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ABSTRACT

DISTRIBUTED NONLINEAR MODEL PREDICTIVE FORMATION
CONTROL OF QUADROTOR TYPE UAVS IN CLUTTERED AND
DYNAMIC ENVIRONMENTS

Satir, Muhlis Sami
M.S., Department of Electrical and Electronics Engineering

Supervisor: Assoc. Prof. Dr. Mustafa Mert Ankarali
Co-Supervisor: Assoc. Prof. Dr. Erol Sahin

MAY 2023, [73| pages

Unmanned aerial vehicles (UAVs) have gained widespread use in various applica-
tions, including surveillance, inspection, and delivery. One important aspect in the
operation of UAVs is the ability to fly in formation, where a group of UAVs main-
tains a desired geometric configuration while performing a given task. In this thesis,
we use model predictive control (MPC) to address the problem of formation control
for a group of UAVs. We first review the literature on formation control for UAVs,
highlighting the advantages and limitations of different control approaches. We then
describe the MPC formulation for formation control of multi-UAV systems, taking
into account the dynamics and constraints of the UAVs. We also discuss the chal-
lenges and trade-offs in the design of the MPC controller, including the choice of the
prediction horizon and the control input constraints. We present a novel approach
that combines MPC formation control with graph generation algorithms to allow for
the formation of UAVs to start from arbitrary points providing greater flexibility and

adaptability to different scenarios.



Finally, we demonstrate the proposed formation control method on a swarm of mini

UAV both in simulation and on physical platforms.

Keywords: Model Predictive Control, Swarm, Formation Control, Unmanned Aerial

Vehicles
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0z

YOGUN VE DINAMIK ENGELLI ORTAMDA DONERKANAT IHA’LARIN
DAGITIK DOGRUSAL OLMAYAN MODEL ONGORULU FORMASYON
KONTROLU

Satir, Muhlis Sami
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii
Tez Yoneticisi: Dog¢. Dr. Mustafa Mert Ankarali
Ortak Tez Yoneticisi: Dog. Dr. Erol Sahin

Mayis 2023 ,[73] sayfa

Insansiz hava araclar1 (IHA) gozetleme, denetleme ve teslimat dahil olmak iizere ce-
sitli uygulamalarda yaygin bir kullanima sahiptir. IHA’larin énemli bir operasyonel
kabiliyeti olan formasyon ugusu, bir grup IHA’ nin belirli bir gorevi yerine getirirken
istenen bir geometrik konfigiirasyonu korudugu diizende u¢cma yetenegidir. Bu tezde,
bir grup IHA icin formasyon kontrolii problemini ¢ozmek icin model 6ngoriilii kont-
rol (MPC) kullanilmistir. Oncelikle, IHA lar icin formasyon kontroliine iliskin litera-
tiirii farkli kontrol yaklagimlarinin avantajlarini ve sinirlamalarini vurgulayarak sunul-
mustur. Daha sonra, IHA’larin dinamiklerini ve kisitlamalarin1 dikkate alarak ¢oklu
IHA sistemlerinin formasyon kontrolii i¢cin MPC formiilasyonunu agiklanmgtir. Ay-
rica tahmin ufkunun se¢imi ve kontrol girisi kisitlamalar1 da dahil olmak iizere model
Ongoriilii kontrolciiniin tasarimindaki zorluklart ve ikilemleri tartigilmigtir. MPC for-
masyon kontroliinii ¢izge iiretme algoritmalariyla birlestirip, [HA’larin formasyona
rastgele noktalardan baglayarak ulasmasini saglayan yenilik¢i bir yaklagim sunulmus-

tur. Bu yontem, farkli ortamlara ve problemlere kars1 daha fazla esneklik ve uyum
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saglamstir.

Son olarak, 6nerilen formasyon kontrol yontemini gercek diinyadaki bir uygulamaya
uygulayarak miimkiinliigiinii ve kullanighiligini gosterilmistir. Onerilen yaklagimin
potansiyel uzantilar1 ve uygulamalarinin yan sira bu alanda gelecekteki arastirma

yonlerini tartigilmistir.

