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Abstract

The performance and functionality of semiconductor devices is directly affected
by the transport properties of carriers, as such many techniques for the extraction of
semiconductor parameters (i.e. the absorption coefficient a, the diffusion length L, the
dead layer thickness Zt, the surface recombination velocity S, and the relative
quantum efficiency Q) using the cathodeluminescence/EBIC in the Scanning Electron
Microscopy (SEM) were developed. In this work we develop novel and effective
approaches for the extraction of these semiconductor parameters directly from any
theoretical/experimental steady state cathodoluminescence (CL) signal/ Electron
Beam Induced Current (EBIC). Our extraction techniques based on Artificial Neural
Networks ANN /genetic algorithms (GA) allow us to obtain simultaneously near —
optimum values for the semiconductor parameters. Compared to other techniques in

the literature, our approaches are found to be efficient and successful.

La performance et la  fonctionnalit¢ des dispositifs  semi-conducteurs est
directement affecté par les propriétés de transport des minoritaires, de nombreuses
techniques  pour l'extraction de ces parametres de  semi-conducteurs (tels
que: le coefficient d'absorption a, la longueur de diffusion L, 1'épaisseur de la couche
isolatrice Zt, la vitesse de recombinaison de surface S, et le facteur de rendement
quantique relative Q) pour les méthodes cathodoluminescence/ EBIC de Microscopie
Electronique a Balayage (SEM) ont ¢ét€é développés. Dans ce travail, nous
développons de nouvelles approches d'extraction de ces parametres directement des
signaux cathodoluminescence(CL) / Courant induit de faisceau électronique (EBIC)
. Nos techniques d'extraction baser sur les réseaux artificiels

de neurones ANN / algorithmes génétiques (GA) permettent I'obtention
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simultanée des  valeurs proche de l'optimale des parametres de  semi-
conducteurs. Comparant avec des techniques trouvées dans la

littérature, nos approches sont efficace et tres réussites.

Gk, ABYI 3 Riadl) Sl s Ja pailiad o aaiad Leide s 5 il 5il) sl 3 ea) e i 0

joabaia¥) Jabaa U G o) J81 5l sl Cidlalas a5y s Sladl 235,88 5 e z3lai g
AR (aail) oSH pLa Y1 Gl Apndadl rlaxi¥l Ao yan A1 all Ailal) dSLew | jall JEY) Jsha
a3 Ui g SV el o g s 5Saal A g IV Aajally el Ll 6 éal) 40 S 3ela)
G Al (e i LV S Belial (gl (e 5 yntlie cBUbaall s2a ) ATaY 30a 5k Slails Jaal)
Vise Uil Y1 famal) Sl e sas e Lalad aaiad il sall 5 5ag0all L)l 2 SIY)
il Ll 80 g3 sall 3kl 45 jlie i alaall o] Aal) patl) e J saand) o i Aiall e ) 530)

Lo Joanall il JOUA (e Lol 5 Lyt Lo Ll



Table of Contents

Dedication
Acknowledgement
Abstract iii
Table of Contents v
List of Figures ix
List of Tables xii
Chapter 1 Introduction 14
1.1 Background 12
1.2 Aim of this Work 14
1.3 Thesis Organization 15
1.4 Thesis Contribution 17
Chapter references 18
Chapter 2 Scanning Electron Microscopy fundamentals 23
2.1 Introduction23
2.2 Interaction of the incident electrons with the irradiated matter24
2.2.1 Physical process 24
2.2.2 function of energy dissipation 26
2.2.3 electron range 27
2.2.4 generation of pairs 28
2.2.5 Generation volume 31
2.3 Cathodoluminescence (CL) 34
2.3.1 Physical process 34
2.3.2 Formation of the CL signal 36
2.3.3 Calculation of the CL signal using Hergert et al model =~ 37
2.4 Electron beam induced current (EBIC) 42
2.4.1 Physical phenomena 42
2.4.2 Calculation of the EBIC in a normal collector p-n junction configuration 43
2.4.2.1 The charge collection probability of Donolato44
2.4.2.2 Calculation of the EBIC 45
Chapter references 49
Chapter 3 Artificial Neural Networks 53
3.1 Introduction53
3.2 The neuron 54



3.3 Neural networks topology 57
3.4 Feedforward networks 57
3.4.1 Single layer feedforward networks 57
3.4.2 Multilayer feedforward networks58
3.5 The learning process 59
3.6 The learning algorithm 59
3.6 The backpropagation algorithm 60
3.6 The Levenberg Marquardt algorithm 61
3.7 ANN for function approximation 62
3.7.1 System identification 63
3.7.2 Inverse modeling 64
Chapter references 64
Chapter 4 Genetic algorithms 66
4.1 Introduction 66
4.2 The GA operators 67

4.2.1 Selection 67
4.2.2 Crossover 67
4.2.3 Mutation 67

4.3 The GA parameters 68
4.3.1 Population options 68
4.3.2 Fitness scaling options 68

4.3.3 Selection options 69

4.3.4 Crossover options 69

4.3.5 Mutation options 69

4.3.6 Stopping criteria options 70
4.4 The continuous GA algorithm 71
Chapter references 73

Chapter 5 Semiconductor parameter extraction using artificial neural networks and exhaustive
search 74
5.1 Introduction74
5.2 Parameter extraction based on ANN and exhaustive search 75
5.2.1 Preparation of the training and test data sets 75
5.2.2 Training the ANN algorithm 76
5.2.3 Testing the ANN algorithm 76
5.2.4 Oversampling of the signal using ANN 77
5.2.5 Parameter extraction through exhaustive search 77

5.3 Application to cathodoluminescence 79

vi



5.3.1 Training the ANN 80
5.3.2 Testing the algorithm 85
5.3.3 Oversampling of the CL signal 88

5.3.4 Exhaustive search 90

5.3.5 Effect of measurment noise 92
5.4 Application to EBIC94

5.4.1 Training the ANN 95

5.4.2 Testing the algorithm 99
5.4.3 Oversampling of EBIC 102
5.4.4 Exhaustive search 105
5.5 Conclusion 106
Chapter references 107
Chapter 6 Semiconductor parameter extraction using artificial neural networks and inverse
modeling 109
6.1 Introduction 109
6.2 Parameter extraction based on ANN and inverse modeling 110
6.2.1 Preparation of the training and test data sets 110
6.2.2 Training the ANN algorithm 111
6.2.3 Testing the ANN algorithm 111
6.3 Application to cathodoluminescence 112
6.3.1 Training the algorithm 112
6.3.2 Testing the algorithm 117
6.4 Application to EBIC120
6.4.1 Training the algorithm 120
6.4.2 Testing the algorithm 124
6.5 Conclusion 126
Chapter references 127
Chapter 7 Semiconductor parameter extraction using genetic algorithms 129
7.1 Introduction 129
7.2 Parameter extraction using genetic algorithms 130
7.2.1 Initialize the parameters 130
7.2.2 Define the objective function 130
7.2.3 Apply the genetic algorithm 130
7.2.4 Extract the solution 131
7.3 Application to cathodoluminescence 133
Effect of the initial population size 138
7.4 Application to EBIC139

vii



7.5 Conclusion 144

Chapter references

Chapter 8 Conclusion and future work

8.1 Conclusion 144
8.2 Future work 145
Author publications
Appendix A 148

143

147

viii



List of Figures

Figure 2.1: Schematic geometry of the initial steps of electron scatterings . 24

Figure 2.2: A schematic illustration of elastic and inelastic scattering of an incident electron
with a sample's atom 25

Figure 2.3: Schematic diagram of signals generated due to electron beam interaction with
bombarded specimen. 26

Figure 2.4: Monte Carlo simulation of the energy dissipation in a Silicon sample using the
slowing down approximation of Bethe for various values of the incident energy beam. 30
Figure 2.5: Monte Carlo simulation showing the size of the interaction volume as a function
of the energy beam (number of electrons is 250).32

Figure 2.6: Monte Carlo simulation showing the size of the interaction volume as a function
of the atomic number (number of electrons is 250 with initial energy of 15KeV). 32

Figure 2.7: Monte Carlo simulation showing the interaction volume as a function of the tilt
angle (number of electrons is 250 with initial energy of 15KeV). 33

Figure 2.8: The three main approximations of the generation volume shape: (a) pear, (b)
spherical, and (c) hemispherical.33

Figure 2.9: Schematic illustration of intrinsic luminescence in direct (a) and indirect (b)
semiconductors.35

Figure 2.10: Schematic illustration of extrinsic luminescence: (1), (2) band-donor or acceptor,
(3), (4) donor-acceptor. 35

Figure 2.11: Schematic illustration of the model employed for deriving CL signal. 36
Figure 2.12: CL signal calculated using the model of Hergert et al with a Wu and Wittry
generation rate for a GaAs semiconductor: (a) dependence on diffusion length L, (b)
dependence on dead layer thickness Zt, and (c) dependence on absorpetion coefficient a. 41
Figure 2.13: Different configurations used for EBIC measurements, the shades area represents
the built-in potential: (a) and (c) are normal configurations, (b) and (d) are planar
configurations. 43

Figure 2.14: Normal collector configuration of a p-n junction, with x distance between the
beam and the junction. 44

Figure 2.15: EBIC profiles for the region around the edges of a depletion layer located at
0.3um: (a) different values of the diffusion length L (S=0), (b) different values of the surface
recombination velocity (L=3um). 48

Figure 3.1: Biological neuron (a), and an artificial neuron (b). 55

1X



Figure 3.2: Types of activation functions: (a) Threshold function, (b) Piecewise-linear
function, (c) Sigmoid function. 56

Figure 3.3: Feedforward network with a single layer. 58

Figure 3.4: Typical feedforward network with two hidden layers and an output layer. 58
Figure 3.5: ANN system identification. 63

Figure 3.6: ANN inverse modeling. 64

Figure 5.1: Training curve of the ANN (CL). 82

Figure 5.2: Percentage error between theoretical training CL signal and the training CL signal
calculated by ANN. 83

Figure 5.3: Probability density function PDF(bars) and cumulative density function CDF
(solid line) of the percentage error of the training set (CL). 84

Figure 5.4: Percentage error between the theoretical test CL signal and the test CL signal
calculated by ANN. 86

Figure 5.5: PDF and CDF of the percentage error for the test set (CL). 87

Figure 5.6: Percentage error between the theoretical oversampled CL signal and the
oversampled CL signal calculated by ANN. 90

Figure 5.7: PDF and CDF of the percentage error for the oversampled set (CL). 90

Figure 5.8: PDF and CDF of percentage error of the parameters a, L, Zt, Q. 91

Figure 5.9: PDF and CDF of percentage error of the parameters a, L, Zt, Q with a SNR of 10
dB. 93

Figure 5.10: PDF and CDF of percentage error of the parameters a, L, Zt, Q with a SNR of 20
dB. 93

Figure 5.11: PDF and CDF of percentage error of the parameters a, L, Zt, Q with a SNR of 30
dB. 94

Figure 5.12: Training curve of the ANN (EBIC). 96

Figure 5.13: Percentage error between theoretical training EBIC and the training EBIC
calculated by ANN. 97

Figure 5.14: Probability density function PDF (bars) and cumulative density function CDF
(solid line) of the percentage error for the training set (EBIC). 98

Figure 5.15: Percentage error between the theoretical test EBIC and the test EBIC calculated

by ANN. 100

Figure 5.16: PDF and CDF of the percentage error for the test set (EBIC). 101

Figure 5.17: Percentage error between the theoretical oversampled EBIC and the oversampled
EBIC calculated by ANN 103

Figure 5.18: PDF and CDF of the percentage error for the oversampled set (EBIC). 104

Figure 5.19: PDF and CDF of percentage error of the parameters L, S. 105
Figure 6.1: Training curve of the ANN (CL) 114



Figure 6.2: Percentage error between theoretical parameters and the parameters calculated by
ANN for the training set (CL).. 115

Figure 6.3: Probability density function PDF (bars) and cumulative density function CDF
(solid line) of the percentage error of L, a, S, Q,and Zt for the training set 116

Figure 6.4: Percentage error between the theoretical parameters and the parameters calculated
by ANN for the test set (CL). 118

Figure 6.5: PDF and CDF of the percentage error of L, a, S, Q,and Zt for the test set. 119
Figure 6.6: Training curve of the ANN (EBIC) 122

Figure 6.7: Percentage error between theoretical training parameters and the parameters
calculated by ANN (EBIC). 123

Figure 6.8: PDF (bars) and CDF (solid line) of the percentage error for the training set
(EBIC).123

Figure 6.9: Percentage error between the theoretical parameters and the parameters calculated
by ANN for the test set (EBIC) 125

Figure 6.10: PDF and CDF of the percentage error of L, S of the test set 126

Figure 7.1: Flowchart of the proposed parameter extraction algorithm based on GA 132
Figure 7.2: Cost surface of the objective function of the two parameters L and a. 134

Figure 7.3: Convergence of the GA: (a) best and mean fitness, (b) average distance between
individuals 135

Figure 7.4: PDF (bars) and CDF (solid line) of the percentage error for each of the
parameters L, a, S, Q,and Zt.. 137

Figure 7.5: PDF and CDF of the percentage error for each of the parameters L, and S. 141

X1



List of Tables

Table 5.1: Summary of different steps of the parameter extraction algorithm based on ANN

and exhaustive search 79

Table 5.2: Semiconductor parameters used for training (CL) 81

Table 5.3: ANN parameters used for training (CL) 82

Table 5.4: Error for 95% and 100% of the training samples (CL) 84

Table 5.5: Semiconductor parameters used for testing the ANN (CL) 85

Table 5.6: Error for 95% and 100% of the test samples (CL) 87

Table 5.7: Semiconductor parameters used to obtain the oversampled CL signal 88

Table 5.8: Error for 95% and 100% of the oversampled samples (CL) 90

Table 5.9: Error of the four parameters a, L, Zt, Q for 95% and 100% of the cases92

Table 5.10: Semiconductor parameters used for training (EBIC) 95

Table 5.11: ANN parameters used for training (EBIC) 96

Table 5.12: Error for 95% and 100% of the training samples (EBIC) 99

Table 5.13: Semiconductor parameters used for testing the ANN (EBIC) 99

Table 5.14: Error for 95% and 100% of the test samples (EBIC) 101

Table 5.15: Semiconductor parameters used to obtain the oversampled EBIC 102

Table 5.16: Error for 95% and 100% of the oversampled samples (EBIC) 104

Table 5.17: Error of the two parameters L, S for 95% and 100% of the cases (EBIC) 106

Table 6.1: Semiconductor parameters used for training (CL) 113

Table 6.2: ANN parameters used for training.(CL) 114

Table 6.3: Percentage error of the five parameters L, a, S, Q,and Zt for 95% and 100% of the

training samples (CL) 117

Table 6.4: Semiconductor parameters used for testing the ANN (CL). 117

Table 6.5: Percentage error of the five parameters L, a, S, Q, Zt for 95% and 100% of the test

samples . 119

Table 6.6: Semiconductor parameters used for training (EBIC). 121

Table 6.7: ANN parameters used for training (EBIC). 121

Table 6.8: percentage error of the two parameters for 95% and 100% of the samples (EBIC).
124

Table 6.9: Semiconductor parameters used for testing the ANN (EBIC). 124

Table 6.10: Percentage error of the two parameters L and S for 95% and 100% of the samples.
126

Table 7.1: Lower and upper bounds of semiconductor parameters (CL) 133

Xii



Table 7.2: GA parameters (CL) 134

Table 7.3: Maximum percentage error of the five parameters L, a, S, Q, and Zt for 95% and
100% of the runs, respectively 137

Table 7.4: Maximum percentage error of the five parameters L, a, S, Q, and Zt for 95% and
100% of the runs, respectively, with different initial population size 139

Table 7.5: Lower and upper bounds of semiconductor parameters (EBIC) 140

Table 7.6: GA parameters (EBIC) 140

Table 7.1: Maximum percentage error of the two parameters L. and S for 95% and 100% of

the runs, respectively 141

Xiii



Chapter 1 General Introduction

Chapter 1

Introduction

Contents

1.1 BACKEIOUNA ..ottt
1.2 AIm Of thiS WOTK ..eiiiiiiiiiii et
1.3 ThesiS OTZANIZAtION ...c..veieriiieeriiieeriieeesieeeiteeeiteeeiteesieeestteessbaeesabaeesasaeesaneeesaseesnnes
1.4 ThesiS CONIITDULIONS ....ceouviiiieriieiiieeiie ettt ettt ettt

ChaPLET TEIETENCES ....eeiiiiiiiiiiiiiieee et ettt e

1.1 Background

The investigation of electronic and optical properties of semiconductors is of
fundamental importance as the performance of electronic devices is dictated by the
properties of the carriers inside the materials. The scanning electron microscopy has
proven to be an effective, useful and nondestructive technique in the characterization
of semiconductor materials. In scanning electron microscopy, Electron Beam Induced
current (EBIC) and Cathodoluminescence (CL) have been extensively used as an
analytical tool in the characterization of semiconductor materials. They have been
widely used for the investigation of crystal defects in semiconductors [1-7] and for the
extraction of defect free region semiconductor parameters such as: absorption
coefficient (a), diffusion length (L), dead layer thickness (Zt), relative quantum

efficiency (Q) and the normalized surface recombination velocity (S) [8-14]. The

14



Chapter 1 General Introduction

extraction of these parameters is difficult because of there nonlinear and complex
effect on the CL/EBIC signal, and the high interaction between theme.

