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Abstract

matract

The design of artificial systems has undergone an epistemic revolution
throughout the past fifteen years. It entailed transcending the traditional
dichotomy between the organic and inorganic worlds by attempting to
imbue machines with the adaptability and autonomy found in living
systems.Evolutionary robotics strives to create devices that can learn
new skills on their own in an ever-changing, uncontrollable
environment. This technology allowed for the construction of genuine
robots with complicated reactive behaviors. On the basis of this

observation,

Automatic route planning for the robot without collision Environments,
have been the subject of a great deal of research in recent years. Over
the past twenty years, many planning techniques have been proposed,

but None of these techniques is defined as a general method that can be

solved Planning problem. In this work, we propose a new technique for
robot trajectory planning, which It is based on artificial intelligence

methods: intelligent neural networks . The proposed technique consists
of environmental modeling Robot with neural networks, simulation

results proved ,The proposed neural network path mapping method is

accurateand efficient.
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La conception des systemes artificiels a connu une révolution
épistémique au cours des quinze dernieres annees. Cela impliquait de
transcender la dichotomie traditionnelle entre les mondes organique et
Inorganique en essayant d'imprégner les machines de I'adaptabilité et de
I'autonomie trouvées dans les systemes vivants. La robotique évolutive
s'efforce de creer des appareils capables d'acquérir de nouvelles
compétences par eux-mémes dans un environnement en constante
evolution et incontrolable. Cette technologie a permis de construire de
véritables robots aux comportements réactifs compliqués. Sur la base de

ce constat,

La planification automatique d'itinéraires pour le robot sans collision
Les environnements, ont fait I'objet de nombreuses recherches ces
dernieres années. Au cours des vingt derniéres annees, de nombreuses
techniques de planification ont été proposées, mais aucune de ces
techniques n'est définie comme une methode générale pouvant étre
resolue. Probleme de planification. Dans ce travail, nous proposons une
nouvelle technique de planification de trajectoire de robot, basée sur
des méthodes d'intelligence artificielle : les réseaux de neurones
intelligents. La technique proposée consiste en un robot de modélisation
environnementale avec des réseaux de neurones, les résultats de la

simulation ont été prouvés.



Abstract

o=ada

Lile e dwasd] e o 41 jea 5 ) 58 dpe lihaa Y] 4adii¥) araai 2pd
sanl e g s pinell Cpallel] o sauliil] aludiy) j glad a ilin) 2dl duslal
Lnd) Labai¥) 8 52 g gl LY 5 oSl e 308l ¢l A glae SIS (1o
O plgo alei lgiSar 5 jgaS LY 538 la 4y i) g s M) s, YY e
Lo ol 6iSH) 038 Cinaw lgsd aSS) 80y ¥ g puail] Laily 4iy 9 189 ey 5200

¢ 1Badlall o3 Luli e 5280 dale 167 LS olin Luloal Ciligr g ) ol

o _psS & puia g Silil) aoleaal  pts S g g Ul ALY jlisal] LuasS IS i)
(o aell =) 58] a7 ¢ duialal] Lile [y pndl lae Ao 5 i ¥ & gisad] 6 Caal)
Lole A&y yb lgil Ao L) 0i8 (po (5 cis pmi ais al (815 ¢ Lbsil] il
lese Lonb3if 5o il = yidi ¢ al) J3a 4 Lohsil A5G el 48

S Lpaed) Sl ;o libia Y] o ISH callf o daied il g ¢ g o)l
el it ¢ Lpuand) USUEN wo Luinl) dadaill g gy po da el Luidil] 5 4S5
AULed g 45> dn iEall yscanl) ASuil) jlio Lail 45 ans y 4ds ka5 ¢ 5(SIaal)



Contents

Table of figures

List of tables

Abreviation list

GENEral INtrOUCHION. .. vieiiieiiiiniieiiieenietintrtsucntsesetsssessssnssssnssssnsssonssssssnsssonssssnsssonssnsens o 1

Chapter 01 : navigation systems

N | 11 oo 18 o1 {To] o Lo OSSOSO PP P PP PRSP 3
1.2-NaVIgation STrAtEgIES: ......couiitiiiiiiiietet ettt bbbt b bbb b 4
1.2.1 -Artificial Potential Fields (APF): ..o 4
1.2.2 -FUZZY LLOGIC: ...ttt bbbttt bbbttt et b e bbbt eene s 5
1.2.3 -ANT COlONY .ot b bbbttt 7
1.2.4 -BEE COlONY: ..ttt bbb 9
1.2.4.1- Virtual Bee AlGOrithm: ..o 9
1.2.4.2 -Bee Colony Optimization...........cccoveieiiieiieiieic et ra e 10
1.2.4.3 -Dance Bee OPtimMization ...........ccccoveieiiieiicse e 11
1.2.4.4-Artificial BEe COIONY .....ocviiiiiiicc et 12
1.2.5- GeNetiC AIGOTTTRMI . ..o 12
1.2.6- Artificial Neural NEtWOIK: ..o 15
1.2.6.1- Recurrent NeUral NEIWOIK ...........ccooiiiiiiieieieie e e 16
1.2.6. 1.1-Back-propagation throughtime ..o 16

1.2.6. 2-MUlti-Layer PErCePtION ........cccvciiiiiiii ettt sre e ra e 16
1.2.6. 3- Reinforcement I€arNiNgG...........cooiviiiiiie i 18
1.2.6. 3. 1- Q-lBAINING ..eeiniiieie et 18
1.3-Comparison Detween METNOAS ..........cooiiiiiiii s 19
CONCIUSTON ...t bbbt bbbt bbbt bbb 20

Chapitre 2 : System Design

2. L I OTUCTION: e 21
2. 2-0UE PrOD M e 21
2.3-The PropoSed SOIULION: .......c.eiiiieiiiiie et e e e e ae e sree s 21

2.3.1- Problem definition ... 21



2.3.2-USE CASE IAGIAIM ...ttt ettt e st e bt s e sb e e beene e b e e beeneesneennas 22

2.3.2.1- RODOt USE CASE TIAGIAM ..ottt 22
2.3.2.2-SenS0r USE CASE QIAGIAIM .......eeciieieiieiie e seese et e ste et e e sre e sneesaeeaesneenns 24
2.3.2.3-MOtOrs USE CaSE QIAQIAM .......eeiuieieiieiie e see e ste et e e sre e ereesre e nneenns 24
2.3.3-Te Class DIAQIAIM . .....c..oiiiiiiiiei ettt b b 24
2.3.4-SEQUENCE AIAGIAIME ..ottt b bbbttt e e et et b et nbeenenne s 25
2.3.5- The ACHIVILY DIAQIam: .......ooiiiieie ettt sneens 26
2.4-Artificial neural networks (ANNS) ArChiteCtUre @ .......ccooviieiieie e 27
2.5-MUILHAYET PEICEPIION ...ttt s e e e te e e sraenesraennaeneeas 27
2.6-Elman-type Recurrent Neural NetWOrK ...........ccccooviiiiiiieie e 28
2.7-Result of the maze with model RNN et MLP ... 29
(O0] 0 To] [1 5] o] o A TSSOSO TP TSP PPPORPR 30

Chapter 3: Realization and Implementation

3L INTFOAUCTION: ..ot b bbbt b e e e bbb bt eneas 31
3.2-Tools and Working ENVIFONMENTS: .......ccuoiiiiiiiie e 31
3.2.1- SOftWare ENVIFONMENT: .....oiuiiiiiiieieee bbb 31
3.2.2- MATEFIAIS USBO: ... .ottt b et 33
3.3-Description of the different MOAUIES:...........coiiiiiiii s 33
3.3.1- THE BNVIFONIMENT: L.ttt bbb 33
A- Direction 0f the rODOT..........ceiiiie e 33
B-Navigation of the roDOt ..o 35
C-Test with the Default Goal Positions in the 13 Mazes..........ccoeovieriiniieneieeee, 37
3.3.2.-MAtIAD COR: ... s 39
A-MUILI-1AYEEr PEICEPIION......eciiiiiccieee ettt sre e e 39

