lethal while decreasing the
losses they took from defensive fire by 50%”. A UAV combatting in group pose many
challenges for smooth control and coordination between the group members. The
increasing use of UAV swarming technique integrated with controller design in military
operation makes it an active area of research. We envision future military combats will be
carried out using swarming of UAVS. In other words, military supremacy will be
determined by the potential UAV technology integrated with swarming technique. A
statement by Dr. Jemin George of the U.S. Army Research Laboratory bolsters our claim.
As per Dr. George, “Future multi-domain battles will require swarms of dynamically
coupled, coordinated heterogeneous mobile platforms to overmatch enemy capabilities and
threats and hence The US Army is looking to swarming technology to be able to execute

time-consuming or dangerous tasks”[8].


https://www.arl.army.mil/

Figure 1.1: swarming drones, based on the Hunter 2 series of UAS, presented at

Unmanned Systems Exhibition and Conference (UMEX 2022) [9].

A key enabling technology for swarms is the family of algorithms that allow the individual
members of the swarm to communicate coordinate and plan trajectories efficiently while
accomplishing a mission. The origin of swarm modelling was inspired by the natural
behaviour of the biological group’s (schools of fish, flocks of birds, swarm of ants, etc.)
responses to predators or prey. The collective behaviour of animals has been studied in
several literature [10] , bird flocking [11], school of fish [12], bees swarm [13], or wild
predators [14]. M. Chen, et al. [15] developed a flocking control for a multi agent systems
by identifying team leaders and followers. S. El Ferik et al. [12] [16] proposed a set of
biologically inspired control algorithm that enables the multi-agent system to operate by
switching through different navigation algorithms. The navigation algorithms are based on
concept of adaptive networks along with diffusion and adaptation technique. A

combination of path tracking, integrated with diffusion adaptation and potential field



strategies has been implemented to ensure stability while switching, formation
maintenance, cohesive motion, mission accomplishment, as well as evasion if under threat.
However, when it comes to cooperative hunting, with multiple UAVs we find very few
research in literature where trajectory planning, and control is implemented. In [17] the
author uses adaptive network model with diffusion adaptation for cooperative prey hunting
for point mass object, but without control. Juan Ze in [18] multi-UAV with prey hunting
with MPC controller with static and moving obstacle avoidance, but the behaviour of
predator or prey is not based on bio inspired technique. A few other research used
optimization-based techniques such as PSO [19] or wolf-pack-particle-based model [20]
for cooperative hunting. Thus, we propose cooperative hunting for MAS trying to trap and

attack mobile UAVs using state transition model along with controller design.

1.1 Problem Statement

Based on our reviews we found a lot of work is done on design of control techniques for
tracking nonholonomic UAVs for both single agent and multi agent system. However,
when it comes to integration of bio inspired algorithms along with nonholonomic UAVs
very little work is done. In [12] the author integrated bio inspired algorithm along with
nonholonomic UAV model for swarm of UAVs foraging and evading under threat of single
predator. The work was extended in [16] for multi predators. However, when it comes to
cooperative hunting there is no current work to the best of our knowledge that integrates
the bio inspired algorithms with nonholonomic UAVs for multi predator attack using

cooperative hunting strategy along with design of an optimal controller.



Therefore, inspired by the work in [17] and [12], in this thesis we propose a bio inspire
cooperative prey hunting for multiple predators. The bio inspired algorithm is based on
adaptive network with diffusion and adaptation. The cooperative hunting strategy is
modelled using state transition model. An optimal Fractional order PID controller tuned
using PSO is designed to ensure nonholonomic model track the trajectories designed using
bio inspired algorithm. To add complexity to the system we introduce obstacle and region
of wind turbulence in the environment. The controller ensures zero tracking error even in

the region of high wind turbulence making the design robust.

1.2 Objectives

The following objectives are achieved in this thesis work,

1. The design of navigation algorithm for nonholonomic group of UAVs based on
[21].

2. Design of bio inspired algorithm based on adaptation and diffusion strategy for
swarm of UAVs mimicking the behaviour of school of fish, foraging in search of
food and evade when under threat based on [12].

3. The design of cooperative hunting strategy based on state transition model as in
[17].

4. Integration of Bio inspired algorithm with the non-holonomic UAV models.

5. Design of robust optimal controller to ensure trajectory tracking based on designed
navigation algorithm during foraging and evasion.

6. Use of potential field strategy to ensure collision avoidance among UAVS.



7. Design of obstacle avoidance mechanism for both swarm and predator agents
during navigation.

8. Design of a wind turbulence region that emulates the storm in real world scenario.

9. Finally, the simulation of the nonholonomic models based on the above designed
navigation algorithm and controllers for both single predator attack and multi

predator cooperative attack.

1.3 Approach

In this thesis, we propose distributed navigation algorithm for a group of UAVs (swarm).
The Navigation algorithm is biologically inspired by the behaviour of school of fishes. The
algorithm is based on diffusion and adaptation strategy [21]. The navigation algorithm

allows the UAVSs to switch to multiple path planning strategy based on the predator attack.

We define two cases for predator attack. A single predator attack and a multi predator
attack with cooperative hunting strategy. Under a single predator attack the swarm UAVs
foraging on a mission to accomplish a target, are capable of evading. The swarm UAVs
are strongly connected adaptive network with learning capability. During foraging the
Swarm UAVs move coherently and maintains a safe distance between them, to avoid
collision. During evasion the swarm of UAVSs switch to cognitive evasion technique to
escape danger and once out of danger they reunite and forage towards target. Thus, swarm
of UAVs switch between the two modes of navigation, foraging and evasion based on the

presence of predator.

Under multi predator attack we design a cooperative hunting strategy for the predators. The

cooperative hunting strategy is also biologically inspired. The cooperative hunting strategy

6



is modelled using state transition model [22]. The predators switch to four different modes
- chase, encircle, trap, and attack, during the hunting process. The predator UAVs chase
the foraging UAV fleet, encircle it, and then attack. During attack the fleet of UAVs switch

to evasion.

The fleet of UAVs for both the predator and swarm is composed of nonholonomic robots
under Pfaffian constraint. An optimal FOPID controller is used to control the trajectory of
the UAV robots during the navigation. The simulation results have been performed using

python programming to demonstrate the results.

1.4 Organisation

The coming work in the thesis is organised as follows. Chapter 2 discusses the literature
survey related to the research. Previous work related to multi agent system is discussed.
Then the research in past related to bio inspired network is discussed. A subsection for
adaptive network and diffusion strategy is discussed as well. We further focus on the work
in past for pursuit evasion for MAS. And finally, the literature related to cooperative
hunting strategies is discussed. In chapter 3 we discuss the nonholonomic UAV model, its

constraint and mathematical formulation.

In chapter 4, we design the navigation algorithm for Swarm of UAVSs. First, we discuss the
fish prey algorithm for UAVs based on adaptation and diffusion. Then the motion control

algorithm for swarm of UAVs during foraging and evasion is discussed.

In chapter 5, we discuss the cooperative prey hunting. We define the state transition model

for the predator attack. Then the motion control algorithm for the predator in each state is



modelled. In chapter 6 we design an optimal controller and exhibit the trajectory tracking
of single and multiple UAVs. While in chapter 7, we discuss the simulation results for each
case. Finally, we conclude our work with the results achieved and future work that can be

incorporated in chapter 7.



CHAPTER 2

LITERATURE SURVEY

2.1 Multi Agent System

The notable feature of an UAV is that it cannot perform certain task or accomplish a
mission individually in a large area such as performing search operations or surveillance.
Therefore, multiple UAVs need to be employed in collaboration among each other to
achieve the desired results. The UAVs working in a cooperative manner like a swarm
provide powerful capabilities to perform complex tasks, critical mission and can perform
challenging operations with easily in a remarkable pace with accuracy compared to
individual UAV. These could be the reasons that the group of UAVS as a Multiagent
system have started to gain high prominence as the swarm of UAVS in a Multiagent system

communicate and collaborate efficiently.

Schmuck et al.[23] used a group of small UAVs to act as Multiagent system that
collaborates using a monocular simultaneous localization and mapping (SLAM)
application. Tian et al. [24] used a fleet of UAV to perform search operation in dense forest.
The UAVs collaborated to explore a thick forest area where GPS is unreliable. They used
wireless communication and onboard computations techniques to communicate. Ashraf et
al. in [25] proposed an online, collision avoidance and navigation system for swarms of

UAVs. They used the geographical locations of the UAVs and designed a system to



successfully detect static or dynamic obstacles and avoid collision. It had three main
components: a complex event processing (CEP) and collision prediction module, second,

a mutually exclusive locking mechanism, and third, a collision avoidance mechanism.

2.2 Biologically Inspired Network

A network designed to mimic the natural behaviour of animals and fishes is called as
Biologically inspired network. The fascinating behaviour exhibited by schooling fish,
swarming bees, and flocking birds have always attracted researchers to study them and
model solution to complex real-world problems based on that. Xumei Fan et.al in [26] have
presented a review on biologically inspired networks and algorithms. They have broadly
classified the biologically algorithms into four categories. These are evolutionary based,

swarm intelligence, Ecology based, and multi-objective algorithms.

The use of biologically inspired networks is highly diversified and not just limited to
computing and robotics, rather it is also used in industry such as transportation and
manufacturing. Xiaoge Zhang et. al in [27] designed a transportation network based on the
biological behaviours of acellular slime mould Physarum polycephalum. A
Physarum converges to shortest path in the network irrespective of the initial structure of
the network or of the initial mass distribution. The author used the foraging behaviour of
slime mould Physarum to solve the network design problem and optimize the transport
flow between two cities. The slime mould model provided the shortest path and optimized
the overall transportation cost and traffic congestion thus improving the overall efficiency

of transportation model. Paulo Leitao et. al in [28] provided a brief review on the use of
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bio-inspired model to solve complex problems in manufacturing process. The bio inspired
models for Multiagent system used in manufacturing is mainly focussed. The
manufacturing process essentially consist of multi agents, the research explains how bio
inspired model integrated with MAS can help design more modular, intelligent, adaptive,
and flexible manufacturing process. The author concluded with an experimental case study
for bio inspired MAS in a manufacturing process. A full-size manufacturing system with
seven workstations (assembly robots, quality control units and load/unload units)
connected through a conveyor belt is used. A bio inspired control system using the concept
of potential field for task allocation and dynamic pallet routing is used. The experimental
results showed an improvement in production time gain of 10% compared to contract-net
approach typically used in multi-agent control solutions for resource allocation in

manufacturing process.

