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ABSTRACT 

 

This thesis proposes a collision avoidance and state estimation algorithm 

augmented by simple path planning to maneuver and avoid obstacles. This 

system is planned to act as a final and worst-case obstacle avoidance layer for a 

system of multi-agent autonomous robots on an exploration mission in an 

unknown territory/environment.  

The system is to be implemented as a proposed novel intermediate layer to free 

higher software layers responsible for environment mapping and path planning 

from the critical obstacle avoidance and drift suppression tasks. For the purpose 

of experimentation and algorithm verification, Quadrotor Unmanned Aerial 

Vehicles (UAV’s) are used due to their maneuverability. The sensors used in 

this investigation are onboard-mounted Ultrasonic range sensors in addition to 

the stock Inertial Measurement Unit.  

Simulation results and future experimentation tests are presented and discussed 

as well as applications for terrestrial exploration are discussed in future works. 
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1.  INTRODUCTION  

“Robotics is the science of perceiving and manipulating the environment and physical 

surrounding through computer-controlled mechanical devices,” Sebastian Thrun 

(Probabilistic Robotics, pp. 3, top paragraph). [1]  

Over the recent decades, the field of robotics and especially mobile robotics has witnessed a 

great leap in technological advancement and degree of autonomy. [2][3][4] Such robotics 

found use in a wide range of fields; from production lines to autonomous mobile robots for 

surveillance and exploration tasks such as forest fire monitoring, urban planning or wildlife 

surveillance and search and rescue missions. [5][6][7] Autonomous robots can be simply 

defined as intelligent machines that are capable of performing certain tasks in their 

environment without explicit human interaction, lowering the operation costs and complexity. 

[8] 

One of the most demanding applications for highly capable autonomous robots is exploration. 

Whether it is terrestrial exploration of hazardous places or extra-terrestrial exploration, 

unknown territory/environment means there is need for intelligent Path Planning, Collision 

Avoidance, Localization and Mapping in addition to other tasks such as imagery and search 

and rescue. In order to achieve this, robots have to accommodate for the great sources of 

uncertainty from the surrounding environment, sensors and actuators. [1] 

This research is concerned with the study of autonomous multi-agent robotic explorers in 

unknown environment and is inspired by VaMEx (Valles Marineris Explorer), a proposed 

swarm exploration architecture for the surface of Mars. [9] 

The research consists of designing and implementing a collision avoidance and state 

estimation algorithm that is augmented by simple path planning to avoid and maneuver 

obstacles. 
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This system is planned to act as a final and worst-case obstacle avoidance layer for single and 

multi-agent systems of autonomous robots. It will later be connected to higher level path 

planning and mapping algorithms. 

1.2 Thesis Motivation 

Collision Avoidance can be considered as the backbone of autonomous control in robot 

navigation, especially in a fully unknown territory/environment. [10] 

It is distinct from path planning, as collision avoidance is implemented as a reactive control 

law while path planning involves the pre-computation of an obstacle-free path, which a 

controller will then guide a robot along to achieve safe navigation. [11] 

In the field of autonomous mobile robotics, path planning, obstacle detection and collision 

avoidance are the most important tasks as they allow every robot to plan a safe path towards a 

defined destination or goal, maneuvering obstacles and avoiding collisions along the way. 

This is achieved with an intelligent algorithm that uses knowledge of goal position and the 

sensorial information of the surrounding environment. Factors like uncertainties in local 

position information and sensorial data are also taken into consideration and compensated for 

in order to achieve more efficient results.  

With a focus on these primary features, this research proposes an algorithm that achieves a 

balance between computational costs, memory requirements, path length and fast safe 

maneuvers. 

The proposed system of collision avoidance is to be later implemented as a novel 

intermediate layer [12], with the goal of freeing higher software layers from the critical 

obstacle avoidance and drift suppression tasks and utilize their use for more complicated 

tasks such as environment mapping and path planning.  
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As a later goal of the project, a system of Quadcopter Unmanned Aerial Vehicles will be used 

for the testing and verification of the algorithms using onboard mounted Ultrasonic Sensors 

as range sensors. The thesis will also include a review for other possible sensors. 

1.3 Thesis Structure 

The thesis is organized as follows. Chapter 2 presents a detailed survey of earlier obstacle 

avoidance methods and related work. Next, the proposed system is described in Chapter 3. 

Chapter 4 describes the system verification methods. Results and discussions are outlined in 

Chapter 5. Finally, Chapter 6 concludes the thesis work mentioning contributions, limitations 

and future work. 
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2.  STATE OF THE ART 

2.1  Introduction 

Collision avoidance has been a subject of interest for decades and several algorithms have 

been proposed to tackle such problem.  

This chapter is divided into two main sections; the first presents a survey of the most 

commonly used collision avoidance algorithms and the filter/selection criteria followed 

during this literature review, next an overview of the robot hardware and data fusion 

algorithms is presented.  

2.2  Survey of Collision Avoidance Algorithms 

There are several algorithms mentioned in literature such as the BUG Algorithm Family, 

Artificial Potential Field Methods, Vector Field Histogram (VFH), New Hybrid Navigation 

Algorithm (NHNA), Hybrid Navigation Algorithm with Roaming Trails and Fuzzy Logic 

Algorithms. 

However, for the purpose of this research, only the algorithms that allow for our conditions of 

navigation in an unknown environment using range sensors and are suitable for real-time, 

embedded applications with an acceptable performance are considered. 

2.2.1  BUG Algorithms 

The BUG algorithms are some of the simplest obstacle avoidance algorithms ever described. 

[13] Moreover, they are fundamental and complete algorithms [14] with provable guarantees 

[15]. 
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Like all other obstacle avoidance algorithms, the goal of the BUG algorithm is to generate a 

collision free path from a start point to goal.  

The BUG algorithms do not assume knowledge of the global environment or shapes or sizes 

of obstacles but depend on local knowledge perceived from sensors and assume a global goal. 

Each of the algorithms in the BUG family has its own termination property [16] this is to be 

used in case the destination is not reachable. 

The behavior of the algorithm is very primitive and simple. According to it, once an obstacle 

is encountered along the straight-line path of the robot towards the goal, the robot will follow 

a path around the obstacle’s borders, at a certain safe distance, in order to find the point with 

shortest distance to the predefined goal then leaves the boundary of the obstacle from that 

point. 

The Bug algorithms are divided into several types that differ in the basis of their behavior and 

decision while encountering an obstacle. The following subsections describe most of the 

known BUG algorithms, from the simplest, BUG-1, to more complex algorithms where the 

robot is required to generate a map of the surrounding or construct different data structures. 