B- Recurrent Neural NEtWOIK ...........ccoviiiiiiiiieee e 40

KR I 11010 L1 o] TP PSP RPTP PRSI 40
(©0] 1o 0151 0] o APPSR PR PRSP 41

General Conclusion

References



List of Figures

Figure 1.1: Examples of DeCent RODOTS. .........ouiriii i e e 4
Figure 1.2: Map of potential fields around an obstacle. ... 5
Figure 1.3: Membership fUNCLIONS ..........ccoiiiiiiieie e 6
FIQUIE 147 ANE COIONY .. .ottt ettt eneas 8
Figure 1.5: GenetiC AlGOTtNML........ccviiiee et te e 13
Figure 1.6: Artificial Neural NEtWOIK..........ccooviiiiiiiie e 15
Figure 1.7: Example of a multilayer perceptron type Network ............cccoovviiiiieicnc i 17
Figurel.8 : The Q-learning algorithm .........c.ooiiiiiiie e 18
Figure 2.1: General Architecture 0f U SYSTEM ........cooiiiii i 22
FIQUIre 2.2: USE CASE AIAGTAIM .....vveiveeieiie i ettt e ste e e st e ste e e st e ste et e s taesteesesseesbeeseesaeestaennesseesneeneens 23
Figure2.3 :SenSor USE CASE QHAGIAIM .....oiuiiieiieieieite sttt ettt 24
Figure 2.4 : MOtOrs USE CASE IAGIAM .....oiuiiiiieieieite ettt bbb 24
FIgure 2.5: Class DIAQIAM..........oiiiiiiie ittt ettt te et st esteete e e staeneeneesraeneens 25
Figure 2.6: Sequence diagram illustrating the robot action .............ccccceviiiiii i 26
Figure 2.7: ACHVITY DIBQIAM ....ocuoiuiiiiiiieieieie ettt bbbt nb e 26
Figure 2.8 : General Flowchart of neural networks artificial..............ccocooniiiiieiniin 27
Figure 2.9 : Architecture of the multilayer perceptron neural NetWork .............cccccevveieiieieenns 28
Figure2.10:MLP training ParameLErS .........cceiiiieeiieiie it seesteete e ste s e s e steesteseesraessesnaesraenaas 28
Figure 2.11 : Architecture of theRecurrent Neural Network ............cccocvviiiiiiiininc i, 28
Figure 2.12 : RNN training ParameterS........coucoueruirererieriseeieiesie ettt 29
Figure 3.1: Matlab 1000 ........cviiieiece et 32
Figure 3.2: Star UML 10Q0 ......ccvoiieieiic ettt st sta e saaene s 32
Figure 3.3: MaterialS USEBA .........c.oiuiiiiiiiiiiceie et 33
Figure 3.4: The directions of Our rODOL. ..........coiiiiiii i 34
Figure 3.5: The Robot with new goal POSITION...........cciieiiiieiice e 35
Figure3.6: Representation Of the MAazes ...........ccveiiiii i 36
Figure3.7: Navigation of the robot for different mazes ..o 37
Figure 3.8: TeSIEd MAZE 11 .......oouiieiiiiiiieeeee bbbttt 38
FIgure 3.9: TeStEA MAZE 5 . ..ottt e e e e e te e naee s 38
Figure 3.9:Matlab code Multi-layer perceptron SOUrCe COUE ........ccvevviirieeiieiiiie e 39
Figure 3.10:Matlab code Parameters multi-layer percptron...........cococvveieiinienienene e 39

Figure 3.11: Matlab code Recurrent Neural Network...........cooooviiiiiiiinceeeee 40



List of tables

Tablel.1: Comparison of the Methods. ..o e 19

Table 2.1: Comparison of the mazes between RNN and MLP..........................ooni, 29

Table 2.2: Comparison of the mazes between RNN and MLP...................ooiiiiiinnns. 30



Abreviations list

Al : Atrtificial intelligence

APF:Artificial Potential Fields

GA : Genetic Algorithm

VBA : Virtual Bee Algorithm

BCO : Bee Colony Optimization

BOD : Dance Bee Optimization

ABC : Artificial Bee Colony

RNN: Recurrent Neural Network

MLP :Multilayer Perceptron

BPTT : Back-Propagation Through Time



General Introduction

Acrtificial Intelligence (Al) is a branch of computer science where machines are trained and

engineered to mimic the human decisive and reactive functions without human intervention.

Al is the implementation of a number of techniques aimed at allowing machines to imitate a form

of real intelligence. The need to use artificial intelligence is increasing in all areas.

In 1950; Mathematician Alan Turing developed a test to measure artificial intelligence.
The Turing test, thanks to a series of questions, determines whether the answer can be determined
by the machine in this way.If the computer's responses are indistinguishable from those of humans,

the computer is considered to be artificially intelligent.

The purpose of artificial intelligence is to design systems capable of reproducing the
behavior of humans in their reasoning activities. Al sets as its goal the modeling of intelligence
taken as a phenomenon (as well as physics, chemistry or biology which aim to model other

phenomena).

The scientific field that specializes in studying, designing and implementing "smart
machines" is called artificial intelligence. It should first be remembered that the word "machine”
does not designate a physical object but rather an automatic system capable of processing

information.

With the advancement of computer science and technology, a wider area of research has
opened in the area of robotics, which is devoted to machines that perform movements in space. So
when we talk about "robot" in artificial intelligence we are referring to a computer program

showing some form of intelligence.

A robot is a machine equipped with the capacities of perception, decision and action that
allow it to act autonomously in its environment.
Robots are widely used to help or possibly replace humans in several areas: Industrial, military,
surgical, as well as in everyday life where the robot performs cleaning and maintenance tasks or
provides assistance to a person disabled.
A robot endowed with the ability to perceive and provide information on its environment, must
be able to move independently, while avoiding obstacles.
The automatic planning of the trajectory in robotics is used to find a series of valid movements

that allow a robot to go from an initial state to a desired end state.



In general, a valid movement is a movement that does not produce collision and which respects

the kinematic constraints of the robot.[1]

For twenty years, many automatic planning techniques trajectories have been proposed,
nevertheless none has really established itself as a general method that can satisfactorily solve the
planning problem (finding a trajectory, minimize the cost function), especially at the industry level.
First approximation, we can distinguish two types of methods: those which seek to construct are
presentation of free space (global methods) and that based on information local to incrementally

build a trajectory (local methods). [1]

Our route planning method offers a safe and efficient solution to fundamental problem of planning
and even the problem of optimization. In our work, the path is defined from the modeling of the

robot's environment by the artificial neural networks.

The objective of this study is to study the techniques of artificial intelligence as a solution
for this problem and to discover the benefits of these methods compared to other methods already

developed for the resolution of this problem. The document is composed of three (03) chapters:

The first chapter is devoted to the presentation of mobile robots.A general overview of the
field of mobile robotics is taken up to examine the typology of mobile robots. We present a state
of the art of navigation in general and cooperative and autonomous navigation in dynamic

environments with obstacle avoidance in particular.

In the second chapter, the contribution to the research problem, we present a conceptual
study on finding the shortest path for an autonomous robot using neural networks artificial. We
present a conceptual study, the proposed solutions which are detailed based on an analysis of

existing systems.

In the last chapter contains the interfaces we have created for the planning of the trajectory
by neural networks, simulation environments are briefly discussed. Several experiments are
carried out with a MATLAB development environment to evaluate the performance of our
artificial neural networks. Examples of simulations are provided to highlight the results of the

proposed methods to find the shortest path for an autonomous robot.

Finally, we conclude and summarize the entire thesis work, explaining the conclusion
obtained through simulated experiments. The possible scope of the future work of this thesis is

mentioned.



Chapter 1: Navigation Systems

1 -1 Introduction:

A mobile robot may be a mechanical, electronic, and computing system that concretely
acts on its environment to deal with an objective that has been particularized thereto. This
machine is flexible and may adapt to certain distinctions of its operating conditions. it's the role of
perception, decision, and action. So, the robot should be ready to perform various tasks, in some
ways, and complete them properly, albeit it encounters new situations abruptly. In this study,

we have an interest in autonomous mobile robots.

A robot is claimed to be autonomous: it's ready to choose its actions to succeed in its goal
and if it's ready to perform the task correctly and encounters new unexpected situations without

human intervention.

In this thesis, we'll present the matter of navigation in mobile robots. We determine the
various navigation strategies and offer the categories of existing controllers. Navigation is

defined because the process of answering the subsequent three questions [2].
i) Where am 1?
i) Where are the opposite places in reference to me?
i) How am | able to reach these other places from where | am?

