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Preface

The objective of the book is to provide the reader with a comprehensive coverage of
two important research problems in mobile robots, namely global path planning and
cooperative multi-robots applications with a focus on multi-robot task allocation
(MRTA) problem. As such, this book is organized in two major parts: Global Path
Planning, and Multi-Robot Task Allocation. The objective of the first part of the
book is to respond to a research question that we have been investigating along the
two-year period of the iroboapp project: considering the vast array of AI techniques
used to solve the robot path planning problem ranging from evolutionary compu-
tation techniques (e.g. GA, ACO) to meta-heuristic methods (e.g. A*), which
technique is the best? In this part, we first revisit the foundations and present a
background of the global path planning problem, and the underlying intelligent
techniques used to solve it. Then, we present our new intelligent algorithms to solve
these problems, based on common artificial intelligence approaches, and we ana-
lyze their complexities. Different simulation models using C++, MATLAB and
others have been devised. An extensive comparative performance evaluation study
between the path planning algorithms is presented. In addition, we validate our
results through real-world implementation of these algorithms on real robots using
the Robot Operation System (ROS). The second part of the book deals with
cooperative mobile robots. We focus on the multi-robot task allocation (MRTA)
problem and we present a comprehensive overview on this problem. Then, we
present a distributed market-based mechanism for solving the multiple depot,
multiple travel salesman problem which is a typical problem for several robotics
applications. A major contribution of this book is that it bridges the gap between
theory and practice as it shows how to integrate the global path planning algorithms
in the ROS environment and it proves their efficiency in real scenarios. We believe
that this handbook will provide the readers with a comprehensive reference on the
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global path planning and MRTA problems starting from foundations and modeling,
going through simulations and real-world deployments. Links to videos and
demonstrations will be included in the book.
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Chapter 1
Introduction to Mobile Robot Path
Planning

Abstract Robotic is now gaining a lot of space in our daily life and in several
areas in modern industry automation and cyber-physical applications. This requires
embedding intelligence into these robots for ensuring (near)-optimal solutions to
task execution. Thus, a lot of research problems that pertain to robotic applica-
tions have arisen such as planning (path, motion, and mission), task allocation prob-
lems, navigation, tracking. In this chapter, we focused on the path planning research
problem.

1.1 Introduction

Moving from one place to another is a trivial task, for humans. One decides how to
move in a split second. For a robot, such an elementary and basic task is a major
challenge. In autonomous robotics, path planning is a central problem in robotics.
The typical problem is to find a path for a robot, whether it is a vacuum cleaning
robot, a robotic arm, or a magically flying object, from a starting position to a goal
position safely. The problem consists in finding a path from a start position to a target
position. This problem was addressed in multiple ways in the literature depending
on the environment model, the type of robots, the nature of the application, etc.

Safe and effective mobile robot navigation needs an efficient path planning algo-
rithm since the quality of the generated path affects enormously the robotic applica-
tion. Typically, the minimization of the traveled distance is the principal objective of
the navigation process as it influences the other metrics such as the processing time
and the energy consumption.

This chapter presents a comprehensive overview onmobile robot global path plan-
ning and provides the necessary background on this topic. It describes the different
global path planning categories and presents a taxonomy of global path planning
problem.

© Springer International Publishing AG, part of Springer Nature 2018
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4 1 Introduction to Mobile Robot Path Planning

1.2 Overview of the Robot Path Planning Problem

Nowadays, we are at the cusp of a revolution in robotics. A variety of robotic systems
have been developed, and they have shown their effectiveness in performing different
kinds of tasks including smart home environments [1], airports [2], shopping malls
[3], manufacturing laboratories [4]. An intelligence must be embedded into robot
to ensure (near)-optimal execution of the task under consideration and efficiently
fulfill the mission. However, embedding intelligence into robotic system imposes
the resolution of a huge number of research problems such as navigation which is
one of the fundamental problems of mobile robotics systems. To finish successfully
the navigation task, a robot must know its position relatively to the position of its
goal. Moreover, he has to take into consideration the dangers of the surrounding
environment and adjust its actions to maximize the chance to reach the destination.

Putting it simply, to solve the robot navigation problem, we need to find answers
to the three following questions:Where am I?Where am I going? How do I get there?
These three questions are answered by the three fundamental navigation functions
localization, mapping, and motion planning, respectively.

• Localization: It helps the robot to determine its location in the environment.Numer-
ous methods are used for localization such as cameras [5], GPS in outdoor envi-
ronments [6], ultrasound sensors [7], laser rangefinder [8]. The location can be
specified as symbolic reference relative to a local environment (e.g., center of a
room), expressed as topological coordinate (e.g., in Room 23) or expressed in
absolute coordinate (e.g., latitude, longitude, altitude).

• Mapping: The robot requires a map of its environment in order to identify where
he has been moving around so far. The map helps the robot to know the direc-
tions and locations. The map can be placed manually into the robot memory (i.e.,
graph representation, matrix representation) or can be gradually built while the
robot discovers the new environment. Mapping is an overlooked topic in robotic
navigation.

• Motion planning or path planning: To find a path for the mobile robot, the goal
position must be known in advance by the robot, which requires an appropriate
addressing scheme that the robot can follow. The addressing scheme serves to
indicate to the robotwhere itwill go starting from its starting position. For example,
a robot may be requested to go to a certain room in an office environment with
simply giving the room number as address. In other scenarios, addresses can be
given in absolute or relative coordinates.

Planning is one obvious aspect of navigation that answers the question:What is the
best way to go there? Indeed, for mobile robotic applications, a robot must be able to
reach the goal position while avoiding the scattered obstacles in the environment and
reducing the path length. There are various issues need to be considered in the path
planning of mobile robots due to various purposes and functions of the virtual robot
itself as shown in Fig. 1.1. Most of the proposed approaches are focusing on finding
the shortest path from the initial position to goal position. Recently, researches are
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Issues in path planning 
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Fig. 1.1 Different issues of path planning

focusing on reducing the computational time and enhancing smooth trajectory of the
virtual robot [9]. Other ongoing issues include navigating the autonomous robots
in complex environments [10]. Some researchers consider movable obstacles and
navigation of the multi-agent robot [11].

Whatever the issue considered in the path planning problem, three major concerns
should be considered: efficiency, accuracy, and safety [12]. Any robot should find its
path in a short amount of time and while consuming the minimum amount of energy.
Besides that, a robot should avoid safely the obstacles that exist in the environment.
It must also follow its optimal and obstacle-free route accurately.

Planning a path in large-scale environments is more challenging as the problem
becomes more complex and time-consuming which is not convenient for robotic
applications inwhich real-time aspect is needed. In our researchwork,we concentrate
on finding the best approach to solve the path planning for finding shortest path in a
minimum amount of time. We also considered that the robot operates in a complex
large environment containing several obstacles having arbitrary shape and positions.

1.2.1 Problem Formulation

In [13], Latombe describes the path planning problem as follows:

• A ⊂ W : The robot, it is a single moving rigid object in world W represented in
the Euclidean space as R2 or R3.

• O ⊂ W : The obstacles are stationary rigid objects in W .
• The geometry, the position, and the orientation of A and O are known a priori.
• The localization of the O in W is accurately known.

Given a start and goal positions of A ⊂ W , plan a path P ⊂ W denoting the set of
position so that A(p)

⋂
O = ∅ for any position p ∈ P along the path from start

to goal, and terminate and report P or ∅ if a path has been found or no such path
exists. The quality of the path (optimal or not) is measured using a set of optimization
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criteria such as shortest length, runtime, or energy.
Four different concepts in this problem need to be well described:

• The moving robot’s geometry.
• The workspace (environment) in which the robot moves or acts.
• The degrees of freedom of the robot’s motion.
• The initial and the target configuration in the environment, between which a tra-
jectory has to be determined for the robot.

Using this information, we construct theworkspace of themobile robot. Path plan-
ning problems can be directly formalized and solved in a 3D workspace. However,
these workspace solutions cannot easily handle robots with different geometries and
mechanical constraints. To overcome these difficulties, path planningmay be formal-
ized and solved in a new space called the configuration space. In the configuration
space, a robot with a complex geometric shape in a 3D workspace is mapped to a
point robot. The robot’s trajectory corresponds to a continuous curve in the high-
dimensional configuration space, and the environment in which it travels is defined
in a two-dimensional plane as depicted in Fig. 1.2. The advantage of the configura-
tion space representation is that it reduces the problem from a rigid body to a point
and thus eases the search. The notion of configuration space was first presented by
Lozano-Pérez [14]. It contains all the robot configurations. It is denoted by C . In
realistic robot applications, the environment in which the robot acts contains obsta-
cles. These obstacles cause some configurations to be forbidden. For example, a
configuration c is forbidden if the robot configured at c hits with any of the obstacles
in the workspace. More generally, the configuration space C is partitioned into a set
of forbidden configurations C f or b, and a set of free configurations C f ree.

The robot’s path is a continuous function p : [0, L] → C , where L is the length of
the path. The path planning problem consists to find an obstacle-free path between a
given start configuration s ∈ C and goal configuration g ∈ C . Formulated in terms of
the configuration space C , that is finding a path p such that p(0) = s and p(L) = g,

Fig. 1.2 Workspace and configuration space
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and ∀(pos ∈ [0, L]::p(pos) ∈ C f ree). If such a path does not exist, failure should
be reported. In addition to this definition, one may define a quality of measure on all
possible paths and require that the path that optimizes this measure is found.

1.3 Path Planning Categories

In this section, we give a classification of the different problems related to mobile
robots path planning. It can be divided into three categories according to the robot’s
knowledge that it has about the environment, the environment nature, and the
approach used to solve the problem as depicted in Fig. 1.3.

Environment Nature: The path planning problem can be done in both static and
dynamic environments: A static environment is unvarying, the source and destination
positions are fixed, and obstacles do not vary locations over time. However, in a
dynamic environment, the location of obstacles and goal position may vary during
the search process. Typically, path planning in dynamic environments encompasses is
more complex than that in static environments due to uncertainty of the environment.
As such, the algorithms must adapt to any unexpected change such as the advent of
new moving obstacles in the preplanned path or when the target is continuously
moving. When both obstacles and targets are moving, the path planning problem
becomes even more critical as it must effectively react in real time to both goal and
obstacle movements. The path planning approaches applied in static environments
are not appropriate for the dynamic problem.

Map knowledge: Mobile robots path planning basically relies on an existing map
as a reference to identify initial and goal location and the link between them. The
amount of knowledge to the map plays an important role for the design of the path
planning algorithm. According to the robot’s knowledge about the environment, path
planning can be divided into two classes: In the first class, the robot has an a priori
knowledge about the environment modeled as a map. This category of path planning

Fig. 1.3 Path Planning Categories
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Table 1.1 Global and local path planning

Local path planning Global path planning

Sensor-based Map-based

Reactive navigation Deliberative navigation

Fast response Relatively slower response

Suppose that the workspace area is incomplete
or partially incomplete

The workspace area is known

Generate the path and moving toward target
while avoiding obstacles or objects

Generate a feasible path before moving toward
the goal position

Done online Done offline

is known as global path planning or deliberative path planning. The second class of
path planning assumes that the robot does not have a priori information knowledge
about its environment (i.e., uncertain environment). Consequently, it has to sense the
locations of the obstacles and construct an estimated map of the environment in real
time during the search process to avoid obstacles and acquire a suitable path toward
the goal state. This type of path planning is known as local path planning or reactive
navigation. Table1.1 presents the differences between the two categories.

Completeness: Depending on its completeness, the path planning algorithm is clas-
sified as either exact or heuristic. An exact algorithm finds an optimal solution if
one exists or proves that no feasible solution exists. Heuristic algorithms search for
a good-quality solution in a shorter time.

Robot path planning also could be classified according to the number of robots that
exist in the same workspace to do the same mission. In many applications, multiple
mobile robots cooperate together in the same environment. This problem is called
Multi-Robot Path Planning. Its objective is to find obstacle-free paths for a team of
mobile robots. It enables a group of mobile robots to navigate collaboratively in the
same workspace to achieve spatial position goals. It is needed to ensure that any two
robots do not collide when following their respective paths.

1.4 Spatial Representations Commonly Used in Path
Planning

Roughly, map-based path planning models fall into two categories depending on the
way of looking at the world [15].

Qualitative (Route) PathPlanning: (Figure1.4a) In this category, there is no a priori
map that represents the world, but it is rather specified by routes from the initial to
target location. The world is represented as a connection between landmarks, and a
sequence of connected landmarks will represent the route. This approach is similar to
how humans describe a route in their natural language (e.g., go straight until reaching
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(a) Qualitative Path Planning (b) Metric Path Planning

Fig. 1.4 Spatial representations commonly used in path planning

the XYZ restaurant, then turn toward the left, walk until finding the kindergarten,
then turn right). Landmarks can be any kind of recognizable and perceivable objects
that can uniquely identify a location.

Metric (Layout) Path Planning: (Figure1.4b) The world is specified using a layout
representation that is the map. The map provides an abstract representation to the
world (e.g., street layout, intersections, roads). It has to be noted that it is possible
to generate route based on layout representation of the environment, but not in other
way. In robotics,metric path planning ismore attractive than qualitative path planning
as it is possible to represent the environment in a clear structure that the robot can
use to plan and find its path. Furthermore, it allows the robot to reason about space.
In fact, metric maps decompose the environment into a set of distinct points, called
waypoints, which are fixed locations identified by their (x,y) coordinates. Planning
the path will then consist in finding the sequence of connected waypoints that lead
to the goal position while minimizing the path cost. The path cost can be defined as
the path length, or path with minimum energy consumption, or the path delay, etc.,
depending on one of the problem requirements.

1.4.1 Environment Characterization

The robotic environments are characterized in terms of the shape of their obstacles.
There are two main types of environments:

Structured environment: in which obstacles have a structured shape and nicely
placed within the map. In such a case, the robotic map can easily specify the way
the robot can move avoiding obstacles. For instance, in [?], obstacles do not have the
actual shape and are represented by dots (for position only) or circles (for position and
size). In some other research works [16], environments with only rectangular obsta-
cles are dealt with. In some approaches [17], grids and quad tree are applied to the
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robot environments for discretization, and obstacles are represented approximately
by fitting into the cells.

Unstructured environment or semi-structured: Real robot environments are usu-
ally unstructured inwhich obstaclesmay have different shape and sizes and be placed
in inclined orientation. In such a case, the path planning problem is relatively com-
plex. The algorithm needs to compute a feasible and an optimal path. [18] proposed
a real-time path planning of autonomous vehicles for unstructured road navigation.

1.4.2 Path Planning Complexity

If we consider the general formulation of the motion planning problem, where the
robot is not simply a point, it has been rigorously proven in this case [19] that
the problem is PSPACE-hard (and hence NP-hard). The reason for this is that the
configuration space has an unbounded dimension. As for a point robot, the dimension
of the working space is bounded (generally 2 or 3), which makes the shortest path
problem solvable in polynomial time: (O((n) log(n)) as an upper bound) [20].

As mentioned in Sect. 1.3, path planning problem could be solved using either
exact or heuristic methods. The question is why exponential techniques are used to
solve a polynomial problem?

This could be explained by the following reasons:

• Exact methods such as the well-known polynomial Djikstra’s algorithm [21] per-
form a lot of irrelevant computations for reaching the goal. It is not going in the
right direction.

• The state space of the problemmay be large due to a fine-grain resolution required
in the task, or the dimensions of the search problem are high.

It is preferable to use intelligent exact techniques such as Astar (A∗) [22] to guide the
search toward promising regions (regions leading to optimal paths) and so avoiding
to perform irrelevant computations. On the other hand, the exact methods may only
be able to work over low-resolution workspace; if the dimension of the workspace
increase, we may observe an increase in computational time.
We can say that in theory the path planning problem as described above has a poly-
nomial complexity, but there is no efficient polynomial technique to solve them in
practice due to the above reasons.

1.5 Conclusion

In this chapter, we give a general overview of the path planning problem; the different
categories of this problem, approaches used to solve it, its complexity, etc. A lot of
intelligent algorithms have been proposed to solve efficiently this problem. These



1.5 Conclusion 11

algorithms span over a large number of techniques. This diversity makes hard for a
robotic application designer to choose a particular technique for a specific problem.
Usually, researchers design and implement a particular algorithm while other tech-
niques might be more effective. This raised the need to devise a classification and
taxonomy of the different algorithms being used in the literature. This is the subject
of the next chapter.
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Chapter 2
Background on Artificial Intelligence
Algorithms for Global Path Planning

Abstract In the literature, numerous path planning algorithms have been proposed.
Although the objective of these algorithms is to find the shortest path between two
positions A and B in a particular environment, there are several algorithms based
on a diversity of approaches to find a solution to this problem. The complexity of
algorithms depends on the underlying techniques and on other external parameters,
including the accuracy of the map and the number of obstacles. It is impossible to
enumerate all these approaches in this chapter, but we will shed the light on the most
used approaches in the literature.

2.1 Introduction

The research on the path planning problem started in late 1960. Nevertheless, most
of the efforts are more recent and have been conducted during the 80’s [1]. After-
ward, several research initiatives, aiming at providing different solutions in both
static and dynamic environments, have emerged. Numerous approaches to design
these solutions have been attempted, which can be widely classified into three main
categories: classical approaches, heuristic approaches, and graph search approaches
as depicted in Fig. 2.1. The classical methods are variations and/or combinations of a
few general approaches such as Roadmap, potential field, cell decomposition. These
methods dominated this field during the first 20years. However, they were deemed
to have some deficiencies in global optimization, time complexity, robustness, etc.
The second category of methods used to solve the path planning problem is heuristic
approaches which were designed to overcome the aforementioned limits of classical
methods. Moreover, numerous numbers of graph search algorithm developed over
the last decades have been tested for path planning such as A∗, Dijkstra, Bellman
Ford, etc. In this chapter, wewill (1) give a description and a classification of themost
important approaches of path planning and (2) present an idea about the performance
of some important approaches for path planning.

© Springer International Publishing AG, part of Springer Nature 2018
A. Koubaa et al., Robot Path Planning and Cooperation, Studies in Computational
Intelligence 772, https://doi.org/10.1007/978-3-319-77042-0_2
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Fig. 2.1 Approaches used to solve the path planning problem

2.2 Classical Approaches

Here, we present the three most successful classical approaches used to solve global
robot path planning. For each approach, we present the basic ideas and a few different
realizations. For these methods, an explicit representation of the configuration space
is assumed to be known.

• The roadmap approach and its different methods such as visibility graphs method,
freeway method, and silhouette method. The basic idea of roadmap methods is
to create a roadmap that reflects the connectivity of Cfree (more details about
CFree can be found in Chap.1). A set of lines, each of which connect two nodes
of different polygonal obstacles, lie in the free space and represent a roadmap R.
If a continuous path can be found in the free space of R, the initial and goal points
are then connected to this path to arrive at the final solution, a free path. If more
than one continuous path can be found and the number of nodes on the graph is
relatively small, Dijkstra’s shortest path algorithm is often used to find the best
path. The research works [2–4] use roadmap to solve multi-robot path planning.

• The cell decomposition approach and its variants exact cell decomposition, approx-
imate cell decomposition, and wave front planner. The basic idea behind this
method is that a path between the initial node and the goal node can be determined
by subdividing the free space of the robot’s configuration into smaller regions
called cells. The decomposition of the free space generates a graph called as a
connectivity graph in which each cell is adjacent to other cells. From this connec-
tivity graph, a continuous path can be determined by simply following adjacent
free cells from the initial point to the goal point. The first step in cell decomposition
is to decompose the free space, which is bounded both externally and internally
by polygons, into trapezoidal and triangular cells by simply drawing parallel line
segments from each vertex of each interior polygon in the configuration space to
the exterior boundary. Then, each cell is numbered and represented as a node in the
connectivity graph. Nodes that are adjacent in the configuration space are linked
in the connectivity graph. A free path is constructed by connecting the initial con-
figuration to the goal configuration through the midpoints of the intersections of
the adjacent cells. The applications of robot path planning based on this method
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can be found in [2, 5]. A comparison between the cell decomposition method and
the roadmap method is conducted in [2].

• Artificial potential field approach (PFM) involves modeling the robot as a particle
moving under the influence of a potential field that is determined by the set of
obstacles and the target destination. The obstacles and the goal are assigned repul-
sive and attractive forces, respectively, so that the robot is able to move toward
the target while pushing away from obstacles. In [6], the authors implemented the
pure PFM method to solve the robot path planning and compared it against an
improved PFM and genetic algorithm. In [7], the authors presented an improved
PFM to solve path planning in an unknown environment. The authors reinforced
the algorithm with a new formula of repelling potential, which is performed in the
interest of reducing oscillations and avoiding conflicts when obstacles locate near
a target. In [8], Kim proposed a framework based on PFM to escape from a local
minimum location of a robot path that may occur under a narrow passage or other
possibly similar scenarios.

Limitations: The classical approacheswere found to be effective and capable of solv-
ing the problem through providing feasible collision-free solutions. However, these
approaches suffer from several drawbacks. Classical approaches consumemuch time
to find the solution of the problem, which is considered as a significant drawback
especially when dealing with difficult problems of large-scale and complex envi-
ronments, since they tend to generate computationally expensive solutions. Another
drawback of these classical approaches is that they might get trapped in local opti-
mum solutions away from the global optimum solution, especially when dealingwith
large environments with several possible solutions.

2.3 Graph Search Approaches

Graph search methods are other well-known approaches used to solve the path plan-
ning problem. Numerous graph search algorithms developed over the last decades
have been tested for path planning of autonomous robots, for instance Astar A∗,
Dijkstra, breadth-first search (BFS), depth-first search (DFS). In this chapter, we
will focus on Astar (A∗) [9, 10] because it is one of the most efficient algorithms
in problem solving. However, this algorithm may be time-consuming to reach the
optimal solution for hard instances depending on the density of obstacles [11–13].

2.3.1 The AStar (A*) Algorithm

2.3.1.1 Overview

The A∗ (AStar) algorithm is a path finding algorithm introduced in [9]. It is an
extension of Dijkstra’s algorithm [14]. A∗ achieves better performance (with respect
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to time), as compared to Dijkstra, by using heuristics. The A∗ algorithm is presented
in Algorithm 1.

In the process of searching the shortest path, each cell in the grid is evaluated
according to an evaluation function given by:

f (n) = h(n) + g(n) (2.1)

where g(n) is the accumulated cost of reaching the current cell n from the start
position S:

g(n) =
{

g(S) = 0
g(parent (n)) + dist (parent (n), n)

}
(2.2)

h(n) is an estimate of the cost of the least path to reach the goal position G from
the current cell n. The estimated cost is called heuristic. h(n) can be defined as
the Euclidian distance from n to G. f (n) is the estimation of the minimum cost
among all paths from the start cell S to the goal cell G. The Tie-breaking factor
t Break multiplies the heuristic value (t Break∗h(n)).When it is used, the algorithm
favors a certain direction in case of ties. If we do not use tie-breaking, the algorithm
would explore all equally likely paths at the same time, which can be very costly,
especially when dealing with a grid environment. In a grid environment, the tie-
breaking coefficient can be chosen as:

t Break = 1 + 1/(length(Grid) + width(Grid)) (2.3)

The algorithm relies on two lists: the open list which is a kind of a shopping list.
It contains cells that might fall along the best path, but may be not. Basically, this is
a list of cells that need to be checked out.

The closed list: It contains the cells already explored.
Each cell saved in the list is characterized by five attributes: I D, parentCell,

g_Cost , h_Cost , and f _Cost .
The search begins by expanding the neighbor cells of the start position S. The

neighbor cell with the lowest f _Cost is selected from the open list, expanded and
added to the closed list. In each iteration, this process is repeated. Some conditions
shouldbeverifiedwhile exploring theneighbor cells of the current cell, and aneighbor
cell is:

1. Ignored if it already exists in the closed list.
2. If it already exists in the open list, we should compare the g_cost of this path to

the neighbor cell and the g_cost of the old path to the neighbor cell. If the g_cost
of using the current cell to get to the neighbor cell is the lower cost, we change
the parent cell of the neighbor cell to the current cell and recalculate g, h, and f
costs of the neighbor cell.

This process is repeated until the goal position is reached. Working backward
from the goal cell, we go from each cell to its parent cell until we reach the starting
cell (the shortest path in the grid map is found).
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Algorithm 1. The standard Astar Algorithm A∗

input : Grid, Start , Goal
// Initialisation:

1 closedSet = empty set // Set of already evaluated nodes;
2 openSet = Start // Set of nodes to be evaluated;
3 came_ f rom = the empty map // map of navigated nodes;
4 t Break = 1+1/(length(Grid)+width(Grid)); // coefficient for
breaking ties;

5 g_score[Start] = 0; // Cost from Start along best known
path;
// Estimated total cost from Start to Goal:

6 f _score[Start] = heuristic_cost(Start , Goal);
7 while openSet is not empty do
8 current = the node in openSet having the lowest f _score;
9 if current = Goal then

10 return reconstruct_path(came_ f rom, Goal);
11 end
12 remove current from openSet ;
13 add current to closedSet ;
14 for each free neighbor v of current do
15 if v in closedSet then
16 continue;
17 end
18 tentative_g_score = g_score[current] + dist_edge(current, v);
19 if v not in openSet or tentative_g_score < g_score[v] then
20 came_ f rom[v] = current ;
21 g_score[v] = tentative_g_score;
22 f _score[v] = g_score[v] + t Break * heuristic_cost(v, Goal);
23 if neighbor not in openSet then
24 add neighbor to openSet ;
25 end
26 end
27 end
28 end
29 return failure;

2.3.1.2 A∗ for Robot Path Planning: Literature Review

Several modified A∗ versions were proposed to solve the path planning problem. The
main idea used to build suchvariants ofA* is the relaxingof the admissibility criterion
ensuring an optimal solution path. These relaxations are often bounded by weighting
the admissible heuristic in order to guarantee near-optimal solutions no worse than
(1+ ε) times the optimal solution path. This heuristic is referred to as ε-admissible.
For instance, the relaxation Weighted A* [15] uses the ε-admissible heuristic
hw(n) = ε ∗ h(n), and ε ≥ 1 is shown to be faster than the classical A* using
the admissible heuristic h since fewer nodes are expanded. Moreover, in the worst
case, the gap between the path solution found by that algorithm and the optimal
solution is of order c*(ε − 1) where c* is the cost of the optimal solution. The static
weighting relaxation [16] uses the cost function f (n) = g(n) + (1+ ε) ∗ h(n). The
dynamic weighting [17] uses the cost function f (n) = g(n)+ (1+ ε ∗w(n))∗h(n),
wherew(n) is a function of the depth of the search. Sampled dynamic weighting [18]
uses sampling of nodes to better estimate the heuristic error. Many other relaxed A*
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approaches were proposed, most of them relax the admissibility criterion. In [19], the
authors proposed an intelligent exploration of the search space, called jump points,
by selectively expanding only certain nodes in a grid map. They defined a strategy to
prune a set of nodes between two jump points so that intermediate nodes on a path
connecting two jump points are never expanded. They showed that this approach is
optimal and can significantly speed up A*. Also to enhance the performance of A*,
different optimizations were proposed in [20]. The optimizations are related to the
data structure used to implement A*, the heuristics, and the re-expansion of nodes.
Indeed, the authors proved that the use of an array of stacks instead of a list to imple-
ment the open and the closed lists speeds up theA* algorithm. They also tested differ-
ent heuristics including theManhattan heuristic, theALTheuristic, and theALTBestp
heuristic, and they showed that ALTBestp heuristic is better than the two other heuris-
tics for both A* and IDA* [21] with an array of stacks. To avoid re-expanding nodes
already expanded bygoing through the open and the closed lists, a two-step lazy cache
optimization strategy has been proposed. In [22], the authors present a performance
evaluation of TRANSIT routing technique. TRANSIT is a technique for computing
shortest path in road networks. They tested it on a set of grid-based video-game
benchmarks. They claimed that TRANSIT is strongly and negatively impacted, in
terms of running time and memory, by uniform-cost path symmetries. To solve this
problem, the authors designed a new technique for breaking symmetries using small
additive epsilon costs to perturb the weights of edges in the search graph. Simulation
results showed that the modified TRANSIT technique reduces the execution time
as compared to A* and the compressed path database (CPD) technique [23]. It also
reduces the number of expanded nodes. Likhachev et al. [24] proposed the Anytime
Repairing A* (ARA*) algorithm for path planning. ARA* runs a series of A* with
weighted heuristics, but it reuses information from previous executions. ARA* uses
a weighting value (ε) (like explained above) to rapidly find an initial suboptimal path
and then reduces ε to improve path quality over time. ARA* finds an initial solution
for a given initial value of ε and continues the search with progressively smaller
values of ε to improve the solution and reduce its suboptimality bound. The value of
ε is decreased by a fixed amount each time an improved solution is found, and the
current-best solution is proven to be ε-suboptimal. The f(s)-values of the states s ∈
OPEN list are updated to account for the new value of ε. The initial value of ε and
the amount by which it is decreased in each iteration are parameters of the algorithm.
The same team later presented the AD* algorithm (An Anytime, Re-planning Algo-
rithm) [25], an algorithm that combines the benefits of anytime and re-planning algo-
rithms to solve path planning in dynamic, relatively high-dimensional state spaces.
The AD* combines the D* lite [26] and the ARA* algorithm [24]. The core idea
of the algorithm consists in generating a set of solutions with improved bound after
executing a series of searches while decreasing the inflation factors. When there are
changes in the environment affecting the cost of edges in the graph, locally affected
states are placed on the OPEN queue with priorities equal to the minimum of their
previous key value and their new key value, as with D* Lite. States on the queue
are then processed. To evaluate the performance of AD*, they compared it against
ARA* and D* lite on real-world robotic application, and they proved that the novel
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technique is very efficient. In [27], a new Anytime A* algorithm called Anytime
Nonparametric A* (ANA*) is proposed. The algorithm improves on ARA* in five
ways: (1)ANA*does not require parameters to be set; (2)ANA* ismaximally greedy
to find an initial solution; (3) ANA* is maximally greedy to improve the current-best
solution; (4) ANA* gradually decreases the suboptimality-bound current-best solu-
tion; and (5) ANA* only needs to update the keys of the states in the OPEN queue
when an improved solution is found.

2.4 Heuristic Approaches

Classical methods dominated the field of robot path planning before 2000 but had
much lower percentage of usage after that year. Another category of approaches has
been found more popular in the robot navigation field compared to classical tech-
niques as shown in Fig. 2.2. This category was designed to overcome the aforemen-
tioned limit of the classical and exact methods, and they are called metaheuristics.
The term metaheuristic was introduced in first time by [28], which originates from
the composition of two Greek words. Heuristic derives from the verb heuriskein
which means to find, while meta means beyond. Osman and Laporte [29] defines
the metaheuristics “as an iterative generation process which guides a subordinate
heuristic by combining intelligently different concepts for exploring and exploiting
the search space, learning strategies are used to structure information in order to find
efficiently near-optimal solutions,” while [30] defines metaheuristic as an iterative
master process that guides and modifies the operations of subordinate heuristics to
efficiently produce high-quality solutions. It may manipulate a complete (or incom-
plete) single solution or a collection of solutions at each iteration. The subordinate
heuristics may be high (or low)-level procedures, or a simple local search, or just a
construction method. This category of algorithms includes but is not limited to ant

Fig. 2.2 Application of classical and heuristic algorithms [31]
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colony optimization (ACO), particle swarm optimization (PSO), genetic algorithm
(GA), iterated local search (ILS), simulated annealing (SA), Tabu Search (TS), neu-
ral network (NN), The greedy randomized adaptive search procedure (GRASP), and
variable neighborhood search (VNS). One of themain properties of themetaheuristic
approaches is the use of probabilistic decisions during the search. Both metaheuristic
algorithms and pure random search algorithms are characterized by the randomness
aspect. Metaheuristics uses it in an intelligent manner while the pure random search
uses it in a blind manner.

Characteristics of metaheuristics:

• Metaheuristic algorithms are approximate and usually non-deterministic.
• They may incorporate mechanisms to avoid getting trapped in local optimum.
• Metaheuristics are not problem-specific.
• Metaheuristics may make use of domain-specific knowledge about the form of
heuristics that are controlled by the upper level strategy.

In this section, we will present some metaheuristics considered in our research
work. The study covers four metaheuristics: neural network (NN), some of the most
common nature-inspired algorithms which are GA and ACO and local search meth-
ods such as Tabu Search. In the beginning of each subsection, an introduction of the
basic approach is provided and then some related works are presented.

2.4.1 Tabu Search

2.4.1.1 Overview

To deal with combinatorial problems, which are increasingly difficult to solve with
a computer, local search methods were used in the 70s whose principle is very sim-
ple and manage to solve some hard combinatorial problems for which exhaustive
search methods were powerless. Starting from some given solution, called current
solution, which is generated randomly or computed using a greedy algorithm, clas-
sical local search algorithms iteratively try to improve the current solution around an
appropriate defined neighborhood. When a better solution is found, the local search
continues the search from it. When no better solution can be found in the neighbor-
hood of the current solution, the local search stops in a local optimum. The drawback
of local search algorithm is that it may get stuck at a poor quality local optimum.
To overcome this drawback, many metaheuristics were proposed. In 1983, a new
metaheuristic appears called simulated annealing [32]. It allows random exploration
of the search space for escaping local optimums. In 1986, a new metaheuristic called
Tabu Search (TS) was introduced by FredGlover [33], and he provided a full descrip-
tion of themethod in 1989 [34]. The basic principle of TSmetaheuristic is to continue
the search for solutions even when a local optimum is encountered by temporary
accepting moves degrading the current solution in order to escape local optimums.
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TS has been used to solve a wide range of hard optimization problems such as job
shop scheduling, graph coloring, the traveling salesman problem (TSP), and the
quadratic assignment problem.

2.4.1.2 Tabu Search Concepts

In what follows, we describe the different concepts of the Tabu Search algorithm.
The basic schema of TS algorithm is presented in Algorithm 2.

TS simulates the problem-solving process by taking advantage of the search his-
tory. Indeed, TS is a variable neighborhood method, which employs “intelligent”
search and flexible memory techniques to avoid being stuck at a local optimum and
revisiting previously seen solutions. As a local search algorithm, the Tabu Search
method tries, in each iteration, to ameliorate the current solution around its neigh-
borhood until a fixed stopping condition is satisfied. In order to create the different
neighbor solutions, a small transformation calledmove is applied to the current solu-
tion. The move may result in either the improvement of the current solution or its
deterioration. Exploring completely the neighborhood of the current solution may
be too time-consuming. To overcome this problem, the following solutions have
been suggested: (1) Best among all. It checks all the current solution neighborhoods
and chooses the best neighboring solution that has the best cost. This method is
time-consuming as it generates and evaluates all the candidates in the neighbor-
hood. (2) First-improving. The first solution found in the neighborhood that has a
cost smaller than the current solution is chosen. This method has the advantage of
being fast, as the search of neighborhood is stopped once a new better solution is
found. (3) Best among first C (C random). This method consists to generate a set
of C neighboring solution where C is random number. Then, the best solution (that
has the lower cost than the current solution) is selected. (4) Best among first C (C
constant). First, C solutions of the current solution are created where C is constant.
The solution which has a lower cost than the current solution is selected.

To memorize the visited regions of the state space of the problem, Tabu Search
put in place a mechanism avoiding the search to rapidly returning to these regions
called Tabu List. The Tabu List is a kind of memory containing temporary tabu
moves as attributes. A move is tabu when it is not permitted to be executed. A tabu
move remains on the list during some iterations of the search. The size of the Tabu
list is referred to as tabu tenure. The duration of keeping a tabu move within the
list depends on some parameters of the search in order to guarantee the absence of
cycles. For a given problem, it may exist manyways to design and specify the tabu list
mechanism. The tabu list mechanism is described by specifying its structure and its
size, how it is updated after carrying out a move, which moves or neighborhoods are
not allowed according to the content of the list, and how long (number of iterations)
a neighborhood remains tabu. The behavior of the TS strongly depends on the tabu
tenure, if the tabu list is too short, there are a few tabu moves, then the probability to
meet a cycle increases and the algorithm explores only a few regions of the search
space. On the other hand, if the tabu list is too long, there are more tabu moves, this
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Algorithm 2. The Tabu Search Algorithm

1 Generate an initial solution s; // random or greedy algorithm may
be used

2 s*=s; // s* is the best current solution
3 TL= ; // tabu list initially empty
4 while a stop condition is not reached do
5 M ← the set of all non tabu moves plus some exceptional tabu moves

(aspiration criteria) ;
6 m ← best move of M ;
7 s ← m(s); // perform move m on s to get a new

configuration
8 update TL ;
9 if f(s*) > f(s) the s* ← s; // improve the current best

solution
10 end
11 return s* ;

allows to explore further the search space (many regions of the search space will
be covered), and the probability to meet a cycle is reduced. However, the search is
likely to miss several local optima. A good TS algorithm must make a good balance
in terms of memory by fixing an appropriate value for the tabu tenure. In order to
study and improve the performance of TS, several ways of adjusting the size of the
tabu list, expressed in terms of the number of iterations, were proposed as:

• Simply keep it constant during all the search.
• Randomly selecting it between two values min and max.

Dynamically varying it during the search; if the search tends to cycle or to stagnate,
the size of the tabu list is increased; otherwise, it is slightly reduced. In certain cases,
some tabu moves may be judged useful for improving the search. So, it is suitable to
liberate them from the tabu list; then, according certain conditions called aspiration
criteria, some tabu moves can be allowed during the search. The aspiration criterion
is a method used to relax the mechanism of the tabu list. The aspiration mechanism
determines a criterion for which a tabu move would be accepted. For instance, a
basic aspiration criterion would be to allow tabu moves improving the current-best
solution. However, one must ensure that this criterion will not lose the main role
of the tabu list, in particular the presence of cycles during the search. The stopping
conditions in Tabu Search algorithm may be:

• The allowed maximum number of iterations or max time is reached.
• A satisfactory solution was found; a lower bound of the problem can be used to
evaluate the solution quality.

• A known optimal solution is obtained.
• The search is stagnated (the best current solution was not improved along a certain
number of iterations).
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Fig. 2.3 Simple illustrative
example of the Tabu Search
algorithm
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2.4.1.3 Illustrative Example

To illustrate the different concepts used in TS, let us consider the following simple
path planning problem (Fig. 2.3) modeled as a traveling salesman problem which
consists to find an optimal tour passing once through every vertex.

A feasible solution is a tour passing once through every vertex, for instance (1, 2,
3, 4, 1) with cost 7. The state space consists of all feasible solutions, and there are
(n − 1)! = 6 feasible solutions. The (n − 1)! feasible solutions should be examined
in order to determine an optimal solution. Hence, we find that an optimal solution is
the tour (1, 3, 4, 2, 1) with cost=5.

There are many ways to encode and define a move for this problem. In our exam-
ple, a feasible solution is encoded by the set of vertices of the tour, and amove consists
in swapping any two vertices to get a new feasible solution. For instance, the neigh-
borhood of the solution (1, 2, 3, 4, 1) = {(1, 3, 2, 4, 1), (1, 4, 3, 2, 1), (1, 2, 4, 3, 1)}.
The swap is shown in blue color.

The Tabu list may be implemented as a matrix memorizing tabumoves as follows:
Each cell represents the tabu tenure of a swap operation. If two vertices are swapped,
for example, vertex 1 and vertex 2, the move will be made tabu in the matrix in both
[1][2] and [2][1]. This is to prevent the algorithm from going back on a move before
exploring a little.

