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ABSTRACT 

Trajectory planning for robotic manipulators is defined as the process of breaking 

down an arbitrary movement task into discrete motions while satisfying movement 

constraints and optimizing a cost function. Rapid advances in robotics technology 

recently have resulted in increasing applications of vast variety types of robot 

manipulators. In spite of the fact that various aspects of trajectory planning for robot 

arms have been investigated, the problem of quickly planning a collision avoiding path 

for hyper-redundant manipulators in cluttered environments, has not been intensely 

addressed. This research has developed a comprehensive computationally tractable 

collision free path planner for robot manipulators with specified number of degrees of 

freedom (DOF) without using inverse kinematics (IK), which is computationally 

expensive. This study introduces a novel efficient multiple-query based on sampling 

approach for obstacle avoidance two-dimensional (2D) trajectory planning for N-DOF 

robot arms in static workspaces. This approach consists of generating graphs of random 

configurations in the occupancy grid map whose nodes/edges correspond to feasible 

preprocessed trajectory between these configurations and then using a graph search 

algorithm to find the least cost of total movements of redundant manipulators along the 

path. The path planning requires information about the dimension, (initial) location and 

(final) position of the robot manipulator, environment and stationary obstacles. This 

motion planner is based on the multiple-query Probabilistic Roadmap method (PRM) 

that generates a graph of connected random nodes in configuration space while avoiding 

configuration obstacles in an off-line preprocessed phase. Afterwards, in the query 

phase, the graph searching method finds an efficiently traversable path between any 
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given initial and goal configurations are discussed. The quality of a created roadmap 

depends on the initializing parameters, such as density, resolutions of the occupancy grid 

and tip distribution grid. The motion planner has been developed for all types of 

manipulators, different joint types and handling various cost functions, such as time and 

distance. In addition, the complexity of 2D path planning problem has hindered the 

development of practical techniques since planar motion planning has lower degrees of 

freedom than three-dimensional (3D) path planning. Therefore, the robot is avoiding 

collisions in a more constrained workspace. Altogether, if there is a feasible path 

between any two different configurations, this algorithm definitely can generate and find 

it. Various scenarios have been simulated for manipulators with different degrees of 

freedom (with 3 up to 16-DOF) and different types of obstacles with any given start and 

goal configurations and the simulation results indicate that the collision free motions in 

cluttered environments can be computed less than a minute in the real-time stage. 

Keywords: Optimal Path Planning, Probabilistic Roadmap, Redundant 

Manipulator, Hyper-Redundant Manipulator, Obstacle Avoidance, Collision-free, 

Collision avoidance, Motion Planning, Path Planning, Trajectory Planning 
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1. Chapter 1 - Introduction 

Latombe (1991) defined a robot as a versatile mechanical device equipped with 

sensors and actuators under the control system, such as robotic arms and robotic hands, 

which are articulated mechanisms operating in a workspace within the real world. 

Physical objects are obstacles that populate the workspace, and therefore the robot tasks 

are determined by executing motions in this workspace (Latombe, 1991). The 

manipulator in robotics is a series of articulated links that are used to manipulate objects 

without direct contact for applications, such as inaccessible places or dealing with 

biohazards material. 

Motion planning is the process of breaking down an arbitrary robot motion task 

into computed discrete movements while satisfying motion constraints and optimizing 

some aspects of the movement. In other words, motion planning in robotics can be 

defined as the process of calculating the path between two predefined configurations 

while avoiding collisions with a known set of stationary obstacles (Lozano-Perez, 1987). 

Kinematic redundancy is defined as the possession of more degrees of freedom than 

those required to execute a given task, which means operating with a greater level of 

dexterity and flexibility that may avoid singularities, joint limits, workspace obstacles 

while minimizing joint torque, energy and the optimization of performance indexes 

(Walker, 2008). 

The classic analytical method of path planning for computing joint angles that 

correspond to the arbitrary workspace posture of the manipulator tip (end-effector) is IK, 

which has extensive history in robotics literature (Bertram, Kuffner, Dillmann, & Asfour, 
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2006). Apart from specific cases, there currently exist no known analytical solutions to 

solve the IK of general redundant manipulators that have greater than six degrees of 

freedom (Craig, 1989). In the other words, humanlike dexterity of robotic arms is the 

goal that the world is going towards, which means having many degrees of freedom that 

results in solving computationally expensive analytical methods.  

Definitely, success in a given task completion is avoiding obstacles that populate 

the workspace of robot manipulators (Maciejewski, 1985). The objective of motion 

planning is giving the robot the ability of automatically deciding and guiding the order of 

motions execution in an environment filled with obstacles. The use of cost functions will 

be mandatory in economic considerations, such as minimum time, energy or operating in 

the shortest path. 

1.1. Motivation 

According to Latombe (1991), there are at least two good reasons why we study 

robot motion planning methods and techniques. First, it is fun to have robots solving 

problems that are difficult and dangerous for humans. This consists of interesting 

challenges in planning problems, designing cost-effective methods and developing robust 

implementation. Secondly, planning techniques have attained worldwide successes in 

many industries and academic disciplines, such as aerospace applications and 

manufacturing. Rapid growth in recent years shows many more exciting applications that 

should be on horizon (LaValle, Planning algorithms, 2006). The motivational examples 

are as follows: 



 

3 

 

 An automotive assembly and production line: Collision free motion planning 

algorithms have been applied to industrial robot manipulators since 1961. 

 Moving furniture: Piano Mover’s Problem is one of the good examples for this 

problem. 

 Navigation mobile robots: One of the most common tasks for mobile robots is 

navigating in an indoor environment. 

 Parking cars and trailers: Considering the problem of parallel parking vehicles. 

 Flying through the air or in space: One of the applications of planning algorithms 

is helping to navigate autonomous flying objects, such as flying quad-copters 

through obstacles. 

Many more applications are using planning algorithms than those shown above. 

In many cases, the study has succeeded from modeling to theoretical techniques, to 

practical software, which are used in industry. Other cases need substantial research to 

bring planning algorithms to their full potential. Tremendous excitement is waiting for 

those who contribute to the development of motion planning algorithms.  

Absolutely, the complexity of 2D path planning is obvious since a robot operating 

in a 2D environment has lower degrees of freedom than one operating in a 3D 

environment. In the other words, a robot operating in a planar workspace having 

constraints to avoid obstacles, which means that in a 2D environment, each link has only 

three components         to be defined to perform a motion but in a 3D environment, 

each link has six DOF that gives more options with fewer constraints to avoid a collision. 

Hereby, this is the motivation and fundamental reason behind 2D trajectory designing for 

manipulators and this research. 
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1.2. Historical Overview 

The history of motion planning for robotic arms is as old as that of the industrial 

robot invention. George Devol was the creator of Unimate, the first industrial robot in the 

1950s that worked in a General Motors assembly line in New Jersey, in 1961 (Pires, 

2007). George Devol and Joseph Engelberge started Unimation, the world’s first robot 

manufacturing company. The robot undertook the task of transporting die-castings from 

an assembly line and welding the parts on to auto bodies, a hazardous task for workers, 

who might be poisoned by exhaust gas (Mickle, 1961). 

In 1969, Victor Scheinman at Stanford University invented an all-electric six axis 

articulated robot, which was designed to permit an arm solution. This was the first 

industrial robot that could accurately follow desired paths in space, which widened the 

potential use for sophisticated applications, such as assembly and welding. Schienman 

designed the second arm, Massachusetts Institute of Technology MIT arm, for MIT AI 

Lab. Scheinman sold his designs to Unimation after receiving a fellowship from 

Unimation, who further developed them with support of General Motors and later 

marketed them as the Programmable Universal Machine for Assembly (PUMA) 

(Stanford arm history). 

1.3. Problem Statement and Research Objective 

A literature review shows that none of the previous studies addressed the 

following issues: 

 A general trajectory planner for robot manipulators that can support: 

o Large number of DOF. 
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o Different joint types (revolute and/or prismatic). 

o Different cost functions. 

o All types of obstacles. 

 Lack of multiple queries in most algorithms. 

 Most of the previous studies have been conducted for specific scenarios. 

Hence, the following objectives, which can also be assumed as contributions, 

have been defined for the current study: 

 Developing a comprehensive trajectory planner capable of handling 

different scenarios including non-redundant, redundant, and hyper-

redundant manipulators with different joint types. 

 Capable of mapping all types of obstacles and workspaces.  

 Handling various cost functions based on the scenarios. 

 User-control accuracy and resolution based on the scenarios. 

 Fast and efficient motion planner. 

 High reliability in obstacle avoidance application.  

1.4. Outline 

This thesis is divided into six chapters. Chapter 1 presents the introduction of 

motion planning for robot arms as well as motivation of this study, problem statements 

and research objective, historical overview of industrial robot manipulators and thesis 

structure. Chapter 2 provides literature review of previous studies of path planning for 

non-redundant, redundant, hyper-redundant robot manipulators, and flexible/deformable 

manipulators. Chapter 3 introduces a strategy of a novel and efficient method of a 
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collision avoiding trajectory technique for high dimensional manipulators. Chapter 4 

presents the implementation of the proposed algorithm and developed motion planner 

features. Chapter 5 provides the results of the simulation and discusses various scenarios 

to observe the performance of proposed method. Chapter 6 provides the conclusion of the 

research and suggestions for future research. 
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2. Chapter 2 – The State of the Art Review 

2.1. Overview 

This chapter introduces algorithms that have been applied to the problem of 

planning collision avoidance trajectories for robotic arms and reviews previously 

published studies. The solution highly depends on the degrees of freedom of the 

manipulators, and therefore the approaches can be divided in three categories: 1) non-

redundant manipulators, 2) redundant and hyper-redundant manipulators, and 3) flexible 

and deformable manipulators. 

Our goal in a motion-planning problem is to find a collision-free motion for an 

object from the start configuration to a goal configuration. This has proved to be a Non-

deterministic Polynomial NP-hard problem (J. H. Reif, 1997) since the complexity of 

motion planning increases dramatically as the number of DOFs of moving object grows.  

2.2. Definitions 

2.2.1. Robot Motion Planning 

Robot motion planning is “a fundamental need in robotics is to have algorithms 

that convert high-level specifications of tasks from human into low-level descriptions of 

how to move” (LaValle, Planning algorithms, 2006; Brooks, 1986). 

2.2.2. Geometric Modeling 

There is a wide variety of methods and techniques that exist for geometric 

modeling, and it depends on the application and the level of difficulty of the problem. 

There are generally two options in most cases: 1) a boundary representation, and 2) a 
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solid representation. For instance, for defining a model of a planet using the boundary 

representation, we probably need to write the equation of the sphere that roughly models 

the planet’s surface. Using the solid representation, it needs to describe the set of all 

points that are contained in the sphere. First, we need to define the world Ⱳ for which 

there are two options: 1) a 2D world that Ⱳ =   , and 2) a 3D world that Ⱳ =   . These 

options should be enough for most problems unless we want to define higher dimensional 

space, otherwise the world generally includes two types of entities. (LaValle, Planning 

algorithms, 2006). 

 Obstacles: Permanently occupied portions of the world, such as walls. 

 Robot: Geometrically modeled bodies that are controllable via motion plan. 

Both of robots and obstacles are considered as subsets of the world Ⱳ. 

2.2.3. Configuration Space 

Configuration space, C-space is the set of variables that characterizes and defines 

the system we are studying. Generally, the configuration space is considered as a 

continuous space (a manifold). DOF is the dimension of configuration. A configuration 

defines the pose of the robot, and the C-space is the set of all possible configurations 

(Latombe, 1991): 

 A single point (zero-sized) robot in a 2D workspace, C can be represented by 

parameters (x, y) in the Cartesian plane. 

 A 2D shape robot that can translate and rotate, C can be represented by 

parameters (x, y,  ). 
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 A 3D shape robot that can translate and rotate in a 3D workspace, C requires three 

parameters for translation (x, y, z) and three parameters for Euler angles (     ) 

 A robot manipulator with N joints, C is N-dimensional. 

2.2.4. Free Space 

Free space,      , is the set of configurations that avoids collisions with obstacles. 

The obstacles or forbidden region in   is the complement of      . The shape of       is 

often prohibitively difficult to explicitly compute. 

2.2.5. Planning Algorithms 

Motion planning methods are originally defined as the start-goal problem and the 

solution determines a trajectory (or path) between two predefined points. 

Brooks et al (Brooks, 1986) presented a new architecture for controlling robots. 

One class of the heuristic methods apply an approach where the robot operates with a 

simple set of behaviours, such as wall following. A robot can have complicated actions, 

such as exploration via cooperation of hierarchy behaviours. An experimental result 

shows the utility of these techniques. These methods may apply to future complete 

sensor-based planners. 

2.3. Non-redundant Manipulators 

The articulated robot arms that have lower than six DOF are considered as non-

redundant manipulators. There are three traditional algorithms used to solve the IK 

problem: 1) geometric, 2) algebraic, and 3) iterative. Each of these methods has its own 

drawbacks. The algebraic algorithm cannot guarantee closed form solutions. Closed form 

solutions for the first three joints of the robotic arm must exist geometrically in case of 
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using the geometric algorithm. In the iterative algorithm, the solution is converging to 

only a single solution and this solution depends on the starting point (Köker, Öz, Çakar, 

& Ekiz, 2004). 

The motion-planning problem is intractable, except for non-redundant 

manipulators, while there exists strong evidence that motion planners require exponential 

time as DOF increase (Morales, 2005). The majority of the motion planning methods, 

based on cell decompositions that overlay a grid on top of the C-space and geometric 

methods that compute the shape and connectivity of the       fail due to the complex 

nature of configuration space. Potential field techniques are efficient, but they fall prey to 

local minima (Dasgupta, Gupta, & Singla, 2009).  

2.3.1. Potential Field  

Potential field is a method that treats the robot’s configuration as a point in a 

potential field, which combines repulsion from obstacles and attraction to the goal 

configuration. Potential field can be described as “the manipulator moves in a field of 

forces. The position to be reached is an attractive pole for the end effector and obstacles 

are repulsive surfaces for the manipulator parts’’ (Khatib, 1986). 

Khatib et al (Khatib, 1986) introduced a unique approach to the problem of real-

time obstacle avoidance algorithm for robotic arms and mobile robots based on the 

concept of “artificial potential field” involving analytic primitives for modelling the 

obstacle geometric. In the proposed technique, obstacle avoidance is treated as high level 

planning. The presented algorithm implemented in the COSMOS system is for PUMA 

560 robot arm. 



 

11 

 

Hwang et al (Hwang & Ahuja, A potential field approach to path planning, 1992) 

investigated a motion planning method for the classical mover’s problem in 3D involving 

a potential field representation of obstacles. Each obstacle assigned by a potential 

function similar to electrostatic potential, and the form of minimum potential valleys 

derived by topological structure of the free space. Trajectory planning is done in two 

steps. First, a global planner chooses robot motion from the minimum potential valleys 

and at the same time selects its orientation along the path, which is minimizing a heuristic 

estimate of the motion length and the probability of colliding with obstacles. Second, a 

local planner that modifies the path and orientations derives the final obstacle-avoiding 

path and orientations. In case of local planner failure, a new path and orientations are 

selected by the global planner and examined by the local planner. This procedure 

continues until a solution is computed unless there are no more paths to be checked. 

Conkur et al (Conkur, 2005) proposed a new algorithm to the problem of path 

planning for redundant manipulators. The idea is to find smooth motions, including 

points close enough to each other involving potential fields, then keeping the tip of each 

link on these path points until the robotic arm reaches the goal configuration. The idea of 

a master link is introduced and implemented on three motion-planning methods for 

manipulator smooth motion. 

2.3.2. Cell Decompositions 

The decomposition of C-space into a set of simple cells, and the adjacency 

relationships among the cells are computed. An obstacle-avoiding path between any two 

given configurations of the robot is calculated firstly by identifying the two cells consist 
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of the initial and goal configurations, and second connecting them with a sequence of 

connected cells (Hwang & Ahuja, Gross motion planning—a survey, 1992). 

Sleumer et al (Sleumer & N., 1999) introduced a practical method for 

automatically generating a map that defines the operation environment of an indoor 

mobile service robot. A CAD description of a building is the input that consists of line 

segments. These line segments are the representation of the walls. The proposed 

technique is based on the exact cell decomposition attained when the segments are 

extended to infinite lines, resulting in a line arrangement. The nodes in a connectivity 

graph represent the cells. The map containing the connectivity graph and extra 

information of environment are computed for each cell. This approach has been 

implemented on the robot for path planning and position verification requirements. 

Lingelbach et al (Lingelbach, 2004) presented a new approach to the problem of 

motion planning in high dimensional configuration space. The concept of this method is 

cell decomposition combined with probabilistic sampling to develop a technique called 

probabilistic cell decomposition. The proposed algorithm using the lazy evaluation 

methods and supervised sampling in vital areas with its experiment results leads to 

perform well under various conditions. 

2.4. Redundant and Hyper-redundant Manipulators 

The humanlike robot arms normally have 7-DOF, which are redundant 

manipulators, and the ones with substantially greater than 7-DOF, are considered as 

hyper-redundant manipulators. Sampling-based motion planning algorithms have been 

proven to be successful in high dimensional C-space that have a probability of failure, 
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which decreases to zero as more time is spent. Sampling-based motion planning methods 

are currently considered state of art for motion planning.  

Although there is a wide and diverse range of different trajectory designing 

algorithms, currently there is no conclusive method, which outperforms all others for all 

problem instances. Rather, each method has various advantages and drawbacks that make 

it best suited for specific types of problems. Furthermore, since a workspace can contain 

vast various regions, there may not be a single planner that will conduct well in all the 

regions (Morales, 2005). 

2.4.1. Sampling-Based Motion Planning 

The fundamental concept of this algorithm is to conduct a search that explores the 

C-space with sampling scheme, rather than constructing obstacles in configuration space, 

     conduct a search that explores the C-space with sampling scheme. A module of 

collision detection can do this exploration. The collision detection module is independent 

of geometric models of obstacles, which can handle models, such as semi-algebraic sets, 

3D triangles, non-convex polyhedral and so on. In recent years, this general philosophy 

has been very successful for solving problems in robotics, manufacturing and biological 

applications that consists of millions of geometric primitives. Using the techniques that 

explicitly represent      for such problems would be practically impossible to solve (S. 

M. Lavalle, 2006). 

These techniques have a disadvantages as they result in weaker guarantees that 

the problem will be solved. According to Lavalle: 
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An algorithm is considered complete if for any input it correctly reports 

whether there is a solution in a finite amount of time. If a solution exists, it must 

return one in finite time. Unfortunately, such this completeness is not achieved 

with sampling-based planning. Instead, weaker notions of completeness are 

tolerated. The notion of denseness becomes important, which means that the 

samples come arbitrarily close to any configuration as the number of iterations 

tends to infinity (LaValle, Planning algorithms, 2006). 

2.4.1.1. Rapidly Exploring Dense Trees 

This section presents an incremental and searching technique that performs well 

without any parameter tuning. The concept is to incrementally build a search tree that 

gradually improves the resolution, but also does not need to clearly set by any resolution 

parameters. The short paths that are constructing the tree densely cover the space. 

Incrementally constructing the tree needs to be guided by using a dense sequence of 

samples and if this sequence is randomly constructing, the resulting tree is called Rapidly 

exploring Random Tree (RRT). Generally, these trees, whether the sequence is 

deterministic or random, will be referred to as rapidly exploring dense trees (RDTs) 

(LaValle, Planning algorithms, 2006). The major drawback of the RRT planner is the 

lack of any sort of optimization other than a bias towards exploring the search space 

(Dunlap, Caldwell, Collins, & Chuy, 2011). 

Lavalle et al (LaValle & Kuffner Jr, Rapidly-exploring random trees: Progress 

and prospects, 2000) introduced RRT, which is defined as a randomized data structure 

that is designed for the problem of robot path planning. The RRT method is specifically 

designed and developed for handling high degrees of freedom and nonholonomic 
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constraints. A tree of random configurations iteratively expanded toward randomly 

generated configurations. The proposed algorithm successfully applied to kinodynamic, 

holonomic and nonholonomic planning problems. 

Kuffner et al (Kuffner & LaValle, 2000) investigated a simple and efficient 

randomized technique to the problem of single-query motion planning in high-

dimensional configuration space. The algorithm incrementally builds two RRTs rooted at 

the initial and goal configurations. Each tree explores the C-space around them, and at the 

same time, advances towards each other via a simple greedy heuristic. 