So navigation is [3] that the set of techniques and methods for knowing the
situation (coordinates) of mobile with reference to a coordinate system, or with reference to a hard
and fast point. Calculate or measure the trajectory to follow to succeed in another well-known
coordinate point by submitting some constraints and criteria that arise from several factors, which
usually depend upon the characteristics of the robot, the environment, and therefore the sort of task
to run. Calculate any information like the movement of this mobile (distance and duration,

speed time period, estimated time of arrival, etc..).

During this section, we discuss autonomous navigation techniques for mobile robots in

a dynamic environment.
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Figure 1.1: Examples of Decent Robots. [43]
1.2. Navigation Strategies:

The navigation strategies allowing a mobile robot to maneuver and to succeed in a goal are

excessively diverse, as are the classifications which will be made from them.
1.2.1 Artificial Potential Fields (APF):

APF is conceived so as to create a field of potentials on the robot's navigation
environment. The worth of this field is minimal on the purpose that the robot must reach and
continuously grows together move faraway from that time. The obstacles generate a repulsive field
of potential for the robot, useful superior to the other point, not like an obstacle of the
sector potential, and therefore the repulsion field extends around obstacles with intensity inversely
proportional to space from the obstacle.

The thought is then to ask the robot to maneuver within the direction of the strongest
negative potential gradient on the general potential field obtained.
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Figure 1.2: Map of potential fields around an obstacle. [44]

In [4], and in [5], the authors were the primary ones to imagine the thought of imaginary
forces working on the robot. These methods have the advantage of being simple to implement, and
that they were the primary to be physically implanted on real robots in 1985 by Brooks [6] and in
1989 by Arkin [7]. Despite the pc equipment still limited at this point, trajectory /control
calculations being in no time with this sort of approach, it allows the primary experiments on
relatively slow robots. In [8], Agirrebeitia proposes an extension of the principle of APF methods
for robot navigation during a 3D space. The experiment revealed some recurring

problems associated with the very principle of those methods:

e Local minima causing situations where the robot is trapped (typically the U-shaped
trap).
e No passage detected between obstacles close enough.

e Oscillations caused by obstacles and narrow lanes.

In [9], authors in the field of mathematics have demonstrated the instability (causing
oscillations) of these methods, and these problems are particularly prominent when implementing
these methods on "fast™ systems.

1.2.2 Fuzzy Logic:

Binary logic has the advantage of simplicity but is way faraway from the human way of
reasoning. If one takes the instance of the qualification of the proximity of an obstacle,
the symbolic logic makes it possible to involve notions like "near enough™ or "very far”, rather
than being limited to a binary definition « obstacle or no obstacle ». This was formalized by Zadeh
in 1965 [12].
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The principle of a controller supported symbolic logic comes in 3 phases: A fuzzification

step, which can transform the input variables into fuzzy variables;

A step employing a table of rules of behavior, logical rules of the sort "if (condition 1) And/

Or (condition 2) then (action on the outputs)™;

A last, the defuzzification step translates the action determined by the principles of

behavior in command to send to the actuators.

The fuzzification stage uses fuzzy intervals, which can delimit the space of the input
variables during a certain number of fuzzy subsets (for example for proximity, we will have very
close (contact), quite close, average distance, far enough and really far); membership functions are
then wont to define the degree of truth (probability of belonging) of the fuzzy variable as a function
of the input quantity.

These functions are often a triangle, Gaussian, etc. Thus for given distance measurement,
the membership rule will tell us "there may be a 95% chance that the obstacle is close enough, 5%
chance of being in contact”. This notion is predicated on the very fact that there are always

uncertainties about the sensor measurements and therefore the information available generally.

]
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Figure 1.3: Membership functions [45].

The second step is that the development of rules of behavior for the robot, following the
mixture of fuzzy input variables. The principles of the behavior table are built manually and
are hooked into the experience of the one that will adjust the controller. For a mobile robot, a rule
can be: "if there’s asonably close obstacle on the proper, you've got to show left and reduce the
speed of the robot".

The last step is to rework the behavior obtained by the principles table, in command of the

robot.

The centers of gravity approach, which entails taking a weighted average of the instructions
to be implemented, is one way that can be used to do this. The weighting is based on the

probabilities of each input variable's membership. In [13] the authors investigated a fuzzy
6



controller for navigation of a robot-car-type mobile robot with dual steering. The robot can reach
I with the help of this controller work is underway to integrate the consideration of the final
orientation of the vehicle. In [14], the authors use the right/left symmetry of the logic rules of

behavior of the robot to simplify these, and thus, reduce the calculation time.

The problem with these fuzzy logic methods is similar to that of the APF approaches,

namely the problem of local minima, which allows the robot to remain caught in dead ends.

In his paper [15], Xu proposes a method for escaping these traps. This method employs
virtual targets to pull the robot out of the trap it has fallen into as soon as it realizes it has fallen

into one.

Another issue with fuzzy logic methods is that they are excessively specialized for a
specific sort of environment, and as a result, they have difficulty adapting to different situations.
However, as the robot explores a new area, it can use so-called learning methods to adjust its norms

of conduct.

The issue with these methods is that they take a long time to learn, and it takes much longer

for the robot to navigate successfully [16].
1.2.3 Ant Colony:

Ant colony algorithms are based on the behavior of ants when seeking a path between food
sources and their colonies. When an ant moves down a road, it leaves a trail by creating a substance
known as "pheromones." Other ants find this subject appealing, so they follow in the footsteps of

pheromones.

The presence of this matter is proportional to distance, and the longer the distance, the
lesser the concentration of matter. If the journey is short, we see significant traces of this material,

and the ants will follow the strongest trace, indicating a shorter path.

The goal of ant colony algorithms is to find the best path for mobile robots. These
algorithms require a group to be realized, and they are employed for a task that requires numerous

mobile robots to work together.

The goal of this research methodology was to mimic and develop the way ants [17] navigate
using complex combinations of information, as a vector of integration and visual signals, on a

simulator, then a real robot. The purpose was to solve the navigation problem specifically.

As a first step, a simulator was created to analyze directly inspired navigation strategies in
ant behavior. The simulation's main goal is to enable the rapid examination of biological

hypotheses before moving on with a physical implementation. Then, because the simulation does
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not allow for all parts of the study to be taken into consideration, some components of the study
are simplified, such as the environment or physical behavior of the robot; the researchers have
developed a robot able to really test the strategies of displacement.

In an obstacle-filled environment, the robot must first detect and then avoid the
obstructions. If the robot has already crossed a certain point, it will be able to predict the next step
without getting distracted by the vast amount of data generated by the presence of several barriers.
If the robot-ant comes upon a particularly long obstacle it should not be considered as impassable
even if no issue appears on the rangefinder that we use to prevent the robot to hit the obstacles
present in its environment. It must go along and around it by taking the direction provided by its

integration vector being updated.

They created the initial modeling based on the ants' spontaneous realization of the vector

of integration (direction of the nest, distance) during their first forays out of the nest:

- If the robot-ant encounters no obstacles, it will continue in a straight line from its starting

position, following its integration vector.

- If the robot-ant comes across a close obstacle in a weak angular sector (Figure 2), it will
take the free direction "closest" to the integration vector, allowing it to avoid the obstacle.

Figure 1.4: Ant Colony [46]

The robot-ant can memorize couples (Perception, Action) and thus construct a basic

representation of space.

The action may correspond to the movement to be done, and the perception of the value of

the integration vector and/or the perceived image (direction, distance to be traveled).



In a way, these pairings are the insect's analogs of the local vectors stated before. We define
the notion of point of choice for each place where the robot-ant must make a decision in order to

minimize the stored information and hence be as realistic as possible.

This is the case, for example, for barriers to avoid. Then, the robot-ant can use these pairings
(perception, action) by comparing them to the current circumstances. The move from regular

training to automatic utilization of the routine is then made gradually.

TAs a result, the robot-ant is making increasingly rapid movements, because once the
routine has been learned and "automated,"” it saves time in the perceptual phase throughout this
type of voyage. The robot then only uses its sensors to readjust itself at each memorized point of
choosing, rather than throughout each basic movement. The trajectories are more and more smooth

and efficient, which corresponds to the behaviors we observed in ants.