The parameter extraction problem is a multi-minimum optimization problem
[15,16] and it can be solved using several optimization techniques, which can be
roughly classified into two categories: deterministic optimization algorithms (pseudo-
objective function substitution method (POSM)[17], Levenberg-Marquardt [18], the
gradient descent methods [19],... ) and stochastic optimization algorithms ( simulated
annealing method (SA) [20], simulated 1-diffusion method (SD)[21], genetic
algorithms (GA) [22, 23]...). These methods were applied to parameter extraction of
semiconductor devices and integrated circuits [22-32].

Optimization algorithms tend to adjust the inputs such that the cost function, also
known as the objective function, is either minimized or maximized (depending
whether it is a minimization or a maximization problem). One of the largest problems
in optimization is to determine whether the solution found is a global solution
(corresponds to finding the global minimum/maximum) or a suboptimum solution
(corresponds to finding the local minimum/maximum).

The parameter extraction can be described as an optimization problem as follows:
suppose that a process f has an output y which is a function of a set of parameters x,
that is: y = f(x). Given a process output measurement y’, the parameter extraction
problem is equivalent to minimizing the error function E(x) with respect to the
process parameters X, subject to a set of constraints C. The error function E(x) is a
general error function between y' and f(x), that is: E(x) = E(y'-f(x)) and it represents
the objective function to be minimized. The optimization process determines the set
of parameters X that minimizes the objective function E(x) subject to the set of

constraints C (i.e. the upper and lower bounds on parameters), that is:

15



Chapter 1 General Introduction

x" =argmin (E (x)) (1-1)

X
subject to C

1.2 Aim of this work

The aim of this work is to extract the defect free region semiconductor parameters
from the EBIC/CL signals using advanced signal processing techniques. Particularly,
we are interested in the simultaneous extraction of related semiconductor parameters
(a, L, S, Zt, Q) from any EBIC/CL; our novel approaches are based on powerful
modeling and optimization techniques: Artificial Neural Networks and Genetic
Algorithms. To the best of our knowledge, no work has been reported in this regard.

Artificial neural networks have many desirable properties such as: their ability to
learn by example through training, their ability to generalize and predict, and finally
their inherent parallel computation capability. These, characteristics suggest that they
can be used for modeling of complex systems and processes and consequently
motivated us to employ them for the modeling of the EBIC/CL signal generation
process.

At the other hand, by being able to formulate the semiconductor parameter extraction
problem as an optimization problem, suggests that powerful optimization techniques
can be used to find near-optimum solutions with reasonable cost. This motivated us
to explore the feasibility of using evolutionary optimization algorithms that exhibit
many desirable properties such as, their moderate computational complexity and their
excellent performance. Because genetic algorithms are the most popular evolutionary

algorithms, we use them here for semiconductor parameter extraction.

16



Chapter 1 General Introduction

1.3 Thesis organization
The dissertation is divided into the following chapters:

e Chapter 1 gives a brief background about the semiconductor parameter
extraction problem, describes the aim of the dissertation and its major

contributions to the literature.

e Chapter 2 talks about the fundamentals of CL and EBIC in the Scanning
Electron Microscopy. The chapter also describes the Monte Carlo
simulation of the electron beam interactions with the semiconductor
material. Additionally, MATLAB related codes are reported in the

Appendix.
e Chapter 3 contains fundamentals of Artificial Neural Networks.
e Chapter4 contains fundamentals of Genetic Algorithms.

e In chapter5 a new approach based on feedforward ANN and exhaustive
search for the simultaneous extraction of related semiconductor parameters

is developed.

e In chapter6 a new approach for the simultaneous extraction of related
semiconductor parameters based on feedforward ANN and inverse modeling

is developed and described.

e In chapter7 a new approach for the simultaneous extraction of related

semiconductor parameters based on genetic algorithms is developed.

e Chapter 8 consists of a conclusion that summarizes the results and the
contributions of the dissertation, and discusses some recommendations for

future work.

17



Chapter 1 General Introduction

1.4 Thesis contributions

The major contribution of this work resides in the introduction of new signal
processing techniques to the field of scanning electron microscopy which opens the
door widely to the use of these techniques in other related fields. The main

contributions of the dissertation are summarized into the following points:

e Development of a new approach that is based on ANN and exhaustive

search for the simultaneous extraction of related semiconductor parameters.

e Development of a new approach that is based on ANN and inverse modeling

for the simultaneous extraction of related semiconductor parameters.

e Development of a new approach that makes use of Genetic Algorithms for

the simultaneous extraction of related semiconductor parameters.

Chapter references
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Scanning Electron Microscopy Fundamentals
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2.1 Introduction

The Electron Microscopy [1,2,3,4] was developed due to the limitations of
light microscopy [5], it has been an important tool for the study and analysis of
different specimens, it permits the observation and characterization on a nanometer to
micrometer scale.

The Scanning electron microscopy SEM [1,2,3.4] is a type of Electron Microscopy, it
is one of the most widely used techniques in research and industry. Basically a beam
of highly accelerated electrons that typically has an energy ranging from 0.5 KeV to
50 KeV bombard a sample to be examined; When they penetrate into the sample they
undergo interaction processes (figure2-1) that may result in the loss of energy, change

of direction, and the creation of secondary signals (electron signals or photon signals).
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Incident electron
beam with energy E,

Figure 2-1. Schematic geometry of the initial steps of electron scatterings.

2.2 Interaction of the incident electrons with the irradiated matter

2.2.1 Physical process

Generally, the interaction processes that undergo the incident electrons can be
grouped in two types [6]:

Elastic: in which only the trajectory of the incident electron changes while the
kinetic energy and velocity remain constants. Elastic scattering results from the
deflection of the incident electron by the positive charge of the nucleus of the atoms
of the sample. It gives rise to high energy backscattered electrons. The cross section
for elastic scattering obeys an inverse square dependence with the electron beam

energy, and a squared proportional with the atomic number of the sample.
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Inelastic: in which the incident electron lose significant and definite amount of
energy, inelastic process occurs during the interactions of the incident electron with
the electrons and atoms of the sample.

A schematic illustration of the elastic and inelastic interactions is illustrated in

figure2-2.

Generated
signal Y \

| ¢elastique
I I
I

¢inelastique
Inelastic Elastic
scattering scattering

Figure2-2. A schematic illustration of elastic and inelastic scattering of an incident

electron with a sample's atom.

As a consequence of the inelastic interactions a wide range of secondary
signals are produced, Figure2-3 illustrates these signals (The directions shown doesn't

represent the physical direction of the signal).
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Primary electron
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Backscattered
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Figure 2-3. Schematic diagram of signals generated due to electron beam interaction

with bombarded specimen.

2.2.2 Function of energy dissipation

Constantly the inelastic processes reduce the energy of a primary electron,
finally to the point at which it is "captured". It is useful to study the energy loss of the
incident electrons quantitatively as a function of the distance traveled and also the
target composition (atomic number Z, atomic weight A, and density p). Bethe in 1933
derived the continuous energy loss approximation for all inelastic processes, the
energy loss per unit of distance traveled by the incident electron dE/ds (the electron

beam suffers a mean energy loss dE in penetrating a distance ds) is given by [7, 8]:
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di__Z;re4
ds

(2-1)

NZ 1n(aE eV )j
J

where E is the kinetic energy of the electrons, e is the electron charge, N is the
number of atom's/cm’, and Z is the atomic number of the sample. Bethe gave for the
constant a=2, J is a function of the atomic number and is given by [7, 8]:

J(V)=11.5Z (2-2)
(2-2) can be expressed as follows:

di__Z;ze4
ds

(2-3)

NZ m(%j

11.5Z

It is suitable to express the energy loss in the unit of KeV/um, and in terms of the

atomic weight and density of the target material, (2-3) becomes [7, 8]:

@€ _ —7.83(’02 )m(lME j (Kev j (2-4)
ds AE Z Hm

where, p(g/cm’) is the sample density, and A(g) is the atomic weight of the sample.

2.2.3 Electron range

As a result of the elastic and inelastic scatterings that the incident electrons
undergo within the material, the original trajectories are randomized. The distance
traveled between the point of entry and the final resting place of an incident electron
undergoing inelastic scatterings is the Bethe range Rg, it is defined from the Bethe

equation as follows [8,9]:

o 1
R, (cm)= J.Eu 15 7dS dE (2-5)
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(2-5) overestimates the electron range because it neglects the effect of elastic
scatterings. The effective depth to which energy dissipation extends is much
smaller and it is known as Gruen range or penetration range R., it is a function of

the primary energy beam Ey and it is given by this general formula [10]:

R=(K/pES (2-6)
where p is the material density in g/cm3, K and o depends on the atomic number

and Ey. Everhart and Hoff, for example, proposed for K, a and R the values [10]:

R (um) =(0.0398/ p)E 7 (2-7)

where Ej is in KeV.
Whereas kanaya and Okayam proposed the following expression [10]:

R (um) = (0.0276A / pZ ***)E 7 (2-8)

0
where A is the atomic weight in (g/mol), Z is the atomic number, and E, is in

KeV.

2.2.4 Generation of pairs

The generation of electrons-holes pairs is an inelastic process escorting the
penetration of electrons inside the semiconductor sample; we can define a function
G (F ,R ) describing the distribution of generated pairs in the volume. It corresponds to
the number of generated pairs per unit volume and unit time (cm™.s") in the point
spotted by the vectorr(x,y,z). The parameter R here indicates the dependence on

the energy beam.

Virtually, we don’t need to know the explicit form of the function G but only its

projection on a plan. If the projection of G on the plan (xy), for example, is g(z) it
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corresponds to the number of pairs generated per unit depth per unit time. It is given

by the following formula [8,11] :

I, dE
qE._, dz

g(z)= (2-9)

where Iy is the incident electron beam current, q is electronic charge, E. is the
mean energy required to create an electron-hole pair, and dE is the mean energy loss

per depth dz.

If we normalize the mean energy loss to the energy beam, and the depth to the

electron range we can define the depth-dose function as follows:

_d(E/E,)

#z/R) d(z /R)

(2-10)

The depth-dose function represents the number of electron-hole pairs generated

per electron of energy E per unit depth per unit time

Equation (2-9) becomes:
IOE‘O
z)=——¢(z /R -
g(z) E_R $(z IR) (2-11)
In figure2-4 we reported the variation of the energy dissipation with the depth for
different values of the incident energy beam using a Monte Carlo simulation (the code

is detailed in Appendix A) in a silicon sample.
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E,=10KeV

Ey,=15KeV

Ep=20KeV

Energy dissipation

Figure2-4. Monte Carlo simulation of the energy dissipation in a Silicon sample using
the slowing down approximation of Bethe for various values of the incident energy

beam.

The choice of the generation function is important to get a good accuracy for
semiconductor parameter measurements. Various analytical generation functions have

been published; the most famous are:

e Everhart and Hoff have proposed for the depth-dose function a polynomial

expression [10,12]:

#(z /IR)=0.60+6.21(z /R)—12.40(z /R)* +5.69(z /R)’ (2-12)

It is the most used because of its simplicity.

e Wittry proposed a Gaussian function [13]
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z/R-u, ’
#(z/R)=Aexp| —-| ——— (2-13)
Au
e Kyser proposed a modified Gaussian function [14]:
2
§2 IR) = Acxp (&j Bpiwj .14
Au u,

where, A, uy, Au, B, b are constants.

The number of pairs created in the sample per unit time is the total generation

rate Go(s'l) [8]:

G, =j:g(z )dz (2-15)

2.2.5 Generation volume

The generation volume or interaction volume is the 3-dimentional space in which
primary incident electrons have enough energy to interact with the specimen. Its
shape and its size are controlled by both elastic and inelastic interactions: if elastic
scatterings are the dominant interaction, electrons tend to scatter away from their
original direction which gives "width" for the interaction volume. However if
inelastic scatterings are the dominant interactions, electrons are less deviated; they
penetrate into the sample along their original trajectories and lose energy as they

penetrate.

The two factors that can determine which interactions, elastic or inelastic, can

dominate are the primary energy beam and the atomic number of the sample.

As the primary energy beam increases, the incident electrons penetrate into the
sample along a path close to their incident direction, as they lose energy by inelastic

scatterings the probability of elastic scatterings increase so they begin deflected into
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the sample. Figure2-5 shows a Monte Carlo simulation (see Appendix A for the

MATLAB code) of the generation volume as a function of the energy beam.

0.2

04

06- 4 06 06

08 4 08 0.8

figure2-5. Monte Carlo simulation showing the size of the interaction volume as a

function of the energy beam (number of electrons is 250).

Electrons entering a high atomic number sample are scattered away from their
original directions. However in a low atomic number sample electrons penetrate into
the sample and can lose energy by inelastic scatterings till their energy is such that the
elastic scatterings can dominate. Figure2-6 shows a Monte Carlo simulation (see
Appendix A for MATLAB codes) of the generation volume as a function of the

atomic number of the target.

Ge (Z=32) Ag (Z=47)

figure2-6: Monte Carlo simulation showing the size of the interaction volume as a
function of the atomic number (number of electrons is 250 with initial energy of

15KeV).
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The tilt angle, which is the angle between the sample surface and the horizontal
plane, determines the symmetry of the interaction volume; as the sample is tilted away
from the horizontal the interaction volume appears asymmetric. Figure2-7 shows a
Monte Carlo simulation (see Appendix A for MATLAB codes) of the generation

volume as a function of tilt angle.

-8.
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figure2-7. Monte Carlo simulation showing the interaction volume as a function of

the tilt angle (number of electrons is 250 with initial energy of 15KeV).

From figure2-5,2-6 and 2-7 we can see that the boundaries of the generation
volume can not be well defined but only approximated. Generally the shape of the
generation volume is approximated to one of three main shapes: pear, spherical, or

hemispherical shape (figure2-8).

Electron Electron Electron
beam beam beam

(@) (b) (c)

Figure2-8. The three main approximations of the generation volume shape: (a) pear, (b)

spherical, and (c) hemispherical.
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2.3 Cathodoluminescence (CL)

The cathodoluminescence (CL) analysis permits the evaluation of different
properties of materials. For example; the CL spectroscopy can be used in the
identification and measurement of luminescent center concentrations and distribution,
the dependence of CL intensity on electron beam voltage is used to determine
electronic properties (carrier diffusion length, surface recombination velocity...), CL
maps can be used to find the concentration and distribution of defects

(dislocations...).

2.3.1 Physical phenomena

The cathodoluminescence is the emission of photons from a solid supplied with
electron excitation or cathode rays. As mentioned earlier, the inelastic processes
occurring during the penetration of the incident energetic electrons in the bombarded
sample generate electron-hole pairs, the excess carriers diffuse inside the material and

recombine, either by radiative or nonradiative processes.

The radiative recombination may be an intrinsic or extrinsic mechanism

[10,15,16] :

Intrinsic luminescence results from the recombination of electrons and holes
across the fundamental energy gap; it is an intrinsic property of the material. In
indirect gap semiconductors the recombination must be accompanied by the
simultaneous emission of a photon and a phonon to conserve the momentum. A
schematic illustration of the intrinsic luminescence in direct and indirect

semiconductors is presented in Figure2-9.
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Figure2-9 —Schematic illustration of intrinsic luminescence in direct (a) and indirect

(b) semiconductors.

Extrinsic luminescence results from the radiative transitions involving shallow or

deep energy states located within the forbidden band gap in both direct and indirect

semiconductors. A schematic illustration of the extrinsic emission is reported in

figure2-10.

conduction
band
[ S _Donors
level
ga (1 (2 (3 (4
p ) ) ) )
Y Acceptor
___________________________ s level
Y Valence
band

Figure2-10 —Schematic illustration of extrinsic luminescence: (1), (2) band-donor or

acceptor, (3), (4) donor-acceptor.
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2.3.2 Formation of the CL signal

Let us consider a semi infinite homogenous n-type semiconductor, bounded by the
top surface (figure2-11), having minority carrier (holes) diffusion coefficient and life
time D, and 7, respectively, and surface recombination velocity v,. bombarded on

the top surface by an electron beam of energy E,.

