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ABSTRACT

DEVELOPMENT OF A PREDICTIVE SEARCH MODEL OF FLOCKING
FOR ROBOT SWARMS

ONUR, GIRAY
M.S., Department of Mechanical Engineering
Supervisor: Assoc. Prof. Dr. Ali Emre Turgut
Co-Supervisor: Assoc. Prof. Dr. Erol Sahin

August 2023, [64] pages

One of the main challenges in swarm robotics is achieving robust and scalable flock-
ing, allowing large numbers of robots to move together in a coordinated and cohe-
sive manner while avoiding obstacles or threats. Flocking models in swarm robotic
systems typically employ reactive behaviors, such as cohesion, alignment, and avoid-
ance. The use of potential fields has enabled the derivation of reactive control laws by
utilizing obstacles and neighboring robots as sources of force for flocking. However,
reactive behaviors, especially when multiple of them are simultaneously active, as in
the case of flocking, can lead to collisions or inefficient motion within the flock due
to their short-sighted approach. Approaches aiming to generate smoother and opti-
mal flocking, such as the use of Model Predictive Control, either require centralized
coordination or distributed coordination, which necessitates low-latency and high-
bandwidth communication within the swarm, as well as substantial computational re-
sources. In this thesis, a predictive search model which generates smoother and safer
flocking of robotic swarms in the presence of obstacles while efficiently considering

the predicted states of other robots is introduced. The proposed model is evaluated in



simulated environments with both static and dynamic obstacles, and its performance
is compared with a potential field flocking model. Furthermore, the performance of
the predictive search model is validated in a real-world scenario involving a swarm of
six indoor quadcopters navigating static and dynamic obstacles. The results demon-
strate that the predictive search model produces smoother and safer flocking in swarm

robotic systems with limited sensing capabilities and computational resources.

Keywords: flocking, swarm robotics
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ROBOT SURULERININ HAREKET | ICIN TAHM INSEL ARAMA MODEL |
GELISTIRILMES |

ONUR, GRAY
Yuksek Lisans, Makina Muhendigli Bolum
Tez Yoneticisi: Dog. Dr. Ali Emre Turgut
Ortak Tez Yoneticisi: Dog. Dr. Erol Sahin

Agustos 2023[, §4 sayfa

Surd robotyindeki temel zorluklardan biri, cok say da robotun engellerden veya teh-
ditlerden kac¢ n rken ayn zamanda koordineli ve uyumlu sekilde harekgitlattstri
hareketi elde etmektir. Robotik siurl sistemlerde sirt hareketi modelleri genellikle
yak nl k, hizalanma ve ka¢ nma gibi reaktif davran slar kullan r. Potansiyel alanlar n
kullan m , surt hareketi icin engelleri ve komsu robotlar kuvvet kaynaklar olarak
kullanarak reaktif kontrol yasalar n n tiretilmesini mimkun k Im st r. Bununla bir-
likte, reaktif davran slar, 6zellikle stiri hareketi gibi birden fazla davran s n ayn anda
etkin oldwgu durumlarda, k sa vadeli yaklas mlar nedeniyle sirl icinde ¢carp smalara
veya verimsiz harekete yol agmaktad r. Daha purizsuz ve optimal sur hareketi elde
etmeyi amaclayan, merkezi koordinasyon veyg tlan s koordinasyon gerektiren
Model Ongoriilii Kontrol gibi yaklas mlar siirli ici duisiik gecikme siiresine ve yiiksek
bant genigslgine sahip iletisim ile birlikte 6nemli hesaplama guict gerektirmektedir.
Bu tezde, engellerin vag nda robot surtlerinin daha purtizsiz ve daha guvenilir bir

sekilde hareket etmesiniglayan, dger robotlar n tahmin edilen durumlar n verimli

vii



bir sekilde kullanan bir 6ngorulti arama modeli tan t Imaktad r. Onerilen model, sta-
tik ve dinamik engellerle simule edilen ortamlardagddendirilmis ve performans
potansiyel alan surl hareketi modeliyle kars lastrIm str. Ayr ca, 6ngoruli arama
modelinin performans , i¢ mekanda alt adet doner kanatl robot sirisinin statik ve
dinamik engelleri asmas yla gercek diinya senaryosundautdoim st r. Sonuclar,
Ongorult arama modelinin limitli alg lama yetegieve hesaplama kaygana sahip
robotik surd sistemlerle daha purizsiz ve daha guvenli surl hareketi elgiaietti

gOstermektedir.

Anahtar Kelimeler: strt hareketi, strt rolapti
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CHAPTER 1

INTRODUCTION

Flocking, the coordinated and cohesive movement of animals, such as birds or sh[1],
is a mesmerizing collective behavior that emerges from the interactions among indi-
vidual animals and is often used by animals to increase their chances of survival, such

as by avoiding predators [2].

One of the main challenges in swarm robotics [3, 4, 5, 6, 7] is to achieve robust and
scalable ocking, such that large numbers of robots can move together in a coordi-
nated and cohesive manner while avoiding obstacles or threats. Flocking is desirable
for deploying swarm robotic platforms in tasks such as search-and-rescue [8] and
environmental monitoring [9], where the swarm needs to reach the task site from its
deployment centers in a coordinated manner, while also minimizing energy consump-

tion and avoiding collisions.

Achieving self-organized ocking in a swarm robotic system requires each robot to
make decisions based on its own sensory information and local interactions with other
robots [10, 11, 12]. Centralized control is often not desirable since it is brittle against
communication delays and fails to adapt to changes in dynamic environments in a

distributed and scalable manner.

In his seminal work [13], Reynolds has shown that ocking can be created on a group
of simulated 'boids' moving in 3D space using three reactive behaviors; naately,
traction for keeping the ock togethelignmentfor moving the ock in a common
direction, andrepulsionfor avoiding collisions. These reactive behaviors have of-
ten been used as the basis for modeling ocking in animals [14, 15, 16] as well as

developing ocking in swarm robotic systems [10, 11, 17, 18].



