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ABSTRACT 

Ph.D. Thesis 

DEVELOPMENT OF VISION-BASED MOBILE ROBOT CONTROL AND PATH 

PLANNING ALGORITHMS IN OBSTACLED ENVIRONMENTS  

İnönü University 

Graduate School of Science 

Computer Engineering Department 

128 + xxi  page 

2020 

Advisor: Asst. Prof. A. Fatih KOCAMAZ 

The use of mobile robots is becoming increasingly widespread in the leading 

sectors, especially in industrial areas, such as services, health, defense, and so on. 

Recent studies and research have focused on systems that enable the mobile robot to 

move autonomously. In mobile robot systems, it is crucial to draw up an appropriate 

(cost-effective and safe) path plan to be followed by the robot and to design an 

excellent controller to characterize the behavior modeling of the robot. Even though 

robotic control is made more robust with the developing technology, it should be taken 

into consideration that the costs of robot control increase. The development of low-

cost, high-reliability control systems is one of the topics covered in the field of robot 

control. These issues were taken into consideration when determining the scope of this 

thesis.  

Within the scope of this thesis, the path plan for a mobile robot was realized with 

the external device configuration and control methods that model mobile robot 

movements that were developed in this planned path. The environment for simulation 

and real-time applications was developed using LabVIEW software for mobile robot 

behavior modeling and out off-device configuration. The external eye configuration 

applied in the scope of the study is preferred since it does not require the use of internal 

sensors on the robot. The robot, targets, and obstacles detected in the configuration 

environment by image processing methods were used to create the environment map.  

In the generated environment map, a low-cost and safe path was built between the 

robot and the target without colliding with obstacles using path-planning algorithms. 

For this purpose, path planning methods are determined. Two path plan methods based 

on fuzzy logic were designed as Type-1 and Type-2.  Rulesets for these path planning 

methods were created. The proposed path planning methods were compared with the 

existing path planning algorithms in terms of performance and stability. These 

methods are A*, Random Branching Trees (RRT), RRT + Dijkstra, Bidirectional 

Random Branching Trees (B-RRT), B-RRT + Dijkstra, Probabilistic Road Map 

(PRM), Artificial Potential Area (APF) and Genetic Algorithm ( GA) planning 

algorithms. In an external eye-type configuration, image-based control approaches, 

also known as visual servoing, are used. These approaches were used to generate input 

to the control method according to the global position of the objects on the image 

obtained from the working environment. To calculate this control input, a distance-

based triangular design has been created. With this structure, the robot is controlled 
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according to the distance value of each side of a triangular structure formed between 

the labels (control points) placed on the robot and the target. Two new methods based 

on Type-1 and Type-2 fuzzy logic were designed as a control method. Control rule 

sets were formed and applied to the obtained path plan.  

To evaluate the performances of the proposed controller, a comparison was made 

with Gaussian and Decision Tree-based controller method specially designed for 

visual-based servoing in previous studies. Developed path planning and controller 

algorithms were tested in five different configuration spaces.  

In terms of path planning, it is observed that the proposed path planning methods 

are the best in an average performance in all configuration spaces. Path plan 

performance was also evaluated by statistical performance metrics in the form of 

standard deviation, mean, and total error, in particular, the length and execution time 

of the obtained path plan.  

Tests were conducted in a real environment for the controller, which characterizes 

the robot movements to follow the resulting path plan. The controllers designed 

according to the test results have been more successful in most of the configuration 

environments than other methods. For the final evaluation, the results between the 

simulation and the path created by the robot in the real environment were examined, 

and it was found that the designed methods were remarkably close to the path plans.  

In this thesis, the mobile robot’s go-to goal behavior, obstacle avoidance behavior, 

and the resulting path plan tracking behavior were successfully modeled in an 

environment monitored by external eye camera configuration based on a visual servo. 

According to the results of the study, designed path planning methods, and developed 

controllers provided significant results that could inspire future studies in this field. 

 

KEYWORDS: Visual based control, Overhead camera, Mobile Robot Path Planning, 

Mobile Robot Path Tracking, Type-1/ Type-2 Fuzzy logic control, Interval type-2 

Fuzzy inference System (IT2FIS), Distance-Based Triangle Structure (DBTS) 
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ÖZET 

Doktora Tezi 

ENGELLİ ORTAMLARDA GÖRÜNTÜ TABANLI MOBİL ROBOT KONTROLÜ 

VE YOL PLANLAMA ALGORİTMALARININ GELİŞTİRİLMESİ  

İnönü Üniversitesi 

Fen Bilimleri Enstitüsü 

Bilgisayar Mühendisliği 

Yazılım Anabilim Dalı 

128 +xxi sayfa 

2020 

Danışman: Dr. Öğr. Üyesi A. Fatih KOCAMAZ 

Mobil robotların kullanımı, başta endüstriyel alanlarda olmak üzere hizmet, sağlık, 

savunma vb. önde gelen sektörlerde gittikçe daha da yaygınlaşmaktadır. Son 

zamanlarda yapılan araştırmalarda ise mobil robotun otonom şekilde hareket 

edebilmesini sağlayan sistemler üzerine odaklanılmıştır. Mobil robot sistemlerinde, 

robotun izleyeceği uygun (maliyeti düşük ve güvenli) bir yol planı çıkarmak ve 

robotun davranış modellemesini karakterize edecek iyi bir kontrolör tasarlamak 

önemli hususlardandır. Gelişen teknoloji ile birlikte robotik kontrol daha da sağlam bir 

şekilde yapılsa da, robot kontrol maliyetlerinin arttığı da göz önünde 

bulundurulmalıdır. Düşük maliyetli, yüksek güvenilirlikli kontrol sistemlerinin 

geliştirilmesi robot kontrolü alanında ele alınan konulardandir. Tezin kapsamı 

belirlenirken bu konular dikkate alınmıştır. 

Bu tez çalışması kapsamında cihaz dışı göz konfigürasyonu ile bir mobil robot yol 

planı gerçekleştirilmiş ve planlanan bu yolda mobil robot hareketlerini modelleyen 

kontrol yöntemleri geliştirilmiştir. Mobil robot hareket modellemesi ve cihaz dışı göz 

konfigürasyonu için LabVIEW yazılımı kullanılarak simülasyon ve gerçek zamanlı 

uygulamalar geliştirilmiştir. 

Çalışma kapsamında uygulanan cihaz dışı göz konfigürasyonu robot üzerinde 

dâhili sensörlerin kullanımını gerektirmediği için tercih edilmiştir. Konfigürasyon 

ortamında görüntü işleme yöntemleri ile tespit edilen robot, hedef ve engeller ortam 

haritasını oluşturulurken kullanılmıştır. Oluşturulan ortam haritasında yol planlama 

algoritmaları kullanılarak robot ve hedef arasında çarpışmasız, düşük maliyetli ve 

güvenli bir yol oluşturulmuştur. Bu amaçla bulanık mantık tabanlı iki yol planlama 

yöntemi (Tip-1 ve Tip-2) tasarlanmıştır. Bu yol planlama yöntemlerine ait kural setleri 

oluşturulmuştur. Oluşturulan bu yol planlama yöntemleri literatürde var olan A*, 

Rastgele Dallanan Ağaçlar (RRT), RRT + Dijkstra, Çift Yönlü Rastgele Dallanan 

Ağaçlar (B-RRT), B-RRT + Dijkstra, Olasılıksal Yol Haritası (PRM), Yapay 

Potansiyel Alan (APF) ve Genetik Algoritmalar (GA) kullanılarak oluşturulan yol 

planlama yöntemleri ile performans ve kararlılık açısından karşılaştırılmıştır.  

Cihaz dışı göz tipi bir konfigürasyonda ise görsel servolama olarak ta bilinen 

imgeye dayalı kontrol yaklaşımları kullanılır. Bu yaklaşımlar çalışma ortamından elde 
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edilen imge üzerindeki nesnelerin global konumları, kontrolör yöntemine girdi 

üretmek için kullanılmıştır. Tez kapsamında bu kontrol girdisini hesaplamak için 

mesafeye dayalı üçgen yapı tasarımı oluşturulmuştur. Bu yapı ile robot üzerine 

yerleştirilen etiketler (kontrol noktaları) ve hedef arasında oluşturulan bir sanal üçgen 

yapının her bir kenarına ait mesafe değerine bağli olarak robot kontrol denetleyicisine 

konum girdi parametreleri sağlanmıştır. Kontrol yöntemi olarak Tip-1 ve Tip-2 

bulanık mantık tabanlı iki yöntem tasarlanmış, kontrol kural setleri oluşturulmuş ve 

elde edilen yol planı üzerinde uygulanmıştır. Kontrolör performanslarını 

değerlendirmek için ise daha önceki çalışmalarda görsel tabanlı servolama için özel 

olarak tasarlanan Gaussian ve Karar Ağacı tabanlı iki kontrolör yöntemi ile 

karşılaştırılmıştır. 

Geliştirilen yol planlama ve kontrolör algoritmalari beş farklı konfigürasyon 

uzayında test edilmiştir. Yol planlama açısından önerilen yol planlama yöntemlerinin 

tüm konfigürasyon uzaylarında ortalama başarımda en iyi oldukları gözlemlenmiştir. 

Yol planı performansı, elde edilen yol planının uzunluğu ve oluşturma süresi başta 

olmak üzere standart sapma, ortalama ve toplam hata şeklinde istatistiksel performans 

metrikleri ile de değerlendirilmiştir. Elde edilen yol planını izlemek üzere robot 

hareketlerini karakterize eden kontrolör için testler gerçek ortamda yürütülmüştür. 

Test sonuçlarına göre tasarlanan kontrolörler konfigürasyon ortamlarının çoğunda 

diğer yöntemlerden daha başarılı olmuştur. Nihai değerlendirme için ise yol planından 

elde edilen sonuçlar ile robotun gerçek ortamda oluşturduğu yol izi arasındaki farklar 

incelenmiş ve tasarlanan yöntemlerin yol planlarına oldukça yakın sonuçlar verdiği 

tespit edilmiştir. 

Bu tez çalışması ile görsel servolamaya dayalı cihaz dışı göz kamera 

konfigürasyonu ile izlenen bir ortamda mobil robota ait hedefe gitme davranışı, 

engelden kaçınma davranışı ve elde edilen yol planını izleme davranışı başarılı bir 

şekilde modellenmiştir. Çalışmanin sonuçlarına göre, tasarlanan yol planlama 

yöntemleri ve gelistirilen kontrolörler bu alanda yapılacak gelecek çalışmalar için de 

ilham olabilecek kayda değer sonuçlar sağlamıştır.      

 

ANAHTAR KELİMELER: Görsel tabanlı kontrol, tepe kamerası, Mobil Yol 

planlama, Mobil Yol Takip, Tip-1/Tip-2 Bulanik Mantik Control, Aralık tipi-2 

Bulanık çıkarım sistemi (IT2FIS), Mesafeye Dayalı Üçgen Yapı (DBTS) 
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 INTRODUCTION 

The popularity of autonomous mobile robots has been rapidly increasing due to 

the needs that arise with the developing technology and improved application areas. 

The autonomous agents are capable of navigating intelligently anywhere using sensor-

actuator control techniques. Mobile robots carry out tasks in various areas; industries, 

space research, room cleaning, tourist guidance, and entertainment applications 

without any human intervention [1]. In autonomous system applications, there are 

common problems that need to be solved, such as navigation, performing a given task, 

etc. There are several types of research in the literature on this subject. Their 

underlying philosophy is to design and develop intelligent algorithms or techniques 

that can control the motion behaviors of mobile agents by enabling them to avoid 

obstacles in static or dynamic environments. In this scope, it is necessary to know two 

fundamental parameters. These are sensors that enable the robot to communicate with 

the outside world and control algorithms that model the motion characteristics. 

On the other hand, the development of a satisfactory control algorithm for 

autonomous mobile robots to perform the navigation task with an appropriate strategy 

is still a matter of extensive research. Problems such as the cost of hardware like 

sophisticated processing units, sensors (such as encoders, gyroscope, and 

accelerometer) used in robot design, and the complexity of the control kinematics 

should be overcome. Such problems may cause errors in the control process or may 

increase the cost of mobile robot applications. There are two types of errors in robotic 

systems: nonsystematic and systematic errors. These errors may cause negative 

consequences like a collision with obstacles, wrong positioning, etc. Therefore, error 

minimization is a critical issue in the control process, especially for mobile robots. In 

robotic systems, developing low-cost systems is also a requirement besides 

minimizing systematic and unsystematic errors. Based on a behavioral architecture and 

inspired by creative solution disciplines, it is aimed to develop new control 

architectures/frameworks in this thesis study. 

1.1.  Aims and Objectives  

The vision-based mobile robot path planning and motion control in the indoor 

application is the focus of this study. The study includes path planning, avoiding 

obstacles, following the path, go-to-goal control, localization, and visual-based motion 
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control using the developed control architecture with soft computing and artificial 

intelligence methods. The proposed vision-based motion control strategy involves 

three stages. The first stage consists of the overhead camera calibration and the 

configuration of the working environment. The second stage consists of a path 

planning strategy using several traditional path planning algorithms (A*, RRT, PRT, 

GA, Type 1 Fuzzy, APF…) and proposed planning algorithm (IT2FIS). The third stage 

consists of the path tracking process using previously developed Gauss and Decision 

Tree control approaches and proposed Type-1 and Type-2 (IT2FIS) controllers. Two 

kinematic structures are utilized to acquire the input values of controllers. These are 

Triangle Shape-Based Controller Design (TSBCD), which was previously developed 

in [2-4] and Distance-Based Triangle Structure (DBTS) that is used for the first time 

in conducted experiments. Four different control algorithms, fuzzy logic Type-1 

(T1F), Fuzzy Logic Type-2 (T2F/IT2FIS), Decision Tree Control (DC), and Gaussian 

Control (GC) have been used in overall system design. The developed system includes 

several modules that simplify characterizing the motion control of the robot and ensure 

that it maintains a safe distance without colliding with any obstacles on the way to the 

target. 

The overall aims of this research are to design and develop an efficient motion 

control strategy for indoor mobile robot path and tracking systems. Minimizing the 

complexity of conventional robot control kinematics and reducing systematic and 

unsystematic errors are additional objectives of this study. Different planning and 

control algorithms were used in the proposed system. Their performances were 

compared and evaluated. The controllers having the best results have been used in the 

path tracking phase and compared Gauss and Decision Tree-based controllers. 

1.2.  Novelty and Contribution of the Research Work  

This thesis study contributes to the literature in several aspects. These contributions 

are emphasized as follows: 

● Two fuzzy-based path planning algorithms that are Type-1 and Type-2 

(IT2FIS) are developed, and their rule tables are explicitly created for a 

visual-based control system. 

● Type-1 and Type-2 fuzzy logic-based controllers are developed and 

compared with previously developed Gaussian and Decision Tree controllers. 
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● Color tracking and template matching approaches have been used to improve 

the efficiency of real-time tracking. Previous studies generally used only 

color tracking. Template matching was used for the first time in such an 

architecture to prevent loss of frame due to the similarity of background color 

and robot labels. 

● By increasing the monitoring performance, the number of frames processed is 

increased to 30 frames. Frame loss actualizes about 1-2 in 30. It is 2-3 in the 

previous study in 14-15 frames. 

● Distance-Based Triangle Structure (DBTS) is used to compute controller 

inputs for the first time. Angle Based Triangle Structure (ABTS) is used in 

previous studies. Angle calculation requires a more complex mathematical 

process compare to distance calculation. Therefore, the distance-based 

kinematic approach is designed and utilized.  

● MATLAB programming environment is utilized in previous studies. 

However, because of its high performance compared to MATLAB, 

LabVIEW Programming environment is fully utilized for this study. 

● Experimental results are evaluated with statistical performance metrics 

(standard deviation, average, total error, and Z-Score) for the visual-based 

control.   

● Color thresholding and Template Matching are used for object detection and 

tracking.  

● A new adaptive threshold computation is designed to track the acquired path 

plan. It used the distance between wheels as a base input. These base distance 

and front label distance are used to characterize the path tracking process. 

● A simulator and real-world experiment environment are designed to perform 

visual-based control with eye-out-device configuration space in the 

LabVIEW programming framework. 

 A feature-based navigation technique that uses the Soft Computing (SC) 

algorithms and Artificial intelligence techniques are integrated into a reactive 

behavior architecture to improve navigation performance.      
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1.3.  Outline of the Thesis  

The rest of this dissertation is organized as follows. Chapter 1 provides an 

overview of the work and sets out the aim and objectives of the study. Chapter 2 

includes a review of the relevant literature, and of the background work that forms the 

foundations of this thesis. Chapter 3 provides problems and potential solutions related 

to the development of a vision-based path planning and path tracking architecture. All 

details about the material and method such as Image processing, Visual Based Control 

(VBC) system, Path planning, Path tracking, and Kinematic analysis processes are 

presented in Chapter 4. Chapter 5 focuses on the implementation and evaluation of the 

proposed system, and analysis of the test results is also presented. Finally, the 

Conclusion and recommendations for future work are summarized in Chapter 6. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



5 

 

2. LITERATURE REVIEW  

In this chapter, we have addressed the literature of the various methods used in a 

dissertation related to vision-based control. It includes information from the literature 

survey about the mobile robot's current situation, backgrounds, current trends, control 

architectures, navigation, Visual Based Control (VBC) Studies, Global path planning, 

Sensor theory, Obstacle avoidance, and Soft computing methods. Besides the studies 

related to vision-based mobile robot systems, it is also evaluated the proposed 

methodologies. Especially with the technological innovations in the field of 

telecommunications, software, and electronic devices, the developments in the field of 

robotics have shown significant progress in the last decade. Intelligent sensors and 

actuators are key components that facilitate the development of planning and decision-

making units that significantly increase the capabilities of mobile robots. In the future, 

some issues need to be studied to find an appropriate balance between human-assisted 

systems and fully autonomous systems and to integrate technological capabilities with 

social expectations and requirements. Mobile robot applications in an unstructured and 

unpredictable environment face two primary issues: control architecture and 

navigation. These problems are detailed in the following sections.  

2.1.  Mobile Robot Control Architecture 

The mobile robot control architecture consists of three consecutive processes. 

Firstly, it collects information surrounding the robot using sensors. Secondly, it plans 

the behavior of the robot by producing meaningful commands from this information. 

Thirdly, actions are taken by using the behavior commands it produces [5,6]. The 

control architecture creates the steps necessary to achieve the successful autonomous 

navigation of a mobile robot [7,8]. A control architecture consists of traditional 

artificial intelligence (AI) modules where all sensor readings are combined and where 

a central planner plans an action and directs the robot accordingly. Figure 2.1, Figure 

2.2, and Figure 2.3 shows this architecture [8].  

 

Figure 2.1. Traditional sense-plan act architecture 



6 

 

The control system uses all sensory processing, modeling, and planning modules 

together to perform the task or complete the functionality of the behavior [9]. The 

behavior of a robot, taking a hierarchical approach, perceives its environment in a 

continuous cycle of planning direction. Then the robot plans its next action based on 

these feelings, and then take appropriate measures using existing actuators. Thus, at 

each stage, the robot plans its next action based on the information it has collected so 

far about the environment. In the realization of complex operations, such functional 

decomposition can work successfully in a structural environment [10]. Mobile robot 

control architecture components can be classified into three categories: deliberative, 

reactive, and hybrid architectures. 

2.1.1. Deliberative Architecture 

The deliberative or top-down architecture repeats sense, plan, and action steps to 

plans an optimal trajectory depending on a global world model that is built from sensor 

data. The deliberative architecture does not rely on the types of complex reasoning 

processes utilized. Five serial modules, perception, modeling, planning, execution, and 

action, are principally decomposed into the robot’s tasks [9, 10]. These modules do 

not guarantee the modeling of the robot map and planning a safe path in complex 

environments. If any of the processes do not work properly in this sequential order, 

then the entire system may fail. Figure 2.2 illustrates this architecture. 

 

Figure 2.2. Deliberative architecture 

2.1.2. Reactive/Behavior Architecture 

Reactive architecture forms the building blocks of more complex behaviors. The 

information is processed in parallel and not in sequential order. Each parallel data 

processing module performs a specific task, such as avoiding obstacles or going to the 

target. The best-known assumption architecture for behavior-based control was 

introduced by Rodney Brooks [10]. The control system disaggregates a plurality of 

parallel tasks or behaviors that can directly access sensor data and actuators, as shown 

in Figure 2.3. 
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Figure 2.3. Reactive/behavior architecture 

 It is an architectural structure in which the central planner does not need to have 

comprehensive knowledge. Reactive architecture is divided into two basic classes: 

subsumption architecture and motor schema [8]. The subsumption architecture was 

first developed by Brooks [10], and the motor schema was developed by Arkin [11]. 

Figure 2.4 shows the general graphical representation of a Reactive/behavior 

architectural structure. 

 

                          a)                                                              b) 

Figure 2.4. a) Brooks’ Subsumption Architecture b) Motor Schema 

The advantages of this architectural structure are that they can react quickly in 

dynamic environments, do not need environmental modeling, and are more robust 

structures because of the different units of behavior. 

2.1.3. Hybrid Architecture 

Hybrid control systems are a combination of features from other architectures to 

create a robust modular control system. Therefore, the selection and integration of 

architectural features should evaluate each system feature according to the 

requirements. Hybrid architectures consist of both behavior-based/reactive control and 

deliberative control architectures [12]. While deliberative is effective in environment 

modeling and planning, behavior-based control is effective in partial execution of 
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plans and in the rapid response to any unforeseen situation that may arise. Combining 

the advantages of both deliberative and reactive systems together, it is considered to 

offering more useful and robust solutions [6,13]. The hybrid architecture has been 

illustrated in Figure 2.5. 

 

Figure 2.5. Hybrid Architecture 

The position of the mobile robot is calculated according to a reference starting 

position based on the wheel speed measured by the encoders. This process is also 

known as the localization process in mobile systems. This technique is feasible and 

straightforward in real-time applications. However, situations such as wheel slippage, 

robot leveling, or physical intervention may cause error accumulation. For minimizing 

this error, many studies have been carried out [14]. Solutions and suggestions have 

also been presented using additional sensors such as accelerometer, gyroscope, and 

compass [15,16]. The position of the robot has been estimated according to the known 

starting point in previous studies. This approach is not suitable for indoor applications. 

However, these solutions increase hardware costs and cannot define the absolute 

position of the mobile robot. Recently, there have been studies in the literature that 

predict the current position of a vision-based mobile robot and perform the localization 

process with lower cost and higher accuracy [21-23].  

2.2.  Mobile Robot Navigation  

Navigation is one of the most critical and challenging issues of mobile robot 

control applications. It includes the determination of an applicable and safe trajectory 

and all control scenarios that enable the mobile robot to reach the desired target in the 

predefined trajectory. In an unknown environment, to form the navigation, it is 

necessary to determine the starting and target positions of the robot and to provide 

unobstructed path information between start and goal positions. Thus, a mobile robot 
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that can travel independently in a variety of static and dynamic environments can be 

navigated intelligently anywhere using sensor-actuator control techniques. The 

navigation problem has been built on the answer to three basic questions. Where am 

I? Where am I going? 

Moreover, how do I get there? The philosophy of all studies in this field is to 

answer these three basic questions [18]. Various researches have been conducted on 

mobile robot navigation and avoidance of obstacles [19-22] .   In the next section, 

detailed information about the studies and applications in the literature related to 

vision-based navigation concentrating in this thesis has been given.  

2.3.  Visual Based Control  

Vision-based robot control (also called visual servoing) is one of the powerful and 

popular research topics in indoor mobile robot navigation that has been studied for 

decades. It is still an open research area widely used by researchers. In an unknown 

and unstructured environment, a mobile robot operation needs to cope with dynamic 

changes in the robot motion environment to navigate successfully to the desired goal 

while avoiding static or dynamic obstacles [23]. Visual-based control methods aim to 

manage a dynamic system by using visual features provided by one or multiple 

cameras [24,25] with which to acquire both dynamic and static environment 

information in feedback loops. There are traditional onboard vehicle detection sensors 

such as sonar, position sensing device (PSD), laser rangefinder, radar. Besides them, 

the visual-based mobile robot navigation continues to attract the attention of the mobile 

robot research community because of its ability to acquire detailed dynamic 

information about the environment [26,27]. This is an essential method for navigation-

based tasks. Visual-servoing operates efficiently in unknown and dynamic 

environments compared with model-based mobile robot navigation. It is useful for 

accomplishing the various tasks due to the spacious information acquired from the 

camera. This information utilized in open-loop and closed-loop control methodologies 

[28-30]. In this study, the closed-loop vision control algorithm has been used. It is an 

algorithm where vision detection and control are performed simultaneously, and the 

control inputs are continuously adjusted. VBC has not been well addressed despite 

their growing importance in mobile robotics. Optimal path planning, under the view 

of the camera, can be handled using image-based visual servoing (IBVS) and position-

based visual servoing (PBVS) methods [31]. Motion planning methodology is the 



10 

 

main difference approach between these methods. The control objective and the 

control law are directly expressed in the image feature parameter space in IBVS [31]. 

In PBVS, a 3D camera calibration is required to map the 2D data of the image features 

to the Cartesian space data. The limitation of both methods combined with developed 

a 21/2 D visual servoing technique which is between the classical position-based and 

image-based approaches [32,33]. Vision-based navigation can be examined in three 

main classes, namely: Map-Based, Map-Building-Based, Mapless approaches [34]. 

