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ABSTRACT

DEVELOPMENT OF AN QUADCOPTER PLANNING

ALGORITHM

A quadcopter is one type of several unmanned vehicle systems (UAV), which
means it can be operated without a human operator. The environment surrounding the
drone can have a lot of obstacles which for sure will create additional difficulties in
navigating and planning a path for the drone. The drone will be required to estimate
where an obstacle is, and it has to manoeuvre accordingly to avoid crashing into it. This
mentioned problem requires a very important feature: Obstacle avoidance. The aim here
is for the drone to first detect any objects in its surroundings and especially on its path.
Then it must avoid hitting it by flying around it or for example flying above it. For this
task to be done successfully a lot of complex tasks need to work altogether. A
mathematical model should be made for the drone to correctly explain the drone
dynamics. This ensures that when the drone is given a new trajectory set of points, they
can be translated into some motor voltages that can move the drone to those points
accurately. This thesis will mainly compare a widely used planning algorithm with the
introduced approach of using the D* lite algorithm. This search algorithm has several
advantages over the recent algorithms used for path planning. It can calculate a new
path faster while also avoiding newly detected obstacles. Also, the mathematical model,
path planning, and path-following algorithms will be explained further in more detail.

Keywords: A* Algorithm, Planning Algorithms, D* Lite, Quadcopter, Drone
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. INTRODUCTION

In a quadcopter is one type of several unmanned vehicle systems (UAV), which
means it can be operated without a human operator, which in turn saves labor. This
technology got much focus, and a lot of research are made on this topic in a recent
couple of years. That’s because they can be used in several fields and applications, for
example in the military and in civilian applications like farming or transporting medical
products. An important advantage of these UAVs is their lightweight and cost-
effectiveness. Also, they can be used in hazardous conditions and areas where humans
can’t be present. To have an autonomous vehicle means that the drone should do the
tasks it is designed for without any further input from a human operator. For that, path
planning and trajectory-following algorithms are also advanced issues that need to be
considered as well. There are many algorithms and many control methods that have
been implemented in the last decades, however, there are still further improvements
that can be achieved to realize more innovative and smart drone algorithms.

For the drone to fly autonomously, it needs to gather information from its
surroundings. Considering the type of environment in which the drone will fly, a depth
camera wouldn’t be able to achieve the task, since the drone’s environment will have
fluctuations in light exposure. A better sensor that can be used in this situation is a
LIDAR sensor. Other sensors will also be used for localization and path-following
tasks. This includes GPS and IMU sensors, which can be used together to achieve more
accurate results. The concept of merging sensors to yield better results makes use of the
extended Kalman filter (EKF). The EKF makes use of redundant measurements to

estimate the correct measurement. No sensor can provide the correct measurement,



especially with changing conditions. Therefore, more sensors are used to measure the
same thing and with the use of EKF, a more accurate measurement can be estimated.
The environment surrounding the drone can have a lot of obstacles which for sure
will create additional difficulties in navigating and planning a path for the drone. The
drone will be required to estimate where an obstacle is, and it has to maneuver
accordingly to avoid crashing into it. This mentioned problem requires a very important
feature: Obstacle avoidance. The aim here is for the drone to first detect any objects in
its surroundings and especially on its path. Then it must avoid hitting it by flying around
it or for example flying above it. For this task to be done successfully a lot of complex
tasks need to work altogether. A mathematical model should be made for the drone that
can explain the drone dynamics correctly. This ensures that when the drone is given a
new trajectory set of points, they can be translated into some motor voltages that can
move the drone to those points accurately. This thesis will mainly compare some
planning algorithms implemented recently with the introduced approach of using the
D* lite algorithm. This search algorithm has several advantages over the recent
algorithms used for path planning. It can calculate a new path faster while also avoiding
newly detected obstacles. Also, the mathematical model, path planning, and path

following algorithms will be explained further in more detail.



II. LITERATURE REVIEW

It is important to understand the various components and mini tasks associated
with achieving the main target of path planning and following. As mentioned in the
Chapter I, the task can be achieved if there is a accurate mathematical model that can
describe the drone dynamics accurately. Also, it is mentioned that several sensors will
be used. In this section, the building blocks and the several different components needed

to achieve the target is discussed.

2.1. Quadcopter design

In a quadcopter, four rotors need to be considered for controlling it and doing all
the tasks required from it. These rotors are placed equidistant from each other. To
simplify the understanding of such a vehicle, a helicopter can be thought of first. In a
helicopter there is just one large propeller in the top that spins fast enough to push the
air downwards. This will lift the helicopter up to start flying. Also, a helicopter will
have another propeller in its back. This propeller’s only task is to cancel out the moment
caused by the rotation of the main propeller in the top. If the propeller behind is not
added, the helicopter’s body will start spinning around itself and it will be unstable.
Looking at the quadcopter again now, spinning each two propellers in opposite
directions has the same effect of the propeller in the helicopter’s back. They will help

keeping the drone stable when they rotate.



Figure 11.1. A quadcopter’s main design [20].
It’s clearly harder to control the drone since they have four rotors. For that,
electronic assistance is required, for example sensors, controllers and other electronic

components will be used.

2.2. Quadcopter dynamics
For controlling the drone, some aspects need to be considered first. The frames
in which the drone will operate needs to be defined for example. The gravity will be

pointing in the negative z-direction.

Figure 11.2. Quadcopter’s body frame [26].



Having the frame defined, it has the different axes in which the drone can rotate.
As mentioned before, every two propellers rotate in the opposite direction to the other
two propellers. So, two propellers rotate in a specific direction to keep the drone
balanced around the x-axis. While the other two propellers keep the drone balanced
around the y-axis. These four propeller rotations in such a way will help in keeping the
drone from rotating around its z-axis. Changing the drone’s position is related to how
fast the motors are spinning. So, a change in their speeds will cause a change in the
position as well. To be able to define the drone’s position and orientation, three-axes

will be defined as well, namely, the roll, the pitch, and the yaw.

2.3. Quadcopter forces and control

In order to understand the control and use a suitable controller for the quadcopter,
it’s important to first understand the different forces acting on the system. One of the
forces is the weight, which is simply the mass of the vehicle times its acceleration due
to gravity. Then there is the thrust, that’s the force caused or generated by the action of
the propellers.

Lift

T T T T Low Pressure
High Velocity

|4
High Pressure
Low Velocity

Upper Streamline

Lower Streamline

>

Shorter Distance

Figure 11.3. Lift force [7].