2.4.1.4 Improvements of the Tabu Search Strategy

The basic Tabu Search is improved by using two important operations:

1. Intensification: Intensify searching in neighborhoods that seem to have a chance
to lead to solutions close to the optimum. This operation aims to make sure that
best solutions in these regions are indeed found. Based on a recency memory
(short-term memory), it records the number of consecutive iterations that various
solution components have been present in the current solution without interrup-
tion. Two approaches may be used to implement this operation:
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• Restart the search from the best currently known solution by fixing the com-
ponents that seem to be more attractive.

• Restart the search from the best currently known solution by modifying the
neighborhood (increasing the size of the neighborhood) in such way to allow
more moves.

2. Diversification: After a certain number of consecutive iterations, the search pro-
cessus is stagnated. The diversificationmechanism can be used tomove the search
toward a new area. If the search is too local, then it is displaced from the current
neighborhood to another one. High priority is given to solutions of another neigh-
borhood than the current one. Moves that are not applied or rarely applied are
tried. Based on a frequency memory (long-term memory), it records the number
of total iterations from the beginning that various solution components have been
present in the current solution. This operation can be implemented by restarting
the search from a solution that contains components rarely used.

2.4.1.5 Robot Path Planning Using Tabu Search: Literature Review

TabuSearch approachhas beenproved tobe avery successfulmetaheuristic in dealing
with combinatorial problems. However, in the literature, few research works based
on Tabu Search have been proposed to solve the path planning problem. For example,
[35, 36] researchworkswere the first, as claimed in those papers, to present a solution
to the local path planning problem using the TS approach where they demonstrated
its effectiveness. The idea of the algorithm is to find, in each iteration, a set of tabu
moves to confine the robot’s locations and to guide its motion toward the destination
position. The authors also proposed an effective cost function to build a directed
path and avoid local minima. The effectiveness of the approach was demonstrated
through simulations. The time complexity of the TS-based planner was reported to
be O(n), and a solution is guaranteed to be found if a valid path exists. We note that
this approach was applied for a static environment modeled as a grid map. In [37],
a comparative study was conducted between three different approaches classified
as population-based approaches and trajectory based for solving the global path
planning problem of mobile robots: Tabu Search, simulated annealing, and genetic
algorithms. For theTabuSearch algorithm, the neighboring solutions are generated by
selecting two non-consecutive nodes from the current solution, then generating a new
random subpath between the two previously selected nodes, and concatenating the
subpath with the remainder of the current path. The negative point of this work is that
it did not give any information about the solution length (number of nodes included
in a solution), the neighborhood size, and the method followed to evaluate the costs
of neighbors, whereas these parameters impact enormously on the effectiveness of
this method. In addition, the planners were not compared against any exact method.
Simulation was performed on one example of the campus map. It was proved that
simulated annealing planner performs better than the other planners in terms of
runtime, while Tabu Search was demonstrated to offer the best solution quality.
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In [38], the authors presented a new algorithm to solve the local path planning
problem (sensor-based path planning). They proposed a sampling-based path planner
that incorporates a Tabu Search procedure to make the robot motion more intelligent
by restricting and guiding the sampling area to the more promising regions of the
free space. In the conventional sampling method, the next position of the robot is
chosen randomly; in this paper, the authors integrate a Tabu Search component to
select the best next position of the robot. Two strategies are used in the sampling
method: uniform sampling and Gaussian sampling. The Tabu Search procedure has
three phases: local search, intensification, and diversification. In the local search, two
tabu lists are used: short tabu list and long tabu list to search the best next position
of the robot. The short tabu list obliges the robot to move to the next position which
is far away from the current position and close to the goal position. The long tabu
list records all the positions already visited by the robot to prevent revisiting them
again. The intensification and diversification are used when the sampling method
is not able to find a next position for the robot. The authors tested the algorithm in
three different classes of environments: convex, concave, and maze environments,
they also compare the algorithm with different other approaches, and they proved its
performance in terms of path cost and execution time. In [39], the authors introduced
an algorithm for robot path planning (SLEEP) based on Tabu Search approach, and
they consider in their implementation both energy consumption and staying alive for
rechargeable robots. The environment model was represented by a directed graph.
Each node of the graph represents a task that the robot must accomplish. The problem
is a variation of the traveling salesman problem (TSP) as the robot must return to
the initial node for battery changing or recharging. The authors introduced first an
angle-based traveling algorithm that can generate a good initial path planning. They
presented then a TS method which is used to obtain the best order of tasks while
minimizing the energy consumption. To generate the neighborhood of the current
solution, two moves are used “swap and insert.” Experiments are conducted on a real
mobile robot, “UP-Voyager IIA”. The algorithm is compared to other approaches
that exist in the literature. The authors tested the algorithm with different number
of tasks, and they evaluate the energy consumption of the robot. They proved that
SLEEP technique can provide an effective path planning by which the robot can be
guaranteed to stay alive and finish all tasks with the minimum energy consumption.
Wang et al. in [40] proposed an approach based on Tabu Search to solve the staying-
alive and energy-efficient path planning problem. The problem is a variation of the
traveling salesman problem. The robot has to finish a set of tasks efficiently while
staying alive during the execution. The authors presented in their method the initial
solution generation, the tabu candidate selection strategies, the objective function
with penalty factor for staying-alive and tabu properties to solve the problem. They
demonstrated that the TS approach can provide an effective path planning by which
a robot can be guaranteed to stay alive and finish all tasks with the minimum energy
as compared to the greedy TSP method.



26 2 Background on Artificial Intelligence Algorithms for Global Path Planning

2.4.2 Genetic Algorithms

2.4.2.1 Overview

The genetic algorithms (GA) is a metaheuristic created by John Holland in 1975
[41]. It simulates the process of genetic evolution and the natural selection to solve
optimization and research problems. GA is a subset of a much larger branch of
computation known as evolutionary computation.

2.4.2.2 Genetic Algorithm’s Basic Concepts

Before beginning a discussion on genetic algorithms, it is essential to be familiar
with some basic terminology:

• Population: It is a subset of all the possible (encoded) solutions to the given prob-
lem.

• Chromosomes: A chromosome is one such solution to the given problem. A set of
chromosomes form a population.

• Gene: A gene is one element position of a chromosome.
• Fitness Function: A fitness function simply defined is a function which takes the
solution as input and produces the suitability of the solution as the output.

• Genetic Operators: These operators alter the genetic composition of the chromo-
somes during the execution of the algorithm.

In GA, we have a pool or a population of possible solutions to the given problem,
and the initial population may be generated at random or seeded by other heuristics.
A population is characterized by its size, the size should not be kept very large as it
can cause a GA to slow down, while a smaller population might lead to premature
convergence. Therefore, an optimal population size needs to be decided by trial and
error.

The evolution fromone population to another population invokes four steps during
which the chromosomes undergo different genetic operators: (1) fitness evaluation,
(2) selection, (3) crossover, and (4)mutation (like in natural genetics): producing new
children called offspring, and the process is repeated over various generations. Each
individual (or candidate solution) is assigned a fitness value (based on its objective
function value), and the fitter individuals are given a higher chance to mate and yield
“fitter” individuals. This process is repeated until a termination condition is met.
This is in line with the Darwinian theory of “Survival of the Fittest.” In this way,
the algorithm keeps “evolving” better individuals or solutions over generations till it
reaches a stopping criterion.

Genetic algorithms are sufficiently randomized in nature, but they perform much
better than random local search, as they exploit historical information as well. One
of the most important decisions to make while implementing a genetic algorithm
is how to represent the solutions. It has been observed that improper representation
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Algorithm 3. The Genetic Algorithm

1 Generate the initial population;
2 while (Number of generation < Maximum number of generation) do
3 Perform fitness evaluation for each individual;
4 Perform the elitist selection;
5 Perform the Rank selection;
6 repeat
7 From current generation choose two parents randomly;
8 if (random number generated < the crossover probability) then
9 perform the crossover;

10 move the resultant chromosomes to the next generation;
11 else
12 move the parents to the next generation;
13 end
14 until (Population size of next generation = Maximum size of population);
15 for each individual in the next generation do
16 if (random number generated < the mutation probability) then
17 perform mutation;
18 end
19 end
20 end

can lead to poor performance of the GA. There are several representations used in
the literature; for instance, the binary representation is one of the simplest and most
widely used representations in GA. In this type of representation, the chromosome
is composed from a set of bits “1” and “0.” Another type of representation is integer
representation in which the chromosome is represented by a set of integers.

Parent selection is the process of selecting parents which mate and recombine
to create offsprings for the next generation. Parent selection is very crucial to the
convergenceof theGAasgoodparents drive individuals to a better andfitter solutions.
Different selection methods have been defined in the literature such as roulette wheel
selection, tournament selection, rank selection.

The crossover operator is analogous to reproduction and biological crossover. In
this, more than one parent is selected and one or more offsprings are produced using
the genetic material of the parents. Crossover is usually applied in a GA with a high
probability pc. The most popularly used crossover operators are one-point crossover,
two-point crossover, and uniform crossover.

Mutation may be defined as a small random tweak in the chromosome, to get a
new solution. It is used to maintain and introduce diversity in the genetic population
and is usually applied with a low probability pm .

2.4.2.3 Genetic Algorithm’s Pseudocode

The basic schema of GA is presented in Algorithm 3
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2.4.2.4 Stopping Condition

The termination condition of a genetic algorithm is important in determining when
a GA run will end. It has been observed that initially the GA progresses very fast
with better solutions coming in every few iterations, but this tends to saturate in the
later stages where the improvements are very small. We usually want a termination
condition such that our solution is close to the optimal, at the end of the run.

Usually, we choose one of the following termination conditions:

• When there has been no improvement in the population for X iterations.
• When we reach an absolute number of generations.
• When the objective function value has reached a certain predefined value.

2.4.2.5 Illustrative Example

To illustrate the different concepts used in GA, let us consider the following simple
path planning problem for 5*5 grid map. The white square is free cells in the map,
and the black square is the obstacles that should be avoided (Fig. 2.4). The problem
consists to find a path between the start position 0 and the goal position 24. Let us
consider that the maximum number of generations is 3 and the population size is
4. We will present only the different steps of the first iteration. The algorithm stops
when the number of iterations reaches the maximum number of iterations.

Iteration0: The first step consists to generate the initial population and evaluate the
cost (fitness value) of each path. The set of paths generated are:
0-6-7-8-9-14-19-24: cost=7.4
0-6-7-8-14-19-24: cost=6.8
0-5-10-11-6-7-13-19-24: cost=8.8
0-5-11-7-13-19-24: cost=7.6
The second step consists to make the crossover operator on the selected parents.
parent1: 0-6-7-8-9-14-19-24 cost=7.4
Parent2: 0-5-11-7-13-19-24 cost=7.6
In this example, we will perform one-point crossover. The commonly chosen cell is
7, and thus, the following two offsprings are generated.
Offspring1: 0-6-7-13-19-24: cost 6.2
Offspring2: 0-5-11-7-8-9-14-19-24: cost=10.2

Fig. 2.4 5*5 grid map
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The next step is the mutation on a randomly chosen path from the new generation
0-5-11-7-8-9-14-19-24: cost=10.2, and the second cell in the path will be changed
by the neighbor cell 6. Thus, we obtain the following path: 0-6-11-7-8-9-14-19-24:
cost=8.8

2.4.2.6 Robot Path Planning Using Genetic Algorithms: Literature
Review

From enhancing the initial population to proposing other approaches to improve
the GA performance, a lot of research efforts were conducted. In what follows, we
present some relevant works that presented solutions for the robot path planning
problem using GA.

1. Enhancing GA Initial Population: In [42], the authors proposed enhancing
and reducing the initial population size by using rough set reduction theory. In
[43], authors proposed using a probability-based fast random search method to
generate the initial individualswith higher advantage. Thework in [44] proposed a
position information feedback-based method generated using ACO and a priority
grouping method to generate an initial population containing only feasible paths.
Their simulation results show that the proposed approach provides better solutions
in a higher speed.

2. Variation of GA Basic Characteristics: A GA based on visibility graphs was
proposed in [45]. New operator aiming at enhancing the performance was added
to the GA. The author opted to use fixed length chromosomes to represent the
solution. Each chromosome consists of string of bits which represent the vertices
of the graph. Comparing the GA with SA and hill-climbing methods, the results
indicate that the GA shows better performance in complex environment and it
was capable of finding near-optimal solutions. In [46], authors proposed a fast
GA-based approach by improving the evaluation function and the natural selec-
tion process. The proposed method increases the number of feasible subpaths in
the early stages and minimizes the distances of the paths in the later stages. The
proposed method shows its effectiveness comparing with traditional GA and two
other previously proposed GA-based approaches in four 16*16 environments.
In [47], Sedighi et al. proposed a GA approach using new chromosome struc-
ture based on variable-monotone approach. Simulations were conducted on ten
different search spaces with varying obstacle complexity. The results show that
the proposed approach significantly outperformed the previous single-monotone
approaches in complex cases, i.e., high obstacles ratio. In [48], authors proposed a
new adaptive approach based on the GA to solve the robot path planning problem.
A novel selection operator was designed to escape the local optimum problem
and premature convergence. At each iteration, if necessary, the selective pressure
is updated by using feedback information from the standard deviation of fitness
function values. The proposed approach outperforms three previous GA-based
approaches in terms of solution quality.
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In [49], Liu et al. presented knowledge-based genetic operators to improve the
GA performance. They added active constraint to create the initial population,
and some evaluation was done before performing the crossover operator. Multi-
point crossoverwas usedwith variable crossover probability. Themutation is used
to add genes between any two disconnected parts in the paths. Variable length
chromosomes are adopted where each gene is represented by two-dimensional
coordinates. The performance of the proposed approach was tested using sim-
ulations for single and multi (two)-robots in three different environments. The
results show that the GAwith knowledge-based operators can find a near-optimal
solution and satisfies real-time demand. The work in [50] proposed guiding the
GA search with additional knowledge about the problem by developing new
optimization operators. These operators are used to improve the quality of the
solution by replacing or removing some nodes. The genetic operators in the pro-
posed approach may produce infeasible paths, and they are not discarded from
the search but penalized with some additional cost using modified fitness func-
tion. Furthermore, in [51], the authors proposed a modified GA incorporating
with problem-specific knowledge. After performing the genetic operators, the
resultant paths are subjected to one further optimization process. The proposed
approach was adapted for both static and dynamic environments. Comparing
with the traditional GA, the proposed approach can find its optimal solution with
fewer number of generations and it is more efficient in dynamic environment. The
GA was also adapted to solve multi-objective optimization problems. The work
in [52] proposed a modified GA with problem-specific knowledge operators to
solve the path planning problem with multi-objective optimization in complex
and static environment. Three objectives were considered to be optimized: trav-
eling distance, path smoothness, and path safety. A modified A* algorithm was
used to generate the initial population for the GA in complex cases, i.e., high
obstacles ratio. Also, new operators were proposed to help avoiding the local
optimum problem. First, operator is a deletion operator, which is used to remove
any useless moves such as loops in the path. Second operator is an enhanced
mutation operator, which is used to improve the paths partially by selecting two
points and reconnect them using basic A* algorithm. This work was extended in
[53], by considering more objectives to be optimized: traveling time and energy
consumption. Also, an approach to convert the optimal path in complex cases to a
time-based profile trajectory to solve the problem was introduced. Further exten-
sion to the proposed GA was to use fuzzy motion control to apply it in dynamic
environments as presented in [54]. All simulations in [52–54] were conducted
on 20*20 maps with different obstacles ratio, and the start and the goal positions
were fixed to the corners of the map, i.e., (0, 0) and (19, 19), respectively.
In [55],Cabreira et al. presented aGA-based approach formulti-agents in dynamic
environments. Variable length chromosomes using binary encoding were adopted
to represent the solutions where each gene is composed of three bits to represent
a movement direction, i.e., up, left. Comparing the performance of the proposed
GAwith A* algorithm, the results show that the A* algorithm highly outperforms
the GA, but the GA shows some improvements in the performance when the envi-
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ronment complexity grows. An extension for this work was introduced in [56],
where the authors extended their simulations in complex and larger environments
(up to 50*25) and propose new operator to improve the GA. In [57], an improved
dual-population GA (IDPGA) algorithm for unmanned air vehicle (UAV) path
planning was proposed. The feasible initial paths were generated based on mul-
tiple constraints. An additional population was used to preserve the diversity of
GA, and they assigned varied functions to evaluate the individuals in that pop-
ulation which gives high values to the individuals with high distance from the
main population. The main population will evolve as traditional GA to find good
solutions. A comparative study using simulations of the proposed approach and
conventional GA with single and multi (two)-populations was conducted. The
authors proved that their approach was capable to enhance the GA abilities for
both global and local searches. The IDPGA generates shorter paths and converges
faster than the traditional GA with single population and multi-population.

2.4.3 Neural Networks

2.4.3.1 Overview

Artificial neural networks (ANNs or simply NNs) primarily inspired by biologi-
cal neural networks [58, 59] are composed of a set of simple computational units
(neurons), which are highly interconnected. Each neuron receives as input a linear
combination of the outputs of neurons it is connected to. Then, a transition function
(generally a sigmoid) is applied to this input in order to obtain the neuron’s output.

Neural networks are mainly used to solve regression or classification problems,
after an off-line supervised training phase on a representative learning labeled dataset.
The simplest type of neural networks used for this aim is the feed-forward NN, also
called multilayer perceptron (MLP), where neurons are organized in layers (an
input layer, an output layer, and a set of hidden layers between them), with each
layer fully connected to the next one. Other types of NN, such as self-organizing
map (SOM) [60], can be used for clustering, after an unsupervised training phase
on an unlabeled dataset.

These types of NN are not adapted to path planning problems, since a represen-
tative learning database cannot be provided for path planning. However, they have
been used in other robot navigation applications; feed-forward neural networks have
been used for environmental map building with high accuracy from infrared or sonar
sensors using feed-forward NN [61, 62], global localization of mobile robots based
on monocular vision [63], detecting and avoiding obstacles using a modular neural
network [64], etc., while self-organizing maps have been used for recognizing land-
marks in the process of initialization and re-calibration of the robot position [65]
collision avoidance for an underwater vehicle [66], etc. A thorough survey of NN
applications in robot navigation can be found in [67].
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As for path planning of a point robot, different NN techniques with no learning
process needed to be used. [68] successfully introduced the use of Hopfield NN,
which is a form of recurrent neural networks [69]; any two neurons can be con-
nected, without consideration for layers. The algorithm presented by [68] assumes
that information about the position and shape of obstacles in the environment is not
known beforehand, but appears during the path planning, for example, through real-
time sensing. In addition, it guarantees an optimal solution (in the static case), if one
exists. The optimal robot trajectory is generated without explicitly searching over the
free workspace, without explicitly optimizing any global cost functions, without any
prior knowledge of the dynamic environment, and without any learning procedures.

2.4.3.2 Basic Neural Network Algorithm

This topologically organized Hopfield-type neural network presented by [68]
consists of a large collection of identical processing units (neurons), arranged in
a d-dimensional cubic lattice, where d is the number of degrees of freedom of the
robot. This lattice coincides with the grid representation of the state space, such
that each state (including obstacles) is represented by a neuron.

The neurons are connected only to their z nearest neighbors (where z = 4 or
8, for a two-dimensional workspace) by excitatory and symmetric connections Ti j .
The initial state qinit and the target state qtarg are represented by one node each.
The obstacles are represented by neurons which activity is clamped to 0, while qtarg
is clamped to 1. All other neurons have variable activity σi between 0 and 1 that
changes due to inputs from other neurons in the network and due to external sensory
input. The total input ui to the neuron i is a weighted sum of activities from other
neurons and of an external sensory input Ii :

ui =
N∑
j

Ti jσ j (t) + Ii (2.4)

where Ti j is the connection between neuron i and neuron j , and N is the total number
of neurons. These connections are excitatory (Ti j > 0), symmetric (Ti j = Tji ), and
short range:

Ti j =
{
0 if ρ(i, j) < r
1 otherwise

}
(2.5)

where ρ(i, j) is the Euclidean distance between neuron i and j .
In the case of time-discrete evolution, the activity of a neuron i (excluding the

target and obstacles) is updated according to the following equation:

σt (t + 1) = g

⎛
⎝ N∑

j

Ti jσ j (t) + Ii

⎞
⎠ (2.6)
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where g is a transition function that can be a sigmoid, or simply a linear function:

g(x) = a.x, with a <
1

β
(2.7)

β being the maximum number of neighbours. It is rigorously proven in [68] that,
with the above conditions, the network dynamics converges to an equilibrium. The
obtained path leads from one node of the lattice to the neighboring node with the
largest activity and ends in the node with activity 1 (qtarget ). The number of steps
and the length of the path obtained are proven to be minimal. Algorithm 4 presents
a simple NN pseudocode.

2.4.3.3 Illustrative Example

Figure2.5 shows a simple illustrative example of the NN basic algorithm. As can
be seen in this example, in a static environment, an optimal path can be found even
before the network settles into an equilibrium state. In fact, the optimal path is found
when one of the neighboring neurons of the current neuron becomes activated (as is
the case in step 7).

2.4.3.4 Other Variants of the Neural Network Algorithm

YangandMeng [70] proposed abiologically inspiredneural network approach,which
can be seen as a generalization and an improvement of [68]’s Hopfield-type neural
network. It is originally derived from Hodgkin and Huxley’s biological membrane
model [71], and it performs better in fast changing environments. The neural activity
is a continuous analog signal and has both upper and lower bounds.

2.4.3.5 Neural Networks for Robot Path Planning: Literature Review

In [72], the author proposed a solution based on neural network to solve robot path
planning for a static environment modeled as a grid. For each cell in the grid is asso-
ciated a mesh processor that has five inputs (left, right, bottom bottom, an output and
a bias term). To test the algorithm, the authors used 32*32 grid map. The algorithm
converges after 168 iterations. Singh et al. [73] designed a neural network algorithm
that enables a robot to move safely in an unknown environment with both static and
dynamic obstacles. The neural network used is a four-layer perceptron. The inputs
of the proposed neural network consist of left, right, and front obstacle distance
(LOD, FOD, ROD, perspectively); the angle between the robot and the target (TA)
and the output are robot steering angle. The information is received from an array
of sensors. Compared with a fuzzy controller presented in [74], the algorithm dra-
matically reduces the computational time. Chen in [75] designed a robot navigation
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Fig. 2.5 Simple illustrative example of the NN basic algorithm in a static environment. Black cells
represent obstacles. Themaximumnumber of neighbours in this example is eight. And the transition
function used is g(x) = x/10. The shortest path is obtained, in step 7, by following the neighboring
node with the largest activity, at each move

system: A grid map building algorithm is proposed, and a modified pulse-coupled
neural network (MPCNN) algorithm is proposed to find the optimal path for the
robot. An experiment evaluation using an Arduino-based platform was conducted to
demonstrate the effectiveness of the navigation system. The environment is a 9*9
grid map, the obstacles are static, and the robot stops when it receives IR waves
indicating the presence of dynamic obstacles. The major drawbacks of this work
are that it deals with small environments containing simple obstacle shapes and it
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Algorithm 4. The Neural Network Algorithm

// Initialisation:
1 for i=1 to Nb_states do
2 if i=Target then
3 neuron_activity(i)=1;
4 else
5 neuron_activity(i)=0;
6 end
7 end
// Iterative Update:

8 while neuron_activity(Start)=0 do
9 for i in {All States} - {Obstacles} - {Target} do

10 for j in Neighbourhood(i) do
11 neuron_activity(i)=neuron_activity(i)+neuron_activity(j);
12 end
13 neuron_activity(i)=transition_function(neuron_activity(i));
14 end
15 end

// Path construction:
16 i=Start;
17 Path=[Start];
18 while i �= Target do
19 max_activity=neuron_activity(i);

// Find the neuron with maximum activity in the
neighbourhood of the current neuron:

20 for j in Neighbourhood(i) do
21 if neuron_activity(i) > max_activity then
22 neuron_activity(i)=1;
23 max_activity=neuron_activity(j);
24 next_state=j;
25 end
26 end
27 Add it to the path:;
28 Path=[Path ; next_state];
29 end

considers only one scenario (start/goal) in the experiment. Fuzzy modeling of the
real robot’s environment and a Hopfield neural network has been presented in [76],
and the authors tested the algorithm in 400*300 grid map (only one scenario). They
proved that Hopfield neural network fails to find the optimal solution and always get
trapped in a suboptimal solution. To solve this issue, a combination of “Head-to-Tail”
and “Tail-to-Head” procedures was designed in order to improve the final result of
the algorithm. It has been argued that the proposed approach generates the optimal
solution even in the presence of U-shaped obstacles. In [77], the authors proposed a
NN technique for real-time collision-free path planning of a robot manipulator in a
dynamic environment. A dynamic neural activity landscape was used to represent the
dynamic environment. The authors showed that their algorithm is computationally
efficient with a linear complexity that grows with the neural network size. Also, Ref-
erence [78] proposed the shortest path cellular neural network (SP-CNN) technique,
which was shown to be effective for both static and dynamic environments. Each
neuron in the NN only has local connection with its neighbors, and it has a two-layer
architecture composed of a competitive layer and a dynamic layer. Extensive simula-
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tion results demonstrated how well the proposed approach was able to recognize the
change of target tracking system in real time. In [79], the paper proposed a modified
pulse-coupled neural network (MPCNN) model for collision-free path planning of
mobile robots in dynamic environments, with real-time constraints. The key point is
that the approach does not require any prior knowledge of target or barrier mobility
pattern. Like in other works, simulation was used to demonstrate the effectiveness
of the proposal.

2.4.4 Ant Colony Optimization

2.4.4.1 Overview

Ant colony optimization is metaheuristic, introduced by Marco Dorigo in his Ph.D.
thesis in 1992 [80]. This approach is a part of the swarm intelligence1; it is inspired
from the real-life behavior of a colony of ants, when looking for food, to find approx-
imate solutions to difficult optimization problems.

ACO has been successfully used to solve several optimization problems, such as
the traveling salesman problem (TSP) [81], the vehicle routing problem, the quadratic
assignment.

2.4.4.2 ACO’s Main Idea

In the nature, some ant species are able to select the shortest path, among a set
of alternative routes, from their nest to the food source. This is accomplished by
using pheromone deposits. In fact, ants lay on the ground a chemical trail, called
pheromone, in the process of moving; this trail attracts other ants, which tend to
follow the path that has the highest concentration of pheromone. After a certain
period of time, the concentration of pheromone becomes greater along the shortest
path and evaporates in the bad paths; this behavior is called stigmergy. If an obstacle
interrupts their paths, the ants choose their paths in a probabilistic way at first, and
then, after a period of time, the concentration of pheromone becomes higher in the
shortest path and all ants choose this path. This process is illustrated in Fig. 2.6.

2.4.4.3 The ACO Algorithm

In general, the ACO algorithm follows a specific algorithmic scheme presented in
Algorithm 5. At first, an initialization phase takes place during which the initial
pheromone value and many other parameters are set. After that, a main loop is

1The swarm intelligence (SI) is the collective behavior of decentralized, self-organized systems,
natural or artificial.
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Fig. 2.6 aAnts in a pheromone trail between nest and food; b an obstacle interrupts the trail; c ants
find two paths and go around the obstacles; d a new pheromone trail is formed along the shortest
path

Algorithm 5. The Ant Colony Optimization Algorithm

1 Set parameters, initialize pheromone ;
2 while (termination condition not met) do
3 ConstructAntSolutions;
4 ApplyLocalSearch ;
5 %optional UpdatePheromones;
6 end

repeated until a termination condition is reached. In the beginning of the main loop,
the ants build feasible solutions, which can be improved by applying a local search
procedure. Finally, the quantity of pheromone is updated: Indeed, the pheromone
quantity can either increase, as ants deposit pheromone on the components used
during search, or decrease due to the pheromone evaporation from the unused com-
ponents during search.

2.4.4.4 ACO Variants

In the literature, several ACO approaches have been proposed, which differ in some
choices characterizing the ConstructAntSolutions and UpdatePheromones proce-
dures. Table2.1 is taken from [82], and it introduces a variety of ACO approaches:
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Table 2.1 Different ACO Approaches

Approach Authors Year Description

Ant system(AS) Dorigo et al. 1991 Introduced above

Elitist AS Dorigo et. al. 1992 Only the best ant deposits pheromone in each
iteration

Ant-Q Gambarella
and Dorigo

1995 It is an extension of AS reinforced by Q-learning

Ant colony
system

Dorigo and
Gambarella

1996 The introduction of a pseudorandom proportional
rule. The global updating rule is applied only to
edges which belong to the best ant tour. A local
pheromone updating rule is applied at the end of
each iteration

MAX-MIN AS Stutzle and
Hoos

1996 The introduction of maximum and minimum
pheromone amounts. The pheromone is deposited
only on the best tour

Rank-based AS Bullnheimer
et. al.

1997 All solutions are ranked according to their costs.
The amount of pheromone deposited is weighted
for each solution with shorter paths deposit more
pheromone than the solutions with longer paths

BWAS Cordon et al. 2000 Three main variations as compared to AS: (1) the
use of an aggressive update rule in which only the
best ant deposits pheromone, (2) frequent
re-inialization of the pheromone trails, (3) The
introduction of the pheromone mutation concept

Hyper-cube AS Blum et al. 2001 The presentation of a new pheromone update rule
different from that of AS algorithm

2.4.4.5 Ant Colony Optimization for Robot Path Planning: Literature
Review

Since its appearance, ACO has been extensively used to solve robot path planning.
The use of ACO is relatively new as compared to other approaches. In what follows,
we present some relevant works to give some insights on ACO for solving the path
planning problem.

One of the earliest works is [83], as claimed in that paper, to present a solution
to the path planning problem using an intensified ACO algorithm. The authors used
a novel function in the beginning of the algorithm, instead of the transition rule
probability (refer to Chap.3), to calculate the probabilities of transition of the ants.
Moreover, they have used a variable value of α and β that depend on time.

Very recently, [84] proposed a new ACO algorithm to solve the global path plan-
ning problem, which they called Heterogeneous ACO (HACO). The key differences
with the traditionalACOalgorithmare (1) the use of a new transition probability func-
tion, (2) a new rule of pheromone update rule, and (3) the proposal of the new concept
of heterogeneous ants, meaning that ants have different characteristics exploited to
optimize the search process of the solution. Simulation was conducted and showed
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the effectiveness of the heterogeneous ACO as compared to the traditional ACO in
providing more accurate solutions.

Porta-Garcia et al. in [85] have presented a new solution for the path planning
problem based on ACO approach, which they called “SACOdm” where d stands
for distance and m for memory. One of the main contributions of this work is the
inclusion of memory capabilities to the ants in order to avoid stagnation. Another
contribution is the use of a fuzzy inference system (FIS) to evaluate the best paths
found by the ants. The FIS considers two inputs, the distance of the generated path
and the effort, i.e., the energy spent by the robot to make turns across the path, and
one output, which is the cost of the path. The cost of the path is added to the length
of the path, giving the final weight of the path. The SACOdmmethod was compared
with the classical ACO method, and it has been shown that the former reduces the
execution time up to 91%.

In paper [86], the authors proposed a hybrid algorithm that combines global and
local path planning in dynamic environment that contains U- andV-shaped obstacles.
In a first step, the algorithm generates an optimal path (off-line) toward the goal based
on a modified ACO algorithm considering only the static obstacles. In the second
step, the rolling windows technique is applied to avoid dynamic obstacles that appear
while the robot navigates, following the path found in the first step, toward the goal
position. The authors evaluated the performance of the modified ACO in terms of
path length and convergence speed, and they compared them against the conventional
ACO. They proved that the convergence speed ofMACO is faster and the path length
generated by MACO is shorter than CACO. Moreover, the different techniques of
the rolling window enable the robot to avoid safely dynamic obstacles and also to
re-plan its trajectory and choose the shortest one toward the goal position.

In [87], Zhang et al. proposed an improved ACO algorithm. The key differences
with the traditional ACO algorithm are (1) the definition of an objective attraction
function in the transition rule probability which is based on the attraction of the goal
position. (2) The use of a modified pheromone update rule. The interesting point
of this paper is the use of the RoboCupRescue simulation system to evaluate the
efficiency of the algorithm. The authors compared the new algorithm with the con-
ventional one in terms of path length and number of cycles, and they proved that their
algorithm provides more accurate results. In [88], the authors presented a modified
ACO algorithm to solve the global path planning problem in an indoor environment
for a UAV. The workspace of the UAV is modeled as three-dimensional grid map. To
overcome the shortcomings of the conventional ACO, the authors proposed a mod-
ified pheromone update rule: They proposed to update the quantity of pheromone
only on the best path generated after an iteration of the algorithm. They also limited
the quantity of pheromone to solve the problem of premature convergence of ACO.
To evaluate the robot path, they added a climbing parameter in addition to the path
cost, and they claimed that this parameter will help the robot to choose the best direc-
tion and bypass obstacles. It was demonstrated through simulation that the algorithm
could produce good quality of solution in 10*10 grid map. In [89], Ganganath et al.
proposed an off-line path planner for a mobile robot based on ant colony optimiza-
tion algorithmwith Gaussian functions (ACO2Gauss). Theworkspace of themobile
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robot is a 3D hilly landscape. Unlike ordinary ACO algorithms, the proposed path
planner provides the ants an extra flexibility in making routing decisions: An ant is
allowed to select any point on the circumference of a circle with a radius of R as its
next position. Each ant will select a set of circles to move toward the goal position.
The pheromone is distributed on the center of the different circles as a 2D Gaussian
function. In their simulation study, the authors compared the proposed algorithm
against a preceding version called ACOGauss. It was demonstrated that the quality
of solution of ACO-2-Gauss was improved as compared to ACO-Gauss path planner.
Beside these old works, the path planning problem is still being investigated in recent
works such as paper [79, 90]. In [90], the authors implemented the ant system algo-
rithm for global robot path planning. Ten 20*20 grid maps that differ by the number
and position of obstacles (from 1 to 10 obstacles) are used for simulation. Three
handicaps of this research work: First, the use of small maps for experiments. More-
over, no comparison beeween the proposed technique and some other approaches has
been conducted in this paper, and the major drawback of this work is the execution
time of the algorithm which reaches, for example, 2017 seconds for 20*20 grid map
containing only one circle obstacle. This hinders the practicability of this approach in
real-world robot application which requires real-time execution. In [79], the authors
proposed an improved ACO algorithm for the global path planning problem. To
improve performance of the classical ACO, a modified transition rule probability
was applied instead of the conventional one. It uses an attraction function to the
goal position. They also used the pheromone updating rule based on the assignment
rule of the wolf colony in order to avoid algorithm getting into local optimum and
improve the convergence speed. They tested the algorithm in two different grid maps
(20*20). The simulation results prove the efficiency of the proposed approach.

2.4.5 Hybrid Approaches

In addition to improving the different approaches proposed to solve the robot path
planning problem by changing their basic characteristics, some works proposed
improving the performance by combining two or more approaches together.

Some works proposed solutions based on the combination between ACO and
GA. For instance, in [91] the authors presented a path planning method based on a
hierarchical hybrid algorithm that aims at finding a path in a road traffic network. The
network is divided into several subnetworks; ACO is applied on each subnetwork,
and the best paths generated by ant colony optimization algorithms will be the initial
population of genetic algorithms. In their simulation work, the authors proved that
the novel algorithm can quickly and accurately find the optimal path in less number of
iterations as compared to [92, 93]. Moreover, a combination between GA and ACO
algorithms to solve the robot navigation problem was presented in [94]. A special
function was proposed to improve the quality of the paths generated by the ants at the
beginning of the algorithm. Crossover and mutation operators are applied to improve
the quality of solution generated by the ACO algorithm and avoid falling into a local
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optimum. It was proved that the improved algorithm generates a better solution in
terms of length, direction, and execution time or number of iterations as compared
to the pure ACO algorithm. Geetha et al. [95] proposed a hybrid algorithm (ACOG)
based on ACO and GA techniques. Darwinian reproduction, structure-preserving
crossover, and structure-preservingmutation are the three genetic operations adopted
to improve the efficiency of the ACO algorithm and to avoid falling into a local
optimum. The authors claimed that their method is a multi-objective algorithm as it
takes into consideration three different parameters: length, smoothness, and security
of the path. In the simulation work, they compared the algorithm to literature [96],
and they argued that the algorithm is able to generate near-optimal path.

In [97], the authors presented an ACO-GA-based algorithm. The novel algorithm
introduces a modified transition rule probability function in the ACO algorithm that
eliminates the parameter “distance between twopositions” and also uses an additional
parameters γ to control the behavior of the ants. The values of (α, β, γ ) in the new
transition rule probability are not constant as in the conventional one, and they evolve
using theGAapproach in order to obtain the best values to improve the accuracy of the
algorithm to get the shortest path. The authors tested the new algorithm in three real
environments, with different complexity, using the mobile robot (Khepera II). They
compared their resultswith respect to the shortest path length obtainedwithDijkstra’s
algorithm, and they succeed to obtain the shortest paths. Miao et al. [98] proposed
a solution that combines the potential field method (PFM) and GA. First, PFM is
used to create the initial population of GA which consists only of feasible paths, i.e.,
collision-free paths, and then, it is applied after each iteration of GA to all individuals
in the generation. Different strategies were implemented in this work: the diversity
strategy and the memory strategy. Under diversity strategy, they implemented the
immigration, mutation, and crossover. The memory strategy is used to move the
best solutions from current generation to the next generation. Using simulations, the
algorithm was tested in 100*100 environments with different complexities (different
numbers and sizes of obstacles with eight obstacles at maximum). The results show
that the proposed algorithm has the ability to find the optimal solutions in the high
diversity cases (i.e., high probabilities of crossover, mutation, and immigration).
Also, the mutation operator has no impact in their algorithm.

In [52], Oleiwi et al. presented a hybrid approach based on GA, a modified search
A* algorithm, and fuzzy logic. As a result, multi-objective optimization of free-
collision path is generated. First, themodifiedGAand amodified searchA*algorithm
are applied to find the optimal path. After that, the global optimal path is considered
as input for fuzzy motion controller to regenerate a time-based path. When unknown
obstacles appear in the robot path, the fuzzy controller will decrease the speed of
the robot. The performances are very impressive in the environment with dynamic
obstacles.
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2.4.6 Comparative Study of Heuristic and Exact Approaches

To the best of our knowledge, the only previous comparative study of exact and
heuristic approaches is [99]. In this paper, six different approaches for the global
path planning problem were evaluated: breadth-first Search, depth-first search, A∗,
Moore–Dijkstra, neural approach, and GA. Three parameters were evaluated: the
distance traveled by the robot, the number of visited waypoints, and the compu-
tational time (with and without initialization). Simulation was conducted in four
environments, and it was demonstrated that GA outperforms the other approaches
in terms of distance and execution time. Although the presented work evaluates the
performance of some exact and heuristic techniques for path planning, there is still a
need to evaluate them in large-scale environments as the authors limited their study
to small-size environments (up to 40*40 grid maps). In this paper, we improve on
this by considering a vast array of maps of different natures (rooms, random, mazes,
video games) with a much larger scale up to 2000*2000 cells. In [55], Cabreira et al.
presented a GA-based approach for multi-agents in dynamic environments. Variable
length chromosomes using binary encoding were adopted to represent the solutions
where each gene is composed of three bits to represent a motion direction, i.e., up,
left, down. GA performance was compared to that of A* algorithm using simula-
tions with NetLogo platform [100]. The results show that the A* algorithm highly
outperforms GA, but GA shows some improvements in the performance when the
environment complexity grows. An extension for this work was presented in [56],
where the authors extended their simulations to complex and larger environments
(up to 50*25) and proposed a new operator to improve the GA.