In [29] Wei Wang et. al presented a bio inspired communication system for underwater
robots. Inspired by the behaviour of weakly electric fishes which uses electric field to
communicate. The author designed an analytical model for electrocommunication between
underwater nodes. The communication was tested with two leaders and a follower in still
water, flowing water, and water with obstacle. The underwater leader follower robots were
able to successfully communicate and achieved motion synchronisation in a 3D

environment.

In [30] Nunzia Palmieri et. al uses bio inspired algorithms for the coordination of mobile
robots exploring targets in an unknown environment. The swarm of robots are distributed
over a region and use bio inspired metaheuristic approach to explore the target. The state

action of robot is defined in 5 states, exploration, coordination, recruitment, waiting and
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execution. A robot first explores the target, and once it reaches the target it becomes a
coordinator and signals other robots in its vicinity by sending packets to reach the target.
The recruited robot does same and move towards the target. Once all the robot reaches the
target the execution is performed. This strategy can be best suited for search and rescue

operation where robots explore an unknown target in an unknown environment.

2.2.1 Adaptive Networks

Adaptive network is a collection of agents which interact locally and diffuse information
through the network to achieve a global target. The repeated interaction and diffusion of
information solves the optimisation problem in a decentralised manner. Some of the key
features of adaptive network is scalability, robustness to node and link failure and ability
to learn through cognitive behaviour. Some of the promising work in the field of adaptive

networks can be found in [31]-[36].

Ali Sayed in [37] wrote a detailed survey on adaptive networks. In the survey he discussed
in detail stochastic Gradient optimization, risk and loss function, conditions on gradient
noise conditions, Mean square error stability and performance. He also discussed the
adaptation and learning for single agent and multi agent network individually. The
distributed strategies for network interaction, adaptation and learning is also discussed in
detail. He further discussed the performance analysis and limitations of distributed solution

using statistical tools.

Adaptive network forms the backbone to model bio inspired algorithms. Some of the
notable work using adaptive network and diffusion strategy for bio inspired network can

be found in [21], [34], [38]- [42].
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2.2.2 Distribution Strategies

In distributed mode of operation, the agents share information with their immediate
neighbours within the topology. Ali Sayed in [43] discussed several distribution strategies,
namely incremental, consensus and diffusion. In the incremental network the information
is passed from one node to another in a cyclic path until all agents are covered. This process
is repeated in each iteration. However, the incremental strategy has several drawbacks such
as it is sensitive to link failure, each node can only receive information from its preceding
node and pass to just one succeeding node, and computationally costly as for each iteration
N incremental steps is performed. The consensus and diffusion strategy do not suffer from
such limitations but in terms of performance diffusion strategy outperforms consensus
strategy [44]. In [45] Cattivelli et. al, presented the different diffusion and consensus based
LMS algorithms, including the (non-hierarchical) ATC and CTA diffusion LMS algorithm,
the consensus-based D-LMS and their performance was analysed. It is observed that the
ATC version of diffusion LMS outperforms other algorithms in terms of convergence.
Diffusion strategies can be used to solve estimation tasks in cooperative networks with
multi nodes with adaptation and learning abilities, indicating that they can be used to mimic
the biological behaviours. Sayed in [21], [33] [22] used diffusion strategy to mimic the

biological behaviours.

2.3 Pursuit-Evasion: Swarm of UAVs

Pursuit Evasion is a more specific theory where Multiagent system can chase an external
agent or evade from an external threat. This Pursuit-evasion theory involving Swarm of

UAVs have been studied in detail by Krishnamoorthy et al. [46] where the author uses
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multiple UAVs to search a moving target. Ground sensors are used to trigger the search by
each UAV. Alexopoulos et al [47], proposed a pursuit-evasion game with multiple UAVs
and applied a game-theoretical approach to find a solution. They did experiments using
multiple real outdoor flight and successfully validated the proposed solution. Fargeas et al.
[48] solved the problem of trajectory planning and navigation for a fleet of UAVs
performing surveillance and pursuit. The UAVs rely on communicating with ground
sensors to detect potential intruders. They propose a heuristic algorithm to coordinate the
UAVSs during surveillance & pursuit and show its effectiveness through simulations. Fu et
al. [49] proposed a ground target pursuit algorithm using fixed-wing UAVSs. They propose
a method that generates waypoints and direct the UAV to the latest waypoint. Camci et al
[50], implemented ML in pursuit-evasion scenarios. However, they proposed the use of RL
to tune type-2 Takagi-Sugeno—Kang fuzzy logic controllers (TSK-FLCs) and not the ML

in Navigation or counter evasion.

2.4 Cooperative Prey Hunting

Cooperative prey hunting is an extension to flocking behaviour of swarms. Just as swarms
move flock together in search of food, the predator groups also move in group to surround
and attack. A bio-inspired algorithm for hunting in a multi robot scenario is presented in
[51], where the author uses cooperative hunting strategy for an evading robot. The author
uses “Corner and Drag” algorithm to corner the prey to a corner and hunt. The robot uses
master slave approach, while hunting. During the search operation each robot
independently search for an evader, however the robot that first locates an evader becomes

master and flags all the other robots to join it to corner the evader.

14



Oussama Hamed et. al in [52] presented a cooperative hunting strategy for multi robots
based on wolf swarm Algorithm. The multi robot formation is divided into leader,
antagonist, and follower, depending upon the location of prey. The antagonist wolf does
not follows the leader and has its own cognitive way of searching prey. The antagonist wolf
listens to leaders howl and estimates its position, and searches for prey in other direction.
The cognitive behaviour of the antagonist reduces the research space and helps to quickly

find the target.

In [53] Mingzhi Chen et.al, presented a cooperative hunting for multiple AUVs in 2D and
3D model. They used a hybrid path planning based on GBNN (Glasius bio-inspired neural
network) and belief function for hunting a moving target. The AUVs form alliance to hunt
target and avoid collision. A few more works where cooperative hunting strategy is
implemented can be found in [54] which uses macro mathematical model formulated by
rate equations. A potential field based PSO approach for multi robot is used in [55] to
search and hunt the targets. A Lyapunov based control strategy is presented in [56] multi
robot cooperative hunting. A two-layer Fuzzy inference approach is used in [57] for multi
robot hunting. The first layer devices the hunting strategy based on local information of
the evasion, and the second layer enables the hunting. A real time cooperative hunting for

mobile robots using Bio-inspired neural network approach can be seen in [58].

2.5 Trajectory controller for Non-Holonomic UAV Models

UAVs belong to class of nonholonomic models. A common problem associated with this
class of models is their inability to be controlled by a static feedback controller. This is

mainly because the nonholonomic models have an underactuated structure and fail to
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satisfy Brockett’s condition [59], [60]. Therefore, it important for us to discuss the
controller design available in the literature for the trajectory tracking of nonholonomic
models. In general, we discuss the control techniques for the trajectory tracking of different
nonholonomic models which can be implemented on planar UAVs, a subset of

nonholonomic class of models.

Different control strategies can be found in the literature to solve the trajectory tracking of
nonholonomic models. In [61] a hybrid Lyapunov based backstepping approach is used to
solve the trajectory tracking problem for unicycle model. A Lyapunov based controller is
designed to stabilize the robot’s orientation angle error while backstepping approach is
used to drive the position error to zero. In [12] backstepping control design is used to
ensure the trajectory tracking of non-holonomic unicycle mobile robots. An Adaptive
backstepping approach for trajectory tracking of unicycle model is used in [62]. A
robust sliding mode controller (SMC) is designed in [63] to track the navigation algorithm
for the perturbed kinematic model of an Unicycle Mobile Robot. An integral SMC for the
trajectory tracking of wheeled mobile robots with uncertainty in parameters is
proposed in [64]. An adaptive SMC for trajectory tracking of nonholonomic wheeled
mobile robot under kinematic and dynamic uncertainties is designed in [65]. While
Feedback linearization-based trajectory tracking of nonholonomic mobile robots is

designed and validated with experimental results in [66], [67].

Several researchers have considered using control designs for tracking control of
nonholonomic mobile robots using Fuzzy logic control [68], [69]. A super twisting
algorithm was designed in [70] where the tracking challenge is converted into two system
stabilization. The synthesis of the proposed controller is given in terms of Linear Matrix
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Inequalities while the convergence proofs are based on the Lyapunov and Input-to-State
Stability theory. A nonlinear disturbance observer-based model predictive control for path
following problems of wheeled mobile robots with input disturbances is proposed in [71].
An optimal trajectory tracking control using geometric approach is employed in [72] [73].
The error in the positions and velocities between the trajectory of a non-holonomic system
and the desired reference trajectory is minimized by minimizing a cost function. While the
conditions for the existence of extrema are determined by the Portraying Minimum

Principle.