One other force acting on the drone is the lift (L). An important point to keep in
mind here when talking about the lift is the dynamic pressure. Dynamic pressure is the
pressure that is caused by the motion of the drone’s propellers through the air in this
case. The movement and design of the propellers are made in a way so that air moving
above the propellers will have lower pressure than air flowing below the propellers.
Lower pressure means less force. From that effect, there will be lower pressure above
the propeller than below it. This difference in pressure means there will be a net force
pointing upwards on the wing producing lift that pushes the propellers upwards. First,
it is important to know how to define the frames and how to relate them to one another.
There is the inertial frame of reference and the body frame of reference. They can be
related by introducing a rotation matrix R. If the inertial frame is represented by x, vy,
and z, while the body frame of reference is represented by a, b, and c. Then they can be
related as follows,

d= R% b= Ry, ¢= RZ (11.1)
where R can be written in relation to the roll, pitch, and yaw angles as,

cosypcosf —singpsinysingd —cos¢psiny cosysinb + cos O sin ¢ sinyP (||_2)
R =cosfOsiny + cosysingsind cospcosy sinysinf — cosy cosOsin¢p
—cos ¢ sinf sin ¢ cos ¢ cos 6

Calculating this lift force is dependent on three terms: the wing surface area (S), the
dynamic pressure (g), and the coefficient of lift (CL). To calculate the dynamic
pressure, the equation can be seen below,

L=Cl*qxS$ (11.3)
The next force to be discussed is the drag force. This force is always acting parallel

to the direction of the airflow relative to the quadcopter. This means that this force



resists the quadcopter’s motion. Calculating the drag force (D) is dependent on other
three terms: the drag coefficient, the dynamic pressure, and the surface area of the wing.
From these terms, two of them are discussed before. The third term which is the drag
coefficient depends on two coefficients; the parasitic drag and another term which
contains the coefficient (C,) of lift.
D=Cs;*q*S§ (1.4)

It’s worth mentioning that all mathematical equations and models that are
represented and will be represented later are just not perfect models. Instead, they are
always designed in a way to simplify calculations but still, it must define reality as
accurately as possible, or else they will be not useful. To start with modeling the drone
dynamics, twelve states will be identified. The X, y, and z are variables specifying the
location of the drone. Then there are ¢, 6, and ¥'to specify the orientations of the drone
and it’s in Euler angles representation so they are the roll, pitch, and yaw. Also, the
velocities and angular velocities of the drone will make twelve variables in total. The
velocities include linear velocities in X, y, and z. The angular velocities are labeled as
p, g, and r. It’s worth mentioning that p, q, and r are not equal to the derivatives of ¢, 6,
and ¥ Instead, p, g, and r are angular velocities around the X, y, and z axes and are
named the body rates. These variables can be measured by a gyroscope that will be
mounted on the drone. Now, the twelve states are known. The next step is to identify
the forces and moments that will affect the drone. The thrust force first will be formed
from the rotation of the four rotors of the drone. Collectively they can be summed up
into one thrust force acting in the negative z direction since the positive z direction is

defined as pointing down. So, it is required to calculate the translational motion



generated from the forces. Then the rotational motion generated by the moments acting
on the drone must also be calculated. An important equation that would be used is the
equation of moment. It simply says that a moment would cause a rotational acceleration
about the axis in which the moment is acting. Keep in mind that in the case of three-
dimensional representation, the moment will be a vector of length three and the
rotational acceleration will also be a length three vector. The equation can be seen in
Equation (I1.5).
M=I1*w (11.5)
The term 1 is the inertial matrix, and it will be a 3x3 matrix. In the case of a

symmetrical system design the I matrix would look like this form shown in Equation

(11.6).

Ly 0 0 (11.6)
I=0 L, O
0 0 I,

This equation is valid and works only when dealing in the world frame. However,
all the moments and accelerations are defined in the body frame. Even the gyroscopes
measurements are relative to the body frames. This means that this equation alone can’t
be used, and more complex mathematical terms need to be added. The equation after
adding the terms,

M = (I W) + wx(Iw) (1.7)

Using the moment equation in X, y, and z directions it is possible now to
calculate omega dot, from which it is possible to calculate and update nine of the twelve
states by doing simple integrations. The only terms left are ¢, 6 and ‘P'. To calculate

them a rotation matrix will be needed for that. This rotation matrix will define how to



transform from the world frame to the body frame. The equation can be seen in Equation

(1.8).
¢ 1 sin(Ptan(6) cos(PHtan(d) p
p=0 cos (@) —sin (¢) * q
0 sin(¢) /cos(0) cos(g)/cos(6) T

(I1.8)

The 3x3 matrix in the middle is the rotation matrix that transforms the Euler angles
in the body frames to the angular velocities in the world frames. At this point, the
mathematical models have been derived. The next step is to discuss the controllers. The
controllers used for this drone will mainly be PID controllers. In a PID controller, P is
a proportional term that emphasizes the error terms more. And | term is an integral term,
it’s good to use the integral terms in the outermost loops where instability would not
cause serious problems. An integrator would ensure that the system would eventually
reach the target, or in other words, it will ensure that the error term will reach zero.
Finally, there is a derivative term D. This term would help in decreasing the overshoot
as well as decreasing the oscillations in the system. It’s good to add a derivative term
in a system that has inertia but low damping. There are three parts in the system that
needs to be controlled. The altitude, the lateral position, and the yaw angle. The z
trajectory will be handled by the altitude controller. The altitude controller’s goal is to
set the collective thrust to reach the required altitude. Then there are the x and y
trajectories, they will first be handled by the level position controller. The yaw
trajectory will be handled by the yaw controller. The altitude controller is fed by the
reference z and the measured and estimated z. The output from the altitude controller
will be fed also to the roll-pitch controller. That is because the thrust also can affect not

only the z position but also the x and y positions of the drone. The other inputs to the
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roll and pitch controller come from the lateral controller. The outputs from the roll-
pitch controller are the required roll and pitch rates. These outputs will be fed to the
body rate controller. This is a simple P controller that converts p, g, and r commands
into three rotational moment commands. The r command is received from the yaw
controller. The altitude controller is a PD controller. The yaw, roll and pitch and body

rate controllers are all of first order. Thus, they are designed as just using P controllers.

2.4.Sensors for Navigation

The task of navigation is what will keep the drone flying. It is simply what makes
the drone fly from one point to another. The sensors used for this task are IMU and GPS
sensors. Information from these sensors is used by the computer as inputs and the
computer will apply sensor fusion using an extended Kalman filter (EKF) and then
convert this information into thrust values. These values are then sent to the electronic
speed controller (ESC), which has a PID controller, to apply the required voltages to
the motors which in turn will apply the required forces to make the drone move as

needed.

s

—

Sensor Fusion

Controller ——  Navigation

MU

Figure 11.4. Navigation task.
IMU sensors consist of gyroscopes and accelerometers. This allows the IMU alone
to measure the position, velocity, and acceleration of the drone in both linear and
rotational axes. IMU has several problems that can cause severe issues if used alone.

For example, there is the problem of random drift, which is caused by measurement
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errors. These small shifts can add up leading to a long-term drift that will cause the
IMU sensor to give very inaccurate information. This problem can be solved by
merging or fusing data measured from the GPS sensor and then applying EKF. The
GPS is a satellite-based navigation system. GPS uses the method of triangulation from
signals received from three or more satellites. A disadvantage to GPS sensors is that
the receiver needs to maintain a line of sight with the satellites. This means that GPS is
not of great use indoors or for example in a tunnel. Still, the fusing of data from both
IMU and GPS sensors yields accurate results and is widely used in robotics. In this
thesis, the simulation studies are performed by using Udacity Simulator using Unity.
The simulator includes two different parts. One for free flying and to try different lines
of code. The other one is for motion planning of the drone and trying different planning

algorithms.

FLYING CAR SIMULATOR

Figure 11.5. Simulator interface [40].
Using this simulation, python code will be written to control the drone in the
simulation. This same code, after testing it in the simulations, can be used on a real

quadcopter and can be uploaded to a flight computer.
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ARMED
CLICK TO DISARM

GUIDED
CLICK FOR MANUAL

Figure 11.6. Drone take-off.