2.4.7 Comparative Study of Heuristic Approaches

In the literature, some research efforts have proposed and compared solutions for
path planning based on heuristic approaches. For instance, in [37], a comparative
study between trajectory-based metaheuristic and population-based metaheuristic
has been conducted. T S, simulated annealing (SA), and GA were evaluated in a
well-known static environment. The experiment was performed in the German Uni-
versity in Cairo (GUC) campus map. Four evaluation metrics were considered in
the experimental study: the time required to reach the optimal path, the number of
iterations required to reach the shortest path, the time per each iteration, and the best
path length found after five iterations. It has been argued that SA performs better
than the other planners in terms of running time, while T S was shown to provide
the shorter path. In [101], the authors used two metaheuristics ACO and GA for
solving the global path planning problem in static environments. The algorithms
have been tested in three workspaces that have different complexities. Performances
of both algorithms were evaluated and compared in terms of speed and number of
iterations that each algorithm makes to find an optimal path. It was demonstrated
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that the ACO method was more effective than the GA method in terms of execution
time and number of iterations. In [102], Grima et al. proposed two algorithms for
path planning where the first is based on ACO and the second is based on GA. The
authors compared both techniques on a real-world deployment of multiple robotic
manipulators with specific spraying tools in an industrial environment. The authors
claimed that both solutions provide very comparable results for small problem sizes,
but when increasing the size and the complexity of the problem, the ACO-based
algorithm produces a shorter path at the cost of a higher execution time, as com-
pared to the GA-based algorithm. Four heuristic methods were compared in [103]:
ACO , particle swarm optimization (PSO), GA, and a new technique called Quad
harmony search (QHS) which is a combination between the Quad tree algorithm
and the harmony search method. The Quad tree method is used to decompose the
grid map in order to accelerate the search process, and the harmony method is used
to find the optimal path. The authors demonstrated through simulation and experi-
ments that QHS gives the best planning times in grid map with a lower percentage of
obstacles. The work reported in [104] presents a comparison between two modified
algebraic methods for path planning in static environments, the artificial potential
field method enhanced with dummy loads and Voronoi diagram method enhanced
with theDelaunay triangulation. The proposed algorithmswere tested on 25 different
cases (start/goal). For all test cases, the system was able to quickly determine the
navigation path without falling into local minima. In the case of the artificial poten-
tial field method enhanced with dummy loads, the paths defined by the algorithm
always avoided obstacles (the obstacles that cause local minima) by passing them in
the most efficient way. The algorithm creates quite short navigation paths. Compared
with Voronoi, this algorithm is computationally more expensive, but it finds optimal
routes in 100% of the cases.

2.4.8 Comparative Study of Exact Methods

Other works compared solutions based on exact methods. The authors in [105] pre-
sented a comparative study of three A∗ variants: D∗, TwoWay D* (TWD∗), and E∗.
The algorithms have been evaluated in terms of path characteristics (path cost, the
number of points at which path changes directions, and the sum of all angles accumu-
lated at the points of path direction changes), the execution time, and the number of
iterations of the algorithm. They tested the planners on three different environments.
The first is a grid map randomly generated of size 500*500, the second is a 165*540
free map, and the third is a 165*540 realistic map. The authors concluded that E∗
and TWD∗ produce shorter and more natural paths than D∗. However, D∗ exhibits
shorter runtime to find the best path. The interesting point of this paper is the test of
the different algorithms on a real-world application using Pioneer 3DXmobile robot.
The authors claimed that the three algorithms have a good real-time performance.
In [106], the authors tackled the path planning problem in static and dynamic envi-
ronments. They compared three different methods: a modified bug algorithm, the
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potential field method, and the A∗ method. The authors concluded that the modified
bug algorithm is an effective technique for robot path planning for both static and
dynamic maps. A∗ is the worst technique as it requires a large computational effort.
Eraghi et al. in [107] compared A∗, Dijkstra, andHCTNavwhich have been proposed
in [108], and HCTNav algorithm is designed for low-resource robots navigating in
binary maps. HCTNav’s concept is to combine the shortest path search principles of
the deterministic approaches with the obstacle detection and avoidance techniques
of the reactive approaches. They evaluated the performance of the three algorithms
in terms of path length, execution time, and memory usage. The authors argued that
the results in terms of path length of the three algorithms are very similar. How-
ever, HCTNav needs less computational resources, especially less memory. Thus,
HCTNav can be a good alternative for navigation in low-cost robots. In [109], both
global and local path planning problems are tackled. The authors compared five dif-
ferent methods: A∗, Focused D∗, Incremental Phi∗, Basic Theta*, and jump point
search (J PS). They concluded that the J PS algorithm achieves near-optimal paths
very quickly as compared to the other algorithms. Thus, if the real-time character is
imperative in the robot application, J PS is the best choice. If there is no requirement
of a real time and the length of path plays a big role, then Basic Theta* algorithm
is recommended. Focused D* and Incremental Phi∗ are not appropriate for static
environments. They can be used in dynamic environments with a small amount of
obstacles. In [110], the authors compared two path planning algorithms that have the
same computational complexity O(nlog(n)) (where n is the number of grid point):
fastmarchingmethod (FMM) and A∗. They tested the two algorithms on gridmaps of
sizes 40*40 up to 150*150. The authors claimed that A∗ is faster than the other plan-
ners and it generates continuous but not smooth path, while FMM generates the best
path (smoothest and shortest) as the resolution of the map gets finer and finer. Other
research works addressed the path planning problem in unknown environments. In
[111], the authors made a comparison study of five path planning algorithms in
unstructured environments (A∗, RRT , PRM , artificial potential field (APF), and
the proposed free configuration eigen-space (FCE) path planning method). They
analyzed the performance of the algorithms in terms of computation time needed to
find a solution, the distance traveled, and the amount of turning by the autonomous
mobile robot, and they showed that the PRM technique provides a shorter path than
RRT, but RRT is faster and produces a smooth path with minimum direction changes.
A∗ generates an optimal path, but its computational time is high and the clearance
space from the obstacle is low. The APF algorithm suffers from local minima prob-
lem. In case of FCE , the path length and turning value are comparatively larger
than all other methods. The authors considered that in case of planning in unknown
environments, a good path is relatively short, keeps some clearance distance from
the obstacles, and is smooth. They concluded that APF and the proposed FCE
techniques are better with respect to these attributes. The work reported in [112]
evaluated the performance of A*, Dijkstra, and breadth-first search to find out the
most suitable path planning algorithm for rescue operation. The three methods are
compared for two cases: for one starting-one goal cells and for one starting-multi-
goal cells in 256*256 grid in terms of path length, number of explored nodes, and
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CPU time. A* was found to be the best choice in case of maps containing obstacles.
However, for free maps, breadth-first search is the best algorithm for both cases (one
starting-one goal cell and one starting-multi-goal cells) if the execution time is the
selection criteria. A* can be a better alternative if the memory consumption is the
selection criteria.

2.5 Conclusion

In this chapter, we reviewed some research works presented in the literature. These
works pertain to two main categories: exact methods such as (A∗) and Dijkstra an
metaheuristics including Tabu Search, genetic algorithms, ant colony optimization,
etc. This diversity and difference raise the complex challenge of choosing the best
algorithm for the path planning problem which is the main objective of the iroboapp
research project. This makes the subject of the next chapter.
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Chapter 3
Design and Evaluation of Intelligent
Global Path Planning Algorithms

Abstract Global path planning is a crucial component for robot navigation in map-
based environments. It consists in finding the shortest path between start and goal
locations. The analysis of existing literature in Chap. 2 shows two main approaches
commonly used to address the path planning problem: (1) exact methods and (2)
heuristic methods. A* and Dijkstra are known to be the most widely used exact
methods for mobile robot global path planning. On the other hand, several heuristic
methods based on ant colony optimization (ACO), genetic algorithms (GA), Tabu
Search (TS), and hybrid approaches of both have been proposed in the literature.
One might wonder which of these methods is more effective for the robot path
planning problem. Several questions also arise: Do exact methods consistently out-
perform heuristic methods? If so, why? Is it possible to devise more powerful hybrid
approaches using the advantages of exact and heuristics methods? To the best of
our knowledge, there is no comprehensive comparison between exact and heuristic
methods in solving the path planning problem. This chapter fills the gap, addresses
the aforementioned research questions, and proposes a comprehensive simulation
study of exact and heuristic global path planners to identify the more appropriate
technique for the global path planning.

3.1 Introduction

As previously discussed in Chap. 2, numerous research initiatives, aiming at pro-
viding different solutions for global path planning problem, have emerged. Different
approaches to design these solutions have been attemptedwhich can bewidely classi-
fied into twomain categories: (1) exact methods such as A∗ andDijkstra; (2) heuristic
methods such as genetic algorithm (GA), Tabu Search (TS), and ant colony optimiza-
tion (ACO). In the context of the iroboapp research project [1], we investigate, in this
chapter, the capabilities of a variety of algorithms, both exact and heuristic as well
as a relaxed version of A∗, used to solve the global path planning. We performed
a comprehensive comparative study between the algorithms. In this work, our con-
cern is not only optimality but also the real-time execution for large and complex
grid map-based environments (up to 2000 * 2000 grid maps) as this is an important

© Springer International Publishing AG, part of Springer Nature 2018
A. Koubaa et al., Robot Path Planning and Cooperation, Studies in Computational
Intelligence 772, https://doi.org/10.1007/978-3-319-77042-0_3
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requirement in mobile robot navigation. In fact, we can tolerate some deviation with
respect to optimality for the sake of reducing the execution time of the path planning
algorithm, since in real robotics applications, it does not harm to generate paths with
slightly higher lengths, if they can be generated much faster. We also design new
hybrid algorithms combining the different algorithms with the intention to improve
the performance of the designed algorithms and explore the benefit of hybridization
on global robot path planning.

3.2 System Model

The workspace of the mobile robot is represented by a grid-based map. The grid map
is constituted from a number of cells of equal sizes. Each cell is identified by unique
number, beginning from0 for the top left cell, 1 for the next cell to the right, and so on.
Figure3.1 shows an example of 10× 10 grid map. The reasoning behind choosing
the grid map model is the integration of our planners in the Robot Operating System
(ROS) framework [2] for robot application development. ROS uses two-dimensional
matrix of cells called “occupancy grid map” to represent the grid map. Each cell, in
the occupancy grid map, represents a certain square area of the environment which
stores the occupancy information (occupied or not by an obstacle). A unique number
represents the occupancy information which can have one of three possible values
0, 100, or −1. ‘0’ means the cell is free, ‘100’ means the cell is occupied by an
obstacle, and ‘−1 ’means the cell is unknown. Figure3.1 shows an example of a
10× 10 occupancy grid map. We suppose that the robot movement from one cell
to another is in horizontal, vertical, and diagonal directions (8 adjacent grid cells at
most). The obstacles are static and known in advance.

S 0 1 2 3 4 5 6 7 8 9

10 11 12
13

14 15 16 17 18 19

20 21 22 23 24 25 26 27 28 29

30 31 32 33 34 35 36 37 38 39

40 41 42 43 44 45 46 47 48 49

50 51 52 53 54 55 56 57 58 59

60 61 62 63 64 65 66 67 68 69

70 71 72 73 74 75 76 77 78 G 79

80 81 82 83 84 85 86 87 88 89

90 91 92 93 94 95 96 97 98 99

(a) A grid-map

0 0 100 100 100 100 0 100 100 100

0 0 0 0 100 100 0 100 100 100

100 100 0 0 0 100 0 0 0 0

100 100 0 0 0 0 0 100 100 0

0 100 0 0 0 0 0 100 0 0

0 100 0 0 0 0 0 0 100 100

0 0 0 0 0 100 100 0 0 0

0 0 0 0 0 100 100 0 0 0

100 100 0 0 0 0 0 0 0 0

100 100 0 0 0 0 0 0 0 0

(b) An occupancy grid-map

Fig. 3.1 A 10× 10 grid environment
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The robot’s path is constituted from a series of free cells beginning with the start
cell to the goal cell. Figure3.1 shows an example of a feasible path from the start cell
0 to the goal cell 78 (0, 11, 12, 13, 23, 33, 43, 44, 45, 56, 67, 78). The path cost is
the sum of the robot movement sequence. The vertical and horizontal moves in the
grid are calculated as 1 unit distance, whereas the diagonal moves are calculated as
1.4 unit distance. Thus, the path cost is (1.4 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1 + 1.4 +
1.4 + 1.4) = 13.6. During the search process, numerous paths are generated that may
have variable path lengths or sizes.

3.3 Design of Exact and Heuristic Algorithms

We have proposed and designed carefully the iPath library [3] that provides the
implementation of several path planners according to the following two classes of
methods: (1) heuristic method and (2) graph searching or exact algorithms. The
i Path library is available as open source on Github under the GNU GPL v3 license.
The documentation of API is available in [4]. We designed six different algorithms:
the A∗ algorithm, a relaxed version of A∗ at the aim to ameliorate the performance of
A∗, the Tabu Search algorithm, the genetic algorithm, the neural network algorithm,
and the ant colony optimization algorithm. Indeed, looking at the literature, there
exist several attempts to compare or combine two or three approaches together. In
our literature review, we noticed that some research works have presented a solution
for the path planning problem based on a combination of two or three approaches.
To the best of our knowledge, there is no major research efforts that presented a
comprehensive comparative study between themost used approaches in the literature
for mobile robot global path planning in grid environments. This work aims at filling
this gap by comparing six different approaches. This section discusses the basic
principles and concepts pertaining to applying the different algorithms for solving
the global path planning problem in grid environments.

3.3.1 A Relaxed Version of A∗ for Robot Path Planning

The classical A∗ algorithm may be time-consuming to reach the optimal solution for
hard instances (such as mazes) depending on the density of obstacles [5]. In order
to overcome these drawbacks, we propose a novel algorithm called relaxed AStar
(RA∗) [6]. The core idea consists in exploiting the grid map structure, typically used
as the environment model for the global path planning problem in mobile robotics,
and we establish an accurate approximation of the cost of the optimal path between
two cells. Namely, we provide lower and upper bounds of the cost of the optimal path
and we show that this cost could be approximated in terms of the number of moves
on that path. Based on that approximation, we designed a linear relaxed variant RA∗
of A∗ technique.
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In Chap. 2, we presented some research works that have tried to improve the
performance of A∗. The main difference of these algorithms with our variant RA∗
is that the relaxing is carried out on the exact cost g of the evaluation function f
( f = g + h) instead of the heuristic h as usually done in the existing relaxations
of A∗. The amount g is computed at most only once for every cell during the entire
search; it is determined when a node is visited the first time and then f = g + h
remains constant during the rest of the search. The advantage of our approaches is
the saving of the processing time to find the (near)-optimal solution.

3.3.1.1 Approximation of the Optimal Path

Let G4-grid and G8-grid denote a regular grid where each cell has at most four and
eight neighbors, respectively. Precisely, a path in a G4-grid allows only horizontal
and vertical moves, while a path in a G8-grid allows in addition diagonal moves. In a
regular grid map, the cost of a move is defined to be equal to one unit for horizontal
and vertical moves. For diagonal moves, the cost is equal to

√
2.

Let P be a path from a start cell to a goal cell, |P| denotes the number of moves
on P , and cost (P) denotes the sum of move costs of P . The following property
provides bounds of a given path P in a regular grid.

Property 1:
For any path P in a regular grid map, we have:
|P| ≤ cost (P) ≤ √

2 |P|
Proof:
Let x be the number of horizontal or vertical moves in P and let y be the number of
diagonal moves, then we have:
|P| = x+y.
cost (P) = x +

√
2 y

We deduce that:
|P| = x+y ≤ cost (P) = x+

√
2y ≤ √

2x+
√
2y=

√
2|P|

Thus, it is clear that the property holds.

In G4-grid, we establish the following stronger property:

Property 2:
For any path P in a G4-grid, cost (P) = |P|.
Proof:
Using the same notations as in the proof of property 1, since in a G4-grid y = 0 then
cost (P) = |P| = x .
Let P(S,G) be the set of feasible (obstacle-free) paths from cell S to cell G. As a direct
consequence of property 2, inG4-gridwehave: argminP∈P(S,G)|P| is the optimal path
from S to G, while this statement is not necessarily true in G8-grids. For instance in
the example below: argminP∈P(S,G)|P| = (S,A,B,C ,G). For this path, |(S,A,B,C ,G)|
= 4, and cost(S,A,B,C ,G) = 4

√
2 = 5.6, while there exists a path (S,D,E ,F ,I ,G)
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that has greater number of moves (|(S,D,E ,F ,I ,G)|=5) but a better cost equal to
1+1+1+1+

√
2 = 5.4. The gap between the optimal path (S,D,E ,F ,I ,G) and the

path (S,A,B,C ,G) which has the minimum number of moves is 0.2 (+3.7%). Thus,
our proposed method favors the number of moves as the cost metric over the actual
distance (i.e., unit cost in all 8 directions). In the extreme case, where all moves are
diagonal, there might be a

√
(2) = 1.41 ratio between the solution found by the

proposedmethods and the actual shortest path found using the horizontal and vertical
edges on the graph. The simulation results will show that the gap is much smaller in
practice and that in most cases the path with the smallest number of moves is actually
the shortest path even in G8-grids.

H I G
F C
E B
D A
S

3.3.1.2 The RA∗ algorithm

A* algorithm expands the nodes of the tree-search according to the evaluation func-
tion f (n) = g(n)+h(n), where g(n) is the exact cost of the path from the root (start
node) to the node n of the tree-search and h(n) is a heuristic function estimating the
remaining path to the goal. Hence, f (n) is an estimation of the optimal path from
the root to a goal traversing the node n. It is proven that A* finds the optimal solution
when the heuristic h is consistent [7]. Notice that the exact cost g(n) of a node n
may be computed many times; namely, it is computed for each path reaching node n
from the root. Based on Property 2, the entity g(n) may be approximated by the cost
of the minimum-move path from the start cell to the cell associated with node n. The
idea of the RA* algorithm is to approximate the exact costs of all paths leading to
node n from the root of the tree-search by the exact cost of the first path reaching n.
Thus, unlike standard A* algorithm, g(n) is computed only once since the optimal
path reaching node n from the start cell S is approximated by argminP∈P(S,n)|P|.
Since both terms g(n) and h(n) of the evaluation function of the RA* algorithm are
not exact, then there is no guaranty to find an optimal solution. Algorithm. 1 presents
the standard A* pseudocode. In order to obtain the relaxed version RA*, we simply
skip some instructions (highlighted in the algorithm above) that are time-consuming
with relatively low gain in terms of solution quality.

The main idea in the relaxed version is that a node is never processed more than
once. Consequently, we no longer need a closed set (lines 1, 13, and 15). Besides, in
order to save time and memory, we do not use a came_ f rom map (lines 3 and 20).
Instead, after reaching the goal, the path can be reconstructed, from goal to start by
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Algorithm 6. The relaxed Astar Algorithm RA∗

input : Grid, Start , Goal
1 t Break = 1+1/(length(Grid)+width(Grid));
// Initialisation:

2 openSet = Start // Set of nodes to be evaluated;
3 for each vertex v in Grid do
4 g_score(v)= infinity;
5 end
6 g_score[Start] = 0;
// Estimated total cost from Start to Goal:

7 f _score[Start] = heuristic_cost(Start , Goal);
8 while openSet is not empty and g_score[Goal]== infinity do
9 current = the node in openSet having the lowest f _score;

10 remove current from openSet ;
11 for each free neighbor v of current do
12 if g_score(v) == infinity then
13 g_score[v] = g_score[current] + dist_edge(current, v);
14 f _score[v] = g_score[v] + t Break * heuristic_cost(v, Goal);
15 add neighbor to openSet ;
16 end
17 end
18 end
19 if g_score(goal) ! = infinity then
20 return reconstruct_path(g_score) // path will be

reconstructed based on g_score values;
21 else
22 return failure;
23 end

selecting, at each step, the neighbor having the minimum g_score value. Moreover,
we do not need to compare a tentative g_score to the current g_score (line 19) since
the first calculated g_score is considered definite. This is an approximation that can
be correct or not. Simulations will later assess the quality of this approximation.
Finally, we do not need to check whether the node is in the open list (line 23). In
fact, if its g_score value is infinite, it means that it has not been processed yet, and
hence is not in the open list. The tie-breaker factor (slightly> 1) which multiplies the
heuristic value (line 4) is a well-known technique that is used so that the algorithm
favors a certain direction in case of ties. If we do not use tie-breaking (tBreak=1),
the algorithm would explore all equally likely paths at the same time, which can be
very costly, especially when dealing with a grid environment, as will be confirmed
by the simulations. Figure3.2 shows a simple example of several equivalent optimal
paths between two nodes in a G4-grid. Actually, in this example, any obstacle-free
path containing 3 moves up and 10 moves right, in whatever order, is an optimal
path. A similar example can be shown in a G8-grid. If we do not use a tie-breaking
factor, A* would explore all equivalent paths at the same time. In fact, at a given
iteration, several nodes belonging to different paths would have the same f _score,
which means that, in the following iterations, each time one of these nodes would be
chosen randomly with no preference given to any of these paths, while with the tie-
breaker factor, when two nodes have the same value of the sum (g_score+h_score),
the node having a minimum h_score (presumably closest to the goal) would be
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Fig. 3.2 Example of several
equivalent optimal paths
between two nodes in a
G4-grid. Obstacles are in
gray

expanded first. Thus, the algorithm will follow only one of the paths until it either
hits the goal or finds an obstacle. We chose tBreak= 1 + ε, with ε a small positive
equal to 1/(mapWidth + mapLength). This assures that the new heuristic function
(1+ε)*h remains consistent. In fact, whether h is the Manhattan distance or the
shortcut distance, it is bounded by (mapWidth + mapLength), which means that ε

is always smaller than 1/h . Consequently, (1 + ε)*h ≤ h + 1, which means that the
solution cost is guaranteed to be strictly less than optimal cost+1. The tie-breaking
technique has already been used in variants of A* algorithm [8]. RA* pseudocode is
presented in Algorithm 6.Highlighted instructions are specific to the relaxed version.
Instead of having a closed set, nodes having a finite g_score value are considered as
processed and closed (lines 3–5, 8, 12, 19). And after reaching the goal, and quitting
themain loop, the path is reconstructed (line 20), from goal to start, based on g_score
values (at each step, we add to the head of the path the neighbor node presenting the
minimum g_score value).

3.3.2 The Tabu Search Algorithm for Robot Path Planning
(TS-PATH)

In this paragraph, we present the Tabu Search algorithm TS-PATH. For more
details, the reader can refer to [9]. The pseudocode of the algorithm is presented in
Algorithm 7.

1. Generation of the initial solution: The TS-PATH algorithms begin with the
generation of an initial solution or path from the source position to the destination
position. The greedy method based on the euclidian distance heuristic is used to
construct an initial feasible path. The neighbor cells forming the path must be
connected and do not contain obstacles. During the path search process, a robot
can fall in a deadlock position. In such situation, the robot is blocked and can
not evolve toward the goal as it is surrounded by obstacles or already visited
positions.
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Algorithm 7. The Tabu Search Algorithm T S − PAT H

input : Grid, Start , Goal
1 Generate the initial feasible path using the greedy algorithm;
2 Current path= initial path;
3 repeat
4 for each cell in the current path do
5 if Move(current cell) is not tabu then
6 Generate the new path after applying the move: exchanging,

inserting, removing the current cell;
7 Calculate the new path cost;
8 if new path cost ≤ current path cost then
9 Make the move tabu;

10 Current path= new path;
11 Add the new path to the set of candidate best paths;
12 end
13 else
14 if the move is tabu and new path cost ≤ current path cost

(aspiration criteria) then
15 Add the new path to the set of candidate best paths;
16 end
17 end
18 end
19 Update the Tabu Lists;
20 Add the best path from the set of candidate best paths generated in one

iteration;
21 until generation number ≤ maximum generation number;
22 Select the robot’s path;
23 Generate a new initial path by applying diversification() (Algorithm 2);
24 go to 3 (apply the Tabu Search algorithm on the new initial path;

Fig. 3.3 Insert, remove and
exchange moves

The insert move   
Path 1: 

0 11 12 23 33 43 53 52 62    

The new path: 

0 11 12 13 23 33 43 53 52 62    

The remove move   
Path 2 : 

0 11 12 22 23 33 43 53 52 62    

The new path:

0 11 12 23 33 43 53 52 62    

The exchange move   
Path 3: 

0 11 12 23 33 43 53 52 62    

The new path: 

0 1 12 23 33 43 53 52 62    
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To recover from this situation, a backtracking operation is applied which enables
the robot tomove back to an earlier visited cell surrounded by free unvisited cells.

2. Current solution neighborhood generation:

• The Definition of the Neighborhood Structure: The initial path constructed in
the first step constitutes the entry point for the TS-PATH algorithm. As pre-
viously cited in Chap. 2, Tabu Search metaheuristic is a local search method,
meaning that it tries, in each iteration, to ameliorate the current solution and
create the neighborhood by applying a transformation called move. This pro-
cess is repeated until a predefined condition is satisfied. For TS-PATH algo-
rithm, we designed three different moves: (1) insert move, (2) remove move,
and (3) exchange move. A new feasible path must be created after applying
one of these transformations to the current feasible path.
Consider any path p of length L from the source position S to the destination
position G. The neighborhood of p is obtained by applying the following
moves:
– Cell removing: Verify the possibility to remove each cell of p different from

S and G in order to generate a new feasible path p′.
– Cell exchanging: Verify the possibility to replace each cell c of p, different
from S and G, by another cell c′ not in p in order to generate a new feasible
path p′.

– Cell insertion: Verify the possibility for each cell c not in p to insert it to p
in order to generate a new feasible path p′.

Figure3.3 shows the three described moves. In the first example, cell 13 of
path 1 is inserted between cell 12 and cell 23. In the second example, cell 22
is removed from path 2. In the third example, cell 11 in path 3 is exchanged
by cell 1. With respect to the map in Fig. 3.1, the new paths are feasible.

10 21 2010 11 20

• Tabu List, tenure: As mentioned previously in Chap. 2, the Tabu List mecha-
nism is used in the Tabu Search approach to prevent cycling back to previously
visited solutions.We devised two Tabu in the TS-PATH algorithm: TabuListIn
and TabuListOut. These lists are of maximum size 2 x tenure. After perform-
ing a move, some arcs are added to the current path and these arcs are added to
TabuListIn. Other arcs are removed from the current path, and these arcs are
added to TabuListOut. Four attributes characterize each move (cell i, cell j) in
a list: “fromCell,” “ToCell,” “tenure,” and “ExpirationDate.” In the following
example, cell 11 and cell 21 are exchanged. The arcs (10,21) and (21,20) are
inserted in TabuListIn, and the arcs (10,11) and (11,20) are inserted in tabu-
ListOut. The different attributes of the arc (10,21): fromCell = 10, toCell =
21, tenure = k, ExpirationDate = current number of generation + tenure. This
is to avoid the algorithm from cycling back on this move during (number of
generation + tenure) iterations. A tabu status is assigned to the arc stored in
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the Tabu List. As mentioned previously, the maximum size of a Tabu List is
2 x tenure. In fact, after performing one move the maximum number of arcs
that can be added to the TabuListIn or to TabuListOut is 2. Moreover, each
move stays tabu in the Tabu List stays “tenure” iterations. Thus, the maximum
size of one list will not exceed 2 * tenure. Before carrying out a move, we
must check that the move is not tabu; i.e., the arcs that will be inserted in the
current path do not exist in TabuListIn and the arcs that will be removed from
the current path do not exist in the TabuListOut. The update of the Tabu Lists
is done at the end of each iteration of TS-PATH. If the expirationDate of one
move is equal to the current iteration number, then the move will be not tabu
and it will be removed from the list.

• Aspiration Criteria: During the current path neighborhood generation, some
moves that are tabu and that are able to improve the best current solution
quality could be accepted and liberated from the Tabu List. This method is a
way to relax the mechanism of the Tabu List. It is called aspiration criteria.
Before accepting that move, we must verify two conditions: First, we must be
sure that it will ameliorate the best current path. Second, the algorithm will
not go back to the already explored paths.

3. Step 3: Incremental cost evaluation of neighbor paths: Each neighbor path
cost must be quickly evaluated. We adopted an incremental computing of the
following new paths’ costs as follows: Let p′ be a feasible neighbor path of the
path p, obtained by applying the three different moves mentioned above (insert,
remove, exchange).

• After insertion of cell x between two cells x1 and x2 of p, then cost (p′) =
cost (p) − cost (x1, x2) + cost (x1, x) + cost (x, x2).

• After removing cell x from p between x1 and x2, then cost (p′) = cost (p)+
cost (x1, x2) − cost (x1, x) − cost (x, x2).

• After exchanging cell x in p between cells x1 and x2 by cell y not in p, then
cost (p′) = cost (p)−cost (x1, x)−cost (x, x2)+cost (x1, y)+cost (y, x2).

The incremental computing of the costs leads to save time and permits to explore
large neighborhoods.

4. Step 4: Diversification:
After a certain number of iterations, the search could be stagnated. In such
case, the diversification mechanism is used to drive the search toward a new
region of the search space. The first step of the diversification method consists
in drawing a straight line between the source and the destination positions using
the greedy method based on the Euclidean distance heuristic. This line could
contain some obstacles. At the radius of N cells (N is a random parameter), the
algorithm chooses a random intermediate cell, which will be used to generate a
new feasible path from the start to the goal cells across it. The new generated path
will be used as an initial solution to restart the Tabu Search. The fact that the new
path involves an intermediate cell generated randomly gives a chance to explore
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different regions than those explored so far. The pseudocode of diversification
is presented in Algorithm 8.

Algorithm 8. Diversification

1 Draw the straight line from the initial position to the goal
position. ;

2 CenterCell : Select randomly a point near the center cell of the
straight line.;

3 NRadiusN : set of CenterCell neighbors at Radius N, N is a
parameter. ;

4 CrossPoint : Select randomly one cell from NRadiusN .;
5 PathS,CP : find the path using the greedy approach between
initial position and CrossPoint . ;

6 PathCP,G : find the path using the greedy approach between
CrossPoint and the goal position. ;

7 PathRobot= PathS,CP ∪ PathCP,G .

3.3.3 The Genetic Algorithm for Robot Path Planning

This section presents the proposed genetic algorithm [10, 11]. The proposed algo-
rithm is presented in Algorithm 9. Following is the description of each step of the
proposed GA algorithm in detail.

1. Initial Population: The proposed GA algorithm begins with generating a set of
feasible candidate paths to form the initial population. Thus, each individual in
the population should be continuous and not across any obstacles. Starting with
only feasible solutions has advantages on improving the execution time and the
solution quality [12, 13]. This process starts with constructing initial path using
the Greedy approach (with Euclidean distance heuristic) from the start cell to
the goal cell. The Greedy approach is used to construct the paths in short times.
Then to generate the next individuals, the algorithm will choose randomly some
intermediate cell not in the initial path, then it will use the greedy approach to
connect the start cell to this intermediate cell, and then connect it with the goal
cell. Choosing efficiently the initial population is one of the common problems in
the GA which affects directly the performance of the algorithm. Thus to give the
GA the ability to better explore the area, the algorithmwill choose far intermediate
cells in large environments.

2. Fitness Evaluation: The fitness evaluation of the different candidates starts when
the initial population achieves its maximum size.
Each individual in each generation will be evaluated using a fitness function.
The fitness function will assign to every individual a value which represents its
goodness based on some metrics. In the proposed approach, the fitness function
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Algorithm 9. The genetic algorithm

input : Grid, Start , Goal
output: dist

1 Generate the initial population (using the greedy approach);
2 while (Number of generation < Maximum number of generation) do
3 Perform fitness evaluation for each individual;
4 Perform the elitist selection;
5 Perform the Rank selection;
6 repeat
7 From current generation choose two parents randomly;
8 if (random number generated < the crossover probability) then
9 if (the parents have common cells) then

10 perform the crossover;
11 move the resultant paths to the next generation;
12 else
13 choose other two parents;
14 end
15 else
16 move the parents to the next generation;
17 end
18 until (Population size of next generation = Maximum size of population);
19 for each individual in the next generation do
20 if (random number generated < the mutation probability) then
21 choose one cell randomly;
22 replace the cell with one of its neighbors ;
23 if (the resultant path is feasible) then
24 replace old individual with the new individual ;
25 else
26 choose two cells C1 and C2 randomly from the path;
27 remove all the cells between C1 and C2;
28 use the greedy approach to connect C1 and C2;
29 end
30 end
31 end
32 end

used the path length as a primary metric for the evaluation process. In the path
planning problem, the fitness of a path should increase when the length of the
path decreases; therefore, the fitness function in Eq. (3.1) is used:

F = 1
∑n

i=1 di,i+1
(3.1)

where di,i+1 is the Euclidean distance between cell i and cell i + 1 and n is the
number of cells forming the path.

3. Selection: The selection operator simulates the survival of the fittest principle,
meaning that it gives preference to the better solutions by allowing them to pass
to the next generation. It will be conducted after the evaluation to select the best
individuals from the current generation. In the literature,many selection strategies
were introduced such as elitist selection, rank selection, tournament selection, and
roulette wheel selection. In the proposed algorithm, both the elitist selection and
the rank selection mechanisms were used. First, the elitist selection is applied to
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keep the best individual from the population and move it to the next generation
without any change. It is used to prevent losing good solutions because of the
randomness of the GA operators. Next, the rank selection will be performed and
it starts with sorting the population in ascending order based on the path length.
Then, each individual will be assignedwith a probability value based on its length
such that the shorter path will receive higher probability value. The rank selection
is opted to be used because it increases the diversity as each individual will has
a chance to be selected.
Now, the current generation is formed from the individuals that are shown to be
good temporary. The next step consists in applying the different genetic operators
to the current generation. These operators are crossover and mutation. They aim
at creating a new generation of individuals and hopefully better individuals.

4. Crossover: The crossover operator is the primary operator in GA. It is a prob-
abilistic mechanism, and the GA relies on it to explore the search space by
exchanging information between the solutions. It is also called recombination
because it simulates the gene recombination process by choosing two possible
solutions (called parents) and then trying to recombine their genes to hopefully
get enhanced solutions from them (called offspring).
In the literature, many crossover strategies were introduced such as one-point
crossover, two-point crossover, and uniform crossover.
Three different crossover strategies were implemented aiming at comparing their
performance: one-point crossover, two-point crossover, and a modified crossover
strategy that proposed in [14]. Figure3.4 shows an example for the threemethods.
The crossover starts by choosing randomly two parents from the population. In
the one-point crossover, one common cell between the parents will be selected
randomly. Then, the parents will exchange the parts after that common cell to
produce two offspring. In the two-point crossover, two common cells between
the parents will be selected randomly. Then, the parents will exchange the parts
between those common cells to produce two offspring. In the modified crossover,
two common cells between the parents will be selected randomly. Then, the best
(shorter) part from each parent is chosen to produce one offspring as illustrated
in Fig. 3.4.

5. Mutation: The second genetic operator is the mutation. Each individual in the
population is subjected to the mutation operator which provides the diversity
into the population. Although the mutation is considered a secondary operator in
GA, it ultimately helps in escaping from the local optimum situations. It aims at
adding new information to the genetic search process in a random way.
In the proposed algorithm, the mutation will be performed after the crossover.
When the individuals is selected formutation, the algorithmwill choose randomly
one of the path genes to replace it with one of that gene neighbors. If the resultant
path from that replacement is feasible, the new pathwill be accepted immediately.
Otherwise, if after several trials, the resultant path is infeasible, the algorithmwill
choose randomly two genes G1 and G2 from the path, all the genes between them
will be removed, and then G1 and G2 will be reconnected by constructing new
path between them using the Greedy approach. Old neighbor of G1 in the path
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will be discarded from the search to guarantee that the new path between G1 and
G2 is different from the old one.

6. Termination Condition: The algorithm is iterated until a maximum number of
generations is reached. The chromosomes evolve from one generation to the
other. After several generations, the fittest paths survive and an (or near) optimal
solution is obtained.

7. Control Parameters: The GA performance is affected by a number of parame-
ters: number of generations, population size, crossover probability, and mutation
probability. The number of generations is usually used as a stopping criterion to
determine the number of iterations after which the GA should stop. However,
other stopping criteria could be used. The GA could be terminated when an indi-
vidual has some certain fitness value or when all individuals in the population
have a certain degree of similarity.
Together, population size, crossover probability, and mutation probability are
called control parameters. For GA search to work properly, it must maintain a
balance between its two main functionalities:

• Explore new areas from the search space.
• Exploit the already explored areas.

So, maintaining the balance in combining those tasks critically controls the GA
performance. This balance is determined by wisely adjusting the three control
parameters.
The population size specifies the number of individuals in each population. Larger
population size means that the GA could explore larger areas from the environ-
ment, which will decrease the possibility of falling into local optimum. As a
consequence, larger population size means longer execution time. The proba-
bilities (or rates) of the genetic operators (i.e., crossover and mutation) specify
how frequently they should be performed. After determining the individuals for
the operator, the algorithm will only perform it if a uniformly distributed ran-
domly generated number in the range [0,1] is less than the operator probability
(i.e., crossover probability, mutation probability). Otherwise, the individuals will
remain without changes and moved to the next generation. Higher crossover
probability will make the process of generating new individuals faster, but at the
same time it could increase the disruption of the good solutions. Higher mutation
probability will lead to enhance the diversity of population, but at the same time
tends to transform the GA into a random search. Typical crossover probability
will be in ranges [0.6 to 0.9], and typical mutation probability will be in range
[0.001,0.01] [15].
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Fig. 3.4 Crossover
operators

Parent 1
11 21 22 23 24 35 46

Parent 2

One-Point Crossover
Offspring 1
11 21 23 34 35 36 46
Offspring 2
11 23 24 35 46

Two-Point Crossover
Offspring 1
11 21 33 34 46
Offspring 2
11 23 24 36 46

Modified Crossover
Offspring 1
11 23 24 46

11 22 33 34 35 36 46

22

22

22 35

22 35

22 35

3.3.4 The Ant Colony Optimization Algorithm for Robot Path
Planning

The pseudocode of the ACO algorithm is presented in Algorithm 10. In what follows,
we describe the different steps of the algorithm:

1. Step 1: Initialization: Suppose Ants= {Ant1, Ant2, ..., Antm} denotes a set of m
ants. Let τi, j (t) be the intensity of pheromone on edge (i,j) at time t.
At time zero, an initialization phase takes place during which the m ants are
positioned on the start position and the initial value of pheromone τi, j (0) is set to
a small positive constant c. There are also a lot of parameters in ACO algorithm
that need to be fixed.

• α: is the pheromone factor;
• β: is the heuristic factor;
• ρ: is the evaporation rate;
• Number of iterations;
• Q: is a constant.

