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ESCUELA POLITÉCNICA SUPERIOR

Evaluation of artificial neural network method

applied to probe diagnostics in plasma

Bachelor in Aerospace Engineering

Author

David Villegas Prados

Supervisor

Xin Chen

Leganés, July 2018





i

Abstract

Plasma diagnostics consist on predicting the plasma parameter by measuring their properties.

Models to predict these parameters are based on theoretical equations, which sometimes are

complicated and tedious to solve. This thesis aims to evaluate a new method to obtain these

plasma parameters using a branch of artificial intelligence, the Artificial Neural Network.

To develop this thesis, the software MATLAB was used to create the neural network. Two theories

were tested: Planar Langmuir Probe and Orbital Motion Limited. And two problems were solved:

forward problem to obtain the properties from the parameters and the inverse problem to obtain

the parameters from the properties. The later approach is used to evaluate the parameters obtained

by network with experimental data from laboratory measurements.

Artificial Neural Network was implemented successfully in both forward and inverse problems

with incredible accuracy. The results obtained have created a theoretical framework for plasma

diagnostic using neural networks and it has been concluded that they can work with any theory

presented, as long as as proper database is obtained. Regarding the simulation with experimental

data, the results were not good respect the measurements taken. Although the network performed

well, the database used for training and simulation had discrepancies from realistic data since it was

obtained from equations. Sources of error of this last problem are found and different approaches

and work to be developed in the future are proposed.
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Chapter 1

Introduction

1.1 Plasma

Plasma is known as the “Fourth state of matter”. Although most people are not familiarized with

it, plasma is more present that one might think. It is often said that 99.99% of the universe is

composed by plasma [5]. This refer to the matter that we actually know, since other types of

matter such as dark matter has not been observed and are believed to occupy the majority of

the universe. Although this statement may be inexact, it is a representation of an idea: Plasma

is everywhere in the universe and in enormous quantities. Any star in the universe, nebulae,

intergalactic medium or solar winds are composed practically of plasma. These different form of

plasma cannot be observed frequently in daily life, but natural plasma can be actually observed

occasionally in meteorological phenomena such as Aurora Borealis or lightnings.

But, what is plasma? Plasma is essentially an ionized gas. Ionization is a process by which a

molecule is subjected to the removal or addition of electrons leading to electrically charged atoms

and free electrons [22]. In contrast to gas molecules, plasma is electrically charge which will make

plasma respond to electromagnetic forces. Moreover, plasma has free electrons, so it has a current

flow which renders it also electrically conductive. The degree of ionization of the plasma can be

different. For example, the Sun nucleus is made of dense fully ionized plasma due to its high

temperature, while nebulae are low-density clouds formed of partially ionized plasma.

However, not all ionize gas can be considered as plasma, plasma shows two distinctive properties.

One of them is quasi-neutrality, evaluating plasma as a whole is neutral enough so that electron

and ion densities are practically equal, ni ≈ ne ≈ n∞, but not so neutral that all electromagnetic

forces vanish [5]. A distinction for large scales was made since deviations from charge neutrality

can be developed in shorter scales. The characteristic parameter that evaluates this concept is the

Debye length λD. The Debye length can be defined as the distance over which significant charge

separations (and electric fields) can occur in plasma [10]. Therefore, in order for a ionized to be

consider as plasma λD << L, where L represent the dimensions of the system.

The other property is that plasma exhibits collective behavior, which means that a plasma particle
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does not only respond to a stimulus by itself, but also as an interdependent response from many

particles [35]. To understand this concept, imagine a group of students in a daily routine. They

arrive to class, they seat themselves, listen to the lecture, take notes and finally leave the lecture.

If suddenly a fire takes places (stimulus), some students will get nervous, running around and

disrupting the behavior of other students. The start of the fire was the trigger for some student

to react. Nevertheless it did not affect only one student, but all of them at the same time.

The body language, screams and nervousness are the forms of communication between student

behaviors which stimulates other students to act the same way. Returning to plasma, this form

of communication correspond to long-range electromagnetic forces. When a particle is exposed

to a stimulus, say an electric field, the particles exert a force on other particles even at large

distance, which in turn exert a force to the other particles and so on, as a cascade effect. Because

of collective behavior, plasma is often said to behave as if it had a mind of its own [5].

So the question now is how to produce plasma and how can it be implemented to create new

technologies. Ionization can be obtained by heating the gas up to really high temperatures, but

this is neither a practical nor efficient method. Typically, the means of plasma formation result

in providing energy to free electrons. The application of energy will result in the excitation of

electrons from low energy level to high level, colliding with other electrons and freeing them.

This cascade process will continue during ionization [11]. Different means to free electrons are for

example photo-ionization (bombardment of a gas with photons), shining radio wave (excitation of

plasma by radio frequency waves) or applying an electric field to excite the electrons and produce

collision cascades.

As it was seen how plasma can be defined and produced, the interest of plasma production comes

from the different applications in which plasma can be used.

� One of the most common applications and something everyone is familiar is the lightning of

neon lights. The working principle can be explained in a simple way: A capsule is equipped

with electrodes at the edges and the inert gas. A sufficient large voltage is applied to ensure

a high electric field that will excite the electrons of the gas, freeing them from their orbit.

As the electrons in excited states drop to a lower energy level, photons are released. These

photons are the caused of the light.

� Another usual application is for fluorescent lamps. Their functioning is a bit different from

neon light. The arc tube (lamp) contains a cathode, an anode and the inert gas (typically

argon). Electron current is created in the cathode by means of applying thermionic emissions

from tungsten filaments. The current will ionize the gas filled with mercury vapor and inert

gas. The ionization of mercury will create UV light. This light is not observable to the

human eye, so phosphors are used. When the UV light strikes them, they will convert the

UV light to visible light. [4]

� Chemical reactive plasma discharges are widely used to modify surface properties of mate-

rials, this application is known as plasma processing. This technology is vital for industries

such as aerospace, automotive or bio-medical. Materials and surface structures can be mod-

ified in unique ways, not attainable by other commercial method. One of this process is

plasma etching. This process is used for removing material from surfaces. A chemically se-

lective process which allows to remove one type of material while laving the other materials
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unaffected. [27]

� Moreover, plasma have been long studied in reactors of nuclear fusion. These reactors could

be the source of electric power in the future, replacing the current fission reactors. Radiation

and pollution from fission are a severe issue nowadays, which embraces the importance of the

development of fusion reactors. The main advantages of nuclear fusion are that it provides

clean and safe energy as well as much less nuclear waste.

� In the field of aerodynamics, recent studies have been developed regarding the improvement

in the aerodynamic performance. The idea is to used dielectric-barrier-discharge (DBD)

plasma actuators. All-electric actuators are ideal for active control of flow over aerody-

namic bodies. DBD plasma actuators are attached to the aerodynamic body and produce

a glow discharge plasma that can be used for applications involving separation control, lift

enhancement, drag reduction or flight control without moving surfaces. [8, 42]

� Finally, one of the relevant application of plasma is found in the electric propulsion. Plasma

is present in the three categories of electric propulsion: electrothermal, in arcjets an arc

discharge is provoked to ionize and heat the gas; electrostatic, gas is broken down into ions

and electrons and ions are accelerated via an electric field; and electromagnetic, where plasma

is accelerated with both electric and magnetic fields [23]. In electric propulsion the input

power does not come from a energy-limited exothermic reaction, like in chemical propulsion,

but from a external electric power source. Then, electric propulsion is not energy-limited,

but power-limited. The low thrust capabilities and the need of a power source are the major

limitations for electric propulsion, it cannot be used under the effect of strong gravitational

fields or rapid maneuvers. That is why it is typically used in space missions, such as satellite

station keeping, orbital manouver, altittude control and inter-planetary missions. [30]

1.2 Plasma diagnostics

Plasma is being used for many applications and currently new technologies are seeking new modes

to implement this state of matter. Depending upon the utilization, plasma will present different

characteristics. So it seems of extreme importance to be able to recognize the characteristics of

plasma to comprehend its behavior. Understanding this phenomena and being able to interpret

it correctly will allow to accomplish the objective of the application. For this purpose, plasma

diagnostics is vital for any plasma study.

Plasma diagnostic is referred to the techniques implemented to diagnose the plasma parameters

by measuring different properties. The objective of plasma diagnostics is to deduce information

about the state of the plasma from physical processes. The different parameters than can be

diagnose are density, temperature, pressure or velocity distribution.

Measuring this parameters directly is not easy. Therefore, advantange is taken from the plasma

properties, from which physical model are created. Depending on the property measured, different

parameters can be diagnosed. The typical properties measured are the[21]:

– Magnetic measurements, sensing magnetic field.
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– Plasma particle flux, for instance, current to electrode.

– Refractive index of electromagnetic waves.

– Emission of EM waves by free electrons, for example, cyclotron emission.

– Line radiation from bound electrons of atoms and ions.

– EM wave scattering, radiation scattered by plasma particles.

– Neutral atoms.

– Ions and reactions.

As it can be perceived, plasma present properties that are quite different from the usual states of

matter. For that reason, understanding these physical processes involved is rather a complicated

task that requires a chain of deduction. Therefore, the knowledge of plasma physics plays an

elemental role in the comprehension of plasma diagnostics [21]. Generally, plasma diagnostics need

a modeling process to retrieve and interpret the results since there is no analytic solution. These

modelings are based in plasma physics and involve complex and tedious mathematical analysis.

Even with data, the interpretation of the measured properties is rather complicated. Commonly,

the parameters to be found are not linear to those obtain from the practice of diagnostics, equations

are coupled and the numerical realization of these models is long and laborious.

In this thesis, the diagnostic tool to evaluate the plasma properties will be the Langmuir probe. It

was invented in 1926 by Irving Langmuir, an American scientist known because of his work in the

fields of engineering, physics and chemistry. He was awarded with the Nobel Price in Chemistry

in 1932. One of his principal lines of study was related to plasma studies.

Langmuir probes are powerful tools due to their simple construction and relatively easy operation

principle. The basic operation of the Langmuir probe consist of a conducting wire. By varying its

bias with respect to plasma potential, it emits or collects electrons from the plasma, resulting in a

current. These current measurements are analyzed to obtain the current law, from where plasma

parameters will be found.

1.3 Artificial Neural Network

The third main branch of this thesis is the Artificial Neural Network (ANN). As it was stated, the

results obtained from the practice of plasma diagnostic are highly nonlinear and the implemen-

tation of mathematical algorithm is needed. Instead of using tedious iterative procedures, ANN

will serve as a much faster tool for the analysis of data and noise will be better managed.

ANNs are inspired in the way the human brain performs a task and tries to model its behavior

in the form of algorithm [17]. This modeling technique is special; neural networks are not pro-

grammed to do a particular task, but they are trained for it [3]. It means that when performing

one task, the computer program improves its performance as it learns from experience [32].

This concept can be understood with an example of the checkers game, as demonstrated by Arthur

Samuel in 1959. Arthur developed a checkers program and he made it play against itself thousand
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and thousands of times. By the gain of this experience, the program learned which were good and

bad positions on the table, improving its performance each time. Eventually, the program was

able to beat Arthur Samuel, although it had not played against him [44].

ANNs attempts to imitate the learning activities of biological neural networks in a simpler manner

[37]. Therefore, a good understanding of their behavior will provide easier explanation when

explaining its principles.

1.3.1 Biological background

The brain consists of an immense number of interconnected elements, named neurons. The main

three components of the neuron are the cell body, the axon and the dendrites.

Figure 1.1: Schematic representation of two biological neurons

The cell body is the central part of the neuron. It controls and regulates the neuron functions. It

receives information from the dendrites and transmits information through the axon. The point

of junction between an axon and a dendrite is called a synapse. The synapse permits a neuron to

pass information to another neuron via electrical signal. [2]

One neuron may have tens of thousands of synaptic connections with other neurons [41]. In this

connections is where memory is stored. When learning to do some some task, neurons are activated

and complex chemical processes strengthen the connection between neurons. This strength results
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in information storage that will generate the memory. The more times the task is repeated, the

stronger these connections will be, resulting in the automation of the task.

Depending on the task to be achieve, the strengths of these individual synapses along the neural

network will be different [14]. This does not mean that for each different activity a new complete

structure must to be formed. The neural network has a great plasticity, meaning that it works in

such a way that past knowledge is used to learn and modify the strengths to gain other knowledge.

1.3.2 Analogy to Artificial Neural Networks
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a4

w
1

w2

w3

w4

OutputNeural
cell

a1

a2

wKaK

w2

w1

Inputs
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Bias
b

∑
σ o

Figure 1.2: Analogy of biological neural network to artificial neural network.

An analogy to biological neural networks is shown in Figure 1.2. The inputs reflect the information

coming from the axons to the dendrites. The weights resemble the synaptic strength, where
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information is intrinsically stored. The neural cell is where information is processed. In ANN, this

processing consist in simple calculation such as sums and multiplications. Information arrives to

the neural cell, it is modified and the new information is passed to other neural cells [17]. The

information is stored in the form of weight and biases. The output of one cell will be the input of

another, this represents the information transmitted from neuron to neuron through the axons.