Bruce et al (Bruce & Veloso, 2002) introduced a new approach to the problem of 

finding a trajectory to another position in their environments. The presented work 

involves two novel extensions to the RRT (execution extended RRT) planner, the 

waypoint cache and adaptive cost penalty search that improves the efficiency of 

replanning and the quality of the generated paths. The Execution extended RRT (ERRT) 

has been successfully applied to a real-time robot. Results indicate that the proposed 

planner ERRT is significantly more efficient in comparison to the basic RRT replanning. 

Bertram et al (Bertram, Kuffner, Dillmann, & Asfour, 2006) proposed a novel 

integrated approach to the problem of inverse kinematic for redundant manipulators in 

manipulation tasks. The solution is based on exploring a connected collision free 

configuration with RRT. Evaluating candidate configurations with a heuristic workplace 

metric, which measures the ability of reaching to a desired pose? This goal distance along 

with the obstacle distance information is used for guiding the configuration space search. 
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Weghe et al (Vande Weghe, Ferguson, & Srinivasa, 2007) investigated a new 

algorithm that extends the RRT algorithm, which resulted in the ability to harness the 

power of RRT to explore high-dimensional configuration spaces while being able to 

focus on the search of the arbitrary goal configuration. The proposed algorithm studied 

the use of Jacobian transpose as a guide for more local search during operations of goal 

extension. 

Karaman et al (Karaman, 2011) described an “anytime” method based on RRT 

that quickly computes an initial feasible plan, unlike the RRT which surely converges to 

an optimal path. Two key extensions to the RRT committed trajectories and branch-and-

bound tree adaptation presented. Altogether enable the technique to have an efficient use 

of online computation, resulting in an “anytime” method for real-time implementation.  

Gomez-Bravo et al (Gómez-Bravo, 2012) proposed a new approach to the 

problem of collision free trajectory planning for hybrid robots in the presence of the 

obstacles. The method is based on a combination of RRT with an optimization method 

that is solved by a genetic algorithm. 

2.4.1.2. Roadmap Methods for Multiple Queries 

This section introduces a multiple-query version of the trajectory planning 

problem. Previously it was assumed that a single query with a given pair of initial goals 

was the path-planning problem. Suppose now that multiple initial-goal queries will be 

given to the planner, while keeping the obstacles and the robot model fixed. In this case, 

the goal is constructing a graph called a roadmap, which is the efficient solution of 

numerous initial-goal queries. The general framework is called (PRM) (LaValle, 
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Planning algorithms, 2006). Sampling-based planners, such as the PRM algorithm, have 

proved to be successful in solving complicated trajectory planning problems. Drawback 

of the PRM algorithm is that a small change in the obstacle location or dimension may 

lead to regenerate the road map, voiding colliding nodes and edges and then causing a 

new search for new collision free trajectory. However, the PRM algorithm takes a 

considerable amount of time for reprocessing. 

Hsu et al (Hsu, Latombe, & Motwani, 1997) introduced a new approach that 

avoids the cost of preprocessing a roadmap for the entire C-space. This algorithm tries to 

sample only the portion of configuration space, which is relevant to the current query. 

Hereby, this method is well suited for single query problems within given environment. 

The proposed technique has been successfully applied in the automotive industry. 

Boor et al (Boor, Overmars, & van der Stappen, 1999) investigated a new simple 

sample strategy, which is called the Gaussian sampler. The sampler has replaced the 

probabilistic strategy in the PRM algorithm. This method uses only elementary 

operations that make use of many planning problems. Experiments show that this 

approach is very efficient indeed. 

Bohlin et al (Bohlin & Kavraki, 2000) described an algorithm based on the PRM 

algorithm called Lazy PRM. This approach is to minimize the running time of the planner 

by minimizing the number of collision checks performed during planning. The planner 

constructs a roadmap assuming that all nodes and edges in the roadmap are avoiding 

obstacles. Then the planner searches for the shortest path between the start and goal node. 

The planner removes nodes and edges that collide with obstacles along the path as it 
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searches for the shortest path. Experiments indicate that the Lazy PRM is efficient in 

practice. 

Song et al (Song, 2001) presented a customized version of the PRM algorithm 

that postpones some of the validation checks, such as collision checks in the query stage, 

which performs efficiently for many problems. This approach enables a user to customize 

the same roadmap according to multiple, variable, and query preferences. The result 

indicates dramatically improved performance. 

Branicky et al (Branicky, LaValle, Olson, & Yang, 2001) introduced several 

advantages offered by using two algorithms in comparison to random sampling. Quasi-

random variants based on PRM planner are presented: 1) classical PRM with quasi-

random sampling, and 2) a quasi-random Lazy PRM. Experiments indicate more 

performance advantages than randomized counterparts do. 

2.4.2. Machine Learning  

Machine learning techniques can automatically apply a suitable planner for each 

distinct region in the planning space and world. In addition, an artificial neural network 

approach can be used to solve the inverse kinematics problem, which yields multiple and 

precise solutions with an acceptable error (Köker, Öz, Çakar, & Ekiz, 2004). 

Bahar et al (Bahar, Ghiasi, & Bahar, 2012) introduced a new technique based on 

the roadmap and implementation of an Artificial Neural Network (ANN) for corridor 

search. By using ANN, a fast path planning method is achieved that operates in static, 

dynamic and unseen environments. 
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Zhang et al (Zhang & Wang, 2004) developed and applied a recurrent neural 

network for kinematic control of redundant manipulators and collision avoidance 

capability. In this study, an improved problem formulation is introduced in the sense of 

obstacle avoidance representation by dynamically updated inequality constraints. An 

online solution to the collision free inverse kinematics problem proposed by a dual neural 

network is developed based on the improved problem formulation. The presented neural 

network solution is simulated for motion control of the PA10 robot arm with point and 

window-shaped obstacles. 

Morales et al (Morales, 2005) investigated an automated framework for feature-

sensitive path planning that involves a machine-learning technique to partition and 

characterize C-space into regions. That is suited to one of the roadmaps based motion 

planner algorithms. The entire planning space forms once each region’s best-suited 

roadmaps are combined. They stated that the reliability outperformance of each one of 

the planners on their own through a simple prototype system demonstrated. 

Mayorga et al (Mayorga & Chandana, 2006) introduced a Neuro-Fuzzy technique 

for obstacle avoidance motion planning of redundant robot manipulators. The proposed 

method is dealing with obstacle avoidance with computing the null space vector based on 

formulating an inverse kinematics problem using the proper pseudo inverse perturbation 

for avoiding singularities. The calculation of the IK problem has been performed by a 

trained ANN that consists of a null space vector for avoiding obstacles. The results 

indicate that the presented method compares favourably with the numerical method. 
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2.4.3. Genetic Algorithms 

For applying genetic algorithms to the problem of searching for an optimal path 

for robot manipulators, firstly, the coding scheme needed to encode all the parameters 

involved to generate the motion. A binary representation is usually used to encode the 

parameters to be optimized, but it has some drawbacks when it is applied to high 

dimensional and high precision numerical problems. Using large integer arrays can 

drastically increase the calculation process. Floating-point representation or decimal 

encoding are the solutions that can be implemented easily and save computer memory. 

Besides that, these solutions can attain any arbitrary accuracy without calculation 

complexity.  

Yun et al (Yun & Xi, 1996) presented a new and general technique for optimum 

path planning based on an improved genetic algorithm, which is effective and flexible. 

The proposed approach consists of kinematic constraints, dynamic constraints and control 

constraints of the robot manipulator. The simulated scenarios based on the genetic 

algorithm class library WGAClass 1.0 developed by us with Borland C++ 3.1 for  2-DOF 

and 3-DOF robots are presented and discussed.  

Shibata et al (Shibata, Abe, Tanie, & Nose, 1997) proposed a motion planner that 

cut a 3D work piece by a redundant manipulator with six degrees of freedom. Rotational 

angles of end-effector on a path optimized by applying a genetic algorithm. Defining an 

evaluation function for a fitness function based on references from skilled operators. The 

presented technique is to reduce the operator’s labour so that the operator only has to 

determine motion without redundant parameters. Experiments and simulations indicate 

the effectiveness of this algorithm. 
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Tian et al (Tian & Collins, 2003) proposed a new optimal trajectory planning 

technique involving the genetic algorithm (GA) using a floating-point representation. 

This algorithm defines the evaluation function based on multiple criteria, which consists 

of the total end-effector movement, the total joints movement, as well as the uniformity 

of Cartesian and joint space velocities. The results of minimized criteria indicate smooth 

end-effector motions and the effectiveness and capability of the proposed algorithm. 

Marcos et al (Marcos, Tenreiro Machado, & Azevedo-Perdicoúlis, 2012) 

introduced a new method for efficient optimized trajectory planning that combines the 

closed-loop pseudo-inverse algorithm with the genetic algorithm. This study also 

compared the proposed method results with a genetic algorithm that incorporates the 

direct kinematics. In both cases, the path planning is formulated as an optimization 

problem with constraints. 

2.5. Flexible and Deformable Manipulators 

Flexibility in mechanical structure can be categorized into two classes: 1) link 

flexibility, and 2) joint flexibility. The purpose of link flexibility is to increase the 

productivity of robot arms with fast motion and to complete a task with small energy 

consumption. Altogether is a result of applying lightweight structure in robot 

manipulators. Joint flexibility exists in most manipulators, which is elastic behaviour of 

drive transmission systems.  

Deformable manipulator means that each link is a deformable object with many 

DOF (in the limit, one for each deformable point on its surface). However, having more 

degrees of freedom results in increasing intractable levels and convenient way of 
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enforcing physically correct behaviour is not possible (Burchan Bayazit, Lien, & Amato, 

2002). 

Bayazit et al (Burchan Bayazit, Lien, & Amato, 2002) applied the probabilistic 

motion planning technique for deformable robots. In this investigation, unlike typical 

motion planning, the robot can change its shape or deform to avoid collisions as it moves 

along the computed path. A two-stage approach is presented in this study. The first stage 

is to find an approximate path that may collide with obstacles. In the second stage, the 

collisions will be corrected along the path by deforming the robot. 

Korayem et al (Korayem, Rahimi, & Nikoobin, 2012) investigated an optimal 

motion planner for flexible manipulators composing multiple flexible links and flexible 

revolute joints mounted on a mobile platform. Firstly, kinematics and dynamics of the 

model are analyzed and then for optimal trajectory designing an open-loop optimal 

control method is presented. This study stated that the optimal control problem converted 

into a two-point boundary value problem by applying Pontryagin’s minimum principle 

and deriving the optimality conditions. An assessment of the comparison of the dynamic 

model is validated through simulations. Trajectory designing is done through additional 

simulations of two-link flexible mobile manipulator to indicate the effectiveness of the 

presented technique. 

Frank et al (Frank, Stachniss, Schmedding, Teschner, & Burgard, 2014) addressed 

the problem of robot manipulator navigation with deformable objects while optimizing 

the costs of deformations when planning robot trajectory and trading off against the travel 

cost. They stated that they developed a robotic system that can acquire deformation 
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models of real objects. The planner is able to evaluate robot trajectories and to predict the 

cost of object deformation by learning deformation models. Furthermore, the 

approximate object-specified deformation cost functions by means of the Gaussian 

process regression is presented. The real-world experiments show the efficiency of the 

planner by several orders of magnitude. 

2.6. Summary 

The main purpose of reviewing literature is to shed some light on how trajectory 

designing approaches for robot manipulators have been implemented in previous studies 

to plan efficient motions for manipulators with N degrees of freedom that avoid any 

collisions while optimizing some cost functions. Each of above mentioned methods has 

its own shortcomings and the major one is the lack of a general motion planner that has 

the ability of motion planning for all types of manipulators with desired degrees of 

freedom operating in a known environment with different types of obstacles while 

optimizing desired cost functions. Additionally, as mentioned before, planning motions in 

a 2D workspace is undoubtedly more complicated since planar path planning has more 

constraints and less degrees of freedom than a 3D workspace. 

The following chapter presents the methodology of the modified sampling-based 

approach and involves other techniques that have the capability of complex problem 

solving for efficient and fast trajectory planning in high-dimensional configuration 

spaces. 
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3. Chapter 3 – Methodology 

3.1. Overview 

In this chapter, a new methodology for designing collision-avoiding trajectory for 

redundant and hyper-redundant robot arms in crowds and cluttered environments based 

on sampling-based motion planning will be discussed. The proposed approach is divided 

in two phases: 1) preprocessing phase and 2) query phase.  

 Preprocessing Phase (off-line): The preprocessing phase, also called 

learning phase involves constructing roadmap followed by creating an 

occupancy grid. The objective of the construction step is to build a 

reasonably connected graph with enough nodes and edges to provide a 

uniformly covered free C-space and to make sure that every limited-access 

region contains at least a few nodes. The second step is to improve the 

connectivity of the nodes that lie in difficult regions of C-space by 

controlling the generated random nodes to be distributed uniformly. 

 Query phase (real-time): During the query phase also called the real-time 

stage, we assume that the preprocessing phase is completely performed 

before any path-planning query. In this phase, the roadmap is used to 

quickly solve individual motion planning query. A discrete search 

algorithm finds the shortest and most feasible path considering the 

predetermined cost function between given pair of initial and goal 

configurations. Each configuration is connected easily to the graph. A 

graph search technique searches the graph for a sequence of edges that 
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connects the initial configuration to the goal configuration. Finally, these 

sequences transform into a feasible motion for the robot. 

The workflow and overview of the presented algorithm can be seen in Fig. 3.1. 

 

Fig. 3.1. Overview flowchart of the proposed trajectory planner 

This study focuses on planar path planning since 3D path planning is simpler than 

2D path planning. For instance, in 3D motion planning, the robot has three more degrees 

of freedom to operate to have an obstacle avoidance trajectory, while 2D motion planning 

operates with fewer DOF while avoiding collisions. 

3.2. The Preprocessing Phase (Off-Line) 

During the preprocessing phase as an off-line stage, a data structure called the 

roadmap (undirected graph) is constructed in a probabilistic way for a given workspace. 

The graph contains nodes that are appropriately chosen over       and the edges 

correspond to feasible trajectories. This stage provides details of a modified version of 

the PRM path planning method. In this phase, first, the occupancy grid map of the 

environment includes obstacles needed for random sampling. Proper sampling needed to 

generate collision-free configurations in       until a desired density is reached that 

uniformly generated over      . Each generated random configuration needs to be 

checked by a collision detector. To determine whether the random generated 
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configuration collides with obstacles. Once random nodes are created, they are connected 

to some neighbours; typically all neighbours less than a predetermined distance. The 

local planner computes a collision free trajectory between a node and its neighbours. 

Randomly created configurations and their connections are added to the graph until the 

roadmap is dense enough. In this phase, substantial effort is invested to build a high 

quality graph of random nodes and edges in a way that can quickly handle future queries, 

which should be accessible from every part of       (Kavraki, 1996). 

The initial empty graph includes only occupied regions. Then, repeatedly, a 

random free configuration is created and added to the number of nodes N. As the planner 

generates nodes, the local planner tries to connect the generated nodes to the neighbour 

nodes with a line segment representing the feasible trajectory between these two nodes. 

For mapping the obstacle to start the construction step and adding nodes, we need to 

create an occupancy grid mapping of all obstacles. The roadmap needs to be constructed 

once for all queries. In the other words, in the off-line mode the roadmap is going to be 

generated. Then, in the real-time stage, all queries can be performed to find any arbitrary 

paths between any desired initial and goal configurations. 

 

Fig. 3.2. Workflow of the preprocessing phase (off-line stage) 
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The workflow of the learning phase can be seen in Fig. 3.2. According to Lavalle 

(LaValle, Planning algorithms, 2006) the basic construction step (also called pseudocode) 

of off-line learning phase (PRM planner) can be outlined as follows: 

CONSTRUCT_ROADMAP 

1                                   

2 while     

3     if                                                            

4                    (       )       

5        for each    NEIGHBHOURHOOD             

6              If                                    

7              CONNECT(         ) then 

8                                          

As seen throughout the outline, the method utilizes dense and uniform samples. 

Each iteration, continue to iterate until a valid collision-free random configuration 

(sample) is obtained by checking whether                as well as ensuring that the 

generated sample is not generated too close to previously generated samples. Then the 

planner tries to add the current vertex (node) to some nearby nodes,  , of   (graph). The 

CONNECT function, also called the local planner method, attempts to make a 

connection. 

3.2.1. Defining a Robot Manipulator 

First, to begin the strategy, one must define a robot manipulator with all possible 

details. Details consist of number of degrees of freedom, Denavit-Hartenberg D-H 
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parameters, joint type, joint limit and link cost since each robot arm is designed and 

manufactured for a specific mission and environment. For example, 17-meter 

Canadarm2, which was commissioned in 2001, operates at the International Space 

Station to move supplies and astronauts in an environment without gravity since the 1.6-

ton manipulator cannot move itself on earth because of gravity. In chapter four, all details 

of the robot initialization and needed information about the robot will be discussed. 

3.2.2. Occupancy Grid Mapping 

Trajectory planning requires both manipulator and workspace information. The 

manipulator information can be safely defined as the number of DOF, number of links 

and their dimension. The workspace information consists of obstacles location and 

dimension. To create the occupancy grid, a numerical value assigned to each cell that 

indicates whether the probability that an obstacle exists or the expected difficulty of 

traversing the cell (LaValle, Planning algorithms, 2006). In the other words, the basic 

idea of occupancy grid mapping is to represent a map of the workspace with a binary 

value to represent whether the cell is occupied by the obstacle or vacant. The parameters 

in the occupancy grid section that must be defined are as follows: 

 Environment dimension. 

 Quality of the occupancy mapping. 

 Obstacles’ geometry. 

3.2.3. Forward Kinematics Calculation 

The purpose of forward kinematics computation is to introduce the use of 

homogeneous transformations to represent link locations in a kinematic chain. Most robot 
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manipulators are open kinematics chains (e.g., SCARA, PUMA, etc.). This means that 

they are formed from an open set of links connected serially (i.e., no loops are formed by 

the links). 

Using the forward kinematics calculation in this study is one of the most 

important benefits. At the same time, it is the simplest solution to compute the position of 

any links as well as the end-effector. In comparison to IK, the solution that has been 

proved in previous studies, which is an NP-hard problem for not only hyper-redundant 

manipulators, but also for redundant manipulators. In this study, it is prohibitively 

difficult to explicitly calculate the shape of      . However, detecting whether a given 

configuration is in       is efficient. First, the Forward Kinematics computes the position 

of the manipulator’s geometry and then the collision detector recognizes if the 

manipulator’s geometry intersects the obstacles’ geometry of the environment. 

If we consider a robot as an open series of links, with a frame rigidly attached to 

each link, equation (3-1) expresses the location and orientation of the tool or the end-

effector frame with respect to the base frame as: 

                                      (3-1)   

Where    is the joint variable associated with the motion of each link with respect 

to the previous link. 

3.2.3.2. The Denavit Hartenberg (D-H) Convention 

The D-H convention provides “rules of thumb” for assigning frames to links. The 

convention results in a simplified, streamlined method for calculating the forward 

kinematics transformation     of a robot. The convention is suitable for computer 
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programming. To use the D-H convention, we first must define joints: 1) revolute (also 

called rotary) joints and, 2) prismatic (or sliding) joints. 

The     joint is located at the intersection of the       and     links. In the D-H 

convention, each homogeneous transformation        in equation (3-2) is represented by 

four basic transformations: 

                                    (3-2)   

Based on the D-H convention, any motion between two frames attached to two 

links connected by a revolute or prismatic link can be represented by equation (3-3) 

transformation.  
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(3-3)   

Hence, any displacement between these two frames can be represented in Table 

3.1:  

Table 3.1. Denavit-Hartenberg convention parameters and descriptions 

Parameter Axis Description 

        Joint Angle – Variable for revolute joints 

        Link Offset – Variable for prismatic joints 

      Link Length – Constant perpendicular distance between      and    

      Link Twist – Constant angle between      and    
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When assigning frames to a manipulator, two important rules must be followed in 

order for the D-H convention to work: 1) the    axis is assigned to be perpendicular to the 

     axis and, 2) the    axis is assigned to intersect the      axis. Also    can be chosen 

desirably. 

3.2.3.3. The D-H Procedure (Spong & Vidyasagar, 2008): 

 Locating and labeling the joint axes          . 

 Establishing the base frame. Set the origin anywhere on the    axis. The 

   and    axis are chosen conveniently to form a right-hand frame. 

 Locating the origin    where the common normal to    and      intersect 

  . If    intersects     , locate    at this intersection. If    and      are 

parallel, then we need to locate    at joint  . 

 Choosing    extending from    along the common normal between    and 

    . 

 Establishing    to complete a right-hand frame. 