Anahtar Kelimeler: Model Ongérijlii Kontrol, Siirii, Formasyon Kontrolii, Insansiz

Hava Araclar
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Flocks of birds, schools of sh, and herds of goats exhibit some of the fascinating
behaviors of swarm intelligence. Individuals in a ock are less likely to get hunted
and are able to follow a more precise route with less energy consumption [4]. These

advantages of collective motion inspire engineers to mimic swarm behaviors.

In order to obtain a computer model that behaves like ocking birds, Reynolds [5]
de ned simple rules namely separation, alignment, and cohesion. With Reynolds'

ocking model, swarm behavior was modeled mathematically for the rst time.

Another interesting biological swarm is ant colonies. The common needs of survival,
such as gathering food, seeking or building shelter, and reproduction, led to formation
of colonies. This collective behavior facilitates defense against enemies, ensuring
safety of offsprings, a primitive division of labor, and building complex structures.
The colony functions properly without explicit instructions from a supervisor. Every
individual of the colony accomplishes tasks based on their decision-making, which
depends on signals from other worker ants and environmental features. Such interac-
tions occur via pheromones, detected by antennae sensitive to chemical stimulation.
Behavior of such a biological swarm is decentralized since each biological "robot"
remains independent from global knowledge or supervision but uses its own local

sensing, decision, and control mechanisms.

Recent advances in the computation capability of embedded systems, sensor tech-

nology, and communication systems have allowed robots to collaborate with other
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robots. With these developments, a swarm of robots could be deployed in search,
surveillance, reconnaissance, and mapping missions. Design and development of a
multi-robot system (MRS) unlocks a number of features that are infeasible with a
single robot. These features include multi-tasking, fault-tolerance, cost-effectiveness,

scalability, versatility, adaptability, and exibility [2], [6]

With in the multi-robot research, the coordination and cooperation problems are ex-
amined under a large collection of topics: aggregation, consensus, agreement, ren-
dezvous, synchronization, social foraging, ocking, coverage, scheduling, and for-
mation [7-14].

The objective of formation is to maintain a certain shape with constant relative dis-
tances between robots during missions [2]. Including those mentioned above, de-
ploying a MRS with a prede ned shape increases the ef ciency of the task such as
the creation an aerial image of a large area with high spatial resolution using a UAV
swarm. Each individual UAV needs to be properly positioned relative to nearby UAVs
such that captured images can be stitched together, with no gaps, to obtain a complete
map of the area [14]. Another application increases the collective sensing capability
of interconnected sensors by ensuring optimal placement of individual robots for tar-
get tracking problem [15]. Lastly, by intelligent planning of formation for a group of
UAVs deployed in the eld, it becomes possible to approximate the behavior of an
antenna that is orders of magnitude larger than the size of each individual robot. As a

result, sensitivity of the overall system is improved [16].

1.2 Problem De nition

Distributed formation control of MRS depends on relative information observed by
each individual robot through sensors that measure distance, angular displacement,
angular velocity, and relative displacement to other individuals. Since these relational
measurements play a critical role in determining the behaviors of robots, formation
control fundamentally differs from centralized control algorithms and conventional
distributed control systems in that formation control does not depend on internal states

with global coordinate values [14].



Formation control requires the simultaneous execution of a number of tasks such as
navigating to goal, formation keeping, obstacle and reciprocal avoidance. Without
any priority of one task to the other, the system must; move from point A to point B
as a whole (measured by either the center of mass or center of volume), preserve the
relative positions and overall shape of the formation during the operation, perform
obstacle avoidance to assure successful determination of the motion, etc. In an in-
herently decentralized system such as formation control, the solution to these tasks
should not depend on the existence of a supervisor robot or master control unit. The
resultant behavior of the MRS should naturally follow from the designed decision-
making process of individual robots which is the core problem addressed in the sci-

enti c research on formation control.

Figure 1.1: Formation of equilateral triangle. Euclidean distance between the robot
and robof denoted asl; . The desired distance between robahd;j is given by the
constant; . u; is the control input for robott. Note that the robot is symbolized by

a half-blue and half-red cross. The red side represents the front of the robot.

Consider a system &fi mobile robots wherg is the position of thé" robot relative
to a world coordinate frame, anglis the corresponding control inpykg (k) ¢ (K)jj

represents the Euclidean distance between the raat roboj at time instank and

3



it can be denoted ad; . The desired distance between robaindj is given by the
constantd; . Fig. 1.1 shows the de ned positions, control inputs, measured and

desired distances for equilateral triangle formation.