The simplified model of Figure 1.2 represents the working principle of one single neuron, called a

perceptron. In a complete neural network, a neuron receives information from many neuron and

transmits information to many others. This sharing process will convert the initial information

into useful outputs.

However, this process is not achieved out of nothing. If data is presented to the network and no

instructions are given, the network will behave as it pleases and with no objective. The network

needs to know what is its function and how to accomplish the desire task.

This learning process is achieved by training the network. Analogically to biological network,

ANN will modify the inter-neuron connections strengths (synaptic weights) to acquire knowledge.

The weights among the network are changed so that error is minimized. The procedure to obtain

this knowledge is known as training, and mathematically it is achieved with the learning algorithm

[17].

The advantage of using neural networks over conventional algorithms lies in two main aspects.

The first one is the simplicity. ANN uses simple computational operations. It converts succesfully

a complex problem into a set of linear equations easy to solve. The other aspect is its high

parallelism. In conventional algorithms if one transistor fails, the whole system fails. However,

ANN has a great insensitivity to damage of few cells [13]. ANN is also able to adapt to new

environments learning from previous experiences. Moreover, due to this over-determined system,

neural networks are much less sensitive to noise [17]. Artificial Neural Network is used in many

fields with multitude of applications. Among others these can be:

Field Applications

Aerospace
Performance aircraft autopilote, flight path

simulation and aircraft control systems

Defense
Target tracking, facial recognition, radar and

image signal processing and noise suppression

Financial
Loan adviser, mortgage screening, portfolio

trading program and price prediction

Manufacturing
Manufacturing process control, visual quality

systems and machine maintenance analysis

Medical
Cancer cell analysis, optimization of transplant

times, probability of a patient with a disease

Telecommunications
Real-time translation of spoken language,

customer payment and data compression

Speech
Speech recognition, vowel classification

and text to speech synthesis.

Table 1.1: Applications of ANN in different fields [14]
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1.4 Objectives

Plasma diagnostics has different approaches for predicting the values of plasma parameters. They

are based on theoretical models developed under different assumptions. The practice of plasma

diagnostic is a complicated procedure that requires difficult chains of deduction. The objective

of this thesis is to evaluate a new method for predicting plasma parameters, the Artificial Neural

Network.

The mathematical software MATLAB will be used for the application. The goal is to establish a

framework based on theoretical models of plasma diagnostics and used that framework to apply

it to experimental databases.

Two theories will be implemented: Planar Langmuir Probe and Orbital-Motion-Limited. First,

the ANN will be evaluated to obtain the measured property (current) from a set of parameters.

This will serve as a tool to understand ANN, its performance, behavior and to find the necessary

tools for its correct functioning. It will also help to build the ANN structure to optimize its

efficiency and performance.

Once this basis has been cleared, the goal is to identify the plasma parameters from the properties.

This is a complicated process since the number of inputs is fewer than number of outputs. The

difficulties should be identified for this inverse problem and different ways to solve it, since the

inverse problem represents the true activity of plasma diagnostics.

The OML theory represents a more realistic model and once the ANN has been trained with the

theoretical background it will be evaluated with experimental data. The main objective of this

thesis is establishing the basis and working towards the experimental frame, evaluating how it

performs along the way until it can be implemented with laboratory measurements. The network

should be able to predict perfectly the plasma parameters when the measured current law is given.

In case of discrepancies and error in the experimental application, the sources of error as well as

modifications to improve the performance should be determined. A special emphasis is done in

the analysis of the experimental results. Due to the inability to obtain perfect values of the plasma

parameter, it is difficult to estimate the error made with the neural network, since it does not have

a concrete value to compare. Then, the results will be compared against the theory, completing

an evaluation of the neural network in plasma diagnostics problems.
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Langmuir Probe Theories

The Langmuir probe (LP) is arguably the simplest way to measure a plasma. Its simple functioning

and set up makes it really attractive. It consists of sticking a wire into the plasma and measure the

current to a varying voltage. The main drawback of the method is that it is an intrusive technique,

which results in an interaction of the plasma with the wire that should be taken into account. The

interpretation of the I-V curves has been studied by many authors in different theoretical paper

due to its complexity [6].

In this chapter, two LP theories will be studied for their later implementation into the neural net-

work. They are: 1) LP planar theory and 2) Orbital Motion Limited Theory. A quick theoretical

background on these theories will be addressed, and the equations on which the ANN data will be

constructed later will be presented. Due to the nature of the LP technique, the effect of immersing

an object into plasma needs to be studied. To understand the operational principle of Langmuir

probe, it requires first to understand the concepts of Debye shielding and sheath.

2.1 Debye shielding and sheath

One of the fundamental characteristic that an ionized gas has to achieve to be considered as plasma

is quasi-neutrality. This is met when λD << L, where λD is the Debye length and measures the

capability of plasma to screen out local electric fields. It can be thought as the shielding distance

or thickness sheath.

To understand this statement, let us consider a basic case as in Figure 2.1: a simple charged

ball is immersed in plasma. If the ball is charged positively, it will attract electrons and if it is

charged negatively it will attract ions. These charged particles will form a cloud around the ball,

the shielding. Plasma outside this cloud is quasi-neutral. Without focusing on the mathematical

derivation of this parameter, its value is given:

λD =

√
ε0kBTe

n∞e−
2 (2.1)
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Figure 2.1: Debye shielding

Where ε0 is the permittivity of the medium, kBTe is the thermal energy, n∞ is the density and

e− is the electron charge. From this equation it can be inferred how the shielding will change on

this parameters. If the density is increased, electrons will be more compact expecting a decrease

on the Debye length. Also, if the thermal energy is increased, as it was explained before, more

particles will have sufficient energy to surpass the potential energy and be able to escape. This

will result in the increase of the shielding thickness.

Now we know that studying plasma as a whole is neutral. Only when looking at very small

volumes this conditions is violated. Nevertheless, the Langmuir probe technique is an intrusive

method and the presence of the probe will disturb the plasma, so the question now is: how will

plasma interact with the probe?

For this purpose, the concept of sheath must be studied. Irving Langmuir was the first person to

introduce the difference between plasma and sheath: “We shall use the name plasma to describe

this region containing balanced charges of ions and electrons [...] These regions of strong field due

to space charge which cover the electrodes will be referred to as sheaths” (Langmuir, 1928) [26]. It

was discover that normally non-neutral regions appeared at the plasma boundaries, these regions

are known as sheaths.
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Vp

Vs

V

P lasma Sheath

Figure 2.2: Illustration of potential drop from plasma potential to bias when Vp < Vs

This region represented in Figure 2.2 is macroscopic, of the order of the Debye length. The sheath

formation will depend upon the potential of the probe. If the bias is at the plasma potential, no

plasma sheath will be formed around the probe. On the other hand, if Vp > Vs sheath will be

electron rich and will expand the collecting area. However when Vp < Vs, electrons are repelled

and a well developed positive space-charge region appears. The area is little affected by the probe

voltage, resulting in almost constant ion current. [20]

2.2 Planar model for Langmuir Probe

In this section it will be discuss the theory on a single Langmuir probe. The probe is introduced into

the plasma and polarize to the probe potential Vp by an external circuit. The plasma parameters

are calculated from the net current to probe Ip, generated when probe potential is varied respect

plasma potential Vs. The current collection to a Langmuir probe is quite simple when some

conditions are met: [28]

1. Planar model: rp >> λD (probe is a plate instead of a wire)

2. Cold ions: Te >> Ti

3. Electrons at or near thermal equilibrium, so that they have Maxwellian velocity distribution

and are non-drifting [19].

4. Collisionless plasma.

5. Electrostatic (dBdt ≈ 0) and non-magnetized (rL,e/rp >> 1).

6. Quasi-neutral: ne ≈ ni

7. Isotropic and homogeneous.

If this conditions are satisfied, the random thermal current passing through an imaginary surface

in the plasma is given by, [28]
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Te = 3eV n∞ = 1016m−3 rp = 2.5mm Ti = 1eV Vs = 25V Vp = [−20, 40]V

Table 2.1: Values used to build I-V curve for planar model represented in Figure 2.3

Ith =
1

4
e−Ap (neve − nivi) (2.2)

where ni and ne the ion and electron densities, Ap is the probe collecting area, and ve and vi are

the electron and ion mean of the magnitude of the velocity respectively,

ve =

√
8kBTe
πme

(2.3)

vi =

√
8kBTi
πmi

(2.4)

Because of assumption 2 and since mi >> me, it can be inferred that the ion thermal current will

be much smaller than electron thermal current. Therefore, it is deduced that Ithe,e >> Ithe,i.

A theoretical I-V curve is built using the parameters of Table 2.1. The theory behind Figure 2.3

will be explained subsequently.
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Figure 2.3: I-V curve representation for Planar LP theory and positive for electron collection
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Taking the current positive when electrons are collected, the I-V curve looks like Figure 2.3. As

expected from ion and electron current, three regions can be thoroughly distinguished. Region A

happens for very negative bias voltages Vp << Vs and represent the ion saturation current (Iis),

electrons are completely repelled and ion current is saturated, meaning that it does not increase

even if Vp is decreased. The region C represents the electron saturation current, when the probe

potential is bigger than the plasma potential, Vp > Vs, ions are nearly completely repelled and

even if Vp increases, electron current will not, since it is saturated.

Region B shows the current when the probe potential is decreased from Vs. The probe begins

to repel electrons and only those electrons with enough initial kinetic energy can overcome the

potential barrier. As Vp is decreased, electron current decreases and ion current increases. The

point where the current drops to zero is known as floating potential (Vf ).

2.2.1 Electron current

For region C the current is known as electron saturation current. This current can be calculated

from Eq. 2.2, noticing that for Vp > Vs, the ion density around the probe will be zero, ni ≈ 0.

Then, electon saturation current is given by, [31]

Ies =
1

4
e−neveAp (2.5)

and assuming the Maxwellian distribution for electrons, the electron current as a function of the

bias can be obtained. Two distinguished zones can be identified for electron collection:

Ie(Vp) =

Ies exp
(
e− (Vp−Vs)

kTe

)
for Vp < Vs

Ies for Vp ≥ Vs
(2.6)

2.2.2 Ion current

In order to calculate the ion saturation current, the effect of a positive sheath must be taken into

account. For very negative bias, Vp << Vs, electron current is negligible and the net current is

only contributed by ion flux, resulting in a positive shielding. Langmuir stated that in order for

this to happen the ions should enter the sheath region with a velocity greater than the ion sound

velocity, vi ≥ vs, where vs represents the ion sound velocity. This fact was formulated later by

Bohm, in the so called Bohm criterion. This condition requires the ions to be accelerated by an

electric field in the plasma, the presheath region [38]. The speed of the ions is called the Bohm

velocity, expressed as: [31]

vB =

√
kbTe
mi

(2.7)
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Bohm velocity is found to be with electron temperature and obviously will be greater than vi. If

ion temperature was to be used, the physical effects would not be explainable. Hence, the ionic

saturation curent is calculated as, [19]

Iis = IBohm = 0.6nie
−Ap

√
kBTe
mi

(2.8)

where the factor 0.6 is due to the reduction in ion density in the presheath [31]. On the other

hand, if the bias is increased respect plasma potential, ions will be repelled and current will tend

to 0. Then, using the Boltzmann relation, the ion current as a function of the bias is given by,

[31]

Ii(Vp) =

−Iis for Vp ≤ Vs

−Iis exp
(
e− (Vs−Vp)

kTi

)
for Vp > Vs

(2.9)

where the minus sign indicates that the convection used is positive for electron collection. In

difference with electron current, the ion current will tend to zero much quicker as it can be

observed in Figure 2.3. Then, for this ideal case it can be argued that the ion current for Vp ≥ Vs
will be zero.

2.2.3 Total currents

The I-V curve is obtained when summing both currents: electron and ion.

It = Ii + Ie (2.10)

The floating potential now can be calculated from previous expressions. Using Eqs. 2.6 and 2.9

[31].

Ii(Vf ) + Ie(Vf ) = 0 (2.11)

Ies exp

(
e−(Vf − V s

kBTe

)
= Iis (2.12)

Vf = Vs +

(
kBTe
e−

)
ln

(
0.6

√
2πme

mi

)
(2.13)

Figure 2.3 confirms that ion current is much smaller than electron current. Going back to Eqs.

2.5 and 2.7, Ies is calculated using the electron thermal velocity and Iis using Bohm velocity, since
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ions are a lot heavier than electrons, the ion velocity will be much smaller, ergo lower saturation

current. Moreover, it can be appreciated how once the bias has been increased over the plasma

potential, the ions are repelled much quicker than electrons, resembling a vertical jump in ion

current, reaffirming the fact that when Vp > Vs, Ii ≈ 0.

For the ideal planar case, the ion and electron currents reach a fixed saturation value due to the

fact that the thickness of the sheath is negligible compare to the radius of the probe, rp >> λD.

Meaning that the influence of the sheath around the probe can be neglected and saturation currents

will hardly depend on the probe bias. If this was not the case and the thickness of the sheath will

increase as bias is increased, and fixed saturations current will not be achieved. [28].