It is also worth mentioning that all BUG algorithms use at least two modes of operation, 

“moving to target” and “boundary following”; moreover, the leaving conditions always 

compare the leaving point with the closest point ever visited by robot. Furthermore, every 

BUG algorithm has to have a termination property with the aim to improve the algorithm 

performance by shortening the path length or time required to reach or detect that the goal is 

unreachable. [32] 

2.2.1.1  BUG1 

The BUG-1 algorithm is one of the earliest obstacle avoidance algorithms. In this algorithm, 

the robot circles the obstacle one complete time, calculating the distance from the goal at 
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each position to find the shortest distance. Once a complete rotation along the borders of the 

obstacle is achieved, the robot would move to that point and leave towards the goal in a 

straight-line manner. 

This is calculated based upon the leaving point (x1, y1) and goal point (x2, y2) using the 

slope ‘m’ and y-intercept ‘c’ as follows. 

           (2.1)  

 

This algorithm has some main advantages and these include, low memory requirements due 

to the simplicity of the algorithm [17], [18] as well as not suffering from local minima. 

However, BUG-1 algorithm suffers other drawbacks, when the robot is following the edge of 

one obstacle it may collide with a neighboring one if both obstacles are very close or the gap 

between them is less than the width of the robot. [32] 

 

 

Figure 1:  BUG Algorithm a) One Obstacle b) Multiple Obstacles 

The Algorithm is obviously not very efficient, and several improvements to the algorithms 

have been proposed. [19] [20].  

2.2.1.1  BUG2 

The BUG-2 algorithm is one of the improved BUG algorithms. Using this algorithm, the 

robot would move along the initial path towards a goal until an obstacle is encountered. Once 
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an Obstacle is encountered, the robot would keep a fixed distance and start following the 

borders of the obstacle, calculating the slope of the straight line joining its current position to 

the final goal. When the slope becomes equal to the slope of the initial path, the robot leaves 

the border and continues towards the goal. 

Even though this algorithm improves the efficiency of BUG-1 by not repeating the path 

around the obstacle, it still does not address the problem of generating the shortest path.  

Figure 2:  BUG 2 Algorithm a) One Obstacle b) Multiple Obstacles 

2.2.1.1  DistBUG 

The Dist-BUG is another improvement to the BUG algorithm family. It was invented by 

Kamon and Rivlin [21] and originates from Sankaranarayanan’s algorithms Alg1 and Alg2. 

[22], [23] 

Dist-BUG allows the robot to reach the destination in a comparatively shorter time.  

The algorithm considers the maximum detection range of the robot to be R.   Similar to the 

other BUG algorithms, first the robot starts by moving towards the goal G until it faces an 

obstacle. Once an obstacle is encountered, the robot starts to follow the borders of the 

obstacle in a predefined direction (default) either clockwise or counterclockwise. As the robot 

follows the borders of the obstacle at the preset distance, it calculates its distance from the 
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goal     ( ) in a continuous fashion and keeps record of the minimum distance since last hit 

point. Moreover, the robot also uses the onboard sensors to detect the free space F, which is a 

distance of an obstacle from the robots current location X in the direction of the predefined 

goal. For the case when no obstacle is detected, F is set to R and the robot leaves the border 

of the obstacle once the following condition is satisfied;  

  (   )        ( )            (2.2)  

 

Where d(X, G) is the distance between current location and goal, and where Step is a 

predefined constant which is one of the algorithm’s limitations and drawbacks. [21], [24] 

Figure 3:  DistBUG Algorithm a) One Obstacle b) Multiple Obstacles 

2.2.1.1  TangentBUG  

The TangentBug algorithm was developed by Kamon, Rivlin and Rimon [20]. TangentBug 

uses distance sensors to build a graph of the robot's immediate surroundings and uses this to 

minimize path length. The robot does not have global knowledge and uses something called 

the Local Tangent Graph (LTG). 

Simply the robot uses range sensors to detect all surrounding vertices and forms a simple map 

connecting all those convex vertices, including start point and goal point or target. It has been 

shown that LTG always contains the optimal path from start to goal. [18][25][26] 
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TangentBug combines purely reactive decisions with globally convergent behavior in a way 

that minimizes the need for global positioning [20]. 

As seen in the above figure, the robot constructs a simple LTG with convex edges and/or 

points of intersection between obstacle and sensor coverage R.  

2.2.1.1  3D-BUG 

3D-Bug was developed by Kamon, Rimon and Rivlin [27]. It is an extension of the 

TangentBug algorithm and operates in 3 dimensions instead of the typical 2. There were 

several problems encountered the largest being surface exploration of the obstacle instead of 

simply following the boundary of an obstacle. 

Based on Kamon, Rimon and Rivlin’s paper, the 3D-BUG uses two basic motion-modes: 

motion towards target and motion along obstacle surface. Simply, the robot starts off by 

moving towards target until it encounters an obstacle blocking its path, then the robot’s 

motion-mode switches to surface traversing. 

During this mode, the robot searches the surface of the obstacle to find possible leave points 

and updates a novel data structure called Convex Edges Graph. This data structure’s nodes 

represent convex obstacle edges that lie in the obstacle’s convex hull and have been 

Figure 4: TangentBUG Algorithm a) Simple LTG diagram b) Global Tangent Graph 
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perceived by the robot during its surface exploration. In addition, the algorithm also keeps 

track of the robot’s current position and its target goal position.  

The CEG is regularly updated and a track of the closest observed point from target is 

recorded. This point is denoted by      and its distance to the goal is denoted by     ( ). 

After updating the CEG, the robot checks the leaving conditions.        denotes the closest 

point to the target on the visible portion of the line segment joining the robot’s current 

position to the goal position, the robot leaves the obstacle when the following inequality is 

satisfied.  

  (        )       ( )      (2.3)  

If the robot completes scanning of the entire obstacle surface without finding a suitable 

leaving point, a final check is made. The robot moves to the closest point from target,     , 

and checks the leaving condition from there, if it is not satisfied, then the goal is unreachable 

and algorithm terminates. 

2.2.1.1  Other BUG Algorithms 

Only Algorithms that require simple sensors and where prior global knowledge of the 

environment is not required are considered. 