The goal of formation acquisition is the formation and maintenance of a prede ned
geometric shape by a group of robots in space. The control objective for formation

acquisition can be mathematically described as to dasigach that

dj =kg(t) q({)k! dj ask!l 8 ;i 6] (1.1)

1.3 The Outline of the Thesis

The structure of this thesis is organized as follows. We provide a comprehensive sur-
vey of related literature in Chapter 2. Background information is provided on Graph
Theory, Model Predictive Control (MPC), Deleanuey Triangulation, and details of ex-
perimental setup and software in Chapter 3. The proposed methodology regarding the
robot model, single robot navigation with MPC, obstacle avoidance, reciprocal avoid-
ance, MPC cost functions for formation, and Distributed Model Predictive Formation
Control (DMPFC) are presented in Chapter 4. Chapter 5 contains results obtained
from simulations and experiments, a discussion on performance, and comparisons.
Finally, Chapter 6 concludes the thesis.



CHAPTER 2

LITERATURE SURVEY

2.1 Classi cation of Control Strategies

Formation control strategies of MRS can be classi ed into three: centralized, decen-

tralized, and distributed control [3].

The centralized control strategis built around a central controller that receives all
required information (such as states and sensor data etc.) from the robots and send

the control commands to them as depicted in Fig. 2.1 (a).

The centralized control strategy is simple and easy to implement [3]. But, it re-
quires high-performance processors and is vulnerable against to single point of fail-
ure. Moreover, since the central computer must be located on the ground station or
on a single robot, it will need to communicate with other robots in order to receive
information and control them. While controlling a robot, it is important to get the
state information with little delay and to send the control command for the stability
of the robot. Communication speed becomes a problem for centralized control while

increasing the number of robots.

The decentralized control strategyplits of the formation control problem into in-
dependent subproblems. In a decentralized control system, the entire system is no
longer controlled by one controller, but by humerous independent controllers com-
prised of decentralized controllers deployed on each module. A general de nition
of the decentralized system in discrete time is provided by Tsitsiklis in [17]. The
de nition states that the decentralized system consists of a few interconnected mod-

ules. According to the states of the current module, each module has a corresponding

5



controller. The formation control method is decentralized in a multi-robot system
if each robot employs its own controller and navigates in accordance with its own

measurement (detection or sensing) [3].

The distributed control strategyefers to a control system in which the control func-
tions are distributed throughout the system rather than being centralized in a single
device [18]. In a distributed control, individual control loops are each controlled by

a local controller, which communicates with other controllers and eld devices such
as sensors and actuators through a network. In the distributed control strategy, infor-
mation is exchanged between the controllers while the decentralized control scheme

does not exchange information.

Fig. 2.1 (b) and (c) shows the decentralized and distributed control strategies and
their differences [3]. The dashed lines represent the communication links of robots.
In the perspective of multi-robot systems, Olfati-Saber [19] de nes the distributed

control strategy if the communication occurs only between the neighbors. This means
that if each robot communicates with all the other robots, the control strategy is not

distributed. The distributed control system is essential for the system's scalability.

Figure 2.1: Decentralized and Distributed Control Strategy. Adapted from [3]

2.2 Formation Control Strategies

Formation is a form of coordination in MRS, in which each robot must maintain
relationship with respect to neighboring robots. The interconnections between robots
are modeled as edges in a directed acyclic graph, labeled by a given relationship [2].
The aim of formation control is to generate appropriate control commands to drive

multiple robots to achieve the prescribed constraints on their own states, and a large
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body of the research has focused on consensus-based formation control, which utilises
the inter-robot distance information to allow the formation to retain a certain shape
while navigating [20].

2.2.1 Leader - Follower Method

In this method, one of the robots is assigned as the leader,while others are assigned as
followers. In this video the leader's trajectory speci es the entire formation trajectory.

On the other hand, the main disadvantage of this approach is that there is no explicit
feedback from the followers to the leader [2]. In addition, the failure of the leader

may fail the entire formation [3].