Map-based navigation (MBN) techniques require specific knowledge of the 

environment, and maps can contain varying degrees of detail between the 

environment's CAD model and the elements in the environment [35]. In the map 

building based navigation (MBBN) system first, a mobile robot constructs the 

environment in a 2D or 3D model using its on-board sensors, then the robot tracks 

extracted features and computes the optimum path [36,37]. A mapless navigation 

system contains all of the navigation that takes place without the knowledge of the 

environment. Robot navigation is acquired by observing and extracting relevant 

information about surrounding objects or obstacles [38].   

2.4.  Mobile Robot Path Planning  

Path planning is one of the fundamental topics in the robot control process. It aims 

to find a safe and short trajectory from the start point to the goal point with obstacle 

avoidance capability. In path planning, the main problem is to generate a path that 

allows a robot to move from a starting point to the goal point without colliding any 

obstacles in configuration space. During the last two decades, a great deal of research 

focuses on the path planning problem [39-42]. To perform a task with the mobile robot 

finding a feasible solution in critical applications in real-life, one needs to solve path 

planning and path tracking problems efficiently [43,44]. The path tracking problem 

can be described as the process of guiding and controlling the robot to track the 

trajectory or to keep up the robot on the generated path. The environment type (static 

or dynamic) and path-planning algorithm are two important factors in solving the path 

planning problem. The path planning algorithm can be classified into two categories: 

global (off-line) or local (on-line) algorithms [45,46]. Global path planning methods 

required the environment model (robot map) to be static and completely known. The 

path-planning problem is categorized into classical and heuristic approaches. There 

are many algorithms designed for global path planning such as A* [47] which is an 
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extension of the Dijkstra algorithm [48,49], Genetic algorithm (GA) [50-52], 

Probabilistic Road Map (PRM) [53], Rapidly Exploring Random Tree (RRT) [54], 

Bidirectional-RRT (BRRT) [55,56], Artificial Potential Fields (APF) [57,58], Fuzzy 

type 1 and Fuzzy Type 2 path planning algorithm [42,59]. Many studies have used 

these soft computing and heuristic techniques to generate an effective solution even in 

complex environments.  

Traditionally, different sensing techniques enable the robot to detect obstacles such 

as infrared detectors, laser scanner, ultrasonic sensors [60-62]. These sensors may 

cause systematic and non-systematic errors. Systematic errors generally stem from the 

encoder, sensor, and physical structure of robot parts. However, unsystematic errors 

generally stem from outside factors such as sliding, hitting, falling. On the other hand, 

vision sensors provide low-cost motion control and effective in decreasing errors, as 

mentioned. They are also useful robotic sensors that allow for non-contact 

measurement of the environment. The vision system provides information about 

obstacles simultaneously the position and orientation of a mobile robot in the initial 

and goal position. The proposed control methods aim to control a dynamic system by 

utilizing visual features extracted from overhead camera images. The main advantage 

of the visual servoing [63,64] is that it requires fewer sensor data, suitable to control 

multiple robots, internal and external sensors on robots generally are not needed, in 

terms of scalability; it provides more operating area by increasing imagining devices 

and so on. The hierarchical classification of the path planning methods is shown in 

Figure 2.6. 

 

Figure 2.6. Path Planning Categories  

 

 



12 

 

2.5.  Sensor Theory and Obstacle Avoidance  

Sensor technology has e considerably in the last decade. This technology is an 

essential part of the autonomous mobile robot. The mobile robot system gathers 

information about its environment using different sensors taking measurements and 

translate the measured information to meaningful data to the control system in which 

it activates and navigates. A wide range of low-cost sensor systems is available with 

their unique capabilities and designations that can easily be deployed on robots. A 

general classification of sensors can be basically into Internal status sensors 

(proprioceptive) and External status sensors (exteroceptive) sensors groups. Internal 

status sensors, measure internal values like battery voltages, wheel speed. External 

status sensors, acquire information from the environment, like a distance from an 

obstacle, or global position. The sensors collecting information from the real world 

environment can be classified into active energy emitting, and passive energy 

receiving sensors, according to their functions based on their interaction with the 

environment [65]. Depending on the type of measurement sensors can be categorized 

into Distance sensors (infrared (IR) sensors, Ultrasonic Sensors, Laser Sensors) 

[66,67] Positioning sensors (Global Positioning System (GPS)) [68-69], Ambient 

sensors (Pyroelectric sensors) [70], and Inertial sensors (accelerometers or 

gyroscopes) [71].  

Vision sensors are one of the considered passive sensors using to model a dynamic 

or static system providing the most comprehensive information by employing visual 

features obtained from images provided by the camera. There is an architecture of a 

visual servoing sensor system broadly implemented in robotic research. This 

architecture has several significant advantages. First, unlike conventional controllers, 

the purpose of vision-based control (VBC) is to minimize errors and reduce both 

software and hardware costs to an acceptable level. In this architecture, there is no 

need to use onboard sensors. In recent research, image-based visual controllers have 

been widely used to control autonomous (or self-driving) vehicles [27,72]. At the same 

time, real-time robotic systems, multi-tasking robotics, and unmanned aerial vehicles 

have been developed with the image sensor equipment.  A general control model is a 

control architectural structure that is desirable to have low complexity, low processing 

time, and high accuracy. The vision-based sensor architecture has a suitable 
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infrastructure for this. All sensor data is used to plan a more reliable path for robots, 

avoid obstacles, and ensure that a given task is performed with fewer errors.  

Obstacle avoidance system is a critical module of autonomous navigation, 

providing essential information, and protecting mobile robots from collisions while 

operating in unknown or unstructured static or dynamic environments. Many obstacle 

avoidance algorithms use active range sensors that furnish direct 3D measurements, 

such as laser range finders and sonar systems [73,74]. The general onboard sensors 

have several drawbacks, such as poor angular resolution (ultrasonic sensor), and high 

costs (laser sensor). An alternative solution for obstacle avoidance is visual sensors 

which often provide better resolution range data for obstacle detection and become 

increasingly popular in robotics [75-80]. Such visual-based systems are dependent on 

qualitative information techniques also focused on this thesis. The primary image 

processing techniques like detecting pixel changes are utilized in image frames to 

detect the static or dynamic obstacles in real-time. The main advantages of this method 

are ease of application, efficient, and low cost for real-time applications. The type of 

obstacles can be classified into two, namely: static and dynamic. 

 Mobile robot navigation among static obstacles is simple because static obstacle 

avoidance deals with certain obstacles that never change their shape and position in 

the environment. The global path planning (off-line) performs in the environments to 

be static and need complete knowledge about the obstacles. Several algorithms have 

been proposed to avoid static obstacles [81,82].  

A dynamic obstacle is any moving object that changes its position over time during 

robot navigation. Control algorithms developed to avoid such obstacles are much more 

complicated. Different types of static and dynamic obstacles can be placed within the 

environments for the robot to move without any collision.  The overall procedure of 

obstacle avoidance is shown in Figure 2.7. 
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Figure 2.7. Obstacle avoidance procedure  

2.6.  Soft Computing Methods in path planning    

Over the past two decades, the soft computing field has rapidly matured in highly 

multidisciplinary applications in various domains. According to Professor Lofti Zadeh, 

soft computing is “an emerging approach to computing, which parallels the remarkable 

ability of the human mind to reason and learn in an environment of uncertainty and 

imprecision” [83]. Another definition of soft computing has provided by Professor 

Zadeh states, “The guiding principle of soft computing is to exploit the tolerance for 

imprecision and uncertainty to achieve tractability, robustness, and low solution cost” 

[84,85]. Soft Computing (SC) consists of several combinations of computing 

paradigms, including fuzzy logic, neural networks, and genetic algorithms, which can 

be used to create robust hybrid intelligent systems [86]. These hybrid architectures 

include many fields that fall under various categories in Artificial Intelligence. Soft 

computing techniques provide alternative and more straightforward solutions to 

mobile robot navigation and obstacle avoidance problem in various environments. The 

extending of T1F, which is called T2F in this study, can be built a powerful hybrid 

intelligence system that combining with traditional SC techniques, help solve complex 

control problems [86]. T1F clusters used in conventional fuzzy systems cannot 

adequately cope with the current uncertainties in intelligent systems. In the evaluation 

of intelligent systems used in real-world applications based on the soft computation of 

the computer system in dealing with uncertainties, T2F clusters have been observed to 

be an essential method with more parameters to manage these uncertainties better. In 

these studies, the design of intelligent systems using an interval type-2 fuzzy logic 

system (IT2FIS) for the non-linear control system in which the antecedent or 

consequent membership functions (MFs) are T2F sets is handled. 
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Fuzzy logic controllers have compelling advantages such as low cost, ease of 

control, and designable without knowing the exact mathematical model of the process. 

They are extensively used in many engineering applications such as mobile robotics, 

image processing has been introduced by [84,87]. That is because of simple designable 

and decreasing the mathematical model complexities. Fuzzy logic can be used in the 

decentralized form and preferable to the mobile robot than centralized control. In 

mobile robot applications and path planning, many uncertainties play a vital role in 

this field may be encountered. To control the position and orientation of the mobile 

robot, many researchers have utilized a fuzzy logic technique. An intelligent fuzzy 

logic controller to solve the navigation problem of a non-holonomic mobile robot in 

an unstructured and changing environment have various uncertainties such as input, 

control, and linguistics [88-89]. Uncertainties associated with changing unstructured 

environments can cause a problem in the determination of MFs. The developed IT2FIS 

is suitable to deal with real-world applications on the control of a mobile robot [90-

93]. This ability is supported by the fact that the third T2F sets dimension and its 

footprint of uncertainty (FOU) is sufficient as a comparison with T1F sets in modeling 

on uncertainty. To cope with uncertainties recently, advances made on T2F have been 

used to develop an intelligent vision system based on IT2FIS for global path planning 

and path tracking [94]. The lack of fuzzy systems in adapting to changing situations is 

complemented by combine fuzzy logic with neural networks or genetic algorithms 

[86]. A hybrid soft calculation method is also the control architecture created in 

conjunction with the genetic algorithm (GA). There are many studies in the literature 

about autonomous vehicles using GA based path planning problem in the complex 

environment [95,96]. GA-Fuzzy algorithms also have been designed to tuning the best 

membership function parameters from the fuzzy inference system to optimize the 

navigation of a mobile robot [97]. In the literature review given above, it was seen that 

many researchers showed only computer simulation results on mobile robot navigation 

and avoidance of obstacles based on nature-inspired algorithms. In this thesis, these 

algorithms have been implemented in real-time and real robot applications that can 

effectively solve the mobile robot’s navigation and obstacle avoidance problems in 

static and dynamic environments.  
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3. PRELIMINARY DEFINITION   

 Path planning, localization, and motion control are a common problem in mobile 

robot control. If the working environment is unstructured and unknown, the navigation 

problem becomes more difficult. In indoor applications such as households or offices, 

the system needs the sensor data to overcome the navigation problem, which is 

represented in the environment. For accomplishing the navigation task using an 

appropriate strategy, the data is interpreted by the robot's control system. However, 

research is still underway on the development of a satisfactory control algorithm of 

conventional built-in hardware sensors and the fact that autonomous vehicles can 

achieve the desired navigation. All this may be due to several reasons why these 

sensors may cause systematic and nonsystematic errors and fail to achieve the correct 

result. The traditional mobile control kinematics and complex mathematical 

calculations also contain significant functions in this regard. Vision systems have 

recently been an attraction issue to provide the necessary information about the robot 

and its environment. This concept is also useful in the design of mobile robots. With 

vision sensors, progress will be made based on increasing robustness and low cost. 

Within the framework of these ideas, it is tried to create solutions by developing new 

vision-based control approaches by creating platforms suitable for mobile robot 

navigation and methodologies for indoor applications. Figure 3.1 shows the platform 

created. 

 

Figure 3.1. Overall system configuration block diagram  

This configuration is a designation of the kinematic control structure of vision-

based mobile robot navigation in an indoor environment. Using artificial intelligence 

techniques, it addresses different vision-based aspects for navigation based on obstacle 
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avoidance, localization, and control architecture. The existence of uncertainty in a 

dynamic and complicated environment makes it challenging to find an optimal path is 

reasonable. To solve such problems, it is proposed to the combination of the visual 

system (VS) based on the proposed kinematic control structure for a wheeled mobile 

robot motion control. The proposed visual control process with a fixed overhead 

camera minimizes the errors because the robot position is continually tracked and 

updated according to acquired information from the sequentially captured images. The 

robot localization has been measured at each location from these sequential images 

using template matching and feature extraction methods.  

Unlike the traditional global path planning and path tracking algorithms, the 

proposed algorithms are focused on the implementation of practical real-time model-

free algorithms based on the visual servoing system to solve the path planning problem 

in three stages. First, the proposed algorithm based on visual information extracted 

from an overhead camera, and the classification process of the position and orientation 

of the robot, target, and obstacles are handled. Secondly, the initial parameters of the 

path planning algorithms are determined, and the path coordinates are obtained using 

these parameters. In this stage, several path planning algorithms have been considered. 

The third stage handled the path tracking process using the proposed structure to keep 

up the robot on the generated path. In this work, the mobile robot only performs 

commands to adjust the speed of the wheels. Because all control processes are applied 

to an external computer system. The proposed approach is aimed to develop an 

efficient internal sensor-independent visual-based control method. As a result, it is 

believed that the developed methods will attract attention in terms of cost, energy 

efficiency, and robustness. 
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4. MATERIAL AND METHODS   

In this thesis, a mobile robot path planning and path tracking study was carried out. 

A *, RTT, RRT + Dijkstra, B-RRT, B-RRT + Dijkstra, PRM, APF, GA, Fuzzy Logic 

Type-1, and Fuzzy Logic Type-2 algorithms were implemented, and their 

performances were compared. The utilized performance measurement parameters used 

here are path length and execution time of the algorithm. The algorithm with the best 

performance obtained in the scope of these parameters was used in the second stage, 

which is the path tracking stage. 

Two Fuzzy-based controllers have been developed for the tracking process. The 

rule sets of the controllers developed are based on the inputs obtained from the 

distance-based triangular scheme. These control algorithms have been executed on the 

architectural structure that was proposed in the previous studies [98,99]  and which we 

proposed as a new control approach to the literature. Many experimental studies have 

been carried out using the internal angles and edge distances of this architectural 

structure. 

In this thesis, edge lengths/distances calculated between target/path coordinate and 

robot control points (robot labels), and these values are used as controller inputs. The 

experimental results obtained were compared with the values realized by using angle 

input values in previous studies [98,99]. In addition to the control algorithms used in 

the previous study, Type-1 and Type-2 fuzzy logic-based controllers were developed 

and implemented. A new perspective was introduced to the literature with the Type-1 

/ Type-2 mobile robotic path tracking application made by using this architectural 

structure. Fuzzy logic Type-2 has been primarily a new control approach developed in 

this field for both path planning and path tracking (or control). In this study, a system 

based on only one virtual sensor data has been developed according to the parameters 

obtained from the kinematic scheme by Type-1 and Type-2 control methods. This way 

of working reveals the difference in the study from traditional control architectures. 

A simulation environment has been developed using LabVIEW software for the 

applications, as mentioned above. In addition, real-time robot path planning and path 

tracking software have been developed by developing a new user interface with the 

combination of LabVIEW and Matlab software. The front panel (Figure 4.1) and back 

panel (code block) (Figure 4.2) structure of this developed software are shown below. 
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This work also includes the design and implementation of a framework aimed to 

support the development of path planning and path tracking strategies. These are a 

combination of an intelligent solution using the advantage of a visual servoing system 

and the IT2FIS system. The proposed control approaches for path planning and path 

tracking consist of several components. The base infrastructure hardware component 

has consisted of a mobile robot motion environment, a mobile robot, an overhead 

camera, and a host computer system. The implemented software component includes 

both LabVIEW and Matlab image processing tools and control modules. Image 

acquisition, image processing, object detection and tracking, template matching, 

parameter acquisition for path planning and path tracking, and calculation of the 

proposed control structure’s parameters are the main modules of the software 

component. 

 

Figure 4.1. Developed LabVIEW user Interface (front panel) 

In the developed LabVIEW user interface, a single image frame can be extracted 

by selecting a single image frame from section 1, or it is provided to monitor the path 

plan obtained by selecting consecutive image frames from real-time camera images 

with the controller. In the second part of the interface, the desired path-planning 

algorithm can be selected. Controller selection is made in section 3. The controller 

developed in this section is compared with the controllers made in previous studies. 

The Delay section is used to set the simulation speed for path planning. Section ‘A’ is 

used to set the distance or angle value as input. In the middle section of the interface, 
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screens are showing both the real environment and the map obtained from the real 

working environment. On the right side, the coordinates of the obtained path plan are 

given. “STOP” button is also added to the developed interface to stop the system 

against possible violations like malfunctions, general safety. 

 

Figure 4.2. Developed LabVIEW Back Panel (Code Block) 

The concept of the proposed methods, especially, is using virtual inputs that are 

entirely generated from image information. The extracted visual information that is 

interesting objects under the visibility of the camera has enabled generating the desired 

path. The proposed algorithm is divided into three stages (see Figure 4.2). 

The first stage consists of image acquisition, the second stage is path planning, and 

the third stage is designed as a position controller based on the triangle shape based 

kinematic control structure using proposed control algorithms (Decision tree, 

Gaussian, Type 1 and Type 2 (IT2FIS) fuzzy logic). Gaussian and Decision tree-based 

controllers used in previous studies [4] were combined with the Type 1 / Type 2 fuzzy 

logic controller. Each stage is tested separately, and then the overall stages are 

integrated and tested in various cases to test the validity of the system. 

The proposed control methods aim to control a dynamic system by utilizing visual 

features extracted from the visual servoing system. The main advantages of the visual 

servoing are that it requires fewer sensor data, suitable to control multiple robots, 

internal and external sensors on robots generally are not needed, in terms of scalability; 

it provides more operating areas by increasing imagining devices and so on. 

Modern position control environments require a controller to eliminate parameter 

instabilities and system uncertainties. Soft computing methods like Fuzzy logic is one 
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of these controllers [92,100]. These controllers have powerful advantages such as low 

cost, ease of control, and designable without knowing the exact mathematical model 

of the process. Because of simple designable and decreasing the mathematical model 

complexities, fuzzy logic can be used in the decentralized form and preferable to the 

mobile robot than centralized control. In mobile robot applications and path planning, 

many uncertainties may be encountered.  These are uncertainties of inputs, 

uncertainties of control action, and linguistic uncertainties. Uncertainties associated 

with changing unstructured environments and this cause problem in the determination 

of membership functions. IT2FIS techniques are suitable to deal with these 

uncertainties [92,93]. This ability is supported by the fact that the third T2F sets 

dimension and its footprint of uncertainty is sufficient as a comparison with T1F sets 

in modeling on uncertainty. IT2FIS is suitable for real-world applications on the 

control of mobile robots [90,101]. To cope with uncertainties, we use recently 

advances made on T2F, which is to develop an intelligent vision system based IT2FIS 

for global path planning and path tracking. To demonstrate the effectiveness and 

validity of the proposed system, real-time applications have performed, and the data 

obtained has shown by graphical representation and interpretation. Figure 4.3 

illustrates the stage of the developed system. Details of all steps listed here are given 

in the following sections.  

 

Figure 4.3. Outline of the thesis work 
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4.1. Visual Based Control (VBC)  

The basics of engineering and research are measurement. Vision development-

based control approaches is an alternative measurement unit, which is used to analyze 

objects in an image. For processing acquired images, hundreds of functions may have 

been used. In this thesis, it is used as a general camera as an image acquisition 

hardware that is connected to the computer through a standard communication 

interface, as most computers are supplied as USB as standard configurations. For real-

time acquisition and image analysis, a USB camera (link) was used with methods using 

the LabVIEW Vision Development module from National Instruments to apply to 

image analysis and machine vision. 

4.1.1.  Overhead Camera Calibration  

Camera selection can radically change the image processing needed depending on 

the application to be made and usually saves processing time during processing. A 

suitable camera, lens, and lighting arrangement can be convenient to develop the 

solution. The features of the overhead camera used are as follows: The camera used in 

the experiments was hung vertically and placed 180 cm above the ground. The camera 

has a resolution of 3.2 MP, and the lens has a focal length of 0.3 mm and is used in 

SVGA (Super VGA: 800x600; 4:3). Communication with the camera is implemented 

through the USB 3.0 interface. Experiments have been performed on Intel i7-5500U 

2.40GHz CPU with 16GB Memory computer. 

The position control of the mobile robot is done through visual feedback. It is 

necessary to convert the 3D Cartesian coordinate of the image to the corresponding 

pixel coordinates of 2D in the image plane. For this reason, the camera calibration 

needs to be calibrated appropriately. Distortion problems can be found objectively in 

every image regardless of the quality of the camera and lens; however, causes such as 

zooming, complex zooming in lens cameras, and lens structure are more serious, which 

can further damage image quality. Generally, camera distortion models can be grouped 

into a radial distortion model and a global distortion model. Radial distortion is caused 

by defects in the radial curvature of the lens elements, and tangential deformation 

results from the collinearity of the optical centers of the lens elements. Therefore, 

distortion correction in the radial model may be sufficient for a fixed lens only in some 

cases. The following equations are used to solve this problem. 
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𝑥𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝑥(1 + 𝑘1𝑟
2 + 𝑘2𝑟

4 + 𝑘3𝑟
6) (4.1)             

𝑦𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝑦(1 + 𝑘1𝑟
2 + 𝑘2𝑟

4 + 𝑘3𝑟
6) (4.2)          

Therefore, the global distortion model is determined by adding a tangential 

component to the radial distortion as the equation (4.3) and (4.4). 

𝑥̂ = 𝑥(1 + 𝑘1𝑟
2 + 𝑘2𝑟

4) + (2𝑝1xy + 𝑝2(𝑟
2 + 2𝑥2)) (4.3)             

𝑦̂ = 𝑦(1 + 𝑘1𝑟
2 + 𝑘2𝑟

4) + (2𝑝2xy + 𝑝1(𝑟
2 + 2𝑦2)) (4.4)          

  

In these equations, the (𝑥,̂ 𝑦̂) pair is the ideal 2D image point without distortion, 

(𝑥, 𝑦) is the distorted point, 𝑘1, 𝑘2, 𝑝1, 𝑝2 are the distortion coefficient with respect to 

the radial and tangential distortion [102]. A general perspective projection model of a 

camera is given in Figure 4.4. The velocity screw of the related frame is given in (4.5).  

 

Figure 4.4. General perspective projection model of a camera 

𝐹s(𝑜, 𝑥⃗, 𝑦⃗, 𝑧) → 𝑇 = (𝑣(𝑜), 𝑤)   (4.5)             

𝑋⃗ =
1

2
 𝑥⃗ (4.6)          

In this equation, 𝑣(𝑜) is translational velocity, and 𝑤 is rotational velocity. By 

assuming the focal length of the camera is equal to ‘1’ then a point with 𝑥⃗ = (𝑥, 𝑦, 𝑧)𝑇 

coordinates are projected to a plane on the image as a point with 𝑋⃗ = (𝑋, 𝑌, 1)𝑇 by 

using Equation (4.6). 

4.1.2. Image Acquisition  

This chapter introduces how to acquire and display images. At this stage, the 

working environment map or image of the configuration area is obtained with an 

overhead camera configuration. The developed LabVIEW front panel has a button to 

select the selection of a single image or video frame stream (see Figure 4.1). Several 

vision-acquisition-interface methods have been developed, including camera link, 

USB, IEEE 1394, and GigE to acquire an image from a camera. The advantage of USB 
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cameras is that a USB compatible camera is used because of their relatively 

inexpensive and 3.0 standard, as well as the speed or bandwidth they reach to support 

data requirements. Before acquiring, analyzing, and processing images, it is necessary 

to examine and install the imaging system and its components. Field of view, working 

distance, resolution, and depth of field and sensor size are the factors that make up the 

imaging system. Figure 4.5 presents these concepts. 

 

Figure 4.5. Fundamental Parameters of an Imaging System[103] 

The LabVIEW NI Vision Acquisition software module is used for image 

acquisition, processing, viewing, and recording. Two Vision Express functions are 

used in the Vision Express palette to acquire and process the image. These are Vision 

Acquisition Express and Vision Assistant Express. Vision Acquisition Express can 

receive images from the camera or read the image file using the NI-IMAQ or NI-

IMAQdx functions. The Vision Assistant Express function can automate the creation 

of image processing tasks in the LabVIEW environment [103]. As a result of using 

Express VI, the block diagram, and Image Out display on the front panel is shown in 

Figure 4.6. This is a bird's eye view of the working environment obtained with the 

camera placed vertically to the floor. 

 

Figure 4.6. VI for image acquisition 
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After obtaining the image, the Vision Assistant Express function was used to 

process this image for the intended purpose. That is used to provide information about 

the positions of objects (such as obstacles, robot position) in the mobile robot's 

movement environment. Detailed information about this section is given in the 

following sections.  

4.1.3. Image Processing Operation  

Digital image processing is the application steps for converting an analog image 

into a digital image format and then processing it with digital computers for image 

enhancement, repair, classification, compression, understanding, and interpretation. 