 Establishing the end-effector frame         . Assuming the n-th joint is 

revolute, setting    along the direction     . Setting up the end-effector 

frame and tool transform,     . 

 For      , creating a table of link parameters. 

 Computing the homogeneous transformation matrices    by substituting 

the parameters into equation (3-3). 
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 Computing the direct kinematics function (3-1), where   is a vector of 

joint variables (rotations or displacements), and    is the joint variable for 

the     joint. 

3.2.4. Random Sampling 

According to Lavalle,       , the configuration space, is uncountably infinite 

while a sampling-based motion planning method can consider at most a countable 

number of random samples. This method can run forever then it may be countably 

infinite, but practically the expectation is to terminate the algorithm after considering a 

finite number of random samples. Therefore, the planner generates a dense random 

sample for any bounded       . The goal in this section is to uniformly generate random 

samples in the defined workspace. In the other words, the probability of desired roadmap 

density over state space is uniform. Additionally, sampling uniformly over the space of 

rotations has to be done carefully because randomly generating values for each joint does 

not mean that the distribution of positions of an end-effector of a redundant manipulator 

is going to be uniform (LaValle, Planning algorithms, 2006). 

First, for having better coverage over       and controlling the shape of the 

distribution of samples, this research applied beta distribution with tunable positive shape 

parameters. The reason behind this theory is that each sample contains random joint 

values and the forward kinematics computation in many rotation spaces because high 

DOF will not result in uniformly generated samples over      . On the other hand, this 

study introduces a novel method to not only allow the planner to waste time generating 

samples very close together, but also to ensure that the samples are spreading all over 
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      components. The method called Tip Distribution Grid (TDG) is the gridded version 

of       with arbitrary resolution. TDG cells ignore generated nodes that exceed the 

allowed maximum number of nodes. The resolution of the TDG and the maximum 

number of node per TDG cell is directly proportional to the user-defined density of the 

roadmap. 

3.2.5. Collision Detection 

Once a random configuration is generated and it has been decided where the 

created sample will be placed, then the next problem is to determine whether the 

configuration is in any collision. Hence, collision checking is a critical component of 

sampling-based planning (LaValle, Planning algorithms, 2006). Therefore, the collision 

detector must check the randomly generated configuration if it intersects any part of     . 

If the configuration is collision-free, it will be added to the total generated collision-free 

nodes; otherwise, it will be discarded. First, we need to calculate the end-effector position 

and send that position as a point to the occupancy grid. If the point lies in     , that point 

will automatically be discarded. Once the collision detection is done and the generated 

configuration’s end-effector position is in      , then we need to check if any part of the 

robot collides with an obstacle. In this study, we are considering that the robot 

manipulator cannot intersect itself because we are assuming each link connected to the 

next link with an offset so they cannot collide with each other even if the revolute joints 

rotate 360 degrees. 

To check if the entire random configuration collides with     , we need to 

perform the collision test for all links of the robot. Thus, first of all, positions of each 
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link’s tip are calculated then checked for any collision. Secondly, if all the manipulator 

links’ tips are collision-free, then we need to discretize each link into a number of points 

that needs to be tested through the collision detector. Discretizing resolution must be at 

least equal to the occupancy grid resolution to make sure each discretized part of each 

link lies in an occupancy grid cell. All these positions can be computed by the forward 

kinematic calculation and the multiplication of homogeneous transformation matrices 

described in equation (3-1).  

3.2.6. Local Planner 

According to Kavraki, the local planner is connecting random configurations that 

are repeatedly generated by the probabilistic roadmap in the preprocessing phase. This is 

a simple, but fast trajectory planner. The feasible paths between each pair of nodes are 

the edges that connect configurations are referred as local paths, which are computed by 

extremely fast local planner (Kavraki, 1996).  

Once all the random samples are created within the      , the planner must 

recognize neighbour nodes and then the local planner is in charge of connecting the 

neighbour nodes. The straight-line segments show the connection, but actually the local 

planner generates an obstacle avoiding linear trajectory for the manipulator of each 

connection. The quality of collision detection for the trajectories depends on the 

workspace and obstacles’ geometry. For instance, if there are obstacles with sharp 

vertices, the local planner must generate trajectory with high resolution. 
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3.2.7. Finding Neighbouring Samples 

Obviously checking shorter paths are usually less costly and the likelihood of 

being collision-free is higher. According to Lavalle, “if a connection made, this avoids 

costly collision checking of longer paths to configurations that would eventually belong 

to the same connected components” (LaValle, Planning algorithms, 2006). This makes 

sense since the concept is to find feasible paths between any given start and goal 

configurations because by finding neighbour samples for each sample, the planner eases 

the problem and builds a roadmap that is an undirected graph that contains countably 

infinite paths. 

To select neighbours of any node that exists within the      , one can take 

advantage of gridded      . The user-defined size of the components of this grid are 

called cells. This technique considers all samples of cells that surround the current node 

of the corresponding cell, as neighbouring samples then the local planner connect these 

neighbours with line segments and generate feasible and collision-free trajectory between 

them and all the generated trajectories are stored for future queries. 

3.2.8. Cost Function 

The quality of the solution returned by a path planning method is important in 

most applications. Thus, optimizing a cost function while the robot operates in its 

workspace is one of the fundamental purposes of path planning. There are various cost 

functions to be minimized, such as distance, time, torque and energy. For instance, one 

may be interested to minimize the path length or a time limit for a planning execution. 

The problem of calculating optimal trajectory has been proven by Canny (Canny & Reif, 

1987) to be challenging even in basic cases. One of the issues that have not been 
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systematically investigated yet in the context of sampling-based trajectory planning for 

hyper-redundant manipulators is handling different cost functions while most of the 

relevant studies rely on heuristics.  

3.3. The Query Phase (Real-time) 

By using the constructed roadmap in the off-line preprocessing phase, paths are 

found between any initial and goal configurations during the query phase. In other words, 

once the roadmap densely generated consists of the occupancy grid, all valid nodes and 

all feasible obstacle-avoiding trajectories between neighbour nodes, and initialized the 

robot manipulator with all properties, then the learning phase is done and therefore the 

query phase can be begun. In this research, the strategy used in the query phase for 

connecting any arbitrary pairs of nodes is to find least cost/shortest path between any 

desired start and goal nodes that involves graph searching algorithm A-star (A*). The 

workflow of the algorithm is shown in Fig. 4.1.  

 

Fig. 3.3. Real-time query phase workflow 
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3.3.2. Graph Search Algorithm A* 

A* is the best-first graph search technique, which is widely used in path finding 

because of its performance and accuracy in finding the most efficient path. Additionally, 

other works (Zeng W. &., 2009) found A* to be superior to other methods. Detailed 

information about A* can be found in “A Formal Basis for the Heuristic Determination of 

Minimum Cost Paths” (Hart, 1968).  

As a brief description, A* applies best-first search and discovers the least-cost/ 

shortest path from any given start and goal nodes. As A* traverses the roadmap, which is 

generated in the off-line stage, it follows a path of the least expected total cost or 

distance, keeping a sorted priority list of alternative paths along the way to the goal node. 

A* uses pre-defined, as well as heuristic cost functions of node   (denoted     ), 

to define the order in which the search visits nodes in the graph. The cost function is a 

sum of two functions: 

 The previous path-cost function, which is the known distance from the initial 

node to the current node   (denoted by     ). 

 The next path-cost function, which is an admissible heuristic estimate of the 

distance from   to the goal (denote by     ). 

According to the Hart, the      part of the      function must be an admissible 

heuristic, which must not overestimate the distance to the goal node. Hence, for the 

problem of motion planning for manipulators, one can assume that      represents the 

straight-line distance from the current node’s end-effector position to the goal node’s 

end-effector position, since that is physically the smallest possible distance between any 
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pair of nodes. Moreover,      is the cost of moving the manipulator’s links from a start 

node’s configuration to the current node’s configuration. All costs of the manipulator’s 

links are assigned in the initialization stage (Hart, 1968). 

The process starts with the initial node and as the method follows the paths, it 

maintains a priority queue of nodes to be traversed, which is known as the open list. The 

lower the      for a given node  , the higher its priority. Each step needs to remove the 

node with the least      value from the open list and then the   and   values of its 

neighbours are updated accordingly, and these neighbours are added to the open list. The 

method runs until the goal node is reached with the least cost compared to other routes 

found to the goal node. 

3.4. Case Study 

The most related case studies of this research are Canadarm (in service from 1981 

to 2012 and Canadarm2 (in service since 2001). Shuttle Remote Manipulator System 

(SRMS), also known as Canadarm, is (15.2 meter-long, 6-DOF, 410 kg) a redundant 

manipulator that was used on space shuttle orbiters to deploy payloads, manoeuvre and 

capture payloads. Space Station Remote Manipulator System (SSRMS), also known as 

Canadarm2, is (17 meter-long, 7-DOF, 1641 kg) a redundant manipulator, which is 

operating at the International Space Station (ISS), This Canadarm2 is routinely used for 

moving supplies, equipment and even astronauts.  

Canadarm and Canadarm2 were designed to operate in a highly constrained and 

crowded workspaces. In this case, there is no second chance if these giant manipulators 

collide with anything in space. Having said that, there is only one Canadarm2 on the ISS 
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and Canadarms that were used in the space shuttles. In addition, Canadarm2 is 

responsible for ISS maintenance, capturing and docking unpiloted spacecraft that carry 

everything from science payloads to necessities for the six astronauts on board the ISS. 

Thus, it will be extremely expensive in every aspect to replace or repair damaged parts 

for either device. 

3.5. Summary 

In this chapter, the overview of the proposed methodology to implement the 

modified PRM planner and the workflow for this process has been presented. The 

workflow has two main phases that consist of the preprocessing and the query phase. 

Considering the fact that the off-line preprocessing phase, also called learning phase, will 

be generated once for a known environment. The quality of the constructed roadmap 

depends on the initialization parameter, such as roadmap density as well as resolution of 

both the occupancy grid and tip distribution grid. Then the generated roadmap will be 

used for all queries to calculate the best paths real-time. The off-line phase has three steps 

consisting: 1) robot manipulator initialization, 2) occupancy grid mapping, 3) uniformly 

distributing randomly chosen free configurations, 4) tip distribution grid, 5) collision 

detection, 6) local planner, 7) finding neighbour nodes, and 8) defining cost functions in 

the query phase. In the query phase, the A* graph search technique finds the least 

cost/shortest multi-query path in real-time within the created roadmap between arbitrary 

initial and goal configurations. 

The following chapter presents the results of various scenarios of path planning 

for redundant and hyper-redundant manipulators within highly constrained workspaces 

followed by implementation of this study.   
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4. Chapter 4 – Implementation 

4.1. Overview 

The previous chapter provided materials for applying the proposed method 

procedures for efficiently finding the least cost collision avoiding motion for hyper-

redundant manipulators. In this chapter, the implementation steps of this study, as well as 

assumptions, will be provided and discussed. 

The proposed approach is implemented in the MATLAB platform because it is 

widely accepted for academic purposes and industrial enterprises. The overall procedure 

of implementation of the introduced algorithm can be listed as follows: 

 Robot and links initialization (D-H parameters). 

 Environment and obstacles initialization (Occupancy grid mapping). 

 Tip distribution grid initialization. 

 PRM and generation of random configurations. 

 Collision detection algorithm.  

 Finding neighbour nodes. 

 Local Planner. 

 A* graph search algorithm implementation for multiple queries. 

The workflow of the developed modified PRM motion planner is demonstrated in 

Fig. 4.1. As can be seen in the off-line phase, it starts with generating obstacle avoiding 

random configurations followed by robot and environment initialization to create a 

densely enough roadmap to begin the query phase, which needs a pair of initial and goal 

nodes to find the best path. 
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Fig. 4.1. Overview of the planning algorithm 

In the following sections, the details of implementation, assumptions and user-

defined MATLAB classes will be presented. 

4.2. Assumptions 

In this implementation as well as all simulations, it is assumed that the joints of 

the designed robot arm are connected to each other with an offset. Therefore, the robot 

links cannot collide with each other and self-collision is not a concern for this planner. As 

a result, there is no joint limit and each joint can rotate 360 degrees. Furthermore, the 

links are assumed to be line segments and the revolute joints are assumed to be points. 

Moreover, the degrees of freedom are to be defined by the number of links, which is 

called Joint-One-Degree-of-Freedom (JOD). Therefore, if a robot has seven links, the 

simulation will assume that the robot is a 7-DOF manipulator. 
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The line segments of a generated roadmap are only a connection between pairs of 

neighbour nodes and representing the trajectories. In the following scenarios, there are 

some line segments between a pair of neighbour nodes that are connected in the 

roadmaps, but the obstacles intersect while the computed linear trajectories between 

respected nodes do not collide with the obstacles. 

The presented modified PRM planner is programmed for 3D motion planning 

based on the real world dimensions, but this study focuses on planar motion planning 

since in 2D motion the robot has less degrees of freedom to avoid collisions in 

comparison to 3D motion in which the robot has three more degrees of freedom to avoid. 

Hereby, the 2D trajectory planning is more constrained than 3D trajectory planning.  

4.3. High-level Programming 

To implement and simulate the designed motion planner, any object oriented 

programming language can be used for the simulation. MATLAB has been chosen for the 

implementation since it is widely accepted for academic purposes and industrial 

enterprises. 

Although it has been proven that C/C++ low-level language which generates 

relatively optimized machine code with any other high-level language, simple 

calculations do not have much of a difference between C/C++ implementation or 

MATLAB implementation, sometimes in fact MATLAB performs a bit better in 

computational time. When coding moved on to larger scale simulations with thousands of 

lines of code, gradually C/C++ simulations indicated performance superiority. 
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To implement and simulate the introduced planner, near a thousand lines have 

been coded in MATLAB. MATLAB has been chosen due to the advantages it provides in 

data visualization and result demonstration via built-in 2D and 3D plotting functions, 

which helps for better understanding. 

4.4. User-Defined MATLAB Classes 

To implement the presented approach and to efficiently develop a general and 

comprehensive path planner concept in MATLAB, one should use the privileges of 

object-oriented programming (OOP) because this research is dealing with a large number 

of nodes and many properties for each node, as well as the edges and the trajectories 

between each pair of neighbour nodes. Thus, one may define a class for each type of data 

that is like a template for the creation of specific instances of classes. This instance or 

object contains actual data for a particular entity that is represented by the class. In 

addition, objects are not just passive data containers. Objects actively manage the 

contained data by allowing only certain operations to be performed. By precluding data 

that does not need to be public for other classes, and by preventing external clients from 

misusing data; each class functions cannot perform operations for which the object was 

not designed. Additionally, objects are designed in class hierarchies. Hereby, one should 

create the user-defined classes to start programming the presented algorithm in 

MATLAB. MATLAB classes use the following key-terms in Table 4.1 to describe 

different parts of a class definition and related concepts. 
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Table 4.1. MATLAB classes key-terms and descriptions 

Key-terms Definition 

Definition Description of what is common to every instance of a class. 

Properties Data storage for class instances. 

Constructor Initialize a new instance of the class. 

Methods Specific functions that implement operations. 

Objects Instances of classes, which include actual data values stored in the objects’ 

properties 

 

 

Fig. 4.2. Relations of the user-defined classes in MATLAB for simulation 

The classes in Fig. 4.2 are to be defined for executing the introduced modified 

PRM planner as well as applying the A* method. 
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4.4.2. Robot Manipulator Class 

To initialize and begin our motion planning strategy, one must define a robot 

manipulator (i.e., number of DOF and number of links) since each manipulator is 

designed for specific tasks. Described properties of the class of robot manipulator are 

shown in Table 4.2. The constructor needs the mentioned inputs (properties) to initialize 

a new instance of manipulator and then the object is the initialized manipulator. The used 

methods of this class are shown and described in Table 4.3. 

Table 4.2. Properties and definitions of robot manipulator class 

Properties Definition 

All links An array that consists of all links with its properties 

Number of links Indicates the number of links of the robot manipulator 

Robot origin Position         of the fixed base of the manipulator 

 

Table 4.3. Methods and descriptions of robot manipulator class 

Methods Description 

End-effector position Forward kinematics calculation of the position of the end-effector 

Link position Calculates length percentage of any link of any configuration 

Random Configuration Generates random configuration by beta distribution function 

Collision Detector Check if the generated configuration intersects the obstacles 
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4.4.3. Link Class 

In addition to the robot initialization, the user has to determine the links’ 

properties as well. The link properties are shown and described in Table 4.4. The 

constructor of the class of link uses the mentioned properties as inputs to construct a new 

instance of link and then the object is the initialized link. Table 4.5 indicates the involved 

methods and functions of this class. 

Table 4.4. Properties and definitions of link class 

Properties Definition 

Link ID Number Assigning an ID number for each link 

D-H parameters The four parameters to define a link and its frame 

Joint type Determine if the joint is revolute (hinge) or prismatic (sliding) 

Joints limit Available range of joint movement 

Link cost Defining a value or weight as a cost of moving the link 

 

Table 4.5. Method and description of link class 

Method Description 

Link Cost Calculator Computes the cost of moving each link between the start and final 

configurations for each pair of node neighbours 

 

 

 

 



 

47 

 

4.4.4. Defining Cost Function 

Path planning for highly redundant manipulators needs cost functions to be 

optimized because there are large numbers of DOF performing a task. Moreover, there 

are different criteria and expectations for robot arms because they are designed to 

perform specific tasks in different workspaces. Hereby, the introduced technique for 

hyper-redundant robotic arms motion planning in this study can handle and optimize 

various cost functions at a same time. The simple and common cost function defined in 

this thesis is applicable in related industry that optimizes multiple cost functions 

simultaneously: 

 Distance: Finding the shortest Euclidean distance between end-effector 

positions from initial to goal configuration. 

 Time: Finding the shortest trajectory between initial and goal 

configuration. The local planner generates linear trajectories between 

each pair of node neighbours so cumulative time is directly proportional 

to the neighbour’s distance. 

 Total joints movement: In redundant and hyper-redundant manipulators, 

each link obviously has weight as a moving cost because when a high-

dimensional manipulator tries to move the links that are close to its base, 

the cost of energy and torque is very high for moving the entire 

manipulator in comparison to moving the links close to the end-effector. 

Thus, when we are initializing the robot manipulator the user needs to 

assign a value as a cost for each link.  
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In most cases, the manipulator must rapidly perform a task in the shortest path 

while the cumulative movements are minimized due to energy consumption. By 

assigning cost weights to the links as the link’s ID increases the cost weight decreases, 

one may be able to minimize the total joint movements. For example, the first link has the 

highest cost weight since its displacement makes a huge displacement for other high-

DOF manipulator’s links (i.e., the end-effector). 

4.4.5. Node and Point Classes 

Creating a random node requires the generation of a random configuration. As the 

manipulator, information and link properties are defined so we randomly generate a value 

for each joint. Each node in the probabilistic roadmap graph consists of the following 

properties in Table 4.6. The constructor of the class of node uses the mentioned 

properties as inputs to construct a new instance of node with an empty neighbours list and 

the object will be the generated node. Table 4.5 and Table 4.7 indicate the involved 

functions in this class. 

Table 4.6. Properties and definitions of node class 

Properties Definition 

ID Number The ID number assigned to each node. 

End-Effector Position End-effector position is the representative of each node in the roadmap 

All Neighbours An array consisting of all neighbours surrounding the node 

Configuration An array consisting of all joint values 
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Table 4.7. Methods and descriptions of node class 

Methods Description 

All Neighbours Length Calculates the number of each node’s neighbour 

Is Neighbour Determines if the requested neighbour is already added into the 

neighbours list of the node. 

Add Neighbour Adds a neighbour to the node’s neighbours list 

One of the main issues that arise upon random number generation is the 

probability of distribution. To uniformly distribute all over the workspace, a simple 

random number generator will not satisfy the problem because it will not uniformly 

distribute as degrees of freedom increase. For example, picking uniform random angles 

does not lead to uniform random samples for the entire manipulator configuration.  

