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1. INTRODUCTION

1.1 PRELUDE

Nowadays, robots are playing a significant role in all aspects of human life [1-3] because of
the human tendency to fulfil his needs with low cost, high quality, and fast production rates,
which may be difficult just by workers as well as these robots is preferred especially in some
difficult working environments, which should undergo for a severe risk assessment [4-6]. The
vehicle industry and other automotive engineering are a perfect area being robotized for the
reasons mentioned above. Axiomatically robot’s specifications depend on their applications
that differ from one purpose to another, like assembly robots [7,8] which are carried out with
heavy parts, or PCB manipulators, which need to carry dynamic loads; of course, both
previous examples require precise motion. There are many types of industrial robots, and it is
used according to the purpose and desired duty [9,10]. The most common type of robot is
serial robot manipulators, which are a series of rigid bodies, called links, joined together by
means of joints [11], see Figure 2.1. It is economically undesirable to design all the robot
manipulators for the same criterion in manufacturing lines of the vehicle industry because the
robot’s joints and links are subject to different loads in different production lines. It is clear
that robot manipulators in assembly lines suffer from more stresses than those in the painting
or welding lines. Therefore, there is a need to optimize manipulators links and joints to reach
optimum design [12,13]. Another fact should be considered about using robot manipulators in
the industry is that the working area or the configuration space of the manipulators may
contain static or dynamic obstacles, which leads us to supply the robots with path or tragjectory
planning. These paths might be a predefined set of points [14] in the Cartesian space in a
static environment, or paths continuously change due to the dynamic environment [15]. Still,
in both cases, these sets of points should transform from a configuration space to ajoint space
employing inverse kinematics [16].

1.2 The objective of the study

Due to the importance of optimization algorithms and their wide applications, they could be
possible solvers for robotic problems. Also, artificial neural networks were used widely to
solve the inverse kinematics of robots, but there is no comparison study about which learning
algorithm is the best for inverse problems. Consequently, we summarize the objective of the
study asfollows:

1- Developing a generic objective function that an optimization algorithm can minimize to
find the inverse kinematic solution for any type of robot manipulator with any degree of
freedom.
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2- Perform a comparison study to find which learning algorithm of neural networks that can
be the best choice for inverse kinematic problems.

3- Develop a new educational robotic platform with a unique virtual reality environment and
use 3D printing technology to design and implement a new robot arm.

2. GEOMETRIC DESIGN OF THE ROBOT

Six degrees of freedom robot arm was chosen to be designed in this work and containing extra
movement for the gripping in the end-effector. The geometric design was fired at first with a
product similar to one toy robot existing in the markets, shown on the left of Figure 2.1. On
the right of Figure 2.1, there is a modified and larger version of the robot. Both of them were
made using a 2 mm thickness of the aluminium sheet. The design was created by CAD file
shown in Figure 2.2 and sent to a local company to cut the parts out of a 2 mm aluminium
sheet using laser cutter CNC. There are some limitations to this generation; first, the finishing
surface is not perfect, and it is easy to scratch the surface accidentally during the assembly of
the parts. The laser cutter CNC is expensive, and for each modification on the design, we
have to go to the company to cut new parts. This is a tedious process, and even more, only
perpendicular sections can be made to form the links of the robot. For example, it is
impossible to make a shaft, which isa significant limitation.

3D printing was the next option to manufacture a new generation of the 6DOF robot arm; this
process is definitely easy; al that is needed is a 3D printer and filament to start a small
factory. There are many filaments with different sets of mechanical properties that make them
proper for a wide range of applications. The primary consideration in thiswork is to release a
robot platform with less as much cost as possible.

Figure 2.1 Aluminium gener ations of the 6DOF arm
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Figure 2.2 Geometric design of the parts of the Aluminium robot arm

The low price was the reason behind choosing PLA and ABS filaments for producing the next
generation of the 6DOF arm, as shown in Figure 2.3. PLA is an environment-friendly
polymer but has a low thermal resistance, and this is dangerous if, for some reason, the
motors get hot during work. ABS has a better thermal resistance and low mechanical strength.
The combination of the two materials looked good to print some parts from ABS and other
parts from PLA. However, both of them are generally brittle and prone to failure. PLA is easy
to print, but it has undesired surface finishing.