In order to forbid that an ant visits a sensor node more than once, we associate
with each ant a Tabu List that saves the sensor nodes already visited.
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2. Step 2: Path finding: The ants search for the shortest path in the environment from
the start to the goal positions. At each iteration, each ant has a current position
and has to smartly decide the next cell on its path toward the destination. The
next cell is chosen according to the Transition Rule Probability

Algorithm 10. The Ant Colony Algorithm

input : Grid, Start , Goal
output: dist

1 for each ant do
2 Add the start position to the ants paths;
3 end
4 repeat
5 for each ant do
6 if the ant is not blocked in a dead-end position then
7 Choose the next position according to equation ...;
8 Add the next position to the ant’s path;
9 end

10 Add the ant’s path to the set of best iteration i ;
11 end
12 Generate the best path found in iteration i;
13 Update pheromone according to equation ;
14 Add the best path of iteration i to the set of best paths;
15 until (Number of iteration i = Maximum number of ieration);
16 Generate the robot path from the set of best paths

pki, j =

⎧
⎪⎨

⎪⎩

τα
i, j ∗ ηβ

∑
j∈allowed(i)(τ

α
i, j ∗ ηβ)

if j ∈ allowed(i)

0 otherwise

⎫
⎪⎬

⎪⎭
(3.2)

where τi, j denotes thequantity of pheromonebetween cell i and cell j ,allowed (i)
is the set of neighboring nodes of cell i , which the kth ant has not visited yet,
α is the pheromone factor, β is the heuristic factor, and we call visibility η the
quantity 1

di, j
, where di, j is the distance between the current cell i and the next

cell j .
3. Step 3: Pheromone update: At the beginning of the algorithm, an initial

pheromone value is affected to the edges of the grid. After each iteration of
the algorithm, the quantity of pheromone is updated by all the ants that have built
solutions. The quantity of pheromone τi, j , associated with each edge joining two
vertices i and j , is updated as follows:

τi, j (t + 1) = (1 − ρ) ∗ τi, j (t) +
m∑

k=1

Δτ k
i, j (t) (3.3)

where 0 ≤ ρ ≤ 1 is the evaporation rate, m is the number of ants, and Δτ k
i, j is
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the quantity of pheromone laid on edge (i, j) joining two positions i and j by an
ant k.

Δτ k
i, j (t) =

{ Q
Lk

if ant k used edge(i,j) in its tour
0 otherwise

}

(3.4)

where Q is a constant and Lk is the length of the tour constructed by ant k.

3.4 Performance Analysis of Global Path Planning
Techniques

3.4.1 Simulation Environment

To perform the simulations, we implemented the iPath C++ library [3] that provides
the implementation of several path planners including A∗, GA, Tabu Search, Ant
colony optimization, and RA∗. The iPath library is implemented using C++ under
Linux OS. It is available as open source on Github under the GNU GPL v3 license.
The documentation of API is available in [4]. A tutorial on how to use iPath simulator
[Online]. Available: http://www.iroboapp.org/index.php?title=IPath .

The library was extensively tested under different maps including those provided
in the benchmark defined by [16] and other randomly generated maps [17]. The
benchmark used for testing the algorithms consists of four categories of maps:

1. Maps with randomly generated rectangular-shape obstacles: This category
contains two (100× 100) maps, one (500× 500) map, one (1000× 1000) map,
and one (2000× 2000) map with different obstacle ratios (from 0.1 to 0.4) and
obstacle sizes (ranging from 2 to 50 grid cells).

2. Mazes: All maps in this set are of size 512× 512. We used two maps that differ
by the corridor size in the passages (1 and 32).

3. Random: We used two maps of size 512× 512.
4. Rooms: We used two maps in this category, with different room sizes (8 * 8 and

64 * 64). All maps in this set are of size 512× 512.
5. Video games: We used one map of size 512 * 512.

The simulation was conducted on a laptop equipped with an Intel core i7 processor
and an 8GB RAM. For each map, we conducted 5 runs with 10 different start and
goal cells randomly fixed. This makes 600 (12 maps x 5× 10) total runs for each
algorithm (Fig. 3.5 and Table3.1).

http://www.iroboapp.org/index.php?title=IPath
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Fig. 3.5 Examples of maps used for the simulation

Table 3.1 Average path cost (grid units) for the different algorithms, per environments size
Algorithm 100× 100 500× 500 1000× 1000 2000× 2000 Random

(512× 512)
Rooms
(512× 512)

Video
games
(512× 512)

Mazes
(512× 512)

A∗ 66.2 273.8 473.4 1366.4 303.4 310.6 243.6 1661.9

RA∗ 70.5 277.0 477.7 1443.3 319.5 341.8 257.8 1687.1

GA 75.3 293.3 476.8 − 360.8 408.7 269.9 −
TS 69.6 335.9 541.1 − 322.9 322.9 531.7 −
NN 82.3 282.8 487.2 − 485.4 322.9 253.1 −



3.4 Performance Analysis of Global Path Planning Techniques 71

3.4.2 Simulation Results

In this section, we present the simulation results relative to the evaluation of the
efficiency of the five different planners. Figures3.6 and 3.7 depict the box plot of the
average path costs and average execution times for the randomly generated maps and
the benchmarking maps, respectively, with different start and goal cells. Figure3.8
shows the average path cost and the average execution time of all the maps. On each
box, the central mark is the median and the edges of the box are the 25th and 75th
percentiles. Tables 5.2 and 3.2 present the average path costs and average execution
times for the different maps. Table3.3 presents the percentage of extra lengths of the
different algorithms in different types of maps, and Table3.4 presents the percentage
of optimal paths found by the algorithms. We can conclude from these figures that
the algorithms based on heuristic methods are in general not appropriate for the grid
path planning problem. In fact, we observe that these methods are not as effective as
RA∗ and A∗ for solving the path planning problem, since the latter always exhibit
the best solution qualities and the shortest execution times. Although GA can find
optimal paths in some cases as shown in Table3.4, it exhibits higher runtime as
compared to A∗ to find its best solution. Moreover, non-optimal solutions have large
gap 15.86% of extra length on average as depicted in Fig. 3.9. This can be explained
by two reasons: The first reason is that GA needs to generate several initial paths
with the greedy approach and this operation itself takes time which is comparable to
the execution of the whole A* algorithm. The second reason is that GA needs several
iterations to converge and this number of iterations depends on the complexity of the
map and the positions of the start and goal cells.

The Tabu Search approach was found to be the least effective. It finds non-optimal
solutions in most cases with large gaps (32.06% as depicted in Fig. 3.9). This is
explained by the fact that the exploration space is huge for large instances, and the
Tabu Search algorithm only explores the neighborhood of the initial solution initially
generated. On the contrary, the neural network path planner could find better solution
qualities as compared to GA path planner and Tabu Search path planner. We can
see from Fig. 3.9 that the average percentage of extra length of non-optimal paths
found by this planner does not exceed 4.51% . For very large (2000× 2000) and
complex grid maps (maze maps), heuristic algorithms fail to find a path as shown in
Tables 5.2 and 3.2. This is due to the greedy approach which is used to generate the
initial solutions, and this method is very time-consuming in such large and complex
grid maps.

On the contrary, we demonstrated that the relaxed version of A∗ exhibits a sub-
stantial gain in terms of computational time but at the risk of missing optimal paths
and obtaining longer paths. However, simulation results demonstrated that for the
most of the tested problems, optimal or near-optimal path is reached (at most 10.1%
of extra length and less than 0.4% on average).

We can conclude that RA∗ algorithm is the best path planner as it provides a
good trade-off of all metrics. Heuristic methods are not appropriate for grid path
planning. Exact methods such as A∗ cannot be used in large grid maps as they are
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Fig. 3.6 Box plot of the
average path costs and the
average execution times (log
scale) in 100× 100,
500× 500, and 1000× 1000
random maps of heuristic
approaches, Tabu Search,
genetic algorithms, and
neural network as compared
to A* and RA*
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Fig. 3.7 Box plot of the
average path costs and the
average execution times (log
scale) in 512× 512 random,
512× 512 rooms, 512× 512
video games, and 512× 512
mazes maps of heuristic
approaches Tabu Search,
genetic algorithms, and
neural network as compared
to A* and RA* A* RA* GA TS NN
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Fig. 3.8 Box plot of the
average path costs and the
average execution times (log
scale) in the different maps
(randomly generated and
those of benchmark) of
heuristic approaches Tabu
Search, genetic algorithms,
and neural network as
compared to A* and RA*
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Table 3.2 Average execution times (microseconds) for the different algorithms, per environment
size
Algorithm 100× 100 500× 500 1000× 1000 2000× 2000 Random

(512× 512)
Rooms
(512× 512)

Video
games
(512× 512)

Mazes
(512× 512)

A∗ 114 9196 102647 296058499 17626 62753 11761 3161774

RA∗ 17 67 271 15414 299 834 78 2435

GA 9687 34405 20329 – 2587005 849645 39462 –

TS 544 23270 39130 – 58605 144768 110478 –

NN 688 27713 321630 – 26211 62599 13802 –

time-consuming, and they can be used for small size problems or for short paths
(near start and goal cells). However, heuristic methods have good features that can
be used to improve the solution quality of near-optimal relaxed version of A∗ without
inducing extra execution time.

Lessons:
We have thoroughly analyzed and compared five path planners for mobile robot
path planning, namely A∗, a relaxed version of A∗, the genetic algorithm, the Tabu
Search algorithm, and the neural network algorithm. These algorithms pertain to two
categories of path planning approaches: heuristic and exact methods. To demonstrate
the feasibility of RA∗ in real-world scenarios, we integrated it in the robot operating
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Table 3.3 Percentage of extra length compared to optimal paths, calculated for non-optimal paths
Algorithm 100× 100

(%)
500× 500
(%)

1000× 1000
(%)

2000× 2000
(%)

Random
(512× 512)
(%)

Rooms
(512× 512)
(%)

Video
games
(512× 512)
(%)

Mazes
(512× 512)
(%)

A∗ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

RA∗ 6.99 0.4 1.97 6.81 5.48 10.13 5.95 2.356

GA 13.68 10.42 1.55 – 16.1 40.48 12.9 –

TS 35.74 17.7 13.06 – 47.31 51.75 26.82 –

NN 5.06 3.2 3.44 – 7.32 3.75 4.3 –

Table 3.4 Percentage of optimal paths, per environment size
Algorithm 100× 100

(%)
500× 500
(%)

1000× 1000
(%)

2000× 2000
(%)

Random
(512× 512)
(%)

Rooms
(512× 512)
(%)

Video
games
(512× 512)
(%)

Mazes
(512× 512)
(%)

A∗ 100 100 100 100 100 100 100 100

RA∗ 5 40 60 10 5 0 20 55

GA 10 50 60 – 10 0 30 –

TS 5 0 0 – 5 0 0 –

NN 5 10 20 – 5 0 0 –

Fig. 3.9 Average Percentage of extra length compared to optimal path, calculated for non-optimal
paths

system and we compared it against navfn in terms of path quality and execution time.
We retain the following general lessons from the performance evaluation presented
in the previous sections:

• Lesson 1: The study shows that heuristic algorithms are in general not appropri-
ate for solving the path planning problem in grid environments. They are not as
effective as A∗ since the latter always exhibits the shortest execution times and
the best solution qualities. GA was found to be less effective for large problem
instances. It is able to find optimal solutions like A∗ in some cases, but it always
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exhibits a greater execution time. Tabu Search was also found to be the least effec-
tive as the exploration space is very huge in large problems, and it only explores
the neighborhood of the initial solution. On the contrary, neural network provides
better solutions than the two aforementioned techniques.
This can be explained by two reasons: The first reason is that heuristic approaches
need to generate one or several initial paths with the greedy approach (in the case
of GA and TS) and this operation itself takes time which is comparable to the exe-
cution of the whole A∗ algorithm. The second reason is that heuristic approaches
need several iterations to converge and this number of iteration depends on the
complexity of the map and the positions of the start and goal cells.

• Lesson 2: The simulation study proved that exact methods in particular A∗ have
been found not appropriate for large grid maps. A∗ requires a large computation
time for searching path in such maps; for instance, in 2000 * 2000 grid map the
execution time of A∗ is around 3 hours, if we fix the start cell in the leftmost and
topmost cell in the grid and the goal in the bottommost and rightmost cell in the
grid. Thus, we can conclude that this type of path planning approaches can be used
in real time only for small problem sizes (small grid maps) or for close start and
goal cells.

• Lesson 3: Overall, RA∗ algorithm is found to be the best path planner as it provides
a good trade-off of all metrics. In fact, RA∗ is reinforced by several mechanisms to
quickly find good (optimal) solutions. For instance, RA∗ exploits the grid structure
and approximates the g(n) function by the minimum-move path. Moreover, RA∗
removes some unnecessary instructions used in A∗ which contributes in radically
reducing the execution time as compared to A∗ without losing much in terms of
path quality. It has been proved that RA∗ can deal with large-scale path planning
problems in grid environments in reasonable time and good results are obtained
for each category of maps and for different couples of start and goal positions
tested; in each case, a very near-optimal solution is reached (at most 10.1% of
extra length and less than 0.4% in average) which makes it overall better than A∗
and than heuristic methods.

The previous conclusions respond to the research question that we addressed
in the iroboapp project about which method is more appropriate for solving the
path planning problem. It seems from the results that heuristics methods including
evolutionary computation techniques, such as GA, local search techniques, namely
the Tabu Search, and neural networks cannot beat the A∗ algorithm. A∗ also is not
appropriate to solve robot path planning problems in large grid maps as it is time-
consuming,which is not convenient for robotic applications inwhich real-time aspect
is needed. RA∗ is the best algorithm in this study, and it outperforms A∗ in terms of
execution time at the cost of slightly losing optimal solution. Thus, we designed new
hybrid approaches that take the benefits of both RA∗ and heuristic approaches in
order to ameliorate the path cost without inducing significant extra execution time.
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3.5 Hybrid Algorithms for Robot Path Planning

As mentioned in the previous section, RA∗ was found to be the most appropriate
algorithm in this study among the different studied algorithms. Heuristic and exact
methods are not suitable to solve global path planning problem for large grid maps.
However, heuristic methods have good features that can be used to improve the
near-optimal solutions of RA∗without inducing too much extra execution time. This
observation led us to design new hybrid approaches by using RA∗ to generate an ini-
tial path, which is further optimized by using a heuristic method, namely GA, Tabu
Search, and ACO . In this section, wewill demonstrate through simulations the valid-
ity of our intuition about the effectiveness of the hybrid techniques to simultaneously
improve the solution quality and reduce the execution time.

3.5.1 Design of Hybrid Path Planners

The key idea of the hybrid approach consists of combining the RA∗ and one heuristic
method together. The hybrid algorithm comprises two phases: (i) the initialization
of the algorithm using RA∗ and (ii) a post-optimization phase (or local search) using
one heuristic method that improves the quality of solution found in the previous
phase. We designed three different hybrid methods: RA∗ + T S, RA∗ + ACO , and
RA∗ + GA aiming at comparing their performances and choosing the appropriate
one.

3.5.1.1 Initialization Using RA∗

As it is described in the previous section, the use of the greedy approach to generate
the initial path(s) in the case ofGA and T S increases the execution time of the whole
algorithm, especially in large grid maps. This led us to use RA∗ instead of the greedy
approach in the quest of ensuring a fast convergence toward the best solution.

The hybrid RA∗ +T S algorithm will consider the RA∗ path as an initial solution.
In the original ACO algorithm, an initial pheromone value is affected to the

transition between the cells of the grid map. After each iteration of the algorithm,
the quantities of pheromone are updated by all the ants that have built paths. The
pheromone values increase on the best paths during the search process. The core idea
of RA* + ACO is to increase the quantities of pheromone around the RA∗ path from
the beginning of the algorithm in order to guide the ants toward the best path and to
accelerate the search process. Thus, we consider different values of pheromones; the
quantities of pheromone between the cells of the RA∗ path and on their neighborhood
at radius N (N is randomly generated) will be higher than the remaining cells in the
maps.



3.5 Hybrid Algorithms for Robot Path Planning 77

Algorithm 10. The Hybrid Algorithm RA∗ + GA

input : Grid, Start , Goal
1 repeat
2 if size == 1 then
3 Generate the RA* path (described in Algorithm. 1)
4 Add the RA* to the current population.
5 else
6 Choose Randomly an intermediate cell not in RA*.
7 NeighborsRadiusN : set of neighbors at Radius N, N is a

parameter.
8 CrossPoint : Select randomly one cell from NRadiusN .
9 PathS,CP : find the path using RA* between start cell and

CrossPoint .
10 PathCP,G : find the path using RA* between CrossPoint

and the goal cell.
11 Add PathS,CP ∪ PathCP,G to the i population.
12 end
13 until ( size ≥ max population size);
14 while (generation number < max generation number) do
15 Use GA to generate the next population.
16 end
17 Generate the best path.

In RA∗ + GA, RA∗ algorithm will be used to generate the initial population of
the GA algorithm. The generation of the initial population starts with generating an
initial path from the start cell to the goal cell using the RA∗ algorithm. To generate
the subsequent paths in the initial population, the algorithm will choose a random
intermediate cell, not in the RA∗ path, which will be used to generate a new path
from start to goal positions across the selected intermediate cell.

3.5.1.2 Post-Optimization Using Heuristic Methods

This phase is a kind of post-optimization or local search. It consists of improving the
quality of solution found in the first phase using one heuristic method among GA,
T S, and ACO . We used different heuristic methods in order to compare between
their performance. Because of the limited space for this chapter, we are not able to
present all the hybrid algorithms and only the RA∗ + GA algorithm is presented in
Algorithm 11. The flowchart diagram is depicted in Fig. 3.10.
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Fig. 3.10 Flowchart diagram of the RA* + GA hybrid algorithm

3.5.2 Performance Evaluation

In this section, we present the simulation results of the hybrid algorithms. To evaluate
the performance of the hybrid algorithms, we compared them against A∗ and RA∗.
Two performance metrics were assessed: the path length and the execution time of
each algorithm. Figure3.11, Tables3.5 and 3.6 present the average path costs and
the average execution times of A∗, RA∗, RA∗ + GA, and RA∗ + T S algorithms in
different kinds ofmaps. Looking at these figures,we notice that A∗always exhibits the
shortest path cost and the longest execution time. Moreover, we clearly observe that
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Fig. 3.11 Average path lengths and average execution times (log scale) of hybrid approach
RA*+GA and RA* + TS as compared to A* and RA*

RA∗+GA hybridizationprovides a good trade-off between the execution timeand the
path quality. In fact, the RA∗ +GA hybrid approach provides better results than RA∗
and reduces the execution time as compared to A∗ for the different types ofmaps. This
confirms the benefits of using hybrid approaches for post-optimization purposes for
large-scale environments. However, the hybrid approach using RA∗ and Tabu Search
provides some improvements but less significant than the RA∗ + GA approach. In
some cases, RA ∗ +T S could not improve the RA∗ path cost (in video games maps
and 2000× 2000 grid maps). This can be explained by the fact that Tabu Search
approach only explores the neighborhood of the RA∗ solution initially generated
by applying simple moves (remove, exchange, insert) which cannot significantly
improve it. We can see also that all the non-optimal solutions have a small gap.
Finally, the hybrid approach RA∗ + ACO was not successful as it does not converge
easily to a better solution that the initial RA∗ algorithm because of the randomness
nature of the ant motions and its execution time remains not interesting.

We designed a new hybrid algorithm that combines both RA∗ and GA. The first
phase of the RA∗ +GA consists to use RA∗ to generate the initial population of GA
instead of the greedy approach in order to reduce the execution time, and then, GA
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Table 3.5 Average path costs (grid units) for A*, RA*, RA* + GA, and RA* + TS algorithms, per
environment size

Algorithm 100× 100 2000× 2000 Random
(512× 512)

Rooms
(512× 512)

Video
games
(512× 512)

Mazes
(512× 512)

A∗ 66.2 1366.4 303.4 319.1 479.5 1661.9

RA∗ 70.5 1443.3 319.5 350.9 493.8 1687.1

RA* + GA 68.2 1423.4 315.3 335.0 486.1 1679.2

RA* + TS 69.3 1443.3 319.5 348.2 493.8 1687.1

Table 3.6 Average execution times (microseconds) for A*, RA*, RA* + GA, and RA* + TS, per
environment size

Algorithm 100× 100 2000× 2000 Random
(512× 512)

Rooms
(512× 512)

Video
games
(512× 512)

Mazes
(512× 512)

A∗ 114 296058499 17626 73438 38649 3161774

RA∗ 17 15414 299 724 436 5220

RA* + GA 69 59149 1295 1813 7160 116807

RA* + TS 110 22258 4298 8900 16174 51375

is used to improve the path quality found in the previous phase. We demonstrated
through simulation that the hybridizationbetween RA∗ andGAbrings a lot of benefits
as it gathers the best features of both approaches, which contributes to improve the
solution quality as compared to RA∗ and reduce the search time for large-scale graph
environments as compared to A∗.

3.6 Conclusion

To answer to the research question that we addressed in the iroboapp project, we
designed and compared in this chapter five different path planners used to solve
global path planning problem in large grid maps. The algorithms considered are A∗,
a relaxed version of A∗ called RA∗, the genetic algorithm, the Tabu Search algorithm,
and the neural network algorithm. The obtained results show that RA∗ is the best
algorithm as it provides a good trade-off between solution quality and execution
time. In the next chapter, we will demonstrate the feasibility and effectiveness of
RA∗ planner in real-world scenarios by integrating it as global path planner in the
Robot Operating System (ROS) [18] as possible replacement of the default navfn
path planner (based on a variant of the Dijkstra algorithm).
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Chapter 4
Integration of Global Path Planners
in ROS

Abstract Global path planning consists in finding a path between two locations in
a global map. It is a crucial component for any map-based robot navigation. The
navigation stack of the Robot Operating System (ROS) open-source middleware
incorporates both global and local path planners to support ROS-enabled robot nav-
igation. Only two basic algorithms are defined for the global path planner including
Dijkstra and carrot planners. However, more intelligent global planners have been
defined in the literature but were not integrated in ROS distributions. The contribu-
tion of this work consists in integrating the RA∗ path planner, defined in Chap.3,
into the ROS global path planning component as a plugin. We demonstrate how to
integrate new planner into ROS and present their benefits. Extensive experimenta-
tions are performed on simulated and real robots to show the effectiveness of the
newly integrated planner as compared to ROS default planner.

4.1 Introduction

In this section, we present a general overview of the basic concepts of the Robot
Operating System (ROS) framework [1]. This overview is not intended to be com-
prehensive but just an introduction of the important concepts, and interested readers
may refer to [2] for details.

Robot Operating System (ROS) has been developed, by Willow Garage [3] and
Stanford University as a part of STAIR [4] project, as a free and open-source robotic
middleware for the large-scale development of complex robotic systems.

ROS acts as ametaoperating system for robots as it provides hardware abstraction,
low-level device control, inter-processesmessage-passing and packagemanagement.
It also provides tools and libraries for obtaining, building, writing, and running code
across multiple computers. The main advantage of ROS is that it allows manipulat-
ing sensor data of the robot as a labeled abstract data stream, called topic, without
having to deal with hardware drivers. This makes the programming of robots much
easier for software developers as they do not have to deal with hardware drivers and
interfaces. Also, ROS provides many high-level applications such as arm controllers,
face tracking, mapping, localization, and path planning. This allows the researchers

© Springer International Publishing AG, part of Springer Nature 2018
A. Koubaa et al., Robot Path Planning and Cooperation, Studies in Computational
Intelligence 772, https://doi.org/10.1007/978-3-319-77042-0_4
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Fig. 4.1 Example of a ROS computation graph

to focus on specific research problems rather than on implementing the many nec-
essary, but unrelated parts of the system. It is useful to mention that ROS is not a
real-time framework, though it is possible to integrate it with real-time code.

ROS relies on the concept of computational graph,which represents the network of
ROS processes (potentially distributed across machines). An example of a simplified
computation graph is illustrated in Fig. 4.1.

A process in ROS is called a node, which is responsible for performing compu-
tations and processing data collected from sensors. As illustrated in Fig. 4.1, a ROS
system is typically composed of several nodes (i.e., processes), where each node
processes a certain data. For example, move_base is a node that controls the robot
navigation, amcl is another node responsible for the localization of the robot, and
map_server is a node that provides the map of the environment to other processes
of the system. Nodes are able to communicate through message passing, where a
message is a data structure with different typed fields. This communication between
nodes is only possible thanks to a central node, referred to as ROS Master, which
acts as a name server providing name registration and lookup for all components of
a ROS computation graph (e.g., nodes), and stores relevant data about the running
system in a central repository called Parameter Server.

ROS supports two main communication models between nodes:

• The publish/subscribe model: In this model, nodes exchange topics, which
represents a particular flow on data. One node or several nodes may act as a
publisher(s) of a particular topic, and several nodes may subscribe to that topic,
through theROSMaster. Subscriber and publisher nodes do not need to knowabout
the existence between other because the interaction is based on the topic name
and made through the ROS Master. For example, in Fig. 4.1, the map_server
is the publisher of the topic /map, which is consumed by the subscriber node
move_base, which uses the map for navigation purposes. /scan represents the
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flow of data received from the laser range finder, also used by move_base node
to avoid obstacles. /odom represents the control information used by move_base
to control robot motion.

• The request/reply model: In this model, one node acts as a server that offers the
service under a certain name and receives and processes requests from other nodes
acting as clients. Services are defined by a pair of message structures: one message
for the request, and one message for the reply. Services are not represented in the
ROS computation graph.

Mobile robot navigation generally requires solutions for three different problems:
mapping, localization, and path planning. In ROS, the Navigation Stack plays such
a role to integrate together all the functions necessary for autonomous navigation. In
the next section, we will present an overview about the navigation stack.

4.2 Navigation Stack

In order to achieve the navigation task, theNavigation Stack [5] is used to integrate the
mapping, localization, and path planning together. It takes information from odome-
try, sensor streams, and the goal position to produce safe velocity commands and send
it to the mobile base [1]. The odometry comes through nav_msgs/Odometry
message over ROS which stores an estimate of the position and velocity of a
robot in free space to determine the robot’s location. The sensor information comes
through either sensor_msgs/LaserScan or sensor_msgs/PointCloud
messages over ROS to avoid any obstacles. The goal is sent to the navigation stack
by geometry_msgs/PoseStamped message. The navigation stack sends the
velocity commands through geometry_msgs/Twist message on /cmd_vel
topic. The Twist message composed of two submessages:

1 geometry_msgs/Vector3 linear
2 float64 x
3 float64 y
4 float64 z
5 geometry_msgs/Vector3 angular
6 float64 x
7 float64 y
8 float64 z

linear submessage is used for the x, y, and z linear velocity components in meters
per second and angular submessage is used for the x, y, and z angular velocity
components in radians per second. For example, the following Twist message:

linear: {x: 0.2 , y: 0, z: 0}, angular: {x: 0, y: 0, z: 0}
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will tell the robot to move with a speed of 0.2m/s straight ahead. The base controller
is responsible for convertingTwistmessages to “motor signals” whichwill actually
move the robot’s wheels [6].

The navigation stack does not require a prior static map to start with. Actually,
it could be initialized with or without a map. When initialized without a prior map,
the robot will know about the obstacles detected by its sensors only and will be able
to avoid the seen obstacles so far. For the unknown areas, the robot will generate
an optimistic global path which may hit unseen obstacles. The robot will be able
to re-plan its path when it receives more information by the sensors about these
unknown areas. Instead, when the navigation stack initialized with a static map for
the environment, the robot will be able to generate an informed plans to its goal using
the map as prior obstacle information. Starting with a prior map will have significant
benefits on the performance [5].

To build a map using ROS, ROS provides a wrapper for OpenSlam’s Gmap-
ping [7]. A particle filter-based mapping approach [8] is used by the gmapping
package to build an occupancy grid map. Then, a package named map_server
could be used to save that map. The maps are stored in a pair of files: YAML file
and image file. The YAML file describes the map metadata and names the image file.
The image file encodes the occupancy data. The localization part is solved in the
amcl package using an Adaptive Monte Carlo Localization [9] which is also based
on particle filters. It is used to track the position of a robot against a known map.
The path planning part is performed in the move_base package and is divided into
global and local planning modules which is a common strategy to deal with the
complex planning problem.

The global path planner searches for a shortest path to the goal and the local
path planner (also called the controller ), incorporating current sensor readings,
issues the actual commands to follow the global path while avoiding obstacles. More
details about the global and local planners in ROS can be found in the next sections.

The move_base package also maintains two costmaps, global_costmap and
local_costmap, to be used with the global and local planners, respectively. The
costmap used to store and maintain information in the form of occupancy grid about
the obstacles in the environment and where the robot should navigate. The costmap
initialized with prior static map if available, then it will be updated using sensor
data to maintain the information about obstacles in the environment. Besides that,
themove_basemay optionally perform some previously defined recovery behaviors
(Fig. 4.2) when it fails to find a valid plan.

One reason of failure is when the robot find itself surrounded with obstacles and
cannot find a way to its goal. The recovery behaviors will be performed in some
order (defined by the user), and after performing one recovery, the move_base will
try to find a valid plan, if it succeeds, it will proceed its normal operation. Otherwise
if it fails, it will perform the next recovery behavior. If it fails after performing all the
recovery behaviors, the goal will be considered infeasible, and it will be aborted. The
default recovery behaviors order is presented in Fig. 4.2 [1] and it is in increasingly
aggressive order to attempt to clear out the robot space. First recovery behavior
is clearing all the obstacles outside a specific area from the robot’s map. Next, an



4.2 Navigation Stack 87

Fig. 4.2 Recovery behaviors

in-place rotation will be performed if possible to clear the space. More aggressively
clearing for the map will be performed, in case of fail of the two recovery behaviors
mentioned, to remove all the obstacles outside of the rectangular area in which the
robot canmake an in-place rotation.Next, another in-place rotationwill be performed.
If all this fails, the goal will be aborted.

Therefore, in each execution cycle of the move_base, one of three main states
should be performed:

• Planning state: run the global path planner .
• Controlling state: run the local path planner and move the robot.
• Clearing state: run recovery behavior in case the robot stuck.

There are some predefined parameters in ROS navigation stack that are used to
control the execution of the states, which are:

• planner_ f requency: to determine how often the global path planner should
be called and is expressed in Hz. When it is set to zero, the global plan will be
computed only once for each goal received.

• controller_ f requency: to determine how often the local path planner or
controller should be called and also expressed in Hz.

For any global or local planner or recovery behavior to be used with the
move_base, it must be first adhere to some interfaces defined in nav_core package,
which contains key interfaces for the navigation stack, then it must be added as a
plugin to ROS. We developed a tutorial on how to add a new global planner as a
plugin to ROS navigation stack, available at [10, 11].

4.2.1 Global Planner

The global path planner inROSoperates on the global_costmap, which generally
initialized from a prior static map, then it could be updated frequently based on the
value of update_ f requency parameter. The global path planner is responsible
for generating a long-term plan from the start or current position to the goal position
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before the robot starts moving. It will be seeded with the costmap, and the start
and goal positions. These start and goal positions are expressed by their x and y
coordinates. A grid-based global planner that can use Dijkstra’s algorithm [12] or
A* algorithm [13] to compute shortest collision-free path for a robot is obtained in
global_planner package. Also, ROS provides another global planner named
carrot_planner, which is a simple planner that attempts to move the robot
as close to its goal as possible even when that goal is in an obstacle. The current
implementation of the global planner in ROS assumes a circular-shape robot. This
results in generating an optimistic path for the actual robot footprint, which may be
infeasible path. Besides that, the global planner ignores kinematic and acceleration
constraints of the robot, so the generated path could be dynamically infeasible.

4.2.2 Local Planner

The local path planner or the controller in ROS operates on the local_costmap,
which only uses local sensor information to build an obstacle map and dynamically
updated with sensor data. It takes the generated plan from the global planner, and
it will try to follow it as close as possible considering the kinematics and dynamics
of the robot as well as any moving obstacles information in the local_costmap.
ROS provides implementation of two local path planning algorithms namely the
Trajectory Rollout [14] and the Dynamic Window Approach (DWA) [15] in the
package base_local_planner . Both algorithms have the same idea to first discretely
sampled the control space then to perform forward simulation, and the selection
among potential commands. The two algorithms differ in how they sample the robot’s
control space.

After the global plan passed to the controller , the controller will produce veloc-
ity commands to send to a mobile base. For each control cycle, the controller will
try to process a part from global path (determined by the size of the local_costmap).

First, the controller will sample the control space of the robot discretely. The
number of the samples will be specified by the controller parameters vx_samples
and vtheta_samples (more details about the parameters can be found in the next
section). Then, the controller will perform a simulation in advance for each one of
those velocity samples from the current place of the robot to foresee the situation from
applying each sample for amount of time (this time will be specified in the parameter
sim_t ime). Then, the controller will evaluate each resultant path from the simulation
and will exclude any path having collisions with obstacles. For the evaluation, the
controller will incorporate the following metrics: distance from obstacles, distance
to the goal position, distance from the global plan and robot speed. Finally, the
controller will send the velocity command of the highest-scoring path to the mobile
base to execute it.

The “MapGrid” is used to evaluate and score the velocities. For each control cycle,
the controller will create a grid around the robot (the grid size determined by the size
of the local_costmap), and the global path will bemapped onto this area. Then, each
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grid cell will receive a distance value. The cells containing path points and the goal
will be marked with 0. Then, each other grid cell will be marked with its manhattan
distance from nearest zero grid by a propagation algorithm. This “Map Grid” is then
used in the evaluation and scoring of the velocities. As the “Map Grid” will cover
small area from global path each time, the goal position often will lie outside that
area. So in that case the first path point inside the area having a consecutive point
outside the area will be considered as “local goal,” and the distance from that local
goal will be considered when scoring trajectories for distance to goal.

4.3 How to Integrate a New Path Planner as Plugin?

Once the global path planner class is written, it must be added as a plugin to ROS
so that it can be used by the move_base package. First, the global planner class
has to be registered as plugin by exporting it. The class needs to be labeled as an
exported class to allow it to be dynamically loaded. This can be done using the macro
PLUGI N L I B_EX PORT _CLASS, which usually placed at the end of the source
file (.cpp) of the exported class. Note that, it can be placed at any source file (.cpp)
from the plugin library. The second step is to write the plugin description file, which
is an XML file and used to keep all the information about the plugin such as the
plugin name, type. This plugin description file must be pointed in the export tag
block inside the package.xml. Each package should specify what are the plugins
it exports besides to the package libraries contain those plugins. This is needed to
allow pluginlib to query the available plugins across all ROS packages.

In what follows, we present the steps of integrating a new path planner into
ROS. The integration has two main steps: (1) writing the path planner class and (2)
deploying it as a plugin. Following, we describe them in details.

4.3.1 Writing the Path Planner Class

As mentioned before, to make a new global planner work with ROS, it must first
adhere to the interfaces defined in nav_core package. Thus, all the methods in
the class nav_core::BaseGlobalPlanner must be overridden. This section
presents how to write a new global path planner consisting of two file: (1) header file
RAstar_ros.h, and (2) source file RAstar_ros.cpp. Following is the header
content:

1 /∗∗ include the libraries you need in your planner here ∗/
2 /∗∗ for global path planner interface ∗/
3 #include <ros / ros .h>
4 #include <costmap_2d/costmap_2d.h>
5 #include <costmap_2d/costmap_2d_ros .h>
6 #include <nav_core /base_global_planner .h>
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7 #include <geometry_msgs/PoseStamped.h>
8 #include <angles / angles .h>
9 #include <base_local_planner /world_model .h>
10 #include <base_local_planner /costmap_model.h>
11

12 using std: :string;
13

14 #ifndef RASTAR_ROS_CPP
15 #define RASTAR_ROS_CPP
16

17 namespace RAstar_planner {
18

19 class RAstarPlannerROS : public nav_core: :BaseGlobalPlanner {
20 public :
21

22 RAstarPlannerROS() ;
23 RAstarPlannerROS(std: :string name, costmap_2d: :Costmap2DROS∗ costmap_ros) ;
24

25 /∗∗ overridden classes from interface nav_core : :BaseGlobalPlanner ∗∗/
26 void initialize(std: :string name, costmap_2d: :Costmap2DROS∗ costmap_ros) ;
27 bool makePlan(const geometry_msgs: :PoseStamped& start,
28 const geometry_msgs: :PoseStamped& goal,
29 std: :vector<geometry_msgs: :PoseStamped>& plan
30 ) ;
31 };
32 };
33 #endif

First we have to include core ROS libraries needed for path planner. In line 4 and 5,
we include the headers needed for costmap_2d::Costmap2D class which are
costmap_2d/costmap_2d.h and costmap_2d/costmap_2d_ros.h.
The costmap_2d::Costmap2D class will be used as input map by the path plan-
ner. Note that when defined the path planner class as a plugin, it will access this map
automatically. Thus, no subscription to costmap2d is needed to get the cost map
from ROS. Line 6 imports the interface nav_core::BaseGlobalPlanner,
which any plugin must adhere to.

17 namespace RAstar_planner {
18

19 class RAstarPlannerROS : public nav_core: :BaseGlobalPlanner {

The namespace RAstar_planner is defined for the class RAstarPlanner
ROS in line 17.With the namespace, a full reference to the class can be defined such as
RAstar_planner::RAstarPlannerROS. The class RAstarPlannerROS
which inherits from the interface nav_core::BaseGlobalPlanner as men-
tioned before is defined in line 19. The new class RAstarPlannerROS must
override all the methods defined in nav_core::BaseGlobalPlanner. The
default constructor is in line 22 which used to initialize the attributes of planner
with the default values. The constructor in line 23 is used to initialize the name
of the planner and the costmap. Line 26 defined an initialization function for the
BaseGlobalPlanner, which used to initialize the map to be used for the plan-
ning and planner name. The initialize method for RA* is implemented as follows:
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void RAstarPlannerROS: :initialize(std: :string name, costmap_2d: :Costmap2DROS∗ costmap_ros)
{

i f (!initialized_)
{

costmap_ros_ = costmap_ros;
costmap_ = costmap_ros_−>getCostmap() ;
ros: :NodeHandle private_nh("~/" + name) ;

originX = costmap_−>getOriginX() ;
originY = costmap_−>getOriginY() ;
width = costmap_−>getSizeInCellsX() ;
height = costmap_−>getSizeInCellsY() ;
resolution = costmap_−>getResolution() ;
mapSize = width∗height;
tBreak = 1+1/(mapSize) ;
OGM = new bool [mapSize] ;

for (unsigned int iy = 0; iy < height; iy++)
{

for (unsigned int ix = 0; ix < width; ix++)
{

unsigned int cost = static_cast<int >(costmap_−>getCost(ix, iy) ) ;
i f (cost == 0)

OGM[iy∗width+ix]=true ;
else

OGM[iy∗width+ix]=false ;
}

}
ROS_INFO("RAstar planner init ial ized successfully") ;
initialized_ = true ;

}
else

ROS_WARN("This planner has already been init ial ized . . . doing nothing") ;
}

27 bool makePlan(const geometry_msgs: :PoseStamped& start,
28 const geometry_msgs: :PoseStamped& goal,
29 std: :vector<geometry_msgs: :PoseStamped>& plan
30 ) ;

Then, the method bool makePlan must be overridden. The final plan will be
stored in theparameterstd::vector<geometry_msgs::PoseStamped>&
plan of the method. This plan will be automatically published through the plugin
as a topic.

