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Abstract 

Now a day’s, robotics occupies considerable attention in 

human life especially in the modern industries that are automatically 

running. Robot path planning is considered a key problem for safe and 

efficient robot movement. On the other side, optimizing the robot 

velocity to move the mobile robot from an initial position to a goal 

position is a critical factor in the robotics filed. Robot velocity 

controlling is important in the following states. (1) When the robot 

navigates in the tight free area. (2) When the robot corner around the 

angles of its path heading to its goal. The adaptive dimensionality (AD) 

concept has been successfully used to solve this type of problem. On the 

other hand, algorithms of swarm intelligence optimization are largely 

successful in finding solutions to the robot's path planning problems.  

The first aim of this research is to develop an approach for 

planning the robot's path in its dynamic state space based on hybrid 

adaptive dimensionality representation with Glowworm swarm 

optimization algorithms. While, the second aim of this research is 

achieved by developing the approach to adaptive the velocity of the robot 

based on the value of each rotation angle at each node of its path that 

resulted from the application of the first approach and the number of the 

neighboring obstacles that are surrounding this node within its closest 

two levels. The third aim of this research is determining an appropriate 

data structure to perform all the operations in the two proposed research 

approaches to reduce the required storage space and time occupation for 

processing.  
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The effectiveness of these two approaches are gaged by 

applying them on different dynamic environments to find the optimal 

robot path and then adaptive its velocity and then comparing these 

obtaining results with the results that gathered by applying hybrid mixed 

D∗ algorithm with Lbest PSO, the hybrid improved D* algorithm with 

Lbest PSO approaches. These comparisons prove the effectiveness of the 

proposed first approach in reducing the average number of iterations 

required to become (19.33) iterations, while for the same experiments the 

average of execution time for the two others algorithms are 84.16, 29.46 

iterations respectively. Additionally, the average of path cost of the 

proposed algorithm is 19.27, which is the best value compared with the 

averages that are obtained by applying the two others algorithms which 

have been 84.17 and 29.47, respectively. Finally, the comparison results 

illustrate that the average of execution time is 4.81 seconds for the 

experiments of the proposed approach. While, for the same experiments 

the average of execution time for the two others algorithms are 23.10 

second and 10.616 second respectively. It also significantly reduced the 

execution time. On the other hand, the robot's velocity rate is improved 

by a percentage of up to 300%, and this indicates the effectiveness of the 

second proposed approach. 
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GENERAL INTRODUCTION
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1.1 Introduction  

As a modernistic system, robots need the capability to plan their 

actions in wide and complex environments with different degrees of 

freedom. The independent mobile robot has been located in a large 

number of applications comprising the industry, rescuing, agriculture, 

space, mining and military. Intelligence capabilities of these mobile 

robots can be considered as the key factor for their successful 

navigations. one of the most important intelligent features among these 

abilities is the path planning process for these robots. Based on these 

facts, the path planning problem is one of the most important and 

researched topics[1].  

          The robot path planning purpose is to find a mobile robot 

path that can be safe. On the other hand, this path is required to be 

optimal. Therefore, proposing a navigation approach characterized by 

efficiency for robots is one of the critical issues in autonomous robotics 

[2]. In other words, planning of path or the path finding is increasingly 

required after the wide proliferating of the mobile robots in the different 

fields so that, these potentials, significantly in the field of autonomous 

control have become an area of focus [3].  

A geometric path is generated by a path planning algorithm to the 

final point, from an initial point, passing through viapoints that are 

predefined, either in the space that is joined to the space that the robot 

operates in it or in the robot operating space. Therefore, insuring safe 

and effective navigation from point to point, an appropriate algorithm 

for path planning needs to be chosen, and the algorithm that is used to 
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obtain the optimal path relies on the geometry of the robot in additional 

to the constraints computing [4].  

Navigation of high-speed is preferred for robots to increase the 

efficiency of the provided services. Several limitations should be taken 

into account in order to achieve the high-speed navigation of the robot, 

which can be summarized as follows: 

1) limitations of dynamic and mechanical; 

2) limitations of control and computational; 

3) environment unexpected dynamic change. 

Wheel slippage or rollover in the case of a sharp cornering or an 

emergency stop made by the robot is indicated by the first limitation. 

The speed of robot navigation is limited by speed of processing, cost of 

computations, and control response. In contrast,  the assumption that 

there may be dynamic obstacles in the occluded areas is indicated by the 

third limitation. Therefore, this research will develop two approaches, 

first is to plan the robot path from the start state down to its ending 

destination[5].   

1.2  Path planning 

The Robot path planning goal is to determine the safe path of the 

robot within a given environment, which is optimal or semi-optimal. 

Describing the problem of the robot path planning can be summarized in 

[6][7]:determined a robot and its work space, searching to find the 

optimal or suboptimal path by the mobile robots from the start point to 

the goal state based on the specific criterion of performance. Since the 

mobile robot path planning has important application value. Also, it has 
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become a hot research topic both at abroad and home.  Algorithms of 

path planning are used by mobile robots, vehicles, unmanned aerial and 

autonomous cars to determine the safe, efficient, collision-free, and 

least-cost travel paths from an start point to a goal point [8]. On the other 

words, one of the most crucial research problems is the path planning in 

the robotic. Therefore, by proposing path planning, many problems in 

different fields are solved. To select suitable sequence of action, a 

simple path planning has been applied to guide the robot to reach a 

specific goal. The path planning process cannot be applied in advance in 

all cases since if the robot environment is global, its information is not 

always available a priori[6]. 

Also, what should be noted, a suitable path is created as a 

sequence of action to reach the goal state starting from the start state 

through many intermediate states. In the algorithms of path planning, 

every decision is selected based on the available information that were 

stored in the current state after that by using criteria such as the shortest 

distance measures to the goal state using Euclidean distance 

computation. From the start point to the goal point there may be many 

paths in the search space. On the other side, the target can’t be reached 

since there is no possible path. In many other cases, in optimization 

terms, the optimal path must be the shortest distance that lies in the free 

space and reach the goal point during shortest period of time[7]. 

 

1.3  Mobile robot navigation problems 

Three types of a robot can be seen in the study of robot 

navigation; system of single robot, system of multi-robots, and swarm 

robots. In general, Multi-robot and swarm robots are different  through 
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the form and task of the specific system. A small number of a robot is 

used to represent the multi-robot. Each one of them has differents shapes 

and functions from the others. All these robots work together to achieve 

the same goal[9].  

While, a substantial amount of simple robots that are similar in 

shape and tasks use to represent the swarm robots system, which works 

together to achieve their functions by using a local communication and 

coordination . In this state, in all mobile robots, a system of navigation is 

built to allow them for exploiting its abilities in sensing, processing, and 

actuating abilities to decide control. Anyways, in order to identify the 

case of robots that are moving together in an unknown surrounding 

environment to find the goal, the obstacles are created to be static and 

dynamic in both multi-robot and swarm robots systems. This also 

indicates that the robot can be a dynamic obstacle[9].  

Therefore, if the  implementing any of the previous robot systems 

occurs, it must have the ability to move in its real-time path with all the 

difficulties arising from the surrounding environment in order to reach 

the specified goal. However,  many considerations connected to many 

issues related to implementation, uncertainties, imprecision, and 

incomplete information in unorganized surrounding of the real world[9].  

one of the critical tasks in the navigation is the perception and 

cognition used to collect knowledge about the robot environment , and 

how the control commands are executed that are achieved through many 

sensors and actuators. Depending on the sensors process's perception 

and actuators’ control process, a mobile robot navigation can be divided 

into four types: navigation based on map, navigation based on behavior, 
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navigation based on learning, and navigation based on communication. 

Figure (1.1) illustrates all the navigational tasks, behaviors, and the robot 

types used in the navigation system [9]. 

 

Figure (1.1): Navigation system based on perception-actuation 

1.4  Related work  

To give recommendations in various applications there are several 

publication designed such as the following researches: 

1. Amalia et al. in [10] presents a methodology to avoid obstacle. This 

work is considered as an extension for another previous method in 

which the obstacle motion was be predicted as well as how this 
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prediction can be used during plan the robot trajectory down to the 

goal. This extension is rendered by deciding if a robot must change its 

velocity for avoiding an obstacle effectively. There are three different 

velocities: slow, normal and fast, the robot can select one of them to 

move. Controlling the robot movement is achieved by a Hierarchical 

Partially Observable Markov Decision Process (POMDP). 

2. Yoshiro et al. in [11], used an adaptive robot velocity control 

approach for robot velocity control during its movement in its 

unknown environment. In this speed control method, the robot 

velocity controlling is needed in two states, when the robot moves in 

narrow free area and When a robot enters an area the free spaces that 

lies within it has not been decided yet. The approach that is proposed 

in this paper is simple but an effective for velocity control when the 

robot selects the fastest safe velocity. The proposed approach 

improved the navigation efficiency of robot three times with the same 

safety. 

3. L. He, and S. Huang in [12], the improved glowworm swarm 

optimization (IGSO) is presented to improve the quality of finding the 

global optimal value efficiently and accurately according to the 

standard GSO algorithm. In this work a new algorithm is proposed to 

update the step size. Moreover, it extends the sensor range to the 

whole search space. Also, it introduces the random movement of the 

brightest glowworms of the firefly algorithm. Later, the IGSO will use 

different objective functions for the multilevel color image 

thresholding problem. 

4. K. Gochev in [13], the framework of planning with AD is used to 

make an effective use of the state abstraction and the reduction of 
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dimensionality in order to reduce the size and complexity of the state-

space. A hybrid state-space consisting of both the abstracted and the 

non-abstracted states is frequently constructed and searched by   a 

hybrid state-space. At first, only the abstracted states are in the state 

space and then the regions of the non-abstracted states are selectively 

introduced into the state-space to keep the resulting path feasibility 

and the algorithm, theoretically, guarantees the completeness and 

bounds on solution cost sub-optimality.  

5. A. Hadi in [14], based on a Max-Min Ant Colony optimization(ACO) 

algorithm improved version proposed an approach to identify an 

optimal local path in the robot’s dynamic environment. In this 

proposed method, to build class nodes that include the space 

environment information, the grid method in order to decompose 

two-dimensional space is required to be used.  

In Max-Min ACO algorithm, the desired development occurs 

in the mixing pheromone trail updating phase with the strategies of 

D* algorithm in order to create the consequence modified (deposited) 

pheromone trail update at each iteration. Therefore, the robot 

environment will be analyzed starting from the goal point(food)until 

the start point(nest)to determine the cost (pheromone deposition) for 

all the nodes. Then, the tour construction probabilities that are 

obtained will be used by the mobile robot to select the best solution 

in order to navigate starting with specific point called start state to 

reach the ending point (goal) through its dynamic environment and 

avoiding all the types of obstacles[14].   
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6. A. T. Sadiq in [15], the hybrid D* algorithm with Lbest PSO was 

used to find the optimal path of the robot between initial and goal 

states. This approach offers two improvements. In the first 

improvement, the D* algorithm is used to compute the cost for each 

node by analyzing the robot environment starting with goal node 

reaching to the start point of the robot path. While the Lbest PSO 

algorithm role is moving the robot starting from specific point (start 

state) until the goal through its environment, path re-planned process 

must be achieved when the gate raise state appears because the robot 

unable to pass this node during it's trying to determine the optimal 

path.  

The second improvement of this approach offers a solution method 

for processing the gate raise state by discovering it in the analysis 

stage, closing this node, making it an obstacle node, and make it as a 

high cost value state. This process is unlike the re-planning step 

required with the D* algorithm.  

                                                                                                                                   

7. Girija [16] produced a new hybrid algorithm using particle swarm 

optimization(PSO) with Artificial potential field(APF) in order to fast 

path planning in the robot environment that has huge number of 

obstacles. The proposed approach is designed for improving the 

velocity of finding robot path with path cost that is feasible and 

minimal cost in an obstacle-rich environments by combining an PSO 

and APF. The proposed hybrid approach creates the path points to be 

followed based on a PSO and APF combination and this path is 

found In robot environments of different density in terms of the 

number of obstacles. The efficient of a new hybridization is gaged by 
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comparing it with the basic PSO. The results prove that the new 

hybrid approach has the ability to reach the lowest possible cost of 

the route in much less time compare with the original PSO. On the 

other side, the obtained results illustrated hybrid approach even the 

robot move in the dynamic environment. 

 

1.5 Problem statement 

 The movement of mobile robots from a specific point to a desired 

target is a challenge to complete the tasks assigned in this 

dissertation. The challenges and the problems in this dissertation 

are identified as follows: 

 The first challenge is how to find the path of the robot from the 

starting point to the target point within its dynamic environment. 

Robot design needs to trade cost and speed in order to get 

reasonable price and speed regardless of the type of robot. On the 

other hand, one of the most important obstacles in the robot path 

planning process is the identification of factors and dimensions and 

their adaptation within each area of the robot’s environment to 

ensure a safe and rapid movement to the robot from the starting 

state to the target state. 

 The second issue is how to adaptive the robot velocity to make it 

move at the highest possible safe velocity; within its environment 

that surrounds its path taking into consideration all the factors that 

can limit its velocity specifically, angle's value at each path's node 
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and the number of obstacles that are surrounding this node towards 

the robot motion 

 The last challenge is how to determine an appropriate data 

structure to perform all the operations in the previous two points. 

This helps to reduce the required storage space, and the occupation 

time needed to accomplish these tasks. 

1.6 Research contributions 

This research has three main contributions, the following points 

illustrate them. 

1. This study develops a hybrid method for path planning based on 

Adaptive Dimensionality with glowworm optimization algorithm. 

2. The research study develop an efficient method to adapt the velocity 

of a robot on its obtained path based on the number of obstacles 

surrounding each path node in the closest two levels and the angle 

value at it 

3. This study, also develop a method of data structure to the state space 

and the values of dimensions for each represented unit in the space. 

1.7  Structure of Dissertation 

The first chapter, give the introduction, problem statement, 

motivation, contribution, related work, and structure of the dissertation. 