On the other hand, ABS has excellent surface finishing, but it is very hard to print. For this
reason, and after employing predefined information on the filament, PETG filament had been
chosen to print the next and final generation in this study. Figure 2.4 reveals the final version
of the 6 DOF robot manipulator that is used in the proposed educational platform.

Figure2.3 3D printed generation using PLA and ABS filament.
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Figure2.4 3D printed generation using PETG filament.

PETG is quite strong, has good thermal resistance, good surface finishing, and is easy to be
printed with a nozzle temperature of about 250 C° and bed temperature about 70 C°. This
study is for a mechatronic system; rough estimations were adopted because it is out of the
scope to study the thermal and strength properties of the used materials. This point could be
perfect as a future work for mechanical engineering or material science researchers. There are
filaments with super properties like polycarbonate PC and other types that contain
nanomaterials in their composition. These filaments had not been employed because of their
high prices, considering a low-cost robot in this work.

Another point is that the 3D printing process is slow, not suitable for consumer products, but
it is perfect for producing robots. Usually, producer robots that are intended for polishing,
grinding, assembling, and painting have low demands on markets. However, one small 3D
printer can produce up to four educational robotic arms per day or around 120 pieces per
month, which is acceptable for small projects.

3. GENERIC OBJECTIVE FUNCTION

While forward kinematics detects the position and orientation of the end effector from the
given set of joint variables, inverse kinematics is the inverse operation. Still, it is more
complicated than forward kinematics. The relation between forward and inverse kinematics
can be expressed by equation 3.1.
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There are many approaches mentioned in other books to deal with this problem, like closed-
form and a geometric one. These methods are robot-dependent and differ from one
manipulator to another. One can find the solution for the 6DOF manipulator, but hardly or
cannot find a theoretical solution for another SDOF. This section will focus on the solution
from the viewpoint of metaheuristics to develop a functional relationship for any robot
manipulator. From the perspective of optimization algorithms [17], consider Figure 3.1; for a
specific robot configuration, the current position vector of the end-effector can be represented
by the distance from the base of the end-effector of the manipulator while the desired position
vector represents the task point. Obviously, if the difference between these two vectors is
zero, then the tooltip will be in the right position at the task point, and this is the objective

function f of the inverse problem

f=|Ci- D (32)

Where Ci denotes the instantaneous position vector, and De is the desired position vector. In
other words, the equation (3.4) is the function that has to be minimized as much as possible,

and it isjust the distance between the end-effector and task point.

f =y - %)2+ (Vo - ¥)?+ (2o - 2) +(Ry - R) (33)

Where t refers to the task point coordinates given for inverse Kinematic problem, R, is the
rotation matrix of the iterative solution provided by the optimization algorithm, andr, is the

desired or given rotation matrix of the end-effector.
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Obiective

Task vector

Figure 3.1 Representation of the objective function for inver se Kinematic problem

If the first term of the equation (3.3) has been used aone as an objective function, we may get
the end-effector in the task point but with many choices of orientations. Figure 3.2 reveals an
example of two orientation options for the same task point, and manipulators with a high

degree of freedom have even an infinite number of orientations.
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Figure 3.2 Different orientationsfor the same position

Once again, the inverse Kinematic solution obtained from optimization algorithms needs time
measured in minutes (at least one or half a minute). This is inconvenient if we need a quick
response in part of a second. The inverse kinematic problem here is a minimization problem
where equation 3.3 should be driven to zero. The best performance was found by using
particle swarm optimization. However, it is not global since PSO can’t return a solution with
a cost function value less than 59 even with a high number of iteration and populations. In
other words, PSO, like other metaheuristics, falls into local minima and can’t escape from that
to the global point in the search space. However, the provided solution by PSO is reliable and
acceptable, but the big difference will be on orientation value. For each independent run, PSO
will return a similar position vector and totally different configuration or, say, different
orientation, see Figure 3.3. We can accept falling in local minima and choose the proper

configuration for a point in space by setting constraints during the iterative process of the
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PSO. However, it is worth considering that the developed objective function in this section
can solve the inverse kinematics of any type of serial robot arm with any degree of freedom.