The definition of this process is considered a computer that is used to modify the 

measured or stored digital image data in an electronic environment.  

Digital image processing or computer vision processing steps can be handled in 

three stages: lower level, intermediate level, and upper-level vision. The first step in 

image processing is to obtain a digital image by acquiring the image from the real 

world onto a film layer or a memory unit through image receivers. If the picture sensor 

does not convert the picture directly to a digital form, the analog picture obtained by 

the sensor is converted to a digital form utilizing an analog/digital (A / D) converter. 

Before using the resulting digital image, some pre-processing such as image 

enhancement, image restoration, and image compression are applied to achieve a more 

successful result.  

Images from the cameras are color or grayscale images. The acquired color image 

is first converted to a grayscale image and then converted to a binary image. In this 

transformation process, various morphological functions are applied to remove 

unwanted objects effectively and to modify the objects of interest for a more accurate 

measurement. These process steps and conversion methods will be discussed in detail 

later using LabVIEW Vision Express. 

4.1.3.1.     Pattern Matching  

The pattern matching method is the first image processing method we use in our 

application. Pattern matching finds regions of a grayscale image that match a 

predetermined pattern, regardless of lighting, blur, noise, pattern shift, or pattern 

rotation. Pattern matching algorithms are some essential functions used in various 

applications in image processing, which has an essential place in machine vision. The 
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template can be defined in one of two ways: template can be defined by drawing an 

ROI (region of interest) over an existing image, or a template can previously exist as 

an image file. Traditional pattern matching techniques include normalized cross-

correlation, pyramidal matching, and scale-invariant matching. In this system, we use 

pattern matching to determine the position of the tags located on the robot in the 

environment of the overhead camera display, as illustrated in Figure 4.7. 

  

a) b) 

Figure 4.7.  a) Test environment image, b) Close-up of the top camera and mobile robot 

A) Cross-Correlation 

Conceptually, the template hovered over the source image, and the density values 

for each corresponding pixel are multiplied separately. All are summed to produce a 

single correlation value, so the process is repeated until the entire source image is 

covered, and a matrix of correlation values is created. The standard method used to 

find a template in an image is the Normalized cross-correlation technique. The 

correlation process is time-consuming because it is based on a series of multiplication 

operations. However, new technologies have been developed, such as MMX, which 

allows performing parallel multiplication and reduce overall computation time. The 

correlation value matrix, which is most similar to the pattern in the source image, is 

evaluated as the template with the highest value. To mathematically explain the 

concept of cross-correlation, consider a source image matrix f (x, y) of size MxN, and 

a template matrix w (x, y) of size KxL where K ≤ M and L ≤ N. The cross-correlation 

matrix (CCM) between source and template image at a point (i, j) is performed using 

the following equation if images are normalized. 
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CCMi,j  = ∑ ∑(Template(x,y) (Source(i+x,i+y))

K−1

y=0

L−1

x=0

 

                             

(4.7) 

In this equation, i = 0, 1…M-1, j = 0, 1…N-1, and the summation is taken over the 

region in the image where template and source image overlap. 

If the images are not normalized, the following formula is used to normalize each 

item in the corresponding images. 

CCMi,j  =
∑ ∑ (Template(x,y) (Source(i+x,i+y))

K−1
y=0

L−1
x=0

√(∑ ∑ (Template(x,y))
K−1
y=0

L−1
x=0

2
) (∑ ∑ (Source(x,y))

K−1
y=0

L−1
x=0

2
)

 
(4.8) 

 

B) Scale-Invariant and Rotation Invariant Matching 

Cross-correlation may not produce the desired result when mapping objects of a 

different size or rotated source image in the template. This method is considered to be 

defective in this regard. The problem of image analysis needs to be overcome by re-

scanning the template on the source image using different rotations and dimensions 

(variances in both x and y). For scale-invariant matching, it is necessary to perform 

the correlation after scaling or resizing. The operation done in this way can be time-

consuming. Only the technique of possible scanning variations can be used to 

accelerate variable matching and accelerate rotation. If the rotation attribute is 

unknown, searching for the best match requires full template returns. If the size of the 

template does not change, and there is no spatial distortion, it is not necessary to scan 

for size scanning. Similarly, if the part is repeatedly placed in the same orientation, it 

is not necessary to re-scan the source image using a different angle range for rotation 

variance. A standard method of performing cross-correlation is by rotating to a new 

angle after placing a small coordinate pointer in the object so that the template can be 

easily found and predicted in terms of rotation. 

C) Pyramidal Matching 

In this method, both the image and the template are subdivided into smaller spatial 

resolutions. The image and template can be reduced to one-quarter of their original 

size. Reduces both the source image and the template to smaller spatial resolutions, 

reducing the amount of data to be searched by up to 75%. Matching is performed first 
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on reduced images, making matching faster [103]. Therefore, only areas with very high 

matching results are considered as the matching fields in the original image.  

In this application, the existing template images placed on the mobile robot, as 

shown in the configuration environment in Figure 4.8, are used. Robot localization and 

position information were obtained using these templates (R, L, and F). Each template 

is uniquely identified by an onboard geometric pattern, which allows the camera to 

track their location and heading across the testbed individually. Information such as 

mobile robot start position, start angle relative to the target, and coordinates were 

obtained from these templates. Thus, some of the input parameters required for path 

planning algorithms were obtained. The pattern recognition and robot localization then 

used as reference points for all further measurements in the path planning process.  

 

Figure 4.8. LabVIEW VI implementation of template matching system  

The position information of the reference images obtained after the template 

processing operation is given in Figure 4.9. 

 

Figure 4.9. Initial position information of the resulting templates 
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4.1.3.2.   Extracting Color Planes  

To analyze any particle in image processing, the color image to be processed must 

be converted to a gray image and, if necessary, a binary image. Since the camera we 

use in this application is a color camera and the objects in the camera field of view 

have different colors and structures, it has been continued the process with converting 

the color to a gray image and then to a binary image. The grayscale image is converted 

to a binary image by a threshold operation. If it is necessary to match a color image 

instead of a gray image, thresholds should be specified for each color plane (red, green, 

blue planes or hue, saturation, luminance). Some of the image processing steps we 

have handled for this application are presented in Figure 4.10. 

 

Figure 4.10. The image conversion process. 

The template matching process was applied to the color image, as shown in this 

figure. Then the coordinate system of the received templates was obtained. A threshold 

was applied to obtain a gray image from a color image followed by a binary image. 

Here, HSL (color tone and brightness) color space is used because it gives better results 

against brightness and light change. To obtain an accurate representation of the 

boundaries of the object, the proper selection of a threshold value is essential for image 

analysis. The choice of the threshold value, which is for 8-bit gray images are 0 to 255, 

is a critical step because if the threshold value is not selected correctly, the converted 

binary image does not display object properties correctly. LabVIEW vision assistant 

module can be used to adjust the threshold range slider and threshold value easily. As 

the threshold value changes, the binary image pixels in the converted binary image are 
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displayed in red as binary image pixels 1 and the background color as black. That 

makes it easier to select objects of interest from the background. The convex Hull 

method was applied after image thresholding. This method is applied to eliminate the 

distortion in the image and to eliminate the problems that may cause local minima and 

collisions. Details of this method are provided in the next section. 

4.1.3.3.   Convex Hull  

The convex hull method is essentially a generalized set of dots or envelopes that 

contain all the points in the set. The convex hull function is used to combine this set 

of points as a single particle. The general calculation formula of convex hull method 

is given in Equation (4.9). 

𝐂onv (S) = {∑aixi|(∀i: ai ≥ 0) ∧ ∑ai = 1

|S|

i=1

|S|

i=1

} 

              

(4.9) 

 

Where 𝑆 is the point set, 𝑥𝑖 is the array of points, and 𝑎𝑖 is the assigned weight or 

coefficient such that the sum of all x points multiplied by their respective weight is 

equal to one? In the literature, there are also different calculations for the set of points 

connected depending on the point-to-point angle [104,105].  

The first reason for using the convex hull technique in this study is to eliminate the 

local minimum problem when performing mobile robot path planning. The second 

reason is to develop a high-performance path-planning algorithm without 

unnecessarily making too many routes and taking a long time.  

In Figure 4.13, the convex hull application and other processes are shown together. 

In this figure, images (red dots) that treat individual pixels as points of interest have 

formed a perimeter around the convex body or a set of pixels. Preparing the binary 

image for the morphological skeleton is the main application of the convex hull 

method. Here, the positions of the obstacles were determined, and the starting position 

information of the mobile robot’s labels (L, R, and F) and the target were obtained. 

After the convex hull process, the image must be enlarged or magnified at the specified 

frame rate to avoid friction and hitting obstacles during the robot path tracking. These 

operations are discussed below. 
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4.1.3.4.  Image Morphological Operation  

After converting the resulting image to a binary image, some morphological 

functions may be required.  The primary reason for using these functions is to remove 

unwanted particles, isolate bound particles, or improve the dual representation of the 

particles. Objects or particles are consistent groups of pixels with the same properties, 

therefore adding or removing pixels to the boundaries of these groups of pixels refers 

to the morphology function. The rectangular or hexagonal frames surrounding the 

pixel (see Figure 4.11) form the configuration elements for calculating the new pixel 

values. Depending on the connection structure of neighboring pixels, four pixels or 

eight pixels are considered. 

 

Figure 4.11. Examples of Structuring Elements [106] 

The symbols above are used to show or adjust the shape and connection of the 

structural element created by the IMAQ Vision Builder. It is formulated as follows 

according to the number of neighbor relations (4 or 8 connectivity) to be used in the 

calculation of a pixel value. 

 

In IMAQ Vision Builder, it is also possible to define larger components such as 5 × 5 

and 7 × 7. 

A) Erosion and Dilation 

Erosion and Dilation are two fundamental algorithms that may be needed in many 

of the morphological in image processing. The erosion function allows removing 

pixels from the boundary of particles or objects. In other words, erode reduces the size 

of all objects by eroding the outline of the object and can effectively eliminate small 

objects. Dilation allows us to increases the size of objects to expand, and it is provided 

𝑠 ,
0 = 𝑓 (𝑠2, 𝑠4, 𝑠5, 𝑠7) (4.10) 

𝑠 ,
0 = 𝑓 (𝑠1, 𝑠2, 𝑠3, 𝑠4, 𝑠5, 𝑠6, 𝑠7, 𝑠8) (4.11) 
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to fill holes and connect disjoint objects [107]. An example of the morphological 

operations of erosion and dilation with the used structural elements is shown in Figure 

4.12. 

 

Figure 4.12. Application of morphological operations: original image, erosion, dilatation 

B) Remove Small Objects 

As shown in Figure 4.13, after the convex hull function is executed, ‘Remove 

Small Objects’ function is applied to eliminate unwanted particles. The removal of 

these unwanted small objects is accomplished through LabVIEW using IMAQ 

Remove Particle VI in the basic morphology LabVIEW palette [108]. It shows that 

many small particles or noises are effectively removed. 

C) Equalize and Inverse 

The Equalize function called 'IMAQ Equalize' is a lookup table (LUT) operation 

that the LUT is computed based on the content of the image where the function is 

applied. Apply LUT transformations to highlight input grayscale values in the source 

image into other grayscale values in the transformed image details in areas containing 

significant information at the expense of other areas. With this method, the gray level 

values of the pixels are changed so that the defined grayscale is evenly distributed in 

the range 0 to 255 for an 8-bit image to increase the contrast in the images. The 'Inverse' 

function reverses the image obtained in the previous step. All the steps performed on 

the image is shown in Figure 4.13. 

 

Figure 4.13. Image morphological operation 

The hierarchical structure of the functions used in the image processing application 

examined in the titles described so far is shown in Figure 4.14. 
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Figure 4.14.  The Hierarchical Representation of Vision Assistant Express VI 

4.1.3.5.    Vision-Based Obstacle Avoidance  

Obstacle avoidance and robot navigation are essential research problems. For this 

problem, ultrasonic sensors, laser distance meters, and stereo vision techniques are 

sensing hardware components used in distance-based obstacle detection. All of these 

have advantages and disadvantages. For example, ultrasonic sensors suffer from low 

angular resolution, and laser range finders and stereo image systems are relatively 

expensive. Most importantly, these sensors cannot distinguish between different 

ground surface types or obstacle types. However, the computational complexity of 

obstacle avoidance algorithms and the cost of sensors are the most critical factors for 

real-time applications. Regarding all these situations, a new approach has been 

proposed, and it has been decided that the use of vision-based systems can prevent 

these problems and provide appropriate solutions to the obstacle avoidance problem. 

This approach consists of basic image processing techniques to identify visually 

different pixels based on qualitative information and then classify them as obstacles or 

non-obstacles [109]. 

The sensor fusion used in the proposed robot motion planning system comprises 

virtual sensors. The virtual sensor information obtained is a reactive calculation 

technique based on the distance information from obstacles in robot motion control. 

These sensor data are the input parameters that cause the robot to move to the target 

and avoid obstacles. 
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The proposed visual-servoing (VS) based mobile robot global path planning is 

realized using virtual inputs generated entirely from image information. The obtained 

visual information enables us to generate the robot path. The graphical representation 

of the proposed technique is illustrated in Figure 4.15. 

 

Figure 4.15. The system architecture of visual servoing-based path planning for a mobile robot (DT: distance 

from the target, Distance from obstacles (Left Distance (LD), Front (F) and Right Distance (RD), ---: robot path) 

In the VS control loop, the virtual sensors are the measured distance between the 

robot and the obstacles surrounding the robot. These are the distances to the left (LD), 

right (RD), and front (FD) obstacles. These sensor values and robot position 

information (xR, yR, θR) have been served as the inputs to the controllers to enable 

the generate the desired obstacle-free path. The steps of image processing application 

and sub-steps of morphological processes used in path planning applications are shown 

in Figure 4.16.  Explanation of the image processing functions used in this figure is 

given in the previous chapters. 

 

Figure 4.16. Structure and functionality of vision-based path planning algorithm 

Several formulas and mathematical calculations are required to obtain the input 

parameters of path planning algorithms. After determining the starting position of the 

mobile robot and the target point, other calculations are performed. The required 

parameters are characterized in Figure 4.17. The formulation of these parameters is 

given below. 
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Figure 4.17. Tracking of a virtual reference path (angle to the goal (θ=θr- θe), distance from the target 

(DT), distance from the obstacle (RD: right distance, F: front distance, LD: left distance, DFRD: 

distance from right diagonal, DFLD: distance from left diagonal)  

Assuming that the mobile robot’s initial position information and target position 

are known, as shown in this figure. In this case, the positioning error calculations are 

calculated as in Eq. (4.12). 

𝑒𝑥 = 𝑋𝑡 − 𝑋𝑟 = 𝐷𝑇 ∗ cos(θr)                                 

(4.12) 

 
𝑒𝑦 = 𝑌𝑡 − 𝑌𝑟 = 𝐷𝑇 ∗ sin(θr) 

Where, DT corresponds to the current distance between the mobile robot and 

target, which is expressed in Eq. (4.13). 

𝐷𝑇 =  √(𝑒𝑥)2 + (𝑒𝑦)2 
                                                

(4.13) 

 

The robot current angle (θr) according to the target is computed as in Equation (4.14). 

θr = 𝑡𝑎𝑛−1
𝑒𝑦

𝑒𝑥
 

                                                         

(4.14)   

The error of the angle is given in Equation (4.15). 

θe = θr − θ                                                              

(4.15) 

The flowchart of the mobile robot path-planning algorithm and the block diagram 

of the system integration are shown in Figure 4.18. The abbreviations given in this 

block diagram have the following meaning. G shows the processed image frame, DT, 

RD, FD, and LD are the target, right, front, and left distances, respectively. 
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Figure 4.18.  Block diagram of path planning and obstacle avoidance system  

4.2.   Vision-Based Obstacle Free Path Planning Algorithms  

In the previous section, the information on the obstacle-free navigation system 

requirements is provided. In this section, path planning strategies and path planning 

algorithms will be discussed. This strategy is indicated by number 2 on the developed 

LabVIEW front panel (see Fig. 9). The image obtained in the first stage is processed 

at this stage, and the location, size of the working environment map, and information 

about other environment objects (robot, obstacles, and target) are acquired. In image 

processing, the functions of multiple stages were used. First, by performing the color 

template matching process; the initial position information (x, y, θ) and target 

coordinate of the robot were determined. Then a color-based filter was applied, and 

obstacles were identified. Here is the benefit of using template matching: In our 

previous work, we have also worked [32] color-based approaches. However, color-

based approaches have disadvantages. If the robot and other objects were of similar 

color or matched at a different light intensity, errors could also occur.  The color 

template matching method was used to overcome this problem. Thus, it is aimed to 

detect the labels placed on the robot and to minimize the possible errors.  

After determining the center coordinates of the objects (Right, Left, Front, and 

Target labels), a color filter is applied to determine the positions of the obstacles. Here, 

the color RGB image is converted to HSL color space, and a color filter is applied. 
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Then, the necessary input parameters for path planning algorithms were obtained. The 

structure of the obstacles obtained in the working area (such as sharp edge, center-

blank) is valid on the success of the applied algorithm. The convex hull method has 

been applied to prevent problems such as local minimum issues or collisions with 

sharp edges. The details of the implementation steps outlined so far for each title are 

given above.  

The vision-based obstacle-free path planning and navigation strategy have been 

classified based on the prior information of the environment required for path planning 

[110]. It is broadly classified into two categories; (i) local path planning, (ii) global 

path planning. In global path planning, the prior information of the environment, 

obstacle position, and goal position have completely known, thereby robots can reach 

the target by following a predefined path. On the other hand, in local path planning, 

there is no need for prior knowledge of the environment, and the robot has no or partial 

knowledge of the navigational environment [111].  The necessary steps involved in 

the path planning scheme is given in Figure 4.19. 

 

Figure 4.19. A block scheme of the navigation system[9]. 

Many algorithms make use of Autonomous Mobile Robots (AMR) to be smart 

tools for reaching their target position in an optimized way without bumping obstacles 

based on criteria such as distance, time, or energy. The less computational complexity 

and less power consumption are essential criteria in the robot navigation system. There 

are many algorithms proposed in the literature for global or local path planning that 

are listed in Table 4.1. They are divided into two groups; (i) the classical approach, (ii) 

local navigation approaches, or reactive approaches, which are more intelligent and 

can autonomously control and implement a plan [111].  In this thesis, we have 
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highlighted and used both classical and reactive approaches based on their 

effectiveness and application for the specific environment. After giving brief 

information about the algorithms we use, the results of their application, and the 

comparison of their effects on the selected experimental configurations are given in 

the following sections. 

Table 4.1. Classification of different Autonomous Mobile Robot (AMR) navigational Algorithms 

Reactive Algorithms Classical Algorithms 

Fuzzy Logic Artificial Potential Field 

Genetic Algorithm RRT (Rapidly Exploring Random Trees) 

Neural Network B-RRT (Bidirectional RRT) 

Particle Swarm Optimization PRM (Probabilistic Roadmap) 

Ant Colony Optimization VFH (Vector Field Histogram) 

Cuckoo Search Algorithm A* algorithm 

Artificial Bee Colony Algorithm Roadmap Cell Decomposition Approach 

Other Miscellaneous algorithms Grid-Based Methods  

We have conducted many experimental studies on path planning. In this section, 

the results of five of these studies are presented. These experimental configurations 

are designed in different robot direction and obstacle positions. These five 

experimental environments and processed images or robot maps are shown in Figure 

4.20 — a configuration of Experimental environments. Information about the image 

processing steps performed here is not provided because this process was discussed in 

previous chapters. The following planning algorithms were implemented on these 

experimental configurations, and the results obtained were discussed.   

Exp Initial image Color extraction Processed image Final image 

1 

    

2 
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3 

    

4 

    

5 

    

Figure 4.20.  Configuration of Experimental environments   

4.2.1. A* Algorithm  

A star algorithm proposed by Haret et al. [49]. The A* algorithm is a practical 

search algorithm for path-finding and graph traversals in the real-world problem, 

which is a class of intelligent search algorithms in the Uniform Cost Research (UCS) 

philosophy developed based on Dijkstra [112] algorithm that it can find the shortest 

path. The key of the A* algorithm is to establish the evaluation function given in 

(4.16). 

𝑓(𝑛) = 𝑔(𝑛) + ℎ(𝑛) (4.16)                                

Where f(n) represents the expected cost f(n) from source to goal via node n, g(n) 

represents the exact cost of the path from the starting point to any vertex n, and h(n) 

represents the heuristic estimated cost from vertex n to the goal. The specific domain 

information in the problem is the heuristic function, which is an estimated distance of 

the node n to the goal. The Euclidean distance (ED) between the node n and the goal 

is usually taken as the value of h (n) that is an estimated cost of reaching the goal. 

When the value of g(n) is constant, the value of f(n) is mainly affected by the value of 

h(n), which is the cost value from the successor node to the destination node 

corresponds to the Manhattan distance (heuristic). The A* algorithm considers the 

position information of the mobile robot’s target point and searches along with the 

target point. For an application such as routing, h (n) can physically represent the bird’ 



40 

 

s-eye distance, which is the smallest distance between any two nodes to the target 

configuration. In the algorithm, the search is shaped according to the state of the cost 

function. Nodes with a low-cost function are preferred over larger nodes, and 

according to this philosophy, routing continues. The algorithm is optimal as a graph 

search using both an open and a closed set of nodes while ensuring acceptability and 

consistency. When using the A * algorithm, it is necessary to model the problem as a 

standard graphical search algorithm. In our application, the converted binary image 

(pixel graph) is used as an input parameter for the algorithm. All regions of the 

acquired image pixels are searched one by one to find the shortest path, and the 

unobstructed path from the source to the destination is determined. All black pixels 

are defined as obstacles; all white pixels are defined as a free node. The total cost 

constitutes the evaluation function’s cost calculated between the free nodes. 

The size of the open-and-closed list can cause the efficiency of this algorithm to 

fall for real-time applications and is useful during the computation time of the 

algorithm. That can be normalized by changing the received image resolution or pixel 

graph. To obtain the map used by the algorithm, the image resolution in our 

applications is set to 100x100. The higher the resolution of the map, the better the 

results, but undesirable because it increases computational time in real-time 

applications [113]. Each pixel of the reduced resolution map is taken as a corner, and 

the connection paths between the pixels are taken as the edge. For any general position 

of the robot, possible matrix connections are possible in 3 different ways. These 

situations are shown graphically in Figure 4.21. Connection matrices ((a) only allows 

the robot to move linearly (up, down, left, and right), (b) permits the robot to take four 

transverse motions with four linear motions, (c) also allows the robot to perform more 

flexible movements by inserting connections between transverse movements). All 

possible movements are indicated by 1, and impossible movements by 0. For 

increasing the rotational flexibility of the robot, the Cardinality of numbers in the 

matrix can be increased, but the addition of these can result in more calculation costs. 

In our application, the “Rectilinear and Diagonal” matrix was used. 
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a) Rectilinear b) Rectilinear and Diagonal c) Many Moves 

Figure 4.21. Connection matrices ((a) only allows the robot to move linearly (up, down, left, and 

right), (b) permits the robot to take four transverse motions with four linear motions, (c) also allows 

the robot to perform more flexible movements by inserting connections between transverse 

movements) 

The experimental setup takes the map as the filled grid of the binary image. The 

experimental results of the occupancy grid image of 1024x576 rectangular pixels are 

shown in Figure 4.20. 

As a binary image which is a 2D matrix of elements that can only hold two values 

where the white pixels (values 1) correspond to the free space and the black pixels 

(values 0) correspond to an obstacle area, it suffices to represent a fill grid with only 

two color levels, since the robot can only move within the free space. The obstacle-

free path and other operations obtained by using this algorithm are shown on eight 

experimental results (see Figure 4.22). These experiments were determined by using 

the experimental configurations in Figure 4.20.   

Exp. Initial Image Expansion Path 
Path Length/ 

Exec. Time (sc) 

1 

   

ET=5.002872e+00 

PL=7.569954e+00 

 

2A 

   

ET=3.912832e+00  

PL=8.005619e+02 

2B 

   

 

Convex Hull appl. 

ET=4.505114e+00  

PL=7.932931e+02 

3 

   

ET=8.046721e+00  

PL=7.620224e+02 

 



42 

 

4A 

   

ET=3.984761e+00  

PL=7.569061e+02 

 

4B 

   

Convex Hull appl. 

ET=3.416262e+00  

PL=7.368838e+02 

 

5A 

   

ET=5.194934e+00  

PL=7.702028e+02 

 

5B 

   

Convex Hull appl. 

ET=3.279009e+00  

PL=7.702028e+02 

 

Figure 4.22.  Experimental Sample Results using A* algorithm (A in (2, 4, 5) is the normal 

environment; B in (2, 4, 5) is convex hull applied environment; ET: Execution Time; PL: Path Length) 

To thoroughly test the behavior of the algorithm, several maps were used; only the 

results of the eight maps are shown here. The processing time and path length 

calculated here are obtained from the 1024x576 size maps with various obstacles. 

Figure 4.20 shows the optimum path between the start and goal obtained by using A* 

path searching algorithm, where the searched space or pixels are also marked.  To 

obtain a feasible path that the robot can follow, it is aimed to reduce the possibility of 

collision during the movement of the robot by using dilatation and convex hull 

operation.  