Ant Colony algorithms are very robust (they are always efficient, even if some people fail),
versatile (a colony may adapt to a new environment), and quick (they support parallel processing
and the use of heuristic information, among other things). However, there are numerous
drawbacks. However, there are some drawbacks: we can enter a blocking condition, runtime can

be lengthy, and it does not apply to all types of situations.
1.2.4 Bee Colony:

We can develop a class of new algorithms by only using parts of the nature or behavior of
bees and adding some new features. The following sections show some (the most well-known)

algorithms based on bee behavior during foraging, however they are not exhaustive.
1.2.4.1 Virtual Bee Algorithm:

Although only functions with two parameters have been given as examples, this approach
was invented by XinShe Yang in 2005 [08] for solving numerical optimization issues. It can
optimize functions and discrete issues. The VBA method begins with a virtual bee troop; each bee
wanders randomly into the search space, which in most situations is a 1-D or 2-space -D. The

virtual functions for optimizing functions are the primary steps of the bee algorithm:

- The creation of a multi-agent or virtual bee population.

- Each bee has a solution vector with a number of parameters to optimize.

- Optimization functions (objective functions) coding and virtual food conversion (Virtual
Food).

- Definition of a criterion for communicating direction and distance in a manner comparable

to bees' physical abilities (the dance of the bees).
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- Update a population of people in new positions for virtual food study by performing a
virtual dance to specify distance and direction; "the virtual dance of waggle."

- The maximum mode, in terms of the number of virtual bees or the intensity / frequency of
the bees that make the visit, correlates to the best evaluation after a set period of evolution.

- Decoding the results in order to arrive at a solution to the problem.

- Decoding of the results to obtain the solution of the problem.

1.2.4.2 Bee Colony Optimization

This algorithm was introduced by yuce et al in 2013 [18] in order to find the optimal
solution for a given difficult combinatorial optimization problem, such as the problem of a

commercial traveler, the problem of p-Median, problem routing in optical networks.

Every bee comes up with a solution to the problem. To construct one step in the BCO
algorithm,there are two stages that alternate (step forward and step back). Each artificial bee visits
Nsolutions, generates a partial solution, and then returns to the hive with each step ahead.

The bees congregate in the hive and take the first move backwards. When all of the
solutions have been completed, the best of them is chosen and used to update the best overall
solution, completing an iteration of BCO. All of the solutions are deleted at this phase, and a new
iteration is produced. Let 'B' represent the number of bees in the hive, and "NC" represent the
number of positive steps forward. All bees are in the hive as the search begins. The BCO

algorithm's pseudo-code can be summarized as follows:
- Initialization: an empty solution is assigned to each bee;
- For each bee: at. k=1
a. Count the constructive moves forward)
b. Evaluate all possible steps;
c. Choose a step;
d k=k+1;
If K <NC, Go to b. Return of all the bees to the hive;
- For each bee evaluate the value of the objective function.

- Each bee decides randomly either to continue its own exploration.

10
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- Recruiter, or become the bee who does the harvest. For each follower, choose a new

solution from the recruiters.
- If the solutions are not complete, go to step (b).
- Evaluate all the solutions and find the best one among them.
- If the stop criterion is not checked, go to step (b), otherwise, go to the next step.
- Show the best solution found.
1.2.4.3 Dance Bee Optimization

Laga and Nouioua created the BOD (Dance Bee Optimization) method in 2009 [18] to
handle the problem of T-coloring graphs. This algorithm was inspired by the foraging activity of

bees. The method begins by placing the n bees in the search space at random.

After evaluating the fitness features of these bees, the bees with the best fitness (elite bees)
are chosen for neighborhood building. In the next step, the algorithm guides the search in the
vicinity of the best sites m found by elite bees. Indeed, these are the bees recruited to search around
the best sites e, ie. Follow the best dancers, are also recruited bees pursue the other dancers. The
primary operation of the BOD algorithm is recruiting. We assign a neighborhood meta-heuristic

to each recruited bee (solution) to search around it.

In the end, only the best of the m bees (solutions) in each neighborhood are retained to
build the next population. This limit is established in the algorithm to decrease the number of

solutions to investigate; there is no similar limitation in nature.

The remaining bees are generated at random to complete the population. In The colony will
comprise, on the one hand, of m bees representative of each neighborhood (to increase the search)
and, on the other hand, of bees assigned randomly at the conclusion of each iteration (to diversify

the search).

This process is repeated until a predetermined stopping criterion is met (a number of
iterations or a stagnation number). The pollen is towards the sun, therefore the dance is vertical.
The pollen is in the opposite direction of the sun, therefore the dance is vertical and directed

downwards.

The angle formed by the dance plane with the vertical is the same as the angle formed by
the food with the Sun in a horizontal plane. The vertical, seen from below upwards, represents the
sun's direction, and the angle of the spoils' direction with that of the sun is duplicated in respect to

the azimuth.
11
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1.2.4.4 Artificial Bee Colony

Karaboga and Basturk invented the ABC (Artificial Bee Colony) algorithm in 2007 [19],
which examined the behavior of real bees to discover a food source, termed nectar, and share
information from food sources with other bees in the nest. Artificial bees are defined and
categorizedinto three classes in this algorithm: Bees (food-seeking bees), spectators (observation
bees), and scouts are in charge of discovering new foods (the new nectar source). Only one type
of bee is used for each food source. The number of worker bees equals the number of food sources,
in other words. If a worker bee at a site is unable to locate the food source, she must act as a Scout,
searching for new food sources at random. Employing bees share information with hive visitors

so that visitors can select a food source to investigate.
Among the advantages of the bee colony method, mention may:
-Very effective in finding optimal solutions.
-overcomes the problem of the local optimum.
-Easy to implement.
-The use of several adjustable parameters.
-Sensitive to extremely difficult problems.

However, there are a number of drawbacks, such as most optimization algorithms having
an evolution and diversification mechanism, incrementing a counter for solutions that do not
improve and do not reach a threshold limit, and adjusting this parameter is a challenge in and of
itself. , and small values can eliminate a solution before exploring its neighborhood incomplete,

while large values may trap the algorithm in minima premises for several cycles.
1.2.5. Genetic Algorithm:

Genetic Algorithms belong to a family algorithm called Evolutionary Algorithms [20].
These algorithms are random optimization techniques inspired by Darwin's theory of evolution,
which aim to find an approximate solution at the correct time. Genetic Algorithms use techniques
derived from genetics and natural evolution: crosses, mutations, selections, etc ..., they represent
a stochastic optimization method of order "0", which means neither continuity nor differentiability
is necessary for the smooth running of the method, only the knowledge of the value where the
proximity of the function to be optimized is sufficient. So, the effectiveness of a genetic algorithm

depends on the good knowledge of the problem to be treated.

12
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Genetic algorithms are the result of research by John Holland and his colleagues and students
at the University of Michigan who, as early as 1960 [21], worked on this topic. The novelty
introduced by taking into account the crossover operator in addition to the mutations in this
operator allows us to get closer to the optimum of a function by combining the genes contained in

the different individuals of the population.

Genetic algorithms are based on the notion of natural selection and apply it to a population
of solutions to a given problem.

The stages of execution of a genetic algorithm:

- Initial population: We must choose a random population of n chromosomes, where each
chromosome indicates the robot's next position, and we can also adjust it so that each gene
represents the robot's next orientation.

- Fitness function: Measure the fitness of each chromosome in the population.

- Selection: Create a new population with repetition next steps until the population is
complete.

- Crossover and mutation: Each pair generates two children, in these operations two
chromosomes exchanging one or more parts for data of the new chromosomes. If there is
no mixing, the result is an exact copy of the parents.

- Mutation means that a gene in a chromosome can substitute for another in a random way.

- Stop test: If this criterion is not checked then go to step (2).

Start
Imput - T, LR, T

Population
Initialisation :
Nn-chromosomes

Select k-best
chromosomes

Crossower

L =
I Crossower fTumnctiormn I

Mutation
I Mutation functiorn I) rate

l -——

Select Nn-best
chromosomes

Ernd
corrdition

Figure 1.5: Genetic Algorithm. [47]
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In terms of computational volume, these algorithms are costly, especially when it comes to

the evaluation function and memory size used.

- The path found is not optimal: The impossibility of being sure that the solution found is
the best one even after a significant number of generations. We can only be sure that we are getting

closer to the optimal solution (the parameters and the evaluation function).

- There is no guarantee that the algorithm will converge or that the non-existence of a
solution will be discovered. Algorithms are more difficult to construct when some parameters,
such as population size or mutation rate, are unknown. However, the algorithm's efficiency is

further limited by the fact that it is dependent on a number of tests.