Electron/beam E, (KeV)

surface ‘/

z g(r)

Generation
volume

semiconductor

Figure2-11. Schematic illustration of the model employed for deriving CL signal.

The generation of photons is essentially governed by the stationary excess
minority carriers concentration p(r); which in the steady state obeys the differential

equation given by [16,17,18]:

p(r)

Dszp(r)—TJrg(r):O

(2-16)

where, g(r) is the generation rate per unit volume and unit time.

With the boundary condition at the top surface, that takes into account the surface

recombination:
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Dp[dz(r)jﬂsp(r)

zZ

(2-17)
The generation of photons is essentially governed by the stationary excess

minority carriers’ concentration p(r).

p(r)
Ie, ~ | —dv
A\

r

(2-18)
After radiative recombination occurs the emitted photons propagate inside the

semiconductor, due to optical absorption and reflection losses not all generated

photons are emitted; only a fraction of them is coming out from the material. Thus

the total CL intensity; which is the number of photons emitted per unit time; is given

by [10, 19, 20]:

T

r

I, =jF(z)p(r)dV
v (2-19)

where, 7, is the radiative recombination lifetime of the minority carriers, and F is the

correction function for optical absorption and reflection losses.

2.3.3 Calculation of the CL signal using Hergert et al model

Many models were proposed for the calculation of the cathodoluminescence
signal, using analytical approach [10, 20, 21, 22] or using Monte Carlo simulation
[25]. We choose the model of Hergert et al [22-23-24] because of its simplicity. The

details of that model are given now.

In this model the equation (2-19); which is the current of photons modified by the

internal absorption of the luminescence radiation; is written as follows:
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T

9
I, = 27[{ sin 6d Hje’az reoso PT) 4y
0 y r (2-20)

where 6. is the critical angle of the total reflection, and a is the absorption

coefficient of the semiconductor.

The minority carrier density in (2-20) is obtained from the continuity equation

in cylindrical coordinates:

or

2
19 rap +ap—ip:—ig(r,z)
r or oz L’ D
(2-21)

The boundary conditions for the geometry of semi infinite semiconductor of

figure2-11 are as follows:

p %
" oz

=v p(z =0)
- (2-22-a)

p(z ->0)=0 (2-22-b)

The electron-hole pairs due to absorption of internal luminescence are not taken

into account.

To solve (2-21) a Hankel transform of order O is used; the Hankel transform and

the inverse Hankel transform of minority carrier density are given by:

p(d,z)= T p(r,z)J,(Ar )rdr
0 (2-23-a)

p(r,z):Tﬁ(ﬂ,z)Jo(ﬂr)ﬂdﬂ
0 (2-23-b)

where, J,is the Bessel function of first kind of order 0.
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This gives the following equation:

d? . , 1) . 1 .
Z2 p(ﬂ,Z)— A +F p(/l’z):_gg(/l’z)
(2-24)
(2-24) is soled using Green's function, which leads to:
- 1 7 o~
p(Lz)=——[G(z,2", g (4.2)
47D 1
(2-25)
where G(z,z'4) is the Greens function of (2-24).
with:
K 1
[rdry o (Ar) =5(2) -
0 (2-26)
where ¢ is the Dirac delta function.
Equation (2-20) becomes as follows:
T 0, © ')
I, = —Djsin 040[dz'[G (z,2",0)§ (0,2 ~"'*dz
(2% ) 0 0 (2-27)

The CL signal was then expressed by a universal function which depends only

on the depth distribution g(z) as follows:

d(x,z,) :Ie_“g(z +z,)dz
0

(2-28)
and the CL signal is then given by:
1, =2~ [sin6d 0F (@)
fr o (2-28)
with:
a=alcosd (2-29-a)

39



Chapter 2 Scanning electron microscopy Fundamentals

—XZt

G e CLx+S (1
F (X) = m{@(x ,Zt) 1S q)[ . 7t jj| (2-29-b)

where:

e Gy is the total generation rate of the minority carriers.

e 7=1,7/(r, +7.) is the total life time with 7, and 7, are the non radiative
and radiative life time of the semiconductor, respectively.

e L is the diffusion length of the excess minority carriers.

e g is the depth distribution function of the generation rate.

e Zis the distance from the surface.

e S is the normalized surface recombination velocity given by: S=Vs/Vd.
where Vs is the surface recombination velocity and Vd is the diffusion
velocity given by: Vd=L/z.

The depth distribution of the energy dissipation is of Wu and Wittry, it is the

modified Gaussian approximation of Kyser[14] reported in (2-14). It can be written

pu) = Aexp{—(u Yo j }—B exp(—b—u]
Au u, (2-30)

where: u=pZ/R , p(g/cm’) is the density of the semiconductor material and Z is the

as:

depth.

The electron range R is:

2.56x10°

R(cm) (E,(KeV )/30)"

(2-31)
For GaAs: uy=0.125, 4u=0.350, b=4, and B/A=0.4, the atomic number is 32,
and the critical angle is 16°. Figure2-12 illustrates CL signals calculated using the

approach described before.
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Figure2-12. CL signal calculated using the model of Hergert et al with a Wu and Wittry
generation rate for a GaAs semiconductor: (a) dependence on diffusion length L, (b)

dependence on dead layer thickness Zt, and (c¢) dependence on absorpetion coefficient a.
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2.4 Electron beam induced current EBIC

The electron beam induced current (EBIC) technique allows examining
semiconductor materials and looking for features such as crystallographic defects, as
well as giving information about the semiconductor parameters that characterize the

material such as the diffusion length and the surface recombination velocity.

2.4.1 Physical phenomena

As mentioned earlier, the inelastic processes occurring during the penetration of
the incident energetic electrons in the bombarded sample generate electron-hole pairs,
the excess carriers diffuse inside the material, when the semiconductor sample
contains internal electric field (p-n junction or Schottky junction) the charge carriers
are separated by that field and minority carriers can therefore reach the junction by
diffusion this results in a charge-collection current or electron beam induced current
EBIC, which can be amplified and measured externally when an external circuit is

connected to the ends of the junction.

The EBIC can be performed in one of two modes:

e Planar configuration in which the junction (p-n junction or Schottky

junction) is perpendicular to the electron beam.

e Cross sectional or normal configuration in which the junction (p-n junction

or Schottky junction) is parallel to the electron beam.

These configurations are illustrated in figure2-13.
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Figirel3. Different configurations used for EBIC measurements, the shades area
represents the built-in potential: (a) and (c) are normal configurations, (b) and (d) are

planar configurations.

2.4.2 Calculation of the EBIC current in a normal-collector p-n junction

configuration

One of the most used configurations is the normal p-n configuration, the electron
beam scanned over the surface and the steady state EBIC is measured as a function of

the distance x;, between the junction and the beam position (figure2-14.).
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Figure2-14. Normal collector configuration of a p-n junction, with x distance between

the beam and the junction.

2.4.2.1 The charge collection probability of Donolato

The model of Donolato [27] for the charge collection probability which is the

EBIC due to a point source is detailed in this section.

In this model the presence of the back surface of the diode is neglected (sample
thickness considered infinite) and the transport of the minority carriers generated by
the electron beam in the neutral material (n type) is described by the steady state

diffusion equation (2-16) [27].

According to [27], the configuration of figure2-14 has translational invariance
along the y axis, in the sense that the contribution to the collected current of any
source element doesn’t depend on its y coordinate. Thus the collected current depends

only on the projected generation on the xz plane:

g(x.2)= [ g(x.y.2)dy
- (2-32)
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Equation (2-16) becomes:

Dpvzpbgz)—££§l£2+g(x,z)=0 (2-33)
T

The boundary conditions on the surface and at the junction plane are:

p=0 at x =0 (2-34-a)
op _ _

with S the normalized surface recombination velocity.

The solution of (2-33) is then:

p(x,Z)=IdX'Ig(x',Z')G(LX’,z,Z')dZ' (2-35)
0 0

where G(x,x',zz') is the Green's function for equation (2-33) satisfying the
boundary conditions (2-34).

The charge collection probability i(x',z') at a point (x',2') is :

©0G
i(x,z)=D|—I _,dz 2-36
(x2) I o (2-36)
Finally Donolato calculated the charge collection probability as follows:

i(x,z):exp(—ﬂm)—z—S

pul| m exp(—uz )sin(kx )dk (2-37)

where A=1/L , L is the diffusion length of minority carriers, k is a constant, and
//t:(k2+/12)1/2.

For more details about calculation of (2-37) the reader is referred to [27].

2.4.2.2 Calculation of the EBIC current

The approach proposed in [28,29] is used for the calculation of the EBIC

profiles:
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First, the current is divided into three regions as proposed by Czaja [28]: the n-
region, the depletion region, and the p-region. In each region the current is a
convolution of the generation volume distribution g(x,z) and the charge collection
probability i(x,z) with the assumption that the charge collection within the depletion
region is unity. The EBIC current when the beam is located at a point x' is then given

by:

I(x'):TT g(x —x',z2)i(x,z)dxdz +Txfg(x —x',z)dxdz
0 —oo 0 x,

- o (2-38)
+Ijg(x —x',z)i (x,z)dxdz

()xp

where: x, and x, are the edges location of the depletion region and the x axis in (2-

37) starts from the depletion region edge.

Then, a generation volume distribution proposed by Donolato is used to calculate

the EBIC profiles, it is given by [28,29,30]:

@z /R) —r>
g(r)_27Z'RO'2(Z,R)CXP[20'2(Z,R)] (2-39)

where:

R is the electron range related to the energy beam as follows:

LE[”(KeV)

R(um)=4x%x10 (2-40)
Yo,
e p(g/cnr’) is the density of the sample.
e o’ is the standard deviation of the Gaussian distribution given by:
c’(z,R)=0.36d> +0.11z° /R (2-41)

e d is the beam diameter.
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e #(z/R)is the depth distribution, it follows the polynomial of Everhart and

Hoft:
bz JR) =) 06+621(z IR)~12.4(z /R)? +5.69(z /R)® 0<z/R<1.1 042)
0 z/R>1.1
According to (2-32) the equation (2-39) becomes:
$(z /R) —x 2
,Z2)=—F——"6€X 2-42
g(x,z) N Pl 5 = (2-42)

Figure2-15 illustrates EBIC profiles in a normal collector configuration
calculated using the approach described above. The sample material is silicon (density

of 2.33 g/cm3), and the beam radius is of 10 nm.
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Figure 2-15- EBIC profiles for the region around the edges of a depletion layer located
at = 0.3um: (a) different values of the diffusion length L (S=0), (b) different values of the

surface recombination velocity (L=3pm).
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3.1 Introduction

Artificial neural networks ANN are mathematical creations inspired by the
structure and performance of our biological neural networks, but they can not reach
anywhere near there performance [1]. They have seen an explosion of interest over
the last few years and received a lot of attention and are being successfully applied
across a huge range of problems. They gained a wide spread into many applications
including parameter extraction of semiconductor devices and integrated circuits. This
is mainly due to many desirable characteristics they exhibit and which can be roughly
summarized into the following points:

1. ANNSs are able to learn by examples through training, that is, given a set of
input/output training data, the ANN is able to extract the functional

relationship between the input and the output data.
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2. ANNSs have the ability to generalize and predict, that is, the ANN is able to
respond to input that have not been seen before as well as responding to
incomplete or partial input data.

3. Due to the internal structure of the ANN, the computations are performed
in parallel in each layer which offers significant reduction in computation
time.

An ANN is defined as a massively parallel distributed mathematical model or
computation model that has a natural propensity for storing experiential knowledge
and making it available for use. It resembles the human brain in two aspects:
knowledge is acquired by the network through a learning process, and interneuron

connection weights known as synaptic weights are used to store the knowledge.

3.2 The Neuron

A biological neuron is the fundamental unit of our biological nervous system it

consists of [1]:

e A cell body or soma.

e Nerve fibers called dendrites associated with the cell body; they

receive signals from other neurons.

e A single long fiber called axon that branches into connections to other

neurons.

We can consider an artificial network as a very simplified model of the
biological neural network, the basic building block of an ANN is the neuron. It is
the information-processing unit which is fundamental to the operation of an ANN.
A typical artificial neuron has more than one inputs and only one output as shown in

figure3-1 [2].
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A typical artificial neuron, as described by figure3-1 consists of [1,2,3]:
e Input signals x;.
e Synaptic weights w;: they are factors that weight each input x;.

e Summing junction in which the linear combiner output is calculated as [2]:

a= 3 wix, (3-1)

all inputs

e An activation or transfer function¢ .

e A threshold or bias @: it has the effect of lowering (negative bias) or

increasing (positive bias) the net input of the activation function.
e The neuronal output is then:

y =¢pa+0) (3-2)

(a)
A

dendrite ) —
s \ Axon

\

Summing - Activation
Junction — fynction

(b)

Inputs j(a) ~Output y

) ;hreshol
Synaptic dor bias
welghts J2]

Figure3-1 — Biological neuron (a), and an artificial neuron (b).
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The pair of equations (3-1) and (3-2) is the mathematical description of the neuron.
There are several types of activation functions, the basic types are [2]:

1. Threshold function; for this type shown in figure3-2-a we have:

@) 1 ifa>0 13
a)= -
4 0 ifa<0 (3-3)

2. Piecewise-linear function. This type, depicted in figure3-2-b, is defined as

[2]:
0 ifa<a_
p(a)=ymxa+b if a, <a<a,, (3-4)
1 ifa>a

3. Sigmoid function. This type which has an "S" shaped graph is the most
used one. An example of the sigmoid function is depicted in figure3-2-c it

is the logistic function [2] defined by:

(a)—; 3-5
¢ _1+exp(ﬂ><a) (3-5)

where f is the slope parameter of the sigmoid function.

The activation functions above range from O to +1, they can range from -1

to +1.

@ (a)

@ | ®) |

Figure3-2 — Types of activation functions: (a) Threshold function, (b) Piecewise-linear

function, (c¢) Sigmoid function.
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3.3 Neural Network topology

Artificial neural networks are practical only when the processing units

(neurons) are structured in appropriate manner to accomplish a given task.

ANNSs are in general organized into layers of processing units; the units of a
layer are similar in the sense of having all the same activation dynamics and output

function.

Connections can be made from the units of one layer to the units of another
layer it is an "interlayer connections", or among the units within the same layer it is

an "intralayer connections", or both.

Further, the pattern of connections and the propagation of data can be in a

"feed-forward" or "feedback" manner:

Feed-Forward networks, for this type, neurons are organized into layers that have

connections between them only in one direction from input units to output units.

Feedback or recurrent networks, contrary to the feed-forward networks, the data

can travel in both directions, all possible connections between neurons are allowed.

We are interested in our work to the first type: the feedforward networks, its

description is detailed below.

3.4 Feedforward networks

3.4.1 Single layer feedforward network
It is the simplest form; we have an input layer of neurons (source nodes) that
project directly in an output layer of neurons (computation nodes) as illustrated in
figure3-3. The input layer is not counted because no computation is performed

there.
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Output
layer

Input
layer

Figure3-3- Feedforward network with a single layer.

3.4.2 Multilayer feedforward network

The multilayer feedforward network (figure3-4) is an important class of neural
networks. We have an input layer of neurons (source nodes), one or more layers of
neurons called hidden layers, and an output layer. The signal or the data propagates

through the network in a forward direction, on a layer by layer basis [2].

(D
-4%’%&%}?%‘\“40
VAN~

Vi -
9.0

.

First
hidden
layer

Input
layer

Second
hidden
layer

Figure3-4- Typical feedforward network with two hidden layers and an output layer.
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3.5 The Learning Process

The ability of ANN to learn is a fundamental characteristic, the learning
process in ANN can be viewed as the problem of updating the connection weights and
the biases so that the network can efficiently perform a task. To understand or design
a learning process we need to know: first, learning paradigm or learning set which is
the information available to the network, second, learning rules which is how the
weights are updated. Third, the learning algorithm which is the procedure in which

learning rules is used for adjusting the weights.

The learning can be:

A supervised learning; it is like learning with a teacher in which the network is
provided with a correct answer (output) for every input pattern in the training data

set.

An unsupervised learning; it is like learning without a teacher the network doesn't

require a correct answer (output) for every input pattern in the training data set.

A hybrid learning; this is a combination of the supervised and unsupervised

learning.

3.6 The Learning algorithm

As revealed above, the learning algorithm is the procedure in which learning
rules are used to adjust the weights in an orderly way so as to attain a desired
objective or task. Different types of learning algorithms have been developed for
supervised learning (least mean squares LMS algorithm and Backpropagation (BP)

algorithm) and unsupervised learning (Hebbian learning and competitive learning).
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For the supervised learning we will talk about two algorithms that are the most
popular and the most used [3,4]: the BP algorithm and the Levengerg Marquardt

(LM) algorithm.