A simple code is used to show how the simulator is working. The simulator and
the library downloaded from Udacity contain some drone-related libraries that will help
make the code easier. Here for example a line of code is used to start flying the drone.
This code simply simulates applying a voltage to the motors so that a thrust is produced
that will lift the drone to a height of five meters above the ground. In the Figure 11.6,
the drone is flying above the ground. The code applied is simply seen on the right side.
A simple code is applied in which the height required for the drone to reach is added as
a parameter to the function drone.takeoff (). Then more lines of code will be tested.
This time a trajectory will be planned and the drone in the simulator will be tested. The
drone must arm, do a takeoff to an altitude of five meters, then fly in a square with
specified coordinates that are specified in the code, then the drone must land back to its
home point position and finally the drone should disarm. The transition from one phase
to the other is done simply by using some rules in the line of codes in which each phase
is transitioned when a certain rule is fulfilled. For example, to transition from landing
phase to a disarm phase, the drone must be so close to the ground. This is written in the

code as, if the altitude is less than 0.01 meters, the drone phase will change from a
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landing phase to a disarm phase. Similar rules are made for the other phases as well

based on the concept in mind. The lines of code used are shown as,

FLYING THE DRONE

Importing necessary libraries

Creating States class

Creating a Class with all functions required to fly the Drone
Starting a Mavlink Connection

Running functions to fly the Drone in a square trajectory

g~ wWwN -

When running the code in the terminal, here the outputs are shown. The drone

started with an arming phase in which the rotors are starting to run, then a takeoff phase

where the drone takes off from the ground to an altitude of five meters, then the drone

starts to move in the trajectory specified and it reaches the target points. After following

the trajectory, the drone simply starts landing and finally disarms when it reaches the

ground.

OuTPUT AFTER RUNNING THE CODE

o~NO Ol WON B

Logs/TLog.txt

Starting connection // Mavlink connection

Arming transition // Drone propellers starts rotating
Takeoff transition // Drone starts flying

Setting home // Saving current position as home
Waypoint transition

Target position [10,0,3]

Waypoint transition

Target position [10,10,3]

Waypoint transition

Target position [0,10,3]

Waypoint transition

Target position [0,0,3]

Landing transition // Drone gets back to ground after the task is achieved
Disarm transition // Propellers stop rotating
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I11. PLANNING

The motion planning problem is the focus of this project. Planning here is
answering the question of how the drone should reach the goal it is required to reach in
the most efficient way possible without hitting or crashing into any obstacles [7]. This
planning problem is just a step and is something computed by the flight computer. So,
the planning problem output will be a set of trajectories which the drone should follow
to reach its goal. The motion planning state machine can be shown in the diagram
below. This diagram shows the many tasks a drone should do to have a successful flight.

The planning task is just one step in this diagram.

@ umuw > ARMNG > PLANNNG  —>  TAKEOFF  —>  WAYPONT ——

L DISARMING f« | LANDING |

Figure I11.1. Motion planning state machine.

3.1. Requirements to find a plan

Now, the next step to go, after trying the communication and the code, is to determine
the planning method of the drone. A plan consists of a series of actions that will be done
by the drone for it to reach the goal safely. The goal also is to try to make the drone
reach the goal in the most efficient way. The plan is always restricted by some
constraints like computational resources. To represent the planning problem and be able
to define the search space in which the drone will be working, some points need to be
present. These are a start state, a goal state, all possible actions that can be done, an

assignment of some cost to every action, and finally a set of all possible states in which
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the drone might find itself in the world. To start, the world can be represented as a grid
or a group of squares. This planning method is known as Graph Search Method in
which the workspace is divided into cells and then the cells are connected as a graph or
a roadmap. The size of the grid (how large the squares are) determines the resolution of
the representation. If the size of the squares is small, this means the grid will include
more squares. This allows for a better representation of the world; however, the
planning problem will require higher computational resources. Choosing a grid with
bigger squares will require fewer computational resources but it means that the
representation of the world will be of a lower resolution and some routes, which might
be a better solution to the problem, might not be considered. So, the choice of square
sizes is of great importance. After deciding on the design of the grid, now it’s important
to assign a cost to the actions that can be done by the drone. This cost can be used then
to compare different plans. It simply will help in providing a measure of how good or
bad a plan is. The cost can be taken as the Euclidean metric distance from the starting
to goal point. This can be shown in Equation 111.1.

n-1 (l“l)
Cost = 2 \/(xn+1 —xn)% + Unt1 — Yn)?
n=1

where the summation is for the cost of traveling between nodes to move from the
starting point to the current point. Another important aspect that needs to be taken into
mind is what’s called heuristics [5]. Given the map of the world and the grid, now an
estimate of how far the distance any given square on the grid to the goal can be
calculated. Now, by using the cost function and the heuristics the planning problem can

be solved.
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Figure 111.2. Heuristic concept [28].

3.2. A* Algorithm

In this algorithm, the cost function and heuristics are required. When planning, a
set of different actions can be taken, and they might all lead to a correct solution in the
end and the drone might be able to reach the goal with any of them. However, different
paths will be better than other ones in terms of the resources required and the time that
it will take the drone to reach the goal. What differs one path from the other will be the
costs’ function and the heuristics. Using them, different paths will have different total
costs than the others. Searching all the paths would be so computationally complex and
would take a lot of time. A* algorithm helps with this problem of searching for the best
paths without the need to look for all the paths. It allows finding the path with the lowest
cost plan faster than other popular algorithms, however, it’s depending on how good
the heuristics are. A better heuristic means a better A* implementation. Now all that’s
been discussed so far needs to be implemented as a code for the drone to understand.

The idea of the world in grid representation can be made by coding in areas that are not
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allowed by the drone with a value of one, while the free areas where the drone is allowed

will be assigned the value of zero. An example can be seen as,

REPRESENTING THE GRID

1 Import numpy

2 Grid = numpy.array ([
[0,1,0,0,0,0],
[0,1,0,0,0,0],
[0,1,0,1,0,
[0,0,0,1,1
[0,0,0,1,0

D

In this grid, for example, the drone can be placed at cell (0, 0) which is the top

left cell in the array. The drone is only allowed to go down, since going to the right
would mean hitting an obstacle and the other directions are out of the map. The actions
possible in this example are to move up, right, down, or left. So, this needs to be added
in the code as well, for example, moving left would be (0, -1). So, if the drone is at a
position of (3, 3) moving left would make its new position (3, 2). It’s also important to
keep track of the visited cells and to save any new visited cells to a list. Also, the action
taken to reach that cell would be important to save. To add a cost function to the actions,
each action would be made of a tuple with three elements. The first two elements
represent the action itself, for example, to move up the elements will be (-1, 0). And to
add a cost to the action we can add a one for example so the “Up action” can be coded
as (-1, 0, 1). Some actions can be given a cost higher than other actions. This can be
related to real-life situations. Moving in a diagonal path might have a shorter distance
than moving right then up for example. So, a lower cost can be given if the diagonal
directions are to be considered. Below, is a simple code showing the four different

possible actions that can be done by the drone in this example with each action having
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a cost of one assigned to it. When considering the real code, different costs will be

assigned to different actions. This can make the planning even more efficient. The cost

can also change dynamically while the drone is in flight. If the wind speed and direction

are to be considered as an example, flying against the wind would mean that more force

is required by the motors which would mean less flight time. Having this information

can be used along with the path information to find better results.