A few research employed intelligent techniques to optimize the parameters of conventional
PID controller. In [74] neuro-PID control and fuzzy-neuro-PID control technique is used
to control the trajectory of wheeled mobile robots. An intelligent control design based on
optimal control theory, adaptive neural network system and robust control technique is
developed in [75]. The trajectory tracking problem is solved using optimal control
technique while the neural network approach is employed to approximate the nonlinear
function in the optimal control law. The robust adaptive controller is then used to
adaptively estimate an unknown upper bound of the time-varying parametric uncertainties,
external disturbances, and approximation error of the neural network system. The stability

is proved using optical control theory and Lyapunov function.
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CHAPTER 3

NONHOLNOMIC UAV MODEL

3.1 Introduction

In this work the UAVs are nonholonomic moving in a 2D plane. Being nonholonomic
means the system has nonholonomic constraints, i.e., velocity constraint cannot be
integrated to give positional constraint. While a holonomic system is one where the
velocity constraints are integrable. In other words, nonholonomic constraints are
constraints on velocity and they do not reduce the configurational space whereas,
holonomic constraints are constraint on velocity and reduce the space of the configuration

and thus the DOF.

We consider a unicycle mobile robot with nonholonomic constraints. Being nonholonomic
UAVs they are constrained by their velocity and cannot make sudden changes in their
velocities, and thus positions, and are difficult to control. The kinematic model of planar
unmanned aerial vehicle consists of position and orientation and two input velocities. The
mathematical modelling for the nonholonomic UAV model on plane is similar to unicycle

model [76] and can be expressed as below.

X = vycosf
y = v;sinf (3-1)

Q:UZ
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Figure 3.1: UAV Model

where g =[x y 6]7T be the generalised coordinate. where (x,y) are the position
coordinate of the UAV in plane, @ is the heading angle. And v, and v, are the forward

linear velocity and angular velocity respectively.

The Equation in (3-1) can be rewritten as below,

X cos 8 0
y|=|sin6| vi + |0] v, (3-2)
] 0 1

It can be simply noted that, ¢ = [x y @]7 has a one-dimensional null space, which

represents the kinematic constraint on the model:
[sind —cos® 0]g=0 (3-3)

The constraint is called as Pfaffian constraint [12], such that:
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D(q)g=0 (3-4)

Where D(q) = [sin@ —cos8 0]

This implies the system has zero lateral velocity, and all available velocities are within the

null space of the matrix D(q).

Let the generalised velocities in the null space of D(q) is given by:

cos @ 0
sin@ | vy, 0] vy (3'5)
0 1

Such that,

cosf
[sin@ —cos@® O0]|sin6| v, =0,

0
(3-6)
0
[sin@ —cos8 0]|0|v,=0
1
Therefore, ¢ can be represented as:
cos 0
q=|sinf@| vy +|0| v; (3-7)
0 1

Which shows the interchangeable relationship between Pfaffian constant and state form
model.
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CHAPTER 4

NAVIGATION ALGORITHM FOR UAVS

4.1 Introduction

In this section, we discuss in detail the proposed navigation algorithm for the UAVs. The
navigation algorithm is designed based on the real time position of the nodes with each
other and the external environment. The external environment which is prone to attack
from threat or obstacles of the nearness to the target. We will discuss in detail regarding

each phase.

We consider a group of UAVs termed as swarm. The individual nodes in the swarm are
friendly to each other and move in group maintaining a safe distance. The aim of the swarm
is reaching the target while protecting itself from an external attack. In real war scenario,
it is similar for a set of drones to reach the target safely. The attacker UAV has the similar
kinematics as a single node in swarm. The attacker UAV termed as predator is on its
mission to attack the nearest node in the swarm. The swarm is aware of the position of the
predator and plans evasion to protect itself from the attack. In real application we will
require GPS installed in the nodes and proximity sensors for distributed location

calculation and velocity measurements.

Our aim in designing the navigation algorithm for UAVs is to mimic the biological

behaviour of the fishes, while foraging in search of food, or evading in case of attack. We
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will explore the possible fish behaviours in different modes and design algorithms to define

trajectory for the UAVS.

v

Air Combat Field ~ ;
/ Target

w > « Fleet of UAVs (swarm)

+
?(/

Predator UAV (Threat)

Figure 4.1 : Air Combat Field

The two possible modes of navigation observed from the swarm fishes are:

1. The Foraging Phase

2. The Evasion Phase

We will discuss the two phases for the swarm of UAVs in the following sections.

4.2 The Foraging Phase

The foraging phase corresponds to a scenario where the fishes move in search of food. In
this navigation phase there is no immediate danger for the fishes. Thus, we would like the
swarm of UAVs to move towards the target in foraging phase just like the fishes move. To

model this, we use the fish- prey algorithm as in [77].
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4.2.1 Fish Prey Algorithm

Fish prey algorithm is designed based on the concept of adaptive network. An adaptive
network consists of closely interactive nodes. The nodes have learning and motion abilities
which allows them to interact locally and solve the challenges of distributed inference and
distributed processing in real time. The nodes communicate with its neighbours which are
mobile while the node itself is mobile. Thus, it creates a network topology that is adaptive.

The organizing behaviour of swarm can be easily modelled using adaptive algorithms.

There are various algorithms such as Adapt Then Combine [21], [77], combine Then Adapt
[78], probabilistic diffusion algorithms [79], which can be employed for an adaptive
network to achieve some cognitive behaviour. In this work we employ diffusion adaptation
algorithm [12] namely “Adapt Then combine” to explain how each fish in the swarm
contribute to achieve the desire schooling behaviour while foraging or evasion.

A parallel comparison of the nodes in the network can be made with a single fish in the
school, and or a UAV in the fleet. In the subsequent subsections we will interchangeably
use term the term node, fish, and UAVs to represent the nodes in the adaptive network.

We make the following assumptions as in Table 4-1in the proceeding work.

23



Table 4-1: Assumption Table

S/N | Assumptions

1. We assume GPS and proximity sensors be used for real experiment.

2. The UAVs are aware of its neighbourhood, i.e., position and orientation of other
UAVs

3. Each UAV is aware of the target location individually.

4. Every UAV is locally aware of the position and orientation of the
enemy UAV but the evasion occurs when enemy is in the declared vicinity.

5. The UAVs are assumed to have physical dimensions, with motion
governed by physical laws [80], [81].

6. The food target is assumed to be stationary while the enemy UAV is mobile.

7. The UAV used is a 2-D model and ignores the aerodynamic considerations of a

physical 3-D UAV. And all the action space is in 2-D plane.
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A. Diffusion Adaptation
Consider a group of N nodes distributed over a region. Each node denoted by k, is
independent and distributed at each instant of time. If node k, shares some information with
its neighbouring nodes, then the set of nodes including node k, is called its neighbourhood
denoted N,. Each node at time instant i, evaluates a scalar random process d, (i), a
regression vector correlated to 1, ;. Where, #,, ; is also a random process representing some
information of node k at time i. The objective of each node is to estimate a vector parameter

Wy i, In real time and in a fully distributed manner. This is achieved using equation (4-1)
di (D) = Up Wy + 1y (4-1)

Where, n;, is random disturbance usually zero mean white noise, independent of other
variables.

In a distributed network, a node passes data to a subset of nodes in its neighbourhood,
which eventually passes data to rest of the connected nodes and so on. Two nodes are said
to be connected if there is direct communication between them. The network aims to find

the vector parameter wy ;, by minimizing the global objective function [77].

N
Totonar (W) = D Eld(i) = ]’ (42
k=1

Where E represents Expectation of the process. N is the number of nodes.
To solve the diffusion adaptation problem, we have used ATC diffusion algorithm
proposed by Ali Sayed in [82], [83]. The ATC algorithm is a two-stage process, the

adaptation stage and combination stage. The ATC algorithm assigns a non-negative real
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weight, a, , to communication links set up between the nodes k, and its neighbours |, where

k=1,2..N,and [l € N,. The weight a; ; must satisfy,

N

Zal’k = 1, al’k =0Vl e Nk (4'3)

=1

During adaptation stage each nodes k, interacts within its neighbourhood to adapt locally.
Thus, each node updates to current state from its previous state. In our case the state refers
to the position vector of the UAVs at time i. while in the combination stage, the node uses
the intermediate values of the neighbour nodes obtained during adaptation stage and
combines it with the weights obtained in Eqn. (4-3).

The ATC algorithm updates its weight at each instant of time i, according to the equation
below given in [83],

Wi = Wigioa + ticlly [die (D) — Wy iwig i1

(4-4)

Wi = Xien, Qi Wi

Where, w, ; is the vector parameter which ATC tries to compute. p; is nonnegative step

size applied by node k., d, (i) is a linearly regressed vector form of d, (i), uy,; as stated

above in Egn. (4-1).

26



B. Measurement Model
The measurement model is used to design the vector relationship between the fish nodes
and its food target in a Cartesian coordinate system. We then will use the same model for
our UAV model. Let the food target be denoted by location vector w® as shown in Figure
4.2. The fish nodes are pursuing the target and move towards it. The distance between the
fish node k and the target vector w® at time instant i, is given by dg (i). While ug ; is the

unit direction vector pointing from the fish location to the target.

dp (i) = ug;(W° — xy) (4-5)
4 dj cos Oy Target at w°
Y  — 4
dy
7o dy, sin 6y,
O

Node at xp

v

Figure 4.2 : Vector representation of Fish nodes and Target

The location vector of the fish node is given by x, ;, which changes with time over the
surface. it ; is the unit vector direction from fish node x,; towards target vector w°. The

unit vector i ; is defined in terms of azimuth angle 6, (7).
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up; = [cos O, (i) sin by (i)] (4-6)

The underwater environment has some disturbances and perturbations in form of waves.
Therefore, we introduce noise to bring accuracy in the modelling. When considering the
UAV flying in space, the noise can be introduced as wind disturbance.

The noise disturbance can be modelled as in Eq. (4.7)
Uy = Ug; +ni;
d (i) = d2(i) + nl() (4-7)
dye (D) = die (D) + 00

Where, nf ; and nf (i) are additive noise terms. While d, (i) is the linearly regressed form
of distance d, (i) changing over time. While ug; and d (i) are same as stated above in
section 4.2.1 (A).