For this reason, the obstacle boundaries have been extended to the radius (half 

dimension) of the actual robot and the robot's safe operation without collision has been 

realized. In this case, the environment map has been changed so that the free space 

near the obstacles can be regarded as a disability area at distances below the radius. In 

the test cases, it is observed that the algorithm was able to find a feasible path solution 

to use by any robotic controller to move the robot physically. 

4.2.2. RRT  

A rapidly exploring random tree (RRT) is a search algorithm with a single-query 

tree structure based on uniform random sampling, which is the start and goal point are 

certain known. The RRT algorithm grows based on the configurations of construction, 
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a tree seeking the target point from a starting point, where each node of the tree is a 

point (state) in the workspace [114-116].  This algorithm was introduced by LaValle 

[117]. The RRT method first starts a roadmap configuration with a starting point (qstart) 

as a tree root [118,119]. Next, the algorithm selects a random point (qrand) for each next 

iteration in the configuration space, and the nearest node (qnear) from the existing graph 

is searched. A new sample (qnew) is generated with a predefined distance (ε), namely a 

distance of step size (step size =20 px), from qnear to qrand. A collision is considered in 

the newly selected node (qnew). If a collision occurs, a new step (qnew) is discarded. 

Otherwise, it is added to the search tree so that for each new point, the distance between 

the newly generated node and the target point is considered [120]. The procedure is 

illustrated in Figure 4.23. 

 

Figure 4.23. Extension of the RRT graph using the straight-line local planner with a resolution (ε). 

When searching in the larger configuration area, the RRT is very time-consuming 

due to its random growth. It is crucial to create a purposeful search tree. That can be 

accomplished by selecting the goal as the sample for bias percentage of iterations, 

rather than randomly setting up the sample [114]. The search for the growth of the tree 

will continue according to the predetermined threshold. The path is found if the 

distance is less than or equal to the set threshold. Otherwise, the distance is repeated 

until the distance is less than or equal to the specified threshold value, or the call times 

exceed the number of iterations. It can be considered using the forward tree expansion 

motion model, which allows the RRT to find viable trajectories even under differential 

constraints. That is one of the advantages and reasons for the extensive use of RRT in 

robotics for motion planning of systems such as mobile robots [121]. The applications 

that we have performed using this algorithm and their results are shown in Figure 4.24. 
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Exp. Initial Image RRT Tree Path 
Path Length/ 

Exec. Time (sec) 

1 

   

RRT path 

ET=1.144,635e+01  

PL=8.292435e+02  

RRT+Dijkstra Path 
ET=1.595473e+01 

PL=7.367822e+02 

2A 

   

RRT path 
ET=1.395314e+01  

PL=8.986829e+02 

RRT+Dijkstra Path 

ET=1.753977e+01 
PL=7.680722e+02 

2B 

   

RRT path 

ET=1.104716e+01  

PL=8.999475e+02  

RRT+Dijkstra Path 

ET=1.320736e+01 
PL=7.679939e+02 

3 

   

RRT path 

ET=2.546621e+01  

PL=1.048694e+03 

RRT+Dijkstra Path 

ET=2.938200e+01 
PL=8.012886e+02 

4 

   

RRT Path 

ET=2.289973e+01  

PL=8.937618e+02  

RRT+Dijkstra 

ET=2.720643e+01 

PL=7.303033e+02 

5A 

   

RRT Path 
ET=1.603056e+01  

PL=9.021969e+02 

RRT+Dijkstra 
ET=1.766586e+01 

PL=7.416814e+02 

5B 

   

RRT Path 
ET=1.866617e+01  

PL=9.124474e+02 

RRT+Dijkstra 

ET=2.058875e+01 

PL=7.350454e+02 

Figure 4.24. Experimental Sample Results using RRT and Dijkstra algorithms (2A, 4A, 5A is a normal 

environment; 2B, 4B, 5B is convex hull applied environment; ET: Execution Time; PL: Path Length)  

The results of these experiments indicate that the path obtained here is not suitable 

for the mobile robot to follow because it has sharp passes and a convoluted structure. 

To improve this situation or to obtain more suitable path coordinates, the Dijkstra 

algorithm was applied to the results obtained from the RRT algorithm. Thus, the cost 

of the path has been reduced and the condition of the path has been made more feasible 

for path tracking. The Dijkstra algorithm is an algorithm that finds the shortest paths 

from a source node to all other nodes in the graph, separated from the A * algorithm 

by not using the heuristic function [115].  
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The disadvantage of this algorithm is that it takes into account all nodes between 

the beginning and the target node and is not intuitive. The result of the use of Dijkstra's 

algorithm over experiments is given in the same environment with the RRT algorithm 

together. It is called after the RRT operation before path tracking starts. Here, it is used 

as an alternative path planning to eliminate the event of roundabout presence paths and 

sharp passes. It is clear that due to the use of Dijkstra and RRT together, the total length 

of the path decreases while the time spent in path planning is prolonged. 

4.2.3. BRRT  

The BRRT (Bidirectional-RRT) algorithm is an algorithm that works in the form 

of growth and development of two trees towards each other at the source and 

destination node, rather than just one tree [55]. It is an advanced version of RRT, which 

also explores the search space using trees, starts branching from source and target 

position at the same time, and searching for each-other [114]. This assumes that the 

reverse path from the target to the source can be calculated, assuming that the actions 

are reversible or that the plan is intentionally knowing from source to destination. The 

expansion and growth of both trees will grow toward each other and expand by random 

steps and a number of factors (bias value). In the end, the algorithm terminates when 

both the trees come together. The concept is shown in Figure 4.25. 

 

Figure 4.25. Bi-directional RRT (BRRT) algorithm 

Based on this philosophy, we carried out experimental studies. Dijkstra algorithm 

was used in these studies as in the RRT. The aim is to make the obtained path 

information more usable and to allow the robot to follow the path with minimum 

possible errors while performing real-time path tracking applications. The results of 

the experiments are shown in Figure 4.26. This figure shows both the path length and 

processing time of BRRT and the path length and processing time of Dijkstra + B-

RRT. 
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Exp. Initial Image BRRT Tree Path 
Path Length/ 

Exec. Time (sec) 

1 

   

BRRT Path 

ET=1.966216e+01  

PL=9.075982e+02 

BRRT+Dijkstra 

ET=2.328934e+01 
PL=7.378529e+02 

2A 

   

BRRT Path 

ET=1.364963e+01  

PL=1.003436e+03 

BRRT+Dijkstra 
ET=1.508529e+01 

PL=7.681263e+02 

2B 

   

BRRT Path 
ET=1.289276e+01  

PL=9.637527e+02  

BRRT+Dijkstra 

ET=1.538356e+01 
PL=7.632655e+02 

3 

   

BRRT Path 

ET=4.758201e+01  
PL=9.907820e+02 

BRRT+Dijkstra 
PT=6.199019e+01 

PL=8.084055e+02 

4A 

   

BRRT Path 

ET=2.290965e+01  

PL=9.698839e+02  

BRRT+Dijkstra 

ET=2.465248e+01 
PL=7.325723e+02 

4B 

   

BRRT Path 

ET=2.333450e+01  
PL=9.632894e+02  

BRRT+Dijkstra 
ET=2.520775e+01 

PL=7.242232e+02 

5A 

   

BRRT Path 

ET=2.532628e+01  

PL=9.123603e+02  

BRRT+Dijkstra 

ET=2.748890e+01 
PL=7.336036e+02 

5B 

   

BRRT Path 

ET=1.223354e+01  
PL=8.987390e+02  

BRRT+Dijkstra 

ET=1.714496e+01 
PL=7.278488e+02 

Figure 4.26.  Experimental Sample Results using BRRT and Dijkstra algorithms (2A, 4A, and 5A is 

the normal environment; 2B, 4B, and 5B is convex hull applied environment; ET: Execution Time; PL: 

Path Length) 

4.2.4. PRM  

The PRM (probabilistic roadmap) algorithm is used for path searching between the 

randomly selected points, which is in the workspaces as the vertices are distributed 

samples stored in the path map are collision-free samples. It is a free space construction 

for a path map or undirected graph. The randomly selected points (vertices) need to be 
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out of the obstacles. Between the source and goal configuration points, some graph 

search algorithm like A* and Dijkstra is used to finding the optimum path with making 

the connection, which is connected to their neighbors by a straight is known as an edge, 

of all vertices [120]. The specific visibility points (collision-free points) are added to 

the map to construct the path. The path map is initially an empty cluster. That is the 

representation of the configuration space Qn of a robot with a graph G (V, E). The 

vertices of the graph V ⊂ Q represent the set of configurations that are used by the 

planner as waypoints [122].  A randomly chosen sample configuration qrand in Qn is 

included in the roadmap vertices (V), and nodes in the workspace that are needed to 

expand the map are found. All nodes can be found by choosing the K-nearest neighbor 

or whose distance is smaller than the pre-defined qrand parameter (D). The edges (E) of 

neighboring vertices connect if the edges are collision-free. Depending on the size of 

the map, the number of random nodes will connect with neighboring nodes so that the 

final path can be determined. If a path cannot be found in the first iteration, this 

parameter (sample nodes) must be changed and retried. As the number of nodes 

increases, it may be possible to find the optimal path, but the processing time increases. 

We can change any number of nodes until the map finds the desired path. The example 

of a roadmap construction is depicted in Figure 4.27. 

 

a) 

 

b) 

 

c) 

Figure 4.27. The configurations sampled in the first phase of the PRM (red). Initial and goal 

configurations are not necessarily sampled (a). Roadmap constructed from the samples using the 

straight-line planner (b). In the query phase, both start and goal configurations are connected to the 

roadmap and a path is found (c). 

In the appropriate route-finding stage, the A* search algorithm was used to find 

the best possible path between the desired start and the target node. In our experiments, 

taking into account the size of the map, the number of nodes is determined to be 50. 

Although the number of nodes is related to the working area, the configuration of the 

obstacles in the environment is also valid [122]. The results of our experiments are 

shown in Figure 4.28. Both the path length and the application time were calculated 

here. 
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Exp. Initial Image PRM (Road map) Path 
Path Length/ 

Exec. Time (sec) 

1 

   

ET=3.832857e+01  

PL=7.778271e+02 

2A 

   

ET=4.194708e+00  

PL=8.432752e+02 

 

2B 

   

ET=2.810440e+00  

PL=8.946148e+02 

 

3 

   

ET=4.193119e+01  

PL=8.162892e+02 

 

4 

   

ET=3.910240e+00  

PL=7.402907e+02 

 

5A 

   

ET=5.298011e+00  

PL=7.538851e+02 

 

5B 

   

ET=6.123063e+00  

PL=7.996370e+02 

 

Figure 4.28. Experimental Sample Results using PRM algorithm (A in (2, 5) is the normal 

environment; B in (2, 5) is convex hull applied environment; ET: Execution Time; PL: Path Length) 

The second column of Figure 4.26 shows the initial image with vertices. To 

determine the appropriate number of vertices for the algorithm, it may be necessary to 

run the algorithm several times by changing the number of samples (number of nodes) 

in the working space.  If the algorithm has a longer working time, the number of 

points/vertices can be reduced. If the algorithm gives results instantly, the number of 

nodes may wish to increase these samples to hope to get a better path.     
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4.2.5. APF 

In this section, we analyze traditional APF approaches and explain in more detail 

why we recommend this method with VBC (vision-based control). In the field of 

artificial potential field, robot motion is shaped according to two parameters: (i) 

attractive force and (ii) repulsive force. These attractive and repulsive forces are vector 

magnitudes that are consists of magnitude (m) and direction (d) parameters. Its main 

philosophy is that the same polar charges push each other in the electromagnetic field, 

and the opposite polar loads attract each other, as shown in Figure 4.29a. It solves the 

problem by assuming that all obstacles are the source of repulsive potential, assuming 

that the potential is inversely proportional to the distance of the robot from the 

obstacle. The target attracts the robot by applying an attractive potential. The 

derivative of the potential gives the value of the virtual power applied to the robot, 

based on where it moves. The magnitude of this force can generally show variability 

according to the size of the obstacles and distance values between objects and 

obstacles. It is important to note that the robot and the target are loaded with the same 

polar load. In a potential field, a robot can be treated as a point in a 2D environment 

[123]. 

  
a) b) 

Figure 4.29. Definition of attractive force and repulsive force in an artificial potential field. 

A single purpose of attractive potential is to attract the robot to the target. The 

vector F1 can represent this gravitational force in Figure 4.29. Various parameters can 

be used to model this situation. The most critical parameter is the distance between the 

robot's current position and the target position. The degree of proportionality and the 

proportionality constant are also the parameters used. These are algorithm parameters 

that can be set for different purposes, such as controlled adjustment of the speed of the 

robot as it approaches the target, as well as maintaining high clearance and short path 

lengths. In a configuration space (2D), the robot is represented as a particle under the 

influence of an artificial potential field P, whose variations reflect the structure of the 

free space P (𝑝𝑟) for a given configuration 𝑝𝑟 = (𝑥, 𝑦)𝑇 where 𝑝𝑟 is representing the 
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robot position. The repulsion potential is applied by all obstacles that prevent the robot 

from approaching them and potentially cause a collision. The sum of an attraction 

potential Patt(r) is pulling the robot towards the goal configuration, and a repulsion 

potential Prep(r) is pushing the robot away from obstacles [124]. The sum of these two 

functions can be defined in Eq.(4.16). 

𝑃𝑡𝑜𝑡𝑎𝑙(𝑝𝑟) = 𝑃𝑎𝑡𝑡(𝑝𝑟) + 𝑃𝑟𝑒𝑝(𝑝𝑟) (4.16) 

In this equation, the attractive potential field function is formulated in Eq. (4.17).  

𝑃𝑎𝑡𝑡(𝑝𝑟) =
1

2
𝑘𝑎(𝑝𝑟 − 𝑞𝑔)2 (4.17) 

where 𝑝𝑟 is the coordinate of the robot, 𝑘𝑎 is the coefficient constant of the 

attractive field, and 𝑞𝑔 is the goal coordination indicator. 

The robot (particle) in the space moves towards the target point under the gravity 

generated by the target point. Therefore, the gravitational force on the particle can be 

expressed as the negative gradient equation of the target point potential field [124]. 

The gradient artificial force vector field F (q) is defined as Eq.(4.18). 

𝐹(𝑝𝑟) = −𝛻𝑃𝑎𝑡𝑡(𝑝𝑟) + −𝛻𝑃𝑟𝑒𝑝(𝑝𝑟) = 𝐹𝑎𝑡𝑡(𝑞) + 𝐹𝑟𝑒𝑝(𝑞) (4.18) 

In this equation, 𝛻𝑃 expresses 𝑃 gradient vector. 𝐹𝑎𝑡𝑡(𝑝𝑟) represent the attractive 

artificial force and 𝐹𝑟𝑒𝑝(𝑝𝑟) is the artificial repulsive force. 

In artificial potential, obstacles create repulsive areas. When the robot is far enough 

away from obstacles, it does not consider the propulsion force for movement towards 

the target. The repulsion potential field function can be formulated as Eq.(4.19).  

𝑃𝑟𝑒𝑝(𝑝𝑟) = {

1

2
𝑘𝑟(

1

𝑑(𝑝𝑟)
−

1

𝑑𝑚𝑎𝑥
)2, 𝑑(𝑝𝑟) ≤ 𝑑𝑚𝑎𝑥

0, 𝑑(𝑝𝑟) > 𝑑𝑚𝑎𝑥

 (4.19) 

Where 𝑘𝑟 represent the coefficient constant of the repulsion field, 𝑑𝑚𝑎𝑥 is the 

maximum impact extent of the single obstacle, 𝑑(𝑝𝑟) is indicate the distance between 

the robot and obstacle. 

The repulsive force function is the negative gradient of repulsive function as 

formulated in Eq.(4.20).  
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𝐹𝑟𝑒𝑝(𝑝𝑟) = −𝛻𝑃𝑟𝑒𝑝(𝑝𝑟) {

1

2
𝑘𝑟 (

1

𝑑(𝑝𝑟)
−

1

𝑑𝑚𝑎𝑥

)
1

(𝑑(𝑝𝑟))
2 .

𝜕𝑑(𝑝𝑟)

𝜕𝑝𝑟

, 𝑑(𝑝𝑟) ≤ 𝑑𝑚𝑎𝑥

0, 𝑑(𝑝𝑟) > 𝑑 (𝑥

 (4.20) 

The configuration space may not always be statically or may have obstacles in 

different shapes and positions. It is necessary to calculate the total repulsion forces of 

all obstacles in the robot's range of motion. The resultant of the repulsive potential 

field function and force function is calculated using Eq. (4.21) and (4.23). 

𝑃(𝑝𝑟) = 𝑃𝑎𝑡𝑡(𝑝𝑟) + ∑𝑃𝑟𝑒𝑝(𝑝𝑟)

𝑛

𝑖=1

 (4.21) 

𝐹𝑡𝑜𝑡𝑎𝑙 = 𝐹𝑎𝑡𝑡(𝑝𝑟) + ∑𝐹𝑟𝑒𝑝(𝑝𝑟)

𝑛

𝑖=1

 (4.22)                                                           

Where n corresponds to the number of obstacles [125].  

The potential field method for robot path planning and control incorporates various 

combination models. While the robot movement takes place without collision, some 

problems such as the local minimum may be encountered. If the repulsive and 

attractive potential forces are equal or approximate, the robot cannot move or oscillate 

in any direction. This is a local minimum problem. An example of this situation is 

provided in Figure 4.30. To resolve the local minima problem, there are several 

proposed work [126].  

   

a) b) c) 

Figure 4.30.  Representative local minima in a traditional artificial potential field (APF): (a) 

unreachable goals near obstacle (b) trapped in a local minimum region, (c) The robot is surrounded by 

obstacles and the exit is opposite the goal 

Using the traditional APF approach, it is necessary to develop different 

calculations for robotic control or path planning applications that are captured in a 

minimum local region, and that cannot be achieved. If the target point is too close to 

the obstacle, the combination of moving forces is taken into account, and the distance 

is gradually reduced to allow the robot to move to the target. It is also possible to 
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develop alternative approaches based on the sum of the resultant forces (pushing and 

pulling forces) acting on the direction of the movement of the robot. To formulate 

these expressions, the following equations have been developed [126].  

𝑃𝑟𝑒𝑝(𝑝𝑟) = {

1

2
𝑘𝑟 (

1

𝑑(𝑝𝑟)
−

1

𝑑𝑚𝑎𝑥
)
2

(𝑝𝑟 − 𝑝𝑡)
𝑛, 𝑑(𝑝𝑟) ≤ 𝑑𝑚𝑎𝑥

0, 𝑑(𝑝𝑟) > 𝑑𝑚𝑎𝑥

 

 

(4.23) 

where, (𝑝𝑟 − 𝑝𝑡) is the distance between the current position and the target 

position, 𝑘𝑟 is the repulsion field coefficient constant, and 𝑛 is an arbitrary real 

number. With this addition, the repulsive force function can be reduced relatively as 

the robot approaches the target point.  

𝑃𝑟𝑒𝑝(𝑝𝑟) = {

1

2
𝑘𝑟 (

1

𝑑(𝑝𝑟)
−

1

𝑑𝑚𝑎𝑥
)
2

(𝑝𝑟 − 𝑝𝑡)
𝑛, 𝑑(𝑝𝑟) ≤ 𝑑𝑚𝑎𝑥

0, 𝑑(𝑝𝑟) > 𝑑𝑚𝑎𝑥

 
 

(4.24) 

The resulting composite repulsive forces are calculated as in Eq.(4.25). 

𝐹𝑟𝑒𝑝(𝑝𝑟) = {
𝐹𝑟𝑒𝑝1(𝑝𝑟) + 𝐹𝑟𝑒𝑝2(𝑝𝑟) + ⋯+ 𝐹𝑟𝑒𝑝(𝑛)(𝑝𝑟), 𝑑(𝑝𝑟) ≤ 𝑑𝑚𝑎𝑥

0, 𝑑(𝑝𝑟) > 𝑑𝑚𝑎𝑥
 (4.25) 

Here, 𝐹𝑟𝑒𝑝(𝑝𝑟) refers to the sum of the resulting composite forces. On the axis of 

all these narratives, we have shown the results obtained from our experimental study 

in Figure 4.31 that shown two result parameters (execution time and path length). Also, 

the sensor data and potential forces obtained in path planning experiments are 

graphically shown. 

Exp. Path Sensor data Potential Forces 

1 

 
ET=2.118896e+01  

PL=9.568700e+02  
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2A 

 
ET=2.100241e+01  

PL=9.261285e+02   

2B 

 
ET=2.743410e+01  

PL=9.278920e+02   

3 

 
ET=2.496961e+01  

PL=7.942961e+02   

4A 

 
ET=8.319298e+01  

PL=8.899462e+02   

4B 

 
ET=1.535711e+01  

PL=8.841703e+02   

5A 

 
ET=2.269807e+01  

PL=7.921933e+02   

5B 

 
ET=1.519230e+01   

PL=8.162594e+02   

Figure 4.31.  Experimental results using APF algorithm in a static environment (2A, 4A, and 5A is 

the normal environment; 2B, 4B, and 5B is convex hull applied environment ET: Execution Time; PL: 

Path Length) 
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The meanings of abbreviations/legend used in Figure 4.31: DF is Distance Front, 

DFLD is Distance Front Left Diagonal, DFRD is Distance Front Right Diagonal, DR 

is Distance Right, and DL is Distance Left, respectively. The meanings of 

abbreviations /legend used in the Potential Force column are the following: F1 is a 

potential function of x-direction, F2 is potential in the y-direction, and Frep1and Frep2 

are an indication of repulsive force function vector. Fatt1 and Fatt2 are indications of 

attraction force function vector. In our experiments, five input distance values, which 

are distances at specific angles are measured to compute the repulsive potential from 

forward, left side, right side, forward left diagonal, and forward from right diagonal, 

and angle values according to the target is accepted as input parameters. If the distance 

values are less than the predetermined threshold distance value, the repulsive and 

attractive potential forces will be active. The combination of magnitudes on the 

coordinate axis of the attractive and repulsive force vectors effects the direction of 

motion. All obstacles repulse the robot inversely proportional to the distance, but the 

target attracts the robot in inverse proportion. The direction and speed of the robot take 

into account the potential, attractive, and repulsive components. Robot direction is 

indicated as the potential vector. The distance inputs are for a sample scenario is 

summarized in Figure 4.32. 

 

Figure 4.32. Measurement of repulsive potential vectors 

Several scenarios have tested in our proposed system. However, eight different test 

scenarios have been configured here to evaluate the performance of the system using 

Figure’s test environments, each of which is conceived with the different levels of 

complexity was used. It is understood from the results of the experiments that this 

method is an effective method of path planning. However, the best algorithm will be 

determined after analyzing the obtained results together with the other algorithms we 

use. This evaluation is given in the experimental evaluation title. 
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4.2.6. GA  

Genetic algorithms (GA) were first proposed by John Holland [127] as the 

stochastic best solution for the survival of the best in the complex multidimensional 

search field, similar to the evolutionary process observed in nature. GA is an effective 

and useful optimization method that can be used in cases where the search field is large 

and complex, the problem cannot be expressed in a particular mathematical model, 

and the desired results cannot be achieved. It is an effective way to solve real-world 

problems such as the mobile robot path planning based on evolutionary concepts [128-

130]. GA begins with a series of solutions or populations called chromosomes. 

In our experiments, the GA method has been applied by using the experimental 

configurations shown in the previous sections. The resolution of the robot maps in 

which experimental studies are performed is high. Therefore, we first try to 

computationally make possible the development of the robotic path of the evolutionary 

algorithm by reducing the map resolution. The size of the population consists of pixels 

in the binary image. Each individual in the population group represents a solution 

assessed by the fitness function. High-grade generations are considered more 

appropriate than low-grade generations.  

The general GA algorithm flowchart is given in Figure 4.33. Each step of the 

algorithm is given in this graph (such as selection, crossover, and mutation), and other 

details of the algorithm are omitted. Until the desired solution is achieved, the basic 

algorithm follows an iterative approach to generate new generations until the specified 

criterion for stopping the cycle is met. 

 

Figure 4.33. The general flowchart of the genetic algorithm (GA) 

As the evolutionary search area is large, the resolution reduced to the MxN size 

maps by a factor. The resultant map has dimensions ceil(x/α) * ceil(y/α) that we used 
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in the experimental configurations, therefore, the map resolution has been reduced to 

facilitate the calculation of the optimal path with the evolutionary approach. Each cell 

in the map (binary image) determined based on the presence (1) or absence (0) of an 

obstacle, which is aggregated value denotes the shade of gray with 1 denoting complete 

black and 0 denoting complete white [130]. Eq. (4.26) and (4.27) are utilized to 

calculate these expressions. 

𝐶𝑖,𝑗 = {
0,   no obstacle exists at a location (i, j) of map  
1,    an obstacle exists at a location (i, j) of map

 (4.26) 

𝑑𝑘𝑙 = ∑ ∑ 𝐶𝑖,𝑗
𝑘𝑖

 (4.27) 

Here 0 ≤ i ≤ M, 0 ≤ j ≤ N and 𝑑𝑘𝑙 is any aggregated cell of the lower resolution map. 