ADDING COST TO ACTIONS

1
2

o Ok Ww

Import Enum

Class Action (Enum):

/I Assign cost of each action as the third element in tuple
Left=(0,-1,1)

Right = (0, 1, 1)

Up=(1,0,1)

Down = (1,0, 1)

Below are some lines of code for the simple example given before with the small

map and the two-dimensional world.

SAVING START POSITION IS A QUEUE
1 Import Queue
Start = (1, 0)

2
3 = Queue()
4 q.put(start)

ADDING CELLS VISITED TO A LIST
1 visited = set()
visited.add(start)

2
3 print(visited)
4 >>>{(1,0)}

After giving a simple example for the A* algorithm, now using the same

approach, the real code used for solving the path planning problem can be seen in the

figure below. All the possible paths are examined, and their costs are calculated. Then
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the costs will be compared and the path with the lowest cost will be chosen. The last

part of the code is used to retrace the steps of the path so that the drone’s trajectory will

start from its current position, and it will end with the goal position.

A* ALGORITHM CODE

1
2
3
4
5
6
7

8

9
10

11
12
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35

def a_star(graph, start, goal):

path =[]

queue = PriorityQueue()
queue.put((0, start))
visited = set(start)
branch = {}

found = False

while not queue.empty():

item = queue.get()
current_cost = item [0]
current_node = item [1]
if current_node == goal:
print ("Found a path.")
found = True
break
else:
for next_node in graph[current_node]:

cost = graph.edges[current_node, next_node]['weight']
new_cost = current_cost + cost + heuristic (next_node, goal)
if next_node not in visited:

visited.add(next_node)
queue.put((new_cost, next_node))

branch[next_node] = (new_cost, current_node)
path =[]
path_cost =0
if found:
path =[]
n = goal
path_cost = branch[n][0]
path.append(goal)
while branch[n][1]! = start:
path.append(branch[n][1])
n = branch[n][1]
path.append(branch[n][1])

return path[::-1], path cost
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3.3. D* Lite Algorithm

For planning a path in an environment that is well-known and static, the A*
algorithm would achieve greatly [6]. But this is not always the case. It is almost always
that the environment is dynamic, obstacles show up in the drone’s path and these
obstacles are not considered. In this case, the A* algorithm would be computationally
complex and costly [1]. The problem is that every time an obstacle is detected, the A*
algorithm has to be run again to find a new path while avoiding the obstacle. The D*
lite algorithm is an adaptation of the A* algorithm but in addition, it incorporates
incremental search [3]. This means that the algorithm will reuse the information that is
calculated from the previous searches instead of solving each search again from scratch.
That makes the D* lite a better algorithm for solving this replanning issue when
detecting an obstacle [2]. This algorithm, in contrast to the A* algorithm, runs from the
goal point to the starting point. This is the main difference between both algorithms.
The advantage here is that if the starting point changes, the existing tree paths can be
used to quickly find a new path from the end node to the start node. Also with this
advantage, the D* lite algorithm is shown to give better results when used as the
planning algorithm in case of flying the drone in an unknown environment. So, if the
map is not already given as data and instead the drone has to figure out on its own the
environment around it and find the best path to reach the goal, the D* lite would be the
better algorithm to use in such a situation. Now considering an example where the drone
is flying in unknown terrain, and it is given a goal point where it should fly to. The
drone should observe which adjacent cells are free and traversable and then it should

move to one of them. From its starting position, the drone must reach its goal. While



21

doing that, the drone should always compute the shortest distance or else, the path with
the lowest cost. The cells which have not been explored yet are taken as traversable,
meaning that they can be included in the planned path of the drone. The drone will
follow the planned path until it reaches its goal or until it explores a cell with an
obstacle. If a cell with an obstacle is explored, the drone should recompute a new path
from its new current position. The idea of avoiding obstacles when planning is done by
adding cost to the nodes and edges where there are obstacles. So, if the path is planned
already and then an obstacle is detected on the path, the node will be updated. If this
node has a cost value of for example forty, after detecting the obstacle, this node will
have a cost of infinity or a very large value. This will ensure that this node will no
longer be taken into consideration when replanning. The next step is replanning. Now
that some local nodes should not be considered anymore, they will be exchanged with
other nodes having lower costs. If the other nodes have no obstacles in them, they will
be added to the updated path. The advantage of using the D* lite algorithm is that these
local nodes are the only nodes that need to be updated. The rest of the path will be left
unchanged, and this means lower computational costs and the new path will be planned
so fast. A simple example that shows how the D* lite algorithm works can be seen
below. It’s a simple two-dimensional grid with a starting node, colored in red, and a
goal node, colored in green. The numbers show the heuristics to the goal and can be
considered here as the cost directly. The thin square border moving with the red circle
is the searching zone. This zone simulates for example a lidar sensor detecting obstacles
around the drone. So, an obstacle can be detected if its inside this border, simulating

the lidar range.
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Figure I11.3. Simple D* lite algorithm problem [9].

The diagram shown in Figure 111.4 shows how the cost is affected by adding
some obstacles. The red circle must go around these obstacles to reach its goal. This
quick simulation shows the idea of flying the drone in an unknown environment and

how it would react.
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Figure 111.4. Adding obstacles to the map [9].

As a code, the D* lite algorithm would not differ too much from the A*
algorithm. As discussed before the main difference would be that the search will start
from the goal node to the starting node. Then some functions will be added which are
related to detecting obstacles and how the algorithm should deal with them. The

function shown in the figure below is related to checking if an obstacle is detected about
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the current node. If there is an obstacle detected it will just return a “True”, while if

there are no obstacles detected, the returned value will be “False”.

DETECTING OBSTACLES

1
2
3
4
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6
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o

10
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def scanForObstackes(graph, queue, s_current, scan_range, k_m):
states_to_update — {}
range_checked = 0
if scan_range >= 1:
for neigbor in graph.graph[s_current].children:
neighbor_coords = stateNameToCoords(neighbor)
states_to_update[neighbor] =
graph.cells[neighbor_coords[1]][neighbor_coords[0]]
range_checked =1
while range_checked < scan_range:
new_set = {}
for state in states_to_update:
if neighbor not in new_set:
neighbor_coors = stateNameToCoords(neighbor)
new_set[neighbor] =
graph.cells[neighbor_coords[1]][neighbor_coords[0]]
range_checked +=1
states_to_update = new_set
new_obstacle = False
for state in states_to_update:

if states_to_upodate[state] < O:
for neighbor in graph[state].children:
if (graph.graph/state]children[neighbor] != float(‘inf’)):
neighbor_coors = stateNameToCoords(state)
graph.cells[neighbor_coords[1]][neighbor_coords[0]] = -2
graph.graph[neighbor].childern[state] = float( inf’)
graph.graph/state].children[neighbor] = float( inf’)
updateVertex(graph, queue, state, s_current, k_m)
new_obstacle = True

return new_obstacle

The value returned from the scanForObstacles() function will be used in this

other function called moveAndRescan(). As the name suggests, this function will move

a step and check if there are any obstacles in the neighboring nodes. As discussed
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before, the neighboring nodes with obstacles will be assigned a cost of infinity and will

not be included in the next path that will be planned.