In Fig. 4.3, a 7-DOF manipulator with the maximum length of 8.25 units was 

tested to illustrate the end-effector (black dots) distribution. Not only did the simple 

random generator densely generate samples around the center, but it also cannot reach 

workspace boundaries. Hereby, the shape of the distribution needs to be controlled. Using 

beta distribution as a family of continuous probability distribution that is parameterized 

by two positive shape parameters, denoted by   and  , appear as exponents of the 

random variable and control the shape of the distribution. Fig. 4.4 indicates the effect of 

beta distribution that allows the 7-DOF manipulator to uniformly distribute all over the 

workspace and reasonably reach the boundaries.  
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Fig. 4.3. End-effector position distribution of 6000 generated random configurations for a 7-DOF 

manipulator (maximum length 8.25 units) using simple random generator 

 

Fig. 4.4. End-effector position distribution of 6000 generated random configurations for a 7-DOF 

manipulator (maximum length 8.25 units) using beta distribution,       
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Table 4.8. Properties and definitions of Point class 

Properties Definition 

x x position of the end-effector 

y y position of the end-effector 

z z position of the end-effector 

 

Table 4.9. Method and description of point class 

Method Description 

Distance Calculator Calculates the end-effectors distance between any pair of nodes 

 

Point class must be defined to store the variable number of randomly generated 

end-effector positions. Table 4.8 shows the needed properties of the point class. The 

constructor of point class uses the abovementioned properties as inputs to construct a new 

instance of point and the object will be the generated end-effector position. Table 4.9 

indicates the involved methods and functions in this class. 

4.4.6. Occupancy Grid Class 

Another class, in addition to the robot, that has to be initialized to begin the 

simulation is the class of occupancy grid. In this class, one must define an environment 

dimension         and the location of the obstacles, as well as the occupancy grid 

resolution to map the obstacles into the map of the occupancy grid. 

A bounded manipulator workspace is discretized into rectangular cells that may or 

may not be occupied by obstacles. Discretization resolution defines the number of cells 

per axis and the quality of approximation. Assigned value “1” to cells correspond to 
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rectangular regions in the map that are blocked by     , which will be shown in the 

colour blue and assigned value “0” represents those that do not contain any part of     , 

which will be shown in the colour white. As illustrated in Fig. 4.5, the triangle obstacle 

mapped into an occupancy grid with the resolution of 30 cells in equal 10-unit-axes. The 

robot manipulator must avoid blue cells during its motions. 

4.4.6.1. Point List  

Point lists are defined as some series of points (vertices) that construct polygons 

as obstacles of the workspace that the manipulator operates. The sequence of vertices in 

each series indicates the sequence of drawing edges on each polygon. 

 

Fig. 4.5. Triangle obstacle mapped into occupancy grid with a resolution: 30 cells per 10-unit-axis 
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Fig. 4.6. Insecurely occupancy grid mapped obstacle, resolution: 100 cells per 10-unit-axis 

The PIP method in general uses repeated geometric query. Given multiple 

polygons and a sequence of query points rapidly finds the answers for each query point. 

Each cell asks the PIP function if any vertices of the cell are in polygon. If the answer 

value is “1”, then that cell is considered as an occupied cell and shown in blue, and the 

white cell means it is vacant.  

Although this method of occupancy grid mapping is safe for polygons with both 

right-angle and obtuse-angle vertices, the major issue that arises is the lack accuracy for 

polygons with acute-angle vertexes. For instance, in Fig. 4.6, a planar triangle-obstacle 

mapped into a 10-unit-by-10-unit occupancy grid. Although the resolution is 100 

rectangular cells per axis, the vertex is located in a white (vacant) cell, while it must be 

considered as an occupied cell. Undoubtedly, the solution for this issue is neither 

increasing the resolution nor checking the center of cells, since the polygons may have 

very acute angle then none of the cell vertices are going to lie in polygon. Furthermore, as 

resolution increases, the computational load of the collision checking stage grows, which 

will be discussed later in this chapter. The concept of obstacle avoidance path planning 

for manipulators must not tolerate any kind of collision. As a result, we added an 
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extension to this method that adds all of the surrounding cells of each occupied cell to the 

blocked area. Fig. 4.7 shows we securely mapped the acute-angle vertex. This extension 

actually allows us to decrease the resolution to 30 cells per 10-unit-axis while the 

possibility of collision is zero. To generate the occupancy grid, the following properties 

needed are shown in Table 4.10. 

 

Fig. 4.7. Securely occupancy grid mapped obstacle, resolution: 30 cells per 10-unit-axis 

 

Table 4.10. Properties and definitions of occupancy grid class 

Properties Definition 

Environment Dimension Planner generates random nodes within the desired boundaries of 

environment 

Grid Resolution The quality of occupancy grid mapping 

Total Volume Volume of the whole environment 

Occupied Volume The volume of environment that is occupied by the obstacles 

Free Volume The volume of environment that is obstacle-free 
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Table 4.11. Methods and descriptions of Occupancy Grid class 

Method Description 

Is Inside Determines if the requested point is located in occupied cells 

Is Left Used by “Is Inside” to determine if the point is inside the polygon 

Mark 2D Polygons  Assigns value “1” for occupied cells and value “0” for free cells 

Cells Vertices Calculates positions of vertices of requested cells 

The constructor of the class of occupancy grid is named “Is_Occupied,” which 

uses the abovementioned properties as well as below mentioned methods to initialize a 

new instance of occupancy grid and then the object of this class is the initialized obstacle 

mapped occupancy grid. The methods that are involved in this class are shown in Table 

4.11. The “Mark 2D Polygons” function receives a point list as an input for each polygon 

to mark the occupancy grid cells, or in the other words, assigns the value “1” and “0” for 

the blocked and free cell respectively. 

The PIP algorithm is ray-casting to the right. Each iteration checks the test point 

against one of the polygon's edges. First, it can succeed if the point's y-coordination is 

within the edge's scope. Second, it checks whether the test point is to the left of the line. 

If that is true, the line drawn rightwards from the test point crosses that edge. The 

algorithm counts how many times the rightward line crosses the polygon. If it crosses an 

odd number of times, then the point is inside. If it crosses an even number of times, the 

point is outside. 

4.4.7. Tip Distribution Grid and TDG Cell Classes 

As can be seen in Fig. 4.3 and Fig. 4.4, although the beta distribution was applied 

with tuned parameters, which tried to uniformly distribute the random samples all over 
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the workspace, including boundary regions, there is still a dense region of generated 

nodes around the center towards the right side that could not be avoided. Therefore, the 

TDG solution was applied to satisfy the distribution problem. The TDG controls the 

random generation of configurations by controlling the position of the manipulator end-

effector to uniformly distribute and cover entire workspace. Each TDG cell has a desired 

and predefined limit of the number of nodes. Hence, if the limit exceeds the generated 

random configurations, which the end-effector position lies in that cell, the generated 

node will be discarded and the iteration will continue to spread nodes until all TDG cells 

reach the maximum number of nodes. The following properties in Table 4.12 are needed 

to initialize the TDG. The constructor of the class of TDG uses the abovementioned 

properties as well as the Occupancy Grid class and the defined density as inputs to 

construct a new TDG, and the object will be the generated TDG. The maximum number 

of nodes per cell can be calculated as follows: 

                                                (4-1)   

Table 4.12. Properties and definitions of TDG class 

Properties Definition 

Environment  

Dimension 

The desired boundaries of environment that the planner can generates 

random nodes 

Density Determines the reachability of the samples over the         

Walking Distance Maximum distance between the TDG cellmate nodes and the nodes of 

cells around 

Max. Nodes per Cell Maximum number of nodes can be generated in each TDG cell 
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The maximum number of nodes for each TDG cell is equated to mass. Therefore, 

it can be assumed that the density multiply volume is at Maximum Nodes per Cell. Table 

4.13 indicates the involved methods and functions in this class. As can be seen in Fig. 

4.8, a 7-DOF manipulator end-effector uniformly distributed over the 10-unit-by-10-unit 

workspace within desired density is defined as walking distance. Altogether, defines the 

maximum number of nodes that allowed lying in each TDG cell. In this figure, density is 

“1” and the numbers beside each node represent the node ID number. 

Table 4.13. Methods and descriptions of TDG class 

Methods Description 

Near Nodes Finds all near nodes around any node 

Add Node to Cell Adds node ID to TDG cell 

Cell Finder Finds the corresponding cell in which the node is generated  

TDG Cell Volume Compute a TDG cell volume 

 

 

Fig. 4.8. 7-DOF tip distribution grid, density = 1, robot origin= (5,5) 
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Fig. 4.9. 7-DOF tip distribution grid, density = 5, robot origin= (5,5)  

Fig. 4.9 illustrates the effect of increasing the density from “1” to “5” which 

makes walking distance shorter so the TDG cells get smaller to increase the density of the 

nodes distribution. Each green dot is the position       of the end-effector, which is the 

agent for each randomly created node (configuration) with its ID number in the roadmap. 

The following properties in Table 4.12 are needed to initialize TDG cells. The 

constructor of the class of TDG cell uses the abovementioned empty all node ID to 

construct a new empty instance of TDG cell and the object is the initialized TDG cell. 0 

indicates the involved functions in this class.  
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Table 4.14. Properties and definitions of TDG Cell class 

Properties Definition 

All Node IDs An array contains all nodes of a TDG cell 

 

Table 4.15. Methods and descriptions of TDG cell class 

Methods Description 

Add Node ID Adds node ID to the corresponding TDG cell 

Length of IDs of All Nodes Calculates the number of node IDs stored in a TDG cell 

4.4.8. Neighbour Class 

Once all random nodes are created and collision detection is performed for each 

one of them, they can be considered as valid nodes that the configuration placed within 

the      , another important choice to be made is finding candidate neighbours around 

each node. Node neighbours need to be recognized to build a roadmap. Thus, each 

connection (edge) in the graph indicates a pair of neighbour nodes. As the density of the 

roadmap increases, the TDG cells decrease in size and the number of neighbour nodes 

around each node increases as well. One of the critical factors in sample-based path 

planning strategies is pairing near nodes. Criteria (i.e., distance) is needed to determine a 

neighbourhood region for each node and then connecting node neighbours. The strategy 

that has been used to find the neighbour nodes in the proposed methodology consists of 

the use of the Tip Distribution Grid (TDG). Not only does the applied TDG technique 

solve the problem of random nodes distribution, but it also can be used as criteria to 

recognize near nodes. Additionally, we are considering that the near nodes are the ones 

that have their end-effector positions are close to each other.  
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According to the introduced TDG, each TDG cell includes an array of nodes that 

have their end-effector positions placed less than walking distance away (to be explained 

in Section 4.4.7). Since all the nodes that are placed in one TDG cell are as cellmates and 

node neighbours, then the local planner will be called to connect the cellmates and 

generate a linear trajectory between them. Moreover, all the nodes of eight surrounding 

cells are considered as node neighbours, so again the local planner will be called to 

connect and generate paths between each TDG cell nodes and its surrounding cell nodes. 

As can be seen in Fig. 4.10, a 7-DOF manipulator operating in 10-unit-by-10-unit 

workspace with density equal to one and the maximum number of TDG cell nodes 

number are equal to one. Node 10 in the center area is connected to node nine, node 24, 

node 37, node 33, node three, node 11, node 18 and node 20, which are placed in TDG 

cells surrounding node 10 and likewise for other nodes and TDG cells. Once the pairs of 

node neighbours are recognized in the off-line phase, adding neighbour IDs in an array 

will update the properties of each node.  

 

Fig. 4.10. 7-DOF manipulator node neighbours selection; workspace dimension= 10-unit-by-10-units, robot 

origin= (5,5), density= 1,  
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For time saving in the off-line preprocessing stage, the inverse of generated 

trajectory by the local planner between any given pair of neighbour nodes is 

automatically stored for not wasting time to generate the same trajectory in the opposite 

way. The properties of the class of the neighbour are shown in Table 4.16. The 

constructor of the class of the neighbour uses the abovementioned properties as inputs to 

construct a new instance of neighbour and the object will be the generated neighbour 

nodes. Table 4.17 indicates the involved functions in this class. 

Table 4.16. Properties and definitions of neighbour class 

Properties Definition 

Node ID An ID of node that is recognized as a neighbour for another node 

Cost Calculated cost of moving from a node to another node 

Time Desired trajectory time 

Trajectory Stores the generated trajectories for each pair of neighbour nodes 

 

Table 4.17. Methods and descriptions of neighbour class 

Methods Description 

Trajectory Generates a linear trajectory between a pair of neighbour nodes 

Trajectory Inversor Calculate the inverse of a trajectory 
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Fig. 4.11. 200 random nodes are connected to its neighbours by the local planner via straight line segments, 

density=2, robot origin=(5,5) 

Once the random configurations created are dense enough and the pairs of 

neighbour nodes are recognized in the learning phase, the local planner connects these 

pair of nodes to each other via straight-line segments. As can be seen in Fig. 4.11, 150 

random configurations (nodes) randomly created for a 7-DOF manipulator. The straight 

lines that connect pairs of neighbour nodes are representing neither the end-effector path 

nor the trajectory along these lines. The local planner computed these linear trajectories 

for the manipulator between each pair of nodes. In presence of obstacles, these straight 

lines may intersect the configuration obstacle     , but the linear trajectory is calculated 

by the local planner which does not collide with the obstacles. For instance, Fig. 4.12 
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illustrates neighbour nodes six and 61, which are connected by the local planner via a 

straight line that intersects the obstacle while the generated trajectory by the local planner 

is totally collision-free. 

Each straight-line segment needs to be checked by the collision detector for 

collisions and joint limits (if any). First, the line segment needs to be discretized into a 

number of configurations        . Then collision detection is performed for each 

configuration   . If none of the   configurations yield any collisions, the generated linear 

trajectory is collision-free. Discretization resolution depends on how dense the PRM is 

going to be. Although Occupancy Grid will be more accurate if the discretization 

numbers are increased by the planner, it is obviously more time consuming since each 

configuration needs to be checked entirely by the collision detector. Lastly, the 

mentioned number of configurations creates a linear trajectory between two nodes. 

 

Fig. 4.12. Closer view of the created roadmap, connection of nodes six and 61 intersects with the obstacle, 

while the generated manipulator trajectory does not collide. 
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4.4.9. PRM Class 

Once all the necessary classes for initialization are initiated, then one can run the 

planner to construct the roadmap by repeatedly generating random nodes to lie in      . 

The modified PRM planner runs by calculating an estimation of needed total nodes with 

the desired density that can be computed as follows: 

                                              (4-2)   

The planner loop runs to make sure all needed total number of nodes are created 

within the built roadmap. The collision detector must check each randomly generated 

configuration. If the node is valid and lies within the      , then the corresponding TDG 

cell checks to see if the node does not exceed the maximum node per TDG cell. If not, 

then the generated random node will be added to the All_Nodes ,  , as well as adding the 

node to the corresponding TDG cell. Therefore, a random configuration/node is 

generated successfully, now the planner tries to firstly find the neighbour nodes and 

secondly the local planner connects them to the node. Neighbour nodes are those nodes 

that lay inside the TDG cells that surround the current node as well as cellmates of the 

current node. Every single generated trajectory between each pair of nodes needs to be 

checked by the collision detector by discretizing each trajectory into a number of 

configurations, which is called the quality of collision-free trajectory. 

Table 4.18. Properties and definitions of PRM class 

 Properties Definition 

Total Nodes Determines the minimum number of total nodes that has to be generated 
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Table 4.19.  

Table 4.20. Methods and descriptions of Modified PRM class 

Methods Descriptions 

Valid Nodes Generator Randomly creates collision-free configurations  

 

Table 4.18 indicates the properties of the class of PRM. The constructor of this 

class calculates total random valid samples with the information of TDG and Occupancy 

Grid. Table 4.19 shows the involved function (explained in this section) in this class. 

4.4.10. A* and Path Classes 

The graph search method that has been involved in this study is the A* search 

algorithm since it is known for its performance and accuracy. In addition Zeng (Zeng & 

Church, 2009) stated that other work has found that A* to be superior to other 

approaches, such as the Dijkstra search algorithm. A* uses a best-first search and finds a 

least-cost path from a given start node to a goal node. As A* traverses the graph, it 

follows a path of the lowest expected total cost or distance as can be seen Fig. 4.13, 

keeping sorted priority queue of alternate path segments along the way. An amount of 

cost computed for each edge in the graph is equal to the summation of displacement of 

each joint during local planning for neighbour nodes, multiplied by the link cost assigned 

by the user. The properties of class of A* are shown and explained in Table 4.21. 
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Fig. 4.13. Implemented A* to find the shortest path from node 1 to node 8 

 

Table 4.21. Properties and definitions of A* class 

Properties Definition 

All_Nodes Contains all nodes, their neighbours and the trajectories between them 

Open List Temporary list of sorted path 

 

Table 4.22. Methods and descriptions of A* class 

Method Description 

Find Best Path Computes all available paths and compares them to each other to find the one 

with the least cost 

The constructor of the class of A* uses the All_Nodes as an input to construct a 

new instance of A* and the object will be the roadmap and empty open-list. Table 4.22 

indicates the involved function in this class. 
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Each path contains the number of nodes and each node contains many properties 

as mentioned before, so to store all this information and properties, one must define class 

of path. The properties of class of path are shown in Table 4.23. The constructor of the 

class of path uses the abovementioned properties as inputs as well as start and goal nodes 

to construct a new instance of path and the object will be the path. 0 indicates the 

involved functions in this class. 

Table 4.23. Properties and definitions of path class 

Properties Definition 

Path Nodes An array that contains all nodes of a path 

Path Cost Cost of moving in a path 

Goal Desired goal node 

Reached Indicates if the path reached the goal node 

Start to Goal Cost Stores the straight line distance between the desired start and goal node 

 

Table 4.24. Methods and descriptions of path class 

Methods Description 

Is In Path Check if the requested node is already in a path 

Cost to Node Calculate the straight distance between any two nodes 

Path Length Compute the number of nodes in a path 

Last Path Node Finds the last of a path 

Add Node Adds a node to a path 

Clone Path Clones a path 

Sort Sorts paths 
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4.5. Summary 

In this chapter, the overview of the implementation to simulate the proposed 

modified PRM planner approach and the workflow of this procedure as well as the 

solutions has been presented. Assumptions of this study and the MATLAB user-defined 

classes with their properties and functions have been provided and discussed. MATLAB 

uer-defined classes are as follows: 

 Classes of robot manipulator and link. 

 Class of occupancy grid. 

 Classes of TDG and TDG cell. 

 Classes of node and point. 

 Class of neighbour. 

 Class of PRM. 

 Classes of A* and path 

The following chapter presents the selected scenarios and simulation results of the 

proposed efficiently collision-free path planning for hyper redundant manipulators. 
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5. Chapter 5 - Simulation Results 

5.1. Overview 

A novel and efficient algorithm to plan an obstacle avoidance motion for both 

redundant and hyper-redundant manipulators has been presented, which resulted in 

designing a comprehensive efficient manipulator motion planner. This chapter provides 

simulation results for selected scenarios and the performance of the introduced approach 

in each scenario will be discussed. 

The implementation and all the simulations have been done in MATLAB for 

Windows 8.1 on a Lenovo ThinkPad W530, processing with an Intel Core i7-3820QM 

2.70 GHz (x64-based processor) with 8 GB of RAM. Therefore, the performance of the 

presented algorithm has been tested and checked on this system. The following steps 

show the flow of the simulation and demonstration of the performance of presented path 

planner: 

 Determining links with their properties consist of Link ID number, D-H 

four parameters, joint limit, joint type (revolute or prismatic) and link 

cost unit. 

 Defining the robot manipulator with the links and its origin position in 

2D components      . 

 Determining the point lists that consist of the obstacles vertices that 

populate the workspace. 

 Generating the occupancy grid that needs the workspace dimension and 

the occupancy grid mapping resolution. 
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 Marking the occupancy grid cells values “0” free cells and “1” occupied 

cells via point lists. 

 Defining the density of the roadmap to generate a random configuration 

in a dense enough workspace. 

 Defining the TDG with defined occupancy grid and density. 

 Defining the cost function, which must be minimized or optimized. 

 Generating a modified Probabilistic RoadMap PRM by defined TDG and 

occupancy grid. The steps are explained in Section 3.3. 

 2D plotting the generated roadmap including all created nodes and edges 

within the occupancy grid of the workspace. 

 Performing the A* graph search method to find the least cost/shortest 

path by having all-nodes from desired start and goal nodes. 

 2D plotting the best path found by the A* graph search method in the 

previous step. 

 Plotting the generated trajectories of best path to illustrate the motion of 

the defined robot manipulator along the best path. 

5.2. Scenarios and Results 

An infinite number of scenarios can be provided for the simulation of fixed-base 

manipulators since the variation of many variables exist in the proposed comprehensive 

and general path planner. Those include the number of links that categorise the class of 

robot manipulator that consist of non-redundant, redundant, and hyper-redundant 

manipulators. The basic element of manipulators that simulate in the proposed approach 

is called a JOD, so the number of links determines the number of DOF . Non-redundant 
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manipulators consist of two to four links/DOF. Redundant manipulators have five to 

seven links/DOF and hyper-redundant manipulators have more than seven links/DOF. 