Since we used the LM algorithm in this work, only a brief introduction to the BP

will be provided here, for more details the reader is referred to [3,4],

3.6.1 The Backpropagation Algorithm

The Backpropagation algorithm (BP) appears to be a popular algorithm used
for feedforward networks. The BP is an iterative gradient based algorithm that
minimizes an error between the actual output of the network and the desired output.

It can be summarized into the following steps:

Stepl- The network is initialized by setting up all the weights to small random

numbers.

Step2- The input pattern is applied and the output is calculated this is called
forward pass, since the weights are random, the calculation gives an output

completely different to the desired one (the target).

Step3- The error of each neuron is then calculated as: desired output — actual

output.

Step4- This error is then used mathematically to change the weights in such a way
that the error will get smaller, i.e. the output of each neuron will get closer to its

target this is called the reverse pass.
StepS- The process is repeated until the error is minimized

The BP has some many disadvantages; the most known ones are:
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e Slow convergence: compared to other training algorithms, the BP exhibits
a slow convergence behavior. This is mainly because it is gradient descent
algorithm and doesn’t exploit the second derivative information to

accelerate the convergence speed.

e Convergence to a local minimum: because it is a gradient descent
algorithm, it will always follow the direction of the negative of the
gradient and therefore this will not guarantee finding the global minimum

of the error surface which is in general a multiminima function..
3.6.2 The Levenberg Marquardt algorithm

The Levenberg Marquardt (LM) algorithm is an approximation to the Newton
method, the last approximates the error of the network using a second order derivative
expression (in contrast with the BP that does it with a first order derivative
expression). The LM is the most popular algorithm for solving non linear least square

optimization problems.

For ANN training the objective function is an error function given by:
LI )
E :ZE(Yk _Yk) (3-6)
where: y, and y, are the actual and the desired output, respectively, for the K"

pattern. And p is the total number of training patterns.

The training using an LM algorithm consists of the following steps [3]:

Stepl- Presenting all the inputs to the network and computing the
corresponding network outputs and errors. Then calculate the mean square error

from (3-6)
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Step2- Calculating the Jacobian matrix J(w) of the weights.
Step3- Solving the LM weight update equation as:
Aw =[1" )T w)+pul | 1" @W)E, (3-7)
where:
JT(w)J(w) is the Hessian matrix.
I is the identity matrix.

4 1s the learning parameter.

iT

Step4- Calculating the error using the updated weights w+Aw:

e If the new error is smaller than that calculated in step 1— reduce the

training parameter 4 and — go back step 3.

e [If the error is not reduced — increase the training parameter 4 and — go

back step 3.

Step5- The algorithm is converged when the norm of the gradient is less than

some predetermined value, or when the error has been reduced to some error goal.

3.7 ANN for function approximation

The function approximation is the task of interest in this work. Let's consider a

nonlinear functional relationship:

Y=FX) (3-8)

where the vector X is the input and the vector Y is the output.
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The function F is assumed to be unknown, what is known is a set of
input/output data pairs obtained by applying a set of data inputs to this unknown

function and recording the outputs, that is:

3={(Xi,yi)} i=Lp (3-9)
The target is to design a neural network that approximates enough the

unknown function F. Two main applications of function approximation are system

identification and inverse modeling, these applications are detailed below [2]:

3.7.1 System identification
The ANN is trained by the set of examples (3-9), lets y, be the actual output
of the neural network calculated in response to the input x,. The difference
between y, (associated with x, ) and y, gives the error signal e, (figure3-5). This

error signal is used to minimize the squared difference between the output of the

unknown system Y and the ANN output Y in a statistical sense over the entire

training set.

\ Y

X —~ ANN X .7

Error e

Figure3-5- ANN system identification
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3.7.2 Inverse modeling

The requirement here is to build an inverse model that produces X in response

to Y as:
X=F(Y) (3-10)
where F! denotes the inverse of F.

The roles of x; and y; are interchanged: y; used as input, and x; as desired output
and e; is the error between x; and y,. e; is used to minimize the squared error

between the output of the unknown inverse system and the ANN output in statistical

sense over the entire training set (figure3-6).

X train Ytra/'n

Process >

v

/

+y
Nt ANN
Error

Figure3-6- ANN inverse modeling
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4.1 Introduction

Recently, genetic algorithms (GA) [1] have appeared as an effective search
method to find good near-optimal solutions to complicated problems. GA are widely
used in business, science and engineering. GA is an optimization search technique
based on the principles of genetics and natural selection, initially developed by John
Holland in 1970s. GA optimization starts with a set of solutions called population,
each solution in the population is presented by a vector called chromosome (or
individual), and each variable in the chromosome is called a gene. The population
evolves under specified rules to a state that minimizes the cost function.

A GA can find good solutions in vast search spaces with a reasonable
computational cost due to its characteristics such as [1,2]:

1. GA doesn't require derivative information.
2. Simultaneously searches over a wide search space.

3. Well suited for parallel computers due to its inherent parallelism.
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4. Can escape from local minima.

4.2 The GA operators

The simplest form of a GA involves three main operators [1,2,3]:

4.2.1 Selection

The selection is the first operator applied on a population to make the decision of
which chromosomes are fit enough to survive and reproduce new chromosomes or
offspring in the next generation. There are different methods (functions) how to
select the best chromosomes [1,2]: roulette wheel selection, Boltzman selection,

tournament selection, rank selection, steady state selection, just to name a few.

4.2.2 Crossover

This operator is the process that combines or mates two chromosomes "parents" to
produce a new "child chromosome" or offspring which is some combination of
them. The new chromosome may be better than both the parents if it takes the best
characteristic from each of the parents. The crossover occurs during evolution
according to a crossover probability defined by the user. There are many types of

crossovers: one point, two points, uniform, arithmetic, and others.

4.2.3 Mutation

This operator is the random change in some of the genes in order to force the GA
to explore other areas of the cost surface and avoid the problem of early
convergence at local minimum. This operator introduces diversity in the
population whenever the population tends to become homogenous due to repeated
use of reproduction and crossover. The probability that a gene may become

mutated is called the mutation probability.

67



Chapter 4 Genetic Algorithms

4.3 The GA parameters

The GA parameters related to the GA operators and stopping criteria used in this

work can be summarized as:

4.3.1 Population options

e The chromosome length: specifies the number of variables used to

optimize the objective function.

¢ Initial population size: specifies the number of chromosomes in the
initial generation. Using a large population size the GA searches the cost
surface more carefully which reduce the chance of returning a local

minimum, however with a large population size the GA runs slowly.

¢ Creation function: specifies the function that is used to generate the
initial population. In our work the creation function is a Uniform
distribution one; it creates a random initial population with a uniform

distribution.

4.3.2 Fitness scaling options

These options permit the conversion of the raw fitness scores that are returned
by the fitness function to values in a range that is suitable for the selection

function.

¢ Fitness scaling function: in our work the fitness scaling function was a
Rank one; this function scales the raw scores based on the rank of each
individual instead of its score (The rank of an individual is its position in
the sorted scores). Rank fitness scaling removes the effect of the spread of

the raw scores.
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4.3.3 Selection options

Selection options specify how the genetic algorithm chooses parents for the next

generation

e Selection function: In our work, the selection function is the roulette
wheel; it selects parents by simulating a roulette wheel (the area of the
section of the wheel corresponding to an individual is proportional to the
individual's expectation). The algorithm uses a random number to select

one of the sections with a probability equal to its area.

e Elite count: specifies the number of individuals with the best fitness
values in the current generation that are passed to the next generation

without any modification.

4.3.4 Crossover options

e Crossover function: specifies the function used to perform crossover, in
our work the function scattered is used; it creates a random binary
vector, selects gene from the first parent if the vector is 1 and from the
second parent if the vector is 0, then combines the genes to form the

child.

e Crossover fraction: specifies the fraction of the next generation, other

than elite individuals, that are produced by crossover.

4.3.5 Mutation options

Mutation options specify how the genetic algorithm makes small random

changes in the individuals in the population to create mutation children. Mutation
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provides genetic diversity and enables the genetic algorithm to search a larger

space.

e Mutation function: specifies the function that is used to perform
mutation. In our work the Guassian function is used; it adds a random
number taken from a Gaussian distribution with mean 0 to each entry of
the parent vector. The standard deviation of this distribution is
determined by two parameters: the scale parameter, which determines
the standard deviation at the first generation and the shrink parameter

which controls how the standard deviation shrinks.

4.3.6 Stopping criteria options

The stopping criteria determine the conditions that should be satisfied to
terminate the algorithm. For genetic algorithms, the most important stopping

criteria are:

e Number of generations: specifies the maximum number of generations

the GA 1is allowed to achieve.

e Stall generation: specifies the maximum number of generations for
which the GA stops if the weighted average change in the fitness

function value is less than another parameter called function tolerance.

e Function tolerance: specifies the cumulative change in the fitness
function over stall generation under which the GA algorithm stops

running.

For more details about the selection of the GA parameters, the reader is referred

to [1]
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4.4 The continuous GA algorithm

Depending on the variables (genes) representation, a GA is [1]:

e Binary when the variables are represented by an encoded binary string and

works with the binary strings to minimize the cost function.

e Continuous when no binary encoding is used, and the variables themselves are used

to minimize the cost function.

Since we used in this work a simple continuous GA, a detailed description of this type
is provided here. For other types of Gas, the reader is referred to [1,3].
Solving an optimization problem using a simple continuous GA is performed
through the following steps [1]:
1. We start by defining a chromosome as an array of variables. If the
chromosome has N variables it is written as an array of 1xN elements:
chromosome =[p1,p2,....,pN] 4-1)
each chromosome has a cost found by evaluating the cost function f at the

variables p1,pa, ...,pN.

cost =f (chromosome)

(4-2)
= (p;,Pyses Py)

Equations (4-1) and (4-2) constitute the problem to be solved.

2. Defining an initial population of N,,, chromosomes which is a

N, *N matrix of random uniformly distributed values between 0 and 1.

The chromosomes are passed to the cost function for evaluation.

3. The chromosomes in the initial population that are fit enough can survive
and reproduce offspring in the next generation. The N,,, costs and
associated chromosomes are ranked from lowest cost to highest cost; the

rest die off. This process of "selection" occurs at each iteration of the

71



Chapter 4

Genetic Algorithms

algorithm and permits the evolution of the population of chromosomes to
the most- fit elements as defined by the cost function.

The fraction of Ny, that survives for the next step is the selection rate
Xrate; and the number of chromosomes that are kept in each generation is:

N ey = X e XN (4-3)

keep rate XN pop
of the N,op, chromosome in a generation only Nieep survive and Npop-Nieep
are discarded to make place for the new offspring.

The most-fit selected chromosomes Ny, pair or mate in some random way
as parents and each pair produces two offsprings that are in fact some
combination of them.

To avoid the fast convergence of the GA algorithm before sampling the
whole cost surface, which can end up in a local minimum; the algorithm is
forced to explore other areas of the cost surface by randomly introducing
changes in some of the variables through the "mutation" operator

The process described previously is iterated until a satisfactory solution is

found

A summary of a simple continuous GA is provided below:

e Stepl: define variables, GA parameters and options.

e Step2: define the cost function or objective function.

e Step3: a set of initial solutions (population of chromosomes) is generated

randomly over the search space.

e Step4: each chromosome in the population is passed to the cost function for

calculating its fitness.

e StepS: a new population of chromosomes (next generation) is then created

using the three operators:
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o Selection.
o Crossover.
o Mutation.
e Step6: replace the current population with the new one.
e Step7: go to step3.
e This is repeated until some condition (for example number of populations or

improvement of the best solution) is satisfied.

Chapter references
1. R. L. Haupt and S. E. Haupt, "Practical Genetic Algorithms", 2" edituion,
Jhon Wiley and sons.
2. M. Mitchell, "An Introduction to Genetic Algorithms", The MIT press.
1999.
3. S. N. Sivanandam, S. N. Deepa "Introduction to Genetic Algorithms",
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Chapter 5
Semiconductor parameter extraction using Artificial Neural

Networks and exhaustive search
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5.1 Introduction

To the best of our knowledge, no work has been reported regarding the use of
Artificial Neural Networks (ANN) in semiconductor parameter extraction from
EBIC/CL signals. In this chapter a new technique based on ANN is presented and
discussed; The ANN is used here for function approximation or in other words for the
identification of the EBIC/CL signal generation process given a set of input
parameters characterizing the EBIC/CL signal generation (see chapter3 paragraph 3-
7). After the identification of the EBIC/CL signal generation process using an ANN,
the latter is used to generate extra EBIC/CL signals by exploiting the generalization
property of ANNs and finally an exhaustive search algorithm is used to perform

parameter extraction.
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This parameter extraction algorithm is first applied to the simultaneous
extraction of four related semiconductor parameters, that is: diffusion length L,
absorption coefficient a, dead layer thickness Zt, and relative quantum efficiency Q,
from any steady state CL signal of a free defect semi-infinite semiconductor. The
effect of noise measurement is discussed as well. Then, the parameter extraction

algorithm is applied to the simultaneous extraction of two related semiconductor parameters
that are diffusion length L and normalized surface recombination velocity S from any EBIC

line scan in a normal collector configuration.

5.2 Parameter Extraction based on ANN and exhaustive search

Suppose that we have a nonlinear functional relationship (process) given by:
Y=F(X,,X,..X,) ; where X i=1,...n represents the input vector and Y is the

output vector (signal). The parameter extraction algorithm based on a feedforward

ANN, and an exhaustive search technique can be summarized in the following phases:

5.2.1 Preparation of the training and test data sets:

To train the ANN, the training data set is prepared by sampling and stacking the

parameters (X1, X;...X,) into vectors as follows: X{™" =[X ", X 5", . X "],

Xo =X X5y X T X0 =X, X5, X" 1, where there dimensions are
given by {l-by-d;}, {1-by-d,}...{1-by-d,,} respectively. All possible combinations of
the vectors X", X5 ... X™" form the input training data set X" of dimension {n-
by- dixd,X...d,,}. For each column of X"*" the Y signal is calculated/measured. The
results are stored in another matrix Y™" (output training data set).

For the test data set the parameters (X;,X...X,) are sampled and stacked into

vectors by taking the mid-value between each two successive values of the training
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Set thest — [X test X test X test Xl2est — [X test X test X test

T SR, Sy D, CHIND. Gy P
X =[X 7. X 5, X 5 ], The dimensions of the vectors X\™ , X35™ ... X(™*" are
given by {1-by-(d;-1)}, {lI-by-(da2-1)}... {I-by-(dn-1)}, respectively. All their possible
combinations form the input test data set X' of dimension {n-by-(d;-1)x(d»-1)...
X (dy-1)}. For each column of the matrix X', the Y signal is calculated/measured

and the results are stored in a matrix Y'*' (output test data set).

5.2.2 Training the ANN algorithm:
The ANN is trained to learn the functional relationship f between the input data set
X"*" and the output data set Y"*" (see § 3-7 in chapter 3), that is:
Xty ytain (5-1)
where the ANN receives the input data set X" and calculates the actual output data

set 'Y *“**' which is then subtracted from the desired output data set Y"*" resulting in
an error e. The latter is then used to update the ANN weights. This process is
repeated a number of epochs till the error (sum squared error SSE) goes beyond a

predefined threshold, the SSE is given by the following formula [1] :

klmin
SSE = Z (leram _Yjaclual )2 (5_2)
=]

rain

where k""" represents the number of samples of Y"*".

5.2.3 Testing the ANN algorithm
Once the ANN has been trained, its ability to generalize is tested by applying a

new set of input values X' not seen before. The signal Y'*' calculated by the

ANN is then compared to the desired data set Y'*' and the sample-by-sample
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percentage error between Y and Y is calculated using the following formula
[1]:

Yitejt _?itejt 100 o3
e =|——IX -
1,] Yilizjt ( )

. Ce . .th .th . = tes
where i and j indicate the i" row, j" column of the matrices Y and Y™ |

respectively.

5.2.4 Oversampling of the signal using ANN

The main feature of ANNs that will be exploited is their ability to generalize,
hence this property is used to obtain more samples (oversampling) of the Y signal.
This comes with a low computation load compared to the case of obtaining these extra

samples by experimentation.

In this phase, the output Y°*" calculated by ANN is compared to the desired
data output Y and the sample-by-sample percentage error between Y°*' and
Y is then calculated using (5-3). Note that the input data matrix X°* here is
obtained by oversampling the vectors of the training data set X", X5*"...X"™" where

more values are taken between each two successive values.