RESCANNING FOR OBSTACLES

1
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9
10
11
12

13

def moveAndRescan(graph, queue, s_current, scan_range, k_m):
if(s_current == graph.goal):

return ‘goal’, k m
else:
s last =s_current
s_new = nextInShortestPath(graph, s_current)
new_coords = stateNameToCoords(s_new)
if(graph.cells[new_coords[1]][new_coords[0]] == -1):
S _new =s_current
results = scanForObstacles(graph, queue, s_new, scan_range, k_m)
k_m += heuristic_from_s(graph, s_last, s_new)
computeShortestPath(graph, queue, s_current, k_m)
return s_new, k_m
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V. SIMPLIFYING THE PATH

4.1. Less waypoints

When planning the path, and after finding a feasible path to reach the goal, the
drone is required to follow several waypoints to reach the goal point. By designing the
world in a grid shape, each grid will be a waypoint for the drone. This means that each
square on the grid on the calculated path is a temporary goal for the flight computer.
The problem with this is that the drone will stop at each waypoint. This is not a good
way to achieve the goal. Instead, it would be better to find a way to shorten the

unnecessary waypoint in between.

Figure IV.2. Applying collinearity [40].
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This means that if for example the next set of waypoints are on the same line, and
require no change in orientation for the drone, then the first and last waypoints on that
line are only necessary. The other points in the middle are of no importance and can be
removed. To do this, a method is needed to know the points on the same line. For this,
a mathematical rule can be used, which is collinearity. This rule implies that if the area
inside any three points is zero, then they are on the same line. This can be applied to
each triplet of points on the path. For every three points that are proved to be collinear,
the middle point can then be removed. By the end of this step, a much simpler path will
be designed. Another important point that can lower the number of waypoints, and it
can achieve a more optimal path is to find the diagonal paths instead of moving right
and then up for example. To do so, first, it is required to determine the two waypoints.
Then the line connecting them will be examined at several x values. If for any x value
in that line there is an obstacle, then this means that the diagonal path is not possible. If
otherwise, all possible x values on the line are examined until reaching the final point
without crossing a square on the grid with an obstacle, then the path will be shortened
by using the diagonal path examined. This method is called Ray Tracing, but it has a
disadvantage. It’s so computationally expensive since the numbers dealt with can be
possibly float values. A solution for this is to use the Bresenham’s method, which is a
way that achieves the same task but deals with integer values instead of dealing with
float values. To apply this method, the coordinates of the start and end points are noted.
Then the following mathematical equations are applied,

Ax = x, — x, (IvV.1)
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Ay = yn = o (IV.2)
Then a decision parameter P, is calculated as,

P, = 2Ay — Ax (IV.3)
Then there are two cases that need to be considered,

Casel:IfP, <O

Peyi = P, + 20y (IV.4)
Xpe1 =X+ 1 (IV.5)
Vi1 = Yk (1V.6)
Case2:1fP, = 0
Ppyy = Py + 20y — 2Ax (IV.7)
Xpe1 =X + 1 (Iv.8)
Ye+1 =Y+ 1 (IV.9)

These steps will be repeated until the endpoint is reached. This will form diagonal

paths which will simplify the trajectory.

Figure 1V.3. Path using diagonals [40].
4.2. Grids and Graphs

It is shown before that a grid can be a good representation of the world. Squares

can be labeled as free, in which these squares can be used in the path, or they can be
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labeled as infeasible, in which there might be an obstacle and the drone is not allowed
to fly through them. However, as mentioned also before, the grid can have too many
squares which can cause the path-planning step to be very computationally expensive.
For that, the idea of designing a graph after the grid step can be useful. The idea here
is, instead of looking at all possible paths by checking the cost and all of that, first,
some paths will be not even considered. This step is done based on how far these paths
are away from the obstacles. The concept here uses what’s called the Medial axis. All
the parts of the grid which are infeasible are stretched. This stretching will occur until
the lines from different obstacles touch. This method ensures that the line found in the
end is the one furthest away from all the obstacles. This ensures that the drone’s path is
the safest possible path from all the possible ones. After that, the path planning
algorithm can be used on the paths left to find the shortest possible path. With the path
chosen, the next point will be to add edges and waypoints on the path for the flight
controller to use them. It is mentioned in Chapter 3 that the size of the grid will affect
computation complexity. In the diagram below, the effect of increasing the grid size on
both search algorithms the A* and the D* lite can be seen. As the size increases the
node expansions when using the A* algorithm is higher than that of the D* lite
algorithm. This occurs because when the A* algorithm is replanning, it has to search
for a completely new path when an obstacle is detected. Also, this can be seen in the
allocations. The A* algorithm reallocates many nodes during replanning, while the D*
lite only searches and reallocates some nodes which are related to the obstacle detected,

and then it uses the previously calculated path again.
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Figure 1V.4. Effect of grid size on search algorithms [9].

4.3. Dead-bands

After finding the path and planning the trajectory that will be used by the drone
to reach its goal. Now, the next step is to ensure the plan will be executed smoothly.
For this to happen, the drone shouldn’t stop at each waypoint, instead, it must move
from a waypoint to the other continuously. The problem here is that the position of the
drone is mostly received by a GPS signal which can be affected by a lot of things like
the quality of the components or even atmospheric changes. For the drone, this will
look like the path itself is moving around. This will cause the flight controller to send a
lot of different signals that will affect the smoothness of the flight. To solve this issue,
the idea of a dead band can be introduced to the flight controller. A dead-band is simply
an area that will be around the waypoints. When the drone reaches this area of the first
waypoint, the flight controller will start to give the drone commands to go to the next

waypoint instead of trying to reach exactly the first waypoint.
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Figure 1V.5. The idea of a dead-band [40].

The area of the dead-band can be chosen in a way that makes the plan executed
faster and makes the drone reach the final waypoint precisely. In other words, the
intermediate waypoints can have wider dead-bands since they are not so important
while keeping the dead-band of the final waypoint tight to ensure the drone reaches the
final point precisely. Also, another idea is to make the dead-band a function of velocity.

If the drone is moving at a higher speed, the dead-band can be wider.
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V. 2D TO 3D REPRESENTATION

Up to this point, the problem of planning and all what is done so far is being
considered in two-dimensional space, including the idea of modeling the world as a
grid or a graph. In real life, the drone will be flying in a three-dimensional world. In
three-dimensional, the thing which is important again is to figure out which places in
space are free and which places contain obstacles. In moving from two-dimensional to
three-dimensional the planning problem has a higher computational cost. So, it must be

decided what to optimize for, thus there will be some tradeoffs as well.

5.1. Three dimensional grids

The In three-dimensional, the same concepts discussed before in two-dimensional
still apply, however in two-dimensional, the grid is made up of pixels as elements.
These elements in three-dimensional are called voxels which is a volume element. So
instead of having free and infeasible pixels, in three-dimensional, there will be free and
full voxels. Once the obstacles are determined in the map, planning could be made using
the same algorithm used before, which is the D* lite algorithm, to find a path from the
start point to the goal point. Even the code itself used in two-dimensional can be used
in three-dimensional, however, a three-dimensional grid will surely require more
memory to store, especially if the map is large and a high resolution is required. Because

of this complexity, another alternative solution is what's called a 2.5d map.
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Figure V.1. 2.5D map representation [40].