The result graphs obtained with GA, which we used to find a suitable and optimum 

path for the robot to reach the target from the source, are shown in Figure 4.34. 

Exp. Path Convergence 
Path Length/ 

Exec. Time (sec) 

1 

  

ET=8.269551e+01 

PL=382 

 

2A 

  

 ET=1.654419e+01 

PL=1175 

 

2B 

  

 

Convex Hull appl. 

ET=3.665583e+01 

PL=1073 

 

3 

 
 

ET=2.649140e+02 

PL =1068 
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4A 

 

 

ET=3.742653e+01 

PL=1084 

 

4B 

  

ET=9.262215e+01 

PL=1004 

 

5A 

 
 

ET=8.226215e+01 

PL=988 

 

5B 

 
 

ET=8.226215e+01 

PL=1018 

 

Figure 4.34. Experimental results using GA algorithm in the static environment (2A, 4A, and 5A is the 

normal environment; 2B, 4B, and 5B is the convex hull applied environment ET: Execution Time; PL: 

Path Length) 

The position of fixed points in the binary image characterized by pixels in the 

formation of genetic individuals is useful in determining the limit of the fitness 

function for optimization. The path was created by using the links between these 

points. The length of these points is specified for the fitness function. The graphic 

technique is a traditional way of representing the environment in which a mobile robot 

moves. In GA, the pathway is formed by midpoints of free rings represented by 

variable-length chromosomes. The accuracy of this method has been tested, as shown 

in Figure 4.34, by creating several configuration areas.  

4.2.7. Type 1 Fuzzy Logic  

The fuzzy logic is one of the soft computing methods that is essentially a system 

to deal with uncertainty, to characterize the types of knowledge that cannot be 

represented by conventional Boolean algebra and it was proposed by Lotfi A. Zadeh 
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at the beginning of the 1990s [85, 84]. The simplicity of control, low cost, and the 

possibility of design without knowing the exact mathematical model of the process 

show the importance of Fuzzy controllers. Because of these situations, fuzzy logic has 

become a prevalent and exciting topic of computer science and robotics and been used 

in a variety of applications, especially in autonomous mobile robots’ navigation 

control applications. Mobile robot path planning in unknown (indoor/outdoor) and in 

various environments (static/dynamic) have been considered using various algorithms 

[131-134]. The Fuzzy logic technique can make decisions such as humans in avoiding 

obstacles in a complex environment, structured and unstructured. There are many 

variations of the concept of fuzzy logic that allows objects to receive partial 

membership in uncertain categories obtained using a structure called a fuzzy set. The 

fuzzy set theory allows defining the behavior of systems by using elements of 

probability degrees called membership function. The configuration of the general 

components (fuzzification, rule base, fuzzy inference, and defuzzification) that make 

up the proposed fuzzy controller is shown in Figure 4.35. The fuzzification phase 

occurs from the linguistic variable transformed in each real value’s input and outputs 

of fuzzy sets. The second part is a fuzzy inference that governs the fuzzy logic control 

process and combines the facts obtained from the defuzzification of the rule base. To 

transform the subset of output, which is computed by the inference engine, is the 

primary function of the defuzzification block. 

 

Figure 4.35. The proposed Fuzzy Logic Approach for Mobile Robot Path Planning  

In the proposed method, the type -1 fuzzy logic control algorithm is used for robot 

path planning- information on how all of the inputs are obtained, as described in the 

previous chapters. Six input parameters were used. The input parameters required for 

this method are shown in Figure 4.35. These are the angles of the robot measured to 

the target direction which is always between -180 degrees and 180 degrees, distance 
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from target, distances from obstacles which are distances between the robot and 

obstacles measured from virtual sensors around the robot, and turn that the robot must 

avoid the closest obstacle stand for forward, left or right turn respectively. The 

distances are normalized to be between 0 and 1, multiplied by a constant. The 

algorithm was evaluated in two stages. In the first stage, the mobile robot aims to act 

to go to the goal, while in the second stage, the obstacle avoidance action is realized. 

We designed an expert system for this methodology and created appropriate decision 

rules for the desired output (path) values. Fuzzy control with different types of 

membership functions have been designed, and fuzzy control algorithms have been 

developed for mobile robot behavior control. The details about fuzzy logic components 

are given in the following sections. 

4.2.7.1.    Fuzzification 

The Fuzzification process comprises a scale of transformation of the fuzzy set 

convert into suitable linguistic variables. First, the system defines fuzzy variables that 

correspond to input variables. The linguistic variables used in our application and the 

corresponding linguistic terms are summarized in Table 4.3 — linguistic variables and 

their corresponding linguistic terms — the MFs consist of one or several types-1 fuzzy 

sets. The selection of fuzzy sets is based on expert judgment using natural language 

terms that define fuzzy values that MFs may be triangular, trapezoid, or bell-shaped. 

These graphically represent a fuzzy set in which the x-axis represents the discourse 

universe, and the y-axis represents membership degrees in the range [0, 1]. A list of 

the shapes and characteristics of the existing MFs developed and used is given in Table 

4.2.  

Table 4.2. Membership function shapes [132]  

Membership 

functions 
Equation of MFs Shape of Function 

Triangular MFs 

  

Trapezoidal MFs 
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Gaussian MFs 

  

S-Shape MFs 

 
 

Z-Shape MFs 

  
*Where c and σ, nt the center and width of the graph and, respectively.  

Depending on the type of problem, and the experience level of the expert, the 

number of sets and MFs are selected. In our application, the preferred type of MFs is 

triangular and Gaussian functions. There is no standard design method that can be 

followed to create an effective solution for the number and structure of member 

functions. While the behavior of the fuzzy system can be improved by increasing the 

number of MFs, it can also increase the computational time required for real-time 

applications and increase the number of rules leading to the formation of complex 

rules. Considering all these situations, the most appropriate number of MFs and the 

structure of these functions have been preferred in order to obtain appropriate results 

against the required inputs. 

Table 4.3. Linguistic variables and their corresponding linguistic terms 

 Linguistic Variable Linguistic Terms Abbreviations of Term 

In
p

u
ts

 M
F

s Distances 

Right (DR) Near, Medium, Far N, M, F 

Left (DL) Near, Medium, Far N, M, F 

Front  (DF) Near, Medium, Far N, M, F 

Distance to Goal 

(DG) 
Near, Medium, Far N, M, F 

Angle to Goal (AG) 

More Negative, Negative, 

No Change, Positive, 

More Positive 

MN, N, NC, P, MP 

Turn to Avoid Obstacle (TO) Right, Left R, L 

O
u

tp
u

t 

Steering Angle (SA) 
More Left, Left, Forward, 

Right, More Right 
ML, L, F, R, MR 

In fuzzy logic, the degree of membership is a valuation parameter that represents 

the ownership of a particular event or situation. The membership function represents 

the fuzzy set (𝐴̃) is usually donated by μA. The representation of membership function 
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distribution for proposed global path planning behavior and the structure of the fuzzy 

system is graphically illustrated in Figure 4.36.  

 

Figure 4.36. The structure of the fuzzy system: 6 inputs, 1 output, 48 rules 

4.2.7.2.    Fuzzy Inference Engine 

The inference engine is an interface that processes input values regarding specific 

rules, which are part of the FIS core that drive the system formulated based on human 

perception and produced fuzzy output sets. The inference engine creates the 

intermediate stage between the fuzzification and defuzzification of the fuzzy system. 

The inference engine consists of rules that usually use logical operators to combine 

input and output units. These operators, also known as Max-Min operators, take into 

account the basic methodology and language meaning of AND, OR, NOT. Logical 

operators receive fuzzy inputs and produce fuzzy outputs. In this phase, the fuzzy logic 

principle is used to map fuzzy input sets (X1 x…x Xp) that are based on IF-THEN 

rules, which is interpreted as a fuzzy implication through to fuzzy output set. The 

desired behavior is defined by a set of linguistic rules. For instance, a type-1 fuzzy 

(T1F) logic with p inputs (x1 ϵ X1… xp ϵ Xp) and one output (y ϵ Y) with M rules 

have the following form.  

𝑅: 𝐼𝐹 𝑥1  𝑖𝑠  𝐴̃ 𝑎𝑛𝑑/ 𝑜𝑟 𝑥2 𝑖𝑠 𝐵̃ 𝑇𝐻𝐸𝑁 𝑦 𝑖𝑠  𝐺   

In these experiments, we used T1F sets and a minimum t-norm operation. To 

reduce the number of input parameters and make the rule table understandable, the 
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maximum values from the left front diagonal sensor and the left sensor are expressed 

as left sensor information. The same process has been applied for the right front 

diagonal sensor and right sensors. As a result, DL represents the maximum value of 

the distance values from the left, and DR represents distance values from the right 

sensors. In other words, since the sensor value closer to the obstacle will be larger, it 

does make sense to use this data to perform collision-free path planning. The 

knowledge bases for each controller consist of 48 rules utilized for the proposed 

system are presented in Table 4.4.   

Table 4.4.  Fuzzy Inference Rules for The Proposed Global Path 

 DL DF DR AG TO DT SA 

1  N   LT  MN 

2  M   LT  L 

3  F   LT  L 

4  N   RT  MR 

5  M   RT  R 

6  F   RT  R 

7 N      MR 

8 M      R 

9   N    MR 

10   M    L 

11    NA  N ML 

12    MNA  N ML 

13    NC  N NCD 

14    PA  N MR 

15    MPA  N MR 

… 

42    MNA  F L 

43    NA  F L 

44    NC  F NCD 

45    PA  F R 

46    MPA  F R 

47    MNA  M ML 

48    PA  N MR 

 

Table 4.3 provides the meanings of the abbreviations used in Table 4.4 Fuzzy 

Inference Rules are considered for evaluating the proposed system. The surface 

generated with the fuzzy inference design is shown in Figure 4.37.   
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Figure 4.37. Steering Angle Control Fuzzy Surface Viewer 

4.2.7.3.    Defuzzification 

Defuzzification is the process of producing a measurable crisp result of fuzzy 

clusters and corresponding membership degrees. It is the process of converting 

fuzzified inputs to the single crisp output value. There are several well-known 

defuzzification methods that are the Center of Sums (COS), Centroid of Area (COA)/ 

Center of gravity (COG) Method, Bisector of Area (BOA), Weighted Average 

Method, and Mean of Maximum (MOM). In our proposed system, the final output 

(crisp value) is obtained using the COA [132], which essentially calculates the centroid 

of the total area representing the fuzzy output set. The result graphs obtained with 

Type1 Fuzzy Logic control, which we used to find a suitable and optimum path to 

reach the target from the source, are shown in Figure 4.38. 

Exp. Path Sensor Data 
Path Length/ 

Exec. Time (sec) 

1 

  

ET=1.140607e+01  

PL=6.061721e+02 

2A 

  

Collision Occurred 
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2B 

  

ET=1.185215e+01  

PL=7.199949e+02 

3 

  

ET=1.781078e+01  

PL=8.640160e+02 

4A 

  

Collision Occurred 

4B 

  

ET=3.078549e+01  

PL=5.909074e+02 

5B 

  

ET=1.154311e+01  

PL=6.280074e+02 

Figure 4.38.  Experimental results using the Type1 FIS algorithm in static environments (2A and 4A is 

the normal environment; 2B, 4B, and 5B are the convex hull applied environment (ET: Execution Time; 

PL: Path Length)  

The experimental studies reveal that the T1F logic method shows the action of 

hitting obstacles in sharp turns. The convex hull method has been applied to overcome 

this situation. After that, the path plan has been completed without collision. The 

execution time, path length, and virtual sensors data are worked out, and the sensors' 

data are processed and shown graphically.  

4.2.8. Type 2 Fuzzy Logic  

In this section, first, a brief description of type 2 fuzzy logic is provided, then 

details of how this method applied in our system are discussed. Next, the application 



65 

 

steps and results that form the basis and the design of the T2F model for mobile robot 

path planning are presented.  

In its robustness for controlling nonlinear systems with variation and uncertainties, 

the T2F method has proven to be a reliable tool for controlling complex systems [135-

137]. The presence of uncertainties in a nonlinear system control uses the highest and 

lowest values of the parameters, extending the T1F method (Figure 4.39a) to T2F 

(Figure 4.39b). Uncertainty is a characteristic of information, which may be 

incomplete, inaccurate, undefined, inconsistent, and so on. The uncertainty is 

represented by a region called the footprint of uncertainty (FOU). That is a bounded 

region that uses an upper and lower T1F membership function. 

 

Figure 4.39. (a) T1F membership function and (b) T2F membership function (IT2FIS). Legend: FOU, 

the footprint of uncertainty. 

Type 2 fuzzy logic requires more complex mathematical computation than type-1 

fuzzy logic. This complexity is time-consuming in real-time applications. The interval 

Type-2 Fuzzy Inference System (IT2FIS) has been proposed to minimize this 

complexity. Despite the advantages of having a third dimension that determines 

membership for each point in a vertical line of FOU, the computation required for the 

general case renders T2F unenforceable, because, for general T2F, it is not preferable 

to compute coverage for all conditions, especially in terms of process complexity. 

When the number of variables is high, the operation of T2F sets becomes complicated. 

To solve this problem, Karnik and Mendel [138] were proposed a simple method called 

interval type 2 fuzzy set (IT2FS). 

4.2.8.1.     Interval Type-2 Fuzzy Logic System 

Interval type-2 is a special uniform function of a T2F membership function (MFs)   

that second grades take only 1 value. An interval type-2 fuzzy set (IT2FIS) denoted by 

𝐴̃, it is expressed in (4.28) or (4.29). 
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𝐴̃ = {(𝑥, 𝑦),µ𝐴̃(𝑥, 𝑦)| ∀𝑥𝜖 𝑋, ∀𝑢𝜖 𝐽𝑥 ⊆ [0 1]} (4.28)                             

𝐴̃ =  ∫
𝑥𝜖𝑋

∫
𝑢𝜖𝐽𝑥

1/(𝑥, 𝑢) 𝐽𝑥 ⊆ [0 1] (4.29)  

where ∫ ∫  denote the union of all acceptable 𝑥 and 𝑢. An IT2FIS is defined in terms 

of an upper membership function with µ̅𝐴̃ (𝑥) and a lower membership function with 

µ𝐴̃(𝑥). 𝐽𝑥  is just the interval of [µ̅𝐴̃ (𝑥), µ𝐴̃(𝑥)]. The upper membership function 

(UMF) and lower membership function (LMF) is determined using two T1F MFs 

which are boundaries of the footprint of Uncertainties (FOU). 

 Hence, µ𝐴̃(𝑥, 𝑢) = 1, ∀𝑢ϵ 𝐽𝑥 ⊆ [0 1] is considered as an IT2FIS membership 

function. The MFs of IT2FIS shape is three dimensional; the third-dimension value is 

1 everywhere. It has been found to perform better than T1FS for noisy and well-

defined systems in real-time applications that is a specific case where µ𝑨̃(𝒙, 𝒖) = 𝟏 

and the integral form definition is given below. 

 

Figure 4.40. 3D Representation of Interval Type-2 Membership Function [137] 

A T2F is characterized by IF-THEN rules, where the antecedent and consequent 

sets are T2F. For designing a T2F controller, it is necessary to know the block structure 

used with T1F, because the basic blocks used are the same as those used with T1F. As 

seen in Figure 4.41, a T2F includes a fuzzifier, a rule base, a fuzzy inference engine, 

and an output processor. The output processor includes a type-reducer (TR) and a 

Defuzzifier. The TR is the main distinctive point between T1F and T2F systems. A 

T1F set outputs or crisp numbers are generated from the TR of T2F. The type reducer 

is added because of its association with the nature of the membership grades of the 

elements [138, 139]. 
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Figure 4.41.  Structure of a type-2 fuzzy logic system 

4.2.8.2.   Type Reduction  

All fuzzy logic systems have to produce a crisp output in order to have a practical 

application. The single combined T2F set has to be processed with the TR and the 

defuzzifier. The defuzzifier combines the output sets to obtain a single output using 

one of the existing RT methods that were proposed by Karnik and Mendel [140, 141]. 

Several methods commonly utilized for type reduction such as centroid type reduction, 

height type reduction, and center of the set. In these experiments, a center of sets (cos) 

type reduction method was used. The mathematical expression of this method is shown 

in Equation (4.30). 

𝑌𝑐𝑜𝑠(𝑥) = [𝑦𝑙 , 𝑦𝑟] = ∫
𝑦1∈[𝑦𝑙

1,𝑦𝑟
1]

… ∫
𝑦1∈[𝑦𝑙

𝑀,𝑦𝑟
𝑀]

∫
𝑓1∈[𝑓 1 ,𝑓

1
]
… ∫

𝑓𝑀∈[𝑓 𝑀 ,𝑓
𝑀

]
∕

∑ 𝑓𝑖𝑦𝑖𝑀
𝑖=1

∑ 𝑓𝑖𝑀
𝑖=1

 (4.30) 

This center of sets is completely characterized by its left and right endpoints. The 

consequent set of the IT2FIS determined those two endpoints (𝑦𝑙 , 𝑦𝑟). If the values of 

𝑓𝑖 and 𝑦𝑖 which are associated with 𝑦𝑙 are denoted to 𝑓𝑙
𝑖
 and 𝑦𝑙

𝑖, respectively, and the 

values of 𝑓𝑖 and 𝑦𝑖 which are associated with 𝑦𝑟 are denoted to 𝑓𝑟
𝑖
 and 𝑦𝑟

𝑖 respectively, 

𝑓 i and 𝑓
i
 are the lower and upper firing degrees of the 𝑖 𝑡ℎ rule, and 𝑀 is the number 

of fired rules. These points are given in Equations (4.31) and (4.32). 

𝑦𝑙 =
∑ 𝑓𝑙

𝑖𝑦𝑙
𝑖𝑀

𝑖=1

∑ 𝑓𝑙
𝑖𝑀

𝑖=1

 (4.31)  

𝑦𝑟 =
∑ 𝑓𝑟

𝑖𝑦𝑟
𝑖𝑀

𝑖=1

∑ 𝑓𝑟
𝑖𝑀

𝑖=1

 (4.32)  

The outputs of interval type-2 fuzzy system are represented with 𝑦𝑙 and 𝑦𝑟. 
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4.2.8.3.    Fuzzifier 

In this case, the inputs of the fuzzy set are converted into suitable linguistic 

variables; the MFs consist of one or several T2F sets. A numerical vector x of the 

fuzzifier maps converts into a T2F set (A). The outputs of the T2F sets are considered 

a singleton. In a singleton fuzzification, the inputs are crisp values on nonzero 

membership. 

In these experiments, we dealt with four inputs: angle to the goal (𝜃𝑒), distance 

from the target (DT), distances from the obstacles (DL, DF, DR), and turn to avoid an 

obstacle (TO). Figure 4.42 illustrates the block diagram of these parameters. 

 

Figure 4.42. Input parameters of the fuzzy-based robot path planning block diagram 

The angle between the target and the robot is the angle that the robot must turn to 

reach the target. The angle range is between −180 to +180. The distance to the target 

is normalized between 0 and 1. The distance between the nearest obstacles in the 

direction in which the robot moves is the distance from the obstacle. This distance is 

also normalized between 0 and 1 [113]. The movement angle of the robot on the 

obstacle-free path is taken as the angle of robot direction rotation. There is a single 

output that measures the turning angle along with the direction. These values are 

essential when creating the functions of the physical. After the inputs are specified, the 

selection of the membership functions is performed. The geometry of the MFs is 

arbitrarily selectable. The MFs used in our application is shown in Figure 4.43. 
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Figure 4.43.  Membership Functions for IT2FIS based Path Planning 
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4.2.8.4.    Fuzzy Inference Engine 

The inference engine is an interface that processes input values according to 

specific rules and produces fuzzy output sets. That is, it combines or arranges a center 

between the input and the output. It is necessary to compute the intersection and union 

of type-2 sets and implement compositions of type-2 relations. A set of linguistic rules 

defines the desired behavior. For instance, a T2F logic with p inputs (𝑥1 ∈ 𝑋1 , … 𝑥𝑝 ∈

 𝑋𝑝) and one output (y ∈ Y) with 𝑀 rules has the following form. 

𝑅ℓ: IF 𝑥1 is 𝐹̃1
ℓ …and 𝑥𝑝 is 𝐹̃𝑝

ℓ THEN 𝑦 is G̃ℓ, ℓ = 1… .𝑀 

Table 4.5. Fuzzy Inference Rules for the proposed global path.  

 DL DF DR AG TO DT SA 

1  N   LT  MN 

2  M   LT  L 

3  F   LT  L 

4  N   RT  MR 

5  M   RT  R 

6  F   RT  R 

7 N      MR 

8 M      R 

9   N    MR 

10   M    L 

11    NA  N ML 

12    MNA  N ML 

13    NC  N NCD 

14    PA  N MR 

15    MPA  N MR 

… 

44    NC  F NCD 

45    PA  F R 

46    MPA  F R 

47    MNA  M ML 

48    PA  N MR 

The knowledge bases for each controller consist of 48 rules related to the robot 

Steering angle (SA), which are presented in Table 4.5. Detailed explanations of all 

abbreviations provided in Table 4.3. The rules created here are the same as the T1F 

controller explained in the previous section. Therefore, it would be easier to examine 

the difference between these two controllers. The rule firing strength 𝐹𝑖(𝑥) for the 

crisp input, the vector is given by the type-1 fuzzy set. 
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𝐹𝑙(𝑥′) = [𝑓 𝑙 (𝑥′), 𝑓
𝑙
(𝑥′)] ≡ [𝑓 𝑙  , 𝑓

𝑙
] (4.33) 

where 𝑓 𝑙  and 𝑓
𝑙
are the lower and upper firing degrees of the 𝑙 𝑡ℎ rule, computed 

using Equations (4.34) and (4.35) in which ∗ represents the t-norm, which is the 𝑝𝑟𝑜𝑑 

operator in these equations. 

𝑓 𝑙(𝑥′) = µ𝐹̃1
𝑙( 𝑥1

′) ∗ … ∗ µ𝐹̃𝑝
𝑙(𝑥𝑝

′ ) (4.34) 

𝑓
𝑙
(𝑥′) = µ

𝐹̃1
𝑙( 𝑥1

′) ∗ … ∗ µ
𝐹̃1

𝑙( 𝑥𝑝
′ ) (4.35) 

To evaluate the proposed system, an inference table was created by considering all 

possibilities. As an example, the fuzzy inference surface constructed by the two inputs 

and one output parameter is shown in Figure 4.44.  

 

Figure 4.44. Steering Angle Control IT2FIS Surface Viewer 

4.2.8.5.    Defuzzifier 

The interval fuzzy set 𝑌𝑐𝑜𝑠 (𝑥) variables obtained from the type reducer have been 

defuzzified and the average of 𝑦𝑙 and 𝑦𝑟 have been used to defuzzify the output of an 

interval singleton type-2 fuzzy logic system. The equation is written as;  

𝑦(𝑥) =
𝑦𝑙 + 𝑦𝑟

2
 

(4.36) 
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4.2.8.6.    Experimental Results Obtained Using IT2FIS  

To evaluate the applicability of this method, many experiments have been 

performed. It has been shown that this algorithm can be easily used on a global path 

planning problem. To thoroughly test the algorithm behavior, we have conducted 

numerous experiments on different maps.  The results are provided in Figure 4.45. 

Exp Path Sensor Data 
Path Length/ 

Exec. Time (sec) 

1 

 
 

ET=1.192766e+01 

PL=6.417938e+02 

2A 

 

 

ET=1.219110e+01 

PL=7.275554e+02 

2B 

  

ET=1.203812e+01 

PL=7.274216e+02 

3 

 
 

ET=1.953006e+01 

PL=6.728269e+02 

4A 

 
 

ET=1.164871e+01 

PL=5.644940e+02 
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4B 

 
 

ET=1.209483e+01 

PL=6.016878e+02 

5A 

  

ET=1.276643e+01 

PL=6.153243e+02 

5B 

  

ET=1.263943e+01  

PL=6.228517e+02 

Figure 4.45. Path Planning Experimental Results Using IT2FIS Algorithm in Static Environments. (1, 

2A, 4A, 5A) are normal environments and (3, 2B, 4B, 5B) is the convex hull applied environments 

(Legend: ET: Execution Time; PL: Path Length) 

As shown in these figures, the obstacles in the map are depicted as black regions, 

and the obstacle-free path is depicted as the white region. The obstacle placed between 

the robot and the target has a complicated shape and includes the possibility of local 

minimum problems. The mobile robot probably collides with obstacles with such 

sharp lines. To overcome this problem, a convex hull technique was applied. With this 

technique, we observed that the robot’s path leads quickly to the target. IT2FIS 

methods could smoothly manage the path generation process and avoid obstacles. The 

system has been tested to ensure that the robot monitors sharp angles in cases of 

disabilities with irregular lines and distortions under two different variable maps. It 

was first tested under normal conditions (see Fig. 4.45 (Exp. 1, 2A, 4A, 5A)). 