5.2.5 Parameter Extraction through exhaustive search

After oversampling the Y signal, the parameter extraction of a set of input
parameters is now straightforward. The procedure is as follows: the oversampled
input data set X°* and the oversampled data set output Y°'" are used as a
database for the exhaustive search. A randomly selected value of the signal Y: y~
obtained for example from an experiment, is selected and the Euclidian distance

between the latter and all other columns of matrix Y°'" is calculated. The values of
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the parameters (X;,X;...X;) corresponding to the column of matrix Y with the

smallest distance are selected and considered as the extracted parameters, that is:

- _ ¥ ~gover
arg min = Hy Y,
ol Ko

> (5-4)

where K°*'

is the number of columns of Y°*°" .

In order to evaluate and qualify the performance of the parameter extraction
algorithm, a large set of randomly selected signals for which the input parameters
(X1, X;...X,) are known, is generated and used to test the parameter extraction

algorithm. The percentage error between the true input parameter (nominal value) and

the parameter determined using the proposed parameter extraction algorithm is given

by:
€ = % x100 (5-5)
i
We can summarize the different steps of the parameter extraction algorithm in
table 5.1
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Table 5.1. Summary of different steps of the parameter extraction algorithm based on

ANN and exhaustive search

Step

Description

1- Preparation of the training and

test data sets

Obtain the input (X"™") and output (Y"")
training data sets and the input (X" ) and

output (Y'") test data sets, respectively,
through theoretical calculation simulation or

experimentation.

2- Training the ANN

Train the ANN using the input/output training
data sets ( X", Y"").

3- Testing the ANN

Test the ANN’s ability to generalize by applying

a new input/output data set ( X'* ,Y"") not

seen before.

4- Oversampling the signal using

ANN

Obtain more signal samples Y°*" using the

ANN trained and tested in steps 1 and 2,

respectively.

5- Exhaustive search and

parameters extraction

Given the signal y* for which the parameters
(X1,X,...X,) are to be extracted, choose the
values of the parameters ( X, X;...X,)

corresponding to the column of the matrix

Y with the smallest distance that is

- \7over over 1
=y — is number
arg min ”y Y s numbe

j=1,2... KO

where K
2

of columns of Y°¥'

5.3 Application to cathodoluminescence

In this section we present the application of the parameter extraction

algorithm described above to the simultaneous extraction of: diffusion length L,

absorption coefficient a, dead layer thickness Zt, and relative quantum efficienty Q
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from a steady state CL signal of a free defect semi-infinite semiconductor (Hergert's

et al model; see chapter2). The effect of noise measurement is discussed here as well.
In all the following, we consider an n-type GaAs semiconductor its critical

angle is equal to: 16° and its atomic number is equal to: 32, and the electron beam is

perpendicular to the surface of the semiconductor sample.

5.3.1 Training the ANN

The first step in the proposed algorithm is to collect the input/output data pairs
used to train the ANN. The data were collected from the evaluation of Hergert's et al
model described in chapter 2. However, Monte Carlo simulations and experimental
data can be used as well to form the input/output data pairs for the training of ANN.
The CL signal was calculated for each combination of the parameters
™" L 7", Q" for different values of the energy beam. Table5.2 details the
values of the semiconductor parameters used to generate the CL signal and
consequently form the input/output data pairs used for training the ANN.
Fora™", L™", Zt"™", Q™" , the values in [2] were used here as well, the value of S is

fixed to (S=10).
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Table5.2. Semiconductor parameters used for training (CL)

Material Parameter Minima | Maxima | Samplin | Number of

1 value | 1 value g step samples
size
Energy beam E (KeV ) 10 50 10 5
Diffusion length L"™"(um) 0.73 0.78 0.01 6
Absorption coefficient "™ (um™) 0.785 0.825 0.01 5
Dead layer thickness Zt™*" (um) 0.03 0.08 0.01 6
Relative quantum efficiency Q™" | 7.15 7.45 0.05 7
(arbitrary units)

Total number of samples used for training equals:

train

number of samples of L™ "xnumber of samples of o

Zt" "xnumber of samples of Q"™ (6x5x6x7=1260).

xnumber of samples of

As illustrated in Table5.2, taking all the possible combinations of
™" L Z6T", Q" results in a total number of samples of 1260 samples, therefore,
1260 input/output pairs are used for training the ANN.

A feed forward neural network consisting of one hidden layer is used, the
hidden layer comprises 5 neurons and uses logarithmic sigmoid transfer functions
whereas the output layer consists of 5 neurons (corresponds to the number of samples
of the energy beam vector) and uses linear activation functions. Table5.3 illustrates the
ANN parameters used here. The learning algorithm used here is the Levenberg

Marquardt (see chapter 3).

81




Chapter 5 semiconductor parameter extraction using Artificial Neural Networks and exhaustive search

Table5.3- ANN parameters used for training (CL)

ANN parameters
Number of epochs 600
Desired goal 10
Number of hidden layers 1
Number of neurons in the s uses logarithmic sigmoid

hidden layer

transfer functions

Number of neurons in the

output layer

5 (number of samples of

the energy beam)

uses linear transfer

functions

The training curve of the ANN is shown in figure 5.1; the desired goal was

achieved after 434 epochs.

performance

6
10
/'

goal—|

r

r r r r

r

0 50

;
100 150 200 250 300
413 Epochs

:
350 400

FigureS.1 Training curve of the ANN (CL)

Figure5.2 shows the percentage error between the theoretical training CL signal and

the CL signal calculated by the ANN for five values of the energy beam. The maximal
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percentage error for all the parameters is 0.25%, which indicates that the training is

satisfactory.
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Figure 5.2 - Percentage error between theoretical training CL signal and the training
CL signal calculated by ANN

It is also instructive to observe the histogram plot of the error, as in Figure5.3.
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Figure5.3 Probability density function PDF (bars) and cumulative density function CDF
(solid line) of the percentage error for the training set (CL).

We notice from figure5.3 that most of the errors are clustered around zero,
indicating that the ANN is able to learn the input/output relationship effectively.
Table5.4 details the value of the error in 95% and 100% of the samples for different

energy beam values.

Table5.4- Error for 95% and 100% of the training samples (CL).

For 95% of the samples, For 100% of the samples,
Energy beam value(KeV)
error is below error is below
10 0.15% 0.25%
20 0.01% 0.016%
30 0.009% 0.014%
40 0.008% 0.014%
50 0.008% 0.014%
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From figure5.3 and table5.4 we notice that in 95% of the training cases the

maximal error is small: 0.15% and it is 0.25% in 100% of the training cases.

5.3.2 Testing the algorithm

Our ANN is tested by using values of CL signal not seen before as illustrated in

Table5.5 (taking the mid-value between each two successive values of the training

set).
Table5.5 -Semiconductor parameters used for testing the ANN (CL)
Material Parameter Minimal value | Maximal | Sampling | Number
value step size of
samples
Energy beam (KeV ) 10 >0 10 >
Diffusion length L' (um) 0.734+(0.01/2) 0.78 0.01 5
Absorption coefficient a*" (um™) 0.785+(0.01/2) | 0.825 0.01 4
Dead layer thickness Zt**' (um) 0.03+(0.0172) 0.08 0.01 3
Relative quantum efficiency Q" | 7.15+(0.05/2) 7.45 0.05 6

(arbitrary units)

Total number of samples for the test equals: number of samples of L“*xnumber of

samples of a'**

xnumber of samples of Zt“*xnumber of samples of Q""" (5x4x5x6=600)

The total number of samples used for test is 600 samples.

Figure5.4 illustrates the percentage error between the samples of the test CL

signal and the CL signal calculated by ANN. The maximal percentage error for all the

parameters is: 0.18%.

85




Chapter 5 semiconductor parameter extraction using Artificial Neural Networks and exhaustive search

L Erery hear=10KeV ' ' ' '
D 1 I
0o ql.'l 100 200 300 400 S00 GO0
= [energy bearh=20KeY ' ' '
0.0z
0 : ! !
qu 100 200 300 400 S00 GO0
energy beam=30Key : : :
o 0 - |
& qu 100 200 300 400 a0 GO0
energy beam=40Key : : :
002} :
0 Ll ) Y
0o 4|:I 100 200 300 400 500 GO0
= [energy bear=50KeY ' ' '
0.0z i
o LRI : -
1] 100 200 300 400 a00 GO0

number of samples

Figure5.4 Percentage error between the theoretical test CL signal and the test CL signal
calculated by ANN.

The histogram plot of the error and the CDF is shown in Figure5.5.
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FigureS.5. PDF and CDF of the percentage error for the test set (CL).

All the errors are clustered around zero in figure 5.5.
The values of the error in 95% and 100% of the test samples for different
energy beam values can be extracted from figureS.5, the results are reported in

table5.6.

Table5.6- Error for 95% and 100 % of the test samples (CL).

Energy beam value (KeV) | For 95% of the samples, | For 100% of the samples,
error is below error is below
10 0.1% 0.18%
20 0.007% 0.014%
30 0.006% 0.01%
40 0.006% 0.01%
50 0.006% 0.012%
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We notice that in 95% of the test cases the maximal error is 0.1% and it is of

0.18% in all the test cases, both values are small.

5.3.3 Oversampling of CL signal

The input parameters ranges are oversampled by taking more samples between
each two successive training samples and used to generate the oversampled signal
using the ANN (trained and tested before) the values of the oversampled set are

detailed in table5.7.

Table5.7- Semiconductor parameters used to obtain the oversampled CL signal

Material Parameter Minimal | Maximal | Sampling | Number of
value value step size samples
Energy beam (KeV ) 10 50 10 5
Diffusion length L (um) 0.73 0.78 0.01/4 21
Absorption coefficient o (um™) 0.785 0.825 0.01/4 17
Dead layer thickness Zt’*" (um) 0.03 0.08 0.01/4 21

over

Relative quantum efficiency Q
7.15 7.45 0.05/4 25
(arbitrary units)

Total number of samples for oversampling the CL equals:

number of samples of L°*"xnumber of samples of a°**'

Zt°** xnumber of samples of Q" (21x17x21x25=187425).

xnumber of samples of

The total number of input data samples used for oversampling the CL signal is
187425. Figure5.6 represents the percentage error; the maximal percentage error for

all parameters is of 0.25%.
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Figure5.6 Percentage error between the theoretical oversampled CL signal and the
oversampled CL signal calculated by ANN

The histogram plot of the error is also shown in Figure5.7.
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FigureS.7. PDF and CDF of the percentage error for the oversampled set (CL).
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Figure5.7 shows that all the errors are clustered around zero, the smooth
Gaussian shape is clear here because of the large number of samples.
From figure5.7 we detail in table5.8 the values of the error in 95% and 100% of the

samples for different energy beam values.

TableS5.8- Error for 95% and 100% of the oversampled samples (CL).

Energy beam value (KeV) | For 95% of the samples, | For 100% of the samples,
error is below error is below
10 0.125% 0.25%
20 0.008% 0.018%
30 0.008% 0.016%
40 0.008% 0.016%
50 0.008% 0.015%

In 95% of the oversampled set the maximal error is of 0.125%, and in all cases it is

only 0.25%.

5.3.4 Exhaustive search

After obtaining more outputs using the ANN trained and tested before, an
exhaustive search procedure is used to determine the value of the oversampled CL
signal that is the closest (in terms of Euclidian distance) to the CL signal for which we
want to determine the input parameters (a, L, Zt, Q).

In order to evaluate and qualify the performance of the parameter extraction
algorithm, a large set of randomly selected CL curves for which the input parameters
(a0, L, Zt, Q) are known, is generated and used to test the parameter extraction

algorithm. The percentage error between the true input parameter (nominal value) and
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the parameter determined using the proposed parameter extraction algorithm is

calculated from (5-5), and is calculated for each randomly selected CL curve.
Figure5.8 shows the histogram plot and the CDF of the percentage error for

each parameter. Note that 153600 randomly selected CL curves are used for testing

the parameter extraction algorithm.
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Figure5.8 PDF and CDF of percentage error of the parameters «, L, Zt, Q

From figure5.8, the value of the error for each parameter for 95% and 100% of the

cases is detailed in table5.9.
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Table5.9- Error of the four parameters a, L, Zt, Q for 95% and 100% of the cases.

Semiconductor For 95% of the cases, For 100% of the cases,
parameter extracted error is below error is below
L 3.5% 5.5%
a 4% 5%
Q 3% 4.5%
7t 4% 4.5%

Table 5.9 shows that the proposed model is very satisfactory since the
maximal error in extracting the parameters from 95% of the cases is just 4% and it is

5.5% for all cases.

5.3.5 Effect of measurement noise

In the following, we consider the case of noisy measurements of the noisy CL
signal by adding an additive white Gaussian noise (AWGN) signal with different
signal to noise ratios (SNRs) to the CL signal used for training the ANN, thus the
ANN is trained with a noisy CL signal instead of the exact CL signal generated using
the Hergert’s model. The effect of noise on the performance of the parameter
extraction algorithm is depicted in figures 5.9, 5.10 and 5.11 for the SNRs (dB): 10,
20 and 30, respectively. These figures show that the performance of the parameter
extraction algorithm in terms of the percentage error of each parameter, improves as

the SNR increases.
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Figure5.9. PDF and CDF of percentage error of the parameters «, L, Zt, Q with a SNR

of 10 dB.
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Figure5.10. PDF and CDF of percentage error of the parameters a, L, Zt, Q with a SNR
of 20 dB.
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FigureS.11. PDF and CDF of percentage error of the parameters a, L, Zt, Q with a SNR
of 30 dB.

5.4 Application to EBIC

We present here the application of the parameter extraction algorithm described
above to the simultaneous extraction of the diffusion length L and the normalized
surface recombination velocity S from an EBIC line scan in a normal collector

configuration (Donolato's model see chapter2).

The material sample is chosen to be Silicon (a density of 2.33 g/cm3); the electron
beam is perpendicular to the surface of the semiconductor sample. The line scans the
region outside the junction, and the energy beam equals to 14KeV which results in an

electron range of 1.7um.
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5.4.1 Training the Algorithm

The first step is to collect the input/output data pairs used to train the ANN.
The data were collected from the evaluation of Donolato's model described previously
(see chapter 2). However, Monte Carlo simulations and experimental data can be used
as well to form the input/output data pairs for the training of ANN.

To train the ANN, the EBIC signal was calculated for each combination of the
parameters L™", S™" . Table 5.10 details the values of the parameters used to generate
the EBIC signal and consequently form the input/output data pairs used for training the

ANN. ForL™", §™" | the values in [3,4] were used here as well.

Table 5.10-Semiconductor parameters used for training (EBIC)

Minimal | Maximal | Sampling | Number
Material Parameter value value step size | of
samnles
Beam position(um) 6 6.9 0.2 5
Diffusion length L"™"(um) 3 3.9 0.03 31
Normalized surface recombination velocity | 2 4 0.03 67

Total number of samples used for training | 31x67=2077

As illustrated in Table 5.10, taking all the possible combinations of L™", $™" results
in a total number of samples of 2077 samples, therefore, 2077 input/output pairs are
used for training the ANN.

A feed forward neural network consisting of one hidden layer is used, the hidden
layer comprises 5 neurons and uses logarithmic sigmoid transfer functions whereas
the output layer consists of 5 neurons (corresponds to the number of samples of the
beam position vector) and uses linear transfer functions. Table 5.11 illustrates the
ANN parameters used. The training algorithm used to train the ANN is the Levenberg

Marquardt (see chapter 3).
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Table 5.11- ANN parameters used for training (EBIC)

ANN parameters
Number of epochs 300
Desired goal 10°
Number of hidden layers 1

Number of neurons in the

hidden layer

uses logarithmic  sigmoid

transfer functions

Number of neurons in the

output layer

5 (number of samples of the

beam position)

uses linear transfer functions

The training curve of the ANN is shown in figure5.12; the desired goal was achieved

after 40 epochs.
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Figure5.12 Training curve of the ANN (EBIC).

Figure5.13 shows the percentage error between the theoretical training EBIC and the

EBIC calculated by the ANN for five values of the beam position. The maximal

percentage error for the two parameters is 0.9037%. This indicates that the training is

very satisfactory.
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Figure 5.13 - Percentage error between theoretical training EBIC and the training EBIC
calculated by ANN

The histogram plot of the error is depicted in Figure5.14.
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FigureS5.14 Probability density function PDF (bars) and cumulative density function
CDF (solid line) of the percentage error for the training set (EBIC).