5.2. 2.5D maps

In a 2.5d map, the idea is to model an obstacle as an extension from the ground
plane to a certain height. Doing this, the planning map can still be stored as a 2d map.
The only difference is that, instead of labeling the cells as free or infeasible, the cells
will contain a number that is the height of the obstacle. So, the drone has to stay at an
altitude higher than the numbers on the cells. A cell that has no obstacles, which means
it's free, has no number, or in other words, has a zero. This means the drone can fly at
any altitude over these cells. Using this method lowers the complexity of planning
however it will still take a long time to plan than the two-dimensional planning time
since the drone needs to take actions to change the altitude as well. This method of
using 2.5d maps has a drawback, mainly, it is no longer possible to fly under tree
branches or under bridges for example. This is not a big deal, since the drone has many
options to reach its goal. In the diagram shown below, for example, there are three

buildings. The values inside the obstacles show their height.

5.3. Graphs in three-dimensional
As discussed in two-dimensional space, working with a grid representation can

be quite expensive. It is seen then that the idea of working with a graph is much more
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efficient even though they might not capture the entire geometry of the world. In three-
dimensional, a new representation, which is the 2.5d, is also seen to be better than a
three-dimensional representation. So, again 2.5d graphs will be used instead of three-
dimensional graphs. The idea here is that random states will be sampled, then they will
be checked if they are inside obstacles or if they are in free space. The samples which
will be inside obstacles will be removed while the ones in free space can then be used
and connected to form a graph. Then from the graph created, a path can be chosen using
any search algorithm as what is done in two-dimensional. Knowing whether a point is
inside an obstacle or not is not hard in this case. A building for example is modeled in
2.5d representation as a simple two-dimensional square with a number. The number is
just the height of the building. So, for example, if a random point is at the coordinates
(1, 4, 8), which means it is placed at one point on the x-axis, four points on the y-axis,
and eight points on the z-axis, if at that coordinate the square has a number of nine, then
it means there is an obstacle of height nine, thus the random point is disregarded as it
is inside an obstacle. If, however, the square has a number five for example, then it
means that the point is at a height higher than the obstacle itself, therefore it can be used

in the graph.

5.4. Random sampling in code

Obstacles can be made easily in Python using a package called Shapely. From
this package, a polygon can be easily defined by giving a set of coordinates that
describes the obstacle edges and height. Then using the same package, a point can be
selected randomly and checked whether its inside the polygon or not. An example of a

Python code can be shown as,
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CREATING AN OBSTACLE

1 from shapely.geometry import Polygon
2 coords = [(0, 0), (1, 0), (1, 1), (0, 1)]

3 poly = Polygon(coords)

Here the Polygon shape or the obstacle in this case has been defined. Giving these
coordinates creates a square of parameter four. To check that a polygon is created, using

shapely package some attributes can be checked as well.

CHECKING OBSTACLE ATTRIBUTES
1 print(poly.area)

2 print(poly.length)
3 print(poly.bounds)
4 >1.0
5

6

> 4.0
> (0.0,0.0, 1.0, 1.0)

As can be seen, the polygon is defined with an area of one and a length of four.
The edges or bounds of the square are also shown. For the purpose this package is used,
two points will be defined. One will be inside the polygon bounds while the other is
defined outside the bounds. This is exactly what is required in defining the 2.5d graph.
The lines of code are shown below and the results of true and false can be seen as well.

True meaning that the point lies inside the obstacle while false means it is not:

CHECKING IF POINTS ARE INSIDE AN OBSTACLE

from shapely.geometry import Point
P1 = Point(0.5, 0.5)

P2 = Point(1.5, 1.5)
print(poly.contains(P1)
print(poly.contains(P2)

> True

7 > False

OO0~ WN B

The example given above dealt with an obstacle in the ground plane. The only

difference now is to add the height to the polygon and examine the point with three



35

dimensions instead of two dimensions as in the example given. The world used in the
simulation has buildings in them that can be used as obstacles. So, this can be a great
example to show the random sampling idea. In this next part, random sampling will be
implemented on the map used in the simulation. The full code will be added below with

some description,

RANDOM SAMPLING IN CODE
Importing necessary libraries

import time
import numpy as np

from mpl_toolkits.mplot3d import Axes3D

1

2

3 import matplotlib.pyplot as plt

4

5 from shapely.geometry import Polygon, Point

Defining some attributes
6 def extract_polygons(data):

7 polygons =[]
8 for i in range(data.shape[0]):

9 north, east, alt, d_north, d_east, d_alt = data[i, :]

10 obstacle = [north-d_north, east-d_east, north+d_north, east+d_east]

11 corners = [(obstacle[0], obstacle[1]), (obstacle[0], obstacle[3]),
(obstacle[2], obstacle[3]), (obstacle[2], obstacle[1])]

12 height = alt + d_alt

13 p = Polygon(corners)

14 polygons.append((p, height))

15 return polygons

Sampling random 3D points

17 def sample(data, k):

18 xmin = np.min(data[:, 0] - data[:, 3])

19 xmax = np.max(datal[:, 0] + data[:, 3])

20 ymin = np.min(data[:, 1] - data[:, 4])

21 ymax = np.max(data[:, 1] + data[:, 4])

22 zmin =0

23 zmax = np.max(data[:,2] + data[:,5])

24 num_samples =k

25 xvals = np.random.uniform(xmin, xmax, num_samples)
26 yvals = np.random.uniform(ymin, ymax, num_samples)
27 zvals = np.random.uniform(zmin, zmax, num_samples)
28 samples = list(zip(xvals, yvals, zvals))
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29 return samples

Checking if points collides with any obstacles
31 def collides(polygons, point):

32 for (p, height) in polygons:
33 if p.contains(Point(point)) and height >= point[2]:
34 return True

35 return False
36 defto_keep(samples, polygons):

37 to_keep =]
38 for point in samples:
39 if not collides(polygons, point):

40 to_keep.append(point)
41 return to_keep

The beginning of the code is importing the important libraries that will be used in
the code. The file containing the obstacles of the map in the simulation is added and the
data is read from the file. In [6], an attribute is created in which polygons are created
from the data read from the file. So, the 4 corners are extracted first, then the heights of
the obstacles are appended or added to the polygons. Now that the polygons are
extracted, random samples will be created. So first, the limits of the figure are
recognized and saved in Xmin, Xmax, Ymin, Ymax, Zmin @nd Zmax. In [25], the samples are
created randomly using the np.random.uniform() function. The samples are created,
however, as discussed before, only the ones which are not colliding with obstacles need
to be considered. For this, the colliding samples are removed by creating a function
called collides, which will check whether a sample point is inside the obstacles or not.
I yes, the point will be removed, if not, the sample point will be saved inside a list
called to_keep. The last step now is to visualize the obstacles and the sample points on
a figure. For that, a grid is created with the max and min points. And the obstacles, as

well as the randomly sampled points are both plotted in the figure. The results can be
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seen in the Figure V.2, in which the obstacles are colored in black, while the sample

points are colored in red,

NORTH

Figure V.2. Result of random sampling.