- The problem of local optimums: if an individual occupies a significant position in a
population at a given moment, the population will converge towards that individual and cannot

evolve.

There are several efforts and some methods to correct this problem, which is tied to the
principle of the algorithm itself and has no link to the environment or the robot utilized. The results
of using genetic algorithms in the realm of autonomous robot trajectory search are not encouraging.

In addition to the duration and volume of crucial computations, the method's convergence
is insufficient, which leads to the hybridization of this type of algorithm with other algorithms.

The genetic algorithm has various advantages over traditional optimization techniques, including:

Using only the objective function: evaluation without regard for its nature. Indeed, we
didn't need any specific properties on the function to optimize it (continuity, differentiability,

convexity, etc. ), giving it additional flexibility and applications.

GA s uses the coding of parameters, not the settings themselves. Chromosomes have a binary
representation. This choice makes them intuitively applicable to all the problems whose solutions
can be transposed into binary. The chromosomes are then represented by a chain of bits. This

representation is independent of the problem and makes the genetic algorithm all the more robust.

Generating a form of parallelism by working on several points at the same time (population
size N) at the place of a single iterated in classical algorithms, GAs work on a population of points
instead of one.

14
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The use of probabilistic transition rules (probabilities of crossing and mutation), unlike
deterministic algorithms where the transition between two successive iterations is imposed by the
structure and nature of the algorithm. This use makes it possible in some situations for genetic

algorithms to avoid local optimums and to move towards a global optimum.
1.2.6. Artificial Neural network:

The formal abstraction of the behavior of biological neurons leads to artificial neurons
[10]. It’s a perfect solution to some problems that are highly thought-provoking, or highly
complex.This is thanks to their brain.A neuron may be a nonlinear function, parameterized, with

bounded value. A neuron contains 2 main elements:
* The weights related to neuron connections.

* An activation function, the input values are multiplied by their corresponding

weight and summed to get a sum Ui.
Ui = E(x1,....,Xj,.....xn) = X Wijxj 1)

Learning is often understood as a change within the capacity or behavior of an
organism caused by experience [11]. The training algorithm will formulate the specific rules that

allow it to generalize.

The formulation of the principles is completed by the change of the synaptic weights
which results in the change of the behavior of the network; the change is administered by a group of
iteration which makes these networks ready to react to new situations supported by the experience

passed.

Activation
function. F

v T
Input < Output

Summing

. Junction
Xpo—»

Figure 1.6: Artificial Neural network. [48]

The neural understanding of data is different; such knowledge isoften within the following

form:
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The optimal path is found by the synaptic weight vector W, hence a special coding of data.
This representation of data is closer to the machine language, which makes the interpretation

difficult for the person as compared with the opposite methods of representation of data.

For this reason, the networks of neurons are called a recorder. During alone amongst one
in every of one among the goals of the research is to know how knowledge is distributed within a
neural network and the way to extract that knowledge in a comprehensive way from a

person's being.

The neural network approach may be a method for modeling intelligence. These networks
are ready to solve problems in several areas. Their specialty lies in their brain. However, the
approach suffers from a serious problem: the tactic of representing knowledge.

1.2.6.1. Recurrent neural network

A recurrent neural network (RNN) is a type of artificial neural network in which nodes are
connected in a directed graph that follows a temporal sequence. This enables it to behave in a
temporally dynamic manner. Derived from feed forward neural networks, RNNs can use their
internal state (memory) to process variable length sequences of inputs [22] [23] [24].

The name "recurrent neural network™ is loosely applied to two broad kinds of networks
that have a similar overall structure, one with limited impulse and the other with infinite impulse.
The behavior of both types of networks is temporally dynamic [25]. A finite impulse recurrent
network is a directed acyclic graph that can be unrolled and replaced with a strictly feed forward
neural network, while an infinite impulse recurrent network is a directed cyclic graph that cannot

be unrolled.
1.2.6. 1.1.Back-propagation through time

Back-propagation through time (BPTT) is a gradient-based methodology for training
recurrent neural networks of various types. Elman networks can be trained with it. Several

researchers developed the method independently [33], [34], [35].

For training recurrent neural networks, BPTT is substantially faster than general-purpose
optimization approaches like evolutionary optimization.[36]

1.2.6. 2.Multi-Layer Perceptron

The multilayer perceptron is a directed network of artificial neurons organized in layers

and or the information travels in one direction only, from the input layer to the output layer.
16
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Figure 1 shows an example of a network containing an input layer, two hidden layers, and
an output layer. The input layer always represents a virtual layer associated with system inputs. It
does not contain any neurons. The following layers are layers of neurons. In the example
illustrates, there are 3 entries, 4 neurons on the first hidden layer, three neurons on the second and
four neurons on the output layer. The outputs of the neurons of the last layer always correspond to

the outputs of the system.

In the general case, a multilayer perceptron can have a number of layers of conque and a

number of neurons (or inputs) per layer also any.

O—
O—
O—

couche 1* couche Qe couche couche

d’entree cachee cachee de sortie

Figure 1.7: Example of a multilayer perceptron type network [26]

Bouhlassa also used this work offers a new technique for planning the trajectory of a robot,
which is based on two methods of artificial intelligence: Neural networks. The proposed technique

consists of modeling the environment of the robot by neural networks [1]

Araujo and al, used this work “A Neural Network for Shortest Path Computation > A new
method to solve the shortest path problem was proposed using a two-layer Hopfield Neural
Network. This solution aims to achieve an increased number of succeeded and valid convergences,
which is one of the main limitations of previous solutions based on Neural Networks. Additionally,
in general, it requires fewer neurons. The experimental results show that the main goal of the
architecture is accomplished making it almost totally reliable (i.e., it achieves succeeded and valid
convergences almost always) while considerably improving computational performance at the
expense of the results, which are, only slightly worse. Two open issues deserve further work: first,
the convergence to sub-optimal results; second, the adaptability to external varying conditions, in
particular, to different graph topologies, which may not be trivial to achieve with the proposed
architecture [32].
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Belkhouche used this work trajectory planning and obstacle avoidance by neural networks

for robots autonomous mobile [37].
1.2.6. 3. Reinforcement learning

Reinforcement learning (RL) is a branch of machine learning that studies how intelligent
agents should operate in a given environment to maximize the concept of cumulative reward. [27]
Reinforcement learning, along with supervised and unsupervised learning, is one of the three main

machine learning paradigms.

Reinforcement learning (RL) is a branch of machine learning that studies how intelligent
agents should operate in a given environment to maximize the concept of cumulative reward.

[27] Reinforcement learning, along with supervised and unsupervised learning.

1.2.6. 3. 1. Q-learning

A model-free reinforcement learning algorithm is used to learn the value of an action in a
certain state. It can handle problems with stochastic transitions and rewards without requiring

adaptations and does not require a model of the environment (thus "model-free").

Q-learning provides an optimal policy for any finite Markov decision process (FMDP) by
maximizing the anticipated value of the total reward across any and all successive steps,

beginning from the present state. [29]

Given infinite exploration time and a partly-random policy, Q-learning can determine an
optimal action-selection policy for any given FMDP. [29] The function that the algorithm
computes — the expected rewards for an action taken in a given state — is referred to as "Q." [28].

Initialize ()(s,a) arbitrarily
Repeat (for each episode):
Initialize s
Repeat (for each step of episode):
Choose a from s using policy derived from @ (e.g., s-greedy)
Take action a, observe r, §'
Q(s,a) «— Q(s.a) +a |'I' by maxy Qs a') lfé'[,'-nu.]l|
5 ,t;j;

until s is terminal

Figurel.8: The Q-learning algorithm [49]
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1.3-Comparison between Methods

Method

Fuzzy logic

Neural
networks

Ant colony

Bees Colony

Genetic

Algorithm

Advantages
- It is more simple and flexible.
- Able to mange trouble with inaccurate data.

- Not more expensive for development.

- A neural network can perform tasks that a

linear program connot.
- Ability to make machine learning.
- Can be used in dynamic applications.

- Positive feedback leads to rapid discovery of

good solutions.

-Effective in finding the best solutions and easy

to implement
- Get rid of the local optimum problem.

- Sensitive to complex problems.

- AGs use the encoding of parameters.

- AGs are working on a population of points.
- Same encoding

— change the fitness function.

- Have some GA; just write new chromosome

to solve another problem.

Disadvantages

- The navigation path is not optimal because of

the approximate reasoning method.