 

 VisBUG-21 

The VisBUG-21 algorithm is based on the BUG 2 algorithm but allows the robot to use 

rage sensors to find shortcuts in order to reduce the overall path length. [28] 

 VisBUG-22 

Similar to VisBUG-21, but in this algorithm, the robot takes more risk choosing shortcuts 

which may sometimes lead to a longer overall path length. [28]  

 WedgeBUG 
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The WedgeBUG algorithm was developed by Laubach and Burdick [29]. The algorithm 

divides the scan in wedges where the first wedge is one which contains the direction 

towards the target. If the robot detects no obstacles, it moves towards the target; otherwise, 

the robot performs what was referred to as “virtual boundary following”. In this case more 

wedges are scanned and the robot follows the wall using its range sensors. One advantage 

of this algorithm is that wedges are only scanned when required [32]. 

 CautiousBUG 

The CautiousBUG algorithm was developed by Magid and Rivlin [30]. It allows the robot 

to repeatedly change wall following directions and therefore not depend on a default wall 

following direction. The main drawback of this algorithm is that on average, a longer total 

path length is generated [32].  

 Angulus – Based on a NASA proposed system for navigation on Mars 

The Angulus algorithm was developed by Lumelsky and Tiwari [31], [32]. The algorithm 

originated on an idea that was tossed around at NASA regarding missions to Mars where 

multi-agent robot systems would communicate together to go or return to a certain point. 

[31] The principle of the algorithm is mainly based on the Pledge algorithm. The main 

advantage of this algorithm is that it does not require any range measurements and can 

only perform using a compass. This gives it an advantage over most BUG algorithms by 

reducing cumulative error. 

 OptimBUG 

The OptimBUG algorithm was developed by Kriechbaum. [32] The algorithm builds a 

map of the surrounding using infrared sensors and uses it to generate the shortest path 

every navigation cycle. This way, the algorithm eliminates the wall following protocol 

used in most BUG algorithms. The algorithm terminates as soon as the target is reached or 

the shortest path is known to cross an obstacle. [32] 
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 UncertainBUG 

UncertainBUG is similar to OptimBUG but takes uncertainty into account. The algorithm 

would direct the robot away from the calculated optimum path to known landmarks in 

order to account for uncertainty. A major drawback of this algorithm is that the robot 

might not reach the target. 

2.2.2  Artificial Potential Field Methods 

While previous algorithms such as the BUG family algorithms are based on a purely reactive 

approach, the following algorithm tends to view the obstacle avoidance as a sub-task of the 

robot’s path planning, in a deliberative approach. 

The potential field algorithm, described in [35], [36], assumes that the robot is driven by 

virtual forces that attract it towards the goal, or reject it away from the obstacles. The actual 

path is determined by the resultant of these virtual forces. 

Despite its elegance, this algorithm still does not solve all the drawbacks of the BUG 

algorithms, performs poorly on narrow passages, and is more difficult to use in real time 

applications. [34] 

2.2.3  Vector Field Histogram (VFH) Method 

The Vector Field Histogram was developed by Borenstein in [37], and later improved in [38], 

[39]. The VFH is a probabilistic algorithm that overcomes the problem of the sensors noise 

by creating a polar histogram of several recent sensor readings. The probabilities are 

computed by creating a local occupancy grid map of the environment around the robot. 

The polar histogram is then used to identify all the passages that are large enough to allow the 

robot to pass through. 
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Once all the possible passages are identified, the robot selects the particular path to be 

followed based on the evaluation of a cost function, defined for each passage. This depends 

on the alignment of the robot’s path with the goal, and on the difference between the current 

orientation and the new direction. [34]  

This algorithm offers better robustness to sensor noise, and takes into consideration robot 

kinematics. However, requires extensive computation, which makes it difficult to implement 

on embedded systems. 

2.3  Survey on State Estimation and Data Fusion 

This section presents a brief survey of the hardware based on which the simulations and 

algorithm verification methods were constructed as well as the future experimentation. 

Following the hardware review is a brief introduction to sensor data and fusion methods. 

2.3.1  Hardware  

The equipment used could be mainly divided into three main sections and these are as 

follows: 

2.3.1.1  The Robot Platform – Quadrotor Unmanned Aerial Vehicles 

The robots used for this study are the Hummingbird Quadrotors by Ascending Technologies 

GmbH [64]. Quadrotors have been used due to their better maneuverability survivability and 

simplicity of mechanics in comparison to other platforms such as helicopters.  

2.3.1.2  Sensors 

Due to the inherent limitations of Microelectromechanical Systems (MEMS) technology, 

IMU’s, which are the main sensor group used onboard the robots, may have large bias 
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instability and noise, which leads to rapid degradation in navigation precision in the absence 

of aiding sources.  

Moreover, in order to use the autonomous multi-agent robot system indoors as well as in an 

outdoor environment and in order to test and simulate performance for terrestrial and 

extraterrestrial exploration, global satellite navigation systems such as GPS, GLONASS, 

Galileo, IRNSS and Compass cannot be the sole aiding source; therefore, to overcome these 

limitations and to overcome the long-term effects of drift while being in hover mode, the 

estimator is augmented with range measurements from onboard mounted range sensors. 

The choice of range sensors depends highly on the mission profile and characteristics. In 

general terms, range and proximity sensors can be categorized into five main categories and 

these include: Time of Flight, Reflection Intensity, Triangulation, Capacitive and Inductive. 

Several surveys and studies have been conducted attempting to find the best performing 

sensor for collision avoidance in space applications.  A recent survey from NASA Jet 

Propulsion Lab (JPL) by R. Volpe and R. Ivlev [66] concluded that based on experimental 

evaluation of available sensors, the laser time of flight sensors over performed other sensors, 

but based on cost and size specifications, such sensors might not be suitable for most 

applications; it was then followed by triangulation sensors. However, while these two sensor 

types or categories are adept at measuring precise distances to a point, they are not very 

useful for area coverage. This, on the other hand was promised by capacitive sensors, but 

then again, with less accuracy. 

In other words, there are some key factors that dictate the type of sensor to be used. Some of 

these factors include, required precision, coverage area, range resolution, working 

environment (e.g. vacuum, atmospheric conditions).   

During all the simulation and experimentation phase of this thesis, the MaxBotix Ultrasonic 

range sensors are used. [65] Initially two sensors were considered for usage as range sensors 
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during the experimentation phase. SRF08 and MaxBotix both provided measurements over 

55 degree opening cones. The SRF08 measured at 40 KHz while the other sensor measured at 

a slightly higher frequency, 42 KHz. After some experimentation using both sensors were 

conducted to estimate their probability density functions, the results showed that the SRF08 

sensor showed incorrect readings that grew stronger with commanded thrust and therefore the 

MaxBotix sensor was chosen [12].  