The rest of this dissertation is: 

- Chapter Two: This chapter provides the introduction of robot path 

planning, a thorough overview of robot environment modeling with 

Robot path planning. Also, this chapter presents Path Planning 
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Categories. On the other hand, this chapter illustrates different types of 

Robot path planning algorithms. Also, this chapter addressed the concept 

of adaptive dimensionality in one of its parts and presents number of 

algorithms that based on this concept to plan the mobile robot path. 

Finally, the last part of this chapter focus on Mobile robot velocity 

controlling and adaptation it to suit the robot environment nature. 

- Chapter Three: focuses on the proposed approaches design in details 

and the methods that are used. 

- Chapter Four: represents the simulation and results of the proposed 

approaches which are discussed in details. 

 - Chapter Five: discusses the conclusions and the suggested future 

works. 
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Chapter Two 

THEORETICAL FOUNDATION
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2.1 Introduction 

There are many types of automated environments in which mobile 

robots can work. Fully autonomous robots have attracted a lot of 

attention in recent decades and have developed remarkably, especially 

with regard to industrial robots and service robots in public places. The 

problem of robot path planning within its environment can be described 

as the mobile robot searches to find the optimal or suboptimal path from 

the start point into goal point relying on a specific performance criterion. 

 On the other hand, good technologies of path planning for the 

robot are used to save more of time but as well as can be used to reduce 

the wear and capital investment of the robot. Mobile robot path planning 

has important value of application therefore; it has become a hot 

research topic [15]. Controlling the velocity of the robot movement 

during its motion from a specific point to the final destination to perform 

its tasks optimizes it and makes its movement smoother in proportion to 

the nature of its environment [16]. 

2.2 Robot Environment Modeling 

Models of environment are the key matter to independent 

decisions for mobile robot, and as well as the cooperation among set of 

robot that operates in the same environment. Such decisions that an 

autonomous robot or a team of robot can make relate to movements, 

perceptions, and communications. Thus, different kinds of environment 

models should be found [17].  
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In the Framework Space Approach, the robot is usually represented as a 

dot to simplify the problem, and the obstacles in its neighborhood are 

scaled. These two steps allow the mobile robot more freedom to move in 

the space of obstacles without collision both the obstacles and its 

environment boundary. This type of environment modeling approach 

involves a visibility graph, Voronoi graph and tangent graph [15].  

While, the Free Space Approach is used to create free space within the 

robot environment and between the obstacles in terms of the free convex 

area based on the principle of free link. This  graph is called MAKLINK 

which is created to produce generation of a conflict-free path.  Using a 

set of midpoints of common free links among convex region as the 

passing points. The nodes are represented by these points, while the arcs 

are represented by the connection among the points in every convex 

region[18][20]. 

However, The main idea of other method which is called Topological 

Method to reduce the dimensions and transfer the problem of path 

planning  to the discriminant problem of connectivity in low dimension 

from the high dimensional geometry space. After establishing the 

topology network, the mobile robot planning path is obtained from the 

initial state the target. This approach only needs less time for the model 

building and also less storage space comparing with the cell 

decomposition approach. While the topological method focused on the 

number of obstacles[19]. 

The last method to environment modeling is called approach 

decomposes. In this environment modeling  the mobile robot workspace 
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into regions, after that every one of these regions is generally named as a 

cell. a connected graph is formed from these grids and a path is searched 

from the start grid to the goal grid. Then, By the cells' ordinal number, 

the path is represented. Also, The two types of the cell decomposition 

approach are represented by the approximate cell decomposition and 

exact cell decomposition. In the exact cell decomposition, the space 

without an obstacle is decomposed into n of non-overlapping units. Then 

the space that generated by connecting these n units should be similar to 

the original free space.  While, in the type of approximate cell 

decomposition, all of the grids are in a predetermined shape such as 

rectangular shape. Into a number of larger rectangles, the whole of robot 

environment is decomposed, every one of these rectangles is continuous. 

If there is any obstacle or boundary in the big rectangle, this rectangle 

should be divided into 4 small rectangular, with all the larger grid, this 

operation should be executed and there is need to repeat it until it arrives 

the boundaries of solution. This type of environment model is used to 

present the work space of robot in the tow proposed approaches of this 

dissertation[15][21]. 

2.3 Robot path planning 

Path planning has attracted attention since the 1970s, path planning has 

attracted attention, and in the following years it has begun to be used in 

solving problems across various fields, from simple spatial path 

planning to determining the suitable sequence of actions that is needed 

to reach specific target. In both of entirely known environments or 

partially known in addition to 22 fully unknown environment in which 
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the information collects from system-mounted sensors and update 

environmental maps inform the robot by the desired movements[22]. 

[23].  

              One of the most important topic of research in robot mobile 

field is robot path planning. It can be summarized by how to determine 

the optimal path or suboptimal path for mobile robot from initial point in 

to goal without collision while satisfying certain optimization criteria. 

Finding the robot path of collision free through obstacles cluttered in a 

workspace is vital to design an autonomous path planning of robot.. On 

the other side, Before the mobile robot tries to move in its environment 

to accomplish its tasks, one of the key problems that is required to be 

resolved is path planning [6].  

             The path planning problem can be described in several steps 

which as follows: determine a robot type and its attributes with the 

environment that works on it, the robot searches to determine an optimal 

or suboptimal path from the specific point to the goal depending on a 

specific performance criterion[24]. 

2.3.1 Path Planning Categories 

In this section,  a classification of the different problems 

associated to mobile robot’s path planning is given. there are three 

classes based on the knowledge of robot’s that it has about the 

environment, the nature of environment, and the approach used to solve 

the problem as depicted in Figure (2.5) [25]. 
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Figure (2-5) Path planning categories 

 

 

 

 

Figure (2.5) Path planning categories [25] 

A. Environment Nature: In both static and dynamic environments, the 

problem of path planning is need to be done. The information of static 

environment is still fixed , where the locations of both start state and 

goal state are fixed, and over the time the obstacles don't change their 

positions. during due to the environment uncertainty[26].  

Therefore, the path planning algorithm should have ability  to be 

adapted with the suddenly and unexpected changes in the robot 

environment such as appears a new moving obstacle or when the goal is 

changed its position continuously. in this case, robot path planning 

process becomes more critical and there is need to effectively react in 

real time to movements of both goal and obstacle[27]. 

The environment that the robot works in it in the two 

improvement approaches of this dissertation will be as dynamic one.  

 

B. Map knowledge: The process of robot path planning mainly depends 

on existing environment map which is as a reference to determine the 
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positions of both start, goal and the points between them that use to form 

the robot path. The path planning algorithm designing process depend on 

the amount of knowledge that is represented on the map which plays the 

critical role in this process. Thus, path planning can be splited to two 

categories The robot has an priori information about the map of 

environment in the first class and this class of path planning is called as 

global path planning or deliberative path planning. While, the path 

planning in the second category depend on the fact that the mobile robot 

does not have priori knowledge about the environment that will work in 

it (i.e., uncertain environment). Accordingly, there is need to create an 

environment's estimated map based on sensing the locations of the 

obstacles in real time during the process of search for avoiding obstacles 

and acquiring an appropriate path toward the destination point. This path 

planning type is called local path planning or reactive navigation[25]. 

C. Completeness: The algorithms of path planning can be categorized 

into two classes; exact or heuristic depending on its completeness.  An 

exact algorithm search to determine  an optimal robot path if there is one 

exist or prove no one is exist. While, the heuristic one searches to find 

solution with good quality in short period of time. on the other hand, 

based on the number of robots that work in the same environment to 

achieve the same task, the path planning can be classified into three 

classes; single-robot, multi-robot, and swarm robot[25]. Glowworm 

swarm optimization algorithm that is used to move the robot on its 

environment work is one of the met-heuristic algorithms. 
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D. Number of Robots: In several robot applications, in the same 

environment, multiple robots work together. Thus, this type of problem 

is called multi-robot path planning. There are three types of robots that 

can be seen in their working environments. A small number of a robot is 

used to represent the multi-robot. Each one of them has differents shapes 

and functions from the others. All these robots work together to achieve 

the same goal. While, in swarm robots a huge amount of simple robots 

that are similar in shape and tasks are used to represent this  system, 

which works together to achieve their functions by using a local 

communication and coordination . In this state, in all mobile robots, a 

system of navigation is built to allow them for exploiting its abilities in 

sensing, processing, and actuating abilities to decide control. Anyways, 

in order to identify the case of robots that are moving together in an 

unknown surrounding environment to find the goal, the obstacles are 

created to be static and dynamic in both multi-robot and swarm robots 

systems. This also indicates that the robot can be a dynamic obstacle. 

Also, there is single robot system in which only one robot moves from 

start state into goal state to find the optimal or suboptimal path[28]. 

2.4 Robot path planning algorithms 

A robotic system Navigation includes different techniques and tools to 

gather information. In particular, one of the planning algorithms which 

are likely to be used to assists in initializing the robot location and 

identifying the next move. Navigation in the robot world incorporates 

detection and avoidance the object. In general, algorithms of path search 

to plan the path can be classified in to three classes: heuristic approaches 
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and artificial intelligence algorithms and hybrid approaches. The 

following parts will illustrate that. Figure (2.6) shows these path 

planning techniques categories[29]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.6 Path planning techniques categories 

 

2.4.1 Heuristic Technique 

Depending on the heuriskein which is a Greek verb that means (to 

find) The heuristic was derived which is considered faster than 

mathematical optimization (branch & bound, simplex, etc.). solving 

problems in a faster and more efficient method compared with classical 

ways by sacrificing optimality, accuracy or completeness for the sake of 

speed is consider as one of the key reasons that strongly pushed to 
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design the heuristic algorithm. It is often times used to solve decision 

problems’ class called NP-complete problems. However, a solution can 

be verified when given but there is no known effective method to find a 

solution quickly in this type of problem.  

The need for heuristic algorithms arises when exact solutions are 

necessarily computationally expensive and there is a possibility to 

suffice with the approximate solutions. Many heuristic algorithms such 

as Dijkstra, A* algorithm, and D* algorithm. Only D* algorithm is 

presented from this path planning category[30]. 

A- D* Algorithm 

The D* algorithm was presented to generate an optimal traverse 

within the real-time through a graph with hanging or updated arc costs. 

Based on the fact that the most corrections of arc cost occur nearest to 

the robot, so that D* algorithm D* took this advantage and It only needs 

to be redesigned the path portion that lies between the corrections and 

robot’s current location. D* sets conditions for determining when a 

repair can be stopped, either because a new path was found or because 

the old path is still optimal.  

One of the common algorithms that can be used to solve problems 

of mobile robot motion planning is D* algorithm. On the other hand, D* 

algorithm can be effectively use to solve problems that are related with 

optimization of path cost where the parameters of path cost during the 

traverse of the solution. There is number of path planning algorithms 

which are improved versions of the D* algorithm such as Focused 

D*[8], and D* Lite[31]. 
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B- A* algorithm 

A star(A*) is considered as one of the search method that use a 

function of heuristic (h(n)), where n is a node n. For each node n is 

associated an approximation h(h) of path cost from node until the target 

point, while h ∗ (n) represents the real distance (cost) starting from n 

node until the target state. A heuristic h is fixed if and only if: (if n is the 

goal node) where h(n) = 0, and (2) for all nodes and their successors     

n(0), the estimated cost of moving to the goal node from node n is not 

greater than the cost of moving to node n(0) from node n plus the 

estimated cost of moving to the goal node from node n(0) as can be 

shown in Equation (2.1).  

h(n) <= c(n, n’ ) + h(n’ ) ………..(2.1) [15] 

A heuristic h is acceptable when h(n) underestimates h ∗ (n), that 

is, it respects Equation (2.2), in order to be used the heuristic may be the 

straight line distance, or the Euclidean distance. 

h(n) <= h ∗ (n)………………….(2.2)[15] 

Also, in this method, there are another functions to achieve its sub 

tasks. Function f(n) to determine the cost of the path from the start node 

to node n is g(n). While, f(n) denotes the estimated cost of the path 

passing through n to reach the goal node. The sum of g(n) with h(n) is 

used to define the f(n) as in Equation (2.3)[32] 

f(n) = g(n) + h(n) ………….(2.3)[32]. 

2.4.2 Artificial Intelligence Technique 

One of the most important contents for artificial intelligence and 

robotics is the problem of mobile robot path planning. Its task is to make 



 

24 

 

the robot move independently from the starting state to the target state 

within its working environment, taking into account some movement 

restrictions. In the following parts, some artificial intelligence 

approaches which are used for robot path planning will be illustrated 

[19]. 

 

B. Swarm Optimization Algorithms 

Swarm intelligence(SI) can be considered as a subset of artificial 

intelligence(AI).  It was coined for first time in 1989 by Gerardo Beni 

and Jing Wang for the development of cellular robotic systems. The 

increasing popularity of swarm intelligence algorithms is due to several 

reasons. One of the main reasons is the versatility and flexibility that this 

type of algorithms provides to solve variety of problems[33].  

Also, one of the main features that distinguished this type of 

algorithms is its ability to adapt with the external differences, and its 

ability to self-learning gave it the possibility of application in different 

areas of application. It is worth noting, that one of the problems that 

swarm intelligence algorithms contributed to effectively finding 

solutions to it is the mobile robot path planning problems, as will be 

discussed later. In the following parts number of swarm intelligent 

algorithms will be illustrated[34]. 

 

1. Ant Colony Optimization 

Based on the foraging behavior of real ants for finding the source 

of food and transporting it to its nest, an optimization algorithm which 

called Ant Colony Optimization (ACO) was inspired. On implementing 
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a homogeneous approach in which all ants depict similar 'behavioral 

traits' , most of research in ACO was focused. After the real ants succeed 

in reaching the food source and then return to their nest, during which 

they lay pheromones on the ground[35].  