Secondly, in the new map, by changing the conditions, the boundary lines of the 

obstacles in the study area were softened, and the gaps were filled with the convex hull 

method (see Fig. 4.45 (Exp. 3, 2B, 4B, and 5B)). In this case, the path plan was carried 

out without any collision. The virtual sensor data calculated at each point on the path 

obtained during path construction are shown on the same graph. 
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Experiments have been conducted to test the ability of the algorithm to create a 

safe path in the given map without collisions any obstacles. The primary goal is not 

the shortest path production; however, finding the safest path in the presence of 

obstacles of different sizes and shapes is accomplished.  The used performance of the 

path planning algorithms was determined regarding the two following essential criteria 

that are path length and execution time. As a result of this evaluation, the best 

algorithm was used in real-time path tracking. General comparison and calculation 

results have been provided in Chapter 5. 

4.3. Real-Time Mobile Robot Path Tracking Process  

In this section, we will discuss how to develop a vision-based mobile robot path 

tracking strategy. This is the third step of the implementation. In this step, the process 

of following the path obtained in the previous step is performed. The main purpose of 

the comparison of path planning algorithms is to find the most suitable algorithm 

according to the determined parameters. Next, the path drawn by this algorithm is 

followed when going to the path tracking phase. The procedures and explanations 

followed up to this stage were to form the preliminary steps of the real-time mobile 

robot path-tracking process. The path coordinates of the most suitable path planning 

algorithms were used for the robot path tracking process, which is considered as the 

second stage. Since it is understood that the most suitable planner is IT2FIS from the 

path planning algorithms, the path coordinates generated by this algorithm will be 

taken into consideration. It is desirable to track this produced path with a wheeled 

mobile robot (WMR). To accomplish this, the labels placed on the robot will be 

monitored by the overhead camera, and a triangular structure will be formed between 

the center coordinates and the path coordinates. The internal angles and edge lengths 

values of this triangular structure will use to allow the robot to follow the given path. 

Several control algorithms have been applied to use these parameters and to adjust the 

wheel speeds of the robot appropriately. These algorithms are shown in the block 

diagram of LabVIEW, given in Figure 4.2. Suitable outputs will be obtained as robot 

wheel speed values, and according to these speed values, the robot will be able to 

follow the path by displaying certain behaviors. The details of these processes are 

discussed in the following relevant subsections. 

In the first stage, sequential images (video sequence) were taken from the head 

camera (working area), and the labels (L, R, F) on the robot and the center coordinates 
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of the target object were obtained. For this purpose, the color pattern matching method 

was used. A triangular structure was formed between the center coordinates of the 

obtained templates and the target point. The edge lengths and base angles of this 

triangle were used as the controller input, and the robot followed the specified path. 

Four different controllers were used for this path following procedures. Two of 

these controllers (gauss and Dec. tree) have been used in previous studies [2,3,33]. 

Two newly developed controllers (Type-1 and Type-2 fuzzy) use the data obtained 

from the triangular kinematic diagram as input, allowing the robot to track the path 

obtained. The LabVIEW block structure developed for real-time path tracking is 

shown in Figure 4.2. After the input value (angle or length) for the controller is selected 

from the interface, the path-tracking parameters are created according to this input 

value. The control algorithms that have been used to adjust the wheel speeds of the 

robot appropriately are shown in the block diagram of the LabVIEW in Figure 4.46. 

Suitable outputs will be obtained as robot wheel speed values, and according to these 

speed values, the robot will be able to follow the path by displaying certain behaviors. 

The general overview of these control processes is given below. Details of these 

transactions are discussed under the relevant headings under 4.3.3. 

 

Figure 4.46. The general perspective of the Real-time path tracking Control process 
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4.3.1. Object Tracking  

Object Tracking is a standard function used in computer vision. Accurately 

identifying and monitoring objects is an important topic that needs to be analyzed. 

Being able to track an object, first, the object must be distinguished from other objects 

in the background. After making improvements to the image according to the camera 

and light characteristics used, the object is highlighted by focusing on the color and 

shape of the object, which are two essential features that can reveal the difference of 

the object. The success of high-level decision-making processes will ultimately depend 

on how well the foreground is separated from the background and how well the 

foreground moving objects are monitored throughout the video sequence. Next, it is 

checked whether the area that specifies the pixels related to the object has the desired 

shape and whether the area it occupies is larger than a particular pixel value. According 

to these criteria, it is concluded whether the object is in the desired shape and color.  

The purpose of the tracking algorithm is to identify an object in video images and 

identify the object by tracing its trajectory in subsequent sequential video frames or by 

emphasizing the interaction of the object with other objects. Tracking the object very 

similarly in the presence of other objects is performed using algorithms such as 

template matching. The search for target objects in similar images is based on an 

average shift method in LabVIEW, which is useful in tracking even the presence of 

other similar objects, and the probability density according to the object's current 

position and the histogram of the object in the previous image frame.  

There is an auxiliary module for monitoring applications using the NI Vision 

module in LabVIEW. Path tracking was performed by using a template matching 

algorithm using this module. The steps to obtain and follow the templates we use for 

the application are given below. The positions of this object must be detected correctly 

at startup. The code block structure of this process is shown in Figure 4.47.  

 

Figure 4.47. Object tracking block diagram 
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The information and block structure for implementing this algorithm in LabVIEW 

are using the IMAQ library. This was chosen for continuous tracking of the coordinates 

of the labels being followed and to be able to work independently of the background 

of the image. It is appropriate to use a template matching algorithm to track an object. 

In the proposed system, when following the labels placed on the robot, differentiation 

from the first template may be seen depending on the direction and rotation of the 

robot.  

4.3.2. Kinematic Analysis of a Mobile Robot  

This section will provide information about the traditional kinematics of mobile 

robot and motion planning. As it is known, a traveling robot with a differential drive 

has a non-holonomic structure because it has differential constraints that cannot be 

fully integrated. The system in which the robot cannot move sideways and moves on 

the principle of rotating wheels is expressed by the term non-holonomic [8]. In order 

to make a smooth curved path plan for a traveling robot, the kinematic model of the 

non-holonomic traveling robot with a differential drive must first be obtained. To 

construct the kinematic equations of the WMR, it is necessary to define some 

parameters. These parameters are generated considering Figure 4.48. This figure 

illustrates a kinematic and dynamic model of a two-wheeled mobile robot with a non-

holonomic differential drive.  

 

Figure 4.48.  A kinematic and dynamic model of the non-holonomic differential drive two-wheeled 

mobile robot 

In Figure 4.48, L shows the width between the left and right wheels, R is the radius 

of the wheels, and C is the center of mass of the mobile robot. The field of the 
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navigation landmark environment is shown with (O: Origin, X, Y), and the moving 

axis of the mobile robot is shown with (θ, x, y). θ is the angle of rotation representing 

the orientation of the robot about an axis (O, X). The initial posture of the mobile robot 

is denoted by three parameters (x, y, θ), as given in (4.37).  

𝑞 = [𝑥, 𝑦, 𝜃]𝑇 (4.37) 

Equation (4.38) is written for non-holonomic constraints. 

𝒚̇cos 𝜃 − 𝒙̇sin 𝜃 = 0 (4.38) 

The relationship between linear speed and angular velocity of the wheels is 

explained by the following equations.  

𝑉 = 𝜔. 𝑅 (4.39) 

𝑉𝑅 = 𝜔𝑅 . 𝑅 (4.40) 

𝑉𝐿 = 𝜔𝐿 . 𝑅 (4.41) 

𝜔 =
𝑉𝑅 − 𝑉𝐿

𝐿
 (4.42) 

𝑉 =
𝑉𝑅 + 𝑉𝐿

2
 (4.43) 

[
𝑉
𝜔

] = [

1

2

1

2
1

𝐿

1

𝐿

] [
𝑉𝑅

𝑉𝐿
] (4.44) 

In Figure 4.48, L shows the width between the left and right wheels, R is the radius 

of the wheels, and C is the center of mass of the mobile robot. The field of the 

navigation landmark environment is shown with (O: Origin, X, Y), and the moving 

axis of the mobile robot is shown with (θ, x, y). θ is the angle of rotation representing 

the orientation of the robot about an axis (O, X). The initial posture of the mobile robot 

is denoted by three parameters (x, y, θ), as given in (4.45).  

𝑞̇ =

[
 
 
 
 
 
𝑑𝑥

𝑑𝑡
= 𝑥̇

𝑑𝑦

𝑑𝑡
= 𝑦̇

𝑑𝜃

𝑑𝑡
= 𝜃̇]

 
 
 
 
 

= [
cos 𝜃 0
sin 𝜃 0

0 1
] [

𝑉
𝜔

] 
   

(4.45) 

These equations apply to the mobile robot's motion control. To plan the movement 

of a mobile robot between the starting point and the desired target point, specific nodes 
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must be referenced. In this system, circles, arcs, curves, and straight lines can be used 

to form orbits (see Figure 4.49). It is first determined which joints the robots will pass 

to reach the target position from their current position. The trajectories are formed so 

that they pass over the given nodes. These nodes are recorded as path coordinates to 

be followed.  

 

Figure 4.49. Critical nodes in the path planning 

4.3.3. Proposed Control Architecture  

In this section, a kinematic control approach is proposed to run and keep up the 

mobile robot along the generated path. Lego Mindstorms [142,143] differential drive 

mobile robot, which consists of the two front driving wheels and one caster wheel for 

carrying the chassis was used for this purpose. This robot is mounted two separate 

motors for driving the wheels and control the motion and orientation of the robot. The 

structure of the proposed system is illustrated in Figure 4.50. To conduct the 

experiments, the parameters presented in Figure 4.50 were utilized. 

 

Figure 4.50.  Triangle-based proposed positioning model scheme
 



80 

 

In Figure 4.50, L (lx, ly), F (fx, fy), and R (rx, ry) refer to the center coordinates of 

the labels (L, F, R) placed on the robot top. L and R are placed on the robot coinciding 

with the wheels. F is used to indicate the direction of the robot. T (tx, ty) represents the 

target coordinate and C (cx, cy)  represents the robot's central points, which is calculated 

using center coordinate values of L, F and R. The target coordinates refer to the 

coordinates of the previously obtained global path. This situation will be continuously 

updated when the robot follows the path, and the final coordinate will be reached when 

the robot reaches the destination. If the distance value between F and T is smaller than 

the distance between L and R and the new target coordinate is updated with ten path 

nodes hospitality.  

Several image processing steps have been applied to obtaining these labels. Since 

this process has been elaborated on in the previous sections. A graph-based triangle 

shape was created between these labels. This triangle is continuously updated 

according to a threshold value between the wheel labels and an intermediate target on 

the formed path. The right-left and target internal angles of this structure is denoted 

with 𝑅𝐴, 𝐿𝐴 , and 𝑇𝐴 and the lengths between these nodes (L, R, T) is denoted with  ∆𝑥,

∆𝑦, 𝑎𝑛𝑑  ∆𝑧 respectively. Other details of this structure are given in the following 

sections. 

4.3.3.1.    Distance-Based Triangle Shape Model  

To create the proposed structure, the graph obtained in Figure 4.50 was used. Four 

vertices (F, R, L, and T) were used in this graph. Each edge of this graph has a weight, 

which is used to control the robot when navigating. The edge lengths of this structure 

were obtained by a number of trigonometric calculation methods. ∆𝒙, ∆𝒚, ∆𝒛, and ∆𝑻  

are indicate the weight of the edges between nodes. The distance between the robot 

and the target position is indicated by ∆𝑻. These distances were calculated using the 

Euclidean theorem. Equation (4.46) was used to obtain the left edge length of the 

proposed triangular structure. The right lengths were obtained by the same theorem. 

Right and left side weights (∆𝒙, ∆𝒚) are used to control the WMR wheel velocities. 

The edge ∆𝑻 is used to stop the mobile robot when it reaches a pre-defined threshold 

∆𝑥= 𝑑(𝐿, 𝑃) = √(𝑃𝑥 − 𝐿𝑥)2 + (𝑃𝑦 − 𝐿𝑦)2 (4.46) 
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value. This threshold value is calculated by using the ∆𝒛 edge weight. When DT 

reaches to 4/3*∆𝒛, then the stopping procedure is activated. 

4.3.3.2.    Angle-Based Triangle Shape Model  

To control the mobile robot with a triangle shape-based model, as shown in Figure 

4.49, first, the coordinates of the nodes were determined, and a triangular graph 

structure was created between the nodes. The motion control of the robot is realized 

by using the internal angles of this triangle. These are represented by 𝑅𝐴, 𝐿𝐴 , and 𝑇𝐴  

, respectively. The parameters 𝑅𝐴 and 𝐿𝐴  are the control inputs for wheel velocity. On 

the other hand, the 𝑇𝐴 parameter is used to stop the mobile robot when it reaches a 

predefined threshold. To regulate input parameters for the controller, acquired angle 

data are compared dynamically. Whenever the robot moves, the angle values of 

tracked objects are updated periodically by using the coordinate values in the 2D (x-

y) space. Several trigonometric calculation methods obtained the internal angles of this 

structure. The interior angle values were calculated using the Law of Cosine [144] 

theorem given in equation (4.47).  

∆𝒙, ∆𝒚 , and  ∆𝒛 are distance vectors between the centroid coordinates of the 

detected objects. The ′𝑅𝐴′is the radian value of the related angle and ′Ang𝑅𝐴
′  is the 

conversion of this radian value to the degree value. Velocity values for both wheels 

are computed according to these angle values for the triangle-based approach. The 

same theorem is used to obtain the 𝐿𝐴  and 𝑇𝐴. 

4.3.4. Proposed Control Algorithms 

For global path planning and path tracking applications, mobile robots must have 

the ability to reach the destination from the starting point within its workspace with 

avoiding any collision which can cause harm to the robot. In this dissertation, a hybrid 

control architecture has been developed to meet these requirements and to control the 

mobile robot. This architecture is combined with the idea of minimizing the systematic 

or non-systematic error of the rapid response of reactive architecture by its strong 

 𝑅𝐴 = acos (
∆x

2 − ∆y
2 − ∆z

2

−2 ∗ ∆y ∗ ∆z
) (4.47) 

 Ang𝑅𝐴
= 𝑅𝐴 ∗

180

pi
 (4.48) 
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vision-based planning ability. Four different control algorithms have been utilized on 

the proposed kinematic control approach in order to realize the motion control of the 

wheeled mobile robot. The details of these algorithms are discussed next. 

4.3.4.1.    Gaussian Control Algorithm 

The Gaussian (normal) distribution that has many mathematically advantageous 

characteristics is used across engineering disciplines. The single-dimensional general 

Gaussian function is given in Equation (4.49). 

 𝑓𝐺(𝑥) =
1

𝜎√2𝜋
𝑒

−
(𝑥−𝜇)2

2𝜎2  
(4.49) 

This equation is distributed according to the parameters of the mean (μ) and 

standard deviation (σ). The input parameter (x) in this equation is the difference 

between ∆x, ∆y, or RA, LA, which are graph weight (edge length) values and interior 

angle of the proposed visual-based control scheme as detailed previously. The 

following equations were used to calculate the input parameter (x).  

 𝑋(𝐸𝑑𝑔𝑒 ) = |
∆𝑦 − ∆𝑥

𝜆
| (4.49) 

  𝑋(𝐴𝑛𝑔𝑙𝑒) = |
𝐿𝐴 − 𝑅𝐴

𝜑
| (4.50) 

In these equations,  𝑋(𝐸𝑑𝑔𝑒 ) and  𝑋(𝐴𝑛𝑔𝑙𝑒) represent the absolute difference value 

for distance and angle approaches, and 𝜆 and 𝜑 are fixed constants that are found as 

empirically. These constants are used as smoothing factors to adjust the amplitude of 

the 𝑋𝐴/𝐸 output; this process smooths wheel reactions and facilitates the calculation of 

velocity parameters. To calculate the effect of the Gaussian function on wheel speeds 

and models, the go-to-goal behavior of the mobile robot, Equation (4.51), was used. 

Where 𝑉𝐶 is used as the wheel speed coefficient. 𝑉𝑚𝑎𝑥 is the maximum speed of 

the wheel and fG is a Gaussian function.  The difference in (1 − 𝑓𝐺) provides inverse 

effects on the wheels as a key approach in adjusting the wheel positions to compensate 

for the robot position. Equations obtained and used to calculate the final value of the 

wheels are given below. 

 𝑉𝐶 = 𝑉𝑚𝑎𝑥 ∗ (1 − 𝑓𝐺) (4.51) 
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Distance-Based Gaussian Control (GGC) Angle-Based Gaussian Control (AGC)  

𝑉𝐿 = {
𝑉𝑚𝑎𝑥 ∗ 𝜏 + 𝑉𝐶 , ∆𝑥< ∆𝑦

𝑉𝑚𝑎𝑥 ∗ 𝜏 − 𝑉𝐶 , ∆𝑥> ∆𝑦
 𝑉𝐿 = {

𝑉𝑚𝑎𝑥 ∗ γ − 𝑉𝐶 , 𝑅𝐴 < 𝐿𝐴

𝑉𝑚𝑎𝑥 ∗ γ + 𝑉𝐶 , 𝑅𝐴 > 𝐿𝐴
 (4.52) 

𝑉𝑅 = {
𝑉𝑚𝑎𝑥 ∗ 𝜏 + 𝑉𝐶 , ∆𝑥> ∆𝑦

𝑉𝑚𝑎𝑥 ∗ 𝜏 − 𝑉𝐶 , ∆𝑥< ∆𝑦
 𝑉𝑅 = {

𝑉𝑚𝑎𝑥 ∗ γ − 𝑉𝐶 , 𝑅𝐴 > 𝐿𝐴

𝑉𝑚𝑎𝑥 ∗ γ + 𝑉𝐶 , 𝑅𝐴 < 𝐿𝐴
 (4.53) 

𝑉𝐿,𝑅 = 𝑉𝑚𝑎𝑥 ∗ 𝜏 + 𝑉𝐶 , ∆𝑥≅ ∆𝑦 
V𝑅, = Vmax ∗ γ + 𝑉𝐶 , Thr ≤ 𝑇𝐴 

VL = 0 & VR = 0 iff 𝑇𝐴 ≥ 60 
(4.54) 

𝑉𝐿 and 𝑉𝑅 correspond to the left and right wheel velocity of the mobile robot, 

respectively. The ′𝜏′ and ′γ′ are used as a constant scaling factor. The wheel velocities 

of the robot were calculated by comparing the side lengths and base angles of the 

proposed structure. According to this comparison, the right wheel velocity increases 

while the left one decreases, i.e., it is affected in the opposite direction. The graph of 

the results obtained by performing this algorithm is given below for the results of 5 

different experiments. The experiments obtained using Gauss-based path tracking are 

given in Figure 4.51. 

Exp Gauss-Based Path Tracking Time-Varying Angle Values 
Time-Varying Distance 

Values 

1 

   

2 

   

3 
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5 

   

Figure 4.51. Experimental results using a Gauss-based path-tracking algorithm in static environments. 

(Legend: LA: left wheel angle; RA: right wheel angle; TA: target angle) 

4.3.4.2.    Decision Tree Control Algorithm  

A decision tree is an essential tool for determining the most suitable output from a 

range of candidate possibilities. This technique is an appropriate solution to automate 

a decision procedure. It can be applied to many engineering fields. In the proposed 

method, we used the decision tree algorithm as a control function to adjust the mobile 

robot wheel speeds. The controller uses both angle and distance input parameters. This 

structure is shown in Figure 4.52. 

  

                                     a)                        b) 

Figure 4.52. Decision tree structure designed for robot control (a) Distance-based, b) Angle-based 

The ∆𝐷/𝐴 given in this structure has represented the input value for both angle and 

distance-based control approaches. If the given conditions are satisfactory, the 

branches may vary at each level according to the input parameters. These conditions 

are arranged according to the following equation. 

 Δn < |∆A/D| < Δm ? α = αn, β = βn ∶ α, β = NRC (4.55) 

In this equation, 𝐴𝑛 and 𝐴𝑚 correspond to the distance values for a related 

condition. 𝛼 and 𝛽 are denoted controller parameters.  𝛼𝑛 and 𝛽𝑛 are new 𝛼 and 𝛽 

values if the required statement is satisfied. If the statement does not satisfy in the 
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available related condition, then the 𝛼 and 𝛽 parameters are searched in NRC (Next 

Range Condition). NRC corresponds to the next conditional statement that covers the 

next bottom and upper angle values. Branching from the first level to the second level 

of  the tree has been altered according to the sign of ∆𝐴/𝐷 parameter. This process 

defines the velocity of which wheel is increased or decreased. Equation (4.57) was 

utilized to calculate the velocity limit that can be reached by the mobile robot. This 

limit value is significant to determine upper bound velocity for the decision tree-based 

controller.   

 𝑉𝑚𝑎𝑥 = 𝑉𝑐 + 𝑉𝑐 ∗
Δ𝑇𝑛

Δ𝑇
= 𝑉𝑐 (

Δ𝑇 + Δ𝑇𝑛

Δ𝑇
) 

(4.56) 

In this equation, Vc is a fixed parameter to form the initial value of the velocity. 

The 𝛥𝑇 parameter represents the initial distance value between the first positions where 

the robot and the target are located.  The 𝛥𝑇𝑛
 parameter is the new distance value, 

which is the current distance between the robot and the target positions. In the table 

below, using the decision tree structure, both angle-based and distance-based wheel 

speed calculation formulas are given. 

Distance-Based Dec. Tree control Angle-Based Dec. Tree control  

𝛥𝐷 =
𝛥1 + 𝛥2

2
 𝐴𝐴 =

𝐿𝐴 + 𝑅𝐴

2
 

(4.57) 

𝛾 =
𝛼 + 𝛽

2
 𝛾 =

𝛼 + 𝛽

2
 

(4.58) 

𝑉𝐿 = 𝑉𝑚𝑎𝑥 ∗ (
𝛥𝑇

𝛥1
) ∗ 𝛼 𝑉𝐿 = (𝑉𝑚𝑎𝑥 + 𝑅𝐴) ∗ 𝛼 ∓ √(𝐴𝑑 + 1) ∗

1

𝑇𝐴 + 1
 

(4.59) 

𝑉𝑅 = 𝑉𝑚𝑎𝑥 ∗ (
𝛥𝑇

𝛥2
) ∗ 𝛽 𝑉𝑅 = (𝑉𝑚𝑎𝑥 + 𝐿𝐴) ∗ 𝛽 ∓ √(𝐴𝑑 + 1) ∗

1

𝑇𝐴 + 1
 

(4.60) 

𝑉𝑅,𝐿 = 𝑉𝑚𝑎𝑥 ∗ (
𝛥𝑇

𝛥1,2
) ∗ 𝛾 

𝑉𝑅,𝐿 = (𝑉𝑚𝑎𝑥 + 𝐴𝐴) ∗ 𝛾

+ √(𝐴𝑑 + 1) ∗
1

𝑇𝐴 + 1
 (4.61) 
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The average  𝐴𝐴 and 𝛥𝐷 is calculated by using Equation (4.58). These parameters 

are used when the  𝐿𝐴 and 𝑅𝐴 values have a value in the predefined difference threshold 

values. Similarly, the average (𝛾) of the controller parameters (𝛼 and 𝛽) is calculated 

by using the Equation (4.59). This 𝛾 parameter is only used when the angle ( 𝐿𝐴 and 

𝑅𝐴) and distance (𝛥1 and 𝛥2) values have a value in the pre-defined difference 

threshold values as well. The values of wheel velocity are calculated using the 

following Equations (4.60) - (4.62). 

𝑉𝐿 and 𝑉𝑅 are the velocity values for the mobile robot.  𝑅𝐴, 𝐿𝐴 and 𝑇𝐴 parameters 

are the interior angle values of the triangle structure. The angle 𝑇𝐴 which is located at 

the target position is used to affect the final velocity values to ensure a balance between 

velocity values (by increasing or decreasing). 𝛥1, 𝛥2 and 𝛥𝑇 parameters are the 

distance values of the triangle structure. The distance 𝛥𝑇 , which is located between the 

target position and robot front label, is used to affect the final velocity values to ensure 

a balance between velocity values. The results obtained by performing a Decision tree 

control algorithm is given in Figure 4.53 for five different experiments. 

Exp 
Decision Tree-Based 

Path Tracking 

Time-Varying Angle 

Values 

Time-Varying Distance 

Values 

1 

 
  

2 

 
  

3 
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4 

 
  

5 

 
  

Figure 4.53. Experimental results using Decision Tree-based Path tracking algorithm in static 

environments. (Legend: LA: left wheel angle; RA: right wheel angle; TA: target angle) 

4.3.4.3.    Type 1 Fuzzy Logic Control  

Type-1 fuzzy logic, which is one of the control methods developed for mobile 

robot path tracking applications.  This is a vision-based method that has been used for 

global path tracking in static environments. The parameters to be used as control inputs 

are the edge lengths of the proposed triangular-based positioning scheme (see Figure 

4.50). In our previous studies, we used angle values as a control input. In this 

dissertation, the edge lengths are taken as input parameters, and the performance of 

the results obtained with angle values are compared. These inputs were used to adjust 

the wheel speed of the mobile robot to perform predetermined path tracking.  

The accuracy of path tracking is mainly dependent on the control strategy and real-

time controller performance. The combination of vision technology and fuzzy logic 

control techniques can improve the real-time control performance of a mobile robot. 

An expected error occurs between the current robot position and the desired path due 

to mechanical shocks caused by sliding between the moving robot wheels and the 

ground or systematic and nonsystematic errors. The method developed for visual-

based robot navigation is aimed to reduce the error rate to be obtained from real-time 

robot path tracking applications using soft calculation techniques. The error is 

measured by the distance of the robot to the specified path. 