Since the nodes in the model calculates distance from two separate targets, the position
vector of the food target, and the position vector of the Predator. Therefore, to distinguish
between the two targets we use subscripts f for food and p for the predator. Hence going
forward, we will use w” to define the location of the food and w? to define the location of

the predator.

28



C. Motion Control Mechanism

The nodes in a mobile network would update its location vector over time according to rule

defined as below,
Xiit1 = Xk + AL V141 (4-8)

Where i is the time instant, At is the sampling time, and v, ;;, is the velocity vector of
node k. The node updates its velocity vector based on the surrounding environment and
thereby accordingly updates its position vector too. The different modes in which the fish

can move while updating its velocity vector are as follows,

=

Foraging towards the food target.

N

Coherent motion and collision avoidance.

w

Self-organisation and Reunion when under attack.

&

Escape the predator attack and evade.
Each node estimates the target location of the predator le ; and the target location of food
W}{,i in real time. We will discuss the estimation of predator and food location in the coming

sections. While in the next subsection we will discuss how the nodes computes its velocity

to make desired moves.

(1) Foraging towards food source.

While foraging for the food, the nodes update its velocities based on the surrounding
environment. This can be synonymous to movement of UAVs towards a defined target
where it updates its velocity based on the surrounding threat. The nodes position with the

relative position of predator is broken in four different regions. The four regions I-1V can
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be illustrated as in Figure 4.3. Two concentric circles with origin as predator. The inner

circle has radius r; while outer circle has radius r, = 2r;.

Region |

Node kat x; \

R
1,,,.’. 3
< -

v

Figure 4.3 : Four Regions around Predator based on relative position of fish node

The nodes update their velocities in each region based on below velocity vector defined.

Region |

In this region, the distance between the node k and the predator is more than radius 2r,
and hence the node doesn’t sense any threat. The node in region 1 continues to cruise
towards the target and remains in foraging mode. The velocity update for region | is defined

as below.
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f

e Wki T Xki .
Vgiv1 = 5, (regionI) (4-9)
Wi = X |l

Region 11
This is the region defined when the node k is at a distance between the radii r; and r, and
on the right-hand side of the predator. The node senses the danger and stops foraging and

follows its neighbours to move in coherence. The velocity vector thus becomes zero.
Viiv1 = 0, (regionII) (4-10)

Region 111

This is the region defined when the node K is at a distance between the radii r; and r, but
on the left-hand side of the predator. The node in this case senses the threat if it continues
to move forward. Thus, the node tries to move in opposite direction and maintain a safe

distance from the predator. The velocity vector is defined as,

p
Ur.i

Vg = _W ,(region III) (4-11)
ki

Region IV
This is the region when the UAV node is within the inner circle of the predator with radius
1. The node in this case senses danger and tries to escape using evasion strategy discussed

in the upcoming subsection “Escape the predator attack and evade”

(2) Coherent motion and Collision Avoidance.

The node while moving towards the food source want to confuse the predator and hence

move coherently in a group. At the same time, they also wish to maintain harmony with
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the neighbouring nodes by avoiding any collision. Thus, the nodes maintain a safe distance
r from its neighbours.
Consider two nodes k and | in neighbourhood with position vector x; and x;. Therefore,

to avoid collision the nodes must satisfy the below equation.
r—e<|lxx— xl|<r+e forallleN, \ {k} (4-12)

Where € is a small positive number, and r is predefined safe distance.

The cohesion and anti-collision is achieved by minimizing the cost function [84] below.

K@O = ) [ G+ Btv) = G+ Btwy) | =17 (413)
leNg \{k}

The minimization problem is solved to obtain,

1 T
Oki =Tv T3 E (1 - —> (X1 = X) (4-14)
INe| — 1 e [20: = Xkl

Where 6, ; is a cohesive term which recommends the nodes to update their velocity
direction consistent with the average of displacement vectors (x;; — x;), while maintain
a safe distance r from its neighbouring nodes.

Finally, the nodes update their velocity vector according to egn. (4-15) to move coherently

without collision.
Viie1r = Vigy + V8 (4-15)

Where y is a positive weight and v,f,i is the average velocity estimate of the centre of

gravity of the network and is defined as,
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1 N
VI = Nz v, (4-16)

Since the network is distributed thus, we need to obtain the velocity estimate of the centre
of gravity of the network in a distributed manner. We will use the diffusion adaptation

technique, here as well. We define a global cost function as below.

N
jIWI9) = Z |l v —v9 12 (4-17)
k=1

Applying the solved ATC algorithm structure from egn. (4.4) we estimate the velocity of

centre of gravity.

i = (1= uv iy + Hpv
(4-18)

g _
Ve = ey, APl

Where {aj,} is positive real weight as described in eqn. (4.3). While subscript v is used

for estimation of v9.

(3) Self-organization and Reunion when under attack.

When a predator attacks a school of fish, the fishes’ splits into small fragments to escape
the threat. Once the threat is gone the smaller groups try to reconnect and form a single
group to forage. The reunion of the small group occurs when fishes at the outer boundaries

of each group moves towards each other. Drawing parallel with the nodes in our network,
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each node on the outer boundary of the small, fragmented groups estimates the location of
the neighbouring nodes and advance towards them. But for nodes to advance towards other
group, it must identify its position and if it is positioned at the edges. Therefore, we define
three kinds of edges, the frontal edge, the right edge, and the left edge. A node k computes

its neighbours | in each direction using
T
xfi = W(ve) o — i) (4-19)

Where, x{fi is the position vector of | with respect to k and W(v) is an orthonormal matrix

for the local coordinate system of a node moving with velocity vector

(v /llvil =v /vl

WO = vl v/lwl

(4-20)

Once the value of x[; is evaluated, the nodes confirm their edge location based on the
values of x 5. If the value of first coordinate of x5 is greater than zero, then node I is
positioned in front of k. And if the value of second coordinate of xl’fi is greater than zero,
then node | is positioned left to k. while if the value of second coordinate of x5 is less than

zero, then node | is positioned right to k. This can be summarised as in the Table 4-2 below.

Table 4-2: Estimating node position on the outer boundary of Fragmented groups

Node I’s position w.r.t k (x{fi) Value of x{fi Inference

First Coordinate x5 >0 Node I is positioned in Front of k
second Coordinate x5 >0 Node I is positioned Left to k
second Coordinate x5 <0 Node I is positioned Right to k
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If the neighbours in the front of node k is less than zero, then we can infer that k is in the
frontal edge of the fragmented group. Similarly, it goes for left and right edges. Once the
nodes identify their position, they try to find the edge nodes outside its neighbourhood and

then moves towards it. This is done using the below equations.

[=arg min || x5 I | € NF\N, (4-21)

if [ =empty set

0,
b _
Vi = (% — i) Otherwise (4-22)
[ X1 — Xk,i [ ’

Where N/ is the set of nodes that lie in the front of node k. Similarly, it can be found for
left and right edge nodes.

And the velocity of the predator with respect to each node is estimated as below.

p o1 p 4-23
Vi = ap (Wi = Wii—1) (4-23)
(4) Escape the predator attack and evade.

We will discuss the evasion in upcoming section 4.3 in detail.

4.3 Evasion Phase

When UAVs fly on a mission they might be attacked by enemies. The UAVSs in this case
should be able to swiftly manoeuvre its path and evade. In our case when a UAV node lies
in region IV it swiftly changes its trajectory from foraging mode to evasion mode. Thus,
we propose the evasion strategy, where each UAV will manoeuvre through a defined

trajectory and angle to evade the attack.
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The defined trajectory is a straight-line path at an angle 6, which is adjacent or tangential
to the direction of UAVS.

Consider a UAV moving senses a danger at time instant t,. And let the position of the
UAV at this instant be given as (x(t,), v(to)). The distance between the UAV and the
enemy at this instant is given by d,, and d}, < r;. The UAV in this case switches to evasion
mode using the set of defined trajectories. The position of the UAV at ¢, is stored and is
reference point for the new trajectory during evasion. The straight-line path during evasion

is given by [12],
xa(t) = x(ty) + A(n) cos(84 (D))
Ya(t) = y(to) + A(n) sin(64(1)) (4-24)
Am)=at+m—-1)at

Where A(n) is called as path parameter. It is set as an arithmetic progression that increase
to set the defined trajectory. And n is the iteration number during the execution.

The angle of evasion 6, is obtained using four quadrants inverse tangent atan2. The inverse
tangent atan2 gives the angle between —m and . The desired angles of evasion 68, are
based on the trigonometric quadrants and is updated as stated in Table 4-3. The UAV
approximates the approaching angle of enemy as 6,. While the actual angle of approach
of the enemy is given by 6,,,. In deciding the angle of evasion, we compare the angles 6,
and 6,,, — 180 and 6,,, + 180. For example, in quadrant | if the danger approaches and
d,f <r and 8, = 6,, — 180, the desired angle of evasion is given as,

04 =6, + 6,
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Where 6. is the tangential angle (say 90°) desired for evasion. Similarly, for Quadrant II,
I11, IV can be obtained as in Table 4-3.

Table 4-3: Evasion Angle for UAVSs in each Quadrant

Quadrants | Condition for Evasion Desired Angle of Evasion (6,)
I dj <r and 6, = 6,, — 180 0y =06, +0,
I di < and 6, < 6,, — 180 0y =6, -0,
1 di <r and 6, < 6,, + 180 0y =06, +0,
v di < and 6, > 6,, + 180 0y =6,— 0,

4.4 Distributed Velocity Estimate for Swarm

Combining all the velocity updates for nodes under each scenario, we propose a global

velocity update for the nodes during foraging mode as below.

Viier = A Di(@ vy + BVp ) + (1= AL v, + v6i (4-25)
Where { A, a, B, v } are positive scalar weights. While I, ; is an indicator function and
I.; € {0,1}. If both v, ; and vy, , are equal to zero, i.e., node K is in region 11 and does
not need to reunite. Otherwise I ; is equal to one.