Desai, Ostrowski and Kumar [21] proposed two types of decentralized leader-follower
control strategies named as Separation-separation and separation-bearing. In separation-
bearing, denoted ds , control, the aim is to maintain the desired distaricand

desired angle between the leader and the follower as depicted in Fig. 2.2(b)

Figure 2.2: Leader-Follower Methodologies (a) Separation-Separation (b)
Separation-Bearing

The objective of the separation-separation, denotéd dscontrol is to maintain the

desired distance between the follower and its two neighbors as shown in Fig. 2.2(a).

Some works based on a standard leader-follower structure can be found in [22], [23],

[24]. In [25], avirtual leaderis de ned in order to replace the actual vehicle since

7



the system robustness is critical.

2.2.2 \Virtual Structure Method

In the virtual structure method, the desired motion of a prede ned virtual structure
is converted to the desired motion of each robot via rotation and translation matrices
[26]. Each robot tracks its desired trajectories via its individual controllers. Since it
is easy to de ne the relationships of the robots, it is easy to obtain stable formations,
especially during maneuvers. However, this approach limits the ability of formation
recon guration and this approach also leads to a single point of failure [27]. Do and
Pan [28] propose a combination of virtual structure and path tracking method to allow

the change of formation shape.

2.2.3 Behavior Based Method

Balch and Arkin proposed a behavior-based method in [29]. The behavior-based
method de nes weights for each behavior and the formation problem is solved by
the summation of these weighted behavior vectors. Generally, the behaviors de ned
in articles for the formation control amove-to-goal, avoid-obstacle, avoid-robot,
maintain-formationbehaviors. The nal controller output was determined as the
weighted combination of each behavior. The advantage of the behavior-based method
is decentralization since it does not requires communication. However, no guarantee

on the stability of the formation is available.

Antonelli et al. [30] present a behavioral-based method that handles static and dy-
namic obstacles. In [31], several behaviors such as moving to the goal, avoiding ob-
stacles, wall-following, avoiding robot, and formation keeping are de ned for forma-

tion generation and formation keeping in cluttered environments. Lee and Chwa [32]
propose a decentralized algorithm using only de ning behaviors based on relative

positions between neighbor robots and obstacles.
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2.2.4 Arti cial Potential Field Method

The arti cial potential eld (APF) method proposed by Khatib [33] for a single robot

in a cluttered environment, has the advantage that it can be extended to use in multi-
robot systems by introducing inter-robot forces. Since the method requires less com-
munication and fewer calculations, it is preferable for real-time applications. On the
other hand, the local minimum problem can be considered as the main drawback.
Local minimum problem for APF occurs when all arti cial forces are balanced out,
such as when an obstacle is directly in the path of the robot or when there are many

obstacles close together.

In [34], collision-free, distributed and bounded potential functions are presented for
each robot. The method presented by Masoud [35] allows the robots to leave or join
the formation. Wu et al. [36] proposed a collision avoidance based on obstacle enve-
lope modeling. In [37], several local attractive and repulsive potentials are de ned for
obstacles and robots. Moreover, the robustness is increased with the global attractive

potential eld.

2.2.5 Comparison

Table 2.1 compares three of the main formation control strategies with. The most
commonly adopted strategy is the leader-follower control scheme from deployment
perspective. The wide range of its applications cover most unmanned vehicle plat-
forms and are not limited to just mobile robot platforms. Its relative simplicity in
terms of implementation is the deciding factor in such a diverse range of applications.
The leader-follower approach is similar to the commonly observed group manage-
ment structures, an individual is selected as the supervisor and all the other members
of the group behave according to the guidance of the leader. As a result of this central-
ized structure, the formation relationship can be more explicitly observed. The leader-
follower approach also utilizes a centralized communication structure and therefore
requires stable connections to all other vehicles in the group. There is no need for
extra connections between the members of the group which decreases the number of

connections and overhead of communication compared to decentralized approaches.
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The disadvantage is, the overall structure is heavily dependent on the performance of
the leader vehicle which increases the risk of failure. If a member of the group loses
connection to the leader or there is a malfunction in the leader vehicle, the formation

becomes hard to control.

Virtual structure approach leads to a more stable formation because the vehicles are
designed to follow the rigid body of the virtual structure. The downside is that the
overall structure becomes harder to modify and adapt. In order to incorporate changes
in formation to the system, the virtual structure design needs to be reworked which
comes at a cost in terms of computational resources. The in exibility of virtual struc-
ture particularly imposes a limitation on critical features of a multi-robot system such
as obstacle avoidance. This means that formation shape regeneration is infeasible for

virtual structure as given in Table 2.1.