Ultrasonic sensors have been used for collision avoidance purposes for tens of years. [67] 

They are simple to use and can be reliable in a variety of applications; however, such sensors 

have limitations when it comes to precision and accuracy.  

The ultrasonic sensor’s theory of operation is rather simple. The distance is calculated by 

multiplying the pre-known speed at which the signal traverses the medium, ideal speed of 

sound in this case, by the time it takes, i.e. time of flight. 

Temperature variations affect the speed of sound in medium and therefore affect the 

range/distance measurement of the sensors. A change of +/- 20 degrees Fahrenheit represents 

a change of +/- 2% in distance measurement. [68] This is one of a several variables and 

considerations to take into account when using ultrasonic sensors. 

In order to achieve measurements with highest accuracy, measurements should be taken 

when detecting flat smooth objects/surfaces that are perpendicular to the sensor’s propagation 

path. Therefore, as the angle of incidence increases, the signal reflected back to the sensor 

decreases. In other words, as the angle between the path of propagation and the surface 

decreases, the amount of energy reflected back decreases. The object being detected should 

also be large enough in size compared to the sensors operating frequency. The approximated 

operating frequency used for all experimental testing is ~42 KHz which should reliably detect 

objects bigger than 8.5 mm [68]. Another major drawback of ultrasonic sensors is that they 

do not modulate the signal and therefore do not use any match filter or demodulator so it 
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cannot be determined if the returned signal is the echo or noise from environment or even 

another sensor. A lot of research has been addressing this problem and one of the interesting 

solutions has been explained in a paper titled, “The Ultrasonic Range Finder for Outdoor 

Mobile Robots,” by T.Tanzawa in [69]. 

The paper proposes a sensor design that is robust in noisy environments. A return-to-zero 

signal with a certain time duration modulated with a 40 KHz carrier is transmitted from the 

sensor, a cross-correlation between the transmitted waveform and the demodulated received 

waveform is performed. If any obstacles are present, the calculated cross-correlation would 

have a relatively large value. The distance from that obstacle can be measured by calculating 

the time interval between the starting time of the transmitted signal and the time that has the 

peak value.  

In other words, instead of the narrow pulse used by most commercial ultrasonic sensors, the 

sensor proposed in the above-mentioned paper transmits a 40 KHz carrier, modulated by a 

certain pattern signal. The sensor then calculates the cross-correlation between the 

transmitted signal and the received one, including noise, to measure the range/distance of the 

obstacle surface. Another advantage of such system is that one can control the modulated 

pulse width. This is beneficial when one wants to detect closely located objects for example. 

The following figure shows this relation. 
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Figure 5:  Range and Frequency Resolution of a) Short Pulse b) Long Pulse 

As seen in the figures above, the short pulse has better range resolution but worse frequency 

resolution when compared to a long pulse.  

This approach could allow several sensors to be used simultaneously on a multi-agent robot 

system without problems such as sensor crosstalk.  

Another simpler approach has been followed throughout the experimentation phase of this 

thesis, to avoid sensor crosstalk, and that was a lighthouse scheme of sensor readings [12]. In 

other words, readings are taken one at a time in a circulating fashion. 

Nevertheless, the influence of the propeller noise has been studied and discussed in [12]. It 

was concluded that based on a JPL technical report [70] the noise has negligible impact on 

sensor measurement.    

2.3.1.3  Ground Truth Tracking 

All robot experiments are to be conducted in the Holodeck, a room equipped with a system of 

16 high precision infrared cameras manufactured by VICON. 
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2.3.2 Filter/State Estimator for Relative Position Estimation of UAV 

Other than effects of temperature variations and constant bias of sensors mentioned above; 

MEMS Gyros will show very high frequency noise that is caused by thermo-mechanical 

events. This type of noise is known as white noise and as mentioned above, due to these 

inherent limitations of MEMS IMU, a drift over time is observed when the Unmanned Aerial 

Vehicle is set to hovering mode, which is essential for the wall following algorithm that will 

be explained in the following chapter. This is mainly caused due to the error and noise 

affecting the sensors onboard, the small errors in the measurement of acceleration and 

angular velocity are integrated into progressively larger errors in velocity, which then in turn 

result in even larger errors in position. The slow responding accelerometers and the fast 

responding but drifting measurement of gyros have to be augmented with some other source 

or sources for better reliability and drift suppression. The solution lies within sensor fusion, 

the idea is to combine the range measurements from the onboard mounted ultrasonic sensors 

to the IMU data and correct the state estimate. The main goal is to keep the algorithms used 

for the data fusion as simple as possible for real time system operation and faster state 

estimations.  

In order to understand the drift further, one must study the Allan deviation plots using the 

gyros’ raw data.  

                      ( )   (             ( )) (2.4) 

Using the Allan Deviation plots one can obtain what is called “Angle Random Walk (ARW)” 

typically at a sampling time of 1s. This value can be used to estimate the error as a function 

of time as follows: 

          ( )       ( ) (2.5) 

                      ( )               (     ( ))     (2.6) 
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State estimation is one of the major challenges in the field of robotics and especially, mobile 

robotics with several degrees of freedom. In most cases and for best results, state estimation 

relies on multiple sensor systems with each sensor exhibiting certain operational specification 

as well as performance limitations and uncertainty. This is where multi-sensor fusion 

becomes essential for accurate state estimation. Multi-sensor data fusion for state estimation 

is a well-studied problem. [71] Several methods and algorithms have been proposed over the 

past decades, from simple filtering such as complementary filtering to Bayesian filtering 

techniques and even to more complex yet smarter algorithms using Mixture of Experts (ME) 

as a combining method to address the problem of sensor reliability, Extended QUEST, Super-

iterated Extended Kalman filtering and interlaced Kalman filtering. 

The main principle behind attitude determination or estimation relies on the computational 

evaluation of the nonlinear kinematic equations of rotation of a body. 
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The two above equations are based upon the following identities and notations [73]: 

The special orthogonal group can be donated by   ( ) where 

 

  ( )                 (2.9) 

 

So for any two matrices,   and         then the matrix commutator is [   ]       .  

Letting      , one can define: 
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Other than nonlinearity, the above equation is also highly susceptible to growing errors; the 

errors would continuously grow unless correction is made continuously, if not corrected, this 

could lead to R ceasing to represent a valid rotation. 

As explained above, R is a rotational matrix and this can be represented in several ways such 

as Euler Angles, Direction Cosine Matrices (DCM), and Quaternions. 