- Requires the availability of an expert

- Robot operation is limited by these rules
-The neural network needs training to operate.

-Requires high processing time for large neural

networks.

- Convergence is guaranteed, but time to

convergence is uncertain.
- Coding is not straightforward.
-Does not apply to all types of problems.

-It has a mechanism of evolution and

diversification.

- Big values may trap the algorithm for
multiple cycles and it can eliminate a solution

before exploitation.

-Computational time.
-Slower than some other methods.

- Choosing encoding and fitness function can
be difficult.

Tablel.1: Comparison of the Methods.
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Conclusion

In this chapter, we reviewed the state of the art in mobile robot navigation and the many
algorithms that may be used to manage it, such as finding the shortest paths and distances in a
given area. We've also seen the various steps; we've also provided the benefits and drawbacks of
each strategy, and we've discovered that no navigation methodology has been observed that
provides a solution that solves all difficulties. As a result, we can see that navigation is a very
dynamic subject of study, with new approaches appearing on a regular basis. The necessity of
applying heuristic approaches to treat the motion computation problem as an optimization issue in

order to meet several constraints at the same time is revealed by this overview of the literature.

In the next chapter, we propose a new method of robot trajectory mapping based on

artificial neural networks and the g-learning algorithm.
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2.1. Introduction:

Mobile robotics is the industry related to creating mobile robots, which are robots that can
move around in a physical environment. Mobile robots are generally controlled by software and
use sensors and other gear to identify their surroundings. Mobile robots combine the progress in

artificial intelligence with physical robotics, which allows them to navigate their surroundings.

In terms of research, the development of applications requiring sharing of the robot's
environment with its environment leads to look for reliable and scalable architectures far removed
from the fixed architectures of classic robots whose immediate environment is closed to the human

operator.

Automatic planning of the trajectory of collision less robots in Environments has been the

subject of a very significant amount of research, in recent years.

Over the past twenty years, several planning techniques have been proposed, but very few of these

techniques are effective in satisfactorily solving the problem of planning.

Our trajectory planning method, offers a safe and effective solution to the fundamental problem of
planning and even the problem of optimization. In our work, the path is defined from the modeling

of the robot environment by the neural networks artificial
2.2. Our Problem:

Our problem is to find the shortest path for an autonomous mobile robot, where the goal is
to look for optimal plans to achieve the desired end state so that the cost is minimized. To find
optimal solutions to large-scale planning problems and avoid obstacles, we study how artificial

neural networks

How can a robot optimally move from a starting point to a breakpoint and avoid obstacles ?

2.3. The proposed solution:

The research focuses on adapting existing and constructing new efficient neural networks
artificial to handle large scale optimization issues of tasks applied to a mobile robot in order to

answer the research issue.
2.3.1. Problem definition
A robot must reach an end point from a start point, the robot has a starting position (Xs,

Ys) and an end position (Xa, Ya), the robot does not know the environment.
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A robot Training with neural networks artificial (RNN +MLP), we were interested in

solving the following problems: planning a path for this robot to get from the starting point to the
end point safely. We were interested in solving the following problems: Finding the optimal

trajectory (the shortest path) and avoiding obstacles.

Robot

starts walking randomby

Datection
Move the robots to arrival
point
Localization
Training with neural
networks artificial save the
RMN +MLP path
Avoid
obstacle
Chose the

best

Figure 2.1: General Architecture of our system.

2.3.2. Use case diagram:

2.3.2.1. Robot use case diagram

A use case is a cohesive unit representing functionality visible from the outside. It provides
an end-to-end service, with an initiation, an unfolding, and an end, for the actor who initiates it.
Therefore, a use case models a service provided by the system, without imposing the embodiment

of this service.
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The robot has four main operations: search, move, avoidance and detection of obstacles:

e Research is a process of identifying goals.

e The movement is activities changes of positions on the instructions received from the

controller.

e Obstacle avoidance is also a process of approaching goals.

Mowve in the environment

Sensor readings

=

L)

Robot \

Search the best path

Obstacle avoidance

Detection

Figure 2.2: use case diagram

In our diagram, we have a single entity that symbolizes our robot as the main actor. the later

has 6central operations to perform that being:

¢+ The track of the path: our robot is situated at the starting position in an environment with an
ending point to reach, it is then up to it to decide the best speed to apply .

+«+ Move in the environment; with the ending point In record the robot begins to make its
movement along the environment

++ Obstacles avoidance: obstacles are randomly placed in the environment according to the start
and ending point entered, therefore it is essential for the robot to avoid them when they cross
its path.

+»+ Training with neural networks artificial (RNN +MLP)

¢+ Sensor readings.
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2.3.2.2. Sensor use case diagram

Sensors are used to estimate a robot's condition and environment and measures the distance

to the nearest wall/obstacle in each direction

Measures the distance to the nearest wall!ubsmcl@
L
r

Sensor

Figure2.3: Sensor use case diagram

2.3.2.3. Motors use case diagram

— Cunﬁols the direction of the roho>
L
e

Motors

Figure 2.4: Motors use case diagram

In this use case diagram, the Motors control the direction of the robot (right, left)

2.3.3. The Class Diagram:

A class diagram is a type of diagram and part of a unified modeling language (UML) that
defines and provides the overview and structure of a system in terms of classes, attributes and

methods, and the relationships between different classes.

Content: classes, subclasses, attributes and values, methods, links (multiplicity,
generalization, composition), categories, and dependency. So that the robot does not halt between

two trajectories, the robot class must control the sequence of trajectory generation and
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commands. It has a specific behavior compared to other classes. UML expresses this behavior by

the use of state charts which allow representing the parallelism well.

o l(.--'— =
Robot Obstacle
+Position()
1 Avoid
+RN() -
I‘ oy
e y
1 1.1
Move |
To have
[ 1
e . ™
Environment
+5tart, +End
+Measure()
M 1..n

Figure 2.5:Class Diagram

e Environment Class It manages the entry of the starting and ending points, and the
measurements of the path chosen.

e Obstacles Class It manages all operations of the obstacles including positions. user
class it manages all operation of the user

e Robot class it manages all the neural networks artificial.

2.3.4. Sequence diagram:

A sequence diagram, in the context of UML, represents object collaboration and is used to
define event sequences between objects for a certain outcome. A sequence diagram is an essential
component used in processes related to analysis, design and documentation. Communication

between these objects is modeled by the sequence diagrams in Figure 2.6.
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Robot

neural networks artificial(RNN+MLP)
qlearn

”Delremine the departure and armrival

|:|‘< Send the best solution

Figure 2.6: Sequence diagram illustrating the robot action

Consult()

Envirenm ant

} - -

-=

2.3.5. The Activity Diagram:

training

PR 0

In UML, an activity diagram provides a view of the behavior of a system by describing the

sequence of actions of a process. Activity diagrams are similar to information processing

flowcharts because they show the flows between actions in an activity. Activity diagrams can,

however, also show simultaneous parallel flows and replacement flows.

l

[ starting robot

—

[ Mowe in an environnement

kA

[Measure& the distance to the nearest walllobstacle in each diret:tion]

MNo

W

§>[Trajning with RNN+MLP]

h

[Avoi ds ohstacles]

Best path ?

YES

Figure 2.7: Activity Diagram.
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Begin from the starting robot and then it move in an environment to measures the

distance to the nearest wall/obstacle in each direction ,at this moment it does his training and

avoids obstacles and finally it choose the best path .

2.4 Artificial neural networks (ANNSs) Architecture

/ o \
Sensors ( Motors
Input (MLP+RNN) Output (MLF+ENN)
fdl;d2;d3;dd;d5;d6; ‘ {mL; mR}
d7 ; 8 : vis} - J
Q e N 4
\l MMowve in the environment
o {Mazel, maze 2; maze3, mazed,
Rlagsslis mazel, mared, maze7T, mazed, maze?,
distance to the
; mazell, mazell, mazel2 mazel3} Controls the direction
nearest wall'obstacle
\ f the robot
in each direction h / ot e rane
L {nght; left) ‘
l <" The gleam =
If found %ﬂmﬁ-g algorithm
- ~ ath optimal
Avoids Search to ® P )
Obstacles best path
- - -

Figure 2.8: General Flowchart of neural networks artificial

2.5. Multilayer Perceptron
e A fully-connected MLP
o Trained with back-propagation.

e Input and output

o Input: Sensory Measurements {d1 ;d2 ;d3 ;d4 ;d5 ;d6 ;d7 ;0 ; vis }.
o Hidden layer 1, Hidden layer 2.

o Output: Motor Actions {mL; mR}.
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Oty L avyow

i~ =4

Gt

Figure2.9: Architecture of the multilayer perceptron neural network

Parameier Walue

Learning Rate, 1 .05
Mumber of Samples per Epoch i3l
Number of Epochs TR

Figure2.10: MLP training parameters
2.6. ElIman-type Recurrent Neural Network
A fully-connected Elman-type RNN
o Trained with Back-propagation through Time
e Input and output
o Input: Sensory Measurements{d1 ;d2 ;d3 ;d4 ;d5 ;d6 ;d7 ;0 ; vis }.

o Output: Motor Actions {mL ;mR }.