Three main types of formation problem is summarized. The rst problem type is for-
mation generation and maintenance. This involves creating a formation shape from
a starting point where unmanned vehicles are situated at random locations and ori-
entations. Once the shape is achieved, it must be sustained to carry out the mission.
Formation maintenance during trajectory tracking is the second problem type. This
category requires maintaining the formation shape with precision while the formation
is in operation, following a prede ned trajectory.Finally, formation shape variation
and re-generation is the last formation control problem type. Similar to Type 2, this
category necessitates maintaining the formation shape; however, shape modi cation

and re-generation are also required while avoiding an obstacle [1].

In the behavior-based control strategy, a single control command is able to carry out
multiple sub-tasks that are required in a mission, which makes it the most adopt-
able methodology. However, the dif culties in obtaining a systematic mathematical
representation and absence of a stability analysis makes it infeasible for wide-spread
application. A one-size- ts-all approach is hard to come up with and therefore, trends
of future development hint that hybrid approaches are adopted for different situations.
For instance, in the open space with a high priority of system stabilization, the leader-
follower strategy or the virtual structure methodology can be used. If the application

necessitates navigation in a complex environment, the behavior-based approach be-
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Table 2.1: Comparison of formation control strategies. Adapted from [1]

11



comes preferable.

This subsection compares the main control strategies of formation control challenges:
i) formation shape generation; ii) formation course tracking; iii) formation recon gu-
ration and iv) task allocation. Table 2.2 lists the features of formation control methods
an their capacity to overcome the main formation problems. Also, table 2.2 compares
the control strategies according to the following features: i) centralization vs. distri-

bution; ii) stability of formation; and iii) real-time implementation.

2.3 Contributions and Novelties

This thesis develops of a novel approach for the formation control of multiple robots
that combines MPC with graph generation algorithms. It enables robots to form a
formation starting from arbitrary points, increasing the exibility and adaptability of

the control strategy to different environments and problems.

Morover, this thesis develops formulations of the MPC problem and analyzes the
trade-offs between computational complexity and performance. Speci cally, the ef-
fect of sharing prediction information among robots on performance has been evalu-
ated. Sharing prediction information by sampling has been suggested as an innovative
method. In this way, while the communication load and calculation time of the system

is reduced, the distance and control effort are reduced. The use of MPC techniques
to deal with uncertainty and disturbances in the system is also presented. One of the
main advantages of the proposed method is that the system is scalable thanks to the
distributed development of the MPC.

Simulation and experimental results demonstrate the effectiveness of the proposed
control strategy in maintaining the desired formation of multiple UAVs under various
scenarios. Overall, this thesis presents a comprehensive study on the use of MPC
for the formation control of multiple UAVs, and the combination of MPC with graph

generation algorithms is highlighted as a key innovation.
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the main formation problems and challenges. Adapted from [2]
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CHAPTER 3

BACKROUND INFORMATION

3.1 Introduction to Graph Theory

We model a formation composed Nf robots labeled by 2 V = 1;::;;N with a
undirected graplé = (V; E), where the vertex sat represents the robots, and the
edge seE V V contains the pairs of robo{g j ) for which roboti and robof

are neighbors. The state of tie robot is represented by. Euclidean distance is
denoted with thek : k, andd; =k ¢ ¢ ks the Euclidean distance between the
roboti and robofj . The desired distance between the rakantd robof is denoted as
d; . The formation is de ned af = (G, D¢ ) wheretheDe = dj j (i;j) 2 E

is the objective distance set.

Figure 3.1: A graph network that represents a formation of robots

As seen in Figure 3.1, mesh networks can be constructed from a set of triangle in
form of graph. Swarm systems can sustain the triangulated formation by controlling
of distance as de ned edges.
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3.2 Formation Graph Generation using Delaunay Triangulation

The process of generating a graph using triangulation involves utilizing mathematical
algorithms that partition a given set of points into non-overlapping triangles that are
mutually connected. Triangulation algorithms are a set of mathematical techniques
employed to accomplish this. In the context of graph generation, the triangles created
by these algorithms can be utilized to establish edges between the points, resulting
in a planar graph. The vertices of the graph correspond to the points used in the

triangulation, and the edges correspond to the triangles.