All the above-mentioned are possible attitude parameterizations. Euler angles, Rodrigues 

parameters and the modified Rodrigues parameters are often avoided in filter designs due to 

their associated singularities; on the other hand they could be used to define “local error 

attitude”. Since early 1980’s, Quaternion has been the most widely used attitude 

parameterization.  

This is mainly due to two main advantages of Quaternion; one, the kinematic equations are 

linear in the quaternion and singularity-free; another advantage is that successive rotations 

can be obtained using Quaternion multiplication [72].   

In order to improve attitude estimate, data of accelerometers and gyroscopes have to be fused 

together. This is the most crucial step as it is based on defining the function that would take 

rotational matrix R and acceleration vector and output an improved rotational matrix. 

Another challenge is the discretization of continuous-time transfer functions (TF) that 

describe the system performance; since there is no unified method of converting continuous-

time TF to discrete-time, there exists no unique solution. Some of the more common 

techniques used include, impulse variance transformation, bilinear transformation and finite 

difference discretization.  

 

Two main common filters used for data fusion are outlined throughout this section of the 

thesis and they include Complementary filters and Kalman filters.  
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There are various algorithms and filtering methods that are discussed in open literature that 

could yield more precise results and estimations, but most of these fall out of the scope of this 

thesis and the main goal of keeping the algorithms computationally inexpensive to have 

better real-time responses.  

The following review is based on [79] where data fusion is divided into two main sections, 

One Dimensional IMU data fusion with/without drift estimation, and Three Dimensional 

IMU data fusion. For the first subsection, complementary filters and kalman filters are 

considered, while for the later subsection only a special form of complementary filter is 

discussed. 

 

2.3.2.1 1D IMU Data Fusion 

i. First Order – No Drift 

 

a. Complementary Filter 

 

The complementary filter is probably one of the easier methods of data fusion. It simply 

consists of a high pass and a low pass filter that can be described by a set of equations. These 

depend on the reliability and type of measurement obtained from different sensors. In the 

case of IMU sensor fusion, data of the accelerometer is passed through a first order low pass 

filter and added to the output of the integrated gyroscope data passed through a first order 

high pass filter. The equations can be described as follows: 

Where   is the estimated angle,   is the angle from accelerometer and   is the rotation rate 

from gyro. 
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Where   determines filter cut-off frequencies. By using finite difference discretization 

(backward difference method),  
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this can be substituted into the first equation to yield the second, where   can be expanded to 
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A lot of research has been done and several papers have proposed different complementary 

filter designs for data fusion for improved state estimation. 

R. Mahony proposed several complementary filter designs in several literatures such as in, 

“Complementary filter design on the special orthogonal group SO(3)” [73] where the 

following filters are proposed: Direct Complementary Filter and Passive non-linear 

Complementary Filter. Moreover, the above-mentioned author discusses the design of an 

extension to the Passive Complementary Filter to provide adaptive gyro bias estimation. 

Another filter design is proposed by A. Baerveldt and R. Klang in their paper, titled “A low 

cost and low weight attitude estimation system for an autonomous helicopter” [74] 

 

b. Kalman Filter 

 

Kalman filters could be considered as an extension to the simpler Bayesian filter.  

The Kalman filter was originally developed as a tool in linear estimation theory but was soon 

applied to nonlinear orbital navigation problems [64]. Kalman filtering algorithms were used 

in the orbital guidance and navigation problems during the Apollo program, also known as 

Apollo project, which was the third human spaceflight program carried out by NASA 

[76][77][78]. 
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It is not possible to have a complete historical survey on the use of Kalman filtering for 

attitude estimation problems as the earlier applications were directed towards military and 

defense and therefore, could not be published in literature.  

The kalman filter (KF) is one of the most commonly used filtering methods for data fusion; 

KF’s take noise into consideration using covariance matrices; these are updated at each 

iteration/step using a set of equations. The update equations and KF algorithm can be fully 

described in four steps as follows: 

 Prediction of State and Variance. 

 Measurement. 

 Kalman Gain Calculation. 

 Updating of State and Variance. 

 

This can be further described by the following set of equations: 
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The general equations mentioned above can be simplified further to suit our “simplified 

model” as follows: 

             (2.21) 
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where the state vectors become    ,     and matrices    ,     ,    ,     ; 

therefore, our new KF equations would be: 
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which can be further simplified, using: 
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       (2.25) 

 

into: 

         (   )         (2.26) 

 

It can be easily noted that for such simplified model, both filters yield identical update 

equations. 

 

 

ii. Second Order – Drift Estimation 

   

a. Complementary Filter 

 

For the one-dimensional second order data fusion system with drift estimation, 

complementary filters become a little more complicated and in most cases avoided.  

In this case, the theta equation can be derived from the transfer function of the nonlinear 

complementary filter proposed by R. Mahony in [73] which will later be discussed further. In 

simple words, the drift estimation is made possible using a PI/PID controller, yielding the 

following equation as adopted from [79]: 
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This can then be discretized using one of the methods previously outlined. 

 

b. Kalman Filter 

 

In this case a new parameter    is introduced to represent the gyro bias [79]; therefore, the 

space model can now be represented as follows: 

        (       )   (2.28) 
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        (2.30) 

 

The Kalman equations can then be derived and rearranged to yield the following update 

equations: 

 

         (   )    (       )   (2.31) 
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          (     
̅̅ ̅) (2.32) 

 

Where        similar to the case of first order (i.e. without drift estimation). 

 

 

2.3.2.2 3D IMU Data Fusion  

In this subsection, a different approach is followed and only an adaptation of a nonlinear 

complementary filter algorithm is discussed. The algorithm was first introduced by R. 

Mahony in [73]. It requires less computation than the traditional KF’s and considered easier 

to implement achieving very similar results to KF’s. 

Mahony’s approach is based on the idea of correcting the rotational rate vector in equation 

(2.7) and (2.8). In [73] he propses to use a certain correction vector obtained from a PI 

controller derived by an error vector   that is based on the previous estimate. 

The algorithm can be simply described in the following steps: 

 Measure   (rotation rate vector) and   (acceleration vector) 

 Calculate   (gravity vector) 

 Calculate error       

 Apply PI controller to get rotation correction vector    

 Calculate the corrected rotation rate      

 Integrate rate of change 

 Repeat all 

 

2.4  Summary 

This chapter provided a quick and broad overview on current collision avoidance algorithms 

as well as a brief introduction to the hardware that would be used in the experimentation 

phase and a survey on data fusion algorithms.  