The structure has two FLC controllers that are used to produce wheel speed. The 

first controller is distance-based, and the second controller is angle-based triangle 

control techniques.  This technique is shown graphically in Figure 4.54. 
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Figure 4.54. Block diagram of the path-tracking type-1 fuzzy control system 

Fuzzy logic control has three procedures: fuzzification, rule-based structure, and 

defuzzification. In this section, the used membership functions, the rule table, and the 

graphical surface will be explained. 

A designed expert system for this methodology has two inputs, two outputs. 

Appropriate decision rules for the desired output (wheel speed values) have been 

determined. Fuzzy control designs with different MFs have been designed, and fuzzy 

control algorithms have been developed for mobile robot behavior control. Depending 

on the type of problem to be solved, and the experience of the expert, the number of 

sets and MFs are selected. There is no standard design method that can be followed to 

create an effective solution for the number and structure of member functions. While 

the behavior of the fuzzy system can be improved by increasing the number of MFs, 

it can also increase the computational time required for real-time applications and 

increase the number of rules leading to the formation of complex rules. The input and 

output MFs relative to the edge lengths of the triangular structure we use to design this 

system is shown in Figure 4.55. 
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Figure 4.55. Input/ Output membership function for distances (legends: 𝛥𝑋: left distance, 𝛥𝑌: right 

distance, LWS: left wheel speed, RWS: right wheel speed) 



89 

 

The developed Fuzzy logic controller (FLC) for path tracking used two inputs (𝛥𝑋 

, 𝛥𝑌) and two outputs (LWS, RWS). Gauss function is preferred for the structure of 

membership functions. The MFs given above are arranged for functions that take the 

distance value (∆𝒙, ∆𝒚) of the triangle as an input. These values are normalized between 

0 and 1 by multiplication of a constant.  Since these values range from 0 to 1, the range 

of values of the input membership function is determined accordingly. Since the value 

range for the wheel speeds of the robot is determined between 0 and 40, the input value 

range of the MFs is determined accordingly. The second step of modeling the fuzzy 

control system is the creation of fuzzy rules. These Rules are based on existing 

information on the effect of input variables on the output variable. The fuzzy rule base 

consists of a number of linguistic rule forms (“if…. Then”). The Linguistic variables 

and their corresponding linguistic terms for fuzzy rules performed here are given in 

Table 4.6. 

Table 4.6. Linguistic variables and their corresponding linguistic terms 

 Linguistic Variable Linguistic Terms 
Abbreviations 

of Term 

In
p

u
ts

  

Distances 

Left Distance (𝛥𝑋) 
Short, Middle, Long, Very-

Long 
S, M, L, VL 

Right Distance (𝛥𝑌) 
Short, Middle, Long, Very-

Long 
S, M, L, VL 

O
u

tp
u

t 

Wheel 

Speeds 

Left wheel speed (LWS) Slow, Normal, Fast, Very-Fast  SL, N, F, VF 

Right wheel speed (RWS) Slow, Normal, Fast, Very-Fast SL, N, F, VF 

The fuzzy inference engine generally considers the methodology of the basic 

logical operators of AND, OR, NOT to combine the input and output units. The fuzzy 

logic principle is used to match fuzzy input sets (X1 x… x Xp) based on IF-THEN 

rules that are interpreted as a fuzzy result to the fuzzy set output. The desired behavior 

is defined by a set of linguistic rules. For instance, a type-1 fuzzy logic with p inputs 

(x1 ϵ X1… xp ϵ Xp) and one output (y ϵ Y) with M rules have the following form.  

𝑅: 𝐼𝐹 𝑥1  𝑖𝑠  𝐴̃ 𝑎𝑛𝑑/ 𝑜𝑟 𝑥2 𝑖𝑠 𝐵̃ 𝑇𝐻𝐸𝑁 𝑦 𝑖𝑠  𝐺 

In these experiments, we used type-1 fuzzy sets and a minimum t-norm operation. 

The rules used for the proposed system are presented in Table 4.7. 

 

 

https://www.mathworks.com/help/fuzzy/working-from-the-command-line.html
https://www.mathworks.com/help/fuzzy/working-from-the-command-line.html
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Table 4.7. Fuzzy Inference Rules for WMR path tracking (Type-1) 

 Inputs  Outputs 

 𝛥𝑋 𝛥𝑌 LWS RWS 

1 S S SL SL 

2 M S N SL  

3 L S F  SL 

4 VL S VF S  

5 S M SL N  

6 L M F  N  

7 M M N N 

8 L M F  N  

9 VL M VF  N  

10 S L SL  F  

… 

25 M VL N  VF 

26 L VL F  VF  

27 VL VL VF VF 

The meanings of the abbreviations of Table 4.7 are provided in Table 4.6.  The surface 

shape of the fuzzy inference system obtained for the evaluation of the expert system, 

which is formed considering all conditions, is shown in Figure 4.56. 

 

Figure 4.56. Path Tracking Control Fuzzy Surface Viewer 

In the proposed system, the final output (net value) was obtained using the Central 

Centroid (COA) technique, which calculates the center of the total area representing 

the fuzzy output set essentially. The result graphs obtained with the Type1 Fuzzy Logic 

control are shown in Figure 4.57. 

Exp 
Type-1 Fuzzy-Based 

Path Tracking 

Time-Varying Angle 

Values 

Time-Varying Distance 

Values 

1 
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Figure 4.57. Experimental results using Type-1 Fuzzy Logic-based Path tracking algorithm in static 

environments. (Legend: LA: left wheel angle; RA: right wheel angle; TA: target angle; PL: left distance; 

PR: right distance) 

 

4.3.4.4.    Interval Type 2 Fuzzy Logic Control  

Fuzzy logic-based systems are widely used in engineering applications where 

uncertainties and nonlinear factors are high. Since fuzzy systems can be designed 

independently of mathematical models, it is successfully applied in controller design 

and modeling of nonlinear systems. Traditional (type-1) fuzzy sets are not sufficient 

to express uncertainties and nonlinear properties, so the concept of Type 2 fuzzy sets, 

which is the development of the traditional fuzzy set type-1, was proposed by Zadeh 

[135]. The existence of uncertainties in a nonlinear system control has extended the 

T1F method to T2F using the highest and lowest values of the parameters.  

Type-2 fuzzy clusters are proposed because the projection of uncertainties in input 

membership functions gives them an extra degree of freedom. One of the essential 

features of the T2F sets is that they have a third-degree of extra freedom to better 
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express uncertainties in MFs. The structure of the type – 2 fuzzy logic system differs 

from the structure of the type – 1 fuzzy logic system in that the type-2 fuzzy logic 

system has a type reduction mechanism in the output processing block. Therefore, the 

calculation times are higher because the inference mechanisms of type – 2 fuzzy logic 

systems are more complex than type – 1 fuzzy logic systems. For this reason, the 

researchers proposed a particular type-2 fuzzy logic system called interval type-2 

fuzzy systems. Type-2 fuzzy systems, due to the complex internal structures and the 

high processing load caused by type reduction, type-2 fuzzy systems, a particular case 

of type-2 fuzzy systems, have been proposed. This is the process of reducing T2F 

clusters to T1F clusters before defuzzification. Karnik-Mendel (KM) have developed 

an algorithm for this [140]. 

Several methods can be used for type reduction (TR) such as centroid type 

reduction, height type reduction, and center of the set are the most commonly used. In 

these experiments, a center of sets (cos) type reduction method was used.    

When calculating the output of the system with interval type-2 fuzzy clusters, first, 

the sharp inputs in the fuzzification block are converted to type-2 fuzzy clusters. The 

defined rules and then the resulting type - 2 fuzzy set outputs are converted to type - 1 

fuzzy set by the type reduction mechanism. The clusters obtained by the type reduction 

process are converted into crisp outputs by the defuzzification mechanism. 

In this section, a different approach from traditional control kinematics is proposed 

to solve the mobile robot path tracking problem, and a new type-2 fuzzy-based control 

approach is proposed on this structure. Type 2 fuzzy logic studies in the literature are 

based on traditional robot control kinematics. In our proposed methods, a triangle-

based kinematic control scheme was created and implemented using T2F in our control 

strategy. This method was used for the first time with type-2 fuzzy logic control. The 

control application was applied to the real-time experimental environment.  

Description of type-2 fuzzy (T2F) clusters is given in the path planning stage. The 

general architecture of the proposed triangular based kinematic structure is given in 

Figure 4.50. 

In these experiments, we consider the following four inputs: weighted graph-based 

distances (∆𝑥 , ∆𝑦), and triangle shape-based internal angels (𝑅𝐴,𝐿𝐴). Since the sum of 

the internal angles of the triangle is taken into account, the value range (L, R) for the 
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inputs is selected from 0 to 180. These form the range of values of the input element 

functions. The value range of output member functions varies from 0 to 40. This is the 

pulse value for mobile robot wheel speeds. The distances from the base to the target 

coordinate points (∆𝑥, ∆𝑦) are normalized between 0 and 1. Performance analysis was 

implemented using the triangular based kinematic control diagram, using the edge 

lengths and internal angles of the triangle. These are used as input parameters of the 

controller. The main objective is to detect the error that occurs between the virtual path 

and the real path.  

Left and right wheel speeds are outputs that are desired to be obtained against the 

input values. These output values are important when creating physical functions on 

the limited region (FOU) that uses the Upper and lower type-1 membership function. 

The geometry of MFs can be optionally selected. The MFs used in the path tracking 

using IT2FIS are given in Figure 4.58. 

 

Figure 4.58. The inputs/Outputs membership functions for IT2FIS (Legend: 𝛥𝑋: left edge distance; 𝛥𝑌: 

right edge distance; LWS: left wheel speed; RWS: right wheel speed) 
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The wheeled mobile robot used in these experiments consists of two servo motors, 

and each has an incremental encoder. It should be noted that these encoders are not 

used in this configuration. The wheel speeds are set as the controller output versus the 

input parameters obtained using the proposed vision-based kinematic control structure 

given in Figure 4.50. The robot wheel speeds are controlled using IT2FIS control 

algorithms to reduce the deviation from the reference path. The critical stage using 

here is the inference engine, which is an interface that processes input values according 

to specific rules and produces output type-2 fuzzy sets. A set of linguistic rules defines 

the desired behavior. For instance, a type-2 fuzzy logic with p inputs (x_1∈X_(1 

),…x_p∈ X_p), and one output (y∈Y) with M rules have the following form. 

𝑅ℓ: IF 𝑥1 is 𝐹̃1
ℓ …and 𝑥𝑝 is 𝐹̃𝑝

ℓ THEN 𝑦 is G̃ℓ, ℓ = 1… .𝑀 

Accordingly, the proposed controller, Fuzzy Inference Rule editor for this system, is 

shown as follows. 

Table 4.8. Fuzzy Inference Rules for WMR path tracking (Type-2) 

 Inputs  Outputs 

 𝛥𝑋 𝛥𝑌 LWS RWS 

1 S S SL SL 

2 M S N SL  

3 L S F  SL 

4 VL S VF S  

5 S M SL N  

6 L M F  N  

7 M M N N 

8 L M F  N  

9 VL M VF  N  

10 S L SL  F  

… 

25 M VL N  VF 

26 L VL F  VF  

27 VL VL VF VF 

In these experiments, we used type-2 fuzzy sets and a minimum t-norm operation. The 

rule firing strength 𝐹𝑖(𝑥) for the crisp input, a vector is given by the type-1 fuzzy set. 

𝐹𝑙(𝑥′) = [𝑓 𝑙 (𝑥′), 𝑓
𝑙
(𝑥′)] ≡ [𝑓 𝑙  , 𝑓

𝑙
] (4.62) 

where 𝑓 𝑙  and 𝑓
𝑙
are the lower and upper firing degrees of the 𝑙 𝑡ℎ rule, computed using 

Equations (4.63) and (4.64) in which ∗ represents the t-norm, which is the 𝑝𝑟𝑜𝑑 

operator in these equations. 
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𝑓 𝑙(𝑥′) = µ𝐹̃1
𝑙( 𝑥1

′) ∗ … ∗ µ𝐹̃𝑝
𝑙(𝑥𝑝

′ ) (4.63) 

𝑓
𝑙
(𝑥′) = µ

𝐹̃1
𝑙( 𝑥1

′) ∗ … ∗ µ
𝐹̃1

𝑙( 𝑥𝑝
′ ) (4.64) 

The fuzzy inference surface constructed by the two inputs and one output parameter 

surface obtained according to these rules is shown in Figure 4.59. 

 

Figure 4.59. Steering Angle Control IT2FIS Surface Viewer 

    Many experimental studies have been performed to evaluate this method. 

Regarding the obtained results, this algorithm can be easily used on a real robot for 

path planning based on the results of the experimental study. To carefully test the 

behavior of the algorithm, numerous experiments on different maps were performed. 

The experimental results are shown in Figure 4.60.  
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4 

   

5 

   

Figure 4.60. Experimental results using Type-2 Fuzzy Logic-based Path tracking algorithm in static 

environments. (Legend: LA: left wheel angle; RA: right wheel angle; TA: target angle) 
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5. IMPLEMENTATION AND EVALUATION OF CONTROLLERS 

To test the proposed methods in a working environment, we created a LabVIEW 

simulation environment. This simulation environment was used for testing our 

proposed methods, and real-time applications realized. This would ensure that the 

algorithm could be easily developed on a real robot on the purpose of path planning 

and path tracking. All experiments were performed on a 2.40 GHz dual-core system 

with 16 GB RAM using a combination of LabVIEW and MATLAB.  

The initial graph was taken as an input in the form of an image from another device. 

The black regions are depicted as obstacles, and the white regions are depicted as free 

space. The distance between the initial and target positions was set and normalized 

between 0 and 1 for the experiments.  

The initial major task was the optimization of global path planning. For this 

purpose, some parameters were compared. These are criteria such as path length, 

execution time, and total turning points. The system was tested on several maps with 

various obstacles. The optimized model was then used for path tracking. These are 

given in the following subsections. 

5.1. Experiments and Performance Analysis of Path Planning Algorithms 

Up to this stage, the path planning algorithms and their applications have been 

emphasized. In this section, a set of benchmark criteria will be presented to determine 

the preferable one among these algorithms. Next, the path coordinates of the selected 

algorithm will be used, and real-time applications will be performed. The kinematic 

control approach and mobile robot applications to be proposed here will be considered 

and analyzed. The criteria to be considered when determining the optimal path for a 

mobile robot are measured by various factors such as path length, collision-free area, 

the total number of turns, and execution time. The purpose of the applications 

performed in the first step of this study is to review these planners and compare their 

performance based on these factors. The experiments have been performed in cluttered 

and complex unstructured environments with obstacles of different shapes. In this 

section, the results of all algorithms provided in one place for comparing performance 

parameters in path length, execution time, and the number of graphs. The following 

metrics are used to evaluate the performance of algorithms for known environments 

[145].  
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 Path length: Path Length shows the length of the path taken between the start 

and the target while performing the robot's task. It determines the total working 

time required and the total energy consumption of the mobile robot. Therefore, 

if the path planning algorithm creates the shortest path, it is considered optimal, 

thus ensuring energy efficiency. That is why it is an essential parameter for 

real-world solutions. 

 Execution Time: Describes the time required for application resolution for real-

world applications. It is an important criterion, particularly in path planning 

applications. 

 Total Number of Turns: The total number of vertices visited while performing 

the given task is directly related to the memory requirement. Further, the total 

number of corners, namely turning points, visited during the execution of the 

task becomes essential. 

Taking the explained criterion into consideration, the implementation of the 

application on the developed simulation environment will be evaluated. In global path 

planning, the resulting route will be displayed on the robot motion area or on the robot 

map image.  

In our experimental studies, various experiments have been conducted and the 

results of eight will be compared. The result of eight different application areas 

represented by nomenclatures ranging from Map1 to Map5 is illustrated in Figure 5.1. 

These graphs show all the results (path coordinates) obtained from the algorithms used. 
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Figure 5.1. Comparison of planned paths for environment maps Map1 to Map 5B 

The graphical representations of all the results obtained according to these criteria 

are shown in the following figures. Plots of the total number of nodes (vertices) in the 

final path are shown in Figure 5.2 for all grid-based approaches. Thus, it was observed 

that GA requires maximum memory to process more cells than other approaches.  

The graphical results of path length and execution time for all approaches are 

shown in Figure 5.3 and Figure 5.4, together with the visual comparison. After this 

graphical representation, we have to evaluate and quantify these numerical values in 

order. 
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Figure 5.2. A number of nodes (vertices) in a path for maps Map1 to Map5B. 

 

Figure 5.3. A plot of computational time of all planners for all environment maps M1 to M5 

 

Figure 5.4. A plot of path lengths of all planners for all environment maps M1 to M5 
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The results obtained from the experiments carried out within the scope of this 

thesis were evaluated with two parameters that are the resulting path cost and 

execution time to obtain the appropriate path. To compare the methods in a robust 

approach, both the path costs and time Z-Scores (5.1) has been calculated according 

to the acquired results.  

The Z-score indicates the number of standard deviations that a data set leaves 

above or below the average. The Z-score is also known as the standard score and can 

be placed on the normal distribution curve. Z-scores range from -3 to +3 standard 

deviation. A diagrammatic representation to show Z-scores on a normal standard 

normal distribution (SND) curve is given in Figure 5.5Figure 5.5. A standard normal 

distribution (SND)It is a standard normal distribution with a mean of 0 and a standard 

deviation of 1. 

 

Figure 5.5. A standard normal distribution (SND)  

𝑧 =
𝑥 − 𝜇

𝜎
 (5.1) 

In this equation, x represents the input data. The μ parameter corresponds to the 

average of the series. The σ data in the equation is the standard deviation of the series.  

Before calculating the Z-score, the data must be normalized. This is the method 

used to standardize the property range of data. Therefore, the calculated Z-Scores were 

normalized and drawn to the 0-1 range. The following Equation (5.2) is used for 

normalization. 

𝑧𝑛 =
𝑧 − 𝑧𝑚𝑖𝑛

𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛
 (5.2) 
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In the equation, 𝑧𝑛 represents the normalized Z-Score (z) value to be calculated. 

𝑧𝑚𝑖𝑛 and 𝑧𝑚𝑎𝑥 are the minimum and maximum Z-Score values in the series, 

respectively. In order to fuse the calculated Z-Scores, these values were multiplied by 

a pre-defined significance factor. The results of the Z-Scores multiplied by the factor 

of significance were given as input to the value calculation function in the 

multipurpose functions [146,147], and the final performance data was obtained. The 

equation of value calculation in multipurpose functions (5.3) is given below. 

𝑓(𝑝, 𝑡) = 𝑠𝑓𝑖(𝑧𝑛𝑝) + 𝑠𝑓𝑗(𝑧𝑛𝑡) (5.3) 

This equation is calculated in the form of a function depending on the path cost (p) 

and elapsed time (t). The 𝑠𝑓𝑖 and 𝑠𝑓𝑗  parameters represent the significance factors; 

their totals are always equal to 1 (5.4). The 𝑧𝑛𝑝 and 𝑧𝑛𝑡 parameters in the equation are 

the normalized Z-Score values for the path length and execution time, respectively. 

∃(𝑠𝑓𝑖 , 𝑠𝑓𝑗) ⇒ ∀(𝑠𝑓𝑖 + 𝑠𝑓𝑗) = 1 (5.4) 

All methods used in the thesis were tested in each configuration space. The tests 

were repeated five times, and the averaged results were evaluated. Table 5.1 shows the 

path plan costs obtained by the methods used for the different configuration spaces. 

Table 5.1.  Path Lengths (PL) obtained in different configuration spaces 

Maps A Star RRT 
RRT+ 

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1F IT2FIS 

Map.1 757,00 829,24 736,78 907,60 737,85 777,83 956,87 1220,0 606,17 641,79 

Map.2A 800,56 898,68 768,07 1003,4 768,13 843,28 926,13 1175,0 737,25 727,56 

Map.2B 793,29 899,95 767,99 963,75 763,27 894,61 927,89 1254,0 728,99 727,42 

Map.3 762,02 1048,7 801,29 990,78 808,41 816,29 794,30 1068,00 864,02 672,83 

Map.4A 756,91 893,76 730,30 969,88 732,57 730,25 889,95 1084,00 Collision 564,49 

Map.4B 736,88 986,14 754,94 963,29 724,22 740,29 884,17 1111,00 590,91 601,69 

Map.5A 785,20 902,20 741,68 912,36 733,60 753,89 792,19 973,00 Collision 615,32 

Map.5B 770,20 912,45 735,05 898,74 727,85 799,64 816,26 988,00 628,01 622,85 

Table 5.1 indicated that most of the methods applied in most of the configuration 

fields have been successfully implemented. Only the T1F method collided with 

obstacles in the Map.4A and Map.5A configuration areas. Such problems have been 

handled with the convex hull method, as mentioned before. The IT2FIS method 

developed within the scope of the study did not cause any problems, and the shortest 

path costs were mostly formed by this method.  
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In addition to the path costs, the time it takes to create these paths is an important 

parameter. In Table 5.2, the execution periods resulting from the methods used for the 

configuration spaces are given. 

Table 5.2. Execution Time (ET-sc) periods obtained in different configuration spaces 

Maps A Star RRT 
RRT+ 

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1F IT2FIS 

Map.1 5,00 11,45 15,95 19,66 23,29 10,33 21,19 42,70 11,41 11,93 

Map.2A 3,91 13,95 17,54 13,65 15,09 4,19 21,00 16,54 13,07 12,19 

Map.2B 4,51 11,05 13,21 12,89 15,38 2,81 27,43 16,66 11,85 12,04 

Map.3 8,05 25,47 29,38 47,58 61,99 41,93 24,97 94,91 17,81 19,53 

Map.4A 3,98 22,90 27,21 22,91 24,65 7,79 83,19 37,43 Collision 11,65 

Map.4B 3,42 26,18 29,65 23,33 25,21 7,86 15,36 17,62 30,79 12,09 

Map.5A 5,19 16,03 17,67 25,33 27,49 8,30 22,70 41,25 Collision 12,77 

Map.5B 3,28 18,67 20,59 12,23 17,14 7,12 15,19 52,26 11,54 12,64 

Table 5.2 shows the run time of the algorithms applied. To compare the 

performance of the algorithms, both execution and path length were evaluated 

together. Details are given in the calculations below. 

It should be pointed out that these working periods are the times taken for path 

planning on the acquired image of the real environment. These times refer to the 

methods of path formation. In this respect, it can be said that path cost is a more critical 

parameter. Because it is known that the robot to be operated in a real environment will 

spend time and energy according to the obtained path costs. In this case, it is stated 

that the path cost parameter is more critical in terms of enabling the robot to operate 

efficiently.    

Table 5.3 gives the Z-Score values calculated against the path cost values. Z-Score 

values were not calculated for the methods where the collision actualized, and Z-Score 

of this related section was accepted as zero (‘0’).  

Table 5.3. Z-Score values calculated for path cost values 

Maps A Star RRT 
RRT+ 

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1F IT2FIS 

Map.1 0,339 -0,068 0,453 -0,510 0,447 0,221 -0,788 -2,271 1,189 0,988 

Map.2A 0,456 -0,240 0,686 -0,984 0,686 0,153 -0,435 -2,201 0,905 0,974 

Map.2B 0,494 -0,174 0,653 -0,575 0,682 -0,141 -0,350 -2,394 0,897 0,907 

Map.3 0,772 -1,427 0,471 -0,983 0,416 0,356 0,525 -1,575 -0,010 1,456 

Map.4A 0,384 -0,492 0,554 -0,979 0,540 0,554 -0,467 -1,709 0,000 1,615 

Map.4B 0,424 -1,035 0,319 -0,901 0,498 0,404 -0,438 -1,766 1,279 1,216 

Map.5A 0,144 -0,917 0,538 -1,009 0,612 0,428 0,080 -1,559 0,000 1,684 

Map.5B 0,165 -1,027 0,460 -0,912 0,520 -0,082 -0,221 -1,659 1,356 1,399 

Average 0,397 -0,673 0,517 -0,857 0,550 0,237 -0,262 -1,892 0,702 1,280 
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The table (12) shows the Z-Score values calculated against elapsed time duration 

values. Z-Score values were not calculated for the method where collision actualized 

and Z-Score of this related section was accepted as zero (‘0’). 

Table 5.4. Z-Score values for execution time periods 

Maps A Star RRT 
RRT+ 

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1F IT2FIS 

Map.1 1,165 0,554 0,127 -0,225 -0,569 0,660 -0,370 -2,409 0,558 0,508 

Map.2A 1,700 -0,155 -0,818 -0,099 -0,364 1,648 -1,458 -0,634 0,008 0,171 

Map.2B 1,228 0,257 -0,063 -0,016 -0,386 1,479 -2,173 -0,575 0,138 0,110 

Map.3 1,131 0,454 0,302 -0,405 -0,965 -0,185 0,474 -2,244 0,752 0,685 

Map.4A 0,971 0,168 -0,015 0,168 0,094 0,810 -2,391 -0,449 0,000 0,645 

Map.4B 1,679 -0,749 -1,120 -0,446 -0,646 1,204 0,405 0,163 -1,241 0,753 

Map.5A 1,310 0,327 0,179 -0,516 -0,712 1,029 -0,278 -1,961 0,000 0,623 

Map.5B 1,028 -0,119 -0,263 0,360 -0,006 0,741 0,140 -2,624 0,412 0,330 

Average 1,277 0,092 -0,209 -0,147 -0,444 0,923 -0,706 -1,341 0,078 0,478 

The mean Z-Score values for each method and time obtained from these tables 

were normalized and drawn to the range 0-1. Normalized Z-Score values are given in 

Table 5.5. 