4.3.1.1 Class Implementation

Here, we present the main issues in implementing a global planner as plugin. Fol-
lowing is part of the code from RA* global path planner1:

1 #include <pluginlib / class_list_macros .h>
2 #include "RAstar_ros .h"
3

1The complete source code is available in [16].
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4 / / register this planner as a BaseGlobalPlanner plugin
5 PLUGINLIB_EXPORT_CLASS(RAstar_planner: :RAstarPlannerROS, nav_core: :BaseGlobalPlanner)
6

7 using namespace std;
8

9 namespace RAstar_planner {
10 / / Default Constructor
11 RAstarPlannerROS: :RAstarPlannerROS(){
12

13 }
14 RAstarPlannerROS: :RAstarPlannerROS(std: :string name, costmap_2d: :Costmap2DROS∗ costmap_ros){
15 initialize(name, costmap_ros) ;
16 }
17 void RAstarPlannerROS: :initialize(std: :string name, costmap_2d: :Costmap2DROS∗ costmap_ros){
18

19 }
20 bool RAstarPlannerROS: :makePlan(const geometry_msgs: :PoseStamped& start, const geometry_msgs←↩

: :PoseStamped& goal,
21 std: :vector<geometry_msgs: :PoseStamped>& plan ){
22 i f (!initialized_) {
23 ROS_ERROR("The planner has not been initialized , please call in i t ia l ize () to use the ←↩

planner") ;
24 return false ;
25 }
26 ROS_DEBUG("Got a star t : %.2f , %.2f , and a goal : %.2f , %.2f" , start.pose.position.x, start.←↩

pose.position.y,
27 goal.pose.position.x, goal.pose.position.y) ;
28 plan.clear() ;
29 i f (goal.header.frame_id != costmap_ros_−>getGlobalFrameID() ){
30 ROS_ERROR("This planner as configured will only accept goals in the %s frame, but a goal ←↩

was sent in the %s frame. " ,
31 costmap_ros_−>getGlobalFrameID() .c_str() , goal.header.frame_id.c_str() ) ;
32 return false ;
33 }
34 tf: :Stamped < tf: :Pose > goal_tf;
35 tf: :Stamped < tf: :Pose > start_tf;
36

37 poseStampedMsgToTF(goal, goal_tf) ;
38 poseStampedMsgToTF(start, start_tf) ;
39

40 / / convert the star t and goal coordinates into cells indices to be used with RA∗ planner
41 float startX = start.pose.position.x;
42 float startY = start.pose.position.y;
43 float goalX = goal.pose.position.x;
44 float goalY = goal.pose.position.y;
45

46 getCorrdinate(startX, startY) ;
47 getCorrdinate(goalX, goalY) ;
48

49 int startCell;
50 int goalCell;
51

52 i f (isCellInsideMap(startX, startY) &&isCellInsideMap(goalX, goalY) ){
53 startCell = convertToCellIndex(startX, startY) ;
54 goalCell = convertToCellIndex(goalX, goalY) ;
55 }
56 else {
57 cout << endl << "the star t or goal is out of the map" << endl;
58 return false ;
59 }
60 / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / /
61 / / call RA∗ path planner
62 i f (GPP−>isStartAndGoalCellsValid(OGM, startCell, goalCell) ){
63 vector<int> bestPath;
64 bestPath = RAstarPlanner(startCell, goalCell) ; / / call RA∗
65

66 / / i f the global planner find a path
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67 i f ( bestPath−>getPath() .size()>0)
68 {
69 / / convert the path cells indices into coordinates to be sent to the move base
70 for ( int i = 0; i < bestPath−>getPath() .size() ; i++){
71 float x = 0.0;
72 float y = 0.0;
73 int index = bestPath−>getPath() [i] ;
74

75 convertToCoordinate(index, x, y) ;
76

77 geometry_msgs: :PoseStamped pose = goal;
78 pose.pose.position.x = x;
79 pose.pose.position.y = y;
80 pose.pose.position.z = 0.0;
81 pose.pose.orientation.x = 0.0;
82 pose.pose.orientation.y = 0.0;
83 pose.pose.orientation.z = 0.0;
84 pose.pose.orientation.w = 1.0;
85

86 plan.push_back(pose) ;
87 }
88 / / calculate path length
89 float path_length = 0.0;
90 std: :vector<geometry_msgs: :PoseStamped>::iterator it = plan.begin() ;
91 geometry_msgs: :PoseStamped last_pose;
92 last_pose = ∗it;
93 it++;
94 for ( ; it!=plan.end() ; ++it) {
95 path_length += hypot( (∗it) .pose.position.x − last_pose.pose.position.x, (∗it) .pose.←↩

position.y − last_pose.pose.position.y ) ;
96 last_pose = ∗it;
97 }
98 cout <<"The global path length : "<< path_length<< " meters"<<endl;
99 return true ;

100 }
101 else{
102 cout << endl << "The planner failed to find a path " << endl
103 << "Please choose other goal position , " << endl;
104 return false ;
105 }
106 }
107 else{
108 cout << "Not valid star t or goal" << endl;
109 return false ;
110 }
111 }
112 };

There are few important things to consider:

• Register the planner as BaseGlobalPlanner plugin: this is done through the
instruction:

5 PLUGINLIB_EXPORT_CLASS(RAstar_planner: :RAstarPlannerROS, nav_core: :BaseGlobalPlanner)

For this, it is necessary to include the library:

1 #include <pluginlib / class_list_macros .h>

• The constructors can be implemented with respect to the planner requirements and
specification.
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• The implementation of themakePlan()method: Thismethod takes three param-
eters: start, goal, and plan. The start and goal are used to set the initial
position and the target position, respectively. Those positions have to be converted
from x and y coordinate to cell indices before passing them to RA*, because RA*
work with indices. When RA* finishes its execution, the computed path will be
returned. The cells in the path need to be converted to x and y coordinates before
sending the path to the move_base global planner module which will publish
it through the ROS topic nav_msgs/Path, which will then be received by the
local planner module.

Now the global planner class is done, and you are ready for the second step, that is
creating the plugin for the global planner to integrate it in the global planner module
nav_core::BaseGlobalPlanner of the move_base package.

4.3.1.2 Compilation

To compile the RA* global planner library created above, it must be added (with all
of its dependencies if any) to the CMakeLists.t xt . This is the code to be added:

add_library(relaxed_astar_lib src/RAstar_ros.cpp)

Then, in a terminal, run catkin_make in your catkin workspace directory
to generate the binary files. This will create the library file in the lib direc-
tory ~/catkin_ws/devel/lib/librelaxed_astar_lib. Observe that
“lib” is appended to the library name relaxed_astar_lib declared in the
CMakeLists.txt.

4.3.2 Writing Your Plugin

The second step of integration is to deploy the planner class as a plugin. Basically,
it is important to follow all the steps required to create a new plugin as explained in
the plugin description page [17]. There are four steps:

4.3.2.1 Plugin Registration

First, you need to register your global planner class as plugin by exporting it. In
order to allow a class to be dynamically loaded, it must be marked as an exported
class. This is done through the special macro PLUGINLIB_EXPORT_CLASS. This
macro can be put into any source (.cpp) file that composes the plugin library, but is
usually put at the end of the .cpp file for the exported class. This was already done
above in RAstar_ros.cpp with the instruction.
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5 PLUGINLIB_EXPORT_CLASS(RAstar_planner: :RAstarPlannerROS, nav_core: :BaseGlobalPlanner)

This will make the class RAstar_planner::RAstarPlannerROS regis-
tered as plugin for nav_core::BaseGlobalPlanner of the move_base.

4.3.2.2 Plugin Description File

The second step consists in describing the plugin in a description file. The plugin
description file is an XML file that serves to store all the important information about
a plugin in a machine readable format. It contains information about the library the
plugin is in, the name of the plugin, the type of the plugin, etc. In our case of global
planner, you need to create a new file and save it in certain location in your package
and give it a name, for example relaxed_astar_planner_plugin.xml.
The content of the plugin description file (relaxed_astar_planner_plugin
.xml), would look like this:

1 <library path=" lib / librelaxed_astar_lib">
2 <class name="RAstar_planner /RAstarPlannerROS"
3 type="RAstar_planner : :RAstarPlannerROS"
4 base_class_type="nav_core : :BaseGlobalPlanner">
5 <description>This is RA∗ global planner plugin by iroboapp project. </description>
6 </class>
7 </library>

In the first line:

1 <library path=" lib / librelaxed_astar_lib">

we specify the path to the plugin library. In this case, the path islib/librelaxed_
astar_lib, where lib is the folder in the directory ~/catkin_ws/devel/ (see
Compilation section above).

2 <class name="RAstar_planner /RAstarPlannerROS"
3 type="RAstar_planner : :RAstarPlannerROS"
4 base_class_type="nav_core : :BaseGlobalPlanner">

Here, we first specify the name of the global_planner plugin that we will use
later in move_base launch file as parameter that specifies the global planner to
be used in nav_core. It is typically to use the namespace (RAstar_planner)
followed by a slash then the name of the class (RAstarPlannerROS) to specify
the name of plugin. If you do not specify the name, then the name will be equal to the
type, which is in this case will be RAstar_planner::RAstarPlannerROS.
It recommended to specify the name to avoid confusion.

The type specifies the name the class that implements the plugin which is in our
caseRAstar_planner::RAstarPlannerROS, and thebase_class_type
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specifies the name the base class that implements the plugin which is in our case
nav_core::BaseGlobalPlanner.

5 <description>This is RA∗ global planner plugin by iroboapp project. </description>

The <description> tag provides a brief description about the plugin. For a
detailed description of plugin description files and their associated tags/attributes,
please see the documentation in [18].

Why Do We Need This File? We need this file in addition to the code macro
to allow the ROS system to automatically discover, load, and reason about plugins.
The plugin description file also holds important information, like a description of the
plugin, that does not fit well in the macro.

4.3.2.3 Registering Plugin with ROS Package System

In order for pluginlib to query all available plugins on a system across all ROS
packages, each package must explicitly specify the plugins it exports and which
package libraries contain those plugins. A plugin provider must point to its plugin
description file in its package.xml inside the export tag block. Note, if you have
other exports, they all must go in the same export field. In our RA* global planner
example, the relevant lines would look as follows:

1 <export>
2 <nav_core plugin="${prefix}/relaxed_astar_planner_plugin .xml" />
3 </ export>

The ${prefix}/ will automatically determine the full path to the file relaxed
astar planner plugin.xml. For a detailed discussion of exporting a plugin,
interested readers may refer to [19].

Important Note: In order for the above export command to work properly, the
providing package must depend directly on the package containing the plugin inter-
face,which isnav_core in the case of global planner. So, the relaxed_astar package
must have the line below in its relaxed_astar/package.xml:

1 <build_depend>nav_core</build_depend>
2 <run_depend>nav_core</run_depend>

This will tell the compiler about the dependency on the nav_core package.

4.3.2.4 Querying ROS Package System for Available Plugins

One can query the ROS package system via rospack to see which plugins are
available by any given package. For example:
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1 $ rospack plugins−−attrib=plugin nav_core

This will return all plugins exported from the nav_core package. Here is an
example of execution:

1 turtlebot@turtlebot−Inspiron−N5110:~$ rospack plugins−−attrib=plugin nav_core
2 rotate_recovery /opt/ros/hydro/share/rotate_recovery/rotate_plugin.xml
3 navfn /home/turtlebot/catkin_ws/src/navfn/bgp_plugin.xml
4 base_local_planner /home/turtlebot/catkin_ws/src/base_local_planner/blp_plugin.xml
5 move_slow_and_clear /opt/ros/hydro/share/move_slow_and_clear/recovery_plugin.xml
6 robot_controller /home/turtlebot/catkin_ws/src/robot_controller/global_planner_plugin.xml
7 relaxed_astar /home/turtlebot/catkin_ws/src/relaxed_astar/relaxed_astar_planner_plugin.xml
8 dwa_local_planner /opt/ros/hydro/share/dwa_local_planner/blp_plugin.xml
9 clear_costmap_recovery /opt/ros/hydro/share/clear_costmap_recovery/ccr_plugin.xml
10 carrot_planner /opt/ros/hydro/share/carrot_planner/bgp_plugin.xml

Observe that our plugin is now available under the package relaxed_astar
and is specified in thefile /home/turtlebot/catkin_ws/src/relaxed_astar/relaxed_astar_
planner_plugin.xml. You can also observe the other plugins already existing in
nav_core package, including carrot_planner/CarrotPlanner and
navfn, which implements Dijkstra’s algorithm.

Now, your plugin is ready to use.

4.3.3 Running the Plugin

There are a few steps to follow to run your planner in a robot. As an example, we
will show the steps to test and run the plugin in Turtlebot robot. We tested the plugin
using real Turtlebot robot with ROS Hydro version. However, it is expected to also
work with Groovy (not tested). First, you need to copy the package that contains your
global planner (in our case relaxed_astar) into the catkin workspace of your
Turtlebot (e.g., catkin_ws). Second, you need to run catkin_make to export
your plugin to your Turtlebot ROS environment.

Third, you need to make some modification to move_base configuration to
specify the new planner to be used. For this, follow these steps:

1. In Hydro, go to this folder /opt/ros/hydro/share/turtlebot_navigation/launch/
includes

$ roscd turtlebot_navigation/
$ cd launch/includes/

2. Open the file move_base.launch.xml (you may need sudo to open and be
able to save) and add the new planner as parameters of the global planner, as
follows:
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1 . . . . . .
2 <node pkg="move_base" type="move_base" respawn="false" name="move_base" output="screen"←↩

>
3 <param name="base_global_planner" value="RAstar_planner /RAstarPlannerROS"/>
4 . . . .

Save and close the move_base.launch.xml. Note that the name of the
planner is RAstar_planner/RAstarPlannerROS the same specified in
relaxed_astar_planner_plugin.xml.
Now, you are ready to use your new planner.

3. Youmust now bringup your Turtlebot. You need to launch minimal.launch,
3dsensor.launch, amcl.launch.xml and move_base.launch
.xml. Here is an example of launch file that can be used for this purpose.

1 <launch>
2 <include f i le="$(find turtlebot_bringup ) / launch /minimal . launch"></ include>
3

4 <include f i le="$(find turtlebot_bringup ) / launch/3dsensor . launch">
5 <arg name="rgb_processing" value="false" />
6 <arg name="depth_registration" value="false" />
7 <arg name="depth_processing" value="false" />
8 <arg name="scan_topic" value=" /scan" />
9 </ include>
10

11 <arg name="map_file" default="map_folder /your_map_file .yaml" />
12 <node name="map_server" pkg="map_server" type="map_server" args="$(arg map_file)" />
13

14 <arg name="initial_pose_x" default="0.0" />
15 <arg name="initial_pose_y" default="0.0" />
16 <arg name="initial_pose_a" default="0.0" />
17 <include f i le="$(find turtlebot_navigation ) / launch / includes /amcl. launch .xml">
18 <arg name="initial_pose_x" value="$(arg initial_pose_x )" />
19 <arg name="initial_pose_y" value="$(arg initial_pose_y )" />
20 <arg name="initial_pose_a" value="$(arg initial_pose_a )" />
21 </ include>
22

23 <include f i le="$(find turtlebot_navigation ) / launch / includes /move_base. launch .xml" />
24

25 </ launch>

Note that changes made in the file move_base.launch.xml will now be
considered when you bring up your Turtlebot with this launch file.

4.4 ROS Environment Configuration

One important step before using the planners is tuning the controller parameters as
they have a big impact on the performance. The controller parameters can be cate-
gorized into several groups based on what they control such as: robot configuration,
goal tolerance, forward simulation, trajectory scoring, oscillation prevention, and
global plan.

The robot configuration parameters are used to specify the robot acceleration
information in addition to the minimum and maximum velocities allowed to the
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robot. We are working with the Turtlebot robot, and we used the default parame-
ters from tur tlebot_navigation package. The configuration parameters are set as
follow: acc_lim_x = 0.5, acc_lim_theta = 1, max_vel_x = 0.3, min_vel_x =
0.1, max_vel_theta = 1 min_vel_theta = −1 min_in_place_vel_theta = 0.6.

The goal tolerance parameters define how close to the goal we can get. xy_goal_
tolerance represents the tolerance in meters in the x and y distance and should not
be less than the map resolution or it will make the robot spin in place indefinitely
without reaching the goal, so we set it to 0.1. yaw_goal_tolerance represents the
tolerance in radians in yaw/rotation. Setting this tolerance very small may cause the
robot to oscillate near the goal. We set this parameter very high to 6.26 as we do not
care about the robot orientation.

In the forward simulation category, the main parameters are: sim_t ime, vx_
samples, vtheta_samples, and controller_ f requency. The sim_t ime represents
the amount of time (in seconds) to forward-simulate trajectories, and we set it to
4.0. The vx_samples and vtheta_samples represent the number of samples to use
when exploring the x velocity space and the theta velocity space respectively. They
should be set depending on the processing power available, and we use the value
recommended in ROS Web site for them. So, we set 8 to the vx_samples and 20
to vtheta_samples. The controller_ f requency represents the frequency at which
this controller will be called. Setting this parameter a value too high can overload
the CPU. Setting it to 2 works fine with our planners.

The trajectory scoring parameters are used to evaluate the possible velocities to
the local planner. The three main parameters on this category are: pdist_scale,
gdist_scale, and occdist_scale. The pdist_scale represents the weight for how
much the controller should stay close to the global planner path. The gdist_scale
represents the weight for how much the controller should attempt to reach its goal
by whatever path necessary. Increasing this parameter will give the local planner
more freedom in choosing its path away from the global path. The occdist_scale
represents the weight for how much the controller should attempt to avoid obsta-
cles. Because the planners may generate paths very close to the obstacles or
dynamically not feasible, we set the pdist_scale = 0.1, gdist_scale = 0.8 and
occdist_scale = 0.3 when testing our planners. Another parameter named dwa is
used to specify whether to use the DWA when setting it to true, or use the Tra-
jectory Rollout when setting it to f alse. We set it to true because the DWA is
computationally less expensive than the Trajectory Rollout.

4.5 Performance Evaluation

For the experimental evaluation studyusingROS,wehaveused the real-worldWillow
Garage map (Fig. 4.3), with dimensions 584 * 526 cells and a resolution 0.1m/cel.
In this map, the white color represents the free area, the black color represents the
obstacles or walls, and the gray color represents the unknown area.
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Fig. 4.3 Willow Garage map

We considered 30 different scenarios, where each scenario is specified by the
coordinates of randomly chosen start and goal cells. Each scenario, with specified
start/goal cells, is repeated 30 times (i.e., 30 runs for each scenario). In total, 900
runs for the Willow Garage map are performed in the performance evaluation study
for each planner.

Two performance metrics are considered to evaluate the global planners: (1)
the path length, it represents the length of the shortest global path found by the
planner, (2) the execution time, it is the time spent by an algorithm to find its best
(or optimal) solution.

Figure4.4 shows that the RA* is faster than nav f n in 87% of the cases. Table4.1
shows that, in average, the RA* is much faster than nav f n, with execution time
less than the half of that of nav f n. RA* provides near-optimal paths, which are in
average only 3.08% longer than nav f n paths. These results confirm the simulation
results, presented in Sect. 4.3, about the efficiency of the RA*. Moreover, the small
loss in terms of path quality does not matter in practice as this path will be used only
as a guide for local path planner , which will generate the actual path that the robot
will follow (which may be different from the global path) considering the kinematics
and dynamics of the robot as well as moving obstacles, if any.
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Fig. 4.4 Average execution time (microseconds) of RA* and navfn

Table 4.1 Execution time in (microseconds) and path length in (meters) of RA* and navfn

Planner Execution time Path length

Total Average Total Average

RA* 185.1265156 6.170884 ±
0.504922

582.34962 19.41165

navfn 448.6488877 14.95496 ±
1.174413

564.9527 18.83176

4.6 Conclusion

In this chapter, we presented the necessary steps to integrate new path planners into
the ROS global path planning component as a plugin. We demonstrated how to inte-
grate new planner (RA*) into ROS and present its benefits. Experimentations were
performed to show the effectiveness of the newly integrated planners as compared
to ROS default planner.

Comparing the RA* paths with nav f n show that although the RA* paths are
longer with small gap than the nav f n, the execution time for RA* is 78% less than
nav f n execution time.
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Chapter 5
Robot Path Planning Using Cloud
Computing for Large Grid Maps

Abstract As discussed in Chap. 3, A∗ algorithm and its variants are the main mech-
anisms used for grid path planning. On the other hand, with the emergence of cloud
robotics, recent studies have proposed to offload heavy computation from robots
to the cloud, to save robot energy and leverage abundant storage and computing
resources in the cloud. In this chapter, we investigate the benefits of offloading path
planning algorithms to be executed in the cloud rather than in the robot. The contri-
bution consists in developing a vertex-centric implementation of the RA∗, a version
of A∗ that we developed for grid maps and that was proven to be much faster than
A∗ (refer to Chap. 3), using the distributed graph processing framework Giraph that
rely on Hadoop. We also developed a centralized cloud-based C++ implementation
of the algorithm for benchmarking and comparison purposes.

5.1 Introduction

Robots have been proved to be very successful in several applications due to their
high endurance, speed, and precision. To enlarge the functional range of these robots,
there is a growing need for robots to perform their computing at a large scale, which
is well beyond their capabilities. These robots are usually small, lightweight, and
have minimal hardware configurations and, thus, limited processing power that is
insufficient for handling compute-intensive tasks. The function range of these robots
can be extended only if they can offload or outsource the difficult calculations and
focus on sensing and actuations. Cloud computing is a promising solution for the
above problems.

In fact, the process of searching a path in large grid maps that contains different
obstacles requires access to large amounts of data, which is challenging. Cloud
robotics provide a very promising solution for future cloud-enabled navigation. The
cloud can not only provide storage space to store the large amount of map data, but
also provide processing power to facilitate the building and searching of the path
quickly.

In this chapter, we used the parallelism advantages of cloud computing for robots
to solve the path planning in large environments. We use the open-source graph
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processing framework Giraph [1] which is based on the open-source Hadoop frame-
work [2], and we present a vertex-centric graph RA∗ algorithm [3], and we used a
centralized cloud-based C++ implementation of the algorithm for benchmarking and
comparison purposes.

5.2 Cloud Computing and Robotics

Nowadays, we are at the cusp of a revolution in robotics. The current research trend
aims at using robot systems aswell as industrial robots in various applications includ-
ing smart home environments [4], exploration [5], airports [6], shopping malls [7],
manufacturing [8]. The International Federation of Robotics reported that the num-
ber of service robots for personal and domestic use sold in 2014 increased by 11.5%
compared to 2013, augmenting sales up to USD 3.77 billion [9]. It is also forecasted
that the sale of household robots could reach 25.2 million units during next three
years.

Although these robots have been useful for several applications, their use is limited
comparatively to other technologies such as smartphones, mobile phones, and tablets
essentially for large- scale application which is well beyond their capabilities. With
the emergence of cloud computing, recent studies have proposed to offload heavy
computation from robots to the cloud as robots are usually small, lightweight, and
have minimal hardware configurations and, thus, limited processing power that is
insufficient for handling compute-intensive tasks which will not allow the robot to
complete its mission in a short period of time. In fact, when connected to the cloud,
robots can benefit from the powerful computational, storage, and communications
resources in the cloud. This solution has a number of advantages over traditional
approach, where all actions are performed on the robot. This led us to think in
outsourcing the path calculation process using the cloud computing techniques in
order to investigate the benefits of the cloud robotic solution to solve grid path
planning. Our objective is to reduce the execution time of the path searching process
in large grid maps as far as possible.

5.3 Literature Review

To the best of our knowledge, there is no previous research works that addressed the
robot path planning problem in large grid maps using Giraph framework.

Some research works have tackled the shortest path problem without considering
the obstacle avoidance. For example, the Giraph package [1] provides an imple-
mentation of the Dijkstra algorithm. In reference [10], the authors firstly implement
the Breadth-first search algorithm using Giraph to solve the shortest path problem.
They tested their algorithms in two large graphs; the first one contains 10000 ver-
tices and 121210 edges and the second has 100000 vertices and 1659270 edges.
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The authors compared the implementation of breadth-first search on Giraph with
a Hadoop MapReduce solution. The simulation results confirm the superiority of
Giraph over Hadoop for this kind of task. The interesting point of this paper is the
proposition of new improvements that modify Giraph framework in order to support
dynamics graphs, in which the input may change while the job is being performed. In
paper [11], the authors described how theymodify theGiraph framework to be able to
support managing Facebook-scale graphs of up to one trillion edges. They presented
new graph processing techniques such as composable computation and superstep
splitting. Paper [12] is centered around the development of a cloud-based system,
called Path Planning as a Service (PPaaS) for robot path planning. The authors pro-
posed three-layered system architecture, which facilitates on-demand path planning
software in the cloud. They have implemented the proposed systemwith the Rapyuta
cloud engine and used ROS platform as the communication framework for the entire
system.

The Okapi project [13] provides a multiple source shortest paths implementation.
It effectively runs a number of single-source computations in parallel. The Okapi
implementation uses a label-correcting algorithm: Each vertex stores the length of
the shortest path found so far. When it is informed of a shorter path from the source
vertex, it updates its stored value and informs its neighbors. Each vertex has a value
of type Float and sends messages of the same type. Instead of running the single-
source shortest path algorithm (SSSP) for each vertex individually, multiple sources
are selected and a SSSP instance is run in parallel. This is achieved by having each
vertex store amap (typeMapWritable) of IDs to distances. In the sameway,messages
sent between vertices contain a map of source IDs to distances. For example, vertex
1 might send the message 3: 10.0, 4: 15.0 to 2, meaning that it found a new shortest
path from source vertex 3, via 1, to 2 of length 10; and also a new shortest path from
source vertex 4. The receiving vertex 2 then compares each new length to the values
stored in its own map to decide if the path has an improvement. If at a given iteration
some improvement is found, all neighbors are informed by sending the new distance.
The work [14] compared the HadoopMapReduce and the Bulk Synchronous Parallel
(BSP) approach, used in Giraph, using the single-source shortest path computation,
existing in the Giraph package, and the relational influence propagation algorithms.
They tested the algorithm in cluster containing 85 machines, and each has 7500 MB
of RAM; they used various datasets, with different sizes, to evaluate the performance
of the approaches. They varied the number of nodes in the cluster and measured the
execution times of the algorithm. The results revealed that iterative graph processing
with BSP implementation significantly outperforms MapReduce. Pace in [15] pro-
vided a theoretical comparison of the Bulk Synchronous Parallel and theMapReduce
models. In terms of graph processing they noticed that breadth-first search algorithm
cannot be efficiently implemented by means of the MapReduce model. Paper [16]
presents iGiraph framework for processing large-scale graphs. iGiraph is a modi-
fied version of Giraph. The authors use a new dynamic re-partitioning approach to
minimize communication between computation nodes and thus reduces the cost of
resource utilization. To evaluate the performance of the new framework, the authors
tested the shortest path, the connected components, and the PageRank algorithms on
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a cloud formed by 16 machines each having 8 GB of RAM. They used three graphs
containing between 403394 and 1632803. They compared the iGiraph and Giraph
frameworks in terms of number of messages exchanged between partitions, the exe-
cution time and the number of workers used, and they proved that the execution time
of the shortest path algorithm using iGiraph is not reduced as compared to Giraph,
and it takes around 5min. For the other algorithms, the execution time is decreased
and the number of messages passing through network is reduced significantly. The
authors in [17] proposed two models to maximize the performance of graph com-
puting on heterogeneous cluster (different nodes with various bandwidths or CPU
resources). They presented a greedy selection model to select the optimal worker set
for executing the graph jobs for graph processing systems using hash-based parti-
tion method and a heterogeneity-aware streaming graph partitioning to balance the
load among workers. Experiments were made using five different algorithms (page
rank, shortest path, random walk, kcore, and weakly connected components) on two
different clusters: the university laboratory cluster (46 machines) and EC2 cluster
(100 instances). The experiments prove that the execution time of the algorithms is
reduced by 55.9% for laboratory cluster and 44.7% for EC2 cluster as compared to
traditional method. In [18], the authors compared Giraph against GraphChi. In 2012,
it was proven that GraphChi is able to perform intensive graph computations in a
single PC in just under 59min, whereas the distributed systems were taking 400min
using a cluster of about 1000 computers. In this work, the authors compared the new
versions of the two frameworks by testing three different algorithms (PageRank,
shortest path, and weakly connected components) and they concluded that even for
a moderate number of simple machines (between 20 and 40, each having 1 GB of
RAM), Apache Giraph outperforms GraphChi in terms of execution time for all the
algorithms and datasets used. Rathore et al. [19] proposed a graph-oriented mech-
anism to achieve the smart transportation system. The overall traffic information is
obtained from road sensors which form big data. Graphs are generated from big
data. Various graph algorithms are implemented using Giraph to achieve real-time
transportation. Dijkstra is implemented to select the quickest and shortest path. In
addition to the path cost, other parameters are taken into consideration to evaluate
the path quality in the process of searching the shortest path such as the current traffic
intensity as well as the vehicles speeds. However, experiments were conducted only
on a single-node machine and they have used not very large graph (less than 90000
nodes and edges).

Table5.1 provides more details about some works.

5.4 Hadoop: Overview

Hadoop is an open-source, Java-based framework similar to Google’s Map/Reduce
framework [20]. Hadoop was created by Doug Cutting andMike Cafarella in 2006. It
was originally developed to support distribution for the Nutch search engine project
[21]. It provides a reliable, scalable, and distributed computing platform. Hadoop
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supports data intensive distributed applications running on large clusters of comput-
ers. One of the main features of Hadoop is that it parallelizes data processing across
many nodes (computers) in the cluster, speeding up large computations.Most of these
processing occurs near the data or storage so that I/O latencies over the network are
reduced. Even though Hadoop has been primarily used in search and indexing of
large volumes of text files, nowadays it has even been used in other areas also like
in machine learning, analytics, natural language search, and image processing. We
have now found its potential application in robotics.

5.4.1 Hadoop Architecture Overview

The core of Apache Hadoop is composed of the following modules [2]:

• Hadoop CommonModule: is a Hadoop base API, it contains libraries and utilities
needed by other Hadoop modules;

• Hadoop Distributed File System (HDFS) (storage part): a distributed file system
that stores data on commoditymachines, providing very high aggregate bandwidth
across the cluster;

• Yet Another Resource Negotiator (YARN): a resource management platform
responsible for managing computing resources in clusters and using them for
scheduling of users’ applications; and

• HadoopMapReduce (processing part): an implementation of the MapReduce pro-
gramming model for large-scale data processing.

The next subsections will give a brief overview about the different modules of
Hadoop.

5.4.1.1 HDFS: Hadoop Distributed File System

In [21], HDFS is defined as “a file system designed for storing very large files with
streaming data access patterns, running on clusters of commodity hardware”. HDFS
can storefiles that are hundreds ofmegabytes, gigabytes, or terabytes in size; it is build
around the idea that the most efficient data processing pattern is a write-once, read-
many-times pattern. Moreover, Hadoop does not require expensive, highly reliable
hardware, and it is highly fault-tolerant.

To store such a huge data, the files are stored across multiple machines. These
files are stored in redundant fashion to rescue the system from possible data losses
in case of failure. HDFS also makes applications available to parallel processing.

Figure5.1 is the architecture of the Hadoop-distributed file system. HDFS has two
types of nodes operating in a master worker architecture: a namenode (the master)
and a number of datanodes (workers).
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Fig. 5.1 The Hadoop distributed file system architecture

• Namenode: It is themaster ofHDFS thatmaintains andmanages the blocks present
on the DataNodes (slave nodes). It is a very high-availability server that manages
the file system namespace and controls access to files by clients. In Hadoop 1.x,
there is just one namenode in Hadoop which is the single point of failure in the
entire Hadoop HDFS cluster. In hadoop 2.x, multiple namenode servers manage
namespaces and this allows performance improvements. The namenode does the
following tasks:

– Manages the file system namespace, and it maintains the filesystem tree and the
metadata for all the files and directories in the tree.

– It directs the Datanodes (Slave nodes) to execute the low-level I/O operations.
– It keeps a record of how the files in HDFS are divided into blocks.
– The NameNode is also responsible to take care of the replication factor of all
the blocks. If there is a change in the replication factor of any of the blocks, the
NameNode will record this in the EditLog.

– Regulates client’s access to files: it provides information to the clients about
how the file data is distributed across the data nodes.

– It also executes file system namespaces operations such as renaming, closing,
and opening files and directories.

• Datanodes: are the slave nodes in HDFS; a datanode is a commodity hardware,
that is, a non-expensive systemwhich is not of high quality or high availability. For
every node in a cluster, there will be a datanode which manages storage attached
to the node that it runS on. The datanodes are responsible of the following tasks:

– Datanodes perform read-write operations on the file systems.
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– They also perform operations such as block creation, deletion, and replication
according to the instructions of the namenode.

– They regularly send a report on all the blocks present in the cluster to the
NameNode.

• Block:Generally, the user data is stored in thefiles ofHDFS.Thefile in afile system
will be divided into one or more segments (chunks) and/or stored in individual
data nodes. These file segments are called as blocks. In other words, the minimum
amount of data that HDFS can read or write is called a block. The default block size
is 128MB, but it can be increased as per the need to change inHDFS configuration.

5.4.1.2 Map/Reduce Framework: Overview

One of the main functionality in Hadoop is the MapReduce framework which is
described in [22]; it has been first developed by Google [20]. The MapReduce is
a programming model for processing and generating large datasets with a parallel,
distributed algorithm on a cluster inside the HDFS. It provides a mechanism for exe-
cuting several computational tasks in parallel on multiple nodes on a huge dataset.
This reduces the processing or execution time of computationally intensive tasks by
several orders of magnitude compared to running the same task on a single server.
Figure5.2 illustrates how theMapReducemodelworks.MapReduceworks by break-
ing the processing into two phases: the map phase (map task) and the reduce phase
(reduce task). A MapReduce job usually splits the input dataset into independent
chunks (blocks) which are processed by the map tasks in a completely parallel man-
ner. The framework sorts the outputs of the maps, which are then input to the reduce
tasks. Typically, both the input and the output of the job are stored in a file system.
The framework takes care of scheduling tasks, monitoring them, and re-executes the
failed tasks.

5.4.1.3 Yet Another Resource Negotiator :YARN

In the second version of Hadoop, a new module appeared and changed the archi-
tecture of Hadoop significantly called YARN. It is responsible for managing clus-
ter resources and job scheduling. In Hadoop 1.x, this functionality was integrated
with the MapReduce module where it was realized by the JobTracker component.
The fundamental idea of YARN is to split the two major functionalities of the Job-
Tracker, resource management, and task scheduling/monitoring in order to have a
global ResourceManager and an ApplicationMaster. The YARN module consists of
three main components: (1) Global Resource Manager (RM) per cluster, (2) Node
Manager (NM) per node and (3) Application Master (AM) per job
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Fig. 5.2 Parts of a
MapReduce job

• Resource Manager is the core component of YARN (the master). It knows where
the slaves are located, it manages the resources and makes allocation decisions. It
runs several services, the most important are the scheduler and the Applications
Manager.

• NodeManager (many per cluster) is the slave of the infrastructure. It is responsible
for launching containers (a fraction of the NodeManager capacity and it is used
by the client for running a program), each of which can house a map or reduce
task. For each node in the cluster is assigned a NodeManager. The role of the
NodeManager consists to keep up to date with the ResourceManager, overseeing
containers’ life-cycle management; monitoring resource usage (memory, CPU) of
individual containers, tracking node-health and log’s management.

• ApplicationMaster is responsible for the execution of a single application. It asks
for containers to theResourceScheduler (ResourceManager) and executes specific
programs (e.g., the main of a Java class) on the obtained containers.
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5.5 Giraph: Overview

Hadoop provides parallel computing platform with fault tolerance support for big
data-related problems. However, MapReduce programming model does not suit well
for graph-related problems. InMapReduce programmingmodel, for each job, output
is written to disk, and for new job, graph is again loaded into the memory. This
loading of graph, every time a job is started, is an overhead for large graphs. To
avoid such overheads, a new parallel computing platform GIRAPH [1] is introduced
by Apache in 2012, which suits well for graph applications. Apache Giraph is open
source. It is a loose implementation of Google’s Pregel [23]which is inspired by the
Bulk Synchronous Parallel (BSP). Both Pregel and Giraph employ a vertex-centric
(think-like-a-vertex) programming model to support iterative graph computation.
Giraph adds several features beyond the Pregelmodel, includingmaster computation,
sharded aggregators, edge-oriented input, out-of-core computation, andmore.Giraph
can run as a typical Hadoop job that uses theHadoop cluster infrastructure. InGiraph,
each vertex is a single computation unit, which contains its internal state (identifier
and value) and all outgoing edges. Thus, the abstraction is made on a vertex-centric
level, which is more intuitive for graph algorithms. The graph-processing programs
are expressed as a sequence of iterations called supersteps. During a superstep, the
framework starts a user-defined function for each vertex, conceptually in parallel. The
user-defined function specifies the behavior at a single vertex and a single superstep
S. The function can read messages that are sent to the vertex in superstep S−1, send
messages to other vertices that will be received at superstep S + 1, and modify the
state of the vertex and its outgoing edges. Messages are typically sent along outgoing
edges, but you can send a message to any vertex with a known identifier.

5.5.1 Giraph Architecture

Giraph applies a master/worker architecture, illustrated in Fig. 5.3. During program
execution, graph is loaded and partitioned by the master and assigned to workers.
The default partitionmechanism is hash partitioning, but custom partition is also sup-
ported. The master then dictates when workers should start computing consecutive
supersteps. The master is responsible also about the coordination and synchroniza-
tion it requests checkpoints and collects health statuses. Like Hadoop, Giraph uses
Apache ZooKeeper for synchronization. Workers are responsible for vertices. A
worker starts the compute function for the active vertices. It also sends, receives,
and assigns messages with other vertices. During execution, if a worker receives
input that is not for its vertices, it passes it along. Once the computation has halted,
workers save the output. Checkpoints are initiated at user-defined intervals and are
used for automatic application restarts when any worker fails. Any worker can act
as the master and one will automatically take over if the current master fails.
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Fig. 5.3 The Giraph Architecture

5.5.2 The Bulk Synchronous Parallel Model

ABulk Synchronous Parallel (BSP) computation model consists of a series of global
supersteps or iterations. Each superstep consists of three components as depicted in
Fig. 5.4:

1. Concurrent computation: each processor is assigned a number of vertices and
processes in parallel. Every participating processor may perform local compu-
tations, i.e., each process can only make use of values stored in the local fast
memory of the processor. The computations occur asynchronously of all the
others but may overlap with communication.

2. communication: the processors exchange messages between each other;
3. barrier synchronization: when a processor reaches the barrier, it waits until all

other processors finish their communications.

According to BSP, we have n processing units, which can communicate through
a medium such as a network or a bus. The input is divided across the processing
units, and each processing unit computes its intermediate results to its subproblem
locally. When the processing units have finished, they exchange the intermediate
results according to the semantics of the algorithm. When a processing unit has
finished computing its subproblem and sending its intermediate results, it waits for
the others to finish as well. When all processing units have finished, they go with the
next superstep, computing their subproblems based on their previously computed
state and the messages that have received. The waiting phase is the synchronization
barrier.
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Fig. 5.4 The BSP Model

5.6 Implementation of RA∗ Using Giraph

The RA∗ algorithm is a version of A∗ that has been developed for grid maps and
that was proven to be much faster than A∗ in Chap.3. This section presents a vertex-
centric RA∗ algorithm designed using Giraph and Hadoop frameworks for solving
the global path planning problem in large grid environments.