The next step now is to build a graph and run a search algorithm to find a path
that can reach the goal without colliding with an obstacle. These three steps discussed
so far are what is named a probabilistic roadmap. Starting with scattering random
samples, then rejecting the colliding ones, and finally connecting the feasible samples
together with edges. Again, like what is made in 2d, lines connecting samples will be
discretized and checked. If while building the line an obstacle is on the way, this edge
will be disregarded. Doing this with all points will create a graph showing all the
possible edges that can be used to plan a path. This graph might not contain the most

optimal solution in terms of minimum cost, minimum distance, or even minimum time;
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however, it can be used to efficiently find a trajectory through the environment. Design
decisions can be made here, for example, if more random samples are created, a more
optimal solution can be found. In the end, an algorithm, like the A* algorithm or the D*
lite algorithm discussed before, can be used to find a plan. Running the random
sampling code again and implementing the path planning algorithm gives the following

graph.
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Figure V.3. Graph of possible paths.
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VI. CONTROLLER DESIGN RESULTS

The control problem is discussed earlier. After defining a path for the drone to
follow, it’s important to make sure that it can be able to follow these trajectory points
smoothly. A good plan will avoid hitting obstacles but if the control problem is not well
designed, then the drone might not follow the trajectory well and it can still hit obstacles
that are already avoided in the plan. In this section, some simulation results will be
shown that will show how the drone reaches a certain node and how it will follow the
trajectories planned. Some parameters will be changed as well to show how they can

affect the drone’s behavior.

6.1. Some results for the drone control

In the following section, some results will be shown while running the simulation.
The results will show how the drone can reach its target trajectory smoothly and with
high robustness as well. The model of the drone itself might be uncertain. Also, the
world around drones is unpredictable. In other words, it is impossible to predict for
example the wind which can exert a force on the drone. All these things need to be
taken care of with control. In the first part, three drones with different masses will be
examined with the same control scheme. They started from the same z or altitude, and

they are required to reach a point in the x direction.
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Figure VI.1.1. Three drones reaching a goal point (1).

- "6‘
e

-

v -

Figure VI.2. Three drones reaching a goal point (2).

They managed to reach the goal point stably. the error between their current
position and target position can be seen in Figure VI.1. The error is reduced to zero as
well, showing that the target point is reached successfully. So, it can be said that the
control used is robust to parameter uncertainty in the model. Next, using the same
simulation with the three drones, an external force can be added that can simulate wind
for example in real life. This disturbance needs to be overcome as well with the control
scheme designed since in real life it is never known what disturbances can be exerted

on the drone.
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Figure V1.3. Three drones reaching a goal point adding disturbance (1).

Figure V1.4. Three drones reaching a goal point adding disturbance (2).

Even though a force is exerted on the drones, still they managed to remain stable
and reach close to the goal point. The force exerted is equally opposing the drone’s
thrust force that’s why the drones didn’t exactly reach the goal point. But as soon as the
disturbance is removed, the drones successfully reach the goal point and remain there.
The idea of having a robust controller is of great importance especially when dealing
with a system like a drone, since the environments in which drones fly are almost

always uncertain. Different forces can act on the drone from any direction at any time
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and the drone should be able to remain stable under all these different uncertain

situations.

1

Figure VL.5. Trajectory following.

Figure V1.6. Drone overshoot.

Another so important simulation will be discussed now. It is already shown how
a trajectory can be created and the algorithm is shown to successfully find a path while
excluding the waypoints that cross an obstacle. However, it is not shown yet how the

drone can follow these waypoints smoothly. So, in this section, a trajectory will be
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designed, and the drone must be able to follow it. First, the trajectory plan with the
shape of the number eight is shown. The drone started somewhere away from the path,
so in the beginning, it will try to reach the waypoint quickly, which will lead to
overshoot. However, after reaching the path, the drone can be seen to follow the path
smoothly. From the graphs, the error between the current state and the desired state can
be seen. So, the drone with the orange path has better path tracking than the drone with
the red path. The drone with the red path is still following the path so the task is done,
but its mass is higher than the other drone, that’s why it has higher inertia which makes

it harder for it to reach the desired state given all the maneuvers in the path.

Figure V1.7. Drones following the path.



44

VIl. KALMAN FILTER FOR SENSOR FUSION

Different sensors are used in navigation as mentioned in Chapter 1. The
measurements from those sensors are merged to achieve more accurate results. For
merging, EKF is used. A Kalman filter is an optimal estimator which is used to predict
measurements from inaccurate and uncertain measurements [8]. Kalman filters are
widely used because of their online real-time processing and the simplicity of
formulation as well as their optimality. The simple Kalman filter can be used for linear
systems which is not the case in this thesis. The drone is a nonlinear system and requires
a nonlinear filter. For that, the EKF is used instead which can be used for nonlinear
systems. Kalman filters can be divided into two steps: The prediction step, which results
from using the dynamic model, and the correction step, which results from the sensor
model. An EKF can be applied by first linearizing the nonlinear equations using Taylor
expansion. This expansion will help approximate the nonlinear equations using simpler
linearized equations. Then Kalman filter can be used. These steps explain how an
extended Kalman filter differs from the basic one. In the case of the drone, the EKF can
be used to estimate position, angular and linear velocities, and accelerations. This can
be done by using measurements got from accelerometers, gyroscopes, and GPS sensors.
The basic Kalman filter cannot be used to solve nonlinear problems because it assumes
that the motion and measurement models can be in the Gaussian world. This is not the
case when dealing with nonlinear functions. The linearization method makes use of the

Taylor approximation. A Jacobian matrix will be used to linearize the prediction and
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the correction parts. The prediction contains two parts: prediction of the state and
prediction of the covariance matrix of the noise. These can be written as the following,
e = 9 (Ue, te-1) (VIL.1)

3 = G I GI + R, (VI1.2)

The next step is to correct these estimations. The correction part occurs based

on the measurement units which are the sensors. In the drone case, the measurement is
got from the GPS and the IMU sensors. The correction part also includes an important
weighting factor which shows how much the measurements from the sensors can be
trusted over the prediction. For example, when the drone is in a tunnel, the GPS signal
cannot be trusted much because GPS needs to be considering sight with the satellites.
In this case, IMU sensor can be trusted more as well as the prediction calculated from

using the system model. The correction part can be written as follows,

K, = Z_thT(HtZ_thT + Qt)_1 (VIL3)
te = [t + K (ze — h(fir)) (VIL.4)
Zr = (I — KH)E, (VI1.5)

The H, and G, are the jacobian matrices linearizing the function at specified y,.

The K, matrix shows how much the measurement can be trusted over the prediction.
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VIII. SIMULATION RESULTS

The results shown and discussed before show the control part of the drone. So, it
is seen how the drone will go from one point to the next one in a stable and smooth
manner. In this section, a full simulation result will be shown. This will include
everything discussed so far. The drone will have an initial position and altitude. Then a
final goal position will be sent to the flight computer. A plan will be made, and a set of
trajectories or waypoints will be designed which the drone has to follow in order to
reach the goal in an efficient way. In the simulation, the waypoints will also be
visualized as nodes and edges. In the simulator, the map is given, and the obstacles are

already known.
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Figure VI1I1.1. Drone and its environment.