We bound the upper velocity limit of the nodes by v,,,,, to meet the nonholonomic

constrains of the UAVSs.
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4.5 Global Estimation of Predator Location and velocity.

The fish nodes need to estimate the location of the predator and the food. The estimation
for predator location denoted by w? and food location denoted by w/. The algorithm to
estimate w? and w/ is same and hence we just mathematically present the estimation for
wP. The same can be replicated to obtain the estimation for food location w/.

At any time, instant (i) a node k has the measurement of the location vector {ci,f(i), ui_i}

as in Eqn. (4-7). The nodes estimate the predator location w? by minimizing the cost

function.
N
FPWP) = > Bl — uf wPl? (4-26)
k=1

Applying the ATC algorithm from Eqgn. (4-4), we can get estimate lei

p _ D p. 0 Tr5D; p D
Yiei = Wieioq T+ My Uy [dk () - uk,iWk,i—l]

(4-27)
WI?,L' = ZleNk afkl/);?i
Where {aj, } satisfies
N
D=1, d=0vi¢ N, (4-28)
=1

For the sake of simplicity, we can make an approximation in Eqn. (4-27) as below,
T
WPy = X)) = WPy — s Il Ul (4-29)

Therefore, we can rewrite Eqgn. (4-27) as,
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l/’]f,i =(1- :ullz)wlf,i—1 + nglzcj,i
(4-30)

W;f,i = ZleNk leklpfi
Where qu,i is the measured location of the target by the predator node, and can be expressed
as,
. T
iy = Xjg; + die (D (4-31)

The update in Eqn. (4-30) is a convex combination of the current measurement {q,’f_i} and
the last estimate of the target location wy; ;.

The same estimation procedure can be followed for w/ as well.

4.6 Predator Behaviour

The predator used for attack is also a nonholonomic UAV model. The predator tracks the
nearest swarm node and attack it. The node location (w;*) is estimated using Eqn. (4-4)
The velocity and position of the predator at each instant is thus updated by estimating the

relative position of the nodes.

» wt — Wl-p
Vits = CVmaxy—n 5y
+
' Il wi —w/ |l (4-32)
P _ p p
Wi, = w + Aty

Where c is a positive scalar governing the predator’s speed.
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CHAPTER 5

COOPERATIVE PREY HUNTING BY MULTIPLE

PREDATORS

5.1 Introduction

In this chapter we will discuss the cooperative strategy used by predators for hunting. Just
like the swarm of fishes move in groups in search of food, the predator nodes hunt in groups
as well. The cooperative behaviour for hunting is exhibited by many land and underwater
animals, where they collaborate and form group to strategies their attack and hunt. For
example, animals like tigers would attack herd of sheep and dears from different directions.
Similarly, among the fish family dolphins encircle their prey and take turn to attack and
feed [85]. Drawing parallel to air combat field, the same strategy of cooperative attack can
be used by enemy UAVs to attack their enemies on a mission.

We use the same diffusion adaptation technique for the predators as we used for the swarm.
The kinematic model of the predator remains the same. Each predator in the group is aware
of the position of its neighbour predators. The predator group also moves cooperatively
maintaining a safe distance from each other. All the assumptions made for the swarm group
in Table 4-1 remains same for the Predator group as well. The motion control mechanism

and cooperative hunting strategy will be discussed in the subsequent section in detail.
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5.2 Motion Control Mechanism for Predators

Consider a group of M predators collectively hunting a swarm of fish. From our perspective
we say a group of M UAVs are on a mission to hijack and attack enemy UAVs foraging

on a mission.

Let the location of any predator at time instant i be defined as Xfi wherel € 1....M. The

predators coordinate their motion influence by two factors from the swarm network. First
is the location of the centre of gravity of the network of swarm. Second is the location of

the node of interest from the network of swarm.

Let xfi be the estimated location of the centre of gravity of the network by a predator | at
time i. The predators cooperatively estimate the location of the centre of gravity xfi using

the ATC algorithm discussed in Eqn. (4.4). while the location of the node of interest w ; is

estimated individually. This is because the predators are spread across the network in
different direction and hence their node of interest are different. Thus, each predators

estimate the position of node of interest w; ; using below equation.

wyi = Wyiog +vul[dy (D) —ug(wyq — x7;)] (5-1)

Where, v is a step size. While d,(i) is the measured distance as defined in Egn. (4-5) and
u,; is the measured direction of the node as defined in Eqn. (4-6) by any predator | at

time i.

The predators collectively hunt to increase their efficiency. The strategy of hunting can

be divided into multiple modes or states based on the action of the predators [22].
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Therefore, we will model the hunting behaviour of predator as state machine model in the

next section.

5.2.1 State Machine Model

The hunting behaviour of the predator is divided into four possible states based on the
action involved in the hunting process. We denote theses states as S,, S;, S, and S5. The
state S, is termed as chase. State S; is termed as Encircle. State S, is termed as Trap. While
the final state S5 is termed Attack. The state transition diagram for the predator is shown

in Figure 5.1 below.

e = x9Nl <1,

||x11’ —x9|| > 1.5n,

When network is completely encircled,

Predators take turn to attack one at a time.

Figure 5.1: State Transition Model for Predator
The cooperative hunting of the predators’ starts with chase mode. Predators would move
towards the enemies or swarm network in our case. The predator continues to move in

chase mode until they reach near to the network. We set this nearness as, the distance
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between the network’s centre of gravity and the predator location being less than r,. In
other words, the predator continues to chase until ||x}; — x/;|| < r,. Once the predator
reaches the circumference of the defined circle, it switches to next state s;. In the encircle
mode the predator group will encircle the network while keeping a uniform distance

between them.

The predator continues to make an orbital motion around the network centre while
monitoring the position of the nodes in the network. The predator looks for the farthest
node from the network centre and checks if it is within distance 1.57,. If a node is outside
the network centre i.e., ||w,; — x| > 7;, it is termed as an outlier. As an outlier is detected
the predator switches to Trap state S, and pushes back the outlier into the network centre.
Once the predator successfully pushed back the outlier, it may switch to state S, or S; based
on its distance from the network centre. If |lx;, — x9|| <, and [|x} — x9|| < 1.57, the
predator switches to Sy, whereas, if the distance [|x, — x| <, and ||x? — x9|| > 1.57,
the predator switches to S, as shown in Figure 5.1. Once the predator is back into state S,
it again chases the network and switches to S;. And once the predators in state S; encircle
the swarm network and there is no outlier the predator take turn to attack the Swarm. As
one predator takes turn to attack the network the rest of the predator adjust their position

to encircle and ensure the swarms in the network do not escape.

In next subsection we will discuss how the predator UAVs update their velocities in each

state [17].
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State S,: Chase

When the distance between the predator and the network is large the predator moves in
chase mode. The objective of the predator group is to get closer to the network centre before
it can switch to next state. Thus, the predator updates its velocity vector towards the

network as in Eqn. (5-2).

— g 14
me = u(xz,i - xz,i) (5-2)

Where x; and x}; are same as defined above.

Y@= Predator 1 at xf

Outlier af xk
/

’
xE #xk
7’

e
— 3 rfp"
pW’

Predator 2 at x;

LA
\l~

Figure 5.2: Predator position with the network center and concept of Outlier
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State S,: Encircle

The encircle state is enabled once the predator reaches closer to the swarm network. The
predator then starts to encircle the network in a radius r, with origin at centre of gravity of
network. The predators at this point first align their position and evenly distribute
themselves on the circumference of the encircling orbital. We used the simple
mathematical formula of chord to place the predators equidistantly on the circumference.
So, if we have 6 predators for example, the chord length is 27 sin (8/2), and 8 = 27/6,
thus the chord length is equal to 2 sin(7r/6). This even distribution of the predator makes
it difficult for the swarms to escape. The predator also checks the distance between its
closest neighbours using the chord length to avoid collision and maintain uniformity in
position. If the distance between its closest neighbours is less than the measured chord
length the predator moves in a way to adjust its position and realign itself. The predator
also decides its direction of rotation based on the neighbour predator position. Say predator
j and | are neighbours within the chord distance, then the inner product of | and j with

respect to network centre x9 is obtained as (x}; — x/)" (x;; — x/)*. If the inner product

is greater than zero than predator j is said to be in the right semicircle of predator I. This
can be illustrated as in Figure 5.2. The predator | then sets a velocity vector towards empty
semicircle. In case the there is no neighbour within the set distance then the predator |,

randomly chooses a direction of rotation. The velocity vector is set as in Eqn. (5-3).

1
vlc,li+1 = Cz-u[(xfi - xfi) ] (5-3)
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Where ¢, = +1, (+1 for counter clockwise and -1 for clockwise). If right semicircle is
empty, ¢, = +1 and if left semi-circle is empty c, = —1, else ¢, can be randomly +1 or

-1.

State S,: Trap

In this mode the predator checks for an outlier. A node outside the network centre of gravity
is considered as an outlier as shown in Figure 5.2. The Predator suspects the node trying
to escape and hence pushes it back into the network centre. The predator does not attack
an outlier, rather it only blocks its position. The attack would likely make the node escape
using evasion technique, and hence the predator movers around the outlier at a finite
distance and ensures the node is pushed back to the network centre. The predator updates

its velocity vector as in Eqn. (5-4).

( u(wl,i — xfi) if lwy;— xfl. | > 1.575
v, = { —u(wy; — ) if lwyg =Pl <73 (5-4)
L
k c3. U [(Wu - xfi) ] otherwise

Where c; = +1 depending upon the inner product of (w,; — xfi)T(xfi —wy;) . If the

inner product is greater than zero c5 is 1, else -1.

State §,: Attack

In this mode the predator after completely encircling the swarm network takes turn to attack
the swarm. The predator tracks the location and velocity vector of the nearest swarm and

moves towards it to attack. We update the velocity vector as in Eqn. (5-5)
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vffiﬂ =ufwy; +At.v; — x,f’i] (5-5)

where v, ; is the velocity estimate of the swarm node by any predator | at time instant i. v; ;

is estimated as in Eqn. (4-23).

