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Layman’s summary

Tandem solar cells are a new type of solar cells that are currently being developed. Soms proporties of these
solar cells are variable. In this scription, it is studied how genetic algoritms can be applied to optimize these
tandem solar cells. Genetic algoritms are algorithms that find a good solution using the principles of evolution
theory. It is studied what the influences are of several choices. In this way, this scription gives which genetic
algorithms should be applied in several situations. Hereby, it provides insight in how genetic algorithms can be
applied to optimize genetic algorithms.



Abstract

The production of renewable energy is increasingly important. A source of renewable energy is solar energy,
which can be produced using solar cells. Solar cells consist of multiple thin layers of specific materials. The
energy of solar rays is converted into electrical energy by these layers. A type of solar cells that is currently
being developed is a tandem solar cell, which consists of two solar cells on top of each other. This results in
a complicated structure, which makes it hard to determine the influences of several parameters of the solar
cell, such as used materials and thicknesses of the layers. The software of GenPro4 provides the opportunity
to estimate the current produced by a tandem solar cell. As a higher current gives a higher output of power,
it is desirable to have a solar cell that produces the optimal current. This results in an optimization problem
with discrete and continuous variables. In this thesis, it is studied how genetic algorithms can be applied to
this optimization problem. Genetic algorithms are optimization methods, which means that they are designed
to find a solution that is near or equal to the optimal solution. Genetic algorithms are based on the principles
of evolution theory. The algorithms consider a population that develops over time. This is done by forming
subsequent generations of this population that slowly improve to find a good value. In this way, a good solution
is found for the optimization problem.

An important factor in the optimization problem is the implementation of the objective function, which is
the current of the tandem solar cell. Because GenPro4 estimates the current with a simulation, the objective
function can be different for function calls with identical input. There exist several settings of GenPro4 that
provide the possibility to change the accuracy of the objective function and decrease the variation within iden-
tical function calls. The influence of the settings are studied and the best settings are found. The found settings
are 30 angular intervals, 1000 simulation of rays and a step size of numerical integration of 0.005um. In this
way, GenPro4 estimates the current with an accuracy of 0.01 mA/cm? in 21.8 seconds.

Other important settings that influence the performance of the genetic algorithm are settings of the genetic
algorithm itself. Settings that increase the chance of finding a good solution often result in a long computation
time. This creates a trade-off between a good final solution and a reasonable computation time. One of these
settings is the population size, which is studied by running the genetic algorithm multiple times with different
population sizes. In this way, it is found that a larger population size improves the chance of the genetic algo-
rithm to find a good solution. On the other hand, a large population size also gives a long computation time.
In a situation in which a solution is desired quickly, a population size between 50 and 100 is found to be a good
choice. When the solution should be as good as possible and computation time does not matter that much, a
population size between 100 and 150 is a better choice. In this way, insight is found in the trade-off between a
short computation time and a good solution.

Another important setting is the stopping criterion. Due to the accuracy and the high computational costs
of the objective function, the default stopping criterion of the Matlab function for a genetic algorithm does
not function properly. Using the information about the genetic algorithms with different population sizes, two
new possible stopping criteria are found. One can be used when the computation time of the genetic algorithm
should be low at the cost of a possibly worse solution. The other stopping criterion can be used when the focus
should be on finding a good solution.

The last setting that is studied is the use of parallel computing. With parallel computing, some functions
are called at the same time independently on multiple processors to reduce the computation time. Parallel
computing can either be applied within GenPro4 or within the genetic algorithm itself. The influences of these
two implementations are studied. They do not change the probability of a genetic algorithm to find a good
solution. However, both implementations do decrease the computation time. The largest decrease is obtained
by implementing parallel computing within the genetic algorithm itself. In this way, the computation time can
be decreased up to 75%.

In this thesis, genetic algorithms are applied to the optimization problem to test their performance. The
solutions that are found range from 20.79 mA/cm? to 21.10 mA/cm?. These different studies resulted in insight
in the trade-off of the genetic algorithm between finding a good solution and finding a solution within a short
computation time. It is found that the objective function should have accurate settings and parallel computing
should be used for all implementations of genetic algorithms for this problem. Two settings are provided: one
for finding a high quality solution and one for finding a good solution within a short computation time.
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Introduction

The production of renewable energy has recently become increasingly important. As the emissions due to
fossil fuels are an important factor in global warming and can have a negative influence on the environment
and human health, it is beneficial to reduce the use of it [2]. Since the usage of renewable energy sources
provides the opportunity to use less fossil fuels, it is an important part of the solution to these issues.