Of course this is a theoretical model, with assumed conditions that in real conditions may not be

met and results will differ from ideal ones. However, this simple model will be useful to understand

and start developing a simple neural network to calculate the plasma parameters.
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2.3 Orbital Motion Limited Theory in cylindrical Langmuir

probe

The Orbital-Motion-Limited (OML) theory was first describe by I. Langmuir and Mott-Smith [33]

as an approach to model the physics of a cylindrical Langmuir probe, contrary to the planar probe

described in Section 2.2.

v∞

rp

E

ar
J

Figure 2.4: Sketch of the trajectory followed by a particle initially laying at infinity and depending

on its angular momentum.

The planar probe model requires a thin sheath. For thick sheath regimes of a cylindrical probe,

rp << λD, the particles attracted to the probe may follow an hyperbolic trajectory around the

probe [24]. Particles approach the probe with energy E at infinity, and due to the accelerating

electric field they will feel an attraction force and try to hit the probe, if the distance of closest

approach ar is lower than rp, the particle will be collected by the probe, and if ar > rp they will

miss it. From energy conservation the following equation can be expressed,

E =
1

2
mα

(
v2
r + v2

θ

)
+ e−|∆V | (2.14)

where α ≡ i for ions and α ≡ e for electrons, and vr and vθ are the radial and azimuthal velocity

respectively. Also, the angular momentum for both particles is defined as:

J? = mαrvθ (2.15)

Then, in Eq. 2.14, the energy can be expressed as a function of three parameters, E = f
(
v2
r , J, |∆V |

)
.
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E =
1

2
mαv

2
r +

J?2

2mαr2
+ e−|∆V | (2.16)

Energy, E, and angular momentum, J?, are conserved so that they are constant. Also, each instant

Vp is constant, meaning that ∆V is also constant. Therefore, the maximum angular momentum

will be found when v2
r ≥ 0.

J?2 = 2mαr
2
(
E − e−|∆V |

)
(2.17)

As the angular momentum increases, the orbit followed by the particle becomes wider, increasing

the probability of missing the probe, as illustrated in Figure 2.4.

The equations describing the current collection in dimensionless form were obtained by [7] taking

advantage of the conservation of the distribution functions, energy, and angular momentum [7].

The dimensionless ion and electron current (iα) are expressed as a function of the error function

(erfcx) and the three dimensionless parameters, ϕp, δi, and µi:

ϕp ≡
e− (Vp − Vs)

kBTe
≡ e∆V

kBTe
δi ≡

Ti

Te
µi ≡

mi

me

iα =
Iα
Ithe

(2.18)

ii =

−
√
δi/µi

[
erfcx

(√
−ϕp/δi)

)
+ 2
√
−ϕp/(πδi)

]
for ϕp < 0

−
√
δi/µi exp(−ϕp/δi) for ϕp > 0

(2.19)

ie =

exp(ϕp) for ϕp < 0

erfcx
(√

ϕp
)

+ 2
√
ϕp/π for ϕp > 0

(2.20)

The total current (It), positive for electron collection, is the sum of both ion and electron current.

The currents are normalized with respect to the electron random thermal current Ithe. It is then

obtained according to Eqs. 2.21 and 2.22, where Lp is the probe length,

Ithe = 2πrpLpe
−n∞

√
kBTe
2πme

(2.21)

it = ie + ii It = itIthe (2.22)
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Figure 2.5: I-V curve representation for OML model (positive for electron collection)
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Figure 2.6: Ion current collection of the I-V curve representation for OML model (positive for

electron collection)

Te = 4eV n∞ = 5 · 1016m−3 rp = 0.127mm Ti = 1eV Lp = 2mm ∆V = [−40, 20]V

Table 2.2: Values used to build I-V curve for OML model represented in Figure 2.5



2.3. Orbital Motion Limited Theory in cylindrical Langmuir probe 19

The I-V curve for the OML model is represented in Figure 2.5 and close-up view of ion current

collection in Figure 2.6. It was calculated using the previous formulas and taking the parameters

shown in Table 2.2, where ∆V = Vp − Vs. In this model, there is no saturation current as in

the planar probe. Since the probe is cylindrical, the sheath radius will increase when the bias

is increased, leading to an expansion in the collecting area, which will result in the increase of

electron current collection. Hence, no matter how much the bias is increased, the current will

increase with it. When bias is decreased respect the plasma potential, the same effect will occur

to the ion collection when bias is decreased as observed in Figure 2.6. It is also shown in [7] that

theoretically, the plasma potential coincides with the inflection point of the I-V curve,

Vs → ∂2It
∂V 2

p

= 0 (2.23)
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Chapter 3

Artificial Neural Network

This chapter aims to provide a theoretical framework on Artificial Neural Networks. ANN has

been learn from scratch, and to understand their principles, assess the performance and understand

the results, a good background is essential. The different components of the network, structures,

working principles and mathematical scheme will be studied.

Artificial neural networks replicate analogously the human brain. The human brain is able to

perform numerous task instantaneously, how much does it take to differentiate a chair from a

table? Or a dog from a cat? It is instantaneously. However, for a computer this is no easy job.

Expressing this type of problem in a mathematical way that the computer is able to understand

would require difficult codes with no generalization for other images. Artificial neural networks

were initially created to solve this kind of problems, but soon they evolved. Problems involving

lots and lots of data cannot be assimilated by the human brain, such as pattern recognition or

classification. The power of the ANNs lies in combining the mathematical power of a computer

with a different way to approach problems inspired in how we learn and use that knowledge to

keep learning.

Figure 3.1: Representation of the architecture of a artificial neural network (Image Credit: Math-

works)
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The simplest form of a neural network is the neuron, known also as neural cell. The neuron can

be thought as a mathematical function, but for simplicity, it is better to think of it as a node that

simply holds a number. The nodes are distributed along the network into three different layers:

input layer, output layer and hidden layer.

The input layer is the first contact with the outside world. This layer contains the neurons

where input data is stored. The input layer will have as many nodes as input variables and no

computation takes place in these nodes, they just pass the information to the hidden layer. On

the other hand, the output layer contain the neurons where the result is shown, as it name

indicates, it represents the output that the network has yielded. It will have as many nodes as

output variables.

All the process happens in the hidden layer. Essentially, its goal is to recognize the relations

between input and output. The inputs are processed in the hidden layer to extract information

from it to predict the output. This process is not ideal and not always works as expected. It will

depend on many different aspects, such as handling and pre-processing of data, architecture of

the network and the complexity of the problem itself.

3.1 Neural network structures

The neural network do not have a predefined structure, it can adopt any desired architecture.

The only condition for an architecture to work as a neural network is that it has an input and

output layer, with the corresponding weights connecting them. This types of network are names

single layer network. The outputs are solely a linear combination of the inputs, so it cannot

treat problems with some kind of non-linearity [36].

Input layer Output layer

Figure 3.2: Sketch of architecture of single layer artificial neural network

When a neural network has at least one hidden layer, it is called multilayer network (or multi-

layer perceptron, MLP). MLP can have any number of hidden layers with any number of neurons
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in each of them. Hidden neurons have the ability to enrich the network, subtracting more complex

relations between input and output data [17]. The number of neurons in each layer as well as the

number of layers is determined depending on the problem. Generally, adding more neurons will

help to improve the performance of the network with the drawback of being more time-consuming.

However, adding more neurons not always improves the performance since no more information

can be extracted from the input [40].

Adding layers means adding dimensionality to the network and has a similar effect than adding

neurons. Generally, if the number of hidden layers is increased the accuracy will improve since

different relations can be extracted. Nevertheless, sometimes increasing the number of layers much

more above the sufficient number might have the opposite effect, decreasing the performance and

over-fitting the training set, losing every ability of generalization.

In Figure 3.2 and 3.3, the inputs of each layer are the output response of the preceding layer.

The neurons are always connected with forward connections. This kind of neural network with

no loops are called feedforward network and will be the type treated during the simulation.

Moreover, it can be also said that the networks are fully connected, since one neuron in one layer

is connected to every neuron in the next layer. If some of this links are missing, it it said to be

partially connected.

Input layer Output layerHidden layer 1 Hidden layer 2

Figure 3.3: Sketch of architecture of multilayer layer artificial neural network

3.2 Principals of ANN

To understand how the neural network operates, let’s consider the following notation to represent

the neurons and the connecting weights between them.

a(l) ≡ vector of neurons in the lth layer of a network with L layers.

w
(l)
j,k ≡ each weight connecting the kth node in the lth − 1 layer with the jth node on the lth

The weight, w, can be any number and they are always multiplied by the preceding node value.

If the weight value is very large, it means that the neurons connected by this weight are of great

importance and this importance decreases as it magnitude becomes smaller.
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Figure 3.4: Notation of neural network with one hidden layer

In Figure 3.4, a representation of a three layer network (1 input, 1 hidden, and 1 output) is shown

to understand the notation chosen. Index i will refer exclusively to the output nodes, where the

total number of output neurons is given by I. The indexes j and k are referred respect to the

layer that is being inspected. For example, if the datum is in layer l = 1, the index of layer 1 will

be j and the index of layer 0 will be k. If we are looking at layer 5, this layer will have index j and

layer 4 will have index k. To begin the problem, consider a neural network with a single hidden

layer as represented in Figure 3.4. The weighted sum, denoted by z
(l)
j , is computed for each node

as follows,

z
(l)
j =

K∑
k=1

w
(l)
j,ka

(l−1)
k = w

(l)
j,1a

(l−1)
1 + w

(l)
j,2a

(l−1)
2 + · · ·+ w

(l)
j,Ka

(l−1)
K (3.1)

where K is the number of neurons in the lth − 1 layer. z(l) will be a vector containing the

weighted sum in each neuron of the lth layer. Sometimes, the weighted sum is desired to be

activated meaningfully (positive sum) when the value is over certain threshold. For this purpose,

a bias b is added to the weighted sum before the the next step. Therefore, in each neuron the

following computation is performed,

z
(l)
j =

K∑
k=1

w
(l)
j,ka

(l−1)
k + b

(l)
j (3.2)

The result after this computation can be anything, so it is usual that, depending on the problem,

this sum is desired to be classified or squished into some specific range. It is a way to give meaning

to the values obtained, and it is accomplished with activation functions.
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3.2.1 Activation functions

The activation functions, σ (z), are applied to the weighted sum plus the bias and have two

objectives: to squish it into a desired range and to obtain a measure of how positive the relevant

weighted sum is. Therefore, as it will be seen, if the bias is much more negative than the weighted

sum, when the activation function is applied it will yield a value closer to the lower bound of

the function, meaning that the neuron is not meaningfully activated. Then, the bias works as an

indicator of what value the neuron should have to be “important”. There are several activation

functions that can be used.

Step function

The step function is a piece-wise constant function that classifies the output into two different

values: 0 or 1. The output is classified depending on some threshold value that will be seen later,

called the bias (b). If the weighted sum is bigger than the bias, the activation will yield 1 and if

the weighted sum is lower than the bias, 0. This activation function is used in problems were only

two possibles answers are possible, i.e true or false, yes or no, 1 or 0...

σ(z) =

0 if w · a+ b < 0

1 if w · a+ b ≥ 0
(3.3)

If the value of the first neuron of the hidden layer as to be computed, b = b
(1)
1 is the threshold

value, w = [w1,1, w1,2, ..., w1,K ](1) is the vector of weights from every neuron in the input layer to

the first neuron in the hidden layer and a = [a1, a2, ..., aK ](0)T the input vector.

Figure 3.5: The step function
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Linear function

The linear activation function gives outputs that are proportional to the input. The advantage of

this activation function is that is not bounded between two values, its range is from −∞ to ∞.

So that problems requiring outputs outside of the range [−1, 1] should have a linear activation

function in the output layer.

σ(z) = Az (3.4)

Where A is the constant of proportionality. This activation function presents a great disadvantage

due to its linearity. The basic principle of the neural network is the linear combination (weighted

sum) between each layer. If the activation function is linear, the output will always be a linear

combination of the input, resulting impossible to solve non-linear and complex problems.

Figure 3.6: The linear function

Sigmoid function

The sigmoid function is non-linear with a “S” shape. The problem of linear combinations between

layers is removed respect to the linear function. The range of this function is between 0 and 1 and

it can take any value in between. Therefore, it can be used for classifier problems since it tends

to bring the output to either side of the curve.
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σ(z) =
1

1 + exp−z
(3.5)

The problem that arises with this kind of activation function is the poor response when the values

of the input (z) are either to big or too small. The gradient of the function in both sides becomes

smaller and smaller until it is almost flat. Then, at the sides of the curve, a big increase of z will

result in a small change in the output, decreasing the ability to predict value efficiently. However,

for classification problem this is not an issue since the distinction between 1 and 0 is clear. The

sigmoid is one of the most used activation functions.

Figure 3.7: The sigmoid function

Hyperbolic tangent function

The hyperbolic tangent function is very alike to the sigmoid function . Their characteristic are

quite similar with the difference that the range goes from −1 to 1.