5.3 Global Velocity Update for Predator

Combining all the behaviour of the predator we propose a global velocity update and
update for the location vector of the predator. The predator also wishes to maintain a safe
distance from its fellow predator and avoid any collision. Thus, each predator while

updating its velocity also takes care of collision avoidance.

p — JpP4,d psP
Vo1 = PPVl TYP6);

(5-6)
14 . p
Xpivr = % T ALY
where {AP,yP} are non-negative weights and Sfi can be expressed as,
61’ _ 1 14 p p p
T M, =1 (Tp = llxy; — x;; ||).u. (xy; — xj,i) (5-7)

leM \{k}

Where M, is the set of predator nodes, within the radius 7,,. While the overall speed of the

predator v}, , is bounded by vy,
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CHAPTER 6

DESIGN OF TRACKING CONTROLLER

In this chapter we will integrate the designed controller with the navigation algorithms
designed in previous chapters. The aim of the controller design is ensuring that the UAVs
completely follow the trajectory planned by the navigation algorithm with error. Therefore,
we design an optimal Fractional order PID (OFOPID) controller to ensure zero error in the
navigation. The designed controller is first integrated with a single UAV and a single UAV
tracking analysis is done. A Schematic diagram for a closed loop single UAV tracking
controller is shown in Figure 6.1. Further the same control technique is implemented for

the fleet of UAVS.

k 4 h 4

i Fish-Prey
Foraging
Algorithm Va

Y

Uy X

Trajectory UAV y
Tracking Model

Controller 6

A 4
v

Yy ¥ r

L J

A 4

A
v

p Fish-Prey
Evasion Wa
Algorithm

Y

A A

Bio-Inspired
Navigation Algorithm

Figure 6.1: Control Schematic - Single UAV
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In the upcoming section we will shed some lights on trajectory generation process and
switching conditions. Here once again we reiterate that the UAV in consideration is planar

and ignores the aerodynamic consideration of a 3D physical model.

6.1 Trajectory generation

In this section, we summarise the trajectory generation algorithm for the UAVs based on
work done in chapter 4 and 5. The UAVs navigate in two modes depending upon the
presence of danger. A simple schematic diagram as shown in Figure 6.2 in form of

flowchart represents the control decision process of the UAVs during navigation.

UAVs <

A 4

Predator /
Obstacle

Desired Mode: Desired Mode:
Foraging Mode Evasion Mode
Tracking Controller Tracking Controller

Figure 6.2: Control decision flowchart for Fleet Navigation
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The navigation mode of the UAVs depends upon the presences and absence of predator
and obstacle. In the absence of predator/obstacle the UAVs move in foraging mode else
they switch to evasion mode until they are far away (defined distance) from threat. In each

case the trajectory tracking is controlled using the designed FOPID controller.
The desired state for the UAV’s during navigation is defined as follows.

e x,: desired x coordinate position

e y,: desired y coordinate position

e 6,: desired steering angle of UAV

e V,: desired UAV linear velocity. This is obtained from distributed velocity estimate
for swarms in the fish prey algorithm, Chapter 4 section 4.4.

e w,: desired UAV angular velocity, in presence or absence of predator.

In the next subsection we discuss the desired velocity of the UAVs in detail, based on the

presence or absence of threat.

6.1.1 Trajectory Generation in Absence of Threat

When there is no threat, the UAVs navigate in the foraging mode. They mimic the
behaviour defined in the bio-inspired fish prey algorithm. while they move at a velocity
inspired by the fish prey algorithm. The velocity is used to obtain the next desired position
of the designed trajectory. It is also worth noting that the trajectory satisfies the

nonholonomic constraint.

The trajectory generated in absence of threat is given as below.

50



xg(t+1) = x4(t) + At.V; cos 0,(t)

(6-1)
0,(t+ 1) = atan2d(y (t + 1), x4(t + 1))

0,(t+1)—6,(t)
At

6.1.2 Trajectory Generation in Presence of Threat

In case of a predator attack the UAVs evade using straight line path as defined in chapter

4, under section 4.3 Evasion Phase.

6.2 Single UAV Tracking Analysis

We first design a tracking controller for a single UAV, before implementing it for the fleet
of UAVs. The controller will ensure trajectory tracking for the UAV in both the foraging

and evasion mode.

The kinematic model of a planar UAV (unicycle model) is given by Egn. (6-2)

cos O
sin 9 ] [ (6-2)

Let the desired trajectory that we wish the UAV must follow is given by Egn. (6-3)

cos 6,
Yd = |sin Hd

The tracking error [86] is given by Eqgn. (6-4)

o (6-3)
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€x cosf; sinf; 0][Xa —X
[ey] = [— sinf, cos@, O||Ya—Y (6-4)
€p 0 0 1164 —6s

The error state goes to zero when the desired and current are equal i.e., if the designed

controller is able to force the error states e,, e, and eg to zero, the UAV will be able to

track the desired trajectory.

We therefore proceed to design an Optimal Fractional Order PID controller for the UAV
tracking. The parameters of the FOPID will be tuned using PSO technique. The robustness
of the designed controller will be illustrated by introducing a wind turbulence region in the
environment that would affect the dynamics of the UAV. However, it will be observed
from the simulation results that the designed OFOPID is effective in controlling the UAVs

to follow the desired trajectory. The details of this shall be discussed in upcoming sections.

6.2.1 Design of Optimal Fractional Order PID Controller.

In recent years the fractional order controller is gaining momentum over the conventional
techniques. A detailed review on the industrial acceptance of fractional order system can
be found in [87]. One of the main reasons is the fractional order control system decreases
the steady state error and increases the speed of the response, and relative stability. This is
because the additional “tuning knobs™ in the fractional order allows swift and coherent

adjustments of the dynamics of the control systems.

The integral-differential equation that defines the control action of a fractional order system

is given by Eqn. (6-5) below.
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u(t) = kye(t) + k;D~*e(t) + k D e(t) (6-5)

Where e(t) is the error between the desired and current state. And u(t) is the control input.
While { k,, k;, kg, A and p } are five control parameters. A generalised FOPID controller
is shown in Figure 6.3. To design an optimal controller, the parameters of the FOPID needs
to be tuned using some optimization technique. A number of optimization algorithms exists
such as Genetic algorithm, Artificial Bee Colony, Ant colony Optimization, etc. However,
we will be using Particle Swarm optimization (PSO) technique to optimize the parameters
because of the superior performance of the PSO compared to other optimization
techniques. PSO is regarded as of the best [88], [89] technique due to simple algorithm,

low computational cost, stability in finding optimal solution and better performance.

Figure 6.3: Generalized Schematic diagram of FOPID controller
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Particle Swarm Optimization

Particle swarm optimization is a stochastic optimization technique based on the principle
of natural selection and search algorithm. It is also inspired by the natural behaviour of fish
swarm and birds flocking moving towards a target. The optimization technique involves a
set of particles (swarm agents) that move around in the search space, looking for the best
solution for a defined problem. Each swarm in the space represents a solution to the
problem, and it is defined using its position and velocity. Each particle in the swarm tries
to keep a track of its best position in the solution space, associated with the best solution
that has been achieved so far and is known as P,.s; or personal best. Similarly, the PSO
tracks the global best position gy .., this is the best possible value obtained so far by any
particle in the swarm. In a D dimensional space, the position and velocity of the ith particle
of the swarm can be represented by a vector, S;= (X, Xjz....-Xjp) and V; =
( Vi, Vip ..... Vip). whereas the personal best position reached by the it" particle can be
represented by a vector as Pyest ; = (P, P2 ..... Pp) and global best as the index of particle

that visited the best position in the swarm.

The general steps involved in the working of PSO algorithm is further explained using the

below steps [90], [91].

Step 1. The parameters of the algorithm such as swarm size, maximum iterations, inertia
weight (min and max), cognitive constant (C, ), social constant (C,), initial position of the
particles, and initial velocity of the particles are initialized. The inertia weight function(W)

is calculated as below,
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Wmax — Wmin

W=w - —
max iteryax

Step 2. The values of each gain parameter { k;,, k;, kg, A and p } are initialized randomly

within the optimal range of values.

Step 3. The fitness of each particle is evaluated using the integral of the square of the

error (ISE) given by Eqgn. (6-6)

ISE = j Oo[e(t)]zdt (6-6)
0

Step 4. Byest and gp,es OF the particles are obtained based on the fitness value calculated
in Step 3.
Step 5. The velocity and position of each particle is updated using the below set of

Equations given by Eqn. (6-7) and Eqgn. (6-8) respectively.

Vik+1 = WVik + C1R1 (Pbesti + SF) + CZRZ (gbesti + SF) (6-7)

Skl = gk 4 yk+1 (6-8)

Where W is the inertia weight, and it is a positive constant which plays an important role
in balancing the global search i.e., it influences the exploration. while R, and R, are
random numbers between 0 and 1. C; is an individual learning parameter. It weighs the
importance of the particle’s own previous experiences. And C, is a social learning
parameter. It weighs the importance of the global learning of the swarm.