The importance of this problem has been recognised by almost all governments. By signing the Paris Agree-
ment of 2015, 197 countries agreed that it is important to make sure that the rise in the global temperature is
kept well below 2 °C by 2050. This can be done by reducing the emission of greenhouse gasses, which are
mostly caused by the usage of fossil fuels according to the International Renewable Energy Agency (IRENA) [1].
IRENA even states that “accelerated deployment of renewable energy and energy efficiency measures are the
key elements of the energy transition". According to their research, it is possible to achieve 90% of the needed
reduction of emission necessary to accomplish the goals set by the Paris Agreement by focusing on renewable
energy sources and more efficient energy usage.

Awell-known renewable energy source is solar energy. The usage of this renewable energy source has grown
the last decades. This is illustrated by data about the Dutch use of energy sources, provided by the CBS [19].
In 2010, 56 million kWh of electricity was produced in the Netherlands by means of solar energy. Almost ten
years later, in 2019, this increased to 5170 million kWh. Next to that, solar energy produced 0.046% of the
Dutch electricity in 2010 compared to 4.23% in 2019. From this data, it can be concluded that solar energy has
a growing importance in the production of electricity.

The solar energy that is used for electricity consumption is created using solar cells. The increasing im-
portance of solar energy therefore gives an increasing importance to solar cells. Solar cells are found on solar
panels and are created by placing different materials in layers on top of each other to catch the energy of pho-
tons and convert it into an electrical charge. In this way, the energy of sunlight can be converted into electrical
energy. The amount of the current a solar cell produces depends on properties of the materials used and the
way they are used, for instance the thickness of the layers [4]. Using physical models, it is possible to calculate
the amount of the current produced by a certain solar cell.

Such a physical model was presented in [25] and is called GenPro4. It gives the opportunity to calculate the
absorbance of the energy of photons of different wavelengths for the different layers of a solar cell. This model
computes the result relatively fast, especially when only the size of layers are adjusted. With this, the possibility
arises to study the optimal combination of layer sizes for specific types of solar cells.

1.1. Tandem solar cell
A type of solar cell which is currently being developed is a so-called tandem perovskite/silicon solar cell [4].
This type of solar cells consists of two parts on top of each other, called interfaces of materials which both
absorb photons of different wavelength. In this way, the solar cell is able to convert the energy of more photons
in electrical energy. One interface of the perovskite/scilicium solar cell has as main element perovskite and the
other interface scilicium. Next to these materials, the interfaces also consist of different smaller layers. Both
interfaces together consist of 10 layers in total.

In order to understand how the two different interfaces interact and create a current, it is necessary to
understand how a traditional solar cell works. Therefore, this is discussed first. The general structure of a
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solar cell is depicted in Figure 1.1. The solar cell consists of an absorber with on one side a layer of electron
transporting material (ETM) and on the other side a layer of hole transporting material (HTM) [4]. Both the
ETM and HTM layers are connected with contacts, which can be connected to a electric circuit.

Contact
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Figure 1.1: A visualisation of the general structure of a solar cell [4].

Sunlight consists of photons and when sunlight shines on a material, these photons will either reflect, go
through it or be absorbed by the molecules of the material. The solar cell is made in such a way that some
photons are absorbed by the absorber layer. This causes an electron in the absorber layer to go to a higher
energy level and this makes it possible for the electron to move a little bit. The electron then moves to the
electron transporting material. Since the electron has a negative charge, a positive hole will remain in the
absorber. This hole moves to the hole transporting material. In this process, a negative charge is obtained by
the ETM and a positive charge is obtained by the HTM. This difference in charge is potential electrical energy
and the corresponding voltage is dependent on the materials used. The electrons in the absorber material need
a photon to have a minimal value of energy in order to be able to bring the electron to a higher energy level.
This minimal value determines the voltage. A higher voltage or a higher current results in a higher potential
energy generated by a solar cell. In short, the energy of the photon is absorbed by this process and converted
to electrical energy.
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Figure 1.2: A visualisation of a perovskite/silicon tandem solar cell.