σ(z) = tanh(z) =
2

1 + e−2z
− 1 (3.6)
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Figure 3.8: The tangent hyperbolic function

3.2.2 Matrix notation

The value of each neuron in the network can be finally computed as

a
(l)
j = σ(z

(l)
j ) = σ

(
K∑
k=1

w
(l)
j,ka

(l−1)
k + b

(l)
j

)
(3.7)

Since this process is repeated in each neuron and for each layer transition, tons of data are

managed, and it is useful to express the weights and biases in matrix form. The whole transition

from one layer to another can be expressed with, the matrix W (l) containing all the weights from

one layer to another, b(l) the biases added, and a(l−1) being the preceding vector of neuron that

multiplies the weights.

W (l) =


w1,1 w1,2 w1,3 . . . w1,K

w2,1 w2,2 w2,3 . . . w2,K

...
...

...
. . .

...

wJ,1 wJ,2 wJ,3 . . . wJ,K

 (3.8)

a(l−1) =


a1

a2

...

aK

 b(l) =


b1

b2

...

bJ

 (3.9)
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Then, for example, the full transition from the input layer to the first hidden layer is given by the

following computation, where a(1) is the vector containing the values for each neuron in the first

hidden layer.

a(1) =


a

(1)
1

a
(1)
2
...

a
(1)
J

 = σ



w

(1)
1,1 w

(1)
1,2 w

(1)
1,3 . . . w

(1)
1,K

w
(1)
2,1 w

(1)
2,2 w

(1)
2,3 . . . w

(1)
2,K

...
...

...
. . .

...

w
(1)
J,1 w

(1)
J,2 w

(1)
J,3 . . . w

(1)
J,K



a

(0)
1

a
(0)
2
...

a
(0)
K

+


b

(1)
1

b
(1)
2
...

b
(1)
J


 (3.10)

Then for the whole network the following expressions hold.

z(l) ≡W (l)a(l−1) + b(l) (3.11)

a(l) = σ(l)
(
z(l)
)

(3.12)

The activation function can be different for any layer if the problem requires so, which is the

reason behind the upper-index l applied to it.

3.3 Learning of the ANN

It has been studied the forward computation that the neural network does. The inputs are

propagated to calculate the values of nodes of the first hidden layer. Then, the ones of the next

hidden layers (in case there are more than one) can be computed and so on until the output layer

is obtained. Nevertheless, to obtain a good mapping between input and output, something else is

needed. All the weights and the biases cannot be set at the desirable value by hand one by one.

That is an impossible task. Hence, what is usually done is to initialize randomly the weights and

biases and then they are continuously being adjusted by a process called the training.

If no training is performed to the network, it will just give random outputs. To achieve such

training, data needs to fed to the network so that it has something to learn from. The training

data consist of a series of inputs with their corresponding outputs or target values.

The cost function (also called the loss function) is defined. A function comparing the difference

between output given by the network and the target value associated to the input data. This

means that to train the network properly, the target or “desired” output value must be fed to the

network so that it has something to learn from, to compare how it has performed, and if it does

badly, recalculate the weights and biases to improve its performance [34]. For a given training

data (combination of inputs with their corresponding targets), the cost function used is the mean
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square error function (mse), and it is defined as, [43]

C(x) =
1

2P

P∑
p=1

I∑
i=1

e2
p,i (3.13)

where

x is the vector of weights and biases of the whole network

x =
[
w

(1)
1,1, w

(1)
1,2, . . . , w

(1)
J,K , b

(1)
1 , . . . , b

(1)
J , w

(2)
1,1, . . . , b

(2)
1 , . . . , w

(l)
j,k, . . . , b

(l)
j , . . . , b

(L)
J

]T
(3.14)

x = [x1, x2, x3, xq, . . . xQ]T q = 1, 2, . . . , Q (3.15)

p is the index of training subsets, from 1 to P , where P is the number of training subsets

(combination of one set of inputs with their corresponding targets). The training set is

composed of numerous training subsets.

i is the index of outputs, from 1 to I, where I is the number of outputs in each training

subset.

ep,i is the training error in output i applied in training subset p, and it is defined as

ep,i = yp,i − op,i (3.16)

where y is the desired output or target value and o the actual output, o ≡ a(L). [43]

The mse function defined resulted as the sum of the square difference between output and target

over all the training set and divided by the number of these training subsets. The training error

for the given training subset can be expressed as a vector as e(x) = y − o, where both y and

o are column vectors with size equal to the number of outputs. Let us express the vector E(x),

containing the training error of the whole training set [18],

E(x) =
[
eT1 (x) eT2 (x) . . . eTP (x)

]T
(3.17)

Notice that the vector E(x) is a column vector of size P · I × 1. Now, the cost function can be

expressed with vectors instead of summation,

C(x) =
1

2P
ET (x)E(x) (3.18)

It can be inferred that the cost function becomes small when the output value is closer to the

target one, as it is expected. Consequently, to improve the performance, the cost function needs

to be minimized, which is the core idea of the learning process, finding suitable weights and biases

to obtain a good mapping.
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3.3.1 Gradient descent & Gauss-Newton

The learning algorithm used in the thesis is the Levenberg-Marquardt (LM) algorithm. This

algorithm is a mid point between two algorithms, the Gradient Descent and the Gauss-Newton,

which will be explained before introducing LM.

Gradient Descent

The gradient descent or steepest descent is a first order algorithm, since it uses the first-order

derivative of the total error function for finding the local minimum of such function. The gradient

is defined as the first-order derivative of the cost function [18],

∇C =
∂C(x)

∂x
=

1

P

∂ET (x)

∂x
E(x) =

1

P
JTE(x) (3.19)

where the Jacobian matrix is introduced as

J =
∂E(x)

∂x

=



∂e1,1

∂w
(1)
1,1

∂e1,1

∂w
(1)
1,2

. . . ∂e1,1

∂w
(1)
J,K

∂e1,1

∂b
(1)
1

. . . ∂e1,1

∂b
(1)
J

. . . ∂e1,1

∂w
(l)
j,k

. . . ∂e1,1

∂b
(l)
j
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∂b
(L)
J

∂e1,2

∂w
(1)
1,1
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∂w
(1)
1,2

. . . ∂e1,2

∂w
(1)
J,K

∂e1,2

∂b
(1)
1

. . . ∂e1,2
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(1)
J

. . . ∂e1,2

∂w
(l)
j,k

. . . ∂e1,2

∂b
(l)
j

. . . ∂e1,2

∂b
(L)
J

...
...

. . .
...

...
. . .

...
. . .

...
. . .

...
. . .

...
∂e1,I

∂w
(1)
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(1)
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J,K
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(1)
1
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J

. . .
∂e1,I

∂w
(l)
j,k
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∂e1,I
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(l)
j
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∂e1,I

∂b
(L)
J

∂e2,1

∂w
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1,1

∂e2,1
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(1)
1,2

. . . ∂e2,1

∂w
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J,K
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∂b
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J
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. . .
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∂ep,i

∂w
(1)
1,1

∂ep,i

∂w
(1)
1,2

. . .
∂ep,i

∂w
(1)
J,K

∂ep,i

∂b
(1)
1

. . .
∂ep,i

∂b
(1)
J

. . .
∂eP,2

∂w
(l)
j,k
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∂ep,i
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j

. . .
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∂eP,I
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1,1
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∂w
(1)
1,2

. . .
∂eP,I

∂w
(1)
J,K

∂eP,I

∂b
(1)
1

. . .
∂eP,I

∂b
(1)
J

. . .
∂eP,I

∂w
(l)
j,k

. . .
∂eP,I
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. . .
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∂b
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(3.20)

The gradient of the cost function will have column vector form with size equal to the total number

of weights plus biases in the network. For the gradient descent, the increment rule in every weight

and bias is written as, [18]

xn+1 − xn = ∆x = −α∇C (3.21)
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with n being the index of iterations and α is a constant named the learning rate or step size. By

applying this rule repeatedly, the cost function C will decrease, improving the chances to arrive

to a local minimum [34]. This method can be understood graphically as shown in Figure 3.9.

Starting at some point of a given error function C, the gradient is calculated to find the steepest

path to another point in the function, decreasing the error value. This process is repeated until

a local minimum is reached. It is important to notice how depending on the initial value, the

algorithm may converge to a local minimum, but not to the absolute minimum of the function.

In neural networks, this problem cannot be thought graphically, since the cost function depends

on many variables and the dimension of the problem is extremely high.

Figure 3.9: Sketch of an example of gradient descent algorithm

Gauss-Newton

This method uses second-order derivatives in order to update the weights and biases. That means

calculating the Hessian matrix of the total error function. The increment ∆x given by the Newton’s

method is given by, [18]

∆x = − ∇C
∇2C

(3.22)
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∇2C =
1

P

∂ET (x)

∂x

∂E(x)

∂x
E(x) +

1

P
E(x)

∂2ET (x)

∂x2
=

1

P

[
JTJ +E(x)∇2E(x)

]
(3.23)

Calculating the the Hessian matrix, H ≡ ∇2C can be very complicated, so the Gauss-Newton

method assumes that E(x)∇2E(x) ≈ 0 [18], so that,

H ≈ 1

P
JTJ (3.24)

Here, only the Jacobian matrix needs to be calculated, which through the back-propagation

method is much less complex than the Hessian matrix [9]. Therefore, the increment in each

weight and bias can be computes as

∆x = −J
TE(x)

JTJ
= −

[
JTJ

]−1
JTE(x) (3.25)

Now, the Hessian is easy to calculate, since it is based on first order derivatives. However, when

this formula is repeated iteratively to decrease the error function, it may result in large step sizes,

which would revoke the main assumption on which this method is based [39]. This problem is

interpreted mathematically as if JTJ is not invertible [43]. This problem is solved by the LM

algorithm.

3.3.2 Levenberg-Marquardt

The Levenberg-Marquardt algorithm is a modification of the Gauss-Newton. It introduces an

extra term to approximate the Hessian matrix:

H =
1

P

[
JTJ + µI

]
(3.26)

where I represents the identity matrix with same size as JTJ and µ is called a combination

coefficient and it is always positive [43]. Therefore, ∆x is expressed as

∆x = −
[
JTJ + µI

]−1
JTE(x) (3.27)

The LM algorithm was introduced as a mid-point between gradient descent and Gauss-Newton.

This fact will depend on the value of µ. If the coefficient is really small, µ ≈ 0, Eq. 3.27

approximates Eq. 3.25. If µ is a very large value, µI >> JTJ , Eq. 3.27 is approximated as Eq.

3.21, where α ≈ 1/µ [43]. If an step results in an increase in E(x), the coefficient µ is multiplied
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by a factor β. And when a step reduces E(x), µ is divided by β, so that convergence is improved

[18].

3.3.3 Back-propagation algorithm

From Eq. 3.27, it can be inferred that the key for updating the weights and biases of the network

is to calculate the Jacobian matrix. The terms that need to be calculated are of the form:

∂ep,i
∂xq

→ ∂ep,i
∂wlj,k

,
∂ep,i
∂blj

(3.28)

For this purpose the back-propagation algorithm is implemented. The idea behind the algorithm

is to evaluate how sensible the error is to each weight and bias in the network and update them

according to this evaluation. This is done by calculating the sensitivity of the error to the weights

and bias connecting the last hidden layer to the output layer, and back-propagating this error

up to the first connections. We begin calculating the gradient of a given error respect to a given

weight or bias of the the vector x,

∂ep,i

∂w
(l)
j,k

=
∂ep,i

∂a
(l)
j

∂a
(l)
j

∂z
(l)
j

∂z
(l)
j

∂w
(l)
j,k

(3.29)

∂ep,i

∂b
(l)
j

=
∂ep,i

∂a
(l)
j

∂a
(l)
j

∂z
(l)
j

∂z
(l)
j

∂b
(l)
j

(3.30)

The first two terms are equal for both gradients respect to weight and bias and represent the

sensitivity of the error to the neuron j in layer l. It is defined as [15]

δ
(l)
j ≡

∂ep,i

∂z
(l)
j

(3.31)

From Eq. 3.11,
∂z

(l)
j

∂w
(l)
j,k

= a
(l−1)
k and

∂z
(l)
j

∂b
(l)
j

= 1. Then, it can be shown that Eqs. 3.29 and 3.30

become:

∂ep,i

∂w
(l)
j,k

= δ
(l)
j a

(l−1)
k (3.32)

∂ep,i

∂b
(l)
j

= δ
(l)
j (3.33)

Moreover, according to [15] it can be also shown that the sensitivities follow the following recur-

rence relation:
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δ
(l−1)
k = F

(
z

(l−1)
k

)
w

(l)
k,jδ

(l)
j (3.34)

Equation (3.34) expresses the idea of the error back-propagation, the sensitivity of the l− 1 layer

is calculated according to the sensitivity of the next layer, where F is a matrix containing the

derivatives of the activation function evaluated at each weighted sum (zk) of the lth − 1 layer

F
(
z(l−1)

)
=


σ′
(
z

(l−1)
1

)
0 . . . 0

0 σ′
(
z

(l−1)
2

)
. . . 0

...
...

. . .
...

0 0 . . . σ′
(
z

(l−1)
k

)

 (3.35)

and

σ′
(
z

(l−1)
k

)
=
∂a

(l−1)
k

∂z
(l−1)
k

=
dσ
(
z

(l−1)
k

)
dz

(l−1)
k

(3.36)

The terms inside this matrix actually corresponds to the second term of the chain rule in Eqs.