To construct a graph using the triangulation method, the process begins with an empty
set of triangulation edges. Subsequently, for each pair of robots, an edge is drawn. If
this edge does not intersect with any of the edges in the triangulation set, it is added

to the triangulation edge set.

The computational complexity of this algorithm@n®) because for each pad(n?)
we compare intersectio@(n). This is the simplest method for triangulation but it is

not ef cient and gives a nondeterministic triangulation results.

Figure 3.2: Graph Triangulation Instances

The resulting triangles and their corresponding edges may differ depending on the
algorithm used. These variations can ultimately lead to differences in the order and

structure of the resulting graph. Therefore, the choice of triangulation algorithm can
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have a signi cant impact on the resulting graph order. Fig. 3.2 demonstrates the
effectiveness of different triangulation techniques in achieving improved and evenly-
distributed results, with superior results appearing on the left-hand side of the image.
The triangulation approach utilized on the left-hand side of the gure is obtained

through the use of Delaunay triangulation.

Delaunay triangulation is a type of triangulation algorithm that creates a triangula-
tion of a set of points in a way that satis es a speci c criterion named as Delaunay
criterion. The Delaunay criterion states that a triangulation of a set of points is a
Delaunay triangulation if and only if the circumcircle of each triangle in the trian-

gulation contains no other points of the set. In other words, the Delaunay triangula-
tion is the unique triangulation that maximizes the minimum angle of all triangles in

the triangulation and ensures that no point is inside the circumcircle of any triangle.
This property makes the Delaunay triangulation useful in many applications where
the quality of the triangulation is important, such as in nite element analysis, mesh

generation, and computer graphics.

Figure 3.3: lllegal-Legal Triangulation Examples

In a Delaunay triangulation, an edge is considered illegal if the circumcircle of the
triangle it forms with its neighboring triangles contains another point within it. If an
edge is illegal, it violates the Delaunay criterion, which states that the circumcircle

of any triangle in the triangulation should not contain any other points. On the other
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hand, a legal edge in a Delaunay triangulation is an edge that satis es the Delaunay
criterion, meaning that the circumcircle of the triangle it forms with its neighboring
triangles does not contain any other points. A legal edge can be added to the triangu-
lation without violating the Delaunay criterion. Legal triangulation is actually to tend

to choose shorter edge. To explain more formally, there are 4 points to be triangulated
P = pi;p; px; pi. If the pointp; lies in in interior of circumcircle ofy; pe; P, Pk P

is illegal edge, but if it is in interior circumcirclgy,  p is a legal edge. As seen in

Fig. 3.3 on the left sidg; is interior of circumcirle ofp;; pc; o andpy  p edge is
illegeal but on the right sidp is not in interior of circumcircle ofy; pc; p; sopi P,

is a legal edge and this triangulation is legal.

Figure 3.4: (a) Voronoi Diagram (b) Delaunay Triangulation using Voronoi Diagram
of 4 UAVs

Delaunay triangulation can be obtained by several algorithms such as sweep plane al-
gorithm [38], randomized incremental construction [39] and conversion from Voronoi
diagram. One of the most known and simplest method is conversion Voronoi diagram
to triangulation by retrieving edges between neighbour Voronoi cells. This method
has aO(n logn) time complexity in worst case. Voronoi diagram is simply de nes

the regions which has a closest points set. Given p&irtspo; p1; ::; pn, the Voronoi

region of pointg;, V (p;) is the set of points at least as closet@s to any other point

in P, as in the Eqn. 3.1.
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V(P)=f q | jipdj < jjpaj .8 61 g (3.1)

Wherejjpgj = " jd:l (;  g)2. Voronoi diagram can be computed using sweep

line Fortune's algorithm [40] which ha3(n logn) time andO(n) storage complexity.
As seen in Fig. 3.4, when edges are drawn between neighbour sites of each site,

Delaunay triangulation can be simply acquired.