Based on this chemical pheromone that was placed on the ground, 

other ants are induced to reach the target place, and this mechanism is 

considered an indirect means of communication. Since the intensity of 

the pheromone is inversely proportional to the length of the path that the 

ant travels between the nest and the food source that it found therefore, 

the concentration of pheromone for the short path will be higher 

compared to the longer path. Based on this method, ant colony can 

identify a short path from the nest to the food source, and they can 

transport resources effectively. The transition probability in the ant 

colony algorithm can be calculated by using the following equation[36]: 

 

 

Where     
 

  
represent the transition probability in which ant k will 

traverse from node i to node j, (      )
 

 represents the intensity of the 

pheromone trail between nodes i and j with a corresponding weight 

value ofα, (      )
 

 represents the heuristic information between nodes i 

and j with corresponding weight value of β .        =1/       where        

represents the distance between nodes i and j. While Pheromone 

evaporation is implemented by the following equation: 

                                       

…………….(2.4) 
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Where 0 < ρ ≤1 represents the pheromone evaporation rate. To avoid 

unlimited accumulation of the pheromone trails and it enables the 

algorithm to “forget” bad decision previously taken, the parameter ρ is 

used . The pheromone value can be updated by using the following 

equation: 

              ∑     
 

  
  

 

   

                   

Where      
 

  
 represents the pheromone amount of ant k deposits on the 

paths it has visited? It is defined as follows: 

       

      
 

  
=                                                     ……………..(2.7) 

Where    , the length of the tour    build by the     ant is computed 

as the sum of the lengths of the paths belonging to   . 

 

2. Particle Swarm Optimization algorithm(PSO)  

 

PSO is one of nature inspired algorithms, since its behavior is 

based on the social behavior of the flock of birds. It is a technique of an 

evolutionary computation designed by Kennedy and Eberhart. Firstly, it 

is started with the population that includes random solution. Secondly, 

the algorithm searches to find the optimum solution via updating 

generations. Thirdly, depending on the old generations reproduction will 
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be achieved. Through the search space, a swarm of individuals called 

particles is flying in a PSO system[37].  

A population of particles is maintained by the algorithm, where a 

potential solution to an optimization problem are represented by this 

population of particles. Also, by the best position visited by itself (i.e. its 

own experience) and the best particle position in the its neighborhood 

(the neighboring particles experience), the current particle position is 

influenced[38].  

Also, when the neighborhood of a particle is the entire swarm, the 

best position in the neighborhood is referred to as the global best 

particle, and the resulting algorithm is referred to as a gbest PSO. When 

smaller neighborhoods are used, the algorithm is generally referred to as 

a lbest PSO. The basic PSO algorithm is illustrated in Algorithm (2.1). 

It should be noted that the PSO algorithm was used in effective ways to 

find the solutions to the path planning problems of the mobile robot. In 

the next part, three of these algorithms will be illustrated[39]. 

 X. Li  et. al in [40], produced an Adaptive PSO (APSO) 

algorithm to find a solution for the problem of path planning of robot. 

This new algorithm is smarter compared with the conventional PSO.  

The objective function in this algorithm take into account the distance 

between the robot to the goal and obstacle respectively. While, Dewanga 

and et. al [41], produced an improved PSO (IPSO) with better optimal 

results which led to less the number of iteration steps comparing with 

other algorithms. IPSO algorithm reduced the iteration steps to find the 

optimal path about 20 iteration steps which led to a reduction in both of 

the length of  the path and simulation time.  
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  Algorithm PSO() 

  Initialize the algorithm parameters(c1, c2, W, Swarm_Size, Max_Iter). 

  for all i   [1, Swarm_Size] do 

       randomize xi (1), vi (1)  

let yi (1)= xi (1) 

let y’i (1)= xi (1) 

  end for 

  for all t   [1,Max_Iter] do 

compute yi (t) using equation (3.1) 

if (f (yi (t)< min( f ( y’i (t-1), f ( f (yi (t))) 

then gbest=I and ( y’i (t) = yi (t) 

  end for 

  if the termination criterion( i.e Max_Iter)is met, then stop 

  for all i   [1,Swarm_Size] do 

       for j   [1,N] do 

            compute vi (t) using equation (3.3) 

if (vi, j(t+1)>vmax) then clamp it to vi, j(t+1) = vmax 

            compute xi, j(t+1) using equation (3.4) 

end for 

end for 

  end  

 

Algorithm (2.1) Basic PSO algorithm[39] 
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After conducting many different simulation experiments, which 

demonstrated the ability of the APSO algorithm to avoid obstacles and 

reach the goal in a short time, compared to the conventional PSO 

algorithm. M. Shahab and et. [42], proposed an algorithm for path 

planning based on PSO algorithm to find the shortest path that is 

collision-free in static environment. The optimal path is found using the 

proposed algorithm by performing random sampling on grid lines 

generated between the robot start state and goal state. 

3. Glowworm Swarm Optimization(GSO) 

The Glowworm Swarm Optimization (GSO)is one of the modern 

and original swarm intelligence algorithm which is designed for 

optimization by Krishnanand and Ghose in 2005 which simulate the 

glowworms flashing behavior in GSO algorithm, each glowworm is 

deemed as a feasible solution of target problem in space. Also, every 

glowworm has amount of luminescence named luciferin, which is 

identified using the glowworm’s current location function value. Along 

the movement path, the glowworm selects its neighbors depend on area 

of local-decision then it moves to the neighbor that has higher luciferin 

value than its own based on a probabilistic mechanism [43] [44]. 

 Originally, algorithm of GSO was considered as algorithm for 

problems of optimization that applied directly to the tasks of collective 

robotic. The GSO algorithm has many characteristics in common with 

both the    ِ Ant Colony Optimization (ACO) algorithm and the Particle 

Swarm Optimization (PSO) algorithm but with some clear differences  

[45]. 
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Algorithm (2.2) Basic GSO algorithm[46] 
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 The Standard GSO Algorithm 

GSO algorithm consists of four stages [44]: 

i. Phase of glowworms distribute: In this phase, way based on 

randomly distributed may be used to distribute a collection of n 

glowworms in a search space at different locations. Now, an equal 

quantity luciferin value is given for all glowworms. 

ii. Luciferin-update phase: Both of the value of an objective function 

and the previous luciferin level are used for the luciferin updating 

process. The luciferin update rule is: 

li(t+1)=(1-p)li(t)+ 𝛾Fitness(xi(t+1))  …………  (2.8) 

Where l (t)i point to the value of luciferin for glowworm i at t 

represent the number of iteration; γ and ρ are the enhancement constant 

and the luciferin decay, Fitness(xi(t+l)) denotes to the objective function 

value at the glowworm i’s location. 

iii. Phase of glowworms movement: in the midst of the movement phase, 

by using a probabilistic mechanism every glowworm should be 

decided to move toward one of its neighbors that is the owner of 

luminosity than its own neighbors. For each glowworm, i the 

probability of moving toward a neighbor j is given by 

𝑃   (𝑡) = 
            

 ∑                    
  ……………………..  (2.9) 

𝑁  (𝑡) = {j: (𝑡) <   
 (𝑡) ; 𝑙 (𝑡) < 𝑙 (𝑡)}……………(2.10) 

where, rij (t) point to the Euclidean distance between the 

glowworms i and j at time t, and ri (t)d represents the variable 
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neighborhood range related with glowworm i at     iteration. Then, the 

glowworm movements model can be stated as: 

   (t + 1) =    (t) + s ×  
                 

                  
    …………...............(2.11) 

iv. Neighborhood range update phase: every glowworm starts with an 

initial neighborhood domain. After that at each GSO algorithm 

iterations the glowworm’s neighborhood domain is updated by using 

specific rule. 

  
    (𝑡 + 1)= min{ s ,max {0,   

 (𝑡)+𝛽(𝑛𝑡 − |𝑁  (𝑡)|)}}……….(2.12) 

where, β is a constant, 𝑛𝑡 is a parameter to control the neighborhoods’ 

number ,  s point to  the sensory radius of the glowworm, 𝑁  (𝑡)point to 

the set of neighborhoods. The basic GSO algorithm is illustrated in 

Algorithm (2.2)[46]. 

2.4.3 Hybrid Technique 

To solve problems in various fields, recently,  many meta-

heuristic algorithms have been proposed to find the global optimum 

value of a given problem. Therefore, Various operators to achieve 

exploration and exploitation attributes these algorithms must have them. 

Thus, their performances based on the control parameters selection and 

adjustment. Success in solving many real-world optimization problems 

critically depends on choosing the appropriate optimization algorithm 

with well-control parameters [47–49].  

Generally, a better performance may result from the algorithm to 

solve particular problem, while when applicating same algorithm to find 

the solution for other problems, it may produce must worse 

performance. To avoid these difficulties number of approaches that 
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based on the several techniques' combination were proposed which are 

called hybrid approaches. These models are very effective in 

optimization [50–52].  

In the other words, an algorithm that combines more than one algorithm 

that solve the same problem is called hybrid algorithm. Generally, this 

process is performed to combine the desired individual features of both 

in order to obtain an algorithm that is much better than the individual 

ones. The following parts illustrate the many approaches proposed in 

literature often depend on some techniques' combination[53]. 

1. The hybrid D* algorithm with Lbest PSO 

The hybrid D* algorithm with Lbest PSO was used by Sadiq in 

[61] to find the optimal path of the robot from the start point to another 

point called the goal. This approach offers two improvements. In the 

first improvement, the D* algorithm is used to compute the cost for 

each node by analysing the environment from the target node reaching 

the initial point. While, to move the robot from the start point until the 

goal point through its environment, the Lbest PSO algorithm is being 

used[54].  

Path re-planned process must be achieved when appearing the 

gate raises state because the robot is unable to pass this node while its 

trying to find the optimal path. while the second improvement of this 

approach offers a solution method for processing the gate raise state by 

discovering it in the analysis stage, closing this node, making it an 

obstacle node, and a high value for the cost is given to it; unlike the re-

planning step required with the D* algorithm.   
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2.  Hybrid an improved D* with lbest PSO algorithm 

In the hybrid an improved D* algorithm with lbest PSO 

algorithm, an improvement has been achieved by increasing the original 

8 directions connections in the D* algorithm to 16 directions for 

exploring the neighborhood grid cells. Thus, the robot smallest gain 

angle decreases to π/8. Consequently, the cost of the path will be 

reduced [55]. 

 

3. An Adaptive PSO for Unconstrained Optimization.  

 

Algorithm of adaptive particle swarm optimization for 

optimization that unconstrained, which it has ability to find with an 

expected quality, the different locations and defend its exploration-

exploitation based on location of individual. The adapting learning is 

implemented by this algorithm where, the particles are pushed to achieve 

a natural conditioning behavior on an unconditioned motive. In the other 

hand, in problem space for this algorithm, into many categories the 

particles are divided therefore each particle wants for moving ahead to 

its best personal experience if it lies within category With a low 

diversity. while, if the particle lies in the category with high diversity, it 

will tend to move toward the category's global optimum. The birds’ 

sensitivity idea to flying space of them is also used for increasing their 

speed in undesired spaces to escape from them as soon as possible[56]. 

4. A multilevel threshold image segmentation algorithm based on 

GSO 

In the Glowworm Swarm Optimization Algorithm for Multi-

Threshold Image Segmentation, the performance of standard GSO was 
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enhanced improve the thresholding accuracy   and the resultant 

robustness. This algorithm achieved these improvements by making 

adjustments on the local radius of the decision, the method of selection, 

and the step size. Also, the proposed algorithm illustrates an improved 

results, specially in terms of the larger numbers of thresholds compared 

with their counterparts in the   standard GSO algorithm[57] 

5.  Fast Hybrid PSO-APF Algorithm for Path Planning in Obstacle 

Rich Environment. 

Girija [16] produced a new hybrid algorithm using particle swarm 

optimization(PSO) with Artificial potential field(APF) in order to fast 

path planning in the robot environment that has a huge number of 

obstacles. The proposed approach improves  the velocity of finding 

robot path with a feasible and minimum cost in an obstacle-rich 

environment by combining an PSO and APF.   

The proposed hybrid approach creates the path points to be 

followed based on a PSO and APF combination, and this path is found 

in a robot environment with different obstacle densities. The efficiency 

of a new hybridization is gaged by comparing it with the basic PSO. The 

results prove that the new hybrid approach has the ability to reach the 

lowest possible cost of the route is much less time compared with the 

original PSO. On the other side, the obtained results illustrated hybrid 

approach even if the robot moves in a dynamic environment[16]. 
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2.5 Planning with Adaptive Dimensionality(AD) 

The adaptive dimensionality principle has been used recently with 

robot path planning algorithms to accelerate the planning process to find 

the optimal path in the search space. Therefore, variety of the algorithm 

overcomes the global planning in the state space of high-dimensional. 

The planning providing process in every algorithm is divided into 

process of two layers an input to a high-dimensional local planner, while 

a global planner deals with a low-dimensional state-space which avoided 

barriers locally so that they are fast and effective[58].  

Nevertheless, these approaches may lead to paths that are highly 

suboptimal or unexecuted because of contradiction in the assumptions 

made by the global and local planners. In this paper, approach of path 

planning provides a method that calculate the values of an accurate 

heuristic that can be used later for steering the planning with high-

dimensional by solving problem with low-dimensional which guarantee 

a feasible solution with respect to model of the high dimensional motion 

with making very fast progress in areas that appearing only low-

dimensional structure. The AD approach has been extended by 

introducing an incremental planning algorithm in order to get faster 

planning times [59–60]. 

2.5.1 Planning with AD Publicly Accessible Penn Dissertations. 

The framework for Planning with Adaptive Dimensionality is 

used by Gochev [15] for making an effective use of the state abstraction 

and the reduction of dimensionality in order to reduce the size and 

complexity of the state-space. A hybrid state-space consisting of both 

the abstract and the non-abstract states is frequently constructed and 
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searched by   a hybrid state-space consisting of both the abstract and the 

non-abstract states.  

At first, only the abstract states are in the state space and then the 

regions of the non-abstract states are selectively introduced into the 

state-space to keep resulting path feasibility and the algorithm strong 

theoretical guarantees completeness and bounds on solution cost sub-

optimality[15]. 

2.5.2 AD algorithm-based PCE for models with many model 

parameters 

Y. Li and et al. in [62] presented an algorithm of adaptive 

dimension which based on PCE technique. Then the feasibility of the 

proposed approach will verify via the use solid rocket motor ignition 

under influence low temperature. the key approaches of this work can be 

summarized as follows: presenting dimension-adaptive algorithm 

includes two steps; through the PCE parameters computing using the 

algorithm of dimension-adaptive, Then the obtained PCE alternate 

model its accuracy is improved, and the proposed method to uncertainty  

quantification (UQ) be applied for solid rocket motor ignition 

under low temperature for gaging the proposed method feasibility. 