Considering the assumption that manipulator joints are connected together with an offset, 

it means that the robot cannot collide with itself so there is no self-collision. In addition, 

the obstacles that populate the workspace can provide different scenarios including the 

number of obstacles, the size of obstacles and their shape.  

Therefore, seven typical scenarios are considered by selecting a few out of 

popular scenarios in this research field. For example, out of manipulator classes, 

redundant and hyper-redundant manipulators that are currently in the centre of attention 

are chosen to discuss the introduced motion planner performance and accuracy. In 

addition, each manipulator is designed for a specific mission operating in a specific 

workspace. Thus, the provided scenarios consist of different manipulators with both 

revolute and prismatic joints as well as different workspaces containing various sets of 

obstacles with different sizes and shapes that are designed to present the performance of 

the presented approach. 

5.2.1. Scenario No. 1 

The first scenario contains a scene populated with a certain number of obstacles 

and a redundant fixed-base 6-DOF (six-link or six-joint) robot manipulator. The mission 

is designed for a situation similar to Canadarm, which was mentioned and explained in 

Section 3.4 as one of the case studies. The goal of this scenario is to present the 

performance of the proposed obstacle avoidance path planning technique for a 6-DOF 

robot arm.  



 

72 

 

 

Fig. 5.1. The best path is found by A* in Scenario No. 1 from node nine to Node 55 (red line), Density = 

1.5, robot origin position = (5,5) 

The simulation is performed in a scene with large obstacles in order to discuss the 

collision avoidance performance of the method as well as accuracy of collision checking. 

As can be seen in Fig. 5.1, A* found, among 90 nodes, a least cost path (red line) 

between node nine as the start configuration and node 55 as the goal configuration.  
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Fig. 5.2. The designed trajectory of a 6-DOF manipulator in scenario No.1; joints are shown in green in 

final configuration; robot origin position = (5,5)  

Fig. 5.2 illustrates the motion of a six-link redundant manipulator with a base 

position of       in a 2D workspace populated with four large obstacles moving without 

any collision. The modified probabilistic roadmap is generated in 28.6 seconds and A* 

found the shortest path in 3.2 seconds. 
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5.2.2. Scenario No. 2 

The second scenario consists of a humanoid robot arm, which is a 7-DOF (7-link / 

7-joint) redundant manipulator operating in a workspace populated with many small 

obstacles that is simulating the operation of Canadarm2 at the ISS. The purpose of this 

scenario is to demonstrate the introduced path planner performance for a 7-DOF 

manipulator operating in an environment crowded with many objects that are smaller 

than the robot manipulator. The lengths of the first four links are 1 unit and the other 

three links are 0.25 units which simulate the planar wrist joint. 

 

Fig. 5.3. The best path is found by A* in Scenario No. 2 from node 55 to node 152 (red line), density = 2, 

robot origin position = (5,5) 
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Fig. 5.3 shows the least cost path from node 55 (start node) to node 152 (goal 

node) while avoiding any collisions with the obstacles. 187 nodes are generated by the 

planner to make sure all the spaces reached by the robot so the density chosen to be two. 

In Fig. 5.4, the proposed planner designed the trajectories from the start configuration to 

goal configuration in the generated roadmap, which is computed in 74.15 seconds and the 

best path is found by A* in 0.8 seconds. 

 

Fig. 5.4. The designed trajectory for a 7-DOF manipulator in scenario No. 2; joints are shown in green in 

final configuration; robot origin position = (5,5)  
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As can be seen in this figure, there are very close clearances between the robot 

and the cells occupied with the obstacles. As mentioned before in Section 3.4, 

Canadarm2 is operating in a sensitive environment where collisions must be avoided. 

5.2.3. Scenario No. 3 

Third scenario presents a simulation for the Canadarm2, which manipulates an 

object from an initial configuration, moves it along the free space and then places the 

object in a specific location surrounded by obstacles (like a box).  

 

Fig. 5.5. The best path is found by A* in for Canadarm2 Scenario No. 3, 7-DOF humanoid arm 

manipulating an object and place it deep inside the box, from node 100 to node 109 (red line), robot 

origin position = (7.5,7.5), density = 2  
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This scenario exactly simulates situation of Canadarm2 and ISS since Canadarm2 

consists of two very long booms, a joint similar to the elbow joint of human arm, a 

shoulder joint operating at the base and a wrist joint operating as an end-effector. As can 

be seen in Fig. 5.5, the red line is the best path from node 100 somewhere away from the 

box as a start configuration and node 109 as a goal configuration deep inside the box 

which is found in 34.8 seconds by A* among 109 nodes distributed in the free space with 

the density equal to two.  

 

Fig. 5.6. The designed trajectory for Canadarm2 in Scenario No. 3; joints are shown in green at the goal 

configuration; robot origin position = (7.5,7.5)  
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Fig. 5.6 demonstrates the designed trajectory from an initial configuration outside 

the box to a goal node, which is located deep inside the box. The performed scenario is 

one of the most sensitive and critical scenarios for robot manipulator motion planning 

cases. This scenario indicates that the planner has the ability to plan a motion in a smaller 

box with narrower space. As can be seen in Fig. 5.7, the presented motion planner has the 

ability to plan a collision-free path with less than 0.0001 unit clearance, which indicates 

the accuracy of the planner. 

 

Fig. 5.7. Closer view of the first two links of the 7-DOF manipulator in scenario No. 3; avoids the obstacle 

with less than 0.0001 units 
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5.2.4. Scenario No. 4 

In the fourth scenario, the performance of proposed motion planner is going to be 

checked for a manipulator having a prismatic joint. As it mentioned before, this path 

planner is general and comprehensive, and it must handle different manipulator joints, 

such as prismatic joint type (aka the slider). Prismatic joint is popular since it allows 

extension or telescopic motion, in which case the base of the 17-meter Canadarm2 is 

sliding on a very long slider to cover the 108.5 by 72.8 meter dimension of the ISS. In 

addition, prismatic joints are used for the last link to help the end-effector of the 

manipulator to reach tight space. 

 

Fig. 5.8. The best path found by A* for a Revolute-Revolute-Prismatic (RRP) manipulator in scenario No. 

4; moves along the shortest path from node 32 to node 39 (red line) to avoid a collision with the square 

obstacle, robot origin position = (5,5), density = 1  
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Fig. 5.8 shows how the introduced motion planner calculated the least cost path 

between node 32 as an initial configuration and node 39 as a goal configuration for a 

Revolute-Revolute-Prismatic (RRP) manipulator in 39 seconds while avoiding any 

collision with the obstacles. The assigned costs of the first and second links are three and 

two units respectively and the slider (end-effector) is one unit since the slider is only 

sliding and moving the end-effector in a linear motion, but the first two links are moving 

the whole manipulator with both translational and rotational motion. The prismatic joint 

is sliding from a minimum length of 0.25 units to a maximum of three units and the 

length of both the first and second links are one unit so the manipulator minimum total 

length is 2.25 units and the maximum is five units. The planned path by the presented 

planner calculated a path from under the square obstacle to a space between two triangle 

obstacles, in which case the slider needs to be in the minimum length around the robot 

origin position           to avoid any collisions.  

In Fig. 5.9, the planned motion has been illustrated to check to see if there was a 

collision along the best path as well as to check the minimized total joints movements as 

a cost function. As can be seen in this figure, the motion planner chose the path that has 

minimum movements for the first two links since the slider length changed from 2.98 

units to 0.26 units at the beginning of the path and again in the end it changed from 0.57 

units to 2.97 units, which is visible in the figure. 
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Fig. 5.9. The designed trajectory for the RRP manipulator (end-effector is slider) in Scenario No. 4; joints 

are shown in green in goal configuration; robot origin position = (5,5)  

5.2.5. Scenario No. 5 

The fifth scenario presents the capability of planning obstacle avoidance 

trajectory of the proposed motion planner for a 10-DOF robot arm in a crowded 

environment or highly constrained workspace, simulating the manipulation scenario. 

Considering the fact that path planning for the hyper-redundant manipulator is 

computationally expensive by previous methods except sampling-based algorithms.   
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Fig. 5.10. The best path found by A* for the 10-DOF robotic arm in scenario No. 5; manipulates an object 

from deep inside a box and place it deep inside another box, from node 60 to node 64 (red line), robot 

origin position = (5,5), density = 2.5  

Manipulation starts from deep inside a box and carrying the object while avoiding 

collision and finally placing it in another box. If the length of each link is assigned one 

unit, then the maximum length of the fully extended manipulator is equal to five units. 

Fig. 5.10 illustrates the least cost path (red-line/bold line) found by the A* method in 

26.59 seconds from node 60 as the start configuration to node 64 as the goal 

configuration. The density was set to be 2.5 since there are very tight spaces for a 10-
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DOF manipulator (with the total length of five units) to operate in in a highly crowded 

workspace. The created roadmap consists of 65 valid nodes and the computed motion is a 

diagonal path since the selected nodes (node 60 and node 64) are fairly far from each 

other. Fig. 5.11 shows the motion of the 10-DOF manipulator along the computed path 

from start to goal nodes that are located inside the simulated boxes. 

 

Fig. 5.11. The designed trajectory for a 10-DOF manipulator in Scenario No. 5; joints are shown in green at 

the goal configuration; robot origin position = (5,5)  
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Although the cost function was defined to minimize the total joints movement 

based on the defined cost of each link, and the defined robot consists of 10 links moving 

in the workspace, one should expect extra movement during the collision-free operation, 

considering the fact that the introduced planner designs the motions based on the 

randomly generated roadmap. 

5.2.6. Scenario No. 6 

 

Fig. 5.12. The best path found by A* for a RPR manipulator in scenario No. 6; moves along a shortest 

collision-free path from node 30 to node 14 (red line), robot origin position = (5,5), density = 1 
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In the sixth scenario, the planner plans an obstacle-avoiding path for a Revolute-

Prismatic-Revolute (RPR) manipulator, which means there is a slider sliding for the 

second link. In Fig. 5.12, there are 51 nodes distributed randomly over the      , but 

there is a fixed 90 degrees angle (counter clock-wise) between the first link and the slider. 

Therefore, the robot arms provide limits for themselves that resulted in unreachable parts 

of       as can be seen in the bottom left corner of the generated roadmap. 

 

Fig. 5.13. The designed trajectory for the RPR manipulator (second link is slider) in scenario No. 6; joints 

are shown in green in goal configuration; robot origin position = (5,5) 

0 1 2 3 4 5 6 7 8 9 10
0

1

2

3

4

5

6

7

8

9

10

x

y



 

86 

 

Fig. 5.13 illustrates the planned collision free trajectory for the RPR manipulator 

moving from the left to the right side of the roadmap. As can be seen, the manipulator 

firstly start with the maximum length of the slider, but it reduces the length to avoid 

obstacles around the robot origin position = (5, 5) and again increases the slider length to 

reach the final configuration. 

Having a prismatic joint before last link is mandatory for a situation like part 

assembling on a production line that linearly moves along certain directions and then the 

end-effector on the last revolute joint works on the parts. 

5.2.7. Scenario No. 7 

The last scenario presents the capability of the proposed planner in collision-free 

trajectory planning for a 16-DOF hyper-redundant manipulator, which has not  been 

addressed comprehensively in past studies. In Fig. 5.14, a 16-DOF manipulator starts 

moving from node 150 located at the bottom left corner of the workspace and under the 

triangle-obstacle and reaches node 34 at the left side of the workspace. This path 

successfully avoids the very sharp angle vertex of the obstacle. Nine minutes is the CPU 

time to randomly generate 150 nodes with a density equal to 4 since the roadmap needs to 

be dense enough around the robot origin position and sharp angle vertices of the 

obstacles. 
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Fig. 5.14. The best path found by A* for a 16-DOF manipulator in scenario No. 7; path planning in a 

workspace consists of sharp obstacles, from node 150 to node 34 (red line), robot origin position=(5,5), 

Density = 4 

Fig. 5.15 demonstrates the trajectory that was designed by the planner for a 16-

DOF hyper-redundant manipulator. As can be seen in this trajectory, the robot acted like 

a snake robot. Resolution of the mapped occupancy grid is equal to 100 per axis, so the 

occupied cells look like the obstacles are specifically at sharp angle vertices. 

Additionally, there are extra motions in the planned path that cannot be avoided because 

sampling and random numbers created the roadmap. 

0 2 4 6 8 10
0

1

2

3

4

5

6

7

8

9

10

1

2

3
4

5

6

7

8

9

1011

12

13

14

15

16
17

18
19

20

21

22

23

24

25
26

27

28
29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53
54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71
72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87
88

89

90 91

92

93

94

95

96
97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146
147

148

149

150

x

y



 

88 

 

 

Fig. 5.15. The designed trajectory for a 16-DOF manipulator in scenario No. 7; joints are shown in green at 

the goal configuration; robot origin position = (5,5)  

5.3. Discussion and Summary 

In this chapter, the results of the simulation and implementation have been 

presented and discussed. The developed simulator has been used to investigate the 

performance and accuracy of proposed collision-free motion planning approach for 

redundant and hyper-redundant robot arms in crowded workspaces and the effect of 

number of DOF, link length, joint type, density of the roadmap and occupancy grid 
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resolution. The simulation shows that by having more obstacles populate a workspace, 

this results in a tighter space, which requires more density and higher occupancy grid 

resolution. The simulation also found that, as the roadmap generated is denser, more time 

is needed to find the best path. 

Seven typical scenarios have been simulated with the consideration of real usages 

of industrial manipulators to observe the behaviour of randomly constructed roadmaps. 

The scenario No. 1 simulated the Canadarm, which is a 6-DOF redundant manipulator 

that operated on the Space Shuttle deploying satellites into orbit, capturing payloads and 

other manoeuvres. The scenario No. 2 simulated a normal 7-DOF robot arm operating in 

a workspace populated with many small obstacles. The scenario No. 3 simulated the 

Canadarm-2 operating in the ISS, which is routinely used for moving supplies, equipment 

and even astronauts. The simulated robot has shoulder, elbow and wrist joints, which has 

two very long links for the elbow joint and very small links for the shoulder and wrist 

joints operating in a highly constrained workspace reaching a tight space underneath its 

origin position. The scenario No. 4 simulates a RRP 3-DOF manipulator with a prismatic 

joint end-effector with about three units length range to show the capability of handling 

different types of joints of the introduced planner. The scenario No. 5 and No. 6 

simulated a 10-DOF and 16-DOF robot manipulator respectively, which focuses on the 

ability of the planner for hyper-redundant manipulators manipulating an object from a 

box, moving the object along tight space, and placing the object in another box far from 

the start configuration. 
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 DOF Density 

Occupancy Grid 

Resolution (unit 

per axis) 

Total 

Nodes 

Off-line 

CPU-time 

(sec) 

Real-time 

CPU-time 

(sec) 

          
       

Longest Link 

/ Narrowest 

Channel 

No. 1 6 1.5 60 90 28.65 3.20 0.581 0.663 

No. 2 7 2.0 60 187 74.15 0.80 0.021 0.500 

No. 3 7 2.0 60 109 276.4 34.80 0.635 3.000 

No. 4 3 1.0 60 46 39.31 2.70 0.155 1.834 

No. 5 10 2.5 60 65 157.8 26.59 0.611 0.400 

No. 6 3 1.0 60 50 45.96 4.10 0.339 1.375 

No. 7 16 4.0 100 150 539.3 40.30 0.138 0.150 

 

Table 5.1. Results and measurement comparison of the designed scenarios 

Table 5.1 shows the performance of the proposed trajectory planner for the 

selected scenarios. Its columns represent DOF of the simulated manipulators, total 

generated collision-free nodes, density, occupancy grid resolution, off-line CPU-time, 

real-time CPU-time,                 area and Longest Link/Narrowest Channel. The 

obstacles occupied up to 63.5 % of the workspaces as well as having a manipulator with 

links that are three times longer than narrowest channel. As can be seen, due to the length 

of roadmap trajectories, density and occupancy grid resolution, the CPU-time for off-line 

phase is increased up to nine minutes, which is natural. However, the real-time phase, as 

the challenging stage, presents a very short computation time of 40.3 seconds for a 16-

DOF robot arm in comparison to other methods and non-sampling based approaches. 

Moreover, this planner has been developed in a way that can support different 

cost functions as well as simultaneously optimizing multiple cost functions. Distance, 

time and energy consumption cost functions have been optimized in this study as an 

example of typical and popular cost functions. Distance is optimized between end-

effector positions in the heuristic estimation of the A* graph search. The A* graph search 

also minimized trajectory, which consists of time and distance in its knowledge cost 
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function, from the start node and goal node. By assigning weights for each manipulator 

link, this planner optimizes energy by minimizing the movements of the first links. 

Therefore, the real-time stage traverses the generated roadmap from the off-line stage by 

selecting neighbour nodes with the shortest trajectory and minimum energy consumption.  

The complexity of motion planning for hyper-redundant manipulators in the 

preprocessing phase, also called the off-line stage, depends on the number of DOF as 

well as the obstacles and how constrained the workspace is. The complexity in query 

phase, also called the real-time stage, depends on the number of DOF. 

This method includes an off-line preprocessing phase, which creates dense 

enough roadmaps that takes considerable CPU time because roadmaps need to be 

generated for each workspace, then in the real-time query phase multiple queries can be 

conducted to find the least cost collision-free paths between any given pairs of start and 

goal configurations. 
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6. Chapter 6 – Conclusion and Future Directions 

In this study, the problem of fast and efficient collision-free motion planning for 

redundant and hyper-redundant robot manipulators while minimizing some cost functions 

has been investigated. Performing trajectory planning requires two types of information 

including information of the robot and information of the environment. Robot 

information includes the number of links, D-H parameters, joints limit, joints type, and 

link cost. Environment information includes the environment dimension and accurate 

location of obstacles.  

The presented obstacle avoidance path planning approach is based on multiple-

query PRM, which is a sampling-based method that handles all possible situations. 

Whereas most of other algorithms are not general planners that can outperform different 

scenarios with different manipulators (i.e., non-redundant, redundant, and hyper-

redundant) with different joint types (i.e., revolute and prismatic) and various cost 

functions (i.e., time, distance and energy). This method simply generates random 

configurations to create valid nodes and then connecting the random nodes to their 

neighbours to form the roadmap. The roadmap is a graph (undirected) of connected 

random nodes within a      . The proposed modified multiple-query PRM algorithm is 

divided into two separate phases: 1) off-line preprocessing phase (aka learning phase), 

and 2) real-time query phase. 

The off-line learning phase consists on constructing the roadmap followed by 

creating the occupancy grid. This phase begins by initializing a robot and an 

environment. Then to map the obstacles of the environment, this phase firstly creates an 

empty graph that only contains occupied regions by the obstacles then repeatedly 
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generates random configurations. The created configurations is then checked by the 

collision detector and if there is no collision, the planner adds the current node to the 

number of total nodes. The local planner begins to build the roadmap by connecting 

neighbour nodes and generating linear trajectories between each pair of neighbour nodes 

as well as calculates the cost of each edge through the defined cost function. 

In the real-time query phase, the planner created the roadmap once for finding the 

least-cost path between any desired pairs of initial and goal configurations. A* is the 

method that is involved in this phase since it has proven to be superior to other graph 

searching methods. The cost function of minimum total joints movement, which is 

roughly the estimation of optimizing energy that has been defined in the previous phase, 

assigns cost to each edge. Hence, A* uses a best-first search and as it traverses the graph, 

it follows the path the with lowest expected total cost. 

One of the assumptions for implementing this algorithm is 2D trajectory planning, 

undoubtedly planar motion planning has less degrees of freedom than 3D trajectory 

planning. Therefore, the robot is avoiding collisions in more constrained workspaces 

because the robot cannot avoid obstacles in   direction, which definitely makes the 

problem more complicated.  

Moreover, the complexity of trajectory planning for hyper-redundant 

manipulators in the preprocessing phase, also called off-line stage, increases dramatically 

as the following two parameters grows: 1) the number of DOF of robot manipulator, and 

2) number of obstacles and the resolution of occupancy grid mapping. In the query phase, 

also called real-time stage, complexity is the number of DOF. 
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A comprehensive simulator has been developed in the MATLAB programming 

language for the Windows 8 operating system to simulate various scenarios. The 

developed simulator is capable of handling all required steps for path planning as well as 

all types of high-dimensional manipulators, different cost functions and environments 

with various sets of obstacles. The developed simulator can also animate the designed 

trajectory to check the performance and accuracy. The simulation scenarios were 

employed to study the effect of initialization parameters, such as density, tip distribution 

grid and occupancy grid resolution as well as a number of links and D-H parameters.  