3.29 and 3.30,
∂a

(l)
j

∂z
(l)
j

, but applied to the lth − 1 layer instead of the lth layer. The first term of

those two equations,
∂ep,i

∂a
(l)
j

, is related to Eq. 3.16, where oj = a
(L)
j = w

(L)
j,k a

(L−1)
k + b

(L)
j . Since the

difference between target and output given by the network is known, the recurrence of Eq. 3.34

is initialized in the output layer.

δ
(L)
j =

∂ep,i

∂a
(L)
j

∂a
(L)
j

∂z
(L)
j

= −F (oj) (3.37)

Now, Eq. 3.37 is introduced in Eq. 3.34 and the sensitivity in the previous layer is calculated

back-propagating the error using the corresponding weight in the Lth layer. Once the sensitivity

is known, using Eqs. 3.32 and 3.33, their corresponding value in the Jacobian matrix can be

obtained. This process is repeated until l = 1, calculating the sensitivity related to each weight

and bias and using Eqs. 3.31 and 3.32, the whole Jacobian matrix is computed.

3.3.4 Summary of the learning algorithm

The complete learning algorithm can be summarize in the following steps, expressing every variable

as matrix form:

1. Present the input to the neural network and propagate the values until the output

layer is known according to

a(l) = σ
(
W (l)a(l−1) + b(l)

)
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2. Compute the sum square error over all inputs

C(x) =
1

2P

P∑
p=1

eTp ep

3. Calculate each value of the Jacobian matrix computing the following equations in

order

δ(L) = −F (o)

δ(l−1) = F
(
z(l−1)

)(
W (l)

)T
δ(l)

∂e

∂W (l)
= δ(l)a(l−1)

∂e

∂b(l)
= δ(l)

4. Once the Jacobian matrix is found, obtain the increment in every weight and bias,

∆x, of the network

∆x = −
[
JTJ + µI

]−1
JTE(x)

5. Recompute the sum square error using x + ∆x. If the total error is smaller than the

previous one, divide µ by β, let x = x+ ∆x and go back to step number 1. If the total error

is bigger than the preceding one, multiply µ by β and repeat step number 3.

6. The algorithm convergence has finished when the norm of the gradient, ∇C = frac1P |
boldsymbolJTE(x)|, is less than a user defined value or when the sum square error is reduced

up to a user determined goal.
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Simulation, Results and

Discussion

In this chapter, the simulations using ANN and the results are presented. Part of the work consist

on the construction of the network architecture and parameters setting. The network structure

will be chosen according to a performance analysis in order to assure good results. But first a

background on the software is introduced as well as the pre-simulation set-up needed to prepare

the network. Once the network structure and components are set up, the data is needed. Data

needs to be fed to the network with certain conditions that will be evaluated and analyzed in the

data pre-processing section. Finally, the network simulations on both theories will be performed.

The training performance and the results accuracy will be discussed. For each LP theory, two

approaches are carried out: A forward simulation, where the goal is to obtain the IV curve given

the plasma parameters. This method will serve as a tool to establish the network capacities

and guide the problem to the interesting one, the inverse mapping. The underlying purpose of

the thesis is to evaluate the performance of ANN in this particular problem, where the plasma

parameters have to be obtained from the current law. The inverse mapping will be later performed

with experimental data and its implementation will be analyzed.

4.1 MATLAB Toolbox

The neural network is created using the mathematical software MATLAB. This software offers

a simpler way to study ANNs than other software. MATLAB offers two different options to use

artificial neural network:

1. Predefined networks with the architecture already created, which are ready to be used.

Different type of networks (depending on the problem) are available where only the input

data is needed to be given to the toolbox. All the different parameters used, which will be

explained later on, are the standard ones and only the number of neurons and hidden layer

can be changed.
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2. Different functions associated to the neural network can be used to create a customized

network. All the parameters can be set and changed to optimize the network. The main

three function associated to this options are:

� feedforwardnet : This function initializes and creates the network architecture. The

number of layers and the number of neurons in each of them can be set as desired,

as well as the initial value of the weights and bias. Note, that this function is used

specifically to create feed-forward network, which is the type that will be used in this

thesis.

� train: This function reproduces the learning algorithm explained in Section 3.3. The

complete set of input data is fed to the network and the back-propagation algorithm is

performed to update the weights and biases to reduce the cost function.

� sim: This function is implemented once the learning has been completed. With the

weights and biases optimized, the network can be simulated for a given input using this

function.

Both options were tried and option number 2 was selected. Option number 1 is based on

straight forward problem where little pre-processing and post-processing is needed, since it lacks

of maneuverability and controllability. Thus, option number 2 is used to create the neural network,

so that it is possible to change the network parameters to adapt it to the problem presented and

be able to control every step of the process.

The first step when training the network is to feed the data containing each training subset.

According to the index notation of the ANN, the input data includes the inputs with size K(0)×P
and target data I×P . It must be noticed that the number of columns should be always the same,

meaning that each training subset has the same size, P , which represents the number of training

subsets and it is divided by MATLAB into three categories.

Figure 4.1: Division of the input data into different categories
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From the complete input data given by the user, the division is made randomly by MATLAB,

regrouping the data into training, validation and testing set. They all have different purposes

and the standard percentage for each division is represented in Figure 4.2, where the whole pie

represents the 100% of the input data.

Figure 4.2: Standard percentages of training, validation and test set respect to the complete set

of input data

Training set: This data is used exclusively to update the weights and biases. Once the training

set is fed, the cost function is computed and using the back-propagation algorithm, ∆x is updated

repeatedly.

Validation set: They are used as an unbiased evaluation for the network performance. Using

the updated weights and biases, the cost function associated to the validation set is calculated.

If after an iteration, the cost function in the training set has decreased but the cost function of

the validation data has increased, it means that the network is adjusting to much to the training

data, losing its ability of generalization. This problem is known as over-training, and results in

over-fitting issues. Validation sets are used to stop the training when possibility of over-fitting is

found. That means that during six consecutive iterations C (x)training had been decreasing, but

C (x)validation had been increasing.

Testing set: These subsets are used only to assess the performance of the network of an unbiased

input data.

To understand better the concept of validation and why it is of great importance, the following

problem is consider: The function y? = x?2 + x?3 wants to be represented in the interval [−2, 2]

using a neural network with one hidden layer with 10 neurons. The network will be trained using

values of x? with the corresponding y? plus some added noise, ∆y?. Once trained, it will be

simulated with x? and the results will be compared with the theoretical y? plus ∆y?. The two

plot of y?, with and without noise are represented in Figure 4.3.

Figure 4.4 shows the difference in results when the division into validation data has been performed

(left) and when it has been not (right). It can be observed how when validation division did not

take place, the output approximates the function y? with noise and when validation division was

performed, it approximates to the theoretical function. This is the over-fitting problem described,

the network tries to replicate the data given, without any consideration whether noise might be

added or not, losing one of the powerful advantages of ANN, the generalization. If the problem
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Figure 4.3: Function y? = x?2 + x?3 with and without noise

is to reproduced exactly the input data, the problem of over-fitting does not exist, but at the

minimum sign of eluding from this data, the network will no perform well.

-2 -1 0 1 2

-10

-5

0

5

10

15

-2 -1 0 1 2

-5

0

5

10

15

Figure 4.4: Comparison between output of a network trained with (left) and without (right)

validation set
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MATLAB has the different network parameters initially set as the standard ones, but sometimes

it is helpful to change them in order to optimize the performance of the specific problem, the main

parameters are:

– Architecture: It includes the number of layers and neurons in each of them. The size

will depend on the complexity of the problem and should be optimized by the user. The

standard configuration is 1 hidden layer with 10 neurons, but it will be changed to improve

the performance.

– Training algorithm: The training algorithm is referred to the mathematical technique used

to update the weight and biases. The back-propagation Levenberg-Marquardt algorithm

explained in Sections 3.3.2-3.3.4 is used.

– Performance function: The performance function corresponds to the cost function used.

Different ones exist, such as “sum square error” or “cross entropy cost function”, but the

mean square error defined in Eq. 3.13 is used.

– Transfer function: The transfer function (or activationcan be different for every layer. It

will depend on the problem to be solved. Regression problems like the one encountered use

two different transfer functions: sigmoid or hyperbolic tangent function for the hidden layers

because of their ability to give a wide range of bounded values, and a linear function in the

output layer so that final output is not bounded.

– Epochs: The epochs are equivalent to an iteration. A epoch is constituted by the propagation

of the input data to obtain the output, compute the cost function and the back-propagation

to update the weights and biases. They can be set to any value desired, taking into consid-

erations that when the epochs are increased so will the time required to train the network.

– Goal : It is a parameter used by the training algorithm to establish a stopping criteria in

the training. The goal is the minimum value of the cost function, C (x)training,min, which

is accepted by the user as a good enough performance.

– Minimum Gradient : Same objective as the goal parameter, ∇Cmin is the minimum value of

the gradient below which the network stops training.

– β factor : Parameter by which µ is divided or multiplied depending on the current perfor-

mance respect to the proceeding. β can be a different number when it multiplies and when

it divides. The standard values are: βdecrease = 0.1, βincrease = 10.

– Validation checks: Stopping criteria to avoid over-fitting. If after an epoch, the training cost

function has decreased, but the validation cost function has increased, both respect their

previous value, a validation check rises. If the validation check rises a number of consecutive

times, the training stops. The standard number of validation checks is 6.
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4.2 Data pre-processing

The neural network begins with the input data and ends with it. This statement underlies the

importance of the data fed to the network, the network is going to learn and improve from the

input data and at the end of the day, it will compare the results with the target data given. It is

clear that the way data is managed will play a key role in the training process, ergo in the network

performance. The goal of data pre-processing is to feed the network the best way possible to

improve its accuracy.

One of the most important steps of data pre-processing is the scaling of data. Scaling the data

will have a considerably beneficial improvement if it is performed within the boundaries of the ac-

tivation function. Especially, if the data managed has several order of magnitude. This statement

can be understood with a simple example:

One of the plasma parameters is plasma density, this property usually can have values ranging

from 1015m−3 to 1017m−3. How does this high order of magnitude affect the problem? It affects

greatly when the activation functions are applied. For the hyperbolic tangent function, really high

or low values of the weighted sum (zj) approximate 1 or -1 respectively, meaning that big changes

in zj result in very little deviation of a
(l)
j . Below it is observed how although the value of z is

doubled, the result is practically the same. This is obviously an issue, since the network will find

really complicated to differentiate the importance of each input and assign a proper weight to it.

a
(l)
j = tanh(zj) = tanh(7) = 0.9999983369

a
(l)
j = tanh(zj) = tanh(14) = 0.9999999999

If the data managed exceeds the activation function boundaries, scaling should be performed.

Moreover, the problem evaluated has several parameters each one with different order of magni-

tude, which makes it impossible to the network to perform well if the data is simple thrown out

to the network.

Therefore, each variable needs to be delimited by the same values. In order to do so, the following

procedure is done: Considering Xn an input parameter, Xn,min will be the minimum value given

to this variable in the whole data set and Xn,max the largest one. Then, each variable is corrected

linearly with its maximum and minimum value.

L′ = m ·Xn,min + b (4.1)

U ′ = m ·Xn,max + b (4.2)

Where L′ is the lower boundary of the normalized variable and U ′ the upper. Solving these two

equations the new normalized values for each variable will be,
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X ′n =
(U ′ − L′)Xn − U ′Xn,min + L′Xn,max

Xn,max −Xn,min

(4.3)

where Xn is the value of the of the parameter, X ′n is the new scaled value and, U ′ and L′ are 1

and -1, respectively (hyperbolic tangent function limits). This procedure is performed to all of the

variables, inputs and target. The network should be fed with the scaled values and trained with

them, producing scaled results too. To obtain the real magnitude of the parameter, the opposite

procedure is done, obtaining Xn given X ′n,

Xn =
(Xn,max −Xn,min)X ′n + U ′Xn,min − L′Xn,max

(U ′ − L′)
(4.4)

Another key aspect to improve the network performance is finding a good set of input data with

the corresponding target data. That means obtaining a set of inputs which hold some kind of

relation with the outputs, these inputs will be called morphological parameters [16]. The relation

between these parameters and the output can be of any kind, but they must represent accordingly

the relation input-target.

4.3 Planar LP theory ANN simulation

The artificial neural network simulation will be performed for the planar LP theory. To solve

mapping and function approximation problems, the feed-forward networks are commonly used

[12]. For the development of this model, a constant ion temperature will be assumed, Ti = 1eV .

The fixed network parameters will be:

1. Training algorithm: Levenberg-Marquardt with mean square error performance function.

2. Transfer function: Hyperbolic tangent for hidden layer and linear for output layer (typical

feed-forward architecture [9])

3. Maximum epochs: 1000

4. Goal: 1e-09

5. Minimum gradient: 1e-07

4.3.1 Forward simulation

The forward simulation is useful to obtain an initial guess for complicated numerical models

and to understand the network behavior with the data presented. The equations presented

on the Langmuir probe section form a simplified model to calculate the current measured as

a function of the bias and plasma parameters. Then, the problem encountered is the following:

It = f (Te, n∞, rp,∆V ). The forward simulation will consist of calculating the corresponding



44 Chapter 4. Simulation, Results and Discussion

I-V curve to a set of given plasma parameters using the neural network. That means that the

simulation input should have the form shown in Table 4.1.