There are, of course, several other interesting algorithms for obstacle avoidance and data 

fusion but relatively few of them fall in the scope of this research.  Among these are 

algorithms like the New Hybrid Navigation Algorithm (NHNA) and the Hybrid Navigation 
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Algorithm with Roaming Trails discussed in [52] and fuzzy logic solutions, like those 

discussed in [46] [53] [54]. 

Ng. James [32] compares the most commonly used bug algorithms in terms of path lengths in 

several 2D environments. Based on the paper’s conclusions, TangentBug algorithms achieved 

shortest path length followed by DistBUG. On the other hand, the prior required more 

computation due to the use of more complex data structures.  

As mentioned above, 3D-BUG algorithm is an extension to the TangentBUG algorithm to 

allow the operation/navigation in a 3D environment and therefore one could assume it is one 

of the optimum collision avoidance and navigation algorithms. However, the algorithm is 

built on several assumptions that might not hold true in real-life situations; moreover, 

exploring obstacle surfaces and tracking convex edges using range sensors will be a complex 

task. The simulation results obtained from [32] for the four different 2D environments are 

compared to the results obtained from the proposed system for the same set of obstacle 

layouts in terms of path length.  

Throughout the next few chapters, a proposed system is described, strengthening on the 

collision avoidance and data fusion algorithms. Moreover, System verification methods as 

well as results are discussed.  
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3.  PROPOSED SYSTEM 

The proposed system is divided into two main sections, collision avoidance and obstacle wall 

following or distance keeping algorithm and data fusion algorithm. The main goal is to 

design a system that achieves a balance between low computation, memory requirements, 

path length and fast safe maneuvers.  

The proposed system is based on the hardware architecture mentioned in the previous 

chapter. Ultrasonic sensors are mounted onboard the quadcopter and augmented with the 

IMU to achieve the required results.  

The below figure illustrates this configuration.  

Figure 6:  Robot and Sensors Architecture 

Throughout the next two sections of this chapter, the following is considered: 

 The robot uses range sensors of coverage R 

 Hemispherical sensing is considered – i.e. in direction of motion 

 Obstacles are considered stationary 
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3.1  Collision Avoidance System  

The proposed system is divided into three main motion profiles and these are: moving to 

target, moving in direction with less obstacle density and wall-following. The system follows 

a similar approach followed in the Artificial Potential Field and Vector Field Histogram 

algorithms in terms of finding resultant motion direction where the obstacle density is less; as 

well as it is an extension to the DistBUG algorithm and the Bubble-rebound algorithm [34] in 

a 3D environment. 

1) Motion-Mode 1: Initially, the robot moves straight along the path towards the target 

goal or point until either: 

a. Target reached; Stop (Terminate Algorithm) 

b. An Obstacle is detected; Maintain fixed distance (using filter/control 

algorithm – discussed later) and GOTO 2 

2) Motion-Mode 2: Calculate new heading (Vertical and Horizontal – Explained 

Below) 

a. If new heading is zero (Horizontal and Vertical); GOTO 3 

ELSE 

b. Move to new focus point in that direction 

c. Re-orient for straight line path to target from current location; GOTO 1 

3) Motion-Mode 3: Boundary Following / Distance Keeping Algorithm  

a. Initialize i and Step (i=0, Step=min wall thickness)  

b. Follow obstacle boundary either clockwise or counterclockwise and update 

minimum value of  (   ) and denote this as     ( ). Keep doing this until: 

i. Target is visible:  (   )      Denote this as Li; GOTO 1 
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ii. Leaving condition holds:  (   )        ( )        Denote this 

as Li. GOTO 1 

iii. Robot is back to hit point Hi; i.e. One complete revolution is made 

around obstacle and target is unreachable; STOP 

 

 

Lumelsky notes in his paper, “Path planning strategies for a point mobile automaton moving 

amidst unknown obstacles of arbitrary shape” that special algorithms, beyond the scope of 

Figure 7: Flow Chart of Proposed Collision Avoidance System 



30 

 

the BUG algorithms, are required to follow a wall. [43] [44] A simple algorithm using a basic 

proportional-derivative (PD) controller has been previously discussed and implemented in 

literature.  

The current error is obtained by calculating the difference between the distance to the wall 

and the desired distance and the derivative is the difference between the new error and the 

previous error.  

This algorithm works fine if the robot is following a “gentle” curve, but there are situations 

where the robot has to perform special movements. For example, considering a case where 

there is a wall directly in front of the robot in addition to one on its right, in that case, the 

robot will rotate counter-clockwise in its position until it can drive forwards again.  

Another possible case is when there are no walls surrounding the robot; the robot will drive in 

a circular pattern until it detects a wall to its right or detects a wall ahead of it. [32] 

 

Several papers have recently proposed different “Boundary following” algorithms for the 

second main motion-mode for all algorithms in the BUG family. The complexities of the 

proposed algorithms vary depending on the complexity of the controller used. 

Charifa and Bikdash proposed a boundary following algorithm guided by artificial potential 

field to address the above-mentioned problem. [45] Their proposed novel method has several 

advantages including a) avoiding C-space calculation, which can be costly if the robot has the 

ability of rotation; b) allowing for an adaptive and controllable safety distance, which is the 

distance between the robot and the closest obstacle boundary; c) resulting in a path that is 

quasi-optimal. 

The algorithm combines the advantages of shortest path algorithms using reduced visibility 

graphs [46], [47] and maximum-clearance roadmap algorithms using elements of generalized 

Voronoi diagrams [48][49][50][51], which are one of the fundamental data structures in 
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computational geometry. [58] Charifa and Bikdash’s algorithm switches between these two 

behaviors depending on the environment the robot is in and how cluttered it is. 

Furthermore, another proposed algorithm is using a Rough-Fuzzy Controller for wall-

following navigation was discussed by C. Lee. [52] The proposed controller uses fuzzy logic 

[55] rough-membership functions [53], [55] to improve its uncertainty reasoning. The 

algorithm was implemented and tested and proved to outperform a bang-bang controller, PID 

controller, a conventionally fuzzy controller and an adaptive fuzzy controller using Genetic 

Algorithms [56], [57]. Unfortunately, on the other hand, the performance used to evaluate the 

controllers does not include path safety; therefore, no direct comparison can be made with 

Charifa and Bikdash’s algorithm. [32] 

The proposed system is rather simple and can be summarized into following four steps: 

 Find closest wall 

 Move to safe distance from wall – this is where hovering and distance keeping would 

come in handy 

 Turn and start moving along the wall – keeping safe distance 

 i. Avoid crashing into wall ahead of you 

ii. Turn into gap to your right  

This wall following algorithm is only used as a final resort in the collision avoidance 

algorithm. It will be integrated to the Motion-Mode 3, i.e. when the robot is stuck and before 

declaring if the target is unreachable. 