Original contributions include: 

 Developing an efficient modified PRM approach for collision-free motion 

planning of hyper-redundant manipulators. 

 Developing a comprehensive motion planner simulator in MATLAB that 

covers 2D and 3D path planning, which can be added as a new MATLAB 

toolbox. 

 Presenting the application of the developed toolbox for 2D path planning, 

which is a more constrained workspace than 3D path planning. 

 Handling different and multiple cost functions. 

 User-controlled precision for motion planning based on mission, robot 

constraints, and required resolution. 

This study can be expanded by: 

 Dynamically-optimized motion planning or energy-optimized collision-

free trajectory. 
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 Implementing existing the 3D collision check function to completely 

cover 3D space. 

 Improving the real-time phase by cutting the roadmap and leaving the 

search to the region closest to the obstacles, initial and goal nodes. 

 Paths refining in the off-line phase. 
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Appendix A – MATLAB Code 

This section provides program lines of MATLAB code that consists of MATLAB 

user-defined classes and functions. This code is capable of reproducing for further 

research and expanding more aspects of the novel planner. To run this code following 

steps have to be done: 

 Final run mfile: defines and initializes robot, workspace. 

o L(1) = Link(1, 0 , 0, 1, 2*pi, 0, 0, 4) 

The first four values are the D-H parameters. 2*pi shows the 

maximum joint limit which is equal to 360 degrees and the zero 

shows the minimum joint limit. Next zero defines joint type, which 

is revolute (for revolute joint set “1”). Last number shows link 

cost, which means the assigned moving cost for this link. 

o Robot_origin = Point (5,5,0) 

This point is the position of base of defined robot in a workspace 

o RbtNow = Robot (L, m, robot_origin) 

Defines the entire robot with all of the links and their properties. 

o Points_list1 = [Point(3,5,0), Point(1,7,0), Point(1,2,0)] 

The points indicates a triangle vertices position that forms an 

obstacle in workspace 

o OccGrdNow = OccupancyGrid(10,10,1,Point(0,0,0),80,80,1) 

The first three values assign a environment boundaries. The point 

is the origin of the environment and the last three values determine 

the occupancy grid mapping quality and resolution. 
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o Density = 1.5 

Determines the density of the roadmap which is affects the TDG 

cell size as well as the maximum number of nodes per TDG cell. 

o TD_GrdNow = TD_Grid (OccGrdNow, Density_in) 

Defines the tip distribution grid and TDG cells properties. 

o rrt = RRT(TD_GrdNow, OccGrdNow) 

Initiate the modified PRM planner to run the algorithm for 

sampling. 

o All_nodes = rrt.Valid_Nodes_generator (RbtNow, OccGrdNow , 

TD_Grdnow) 

This stores the randomly generated roadmap in All_nodes. 

 Astar Robot mfile: First it plots the roadmap, TDG and TDG cells and 

occupancy grid. Second it runs the Astar for any given pair of initial and 

goal nodes and then plot the best path found by the Astar. Finally it plots 

the trajectory of the robot moving from initial configuration to goal 

configuration. 

o ASTAR = Astar(All_Nodes) 

Initiate the Astar class with the generated roadmap 

o Path_best = ASTAR.Find_Path(All_nodes(60),All_nodes(64)) 

Finds the least-cost path from Node 60 as a start configuration to 

Node 64 as a goal configuration. 
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Point Class 

classdef Point 

    properties 

        x; 

        y; 

        z; 

    end 

    methods(Access = public) 

        function pnt = Point(x_in,y_in,z_in) 

            if (nargin>0) 

                pnt.x = x_in; 

                pnt.y = y_in; 

                pnt.z = z_in; 

            end 

        end  

        function dist = distcalc(pnt,p) 

            dist = (( p.x - pnt.x )^2 + ( p.y - pnt.y )^2 + ( p.z - pnt.z )^2)^0.5; 

        end 

    end 

    methods(Access=public, Static=true) 

    end 

end 

Node Class 

classdef Node < handle 

    properties 

        ID = -1; 

        P = Point(); 

        All_Nghbrs; 

        Config; 

    end 

    methods(Access = public) 

        function nd = Node(ID_in,P_in,Config_in) 

            nd.ID = ID_in; 

            nd.P = P_in; 

            nd.All_Nghbrs = Neighbour.empty; 

            nd.Config = Config_in; 

        end 

        function Value = All_Neighbours_Length(nd) 

            Value = int32(0); 

            Value = size(nd.All_Nghbrs,2); 

        end 

         function value = Is_Nghbr(nd,Nghbr_in) 

            m = size(nd.All_Nghbrs,2); 

            for i = 1:m 

                if (nd.All_Nghbrs(i).Id == Nghbr_in.Id) 

                value = 1; 

                return 

                end 

            end 

            value = 0; 

         end 

        function Add_Nghbr(nd,Nghbr_in) 

            if( Nghbr_in.Id == nd.ID || Is_Nghbr(nd,Nghbr_in)==1 ) 

               return 

            end 

            m = size(nd.All_Nghbrs,2); 

            nd.All_Nghbrs(m+1) = Nghbr_in; 

        end 

    end 

end 

Neighbour Class 

classdef Neighbour < handle 
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    properties 

        Id = int32(0); 

        Cost; 

        Time; 

        Traj; 

    end 

    methods 

        function Nghbr = Neighbour(Id_in,Cost_in) 

            Nghbr.Id = Id_in; 

            Nghbr.Cost = Cost_in; 

        end 

function Value = Trajectory(Nghbr,OccGrdNow,RbtNow,Config_1,Config_2,Time_in,No_steps) 

            Value = 0; 

            Nghbr.Time = Time_in; 

            Nghbr.Traj = zeros(0,0); 

            step = Nghbr.Time / No_steps; 

            Nghbr.Cost = 0; 

            Nghbr.Traj(1,:) = Config_1; 

            Nghbr.Time(1) = 0; 

            for i = 2:No_steps + 1 

                Nghbr.Time(i) = (i-1) * step; 

                for j = 1:RbtNow.No_Links 

                    tot_move = (Config_2(j) - Config_1(j)); 

                    if(RbtNow.All_Links(j).is_prismatic == 0 && abs(tot_move) > pi) 

                        if(tot_move > pi) 

                            tot_move = tot_move - 2*pi; 

                        else 

                            tot_move = tot_move + 2*pi; 

                        end 

                    end 

                    d_location = tot_move / No_steps; 

                    Nghbr.Traj(i,j) = Config_1(j) + (i-1) * d_location; 

Nghbr.Cost=Nghbr.Cost+RbtNow.All_Links(j).Link_Cost(Nghbr.Traj(i-1,j),Nghbr.Traj(i,j)); 

                end 

                res_check = RbtNow.Is_collision_free(OccGrdNow, Nghbr.Traj(i,:)); 

                if(res_check == 0) 

                    return; 

                end 

            end 

            Value = 1; 

        end 

        function inverse_neighbour = Inverse_Neighbour(Nghbr, ID_inverse) 

            inverse_neighbour = Neighbour(ID_inverse,Nghbr.Cost); 

            No_Links = size(Nghbr.Traj,2); 

            No_steps_tot = size(Nghbr.Traj,1); 

            for i=1:No_Links 

                inverse_neighbour.Traj(:,i) = Nghbr.Traj( No_steps_tot:-1:1,i); 

            end 

        end 

    end 

end 

Occupancy Grid Class 

classdef OccupancyGrid < handle 

    properties 

        Length; 

        Width; 

        Height; 

        Origin_Point; 

        nox; 

        noy; 

        noz; 

        dx; 

        dy; 

        dz; 

        Grid; 

        Total_Volume; 

        Occupied_Volume; 

        Free_Volume; 
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    end 

    methods 

function 

OccGrd=OccupancyGrid(Length_in,Width_in,Height_in,Origin_Point_in,nox_in,noy_in,noz_in) 

            OccGrd.Length = Length_in; 

            OccGrd.Width = Width_in; 

            OccGrd.Height = Height_in; 

            OccGrd.Origin_Point = Origin_Point_in; 

            OccGrd.nox = int32(nox_in); 

            OccGrd.noy = int32(noy_in); 

            OccGrd.noz = int32(noz_in); 

            OccGrd.dx = Length_in / double(OccGrd.nox); 

            OccGrd.dy = Width_in / double(OccGrd.noy); 

            OccGrd.dz = Height_in / double(OccGrd.noz); 

            OccGrd.Total_Volume = OccGrd.Length * OccGrd.Width * OccGrd.Height; 

            OccGrd.Occupied_Volume = 0; 

            OccGrd.Free_Volume = OccGrd.Total_Volume - OccGrd.Occupied_Volume; 

            OccGrd.Grid = zeros(OccGrd.nox,OccGrd.noy,OccGrd.noz,'int8'); 

        end 

        function Occupied_Or_Vacant = Is_Occupied(OccGrd,Point) 

            index_x = int32(ceil((Point.x - OccGrd.Origin_Point.x) / OccGrd.dx)); 

            index_y = int32(ceil((Point.y - OccGrd.Origin_Point.y) / OccGrd.dy)); 

            index_z = int32(ceil((Point.z - OccGrd.Origin_Point.z) / OccGrd.dz)); 

            index_x = max(index_x,1); 

            index_y = max(index_y,1); 

            index_z = max(index_z,1); 

            index_x = min(index_x,OccGrd.nox); 

            index_y = min(index_y,OccGrd.noy); 

            index_z = min(index_z,OccGrd.noz); 

            Occupied_Or_Vacant = OccGrd.Grid(index_x,index_y,index_z); 

        end 

        function value = Is_Left(OccGrd,p0,p1,p) 

            value = (p1.x - p0.x)*(p.y - p0.y) - (p.x - p0.x)*(p1.y - p0.y); 

        end 

        function value = IsInside_2D(OccGrd,point,points_list) 

            m = size(points_list,2); 

            winding_number = 0; 

            for i = 1:m 

                point1 = points_list(i); 

                if (i == m) 

                    point2 = points_list(1); 

                else 

                    point2 = points_list(i+1); 

                end 

                if (point1.y <= point.y) 

                    if ((point2.y > point.y)) 

                        if (Is_Left(OccGrd,point1, point2, point) > 0) 

                            winding_number = winding_number + 1; 

                        end 

                    end 

                else 

                    if (point2.y <= point.y) 

                        if (Is_Left(OccGrd,point1, point2, point) < 0) 

                            winding_number = winding_number - 1; 

                        end 

                    end 

                     

                end 

            end 

            value = (winding_number ~= 0); 

        end 

        function Index_Corners = Index_Points_List(OccGrd,index_x,index_y) 

            Index_Corners(1).x = (double(index_x)-1)*OccGrd.dx + OccGrd.Origin_Point.x; 

            Index_Corners(1).y = (double(index_y)-1)*OccGrd.dy + OccGrd.Origin_Point.y; 

            Index_Corners(2).x = Index_Corners(1).x; 

            Index_Corners(2).y = double(index_y)*OccGrd.dy + OccGrd.Origin_Point.y; 

            Index_Corners(3).x = double(index_x)*OccGrd.dx + OccGrd.Origin_Point.x; 

            Index_Corners(3).y = Index_Corners(2).y; 

            Index_Corners(4).x = Index_Corners(3).x; 

            Index_Corners(4).y = Index_Corners(1).y; 

        end 
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        function Mark_2D_Polygon(OccGrd,points_list) 

            m = size(points_list,2); 

            x_min = points_list(1).x; 

            y_min = points_list(1).y; 

            x_max = points_list(1).x; 

            y_max = points_list(1).y; 

            for i = 2:m 

                x_min = min (x_min, points_list(i).x); 

                y_min = min (y_min, points_list(i).y); 

                x_max = max (x_max, points_list(i).x); 

                y_max = max (y_max, points_list(i).y); 

            end 

            index_x_min = int32(ceil((x_min - OccGrd.Origin_Point.x) / OccGrd.dx)); 

            index_y_min = int32(ceil((y_min - OccGrd.Origin_Point.y) / OccGrd.dy)); 

            index_x_max = int32(floor((x_max - OccGrd.Origin_Point.x) / OccGrd.dx)); 

            index_y_max = int32(floor((y_max - OccGrd.Origin_Point.y) / OccGrd.dy)); 

            index_x_min = max(index_x_min,1); 

            index_y_min = max(index_y_min,1); 

            for i = index_x_min:index_x_max 

                for j = index_y_min:index_y_max 

                    Index_Corners = Index_Points_List(OccGrd,i,j); 

                    for k = 1:4 

                        if (IsInside_2D(OccGrd,Index_Corners(k),points_list) == 1) 

                            OccGrd.Grid(i,j,1) = 1; 

                            OccGrd.Grid(i-1,j,1) = 1; 

                            OccGrd.Grid(i+1,j,1) = 1; 

                            OccGrd.Grid(i,j-1,1) = 1; 

                            OccGrd.Grid(i,j+1,1) = 1; 

                            OccGrd.Grid(i-1,j-1,1) = 1; 

                            OccGrd.Grid(i+1,j+1,1) = 1; 

                            OccGrd.Grid(i-1,j+1,1) = 1; 

                            OccGrd.Grid(i+1,j-1,1) = 1; 

                            break; 

                        end 

                    end 

                end 

            end 

            No_Marked = 0; 

            for i = 1:OccGrd.nox 

                for j = 1:OccGrd.noy 

                    for k = 1:OccGrd.noz 

                        if (OccGrd.Grid(i,j,1) == 1) 

                            No_Marked = No_Marked + 1; 

                        end 

                    end 

                end 

            end 

            OccGrd.Occupied_Volume = No_Marked * OccGrd.dx * OccGrd.dy * OccGrd.dz; 

            OccGrd.Free_Volume = OccGrd.Total_Volume - OccGrd.Occupied_Volume; 

        end 

    end 

end 

Link Class 

classdef Link 

    properties 

        theta; 

        d; 

        alpha; 

        a; 

        is_prismatic; 

        Location_Max; 

        Location_Min; 

        Cost_Location_Unit; 

    end 

    methods 

function 

Lnk=Link(theta_in,d_in,alpha_in,a_in,location_max_in,location_min_in,is_prismatic_in,cost

_location_unit_in) 
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            Lnk.theta = theta_in; 

            Lnk.d = d_in; 

            Lnk.alpha = alpha_in; 

            Lnk.a = a_in; 

            Lnk.is_prismatic = is_prismatic_in; 

            Lnk.Location_Max = location_max_in; 

            Lnk.Location_Min = location_min_in; 

            Lnk.Cost_Location_Unit = cost_location_unit_in; 

        end 

        function link_cost = Link_Cost(Lnk, location_1, location_2) 

            link_cost = abs( (location_2 - location_1) * Lnk.Cost_Location_Unit ); 

        end 

    end 

end 

Robot Class 

classdef Robot < handle 

    properties 

        All_Links; 

        No_Links; 

        Origin; 

    end 

    methods 

        function Rbt = Robot(All_Links_in ,No_Links_in, Origin_in) 

            Rbt.All_Links = All_Links_in; 

            Rbt.No_Links = No_Links_in; 

            Rbt.Origin = Origin_in; 

        end 

        function end_effector = End_Effector(Rbt, config) 

            A = zeros(Rbt.No_Links, 4, 4); 

            for i = 1:Rbt.No_Links 

                theta = 0; 

                d = 0; 

                if (Rbt.All_Links(i).is_prismatic == 1) 

                    theta = Rbt.All_Links(i).theta; 

                    d = config(i); 

                else 

                    theta = config(i); 

                    d = Rbt.All_Links(i).d; 

                end 

                st = sin(theta); 

                ct = cos(theta); 

                sa = sin(Rbt.All_Links(i).alpha); 

                ca = cos(Rbt.All_Links(i).alpha); 

                A(i,1,1) = ct; 

                A(i,1,2) = -st * ca; 

                A(i,1,3) = st * sa; 

                A(i,1,4) = Rbt.All_Links(i).a * ct; 

                A(i,2,1) = st; 

                A(i,2,2) = ct * ca; 

                A(i,2,3) = -ct * sa; 

                A(i,2,4) = Rbt.All_Links(i).a * st; 

                A(i,3,2) = sa; 

                A(i,3,3) = ca; 

                A(i,3,4) = d; 

                A(i,4,4) = 1; 

            end 

            T(1:4,1:4) = A(Rbt.No_Links,1:4,1:4); 

            for i = Rbt.No_Links-1 : -1 : 1 

                A_temp(1:4,1:4) = A(i,1:4,1:4); 

                T = A_temp * T; 

            end 

            end_effector = Point(T(1,4) + Rbt.Origin.x,... 

                T(2,4) + Rbt.Origin.y,... 

                T(3,4) + Rbt.Origin.z); 

        end 

        function link_position = Link_Position(Rbt, config, Link_ID, percentage) 

            A = zeros(Link_ID, 4, 4); 

            for i = 1:Link_ID 
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                theta = 0; 

                d = 0; 

                a = 0; 

                if (Rbt.All_Links(i).is_prismatic == 1) 

                    theta = Rbt.All_Links(i).theta; 

                    a = Rbt.All_Links(i).a; 

                    if (i == Link_ID) 

                        d = percentage * config(i); 

                    else 

                        d = config(i); 

                    end 

                else 

                    theta = config(i); 

                    d = Rbt.All_Links(i).d; 

                    if (i == Link_ID) 

                        a = Rbt.All_Links(i).a * percentage; 

                    else 

                        a = Rbt.All_Links(i).a; 

                    end 

                end 

                st = sin(theta); 

                ct = cos(theta); 

                sa = sin(Rbt.All_Links(i).alpha); 

                ca = cos(Rbt.All_Links(i).alpha); 

                A(i,1,1) = ct; 

                A(i,1,2) = -st * ca; 

                A(i,1,3) = st * sa; 

                A(i,1,4) = a * ct; 

                A(i,2,1) = st; 

                A(i,2,2) = ct * ca; 

                A(i,2,3) = -ct * sa; 

                A(i,2,4) = a * st; 

                A(i,3,2) = sa; 

                A(i,3,3) = ca; 

                A(i,3,4) = d; 

                A(i,4,4) = 1; 

            end 

            T(1:4,1:4) = A(Link_ID,1:4,1:4); 

            for i = Link_ID-1 : -1 : 1 

                A_temp(1:4,1:4) = A(i,1:4,1:4); 

                T = A_temp * T; 

            end 

            link_position = Point(T(1,4) + Rbt.Origin.x,... 

                T(2,4) + Rbt.Origin.y,... 