4× l∆V
Te Te Te . . . Te

rp rp rp . . . rp

ne ne ne . . . ne

∆V1 ∆V2 ∆V3 . . . ∆Vend

Table 4.1: Representation of the simulation input data of the forward planar problem

The morphological parameters are four: Te, n∞, rp and ∆V and the output associated to each

column is just one value of It, obtaining the complete I-V curve associated to that ∆V . To train

the network an input matrix 4×P is formed and a target matrix 1×P , where P will be given by,

P = lTe
× lne

× lrp × l∆V (4.5)

where lTe
= 20 is the number of values of electron temperature in the range of [1− 10] eV , ln∞ = 20

is the number of values of plasma density in the range of
[
1015 − 1017

]
m−3, lrp = 20 is the number

of values of probe radius in the range of [0.001, 0.01]m, and l∆V = 35 is the number of bias voltage

minus plasma potential in the range of [−50, 20]V .

The input 4×P matrix is created by multiple matrices like Table 4.1. Each of them with different

values of Te, n∞ and rp. At the end of the day, each column of the P subsets will have a different

combination of the 4 inputs. The target matrix will be the current calculated for each subset

combination (one column of the input matrix). The data given to train the network will look like

Table 4.2.

P︷ ︸︸ ︷
4× l∆V 4× l∆V

Te,1 Te,1 . . . Te,1 Te,2 . . . Te,2 . . . Te,lTe

rp,1 rp,1 . . . rp,1 rp,1 . . . rp,1 . . . rp,lrp
ne,1 ne,1 . . . ne,1 ne,1 . . . ne,1 . . . ne,lne

∆V1 ∆V2 . . . ∆Vend ∆V1 . . . ∆Vend . . . ∆Vend

Ip,1 Ip,2 . . . Ip,l∆V
Ip,l∆V +1 . . . Ip,2·l∆V

. . . Ip,P

Table 4.2: Representation of training data structure containing the input data and the target data

for the forward planar simulation

The network was trained with different structures (number of neurons and layers) to analyze which

gives the best performance. Five configurations were tried: 1) 1 hidden layer with 10 neurons, 2)
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1 hidden layer with 20 neurons, 3) 1 hidden layer with 30 neurons, 4) 2 hidden layers with 10 and

5 neurons respectively (10/5), and 5) 2 hidden layers with 10 neurons each (10/10) .

Network structure

(neurons layer 1/neurons layer 2)
10 20 30 10/5 10/10

R 0.99743 0.99965 0.99991 0.99999 1

b (±) 4.6e-03 5.9e-04 1.6e-04 5.5e-06 2.3e-06

Table 4.3: Network training performance parameters (R and bias) describing the relation between

target output and network output
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Figure 4.5: Training performance convergence for different types of network structures for the

forward planar case

Table 4.3 contains two training performance parameters, the coefficient of correlation (R) between

target and network output and the bias (b), used to build an empirical relations between them.

outputs ≈ targets + b → o ≈ y + b (4.6)

The coefficient of correlation is a metric used to measure the linear relatedness between output

and target. When the value of R is closer to 1, it means that the network has find a set of weights

and biases which gives a perfect, or almost perfect, linear relation between the target and the

network output [29]. This linear relation can be also expressed as a linear function shown in Eq.

4.6, where the bias represents the approximate uncertainty made.
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Two facts should be in mind. These parameters are a mean representation for all the training

subsets, meaning that for some subsets the performance might be better and for other worse, but

the mean value gives an overall idea of the linear relation. Moreover, it must be noted that these

training performance parameters are a representation of the accuracy state of the network for the

scaled dimensionless data, not to the real values of total current, since the network is trained with

scaled data.

Figure 4.5 shows the convergence of the cost function (mse) with the number of epochs. Structures

containing only one hidden layer fail to reach the goal performance and the maximum number of

epochs, stopping the training due to reaching the maximum number of validation checks. For a

single hidden layer, if the number of neurons is increased, the performance will improve, but at

a slow rate as it is inferred from the performance difference between 1), 2) and 3). To improve

the performance, one more layer is added, showing clearly its beneficial effect. Each layer created

adds its own level of non-linearity that cannot be contained in a single layer, obtaining better

results when highly non-linear problems are encountered.

Figure 4.6: Sketch representation of the network structure with two hidden layers with 10 neurons

each, a linear output and particularized for the forward LP planar problem (4 inputs)

From the performance parameters and the mean square error, the best solution is a two hidden

layer network with 10 neurons each. The number of layers and neurons could be increased as

much as the programmer desires, but for the problem to be solved, this structure is good enough

and of relatively short training duration. It will be the structure used from now on in every case

solved (Figure 4.6).

For the structure chosen, other training characteristics can be analyzed to have an overall view of

the training process. In Figures 4.7, 4.8 and 4.9, the gradient of the cost function, the µ parameter

and validation checks are plotted against the epochs. From Figure 4.7, the gradient decreases with

the number of iterations as the cost function is finding its way to a local minimum. It is compared

with the gradient of the structure of 30 neurons, which is observed to be larger, meaning that the

cost function is further from reaching the minimum. The local minimum is assumed to be reached

when the gradient fails below the minimum gradient.

The µ parameter is directly associated to the gradient. As the gradient becomes smaller, local

minimum is closer and µ decreases to not overshoot the local minimum. Then, the µ parameter

represents the error convergence, bigger jumps in µ may result in faster convergence, but they

can also affect negatively, by overshooting the minimum and never reaching convergence. If the

gradient increases, µ will increase to converge to the minimum faster. Figure 4.9 shows that

stop by validation did not happen. Although some validation checks occurred, there was not six
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consecutive checks, stopping the training by reaching the maximum number of epochs. This was

not the case of 30 neurons where the training stopped because of 6 consecutive validation checks

(during 6 consecutive epochs) near the 800 epoch.
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Figure 4.7: Cost function gradient at each epoch during training the forward planar LP case
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Figure 4.8: µ parameter at each epoch during training the forward planar LP case
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Figure 4.9: Validation checks at each epoch during training the forward planar LP case
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Figure 4.10: Histogram illustration of the error between target and output for every subset trained

for the forward planar LP case



4.3. Planar LP theory ANN simulation 49

Figure 4.10 represents an overall view of the post-training performance. An histogram containing

the post-training error made in each of the subsets. The input data is divided into three sets

(training, validation and test). The x axis is the error made, calculated as the target output

minus network output. The y axis corresponds to the instances or number of subsets associated to

these errors. The orange zero error line, would be the ideal output, where the output is equal to

the target. Two features of this plot are important. The error of the outer bars of the plot, they

represent the maximum error (above and below target) that has been made within the subsets

provided. The closer these outer values are to 0, the better performance the network will have.

The other feature is the concentration of the errors. Ideally, all the subsets should be concentrated

in the zero line. Therefore, subsets around the zero error line is an indicator of good performance.

From the figure, it can be expected quite good performance when the simulations are performed.

Note that the error is given respect to the normalized data, not actual values of plasma parameters.

In order to test the network, an input like Table 4.1 is fed to the network with values Te, rp and

ne, chosen randomly and different from the ones used in the grid of Table 4.2, and a ∆V vector.

In Table 4.1 each column of this input matrix will be forwardly propagated to obtain a single value

of current, obtaining a current vector with l∆V values. The network was simulated for 4 different

cases, all of them with different parameters except ∆V , which is a 40 value equally spaced vector

from −50V to 20V . To compare the differences, the relative error in percentage is calculated using

Eq. 4.7, where o is the output of the network and y the actual one.

|Error| = |1− o
y
| (4.7)

Simulation 1 Simulation 2 Simulation 3 Simulation 4

Te (eV ) 8 5 3 1.5

n∞ (1/m3) 1016 5 · 1017 2 · 1015 5 · 1016

rp (m) 0.005 0.003 0.008 0.0025

Table 4.4: Values used for each simulation in the forward LP planar case

From Figures 4.11 and 4.12 it can be observed that results are quite accurate. As the error is

shown in percentage respect the target value, it does not reach 1% of error. In each of the four

graphs a peek is observed. This peek occurs around floating potential. Around that point, current

is almost zero, and when very small order of magnitudes are handled, small differences in those

order of magnitudes will show a bigger deviation in the error percentage. Also, it can be said

that the network has the most trouble to predict the electron saturation current, as observed in

Simulations 1 and 4 of Figure 4.11. Although the error in percentage is smaller, the difference in

values is the biggest.
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Figure 4.11: Comparison between I-V curves obtained theoretically and simulated with the neural

network for the values of 4.3
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Figure 4.12: Relative error between I-V curves for each simulation performed of the forward planar

LP case
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4.3.2 Inverse mapping

The previous problem was performed to understand how the network works, the goal with artificial

neural network is to obtain the plasma parameters given the current measure by the LP. Then,

the problem complicates from the previous one. Analytically, there is one equation for the total

current and two unknown plasma parameters (Te and n∞). The difficulty is to find a quantitative

way to represent a curve by ANN inputs. Two approaches were found to work well for this problem

Discrete approach

The discrete approach consist of feeding directly the current values of the IV curve. In this way,

the number of inputs will be larger than outputs. The drawback of this method is that it needs

certain standardization of the current values chosen as inputs, since they all need to be associated

to a certain ∆V and only currents associated to the ∆V values can be used. In vector form the

input and output will be:

1. Input: The network is fed directly with the values of the current associated to the given

value of ∆V and the selected probe radius, such that:

a(0) = [Ip(∆V1), Ip(∆V2), Ip(∆V3), . . . , Ip(∆Vend), rp]
T (4.8)

where ∆V should be the same vector as the one defined for the training data. It should have

the same number of values and the same values at each vector position. The key for the

correct functioning is that ∆V remains the same through the entire training and simulation.

The total number of inputs is l∆V + rp.

2. Outputs: The output is composed of two values, the calculated Te and n∞ by the network,

such that:

o = [Te, n∞]T (4.9)

The neural network was trained using P training subsets, given by Eq. 4.10, where lTe
= 30,

ln∞ = 30 and lrp = 30. The ranges of the plasma parameters are the same as in the forward

simulation.

P = lTe × ln∞ × lrp (4.10)

The complete data set is built as shown in the Table 4.5. Each column represents the vector shown

in Eq. 4.8 with the target values. The three parameters (Te, n∞, rp) are varied to obtain the grid

for training.
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P︷ ︸︸ ︷
Ip (∆V1) Ip (∆V1) . . . Ip (∆V1) Ip (∆V1) . . . Ip (∆V1) . . . Ip (∆V1)

Ip (∆V2) Ip (∆V2) . . . Ip (∆V2) Ip (∆V2) . . . Ip (∆V2) . . . Ip (∆V2)

Ip (∆V3) Ip (∆V3) . . . Ip (∆V3) Ip (∆V3) . . . Ip (∆V3) . . . Ip (∆V3)
...

...
. . .

...
...

. . .
...

. . .
...

Ip (∆Vend) Ip (∆Vend) . . . Ip (∆Vend) Ip (∆Vend) . . . Ip (∆Vend) . . . Ip (∆Vend)

rp1 rp1 rp1 rp2 . . . rp2 . . . rp,lrp

Te,1 Te,2 . . . Te,lTe
Te,1 . . . Te,lTe

. . . Te,lTe

ne,1 ne,1 . . . ne,1 ne,1 . . . ne,1 . . . ne,lne

Table 4.5: Training data structure (inputs with the corresponding targets) for the inverse planar

problem
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Figure 4.13: Cost function convergence at each epoch during training the inverse planar LP case
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Figure 4.14: Gradient each epoch during training the inverse planar LP case
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Figure 4.15: µ parameter at each epoch during training the inverse planar LP case
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Figure 4.16: Validation checkss at each epoch during training the forward planar LP case
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Figure 4.17: Histogram illustration of the error between target and output for every subset trained

for the inverse planar LP case
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Post-training results anticipate good performance. Training stopped due to reaching the maximum

number of epochs. The cost function does not reach the goal, but still small enough to obtain

good results, this can be observed better in Figure 4.17. The maximum errors made on the scaled

training data are [−0.01219,+0.01996] (edges of the histogram bar). Since data is scaled linearly,

it can be expected that maximum difference between target and output will be of around 2%.

In Figure 4.14, the gradient does not reach the minimum established and it could still decrease

if more epochs are added, converging closer to a local minimum improving the performance, but

results are already good and it would be more time-consuming.