 

2.5.3 Efficient path planning for high-DOF articulated robots with 

AD. 

Kim and et al. [63] proposed a path planning approach for high-

degree of freedom (DOF) articulated robots with adaptive high-degree of 

freedom (DOF)dimensionality. In order to plan the path in C-space 
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(configuration space) with high-dimensionality, first an adaptive body 

selection needs to be described that depends on it to select the bodies of 

robot and joints based on the path planning complexity.  

Depending on that, to achieve a task of path planning, the robot 

may use necessary DOF. The configuration space with adaptive 

dimensionality for path planners based on sampling is built by method of 

The adaptive body selection. Then, introducing the adaptive Rapidly-

Exploring Random Tree (RRT) algorithm via adaptive body 

selection[63]. 

 

2.6 Kinematic of particles   

Particle’s kinematics can be defined as the geometrical study of 

their motion. It is used to connect displacement, velocity, acceleration, 

and time without paying attention to the causative factor of motion. On 

the other hand, Kinetic is the process of studying the connection 

between body mass, the forces acting on a body, and the body motion. 

To predict the motion caused by specific forces or compute the forces 

needed to produce a certain motion, kinematics is also used [64]. 

 

2.6.1 Rectilinear Motion of particles (Position, velocity and 

acceleration). 

When a particle moves along a straight line, it is moves in a 

rectilinear motion. For example, the particle will occupy a particular 

location at any instant (t) on the straight line. The location of the particle, 

which is called the particle position coordinate is defined as the distance 

(position) x, with suitable sign[64]. 
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Now, the instantaneous velocity of any position x at time the 

following Equation(2.13) is used: 

  
  

  
                     [64] 

While, to compute the value of the instantaneous acceleration, 

Equation (2.14) is used to obtained that. 

  
  

  
                      [64] 

 For computing both particle velocity and acceleration in 

rectilinear motion with constant acceleration respectively, the following 

two equations are used, which are as follows: 

  
  

  
               𝑡  

 

 
     𝑡         [64] 

  
  

  
             𝑡                 [64] 

Where: v is the particle velocity, a is the particle acceleration, t 

represent the time, s is the travelled distance.  

 

2.6 Mobile robot velocity controlling and adaptation 

Nowadays, one of an important element in human life is robotics. 

This is due to the robot to successfully perform many keys and 

dangerous human activities [65]. Controlling the velocity of the robot 

movement during its motion from a specific point to the final destination 

to performing  a task makes its movement smoother in proportion to the 

nature of its environment [66].  

Velocity control produces smoother motion for the robot, and it 

curbs collision forces more effectively [67]. The next part presents many 

of these approaches that deal with this situation. 
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2.7.1 Predictive Control of Robot Velocity to Avoid Obstacles in 

Dynamic Environments. 

Amalia et al. in [68] presented a methodology to avoid the 

obstacle. This work is considered an extension of another previous 

method in which the obstacle motion was predicted  how this prediction 

can be used during plan the robot trajectory down to the goal. This 

extension is rendered by deciding if a robot must change                                                                                                                                                    

its velocity for avoiding an obstacle effectively.  There are three 

different velocities: slow, normal and fast, the robot can select one of 

them to move. Controlling the robot movement is achieved by a 

Hierarchical Partially Observable Markov Decision Process (POMDP). 

 

2.7.2 Adaptive Robot Speed Control by Considering Map and 

Localization Uncertainty. 

           An adaptive robot velocity control approach is used by Yoshiro 

and et al. [69], for robot velocity control during its movement in its 

unknown environment. In this speed control method, the robot velocity 

controlling is needed in two states, when the robot moves in a narrow 

free area when a robot enters an area the free spaces not been decided 

yet. The approach that is proposed in this paper is simple but effective 

for velocity control when the robot selects the fastest safe velocity. The 

proposed approach improved the navigation efficiency of the robot three 

times with the same safety. 
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2.7.3 The Advantages of Velocity Control for Reactive Robot 

Motion. 

Using velocity control as a clear choice, Andy et al. [70] provided 

an approach to reactive robot trajectory modification and online 

planning of motion. Smoother movement can be obtained by controlling 

the speed of the robot, which is more convenient to low control 

frequencies, more sturdy for signal variation's control as well as it is 

more effectively to decrease the forces of collision. Inherent safety 

regarding signal delays is the main advantage of position control.  

This approach offers mathematical, graphical and experimental 

evidence for the points. The results of experiments depicted the 

efficiency of velocity control regarding to the low-frequency control 

signals and delay of signal. A cooperative manipulation task performed 

with stiff industrial manipulators is what the experiment relied on. 

 

2.7.4 Selecting Optimum Path with Safe Speed Control by mobile 

robot considering the Blind Area of Vision Sensors. 

Tsubasa et al. [71] used a speed control for the safe moving of an 

autonomous mobile robot in an environment with blind areas. Without 

controlled speed, a robot moving in such blind areas will crush the 

obstacle when it suddenly appears in the path. In this method, depending 

on the distance between the mobile robot and the blind areas in addition 

to the obstacles the safety of robot's velocity is neatly controlled. Despite 

the increase in the execution time, an optimal path is created to reduce 

moving time costs. Confirmation of the effectiveness of the proposed 
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method is achieved by conducting experimenting using a real robot and 

computer simulation. 

 

2.7.5 A velocity control strategy for collision avoidance of 

autonomous agricultural vehicles 

Jinlin and et al. [72] proposed a method for velocity controlling to 

avoid collision by adjusting the speed of independent agricultural 

vehicles. This velocity adjustment process is based on the state of 

movement, degree of danger for the obstacle and the distance between 

the vehicles and obstacles. The strategy of this control has two steps: 

prediction of collision in a dynamic environment as well as an improved 

grid map of obstacle space–time, and collision avoidance velocity 

generator with a cloud model. the simulation results illustrate  efficient 

of the proposed approach for predicting collision with anti-disturbance 

ability for threatening-free obstacle with rapid and accurate velocity 

output. 
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Chapter Three 

PROPOSED SYSTEM 

 

 



 

44 

 

3.1 Introduction 

this chapter proposes two design structure improvement 

approaches are proposed to find the optimal path of swarm robotic path 

planning and robot velocity optimization, respectively, in a dynamic 

environment. In every proposed approach in this study, a structure block 

is designed to show the scheme of the overview and detailed information 

related to the basic stages of processing; and to display how these phases 

are connected.  

All the key processing phases are designed in the first proposed 

improvement approach. In the second proposed improvement approach, 

the design focuses on the robot movement phase that differs from its 

counterpart in the first development approach. 

 

3.2 The Improved Planning Algorithm 

The first improved approach of this study includes five key 

phases. It is designed to find the optimal path using hybrid adaptive 

dimensionality representation with a GSO algorithm starting with the 

start state to reach the goal state. Adaptive dimension is utilized with 

environment analyses starting with the goal node to compute each node 

cost ending with the start node. Through the dynamic environment, the 

GSO algorithm is used to move the mobile robot from the start state to 

the goal state. At the same time, encompassing dynamic obstacles is 

moving in the robot environment's free space through the optimal path 

finding and displaying. All the processing phases of the first  
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development approach of this research study are illustrated in 

Figure (3.1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3.1) First development approach’s phases  
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First Phase: from the environment robot library store any image of 

environment in the key storage is selected by determining a path to find 

this environment, then as regular-grids cell environment, it’s displayed 

on a screen. 

Second phase: In this phase each environment image cell is 

decomposed by converting it to a class node in array. 

Third phase: This phase is known as environment analysis; it bases on 

adaptive dimension with several steps started with computing the cost of 

each node in this environment based on (x, y) dimensions. After that, 

building the proposed structure of an adaptive dimension and checking 

the raise state are involved depending on the implemented proposed 

structure. 

Forth phase: Dynamic obstacles that are created randomly in free 

spaces of robot environment and are moved in any random neighbor 

positions in the free space. The role of the fourth phase is to avoid these 

dynamic obstacles. 

Fifth phase: By using hybrid AD with GSO algorithms, the mobile 

robot moves from the start state in its dynamic environment avoiding 

both static and dynamic obstacles to identify the optimal path. 

Final phase: In this phase, the results of the first approach of this 

dissertation are evaluated by comparing them with the results of other 

two literature approaches. 
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 3.2.2 Converting the Image environment to Array of class nodes 

The second phase of the methodology structure aims to convert 

the robot environment to an array of classes "nodes"; the nodes 

encompass all the information needed, and all the dynamic information 

obtained from the image environment  is stored in a dynamic array of the 

nodes previously defined. By analyzing each cell of the image 

environment, the coordination position is defined as height and width, 

tag, and status. At the first click, the tag becomes new, while the status 

should have one of the following cases: 

● Clear if clicking on free space.  

● Obstacle if clicking on an obstacle. 

● Start if clicking on start state. 

● The goal if clicking on goal state.  

The steps of this phase are achieved by calling Algorithm (3.1). 
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Algorithm (3.1): Convert image to node 

Input: Bmp Image, state, Pixelcolor 

Output: image environment as array of nodes 

Begin 

1. for each grid cell in Hight  

1.1. for each grid cell in the Width { 

//make the state of all node as new 

1.1.1. state = newnode() 

2. for each grid cell in Hight 

2.1 for each grid cell in the Width 

2.1.1. state.tag =”New” 

2.1.2. state.ni = Hight.position 

2.1.3. state.nj = Width.position 

2.1.4. check  if the pixelcolor is black Then state.status= 

“obstacle” 

2.1.5. if the pixelcolor is  red then state.status= “Start” 

2.1.6. if the pixelcolor is  gold then state.status= “Goal” 

2.1.7. else state.status= “Clear”} 

End Algorithm 

Algorithm (3.1) to convert image to array of class node 
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3.2.3 Environment analysis based on adaptive dimension 

The third phase known as environment analysis based on adaptive 

dimension includes several steps. The first step is computing the cost of 

each node in this environment based on (x, y) dimensions. After that, it 

also involves building the proposed structure of an adaptive dimension 

and checking the raising state depending on the implemented structure. 

The last step of this stage includes the proposed hybrid structure with the 

GOS approach. The step of the analysis phase is needed to compute the 

cost consumed between the current node and its expanded neighbors.  

When the neighbor status is an obstacle, its cost takes the highest 

value (10000).  Also, there is a need to check if the state is in a 

horizontal or a vertical position of the current state when it lies in clear 

space (a space without obstacles). Thus, the current state cost increases 

by 1; otherwise, it increases by 1.4, Also, there is a need to check if the 

state is in a horizontal or a vertical position of the current state when it 

lies in clear space (a space without obstacles). Thus, the current state 

cost increases by 1; otherwise, it increases by 1.4, because the two 

horizontal , and vertical distances between any two nodes are equal to1, 

while the diagonal distance is 1.4 based on Euclidean distance rule. To 

spread information of the arc cost values when they are changed, the 

OPEN list is used. It is also used to calculate the cost of the path for the 

nodes within the search space. Through the repeated states removal 

process from the OPEN list the propagation takes place. A state is 

deleted from the available list every time it expands to pass the changes 

of cost to its neighbors. This process is continued by turning these 
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neighbors places into the OPEN list. In this phase, three algorithms are 

illustrated.  

 

  Algorithm( 3. 2): Analysis compute cost 

  Input: image environment as array of nodes 

  Output: analysis cost value for each node for environment array  

  Begin 

1. computing the cost starts from goal state. 

1.1. Goal. i = goal. position. X 

1.2. Goal. j = goal. position. Y 

1.3. Goa l. luc=0.0;  // luc=luciferin  

1.4. Insert(OpenList, goal)  

2. Compute the cost for the other nodes 

2.1.  node X=  DequeueOpenList () 

2.2.  X.tag = “Close” 

2.3.  Find the eight neighbors of X        % call Algorithm(3.5) 

2.4.  for each Y neighbors of X  { 

      2.4.1. compute Cost( X, Y, OpenList) 

2.4.2. SortQueue(OpenList) } 

// continue until the stop condition is satisfied 

2.5 continue until reaching start state 

  End Algorithm 

 

Algorithm( 3. 2): to analysis the compute cost 

 



 

51 

 

      

The first step is achieved by putting a goal state as a current node in the 

queue OPEN list(Insert Algorithm). By finding the neighbors of the 

current node that lies at the closest level, the current node has been 

expanded Algorithm (3.2 ), and the second step of this phase is achieved.  

The arc cost is calculated using the Algorithm (3.3) in the third step, 

where each node within the neighborhood gives a high cost value with a 

status of the state obstacle value 10000.  

     Algorithm (3.3): Compute node cost 

     Input: current node and one of its 8 neighbors 

    Output: the value of neighbor node cost(Ncost)  

    Begin 

1- Check if the neighbor node is new node 

2- Check the status of the neighbor node //clear, goal, start,  

obstacle. 

2.1- if the status is obstacle then neighbor Ncost=10000 

2.2- if the status is clear   

 .2.2.1 if the neighbor lies in the same row or same  

column of  current node  

Then neighbor Ncost= current node cost+1  

Else  neighbor Ncost= current node cost+1.4 

3. If the neighbor node status ≠start state go to step 1 

    End Algorithm 

Algorithm (3.3) to compute the node cost 
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The neighbor needs to check its position compared to the location of the 

current state if it is clear. Then, it adds 1.4 to the arc cost if it lies on the 

diagonal of the current state; otherwise, it adds 1. After that, the current 

node becomes a back pointer for each state in the neighborhood. 

Also, the luciferin value for each path node is calculated using 3-6 

Algorithm (3.4). Then, the neighbors of the current state are transferred 

to the OPEN list while the current state is placed in the closed list. Sort 

Queue algorithm is saved  in the queue OPEN list.  This process 

continually expands until the start state is found. 