Similar to the algorithm mentioned above, the PID controller would be used to reduce the 

error and keep the robot at a fixed “safe” distance from the wall.  

The two main drawbacks to this wall following algorithm would be the fixed step length and 

the predefined wall keeping direction. 
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3.2  Data Fusion Algorithm  

Estimating the mobile robot's position and orientation with respect to a given inertial frame, 

is considered a difficult problem due to the inherent uncertainty and non-determinism of the 

environment. [80] 

To simplify this task and keep it reliable, a new approach is proposed in this thesis. As a first 

step in implementation, two filtering techniques would be used simultaneously.  

First, the pre-implemented onboard Kalman filter, which is a commonly used means of data 

fusion and can be explained in [81][82], would be used to fuse data from accelerometers and 

gyros, in addition to Global Navigation during outdoor testing. [83]  

The main drawback associated with this method is the high computational complexity and 

difficulty in identification of a good sensor model. [80] 

Alternatively, the second filtering technique is simply using a complementary filter similar to 

that of Mahony to fuse the change in range sensor measurement and IMU position estimate. 

This would then be fed back into the PID controller to generate a new position estimate based 

on the new error calculation. 

The following diagram illustrates the general control loop and feedback architecture, 

followed by another diagram that shows the proposed data fusion architecture.  

 

 

 

 
Figure 8: General Control Loop 
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As seen in the above figure, first a state estimate is obtained from the IMU data then fused 

with other Satellite Positioning System state estimate using Kalman Filter, this is indicated 

with the red square. A second and final state estimate is then obtained by combining the first 

estimate with the measurements from Ultrasonic Sensors using the proposed adaptive 

complementary filter. 

The idea of the filter is based on a proposed data fusion algorithm described in [80]. Instead 

of having fixed values for the cut-off frequencies of the complementary filter, an exponential 

function is used to adjust those values depending on the number of readings taken from the 

ultrasonic sensors and how close they are to one another. A techniques used with success in 

[74][84] to produce more precise results with low computational cost and faster response.  

Figure 9: Proposed Data Fusion Architecture 
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4. SYSTEM VERIFICATRION AND EXPERIMENTATION 

4.1 Simulation Environment  

As a first checkpoint and a first step towards a complete and operable system, a simulation 

phase was essential. 

This section mainly addresses the methods of verification of the proposed algorithms for 

collision avoidance and wall following.  

As a basic and primary step, a rather simple 2D simulation platform was developed using 

Matlab to simulate the robot motion and collision avoidance algorithm. Here, the robot is 

represented as a point surrounded by a circle with radius equal to the sensors’ range and 

another representing the “safe distance” described in the previous chapter. The robot 

dynamics are not considered in this phase of simulation. 

This 2D simulation allows the user to set an environment and place any shape or size of 2D 

obstacles in it. Then a goal and starting position are selected and the robot (with a certain 

number of sensors and range) starts its motion towards the goal avoiding obstacles within its 

sensing range. The following figure shows the simple interface tool used followed by a table 

with the main/more important functions. 
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The main functions or methods used in the simulation can be summarized in the following 

table. 

Function or Method Role 

map() Initialize map and obstacles 

robot() Initialize robot, sensor coverage and range 

fly() Motion-mode 1 – move to target 

obsavoid1() 
Motion-mode 2 – calculate new heading 

angles 

turn() Rotate robot in place 

obsavoid2() Motion-mode 3 – Follow boundaries 

Table 1: 2D Simulation Main Function Description 

A second step in the simulation phase was to develop a more realistic and advanced 

simulation platform to verify the algorithm efficiency in a close to real life situation. Here, 

the platform is built based on the adaptation of an integrated simulation platform for indoor 

quadrotor applications [59]. 

In this platform, the quadrotor’s model consisted of the nonlinear aerodynamical equations 

with actuator dynamics and saturation limits. According to Al-Omari’s paper [59], the model 

could be summarized as follows:  

Figure 10: 2D Simulation 
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With actuator equations described by: 
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Where X, Y, Z are the position of the center of mass with respect of the inertial frame of 

reference,  ,  ,   are the Euler angles, p, q, r are the body rates, m is the quadrotor’s mass, b 

is thrust factor, d is drag factor, l is radius of quadrotor and   is propeller speed of motor i, 

Ixx, Iyy, Izz are the moments  of inertia, U1, U2, U3, U4 are the throttle, roll, pitch and yaw 

forces and moments respectively [47]. For a more in-depth view of the dynamic equations, 

refer to [48 - 51] as it was beyond the scope of this thesis. 

The quadrotor model was adapted to fit the quadrotor used for experimentation phase; 

moreover, two other additions were made to the platform and these include the obstacle 

avoidance controller and the obstacle environment. The figure below shows a screen-shot of 

the simulation platform during drift simulation. 
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The results of the simulation as well as results from the experimentation phase would be 

discussed in the following chapter of the thesis. 

 

Figure 11: 3D Simulation 



38 

 

5.  RESULTS AND DISCUSSIONS 

This chapter of the thesis describes the tests and methodology followed in testing and 

verifying the proposed systems. 

5.1  Methodology 

The system has been divided into two main sectors for testing and verification, the collision 

avoidance algorithms testing and the data fusion and drift suppression testing. 

For the first part, four environments, similar to the ones used in [32], have been chosen and 

the more efficient commonly used BUG algorithm tested in comparison to the porposed 

system.  

 

 

 

 

 

Next, Environment B was chosen to be the test environment for the 3D simulation and that is 

because all algorithms achieve very similar results when tested in Environment B in 2D. The 

figure below shows Environment B 3D, where    . 

 

Figure 12: Algorithm Test Environments 

Figure 13: Test Environment B 3D 
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Since distance keeping and wall following is part of the collision avoidance and obstacle 

maneuvers used in the first part of this thesis and since the platforms that will be used for 

experimentation and testing are Quadrotor Unmanned Aerial Vehicles, drift in position would 

occur once the robot is set to hovering mode. The following diagrams illustrate a simulation 

of the drift over time experienced by the robot over a period of 20 seconds starting at origin 

(0,0).  

 

 

 

 

 

 

 

 

Figure 14: Drift in XY Plane 

Figure 15: Drift in a) X-position (upper plot) b) Y-Position (lower plot) Over Time 
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The proposed filtering algorithm was tested and results compared to other commonly used 

filtering and data fusion techniques.  