The introduction and use of potential elds, computationally similar to magnetic or

gravitational elds, where a source generates a repulsive or attraction force in space,
has enabled the derivation of reactive control laws using obstacles and neighboring
robots as sources of forces. However, reactive behaviors, especially when a multi-
tude of them are simultaneously active, as in the case of ocking, are prone to cause

collisions or inef cient motion within the ock due to its short-sighted approach.

Approaches that aimed to generate smoother and optimum ocking, such as the use of
Model Predictive Control (MPC), would either require centralized coordination [19],
or distributed coordination, which requires low-latency and high-bandwidth commu-
nication requirements within the swarm as well as high computational resources [20].
The development of a ocking model that can perform safe collective motion using
limited computational resources and sensory data in the absence of communication

in uncertain environments still remains a challenge.

In this thesis, a predictive search-based ocking model that can safely perform or-
dered and cohesive ocking in environments with static and dynamic obstacles using
limited information on neighboring robots and obstacles is proposed. The ocking
model can generate smoother and safer ocking of robot swarms using predicted
states in the presence of obstacles. Speci cally, during ocking, each robot con-
structs a search tree consisting of predicted future states of itself and other robots and
utilizes a heuristic search to pick the best future state to use as its next target state.
The ocking performance of the model with different prediction methods is com-
pared against the potential eld model in simulation and demonstrated on a swarm
of six quadcopters in the presence of static and dynamic obstacles. The results show
that the predictive search model can safely perform ordered and cohesive ocking in
the presence of static and dynamic obstacles without the need to exchange planned

trajectories between neighboring robots in a computationally ef cient way.

The structure of this study is as follows: Chapter 2 provides an overview of the related
work on ocking in natural and robotic systems. Chapter 3 explains the methodology
for de ning the baseline and proposed ocking models, including necessary de ni-
tions and background information. Chapter 4 describes the experimental setup and

metrics for evaluating the performance of ocking models. Chapter 5 presents the



results of the experiments, along with discussions of these results. Finally, Chapter 6

provides a conclusion that summarizes the proposed work.






CHAPTER 2

RELATED WORK

After the seminal work in [13], numerous studies have been carried out to analyze the
collective motion of natural systems, including animals, humans, and bacteria [16,
21, 22]. In [14], researchers presented a self-organizing model of group formation
in 3D space for animal groups such as bird ocks and sh schools, and showed that
individuals modify their motion on the basis of interactions with their local neighbors
for ocking. In [15], ocking in 3D space on a school of up to 128 sh was studied,
and it was claimed that sh have a preferred cruise speed from which they can deviate
in order to avoid others or to catch up with them and the range of perception of shis
inversely related to the density of the swarm.

Early studies on ocking in robots [23], have mostly relied on emulated sensors,
such as the sensing of neighboring robot poses via an overhead camera. In [10],
the rst implementation of ocking on a swarm of mobile robots, with completely
onboard sensing, without requiring emulated sensing was presented. Speci cally, a
robot platform with a novel infrared sensor that can distinguish obstacles from kin-
robots and sense their range, and a virtual heading system that allowed the robots to
broadcast and receive relative headings of other robots were developed. The results
were demonstrated on a group of 7 physical robots in a closed arena, as well as on
a swarm of 1000 simulated robots (using physical models of the actual robots) in an
open space. A subsequent study [24] showed that the robot swarm could be steered
toward the desired direction by externally guiding some of its members, both on a

swarm of 7 robots as well as a group of 100 robots in simulation.

In [11], the goal-oriented ocking was performed with a swarm of 8 ground robots

that cannot sense orientations of each other. Simulations and real robot experiments



showed that ocking in a random direction is possible without the need for alignment

control and robots having a preferred direction of travel.

On aerial platforms, decentralized ocking with a swarm of 10 quadcopters outdoors
using potential elds to encode repulsion, velocity alignment, and attraction behaviors
was demonstrated in [25]. The quadcopters use GPS data for positioning and local
broadcast-type communication to share position and velocity information with each
other. In [17], the optimized version of the potential eld-based ocking model was
proposed. The model parameters were determined using an evolutionary optimiza-
tion framework, and the performance of the model was validated with 30 quadcopters
in con ned environments. However, when the ocking speed, inter-robot distance,
or environmental setting changes, the parameters are required to be optimized again.
Therefore, the proposed model is only suitable for ocking in prede ned environ-

mental settings.

In [12], a quadcopter swarm that requires only onboard sensing of the relative range
and bearing of neighboring quadcopters for ocking in obstacle-free environments in
the absence of explicit orientation information exchange was developed. In [18], a
potential eld-based ocking model that can perform 3D collective motion by letting
the swarm dynamically adapt to the environment by keeping a preferred distance from
the ground and by changing formation was proposed. Although the performance of
the model is validated with a swarm of 14 quadcopters outdoors, its application is

limited to free environments without obstacles.

In [19], researchers presented an MPC-based ocking model that can move quad-
copter swarms in cluttered environments. They validated the performance of their
model with different swarm speeds and inter-robot distances in environments with
different obstacle densities. Although the model can successfully navigate the quad-
copter swarm in different settings, it is centralized. In [20], the distributed version of

the MPC-based model can perform coherent ocking with noisy sensor measurements
in environments with static obstacles. The performance of the model was validated
on a swarm of 16 quadcopters indoors. Although the model is distributed, it is still far

from being used onboard due to the computational complexity of the model and the

requirement of high bandwidth communication for quadcopters to exchange planned



trajectories with each other.

The work presented in this thesis introduces a novel approach that distinguishes itself

from previous studies by:

Enabling safe and coherent motion of robots with limited sensing capabilities

in environments with varying obstacle densities.

Addressing the challenge of dynamic obstacles while maintaining coherent mo-

tion.

Achieving coordination without the necessity of exchanging information be-

tween neighboring robots.

Demonstrating computational ef ciency suf cient for achieving onboard safe

ocking of robots with limited computational resources.