To simulate the network and study the results, 10 different I-V curves will be tested (calculated

with user-chosen random values of Te, rp and n∞). The network output results are represented

in Table 4.6, containing the target values and network output as well as the realtive error in

percentage as given by Eq. 4.7 for each simulation. Note that y denotes target value and o output

given by the network. The subindex 1 is for electron temperature and 2 for plasma density.

rp Te ne

(mm) y1 (eV ) o1 (eV ) Error (%) y2 (m−3) o2 (m−3) Error (%)

Sim 1

5.0

8 8.004 0.05 5.0 · 1015 5.007 · 1015 0.13

Sim 2 5 5.995 0.10 1.0 · 1016 9.89 · 1015 1.08

Sim 3 2 2.006 0.32 1.0 · 1017 9.93 · 1016 0.75

Sim 4 7 7.005 0.07 2.5 · 1015 2.65 · 1016 6.16

Sim 5 9 9.007 0.08 8.0 · 1015 7.96 · 1015 0.45

Sim 6 4 4.010 0.24 6.0 · 1016 5.99 · 1016 0.18

Sim 7 2.0 5 4.995 0.10 8.0 · 1015 7.97 · 1015 0.38

Sim 8 7.0 2 2.006 0.30 3.2 · 1016 3.19 · 1016 0.12

Sim 9 3.5 7 6.987 0.19 1.0 · 1015 1.00 · 1015 0.11

Sim 10 1.0 10 9.995 0.05 1.0 · 1017 1.01 · 1015 0.62

Table 4.6: Comparison of target values and network outputs for the inverse planar LP problem

Polynomial approach

Before establishing the method of the inverse mapping of Section 4.3.2, another approach was

studied and the performance obtained was quite good. It is based on least square fitting.

The least squares method is applied to the I-V curve only for ∆V < 0, obtaining a polynomial

function of 5th order which approximates the current according to,

Ît = p0 + p1∆V + p2∆V 2 + p3∆V 3 + p4∆V 4 + p5∆V 5 + p6∆V 6 (4.11)

With this approach, the goodness of the fit needs to be evaluated too. To evaluate the deviation

of the fit respect the curve, the statistic analyzed is the sum square error (SSE), computed as,
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SSE =

l∆V∑
m=1

(
Itm − ˆItm

)2

(4.12)

where Itm is the target current and ˆIpm is the current at the same ∆V but approximated with

the polynomial function of Eq. 4.11. The morphological parameters will be composed of the

polynomial constants and the probe radius. The data set is built as in Table 4.7.

P︷ ︸︸ ︷
p0 p0 . . . p0 p0 . . . p0 . . . p0

p1 p1 . . . p1 p1 . . . p1 . . . p1

p2 p2 . . . p2 p2 . . . p2 . . . p2

...
...

. . .
...

...
. . .

...
. . .

...

p5 p5 . . . p5 p5 . . . p5 . . . p5

rp1 rp1 . . . rp1 rp2 . . . rp2 . . . rp,lrp

Te,1 Te,2 . . . Te,lTe
Te,1 . . . Te,lTe

. . . Te,lTe

ne,1 ne,1 . . . ne,1 ne,1 . . . ne,1 . . . ne,lne

Table 4.7: Training data structure (inputs with the corresponding targets) for the inverse planar

problem with the polynomial approach

Where P is calculated and has the same magnitude as in Eq. 4.8. In order to assure that the

error carried from the fitting will not influence the results, the mean sum square error of all the

subsets is calculated,

MSSE =
1

P

P∑
p=1

SSE = 2.6260e− 08 (4.13)

The approximation of the curve with a 5th order polynomial results in a really low error as

calculated in Eq. 4.13, strengthening the polynomial approach. The training performance is

represented in Figures 4.18 and 4.19, which allow to have a quick overall performance in terms of

error committed. The simulation input and network output will have the form,

1. Input: a(0) = [p0, p1, p2, p3, p4, p5, rp]
T

2. Output: o = [Te, n∞]
T

Figure 4.18 contains the mean square error of the cost function using polynomials as morphological

parameters. At the end of the training, the mse is almost 1e-09, a better performance than when

using the current as input. Indeed, in Figure 4.19, the maximum error made in all training subsets
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Figure 4.18: Mean square error of the training data for the planar LP case with the polynomial

approach

is of 0.061%. Excellent performance in the simulations should be expected. The simulation results

are shown in Table 4.8.
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Figure 4.19: Error committed in the data set for the planar LP case with the polynomial approach
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rp Te ne

(mm) y1 (eV ) o1 (eV ) Error (%) y2 (m−3) o2 (m−3) Error (%)

Sim 1

5.0

8 7.999 0.012 5.0 · 1015 4.999 · 1015 0.020

Sim 2 5 4.999 0.020 1.0 · 1016 9.996 · 1015 0.040

Sim 3 2 2.001 0.050 1.0 · 1017 9.998 · 1016 0.020

Sim 4 7 6.999 0.014 2.5 · 1015 2.5002 · 1015 0.008

Sim 5 9 9.001 0.011 8.0 · 1015 7.995 · 1015 0.063

Sim 6 4 3.9999 0.002 6.0 · 1016 5.999 · 1016 0.017

Sim 7 2.0 5 5.0003 0.006 8.0 · 1015 7.996 · 1015 0.050

Sim 8 7.0 2 2.0003 0.015 3.2 · 1016 3.200 · 1016 0.000

Sim 9 3.5 7 6.999 0.014 1.0 · 1015 1.002 · 1015 0.200

Sim 10 1.0 10 9.999 0.010 1.0 · 1017 1.003 · 1017 0.300

Table 4.8: Comparison of target values and network outputs for the inverse planar LP problem

with the polynomial approach

The results obtained with the polynomial approach are much better than the discrete one. The

error made with polynomials never goes above 0.063%, while the biggest error in discrete is found

to be 6.16%. Here, the importance of finding a good set of morphological parameters is shown.

Although the discrete approach has more inputs, the network finds easier to obtain the relation

input/output from the polynomial coefficients. They represent a simpler and more effective way

to represent the I-V curve for this case of planar LP.

4.4 OML simulation

Same procedure as for the planar LP problem is followed, with just small variations: When

calculating the plasma parameters, the probe geometry will be fixed, rp = 0.127mm and Lp =

2mm. These values correspond to the probe used in the laboratory to obtain the experimental

results that will be compared afterwards.

Ti will be kept constant with a value of 1eV , since its value does not affect the results consider-

ably. This statement is studied and explained in Section 4.5. Moreover, the user-defined training

parameters for this case are:

1. Network structure: Two hidden layer with 10 neurons each, which seemed to have excellent

results in the planar simulation.

2. Training algorithm: Levenberg-Marquardt with mean square error performance function.

3. Transfer function: Hyperbolic tangent for hidden layer and linear for output layer.

4. Maximum epochs: 1000

5. Goal: 1e-07

6. Minimum gradient: 1e-06
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4.4.1 Forward simulation

The forward problem is, It = f (Te, rp, n∞,∆V ). Each subset contains 4 input variables (Te, rp,

n∞ and ∆V ) and the associated total current, It. The number of subsets (P ) will be the same

as for Eq. 4.5 and the training data is build the same way as illustrated in Table (4.1). Only

changes are found in some plasma parameter ranges: new range of Te will be [1− 12] eV and range

of rp is
[
8 · 10−4 − 8 · 10−5

]
m. The training performance is analyzed with the cost function and

histogram error figures, to have an estimation of what error should be expected.

The mean square error of the training is represented in Figure 4.20. In this case, the performance

decreases rapidly in the first iterations, and then starts converging more slowly. This phenomena

does not affect in any way the network performance. The reason is the initialization of the

weights and biases. They are initialized with random values, then the initial point within the

multidimensional cost function will play a role on how fast it converges. If the point can find a

steeper slope to the next point it will converge faster than if the point is initialized in a flatter

surface. For this reason, it is a good practice, when initializing weights and biases randomly, to

set the maximum number of epochs up to a value with certain margin, in case the initial point

converges slower.
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Figure 4.20: Cost function convergence during training of the forward OML simulation

Figure 4.21 anticipates small error between actual I-V curve and ANN output, with a maximum

error in percentage of ≈ 0.8%. The network will be simulated for 4 different cases shown in Table

4.9.
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Figure 4.21: Error of each the training subsets after training of the forward OML simulation

Simulation 1 Simulation 2 Simulation 3 Simulation 4

Te (eV ) 10 7 3 1.5

n∞ (m−3) 1016 5 · 1016 2 · 1015 1017

rp (mm) 0.5 0.25 0.7 0.09

Table 4.9: Values used for each simulation of the forward OML problem

Results on the forward simulation are shown in Figures 4.22 and 4.23. In Figure 4.22, the difference

between theoretical and neural network output is difficult to differentiate, since the network is able

to reproduce the curve almost perfectly. This error is shown in Figure 4.23, the maximum error

does not even reach 1% in percentage error, reinforcing the ability of the neural network to solve

the forward problem. Respect to the Planar LP problem, the peak of the floating potential is

not found in this simulations. However, the larger error are found in the ion current collection

zone where the absolute values are much smaller and percentage error does not show a proper

comparison.
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Figure 4.22: Theoretical vs Neural network results of the forward simulation of OML theory
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Figure 4.23: Relative error between theoretical and ANN result
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4.4.2 Inverse Mapping

For the inverse simulation of the OML model, the plasma parameters are extracted from the I-V

curve characteristics, the radius will not be included in the training data, since the problem is

characterized for the probe of the UC3M laboratory. The number of subsets, P , and the structure

of the training data are shown in Eq. 4.14 and Table 4.10 respectively, where lTe
= 30 and

ln∞ = 30.

P = lTe × ln∞ (4.14)

P︷ ︸︸ ︷
Ip (∆V1) Ip (∆V1) . . . Ip (∆V1) Ip (∆V1) Ip (∆V1) . . . Ip (∆V1)

Ip (∆V2) Ip (∆V2) . . . Ip (∆V2) Ip (∆V2) Ip (∆V2) . . . Ip (∆V2)

Ip (∆V3) Ip (∆V3) . . . Ip (∆V3) Ip (∆V3) Ip (∆V3) . . . Ip (∆V3)
...

...
. . .

...
...

...
. . .

...

Ip (∆Vend) Ip (∆Vend) . . . Ip (∆Vend) Ip (∆Vend) Ip (∆Vend) . . . Ip (∆Vend)

Te,1 Te,2 . . . Te,lTe
Te,1 Te,2 . . . Te,lTe

ne,1 ne,1 . . . ne,1 ne,2 ne,2 . . . ne,lne

Table 4.10: Training data structure (inputs with the corresponding targets) for the inverse oml

problem



4.4. OML simulation 63

0 200 400 600 800 1000
10

-8

10
-6

10
-4

10
-2

10
0

Figure 4.24: Cost function convergence during training of the inverse simulation of OML theory
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Figure 4.25: Error of each the training subsets after training of the inverse simulation of OML

theory
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Although most of the errors are not in the central bar of the histogram plot and are more dis-

tributed along the all the bars, the maximum and minimum errors are of the order of 10−3,

expecting accurate results. The same information is extracted from the mean square error, which

at the end of the training is about 10−6. Afterwards, the network is simulated with the input

shown in Eq. 4.15, and network output will be given as Eq. 4.16,

1. Input: The network is fed directly with the values of the current associated to the given

value of ∆V and calculated with the target values of Te and n∞

a(0) = [It(∆V1), It(∆V2), It(∆V3), . . . , It(∆Vend)]
T (4.15)

2. Output: The network output is composed of the two plasma parameters,

y = [Te, n∞]T (4.16)

Te n∞

y1 (eV ) o1 (eV ) Error (%) y2 (m−3) o2 (m−3) Error (%)

Sim 1 9 9.013 0.143 7.0 · 1016 6.982 · 1016 0.253

Sim 2 2 1.988 0.594 2.0 · 1016 1.996 · 1016 0.185

Sim 3 5 4.998 0.031 4.0 · 1015 3.996 · 1015 0.103

Sim 4 1 0.992 0.859 5.0 · 1017 4.995 · 1017 0.103

Sim 5 8 8.003 0.038 1.0 · 1015 9.974 · 1014 0.263

Sim 6 11 10.995 0.042 8.0 · 1017 8.060 · 1017 0.748

Sim 7 7 6.998 0.022 6.0 · 1015 6.011 · 1015 0.185

Sim 8 12 11.99 0.059 7.0 · 1016 6.956 · 1016 0.633

Sim 9 6 6.001 0.016 1.0 · 1016 1.001 · 1016 0.083

Sim 10 3 3.009 0.309 9.0 · 1015 9.019 · 1017 0.507

Table 4.11: Comparison of target values and network outputs for the inverse OML problem

From Table 4.11, the accuracy of the results is found to be very good as expected from the

training performance. The discrete approach works perfectly for OML theory also. The polynomial

approach was not found to be handy since the error made in the fitting was important and results

deviated from the target ones This is mainly because of the form of the curve. Planar theory

for ∆V < 0 has a similar form of a parabola, but the OML theory has a more complicated one,

increasing the error of the fitting.