 

   Algorithm (3.4): Compute node luciferin value 

   Input: current node(X) and its 8 neighbors(N) 

  enhancement constant (γ=0.6) and luciferin decay (ρ=0.4)  

   Output: the value of neighbor node luciferin(luc) 

   Begin 

1- Compute (luc) value by using the Ncost value that is  

calculated by  node cost Algorithm(3-1)  

2- N.luc= =(1- ρ)      )+ (𝛾s.k) 

3. If the neighbor node status ≠start state go to step 1 

 

 End Algorithm 

Algorithm (3.4) to compute node luciferin value 
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            Gate Raise State algorithm is used to avoid gate rise state. When 

this case occurs, path replant is required because the robot size is greater 

than the clear space between vertices and static obstacles. 

3.2.4 Moving Robot by Hybrid GSO with Adaptive Dimension 

In this approach, the robot moves from the start state and finds the 

next specific solution using the GSO algorithm with an adaptive 

dimension. This is achieved by using Algorithm (3.5) which encompass 

several steps. The current node is identified in the first step, which 

becomes the start state of the path in the first iteration.  

After that, the current node neighbors are found by calling 

Algorithm (3.5). In this algorithm, the current node neighbors are 

brought level by level starting with the level that has order 1. After that, 

each neighbor check whether they lie outside the robot environment 

boundaries or its status is obstacle to or dynamic obstacle to drop it from 

the current node neighbors. Then, if this neighbor has luciferin value 

greater than its own node (current node) luciferin value, it is dropped 

from the neighbors’ list. This process is repeated until the number of 

accepted neighbors becomes equal to (nt) or the order of its level is 

equal to MVR value. Algorithm (3.5) achieves this task. 
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Algorithm (3.5) to find Current Node Neighbors 

 

Algorithm (3.5): Find Current Node Neighbors 

Input : the current node(X) 

constant Maximum Level (ML=3) 

Constant maximum number of current node 

neighbors (nt=10) that are located in the level 

that has order<= ML and their luc value < luc 

value of the current node. 

Output: current node neighbors 

Begin 

1.for all X’s neighbor node Y starting with the level 

of the first order 

1.1 Check if (Y in the range of environment) 

1.2Check if( Y within the ML) 

1.2.1 check if the value of 

Y.luc<X.luc Then make Y as 

accepted neighbor to X  

3. If the number of the accepted neighbors of X<nt 

or the order of the neighbor node level<ML go to 

step 1 

End Algorithm 
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The reduced set of neighbor nodes is obtained by calling the 

Algorithm (3.5). Algorithm (3.6) is used to determine the next current 

node that the mobile robot navigates to it. This Algorithm compares the 

accepted neighbors based on their probabilities to determine which node 

with the highest probability is the next.  

 

Algorithm (3.6): Find Next Current Node 

Input: The current node(X) and its Accepted node that  are  

determined by using Algorithm 3.7 

output: The next current node 

Begin 

1. For each accepted neighbor node(Y) of the current node(X) 

Compute the probability value(P) for the current node. 

2- Y.P= (Y.luc – X.luc)/(∑ (  𝑙   –    𝑙  )
 

   
 

3- Set  the accepted node that has highest value of  P to be  

the Next Current node at the next iteration. 

End Algorithm 

 

Algorithm (3.6) to find Next Current Node 

The obstacles are important to methods of path planning. In the 

robot environment, obstacles are divided into those with information 

known (static) and those with information unknown(dynamic).  
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The next section produces two algorithms; Algorithm (3.7) and 

Algorithm (3.8) to create and update a dynamic obstacle in the robot 

environment.  

 

Algorithm (3.7): Crate Dynamic Obstacle  

Input: Random selecting node(X1) 

Temporal value of (X1)luciferin value(X.luc) 

Output: Dynamic obstacle node(X1) 

Begin 

1. Check if (( X1 in range of environment) and (status state is 

clear))  

1.1.Give X1 Deeppink color   

   setpixel (X1,Deeppink); 

          1.2.pixel[X1] = getpixel( X1); 

           1.3. Make the Status of X1 as Dynamic obstacle 

X1.status = " D_Obstacle "; 

1.4. Temporal.luc= X1.luc; 

            1.5. X1.h= 10000;           // it is represent a very large value 

     2. when the random dynamic obstacle selected in not clear   position 

               2.1  Find Neighbor of x1                        % call Algorithm(3.7) 

                2.2.for each neighbor Y1 of X1 do 

                        2.2.1. check if (( Y1 in range of environment) and (status    

state Y1 is clear)  

                                     2.2.1.1.setpixel (Y1,Deeppink); 

                                      2.2.1.2.pixel[Y] = getpixel(Y1); 

                                      2.2.1.3.Y1.status = "D_Obstacle"; 

                                      2.2.1.4.temporal.h = Y1.h;                                      

2.2.1.5.Y1.h= 10000;  

 

End Algorithm 

 

Algorithm (3.7) to create Dynamic Obstacle  

Algorithm (3.7) is designed to create a dynamic obstacle by 

selecting its position in the clear space environment. Algorithm (3.8) 
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moves the dynamic obstacle in a random position of a neighbor clear 

space environment. 

 

  Algorithm (3.8): Update Dynamic Obstacle  

  Input: Random selecting node(X1) 

Temporal value of (X1)luciferin value(X.luc) 

  Output: Dynamic obstacle node(X1) 

  begin 

1. X1.status = "Clear"; 

2. X1.luc = temporal.luc ; 

3. setpixel (X1, White); 

4. Find Neighbors ( X1);              % call Algorithm(3.5) 

5. for each neighbor Y1 of X1 do 

5.1.  get the random position Y1 of neighbor  

              5.2 check if ((Y1 in range of environment) and  

(status state Y1 is clear)  

5.2.1 setpixel (Y1,DeepPink); 

5.2.2.pixel[Y1] = getpixel( Y1); 

5.2.3.Y1.status = "D_Obstacle"; 

5.2.4.temporal.h = Y1.h; 

5.2.5.Y1.h= 10000;     // it is represent a very  

large value 

5.2.6.X1 =Y1 ; 

  End Algorithm 

Algorithm (3.8) to update the dynamic obstacle 
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Finally, by calling the four previous Algorithms with the start 

state until reaching the goal state, the Algorithm (3.9) to move the 

mobile robot by Hybrid AD representation with the GSO algorithm is 

achieved.  

 

Algorithm (3.9):  Move Robot by Hybrid GSO 

Input: Start state, Goal state. 

Output: Robot path.  

Begin 

//Starting with start node to find the optimal path planning as current 

node X. 

1- Make start nod as the first current node. 

2- Find the neighbors of the current node   % call Algorithm(3.5) 

3- Find the next current node(Y)                 % call Algorithm(3.6) 

4- Let X=Y 

5- Identify the sub path between X and Y based on the back index 

and the value of luciferin. 

6- Crate the dynamic obstacle                   % call Algorithm(3.8) 

7- Update the dynamic obstacle                % call Algorithm(3.10) 

8- If ( Y≠ Goal state && iter-no< iter-max) go to step 1 

End Algorithm 

 

Algorithm (3.9) to move the Robot by Hybrid GSO with AD 
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3.3 The second improvement approach. 

The second proposed approach intends to adapt the velocity of a 

robot that moves on a planned path by hybrid adaptive dimensionality 

with GSO algorithm.  In this approach, the improvement focuses on the 

robot movement phase that was illustrated in the previous development 

proposed approach.  

The improving process is achieved to adapt mobile robot velocity 

based on the impact of the two following factors: path rotation angle at 

each path node, and the number of obstacles that surround this node 

within its two closest levels towards the robot motion. On the other 

side, four new steps are added to the robot movement phase to adapt 

robot velocity. Therefore, many algorithms are designed in order to 

translate these additional steps. The following parts present these 

algorithms. Figure (3.2), illustrates second development approach’s 

phases. 
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Figure (3.2) second development approach’s phases. 
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3.3.1 Compute the robot velocity 

Before computing the robot velocity, there is a number of 

assumptions needed to achieve the simulation of results in the next  

chapter. Table (3.1) illustrates these assumptions of some robot 

attributes. 

Table(3.1) assumptions of some robot attributes. 

Robot attribute value 

Lowest velocity 20 velocity unit 

Maximum velocity 80 velocity unit 

Maximum velocity at angle 90 20 velocity unit 

Maximum velocity at angle 45 60 velocity unit 

Maximum velocity at angle 180 80 velocity unit 

Acceleration value in horizontal 

and vertical direction  

20 acceleration unit 

Acceleration value in horizontal 

and diagonal direction 

28 acceleration unit  

Maximum deceleration  40 velocity unit 

Algorithm (3.12) is used to find the cumulative robot velocity at 

each sub path node identified at each iteration which lies between the 

current node and the next path node. These sub optimal path of nodes is 

determined in the first step of the movement plan phase. Where, after 

determining the direction of robot motion to the next path node to 

identify the robot acceleration value 20 or 28. The allowed robot 

velocity at the next path node is computed based on the Equation (3.1).  

Y.RobotVel = X.RobotVel+1/2*Acc*time ……(3.1). 
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Where, Y.RobotVel represents the cumulative robot velocity at 

the next node,  while X.RobotVel is the robot velocity at the current path 

node, time represents the time of each transfer between the sub optimal 

two path nodes, allowed robot acceleration. 

 

 

Algorithm (3.10): Find Robot Velocity 

Inputs: velocity of robot acceleration(Vacc) which represent one of 

robot properties(40 velocity unite).  

Distance(Dis) between the current node(X) and the next current 

node(Y). 

The number of transfers(Tno) between nodes, here always equal 1. 

Output: Robot velocity at each neighbor node. 

Begin 

1. Check the position of Y relative to X 

2.  Compute the Robot acceleration 

3. Compute the robot velocity at the next current node 

    Y. RobotVel= X.vel + 1/2*Acc*time 

End Algorithm 

 

Algorithm (3.10) to find the Robot Velocity 
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3.3.2 Determine the robot velocity based on the number of 

surrounding obstacles 

Algorithm (3.11) is designed to calculate the velocity of the robot 

at each robot path node. This is based on the number of obstacles that 

surround it within its two closest levels and in the direction of the robot's 

movement (Y.ObstVel). In this algorithm, the robot velocity is based on 

the number of obstacles is determined. This is done by decreasing 

maximum robot velocity by Decreased Velocity(DecVel) per each 

obstacle neighbor of the next current node using Equation (3.2).  

           Y.ObstVel= MaxRobotVel - DecVel ………….. (3.2) 

Where: Y.ObstVel represents the robot velocity at the next path 

node based on the number of obstacles that lie in its closest two levels, 

while Maximum Robot Velocity(MaxRobotVel) is one of robot 

attributes. DecVel represents the value of decreased velocity per each 

obstacle (6 velocity units if the obstacle lies in the first level, while 3 

velocity unit if it locates in the second level of X) which is one of robot 

attributes.  
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 Algorithm (3.11): Find Robot ObstVel 

Input:  the neighbor nodes of the current node, the maximum robot 

velocity(MaxRobotVel) and  the value of decreased velocity 

per each  obstacle(DecVel1) 

Output: the Robot ObstVel for each neighbor node. 

Begin 

1.For( each Y neighbor to current node(X) in two its closest 

levels) 

        1.1.Check If Y  is obstacle  

              1.1.1. Check the order of obstacle level 

              1.1.2. Y.RobotVel= MaxRobotVel - DecVel 

End Algorithm 

 

Algorithm (3.11) to find Robot Obstacle Velocity 

3.3.3 Compute the robot velocity based on the rotation angle value 

at the current path node 

After determining the velocity of the mobile robot at each optimal 

path node based on the number of obstacles that are surrounding it 

within its two closest levels, the rotation angle at each path node needs 

identification. Robot velocity based on the value of this angle is 

calculated because it is one of the important and impacting factors in 
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identifying the suitable mobile robot velocity. To achieve all these 

previous steps, Algorithm (3.12) is designed.  

 

Algorithm (3.12): Find Robot Angle Velocity 

Input: The maximum robot velocity(MaxRobotVel) which is as one 

of robot attributes. 

Output: Robot velocity at the current node based on its surrounding  

obstacle at the two closest levels(RobotAngleVel) 

// starting from the second path node. 

Begin 

   1.  For( each path node)  

          1.1.Calculate the Value of RotationAngle(AngleVel) at  

the current node based on the locations of the previous 

 node(F), current node(X) and next node(Y);  

1.2.identify the value of RobotAngleVel at X based on the 

Robot attributes 

End Algorithm 

 

Algorithm (3.12) to find the Robot Angle Velocity 
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3.3.4 Moving the mobile robot with an adaptive velocity 

Algorithm (3.13) is designed to move the mobile robot from the 

start state to the goal state of the optimal path with the adaptive velocity 

at each optimal path node based on the number of obstacles that are 

surrounding it within its two closest levels, and the rotation angle at each 

path node. This algorithm starts with the start state of the robot path as a 

current node. The neighbor nodes of the current node is identified in the 

next step of the Algorithm by calling Algorithm (3.1).  In the next step 

of this algorithm, the next node is determined by calling Algorithm 

(3.2). 

Then, the dynamic obstacles are created by calling algorithm (3.3) 

to Create Dynamic Obstacle randomly at each iteration, While in the 

next step, the location of the dynamic obstacle is updated randomly by 

using Algorithm (3.4) to Update Dynamic Obstacle.  

Three algorithms are called, Algorithm (3.6), Algorithm (3.7), and 

Algorithm (3.8), to adapt the robot velocity at each optimal path node. 

These steps are repeated till the stop condition is achieved. The stop 

condition is fulfilled when one of the two cases occurs. Either the 

number of iterations (iter-no) becomes equal to the maximum number of 

iterations (iter-max), or the next current path node becomes the Goal 

state.  

The last phase of the second approach diagram is the evaluation 

results phase. In this phase, the improvement approach is applied to 

adapt the robot velocity on several environment paths that are different 

in the number of surrounding obstacles and the value of rotation angle at 

each path node. After that, the obtained results improvements approach 
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are compare to the results of another approach to evaluate the efficiency 

of adaptive robot velocity approach of this dissertation.   

 

Algorithm( 3.13):  Move Robot with adaptive velocity 

Input: position of the start state  

Output: adaptive robot velocity at each planned path node. 