The results of the above-mentioned tests are presented and discussed thoroughly in the next 

few subsections of this chapter. 

5.2  Results and Analysis 

5.2.1  Collision Avoidance Algorithm 

The following plot shows a comparison in the trend of path lengths of the different BUG 

algorithms in all four test environments shown in figure 12.  

As the figure shows, TangentBUG algorithm achieves better results by reaching the target or 

goal point with the shortest path length and declaring that the target is unreachable (i.e. 

terminating) before all BUG family algorithms. On the other hand, BUG 1 algorithm reaches 

the target with longer path in all of Environments A, B and C followed by BUG 2 algorithm 

then DistBUG algorithm; However, BUG 1 algorithm achieves a shorter path than BUG 2 

and DistBUG when tested in Environment C and this is due to the simple termination 

property.  

This can be seen further in figure 17. 

Figure 16: Path Length Comparison for BUG Algorithms 
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However, the above Environments are not sufficient to test and compare the proposed 

algorithm to the other BUG family algorithms. The proposed algorithm achieves the same 

path lengths as the DistBUG algorithm and this is due to its switching to motion-mode 3. 

To overcome this problem, the proposed system was compared to the DistBUG algorithm in 

a slightly modified version of Environment B as shown in figure 13 above. The following 

plot shows the results of the algorithms in the 2D version of Environment B and its 3D 

adaptation. 

 

As expected, the results showed that both algorithms preform identically in terms of path 

length when tested in a 2D environment and this is because the proposed system switches to 

wall or boundary following mode once the new heading calculated is zero. On the other hand, 

the proposed algorithm outperforms the DistBUG algorithm in the 3D environment and the 

reason can be explained with the illustrative figures below.  

Figure 17: Path Lengths of BUG Algorithms in Environments A, B, C and D (represented by sectors) 

Figure 18: Path Length Comparison of Proposed Algorithm and DistBUG in 2D and 3D Environment 
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Figure 19 a and b show the front view and top view of the obstacle and the path followed by 

the robot when using the proposed algorithm, while figures c and d show the front and top 

views of the obstacle and the path followed by the robot when using the DistBUG algorithm. 

Figure 19 e shows illustrates the motion seen in a and b.  

The algorithm allows the robot to use its sensor coverage and detect the direction with less 

obstacle density on both, the horizontal plane and the vertical plane, and by doing so, the 

robot generates a new way point and then reorients to target point and repeat the heading 

calculation again eliminating the need to having a predefined direction as in the DistBUG 

algorithm.  

 

  

  

a c 

b d 

e 

Figure 19: Illustration of Proposed Algorithm and DistBUG 
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5.2.2  Drift Suppression and Data Fusion 

In order to understand and study the drift problem explained above and illustrated in figure 

15, the following layout has been considered. The figure below shows the robot (Quadrotor 

Unmanned Aerial Vehicle) placed in a confined space surrounded by walls or obstacles.  

 

In such scenario, a drift to any direction may cause a collision and since the distances 

between the robot and obstacles are small, the first stage state estimator, marked by the red 

box in figure 9, will not be suffieicint enough. This can be observed in the following figure.  

 

 

 

 

 

 

 

 

 

The figure shows clearly that the first stage state estimator believes that that the robot is 

stationary while the actual position (Ground Truth Position) shows a drift in the xy-plane. 

Figure 20: Quadrotor in Hover-mode between obstacles 

Figure 21: Actual vs First Estimated Position 
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On the other hand, using the proposed system the position estimation can be improved 

noticeably. The figure above shows the final estimate of position for different number of 

sensor readings. It can be concluded that by taking several readings from the sensors, the 

output of the position will be improved by minimizing the random errors in the 

measurements.  

Figure 22: Final Estimated Position 
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6.  SUMMARY AND CONCLUSION 

6.1  Concluding Summary 

Finally to sum up and conclude, the main objective of this research thesis was to design and 

implement a collision avoidance layer that can be used on single and multi-agent systems of 

autonomous robots. The goal of this obstacle detection and collision avoidance layer is to 

achieve a balance between computational cost, path length and fast safe maneuvers; 

moreover, the system should allow the autonomous robots to navigate in an unknown 

environment using range sensors.  

There are, of course, several interesting algorithms for obstacle avoidance one can 

implement, however, relatively few of them fall under our filtering criteria and  conditions 

mentioned above and therefore a new algorithm was developed, inheriting the simplicity and 

main characteristics of BUG family algorithms but allowing navigation in 3D environments 

by using range sensors. The algorithm divides the typically two motion modes in BUG 

algorithms to three motion modes, adding an intermediate layer that helps the robot decide 

which direction to take based on the visible obstacle density.    

The second main goal of this research thesis was to develop an algorithm to correct the state 

estimate of the robot during the experimentation phase. Since Quadrotor Unmanned Aerial 

Vehicles are to be used for the future experimentation and verification, possible drift while in 

hover more had to be taken into consideration. IMU’s and external satellite positioning and 

navigation systems are not always enough to suppress the drift and therefore a proposed 

architecture where the range sensors, used for collision avoidance, would be fused with the 

other sensors data using a simple adaptive commentary filter was used.  

The proposed architecture allows the onboard controller to find a “first” state estimate by 

fusing the IMU’s data with other external aiding sources using the pre-implemented filters 
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and then a “final” state estimate is obtained by correcting this further with the proposed 

algorithm to obtain a more reliable result.  

Both of these proposed systems were compared to currently used systems for collision 

avoidance and data fusion to prove their validity. The tests and comparisons showed 

promising results concluding that the thesis has met its objectives and goals by proposing a 

complete system for collision avoidance, drift suppression and state estimate correction. 

6.2  Contributions and Significance 

The results obtained from the simulations show proof of validity and reliability of the 

proposed system. The thesis, therefore, makes a contribution to the current real-time collision 

avoidance algorithms that rely on range sensors by allowing navigation in an unknown three-

dimentional environment using simple sensors and BUG like algorithms.  

6.3  Future Work 

While this thesis has demonstrated that collision avoidance in an unknown environment using 

simple sensors is possible, there still remain many opportunities for extending the scope of 

this research. Some of these may include, testing the system on the Hummingbird Quadrotors 

using the Ground Truth System to obtain a closer to real-life experimental results and 

compare them to ones obtained from the simulations. Moreover, the scope could be extended, 

in the future, to observe the performance of swarms of robots in both, simulation platforms 

and experimentation. Such experimentation could be used to validate the use of the system in 

future exploration missions. 
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