As mentioned in the Sect. 5.5, when designing a Giraph algorithm, we should
consider the “think like-a-vertex” programming model, i.e., the algorithm should be
transformed to show the behavior of one vertex in a given superstep.

Step 1: Input Format Selection:

As explained in the previous section, the first step of any Giraph application is to
choose a MapReduce Input Format. For the RA∗ job, we choose the Json Long
Double Float Double Vertex Input Format format to present the grid
map as a graph. The grid will be transformed to a series of lines that represent the
graph (the input file of the job); each line has the following format:

J SON Array(vertex I D, vertexV alue, J SON Array(J SON Array
(DestV ertex I D, EdgeValue), ...))
Each line is composed of three elements to describe one cell in the grid. The

vertex I D is the cell ID, vertexValue is the cell value which can have one of these
two possible values 0 or 100, where 0 means the cell is free and 100 means the cell
is occupied by an obstacle and finally a list of adjacent neighbors, each neighbor is
represented by its ID DestV ertex I D and the edge value EdgeValue. The edge
value has two possibles value 1 or 1.4; it is equal to 1 if the neighbor vertex exists in
the vertical or horizontal direction in the map and 1.4 if the adjacent vertex exists in
the diagonal direction.
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The following example represents a 10*10 grid map represented using the Json-
LongDoubleFloatDoubleVertexInputFormat (only the first three vertices are pre-
sented, the whole file contains 99 vertices):

[0,0,[[1,1],[10,1],[11,1.4]]]

[1,0,[[0,1],[2,1],[10,1.4],[11,1.4],[12,1]]]

[2,0,[[1,1],[3,1],[11,1.4],[12,1.4],[13,1.4]]]

[3,0,[[2,1],[4,1],[12,1.4],[13,1.4],[14,1.4]]]

....

Step 2: Implementation of the Compute Method:

The RA∗ algorithm is implemented as a subclass of the AbstractComputation
class that provides a compute() method which will be executed by each active
vertex in the graph in each superstep. Vertices can have two different states during
the execution of the algorithm: actives or inactives. They all begin the process as
actives, then they become inactive if they vote to halt. When they are inactive, they
do not execute the compute method, and they can come back to activity only if they
receive a message from neighbors. At the end of the superstep, it is ensured that all
active vertices have executed the compute method and messages are being delivered
for the next superstep.

This method has two inputs as shown in Algorithm 1, the vertex expanded
Vertex < LongWritable, DoubleWritable, FloatWritable > and the message
received by this vertex. In our algorithm, the JsonLongDoubleFloatDoubleVertex-
InputFormat is used to represent the vertices and edges of the graph, so the types
defined in the vertex definition aligns with the input format.

Algorithm 1: The compute method signature

1 @Override
2 public void compute (Vertex < LongWritable, DoubleWritable,FloatWritable > vertex,
Iterable < DoubleWritable > messages)

3 {
4 ...
5 }

The same compute method is called for all iterations, so any special cases that
need to be handled in a particular superstep must be done through a call to the
getSuperstep() function. For example, in superstep 0, all vertices are actives
at the beginning. However, only the start vertex updates its value or f _score and
sends messages to its neighbor’s vertices. Other free vertices set their values to the
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Algorithm 2: Superstep 0 of The Algorithm

// if we are in superstep 0 and the processed vertex is the
start vertex

1 if (getSuperstep() == 0) then
2 if (isStart(vertex)) then

// update the h_score value of the start vertex
3 h_score=calculateHScoreValue();

// send message containing its g_score value to the
neighbors

4 sendCurrentVertexMessages(vertex);
// update the f _score of the vertex

5 vertex.setValue(h_score);
6 else
7 vertex.setValue(MAX_V ALUE));
8 end
9 vertex.voteToHalt();

10 end

maximumdouble value. At the end of superstep 0, all vertices vote to halt and become
inactives. This is presented in Algorithm 2.

In the next supersteps, an active vertex that invokes the compute method can: (1)
Send messages to its adjacent nodes, if it is elected to be the next current vertex,
in order to update the g_score values of the neighbors. The sendMessage()
implemented within the Giraph package enables the vertex to send only its value to
its neighbors; thus, we implemented our own sendMessages() method (Algo-
rithm3) in order to send both the I D and the value (g_score) of the current vertex to
the neighbors. (2) Receive a message from its neighbors: (Algorithm 4) neighbors
receive the current vertex I D and g_score in order to update their g_score and
f _score. (3) Make computation: (Algorithm 5) the vertex that receives message
updates its value (g_score) then it will be added to the open list.

Algorithm 3: Send Message Method

1 public void sendCurrentVertexMessages(Vertex) {
2 for each edge of the current vertex do
3 sendMessage(DestV ertex I D, Message(SenderV ertex I D,SenderV ertexGScore));
4 end
5 }

Finally, after sending all messages, the vertex will vote to halt processing using
the method voteToHalt(). The overall execution will be halted when the target
vertex is found or the master stops the computation using haltComputation()
method if the path has not been found.
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Algorithm 4: Receive Message Method

1 for (each received message) do
2 CurrentV ertexGScore=getGScoreOfSenderVertex (message);
3 CurrentV ertex I D=getIDOfSenderVertex (message);
4 end

Algorithm 5: Vertex Computation

1 g_score=CurrentVertexGScore+dist_edge (Vertex I D, CurrentV ertex I D);
2 h_score=calculateHScoreValue (Vertex I D, CurrentV ertex I D);
3 vertex.setValue(g_score+h_score);
4 AddToOpenList(vertex I D, f _score);
5 aggregate(OPENLIST_AGG, newElementAddedToOPL);

Step 3: Implementation of the RAStar Master Compute class:

The RA∗ Master Compute RAStarMasterCompute is a subclass of Default
Master Compute class, it is a way to introduce centralization into our algorithm.
It executes some computation between supersteps. In each superstep, the RAStar-
MasterCompute runs first then the workers execute the compute method for their
vertices. Before each superstep, the RAStarMasterCompute is called to register the
aggregators using the initialize() function (this will be explained in detail in
the next paragraph), then the compute() method of the RAStarMasterCompute
class is invoked; in this method, we choose the vertex that has the minimum f _score
existing in the open list to be the next current vertex. The new current is removed
from the open list and shared among all the workers. If the open list is empty and
the target is not found, then the algorithm computation is stopped using the function
haltComputation(); otherwise, the search process continues until reaching the
goal cell if a path exists.

Algorithm 6: RAStarMasterCompute class: compute method

1 if (getSuperstep()>1) then
2
3 if (openList is not empty && goalV ertex is not found) then
4 currentV ertex = the node in openList having the lowest f _score;
5 newOpenList=remove currentV ertex from openList ;
6 end

// add the current vertex and the new open list to the
aggregator to be shared between workers;

7 Add currentV ertex to the current vertex aggregator;
8 Add newOpenList to the openList aggregator;
9 end
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Aggregators They are global objects visible to all vertices; they are used for coordi-
nation and data sharing. Each aggregator is assigned to one worker that receives the
partial values from the other workers and is responsible for performing the aggrega-
tion. Afterward, it sends the final value to the master. Moreover, the worker in charge
of an aggregator sends the final value to all the other workers.

During supersteps, vertices provide values to the aggregator. These values will be
available for other vertices in the next superstep. Different types of aggregators are
used in our algorithm. We use an aggregator for the openList MyDouble Dense
Vector Sum Aggregator, each expanded vertex is added to the openList if
it does not exist. Another aggregator is used to indicate if the goal vertex is found
or not BooleanOverwriteAggregator. Providing a value to aggregator is
done by calling the aggregate() function. To get the value of an aggregator
during the previous supestep, we used getAggregatedValue() function. The
aggregators are registered in the RAStarMasterCompute class in ini tiali ze() fuc-
tion by callingregisterAggregator() function or registerPersistent
Aggregator() according to the aggregator type chosen regular or persistent. The
value of a regular aggregator will be reset to the initial value in each superstep,
whereas the value of persistent aggregator will live through the application.

Many aggregators are already implemented in the giraph package. In RA∗
job, we implemented three new aggregators. The new aggregator extends Basic
Aggregator class, two functions must be implemented the aggregate() func-
tion and the createInitialValue() function as describing the example in
Algorithm 7:

Algorithm 7: LongDenseVectorOverwrite Aggregator

1 @Override
2 public LongDenseVector createInitialValue() {
3 return new LongDenseVector();
4 }
5
6 @Override
7 public void aggregate(LongDenseVector vector) { if (vector.length()!=0) then
8 getAggregatedValue().overwrite(vector);
9 end

10 }

5.7 Performance Evaluation

In this section, we present the results of various experiments carried out to investigate
the performance of the RA∗ algorithm implemented using Giraph framework. We
compared the results of the vertex-centric RA∗ algorithm against the C++ version.
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Table 5.2 Grid Maps Characteristics

Map size Number of vertices Number of edges

500*500 250000 499000

1000*1000 1000000 1998000

2000*2000 4000000 7996000

5.7.1 Cloud Framework

We tested our algorithms on a small Dreamhost cloud cluster [24] formed by seven
virtual machines, one Master and six slaves, each with three 2.10GHz processors
Intel (R) Xeon (R) CPU E5-2620, 8GB RAM and a 80 GB disk, running Ubuntu
14.4 as an operating system. The master node runs only the namenode task, whereas
all computations are performed in the datanodes running in the slaves machines. We
used Hadoop 2.4.0 and Giraph 1.2.0.

5.7.2 Experimental Scenarios

We considered three different maps for test: The first with dimensions 500*500 cells,
the second is of size 1000*1000, and the third map is 2000*2000 map. Table5.2
provides details about the maps that we have used for simulation. We considered 21
different scenarios to test the three maps, where each scenario is specified by the
coordinates of randomly chosen start and goal cells. Each scenario, is repeated five
times (i.e., five runs for each scenario) and with six different numbers of workers. In
total, 630 runs to evaluate the performance of the vertex-centric RA∗. For each run,
we recorded the length of the generated path and the execution time of RA∗ (without
Hadoop initialisation time) and the time required by Hadoop to initialise the job. The
execution time of an algorithm in a given map is the average of the five execution
times recorded, calculated with 95% of confidence interval.

In what concerns paths found, the paths generated by the two implementation of
RA∗ (vertex-centric and C++) are the same of all maps and for all runs.

5.7.3 Impact of Number of Workers

In this section, we investigate the impact of the number of workers used by Giraph
on the execution time of the vertex-centric RA∗ algorithm. We vary the number of
workers used by Giraph to execute the RA∗ job, and we examine its effect on the
execution time. For each experiment, we fix the number of workers and we perform
five runs of the algorithm, and we record the execution time.
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Fig. 5.5 Average execution
times of RA* implemented
using Giraph/Hadoop for the
different grid maps

Figure5.5 shows that, with three machines in the cluster, the best number of
workers for 500*500 grid map is three, whereas larger maps need large number of
workers, for 1000*1000, five workers are needed and for 2000*2000 the best number
of workers is seven. We clearly see that with more numbers of nodes in the cluster
(seven machines), the best number of workers increases for all maps, it is five for
500*500, seven for 1000*1000, and seven for 2000*2000 grid maps. For all maps,
using more or less than needed workers for the graph increases the execution times.
In the case of more number of workers, this is explained by the increasing of the
execution time needed for communication between the workers which contributes
in increasing the execution time of the whole algorithm, whereas in the case of less
number ofworkers, the increasing of the algorithm runtime is related to the increasing
number of vertices handled by each worker.

5.7.4 Execution Times

Figure5.6 compares the average execution times consumed by the RA∗ implemented
using Giraph framework, the RA∗ using C++ and the Hadoop initialization. We
clearly observe from these figures, that the difference in execution time between the
two algorithms is significant, for example for 1000*1000 gridmap RA∗ implemented
using Giraph and executed in a cluster composed from three machines is seventy
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Fig. 5.6 Average execution
times of the different
implementation of RA* and
Hadoop initialisation time
for 500*500, 1000*1000 and
2000*2000 grid maps

thousand times larger than RA∗ implemented using C++. This can be explained by
different reasons; first, the numbers of iterations of RA∗ implemented usingGiraph is
higher than RA* implemented on C++. This is related to the following reasons: The
first reason is the Giraph programming concepts. In fact, in superstep i, the current
vertex sends a message to their neighbors in order to update their g_score values, the
messages will be received in the next superstep (i+1), thus to update the g_score we
need two superstep one for sendingmessages, one for updating g_score of neighbors
which contributes in increasing the number of superteps and then the execution
time of the whole algorithm. Moreover, the openList in the algorithm cannot be
implemented only as an aggregator as it must be shared between all workers. The
aggregators are manipulated only by the master, it can add/remove values to/from
the openList, so if the neighbors of the current vertex are added to the openList in
superstep i, this will be visible for workers only in superstep i+1 after the master
update which also contributes in increasing the number of supersteps and then the
execution time of the algorithm. In addition, we should note that the time consumed
by the RA∗, it not only the time required to do computation but also communication
between workers which also contribute in the increasing of the run time.

In addition, we see that the increasing of the number of machines in the cluster
from three to seven contributes in reducing the execution times; for 500*500 and
1000*1000 gridmap the runtime is reduced up to 34,2% and for 2000*2000 gridmap
up to 16.2%. However, the C++ version of RA∗ always exhibits the best execution
time.

Also, looking to Fig. 5.6, we observe that the time required by Hadoop for the
initialisation and the shutdown of the job, without considering the computation time,
is greater than the runtime of the RA∗ implemented using C++. For example, for
1000*1000 grid map, the Hadoop initialisation time is twenty thousand higher than
RA∗ C++ version. This clearly proves that Giraph/Hadoop framework (using two
slaves each has 8GB of RAM) is not an appropriate technique for solving the path
planning problem in large environments. But this does notmean that cloud computing
techniques are not efficient for solving the large-scale path planning problem, with
a cluster containing more than two slaves that are more powerful, may be we can
achieve good results. As shown in Fig. 5.7, when we increase the RAM size from 4
to 8GB, we reduced the execution time of the RA∗ up to 27,6%.



122 5 Robot Path Planning Using Cloud Computing for Large Grid Maps

Fig. 5.7 Average execution
times of RA* implemented
using Giraph/Hadoop for
1000*1000 grid map tested
for different RAM sizes

5.7.5 Total Number of Messages Exchanged, Memory
Footprint and CPU Usage of RA∗

To count the number of messages exchanged for RA∗, we fix the number of workers
to the best number that reduces the execution time, and we perform five runs of the
algorithm for each randomly chosen scenario, and we record the number of messages
transferred between vertices.

5.7.5.1 Total Number of Messages

We should distinguish two different types of messages: Local messages between
vertices (or subgraphs) belonging to the sameworker co-locatedon the samemachine,
and remote messages transferred over network between vertices (subgraphs) on
different machines. In fact, before the computation phase vertices are hashed and
distributed across multiple machines. To exchange their status, the vertices send
messages. When the vertex sends a message, the worker first determines whether
the destination vertex of the message is owned by a remote worker or the local
worker. Figure5.8 shows the total number of messages exchanged between vertices
of the graph for RA∗. We should note that a smaller number of messages does not

Fig. 5.8 Number of
messages (local and remote)
exchanged of RA∗ for
different grid maps
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Fig. 5.9 Memory
consumption of RA∗
implemented using
Giraph/Hadoop and RA∗
implemented using C++ for
different grid maps

always translate a faster execution time. For example, the number of messages sent
for 1000*1000 grid map is less than 500*500 grid map, but the time needed to exe-
cute the scenarios of 1000*1000 grid map is greater than 500*500 grid map. This is
explained by the distribution of vertices betweenworkers (partitions) and the scenario
(start/goal) position (near or far).

5.7.5.2 Memory Footprint

Figure5.9 illustrates the memory consumption of the RA∗ implementations for the
different gridmaps tested.Weobserve from this figure that theGiraph/Hadoop imple-
mentation requires 99% more memory than C++ implementation. There are several
possible reasons for this behavior: In fact, the memory depends on the underlying
programming language, Giraph uses the Java programming language which requires
more memory than C++. Moreover, the framework structure of Giraph also con-
tributes in increasing the memory usage. For example, the incoming messages sent
in a vertex program are cached and only sent and treated at the end of a superstep.
Also, the states of vertices that are modified at a given superstep are stored to become
available only on the next superstep. All these factors will contribute in increasing
the memory consumption of the Giraph implementation.

5.7.5.3 CPU Usage

Figure5.10 presents the CPU usage of the two version of RA∗ algorithm.We observe
that the CPU time of the algorithms grow as the input vertices increase. Also, the
CPU usage of the Giraph implementation is higher than the C++ implementation,
for example for 500*500 grid map the CPU usage of the RA∗ Giraph version is 12
thousands times more than the C++ implementation.
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Fig. 5.10 CPU Time of
RA∗ implemented using
Giraph/Hadoop and RA∗
implemented using C++ for
different grid maps

5.8 Lessons Learned

We have thoroughly analysed and compared two different versions of a relaxed
version of A∗ called RA∗ implemented to solve the path planning problem in large
grid maps; a vertex-centric version of RA∗ is implemented using cloud computing
techniques: The open source-distributed graph processing framework Giraph that
works on the top of Hadoop and a centralized version is implemented using C++.
We retain the following general lessons from the performance evaluation presented
in the previous sections:

• Lesson 1: Experiments demonstrate that cloud computing techniques are not effi-
cient for the robot global path planning problem using the available machines
(seven machines each having three 2.10GHz processors Intel (R) Xeon (R) CPU
E5-2620, 8GB RAM and a 80 GB disk. In fact, it has been proved that the central-
ized C++ implementation of RA∗ outperforms the vertex-centric version in terms
of execution time, memory consumption and CPU time.
This is related to the following reasons: (1) the Giraph programming concepts
(messages sending, the aggregators used to implement the openList) which con-
tributes in increasing the number of superteps (iterations) of the algorithm and
then the execution time of the whole algorithm. (2) The execution time needed to
execute the algorithm is not composed only from the computation time but also
the communication time between workers that manipulate different partitions of
the graph; this also will increase the runtime of the Giraph/Hadoop implemen-
tation of RA∗. (3) The Hadoop time which is required for setup, initialization,
and shutdown (without considering the computation time) is greater than the C++
implementation.

• Lesson 2: Increasing the number of nodes in the cluster from three to seven reduces
the execution time. However, RA∗ C++ implementation always outperforms the
vertex-centric version. This proved that Giraph graph processing framework and
Hadoop are not efficient in solving path planning problem for large grid maps.
Other cloud techniques with more powerful machines used for experiments might
be efficient. This will be investigated in the future.
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5.9 Conclusion

In this chapter, we implemented a vertex-centric RA∗ using the open-source graph
processing framework Giraph that works on the top of Hadoop framework. We com-
pared the efficiency of the new version of RA∗ with a C++ implementation of RA∗.
Our objective was to reduce the execution time of the algorithm as far as possible
to solve the global robot path planning in large-scale grid maps. Experiments show
that cloud computing techniques are not efficient for the robot global path planning
problem using the available materials. However, our experiments was performed in
a small cluster containing only two slaves each has 8GB of RAM, more better results
could be achieved if we use more performant cluster (more number of slaves).
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Chapter 6
General Background on Multi-robot
Task Allocation

Abstract Multi-robot systems (MRSss) face several challenges, but the most typ-
ical problem is the multi-robot tasks allocation (MRTA). It consists in finding the
efficient allocation mechanism in order to assign different tasks to the set of available
robots. Toward this objective, robots will work as cooperative agents. MRTA aims at
ensuring an efficient execution of tasks under consideration and thus minimizing the
overall system cost. Various research works have solved the MRTA problem using
the multiple traveling salesman problem (MTSP) formulation. In this context, an
overview on MRTA and MTSP is given in this chapter. Furthermore, a summary of
the related works is presented.

6.1 Introduction

With the progress of research in the robotics field, awide variety of robotic application
areas, such as unknown environment exploration, service robotics, the entertainment
field, and so forth, have been addressed. The use of multiple robots in such complex
applications has grown and thereby will ease several tasks and may lead to a higher
accuracy. An MRS can improve the performance of several challenging applications
that are difficult to be handled by a single robot. By collaborating together, robots are
able to solve complex problems in an efficient and robust manner. The solving of a
complex problem using a multi-robot system begins by dividing it into subtasks and
then by dispatching these subtasks to the set of available robots. For that purpose,
the overall system will be efficiently maintained and becomes more robust. Also, the
use of an MRS has the advantages of reducing the whole mission completion time. It
also offers a greater flexibility on the system design since robots may have different
capabilities to perform all the possible tasks. The problem roughly consists of finding
an optimal allocation of tasks among several robots to reduce the mission cost to a
minimum. Indeed, robots are typically intended to collaborate together to achieve a
given goal. In order to maintain the efficiency of the system, there is a crucial need
to specify coordination policies that define how tasks are assigned to the robots. A
lot of intelligent algorithms have been proposed to implement intelligence into the
robots for cooperatively accomplishing their tasks. Furthermore, various researchers
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proposed to solve the MRTA problem using the MTSP formulation. In this chapter, a
description of the MRTA problem and the MTSP is given. Furthermore, a summary
of the literature related to the problems is presented.

6.2 The Multi-robot Task Allocation

In robotics, the task allocation problem addresses the issue of assigning a set of robots
R = {r1, ..., rn} to a set of tasks T = {t1, ..., tm} in a way that optimizes a global
objective function. In fact, one needs to answer the common research question:which
robot should execute which task? [1]. In other words, which is the best and the most
efficient policy to assign the T tasks to the R robots?
LetR = 2R be the set of all robot subteams, andRT be the set of all allocations of
the tasks T to the robots R. The MRTA problem can be mathematically formulated
as follows [2, 3]:

Given a set of tasks T a set of robots R and a cost function for each subset of
robots r ∈ R specifying the cost of completing each subset of tasks, cr : 2T −→
R

+ ∪ {∞}, find the allocation A∗ ∈ RT that minimizes a global objective function
C : RT −→ R

+ ∪ {∞}.
In [4], Gerkey and Matarić proposed three different categories of MRTA problem:

• First axis: Single-task robots versus multi-task robots
In the single-task approach, robots have the capability of executing one task at
most. However, in the multi-task approach, robots have the capability of executing
simultaneously multiple tasks.

• Second axis: Single-robot tasks versus multi-robot tasks
Using single-robot approach, each task requires exactly one robot to be accom-
plished. However, in the multi-robot approach, some tasks need more than one
robot to be executed.

• Third axis: Instantaneous assignment versus time-extended assignment
In the instantaneous assignment approach [5, 6], the information concerning the
robots, the tasks, and the environment permit only instantaneous allocation and
there isn’t the ability to plan for future allocations. In the time-extended assignment
approach, the information allows the planning for future allocations [7, 8].

It just happens thatmanymulti-robot task allocation problems areNP-hard problems;
these problems have no exact solutions in a polynomial time; therefore, heuristics
and approximate algorithms are typically used to estimate solutions.

In the multi-robot field, several research works have tackled the problem of coor-
dination among robots. Coordination in a multi-robot system is needed when several
agents are collaborating together to perform a given task or are simultaneously shar-
ing the same resources. Coordination aims at ensuring that each robot in the MRS
performs its tasks safely. Thereby, the coordination strategy should be efficient and
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reliable. In other words, an efficient task allocation policy needs to be set. Several
research works have tackled the problem of task allocation in multi-robot systems.
In the literature, there are three typical approaches devised for ensuring multi-robot
coordination ([3]), namely

• centralized approach: it uses the global knowledge available in a central agent
(e.g., control station), which produces optimal (or near-optimal) solution to the
allocation problem,

• distributedapproach: itmakes decisions (or solutions) basedon local information
available for each agent (e.g., robot) to perform a task,

• market-based approach: it assumes that the tasks allocation is based on a bidding-
auctioning procedure between the working agent (e.g., robot) and a coordinator
that announces and allocates tasks for low-cost bidders.

The following subsections give a detailed description on these solutions.

6.2.1 Centralized Approaches

The basic idea of such approaches is the use of a single agent as a leader to ensure
coordination among the entire team of robots. In fact, the leader, known also as base
station, will be the unique responsible for the task allocation to the set of available
robots. The base has generally global knowledge about the network status and all
exchanged traffic between robots. According to [9, 10], the centralized mechanism
is less robust than the distributed one. Centralized approaches can usually produce
optimal plans considering the assumption of small team member and the static envi-
ronment. On the other hand, these approaches suffer from a lot of points of failure
such as the malfunctioning of the central agent during the mission.

6.2.2 Distributed Approaches

These approaches are more complex than the centralized ones. The decision will be
made distributed in the robot team side and not commanded by a base station. Dis-
tributed systems are more robust and fault tolerant. In case of robot malfunctioning,
the system will continue working; however in case of failure of the leader in the cen-
tralized approach, the whole system fails to complete the mission. In the literature,
there are several distributed approaches proposed to solve the MRTA problem. For
instance, Parker [11] proposed a software architecture, ALLIANCE, based on the
fully distributed behavior. ALLIANCE architecture allows mobile robots to individ-
ually determine their appropriate actions to perform. Also, this architecture allows
robots to handle robustly, reliably, coherently, and flexibly to abrupt environmental
changes such as the addition of newmobile robots or the failure of robots. Weger and
Mataric [12] proposed the broadcast of local eligibility (BLE) technique to ensure
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a fully distributed robots coordination in order to solve the cooperative multi-robot
observation of multiple moving targets problem. BLE is based on the comparison
between the robots behaviors of robots. When a robot starts the task execution, it
inhibits the other robots to have the peer behavior. By that means, the robot asks for
this task. In BLE architecture, re-assignment occurs almost continuously. While the
cross-inhibition is an active process, in case the robot fails to execute the required
task, one of the other robots will immediately take over the task.

6.2.3 Market-Based Approaches

6.2.3.1 Basics of Market-Based Approaches

The market-based approach can be stated as trade-off solution between centralized
and distributed approaches. It eliminates the need for global information mainte-
nance at the control station, while it provides more efficient solutions as compared
to distributed approaches. Market-based approaches may be defined based on the
following requirements [3]:

• The team is given an objective that can be decomposed into subcomponents achiev-
able by individuals or subteams. The team has access to a limited set of resources
with which to meet this objective.

• A global objective function quantifies the system designer’s preferences over all
possible solutions.

• An individual utility function (or cost function) specified for each robot quantifies
that robot’s preferences for its individual resource usage and contributions toward
the team objective given its current state. Evaluating this function cannot require
global or perfect information about the state of the teamor teamobjective. Subteam
preferences can also be quantified through a combination of individual utilities (or
costs).

• A mapping is defined between the team objective function and individual and
subteam utilities (or costs). This mapping addresses how the individual production
and consumption of resources and individuals’ advancement of the team objective
affect the overall solution.

• Resources and individual or subteam objectives can be redistributed using a mech-
anism such as an auction. This mechanism accepts as input teammates bids, which
are computed as a function of their utilities (or costs), and determines an outcome
thatmaximizes themechanism controlling agents utility (orminimizes the cost). In
a well-designed mechanism, maximizing the mechanism controlling agents utility
(or minimizing cost) results in improving the team objective function value.

Auctions Process
Auctions are the most important mechanism in market-based approaches. In an

auction process, an auctioneer offers several items during an announcement phase
(also known as bidding phase). Afterward, the participants submit bids on the offers
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to the auctioneer. After receiving all bids or exceeded deadline, the bidding phase
finishes and awinner-determination phase begins. In this phase, the auctioneermakes
decision based on the received bids from all the participants. It decides which items
to award and to whom. The offered items in a robotic application may be tasks, role,
or even resources. The bid prices reflect the robots’ cost associated with completing
a task, satisfying a role or utilizing a resource.

In the literature, several auction types can be found. The simplest one is the
single-item auction [13]. In such auction, the auctioneer suggests only one item. All
participants are able to submit only one bid.After receiving bids from the participants,
the auctioneer gives the item to the bidder with the highest bid. In addition, there is
the combinatorial auction [14, 15] in which a lot of items can be offered and each
participant may bid on subsets of these items.

Cost Function
In the auction mechanism, the auctioneer allocates tasks to robots based on the

cost that necessitates each one to perform each task. For that purpose, robots with
the lowest costs (that is the best cost) will win the tasks. The goal is to minimize
the overall cost. Estimating cost value for bids may be difficult. The cost function
depends on the models of the world state and requires computationally expensive
operations. For instance, the cost to reach a target position requires to have an accurate
map of the environment.When the number of goal positions is important, calculating
the cost to perform each task needs solving path planning problems as an instance
of the traveling salesman problem that is NP-hard problem. Thus, heuristics and
approximation algorithms are commonly used, implying that bid prices may not
always be entirely accurate. Inaccurate bids can result in tasks not being awarded
to the best robots able to complete them. In this case, re-auctioning tasks can often
improve solution quality.

6.2.3.2 Previous Works

Viguria et al. proposed a distributedmarket-based approach called S+T (Services and
Tasks) algorithm to solve the MRTA problem [16]. This latter includes the concept
of services, which means that a robot provides services to another in order to execute
its task. The proposed approach (S+T) is based on two roles: bidder and auctioneer.
In the bidding process, if a task requires a service to be executed, it is necessary to
send an initial bid to the auctioneer, which must calculate the best bid that has the
lowest cost. To demonstrate the efficiency of their solution, the authors considered
a surveillance mission. Using different communication ranges, they calculated the
total distance traveled by all the robots, the number of messages received by one
robot and the executed services. It has been shown that the communication range
affects the distance traveled and the number of services (the total distance traveled
by all the robots decrease when the communication range increases as far as the
probability to require a service decreases). As a result, The S+T algorithm could
help to complete tasks that need more than one robot to be executed.
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In another work, Elmogy et al. proposed a solution for the multi-robot task allo-
cation problem in mobile surveillance systems ([17–19]). This solution is based on
the market mechanism. The authors focused on dynamic task allocation of a com-
plex task. Complex tasks are the tasks that can be divided into subtasks. Authors in
[19] defined complex task as follows: Given a set of mobile sensing agents S and
a set of tasks T . Let G ⊂ T is a group or a bundle of tasks that is decomposable
into other tasks M ∈ G. The complex task allocation can be defined by a function
B : M −→ S, mapping each subtask to a mobile sensing agent to be responsible for
completing it. Equivalently, SM is the set of all allocations of subtasks M to the team
of sensors S. Their problem consists in the allocation of a set of tasks to a group of
robots, in addition to the coordination between robots. To solve their problem, the
authors proposed centralized and hierarchical, dynamic and fixed tree task allocation
approaches. In the fixed approach, there is a set of robots used to accomplish a given
task. Each one can execute one task at once, and each task can be finished by one
robot. Each robot should cooperate with other members of the team to ensure a good
result and to accomplish the task with a minimum cost. In the dynamic tree task
allocation approach, all robots estimate their abilities to accomplish the mission task
based on their plans. To validate their solution, the authors calculated the average cost
as a function of the number of deployed robots. They concluded that the hierarchical
dynamic tree allocation approach outperforms all the other approaches.

According to [20], the MRTA can be considered as an optimal assignment prob-
lem. This problem requires that no task is assigned to two different agents while
minimizing the total cost of the assignment. In [21], the authors solved the linear
assignment problem in the context of networked systems. Due to the limited commu-
nication and the lack of information exchanged between agents, a distributed auction
algorithm was proposed. Every agent chooses a task and bid for it. In each iteration
of the auction algorithm, each agent update the prices and highest bidders for all
tasks. In that way, it is guaranteed that each agent obtains the up-to-date of both
the price of the tasks and the corresponding highest bidders. The last step of each
iteration is to check, for each agent, the price of the current assignment whether it
has been increased by other agents in the network or whether a larger-indexed agent
has placed an equal bid. Simulation results show that the auction algorithm con-
verges to an assignment that maximizes the total assignment benefit within a linear
approximation of the optimal.

In [22], the authors solve the following task assignment problem:Given n identical
agents and m tasks where m < n determine distributed control laws that split the
agents into m groups of size nk associated with each task k = 1, ...,m. A market-
based solution was proposed to solve that problem. It is assumed that all agents have
a prior knowledge about the tasks andmaximum number of agents needed to perform
each task. Neighboring groups of agents communicate together in order to compare
bids and the information propagated on the network considering the availability of
the requested tasks.

The initial formation problem is considered as a special case of the MRTA prob-
lem. To solve that problem, in [23], a new algorithm called the robot and task mean
allocation algorithm (RTMA) was proposed. The main goal is to decide which robot
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should go to each of the positions of the formation while minimizing a global cost.
The cost function used is equal to the difference between the distance from the robot
to the task and the mean of distances from all the robots to that task. Therefore,
each robot will win the task that is best for the team, not just for itself. In [24],
the authors proposed a solution for the multi-robot task assignment problem with
set precedence constraints (SPC-MAP). The tasks are divided into a set of groups
linked by precedence constraints. It is assumed that a robot can only execute one
task from each group. after finishing its allocated tasks, the robot takes benefits. The
SPC-MAP is formulated as follows: Given nr robots, nt tasks with the tasks divided
into ns disjoint subsets, maximize the total benefits of robot task assignment with
the set precedence constraints for tasks, such that, each task is performed by one
robot, and each robot ri performs exactly Ni tasks and at most one task from each
subset. To solve this problem, an auction-based algorithm has been proposed. In the
beginning of each iteration, each robot must update its assignment information from
the previous iteration. To bid for a task, the following constraints should be satisfied:
(a) robot ri is assigned to exactly Ni tasks; (b) robot ri is assigned to at most one
task in each subset.

In [25], the authors solved the multi-robot task assignment problem with task
deadline constraints (DiMAP) which is an extension of the SPC-MAP problem.
Considering the assumption of limited battery life, each robot can execute a limited
number of tasks. The goal is to find the allocation for the tasks to the robots with the
minimum cost while achieving the deadline constraints. The problem is formulated
as follows: given a set of tasks T , with each task t j ∈ T having a deadline d j .
Each task has to be done by only one robot, and each robot can do one task at
a time. The maximum number of tasks that robot ri can do is Ni . Each robot ri
obtains a payoff ai j for doing task t j . The overall payoff is the sum of the individual
robot payoffs. To solve the DiMAP problem, the authors proposed an auction-based
distributed algorithm. At each iteration, a robot ri receives the local task price from
its neighbors. It updates its own price and calculates its task value. Next, the robot ri
selects a task set according to the following conditions:(a) robot ri is assigned to at
most Ni tasks; (b) ri is assigned to at most k tasks of all tasks with deadline no more
than k. Finally, the robot ri is assigned to task set, and it updates the task price. At the
end of the algorithm, each robot is assigned to its task. The algorithm was analyzed
in terms of soundness (does the final solution satisfy all constraints?), completeness
(Will the solution be found in a finite number of iterations and be feasible?) and
optimality (How good is the solution?). The performance evaluation of a scenario of
20 robots, 100 tasks, and 5 tasks per robots shows that there is a trade-off between
the solution quality and the convergence time.

In [26], the authors addressed themulti-robot patrolling task. The authors designed
an approach formonitoring and reassigning tasks. In the beginning, the patrolling area
is divided into partitions. Every partition is allocated to a robotwhichmust visit all the
nodes belonging to its partition.When the refresh timeof the assigned nodes of a robot
reaches a threshold, a central monitor process uses an auction-based protocol in order
to perform a task re-assignment. After receiving an announcement for a candidate
node, each robot adds this node to its patrol partition and calculates the new bid. The
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robot that has the best refresh time (i.e., the minimum value) will be assigned to the
node. To evaluate the performance of the designed approach, three different scenarios
(3, 5, and 8 robots) were run for 2 hours. In the experimental study, the authors used
a team of three TurtleBots scattered in the same office environment. The comparison
to a naive approach, which does not consider individual robot performance, shows
that the results obtained by the auction strategy improve the refresh time.

Paper [27] addressed the problem of assigning n robots to execute n tasks. The
solution proposed is a distributed version of the well-known Hungarian method [28].
The goal is to find finding the assignment with the minimum total cost (distance)
between the robots and the tasks. Each robot is assumed tomake decision based on the
information it has, such as the distance to the target, and the information received from
the other robots. The communication between robots is performed over a connected
dynamic communication network. It is shown that the computational time performed
by each robot (in the order of O(n2)) results minor than the time required by the
standard (centralized) Hungarian algorithm.

6.3 The Multiple Traveling Salesman Problem

6.3.1 MTSP Overview

The traveling salesman problem (TSP) is one of the classic, well-known problems
of operations research. The TSP is the problem of planning a route of a salesman
(n = 1) to visit a set of m nodes, with the condition of visiting each node only once,
starting from and ending at a node called node depot. The objective is to find the
best route, that is the route with the minimum distance. TSP belongs to the NP-hard
problems, because the time increases exponentiallywith the increase in the number of
cities. The MTSP is the generalized form of the TSP, where more than one salesman
(n > 1), sharing the same workspace, are involved in visiting a set of m > n cities
such that each city must be visited exactly once with the objective of minimizing the
total cost of visiting all cities. Accordingly, two issues must be solved: (1) how to
separate the m cities into n groups and (2) how to order the cities for each route to
minimize the distance.

Depending on the number of depots d, the MTSP can be classified into several
versions:

• d = 1: All routes start from and end at the same depot d.
• d = n: Each salesman starts from and ends at its own depot while all depots are
different from each other. Therefore, in this case, the tour of each salesman is
closed.

• d = 2 ∗ n: In this case, the tour of each salesman is open. Every salesman has two
depots, one as a start point and the second as an end point.

• 1 < d < 2m: This case combines the above three cases. In fact, more than one
salesman can share the same depot.
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The MTSP is defined on a graph G = (V, A) [29], where V is the set of cities
and A is the set of arcs between the cities. Let ci j be the cost associated with the
arc (i, j) and xi j the binary variable that is equal to 1 if the arc (i, j) belongs to the
condidate tour (i.e. the tour of the current salesman) and 0 otherwise.

6.3.2 Related Works on MTSP

6.3.2.1 Genetic Algorithm-Based Solutions

To solve NP-hard combinatorial optimization problems, such as the MTSP, heuris-
tics, like GAs [30], are widely used [31–34].
To solve the MTSP, Yuan et. al [35] used the two-part chromosome representa-
tion and proposed a new crossover operator. The new solution was compared to
other crossover methods, including the ordered crossover operator (ORX), the cycle
crossover operator (CYX), and the partially matched crossover operator (PMX). The
authors used two different objective functions, namely the total traveled distance by
all salesmen and the longest route among all the salesmen. From the experiments, it
was proved that the new crossover method enables the genetic algorithm to produce
higher solution quality.

Grouping genetic algorithms (GGA) [36] are a variation of the GA. In [37], a
GGA was developed for the MTSP. The concept is to group the cities into routes,
where the number of routes is the same as the number of salesmen and then order
the cities on each route. For the comparison, the authors considered two objectives,
the maximum tour length and the total tour length. From the simulation study, it
is clearly proved that the GGA produces better solutions when the objective is to
minimize the maximum tour length as the GGA is designed for grouping problems.
However, the performance of the GGA, when the objective is to minimize the total
tour length, degrades.
Moreover, another GGA called steady-state grouping genetic algorithm (GGA-SS)
was proposed in [38]. In this paper, the authors used a different chromosome rep-
resentation and genetic operators from those used in [37]. Similar to several works,
stated in the literature, the aim is to minimize the total distance traveled by all the
salespersons and the distance traveled by any salesperson. The authors used the test
problems proposed in [37, 39]. The given results show that the GGA-SS is able to
produce better results in terms of both the objectives in comparisonwith the solutions
found in [37, 39].