Begin 

1- Make start nod as the first current node. 

2- Find the neighbors of the current node   % call Algorithm(3.5) 

3- Find the next current node(Y)                 % call Algorithm(3.6) 

4- Let X=Y 

4- Identify the sub path between X and Y based on the back index 

and the value of luciferin. 

5- Crate the dynamic obstacle                     % call Algorithm(3.7) 

6- Update the dynamic obstacle                  % call Algorithm(3.8) 

7- Compute the value of RobotVel             %call Algorithm (3.11) 

8- Compute the value of RobotObstVel      %call Algorithm (3.12) 

9- Compare the RobotVel with RobotObstVel and set 

 the minimum one as RobotVel  

10- Compute the value of RobotAngleVel   %call Algorithm (3.14) 

11- Compare the RobotVel with RobotAngleVel and set the 

minimum one as RobotVel 

12- If ( Y≠ Goal state && iter-no< iter-max) go to step 1 

 

End Algorithm 

 

Algorithm( 3.13) to  move the robot with adaptive velocity 



 

68 

 

   

 

Chapter Four 

SIMULATION AND RESULTS 
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4.1 Introduction 

This chapter will present a new proposed simulation Application 

for Swarm Robot Path Planning, which is tailored specially to move 

robot path planning in a dynamic environment. This application will 

simulate the implementation of the two proposed approaches of this 

research study on several dynamic environments that are different in 

their complexity and variant number of gate raise state. Using C# 

Microsoft Visual Studio 2017 on a core i7 PC, the simulation results of 

the two improvement approaches of this research study are implemented. 

The simulation and the results evaluation is divided on to two parts, one 

part for each improvement approach of this study. Also, it should be 

noted that two types of environments will be used, which differ in terms 

of their sizes, 10x10 and 50x50. 

In the first part the proposed simulation application simulation is 

used to obtain the results and find the optimal path with the path 

planning based on hybrid AD with the GSO approach. While in the 

second, part the proposed simulation application simulation is used to 

obtain the results of adaptive robot velocity. 

4.2 The first improvement hybrid AD with GSO illustrative example 

The following part produces an example that shows how the 

proposed improvement approaches operate. This example is 

implemented to present results in detail in order to find the optimal path. 

In Figure (4.1), small environment with size (10*10) is illustrated 

and which will use in the guide example. Static obstacles in this 

environment shown in black. While, the selecting start state(S) is marked 
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by the red at the location (0,9) and goal state(G) marked by the gold at 

(7,0).  

 

Figure (4.1) Small environment used for guide example 

The robotic environment needs to be selected firstly from the library 

storage in order to find the optimal path by using a hybrid AD 

representation with the GSO approach. This environment selection 

process is achieved using an open dialog box window that chooses 

drives, directory and the image environment. Then, it will be displayed 

on the screen. Figure (4.1) illustrates this robotic environment.  

After that, selecting of the start and goal states is achieved. Then, 

every cell in the robot environment is read and then stored in the array of 
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class nodes. The class array was defined as a class data structure.  This 

class name node includes, number data members; status, tag, X-

coordinate of the node(ni), Y-coordinate of the node(nj), arc cost(luc), 

smallest arc cost(k).  

At the beginning, all the cells of the robotic environment are defined as 

new, then Start, Goal, Clear and Obstacle are given as cases of the status 

states. On the analysis and compute cost stage, by D* algorithm an open 

list of states is kept which is used to propagate the information changes 

to the values of arc cost and to compute states path costs in the space. At 

the beginning, the current node is a state of goal (7,0), which is inserted 

in the queue OPEN list. After that, by finding its 8 neighborhood states, 

this current node will be expanded as shown Figure (4.2). Each one of 

these neighbors must be located inside the environment and in the states 

of the current node that Their status is free clear ((6,0), (6,1), (7,1), (8,0), 

and (8,1)). Figure (4.2) illustrates the Eight neighbor direction states. 

 

Figure (4.2) Eight neighbor direction states 
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The calculating the cost of the arc for each one of the neighbors of 

the current node is done by giving a high cost if it is an obstacle (10000) 

(for example (1,8), while if the state is a new sign and a clear status, it 

must first check its location compared to the current node then, add 1.4 

to the arc cost if it lays on diagonal position else add 1 only. Table (4.1) 

illustrates that. 

Table (4.1) Computed arc cost to all possible cases of free and obstacle status 

 

Table (4.1) illustrates the values of arc cost and back pointer of 

environment in the previous example that are found starting from state 

of goal and repeatedly expanded until they reach state of start. 
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Table (4.2) The arc cost values and back pointer states in first 

improvement approach. 

 

Finishing the phase of analysis and compute arc cost, provides to 

the robot all the known environment information. While, when the 

moved dynamic obstacles is created the unknown information of 

dynamic environment is coming from them (phase of avoiding dynamic 

obstacle). 

Now, the move phase will be started to find the next specific 

solution using hybrid AD representation with GSO approach for moving 

from start state (0,9) to the next node. Implementing of this phase 

several includes several steps that are achieved by calling algorithms 

appropriate for them. the following parts illustrate that. 
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Firstly, at each iteration number(iterno), here at iterno (0), the 

accepted neighbors of the current node (start state) is found by calling 

Find Current Node Neighbors algorithm. At first, the neighbors at first 

level will be checked to drop each neighbor that is outside the robot 

work environment and also that its luciferin value(luc) more than the 

luciferin value of the current node to find the accepted neighbor nodes 

(the rest nodes). if the stop condition is not satisfied, same steps will 

repeat on the neighbors at second level and third level else what was 

obtained from the neighbors will be enough to start with the step of 

selecting the next current node to move forward to it.  

Then, the next current node is selected by calling Find Next 

Current Node Algorithm to select it based on the values of accepted 

nodes probabilities that were obtained previously. The next current node 

is the accepted node that has highest probability value. After that the sub 

optimal path will be found by determining the intermediate nodes 

between the current node and the next current node based on the back 

pointer value, the luciferin value and the connections between the 

accepted neighbor nodes. Now, before the next iteration is started the 

next current node (7,3) It should be instead of (0,9) in order to become 

as current node in the next iteration (iterno 1).  Table (4.3) illustrates the 

selection the next current node and determine the sub optimal path at 

iteration 0. 
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Table (4.3) selection the next current node and determine the sub 

optimal path at iteration 0. 
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Table (4.4) illustrates the selection the next current node and determine 

the sub optimal path at iteration 1. 
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Table (4.5) illustrates the selection the next current node and determine 

the sub optimal path at iteration 2. 
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Table (4.6) illustrates the selection the next current node and determine 

the sub optimal path at iteration 3. 

 

The experimental results of the previous example guide that has one 

state of gate rise to find the optimal path in in dynamic environment. It 

includes 4 iterations, the total path arc cost is 13.4, and time occupy is 

64 sec. 
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4.3 Avoid collision Dynamic Obstacle 

In dynamic environments, overcoming collision with dynamic 

obstacle is a key function, which will be presented in this section. An 

implementation of experimental based on the same example guide 

environment in which the robot is intersection with the dynamic obstacle 

at the same location and how the robot locally deals with to overcome 

the collision with it instantly. 

Overcoming the obstacles that will fall on the path of the mobile 

robot using proposal improvement hybrid AD with GSO will be tested 

using the first experiment. In this experiment, the robot will move from 

the start state to find its optimal path. But when it arrives to position 

(7,1) which represents the best solution (next current node) in iteration 3. 

The mobile robot finds that this location is occupied by one of the 

dynamic obstacles. Therefore, the robot changes the direction of its 

movement around the position (7,1) to avoid collision to find it as the 

best solution (next current node). so that, the total path cost became 14.8 

instead of 13.4. 

. 

4.4 Comparison Results of the first improvement approach 

In this part, a brief overview about the planning is presented to 

evaluate the efficiency of the AD-GSO approach. Therefore, the results 

that had been obtained by applying the proposed approach on the two 

different sizes of environments: 10x10 and 50x50 are compared. The 

hybrid adaptive dimensionality with GSO algorithm parameters used in 

the test for all the different environments as shown in Table(4.7). 
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Table (4.7) The Parameters Used in the Hybrid Adaptive 

Dimensionality with GSO Algorithm. 

 

 

 

i. Select the number of accepted neighbour nodes (nt). 

Many simulations are conducted for applicating the first 

improvement approach of this study to move the robot on various paths 

that lie on different 50x50 environments. In these simulations, it was  

taken into consideration that the number of accepted neighbor nodes of 

the current path node is different at each time (eg. 8, 9, 10, 11, 12). 

These simulations are proven not to accepts doubt that the best number 

of accepted neighbor nodes (nt) of the current node to select among them 

the next current node which the robot must move to it later is 10 nodes. 

The reason for that return to achieve it the best equilibrium between the 

number of iterations and the path cost for the planned path comparing 

with the other rest numbers. The results are obtained from these 

simulations which are illustrated in Table (4.8) and Table (4.9) show 

that. 

 

 

 

 

 

 

Parameter ρ γ nt MVR 

Value 0.4 0.6 10 3 
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Table (4.8) the results of simulation of applying the first improvement 

approach using different number of accepted neighbor nodes 

Path no. nt Iter-no Path-cost 

1 

 

S(8,17) 

 

G(44,8) 

8 13 42.8 

9 13 41.8 

10 12 41.8 

11 12 41.8 

12 12 41.8 

2 

 

S(5,2) 

 

G(22,48) 

8 19 58.4 

9 18 58.4 

10 18 58.4 

11 18 58.4 

12 18 58.4 

3 

 

S(0,0) 

 

G(49,49) 

8 23 78.4 

9 22 77.2 

10 22 77.2 

11 22 77.2 

12 22 77.2 

4 

 

S(10,0) 

 

G(49,47) 

8 20 73.4 

9 20 72.8 

10 19 71.6 

11 18 72.4 

12 18 72.4 

5 

 

S(5,48) 

 

G(37,11) 

8 23 72.4 

9 22 72.4 

10 22 72.4 

11 21 72.4 

12 21 72.4 

6 

 

S(28,23) 

 

G(14,29) 

8 20 77.2 

9 19 77.8 

10 16 66.2 

11 16 66.2 

12 16 66.2 

7 

 

S(37,0) 

 

G(4,49) 

8 23 67.8 

9 22 67.8 

10 20 67.8 

11 20 67.8 

12 19 68.4 

8 

 

S(38,1) 

 

8 18 56.8 

9 17 57.6 

10 16 56.2 

11 16 56.2 
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G(47,49) 12 16 56.2 

9 

 

S(13,4) 

 

G(22,29) 

8 19 72 

9 19 72.6 

10 18 72.2 

11 18 72.2 

12 18 72.2 

10 

 

S(46,22) 

 

G(0,45) 

8 17 57.2 

9 17 57.2 

10 16 57.2 

11 16 57.2 

12 16 57.2 

 

Table(4.9) The average of iteration number and the average of 

path cost for each number of accepted neighbor nodes. 

 

Accepted 

nodes (nt)  

Average of 

Iteration number  

Average of path 

cost 

 
8 

 

19.5 

 

65.4 

 
9 

 

18.9 

 

65.56 

 
10 

 

17.9 

 

64.1 

 
11 

 

17.7 

 

64.22 

 
12 

 

17.6 

 

64.24 

The simulation to validate the proposed approach is divided into the 

following two parts: 

Part 1: The first part illustrates the simulation results of the proposed 

approach using a small chosen environment of (10 ∗ 10) pixel size which 

includes only two gate raise states.  The example illustrates results to 

achieve this simulation using the start state at position (0, 9) and the 

destination position at (7, 0). The results of the simulation of the optimal 
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path is clarified in the green color, the total cost equals 16.2, the time 

occupy equals 0.5098 sec and the number of the iterations equals 4. 

The obtain results by application the Hybrid mixed D* with Lbest 

PSO, hybrid improved D* with Lbest PSO, and hybrid AD with GSO 

approaches on the same 10x10 environment size that is illustrated in 

figure (5,5), and also with the same start state (0,9) and goal state (7,0) 

illustrates the effectiveness of the proposed research approach to find the 

optimal path in less number of iterations (4) with a lower path cost (16. 

2), and in a shorter time occupy (0.0598) compared with other 

approaches. As shown in the table (4.10). 

Table (4.10) The comparison experiment simulation results of mixed D∗ 

with Lbest PSO, hybrid improved D* and LPSO and hybrid AD with 

GSO approaches. 

Approach Name Environment 

Size 

Start and Goal 

states 

Iteration 

No. 

Path cost Time 

occupy 

Hybrid mixed D* 

with Lbest PSO 

 

 

10x10 

 

 

 

S(0,9) 

G(0,7) 

4 98.2 1.67 

Hybrid improved 

D* with Lbest 

PSO 

12 53.4 1.828 

Hybrid AD with 

GSO  

4 16.2 0.5098 
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Part2. This part presents the simulation results of some comparison 

experiments of hybrid mixed D∗ algorithm with Lbest PSO, the hybrid 

improved D* algorithm with Lbest PSO approach on a dynamic 

environment, and the hybrid AD-GSO algorithm by using six 

different(50x50) cell environments as illustrated in figure (4.3). 

 

 

 

 

 

 

 

 

 

 

 

Figure (4.3) The six Different Environments of Size 50 ∗ 50 Cell Used 

in Comparison. 
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Figure (4.4) Finding the Robotic Path for Six Selected implementation 

on different five complex environments. 

In the beginning of this part, the results of applying the proposed 

approach on each of the different six environments, illustrated in figure 

(4.4), will be achieved by selecting one case for each. The results of this 

simulation are displayed in Table (4-11). 

 

 



 

88 

 

Table (4-11) The comparison experiment simulation results on six 

variant environments  
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The comparison results in table (4.11) illustrate that the average of 

occupy time is 4.81 second for the experiments of the proposed 

approach. While, for the same experiments the average of occupy time 

for the hybrid D∗ algorithm with Lbest PSO and the hybrid improved D* 

with Lbest PSO are 23.10 second, 10.616 second; respectively. 