InpUt Layer
N =9 - 25)

——— Hiooden Layer 3
~ ~; ma 25>

Figure2.11: Architecture of the Recurrent Neural Network.
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Parameter Walue

Learning Rate, 7 (0.0005
Length of a Path Segment 50

Number of Epochs | OO0

Figure 2.12: RNN training parameters

2.7. Result of the maze with model RNN and MLP

Test1

Test with the Default Goal Positions in the 13 Mazes

Test with original goal points in all 13 mazes

o Tested with 10 trials per maze

e Number of successful trials on each

maze

Maze|l |2 |3 |4 |5 |6 |7 9 |10 |11 |12 |13 |Total
RNN |8 |6 |0 |6 |10 |0 |O 0O |5 |0 (1 |0 |36
MLP|O (O [0 |O |1 |8 |10 0O |10 (4 |0 |0 |33

Table 2.1: Comparison of the mazes between RNN and MLP.

> RNN > MLPin 5 mazes and MLP >RNN in 4 mazes.

» Each model has certain mazes with good performance than the other model.

Test 2

Test with two new Goal Positions in the 13 Mazes.

Test 1) Test with original goal points in all 13 mazes.

o Tested with 10 trials per maze.

e Number of successful trials on each maze.
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Maze 1 (2 3 |4 |5 7 8 |9 |10 11|12 |13 | TOTAL
Goall |[RNN |2 |5 |4 |4 |10 0 10|10|10 |4 |5 |10 77
MLP|O |0 |0 |0 |10 2 0 (0|1 (0 |10 |10]33
Goal2 |[RNN |3 |9 |0 |0 |5 10 |3 |0 |0 |0 |10 [10|55
MLP |3 (0 |0 |0 |1 10 |0 |0 |O |O |O |O |14

» RNN > MLP in 15 different goals and MLP > RNN in 2 different goals.

Conclusion:

Table 2.2: Comparison of the mazes between RNN and MLP

In this chapter, we propose a new method of robot trajectory mapping; it is based on

artificial neural networks and the g-learning algorithm.

The method is used to model the environment of the robot by MLP and RNN neural

networks to avoid obstacles; The Q-Learning algorithm is applied to find the optimal path in an

environment.

We have presented the different diagrams: diagram of cases of initiation, sequence

diagrams, activity diagram and class diagram. These diagrams made our work easier to understand

the problem; to obtain a solution of the problem of movement of the mobile robot in spaces with

obstacles has been proposed.

In the next chapter we will present the tools and languages used in our application.
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3.1. Introduction:

In order to show the autonomous control of the mobile robot, we used an application
developed under Matlab which is an intelligent system with several functions used to simulate the
behavior of the robot in obstacle avoidance to reach the target and to assess the performance of the
techniques used.

Optimization issues are becoming more complex and the rapid development of technology

has made the use of a neural approach increasingly necessary.

In addition, the cost / performance ratio in parallel IT systems continues to decrease. The
neural approach is used in the design and implementation of meta-heuristics to accelerate research,
and to improve the quality of the solutions obtained, to improve robustness and solve problems on

a large scale.

In this thesis, our research is done on the problem of finding the shortest path of an
autonomous mobile robot. We have proposed a new neural approach for solving the problem of

finding the shortest path for an autonomous mobile robot, based on the artificial neural networks.
3.2. Tools and working environments:

3.2.1. Software environment:

Matlab is digital calculation software marketed by the company MathWorks. He was
initially developed in the late 1970s by Cleve Moler, professor of mathematics at the University
of New Mexico and then Stanford, to allow students to work from of a high-level programming
tool and without learning FORTRAN or C. Matlab stands for Matrix laboratory. It is a language
for scientific computing, data analysis, their visualization, the development of algorithms. Its
interface offers, on the one hand, a windowinteractive console type for executing commands, and

on the other hand, aintegrated development (IDE) for application programming.

Matlab finds its applications in many disciplines. It is a digital toolpowerful for modeling
physical systems, simulating mathematical models, design and validation (simulation and
experimentation tests) of applications. The basic software can be supplemented with multiple
toolboxes, i.e. toolboxes. These are function libraries dedicated to particular domains. We can cite

for example: Automation, signal processing, statistical analysis, optimization..etc.
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-
~ MATLAB

F MathWorks

Figure 3.1: Matlab logo [38]

StarUML is a UML modeling program that was "transferred as open source” by its
publisher at the conclusion of its commercial exploitation (which obviously continues...), under a
modified GNU GPL license. StarUML V3 maintains the majority of the diagrams specified in the
UML 2.0 standard, and is currently only accessible under a proprietary license. StarUML is written
in Delphi and is based on the Delphi language. StarUML is a Delphi application that relies on

proprietary Delphi components (not open-source).

kStarUML’”

The Open Source UML/MDA Platform

Figure 3.2: Star UML logo [39].
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3.2.2. Materials Used:

Elément
Nom du systéme d'exploitation
Version

Fabricant du systéme d'exploit...
Ordinateur

Fabricant

Modéle

Type

Référence (SKU) du systéme
Processeur

Version du BIOS/Date

Version SMBIOS

Version du contrdleur embarqué
Made BIOS

Fabricant de la carte de base
Produit de la carte de base
Version de la carte de base
Réle de la plateforme

Etat du démarrage sécurizé
Configuration de PCR 7
Répertoire Windows
Répertoire systéme
Périphérique de démarrage
Option régionale

Couche d'abstraction matérielle
Utilisateur

Fuseaux horaires

Autre description du systéme d...

Mémoire physigue (RAM) instal...

Valeur

Microsoft Windows 10 Professionnel
10.0.19042 Build 19042
Non disponible

Microsoft Corporation
DESKTOP-5381LUS

HP

HP Laptop 15-bsOxx

PC & base de x64
2C573EA#BH4

Intel(R) Core(TM) 13-6006U CPU @ 2.00GHz, 2000 MHz, 2 coeur(s), 4 processe...
Insyde F.22, 24/07/2017
3.0

23.38

Heérité

HP

8328

23.38

Mobile

Man pris en charge
Liaison impossible
CAWINDOWS
CAWINDOWS\system32
\DeviceyHarddiskvolume
Algérie

Version = "10.0.19041.964"
DESKTOP-5381LUS\pC
Paris, Madrid (heure d'été)
4,00 Go

Figure 3.3: Materials Used

3.3. Description of the different modules:
3.3.1. The environment:
A- Direction of the robot

Nine (09) Input Sensors { d1 ; d2 ;d3 ;d4 ;d5 ;d6 ;d7 ; 0 ; vis}, seven (07) lasers for
wall/obstacle detection.

m Directions = (-90°, -60°, -30°, 0°, 30°, 60°, 90°).
m Each laser measures the distance to the nearest wall/obstacle in each direction.

One laser for goal tracking:

m Measures the angular difference between the robot’s heading direction and the goal.
m Checks if the goal is visible (1) or not (0).
2 Output Motors {mL ,mG}

m {1, 0} will make the robot turn right.
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Robot Navigation:

e When the goal is not visible, the robot wanders around the maze while avoiding obstacles

based on the distance laser readings.

e When the goal is visible, the robot moves toward the goal. The robot avoids obstacles
only when a collision is imminent.

Figure 3.4: The directions of our robot.

Nine (09) Input Sensors { d1 ; d2 ;d3 ;d4 ;d5 ;d6 ;d7 ; 6 ; vis}, seven (07) lasers for
wall/obstacle detection.

m Directions = (-90°, -60°, -30°, 0°, 30°, 60°, 90°).
m Each laser measures the distance to the nearest wall/obstacle in each direction.