CHAPTER 3

METHODOLOGY

In this chapter, the swarm setting and the ocking models are introduced. First, the
notation used for de ning the swarm setting is explained. Then, the two different
sensing methods used by ocking models, the range and bearing and contour-based
sensing, are de ned. After that, three ocking models, namely the potential eld

model, multi-step predictive model, and single-step predictive model, are introduced.

The potential eld model is de ned as the baseline model for comparing its perfor-
mance with the multi-step predictive search model. The potential eld and multi-step
predictive search models are implemented using the same sensing method, range and
bearing sensing, and inter-robot attraction/repulsion and obstacle avoidance behaviors

to ensure a fair comparison.

The single-step predictive search model is implemented to show that safer and more
coherent ocking is achievable in a more computationally ef cient manner using
contour-based sensing, which provides more information about the environment for

making better predictions than the range and bearing sensing.

3.1 Notation

N identical robots in an environment populatedMycylindrical obstacles are con-
sidered. Robots can measure the states of the neighboring robots and obstacles within
their sensing range. Robots perform the same ocking behavior that uses information
obtained from their sensing capabilities. Each robot determines its next velocity ac-

cording to the updated information of the neighboring robots and obstacles at each

9



discrete time step with durationt.

Figure 3.1: lllustration of a robot swarnv™ is the migration velocityys is the
sensing rangey; is the velocityh; is the heading,; is the heading angle of the focal
robot (roboti), and%, ¥ and2 are the unit vectors along the x, y and z-axis of the

body- xed reference frame of the focal robot.

Roboti 2 R = f1;2;::;;Ngis referred as théocal robot and the ocking behavior

is described from its perspective. The velocity of the focal robot is denoteg. as
h; = vi=kv;k denotes the heading of the focal robot, which is the unit vector in the
direction of motion of the robot, and indicates the heading angle of the focal robot

that is calculated with respect to its body- xed reference frame (Figure 3.1).

v™ is the prede ned migration velocity for all the robots within the swarm to move
robots toward the desired direction. Itis de ned with respect to the common reference
frame to imitate the magnetic eld that guides ocks of birds [26] and schools of sh

[27] during migration.

The minimum/maximum speed, maximum rate of change of speed, and maximum
heading rotation speed of the robots are denoted Witftmax , @max, and! max,
respectively. The minimum speed of the robat;, , is set to a nonzero value to

ensure that the robots are always in motion.

10



Figure 3.2: (a) lllustrations of the Range and Bearing and (b) Contour-based sensing
methods.di=« are the relative distanceg;, are the relative positions ang-y are

the unit distance vectors of the neighboring robot (rgh@nd obstacle (obstacke.

In (a), j=« are the bearings of the neighboring robot and obstacle. Imj(h)are the

radii of the neighboring robot and obstacle.

Figure 3.3: lllustration of the sensed neighboring robots (shown as red circles) and
obstacles (shown as green circles) by the focal robot (shown as the blue circle) for
two different instances. The focal robot can semsearest neighbors ama-nearest
obstacles within its sensing range,(heren = 4 andm = 2). The neighbors and
obstacles not sensed by the focal robot are marked with black stripes. In (a), the focal
robot can sense all the neighbors and obstacles within its sensing range. In (b), it
can only sense the neardsheighbors an@ obstacles due to topological selection
limitations.

11



3.2 Sensing

3.2.1 Range and Bearing Sensing

In Range and Bearing (RnB) sensing, the focal robot is assumed to be able to calcu-

late the relative positions using the range and bearings of the neighboring robots and

obstacles (Figure 3.2a).

The sets of sensed neighbols,, and obstacles);, are determined by combining

the metric and topological selections. The metric selection keeps only the neighbors

and obstacles within the sensing rangg,whereas the topological selection limits

the number of sensed neighbors and obstacles 28k de ned as:

( )

Ni=fj 2Rnfigjd +ri<rsg\ n argmind
j2Rnf ig

wherer; denotes the radius of the focal robot and arg min term selects at most

nearest neighbors. Similari; is expressed as:

Oj=fk20jdc+ri<rsg\ m argmindg
k20

wherem arg min term selects at mosh nearest obstacles (Figure 3.3).

The unit vectors directed from the focal robotjt neighbor anck™ obstacle are

de ned as:
uj = cog j)R +sin( ;)%
ug = coq k)R + sin( )y
Then, the relative positions pf' neighbor ank' obstacle are calculated as:

p;j = (d + riuy;

P = (d + ri)ug:

3.2.2 Contour-based Sensing

In Contour-based sensing, it is assumed that the focal robot can compute the relative

positions and radii of the neighboring robots and obstacles whose center points lie

within its sensing range using contour measurements (Figure 3.2b).

12



The relative distances ¢f" neighbor ank™ obstacle are calculated as:

di = kp;k;

wherep; andp, are the relative positions ¢f" neighbor anck™ obstacle, respec-

tively.

As in RnB sensing, the sets of sensed neighbors and obstacles are determined by the

metric and topological selections as:

( )

Ni=fj 2Rnfigjd <rsg\ n argmind, ; (3.2)
j2Rnf ig
Oi=fk20jdi<rsg\ m argminds (3.2)

k20

The unit vectors directed from the focal robotjt8 neighbor anck™ obstacle are
de ned as:

uj = p;=kp; k;

Uk = p=Kpyk:

Note thatd, =p; anddy=p, are de ned differently for RnB and Contour-based sens-
ing. In RnB sensingg; andd are de ned as the closest distance between the outer
boundaries of the focal robot apdf neighbor anck™ obstacle, wheregs; andp,

are the relative position vectors directed from the center point of the focal robot to the
boundaries of the neighboring robot and obstacle (Figure 3.2a). On the other hand,
d; andd, are de ned as the distances between the center points of the focal robot and
j ™ neighbor ank™ obstacle, wheregs andp, are the relative position vectors di-
rected from the center point of the focal robot to the center points of the neighboring

robot and obstacle in Contour-based sensing (Figure 3.2b).