In figure5.14 most of the errors are clustered around zero, this indicates that
the learning is satisfactory. Table5.12 details the value of the error in 95% and 100%

of the samples for different beam position values.
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TableS5.12- Error for 95% and 100% of the training samples (EBIC).

beam position value(um) | For 95% of the samples, | For 100% of the samples,
error is below error is below
6 0.3% 0.65%
6.2 0.25% 0.55%
6.4 0.3% 0.75%
6.6 0.3% 0.8%
6.8 0.4% 1.2%

The maximal error in 955 of the training set is only 0.4% and for all the training set it

is only 1.2%.

5.4.2 Testing the algorithm

Our ANN is tested using values of EBIC not seen before (mid-value between each two

successive values of the training set) as illustrated in Table5.13.

Table5.13-Semiconductor parameters used for testing the ANN (EBIC)

Minimal Maximal | Sampling | Number
Material Parameter value value step size | of
samples
Beam position(um) 6 6.9 0.2 5
Diffusion length L™"(um) 3+(0.03/2) | 3.9 0.03 30
Normalized surface recombination velocity S"™" | 2+(0.03/2) | 4 0.03 67
Total number of samples used for training 30x67=2010

The total number of samples used for test is 2010 samples. Figure5.15

illustrates the percentage error between the samples of the test EBIC and the EBIC

calculated by ANN, the maximal percentage error for the two parameters is1.5571%.
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Figure5.15 Percentage error between the theoretical test EBIC and the test EBIC
calculated by ANN.

The histogram plot of the error and the CDF is shown in Figure5.16.
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FigureS.16. PDF and CDF of the percentage error for the test set (EBIC).

From figure5.16, we detail in table5.14 the values of the error in 95% and

100% of the samples for different beam position values.

Table5.14- Error for 95% and 100% of the test samples (EBIC).

. For 95% of the samples, | For 100% of the samples,
Beam position value (um)
error is below error is below

6 1.08% 1.4%
6.2 1.04% 1.3%
6.4 1.1% 1.5%
6.6 1.1% 1.5%

6.8 1.2% 1.5%
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The maximal error in 95% of the test set is 1.2% and is only 1.5% in all the

test set.

5.4.3 Oversampling of EBIC

The input parameters ranges are oversampled by taking more samples between each
two successive training samples and used to generate the oversampled signal using the

ANN (trained and tested before) are detailed in table5.15.

Table 5.15- Semiconductor parameters used to obtain the oversampled EBIC

Minimal | Maximal | Sampling | Number
Material Parameter value value step size | of
samples
Beam position(um) 6 6.9 0.2 5
Diffusion length L"™"(um) 3 3.9 0.03/4 121
Normalized surface recombination velocity | 2 2.66 0.03/4 89
Total number of samples used for training 121x89=10769

The total number of input data samples used for oversampling the EBIC is 10769.
Figure5.17 represents the percentage error; the maximal percentage error for the two

parameters is 0.9654%.
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FigureS.17 Percentage error between the theoretical oversampled EBIC and the
oversampled EBIC calculated by ANN

The histogram plot of the error is also shown in Figure5.18.
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Figure5.18. PDF and CDF of the percentage error for the oversampled set (EBIC).

Using figure5.18 we detail in table 5.16 the values of the error in 95% and

100% of the samples for different beam position values.

TableS.16- Error for 95% and 100% of the oversampled samples (EBIC).

beam position value (um) For 95% of the samples, For 100% of the samples,
error is below error is below
6 0.35% 0.55%
6.2 0.2% 0.55%
6.4 0.35% 0.7%
6.6 0.3% 0.7%
6.8 0.45% 1.26%
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The maximal error in 95% of the set is 0.45% and it is 1.26% in 100% of the set.

5.4.4 Exhaustive search

After obtaining more outputs using the ANN trained and tested before, an
exhaustive search procedure is used to determine the value of the oversampled EBIC
that is the closest (in terms of Euclidian distance) to the EBIC for which we want to
determine the input parameters.

Figure5.19 shows the histogram plot and the CDF of the percentage error
calculated for each parameter using (5-5), and is calculated for each randomly
selected EBIC. Note that 10680 randomly selected EBIC currents are used for testing

the parameter extraction algorithm.
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FigureS5.19 PDF and CDF of percentage error of the parameters L, S
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From figure5.19, the value of the error for each parameter for 95% and 100%

of the cases is detailed in table5.17.

Table 5.17- Error of the two parameters L, S for 95% and 100% of the cases (EBIC).

Semiconductor parameter For 95% of the cases, For 100% of the cases, error
extracted error is below is below
L(um) 1.5% 2.7%
S 4% 8%

The maximal error in extracting simultaneously the two parameters L and S in
95% of the cases is 4% and is 8% for all the cases; this is a good result compared to

other results found in the literature [3-4].

5.5 Conclusion

In this chapter a new model for the simultaneous extraction of related
semiconductor parameters is presented it is based on artificial neural networks (ANN)

and an exhaustive search technique.

The results derived from the application of our parameter extraction algorithm
to the extraction of semiconductor parameters using CL/EBIC signals can be

summarized into the following points:

e For the simultaneous extraction of the four related parameters (L, a, Zt,
Q) from CL signal a unique set of parameter values is obtained with
errors less than: 3.5% for L, 4% for a, 3% for Q, and 4% for Zt, in 95%
of the cases used, and an error less than 5.5% for L, 5% for a, 4.5% for
Q, and 4.5% for Zt, in 100% of the cases. This clearly indicates that the

proposed strategy is very successful.
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The training, test and oversampling errors are significantly larger for
low energy beam values. This is remarkable at 10KeV. This is due the
fact that the variation of CL signal for low beam energies is very small
when these parameters are varied (see figure 2.3.a and 2.3.b in
chapter2). The sensitivity of the CL signal to the variation of
parameters at low beam energies is small. This makes the modeling of
the CL generation process using the ANN difficult for low beam
energies and relatively the error is high for low beam energies.

The performance of algorithm in terms of the percentage error of each
parameter, improves as the SNR increases.

For the simultaneous extraction of the two parameters (L, S) from
EBIC a set of parameter values is obtained with errors less than 1.7%
for the diffusion length and less than 4% for the normalized surface
recombination velocity in 95% of the cases and an error less than 2.7%
for the diffusion length and less than 8% for the normalized surface
recombination velocity in 100% of the cases. These results confirm

that our strategy is very successful.
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Chapter 6
Semiconductor parameter extraction using Artificial Neural

Networks and inverse modeling
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6.1 Introduction

In this chapter a new parameter extraction algorithm based on ANN is
presented and discussed, the ANNs are used here to model the inverse process of

CL/EBIC generation process (see chapter3 paragraph 3-7).

The parameter extraction algorithm is applied to the simultaneous extraction of
the diffusion length L, absorption coefficient a, dead layer thickness Zt, and relative
quantum efficiency Q, from any steady state CL signal of a free defect semi-infinite
semiconductor. Similarly, the parameter extraction algorithm is also applied to the
simultaneous extraction of two related semiconductor parameters, that is, the diffusion
length L and the normalized surface recombination velocity S from any EBIC line

scan in a normal collector configuration.
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6.2 Parameter Extraction based on ANN and inverse modeling

Assume we have a nonlinear functional relationship given by:
Y=F(X,,X,..X,) ; where Xj i=1,...n represents the input vector and Y is the
output vector (signal). The parameter extraction algorithm based on a feedforward

ANN, and inverse modeling technique is summarized into the following steps:

6.2.1 Preparation of the training and test data sets:

To train the ANN, the training data set is prepared by sampling and stacking the

parameters (X, Xo...X,) into vectors as follows: X{*" =[X ", X 5",..X l‘fjil“],

Xo =X, X5 X T X0 =X, X5, X" ], where there dimensions are
given by {1-by-d;}, {1-by-d;}...{1-by-d,,} respectively. All the possible combinations
of the vectors X", X5*"...X"" form the input training set X"*" of dimension {n-by-
dyxdy%...dy}. For each column of X"" the Y signal is evaluated using. The results
are stored in another matrix Y"™" (output training set).

For the test data set the two parameters (X;,X,...X,) are sampled and stacked into
vectors by taking the mid-value between each two successive values of the training

. est __ test test test test __ test test test
set: X = [X X SLX ST, X5t =[X 5 XX T

1d,

X =[X 5, X5, XS 1. The dimensions of the vectors X™ , X5* ... X™" are

nl >
given by {1-by-(d;-1)}, {I-by-(d,-1)}... {I-by-(d-1)}, respectively. All their possible
combinations form the input test data set X' of dimension {n-by-(d;-1)x(d,-1)...
x (dn-1)}. For each column of the matrix X', the Y signal is calculated and the

results are stored in a matrix Y'*' (output test data set).
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6.2.2 Training the ANN algorithm:

The ANN is trained to model the inverse of the functional relationship f between

the input process data set X" and the output data set Y"*" (see §3-7 in chapter 3),

that is, the output process data set Y™"is used as an input to the ANN and the input

process data set X"*"is used as an output of the ANN, that is:

y f_") xin (6-1)
Here the ANN receives the input data set Y"*" and calculates the actual output data set
X! which is then subtracted from the desired output data set X"*" resulting in an
error e. The latter is then used to update the ANN weights. This process is repeated a
number of epochs till the sum squared error (SSE) goes beyond a predefined

threshold. The SSE is given by the following formula [1] :

klmin
SSE = z (leram _Yjaclual )2 (6_2)
=]

rain

where k™" represents the number of samples of Y"*" .

6.2.3 Testing the ANN algorithm

Once the ANN has been trained, its ability to generalize is tested by applying a
new set of input values Y that have not seen before. The output vector

X' calculated by the ANN is then compared to the desired data set X" and the

sample-by-sample percentage error between X' and X" is calculated using the

following formula [1]:

test _ yrtest
i,j i,j
test
i,j

= x100 (6-3)

ei’j
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. .. . .th .th . s ¥
where i and j indicate the i"* row, j" column of the matrices Y and Y'* ,

respectively.

6.3 Application to cathodoluminescence

We present here the application of the parameter extraction algorithm
described above to the simultaneous extraction of diffusion length L, normalized
surface recombination velocity S, absorption coefficient a, dead layer thickness Zt,
and relative quantum efficiency Q from a steady state CL signal of a free defect semi-
infinite semiconductor (Hergert's et al model; see chapter2).

We consider an n-type GaAs semiconductor its critical angle is equal to: 16°
and its atomic number is equal to: 32, and the electron beam is perpendicular to the

surface of the semiconductor sample.

6.3.1 Training the Algorithm

First, the input/output data pairs used to train the ANN are collected. The data
was collected from the evaluation of Hergert's model. However, Monte Carlo
simulations and experimental data can be used as well to form the input/output data
pairs for the training of ANN. The CL signal was calculated for each combination of
the parameters o™", L™" ™" Zt™" and Q™" for different values of the energy beam.
Table6.1 details the values of the semiconductor parameters used to generate the CL
signal and consequently form the input/output data pairs used for training the ANN.

Fora™", L™ ,8™" Zt™" and Q"™", the values in [2] were used here as well.
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Table6.1 Semiconductor parameters used for training (CL)

Minimal | Maximal | Sampling | Number

Material Parameter value value step size | of
samples
Energy beam (KeV ) 10 50 10 5
Diffusion length L"™"(um) 0.73 0.77 0.01 5
Absorption coefficient a™" (um™") 0.78 0.82 0.01 5
Normalized surface recombination 5 10 1 6

velocity "™

Dead layer thickness Zt™" (um) 0.03 0.08 0.01 6

Relative quantum efficiency Q"*" 7.15 7.45 0.05 7

Total number of samples used for training | Sx5x6x6x7=6300

As illustrated in Table6.1, taking all the possible combinations of

™" L ST 7™ and Q™" results in a total number of 6300 input/output pairs used

to train the ANN.

A feedforward neural network consisting of one hidden layer is used, the
hidden layer comprises 30 neurons and uses logarithmic sigmoid transfer functions
whereas the output layer consists of 5 neurons (corresponds to the number of the rows
in X" and uses linear transfer functions. Table6.2 illustrates the ANN parameters

used in this simulation. The learning algorithm is a Levenberg Marquardt (see chapter

3).
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Table6.2 ANN parameters used for training (CL)

ANN parameters
Number of epochs 3000
Desired goal 10*
Number of hidden layers 1
Number of neurons in the | 30 uses logarithmic sigmoid transfer
hidden layer functions
Number of neurons in the | 5 (number of | uses linear transfer functions

output layer

rows of X"*™)

The training curve of the ANN is shown in figure6.1; the desired goal is achieved

after 1984 epochs.
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Figure6.1 Training curve of the ANN (CL)

Figure6.2 shows the percentage error between the theoretical parameters L, a,

S, Q, and Zt and parameters calculated by the ANN.
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The maximal percentage error for each parameter L, a, S, Q, and Zt is:

1.5011%, 1.2883%, 0.9727%, 1.0843%, and 1.8617% respectively.
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Figure6.2 Percentage error between theoretical parameters and the parameters

calculated by ANN for the training set (CL).

It is also instructive to observe the histogram plot of the error, as in Figure6.3.
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Figure6.3 Probability density function PDF (bars) and cumulative density function CDF

(solid line) of the percentage error of L, a, S, Q,and Zt for the training set.

We notice from figure6.3 that most of the errors are clustered around zero,
indicating that the ANN is able to learn the input/output relationship effectively.
Table6.3 details the value of the percentage error in 95% and 100% of the training

samples for each parameter.
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Table6.3 Percentage error of the five parameters L, a, S, Q,and Zt for 95% and 100% of
the training samples (CL).

Semiconductor parameter | For 95% of the training | For 100% of the training
samples, the percentage | samples, the percentage
error is below error is below
L (um) 0.6% 1.6%
o (um") 0.6% 1.4%
S 0.4% 1%
Q (arbitrary units) 0.6% 1.4%
Zt (um) 0.6% 2%

We note from table6.3 that the maximal error in 95% of the training cases is of

0.6% and in all the training cases the maximal error is of 2%.

6.3.2 Testing the algorithm

A data not seen before used for testing the ANN is illustrated in Table6.4 (taking the

mid-value between each two successive values of the training set).

Table6.4 Semiconductor parameters used for testing the ANN (CL)

Material Parameter Minimal Maximal | Sampling | Number
value value step size of
samples
Energy beam (KeV ) 10 50 10 5
Diffusion length L**(um) 0.73+(0.01/2) | 0.77 0.01 4
Absorption coefficient o (um™) | 0.78+(0.01/2) | 0.82 0.01 4
Normalized surface recombination | 5+(1/2) 10 1 5
velocity S"™"
Dead layer thickness Zt*°*' (um) 0.03+(0.01/2) | 0.08 0.01 5
Relative quantum efficiency Q" 7.15+(0.05/2) | 7.45 0.05 6

Total number of samples for the test | 4x4x5x5x6=2400

The total number of samples used for test is 2400 input/output pairs.
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Figure6.4 illustrates the percentage error between the samples of the test CL
signal and the CL signal calculated by ANN. The maximal percentage error for each
parameter L, a, S, Q, and Zt is: 0.815%, 0.7847%, 0.5390%, 0.8544%, and 0.7472%,

respectively.
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Figure6.4 Percentage error between the theoretical parameters and the parameters

calculated by ANN for the test set (CL).

The PDF and the CDF of the percentage error is shown in Figure6.5.
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Figure6.5 PDF and CDF of the percentage error of L, a, S, Q,and Zt for the test set.

Using figure6.5, we detail in table6.5 the values of the error in 95% and 100%

of the test samples for each parameter.

Table 6.5 Percentage error of the five parameters L, a, S, Q, Zt for 95% and 100% of

the test samples

Semiconductor For 95% of the test For 100% of the test
parameter samples, percentage samples, percentage
error is below error is below

L (um) 0.5% 0.9%
o (um’) 0.4% 0.8%
S 0.3% 0.7%
Q (arbitrary units) 0.4% 0.9%
Zt (um) 0.4% 0.8%
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The results obtained and presented in table6.5 give a maximal error of 0.5% in

955 of the test cases and a maximal error of 0.9% of all the test cases.

6.4 Application to EBIC

We present now the application of the parameter extraction algorithm described
above to the simultaneous extraction of the diffusion length L and the normalized
surface recombination velocity S from an EBIC line scan in a normal collector

configuration (Donolato's model see chapter2).

The material sample is chosen to be Silicon (a density of 2.33 g/cm3); the electron
beam is perpendicular to the surface of the semiconductor sample. The line scans the
region outside the junction, and the energy beam is equals to 14KeV which gives for

the energy range a value of 1.7um.

6.4.1 Training the Algorithm

The first step is to collect the input/output data pairs used to train the ANN.
The data were collected from the evaluation of Donolato's model described in chapter
2. However, Monte Carlo simulations and experimental data can be used as well to
form the input/output data pairs for the training of ANN.