One laser for goal tracking:

m Measures the angular difference between the robot’s heading direction and the goal.
m Checks if the goal is visible (1) or not (0).
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2 Output Motors {mL ,mG}
m {0, 1} will make the robot turn left.

Robot Navigation:

e When the goal is not visible, the robot wanders around the maze while avoiding obstacles based

on the distance laser readings.

e When the goal is visible, the robot moves toward the goal. The robot avoids obstacles only when

a collision is imminent.

Figure 3.5: The Robot with new goal position

B-Navigation of the robot

The fixed starting point for each maze O
The fixed goal point for each maze O

A maze (or an environment) is consisted of walls and obstacles
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Maze Maze 2 Maze 3 Maze d

Figure3.6: Representation of the mazes.
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The robot has to reach an end point from a starting point, the robot has a starting position

(Xs, Ys) and an end position (Xa, Ya), then it avoids the obstacles and chooses the best path

PSR ) o [T |

|Y: 6. 1079 Centar: 2. 5478 Goal Wisible: 1

a
O=2NWADONODOO

rrrrrrrrrrrrrrr1rr1r 1 1T

N N S v

P P PR L L L PR
-0 -2 -8 -¥ 6 -5 -4 -3 -2 -1 O 1 2 3 4 5 6 ¥ 8 9 10

o 1. HEBT Center: 3.0079 Goal Wisible: 1
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Figure3.7: Navigation of the robot for different mazes
C-Test with the Default Goal Positions in the 13 Mazes
e A sample result.

o Tested maze: Maze.
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o Model: RNN

o Result: Goal reached

R [ g ——

|‘r". -0.65892 Center: 2.6611 Goal Visible: 1

.
=
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L L ! ! L 1 ! L | | L 1 | L | | L 1 L L Il

0657 6545210123 456780910
Figure 3.8: Tested maze 11
e A sample result
o Tested maze: Maze5
o Model: MLP
o Result: Goal reached

T T T ) [ et R T
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Figure 3.9: Tested maze 5
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3.3.2. Matlab Code:

A-Multi-layer Perceptron

B4 Editor - C\projet\mlp\MIpRun.m
| Mainm 3| sigDerm # | sigm | MipTrainm | MipRunm 2| + |

(3) This file can be published to a formatted document, For more information, see the publishing video or help. X
1 function [vOutput] = MlpRun(input, wln, wHid, wOut, mlpParam) [
2
sl= alpha = mlpParam.alpha;

4 - yOutput = [];

5 %

& % FORWARD PROPAGATICN
1= x = [1; input];

2

g % hidden layer 1

10 - locFieldHidl = wIn'#*x;

11 - yHiddenl = 3ig(locFieldHidl, alpha);

12

13 % hidden layer 2

14 - locFieldHid2 = wHid'*[1; yHiddenl]:

15 - yHidden? = s3ig{locFieldHid2,alpha);

16

17 % output layer

18 - locFieldOut = wOut'*[1l; yHidden2]:

G = yOut = s3ig(locFieldCut,alpha);

20 - yOutput = [yOutput yOut];

21 - end

Figure 3.9:Matlab code Multi-layer perceptron source code

| Mainm | sigderm | sigm 0| MigTinm | MigRonm 3 | InitRobotm 3 | InitRNNm A1 nitMLPm i + |

1 F;:;t;a;;z;:g MLP | []

3 tarchitecture and parameters

i - mlpParam = struct('moment', 0 ,'alpha', 1, 'eta', 0.05, 'epoch', 100000);

5-  mlpArch = struct('inputs', sensor mum + 2, 'hiddenl', 25, 'hiddend', 25, 'outputs', 2);
& tweights init

T- winllnit = -0.1 + {0.140.1)*rand (mlpArch. inputs+l, mlpArch.hiddenl);

8- wl2Init = -0.1 + (0.140.1)*rand (mlpArch.hiddenl+1l,mlpArch.hidden?);

- w2lutInit = -0.1 + (0.140.1)*rand (mlpArch.hidden241, mlpArch.outputs);

Figure 3.10:Matlab code Parameters multi-layer percptron
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B- Recurrent Neural Network

Ei Editor - C\projetiinitsiInitRNMN.m
Main.m sigDer.m sig.m MipTrain.m MlpRun.m InitRebot.m InitRMNM.m InithLP.m =+
'@ This file can be published to a formatted document. For more information, see the publishing videc or help.
1 b+ set option L
2 — nn.option.subset length = 25; %In each epoch, only a small segment of each sequence is traing
== nn.option.learningRate = 0.0005;
4 — nn.option.maxIter = 100000;
5
& — nn.option.numHidden = 25;
= nn.option.numinput = sSize (dataPer list{l}{l},l)+nn.option.numdidden;
a — nn.option.mumCutput = size (dataPer_list{l}{2},1):
9 — nn.option.netDim = [nDn.option.numInput 25 nn.option.numHidden nn.option.numOutput]:
10 % nn.opt )im mea = = of RNN.
11 % The 1 is wariable he number of layers
12 % Eac value means the n =ach layer
13
14 — nn.option.activation = @sigmoid:
15 — nn.option.dActivation = @dSigmoid:
1lé
17 % If you want to know how it works, search "fewval”™ function in matlab.
1s
15 %% Inmitialization
20 — nn.layer = initializeNN(nn.option.netDim); %initialize the weights and biases

Figure 3.11: Matlab code Recurrent Neural Network
3.4. Discussion

The navigation domain has been enriched by the diversity of effort and viewpoints. As a
result, a set of criteria for ensuring the quality of such a solution can be identified. We also did a
tiny comparison between two other methods: ant colony [40] and bee colony [41] and genetic
algorithm [42], to demonstrate the performance of artificial neural networks in solving the shortest
path problem, and we noticed that the rate of convergence in neural networks artificial is more

interesting than other methods.
Training with multiple mazes:

» The performance of each network varied up to the mazes

» RNN could navigate better than MLP toward the goals not used in training
» The robot can be taking the good short way when using RNN then MLP

» The robot can be taking the best short way when using RNN and MLP

RNN showed overall better performance than MLP did:

» Since path data is time-series data, the navigation problem can better be solved by using
the dynamics of RNN.

Neural network-based navigation is a good option for mobile robot:

» Can deal with the flexible situation and the environment change.

» Can deal with start and target position changes.
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Conclusion:

In this chapter, we have tried to present in a simple way the different stages through which
we went. A new neural approach has been shown to find the shortest path of an autonomous mobile
robot. This approach is able to guide the robot to move autonomously. The proposed approach
improves the performance of navigation on several levels. In general, solutions based on this

approach allow the resolution of our problem.
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General Conclusion

The study of neurons and their networks has allowed us to understand (in part) their
functioning. Indeed, a neuron has a morphology adapted to its function, to circulate information
in our brain with the aim of a good coordination of our organism. Moreover, we now know the
way in which they operate and the fact that only one of them is connected to a hundred thousand
of his fellows, which constitutes a network. These studies have enabled the development of two
types of so-called “artificial” neurons: laser micro-pillars and electronic chips. These “artificial”
neurons want to be as close as possible to the real functioning of biological ones. In addition,
scientists come to imagine entirely artificial networks. This is why the development of these
artificial neural networks could well lead one day to the creation of various artificial intelligences
(intelligent computer, humanoid robot, etc.). We can then wonder about the danger of artificial
intelligences on the future of the human race. It would no longer be science fiction, but just science.
As part of this work, we have carried out a new trajectory planning technique based on artificial

intelligence networks neurons.

In recent years, roboticists have become increasingly interested in the subject of
autonomous navigation of mobile robots in natural environments. They hope to steadily raise the
degree of autonomy of their robots until they approach complete autonomy and are capable of long

missions.

Fully autonomous mobile robot mobility in dynamic situations is still a tough subject to
tackle. It necessitates the development of functions that allow the perception, decision, and action
cycle to be completed. To be able to deal with a wide range of scenarios that the robot may

encounter while navigating.

In a general way, by this study we highlighted the interest of the intelligent system not only
for the autonomous control of mobile robot, we used the MATLAB. The implementation of

artificial neural networks shows that the goal has been achieved by avoiding obstacles.

Several perspectives are possible following our work. So, it would be interesting to
introduce "dynamics” into our study of autonomous navigation, taking into account mobile

obstacles, which will raise particularly delicate problems.

This will allow us to detect a greater number and variety of obstacles, avoiding any

navigational disruption caused by an unanticipated change in the surroundings.
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