 In addition, the average of path cost of the proposed algorithm is 

19.27, which is the best value compared with the averages that are 

obtained by applying both the hybrid D∗ algorithm with Lbest PSO and 

the hybrid improved D* with Lbest PSO algorithms which have been 

84.17 and 29.47, respectively.  

On the other hand, Using the first improvement approach for this 

research study is significantly reduced the number of iterations that are 

required to find the optimal path for the robot, as the average number of 

iterations required became (19.33) iterations, while for the same 

experiments the average of occupy time for the hybrid mixed D∗ 

algorithm with Lbest PSO and the hybrid improved D* with Lbest PSO 

are 84.16, 29.46 iterations respectively.  

The point to be noted here is that the size of individual neighbor 

swarm for each current node depends on the environment nature. The 

number of nodes that need to be selected to identify the next current 

node is equal to or more than (nt), which that mean it is flexible no fixed 

at each time. Therefore, the capacity storage requirement will be 

decreased, and the time occupy will be reduced as well as the number of 

iterations for finding the optimal path. Consequently, the proposed 

approach affords an improvement in the terms of robot path planning. 
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On the other words, the first improvement proposed approach of 

this study is reduced the number of iterations that are required to find the 

optimal path for the robot, by about 62%, compared to the hybrid mixed 

D∗ algorithm with Lbest PSO, and 20.83% compared to the hybrid 

improved D* with Lbest PSO.  As for the cost of the path, it was 

reduced by 62% compared to the hybrid mixed D∗ algorithm with Lbest 

PSO, while it was reduced by 20% compared to the hybrid improved D* 

with Lbest PSO. finally, in terms of time occupy, it was reduced by 65% 

compared to the hybrid mixed D∗ algorithm with Lbest PSO and 37% 

compared to the other approach. 

The next part of this study, and in order to clarify the effectiveness 

of the proposed approach for this study in finding the optimal path 

compared with other methods, we will review some diagrams that 

clearly illustrate this based on the results obtained using the Mean 

function. 

 The following three figures illustrate the comparative results 

among the three approaches based on the number of iterations, path cost 

and the occupy time respectively. Where the results obtained from 

applying the first approach were represented using bars in blue, while 

the results of the second approach were represented in green bars, and 

the results of the proposed approach were represented in black bars. 

Also, the values of Mean of each approach were added to figures. These 

represented figures had been appeared that the proposed approach has 

the best results in all these comparisons process. 
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Figure (4.5) Comparison the no. of iterations to variant no. of gates in 

environment 1 for three improvement approaches. 

 

 

Figure (4.6) Comparison the Path cost to variant no. of gates in 

environment 1 for three improvement approaches. 
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Figure (4.7) Comparison the occupy time to variant no. of gates in 

environment 1 for three improvement approaches.  

4.5 The second improvement proposed approach. 

    In this Improvement approach, the work in the first 

improvement approach of this research study is an extended in order to 

adaptive the mobile robot velocity based on two factors; the number of 

obstacles neighbor in the closest two levels at each path node and the 

value of rotation angle at it, which as mentioned in the previous chapter. 

This extension includes many steps that must be added to the robot's 

movement stage exclusively to achieve the desired goal, which was 

mentioned in the algorithm (3.13) of the robot's movement with adapting 

its speed. 
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4.5.1 Guiding example for the second proposed approach  

The following part produces an example that show how the 

proposed improvement approaches operate. This example is 

implemented to present results in details in order to show how the 

velocity of the mobile robot is adaptive based on the obstacles neighbour 

at each path node and the value of rotation angle at this node.  

Static obstacles in this environment shown in black color. While, 

the selected start state(S) is marked by the red color at the location (0,9), 

goal state(G) is marked by the gold at (7,0) and finally the dynamic 

obstacle shows in Deep pink color. Firstly, the robot start moving from 

start state (0,9) with velocity value equal 0. The cumulative speed of the 

robot at the next current node(ve), will be calculated by calling the 

Algorithm (3.6).  

secondly, the velocity of the robot will be computed and 

compared with (ve) to select the minimal one by calling Algorithm (3.9). 

This computation is accomplished based on the number of obstacles that 

lay at the closest two levels of the current node and in the direction of 

robot motion. On the other hand, Algorithm (3.8) is used to select the 

minimum value of (ve) and the robot velocity computed based on the 

value of rotation angle at each path node starting from the second path 

node. 

  According to the guiding example the values of cumulative robot 

velocity are ranged between 0 to 80 velocity unit, while the number of 

surrounding obstacle is ranged between 3 to 5 obstacles based on the 

nature of environment that the robot path passes through it.  
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On the other hand, Obstacle velocity is ranged between 53 to 62. The 

robot velocity based on the value of rotation angle at the current node is 

changed between 60 to 80. The value of adaptive robot velocity at each 

path node is ranged between 0 to 62 velocity unit. Finally, the average of 

adaptive robot velocity became 51.33. These results are shown in the 

Table (4.12). 

Table (4.12) The results of using the second proposed approach to adapt 

the robot velocity for the guiding example. 

Iter

_no 

Node 

no. 

cumulative 

robot 

velocity 

Obstacle 

No. at 

lev. 1 

Obstacle 

No. at 

lev. 2 

Obstacle 

velocity 

Rotation  

angle 

Angle  

velocity 

Adaptive 

velocity 

Average 

velocity 

 (0,9) 0 -  - - - 0  

 

 

 

 

51.33 

1 (0,8) 20 3 2 56 180 80 20 

(0,7) 40 4 1 53 180 80 40 

 

2 

(0,6) 60 4 1 53 135 60 53 

(1,5) 80 3 3 53 180 80 53 

(2,4) 80 3 1 59 135 60 59 

 

 

 

3 

(2,3) 80 3 1 59 180 80 59 

(2,2) 80 3 0 62 180 80 62 

(2,1) 80 2 3 59 135 60 59 

(3,0) 80 4 1 53 135 60 53 

(4,0) 80 4 1 53 180 80 50 

(5,0) 70 3 1 61 180 80 40 

(6,0) 0      0 

 

4.5.2 The effect of dynamic obstacle appearance on the robot 

velocity. 

                    The appearance of dynamic obstacle in the neighborhood of 

some path nodes that is started from (0,9) and ending at (7,0).  Here, the 

effect of the dynamic obstacles will be clearly visible at the nodes (0, 6), 

(2, 4), where the number of obstacles within the second level of the node 

(0,6) will be increased by 1 to become 2 instead of 1, while the node 
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(2,4) the number of obstacles within its first level will be increased by 1 

to become 4 instead of 3. This increase in the number of obstacles at 

these nodes led to a decrease in the speed of the robot to adapt it to the 

increase in the number of adjacent obstacles to become 50 instead of 53 

at node (0,6) and 53 instead of 59 at node (2,4). On the other hand, the 

average of adaptive speed of the robot will be reduced from 51.33 to 

50.083. Table (4.13) show the results of application the second 

improvement approach with dynamic obstacle appearance. 

Table (4.13) The results of applicating the second improvement 

approach with dynamic obstacle appearance. 

Node 

no. 

Robot 

ve 

Obstacle 

No. at lev. 1 

Obstacle 

No. at lev. 2 

Obstacle 

velocity 

Rotation  

angle 

Angle  

velocity 

Adaptive 

Velocity 

Average 

velocity 

(0,9) 0 -  - - - 0  

 

 

 

 

50.083 

(0,8) 20 3 2 56 180 80 20 

(0,7) 20 4 1 53 180 80 40 

(0,6) 40 4 2 50 135 60 50 

(1,5) 50 3 3 53 180 80 53 

(2,4) 53 4 1 53 135 60 59 

(2,3) 59 3 1 59 180 80 59 

(2,2) 59 3 0 62 180 80 62 

(2,1) 62 2 3 59 135 60 59 

(3,0) 59 4 1 53 135 60 53 

(4,0) 53 4 1 53 180 80 50 

(5,0) 50 3 1 61 180 80 40 

(6,0) 0      0 

 

4.5.3 Simulation Results Evaluation of the second proposed 

improvement approach. 

In this part, the effectiveness of the proposed approach will be 

gaged. By applying the proposed approach on four different obtained 

path in three 50x50 of different environments. Some simulations will be 



 

97 

 

introduced to achieve that in different situations by which the feasibility 

of the new approach is validated. The results of this simulation will be 

illustrated thus proof the effectiveness of our approach as follows: 

1. Appling a proposed approach on the obtained path1 that started with 

(28, 23) as start state and (38, 26) as goal state which it lies in the 

environment 1. 

 

This path is located within an area that is very dense with 

obstacles. Therefore, the number of neighborhood obstacles that 

surrounding the path nodes are high ranged between 2 to 8, This restricts 

the robot speed that depends on the number of surrounding obstacles to 

reach its highest value at 68 velocity unit. the robot velocity average on 

this path is low 45.83 velocity unit. Table (4.14) shows this results. 

Table (4.14) shows the results of applicating a proposed approach on 

path1. 

Node 

no. 

Robot 

ve 

Obstacle 

no. at 

lev. 1  

Obstacle 

no. at 

lev. 2 

Obstacle 

velocity 

Rotation  

angle 

Angle  

velocity 

Adaptive 

velocity 

Average 

velocity 

(28,23) 0 -  - - - 0  

 

 

 

 

 

48.58 

(29,23) 20 6 2 38 180 80 20 

(30,23) 40 6 2 38 180 80 38 

(31,23) 38 6 1 41 180 80 41 

(32,23) 41 5 3 41 135 60 41 

(33,22) 41 4 0 56 180 80 56 

(34,22) 56 2 4 56 135 60 56 

(35,23) 56 5 0 50 135 60 50 

(36,23) 50 3 1 59 180 80 59 

(37,23) 59 3 0 62 180 80 62 

(38,23) 62 1 1 71 135 60 60 

(39,24) 60 2 0 68 135 60 60 
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Figure (4.8) Applicating the second improvement approach on path 1 

2- Now, we apply the new approach on path 2 that is located in area with 

less obstacles’ intensity. This path starts with (2, 4) and ends with (16,0), 

also it lies in the same environment.  

The results show that the velocity values which is based on the 

number of obstacles that are surrounding the current node their values 

range from 44 to 68 and the average of adaptive velocity is ranged 

between 20 to 60 velocity unit. The average of adaptive velocity is 52.12 

velocity. Table (4.15) shows the results of applicating the second 

proposed improvement approach on path 2. 
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Applicating the second improvement approach on path 1 

Robot Obstacle Angle Adaptive

(39,25) 60 2 5 53 135 60 40 

(38,26) 0      0 

 Mean 48.583 

 Mean 52.75 

 Mean 70 

 Mean 48.583 
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Table (4.15) results of applicating the second proposed improvement 

approach on path 2. 

 

Node 

no. 

Robot 

ve. 

Obstacle 

no. at 

lev. 1 

Obstacle 

no. at 

lev. 2 

Obstacle 

velocity 

Rotation  

angle 

Angle  

velocity 

Adaptive 

velocity 

Averag

e 

velocity 

(2,4) 0 -  - - - 0 55.08 

 (3,5) 28 3 2 56 180 80 28 

(4,6) 28 3 0 62 135 60 56 

(5,6) 56 2 2 62 135 60 60 

(6,5) 60 3 2 56 135 60 56 

(7,5) 56 3 1 59 180 80 59 

(8,5) 59 4 2 50 180 80 50 

(9,5) 50 5 1 47 180 80 47 

(10,5) 47 4 1 53 180 80 53 

(11,5) 53 4 0 56 180 80 56 

(12,5) 56 2 2 62 135 60 60 

(13,4) 60 3 1 59 135 60 59 

(14,4) 59 2 1 65 180 80 65 

(15,4) 65 2 0 68 180 80 68 

(16,4) 68 2 1 65 135 60 60 

(17,3) 60 2 0 68 135 60 60 

(17,2) 60 2 3 59 135 60 59 

(16,1) 59 3 2 56 135 60 40 

(16,0) 40      0 
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Figure (4.9) Applicating the second improvement approach on path 2 

3-When the second proposed improvement approach was applied to the 

third path, which is located in the second environment within a semi-

obstacle-free area.  

Through the results that appeared in the table (4.16) below, we 

note that the permissible velocity range based on the number of 

obstacles surrounding the current node and the motion direction 

increased to range between 62 to 80 velocity units.  The velocity based 

on the values of the angles at each node, they are between 60 and 80 

velocity units. This leaded to an increase in the average of adaptive 

speed to become 65.09 units of speed and thus be more realistic in 

proportion to the nature of the surrounding environment. 
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 Mean 54.352   

 Mean 59. 

 Mean 69.411 

 Mean 55.058 
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Table (4.16) results of application the second proposed improvement 

approach on path 3. 

Node 

no. 

Robot 

ve 

Obstacle 

no. at 

lev. 1 

Obstacle 

no. at 

lev. 2 

Obstacle 

velocity 

Rotation  

angle 

Angle  

velocity 

Adaptive 

velocity 

Average 

velocity 

(34,15) 0 -  - - - 0  

 

 

 

 

 

 

 

 

 

 

 

65.36 

 

(35,16) 0 0 0 80 180 80 28 

(36,17) 28 0 0 80 180 60 56 

(37,18) 56 0 0 80 180 80 80 

(38,19) 80 0 1 77 180 80 77 

(39,20) 77 1 1 71 180 80 71 

(39,21) 71 2 0 68 180 80 68 

(39,22) 68 2 1 65 180 80 65 

(40,23) 65 2 0 68 180 80 68 

(41,23) 68 2 0 68 135 60 60 

(42,24) 60 0 0 80 180 80 80 

(43,25) 80 0 0 80 180 80 80 

(44,26) 80 0 0 80 180 80 80 

(45,27) 80 0 0 80 180 80 80 

(46,28) 68 0 1 77 135 60 60 

(46,29) 60 1 2 71 180 80 71 

(46,30) 71 2 0 68 180 80 68 

(46,31) 68 2 1 65 135 60 60 

(45,32) 60 2 1 65 135 60 60 

(44,32) 60 4 0 56 135 60 56 

(44,33) 56 1 0 74 180 80 74 

(44,34) 74 0 0 80 180 80 80 

(44,35) 80 0 0 80 180 0 40 

(44,36) 40      0 
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Figure (4.10) Applicating the second improvement approach on path 3 

 

4- Finally, when the new approach is applied on the fourth path that 

beginning from (34, 12) until (35, 36) which lies in the third 

environment with size 50x50. On the other hand, this path is located in 

free-obstacles area.  