A tandem solar cell can be seen as two solar cells stacked on top of each other with only two contacts [8].
Because of this, the tandem solar cell consists of 10 different layers. The structure of a tandem solar cell is
visualised in Figure 1.2. The tandem cell has two different absorbers, which are perovskite and silicon. Both
materials absorb photons with different wavelengths. In this way, more photons can be converted to electrical
energy.

On top of this, a part of the photons which are not absorbed by the upper interface can be reflected by the
lower one. Therefore, the photon has an extra possibility to be absorbed by the upper layer and more energy
can be converted by a tandem solar cell.

Since the contacts of the solar cell are only at the upper and lower layer, the two interfaces are connected
in series. This means that the negative ETM of the perovskite interface and the positive HTM of the silicon
interface are next to each other. Therefore, the electrons created by the perovskite part and the holes generated
by the silicon interface meet and cancel each other out. The charge created by the total tandem cell is thus
caused by the positive holes of the perovskite interface and the negative electrons of the silicon interface. The
current of the cell is equal in both interfaces since they are connected in series and is therefore determined by
the interface which generates the lowest current. This means that it is necessary for a tandem cell that both
interfaces create a current as high as possible to have the highest value of the current.

In a tandem cell, one electron in the perovskite and one electron in thesilicon must both absorb photons
to create a charge. This causes the voltage of the charge to be larger compared to a situation with only one
cell. Therefore, the total electrical power created by the solar cell can be higher compared to a normal solar cell
when the decrease of the highest current is as low as possible.

To summarize, a general solar cell consists of an ETM, absorber and an HTM. The perovskite/silicon tandem
solar cell consists of two solar cells, one with absorber perovskite and the other withsilicon, stacked on top of
each other. In this way, the solar cell can absorb photons with a broader spectrum of wavelengths.

1.2. Problem description
The GenPro4 model presented in [25] can be used to simulate tandem solar cells. In order to do this, the model
needs the properties of the used materials and the thickness of the layers. GenPro4 then calculates the obtained
current under the given conditions. It can therefore be seen as a function with the thickness of the layers and
the materials used as input variables and the current as outcome. In order to store as much solar energy as
possible, it is necessary to find a combination of input variables that outputs a current as high as possible.
Because of the complexity of the model used by GenPro4, this is not a linear function. On top of this, it is not
known whether the function is smooth or nicely behaving. Therefore, it is nontrivial which combination of
variables results in the highest efficiency.

The problem that rises is a nonlinear optimization problem. There exist multiple methods for such prob-
lems, for example the use of genetic algorithms [4]. Genetic algorithms are optimization heuristics based on
the principle of genetics and evolution [17]. They exist in many variations and are therefore applicable in a
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broad range of problems. They have been applied to the problem of solar cells in for example [4]. In these stud-
ies, they are compared to other methods and are found to be good in finding a global maximum although they
might need a lot of function evaluations. Therefore, it is interesting to compare the performance of different
genetic algorithms on this optimization problem.

In order to test the performance of the genetic algorithms, a real-live case of the optimization of tandem
solar cells is considered. Here, the materials used for the ETM and HTM of the perovskite interface can be
chosen out of three different materials for each of them. On top of that, there is the possibility to use an anti-
reflexive layer and a pyramid texture, which both might lead to a higher current. These four possible choices
can be viewed as four discrete variables and define the structure of the solar cell. Next to the variations in the
structure, there are six of the ten layers with variable thickness. These layers are the first six layers seen from
the top of the cell in Figure 1.2 except for the contact layer. The layers are all included in the first interface of the
solar cell. The values of their thicknesses can vary between 0.040 ym and 0.500 ymand these variables can be
seen as continuous variables. In total, there are ten variables with four discrete and six continuous variables.

The six continuous variables can be denoted by x1, x»..., x¢ and the four discrete variables as x7, ..., x19. To-
gether they can be seen as one vector, x = (x1, X, ..., X19). For each x, GenPro4 can calculate the corresponding
current. This can be denoted as f(x) or f(x,...,X19). Using this notation, it is possible to formulate the opti-
mization problem in a compact way. The problem that will be considered in this thesis is shown in Problem
(1.1).