To train the ANN, the EBIC signal was calculated for each combination of the
parameters L™, S™" . Table6.6 details the values of the parameters used to generate
the EBIC signal and consequently form the input/output data pairs used for training the

ANN. ForL™", §™" | the values in [3,4] were used here as well.
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Table6.6-Semiconductor parameters used for training (EBIC)

. . . Number

Material Parameter Minimal | Maximal Sampl}ng of
value value step size
samples

Beam position(um) 6 6.9 0.2 5
Diffusion length L"*"(um) 3 39 0.03 31
Normalized surface recombination velocity §"" | 2 4 0.03 67
Total number of samples used for training 31x67=2077

As illustrated

in Table6.6,

taking all the possible combinations of

L™, S™" results in a total number of samples of 2077 samples, therefore, 2077

input/output pairs are used for training the ANN.

A feed forward neural network consisting of one hidden layer is used, the

hidden layer comprises 15 neurons and uses logarithmic sigmoid transfer functions

whereas the output layer consists of 2 neurons (corresponds to the number of rows in

X"*" and uses linear transfer functions. Table6.7 illustrates the ANN parameters used.

The training algorithm is the Levenberg Marquardt (see chapter 3).

Table6.7- ANN parameters used for training (EBIC)

ANN parameters
Number of epochs 300
Desired goal 107
Number of hidden layers 1
Number of neurons in the 15 uses 'logarithmic sigmoid transfer
hidden layer functions
Number of neurons in the | 2 (number of

output layer

rows of X"™™")

uses linear transfer functions
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The training curve of the ANN is shown in figure6.6; the desired goal was

achieved after 8 epochs.

Train

= === Validation
Best validation

"""""""" desired goal

T T T T

Performance
)

T T T

T T T T

10k . . . . . . . _
0 1 2 3 4 5 6 7 8

8 Epochs

Figure6.6- Training curve of the ANN (EBIC)

Figure6.7 shows the percentage error between the theoretical training
parameters and the parameters calculated by the ANN. The maximal percentage error
for L and S is 2.1141% and 5.4334% respectively. This indicates that the training is

very satisfactory.
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Figure6.7- Percentage error between theoretical training parameters and the
parameters calculated by ANN (EBIC).

It is also instructive to observe the histogram plot of the error, is presented in

Figure6.8.

distribution
cumulative

Yoerror

Figure 6.8 —PDF (bars) and CDF (solid line) of the percentage error for the training set (EBIC).
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In figure6.8 most of the errors are gathered around zero, this means that the
ANN is able to learn the input/output relationship successfully.
From figure 6.8 we can detail the values of the error in 95% and 100% of the

training samples for each parameter, the results are reported in table 6.8.

Table6.8- percentage error of two parameters for 95% and 100% of the samples (EBIC).

Semiconductor parameter

For 95% of the samples,

error is below

For 100% of the samples,

error is below

L (um)

1.5%

2.5%

3%

5.5%

The maximal error obtained in 95% of the training set is of 3% and for all the

training set the maximal error is of 5.5%.

6.4.2 Testing the algorithm

Our ANN is tested using values of EBIC not seen before as illustrated in Table6.9.

Table6.9-Semiconductor parameters used for testing the ANN (EBIC)

Material Parameter Minimal Maximal | Sampling | Number
value value step size of
samples
Beam position(um) 6 6.9 0.2 5
Diffusion length L*(um) 3+(0.0172) 3.9 0.03 30
Relative quantum efficiency S'* 2+(0.05/2) |4 0.03 67
Total number of samples for the test | 30x67=2010

The total number of samples used for test is 2010 samples.
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Figure6.9 illustrates the percentage error between the samples of the test EBIC
and the EBIC calculated by ANN. The maximal percentage error for L. and S is

2.3593% and 4.8562%, respectively.
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Figure6.9- Percentage error between the theoretical parameters and the parameters
calculated by ANN for the test set (EBIC).

The histogram plot of the error and the CDF is shown in Figure6.10.
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Figure6.10- PDF and CDF of the percentage error of L, S of the test set.

From figure6.10, we detail in table6.10 the values of the error in 95% and 100% of

the samples.

Table6.10- Percentage error of the two parameters L and S for 95% and 100% of the

samples
Semiconductor For 95% of the samples, For 100% of the
parameters error is below samples, error is below
L (um) 1.75% 2.5%
S 3% 5%

The maximal error obtained in 95% of the test cases is of 3% and is of 5% in

100% of the test cases.

6.5 Conclusion

A new parameter extraction algorithm based on ANNs as inverse modeling is

presented and discussed in this chapter for the joint extraction of the semiconductor
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related parameters. The algorithm is applied to the semiconductor parameter

extraction using CL/EBIC signals. The results obtained can be summarized into the

following points:

For the simultaneous extraction of the five related parameters (L, a, Zt,
S, Q) from CL signal a set of parameter values is obtained with errors
less than: 0.5% for L, 0.4% for a, 0.3% for S, 0.4% for Q and 0.4% for
Zt, in 95% of the cases, and an error less than 0.9% for L, 0.8% for «,
0.7% for S, 0.9 for Q, and 0.8% for Zt, in 100% of the cases. The
maximal error is 0.9% for all the cases, a result that clearly shows that
the strategy proposed in this work is very successful in extracting the
semiconductor parameters.

For the simultaneous extraction of the two parameters (L, S) from
EBIC a set of parameter values is obtained with error less than 1.75%
for the diffusion length and less than 3% for the normalized surface
recombination velocity in 95% of the cases, and an error less than
2.5% for the diffusion length and an error less than 5% for the
normalized surface recombination velocity in 100% of the cases. The
maximum error obtained for the extraction of the parameters in all
cases 1s of 5%, this result shows that the strategy proposed in this

work is very fruitful.
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Chapter 7
Semiconductor Parameter Extraction Using Genetic

Algorithm
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7.1 Introduction

To the best of our knowledge, no work has been reported regarding the use of
genetic algorithms (GA) in semiconductor parameter extraction from EBIC/CL
signals. We present and discuss in this chapter a new parameter extraction algorithm
based on genetic algorithms for the simultaneous extraction of related semiconductor
parameters.

The proposed parameter extraction algorithm is applied to the simultaneous
extraction of five related semiconductor parameters, that is: the diffusion length L, the
absorption coefficient «, the dead layer thickness Zt, the normalized surface
recombination velocity S, and the relative quantum efficiency Q, from any steady
state CL signal of a free defect semi-infinite semiconductor.

Similarly, the proposed parameter extraction algorithm is also applied to the

simultaneous extraction of two related semiconductor parameters, that is, the diffusion
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length L and the normalized surface recombination velocity S from any EBIC line

scan in a normal collector configuration.

7.2 Parameter extraction using genetic algorithms
Assume that the nonlinear functional relationship is given by:
Y=F(X,,X,..X,) ; where Xj i=1,...n represents the input vector and Y is the

output vector (signal). The parameter extraction algorithm based on genetic

algorithms can be summarized into the following steps:

7.2.1 Initialize the parameters
The range over which the parameters (X;,X;...X,) vary is set as:
X, =[X X PP ], X, =X, XA ] L X =X Y X ] where lower and upper

states for the lower and upper bounds of each parameter .

7.2.2 Define the objective function
The objective function 4 is defined as the difference in terms of the Euclidian

distance between a certain measured signal Y ™"

for which the parameters
(X,,X,..X ) are to be determined and the theoretical Y. This objective function

can be written as follows:

9= "Y _y measured

(7-1)

2

7.2.3 Apply the genetic algorithm

The genetic algorithm is applied through the following steps (see chapter 4):

e An initial population is defined by an Npopx Ny, matrix, where Npop 18

the number of chromosomes and N, is the number of variables.
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e The objective function defined previously is evaluated for all
chromosomes in the population.

e The GA operators (selection, crossover, and mutation) are performed.

e The algorithm stops when one of the stopping criteria is met (i.e. an
acceptable solution is reached or a certain number of iterations is

exceeded).

7.2.4 Extract the solution
The solution exhibiting the best fitness value is considered as the final
extracted set of parameters (X, X,...X ).

The different steps of the proposed parameter extraction algorithm can be

summarized in the flowchart depicted in figure7.1.
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Initialize the
parameters
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Define the objective function
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Extract the desired
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Figure7.1. Flowchart of the proposed parameter extraction algorithm based on GA.
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7.3 Application to cathodoluminescence

We present in this section the application of the parameter extraction
algorithm to the simultaneous extraction of five parameters: the absorption coefficient
a, the diffusion length L, the normalized surface recombination velocity S, the dead
layer thickness Zt, and the relative quantum efficiency Q, directly from any steady
state CL signal of a free defect semi-infinite semiconductor (Hergert's et al model; see

chapter2).

The first step in the proposed algorithm is to initialize the semiconductor
parameters (a, L, Zt, Q, S) where upper and lower bounds are selected from intervals

provided in [1] and are detailed in Table 7.1.

Table7.1. Lower and upper bounds of semiconductor parameters (CL)

Parameter Lower bound | Upper bound
Energy beam (KeV) 10 50
Diffusion length L(um) 0.73 1.78
Absorption coefficient a (pm’l) 0.785 0.825
Normalized surface recombination velocity S | 3 6
Dead layer thickness Zt (um) 0.03 0.18
Relative quantum efficiency Q (arbitrary 5.15 5.45

We consider an n-type GaAs semiconductor, with a critical angle of 16° and an
atomic number of 32. The electron beam is perpendicular to the surface of the
semiconductor sample.

The GA parameters used in the simulation are detailed in table7.2.
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Table7.2. GA parameters (CL)

Initial population
options and other GA

options

Parameter Value
Chromosome Length 5 (number of
semiconductor
Initial population size 1000
Creation function Uniform
Fitness scaling Rank

Reproduction options

Selection function

Roulette wheel

Elite count 2
Crossover function Scattered
Crossover fraction 0.8

Mutation function

Gaussian (mean=0,

scale=1_shrink=1)

Stopping criteria

options

Number of generations 100
Stall generation 50
Function tolerance le-6

In order to have an idea about the objective function to minimize, a typical

example is plotted below in figure7.2 for the two parameters only, that is, L and a:

fitness value

Figure7.2 Cost surface of the objective function of the two parameters L and a.
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It is clear that the objective function for L and a is very similar to the Rosenbrock
(banana) function [2], which is one of the most difficult test functions in the
optimization field. This provides us with an indication about the difficulty of the
objective function when considering other parameters such as, S, Q and Zt.
Figures7.3.a and 7.3.b show the best and mean fitness values and the average

distance between individuals.
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Figure7.3. Convergence of the GA: (a) best and mean fitness, (b) average distance

between individuals.

Figure7.3.a illustrates the best and mean fitness values for each generation. The
mean fitness value and the best fitness value become equal when the GA converges.

Figure7.3.b illustrates the average distance between individuals; it shows how the
individuals explore the search space and converge to a single point that can be local or
a global minimum.

The parameter extraction algorithm is run 100 times (the reason behind is that the

performance of the GA is random in the sense that it does not give the same results at
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each run) and the Probability Density Function (PDF) / Cumulative Density Function
(CDF) of the percentage error of each extracted parameter L, a, Q, S and Zt is
evaluated.

The initial population of the GA algorithm changes from one run to another (it is
generated randomly using a uniform distribution with bounds specified in table7.1).
This is because the genetic algorithm doesn't have any prior information about the
objective function and therefore the best strategy in this case is to generate the
population using a uniform distribution. However, if some apriori information about
the objective function is available then other types of distributions can be used to
generate the initial population.

In the following, the Probability Density Function (PDF) / Cumulative Density
Function (CDF) of the percentage error of each extracted parameter L, a, Q, S and Zt is
plotted in figure7.4.

The percentage error of each extracted parameter is given by:

| Parameter

9error — Parameter;,

No minal

x100 (7-2)
Parameter

No minal

where Parameter in (7-2) states for one of the parameters to be extracted.

Parameter.
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cumulative
distribution

% error

Figure7.4. PDF (bars) and CDF (solid line) of the percentage error for each of the five

parameters L, a, S, Q,and Zt.

Using Figure7.4, the percentage error in 95% and 100% of the runs for each

parameter is detailed in Table7.3.

Table7.3. Maximum percentage error of the five parameters L, a, S, 0, and Zt for 95%

and 100% of the runs, respectively.

Semiconductor For 95% of For 100% of
parameter the runs, error | the runs, error
is below is below
L (um) 3.1 % 14 %
o (um') 2.6 % 3.5%
Q (arbitrary units) |2 % 3%
S 12 % 30 %
Zt (um) 7.3 % 18 %
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The maximal percentage error in 95% of the cases is of 12%.
Effect of the initial population size

Table7.4 illustrates the percentage error in 95% and 100% of the runs for each
parameter for three different initial population sizes: 1000 (presented in table 7-6),
100, and 10.

It is clear that in general the larger the population size the less the percentage
error. The size of the initial population obviously affects the performance of the
extraction algorithm, and it is expected that the performance of the extraction
algorithm improves (in a statistical sense) as the size of the population increases, that
is, as the initial population increases the performance of the extraction algorithm
improves as the number of runs tends to infinity. This is justified by the fact that a
larger population size is able to search a larger space of the objective function and

therefore has more chance to find a good solution.
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Table7.4. Maximum percentage error of the five parameters L, a, S, 0, and Zt for 95%

and 100% of the runs, respectively, with different initial population size.

Initial size Semiconductor For 95% of the For 100% of the
population parameters runs, error is below | runs, error is below
10 L (um) 22 30
o (um') 2.45 2.5
Q (arbitrary units) 2.8 3
S 31.5 35
Zt (um) 39 60
100 L (um) 20 25
o (pm’l) 2.4 2.5
Q (arbitrary units) 2.75 3
S 31 35
Zt (um) 14.5 18
1000 L (um) 3.1 % 14 %
a (um') 2.6 % 3.5%
Q (arbitrary units) 2 % 3%
S 12 % 30 %
Zt (um) 7.3 % 18 %

7.4 Application to EBIC

We present now the application of the parameter extraction algorithm described

above to the simultaneous extraction of the diffusion length L. and the normalized

surface recombination velocity S from an EBIC line scan in a normal collector

configuration (Donolato's model; see chapter2).

The first step in the proposed algorithm is to initialize the semiconductor

parameters (L, S) where upper and lower bounds are selected from intervals provided
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in [3,4] and are detailed in Table7.5. The sample material is chosen to be silicon (a

density of 2.33 g/cm®). The electron beam is perpendicular to the surface of the

semiconductor sample, the line scans the region outside the junction, and the energy

beam is equals to 14KeV which gives for the energy range a value of 1.7um.

Table7.5. Lower and upper bounds of semiconductor parameters (EBIC)

Parameter Lower bound | Upper bound
Beam position (um) 6.2 6.5
Diffusion length L(um) 3 3.1
Normalized surface recombination velocity | 2 2.1

The GA parameters used in the simulation are detailed in table7.6.

Table7.6. GA parameters (EBIC)

Initial population
options and other GA

options

Parameter Value
Chromosome Length 2 (number of semiconductor
parameters)
Initial population size 20
Creation function Uniform
Fitness scaling Rank

Reproduction options

Selection function

Roulette wheel

Elite count 2
Crossover function Scattered
Crossover fraction 0.8

Mutation function

Gaussian (mean=0, scale=1,

shrink=1)
Stopping criteria | Number of generations 10
options Stall generation 50
Function tolerance le-6
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The parameter extraction algorithm is executed 10 times and the PDF and CDF of
the percentage error of each extracted parameter L, and S is plotted in figure7.5. The

percentage error of each extracted parameter is evaluated using (7.2).
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Figure7.5. PDF and CDF of the percentage error for each of the two parameters L, and
S.

Using Figure7.5, the percentage error in 95% and 100% of the runs for each

parameter are detailed in Table7.7.

Table7.7. Maximum percentage error of the two parameters L and S for 95% and 100%

of the runs, respectively.

Semiconductor parameter

For 95% of

the runs, error

For 100% of

the runs, error

is below is below
Diffusion length L (um) 0.48 % 0.5 %
Normalized surface recombination velocityS 2.25 % 2.5 %
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The results show that for 95% of the runs the maximum error for L is 0.48% and

for S is 2.25%, and for 100% of the runs the maximum error for L is 0.5%, and for S is

2.5%.