Figure 3.3 Different configurationsfor each independent run for the PSO algorithm

4. ANN FOR INVERSE KINEMATICS

In this section, we will focus on the solution from the viewpoint of neural networks to
develop a functional relationship for any robot manipulator. While forward equations are a
straightforward process, we will rely on these equations to establish the set of training data for
the inverse problem. From forward Kinematic equations, a data set of 2000 input/output
training data is generated to learn the proposed topology of neural networks how to solve the
inverse position problem of the robot using information out of the training data. Figure 4.1
reveals the topology of the artificial neural network used in this study, where it has 12 inputs,
one hidden layer, and three outputs. The input layer is the element of the homogeneous
transformation matrix that relates the end-effector to the base frame. In this section, we have
used one hidden layer with several neurons n=10 and n=100. The output layer consists of

three neurons that represent the three joint angles of the robot arm.

4.1 RESULTSAND DISCUSSION

Three learning algorithms are available for MATLAB neura network toolbox, and we have
employed them and compared the obtained results in cases of n=10 and n=100. The proposed
neural network has been learned using three learning algorithms, Levenberg-Marquardt
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algorithm LM, Bayesian Regularization algorithm BR, and Scaled Conjugate Gradient
algorithm SCG.

n=10, 100
Figure4.1 ANN architecture of RRR robot manipulator

Each of these algorithms has its own advantage and disadvantage that should be explained in
this study. Figure 4. to Figure shows the performance of Levenberg-Marquardt, Bayesian
Regularization, and Scaled Conjugate Gradient, respectively, on the learning process in the
case of several neurons equal to 10. The Levenberg-Marquardt algorithm needs less time than
Bayesian Regularization and more time than Scaled Conjugate Gradient, but it needs more
memory. Also, LM is more accurate than SCG and less accurate than BR. By repeating the
same comparison in the case of n=100, see Figure to Figure 4.13, it is easy to configure the
huge reduction in mean square error during the test compare with the case when n=10. A data
set of 2000 itemsis used for the learning process where 70% of the items are used for training
while 30% have been used for the test. Axiomatically, an increasing number of neuronsin the
hidden layer can lead to the best results with less error. Still, here we have to evaluate the
performance of the three learning algorithms. Table 4.1 reveals the elapsed time to learn the
network how to solve inverse kinematics of the robot where BR needs more time than LM
while SCG has taken a very short time. Back to Figure to Figure, increasing the number of
neurons to 100 has led to a dramatic drop in mean square error MSE in the case of LM and
BR learning algorithms. However, the SCG algorithm still cannot learn the network solving

inverse Kinematic.
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Best Validation Performance is 482744 at epoch 182
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Figure4.2 Mean squareerror for Levenberg-Marquardt algorithm with n=10
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Figure 4.3 Regression of L evenberg-Marquardt algorithm with n=10
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Figure4.4 Mean squareerror for Bayesian Regularization algorithm with n=10
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Figure4.6 Mean squareerror for Scaled Conjugate Gradient algorithm with n=10

Training: R=008171

3 1w .
=] =
+ 100 +
1w H
L ]
I L7
S =
o 50 =
i 0o n
1 i
s -100 1] 100 5
Target Target

" Tast: R=0.97624 - All: R=0.9E09
2 | S

2 Dwia Q0 Dmts
* — it Fowel |
E TeT 5 50 ¢ ¥=T
m 2
5 £ =
& =
a e S0
. e
i E o
8 8

00 o 100 130 o 100

Target Target

Figure4.7 Regression of the Scaled Conjugate Gradient algorithm with n=10
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Figure4.8 Mean squareerror for Levenberg-Marquardt algorithm with n=100.
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Figure4.9 Regression of the Levenberg-Marquardt algorithm with n=100
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Figure4.10 Mean square error for Bayesian Regularization algorithm with n=100.
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Figure4.11 Regression of the Bayesian Regularization algorithm with n=100
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Figure 4.13 Regression of the Scaled Conjugate Gradient algorithm with n=100