3.3 Potential Field Model

The Potential Field Model (PFM), inspired by the previous work [11], uses inter-robot

attraction and repulsion, obstacle avoidance, and goal-directed motion to achieve
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Figure 3.4: The (a) inter-robot potential and (b) obstacle avoidance potential function.

ocking in a desired direction. In PFM, robots use the RnB sensing method for ock-
ing in a 2D environment. The ocking control vector of the focal robot is calculated

as the sum of three vectors:
fo=f"+f0+f"

wheref " is the inter-robot control vectof,® is the obstacle avoidance control vector

andf ™ is the migration control vector.

The inter-robot control vector maintains the distance between the focal robot and its
neighbors at the reference distance by moving the focal robot closer to its neighbors
when the distance is greater than the reference distance and moving the focal robot
away from its neighbors when the distance is smaller than the reference distance. The
inter-robot control vector is calculated as:
= 27y

NG oy,
wherejN;j is the number of sensed neighbors gifd,) is the magnitude of the
inter-robot control vector.p’(d;) is de ned as the negative derivative of the inter-

robot potential functiorP" (d, ):

@P(dj)_ red. .
@d = k'(d d):

The inter-robot potential function is de ned as the spring potential function (Fig-

p(dy) =

ure 3.4a) inspired by the previous work [29]:
1
P'(di) = ékr(d,- d)?
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whered; is the reference distance akdis the inter-robot gain.

The obstacle avoidance control vector prevents robot-obstacle collisions by moving

the focal robot away from an obstacle when the distance between the focal robot and
an obstacle is smaller than the obstacle in uence threshold. The obstacle avoidance
control vector is calculated as:

1 X
fo= — p°(dk)uk
10 k20
wherejO;j is the number of sensed obstacles gAfty) is the magnitude of the
obstacle avoidance control vect@f(dy) is de ned as the negative derivative of the

obstacle avoidance potential functiBfi(dy):

8
. @Pd) Sk & L L de do
p (dk) = ad = S ik
-0 dy >do:
Following the work in [30], the obstacle avoidance potential function is de ned as:
8
21 1 17 g g
Pody=_ > % * (3.3)
0] dy >dg

whered, is the obstacle in uence threshold, ak# is the obstacle avoidance gain
(Figure 3.4b).

The migration control vector moves the focal robot at the desired migration velocity
and is calculated as:
f m — kmvm

wherek™ is the migration gain.

The linear speed of the focal robot is computed by projecting the ocking control

vector,f ;, onto its headindy;, and multiplying by the linear speed gaki, as:
w = K, hy):

The angular speed is obtained by projectingonto the vector perpendicular to the
robot's heading in the counterclockwise directibd,, and multiplying by the angular
speed gaink?, as:

~ = k3(f; h?):
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The linear/angular speed are cropped to remain betwges ! max aNdVmax =! max -

The focal robot calculates its next headifig, and next velocityy, as:
hi=cod i ++; OD&+sin(;++; )%

Vi = ‘Vihi:

3.4 Multi-step Predictive Search Model

Figure 3.5: lllustration of a search tree constructed using the beam-search algorithm

for =2. The grey nodes are pruned, and the remaining nodes are expanded.

The Multi-step Predictive Search Model (mPSM) allows the robot to decide its next
move using predicted states of itself and its neighbors. In mPSM, robots use the
RnB sensing method for ocking in a 2D environment, as in PFM. Each robot con-
structs a search tree consisting of nodes that contain achievable future states of itself,
where the levels of the search tree represent future time steps. The achievable future
states are calculated considering two discrete actions: changing the speed and rotat-

ing the heading at the next time steps. Each robot constructs the search tree using the

16



beam-search algorithm [31], which only expandsumber of nodes with the small-
est heuristic cost at each level and stops expanding when it redthegel to reduce

the computational cost of the search (Figure 3.5).

ﬁhe state;s of the node at ¢" level of the search tree are representedsais=

pe;ve; ¢ wherepy denotes the predicted position of the focal robot with respect to
its current body- xed reference frame; and ; represents the predicted speed and
heading angle at thé" future time step, respectively. The states of tihe rst nolde of
the search tree are taken as the current states of the focal roBgt=as p.;vi; ;
wherep; is the origin of the robot's body- xed reference frame,and ; are the

robot's current speed and heading angle.

The states of the nodes at the next level of the search tree are generated by expanding
the nodes at the previous level. The node to be expanded is called the parent node,

whereas the nodes generated by expanding the parent node are called the child nodes.

Figure 3.6: lllustration of a node expansion process for the search parametets

andB = 1. The focal robot calculates its next possible states by considering the
combination of two actions: changing its speed and heading. Then, the robot expands
the parent node to the next level of the search tree by generating the child nodes with
statesS¢** wheren 2 f 1;2;::;;(2A +1)(2B +1)}.

h [
Let the states of the parent node at tfelevel are denoted b§® = pc;ve; ©

whereas the states of itd" child node at the next level are represente®&@s =
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h i

pSil;vert; ¢ wherevit and £ denotes the speed and heading angle values

achievable at the next time steg§'* and £ are calculated as:
vl =vf+a v a2z: A a A (3.4)

= °+p b2Z: B b B (3.5)

where v and  are the search step parameté&sandB are the parameters that
determine the number of considered reachable speed and heading angle values at the
next time step, respectively (Figure 3.6). Since the speed and heading angle values
should satisfy the actuation constraints of the robot, the speedvigtnis bounded
betweenvm,i, andvnyay, and the parameters are selected as the constrints
amax t andB I max t are satis ed. Then, the position states of the child
nodes are calculated as:

Pan = P+ Vethy™ (3.6)

wherep® is the position state of the parent node &jtf* is the heading of the child
node which is de ned as:

he* = cog §)&+ sin( £y

To be rgoncise, tlhe states of the nadat thec” level of the search tree denoted as
Sy = pg;ve; ¢, omitting the parametera and b previously used for explaining

n» n '’

node expansion.