                T(3,4) + Rbt.Origin.z); 

        end 

        function Rnd_ab = Rand_Real(Rbt, a, b) 

            Rnd_ab = rand()*(b - a) + a; 

        end 

        function Rnd_ab_beta = Rand_Real_Beta(Rbt, a, b) 

            beta_rand = betarnd(0.5,0.5); 

            beta_rand = max(beta_rand,0); 

            beta_rand = min(beta_rand,01); 

            Rnd_ab_beta = beta_rand*(b - a) + a; 

        end 

        function Rnd_Config = Rand_Config_gen(Rbt) 

            Rnd_Config = zeros(1,Rbt.No_Links); 

            for i = 1:Rbt.No_Links 

Rnd_Config(1,i)=Rand_Real_Beta(Rbt,Rbt.All_Links(i).Location_Max,Rbt.All_Links(i).Locatio

n_Min); 

            end 

        end 

        function is_collision_free = Is_collision_free(Rbt, OccGrdNow, Config_in) 

            is_collision_free = 0; 

            for j = 1:Rbt.No_Links 

                dL_min = min( min(OccGrdNow.dx, OccGrdNow.dy), OccGrdNow.dz); 

                if (Rbt.All_Links(j).is_prismatic == 1) 

                    n = 3*(Rbt.All_Links(j).Location_Max / dL_min); 

                else 

                    n = 2*( Rbt.All_Links(j).a / dL_min ); 

                end 
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                for k = 0: 1/n :1 

                    link_position_percent = Rbt.Link_Position(Config_in, j, k); 

                    if ( OccGrdNow.Is_Occupied(link_position_percent) == 1) 

                        return; 

                    end 

                end 

            end 

            is_collision_free = 1; 

        end 

         

    end 

end 

Tip Distribution Cell Class 

classdef TDG_Cell < handle 

     properties 

        All_IDs; 

    end 

    methods 

        function tdg_cell = TDG_Cell() 

            tdg_cell.All_IDs = int32.empty; 

        end 

        function Add_ID(tdg_cell,ID_in) 

            m = size(tdg_cell.All_IDs,2); 

            tdg_cell.All_IDs(m+1) = ID_in; 

        end 

        function Value = All_IDs_Length(tdg_cell) 

            Value = int32(0); 

            Value = size(tdg_cell.All_IDs,2); 

        end 

    end 

end 

Tip Distribution Grid (TDG) Class 

classdef TD_Grid < handle 

    properties 

        Length; 

        Width; 

        Height; 

        Walking_Dist; 

        nox; 

        noy; 

        noz; 

        Grid; 

        Density; 

        Cell_Max_IDs = int32(0); 

    end 

    methods 

        function tdg = TD_Grid(OccGrdNow, Density_in) 

            tdg.Length = OccGrdNow.Length; 

            tdg.Width = OccGrdNow.Width; 

            tdg.Height = OccGrdNow.Height; 

            tdg.Density = Density_in; 

            tdg.Walking_Dist = (1/tdg.Density)^(1/3); 

            tdg.nox = int32(tdg.Length / tdg.Walking_Dist); 

            tdg.noy = int32(tdg.Width / tdg.Walking_Dist); 

            tdg.noz = int32(tdg.Height / tdg.Walking_Dist); 

            tdg.Grid = TDG_Cell.empty(0,0,0); 

            for i = 1:tdg.nox 

                for j = 1:tdg.noy 

                    for k = 1:tdg.noz 

                        tdg.Grid(i,j,k) = TDG_Cell(); 

                    end 

                end 

            end 

            tdg.Cell_Max_IDs = 2 * int32(tdg.Density * ( tdg.TDG_Cell_Vol() ) ); 

        end 
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        function near_nodes_IDs = Neare_Nodes_IDs(tdg, OccGrdNow, node_in) 

            index_x=int32(ceil((node_in.P.x-OccGrdNow.Origin_Point.x)/tdg.Walking_Dist)); 

            index_y=int32(ceil((node_in.P.y-OccGrdNow.Origin_Point.y)/tdg.Walking_Dist)); 

            index_z=int32(ceil((node_in.P.z-OccGrdNow.Origin_Point.z)/tdg.Walking_Dist)); 

            index_x_min = max( 1, (index_x - 1) ); 

            index_y_min = max( 1, (index_y - 1) ); 

            index_z_min = max( 1, (index_z - 1) ); 

            index_x_max = min( tdg.nox, (index_x + 1) ); 

            index_y_max = min( tdg.noy, (index_y + 1) ); 

            index_z_max = min( tdg.noz, (index_z + 1) ); 

            near_nodes_IDs = int32.empty(0); 

            for i= index_x_min:index_x_max 

                for j = index_y_min:index_y_max 

                    for k = index_z_min:index_z_max 

                        temp_IDs = tdg.Grid(i, j, k).All_IDs; 

                        m_temp = size(temp_IDs,2); 

                        m_tot = size(near_nodes_IDs,2); 

                        near_nodes_IDs(m_tot + 1 : m_tot + m_temp) = temp_IDs(1:m_temp); 

                    end 

                end 

            end 

             

        end 

        function Add_ID2Cell(tdg, OccGrdNow, node_in) 

            index_x=int32(ceil((node_in.P.x-OccGrdNow.Origin_Point.x)/tdg.Walking_Dist)); 

            index_y=int32(ceil((node_in.P.y-OccGrdNow.Origin_Point.y)/tdg.Walking_Dist)); 

            index_z=int32(ceil((node_in.P.z-OccGrdNow.Origin_Point.z)/tdg.Walking_Dist)); 

            index_x = max( 1, index_x ); 

            index_y = max( 1, index_y  ); 

            index_z = max( 1, index_z  ); 

            index_x = min( tdg.nox, index_x ); 

            index_y = min( tdg.noy, index_y ); 

            index_z = min( tdg.noz, index_z  ); 

            tdg.Grid(index_x, index_y, index_z).Add_ID(node_in.ID); 

        end 

        function cell = Cell(tdg, OccGrdNow, node_in) 

            index_x=int32(ceil((node_in.P.x-OccGrdNow.Origin_Point.x)/tdg.Walking_Dist)); 

            index_y=int32(ceil((node_in.P.y-OccGrdNow.Origin_Point.y)/tdg.Walking_Dist)); 

            index_z=int32(ceil((node_in.P.z-OccGrdNow.Origin_Point.z)/tdg.Walking_Dist)); 

            index_x = max( 1, index_x ); 

            index_y = max( 1, index_y ); 

            index_z = max( 1, index_z ); 

            index_x = min( tdg.nox, index_x ); 

            index_y = min( tdg.noy, index_y ); 

            index_z = min( tdg.noz, index_z ); 

            cell = tdg.Grid(index_x, index_y, index_z); 

        end 

        function tdg_cell_vol = TDG_Cell_Vol(tdg) 

            tdg_cell_vol = (tdg.Walking_Dist)^3; 

        end 

    end 

end 

PRM Class 

classdef RRT < handle 

    properties 

        Tot_Nodes; 

    end 

    methods 

        function rrt = RRT(TD_GrdNow, OccGrdNow) 

            rrt.Tot_Nodes = int32(TD_GrdNow.Density * OccGrdNow.Free_Volume); 

        end 

        function All_Nodes = Valid_Nodes_generator(rrt, RbtNow, OccGrdNow, TD_GrdNow) 

            All_Nodes = Node.empty; 

            loop = 1; 

            No_Nodes_current = 1; 

            loop_counter = 0; 

            while (loop == 1) 

                loop_counter = loop_counter + 1; 
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                % 80: Check if loop counter exceed the Tot_Nodes 

                if (loop_counter >= 600 * rrt.Tot_Nodes) 

                    loop = 0; 

                end 

                % 10: Generating random configuration 

                Config_curr = RbtNow.Rand_Config_gen(); 

                % 20: Random configuration end_effector position 

                Config_curr_tip_position = RbtNow.End_Effector(Config_curr); 

                % 25: Generate current node 

Node_curr = Node(No_Nodes_current, Config_curr_tip_position, Config_curr); 

                % 30: End_effector collision check 

                if ( OccGrdNow.Is_Occupied(Config_curr_tip_position) == 1 ) 

                    continue; 

                end 

                % 35: Check if TD_Grid.Cell_Max_IDs has not been exceeded 

                cell_curr = TD_GrdNow.Cell(OccGrdNow, Node_curr); 

                if ( cell_curr.All_IDs_Length() == 1) 

%                     ( cell_curr.All_IDs_Length() >= TD_GrdNow.Cell_Max_IDs) 

                    continue; 

                end 

                %  40: Whole configuration collision check 

                res_check = RbtNow.Is_collision_free(OccGrdNow, Config_curr); 

                if( res_check == 0 ) 

                    continue; 

                end 

                % 45: Add the current node to the All_Nodes 

                All_Nodes(No_Nodes_current) = Node_curr; 

                % 50: Add node.ID to the TD_GrdNow().TDG_Cell.All_IDs 

                TD_GrdNow.Add_ID2Cell(OccGrdNow, All_Nodes(No_Nodes_current) ); 

                % 60: Generate a trajectory then check and add neighbour to both current 

node and its cellmate nodes 

near_nodes_IDs = TD_GrdNow.Neare_Nodes_IDs( OccGrdNow, All_Nodes(No_Nodes_current)); 

                no_allcellmates=size(near_nodes_IDs,2); 

                for i = 1: no_allcellmates 

                    ID_node_cellmate = near_nodes_IDs(i); 

                    Node_cellmate = All_Nodes(ID_node_cellmate); 

                    if(Node_cellmate == All_Nodes(No_Nodes_current)) 

                        continue; 

                    end 

if(Node_cellmate.All_Neighbours_Length()<9&&All_Nodes(No_Nodes_current).All_Neighbours_Le

ngth()<9) 

                        Nghbr_tmp = Neighbour(ID_node_cellmate, 0); 

%Trajectory(Nghbr, OccGrdNow, RbtNow, Config_1, Config_2, Time_in, No_steps) 

traj_result = Nghbr_tmp.Trajectory(OccGrdNow, RbtNow, All_Nodes(No_Nodes_current).Config, 

Node_cellmate.Config, 1, 10); 

                        if ( traj_result == 1 ) 

Nghbr_inv = Nghbr_tmp.Inverse_Neighbour( All_Nodes(No_Nodes_current).ID ); 

                            All_Nodes(No_Nodes_current).Add_Nghbr(Nghbr_tmp); 

                            Node_cellmate.Add_Nghbr(Nghbr_inv); 

                        end 

                    end 

                end 

                % 70: Check if no nodes exceed the Tot_Nodes 

                if (No_Nodes_current >= rrt.Tot_Nodes) 

                    loop = 0; 

                end 

                % 90: Update the number of valid generated nodes 

                No_Nodes_current = No_Nodes_current + 1; 

            end 

        end 

    end 

end 

Path Class 

classdef Path < handle 

    properties  

        Path_Nodes;  

        Path_Cost = 0; 

        Goal; 
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        Reached = 0; 

        Previous_Cost2Node; 

        CostActual; 

    end 

    methods 

        function Pth = Path(Start,Goal) 

            Pth.Path_Nodes = Node.empty(0,0); 

            Pth.Path_Nodes(1) = Start; 

            Pth.Goal = Goal; 

            Pth.Path_Cost = Cost2Node(Pth,Start); 

            Pth.Previous_Cost2Node = Cost2Node(Pth,Start); 

            Pth.CostActual=1E50; 

        end 

        function value = Is_In_Path(Pth,Node_in) 

            value = 1; 

            m = size(Pth.Path_Nodes,2); 

            for i=1:m 

                if (Pth.Path_Nodes(i) == Node_in) 

                    return 

                end 

            end 

            value = 0;   

            if(Node_in == Pth.Goal) 

                Pth.Reached = 1; 

                value = 2; 

            end 

        end 

        function Value = Cost2Node(Pth,Node_in) 

            Path_Cost_To_Goal = Node_in.P.distcalc(Pth.Goal.P); 

            Value = Path_Cost_To_Goal; 

        end 

        function Value = Length(Pth) 

            Value = int32(0); 

            Value = size(Pth.Path_Nodes,2); 

        end 

        function Value = Last_Node(Pth) 

            Value = Pth.Path_Nodes(Length(Pth)); 

        end 

        function Value = Add_Node(Pth,Node_in,Cost_Two_Lasts_in)   

            if Is_In_Path (Pth,Node_in) == 1 

                Value = 0; 

                return 

            end 

            m = size(Pth.Path_Nodes,2); 

            Pth.Path_Nodes(m+1) = Node_in; 

            tempVal = Cost2Node(Pth,Node_in); 

Pth.Path_Cost=(Pth.Path_Cost-Pth.Previous_Cost2Node)+Cost_Two_Lasts_in+tempVal; 

            Pth.Previous_Cost2Node = tempVal; 

            Value = 1;             

        end 

        function CopyPth = Clone(Pth) 

            CopyPth = Path(Pth.Path_Nodes(1),Pth.Goal); 

            CopyPth.Path_Nodes = Pth.Path_Nodes; 

            CopyPth.Path_Cost = Pth.Path_Cost; 

            CopyPth.Reached = Pth.Reached; 

            CopyPth.Previous_Cost2Node = Pth.Previous_Cost2Node; 

        end 

        function [Pth,idx] = sort(Pth,varargin) 

          [~,idx] = sort([Pth.Path_Cost],varargin{:}); 

          Pth = Pth(idx); 

        end 

        function [Pth,idx] = sortFinal(Pth,varargin) 

          [~,idx] = sort([Pth.CostActual],varargin{:}); 

          Pth = Pth(idx); 

        end 

    end 

end 
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Astar Class 

classdef Astar < handle 

    properties 

        All_Nodes; 

        Open_List; 

    end 

    methods 

        function Astr = Astar(All_Nodes_in) 

            Astr.All_Nodes = All_Nodes_in; 

            Astr.Open_List = Path.empty(0,0); 

        end 

        function Best_Path = Find_Path(Astr,Start,Goal) 

            Astr.Open_List = Path.empty(0,0); 

            Path_Temp = Path(Start,Goal); 

            Astr.Open_List(1) = Path_Temp; 

            loop = 1; 

            no_itr = 1; 

            while (loop == 1) 

                Length_Best_Path = Astr.Open_List(1).Length(); 

                Node_Current = Astr.Open_List(1).Path_Nodes(Length_Best_Path); 

                m = Node_Current.All_Neighbours_Length(); 

                Is_Any_Path_Added = 0; 

                Path_Best_Now = Astr.Open_List(1).Clone(); 

                no_itr = no_itr + 1; 

                for i= 1:m 

                    ID_Neighbour = Node_Current.All_Nghbrs(i).Id; 

                    Cost2Neighbour = Node_Current.All_Nghbrs(i).Cost; 

                    Node_Neighbour = Astr.All_Nodes(ID_Neighbour); 

                    Path_Temp = Path_Best_Now.Clone(); 

                    Is_In_Path = Path_Temp.Is_In_Path(Node_Neighbour); 

                    if (Is_In_Path == 1) 

                    elseif(Is_In_Path == 0) 

                        if (Is_Any_Path_Added == 0) 

                     Astr.Open_List(1).Add_Node(Node_Neighbour,Cost2Neighbour); 

                            Is_Any_Path_Added = 1; 

                        else 

                            Path_Temp.Add_Node(Node_Neighbour,Cost2Neighbour); 

                            Open_List_Length = size(Astr.Open_List,2); 

                            Astr.Open_List(Open_List_Length + 1) = Path_Temp; 

                        end 

                    else 

                        if (Is_Any_Path_Added == 0) 

                           Astr.Open_List(1).Add_Node(Node_Neighbour,Cost2Neighbour); 

                        else 

                            Path_Temp.Add_Node(Node_Neighbour,Cost2Neighbour); 

                            Open_List_Length = size(Astr.Open_List,2); 

                            Astr.Open_List(Open_List_Length + 1) = Path_Temp; 

                        end 

                        Is_Any_Path_Added = 1; 

                        loop = 0; 

                    end 

                end 

                if Is_Any_Path_Added == 0 

                    Astr.Open_List(1).Path_Cost = Astr.Open_List(1).Path_Cost + 10e50; 

                end 

                m = size(Astr.Open_List,2) 

                All_Dead_Ends = 1; 

                for i = 1:m 

                    if (Astr.Open_List(i).Path_Cost < 10e50) 

                        All_Dead_Ends = 0; 

                    end 

                end 

                if All_Dead_Ends == 1 

                    loop = 0; 

                end 

                Astr.Open_List = sort(Astr.Open_List); 

            end 

            Open_List_Length = size(Astr.Open_List,2); 

            for i=1:Open_List_Length 
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Astr.Open_List(i).CostActual = Astr.Open_List(i).Path_Cost/Astr.Open_List(i).Reached; 

            end 

            Astr.Open_List = sortFinal(Astr.Open_List); 

            Best_Path = Astr.Open_List(1); 

        end 

    end 

end 

Plot 2D Path Class 

classdef Plot_Path_2D < handle 

    properties 

        dummy; 

    end 

    methods 

        function plt_2d = Plot_Path_2D() 

            plt_2d.dummy = 0; 

        end 

        function 

Plot(plt_2d,path_best,RRTNow,RbtNow,OCCNow,All_NodesNow,drawOCCGrd,drawTraj,drawTDG,drawT

ipPath) 

            hold on 

            % plot occupancy grid 

            if (drawOCCGrd == 1) 

                for i = 1:OCCNow.nox 

                    for j = 1:OCCNow.noy 

                        x = (double(i-1) * OCCNow.dx + OCCNow.Origin_Point.x); 

                        y = (double(j-1) * OCCNow.dy + OCCNow.Origin_Point.y); 

                        w = OCCNow.dx; 

                        h = OCCNow.dy; 

                        if (OCCNow.Grid(i,j,1) == 1) 

                            rectangle('Position',[x,y,w,h],'FaceColor','b'); 

                        else 

                            rectangle('Position',[x,y,w,h],'FaceColor','w'); 

                        end 

                        hold on 

                    end 

                end 

            end 

            % plot robot trajectory 

            X_link_tips = zeros(RbtNow.No_Links+1,1); 

            Y_link_tips = zeros(RbtNow.No_Links+1,1); 

            Z_link_tips = zeros(RbtNow.No_Links+1,1); 

             

            X_link_tips(1) = RbtNow.Origin.x; 

            Y_link_tips(1) = RbtNow.Origin.y; 

            Z_link_tips(1) = RbtNow.Origin.z; 

            pause( 3 ); 

            if ( drawTraj == 1) 

                m = size(path_best.Path_Nodes,2); 

                for i = 1:m-1 

                    counter = i; 

                    No_Nghbrs = path_best.Path_Nodes(i).All_Neighbours_Length(); 

                    ID_next_node = path_best.Path_Nodes(i+1).ID; 

                    for j = 1:No_Nghbrs 

                        if( path_best.Path_Nodes(i).All_Nghbrs(j).Id == ID_next_node) 

                            Traj_tmp = path_best.Path_Nodes(i).All_Nghbrs(j).Traj; 

                        end 

                    end 

                    no_steps = size(Traj_tmp,1); 

                    for j = 1:no_steps 

                        config_tmp = Traj_tmp(j,:); 

                        for k = 1:RbtNow.No_Links 

                            link_tip = RbtNow.Link_Position(config_tmp, k, 1); 

                            X_link_tips(k+1) = link_tip.x; 

                            Y_link_tips(k+1) = link_tip.y; 

                            Z_link_tips(k+1) = link_tip.z; 

                            hold on; 

hl(k)=line(X_link_tips(k:k+1),Y_link_tips(k:k+1),'LineWidth',0.5,'Color','k','Marker','o'

,'MarkerSize',2,'MarkerFaceColor','g'); 
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                        end 

                         

                        pause( 0.2); 

                        if(j == no_steps) 

                            pause( 0.01); 

                        end 

                        if(i == m-1 && j == no_steps ) 

                        else 

                            delete(hl); 

                        end 

                    end 

                end 

                hold on; 

line(X_link_tips,Y_link_tips,'LineWidth',1.8,'Color','k','Marker','o','MarkerSize',5,'Mar

kerFaceColor','g'); 

            end 

            % plot tip distribution grid 

            if ( drawTDG == 1) 

                for i = 1:RRTNow.Tot_Nodes 

                    x_data(i) = All_NodesNow.P.x; 

                    y_data(i) = All_NodesNow.P.y; 

                    z_data(i) = All_NodesNow.P.z; 

                end 

                figure; 

                axis equal 

                hold on 

                scatter(x_data,y_data,'.'); 

            end 

            % plot best path in TDG 

            if ( drawTipPath == 1) 

                m = size(path_best.Path_Nodes,2); 

                for i = 1:m-1 

                    x1 = path_best.Path_Nodes(i).P.x; 

                    y1 = path_best.Path_Nodes(i).P.y; 

                    x2 = path_best.Path_Nodes(i+1).P.x; 

                    y2 = path_best.Path_Nodes(i+1).P.y; 

                    X = [x1 x2]; 

                    Y = [y1 y2]; 

                    line(X,Y,'LineWidth',2,'Color',[0 .5 1],'Marker','O'); 

                    hold on; 

                end 

            end 

        end 

    end 

end 

Astar Robot 

figure; 

close all; 

t1 = cputime; 

 

%% PRM 

shiftx = 0.035; 

shifty = 0.035; 

for i = 1:size(All_Nodes,2) 

    x1 = All_Nodes(i).P.x; 

    y1 = All_Nodes(i).P.y; 

    strID = num2str(i); 

    text(x1+shiftx, y1+shifty, strID, 'FontSize', 6.75); 

    All_Nodes(i).All_Neighbours_Length(); 

    for j = 1:All_Nodes(i).All_Neighbours_Length() 

        IDnghbr = All_Nodes(i).All_Nghbrs(j).Id; 

        x2 = All_Nodes(IDnghbr).P.x; 

        y2 = All_Nodes(IDnghbr).P.y; 

        X = [x1 x2]; 

        Y = [y1 y2]; 

        line(X,Y,'LineStyle','-',... 

            'LineWidth',.5,... 

            'Color','k',... 
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            'Marker','o',... 

            'MarkerEdgeColor','b',... 

            'MarkerFaceColor','g',... 

            'MarkerSize',4.4); 

        hold on; 

    end 

end 

xlabel('x') 

ylabel('y') 

 

%% TDG cells 

hold on; 

for i = 1:TD_GrdNow.nox 

    for j = 1:TD_GrdNow.noy 

        x = (double(i-1) * TD_GrdNow.Walking_Dist); 

        y = (double(j-1) * TD_GrdNow.Walking_Dist); 

%                 line(x,y,'Color','k'); 

        w = TD_GrdNow.Walking_Dist; 

        h = TD_GrdNow.Walking_Dist; 

        rectangle('Position',[x,y,w,h],... 