Figure to Figure show the weak performance of the SCG agorithm on this kind of nonlinear
problem. Table 4.1 shows the time consumption by the three algorithms while Table 4.2
demonstrates M SE induced by using the three mentioned learning algorithms on the proposed

problem.
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Table4.1 Time consuming of Levenberg-Marquardt, Bayesian Regularization, and
Scaled Conjugate Gradient learning algorithms

learning algorithm time (sec)
n=10 n=100
Levenberg-Marquardt 4 171
Bayesian Regularization 8 1840
Scaled Conjugate Gradient 0.01 1

Table4.2 Mean squareerror of using Levenberg-Marquardt, Bayesian Regularization,
and Scaled Conjugate Gradient learning algorithms

learning algorithm Mean sguare error MSE
n=10 n=100
Levenberg-Marquardt 48.2744 5.7294
Bayesian Regularization 42.3099 2.6346E-06
Scaled Conjugate Gradient 260.4056 195.1757

A neural network is a powerful tool for nonlinear problems like inverse kinematic problems.
The neural network represents a function between inputs and outputs represented by
distributed weights on connections among neurons. In this section, we have studied the effect
of using three different learning algorithms, namely, Levenberg-Marquardt agorithm,
Bayesian Regularization algorithm, and Scaled Conjugate Gradient algorithm, to learn a
neural network how to solve inverse Kinematic of a three revolute joints robot manipulator.
The topology of the network consists of one input layer with twelve neurons, one hidden layer
with a number of neurons n=10, 100, and one output layer with three neurons. The twelve
neurons in the input layer represent the given element of the homogeneous transformation
matrix, while the three neurons in the output layer represent the desired joint angles of the
robot. During the study, we found that the Scaled Conjugate Gradient learning algorithm was
unable to learn the proposed problem’s network, even with a high number of neurons in the
hidden layer. Bayesian Regularization learning algorithm returned the best results, but with
elapsed time greater than what is required for the Levenberg-Marquardt a gorithm.

5. EDUCATIONAL ROBOTIC PLATFORM

Figure 5.1 illustrates the educational robotic platform with a 3D printed arm and Unity 3D-
based host application. It consists of 6 DOF robot manipulators with gripping ability, a
microcontroller device as the hardware of the robot controller, and a host application fixed on
aPC.

15
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Figure 5.1 Improved educational robotic platform
5.1 THE CONTROLLER

The host application sends discrete data in ranges of the servo motors, which is [0,180]. In
other meaning, servo motors move physically, between 0 and 180, but for mathematical
purposes, we considered the range [-90,90] as an input by the final user. The above-
mentioned mapping occurs on the host side before sending to the target device, as shown in

Figure 5.2.

Angular displacements
ranges: [-90,90]

Mapping

Angular displs ts
ngtial dispacements To the serial bus
ranges: [0,180]

Figure 5.2 Mapping mathematical to actual ranges of the servos

On the other side, the target device, which is STM32 microcontroller, is simultaneously
controlling six servo motors by sending frequent pluses on their control line.as revealed in
Figure 5.3. According to the clock configuration of the microcontroller, the minimum servo
position occurs at 1 ms, which is equivalent to 500 on the timer capture/compare register. The
maximum servo position for this type of motor occurs by setting the duty cycle of 2 ms,
which corresponds to 2400 on the capture/compare register of the timers. In other words, the
range of motion of the motors on the target device is[500, 2400].

Thus, anovel equation is developed in this study to map the range of motion from [0°,180°] to
[500,2400] as follows:

16
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D =500+ dlis=20 (5.1)
15

Where D is the angular displacement of the motor on the range [500,2400] while this is the
displacement on [0,180], the error percentage is very low using equation (5.1). For example,
180° can be transformed to 2420 while it should be 2400.