4.5 Ion temperature effect on the network output

Ion temperature has been assumed constant and equal to 1eV during both simulations, planar

and OML theory. This conclusion comes from the fact that changes on ion temperature do not

result in significant changes in the I-V curve. Consequently, the plasma parameters remain almost
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unchanged by this fact. In order to study the variation of the current with respect to the ion

temperature, for ∆V < 0 since it is when ion collection occurs, the derivative is calculated. From

Eqs. 2.18, 2.19, 2.21, and 2.22,

∂It
∂Ti

= −
Ithe

√
TeTi
µi

[√
π erfcx

(√
−Te∆V
Ti

)
+ 2eTe∆V/Ti

√
−Te∆V
Ti

]
2
√
πTi

(4.17)

The derivative of the current can be plotted against the ion temperature for different ∆V , to ob-

serve the magnitude of the ratio of change. The geometry of probe remains unaltered, and electron

temperature and plasma density will remain constant with magnitudes of 9eV and 1017 m−3.
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Figure 4.26: Derivative of the total current respect to ion temperature for ∆V < 0

The function represent the sensitivity of the total current to changes in the ion temperature. The

order of magnitude of this rate of change is 10−6 − 10−5. The variation in current can expressed

as,

∆It =
∂It
∂Ti

∆Ti (4.18)
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Te n∞

Target 9 1017

Output (eV ) Error (%) Output (m−3) Error (%)

Ti = 1eV 9.004 0.044 1.003 · 1017 0.299

Ti = 0.1eV 9.011 0.122 1.004 · 1017 0.398

Ti = 2eV 8.989 0.122 1.003 · 1017 0.299

Ti = 4eV 8.975 0.278 1.001 · 1017 0.100

Ti = 5eV 8.966 0.378 1.001 · 1017 0.100

Table 4.12: Output values of plasma parameters when varying ion temperature from the actual

value

where ∆Ti = Ti,used − Ti,actual, is the error between the ion temperature used in the calculations

and the real (unknown) ion temperature. Comparing the order of magnitude of this increment

of current with the order of magnitude, which is 10−3, of the total current at this ∆V , it can

be stated that, although the estimation of ion temperature is not correct, the change that will

produce this error in the total current values is small enough so that it will not influence the

output given by the network.

A numerical example is studied. A network was trained with I-V curves assuming that Ti = 1eV .

Then, the same network was tested for different I-V curves, each of them calculated with different

values of Ti. The results and differences in Te and n∞ are shown.

From the results in Table 4.12, it can be stated that the lack of information about the ion tem-

perature does not affect considerably the results. Moreover, it can be noticed that changes in Ti

mainly affects the electron temperature, not plasma density. From here, information about the

inside of the network functioning can be extracted. When training for this range of ∆V , plasma

density is not influenced by the change of Ti, meaning that the network gives less importance to

the input data corresponding to ion current collection in order to calculate plasma density. On

the other hand, Te is slightly more influenced by input data corresponding to ∆V < 0.

Moreover, the little influence that Ti has over the output, results in difficulties to obtain it as an

output parameter. The network has a hard time differentiating from one value of Ti to another,

since changes in the input by variations of ion temperature are almost negligible compared to

variations in current by a change in Te or n∞. This is the reason why Ti was kept constant during

the whole evaluation.

4.6 Experimental simulation

From the laboratory, experimental data was obtained. The Langmuir probe was introduced in the

plasma chamber and the bias was varied to construct the I-V curve. Each data file contains values

of total current when varying the bias. Moreover, a rough estimation of the electron temperature

and plasma density was given along the current law to have something to compare to. The value
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of plasma parameters were computed according to Lobbia in [28].

This method of calculating plasma parameters is an approximate evaluation that might results

in considerably error, but it will provide an arguable estimation. Plasma potential, Vs, will be

calculated using the theoretical method, which consist of identifying the potential at the inflection

point of the curve [7].

Figure 4.27 shows every I-V curve given by the lab measurements with the corresponding Te and

n∞ calculated with the previous least squares method. To obtain different measurements, the

probe was located at different positions, given by the parameter r?.
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Figure 4.27: Lab measurements at different positions with their associated electron temperature

and plasma density estimated

The network was trained exactly the same as the OML inverse simulation, with the exception of

the range of ∆V , which now will be [−80,−10]V . There two reasons behind this choice:

1. Data close to the plasma potential is not useful, since the magnetic field produced modifies

the electron current more than ion current.

2. When electron current is to large, it will disturb the plasma.

Experimental data gives the current for a given bias. The maximum value of the data derivative

will give Vs. Plasma potential is subtracted to the bias, obtaining ∆V . To simulate the network

with the experimental data, the values of current used as input are those given by the same values

of ∆V used for the network training. Once those values of current are found, the network is ready

to be simulated. The results are shown in Table 4.13.
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Vs (V )
Te (eV ) n∞ (m−3)

Lobbia o1 Error (%) Lobbia o2 Error (%)

r? = 0mm 75V 9.87 8.26 16.3 7.25 · 1016 7.29 · 1016 0.55

r? = 50mm 76.5V 10.08 8.94 12.7 5.35 · 1016 4.80 · 1016 11.6

r? = 100mm 73V 9.79 10.79 10.2 3.20 · 1016 3.33 · 1016 3.90

Table 4.13: Results of the network when simulating experimental data

From the results obtained, it is difficult to extract conclusions about their accuracy. The least

square method yields an approximate value, but not the actual one, so they should not be trusted

as the target ones. However, it can be said that results are good with a acceptable margin of

error. The values of plasma density are similar, meaning that n∞ should be around that value,

as proved by two different methods. Figure 4.28 shows the experimental current measurements

compared with the OML curve built with the Te and n∞ output values of the network.
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Figure 4.28: Experimental current measurements comparison with OML calculated with the net-

work output values for the probe postion r? = 0mm

From Figure 4.28, it can be observed clearly the error between lab measurements and the output

of the network. The ANN was trained with data obtained directly with the theoretical equations

and tries to give values of Te and n∞ associated to the curve given (experimental data). However,

it fails to give parameters which fit the experimental data. From this plot, it can be stated that

results obtained are an approximation of around what value plasma parameters should be, but

nothing accurate. To confirm the veracity of the network. The OML curve of Figure 4.28 is fed
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to the network and the output should be the same value that was given to build it, Te = 8.26eV

and n∞ = 7.29 · 1016.

Te (eV ) n∞ (m−3)

y1 o1 Error (%) y2 o2 Error (%)

8.26 8.26247 0.0299 7.29 · 1016 7.28950 · 1016 0.0068

Table 4.14: Verification of network functioning. Network fed with OML curve obtained with

output values of experimental data

Now that the network functioning has been verified, the imperfect fit between the neural network

output and the experimental curve was studied. To compare the output results and analyze

possible sources of error, the results for the probe position r? = 0mm are analyzed. The first

source of error is the estimation of Vs. It was done using the inflection point method, and there is

not assuredness that is the correct value. In fact, in Figure 4.29 it is demonstrated how changes in

plasma potential affect greatly the output values of plasma parameters calculated by the network.

They are plotted against the variation of Vs respect the plasma potential calculated with the

inflection method, Vs = 75V .
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Figure 4.29: Plasma parameters given by the network when changing the plasma potential a value

∆Vs respect plasma potential calculated with the inflection point method.



70 Chapter 4. Simulation, Results and Discussion

If plasma potential is miscalculated by an error of −5V or 5V , the error in Te would be of 17%

and 15% respectively, and the error in n∞, 2.7% and 12% respectively. From this study, obtaining

an accurate fit requires plasma potential to be estimated precisely. The idea of using the neural

network to calculate plasma potential would not work, because of the basic principle that the

input needed by the network is the current associated to a given ∆V , which in turn it is unknown

because of plasma potential. Therefore, a guess of Vs is needed.

Another reason because of the imperfect fitting lies on the validity of the model used, OML theory.

Since the network is trained with that theory, it will learn and improve its performance from the

relations established in it. The validity and limits of the OML theory will play an important role

in the prediction of the results. This theory is an upper limit on the ion current collected by the

probe, that is to say, the maximum current that is able to collect for that fixed radius. It is not

the real case, since some ions can be reflected by specific potential distributions around the the

probe [1]. In Figure 4.29, this fact can be noticed. Although, the value of plasma parameters

are not the exact ones, the ion current it is slightly observed to be greater (in absolute value)

for the OML theory. This theory will overestimate the ion current, which obviously will result in

different output values. Therefore, the goal to obtain the best fit given by the network respect

to experimental data, would be to train the network with the most accurate theory and being

able to predict plasma potential precisely. The next step in network training is to implement the

Orbital-Motion Theory (OM) described by Laframbroise in [25]. This theory relaxed the two first

assumptions of the Planar LP theory, keeping the others. The suppression of this two assumption

will make the theory harder, but more accurate. However, it has been demonstrated that ANN

can be trained by any kind of theory. If a database with this theory is calculated by any means,

ANN can be implemented and used to solve the inverse problem.
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Conclusion and Future work

Artificial Neural Networks has been demonstrated to be a powerful tool for the analysis of data.

The power of neural networks lies in their simplicity and the great variety of problems it can

solve. Once the network is trained, it becomes once of the fastest method to compute the output

because of its simple computations. Neural networks present numerous advantages. They are able

of handling any kind of data and are able to establish relations between input and output, even if

the user does not know them beforehand.

Artificial Neural Network has been successfully implemented in Planar theory and OML theory,

both forward and inverse problem. A framework based on theoretical background has been created

and analyzed for future research.

The ANN was learned from scratch and important conclusions about it have been learned. ANN

is as powerful as you desired it to be. One of the most important aspect of ANN is the data pre-

processing. Network without data pre-processing work very poorly. The data was scaled between

the activation function limits, improving performance and time, with the drawback of being more

tedious. It is one of the most critical steps for the correct functioning.

Other key aspect of ANNs is their structure. The architecture is found to play a important role on

the accuracy of the final results. It is determined that using more hidden layers is more beneficial

than using more neurons, since they add dimensionality to the problem, improving the network

ability to extract information about input/output relations.

This input/output relation plays an influential role. The input and output given to the network

(morphological parameters) must reflect the relation desired for the network to understand it. The

morphological parameters were completely different for inverse and forward problem. For forward

problem, the complete set of plasma parameters is needed along with the voltage. For the inverse

problem, two approaches studied resulted with good results: discrete and polynomial approach.

Polynomial approach provided better results for the Planar theory, but failed to give any good

results in the OML theory. On the other hand, the discrete approach served as a more general

and universal method and was implemented successfully in both Planar and OML theory with

excellent results predicting the plasma parameters.
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Therefore, it is concluded that in the theoretical frame of plasma diagnostics, Te and n∞ can be

calculated by any theory with an incredible small margin of error. The other plasma parameter

used in the equations, Ti was found to be negligible in the influence of the I-V curve. Diagnosis

using neural networks performed badly in output parameters that affect very little the overall

magnitude of the inputs. Ti was set as constant during the whole evaluation without any significant

variation in the results.

Although, the theoretical problem was solved perfectly, the importance of this method is its viabil-

ity of being implemented for experimental data. It can be said that the neural network produced

nearly as good results as the classical method of Lobbia [28]. Nevertheless, the disadvantage of

using ANN for plasma diagnostic was found to rely in the estimation of plasma potential. Vs

was calculated using a theoretical approach proved by [7]. In the experimental measurements,

Ie is affected by the magnetic field, concluding that the estimation of VS is probably wrong and

resulted in a negative influence in the output of the network.

Here is where the major disadvantage of the neural network is found. To work properly, it should

be simulated with data as similar as the one with which is trained. Training the network with data

obtained with theoretical equations and simulating it with experimental data might not be the

best approach, because of the discrepancies that exist between theory and practice. But here lies

the main problem about plasma diagnostics, it is difficult to obtain a theory that approximates

reality. Then, the plasma parameters obtained can be stated to be within a reasonable margin

of error, compared to the conventional processing. Error is analyzed and improvements can be

suggested. However, ANN as proposed by this work can be used once the theory is ready to obtain

plasma parameters from any proposed theory.

In order to achieve a better performance with the current theories different alternatives are pro-

posed. Adding the plasma potential as an output could be an important feature for the later

implementation in the experimental data. Obtaining a different set of morphological parameters

with stronger I/O relations. Study the effect of a ∆V mesh in the results and which values of

∆V will give the curreant values that will result in the best performance of the network. Also, an

increase in the database range is proposed, improving the robustness of the network, but a more

powerful processor would be needed.

It was concluded that the theories studied are not close to reality and a better theory is needed.

The next step is to implement the Laframboise theory, which is expected to work perfectly as

long as a god database can be produced. This theory will resemble results more similar to reality

improving accuracy in the plasma parameters.

One of the most promising ideas to solve the diagnostic problem is to train with experimental

data. If the error comes from the difference between theory and experiments. Training with

experimental data would allow the network to learn from it and adapt its behavior to extract

relation from lab measurements directly. The big disadvantage of this method is that plasma

parameters needs to be known for the network to be trained. If they can be know with certain

accuracy, this is the best alternative to implement ANN to plasma diagnostics.

A remoter solution is to create a network that can learn by itself, this is known as unsupervised

learning. This method needs tons and tons of data, but it could be able to learn independent

of which theory is applied. It could be used as an open source code where everyone can include
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databases, creating a robust neural network for plasma diagnostics application.

Artificial Neural Networks could be useful in cases where the essential requirement is speed and

huge amount of data needs to be processed. To obtain sufficient results, data should be pre-

processed accordingly and the accuracy on certain parameters shuold be improved, such as Vs. If

ANN are desired to be used in plasma diagnostics applications involving experimental measure-

ments, it should exist an standardization of the data, so that pre-processing has a common basis.

However, the main idea extracted from this work is that no matter which theory is used or which

experiment, Artificial Neural Network works.
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