xlma}}m f(x1,...,x10) (1.1a)
subjectto: x; €R Vi=1,2,3,4,5,6 (Thickness variables) (1.1b)
0.040 < x; <0.500 Vi=1,2,3,4,5,6 (Boundaries thickness) (1.1¢)
x7 € {spiro-OMeTAD, FTO, TiO} i=7 (ETM) (1.1d)
xg € {PTAA,NiO} i=8 (HTM) (1.1e)
X9 € {0, 1} i=9 (With/without AR-coating) (1.19)
X10 € {0, 1} i=10 (With/without pyramide structure) (1.1g)

Using this case study, different genetic algorithms can be assessed by their performance. The performance
can be compared using the found maximum for each method and the number of function evaluations. By
means of said, it is possible to give an answer to the question: how can genetic algorithms best be used to
optimize tandem solar cells? The answer to this research question makes it possible to make the search for
the optimal properties of tandem solar cells straightforward. Finding the answer to this research question will
therefore be the main goal of this bachelor thesis.

1.3. Optimization algorithms

The mathematical field of optimization studies how to find a good solution for a given problem. If the maximal
value of a function should be found, this function is called the objective function and the problem is called a
maximization problem. In this thesis, the objective function is the value of the current produced by a tandem
solar cell. There exist several analytical techniques to find the maximum of a function. However, the function
most behave nicely for these to work. More importantly, knowledge about the function is necessary, such as
a formula. If this is not available, other methods have to be used to find the maximum. In these situations,
optimization algorithms are often used.

Maximization algorithms are methods that describe how to find a maximum of a function. These methods
do not necessarily find the highest function value that is possible, but often get stuck in so-called local max-
imums. A local maximum is a point on the function that is higher than the points in its neighborhood. The
overall highest function value is called the global maximum. As the global maximum is higher than all points,
this is also a local maximum. Therefore, the global maximum can be seen as the highest local maximum. To
illustrate this, Figure 1.3 shows the graph of the function f(x) = x-sin(x) on the interval [0,10]. The points on
the graph with x = 2 and x = 8 have a higher function than the surrounding points. Therefore, these are local
maximums. The local maximum at x = 8 is the highest value on the graph and the highest local maximum.
Thus, this is the global maximum.

When a function should be maximized, the goal is to find the global maximum. Optimization methods
however often converge to a local maximum instead of a global maximum. This means that the method does



1.4. Thesis outline 1. Introduction

7N
F'. \\
A
[ \
A
\
4 \
2 _
- ™,
e N\
- \ |
0 N\ \
A
\
2 \ \
\ \
-4 AN |
1
E3
0 1 2 3 4 5 [ 7 8 9 10

Figure 1.3: The graph of the function f(x) = x-sin(x) on the interval [0, 10].

not find the best solution. Therefore, optimization methods might sometimes not find the result that is de-
sired. There exists different types of optimization methods, with different behavior for this problem [17]. Local
optimization methods converge fast, but often find a local maximum. On the other hand, global optimization
methods are more likely to find the global maximum, but they often take more computation time.

Problem (1.1) is a maximization problem with 10 input variables and this problem most likely has local op-
tima in which local optimization methods are probably to get stuck. This results in a worse solution than could
be achieved. A global computation method on the other hand is more likely to find the global optimum. This
would therefore be better for this optimization problem. Genetic algorithms are global optimization methods.
This means that they have the possibility to find the global optimum when they are implemented in the right
way. As Problem (1.1) most likely contains local maximums, the genetic algorithms could be suitable optimiza-
tion algorithm for this problem.

On top of that, GenPro4 uses simulations to determine the current, which makes the objective function
subject to small changes. A genetic algorithm is a robust method and does therefore perform well despite these
changes in the objective function. This makes it likely that a genetic algorithm performs well for this type of
problem. Therefore, the optimization method chosen for this optimization problem is a genetic algorithm.

1.4. Thesis outline

In order to study how genetic algorithms can best be used to optimize tandem solar cells, it is first important
to investigate existing theory relevant for this thesis, which is be done in Chapter 2. After this orientation, it is
discussed in Chapter 3 how the objective function can best be implemented using GenPro4. Subsequently, it
is discussed how genetic algorithms can be implemented for this optimization problem and how the influence
of certain settings can be studied. This is be done in Chapter 4. The results of these implementations are given
and discussed in Chapter 5. Finally, an answer to the research question is be formulated in Chapter 6 using the
found results.