Beyond applying the second research approach on the fourth path, 

the obtained results from this application for robot velocity's adaptation 

to meet its environment's nature have been introduced by table (4.17) 

neatly. 
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 Mean 64.090 
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Table (4.17) results of applicating the second proposed improvement 

approach on path 4. 

Node 

no. 

Robot 

ve 

Obstacle 

no. at 

lev. 1 

Obstacle 

no. at 

lev. 1 

Obstacle 

velocity 

Rotation  

angle 

Angle  

velocity 

Adaptive 

velocity 

Average 

velocity 

(34,12) 0 -  - - - 0  

 

 

 

 

 

 

 

 

 

 

 

74.08 

 

(34,13) 28 0 0 80 135 60 28 

(35,14) 28 0 0 80 180 80 48 

(35,15) 48 0 0 80 180 80 64 

(35,16) 64 0 0 80 180 80 80 

(35,17) 80 0 0 80 180 80 80 

(35,18) 80 0 0 80 180 80 80 

(35,19) 80 0 0 80 180 80 80 

(35,20) 80 0 0 80 180 80 80 

(35,21) 80 0 0 80 180 80 80 

(35,22) 80 0 0 80 180 80 80 

(35,23) 80 0 0 80 180 80 80 

(35,24) 80 0 0 80 180 80 80 

(35,25) 80 0 0 80 180 80 80 

(35,26) 80 0 0 80 180 80 80 

(35,27) 80 0 0 80 180 80 80 

(35,28) 80 0 0 80 180 80 80 

(35,29) 80 0 0 80 180 80 80 

(35,30) 80 0 0 80 180 80 80 

(35,31) 80 0 0 80 180 80 80 

(35,32) 80 0 0 80 180 80 80 

(35,33) 80 0 0 80 180 80 80 

(35,34) 80 0 0 80 180 80 40 

(35,35) 40 0 0 80 180 80 40 

(35,36) 40      0 
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Figure (4.11) Applicating the second improvement approach on path 4 

 

By taking a closer look at the results in the above tables, we can 

say that the second proposed approach achieved good results for 

optimizing the robot’s velocity by a percentage that sometimes exceeds 

300%. table (4.18) above shows the results obtained by applying the 

second improved approach of this dissertation on the four paths within 

its work environment that differ in terms of the intensity of the 

surrounding obstacles and the value of the rotation angle at each node of 

the path. The minimum velocity that the robot can travel is 20 units of 

speed which is one of the characteristics of the robot that has been 

assumed previously. 
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Table (4-18) The comparison results 

  Approach Name Path Lowest 

Velocity 

Adaptive 

Velocity 

Percentage 

 

Robot’s Adaptive Velocity for 

planned path by hybrid 

adaptive dimensionality with 

GSO 

1 20 45.3 226.5% 

2 20 52.12 260.6% 

3 20 66 330% 

4 20 76.2 381.5% 

   300% 

Adaptive Robot speed control 

by Considering Map and 

Localization Uncertainty 

  

0.3 

 

0.9 

 

300% 

               By taking a closer look at the results in the above tables, we 

can say that the second proposed approach achieved good results for 

optimizing the robot’s velocity by a percentage that sometimes exceeds 

300%. table (4.18) above shows the results obtained by applying the 

second improved approach of this dissertation on the four paths within 

its work environment that differ in terms of the intensity of the 

surrounding obstacles and the value of the rotation angle at each node of 

the path. The minimum velocity that the robot can travel is 20 units of 

speed which is one of the characteristics of the robot that has been 

assumed previously. 

The first path passes through a very dense area with obstacles, so 

the speed of the robot has been adapted to 45.3 velocity units, an 
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increase of 25.3 velocity units compare w the minimum speed that the 

robot can move towards the goal. While in the second path, the robot 

passed in a less dense obstacles environment  and rotation angles with 

different values than in the first path, which led to an increase in its 

average speed, reaching 52.12 speed units.  

A remarkable decrease in the number of obstacles that are 

surrounding the third path nodes, which are located at the two closest 

levels to its nodes, which led to an increase in the robot's speed while 

traveling between the path nodes reaching the goal to become about 66 

speed units. 

As for the track extending between the two knots (12, 34), (36, 

35), which passed through an area almost free of obstacles, so that its 

speed was close to its highest assumed speed (80 speed units), which 

reached 76.2 speed units. 

Finally, by calculating the average robot speed, which was 

obtained through the four aforementioned simulations, it was found 

equal to 60 speed units, which is 3 times the minimum speed that the 

robot can move by it. Therefore, the percentage of its velocity increase 

amounted to 300%, which is equal to the percentage obtained using 

approach that proposed in [6] and this indicates the effectiveness of the 

proposed approach for this research.  
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5.1  Introduction 

In this dissertation, contributions related to the controlling of 

robot velocity and finding optimal path depending on glowworm 

optimization are presented. This chapter concentrates on the main 

conclusions derived from the work and the future directions presented in 

sections 5.2 and 5.3. 

5.2 Conclusion 

1. Using an appropriate data structure significantly reduces both a 

storage space and the time that are required to perform the 

calculations to find the robot path or to adaptive the robot velocity.  

This study also develops method of data structure to the state space 

and the values of dimensions for each represented unit in the space. 

The efficiency of this data structure will influence the proposed 

approaches to reduce the size of the required storage space and the 

time to find an optimal path. 

 

2. Taking the factors that affect the robot velocity during its movement 

toward its goal within its work environment  ensures, in a remarkable 

way, a successful adaptation process to its velocity, which leads to 

increase in its speed and move safely without colliding or falling. 

3. Using an appropriate data structure significantly reduces both a 

storage space and the time that are required to perform the 

calculations to find the robot path or to adaptive the robot velocity.  

This study also develops method of data structure to the state space 

and the values of dimensions for each represented unit in the space. 

The efficiency of this data structure will influence the proposed 
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approaches to reduce the size of the required storage space and the 

time to find an optimal path. 

 

4. In this dissertation, simulation experiments have been applied to many 

dynamic environments that differ in terms of size, number of gates 

and density of obstacles that differ in terms of size, shape, and 

type(static and dynamic). All the simulation experiments that were 

conducted to find the optimal path proved that the first proposed 

approach for this dissertation is the efficient, compared with the other 

two approaches which as follows: 

A. Using the first improvement approach for this research study is 

significantly reduced the number of iterations that are required to 

find the optimal path for the robot, as the average number of 

iterations required became (19.33) iterations, while for the same 

experiments the average of execution time for the hybrid mixed D∗ 

algorithm with Lbest PSO and the hybrid improved D* with Lbest 

PSO are 84.16, 29.46 iterations respectively. 

 

B. Additionally, the average of path cost of the proposed algorithm is 

19.27, which is the best value compared with the averages that are 

obtained by applying both the hybrid D∗ algorithm with Lbest PSO 

and the hybrid improved D* with Lbest PSO algorithms which have 

been 84.17 and 29.47, respectively. 

C. Finally, the comparison results illustrate that the average of 

execution time is 4.81 seconds for the experiments of the proposed 

approach. While, for the same experiments the average of execution 

time for the hybrid D∗ algorithm with Lbest PSO and the hybrid 
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improved D* with Lbest PSO are 23.10 second and  10.616 second 

respectively.  

Also, the second improvement approach of this dissertation is able 

to adapt the robot velocity to become as  48.58 velocity unit when 

the robot path pass through when the robot path passes through a 

very obstacles-dense environment. On the other hand, when the 

robot moves through semi obstacle-free area, its velocity is 

increased to become about 60.22. Additionally, when the robot 

moves in free-obstacles area, its velocity is increased so much to 

nearly from its maximum value (80 velocity unit) to become 74.08 

velocity. Also, the results show that the second proposed 

improvement approach of this dissertation adapt the robot velocity 

to increase it by 300% in comparing with the low robot velocity (20 

velocity unit). 

 

5.2 Suggested Future Works 

 There are many suggestions that can be achieved in the future 

which as follows: 

1. Increasing the number of dimensions by adding other useful 

dimensions that allow to take smarter decisions to find the optimal 

path, including the nature of the environment, determining the densest 

obstacles' areas, and trying to choose paths within the least dense 

areas as much as possible to improve the speed of the robot, but not at 

the expense of an increase in the cost of the path and according to 

weights and measurements to be determined. 
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2. An additional mechanism can be used to adapt the robot’s speed by 

moving it away from obstacles, at least one node, during its movement 

to avoid gradient in its speed as much as possible. 

 

3. A good future direction is implementing another GSO algorithms 

and studying their features with robot path planning problem to 

determine the most efficient algorithm. 
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 ولخصال

رحزم انشٔثٕربد اْزًبيًب كجٛشًا فٙ حٛبح الإَسبٌ خبصخ فٙ فٙ أٚبيُب ْزِ ، 

 لبًشكان يٍ انصُبعبد انحذٚثخ انزٙ رعًم رهمبئٛبً. ٚعزجش رخطٛظ يسبس انشٔثٕد

شئٛسٛخ نحشكخ انشٔثٕد اٜيُخ ٔانفعبنخ. عهٗ انجبَت اٜخش ، ٚعذ رحسٍٛ سشعخ ان

ٗ يٕضع انٓذف انشٔثٕد انًحًٕل يٍ انًٕضع الأٔنٙ إن عُذ اَزمبلانشٔثٕد 

ب فٙ يجبل انشٔثٕربد. ثبلإضبفخ إنٗ رنك ، ٚعذ انزحكى فٙ سشعخ  ًً عبيلاً حبس

ب فٙ انحبلاد انزبنٛخ. ) ًً خبنٛخ انشٔثٕد فٙ انًُطمخ انحشكخ  ) عُذ1انشٔثٕد أيشًا يٓ

ب إنٗ 2انضٛمخ. ) ًٓ رى     .انٓذف) عُذيب ٚهزف انشٔثٕد حٕل صٔاٚب يسبسِ يزج

) ثُجبح نحم ْزا انُٕع يٍ انًشبكم. يٍ َبحٛخ ADانزكٛفٛخ ) اسزخذاو يفٕٓو الأثعبد

أخشٖ ، فئٌ خٕاسصيٛبد رحسٍٛ ركبء انسشة َبجحخ إنٗ حذ كجٛش فٙ إٚجبد حهٕل 

 نًشبكم رخطٛظ يسبس انشٔثٕد.

انٓذف الأٔل نٓزا انجحث ْٕ رطٕٚش َٓج نزخطٛظ يسبس انشٔثٕد فٙ فضبء 

سزُذ إنٗ انحمبئك انسبثمخ. ٚزشكض انزحسٍٛ فٙ انحبنخ انخبص ثبنجٛئخ انذُٚبيٛكٛخ انزٙ ر

ْزا انُٓج انًمزشح فٙ أٌ عذد انجٛشاٌ انزٍٚ سٛزى اخزٛبسْى نزحذٚذ عمذح انًسبس 

ب يزكٛفبً )غٛش ثبثذ نجًٛع انعمذ). لأٌ عذد انعمذ انًجبٔسح انزٙ  ًً انزبنٛخ سٛكٌٕ سل

سًبد يحذدح ٔٚجت أٌ  سٛزى رحذٚذْب نزحذٚذ انعمذح انحبنٛخ انزبنٛخ ٚجت أٌ ٚكٌٕ نٓب

 ). MVRركٌٕ يٕجٕدح ضًٍ انُطبق انًشئٙ الألصٗ )

ٚؤد٘ ْزا انزطٕس إنٗ رمهٛم سعخ انزخضٍٚ انًطهٕثخ ، ٔثبنزبنٙ رمهٛم انٕلذ 

انز٘ رسزغشلّ انًعبنجخ. رؤد٘ الأثعبد انزكٛفٛخ أٚضًب إنٗ رمهٛم عذد انزكشاساد 

خ انٓذف. ٚزى رحمٛك انٓذف انثبَٙ انًطهٕثخ نزحذٚذ انًسبس يٍ حبنخ انجذاٚخ إنٗ حبن

يٍ ْزا انجحث يٍ خلال رطٕٚش َٓج نزحسٍٛ سشعخ انشٔثٕد ثُبءً عهٗ انعٕايم 

انزبنٛخ ، لًٛخ كم صأٚخ دٔساٌ فٙ كم عمذح يٍ انًسبس انزٙ َزجذ عٍ رطجٛك انُٓج 

 الأٔل ٔعذد انعٕائك انًجبٔسح انزٙ رحٛظ ثٓزِ انعمذح ضًٍ ألشة يسزٍٕٚٛ نٓب.
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ذٚذ فعبنٛخ ْزٍٚ انُٓجٍٛ يٍ خلال رطجٛمًٓب عهٗ ثٛئبد دُٚبيٛكٛخ ٚزى رح 

يخزهفخ نهعثٕس عهٗ انًسبس الأيثم نهشٔثٕد ٔيٍ ثى رحسٍٛ سشعزّ ثى يمبسَخ ْزِ 

انُزبئج انزٙ رى انحصٕل عهٛٓب يع انُزبئج انزٙ رى جًعٓب يٍ خلال رطجٛك انعذٚذ يٍ 

شق انجحث انًمزشحخ فٙ رمهٛم عذد الأسبنٛت الأخشٖ. رثجذ ْزِ انًمبسَبد فعبنٛخ ط

انزكشاساد انًطهٕثخ نهحصٕل عهٗ يسبس انشٔثٕد. كًب أَٓب لههذ ثشكم كجٛش يٍ 

انٕلذ انًطهٕة نزشغٛم انجشَبيج. يٍ َبحٛخ أخشٖ ، رى رحسٍٛ يعذل سشعخ 

 .٪ ، ْٔزا ٚشٛش إنٗ فعبنٛخ انُٓج انثبَٙ انًمزشح.333انشٔثٕد ثُسجخ رصم إنٗ 

 

 