5.2HOST APPLICATION

Unity 3D and C# .NET 2019 were used to develop the host application that controls the robot.
Figure 5.4 reveals the host application that has to control the physical robot on the real-world
side, where it explains the forward kinematic section. The application uses the forward
kinematic equations to return the position and orientation of the end-effector relative to the

base of the robot.
Servo motors

Figure 5.3 Data serialization from the host application to motors

Everything in this application was built from scratch without any tools only by using C#
libraries and Unity 3D game engine. It is worth saying that Unity 3D is originally founded for
video games developments. Thus, our application is a kind of game environment with a
connection to the real world viaa serial bus to a microcontroller that controls a group of servo
motors. In other words, the proposed robotic platform is a virtual reality application
synchronizing avirtual environment on a computer with real-world equipment.

Figure 5.4 illustrates the forward kinematic application on the proposed system.

17
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Figure 5.4 Host application written using Unity 3D and C# .NET

Figure 5.5 shows the inverse kinematic section in the application where the inputs are the
position and orientation of the end-effector. At the same time, the outputs are a set of joint
angular displacements. Particle swarm optimization takes the inputs and, after several trials,
returns the outputs, and the mechanism is described in section 3. The application can record

different motions, save them, and reload them again in different sessions.

Figure 5.5 Inver se kinematic section

18
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6. NEW SCIENTIFIC RESULTS- THESES

T1.Building arobust controller for the robot manipulator to control its movements and
configurations. The unique controller consists of two distinguished subsystems, one
of the host and another on the target device. The first subsystem, which lies on the
host machine, takes user commands as inputs and gives digital values for the joint
angles of the virtual model as outputs. The second subsystem, which lies on the
microcontroller device, takes the digital values of the joint angles of the virtua
model as inputs and gives electrical signals (PWM’s) as outputs to the
corresponding servo motors. Serial communications via USART play the role of a
bridge between the two systems. In this work, the advantages of the ARM-based
microcontroller STM32F407 discovery are used by setting six different timer
channels; each one corresponds to a servo motor. Creating and Developing a virtual
reality application using a game engine and C#NET framework to handle user
commands through a graphical user interface. Game engines are widely used to
develop video games, and this work has been employed them to build a simulation
environment for the robot. This application takes the user commands as inputs and
sends the outputs to the microcontroller over a bridge of serial communications.
The advantage of this application isthat it offers a visualized interface to the user to
see and decide where to move the robot within a constrained workspace with
obstacles. This application is perfect for remote-controlling in a predefined
workspace that can be dangerous or poisonous. Users can only dea with a virtual

work areathat is similar to the real one and control the manipulator remotely.

T2.Developing a new artificial neural network to solve the inverse kinematic problem
of the robot. ANN consists of a single layer with 100 neurons is developed to take
the Cartesian position of the end-effector of the robot as input and return the
corresponding joint angles as outputs. This technique provides the controller with
the ability to give the robot a rapid response with an acceptable error in positioning
the end-effector.

T3.Developing generic objective function that can be used to solve the inverse

kinematic problem using optimization algorithms. There are a variety of meeting

19
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heuristics with different specifications and abilities to solve optimization problems.
In this work, a general-purpose objective function is developed to be optimized by
any metaheuristic or heuristic algorithm. The optimization problem is minimizing
the error in positioning the end-effector by setting appropriate or optimal joint
angles for the manipulator. The developed objective function is differentiable, and
the global value is known as zero. Thus, we have found that classical optimizers
like hill-climbing are better than other met heuristics algorithms to find optimal
joint angles related to a known end-effector position. The inverse kinematic
problem in robotics is very complicated and tedious; some robots with 7 DOF or
more impossible to find inverse solutions for them using traditional and analytical
methods. By developing this objective function, the solution for the inverse
kinematic problem becomes very easy and straightforward, even for those robots
with a high degree of freedom. However, the optimization method is more time-
consuming and accurate than using ANN. Thus, an optimization method was added

to the controller in case of slow motion, and precise movements were required.
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