Table 5.5.  Normalized Z-Score values 

NZS A Star RRT 
RRT+  

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1F IT2FIS 

NPZS 0,722 0,384 0,759 0,326 0,770 0,671 0,514 0,000 0,602 1,000 

NTZS 1,000 0,548 0,433 0,456 0,343 0,865 0,243 0,000 0,542 0,695 

These Z-Score values calculated for path cost according to the significance factor 

are given in Table 5.6 that was obtained by multiplying each Z-Score by five different 

predefined significance factors. 

Table 5.6. Mean path Z-Score values normalized according to significance factors   

Sig. Factor A Star RRT 
RRT+ 

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1F IT2FIS 

SF: 0,80 0,577 0,308 0,607 0,261 0,616 0,537 0,411 0,000 0,482 0,800 

SF: 0,65 0,469 0,250 0,494 0,212 0,500 0,436 0,334 0,000 0,391 0,650 

SF: 0,50 0,361 0,192 0,380 0,163 0,385 0,336 0,257 0,000 0,301 0,500 

SF: 0,35 0,253 0,135 0,266 0,114 0,269 0,235 0,180 0,000 0,211 0,350 

SF: 0,20 0,144 0,077 0,152 0,065 0,154 0,134 0,103 0,000 0,120 0,200 

The calculated values of the obtained Z-Score values for the time passing 

according to the significance factor are given in Table 5.7. This table is obtained by 

multiplying each Z-Score by five different predefined significance factors. 

 

 

: Normalized Z-Score : Normalized Path Z-Score :Normalized Time Z-Score 
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Table 5.7. Mean-time Z-Score values normalized by significance factors 

Sig. Factor A Star RRT 
RRT+ 

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1F IT2FIS 

SF: 0,20 0,200 0,110 0,087 0,091 0,069 0,173 0,049 0,000 0,108 0,139 

SF: 0,35 0,350 0,192 0,151 0,160 0,120 0,303 0,085 0,000 0,190 0,243 

SF: 0,50 0,500 0,274 0,216 0,228 0,171 0,433 0,121 0,000 0,271 0,348 

SF: 0,65 0,650 0,356 0,281 0,296 0,223 0,562 0,158 0,000 0,352 0,452 

SF: 0,80 0,800 0,438 0,346 0,365 0,274 0,692 0,194 0,000 0,434 0,556 

The mean values of the normalized path length and execution time Z-Scores, which 

were normalized according to the significance factor, are given in Table 5.8 that 

expresses the Z-Scores of the fused path and time calculated according to the 

significant factor. 

Table 5.8. Sum of normalized mean PL and ET Z-Score values according to significance factors 

TNZS 

 
A Star RRT 

RRT+ 

Dijkstra 
B_RRT 

B_RRT 

+Dijkstra 
PRM APF GA T1 IT2FIS 

0,80-0,20  0,777 0,417 0,694 0,352 0,684 0,710 0,460 0,000 0,590 0,967 

0,65-0,35 0,819 0,442 0,645 0,372 0,620 0,739 0,419 0,000 0,581 0,943 

0,50-0,50 0,861 0,466 0,596 0,391 0,556 0,768 0,378 0,000 0,572 0,848 

0,35-0,65 0,903 0,490 0,547 0,411 0,492 0,797 0,338 0,000 0,563 0,894 

0,20-0.80 0,944 0,515 0,498 0,430 0,428 0,826 0,297 0,000 0,554 0,870 

It was understood from the tables data, and the calculations that IT2FIS method 

gave the highest Z-Score values when the importance factor of the road cost was higher 

than 0.5. A higher Z-Score indicates that the measured parametric value is better than 

the others. It is seen that the A-Star method gives better results if the route cost Z-

Score falls below 0.5. As previously methods, it was calculated that the path plan 

execution times in the configuration spaces obtained from the real working 

environment. However, it does not have a direct effect on the time it takes to reach the 

target in the working environment of the actual robot. 

On the other hand, it should be stated that the calculated path cost values directly 

affect the consumed time that the real robot reaches the target in the working 

environment. Therefore, the IT2FIS method developed within the scope of this 

dissertation study is superior to the other methods in terms of actual working time. In 

this context, it was observed that the method developed for both path cost and actual 

runtime parameters yielded compelling results. The best algorithm obtained here will 

be used in the next step, i.e., the robot path tracking step. The path that this algorithm 

finds will be the path that the robot will follow in real-time. 

:Total Normalized Z-Score :Best :Second :Third 
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5.2. Path Tracking Experiments Comparisons 

Path tracking is the process of determining speed and steering settings for the robot 

to follow a specified path. A path consists of positional coordinates of the route, which 

consists of a particular set of points. The path planning algorithms record the path 

coordinates when planning and the traced coordinates are followed by the path tracking 

control algorithms. In mobile robot control applications, traditional robot control 

kinematics is used. Such control approaches, in particular, path control approaches, 

are likely to cause systematic or non-systematic errors which are undesirable in control 

kinematics.  

This thesis aims to overcome these problems and presents a different perspective 

by developing new control kinematics developed in our previous studies. Also, four 

path tracking algorithms are proposed in this dissertation. Two of these were used in 

our previous studies, and the other two algorithms were used for the first time in the 

proposed control kinematics. These are fuzzy-based Type-1 and Type-2 soft 

computing control algorithms. The proposed system includes a combination of soft 

computing based on visual information processing and a triangular based kinematic 

control structure. Using this method allows alternative control for more comprehensive 

and cost-effective indoor navigation.   

 Experiments were carried out in a static environment and five different 

configuration environments were utilized. The performances of the proposed 

algorithms were measured according to the experimental results obtained from real 

environments. It is observed that the proposed algorithms (Type-1 fuzzy logic, Type-

2 Fuzzy Logic, Decision Tree, and Gaussian controller) were able to find the feasible 

solutions in all test cases. 

In the experimental studies, it is aimed to minimize the error rate between robot 

and virtual paths. The proposed algorithms have been executed on the developed 

kinematic control structure for this purpose. Several metric values were taken into 

consideration to measure the performance of the system. In these experiments, the 

tasks performed with the least error and statistical results of performance metrics in 

terms of error rate are shown. The statistical analysis and details of these experiments 

are explained in the following sections. 
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5.2.1. Calculation of Path-Cost between Implementation and Simulation   

To find the difference between the simulation path and the actual path that the robot 

follows on the way to the target, Equation (5.5) is used to obtain the ratio of the cost of 

the path between the expected path and the actual path generated by the movement of 

the robot until it reaches the target position. The value obtained by the equation shows 

how much difference occurs between these paths. 

In this equation, DS denotes the distance of the simulation path acquired from the 

path planning process, and DA denotes the distance of the actual path shaped by Mobile 

Robot. 

5.2.2. Performance Comparison with Angle Inputs 

Three metric methods have been considered to measure and compare the 

performance of the proposed controller results in terms of angle input.  These metric 

calculations relate to the error between the center's coordinates of the labels on the 

robot and the virtual path. Let us illustrate these calculations with a sample (Table 5.9). 

Table 5.9. Sample of Experimental result 

Lx Ly Rx Ry Fx Fy Px Py Error(P-F) 

114 299 122 376 215 335 245 377 51.61 

124 303 133 372 224 340 255 382 52.20 

138 299 150 372 233 344 266 384 51.85 

178 295 191 375 262 363 309 395 56.85 

… 

202 296 214 382 281 381 330 407 55.47 

213 301 223 390 288 390 344 414 60.92 

225 306 235 400 297 398 355 425 63.97 

277 330 286 431 350 427 402 462 62.68 

285 334 295 438 357 433 412 465 63.63 

296 340 303 444 366 440 420 472 62.76 

 

The L(x, y), R(x, y), and F(x, y) given in Table 5.9 correspond to the coordinates 

of the label at the top of the robot. P(x, y) indicates the virtual path coordinates. Error 

(P-F) is the error between robot F(x, y) and P(x, y).  

 

𝐷𝑆

𝐷𝐴
=

√∑ (𝑞𝑖 − 𝑝𝑖)
2𝑛

𝑖=1

∑ √∑ (𝑞𝑗 − 𝑝𝑗)
2𝑚

𝑗=1
𝑥𝑛𝑦𝑛
𝑥1𝑦1

 (5.5) 



108 

 

The calculations and the metrics obtained are related to the error obtained from 

this column. These metrics are standard deviation between Cartesian coordinates 

(STDEV), average Cartesian coordinate error (AVGERR), and total Cartesian 

coordinate error (TTLERR). Except for these metric values, min and max error is also 

computed to evaluate total performance comparison between the utilized and 

developed controller methods. The statistical performance metric values are acquired 

for each experiment. The comparison of these metrics is shown in Table 5.10. 

Table 5.10. Performance metric comparisons for the controller methods with angle input 

  Experiments 

    Exp.1 Exp.2 Exp.3 Exp.4 Exp.5 
Exp. 

Avg. 

C
o
n

tr
o
ll

er
 M

et
h

o
d

s 

Type-2 

STDEV 8,19 12,58 5,59 10,54 9,82 9,343 

AVGERR 17,97 46,80 13,21 25,53 62,78 33,258 

TTLERR 1204,65 3322,80 1043,78 1761,63 4142,77 2295,127 

Type-1 

STDEV 32,87 5,62 11,89 20,05 6,74 15,434 

AVGERR 88,61 13,33 25,95 28,12 12,49 33,700 

TTLERR 6645,60 1040,15 1972,23 1994,55 849,65 2500,436 

Decision Tree 

STDEV 7,73 35,67 24,65 8,37 8,88 17,060 

AVGERR 63,33 46,82 38,45 23,48 30,47 40,510 

TTLERR 3981,82 3136,81 2921,82 1643,76 2102,74 2757,390 

Gaussian 

STDEV 17,03 13,99 9,38 18,13 196,96 51,098 

AVGERR 25,08 60,56 23,44 43,99 216,19 73,852 

TTLERR 1780,55 3996,93 1875,03 3079,17 14917,25 5129,786 

Error 

Occurring 

Min 

Error 
1204,65 1040,15 1043,78 1643,76 849,65 1156,398 

Max 

Error 
6645,60 3996,93 2921,82 3079,17 14917,25 6312,154 

 

The obtained results show that the developed IT2FIS methods demonstrate a 

significant statistical performance compared to the other controllers. It shows the best 

performance when the average values of the experiments are taken into account. 

Average performance metrics for the proposed method are shown with blue text in the 

Table 5.10. In terms of standard deviation, the proposed method has a prominent 

consistency. Similarly, in terms of error and total error, it has proper performance 

consistency. The error occurring is categorized with two sub-metrics, which are 

minimum (Min) and maximum (Max) error occurring. The Min and Max errors are 

minimum and maximum TTLERR values in the related experiments.  
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The overall performance of the controller methods is evaluated using path related 

performance indicators. There are five experiments considered for making the 

comparison. For observing the best performance, both the simulations (obtained by 

path planning methods) and the path lengths obtained from the applications (obtained 

by controller methods via the physical robot) were calculated. The path related values 

have been given in Table 5.11. 

Table 5.11. Implementation and Simulation Path Values According to Angle Inputs 

Cont. 

Method  

Exp1(px) Exp2(px) Exp3(px) Exp4(px) Exp5(px) Exp. Avg. (px) 

Imp. Sim. Imp. Sim. Imp. Sim. Imp. Sim. Imp. Sim. 
Imp. 

Avg. 

Sim. 

Avg. 

DEC 613 612 760 612 583 677 452 499 631 517 607,8 583,4 

Gauss 554 609 687 690 587 622 533 581 602 528 592,6 606 

Type-1 573 593 713 707 596 641 509 536 641 614 598 579,4 

IT2FIS 543 577 708 678 585 566 484 446 635 588 599,4 609,8 

 

Table 5.11 provides that the IT2FIS algorithm shows satisfying results in both the 

simulation and implementation path results while using angle values as controller 

inputs. The average values of the path results show the general performance in all 

experiments. It should be noted that not only the path length but also the consistency 

of the controller method is a crucial factor in robotic systems.  

The path value changes have a similar pattern for all the controllers in the 

experiments. There are small differences in controllers. But the most consistent 

controller is our controller that was developed in this study. Since it is not fluctuated 

extremely compare to the other controller methods.  The difference rate percentage of 

simulation and implementation is provided in Table 5.12. 

Table 5.12. The difference rate (%) between Impl. and Simulation (IS) path cost 

  

Exp1 Exp2 Exp3 Exp4 Exp5 Exp. Avg. 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

DEC 0,16 19,47 16,12 10,40 18,07 12,85 

Gauss 9,93 6,44 5,96 9,01 12,29 7,52 

Type-1 6,26 4,03 6,55 7,85 8,27 6,59 

Type-2 3,49 4.19 5,25 4.30 7,31 4,90 

These rate values show how much difference occurs between the simulation and 

implementation paths while using the same configuration space. According to this 

table, the proposed method shows a prominent performance over the experiments.  

These rate values are also graphically demonstrated in Figure 5.6. 
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Figure 5.6. IS. Rate (%) Changes over the Experiments 

The percentage difference between the simulation and the application is an 

important criterion for demonstrating the consistency of a controller. The smallness of 

this value is a positive factor for the controller used since it implies that the controller 

tries to close the simulated path as much as possible. It is derived from the comparisons 

that the IT2FIS controller has performed better than the other used controllers. In this 

context, IT2FIS is the best applicable algorithm among the controllers tested on the 

proposed kinematic control structure.  

5.2.3. Performance Comparison with Distance Inputs 

Three metric methods have been considered to measure and compare the 

performance of the proposed controller results in terms of distance input. These 

metrics are standard deviation between Cartesian coordinates (STDEV), average 

Cartesian coordinate error (AVGERR), and total Cartesian coordinate error 

(TTLERR) as emphasized above. Except for these metric values, min and max error is 

also calculated to evaluate overall performance between the utilized and developed 

controller methods. The statistical performance metric values are obtained for each 

experiment. The comparison of these metrics is demonstrated in Table 5.13. 
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Table 5.13. Performance metric comparisons for the controller methods with distance input 

  Experiments 

    Exp.1 Exp.2 Exp.3 Exp.4 Exp.5 
Exp. 

Avg. 
C

o
n

tr
o

ll
er

 M
et

h
o

d
s 

Type-2 

STDEV 23,95 7,71 6,79 9,39 8,39 11,25 

AVGERR 63,26 23,38 16,29 22,22 13,15 27,66 

TTLERR 4744,21 1823,43 1238,00 1577,38 893,98 1428,30 

Type-1 

STDEV 11,17 20,79 13,83 14,73 15,55 15,21 

AVGERR 26,81 76,87 36,72 27,69 59,91 45,60 

TTLERR 1796,04 5457,69 2900,65 1910,72 4253,44 3263,71 

Decision Tree 

STDEV 18,39 14,86 31,61 14,48 19,52 19,77 

AVGERR 66,18 24,79 42,70 34,69 55,79 44,83 

TTLERR 4830,83 1636,09 3245,57 2498,04 3849,64 3212,03 

Gaussian 

STDEV 7,70 16,83 10,34 25,99 16,09 15,39 

AVGERR 30,32 79,57 21,35 58,67 75,23 53,03 

TTLERR 2152,93 5251,43 1708,01 4106,73 5190,92 4566,35 

Error 

Occurring 

Min 

Error 
1796,04 1636,09 1238,00 1577,38 893,98 1428,30 

Max 

Error 
4830,83 5457,69 3245,57 4106,73 5190,92 4566,35 

The acquired results show that the developed IT2FIS methods show a significant 

statistical performance compared to the other controllers. It demonstrates the best 

performance when the average values of the experiments are taken into consideration. 

Average performance metrics for the proposed method are indicated by bold text in 

Table 5.13. In terms of standard deviation, the proposed method has a promising 

consistency. Similarly, in terms of error and total error, it has significant performance 

consistency. The error occurring is categorized with two sub-metrics, which are 

minimum (Min) and maximum (Max) error occurring. The Min and Max errors are 

minimum and maximum TTLERR values in the related experiments.  

 The general performance of the controller methods is evaluated by using path 

related performance indicators. There are five experiments that are considered for 

making the comparison. To observe the controller performances, both the simulations 

(obtained by path planning methods) and the path lengths obtained from the 

applications (obtained by controller methods via the physical robot) were calculated 

— the path related values presented in Table 5.14. 
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Table 5.14. Implementation and Simulation Path Values According to Distance Inputs 

Cont. 

Method  

Exp1(px) Exp2(px) Exp3(px) Exp4(px) Exp5(px) Exp. Avg. (px) 

Imp. Sim. Imp. Sim. Imp. Sim. Imp. Sim. Imp. Sim. 
Imp. 

Avg. 

Sim. 

Avg. 

DEC 588 610 756 710 582 677 421 529 601 517 589,6 608,6 

Gauss 575 609 686 690 610 622 529 581 606 587 601,2 617,8 

Type-1 582 593 729 678 591 566 443 446 631 614 595,2 579,4 

IT2FIS 524 542 717 704 580 603 407 442 599 588 565,6 575,8 

Table 5.14 provides that the IT2FIS algorithm shows satisfying results in both the 

simulation and implementation path results while using distance values as controller 

inputs. The average values of the path results show the general performance in all 

experiments.  

The path value changes have a similar pattern for all the controllers in the 

experiments. There are small differences in controllers. Nevertheless, the most 

consistent controller is the developed controller within this study. Since it is not 

fluctuated extremely compare to the other controller methods. The difference between 

simulation and implementation is given as a percentage in Table 5.15. 

Table 5.15. The difference rate (%) between Impl. and Simulation (IS) path cost 

  

Exp1 Exp2 Exp3 Exp4 Exp5 Exp. Avg. 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

DEC 3,74 6,08 16,72 25,65 13,98 14,10 

Gauss 5,91 0,58 1,97 9,83 3,14 4,29 

Type-1 1,89 7,00 4,23 0,68 2,69 3,30 

Type-2 3,44 1,81 3,97 8,56 1,84 3,14 

These rate values show how much difference occurs between the simulation and 

implementation paths while using the same configuration space. According to Table 

5.15, the proposed method shows a prominent performance over the experiments.  

These rate values are also graphically demonstrated in Figure 5.7. 



113 

 

 

Figure 5.7. IS. Rate (%) Changes over the Experiments 

The percentage difference between the simulation and the application is an 

essential criterion for demonstrating the consistency of a controller. The smallness of 

this value is a decisive factor for the controller used since it implies that the controller 

tries to close the simulated path as much as possible. It is understood from the 

comparisons that the IT2FIS controller has performed better than the other used 

controllers. In this context, IT2FIS is the best applicable algorithm among the 

controllers tested on the proposed kinematic control structure.  

5.2.4. Implementation Comparision for Designed System Inputs 

The Summary results of the implementation path lengths have been demonstrated 

in the following Table 5.16. The proposed methods that use the distance parameter as 

input have outperformed both designed and previous methods, which use the angle 

parameter as controller input. The best average path length result has been acquired 

with the Type-2 controller, which takes the distance parameter as input. 

Table 5.16. General Path Length Results According to the Controller Inputs 

 Exp1(px) Exp2(px) Exp3(px) Exp4(px) Exp5(px) 
Exp(px) 

Avg. 

DEC-A 613 760 583 452 631 607,8 

DEC-D 588 756 582 421 601 589,6 

Gauss-A 554 687 587 533 602 592,6 

Gauss-D 575 686 610 529 606 601,2 

Typ-1-A 573 713 596 509 641 598 

Typ-1-D 582 729 591 443 631 595,2 

Typ-2-A 543 708 585 484 635 599,4 

Typ-2-D 524 717 580 407 599 565,6 
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Table 5.17 shows the percentage difference between the implementation and 

simulation path length (or implementation and simulation rate –IS. Rate) results of the 

conducted experiments. The results show that best IS rate values are acquired with the 

proposed Type-1 and Type-2 methods. Besides, the best average IS Rate value 

according to the input parameters has been acquired with the distance input parameter.  

Table 5.17. The difference rate (%) between Impl. and Simulation (IS) path cost 

  

Exp1 Exp2 Exp3 Exp4 Exp5 Exp. Avg. 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

IS. Rate 

(%) 

DEC-A 0,16 19,47 16,12 10,40 18,07 12,85 

DEC-D 3,74 6,08 16,72 25,65 13,98 14,10 

Gauss-A 9,93 6,44 5,96 9,01 12,29 7,52 

Gauss-D 5,91 0,58 1,97 9,83 3,14 4,29 

Typ-1-A 6,26 4,03 6,55 7,85 8,27 6,59 

Typ-1-D 1,89 7,00 4,23 0,68 2,69 3,30 

Typ-2-A 3,49 4.19 5,25 4.30 7,31 4,90 

Typ-2-D 3,44 1,81 3,97 8,56 1,84 3,14 
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6. CONCLUSION AND FUTURE WORK  

 In this dissertation, we proposed a vision-based kinematic control structure for a 

wheeled mobile robot (WMR) path planning and path tracking problems in a partially 

cluttered indoor environment using various heuristics and Soft computing algorithms. 

The aim was to develop a behavioral strategy for mobile robot navigation in static 

indoor environments. To accomplish this purpose, a hybrid control architecture was 

proposed to combine the advantage of vision sensors and intelligent control algorithms 

that are Type-1 fuzzy logic, Type-2 fuzzy logic, Genetic algorithm that can produce a 

powerful automatic control system. Modeling and controlling the complex non-linear 

system, the fuzzy logic control method has been applied in various areas. The type-2 

fuzzy logic system is superior to the type-1 fuzzy logic system since type-2 fuzzy 

provides better results with uncertainties and non-linear system controls.  

The proposed system for global path planning and tracking problems consists of 

three stages. First, visual information was obtained by using video frames obtained 

from an overhead camera. According to this visual information, robot, target, and 

obstacles position information was obtained. In this stage, the NI Vision Development 

Module is used to analyze objects (robot, target, obstacles) in the acquired images. 

This module includes hundreds of functions to process acquired images and provides 

access to almost all the vision functionality available in LabVIEW. Second, the input 

parameters of the path planning algorithms were obtained from the images processed 

in the previous step, and unobstructed path planning has been formed. In total, eight 

algorithms are used as planning algorithms, and their performances have been 

compared and analyzed. Regardıng to the results, the IT2FIS algorithm is the best 

among the algorithms in terms of execution time and the path length. In this stage, it 

is observed that IT2FIS is superior and outperforms in most of the test environments. 

For this reason, path coordinates generated by IT2FIS has been utilized in the robot 

path tracking stage. Last, the third stage is the path-follow phase, where the proposed 

control structure is used. 

The previously developed two algorithms and proposed algorithms allow the robot 

to follow the specified path. The algorithms for the proposed structures are Type-1 

Fuzzy logic, IT2FIS and previously developed controllers are Gaussian, and Decision 

Tree controllers. These methods were applied to the designed geometric shape-based 

control structure (Distance-Based Triangle Structure and weighted Graph-Based 
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Controller Design). The proposed system has been successfully applied in various 

configuration maps with static obstacles, and their performances have been compared. 

These comparisons are illustrated with tables and graphical representations. These 

comparisons indicate that the proposed IT2FIS algorithm provides better results when 

compared to the other algorithms. In addition, regarding the experimental results, the 

designed Path Planning methods and Controllers are accurate and efficient for robot 

motion control. 

This dissertation includes the following achievements:  

 To create a path plan, two fuzzy-based algorithms are developed, and these 

algorithms have been compared with commonly known path planning 

methods. The path planning rules created for both Type-1 and Type-2 

algorithms. 

 The developed two new fuzzy-based controllers characterize the mobile robot 

behavior. These controllers are compared with the previously developed 

Gaussian and Decision Tree-based controllers.   

 Color-based threshold and template matching are used together to increase the 

efficiency of the object detection process. In this way, frame loss has been 

prevented as much as possible. 

 A distance-based triangle structure has been developed to generate controller 

inputs which used to characterize mobile robot motions. This structure is used 

for the first time in a real application as well.  

 LabVIEW software is used to implement, configure, and test the proposed 

navigation systems and controllers. The LabVIEW is specially configured for 

robotic applications and provides a high level of programmability.   

 Experimental results are evaluated with both path lengths and path forming 

time. In addition, for the first time, general path tracking performance is 

compared with statistical approaches and Z-Scores. 

 Path plans have been tracked according to the adaptive threshold computation 

method. The distance between the wheels is used as a first input to trigger the 

adaptive method. 

 In addition to simulation experiments, physical world experiments have been 

implemented for an eye out device configured robot control system. 
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 Soft computing algorithms and AI-based methods have been used together to 

create an efficient robot control framework. 

In our future work, we plan to use multi-vision sensor data to minimize 

uncertainties in the environment by learning more about the state of 3D obstacles by 

using multiple cameras on a robot traveling in a dynamic environment. By integrating 

the proposed control structure, we aim to develop robust robotic systems capable of 

performing physical tasks in the real world. 
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