The heuristic cost of node at thec™" level of the search treeg, is calculated as:
cc=h"+h°+h"+c (3.7)

whereh' is the inter-robot heuristid)° is the obstacle avoidance heuristi! is the

migration heuristic, and; is the heuristic cost of the parent node of node

The inter-robot heuristic maintains the distance between the focal robot and its neigh-
bors at the reference distance by increasing the heuristic as the inter-robot distance
deviates from the desired distance. The same inter-robot potential function in PFM is
used to calculate the inter-robot heuristic as:

1 X
N,

r —

P (df)

N i
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whered; is the predicted distance between the focal robot jdhaeighbor. d’ is
calculated as:

f=kpn  pikoTi

wherepy is the position state of the nodeandpy is the predicted position of thd"
neighbor with respect to the body- xed reference frame of the focal robot.

Two different prediction methods are proposed for the position predictions of the

neighbors.

In Heading and Speed Shared (HSSinethod, the current relative headings and
speeds of the sensed neighbors are assumed to be available to the focal robot, and
the focal robot assumes that its neighbors would move at their current speed without
changing their headings. Then, the position ofjtHeneighbor at the" future time

step is predicted as:

pi = p; +(Vvi+ vhj)c t

wherep;, v; andh; are the current relative position, speed, and heading ofthe

neighbor calculated with respect to the body- xed reference frame of the focal robot.

In Heading and Speed Unshared (HSUnethod, the current headings and speeds
of the neighbors are not available to the focal robot, and the focal robot predicts the
position of thej " neighbor by assuming that it will move at the migration velocity
as:

pj=p;+Vv'c t

The same obstacle avoidance function in PFM is used to calculate obstacle avoidance

heuristic as:
h° = i X P°(df)
jOi] . :

whered; is the predicted distance between the focal robot and obskacld; is
calculated as:

k= ko pkooT

wherep, is the current relative position of obstad&eavith respect to the body- xed

reference frame of the focal robot (Figure 3.2a).
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The migration heuristic is de ned as the combination of the speed heutiStiend
the direction heuristid?, as:
h™ = hS+ hd: (3.8)
The speed heuristic, which maintains the speed of the robot at migration speed, is

calculated as:
h®= k®kv™k V¢ (3.9

whereV; is the speed of node, andk® is the speed gain.

The direction heuristic moves the focal robot toward the migration direction and is

calculated as:
v he
kvmk "
whereh¢ is the heading of node, andk® is the direction gain.

hd= k9 1

(3.10)

After constructing the search tree (Figure 3.5), the focal robot takes the trajectory of
the node with the smallest heuristic cost at the last level of the search tree as the best
trajectory. Then, it uses the states of the rst node of the best trajectory to calculate

its next headingfy;, and next velocityy, as:
mi = cog H&+ sin( ¥, (3.11)
Vi = 1hi (312)

where ! andv} are the heading angle and speed states of the rst node of the best

trajectory at the rst level of the search tree.

3.5 Single-step Predictive Search Model

The Single-step Predictive Search Model (sPSM) allows each robot to decide its next
move using single-step predicted states of itself and its neighbors. In sSPSM, robots
use the Contour-based sensing model for ocking in 2D and 3D environments. Since
robots construct single-step search trees, they are not required to utilize a beam-search
algorithm to reduce the search space. Similarto mPSM, each robot constructs a search
tree by computing the achievable future states. The robot considers two actions for
2D ocking: changing its speed and rotating its heading angle with respect to its z-

axis, as in mPSM (Figure 3.6). However, the robot considers one more action for 3D
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Figure 3.7: lllustration of a single-step search tree constructed for 3D ocking for
the search parametefs= 1, B = 1 andC = 1. The focal robot calculates its next
possible states by considering the combination of three actions: changing its speed,
rotating its heading with respect to the z-axis, and rotating its heading with respect to
the y-axis. The states of the parent node are taken as the current state of the robot,
S3, and the search tree is expanded by calculating the states of the child Spdes,
wheren 2 f1;2;::;;(2A +1)(2B + 1)(2C + 1) g. Since the robot makes single-step
predictions, it expands the search tree only once. Then, the robot selects its next state

as the state of the child node with the smallest heuristic cost.

ocking: rotating its heading with respect to its y-axis to generate predicted states in
3D (Figure 3.7).

'rll'he stateTc. of the node at the next level of the search tree are represent&} as

pi;vi; 1 wherep? denotes the predicted position of the focal robot with respect to
its current body- xed reference frame! and ! represents the predicted speed and
heading angle at the next time step, respectively. The states Rf the rsit node of the
search tree are taken as the current states of the focal roB§tasp;;v;; ; , asin

mPSM.
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3.5.1 sPSM for 2D Flocking

For ZR ocking,i the states of tha™ child node at the rst level of the search tree,
St= pl;vi; 1, are computed using Equations 3.4, 3.5 and 3.6.

n* n’

The heuristic cost of node at the rst level of the search tree!, is calculated as:
C% - h—r + h—o+ hm

whereh" is the inter-robot heuristic with safety distan&@ s the obstacle avoidance
heuristic with safety distance ahd is the migration heuristic. Note that the heuristic

cost of the parent node is not considered since it does not affect the search for the best
state. This is because the rst node has been expanded only once, and all the nodes
in the next level have the same parent node.

The inter-robot heuristic with safety distance maintains the distance between the focal
robot and its neighbors at the reference distance by increasing the heuristic as the
inter-robot distance deviates from the desired distance. Also, it tries to keep the inter-
robot distance larger than the desired safety distance. The inter-robot heuristic with

safety distance is calculated as:
P (d}) (3.13)
whereF"(djl) is the inter-robot heuristic potential with safety distance d]hit the
predicted distance between the focal robot ;afhdweighbor.dj1 is calculated as:

d' = kpy  pik

wherep? is the position state of the no<meandpj1 is the predicted position of thé"
neighbor at the next time step with respect to the body- xed reference frame of the

focal robot.p! is calculated using the HSU method as:
pi=p +v™" t

The inter-robot heuristic potential with safety distance is calculated as:

8
21 1 2 q

P (d)) = KK dha g G
T odt od 2 d>d)
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whered, is the reference distancd, is the robot safety distancks is the collision
safety gain, an@" is the inter-robot gain. The value Bf (d') increases signi cantly
when the inter-robot distance becomes smaller than the safety distarkCe fok".