Step 6. The procedures from 2 to 5 are repeated until the maximum iterations reached or

the best solution is obtained.
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The simple flowchart representation of the PSO is given in Figure 6.4.
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Figure 6.4: Simple Flow chart structure of particle swarm optimization
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6.2.2 Control System Implementation

The block diagram for control system design of single UAV agent (unicycle model)
tracking a desired trajectory is given in Figure 6.5. Two FOPID controllers are designed
to drive the position error of the unicycle model to zero. In other words, the two controllers
track the desired trajectory of x and y position coordinate. Since the orientation of the

model is given by 6 = atan2(§) and desired heading 64 = atanZ(Z—j), therefore when the

position error e, = (yq —y) and e, = (x4 — X) goes to zero respectively, the orientation

error eg = (64 — 0) also goes to zero. Thus, the controller is able to track the desired

trajectory.
R PSO 1
kp, ki, ka, A,
v (- EIREE:
ey FOPID 1 _|KL, .y
UAV
» X
|V
i x| FopID2 x
xd -

A A A A

> kp, ki' kd,l,[,l
PSO 2

Figure 6.5: The block diagram of the FOPID control system structure
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6.3 Simulation Results

The simulation results are carried out to illustrate the effectiveness of the FOPID controller.
The optimized gain parameters obtained for the two FOPID controllers are shown in below
Table 6-1. The other PSO parameters used in the simulation are as follows: D =5, wy.x=

1, Wpin = 0.25, swarm size = 30, Itermax = 20, and finally both C; & C,=0.5.

Table 6-1:; Gain Parameters FOPID controller

Parameters kp k; kg A 1l

FOPID 1 0.52482476 | 0.01456812 | 0.01315661 | 2.97737203 | 2.09678112

FOPID 2 | 0.52482476 | 0.01456812 | 0.01315661 | 2.97737203 | 2.09678112

The simulation result for single UAV trajectory tracking is shown in Figure 6.6. The

selected [x,, y.] =[0,0] and the reference linear velocity, v, = 0.03.
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Trajectory tracking of x-pos and y-pos: red-reference, blue-UAV
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Figure 6.6: Single UAV reference tracking

The tracking error e, and e, is plotted as shown in Figure 6.7. Further a circular smooth

trajectory with initial heading direction 8,; = 5 rad and desired linear velocity v, = 0.03
units and desired angular velocity w, = 0.45 rad/iteration was generated to illustrate

the trajectory tracking by designed controller as shown in Figure 6.8.
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Figure 6.7: Orientation tracking error for single UAV

Reference trajectory (dashed line) vs actual trajectory (solid line)
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Figure 6.8: Reference tracking for circular trajectory

The reference tracking of the agent in the presence of wind turbulence region is shown in

Figure 6.9. The agent passes through the region of turbulence in between 7 to 9 seconds.
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A disturbance in the trajectory can be observed in the error tracking as shown in Figure
6.10. Similarly, in Figure 6.11 the disturbance in the trajectory is observed however the

controller successfully tracks the reference in the region of turbulence.

50 Trajectory tracking of x-pos and y-pos: red-reference, blue-UAV
' === Reference
2.5 1 — unv
* 0.0
*
—2.5 1
_5.0 ! I L] LI L] ! ! I
0 2 4 6 8 10 12 14 16
10
—-=—- Reference
— UAV
bl 5 7
>
S "
0 -
_5 T I L) L] 1 I T U
0 2 4 6 8 10 12 14 16
time(s)

Figure 6.9: Single UAV Reference tracking under wind turbulence
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Figure 6.11: Reference tracking for circular trajectory under wind turbulence
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From the above results we can say that the designed controller is able to track the reference

even in the region of turbulence which proves designed controller is robust.

6.4 Multiple UAV Tracking Analysis

In this section we discuss the multi agent tracking. During multiple UAV navigation, the
agents while foraging and evasion wish to move coherently and avoid any collision among
themselves. Since the agents know the position of their neighbouring UAV agents,
therefore they maintain a safe distance between themselves. To do so we use the concept

of potential field strategy discussed in Chapter 4, section 4.2.1 (C).

The Simulation results for multiple UAVs tracking a desired reference is shown in Figure
6.12. It can be seen that multiple UAVs from distinct initial position track the straight-line
reference to reach the target. The UAVs move towards the reference trajectory however
they maintain a safe distance between them and coherently move towards the target without

any collision.
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Figure 6.12: Multiple UAV tracking
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CHAPTER 7

RESULTS AND ANALYSIS

In this chapter we will discuss the simulation and results for single predator attack and
multi predator attack with cooperative hunting. First, we will exhibit the single predator
attack with foraging and evasion for nodes in absence and in presence of threat
respectively. Then we show the result for multi predator attack with cooperative hunting
strategy where the predators will hunt the UAV swarm using the state transition model.
The variable and parameters for each case will be updated in the coming sections. The
parameters chosen are subjective and can be varied depending how you wish you design
your network. For example, the radius can be changed, the minimum and maximum

distance between the nodes can be changed to avoid collision and realign if separated.

7.1 Single Predator Attack

In this section we will showcase the scenario where a single predator attacks the group of
UAVs foraging towards the food target. Since the predator can attack from any region and
hence all four quadrants are considered in terms of the desired evasion or escape angle.
The variables and parameters used for simulation is given in Table 7-1. The legends used

for fleet of UAVS, predator and target is as under.

(O :Fleet of UAVs
B : Predator

. Target
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Table 7-1: Simulation table for single Predator Attack

Variables Meaning Values
N Number of UAVs 36
NP Maximum Number of Neighbors of UAV "k" 6
wy | Initial Position of Predator (-6, -6) or (5,5)
WI{,[ Initial Position of Food Target (6,6)
At Sampling Time 0.1
r Predator Inner Radius 1.5
T Predator Outer Radius 3.0
r+€ Upper and Lower Threshold for Swarm Nodes 0.5+0.1
Uy Non-negative Stepwise Scalar 1.0

7.1.1 Foraging Phase

In this section we exhibit the fleet of UAVs foraging towards the target under no threat.

The initial number of the Swarm is 36 as shown in Figure 7.1.

10.0

Threat evasion algorithm -Foraging mode

7.5

5.0 1

-10.0

@ Food source

Prey

-10.0

T T
-7.5 -5.0

T
1.5 10.0

Figure 7.1: UAV Fleet aligned to forage towards target

The UAVs can be seen advancing towards the target in a coherent manner as shown in

Figure 7.2.
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Figure 7.2: Foraging Behavior 1

The Fleet of UAVs maintain a safe distance between them and avoid collision while

foraging as shown in Figure 7.3.
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Figure 7.3: Foraging Behavior 2
The fleet can be seen reaching the target in a self-organised manner, mimicking the
biological behaviour of school of fishes as in Figure 7.4. The UAVSs can be seen strictly

knitted in an adaptive network while foraging. They do not collide, nor do they get
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separated with time. The is obvious from shape transition of the fleet from the start to end

until it reaches the target.

Threat evasion algorithm -Foraging mode
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Figure 7.4: Foraging Behavior 3
7.1.2 Foraging and Evasion
In this section we add mobility to threat. The fleet of swarm can be seen foraging and
evading simultaneously in absence of and in presence of threat respectively. We will
showcase the attack from each quadrant to exhibit the evasion of swarm in different

scenario.

Figure 7.5 show the responses of the UAVs when the ppredator attacks from Q1. The
initial position of predator is [X, y] = [2.5,2.5]. The maximum velocity for swarm is v,,,4,, =

0.1 units while for the predator v} .. = 0.14 units
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Figure 7.5: Q1 Attack - Foraging & Evading Behavior 1
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Figure 7.6: Q1 Attack - Foraging & Evading Behavior 2

The predator can be seen attacking the Fleet of UAVSs as shown in Figure 7.6. The UAVs
in the fleet sensed the danger of the threat coming in the threat zone and have started to

evade. The Swarm of UAVs can be seen spreading out to escape the attack.
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Figure 7.7: Q1 Attack - Foraging & Evading Behavior 3
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Figure 7.8: Q1 Attack - Foraging & Evading Behavior 4

The Fleet of UAVs can be seen fragmenting into smaller groups to escape that attack as
shown in Figure 7.7 and Figure 7.8. While evasion the swarm of UAVs can be seen
maintaining a safe distance amongst each other to avoid collision. The predator can be seen
chasing the nearest swarm as in Figure 7.8. while the other UAVs can be seen regrouping
and foraging towards the target as in Figure 7.9. The UAVs which reach the target are

marked successful, while ones which comes in direct contact with predator are marked
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Killed. Towards the end the 30 UAVs successfully reached the target while 6 were Killed

as shown in Figure 7.10.
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Figure 7.9: Q1 Attack - Foraging & Evading Behavior 5
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Figure 7.10: Q1 Attack - Foraging & Evading Behavior 6

We now exhibit the attack from the predator from initial position from Q2 with initial

position at [x, y] = [-7.5,2.5].
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Figure 7.11: Q2 Attack - Foraging & Evading Behavior 1
The threat can be seen advancing towards the fleet of UAVs foraging towards the target as
in Figure 7.11. The predator attacks the fleet, while the UAV nodes can be seen switching

to evasion from foraging mode as in Figure 7.12
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Figure 7.12: Q2 Attack - Foraging & Evading Behavior 2

The fleet of UAVSs can be seen evading the attack, at the same time they maintain a safe

distance between them to avoid collision as in Figure 7.13 and Figure 7.14. the fragmented
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group of UAVs can be seen recombining while foraging towards the target as in Figure
7.14.
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Figure 7.13: Q2 Attack - Foraging & Evading Behavior 3
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Figure 7.14: Q2 Attack - Foraging & Evading Behavior 4
A group of UAVs from the entire fleet of 36, that reaches the target location are the ones

which are successful in the mission and are marked successful. While the ones that comes
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in direct contact with the predator UAVs are destroyed and marked as killed as shown in

Figure 7.15 and Figure 7.16 .
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Figure 7.15: Q2 Attack - Foraging & Evading Behavior 5
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Figure 7.16: Q2 Attack - Foraging & Evading Behaviour 6
Similarly, we exhibit the attack from quadrant 3 with initial position of predator at [x, y] =

[-4, -7.5]. The foraging and evasion can be seen as shown in Figure 7.17. Finally, we
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exhibit the attack from quadrant 4 with initial position of predator at and [x, y] = [6.0, -

7.5]. The foraging and evasion can be seen as shown in Figure 7.18.
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Figure 7.17: Q3 Attack - Foraging & Evading Behavior
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Figure 7.18: Q4 Attack - Foraging & Evading Behavior

7.2 Single Predator Attack with Obstacle and Wind Turbulence

To emulate real world scenario, where the region of action can have obstacle such as
buildings and trees, we introduced unstructured obstacle in the environment. The obstacle
are circular blocks randomly generated during each simulation. The location of obstacle is
unknown to both the swarm and predator. The position of the obstacle is estimated using
the ATC diffusion algorithm discussed in Section 4.2.1 (A). Both the swarm agent and
predator avoid collision with the obstacle using the concept of potential field. When the
agents are close enough to the obstacle, say (r + &), where r is the radius of the obstacle
and & is a small distance, the agents switch to evasion algorithms discussed in section 4.3

until they are away from the obstacle.