To construct the Delaunay triangulation using the Voronoi diagram, the following
steps should be followed in a methodical manner. Firstly, compute the Voronoi di-
agram of the given point set. The Voronoi diagram comprises of polygons, each
representing the region of space that is closer to that point than any other point in
the set. Next, draw a line segment for each edge that connects two adjacent poly-
gons in the Voronoi diagram. Each line segment represents an edge in the Delaunay
triangulation. Subsequently, remove any edges that intersect with other edges in the
Delaunay triangulation. Such intersecting edges are not part of the Delaunay trian-
gulation and should be eliminated. Repeat steps 2 and 3 until no more edges can be

added or removed, to ensure the construction of the complete Delaunay triangulation.

3.3 Model Predictive Control

Model Predictive Control (MPC) is a form of control that looks ahead in time to

predict the future behavior of a system, and uses this information to optimize the con-
trol actions that are applied to the system. In contrast to traditional control methods,
which only consider the current state of the system, MPC takes into account the dy-
namic behavior of the system over time, and uses optimization techniques to nd the
best control actions to achieve a desired objective. This makes MPC well-suited for
applications where there are constraints or uncertainty, and where it is important to
control the system in a precise and ef cient manner. MPC is used in a wide range of

applications, including robotics, aerospace, chemical processing, and power systems.

In MPC, an optimization problem should be de ned with a cost function and con-
straints. For a robot, the cost function of MPC can be selected as the positional error

or energy consumption and the constraints can be de ned as the obstacles, velocity
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limits or dynamic limitations of robot. The optimization problem is solved iteratively
over a series of time steps. At each time step, the MPC controller predicts the future
behavior of the system over a xed time horizon, and then computes a sequence of
control actions that minimizes the cost function while satisfying the constraints on the
system'’s state and control inputs. Once MPC calculates the control input sequences,
only the rst element of the sequence is applied to the system. In the next time step,
the system'’s state is updated using the system's dynamics model, and the optimiza-
tion problem is re-solved at the next time step using the updated state. This process
is repeated at each time step until the end of the time horizon is reached. By solving
the optimization problem iteratively over a series of time steps, the MPC controller
is able to adapt to changes in the system's behavior and continue to nd the optimal
control actions. This allows the MPC controller to maintain good performance even
in complex and dynamic systems.

Figure 3.5: Model Predictive Control

To design an MPC controller, a mathematical model of the system's dynamics is rst
developed. This model describes how the system's state (such as position, velocity,
and orientation) evolves over time in response to control inputs. The model can be

derived from rst principles, or it can be estimated from experimental data.

Next, the objective of the MPC controller is identi ed. This could be to track a de-
sired trajectory, minimize energy consumption, or maximize performance. The MPC

control problem is then formulated as an optimization problem, where the objective
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isto nd a sequence of control actions that minimizes a cost function while satisfying
constraints on the system's state and control inputs.

An optimization algorithm is used to solve the MPC control problem. This typically
involves discretizing the time horizon over which the control actions will be applied,
and then iteratively solving a sequence of optimization problems to nd the optimal

control sequence.

Once the MPC controller has been designed, it is implemented on the system and
used to control its behavior. Feedback from sensors on the system is used to update
the model and re-solve the optimization problem at each time step. This allows the
controller to adapt to changes in the system's behavior and to continue to nd the

optimal control actions.

The performance of the MPC controller can be validated by testing it on the system in
a variety of scenarios, and making any necessary adjustments to the controller design
or optimization algorithm. Overall, MPC is a powerful control method that can be

used to control complex, dynamic systems in a precise and ef cient manner.

3.4 Crazyie

The Crazy ie 2.1 (Bitcraze, Sweden) [41] is a mini autonomous ying robot with
four coreless brushed motors, as shown in 3.6. An electronic circuit board with a
CPU and several communication and sensing components is housed in its body. A
350 mAh single-cell lithium polymer battery powers the motors and electronic parts
of the device. The Crazy ie weighs 27 grams in its most basic version, but when
equipped with the essential positioning hardware, it weighs 37 grams. This enables
it to y for about four minutes while carrying additional equipment. The Crazy ie,
however, is unable to y autonomously in its most basic con guration since the IMU

it carries is insuf ciently accurate and has drifting problems.

Due to its appealing design, the software architecture developed for physics-based
simulations may be simply altered to operate with actual robots. With a few minor

adjustments, the high-level controller node employed in the simulations can also be
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