This way, the inter-robot heuristic tries to keep the inter-robot distance larger than the

robot safety distance.

The obstacle avoidance heuristic with safety distance prevents robot-obstacle colli-
sions by moving the focal robot away from an obstacle when the robot approaches
an obstacle. Moreover, it tries to keep the distance between the focal robot and the
obstacle larger than the desired safety distance. The obstacle avoidance heuristic with

safety distance is de ned as:
P°(d ) (3.14)
whereP°(d?) is the obstacle avoidance heuristic potential with safety distancedand
is the predicted distance between the focal robot and obstadeis calculated as:

di = kpn Pk

wherep, is the relative position of the obstadkewith respect to the body- xed
reference frame of the focal robot (Figure 3.2b). The obstacle-avoidance heuristic

potential with safety distance is calculated as:

E%Wk" A
Ff°(d>-§g°13 Forow<di d
di >do

whered, is the obstacle in uence threshold? is the obstacle safety distandé,
is the collision safety gairk® is the obstacle avoidance gain, arjdis the obstacle
approach term. The approach term is calculated as:

=max(0;h} up)

whereh? is the heading of node, andu} = (pt  p,)=kp: pykis the unit vector
directed from the position of nodeto the obstaclé&. The approach term becomes
when the robot moves toward the obstacle, and it bec@wmdgen the robot passes by

or moves away from the obstacle. This term enables the robot to maneuver smoothly
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while moving among obstacles, even though it makes single-step predictions to decide

its next move.

The migration heuristic is de ned as the combination of the speed heuristic and di-

rection heuristic and calculated using Equations 3.8, 3.9, and 3.10.

After constructing the search tree, the focal robot uses the states of the node at the rst
level of the search tree with the smallest heuristic cost to calculate its next heading,

i, and next velocityy, using Equations 3.11 and 3.12.

3.5.2 sPSM for 3D Flocking

For 3D ocking, the states of the parth node an(fhl‘ﬂs child noHe at the rst Ie}/el
of the search tree are denoted8y = p;;vi; ; ; andSy = pl vy L L,
respectively. v}, the predicted speed, is calculated using Equation 3.4 whefeas
the predicted heading angle in the xy-plane, is calculated using Equationt3tbe

predicted heading angle in the xz-plane, is calculated as:
1= i+c c2Z: C ¢ C

where is the search step parameter dbds the parameter that determines the
number of considered heading angle values at the next time step (Figure 3.7). Since
the heading angle values should satisfy the actuation constraints of the robot, the
parameters are selected as the consti@int I max tis satised. Then, the

position states of the child nodes are calculated as:
p;;b;c = pi + V::alhé;c t

wherep; is the position state of the parent node mi;q is the heading of the child
node which is de ned as:

hge = cog g)cog )&+ sin( p)cog )y  sin( o)z

To be corhcise, the staltes of the nadat the rst level of the search tree denoted

asSt = pl;vi; 1. 1 omitting the parametera, b and c previously used for

n*¥n» n» n?’

explaining node expansion.
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The heuristic cost of node at the rst level of the search tree is calculated as:
C%:hr*'ho‘l'hm‘f‘ht

whereh" is the inter-robot heuristic with safety distan&@,is the obstacle avoidance
heuristic with safety distancd™ is the migration heuristic, ank' is the altitude
heuristic. A", i°® andh™ are calculated using Equations 3.13, 3.14 and 3.8, respec-

tively.

The altitude heuristic prevents the robot from hitting to ceiling and oor of the envi-
ronment by maintaining the altitude of the robot between the upper bayndnd
the lower boundg,, and is calculated as:

8 2
2

LU
20 aj<an

wherea,, = (a, a)=2is the altitude marging} is the predicted altitude difference,
andk! is the altitude gaina} is calculated as:

ag = jay ]
wherea, = (a, + a)=2is the reference altitude ar is the predicted altitude of the
noden. &} is calculated as:

&= a+p, 2
whereg; is the current altitude of the focal robot measured with respect to the oor
of the environment.

After constructing the search tree (Figure 3.7), the robot uses the states of the node
at the rst level of the search tree with the smallest heuristic cost to calculate its next

headingf1;, and next velocityy;, using Equations 3.11 and 3.12.
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CHAPTER 4

METRICS AND EXPERIMENTAL SETUP

In this chapter, the metrics used for evaluating the performance of the ocking mod-
els in terms of robots' ability to perform coherent motion, track the desired migration
velocity, move away from the obstacles and keep the inter-robot distance around the
reference distance are introduced. Furthermore, the experimental setup used for com-
paring performances of the ocking models in simulation and a ight arena with a

guadcopter swarm is explained in detail.

4.1 Metrics

Five metrics are used to evaluate the performance of the ocking models, namely, or-
der, speed error, proximity, minimum robot distance, and minimum obstacle distance
[10, 19].

Theorder metric, , measures the degree of alignment of the robots:

P
where 5 hj is the vectorial sum of the headings of all robotsbecomed when
the headings of the robots are perfectly aligned, and it bec@mwdsen the robots
have opposite heading alignments.

The speed error metric, &5, measures the normalized mean difference between the

speed of the robots and the desired migration speed:

1 X jkv™k k vikj
SN kvmk
i2R
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wherees becomed) when the speed of the robots is equal to the migration speed,

whereas it gets larger when the difference between the speeds increases.

Theproximity metric,d,, measures the normalized mean distance between the robots
and their neighbors: P

X N d
dp: 12N| J_

1
N e INijdh
whered, becomesl when the mean inter-robot distance is equal to the reference

distance. Its value decreases as the robots get closer to each other, and increases as

they move away from each other.