7.5 Conclusion

In this chapter we have presented a new parameter extraction algorithm based

on genetic algorithms for jointly extracting semiconductor related parameters, the

model is applied to the simultaneous extraction of five semiconductor parameters

from CL/EBIC signals. We can summarize the results into the following points:

For the simultaneous extraction of the five related parameters (L, a, Zt,
Q) from a CL signal, a set of parameter values is obtained with errors
less than: 3.1% for L, 2.6% for a, 2% for Q, 12% for S and 7.3% for Zt,
in 95% of the cases, and an error values less than: 14% for L, 3.5% for
a, 3% for Q, 30% for S and 18% for Zt, in 100% of the cases. The
results show that for 95% of the runs the largest error is that of S, this
is reasonable as these parameters are jointly extracted. One way to
reduce the percentage error is to reduce the dimension of the search
space by removing some parameters (i.e. L, S) from the extraction
process using CL and determining them using other techniques such as
EBIC. This solution is actually considered for future work

The effect of the population size was discussed here as well; it is found
that the percentage error becomes smaller for larger population sizes.
This result is clearly noticeable in the 95% of the runs. This is expected
to be true also for 100% of the runs if the number of runs tends to

infinity.

142



Chapter 7 semiconductor parameter extraction using Genetic Algorithms

e For the simultaneous extraction of the two parameters (L,S) from EBIC
a unique set of parameters is obtained with error less then 0.48% for L,
and 2.25% for S in 95% of the cases, and an error less than: 0.5% for L,
and 2.5% for S in 100% of the cases. Since the parameters are jointly
extracted the results obtained show that the proposed strategy is very

successful.
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8.1. Conclusion

In this work, the semiconductor parameter extraction problem is formulated as
an optimization problem. By doing so, powerful optimization tools such as neural
networks and genetic algorithms can be used to find high-quality solutions with a

reasonable cost.

In this work, the Cathodolumiescenec and EBIC signals in the Scanning
Electron Microscopy are used along with artificial neural networks (ANN) and
genetic algorithms (GA) to extract the semiconductor parameters (absorption
coefficient, diffusion length, dead layer thickness, relative quantum efficiency and the

normalized surface recombination velocity) with a relatively small percentage error.

The new techniques developed in this dissertation exhibit many advantages
such as the simultaneous obtainment of near-optimum values for the extracted related

semiconductor parameters and moderate computational complexity.
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This work has stepped forward into the use of powerful optimization tools like
artificial neural networks and genetic algorithms in the field of scanning electron
microscopy which is a great tool in the characterization of the semiconductor

materials and devices.

Simulation results of the parameter extraction algorithms for CL/EBIC signals
using ANNSs and genetic algorithms indicated that these techniques are successful and
of reasonable cost. Moreover, the parameter extraction algorithms based on neural
networks do not require a theoretical model and can be used directly with
experimental data. This is very useful because in practice theoretical models have
limitations due to the approximations and assumptions used during the development
of these models. Moreover theoretical models do not take into consideration
measurement errors and hence parameter extraction techniques based on these models
do not give accurate results with experimental data. Therefore, our approach

represents a good alternative to these parameter extraction techniques.

7.2. Future work

This work left in the mind of the writer a number of questions, these could be
answered by further improvements of both parameter extraction algorithms and

optimization techniques.

The investigation of electronic and optical properties in semiconductor
characterization is of fundamental importance, thus a joint use of CL/EBIC signals
along with the techniques presented in this work can offer possibilities for
determining reliable quantitative information on electronic, optical properties and

electrical activity of localized defects.
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Our techniques can be extended to nano-contacts and nano-scale characterization,
which are promising fields of research since most of the microscopes used in

nanoscience and nanotechnology are electronic microscopes (SEM, STEM...).
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Appendix A

Appendix A: Monte Carlo simulation of electron trajectories

1. Theoretical background

The physics underlying the interaction of non-relativistic electrons with specimen
is detailed here.

The Coulomb force is the fundamental force which describes the interaction
between the incident electrons and the bombarded sample particles, and ionization is
the principal energy loss mechanism and elastic collisions with the nuclei produce the
majority of the relatively large angular deflection.

The "slowing down approximation" is the assumption that the energy lost per unit
path length dE/dS is a given function of the energy, the atomic number and the
angular deflection.

The energy lost per unit distance dS by the electron is given by the Bethe formula

[1]:

d£=—7_83(pz jln(174E j (KeV / um)
AE zZ

(A-1)

Where : Where, p(g/cm’) is the sample density, and A(g) is the atomic weight of the
sample.

A shielded Rutherford cross section is given by [1]:

do  Z(Z +1e* 1
dQ pv?  (1-cos@+2p)°

(A-2)

Where ,6‘20.25(1.121‘1/19)2 . =7 10.885a,, p=mv (the electron momentum), and a is

the Bohr radius. @ is the scattering angle.
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The integration of (A-1) over all solid angles gives the total screened cross section

[1]:

¥ do r  Z(Z+De*
o ZHdQ(dszjzﬁmm Py’
00 (A-3)

If the electron beam is exponentially attenuated the mean free path 4 is given by [1]:

A= [Ts exp[(L— PN 40,48 ]dijﬁexp[(—pN O )8 hsJ

0 0

(A-4-a)

A=1.0280+B)AT*/Z(Z +1)p (A-4-b)

Where Nj is Avogadro's number.

The path of an electron as it moves inside the matter is shown by figureA-1:

Incident electron
beam with energy E,

FigureA-1. Schematic geometry of the initial steps of electron scatterings.
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The azimuthal angle is assumed to be a uniformly distributed random mangle between
0 and 2= rad at each scattering event.
The two frames of reference to consider are:
e The laboratory frame which is the fundamental frame is attached to the
sample.
e The scattering frame which co-moves with the electron.

The geometrical connection between the two frames is shown in figure A-2.

z
V 2" -axis
en+1 n( A)
Vo
|
|
|
+— Y
I
1
i

FigureA-2 laboratory and scattering frames.

At a given step the direction of the electron is defined by a unit vector V,,. the
angles 0,, ¢, specify V, relative to axes fixed in the laboratory frame.
The scattering angles 6 and ¢ are defined in the scattering frame which uses V, to

define the Z' axis.

The electron travels in the direction V,, until it undergoes a scattering defined by the
scattering angle 6. The new direction of the electron in the laboratory frame is defined
by the unit vector V.

We want to find 6, and ¢, , in terms of 0,,¢, , 0 and¢ [1].

Using figure A-2 we have :
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V. =sin®, cos¢ i +sinf, sing, j +cosf.k (A-5-a)
V. ., =sind  cosg i +sind,  sing , j +cosf k (A-5-b)
V., =sinfcos @i’ +sinOsing j' +cos k'’ (A-5-¢)
Where i’ ! f ’,E'refer to the scattering frame.
The scattering frame is connected to the laboratory frame as follows:
k'=V,
i'=V ><1€/\V xk‘
=V, xk /sin6, (A-6)
=sin Hniq —cos ¢, i
ia’ _ j! % l€'
= (lg —cos6 V. )/sin 6
Then:
Vn+1 01; =Cos 9n+1
=cos @, cos@+sin@, sinfcos¢p (A7)
Vn+1 .Vn =COos 6n+1
=cos @, cosd,,, +sind, sin6, ,, cos(4,,, —¢,)
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_cosf—cos0,,, cosO,

cos(¢,.1—4,)=

sin@, sind, (A-8)

To determine sin(;zﬁn+l —¢n)the vectors V, and V,,; are projected onto the x-y plan

and the projections are named P, and P, respectively (figure A-3).

Figure A-3 projection onto the x-y plan.

We have:

PnPn+1 = Pn Pn+l Sin(¢n+1 _¢n )E
- (A-9)
=sin@sin(g,,, — 4, )k
Direct evaluation of P, xP, ,, in terms of the angles 6, ¢, , @ and ¢ gives :
PP =—sind, sin@singk (A-10)
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We finally have:

cos = cos 6, cos@—sin 6, sin & cos ¢

_cosf—cosf,,, cos,

cos (¢~ ) =

sin(g,,, —¢, ) =sin@sing/sin b, ,

sind, sind, (A-11)

The angles 0,.1,¢,,, are now determined in terms of 6,,¢, and the scattering

angles # and ¢ .

2. Monte Carlo procedure

We follow one electron through one scattering event. Initially the electron direction

of motion is given by V, (49n ,¢n) and it has kinetic energy E,. The angles 8, ¢ defines

an elastic scattering event. The angles 6,¢,0, ,¢, serve to define 6 ,,,¢ ., and thus

Vn+1-

The normalized probability that the electron scatters through an angle 6 is given by

the use of (A-2) and (A-3):

(A-12)

Thus:

(A-13)
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Now 6,¢ can be determined by:

1+pB-R, (A-14)

Where R, ,R; are random numbers between 0 and 1.

If the number of electrons which persist after a distance S then:

N (S)=N (0)e™*" (A-15)

A is the mean free path.

The probability that an electron interacts after traveling a distance S is then:

[N(0)-N(S)]
N (0) (A-16)
)

(-S72

P(S)=

=1-e
And so:

S ==AIn[1-P (S)] (A-17)

By choosing for [1—P (S )] random numbers Rg the path length S traveled by an

electron can be found as:

S =—AInR, (A-18)
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If R, is the position of the electron in the laboratory frame before the nth scattering,

and E, is the kinetic energy

of the electron for the nth scattering than the procedure

can be summarized as follows:

1. Givend, ¢, .

2. Generate three random numbers: R, ,R 4 R, .

3. (A-14).

4. cos(6,,,).tan(4,,, —¢, )from (A-11). And S, from (A-18) and (A-4).

5. R,,=R,+S,(sing

n+l

6. E, —E —|E

.\ S
dS

n-

7' 0n+l —>9n ’¢n+l —>¢n °

3. MATLAB codes

cos@ i +sinf  sing . j +cos€n+,k).

o©

%= this code gives elec
= and an

tron trajectories for any angle of incidence =
y beam energy =

clc
%close all
format long

$=== definition of cons
72=32;

A=72.59;

rho=5.3;

thickness=2;
E0=15;%[5 10 20 50];
length EO=length (EO);
number e=200; %n

o° o° o° o°

oe

tants ===================

atomic number of the target (Ge);
atomic weight of the target (gm/mole);
density of the target (gm/cm3);

target thickness (microm) ;

electron beam energy (KeV);

umber of electrons;
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for j=1:length EO
for k=1:number e

x(1)=0; % initial position of the electron (point of impact);
y(1)=0;

z(1)=0;

teta n(1)=90; % initial scattering angle at the scattering

frame (normal incidence)=
phi n(1)=0; 3%initial azimuthal angle at the scattering
frame;
E(1)=E0(j); %$initial kinetic energy of the electron (KeV);
i=1;
while ((E(1)>0.5)&&(z(1)>=0)&&(z(1)<thickness))

$====== generation of random numbers ==========
random_teta (i)=rand(1l);

random phi (i)=rand(1l);

random s (i)=rand(1l);

%= calculation of beta the screening parameter=
beta (1)=3.4*10"(=-3)*2"(2/3) *E(1) " (-1);

%== calculation of the scattering and the azimuthal

% angles at the scattering frame.

teta(i)=acos (1-((2*beta (i) *random teta(i))/ (l+beta(i)-...
random_teta(i))));

phi (i) =2*pi*random phi (i);

%== calculation of the mean free path in microm =

lamda (i)=1.02*beta (i) * (1+beta (i) ) *E (i) "2*A/ (Z* (Z2+1) *rho) ;

%=== calculation of the path traveled by the electron =

s(i)=-lamda (i) *log(random s (1i));

%$== calculation of the scattering and azimuthal angles

% of the step i+l at the laboratory frame;
teta n(i+l)=acos(cos(teta n(i))*cos(teta(i))-...
(sin(teta n(i))*sin(teta(i))*cos(phi(i))));
)/ ...

phi n(i+l)=phi n(i)+asin((sin(teta(i))*sin(phi (1)
sin(teta n(i+1)));

%== calculation of the new position at the step i+l ===

x (i+1)=x(i)+s (i) * (sin(teta n(i+1))*cos (phi_n(i+1)));

y(i+1)=y(i)+s (i) * (sin(teta n(i+1))*sin(phi n(i+1)));

z(i+1l)=z (i) +s (i) *cos (teta n(i+l));

%$== calculation of electron's energy at the step i+l =

delta E(i)=s(i)*abs (-
7.83*rho*Z*1og (174*E(1)/Z)/ (A*E(1)));

E(i+1)=E(i)-delta E(i);
i=i+1;

end

k=k

plot(x,z);

hold on;

xlabel ('x");

ylabel('z");

clear random teta random phi random s beta teta phi lamda

s teta n phi n x y z delta E E

990000000000000000000000000000000000000000000000000000000000000000000

89900900000090090000090000000090000000900000000000000090000000800009000000000208 0

156



Appendix A

$==== this code calculates the energy dissipation of the ==
%== 1incident electrons for different energy beam values ==
o/:_____________::::::::::::::::::::::::::::::::::
clear

clc

close all
format long
3======= definition of constants ==============

z=14; % atomic number of the target(silicon);
A=28.0855; % atomic weight of the target (gm/mole);
rho=2.33; % density of the target (gm/cm3);

thickness=3;% target thickness (microm) ;
EO=[10 15 20];% electron beam energy (KeV);
length EO=length (EO) ;

number e=100; %number of electrons;

o
|
|
|
|

o°
:
|
|
|
|
|
|
-
o
o
o)
B
0
Q
s
o))
3
0]
pet
o))
B
o
0]
o
0]
o]
o
I

oo

%$=== the iterations starts here ====
z s=0.01;%division step of thickness
z axis=[0:z s:thickness];%division vector of thickness;

buffered z=buffer(z_ axis, 2,1, 'nodelay');%buffered of the z axis;

size buffered z=size(buffered z);%size of the bufferd vector;

for 1=1:length EO
%definition of the sum energy dissipation vector into each
layer (KeV) ;

sum _delta E=zeros(l,size buffered z(2));

%

for k=1:number e
x(1)=0;% initial position of the electron;
y(1)=0;
z(1)=0;
E(1)=E0(1l);%initial kinetic energy (KeV);

%$initial scattering angle at the scattering frame (normal incidence);

teta n(1)=0;
$initial azimuthal angle at the scattering frame;
phi n(1)=0;
i=1;
% disp('while starts here');
while ((E(i)>0.5)&&(z(1)>=0)&&(z (1)<thickness))
%= generation of random numbers =====
random_teta (i)=rand(1l);
random phi (i)=rand(1l);
random s (i)=rand(1l);

%= calculation of beta the screening parameter ====
beta (1)=3.4*10"(=-3)*2"(2/3) *E (1)~ (-1);

o\
I

%$scattering frame;
teta(i)=acos (1-((2*beta(i)*random teta(i))/...
(1+beta (i) -random teta(i)))):;
phi (i)=2*pi*random phi (1) ;
= calculation of the mean free path in microm =

o\

calculation of the scattering and the azimuthal angles at the

lamda (i)=1.02*beta (i) * (l+beta (1)) *E (1) "2*A/ (Z* (Z+1) *rho) ;

o\

= calculation of the path length traveled by the electron
s(i)=-lamda (i) *log (random s (i));

o\

%at the laboratory frame;
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teta n(i+l)=acos(cos(teta n(i))*cos(teta(i))-...

(
(

(sin(teta n(i))*sin(teta(i))*cos(phi(i)))):
phi n(i+l)=phi n(i)+asin((sin(teta(i))*sin(phi(i)))/...
sin(teta n(i+1)));
%= calculation of the new position of the electron at the step i+l =
x(1i+1)=x(i)+s (i) *(sin(teta n(i+1l))*cos(phi n(i+l)));
y(i+l)=y(i)+s (i) * (sin(teta n(i+l)) *sin(phi n(i+1)));

z(i+l)=z (i) +s (i) *cos (teta n(i+l));

%= calculation of the energy of electron at the step itl; ===========

delta E(i)=s(i)*abs (-

7.83*rho*zZ*1og (174*E(1)/2)/ (A*E(1)));

%

o\

(z (i+1) <=buffered z(2,J)) &&(z (i+1)>buffered z (1,3
(3)

8990

E(i+1)=E(i)-delta E(i);

= testing z(i+l)value at each iteration to calculate the energy
dissipation at each layer

for j=l:size buffered z(2)
if
))
sum _delta E(j)=sum delta E +delta E(1i);
end
end
i=i+1;
end
k=k
clear random teta random phi random s beta teta phi lamda...
s teta n phi n x y z delta E E

end
sum_delta_E_norm=sum_delta_E/max(sum_delta_E);
%= making the curve smooth=====

smooth curve=smooth (sum delta E, 500, 'lowess');
hold on

sfigure
plot([l:size buffered z(2)],smooth curve)
xlabel ('depth s')

ylabel ('"NDE s')

I°N

hold on

figure
plot([l:size buffered z(2)],sum delta E)
xlabel ('depth'")

ylabel ('"NDE"'")

hold on

9900000000000000000000000000000000000000000000000000000000
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