6.3.2.2 Ant Colony Optimization-Based Solutions

The ACO algorithm is an iterative search technique inspired from the behavior of
real ant colonies. In the literature, ACO algorithm was used to solve several robotic
problems such as path planning [40, 41], coordination [42]. In [43], an ACO algo-
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rithm was used to solve the MTSP with the objective of minimizing the maximum
tour length of all the salesmen and the maximum tour length of each salesman. The
simulation results of the algorithm show that the ACO algorithm outperforms the
GA-based algorithms proposed in [37–39].
Also, amodifiedACOalgorithm (MACO)was proposed in [44]. To improve the qual-
ity of the solution, the authors suggest modifications including the transition rule,
the candidate list, the global pheromone updating rules, and several local search
techniques. The aim of the algorithm is to minimize the distance traveled by the
salesmen. The solution was tested on standard benchmarks available from the lit-
erature. Computational results have shown that the MACO algorithm gives better
solutions in comparison with the existing solutions for the MTSP.

6.3.2.3 Other Heuristic Solutions

In [45], the authors studied the MTSP and proposed two metaheuristic approaches.
The first approach is based on the artificial bee colony (ABC) algorithm [46], whereas
the second approach is based on invasive weed optimization (IWO) algorithm [47].
Both approaches were evaluated using the benchmark instances existing in the lit-
erature. The comparison results with the state-of-the-art solutions in terms of total
distance traveled by all the salespersons, and the maximum distance traveled by any
salesperson demonstrate that the ABC and IWO algorithms give better results for
both objectives.

6.3.2.4 Market-Based Solutions

Other solutions called market-based solutions were used to solve the MTSP.

In [48], the authors proposed a market-based approach to solve the multiple depot
MTSP. The algorithm consists of four steps: market auction, agent-to-agent trade,
agent switch, and agent relinquish step. Three performance criteria were consid-
ered: the quality of the solution, the number of iterations required to get a solution,
and the execution time. It was shown that the solution generates better solutions in
comparison with other suboptimal solutions.

As several real-world applications need to optimize multiple objectives, we
addressed the multi-objective problem and we propose a solution that optimizes sev-
eral objectives simultaneously, including the total traveled distance, the maximum
tour length, etc.
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6.3.3 Multi-objective Optimization Problem (MOP)

6.3.3.1 MOP Overview

A multi-objective optimization problem can be formulated through a mathemati-
cal model defined by a set of p objective functions, which must be minimized or
maximized. Note that the objectives are usually in conflict with one another. Thus,
it is impossible to simultaneously improve all objective functions. This means that
there is no single efficient solution; instead, there is more than one optimal solu-
tion that provides a balanced optimization of the different metrics, also known as
Pareto-optimal solutions [49]. A general multi-objective optimization problem can
be defined as follows:

min/max f 1(X)

min/max f 2(X)

.

.

.

min/max f p(X)

(6.1)

where f1(X), f2(X), ..., f p(X) are the p (>= 2) conflicting objective functions,
and X = (x1, x2, ..., xn)T belongs to the feasible region S ⊂ Rn .

6.3.3.2 Related Works on MOP

In the literature, few researchers considered theMTSP as a multi-objective optimiza-
tion problem.
In [50], the authors proposed a multi-objective, non-dominated sorting genetic algo-
rithm (NSGA-II) to treat the MTSP. The objectives to be optimized are the total
traveled distance and the working times by the salesmen. The authors are intended
to find a set of non-dominated solutions that, when compared, some are better in
one/some objective(s), and others in other objectives. To evaluate the performance
of the proposed solution, two instances ((3 salesmen, 29 nodes) and (3 salesmen, 75
customers)) were considered. The results show the effectiveness of the NSGA-II in
minimizing both objectives.

In [51], the authors used the ACO algorithm for solving the task assignment
problem for multiple unmanned underwater vehicles. The authors aim to optimize
two objectives, namely the total distance of visiting all targets and the total turning
angle while considering the constraint of balancing the number of targets visited by
each vehicle. The solution consists of two phases. The first phase is the task number
assignment phase. It consists of defining the number of targets for each vehicle.
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The second phase solves the MTSP problem using an ant colony for each objective.
Performance evaluation shows that the algorithm generates good solution.

Themarket-based approach is widely used to solve several problems including the
MTSP. In [52], the solution consists of using a clustering technique with an auction
process. The objectives are to minimize the distance traveled by all the robots and
balance the workload between the robots equally. The first step is to decompose N
tasks into n groups in such a way the distance inside each cluster is minimized. Then,
the cost for each robot to visit the n clusters is computed. Finally, in the auction step,
each cluster is allocated to the robot which provides the lowest bid. We noticed that
the complexity of the algorithm is relatively high because all possible combinations
of the assignment of clusters to robots are considered. Thismeans that the complexity
of the algorithm increases with the number of clusters. To evaluate the performance
of the algorithm, the authors used the benchmark VRP dataset “A-n32-K5.vrp” [53].
The total cost used to assign a cluster is equal to the sum of the cost of visiting
the tasks in the cluster and the idle cost (i.e., sum of the difference in cost of travel
between any two robots). Two scenarios were considered: one with two clusters and
the other with three clusters. We noticed that the used scenarios are not sufficient to
prove the effectiveness of the algorithm.
Moreover, in [54], an auction algorithm using a clustering technique has been pro-
posed with the objectives of minimizing both the maximum traveled distance of each
robot and the sum of distance traveled by all robots in visiting their assigned loca-
tions. The algorithm process is as follows. Initially, it is assumed that all robots have
a list of allocated tasks. In the case where a robot reaches the position of a task, it
sends a specific signal to the other robots to be able to make auctions. After all auc-
tions are completed, the robot re-plans its path and move to the next task. If a robot
receives a message to make an auction, it forms a new set of clusters of its assigned
tasks and then an auction process starts for the newly formed clusters except the
cluster that contains its currently initialized task. When a robot receives an auction
for a cluster, it bids for that cluster. Finally, the robot with the lowest bid will win the
cluster. For the performance evaluation, the authors only have shown the percentage
of improvement of the initial assignment as compared to the final assignment.

In [55], the authors proposed a newmethod for multi-objective traveling salesman
called two-phase Pareto local search (2PPLS). In the first phase, each single-objective
problem is solved separately using one of the best heuristics for the single objective.
In the second phase, a Pareto local search is applied to every solution of the initial
phase using a 2-opt neighborhood with candidate lists. It is important to note that
there is a need to solve a high number of weighted single-objective problems, before
applying the Pareto local search, which may cause efficiency degradation. Also, the
integration of the 2-opt process may achieve poor effectiveness with low efficiency
when the number of feasible objective vectors is small, whereas it obtains desired
effectiveness with low efficiency when the number of feasible objective vectors is
large.

In [56], authors integrated ant colony optimization (ACO) to local search tech-
nique in order to solve the multi-objective Knapsack problems (MOKPs) and the
multi-objective traveling salesman problem (MTSPs). MOEA/D-ACO decomposes
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a multi-objective optimization problem into various single objective optimization
problems. Each ant is assigned to a subproblem, and each ant has several neighbor-
ing ants. A heuristic information matrix is maintained by each ant. The main issue
related to this approach is the uncertainty of the time convergence and the imple-
mentation complexity. Shim et al. presented in [57] a mathematical formulation of
the multi-objective multiple traveling salesman problems (MOmTSP). The proposed
approach is not required to differentiate between the dominated and non-dominated
solutions. Its objective is to determine cycles and cover a set of potential customers
in order to maximize the corresponding benefit and minimizing the total traveled
distance. An estimation of distribution algorithm (EDA) with a gradient search is
used for the solution of the considered problem. The proposed approach works well
when the users have prior knowledge about the problem to assign weights.

In [58], the authors presented a detailed comparison between MOEA/D and
NSGA-II. The paper focuses on the performance of the multi-objective traveling
salesman problem and studies the effect of local search on the performance of
MOEA/D. Compared to MOEA/D, NSGA-II has no bias in searching any partic-
ular part of the Pareto front. All non-dominated solutions in the current population
have an equal chance to be selected for reproduction. However, this might not be
efficient when sampling offspring solutions due to the following reasons. First, the
non-dominated solutions might have very different structures in the decision space.
Therefore, the possibility of generating high-quality offspring solutions by recom-
bining these solutions is low. Second, the design of recombination operators is often
problem dependent. InMOEA/D, weight vectors and aggregate functions play a very
important role to solve various kinds of problems. OverallMOEA/D has shownmuch
better algorithmic improvement than NSGA-II.

6.4 Conclusion

This chapter provides a background on the MRTA problem and MTSP. A brief
overview of research onMRTA problem andMTSP is provided in this chapter. These
problems are well known in robotics, and various research works have been pro-
posed to solve them. A brief summary of the concept of market-based approach was
described. A summary of themain researchworks related tomarket-based algorithms
to solve the MRTA and the MTSP is explained. The research works on MTSP have
been classified into two categories: single objective algorithms and multi-objective
algorithms. Heuristics like GA and ACO are widely used to solve this problem. Sev-
eral heuristic-based algorithms have briefly been reviewed here. In the next chapter,
we will propose different approaches investigating these problems.
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Chapter 7
Different Approaches to Solve the MRTA
Problem

Abstract The multi-robot task allocation problem is a fundamental problem in
robotics research area. The problem roughly consists of finding an optimal allo-
cation of tasks among several robots to reduce the mission cost to a minimum. As
mentioned in Chap.6, extensive research has been conducted in the area for answer-
ing the following question: Which robot should execute which task? In this chapter,
we design different solutions to solve the MRTA problem. We propose four different
approaches: an improved distributed market-based approach (IDMB), a clustering
market-based approach (CM-MTSP), a fuzzy logic-based approach (FL-MTSP), and
Move-and-Improve approach. These approaches must define how tasks are assigned
to the robots. The IDBM, CM-MTSP, and Move-and-Improve approaches are based
on the use of an auction process where bids are used to evaluate the assignment. The
FL-MTSP is based on the use of the fuzzy logic algebra to combine objectives to be
optimized.

7.1 Introduction

In complex robotics applications, a cooperative robot system represents a recom-
mended alternative to a single-robot system considering the collaborative effect
between robots, which leads to accomplishing their mission more efficiently. Multi-
robot coordination has been a major challenge in robotics with a vast array of appli-
cations. This is the case for a disaster management scenario, in which the task is to
collect sensor data and take live images from locations impacted by the disaster, to
help rescuers take appropriate actions in real time and for an emergency response
application, where a team of robots has to visit affected locations to provide rescue
services.

This chapter describes the following approaches proposed to solve the MRTA
problem.

1. An improved distributed market-based assignment algorithm [1] has been intro-
duced. Robots are able to bid for tasks with the assumption that each robot can
perform only one task and each task is assigned to only one robot at a time. An
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improvement phase that consists of swapping tasks is applied after finishing the
assignment of the robots to the targets in order to improve the cost.

2. A new clustering market-based approach is proposed [2]. First, the target loca-
tions are divided into groups and then assigned to robots using a market-based
approach.We formulated the problemasmultiple depotsmultiple traveling sales-
man problem and addressed the multi-objective optimization of three objectives,
namely the total traveled distance, the maximum traveled distance, and the mis-
sion time.

3. A complete new approach, based on fuzzy logic algebra [3], is used to solve
the multiple traveling salesman problem while optimizing multiple performance
criteria, namely the total traveled distance of all robots on the targets and the
maximum traveled distance of any robot. The idea consists in modeling each
criterion using amembership function that will be used as input to a fuzzification
system to produce an output value representing the combinedmetrics.We design
a centralized approach to efficiently assign target locations to robots.

4. A new market-based approach to solve the multiple depots MTSP (MD-MTSP)
calledMove-and-Improve is used. The Move-and-Improve mechanism is based
on improving the solution, while robots are moving, through communication
with each other. There is no prior centralized assignment of locations to the
robots, but every robot collects to its best target locations by runtime negotiation
with its peers until the system converges to non-overlapping target allocation to
the robots.

7.2 Objective Functions

In this chapter, three are considered, namely the total tour length, the maximum tour
length, and the mission time.

1. The total traveled distance of the robots on the target:We define T T D as the sum
of all tours length performed by all the robots. The tour length of each robot is
calculated using existing TSP solver once the target locations are allocated. The
total tour length is calculated by summing up the traveled distance of all edges
included in a tour. We define tourri (Eq. 7.2) as the tour of the robot i starting
from and ending at the same position. The T T D is given according to Eq.7.1.

T T D =
n∑

i=1

tourri (7.1)

where
tourri = distance(ri , ti1)

+ ∑ki−1
j=1 distance(ti j , ti j+1)

+ distance(tiki , ri )
(7.2)
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where ki is the number of target locations assigned to robot i . distance(ti j , ti j+1)

represents the distance between target location j and target location j + 1 for
robot i . ti1 and tiki represent the first and the last target locations, respectively,
for robot i . distance(ri , ti1) represents the distance to travel from the depot of ri
to the first target ti1 , and distance(tiki , ri ) represents the distance to return back
from the last target tiki to the initial depot of ri .

2. The maximum tour MT measured in terms of distance: It is the maximum
traveled distance (MT D) by any robot after the scheduled mission is completed.
The maximum tour length among all the tours of the robots is expressed as
follows:

MT = max(tourri )
1 ≤ i ≤ n

s.t. tourri �= tourr j
1 ≤ j ≤ n, i �= j

(7.3)

3. The mission time of a robot: It is the time necessary for the tour completion of
a robot ri .

Tri = tourri /Sri (7.4)

tourri represents the tour length of robot ri as expressed in Eq.7.2, and Sri
represents the speed of robot ri .

7.3 Improved Distributed Market-Based Approach

In this section, we considered scenarios where the number of targets is equal to the
number of robots. Themission is to visit target positions using a group of autonomous
mobile robots. The problem can be considered as a job assignment problem [4]
where robots are the workers and tasks are the jobs to be executed by those workers.
Although this task assignment problemwas solved optimally in a centralizedmanner,
using, for example, the Hungarian method [4], these solutions have the drawbacks of
centralized systems such as the slow response to dynamic changes. The solution to
themulti-robot assignment problem is based on amarket process [5].We proposed an
improved distributedmarket-based assignment algorithmwhere robots are able to bid
for tasks with the assumption that each robot can perform only one task and each task
is assigned to only one robot at a time. The market-based approach provides a good
trade-off between centralized and distributed solutions. It eliminates the need for
global information maintenance at a control station, while it provides more efficient
solutions than other distributed approaches where only local information is provided.
Also, amarket-based approach canwork evenwithout knowing exactly the number of
available robots in communication range, and this number could change dynamically
without compromising the operation of the whole system. Like any market-based
approach, we define two main entities: the agents (i.e., robots) and the tasks. Each
agent can play two roles: bidder (buyer) and auctioneer (seller). The auctioneer is
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the agent that announces offers of several items during an announcement phase. In
our case, the items are the tasks. Then the bidders submit bids to the offers of the
auctioneer.

7.3.1 Distributed Market-Based (DMB) Algorithm

The main idea of the algorithm is that each robot should have only one assigned
task. Therefore, it will retain the task with the best cost (i.e., lowest distance). In
order to ensure this condition, the DMB algorithm uses task reallocation process that
will ameliorate the assignment. Furthermore, the number of interchanged messages
between robots will increase. Since the number of tasks is equal to the number of
robots, we initially assign each robot to a task. Each robot agent plays the role of the
auctioneer in order to announce its task, and the rest of robots team are the bidders.
The auction process starts with an announcement phase, where each robot sends
an announcement message to provide its bid on the announced task. It should be
pointed out that all tasks will be announced at the same time. Thus, the algorithm
always produces the same solution for the same scenario. Assuming that robots
are in the same communication range, all announcement messages will be received
by all robots. Possible collisions can be overcome by using contention resolution
protocols [6]. Each robot receives (n − 1) (i.e., n is the total number of robots or
tasks) announcement messages at a time, so each robot bids only for the tasks in
which it has a cost lower than that it was announced.

After receiving all bids, the auctioneer allocates the task to the robot with the best
bid (lowest cost). After the assignment, a robot may win more than one task. In this
case, it keeps the taskwith the best bid and sells the others. In the reallocation process,
only the robots which did not win tasks can bid for the new announced tasks. This
condition prevents from having an infinite loop in the auction process. Figure7.1
presents a scenario showing the difference between the case using the condition and
the case without the condition. The reallocation process finishes when all tasks are
allocated. At the end, each task will be assigned to a robot. The auctioneer and bidder
algorithms for a robot are presented in Algorithms 8 and 9, respectively.

Algorithm 8: Auctioneer algorithm

1 if The list of tasks to announce is not empty then
2 Announce task
3 Receive bids
4 Select the best bid (lowest cost)
5 Send the task to the robot with the best bid
6 end
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(a)

(b) (c)

Fig. 7.1 a Initial position of the robots and the targets to be allocated. b Messages interchanged
between the robots with the appearance of an infinite loop. c Messages interchanged between the
robots for the DMB algorithm
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Algorithm 9: Bidder algorithm

1 Receive message
2 if received message is a task announcement then
3 if the robot has not yet won a task then
4 Calculate bid (cost)
5 if The list of tasks to announce is not empty then
6 if cost of new task < cost of announced task then
7 Send bid to the auctioneer
8 end
9 end

10 end
11 end
12 else
13 if received message is a task assignment then
14 if robot has won several tasks then
15 keep the task with the best bid
16 Add the task to the list of tasks to announce
17 end
18 else
19 Keep the assigned task
20 end
21 end
22 end

Figure7.2a and b show the difference in cost between the Hungarian method and
the DMB algorithm in the case where the number of robots and tasks is equal to 10.
In most cases, the DMB algorithm produces non-optimal solutions due to the fact
that each robot works independently of the others.

In the DMB algorithm, each robot considers only its own benefit without taking
into account the benefit of the whole system. There are some situations where a robot
cannotwin the best task. Consider the scenario shown in Fig. 7.2b. For example, robot
R5 is not assigned to the best task. In order to skip this drawback, an improvement
process is added to the DMB algorithm.

7.3.2 Improvement Step

The DMB consists of three main phases: announcement, bidding, and assignment. In
order to make improvement, we proposed a new phase called swap-Tasks. This step
consists in swapping tasks between robots in order to minimize the total cost of the
whole assignment (i.e., minimize the TTD). In this step, communication between
robots is required. Each robot communicates with the other robots and asks for
swapping.

With regard to communication complexity, each robot needs to send (n − 1)
messages where n is the total number of robots. Thus, the total number of messages
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Fig. 7.2 Difference in cost between the solutions obtained with a the Hungarian algorithm, b the
DMB algorithm, and c the IDMB algorithm. Blue squares represent the robots and red circles
represent the target locations to be visited

sent by n robots is equal to n ∗ (n − 1). The swap function is repeated n times. It
follows that the communication complexity is O(n3).

Assuming that the robot ri tries to swap its task ti with the robot r j which is
assigned to the task t j . The robot ri should compare the two following expressions:

C(ti , ri ) + C(t j , r j ) (7.5)

C(ti , r j ) + C(t j , ri ) (7.6)

where C(ti , ri ) is the cost to execute task ti by robot ri . Note that C(ti , ri ) =
distance(ti , ri ). If Eq. (7.5) < (7.6), then the robot ri keeps its task ti else robots
ri and r j exchange their tasks. Figure7.2b and c represent an example to assign 10
robots to 10 tasks. It is observed that the IDMB algorithm gives better results than
the DMB.

7.4 Clustering Market-Based Coordination Approach

In this section, we address the problem ofmulti-robot systems in emergency response
applications, where a team of robots/drones has to visit affected locations to provide
rescue services. We formulate the problem as a multiple depot MTSP. We are inter-
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ested to solve the MTSP while meeting three requirements (i) optimizes multiple
objectives, including total traveled distance, maximum traveled distance, and mis-
sion time for a team of robots; (ii) provides an efficient solution; and (iii) ensures low
execution times and reduces the complexity of the problem even when it scales. In
fact, we considered a multi-objective problem where we need to optimize multiple
objectives.We seek to find solutions that keep up the trade-off between the objectives.
We propose a clustering market-based approach to solve the MTSP The approach
incrementally improves the assignment and provides a solution that optimizes the
conflicting objectives.

The CM-MTSP solution consists in a hybrid approach for solving the multiple
depot MTSP problem that combines a clustering technique with a market-based
approachwith the objective ofminimizing the T T D, theMT D, and themission time.
Wedefine twomain roles for the agents (i.e., the server and the robots):auctioneer and
bidders. The auctioneer agent is responsible for announcing tasks and assigning each
task to the agent with the best bid. In this work, a central server acts as an auctioneer
and the robots as the bidders. We assume that the server initially identifies m target
locations to be visited by the robots.

7.4.1 CM-MTSP Algorithm Steps

The CM-MTSP algorithm includes three steps: the clustering step, the auction-based
step, and the improvement step as illustrated in Algorithm 10.

Algorithm 10: The CM-MTSP Algorithm
Input : Robots ri (1 < i < n), Targets t j (1 < j < m)

Robots speed Sri (1 < i < n)
1 Clustering step
2 Auction-based step
3 Improvement step
Output: Assignment (ri ,c j ) 1 < i, j < n, T T D, MT D, mission time

7.4.1.1 Clustering Step

The server first provides n clusters of locations to be visited such that the number of
targets in each cluster is equal as much as possible (Algorithm 11). We used the K-
means technique which is one of the most popular methods used to solve clustering
problems [7]. K-means provides a partition in which elements in the same cluster
are as close as possible and as far as possible from the elements in the other clusters.
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Algorithm 11: Clustering step
Input : Robots ri (1 < i < n), Targets t j (1 < j < m)

1 Build clusters using k-means clustering method
Output: Clusters ci (i < 1 < n)

7.4.1.2 Auction-Based Step

The market process begins with an announcement phase. After forming n clusters of
targets, the server announces the clusters, one by one. Note that the auction for the
second cluster does not begin until the auction for the first cluster is completed. Each
robot computes its bid for the announced cluster and submits this bid to the server.
The cost of a robot to bid for a cluster is defined as the time necessary for that robot
to visit all locations in that cluster following Eq.7.4 and return to its initial location.
In the case where a robot has a previously assigned cluster, it can ask to exchange its
cluster if it discovers that the new cluster being auctioned has a lower cost towhat was
assigned to it. In the winner-determination stage, the server evaluates the received
bids and allocates the cluster to the robot which leads to get the lowest total cost.
Suppose that the server receives an exchange message from a robot which provides
the best bid. In this case, the server assigns the announced cluster to that robot and
adds the old cluster to its non-allocated list of clusters. This process is repeated until
all clusters are allocated to the robots (Algorithm 12).

7.4.1.3 Improvement Step

The improvement step consists in the permutation of clusters between robots in order
to provide a good assignment solution that simultaneously optimizes the T T D, the
MT D, and the mission time (Algorithm 13). This step includes two substeps. The
first consists in minimizing the mission time that results from the auction-based step.
The server selects the robot that provides the maximum time and searches for the
permutation that leads to decrease that time. This step is repeated while there is an
improvement in terms of mission time. The second substep leads to optimize the
MT D while conserving or even minimizing the mission time. The server selects the
robot that provides the maximum traveled distance and searches for the permutation
that leads to decrease that distance with respect to the mission time. This step is
repeated while there is improvement in the MT D.

7.4.2 Illustrative Example

Consider a system with two robots (r1 and r2) and five targets (t1, t2, t3, t4, and t5) as
shown in Fig. 7.3. We define the speed of robot ri as Sri . For each robot, the speed
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Algorithm 12: Auction-based step
Input : Robots ri (1 < i < n), Targets t j (1 < j < m)

Robots speed Vri (1 < i < n)
Clusters ci (1 < i < n)

1 for each cluster ci do
2 for each robot ri do
3 Robot ri computes cost (ri , ci )
4 if listtargets(ri ) = ∅ then
5 robot ri sends a bidding_msg(ci )
6 end
7 else
8 if (cost (ri , ci ) < cost (ri , old_cluster(c j ))) then
9 robot ri sends a exchange_msg(c j )

10 robot ri sends a bidding_msg(ci )
11 end
12 else
13 robot ri ← c j
14 end
15 end
16 end
17 while received_msg = true do
18 if exchange_msg(c j ) then
19 if T T Dri (ci ) < T T Dri (c j ) then
20 ri ← ci , listunassigned_clusters ← c j
21 end
22 else
23 best_robot ← ci
24 end
25 end
26 end
27 end

Output: Assignment (ri ,c j ) (1 < i, j < n), T T D, MT D, mission time

is generated randomly in the range [0, 10]. Note that in this example Sr1>Sr2 . The
set of targets is decomposed into two clusters: c1 (t2 and t5) and c2 (t1, t3 and t4).
The bidding cost for each cluster is calculated using Eq.7.4. Table7.1 shows the cost
calculation obtained for each robot. The server starts an auction for the cluster c1,
and both r1 and r2 send their bids. The server assigns c1 to r1 (Tr1(c1) < Tr2(c1)) and
then makes an auction for c2. As Tr1(c1) < Tr1(c2), the robot r1 keeps its cluster c1
and c2 will be assigned to the robot r2 (Fig. 7.3a). In the improvement step, the server
tries to improve the assignment. It is clear that the permutation of clusters between
robots r1 and r2 minimizes the time cost, so c1 will be assigned to r2 and c2 will be
assigned to r1 (Fig. 7.3b).
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Algorithm 13: Improvement step

1 Function improve-time-cost Input : Robots ri (1 < i < n), Targets t j (1 < j < m),
Assignment (ri ,c j ) (1 < i, j < n)

2 while improve_time = true do
3 Select cmax of rmax with Tmax
4 for ri �= rmax do
5 if (cost (ri , cmax ) < Tmax )&(cost (rmax , ck) < Tmax ) then
6 ri ← cmax , rmax ← ck
7 end
8 end
9 end
Output: Assignment (ri ,ck ) (1 < i, k < n), T T D, MT D, mission time

10 Function improve-distance-cost Input : Robots ri (1 < i < n), Targets t j (1 < j < m),
Assignment (ri ,ck ) (1 < i, k < n)

11 while improve_distance = true do
12 Select cmax of rmax with MT D
13 for ri �= rmax do
14 if (cost (ri , cmax ) < Tmax )&(cost (rmax , ck) < Tmax )

15 &(distance(ri , cmax ) < MT D)&(distance(rmax , ck) < MT D) then
16 ri ← cmax , rmax ← ck
17 end
18 end
19 end

Output: Assignment (ri ,ck ) (1 < i, k < n), T T D, MT D, mission time

Table 7.1 Bids on clusters c1 and c2 in terms of time

T (c1) T (c2)

Robot r1 24.7352 32.1570

Robot r2 125.9122 156.8610

(a) After auction-based step (b) After improvement step

Fig. 7.3 Illustrative example. 2 robots (blue squares) and 5 target locations (red circles)
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7.5 Fuzzy Logic-Based Approach

Fuzzy logic was introduced by Lotfi Zadeh [8] in 1965. Fuzzy logic is amathematical
discipline used to express human reasoning in a rigorous mathematical notation. A
fuzzy logic system consists of fourmodules: fuzzification, defuzzification, inference,
and rule base [9]. The fuzzification consists in transforming crisp value into fuzzy
value. The crisp input is transformed into linguistic value. The membership function
is used to quantify a linguistic value. The value of a membership function varies
between 0 and 1.

In this section, we designed a new objective function that combines two metrics:
the total traveled distance and the maximum traveled distance. Thus, the mission
cost is considered as a combination of the total traveled distance and the maximum
traveled distance metrics. We resort to fuzzy logic to express individual metrics
in linguistic terms and then use fuzzy algebra to combine them into a crisp value
that represents the degree of membership of the particular solution into the fuzzy
subset of good solutions (with Short-TTD and Short-MT). A new centralized, yet
fast, approach, called FL-MTSP, that takes as input the set of robots and their initial
depots, and a set of target locations, and produces optimized tour assignment for
each robot over a certain number of allocated target locations is designed.

7.5.1 Fuzzy Logic Rules Design

We propose the use of fuzzy logic [8, 9] to combine conflicting objectives. We con-
sider the following objectives:MT and T T D, which are the inputs of the system. The
proposed solution attempts to simultaneously minimize the total traveled distance
and the maximum traveled distance. We assume that the mission time is proportional
to the MT as the velocities of all robots are the same. In addition, we assume that the
required time to collect sensor data is the same at all target locations. We rely on the
expressive power of fuzzy logic to state the desired objectives to optimize. Recall that
we seek to distribute a number of targets on a number of robots while minimizing the
sum of all robots tour lengths as well as the maximum among all robot tour lengths.
Hence, we seek solutions with Short-TTD and Short-MT. In fuzzy logic, Short-TTD
and Short-MT represent fuzzy linguistic values for the fuzzy variables T T D and
MT .

7.5.1.1 Linguistic Variables

In fuzzy logic, a variable could belong to a set of non-numeric values. Linguistic
variables are input and output variables in the form of simple words or sentences
rather than numerical values. For example, the linguistic variable of the TTD is a
number of two sets according to its value: “short” and “long”. As shown in Fig. 7.4a,
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Fig. 7.4 Definition of membership functions of the inputs fuzzy sets

for values of TTD belowmaxMin, the membership to the fuzzy subset total distance
that is “short” is 1. Starting from minMax value, the total distance is considered
totally out of the fuzzy subset of the short distances. For values of total distance
between maxMin and minMax , the membership decreases linearly from 1 to 0.
The same reasoning holds for “long” distances. In a same manner, we classified the
MT into two linguistic variables as shown in Fig. 7.4b.

7.5.1.2 Membership Functions

The membership function is a graphical representation used to quantify a linguistic
variable. To each linguistic value corresponds a fuzzy subset with an associated
membership function denoted typically by the Greek letter µ. For example, in our
case µT T D gives for each solution with a given T T D (the base value) the degree
of membership of that solution in the fuzzy subset of solutions with short T T D.
The desire to seek solutions with simultaneous short T T D and short MT can be
described by the following fuzzy rule:

IF Solution is Short-TTD AND solution is Short-MT THEN Good-Solution.
In fuzzy logic, Good-Solution is a linguistic value for the fuzzy variable solution.

According to the above fuzzy rule, the membership function (µGS) of Good-Solution
is expressed as follows:

µGS(s) = min(µShort−T T D(s), µShort−MT (s))

The above expression assumed the minmax logic of Zadeh, where the fuzzyAND
is interpreted as min and the fuzzy OR as a max.

In Fig. 7.4, the membership functions of TTD and MT variables are plotted. The
membership function of each objective is determined by two thresholds. We define
the shortest tour of a robot as the tour length obtained by visiting all target location
using a greedy algorithm that selects the closest next target to the current position of
the robot. We define the longest tour of a robot as the tour length obtained by visiting
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Table 7.2 Fuzzy rules base

TTD MT Solution

Short Short Good

Long Long Bad

Short Long Bad

Long Short Bad

all target locations using a greedy algorithm that selects the farthest next target to
the current position of the robot. We define four variables:

• maxMin is defined as the longest tour among all the shortest tours of all robots
going through all target locations considering our definition above.

• minMax is defined as the shortest tour among all the longest tours of all robots
going through all target locations considering our definition above.

• avgMin as the average of the shortest tour length of all robots going through all
target locations.

• avgMax as the average of the longest tour length of all robots going through all
target locations.

The maxMin and minMax are used as thresholds of the T T D fuzzy variable,
because they represent reasonable upper and lower bounds on the total tour. On the
other hand, avgMin and avgMax are used as thresholds of the MT fuzzy variable
because they represent reasonable bounds of the maximum tour length (Fig. 7.4b).
For example, for µT T D , for a value of T T D below maxMin, the total tour cost is
considered short compared to the value of T T D aboveminMax . The same reasoning
holds forµMT . The threshold values can be obtained using a simple greedy algorithm
or using an existing TSP solver based on genetic algorithm [10]. In our solution,
we have used a greedy algorithm to compute maxMin, minMax , avgMin, and
avgMax .

7.5.1.3 Fuzzy Rules

In the inference phase, we define the fuzzy rules that allow the combination of our
objectives which represent the inputs of our system. Each of themetrics mentioned in
the previous section is considered as a different fuzzy variable. The fuzzy system has
two inputs with two membership functions for each input. The rule base consists of
22 = 4 rules as shown in Table7.2. The column “solution” indicates the output fuzzy
variable i.e., the quality of the assignment. The assignment can be either “Good”
or “Bad” according to the TTD and MT metrics. As mentioned above, a “Good”
solution is the solution with “Short” TTD and “Short” MT. We use the Mamdani
Fuzzy model [11] to represent the “if-then” rules (Table7.2).



7.5 Fuzzy Logic-Based Approach 159

7.5.1.4 Defuzzification

After the establishment of the rules, we move to the defuzzification step which
computes the output value. We have chosen the simplest and the most commonly
used method in the literature, which is the centroid defuzzification method [12]. The
output value is calculated by the following equation:

CrispOutput =
∑N

i=1 Wi ∗ µA(Wi )∑N
i=1 µA(Wi )

(7.7)

where N is the number of rules generated in the inference step (in our case N = 4),
Wi is the input value, and µA(Wi ) is the membership function of rule i .

7.5.2 Algorithm Design

In general, the goal of solving theMTSP is to find an optimal order to pass through all
locations in order to minimize the total traveled distance. For the case where several
objectives must be optimized, the goal is to find trade-off solutions while optimizing
multiple performance criteria. The basic idea behind the FL-MTSP algorithm is that
we rely on the fuzzy logic to combine conflicting objectives (i.e., TTD and MT).
Therefore, the multi-objective MTSP is reduced to a single objective optimization
problem. The objective function of the problem, which is obtained by combining the
objectives to be minimized (TTD and MT), is expressed according to Eq.7.7.

The FL-MTSP algorithm (Algorithm 14) consists of two main phases: the assign-
ment phase (Algorithm 15) and the tour construction phase (Algorithm 16). It should
be pointed out that we assume the offline version of the problem where the number
of locations to be monitored is known from the beginning.

Algorithm 14: The FL-MTSP Algorithm
Input : nbTargets: number of targets

nbRobots: number of robots
matrixDistances: matrix of distance between

1 Assignment phase
2 Tour construction phase
Output: tour: tour of each robot

tourCost: tour cost of each robot
MT : max tour cost among all tours cost
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7.5.2.1 Assignment Phase

The basic steps of the algorithm of the assignment is given in Algorithm 15. First,
we select each target location from t1 to tm (m is the number of targets) and we
calculate the cost of the tour for each robot if this target is assigned to it, using a
greedy algorithm. The reason of using a greedy algorithm instead of a TSP solver to
estimate the tour length is that the TSP solver typically takes very long time when
the system becomes large, so it is limited in terms of scalability, but it can still be
used for small size instances. Then, we determine the T T D cost (Eq.7.1) and the
MT cost (Eq.7.3), which will be used as input to the fuzzy logic system to determine
the membership function that represents the combination of both objectives. Then,
the target location is assigned to the robot that produces the minimum value of
the membership function. If multiple robots have the same fuzzy output, then we
assign the target to the closest robot to the target location that leads to obtain the
minimum total tour cost. This process is repeated until all targets are assigned to
the robots. To improve the assignment and balance the workload between all robots,
an improvement process is included in the assignment step (i.e., Line 13–22). The
improvement concerns the number of targets allocated to each robot. The key idea
is to change the assignment and reallocate some tasks to robots. Every robot, which
has assigned to a number of target locations higher than the ratio of m by n (m/n),
is selected for the improvement, and the farthest target from its assigned targets will
be allocated to the nearest robot different from that robot. The Euclidean distance is
used for the selection of both the farthest target and the nearest robot.

7.5.2.2 Tour Construction Phase (Algorithm 16)

Once the process of allocating targets to robots is completed, an obvious question
that arises is how to construct the optimal tour of each robot. In fact, this problem
is equivalent to the TSP problem. We rely on the use of a TSP solver to determine
the optimal tour for each robot based on the target locations assigned to it in the
previous phase. For this, we applied an existing genetic algorithm TSP solver [10]
with a population size equal to 100 and a number of iterations equal to 10000.

A sample illustration of the FL-MTSP solution is given in Fig. 7.5. After assigning
all target locations to the robot (Fig. 7.5b), the assignment will be modified and the
robot R5 leaves targets T 5, T 7, and T 8 and the robot R2 takes them (Fig. 7.5c).
After applying a TSP GA solver, the tour of each robot is constructed (Fig. 7.5d).
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Algorithm 15: The assignment phase
Input : nbTargets, nbRobots, matrixDistances

1 for each target ti do
2 for each robot ri do
3 Calculate the tourCost for the robot ri when ti is assigned to ri using a greedy

algorithm
4 Compute the T T D when ti is assigned to ri
5 Apply the fuzzy logic system for T T D and MT
6 end
7 Select the best output obtained by the fuzzy logic system
8 if multiple robots has the same best output then
9 Select the nearest robot that leads to obtaining the minimum total tour cost

10 end
11 Add target ti to the tour list of the best robot
12 end
13 for each robot ri do
14 while the length of the allocated targets list of ri > (m/n) do
15 Select the farthest target ti of robot ri from its allocated targets list
16 Find the nearest robot r j from ti
17 if r j �= ri then
18 Add ti to the allocated targets list of r j
19 Remove ti from the allocated targets list of ri
20 end
21 end
22 end

Output: tour of each robot

Algorithm 16: Tour construction phase
Input : nbRobots

tour: tour of each robot after the assignment step
1 for each robot ri do
2 Apply the TSP_GA solver
3 end
Output: tour, tourCost

7.6 Move-and-Improve: A Market-Based Multi-robot
Approach for Solving the MD-MTSP

The Move-and-Improve mechanism comprises four phases: (1) the allocation phase,
(2) the tour construction phase, (3) the overlapped targets elimination phase, and (4)
the solution improvement phase (see Fig. 7.6 and Algorithm 17). A video demon-
stration of the Move-and-Improve mechanism using Webots simulator is available
in [13].

In the allocation phase, presented in Algorithm 18, each robot receives the list of
available targets to be visited. This list of targets can be sent, for example, by a control
station. Each robot Ri maintains two lists: (i) The list of available targets that are
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Fig. 7.5 Simulation example with 5 robots and 15 target locations. a Initial position of the robots
and the targets to be allocated. The blue squares represent the robots and the red circles represent the
target locations. b Tour of each robot after applying the fuzzy logic approach. c Final assignment
after redistributing the targets. d Final tour of each robot after applying the TSP GA solver [10]

Algorithm 17: Move-and-Improve General Algorithm
Begin
Target Allocation
Tour Construction
Overlapped Targets Elimination
Solution Improvement

End

not already allocated, and (ii) the list of allocated targets, which contains the targets
visited and allocated to the robot Ri itself. At the start of the mission, all targets are
marked as available in each robot, and the list of allocated targets is empty. Then,
each allocated target will be removed from the available targets list, and the robot
informs its neighbors to also remove it from their available targets list. We note that
the target becomes allocated to the robot Ri when it reaches the target. We also refer
to an allocated target as a visited target. Each robot starts by computing the cost (e.g.,
the traveled distance) of visiting each available target and finally selects the target
with the lowest cost (e.g., the nearest target). Then, the robot Ri starts moving toward
the selected target TSelected , and in themeanwhile, it keeps discovering other robots in
its neighborhood within its communication range and exchanging information about
allocated targets. Indeed, when a robot discovers another robot in its vicinity, they
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(a) Targets Allocation (b) Tour Construction

(c) Overlapped Targets Elimination (d) Solution Improvement

Fig. 7.6 Move-and-Improve

both exchange their lists of available targets that are not yet visited nor allocated.
As such, each robot can update its own list of available targets by discarding those
allocated/visited by other robots. In addition, if the currently selected target is found
to be no longer available (i.e., it was already allocated to another robot), the robot
dismisses that target and looks for another one (Algorithm18: Line 10). If the selected
target TSelected is still not allocated to other robots, the robot bids on this target with
its neighbor robots. The neighbor robots will send their costs to the robot Ri , which
played the auctioneer role for target TSelected , in response to the bidding request.
Finally, the robot Ri will assign the target TSelected to the robot with the lowest cost,
including itself (Algorithm 18: Line 14).