The minimum robot distance metric,m,, measures the minimum distance between

two robots:

m, = min d:
i2R ;2N

wherem, decreases as robots get closer to each other, and increases as they move

away from each other.

The minimum obstacle distancemetric, m,, measures the minimum distance to
obstacles:

my,= min dy:
°7 Rk20, K

wherem, decreases as robots get closer to an obstacle, and increases as they move
away from it.

Note that in simulationsm, andm, become negative when there is a collision for
PFM and mPSM since these models use RnB sensing (Figure 3.2a). On the other
hand, the conditionm, <r; + r; andm, < r; + r indicate inter-robot and robot-

obstacle collision for sPSM which uses Contour-based sensing (Figure 3.2b).

4.2 Experimental Setup for Simulations

A swarm of 12 robots were simulated in four different 2D rectangular environments
for comparison of the performances of PFM and mPSM in the presence of static and
dynamic obstacles (Figure 4.1). The rst three environments shown in Figure 4.1a

contain static obstacles of three different densities, whereas the fourth type, shown in
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Figure 4.1: Environments used in simulation experiments are shown. The three envi-
ronments shown in (a) contain static circular obstacles, shown as green circles, with
different densities whereas the fourth environment, shown in (b), contains two dy-
namic circular obstacles, shown as red circles. The robots, shown as black circles at
the bottom of the environments, are instructed to move along the migration velocity,
v™ in the positivey direction. The experiments end when all the robots cross the
nish line at y;. The dynamic obstacles are shown in (b) move along in the nega-
tive y direction, the opposite of the migration velocity, starting from the top of the
environment to the bottom of the environment along smooth third-order Bezier tra-
jectories (dotted red lines). The dashed rectangles encircling the obstacles, and the
robots, indicate the regions where the obstacles and robots are initialized randomly
for each experiment. The environments shown in this gure are only one instance of

each particular type.

Figure 4.1b, contains two dynamic obstacles moving in the opposite direction of the

migration direction.

The simulation, implemented in Matlab, updates the states of the robots and dynamic
obstacles (if any) at discrete time steps dfusing the equations described in Chap-

ter 3. In addition, a 2D normally distributed noise € 0; = 0:1) is added to the
velocities of the robots. The parameter values of PFM, mPSM, and the simulation

setting are listed in Table 4.1.

Robots are placed in the arééx;y)jx 2 [ 1:75,1:75}y 2 [0;2:5]g randomly at
the beginning of each experiment. The experiments are rep&@ties for each
environment with random robot initialization. The rst three environments populated

with circular static obstacles (radiug) with obstacle densities, = 0:03, , = 0:05,
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and 3 = 0:07 as shown in Figure 4.1a. The obstacles are placed randomly within
f(x;y)jx 2 [ 5:25/5:25}y 2 [2:75 11:25)g at the beginning of each experiment.

To assess the performances of PFM and mPSM in the presence of dynamic obstacles,
an environment populated with two dynamic obstacles with radiyss used, as
shown in Figure 4.1b. Trajectories of the dynamic obstacles are generated using 2D
third-order Bezier curves of duratidg with randomly selected control points. The
initial and nal positions of the dynamic obstacles are locatey at10 andy = 0

with a random control point picked in between to generate smooth Bezier curves,
such as the one shown in Figure 4.1b. Note that the robots cannot distinguish between

static and dynamic obstacles through their sensors.

Table 4.1: The values of parameters of PFM and mPSM in simulation and quadcopter
experiments. Note that since PFM is not implemented on quadcopters, its parameter

values k™, k' andk?) are listed as dashes.

Parameter Simulation Quadcopter
Number of robotsi ) 12 6
Control time step (t) 0:05s O:1s
Migration velocity ¢™) 19 m=s 0:3¢ m=s
Speed gaink®) 2 4
Direction gain k%) 1 15
Reference distancel() Im Im
Obstacle avoidance threshold distandg ( 1:93m 1:93m
Maximum number of neighboring robots)( 4 4
Maximum number of neighboring obstacles)( 2 2
Heading angle search step () 0:05rad 0:2rad
Speed search step V) 0:025m=s 0:1m=s
Beam width () 2 2

Depth of the search tred) 2 2
Number of predicted speed?X + 1) 11 5
Number of predicted heading®R + 1) 9 3
Inter-robot gaink") 100 60
Obstacle avoidance gaik9) 0:2 2
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Table 4.1 (continued)

Migration gain k™) 10

Linear speed gairk() 0:1m=s

Angular speed gairkg) O:1rad=s

Maximum speed\(nax ) 2m=s 2m=s
Minimum speed\imin ) 0:05m=s 0:05m=s
Maximum heading rotation speel (. ) 5rad=s 5rad=s
Maximum rate of change of speeahy) 2m=s’ 2m=s?
Sensing radiusr() 2m 2m
Radius of robotsr() 0:07m 0:07m
Radius of static obstacles.) 0:25m 0:25m
Radius of dynamic obstacles,) 0:07m 0:07m
Finish line ) 1065m 7:5m
Duration of the Bezier curves) 30s 30s
Standard deviation of the velocity noise) ( 01

The three environments populated with randomly placed static obstacles (Figure 4.1a)
are also used for 2D and 3D ocking performance analysis of SPSM. In 3D ocking,
the obstacles are considered as in nitely long cylinders, and 3D normally distributed
noise ( =0; =0:1)is added to the velocities of the robots. The parameter values

of sSPSM and the simulation setting are listed in Table 4.2.

Table 4.2: The values of parameters of SPSM in simulation and quadcopter experi-

ments.