To add further complexity a wind turbulence region was created as discussed in section 6.3

that mimics the extreme weather conditions such as storm or typhoon.
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7.2.1 Single UAV Foraging with Obstacle and Turbulence

The simulation results for tracking of the navigation algorithm during the foraging mode
of a single swarm in presence of obstacle and wind turbulence is shown in Figure 7.19.
The swarm agent navigates the environment smoothly until it reaches the region of high
wind turbulence where it experiences a little turbulence because of wind and high noise.
However, the swarm agent is able to successfully navigate through the region of turbulence

avoiding the obstacle present in the region and reach the desired target.
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Figure 7.19: Foraging of single swarm in presence of obstacle and wind turbulence.
7.2.2 Single UAV Foraging and Evasion with obstacle and Wind
Turbulence.

Similarly, the simulation results for tracking of the navigation algorithm during the
foraging and evasion of a single swarm under attack in presence of obstacle and wind

turbulence is shown in Figure 7.20 and Figure 7.21.
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Figure 7.20: Single UAV foraging and evasion with obstacle and wind turbulence- case |

In both the figures we have presented two cases. In both the cases it can be seen the UAV

tries to escape the predator attack and reach the target while avoiding collision with the

obstacle. The predator also avoids the obstacle while chasing the UAV agent. In one

scenario the predator successfully Kills the agent whereas in another scenario the Swarm

agent makes a successful escape.
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Figure 7.21: Single UAV foraging and evasion with obstacle and wind turbulence- case Il
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7.2.3 Multiple UAV Foraging and Evasion with Obstacle and Wind

Turbulence

While the Simulation results for multiple UAV foraging in the presence of wind and
obstacle is shown in Figure 7.22. It can be seen that the swarm of UAVs coherently forage
towards the target maintaining a safe distance between them. At the same time, they avoid
any collision with the obstacle during foraging. The movement of swarm UAVS in the
region of wind turbulence is also very smooth. They do not get distracted or randomize
their movement in the region of wind turbulence. This is possible due to the design of

effective controller.
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Figure 7.22: Multiple UAV foraging in the presence of wind and obstacle
Further the Simulation results for multiple UAV foraging and evasion when under attack

in the presence of wind and obstacle is shown in Figure 7.23. It can be seen that the
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predator moves towards the swarm agents while the swarm agents forage towards the food

target until the predator is close enough and launches attack as in second and third snap of

Figure 7.23. The swarm agents can be seen avoiding collision with the obstacle as well as

trying to escape the predator attack. The predator also avoids any collision with the obstacle

while hunting.

The result exhibit smooth foraging and evasion by the swarm agents even in the region of

wind turbulence without any collision. Also, the swarm agents avoid any collision with

obstacle during foraging as well as during evasion when under attack from the predator

agent. Similarly, the predator can be seen attacking the swarm UAVs while avoiding any

collision with the obstacle.
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Figure 7.23: Multiple UAV foraging and evasion in the presence of wind and obstacle
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7.3 Multiple Predator Attack - Cooperative Hunting

In this section we will exhibit the simulation results for cooperative hunting strategy with
multi predator. A group of six predators will attack a group of 36 swarm of UAVs foraging
on a mission. The predator can be seen successfully chasing the fleet of UAVs and then
encircle them and trap them before launching the attack. While the Swarm of UAVs will
try to escape and evade the attack. The simulation results will demonstrate the air combat
warfare scenario with multi attacker.

The variables and parameters used for simulation is given in Table 7-2.

Table 7-2: Simulation table for Multi-Predator Attack- Cooperative Hunting

Variables Meaning Values
N Number of UAVs 36
N Maximum Number of Neighbors of UAV "k" 6
M Number of Predator UAVs 6
W]{,[ Initial Position of Food Target (6,6)
At Sampling Time 0.5
21 Predator Inner Radius 15
T2 Predator Outer Radius 3.0
T3 Outlier’s Radius 0.5
Ty Encircle Radius 3.0
Ts Radius of predator during encircling to check 1.2
other predator in the region
T Radius of predator to avoid collision 0.5
r+€ Upper and Lower Threshold for Swarm Nodes 0.5+0.1
U Non-negative Stepwise Scalar 1.0
Vimax Maximum velocity for swarm Nodes 0.12
Vhax Maximum velocity for Predator Nodes 0.18
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The initial position of the predators has been set in the fourth quadrant as shown in Figure
7.24. The Predator UAVs starts to chase the Fleet of UAVs foraging on a mission to reach

a stationary target at [x, y] = [6

, 6] as shown in Figure 7.25. The predator is in State O i.e., Chase.
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Figure 7.24: Casel-Multi-Predator Attack -Frame 1
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Figure 7.25: Casel-Multi-Predator Attack -Frame 2
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The predator group can be seen going across the fleet of UAVs to block them from foraging
and trying to encircle them as shown in Figure 7.26, while in the next frame the predators

can be seen completely encircling the Fleet of UAVs as in Figure 7.27.
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Figure 7.26: Casel-Multi-Predator Attack -Frame 3
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Figure 7.27: Casel-Multi-Predator Attack -Frame 4
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The predator in Figure 7.27 is in State 1, i.e., Encircle Mode. Once the encircle is complete
the Predator will launch attack on the trapped fleet of UAVs as in Figure 7.28. The

predator group is now in State 2 i.e., Attack.
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Figure 7.28: Casel-Multi-Predator Attack -Frame 5
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Figure 7.29: Casel-Multi-Predator Attack -Frame 6
Once the attack is initiated the Fleet of UAVSs try to evade and escape the attack as shown

in Figure 7.29. The encircled predator in frame 6 can be seen moved anticlockwise from
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its position in frame 5 to push an outlier trying to escape. However, some of the UAVs

from the fleet manages to escape as seen in Figure 7.30.
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Predators
10 4 Prey
G
5_
0_
75 4
-10 - - T T T T -
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Figure 7.30: Casel-Multi-Predator Attack -Frame 7
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Figure 7.31: Casel-Multi-Predator Attack -Frame 8

Once the complete group from the remaining Fleet of UAVs escapes the predator UAVs

can be seen going back to State 0, i.e., chase mode as seen in Figure 7.31.
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The predator group encircles the Swarm of UAVs around the food target and launch attack
again until UAVs escape to some safe destination, out of the environment which the
predator is unaware of as can be seen in Figure 7.32. Once all the UAVs are either Killed

or escape to safe zone the predator returns to its origin as shown in Figure 7.33.

Threat evasion algorithm Total: 25 killed: 16
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Figure 7.32: Casel-Multi-Predator Attack -Frame 9
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Figure 7.33: Casel-Multi-Predator Attack -Frame 10
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7.3.1 Cooperative Hunting Under Wind Turbulence

In this section we introduced a wind turbulence region in the cooperative hunting scenario,
to see the predator response under wind turbulence. It can be seen from Figure 7.34 that
while the predator attacks and encircles the swarm agents in the region of high wind
turbulence the swarm agent tries to escape the predator attack smoothly. The designed
controller is successful in controlling the swarm to navigate as per the designed algorithms.

The wind effect does not disturb the escape behavior of swarm even when under attack

from predator.

. ¢ Threat evasion algorithm Total: 36 killed: 0 successful: 0
0 Threat evasion algerithm Total: 36 killed: 0 successful: 0 0 L g

time = 0.05

o Threat evasion algorithm Total: 36 killed: 0 successful: 0

time =1.3s

time = 2.75

time = 5.75

Figure 7.34: Cooperative Hunting Under Wind Turbulence




CHAPTER 8

CONCLUSION AND FUTURE STUDY

In this work we successfully implemented bio inspired algorithms for Multi agent system.
The Navigation algorithms were based on diffusion and adaptation model. The simulation
results exhibited the effectiveness of the work and demonstrated how biological behaviors

can be mimicked to device strategy for solving complex real-world issues.

The simulation results for both single predator attack and multiple predator attack were
presented. The swarm of UAVs on mission to reach the target while escaping the attack.
While some of the UAVs were successful in reaching the target few got killed during the
attack. We envisioned this bio-inspired behavior of the swarm of fishes during foraging
and evasion, like air combat warfare scenario. However, we restricted our model to a
nonholonomic unicycle model. We also designed a robust optimal FOPID controller to
ensure the trajectory tracking of the swarm of UAVs. To Emulate the environment with
real world we introduced unstructured obstacle mimicking building and tress. The swarm
of UAVs and the predators were able to successfully navigate avoiding any collision.
Further to add more complexity we also introduced a Wind turbulence region mimicking
real world storm or typhoon that could affect the motion of the UAVs and disturb their
navigation. However, our designed robust optimal FOPID controller was able to

successfully control the trajectory of the UAVs as per the designed navigation algorithm.

In future this could be implemented on a fully autonomous aircraft or drones. The current

work in implemented in a 2D plane, in future work this can well be implemented in a 3D
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model. To test the effectiveness of the algorithms mobile obstacle can be introduced.

Similarly, the target can be made mobile to add further complexity.

Also, a futuristic approach could be using Artificial intelligence or Machine learning on
top of the biologically inspired algorithms making UAVs more intelligent during foraging

and Evasion.
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