This process of moving toward the selected target TSelected and exchanging avail-
able targets is continuously repeated until the robot Ri dismisses the selected target
when it discovers that it is allocated to another robot, or until it reaches the selected
target. In the latter case, it adds this target to its own list of allocated targets and
removes it from its own list of available targets. The robot Ri repeats the process
of selecting a new target and moving to it until the list of available targets becomes
empty, as illustrated in Algorithm 18.

Upon the completion of the allocation process (the list of available targets becomes
empty), each robot constructs an optimal tour across its allocated targets using a TSP
solver (Phase 2), as illustrated in Algorithm 19. The robots can use any TSP tour
construction algorithm proposed in the literature such as LKH [14] or [15]. In our
MATLAB simulation, we used an existing implementation of a TSP solver based on
genetic algorithms [10] for tour construction.
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Algorithm 18: Phase 1-Target Allocation
1: Available Targets List = All targets to be visited
2: Ri Allocated Targets List = ∅
3: while Available Targets List �= ∅ do
4: Compute cost from current position to each available target
5: Select the target with the lowest cost
6: repeat
7: Discover neighbor robots
8: if neighbor �= ∅ then
9: Communicate with neighbor(s) and update list of available targets
10: if selected target /∈ available targets then
11: go to line 3:
12: {the selected target was already allocated to an other robot}
13: end if
14: Bid on the selected target
15: if cost of robot ri > cost of robot r j , where r j is a neighbor of ri then
16: go to line 3:
17: {the target can be visited by other robot with minimum cost}
18: end if
19: end if
20: Move robot to the selected target
21: until Robot reach the selected target
22: Add target to the set of allocated targets
23: Remove target from the set of available targets
24: end while

Algorithm 19: Phase 2-Tour Construction
call tsp (Allocated targets)(where tsp is a travelling salesmen algorithm)

After the tour construction process, each robot generates a first solution to the
MD-MTSP problem and obtains a proper tour to follow through its allocated targets.
However, it may happen that some targets would have been allocated to or visited
by several robots during the allocation phase. This is possible as robots have limited
communication ranges and may not have the opportunity to exchange their lists of
allocated targets, either directly or indirectly through other neighbors.

The objective of Phase 3, presented in Algorithm 20, consists in improving the
MD-MTSP solution by eliminating common targets allocated tomore than one robot,
through a distributed market-based approach, while the robots are moving through
their constructed tours. As such, during their tour missions, when two robots are able
to communicate, they exchange their lists of allocated targets, and in case there are
one or more overlapped targets, the robots will bid on these targets. More precisely,
considering a robot Ri and a robot R j both have the same allocated target Tk . If
the gain resulting from eliminating Tk from the tour of Ri is greater than the gain
resulting from eliminating Tk from the tour of R j , then Tk will be eliminated from
the tour of Ri , and Ri computes a new tour based on its remaining allocated targets.
The gain is defined as the difference between the old tour cost before removing the
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common target and the new tour cost after target removal. The gain differs by either
we wish to minimize the total cost (the sum of traveled distance) or to minimize
the maximal individual cost (the maximum tour). Moreover, in case there are several
overlapped targets, the robots can bid on them separately (one by one) or all together.
Returning to the previous example, where we wish to minimize the total cost, we
define:

gaini =C(TourRi ) − C(TourRi \Tk)
gain j =C(TourR j ) − C(TourR j \Tk)

where C(TourRi ) is the cost of TourRi containing the target Tk and C(TourRi \Tk)
is the cost of TourRi after removing the target Tk . C(TourRi \Tk) is computed using
the TSP algorithm applied on the targets allocated to Ri , except the target Tk . gaini
represents the gain obtained when we remove target Tk from the tour of robot Ri

and gain j represents the gain obtained when we remove target Tk from the tour of
robot R j . If gaini > gain j , it is more beneficial to remove Tk from the tour of robot
Ri and keep it in the tour of robot R j . If the objective function was to minimize the
maximum cost, the gain will be defined as follows:

gaini =max(C(TourRi ),C(TourR j ))

− max(C(TourRi \Tk),C(TourR j ))

gain j =max(C(TourRi ),C(TourR j ))

− max(C(TourRi ),C(TourR j \Tk))

The last phase (the solution improvement phase), illustrated in Algorithm 21,
consists in looking for possible additional optimization of the tours resulting from
Phase 3. For that purpose, when a robot Ri enters in the communication range of a
robot R j , it sends to R j a bidding request on the target Tk that induces the biggest
cost to visit in its tour. In other words, Tk is the target that when we remove from
the tour of robot Ri we get the minimal cost, compared to other allocated targets.
Formally speaking, Tk can be computed as:

Tk = arg minTj
C(TourRi\Tj )

The robot Ri computes the gain obtained when it removes this target Tk from its tour,
and the neighbor robot R j calculates the extra cost obtained when it adds this target
Tk to its tour. In case of MinSum, the gain is computed as follows:

gain =[C(TourRi ) + C(TourR j )]
−[C(TourRi \Tk) + C(TourR j ∪ Tk)]

C(TourR j ∪Tk) is computed using the TSP algorithm applied on the targets allocated
to R j union Tk . If the gain obtained by removing Tk from the Ri ’s tour is greater than
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Algorithm 20: Phase 3-Overlapped Targets Elimination
TourDone=false {indicates if a total tour is done}
current position=depot {position the robot to the first target of the tour, i.e, the depot }
repeat
Search for neighbor robots
if neighbors �= Ø∅ then
Exchange list of Allocated targets with neighbors
Common targets=Allocated targets

⋂
(∪{neighbors’ Allocated targets})

for all ti ∈ common targets do
Bid on ti
if I am not the winner of ti then
remove ti from Allocated target
call tsp (Allocated targets) {construct the new tour}
current position=depot
TourDone=false

end if
end for

end if
Move robot to next target
if current position==depot then
TourDone==true

end if
until TourDone

the extra cost obtained when adding Tk to R j ’s tour, the neighbor robot R j wins this
target Tk , and therefore, Tk will be removed from robot Ri ’s allocated targets and
added to the list of R j ’s allocated targets. In case of MinMax, the gain is computed
as follows:

gain =max(C(TourRi ),C(TourR j ))

− max(C(TourRi \Tk),C(TourR j ∪ Tk))

7.7 Conclusion

In this chapter, we have presented four different approaches for the MRTA prob-
lem: (1) improved market-based approach, (2) clustering market-based approach,
(3) fuzzy logic-based approach, and (4)Move-and-Improve approach. The improved
market-based approach allows robots to communicate and coordinate together in
order to increase the possibility of obtaining an optimized assignment of tasks to
robots. The reallocation is used to ensure the condition of only assigning one task to
a robot. After assigning each task to a robot, an improvement step is applied. It con-
sists in swapping tasks between robots in order to reduce the cost of the assignment.
The clustering market-based approach is based on the use of a clustering method
with an auction process. We considered a multi-objective problem where we seek
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Algorithm 21: Phase 3- Solution Improvement
TourDone=false {indicates if a total tour is done}
current position=depot {position the robot to the first target of the tour, i.e, the depot }
repeat
Search for neighbor robots
if neighbors �= ∅ then
select the worst allocated targets (tw) (the one that have the worst cost).
Bid on tw
if I am not the winner of tw then
remove tw from Allocated target
call tsp (Allocated targets) {construct the new tour}
current position=depot
TourDone=false

end if
end if
Move robot to next target
if current position==depot then
TourDone==true

end if
until TourDone

to find solutions that keep up the trade-off between the objectives. In addition, we
aim to uniformly distribute targets between robots such that the number of allocated
targets for each robot is equal or close. The fuzzy logic-based approach is a central-
ized solution based on the use of the fuzzy logic algebra to combine two objectives:
the objective of minimizing the total traveled distance by all the salesmen and the
objective of minimizing the maximum traveled distance by any robot. The approach
consists of two phases: the assignment phase where the targets allocation is based
on the output of the fuzzy logic system, and the tour construction phase, where we
used an existing genetic algorithm to build a suboptimal tour for each robot. The
Move-and-Improve approach is a distributed market-based algorithm where robots
progressively select and move toward the target with the lowest cost. It consists of
four steps: the initial target allocation step, the tour construction step, the negotiation
of conflicting targets step, and the solution improvement step.

In the next chapter (Chap.8), a detailed performance evaluation of the approaches
proposed for solving the MRTA problem will be presented.

References

1. Trigui, Sahar, Anis Koubaa, Omar Cheikhrouhou, Habib Youssef, Hachemi Bennaceur,
Mohamed-Foued Sriti, and Yasir Javed. 2014. A distributed market-based algorithm for the
multi-robot assignment problem. Procedia Computer Science, 32(Supplement C): 1108–1114.
The 5th International Conference on Ambient Systems, Networks and Technologies (ANT-
2014), the 4th International Conference on Sustainable Energy Information Technology (SEIT-
2014).



168 7 Different Approaches to Solve the MRTA Problem

2. Trigui, Sahar, Anis Koubâa, Omar Cheikhrouhou, Basit Qureshi, and Habib Youssef. 2016. A
clustering market-based approach for multi-robot emergency response applications. In 2016
international conference on autonomous robot systems and competitions (ICARSC), 137–143.
IEEE.

3. Trigui, Sahar, Omar Cheikhrouhou, Anis Koubaa, Uthman Baroudi, and Habib Youssef. 2016.
Fl-mtsp: A fuzzy logic approach to solve the multi-objective multiple traveling salesman prob-
lem for multi-robot systems. Soft Computing: 1–12.

4. W Kuhn, Harold. 1955. The hungarian method for the assignment problem. Naval Research
Logistics (NRL) 2 (1–2): 83–97.

5. Bernardine Dias, M., Robert Zlot, Nidhi Kalra, and Anthony Stentz. 2006. Market-based mul-
tirobot coordination: A survey and analysis. Proceedings of the IEEE 94 (7): 1257–1270.

6. Golmie, Nada, Yves Saintillan, and David H Su. 1999. A review of contention resolution
algorithms for IEEE 802.14 networks. IEEE Communications Surveys 2 (1):2–12.

7. Chan, Zeke S.H., Lesley Collins, and N. Kasabov. 2006. An efficient greedy k-means algorithm
for global gene trajectory clustering. Expert Systems with Applications 30 (1): 137–141.

8. Zadeh, L.A. 1965. Fuzzy sets. Information and Control 8 (3): 338–353.
9. Zadeh, LotfiAsker. 1975. The concept of a linguistic variable and its application to approximate

reasoning — I. Information Sciences 8 (3): 199–249.
10. Kirk, Joseph. 2011. Traveling-salesman-problem-genetic-algorithm. http://www.mathworks.

com/matlabcentral/fileexchange/13680-traveling-salesman-problem-genetic-algorithm.
11. Mamdani, Ebrahim H., and Sedrak Assilian. 1975. An experiment in linguistic synthesis with

a fuzzy logic controller. International Journal of Man-Machine Studies 7 (1): 1–13.
12. Takagi, Tomohiro, and Michio Sugeno. 1985. Fuzzy identification of systems and its appli-

cations to modeling and control. IEEE Transactions on Systems, Man and Cybernetics 1:
116–132.

13. Webots simulation scenarios. 2014. http://www.iroboapp.org/index.php?title=Videos.
14. Lin, Shen. 1973. An effective heuristic algorithm for the traveling-salesman problem. Opera-

tions Research 21 (2): 498–516.
15. Braun, Heinrich. 1991. On solving travelling salesman problems by genetic algorithms. In

Parallel problem solving from nature, 129–133. Berlin: Springer.

http://www.mathworks.com/matlabcentral/fileexchange/13680-traveling-salesman-problem-genetic-algorithm
http://www.mathworks.com/matlabcentral/fileexchange/13680-traveling-salesman-problem-genetic-algorithm
http://www.iroboapp.org/index.php?title=Videos


Chapter 8
Performance Analysis of the MRTA
Approaches for Autonomous Mobile
Robot

Abstract The multi-robot task allocation is a fundamental problem in robotics
research area. Indeed, robots are typically intended to collaborate together to achieve
a given goal. This chapter studies the performance of the IDBM, CM-MTSP, FL-
MTSP, and Move-and-Improve approaches. In order to highlight the performance of
the proposed schemes, we compared each one to appropriate existing ones. IDMB
was compared with the RTMA [1], CM-MTSP was compared with single-objective
and greedy algorithms, and FL-MTSP was compared with a centralized approach
based on genetic algorithm and with NSGA-II algorithm. To validate the efficiency
of the Move-and-Improve distributed algorithm, we first conducted extensive sim-
ulations and evaluated its performance in terms of the total traveled distance and
the ratio of overlaped targets under different settings. The simulation results show
that IDMB andMove-and-Improve algorithms produce near-optimal solutions. Also,
CM-MTSP and FL-MTSP provide a good trade-off between conflicting objectives.

8.1 Introduction

In complex robotics applications, a cooperative robot system represents a recom-
mended alternative to a single-robot system considering the collaborative effect
between robots, which leads to accomplish their mission more efficiently. Multi-
robot coordination is a major challenging problem that arises in a vast array of
applications. Several research works addressed this problem and proposed solutions,
which can be classified from two perspectives: (1) algorithmic approaches, which
can be either centralized or distributed (2) optimization problem type, which can
be either single-objective or multi-objective. Centralized approaches typically rely
on evolutionary algorithms [2, 3], which have the advantage of converging to good
solutions, but at the cost of intensive computation requirements and long execution
times. On the other hand, distributed approaches, including market-based techniques
[4, 5], provide lower-quality solutions in general, but executes much faster. The com-
plexity of these approaches significantly increases when the problem switches from
single-objective tomulti-objective optimization, where the goal is to optimize several
metrics that can be conflicting in nature. This class of problems usually hasmore than
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one optimal solution that provides a balanced optimization of the different metrics,
also known as Pareto-optimal solutions [6]. Evolutionary algorithms are the typical
approaches to solve this type of multi-objective optimization problems to find the
Pareto-optimal solutions. However, the execution time is too long when the problem
scales, making it non-appropriate for situations where an efficient solution is needed
in (near) real-time

In this chapter, we present the performance evaluation of the IDMB approach,
the CM-MTSP approach, the FL-MTSP approach, andMove-and-Improve approach
proposed in Chap.7.

8.2 Performance Evaluation of the IDMB Approach

8.2.1 Simulation Study

To study the performance of the DBM and IDMB algorithms, we used a simple
simulator implemented using MATLAB. The robots and tasks are dispersed in a
free-obstacles environment of 1000 ∗ 1000m. The task cost is calculated as the
Euclidean distance. We tested the algorithms on different cases (i.e., 2, 5, 8, 10, 12,
15, 20, and 30 robots and tasks). For each case, we considered 30 different scenarios.
Each scenario is specified by the coordinates of a randomly chosen initial position
of both robots and tasks. Each scenario is repeated 30 times (i.e., 30 runs for each
scenario), andwe recorded the global estimated cost. To obtain the optimal allocation,
we used the well-known Hungarian method [7]. We also implemented the RTMA
[1] proposed to solve the task formation problem, where every robot is able to be
allocated to only one task. Similar to the IDMB, the RTMA algorithm is based on the
market process. In order to demonstrate the efficiency of the IDMB algorithm, we
considered the error in percentage in comparison with the optimal solution obtained
with the Hungarian algorithm. The results are shown in Fig. 8.1. It can be observed
that the solutions obtained with the IDMB are very close to the optimal (Fig. 8.2). For
less than 10 robots and tasks, the algorithms (DMB, IDMB, and RTMA) give good
results (the error is less than 7.8% for DMB, 0.5% for IDMB and 6.8% for RTMA).
Increasing the number of robots and tasks, the IDMB algorithm still produce near-
optimal solutions as shown in Figs. 8.1 and 8.2. The maximum error obtained with
the IDMB algorithm in all cases did not exceed 2%. This means that the IDMB
algorithm can generate the optimal solution in several simulations. Notice that in the
case where the number of robots and tasks is 2, the IDMB algorithm always produces
the optimal solution (error is 0%).
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Fig. 8.1 Error in percentage
in comparison with the
optimal solution for the
DMB, the IDMB, and the
RTMA algorithms
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30 simulations per case
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8.2.2 Experimentation

We implemented the proposed distributed market-based approach on real robots
to demonstrate the feasibility of the algorithm in real-world deployment. We used
the Turtlebot [8] V2 robots as robotic platform and the open-source robot operating
system [9] to implement the robotmessaging, low-level control, and task assignment.
Each robot relies on the default ROS navigation stack for navigation, localization,
and obstacle avoidance purposes.

The implementation mainly consists of three main components: (i) a TurtleBot
controller component, which consists of a set of modular classes that provide all
functionalities needed to monitor sensor data of the robot and control its motors
(e.g., sending the robot a goal), (ii) an MRTA server, which is a UPD server that
receives bidding and auctioning messages from neighbor robots and publishes the
received message as a ROS topic, mrta_topic, for other ROS subscribers processing
the messages, (iii) an MRTA processing node, which is a ROS node that subscribes
to the mrta_topic topic published by the MRTA server and processes the received
messages dependingon their types,which are target announcement, target auctioning,
target bidding, and target assignment.



172 8 Performance Analysis of the MRTA Approaches …

Fig. 8.3 ROS map used for experiments in Prince Sultan University

The experiments were performed in the corridors of the College of Computer and
Information Sciences of Prince Sultan University (refer to map in Fig. 8.3) with two
Turtlebot robots. In the experiments, we tested a simple scenario with two robots
R1 and R2 that select two targets locations T 1 (location 26 in Fig. 8.3) and T 2
(location 4 in Fig. 8.3), respectively, such that the optimal assignment is opposite to
the initial assignment. After the execution of the DBM distributed algorithm, both
robots reached the consensus about the optimal assignment such that R2 assigns its
initial T 2 to R1 and R1 assigns its initial target T 1 to R2. A video demonstration
of the experiments is available on this iroboapp project Web site [10]. We used the
Euclidean distance for cost estimation. More accurate costs can be obtained using
the total length of the path planned by the ROS global planner.

8.3 Performance Evaluation of the CM-MTSP Approach

In this section, we present the performance evaluation of the clustering market-
based approach for solving the multiple depot MTSP. We build our simulation using
MATLAB.We adopted the test problems where the number of target locations varies
in [20, 50, 100] and the number of robots varies in [3, 6, 12]. Robots and targets
positions are placed in the range of [0, 100]. The LKH-TSP solver [11] is used
to find the least distance for the robot to travel from a fixed starting point while
visiting the target locations exactly once. The LKH-TSP solver has shown its ability
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to produce optimal solutions to most problems. Also, the LKH-TSP is tractable for
large-scale problems and can generate solutions within a small execution time [12,
13]. For each scenario, we performed 30 different runs of the algorithm and each
runs with different clusters. We evaluated the T T D, the MT D, and the mission time
objectives. We explored the performance of the proposed algorithm by varying the
number of robots and targets.

8.3.1 Comparison of the CM-MTSP with a Single-Objective
Algorithm

The efficiency of our solution is validated through comparison with a clustering
single-objective market-based algorithm (CSM-MTSP). In CSM-MTSP, the process
is the same as in the CM-MTSP, but the server uses the T T D as a unique cost
metric to assign clusters to robots. Figures8.4, 8.5, and 8.6 show the total traveled
distance, the maximum traveled distance and the mission time, respectively, for both
the CM-MTSP and CSM-MTSP algorithms. As shown in Figs. 8.4 and 8.5, the gap
between the CM-MTSP and CSM-MTSP in terms of T T D and MT D is in the
range of [1, 10%] for all scenarios in favor of the single objective. On the other
hand, the gap between CM-MTSP and CSM-MTSP in terms of mission time is in
the range of [8, 35%], with a more significant gain for the multi-objective CM-
MTSP. This demonstrates that CM-MTSP provides a better trade-off in satisfying
the different objectives as compared to CSM-MTSP. The reason for having reduced
mission time is that CM-MTSP forms clusters with the objective to group target
locations close to each other so as to reduce the maximum tour of the robot and
also assign clusters based on the mission time, so that slower robots are assigned to
clusters with the shortest tours. In addition, the improvement phase of the CM-MTSP
further optimizes the mission time. This feature is more interesting for applications
with real-time constraints such as emergency response applications.

In addition, the decrease of the maximum traveled distance with the increase of
the number of robots indicates that there is a uniformity of assignment that means
that the number of allocated targets for each robot is equal or close. Figure8.7 shows
an example of distribution of targets between robots.

8.3.2 Comparison of the CM-MTSP with a Greedy Algorithm

To prove the efficiency of the clustering approach, we compare its performance
against a greedy market-based algorithm that allocates targets to robots one by one
without prior clustering. The concept of the greedymarket-based algorithm is similar
to the CM-MTSP algorithm, but we consider individual target allocations instead of
cluster allocations.
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Fig. 8.4 T T D of
CM_MTSP and
CSM_MTSP solutions

Fig. 8.5 MT D of
CM_MTSP and
CSM_MTSP solutions

Fig. 8.6 Mission time of
CM_MTSP and
CSM_MTSP
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Fig. 8.7 Distribution of
targets in the case of 3 and 6
robots

The algorithm works as follows. The server starts an auction for each target ti . In
the bidding phase, each robot can either bid for a new target ti , or try to exchange
its worst allocated target that leads to increase the mission time of its tour with the
announced task ti . At the end, the server assigns the target ti to the robot with the
least cost. This process is repeated until all targets are assigned to robots.

We considered different scenarios, where the number of targets varied in [20, 100],
and the number of robots varied in [3, 6, 12].We performed 10 runs for each scenario
to ensure 95% confidence interval. Figure8.8 shows the comparative results.

In Fig. 8.8d, we observe that the CM-MTSP significantly reduces the execution
time as compared to the greedy algorithm. For example, in the case of 12 robots and
100 targets, the reduction exceeds 95%.This is due to the fact thatwe used a clustering
technique to group targets. So, instead of assigningm targets, we only search to assign
n << m clusters. Thiswill significantly reduce the execution time for large instances,
which demonstrates that CM-MTSP scale much better than traditional non-clustered
market-based approaches.

In addition, we observe that the MT D of the CM-MTSP algorithmwas decreased
in comparison with the greedy algorithm (Fig. 8.8b). For example, in the case of 12
robots and 100 targets, the MT D is reduced by around 30%. This means that the
number of targets assigned to each robot is not the same for both the algorithms. For
the greedy algorithm, not all robots are assigned to targets and so, in this case the
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(a) Total Traveled Distance (b) Maximum Traveled Distance

(c) mission time (d) execution time

Fig. 8.8 Comparison results of the CM-MTSP with a greedy algorithm

MT D will increase. Figure8.9 shows an illustrative example, between the greedy
solution and the CM-MTSP algorithm using a scenario with 6 robots and 20 targets.
The increase of the T T D of the CM-MTSP in comparison with the greedy algorithm
as shown in Fig. 8.8a is attributed to the fact that the targets in the same cluster can
be far from each other or even when the number of robots is high with respect to the
number of targets. For example, it is clear from Fig. 8.8a that the gap between the
CM-MTSP algorithm and the greedy algorithm, in the scenario with 6 robots and 20
targets, is reduced in comparison with the scenario with 12 robots and 20 targets.

The result of mission time (Fig. 8.8c) the greedy algorithm conforms the results
obtained for the MT D. In the case where a small number of robots is assigned to
targets, the T T D increases and the mission time decreases in contrast to the CM-
MTSP algorithm.
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(a) CM-MTSP algorithm (b) Greedy algorithm

Fig. 8.9 Simulation example of the CM-MTSP and the greedy algorithm

8.4 Performance Evaluation of the FL-MTSP

We have built our own custom simulation using MATLAB under Windows OS to
implement the proposed approach. All simulations are run on a PC with an Intel
Core i7 CPU @ 2.40GHz and 6GB of RAM. We evaluate the performance of the
FL-MTSP algorithm with two objective functions in scenarios without obstacles
where the tour cost is calculated as the Euclidean distance. We adopted the same test
problems used in [4]. The number of robots n varies in [3, 10, 20, 30, 100], whereas
the number of targets locations m varies in the interval [30, 70, 100, 200, 300]. An
(m∗m) costmatrix is randomly generated and contains the distances between targets.
Targets positions are placed in the range of [0, 1000]. In addition, an (n ∗ m) cost
matrix is randomly generated and contains the distances between each robot and all
targets. Moreover, robots are randomly placed in the range of [0, 1000]. The GA
is used to find the least distance for the robot to travel from a fixed starting point
and end positions while visiting the other places exactly once. For each scenario, we
performed 30 different runs for the algorithm to ensure 95% confidence interval. For
each run, we recorded the tour cost for each robot, the T T D, the MT cost (i.e., the
MTD) and the execution time. The execution time of the algorithm is the average of
the 30 execution times. We have explored the performance of the proposed approach
under varying the number of robots and targets.

8.4.1 Impact of the Number of Target Locations

Figure8.10 shows the T T D and the MT cost as a function of the number of targets,
for a fixed number of robots. The T T D is presented in Fig. 8.10a, and the MT cost
is presented in Fig. 8.10b. We can observe that, in most cases, the T T D and the MT
cost increase with the increase of the number of targets for a fixed number of robots.
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Fig. 8.10 Impact of the number of targets on the total traveled distance and max tour cost (number
of robots is fixed)

The assignment becomes more difficult when more target locations are involved
since the algorithm needs to determine the route for each robot while maintaining
the minimum T T D and MT cost. We conclude that the increase of the number of
targets affects the system performance. It is interesting to notice that increasing the
number of robots does not change much the total traveled distance, while there is a
huge drop in the maximum tour cost.

8.4.2 Impact of the Number of Robots

To study the impact of the number of robots, we performed simulations where we
fixed the number of targets while varying the number of robots. The results are shown
in Fig. 8.11. We observe that, in most cases, the total traveled distance (Fig. 8.11a)
slightly decreases when the number of robots increases. Moreover, the max tour cost
exponentially decreases while increasing the number of robots especially when the
number of robots is less than 30 (Fig. 8.11b). This means that the target locations are
shared between multiple robots in a way to decrease both the total traveled distance
and themaximum tour cost. This result shows the benefit of the use ofmultiple robots
to solve the TSP problem. However, as indicated earlier, the overall traveled distance
cost is not affected much by increasing the number of robots for a given number of
tasks.

8.4.3 Comparison with MDMTSP_GA

In order to highlight the performance of our solution, we compared with the
MDMTSP_GA solution [14] under the MATLAB simulator. MDMTSP_GA is a
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Fig. 8.11 Impact of the number of robots on the total traveled distance and max tour cost (number
of targets is fixed)

centralized approach based on genetic algorithm. We used a population size equal
to 240 and a number of iterations equal to 10000. These parameters are sufficient to
generate good solutions. From Fig. 8.12, we observe that our algorithm outperforms
theMDMTSP_GA in terms of T T D. We can notice that for a large number of robots
and targets, the gap between our solution and the MDMTSP_GA solution increases.
For example, when the number of targets is 200 and the number of robots is 30,
the obtained traveled distance cost using our approach drops by 70%. Moreover,
for the max tour cost, in FL-MTSP, it changes slowly compared to MDMTSP-GA
(Fig. 8.13). The findings demonstrate the effectiveness of our approach inminimizing
the overall cost in addition to the max tour cost.

As it is difficult to balance multiple objectives simultaneously, the above results
prove that the fuzzy logic system is a good process that allows to combine several
conflicting objectives and convert a multiple objective systems into a single objective
one.

Also, we prove that the combination of a fuzzy logic system with a heuristic
approach leads to optimize the system performance in terms of total traveled distance
and max tour cost.

In terms of execution time, it is clear that the gap between our solution and the
MDMTSP-GA is very large. The reason for this gap is the fact that the fuzzy logic
system from one iteration allows to make decision with no need to repeat the process.
This result improves the impact of the use of the fuzzy logic concept that helps to
find a solution faster than using only a Heuristic approach (Fig. 8.14).

8.4.4 Comparison with NSGA-II

We also compared FL-MSTP with NSGA-II [15]. NSGA-II is an implementation of
multi-objective GA for the MSTP problem. NSGA-II adopted the notion of Pareto
optimality to tackle the problem of multi-objective minimization. Suppose we wish
to minimize two objectives O1 and O2, and let Si and Sj be two individual solutions.
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Fig. 8.12 Comparison between FL-MTSP and the MDMTSP_GA in terms of total traveled dis-
tance. The results are shown for a different number of targets with a fixed number of robots

Let O1i , O2i , O1 j , and O2 j be the values of each of the objectives for both solutions.
Si is said to dominate Sj if and only if ((O1i < O1 j ) ∧ (O2i ≤ O2 j )) OR ((O2i <

O2 j ) ∧ (O1i ≤ O1 j )). The set of non-dominated solutions is called the Pareto-
optimal set. Approaches that adopt the notion of Pareto optimality maintain a set of
Pareto-optimal solutions from which the decision maker must choose.

NSGA-II description: As any GA, the first step of the NSGA-II is the popula-
tion initialization step that must be adequate to the problem formulation. Then, the
population is sorted based on the non-domination concept. Each individual is given
a rank value. Moreover, for each individual, a crowding distance is calculated. The
crowding-distance value is calculated as the sum of individual distance values corre-
sponding to each objective [15]. After sorting the population based on the crowded
distance and the rank, the best individuals are selected. Next, the crossover andmuta-
tion operators are applied to the selected population to generate a child population.
The parent population and the child population are combined, sorted based on non-
domination, and N individuals are selected based on their crowding distance and
their rank. Note that N is the population size. A detailed description of the NSGA-II
algorithm is provided in [15].

In our implementation, we used the partialmapped crossover (PMX) operator [16]
and the strategy of swapping nodes (belonging to different tours) for mutation. The
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Fig. 8.15 Solutions example obtained for FL-MTSP (blue star) and NSGA-II (red stars)

population size in NSGA-II is set to be 100. The algorithm stops after 50 generations
(maximum number of iterations). The crossover probability is equal to 0.7 while
the mutation probability is equal to 0.9. We mention that the selection of default
parameter values is guided by the simulation results. The simulation scenario for
the MD-MTSP consists of 3 robots and 30 targets. Figure8.15 shows an example
of the obtained solutions for both algorithms (FL-MTSP and NSGA-II). The x-axis
represents the T T D objective while the y-axis represents the MT objective. The red
stars are the solutions generated by the NSGA-II, and the blue star is the solution
generated by FL-MTSP.

A set of non-dominated solutions was generated by NSGA-II, and the selection
of the best solution depends on the application needs. From the simulation example
used for the comparison, we noted that the gap between the solutions of NSGA-II
and of FL-MTSP is in the range of [4–24%] for the T T D objective. Also, for the
MT objective, the gap varies in [23–34%]. Using the NSGA-II, the solutions are
ranged based on their rank of domination. So, most of the solutions will be discarded
as they will be assigned lower ranks. This will lead to the loss of promising solutions.
Therefore, FL-MTSP provides an acceptable solution in terms of T T D and MT as
compared to the NSGA-II. This means that the solution obtained by FL-MTSP is
better than at least one of the solutions obtained by NSGA-II at least for one of the
objectives.
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8.4.5 Comparison Between FL-MTSP, MDMTSP_GA,
MTSP_TT, and MTSP_MT Algorithms

In this part, we define two new algorithms, namely MTSP_TT, which use the
total traveled distance as a metric to assign target locations for the MTSP and the
MTSP_MT, which use the max tour cost as a metric to assign target locations for
the MTSP. For the MTSP_TT algorithm, we use a greedy algorithm to compute the
tour cost for each robot if this target is assigned to it. Then the target will be assigned
to the robot that leads to obtain the minimum T T D. The process is repeated until
all targets are assigned to the robots. For the MTSP_MT algorithm, we compute the
tour cost and select the max tour cost for each robot if this target is assigned to it,
using a greedy algorithm. The target will be assigned to the robot with the minimum
max tour cost. Also, like the MTSP_TT algorithm, the process is repeated until all
targets are assigned to the robots. If the length of the allocated targets list of a robot
is higher than m/n, we select the farthest target from its assigned targets and add it
to the nearest robot. Then, we apply an existing TSP solver for the tour construction
step (Sect. 7.5.2.2). To demonstrate that the proposed fuzzy logic approach provides a
good trade-off betweenMT cost and T T D cost, we performed simulationswherewe
compare our FL-MTSP algorithm MDMTSP_GA [14], MTSP_TT algorithm, and
MTSP_MT algorithm. Figure8.16a and b show the total traveled distance and the
max tour cost respectively for the four algorithms. From Fig. 8.16a, we depict that the
FL-MTSP algorithm gives better results than theMDMTSP_GA and theMTSP_MT
algorithm in terms of total traveled distance. Indeed, when using the max tour cost
as a metric, the algorithm optimizes the performance of each robot without consid-
ering the benefits of the whole system. This result improves the increase of the total
traveled distance for the MTSP_MT algorithm. From Fig. 8.16b, we depict that the
FL-MTSP algorithm gives better results than the MDMTSP_GA and the MTSP_TT
algorithm in terms of max tour cost. The use of T T D as an optimization criterion
leads to increase themax tour cost.We deduced that our FL-MTSP solution proposed
to solve the MD-MTSP provides a trade-off between total traveled distance and max
tour cost.

8.4.6 Impact of the TSP Solver on the Execution Time

To study the impact of the TSP solver,we performed simulations where we used two
well known TSP solvers: TSP_GA solver and TSP_LKH solver [11]. The number of
robots varies in the interval [3, 10, 20, 30, 100], and the number of target locations
was fixed to 200. Figure8.17 shows the results obtained. It is clearly shown that
the execution time of the FL-MTSP algorithm using the TSP-GA solver is more
time-consuming than the FL-MTSP algorithm using the TSP-LKH solver. The gap
between the FL-MTSP algorithm using the TSP-LKH solver and the FL-MTSP
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algorithm using the TSP-GA solver increases while increasing the number of robots.
Hence, the choice of a good TSP solver helps to improve the execution time of the
algorithm while providing a good solution.

8.5 Performance Evaluation of the Move-and-Improve
Approach

In this section, we present a realistic simulation study of Move-and-Improve using
the Webots simulator [17]. Webots is a professional mobile robot simulator that
provides the possibility to create a 3D virtual worlds that model with high accuracy
the physical properties, dynamics and kinematics of themobile robots, and the objects
surrounding the environment. In Webots, a simulation model consists in defining the
virtual physical worlds, the robots, and the controllers of the robots that implement
their behavior. In our simulation model, we used a rectangular checkered-marble
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arena provided by default in Webots and a realistic model of the Pioneer 3AT robot.
It has four wheels and is equipped with 16 sonar distance sensors [18]. We have
developed two types of controllers in Webots in the C++ language. The first is a
robot controller that determines the operations of a robot and implements the Move-
and-Improve algorithm. The second is a supervisor controller, which is responsible
for generating targets, sending them to the robots, collecting and displaying statistics,
and the simulation evolution. A video demonstration that illustrates an example of
a simulation scenario is available at [19]. The code can be downloaded from the
iroboapp Web site [10].

System Settings. We considered a simulation world comprising 30 targets deployed
in an area of 40m×40m with some obstacles. We evaluated the Move-and-Improve
mechanism under several scenarios with different configurations of the number of
robots 3, 5, and 7 robots and communication ranges (from 2 to 20m). Each scenario
is characterized by a specified fixed number of robots, a fixed number of targets and a
robot communication range. Each simulation configuration is repeated 10 times and
for each simulation run. The values presented in the following figures represent the
average of the collected values. The communication between the robots was achieved
using wireless radio links.

We considered three evaluation metrics: (1) the total traveled distance, (2) the
Maximum Tour (i.e., MTD), and (3) the communication overhead, which represents
of the number of messages exchanged between the cooperative robots.

Figure8.18 presents the total traveled distance for different values of the commu-
nication range. It is clear from the figure that the TTD decreases when the commu-
nication range increases. This is expected as a larger communication range allows
the robots to avoid overlapped targets and thus reduces the distance they will have
to move. The slope of TTD decreases sharper for shorter communication ranges,
namely from 2 to 8m. Increasing the communication range above 8m resulted in a
smoother decrease of the TTD, in particular with high robot density (i.e., case of 7
robots).

Figure8.19 presents the communication overhead (as number of messages sent
and received) for different values of communication range. We noted from figure
that large value of communication range leads to high communication overhead.
Moreover, for large value of communication range the communication overhead
exponentially increases with number of robots.

Figure8.20 presents the ratio of overlapped targets as function of the communi-
cation range. It is clear from the figure that the ratio of overlapped targets tends to 0
when the communication range tends to 20, which represents approximately the half
of the maximum distance between two robots in the simulated world (40m×40m).
This result is reasonable as with enough communication between robots common
targets will be eliminated.
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Fig. 8.18 Total traveled distance versus communication range

Fig. 8.19 Communication overhead versus communication range



8.6 Conclusion 187

Fig. 8.20 Ratio of overlapped targets versus communication range

8.6 Conclusion

In this chapter, we have presented the performance evaluation of the four proposed
approaches for solving the MRTA problem.

The IDMB approach consists in allocating each task to a robot then swapping
tasks to ameliorate the cost of the assignment. It has been proved that the IDMB
algorithm produces near-optimal solutions, and in several cases, it gives the optimal
solution.

The CM-MTSP is based on the use of a clusteringmethodwith an auction process.
The algorithm has been compared against a single objective and greedy algorithms.
It has been concluded that the the CM-MTSP approach provides a good trade-off
between the objectives, as compared to a single-objective algorithmwith an improve-
ment of the mission time and reduces the execution time as compared to the greedy
algorithm.

The FL-MTSP approach is a centralized solution based on the use of the fuzzy
logic algebra to combine objectives. This approach has been compared against an
existing MD-MTSP solver based on the genetic algorithm. The approach outper-
formed the GA approach on both the objectives, the total traveled distance and the
maximum traveled distance, and also in terms of execution time. We compared the
solution against two single-objective algorithms. We proved that our multi-objective
algorithm provides a trade-off between the total traveled distance and the maximum
traveled distance.
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TheMove-and-Improve approach is a distributed approach where robots commu-
nicate together in order to produce optimal allocation of targets. From the simulation,
we noticed that as the communication range of robots increases, the total traveled
distance and the ratio of overlapped targets decrease but the communication overhead
increases. This result proved that Move-and-Improve algorithm can produce optimal
or near-optimal solutions.
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