The simulation will be started with the quadrotor at a random rest point in the map.
Then a final goal point will be given that the drone should reach. The diagram below
shows the drone at rest and the environment surrounding it. The latitude, longitude and

altitude information can be seen on the top left part. When running the code, the drone’s
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mode is switched to “Guided” and it’s “Armed”. The propellers start rotating when the
drone is armed. It is also worth mentioning that on the bottom left there can be seen
some plots. These plots include a lot of important information that can be used to check
the drone’s performance and behavior. The computation of the trajectory takes a little
time, between 20-60 seconds, based on how far the initial and final positions are from
each other and based on the number of obstacles in the way. The algorithm is trying to
find the best optimal path as discussed before. For both discussed algorithms, A* and
D* lite, the first run for a given known map will take almost the same time to find a
path, however, this simulation will be run with the D* lite algorithm. First, the final

goal will be chosen close to the initial position to see how long the algorithm will need

to find a path.

Figure VI1I1.2. Velocity in roll and pitch.
It can be seen in the graph above that the drone took around 35 seconds before it
started moving. The algorithm starts looking for a plan once the code starts running at
time 0. The drone took around 265 seconds after finding the plan to reach its goal point.

The next two graphs are for the altitude and the position of the drone from its starting
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position to its goal position. The altitude graph shows that the drone starts rising once
the code is started. It stays at an altitude of around 2.8 meters during flight time then
when it reaches the end goal it lands. In the simulation, there is no sensor for landing

so the drone just switches off its propellers that is why there is an overshoot that can be

seen at around 280 seconds.
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Figure VII1.3. Altitude of the drone.

Figure VI1I1.4. Position of the drone.

This diagram above shows the position of the drone as seen from above (bird's
view). The drone starts from the coordinates (370, -240) and the goal position is set to

the coordinates (370, -52). It can be seen that there are not many turnings since the way
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is almost straight and not many obstacles are faced during the flight time. In the

simulation, the waypoints can be visualized as seen in the diagram below.
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Figure VI1I1.5. Path visualization and waypoints information

Now the goal position will be set further away from the drone's initial position.

It is predicted that the algorithm will take longer until finding a path.
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Figure VII1.6. The velocity of the drone in roll and pitch.
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It can be seen that the drone this time took around 85 seconds to find a path. That
is due to searching on a bigger map with more obstacles. The amplitude graph shown
below shows an increase in the amplitude at the middle of the flight time. This increase
resulted because there is a short building that the drone can fly above it while keeping
the cost low. Other buildings are too tall in the simulation, and it would increase the
cost if the drone planned a path from above them. The diagram after shows the path the
drone took to reach its goal position. The plan this time is more complex, and the drone
had to avoid much more obstacles on its way. Now, the error between the target point
and the real position of the drone will be compared. It is important to remember the
concept of dead-band as mentioned in chapter 5.6. It is introduced to make the drone
move smoother. This will cause the error between the target and the real value to be
slightly higher than zero because the dead-band allows the drone to reach an area around
the target point and not exactly on it. The diagram below shows the target points in

yellow and the drone’s positions in blue.
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Figure VII1.7. The amplitude of the drone for longer path.
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Figure VI111.8. The position of the drone for longer path.
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Figure VII1.9. Target point and drone’s real position.

The error between the target and the current drone’s position can be seen in the
figure below. The drone receives a target point that it has to go to. Once the drone enters
the accepted range, which is determined by the dead-band, it will directly receive a new

target point. This can be seen in the figure, as the error decreases to almost zero at time
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47, the error suddenly increases again. That occurs when a new target point is sent to
the drone. The error reaches a minimum value of 1.44. The only point the error gets
very low is at the final point. The error reaches a value of 0.2 meters which is not high
taking into consideration GPS and IMU uncertainties. The reason why the error reaches
the lowest value at the final position is that there is no dead-band introduced at the end
position. It is assumed that the drone must reach the final point exactly and that it is

critical. So, no dead-band is added at the final position.

Figure VI11.10. The error between target and real drone’s position using D* lite.

This simulation is run with the D* lite algorithm. From time 20 until time 40, the
drone is hovering in place, this can be seen from the error that it is not increasing or
decreasing. This occurs for the fact that there are some buildings that are removed from
the map file that is fed to the algorithm. So, they will be added during the simulation to
be dealt with as discovered obstacles on the way. So, the time taken by the D* lite

algorithm to find a new path is around 20 seconds.
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Figure VI1I1.11. The error between target and real drone’s position using A*,

The same is applied now using the A* algorithm to see how long it will take to
find a new path after discovering the new obstacles. The diagram below shows the error
again between the target point and the real drone’s position while using the A*
algorithm for path planning. The drone hovered in place for around 180 seconds this
time. This shows how fast the D* lite algorithm is compared to the A* algorithm when
used in a changing environment. This simulation is repeated several times while
changing the number of obstacles added during the flight. A comparison between the
A* and the D* lite algorithms is made to check the effect of discovering obstacles that
are unknown before. This means that after the algorithms found a path, and during the
flight, the drone will discover new obstacles on its way. This requires the algorithms to
search for a new path. This is done for both algorithms by increasing the number of
obstacles. The new allocations and the node expansions are checked in comparison to
the number of obstacles discovered. As can be seen from the figure above, for both
algorithms the number of node expansions increased linearly with the number of

obstacles discovered. However, the rate of increase with the A* algorithm shows double
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the increase of the D* lite algorithm. The result for the number of node allocations
shows almost a constant value for the D* lite algorithm, while there is again a linear
increase for the A* algorithm. These results show that the D* lite algorithm works better
and faster than the A* algorithm when dealing with an unknown environment which is
exactly the case with the drone. This simulation and results proved that the control and
planning tasks have been fulfilled successfully. This means that the dynamics of the
drone are modeled correctly and that the controller could be used to achieve the goal.
The results also show that the planning algorithms also work. So, this means that the
code can be used on a real drone in a real environment and similar results can be
achieved. However, if the map is unknown and the buildings are not already given and
fed into the code, the D* lite algorithm is shown to achieve better. Better here means
faster results since it updates its path with every obstacle detection. While in the case

of the A* algorithm, the algorithm is run from the beginning every time an obstacle is

detected.
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Figure VII1.12. Effect of obstacles discovered on A* and D* lite [9].
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IX. CONCLUSION

In this thesis, a drone simulation is performed. Various aspects are looked at
including the sensors used and why they are selected. Then the dynamics and control
aspects are also discussed. After that the focus of the project, which is solving the path
planning problem, is examined and looked at. It is seen how the two algorithms, the A*
and the D* lite, are different. The main difference between these algorithms is that the
D* lite algorithm searches from the goal node toward the starting node, while the A*
algorithm goes the other way. The D* lite algorithm is seen to perform better, especially
in the case where the environment is unknown. Even when the environment is known
but there are obstacles that can show up in the environment, the D* lite algorithm would
achieve better results.

The issue that can be further improved is the simplifying of the path. It is seen
from the trajectories formed that still the path has some points which can be made
straight. This can improve the drone’s performance since there will be fewer waypoints
in the path and this means that the drone will not consider stopping at these points which
will save some time. Another interesting point that can further improve the planning
problem would be optimizing the safety distance and dead-bands around the waypoints.
A good method could be implementing dynamic safety distance and dead-bands. This
means that both will be variables that can be relative to the speed of the drone. So, if
the speed is high the safety distance should be high as well since it will require the
drone more time to be able to come to rest and avoid hitting the obstacle. While for the

dead-bands if the velocity is high the dead-bands can be made larger.
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