            'LineStyle',':'); 

        hold on 

    end 

end 

 

%% occupancy 

hold on 

alpha(.5); 

for i = 1:OccGrdNow.nox 

    for j = 1:OccGrdNow.noy 

        x = (double(i-1) * OccGrdNow.dx + OccGrdNow.Origin_Point.x); 

        y = (double(j-1) * OccGrdNow.dy + OccGrdNow.Origin_Point.y); 

        w = OccGrdNow.dx; 

        h = OccGrdNow.dy; 

        if (OccGrdNow.Grid(i,j,1) == 1) 

            rectangle('Position',[x,y,w,h],'FaceColor','b'); 

        end 

        hold on 

    end 

end 

 

%% Point_List1 

m = 10; 

x1 = points_list1(1).x; 

y1 = points_list1(1).y; 

x2 = points_list1(m).x; 

y2 = points_list1(m).y; 

X = [x1 x2]; 

Y = [y1 y2]; 

line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

hold on; 

for i = 1:m-1 

    x1 = points_list1(i).x; 

    y1 = points_list1(i).y; 

    x2 = points_list1(i+1).x; 

    y2 = points_list1(i+1).y; 

    X = [x1 x2]; 

    Y = [y1 y2]; 

    line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

    hold on; 

end 

axis square 

 

%% Point_List2 

n = 10; 

x1 = points_list2(1).x; 

y1 = points_list2(1).y; 

x2 = points_list2(n).x; 

y2 = points_list2(n).y; 

X = [x1 x2]; 

Y = [y1 y2]; 
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line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

hold on; 

for i = 1:n-1 

    x1 = points_list2(i).x; 

    y1 = points_list2(i).y; 

    x2 = points_list2(i+1).x; 

    y2 = points_list2(i+1).y; 

    X = [x1 x2]; 

    Y = [y1 y2]; 

    line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

    hold on; 

end 

 

%% Point_list3 

% m = 4; 

% x1 = points_list3(1).x; 

% y1 = points_list3(1).y; 

% x2 = points_list3(m).x; 

% y2 = points_list3(m).y; 

% X = [x1 x2]; 

% Y = [y1 y2]; 

% line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

% hold on; 

% for i = 1:m-1 

%     x1 = points_list3(i).x; 

%     y1 = points_list3(i).y; 

%     x2 = points_list3(i+1).x; 

%     y2 = points_list3(i+1).y; 

%     X = [x1 x2]; 

%     Y = [y1 y2]; 

%     line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

%     hold on; 

% end 

 

%% Point_List4 

% m = 3; 

% x1 = points_list4(1).x; 

% y1 = points_list4(1).y; 

% x2 = points_list4(m).x; 

% y2 = points_list4(m).y; 

% X = [x1 x2]; 

% Y = [y1 y2]; 

% line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

% hold on; 

% for i = 1:m-1 

%     x1 = points_list4(i).x; 

%     y1 = points_list4(i).y; 

%     x2 = points_list4(i+1).x; 

%     y2 = points_list4(i+1).y; 

%     X = [x1 x2]; 

%     Y = [y1 y2]; 

%     line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

%     hold on; 

% end 

 

%% Point_List5 

% m = 3; 

% x1 = points_list5(1).x; 

% y1 = points_list5(1).y; 

% x2 = points_list5(m).x; 

% y2 = points_list5(m).y; 

% X = [x1 x2]; 

% Y = [y1 y2]; 

% line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

% hold on; 

% for i = 1:m-1 

%     x1 = points_list5(i).x; 

%     y1 = points_list5(i).y; 

%     x2 = points_list5(i+1).x; 

%     y2 = points_list5(i+1).y; 

%     X = [x1 x2]; 
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%     Y = [y1 y2]; 

%     line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

%     hold on; 

% end 

 

%% Point_List6 

% m = 3; 

% x1 = points_list6(1).x; 

% y1 = points_list6(1).y; 

% x2 = points_list6(m).x; 

% y2 = points_list6(m).y; 

% X = [x1 x2]; 

% Y = [y1 y2]; 

% line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

% hold on; 

% for i = 1:m-1 

%     x1 = points_list6(i).x; 

%     y1 = points_list6(i).y; 

%     x2 = points_list6(i+1).x; 

%     y2 = points_list6(i+1).y; 

%     X = [x1 x2]; 

%     Y = [y1 y2]; 

%     line(X,Y,'LineWidth',1.5,'Color',[0 1 1]); 

%     hold on; 

% end 

 

axis square 

axis([0,10,0,10]) 

Plot = cputime - t1 

%% Astar 

xlabel('x') 

ylabel('y') 

t2 = cputime; 

ASTAR = Astar(All_Nodes); 

path_best = ASTAR.Find_Path(All_Nodes(60),All_Nodes(64)); 

m = size(path_best.Path_Nodes,2); 

A_star = cputime - t2 

plt2D = Plot_Path_2D(); 

for i = 1:m-1 

    x1 = path_best.Path_Nodes(i).P.x; 

    y1 = path_best.Path_Nodes(i).P.y; 

    x2 = path_best.Path_Nodes(i+1).P.x; 

    y2 = path_best.Path_Nodes(i+1).P.y; 

    X = [x1 x2]; 

    Y = [y1 y2]; 

    line(X,Y,... 

        'LineWidth',1.5,... 

        'LineStyle','-',... 

        'Color','r',... 

        'Marker','s',... 

        'MarkerSize',2.25); 

    %         'MarkerEdgeColor','m',... 

    %         'MarkerFaceColor','w',... 

    hold on; 

end 

axis square 

plt2D.Plot(path_best, rrt, RbtNow, OccGrdNow, All_Nodes, 0, 1, 0, 0) 

Final Run 

clc; 

clear classes; 

close all; 

% Link(theta, d, alpha, a, location_max, location_min, is_prismatic, cost_location_unit) 

%% Scenario #1  

% L(1) = Link(1, 0, 0, 1, 2*pi, 0, 0, 3); 

% L(2) = Link(1, 0, 0, 1, 2*pi, 0, 0, 3); 

% L(3) = Link(1, 0, 0, 0.75, 2*pi, 0, 0, 3); 

% L(4) = Link(1, 0, 0, 0.75, 2*pi, 0, 0, 0.25); 

% L(5) = Link(1, 0, 0, 0.5, 2*pi, 0, 0, 0.25); 
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% L(6) = Link(1, 0, 0, 0.25, 2*pi, 0, 0, 0.25); 

% m = size(L,2); 

% robot_origin = Point(5,5,0); 

% RbtNow = Robot(L, m, robot_origin); 

% points_list4 = [Point(3.5,5,0),Point(1,7.5,0),Point(1,2.5,0)]; 

% points_list3 = [Point(5,3.5,0),Point(2.5,1,0),Point(7.5,1,0)]; 

% points_list2 = [Point(6.5,5,0),Point(9,7.5,0),Point(9,2.5,0)]; 

% points_list1 = [Point(5,6.5,0),Point(7.5,9,0),Point(2.5,9,0)]; 

% OccGrdNow = OccupancyGrid(10,10,1,Point(0,0,0),60,60,1); 

% OccGrdNow.Mark_2D_Polygon(points_list1); 

% OccGrdNow.Mark_2D_Polygon(points_list2); 

% OccGrdNow.Mark_2D_Polygon(points_list3); 

% OccGrdNow.Mark_2D_Polygon(points_list4); 

% Density_in = 1.5; 

 

%% Scenario #2 

% L(1) = Link(1, 0, 0, 1, 2*pi, 0, 0, 5); 

% L(2) = Link(1, 0, 0, 1, 2*pi, 0, 0, 4); 

% L(3) = Link(1, 0, 0, 1, 2*pi, 0, 0, 3); 

% L(4) = Link(1, 0, 0, 1, 2*pi, 0, 0, 3); 

% L(5) = Link(1, 0, 0, .25, 2*pi, 0, 0, 0.25); 

% L(6) = Link(1, 0, 0, .25, 2*pi, 0, 0, 0.25); 

% L(7) = Link(1, 0, 0, .25, 2*pi, 0, 0, 0.25); 

% m = size(L,2); 

% robot_origin = Point(5,5,0); 

% RbtNow = Robot(L, m, robot_origin); 

% points_list1 = [Point(.5,4.5,0),Point(1,5,0),Point(.5,5.5,0)]; % left 

% points_list2 = [Point(9.5,4.4,0),Point(9,5,0),Point(9.5,5.6,0)]; % right 

% points_list3 = [Point(5,4,0),Point(4.4,4.5,0),Point(5.6,4.5,0)]; % Center 

% points_list4 = [Point(5,9,0),Point(4.4,9.5,0),Point(5.6,9.5,0)]; % up 

% points_list5 = [Point(6.25,6.25,0),Point(6.25,7,0),Point(6.75,6,0)]; % SR 

% points_list6 = [Point(3.5,6.25,0),Point(3.5,7,0),Point(3,6,0)]; %SL 

% OccGrdNow = OccupancyGrid(10,10,1,Point(0,0,0),60,60,1); 

% OccGrdNow.Mark_2D_Polygon(points_list1); 

% OccGrdNow.Mark_2D_Polygon(points_list2); 

% OccGrdNow.Mark_2D_Polygon(points_list3); 

% OccGrdNow.Mark_2D_Polygon(points_list4); 

% OccGrdNow.Mark_2D_Polygon(points_list5); 

% OccGrdNow.Mark_2D_Polygon(points_list6); 

% Density_in = 2; 

 

%% Scenario #3 

% L(1) = Link(1, 0, 0, .25, 2*pi, 0, 0, 2); 

% L(2) = Link(1, 0, 0, .25, 2*pi, 0, 0, 2); 

% L(3) = Link(1, 0, 0, 3, 2*pi, 0, 0, 4); 

% L(4) = Link(1, 0, 0, 3, 2*pi, 0, 0, 4); 

% L(5) = Link(1, 0, 0, .25, 2*pi, 0, 0, .25); 

% L(6) = Link(1, 0, 0, .25, 2*pi, 0, 0, .25); 

% L(7) = Link(1, 0, 0, .25, 2*pi, 0, 0, .25); 

% m = size(L,2); 

% robot_origin = Point(7.5,7.5,0); 

% RbtNow = Robot(L, m, robot_origin); 

% points_list1 = 

[Point(1.5,1.5,0),Point(1.5,13.5,0),Point(13.5,13.5,0),Point(13.5,1.5,0),Point(12.5,1.5,0

),Point(12.5,12.5,0),Point(5,12.5,0),Point(5,7,0),Point(7.5,7,0),Point(7.5,5,0),Point(3.5

,5,0),Point(3.5,3,0),Point(11.75,3,0),Point(11.75,1.5,0)]; 

% OccGrdNow = OccupancyGrid(15,15,1,Point(0,0,0),60,60,1);  

% OccGrdNow.Mark_2D_Polygon(points_list1); 

% Density_in = 2; 

 

%% Scenario #4 

% L(1) = Link(1   , 0, 0   , 1, 2*pi, 0   , 0, 3); 

% L(2) = Link(1   , 0, pi/2, 1, 2*pi, 0   , 0, 2); 

% L(3) = Link(0   , 0, 0   , 0, 3   , 0.25, 1, 1); 

% m = size(L,2); 

% robot_origin = Point(5,5,0); 

% RbtNow = Robot(L, m, robot_origin); 

% points_list4 = [Point(3.5,6,0),Point(2,7,0),Point(1.5,5.5,0)]; 

% points_list3 = [Point(9,5,0),Point(7.5,5,0),Point(7.5,6.5,0),Point(9,7,0)]; 

% points_list2 = [Point(4,3.25,0),Point(4,4,0),Point(6,4,0),Point(6,3.25,0)]; 

% points_list1 = [Point(5,7,0),Point(4.25,9,0),Point(6,8.5,0)]; 
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% OccGrdNow = OccupancyGrid(10,10,1,Point(0,0,0),60,60,1); 

% OccGrdNow.Mark_2D_Polygon(points_list1); 

% OccGrdNow.Mark_2D_Polygon(points_list2); 

% OccGrdNow.Mark_2D_Polygon(points_list3); 

% OccGrdNow.Mark_2D_Polygon(points_list4); 

% Density_in = 1; 

 

%% Scenario #5 

% L(1) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 10); 

% L(2) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 9 ); 

% L(3) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 8 ); 

% L(4) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 7 ); 

% L(5) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 6 ); 

% L(6) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 5 ); 

% L(7) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 4 ); 

% L(8) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 3 ); 

% L(9) = Link(1, 0, 0, .5 , 2*pi, 0, 0, 2 ); 

% L(10)= Link(1, 0, 0, .5 , 2*pi, 0, 0, 1 ); 

% m = size(L,2); 

% robot_origin = Point(5,5,0); 

% RbtNow = Robot(L, m, robot_origin); 

% points_list1 = 

[Point(7,6.4,0),Point(9.5,6.4,0),Point(9.5,8.5,0),Point(.5,8.5,0),Point(.5,4,0),Point(3,4

,0),Point(3,8.3,0),Point(9.3,8.3,0),Point(9.3,6.6,0),Point(7,6.6,0)]; 

% points_list2 = 

[Point(.5,1.5,0),Point(9.5,1.5,0),Point(9.5,6,0),Point(7,6,0),Point(7,1.7,0),Point(.7,1.7

,0),Point(.7,3.4,0),Point(3,3.4,0),Point(3,3.6,0),Point(.5,3.6,0)]; 

%OccGrdNow = OccupancyGrid(10,10,1,Point(0,0,0),60,60,1); 

%OccGrdNow.Mark_2D_Polygon(points_list1); 

%OccGrdNow.Mark_2D_Polygon(points_list2); 

%Density_in = 2.5; 

 

%% Scenario #6 

% L(1) = Link(1, 0, pi/2, 1, 2*pi, 0, 0, 4); 

% L(2) = Link(0, 0, pi/2, 0, 3, .25, 1, 1 ); 

% L(3) = Link(1, 0, 0, 1, 2*pi, 0, 0, 1 ); 

% m = size(L,2); 

% robot_origin = Point(5,5,0); 

% RbtNow = Robot(L, m, robot_origin); 

% points_list1 = [Point(4.5,4,0),Point(5.5,4,0),Point(5.5,2,0),Point(4.5,2,0)]; 

% points_list2 = [Point(6.5,6,0),Point(7.5,6,0),Point(7.5,8,0),Point(6.5,8,0)]; 

% points_list3 = [Point(2.5,6,0),Point(3.5,6,0),Point(3.5,8,0),Point(2.5,8,0)]; 

% OccGrdNow = OccupancyGrid(10,10,1,Point(0,0,0),60,60,1); 

% OccGrdNow.Mark_2D_Polygon(points_list1); 

% OccGrdNow.Mark_2D_Polygon(points_list2); 

% OccGrdNow.Mark_2D_Polygon(points_list3); 

% Density_in = 1; 

 

%% Scenario #7 

L(1) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 16); 

L(2) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 16); 

L(3) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 16); 

L(4) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 10); 

L(5) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 10); 

L(6) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 10); 

L(7) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 10); 

L(8) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 5); 

L(9) = Link(1, 0, 0, .3 , 2*pi, 0, 0, 5); 

L(10)= Link(1, 0, 0, .3 , 2*pi, 0, 0, 5); 

L(11)= Link(1, 0, 0, .3 , 2*pi, 0, 0, 5); 

L(12)= Link(1, 0, 0, .3 , 2*pi, 0, 0, 1); 

L(13)= Link(1, 0, 0, .3 , 2*pi, 0, 0, 1); 

L(14)= Link(1, 0, 0, .3 , 2*pi, 0, 0, 1); 

L(15)= Link(1, 0, 0, .3 , 2*pi, 0, 0, 1); 

L(16)= Link(1, 0, 0, .3 , 2*pi, 0, 0, 1); 

m = size(L,2); 

robot_origin = Point(5,5,0); 

RbtNow = Robot(L, m, robot_origin); 

points_list1 = [Point(8.75,9.5,0),Point(9.5,8.75,0),Point(6,6,0)]; 

points_list2 = [Point(.5,1.25,0),Point(1.25,.5,0),Point(4,4,0)]; 

points_list3 = [Point(8.75,.5,0),Point(9.5,1.25,0),Point(6,4,0)]; 
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points_list4 = [Point(.5,8.75,0),Point(1.25,9.5,0),Point(4,6,0)]; 

OccGrdNow = OccupancyGrid(10,10,1,Point(0,0,0),100,100,1); 

OccGrdNow.Mark_2D_Polygon(points_list1); 

OccGrdNow.Mark_2D_Polygon(points_list2); 

OccGrdNow.Mark_2D_Polygon(points_list3); 

OccGrdNow.Mark_2D_Polygon(points_list4); 

Density_in = 4; 

 

TD_GrdNow = TD_Grid(OccGrdNow, Density_in); 

t0 = cputime; 

rrt = RRT(TD_GrdNow, OccGrdNow); 

All_Nodes = rrt.Valid_Nodes_generator(RbtNow, OccGrdNow, TD_GrdNow); 

allnodes = cputime - t0 

 


	ABSTRACT
	ACKNOWLEDGMENTS
	DEDICATION
	Table of CONTENTS
	Table of Figures
	Table of Tables
	LIST OF ABBREVIATIONS
	LIST OF Symbols
	1. Chapter 1 - Introduction
	1.1. Motivation
	1.2. Historical Overview
	1.3. Problem Statement and Research Objective
	1.4. Outline

	2. Chapter 2 – The State of the Art Review
	2.1. Overview
	2.2. Definitions
	2.2.1. Robot Motion Planning
	2.2.2. Geometric Modeling
	2.2.3. Configuration Space
	2.2.4. Free Space
	2.2.5. Planning Algorithms

	2.3. Non-redundant Manipulators
	2.3.1. Potential Field
	2.3.2. Cell Decompositions

	2.4. Redundant and Hyper-redundant Manipulators
	2.4.1. Sampling-Based Motion Planning
	2.4.1.1. Rapidly Exploring Dense Trees
	2.4.1.2. Roadmap Methods for Multiple Queries

	2.4.2. Machine Learning
	2.4.3. Genetic Algorithms

	2.5. Flexible and Deformable Manipulators
	2.6. Summary

	3. Chapter 3 – Methodology
	3.1. Overview
	3.2. The Preprocessing Phase (Off-Line)
	3.2.1. Defining a Robot Manipulator
	3.2.2. Occupancy Grid Mapping
	3.2.3. Forward Kinematics Calculation
	3.2.3.2. The Denavit Hartenberg (D-H) Convention
	3.2.3.3. The D-H Procedure (Spong & Vidyasagar, 2008):

	3.2.4. Random Sampling
	3.2.5. Collision Detection
	3.2.6. Local Planner
	3.2.7. Finding Neighbouring Samples
	3.2.8. Cost Function

	3.3. The Query Phase (Real-time)
	3.3.2. Graph Search Algorithm A*

	3.4. Case Study
	3.5. Summary

	4. Chapter 4 – Implementation
	4.1. Overview
	4.2. Assumptions
	4.3. High-level Programming
	4.4. User-Defined MATLAB Classes
	4.4.2. Robot Manipulator Class
	4.4.3. Link Class
	4.4.4. Defining Cost Function
	4.4.5. Node and Point Classes
	4.4.6. Occupancy Grid Class
	4.4.6.1. Point List

	4.4.7. Tip Distribution Grid and TDG Cell Classes
	4.4.8. Neighbour Class
	4.4.9. PRM Class
	4.4.10. A* and Path Classes

	4.5. Summary

	5. Chapter 5 - Simulation Results
	5.1. Overview
	5.2. Scenarios and Results
	5.2.1. Scenario No. 1
	5.2.2. Scenario No. 2
	5.2.3. Scenario No. 3
	5.2.4. Scenario No. 4
	5.2.5. Scenario No. 5
	5.2.6. Scenario No. 6
	5.2.7. Scenario No. 7

	5.3. Discussion and Summary

	6. Chapter 6 – Conclusion and Future Directions
	References
	Appendix A – MATLAB Code
	Point Class
	Node Class
	Neighbour Class
	Occupancy Grid Class
	Link Class
	Robot Class
	Tip Distribution Cell Class
	Tip Distribution Grid (TDG) Class
	PRM Class
	Path Class
	Astar Class
	Plot 2D Path Class
	Astar Robot
	Final Run
	Fallanhinejad_Ghajari_Mahdi_30-jan-2015.pdf
	UNIVERSITY OF REGINA
	FACULTY OF GRADUATE STUDIES AND RESEARCH
	SUPERVISORY AND EXAMINING COMMITTEE