Parameter

Simulation Quadcopter

Number of robotsi{ )
Control time step (t)
Migration velocity ¢™)
Inter-robot gaink")
Obstacle avoidance gaik9)

Collision safety gainK°)
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12 6

0:05s O:1s

19 m=s 0:3¢ m=s
100 100

5 5
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Table 4.2 (continued)

Speed gaink®) 2 2
Direction gain k9) 2 2
Altitude gain k') 100 100
Reference distancel) Im Im
Obstacle avoidance threshold distandg ( 2m 2m
Inter-robot safety distancely() 0:3m 0:4m
Obstacle safety distancedj 0:4m 0:5m
Upper altitude bounds(,) 0:95m 0:95m
Lower altitude boundg)) 0:55m 0:55m
Maximum number of neighboring robots)( 4 4
Maximum number of neighboring obstacles)( 2 2
Heading angle search step () 0:15rad 0:15rad
Speed search step () 0:05m=s  0:05m=s
Number of predicted speed?X + 1) 3 3
Number of predicted headings in xy-plargB(+ 1) 3 3
Number of predicted headings in xz-plai2€(+ 1) 3 3
Maximum speednax ) 2m=s 2m=s
Minimum speed\{min ) 0:05m=s 0:05m=s
Maximum heading rotation speel (. ) 3rad=s 3rad=s
Maximum rate of change of speeahf, ) 1m=s’ 1m=¢
Sensing radiusr{) 2m 2m
Radius of robotsr(,) 0:07m 0:07m
Radius of static obstacles) 0:25m 0:25m
Finish line ) 105m 75m
Standard deviation of the velocity noise) ( 0:1
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Figure 4.2: The photos of a Crazy ie quadcopter. In (a), STM32F405 is the on-
board microcontroller that calculates control commands of the quadcopter. In (b),
NRF51822 is the onboard radio that communicates with a central computer via USB
radio to collect position information the motion capture system provides. In (c), the
quadcopter is equipped with a LiPo battery to supply power and a motion capture
marker deck with an attached marker to track the quadcopter using a motion capture

system.

4.3 Experimental Setup for a Quadcopter Swarm

A swarm of 6 Crazy ie 2.1 quadcopters (Figure 4.2) is used in an indoor ight arena

to assess the performances of mMPSM and sPSM. In the experiments with mPSM,
performances of both HSS and HSU prediction methods are assessed. The PFM was
neither implemented nor tested on the quadcopters since it was observed to cause

physical collisions even in the simulation that neglected the dynamics of the robots.

Positions of the quadcopters are tracked using Vicon VaAtag&on capture system.

Velocities of the quadcopters are calculated by discrete differentiation:

vi()= pi(t) pi(t 1) =t

wherep;(t) andv;(t) are the position and velocity states of robet timet, respec-

tively.

In the experiments with mPSM, the velocity commands of each quadcopter are com-

puted in different threads on a central computer. The central computer computes the

! https://www.bitcraze.io/products/crazyflie-2-1/
2 https://docs.vicon.com/display/Vantage/
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Figure 4.3: Flow diagram of the Crazyswarm platfotibMotionCapturecollects the
positions of the motion capture markers and sends the point cloud tib@igect-
Tracker crazyswarm_servegets positions of the quadcopters calculatedits@b-
jectTrackerand computes control commands of the quadcopters using the ocking
script implemented witlpycrazyswarntibrary. crazy ie_cppgets control commands

and sends them to the quadcopters via USB radio.

Figure 4.4: (a) lllustration of the experimental setup used in quadcopter experiments
of MPSM. (b) A photo of the overhead view of the environment used for validating the

performance of mPSM with a quadcopter swarm in the presence of static obstacles.
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states of sensed neighbors and obstacles and passes them to the function that calcu-
lates the next velocity of the quadcopter. The Crazyswarm platform [32] is used for
communicating with quadcopters (Figure 4.3), and the velocity commands are sent
to the quadcopters via USB radios as depicted in Figure 4.4a. The desired migration
velocity is selected ag™ = 0:3¢ m=s, and the experiments are completed when one

of the quadcopters crosses the nish line/at

In static obstacle experiments with mPSM, circular obstacles are emulated in the
ight arena as shown in Figure 4.4b. In dynamic obstacle experiments, an "obstacle
Crazy ie quadcopter" is used to take the role of dynamic obstacle with radius

r,. Its trajectory is generated using a 2D third-order Bezier curve, the same as in
the simulation experiments, and is sampled at time stepThe coordinates of the

sampled points are then sent to the "obstacle Crazy ie" as waypoints.

Figure 4.5: Photos of the (a) trimetric view and (b) overhead view of the environment
used for validating the performance of SPSM with a quadcopter swarm in the presence

of static obstacles.

In the experiments with sSPSM, the ight arena is populated with cylindrical static
obstacles with radiusys (Figure 4.5) to assess the 2D and 3D ocking performance

of the model. For 2D ocking, altitudes of the quadcopters are set to a constant value,
whereas, altitudes of the quadcopters are initialized randomly between the upper al-
titude bounda,, and the lower altitude bound,, for 3D ocking. In both 2D and

3D ocking experiments, SPSM model is implemented on the microcontroller of the

35



	ABSTRACT
	ÖZ
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	Introduction
	Related Work
	Methodology
	Notation
	Sensing
	Range and Bearing Sensing
	Contour-based Sensing

	Potential Field Model
	Multi-step Predictive Search Model
	Single-step Predictive Search Model
	sPSM for 2D Flocking
	sPSM for 3D Flocking


	Metrics and Experimental Setup
	Metrics
	Experimental Setup for Simulations
	Experimental Setup for a Quadcopter Swarm

	Results and Discussion
	Simulations
	Simulations of PFM and mPSM among Static Obstacles
	Simulations of PFM and mPSM among Dynamic Obstacles
	Simulations of sPSM among Static Obstacles
	Discussion on PFM and mPSM
	Discussion on sPSM

	Quadcopter Experiments
	Flocking with mPSM among Static Obstacles
	Flocking with mPSM among a Dynamic Obstacle
	2D Flocking with sPSM among Static Obstacles
	3D Flocking with sPSM among Static Obstacles
	Discussion


	Conclusion
	REFERENCES