Literature

The first step in finding an answer to the research question is a literature study. In this chapter, existing lit-
erature with importance to this thesis is discussed. First, the modeling software GenPro4 is discussed. This
model is important to this thesis because it provides a value of the current, which should be optimized by a
genetic algorithm. Secondly, literature about optimization of solar cells is discussed in order to get a better
knowledge of possible behavior of the problem. These properties provide the context of the problem and can
help to understand how certain versions of genetic algorithms might work better. At last, the concepts of a
genetic algorithm are discussed and different suitable versions of genetic algorithms are treated. This results
in possible variations of genetic algorithms which can be used on the given optimization problem. Combined,
these three parts provide a basis for the research that is carried out in later chapters.

2.1. GenPro4

As mentioned before, the objective function f(x) in Problem (1.1) represents the value of the current obtained
by a simulation of the solar cell using GenPro4 which is presented in [25]. Therefore, the method of GenPro4and
its properties are important for this optimization problem. The most important properties for implementation
and the result are discussed in this section.

The process of capturing the light and converting it into electricity in a solar cell is an called optical process
in physics. A physical model that is based on ray optics is called an optical model. GenPro4 is such an optical
model and it estimates the current produced by a solar cell. Another type of model which is often used is based
on wave optics. These models simulate the behavior of light by solving the Maxwell equations, and therefore,
they take into account the way light behaves as electromagnetic waves. However, solving these Maxwell equa-
tions is computationally a hard task. Because of this, these models must be restricted to a small problem or take
areally long time to compute. GenPro4is an accurate optical model that has a considerably lower computation
time. This is favorable since in an optimization context, the model needs to be used repeatedly. To conclude,
GenPro4is a fast and accurate optical model and is, therefore, useful for optimization problems of solar cells.

The GenPro4 model considers the cell as layers of different materials with interfaces in between. When a
light ray reaches a layer, it can either be reflected at the interface, absorbed or transmitted by the layer. This
happens at every layer and is shown in Figure 2.1. GenPro4 computes the reflectance, transmittance and ab-
sorptance of each layer for light rays of different wavelengths. When light rays are absorbed by the absorber
material, they create a current as explained in Section 1.1. The model uses the reflectance, transmittance and
absorbtance of each layer in a system of linear equations to compute the current created by a solar cell.

This system of linear equations has certain coefficients, which together form the so-called scattering matri-
ces. The majority of the computation time of GenPro4 is used to calculate these scattering matrices. But, when
only the layer thicknesses are changed, these scattering matrices stay the same. Thus, computation time can
be reduced in optimization problems when only the layer thicknesses are changed. This can help to reduce
computation time when GenPro4 is used in a genetic algorithm.

The fact that GenPro4 is a ray-based method, causes that some physical phenomena which are described
by electromagnetic wave behavior of light are not taken into account. When the thickness of the layers is large
compared to the coherence length of the light, these phenomena can be neglected. But when this is not the
case, inference effects occur and alter the behavior of the light significantly. The coherence length of the in-
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Figure 2.1: A visualisation of the reflectance (R), transmittance (7) and absorptance (A, A3) in GenPro4 simulating a solar cell [25].

cident sunlight is around 1 pm, which is larger than the possible thicknesses in the problem and, therefore,
inference effects occur. To deal with such situations, GenPro4 has the option to see a layer as a “coating". When
a layer is considered as a coating, a different calculation method is used which takes inference into account.
The layers in the problem can therefore still be used in GenPro4 when they are seen as coatings.

M\Ag M)

Figure 2.2: A SEM image of anti-reflective texture foil with an inverted pyramid texture[25].

GenPro4 also has other options to deal with more complex solar cells. As can be seen in Figure 2.1, the
interfaces are considered to be flat. However, GenPro4 offers the possibility to add textures to the interfaces.
These textures can be of different shapes, for instance pyramid-shaped as can be seen in Figure 2.2. The vari-
able x;o represents whether there is a pyramid texture or not. Therefore, this option in GenPro4 is essential for
this optimization problem.

To summarize, GenPro4 provides an optical model to simulate different types of solar cells including the
tandem solar cell. Due to the fact that it is an optical model and other properties, it is computationally fast,
and thus useful in the optimization of tandem solar cells when algorithms are used. On top of that, it still has a
great deal of flexibility and has different features that make it possible to extend the model in such a way that
other effects can be taken into account, for instance thin layers and interfaces with textures.

2.2. Optimization of solar cells
In order to better understand the problem, relevant literature is analyzed. A better understanding of the prob-
lem can help explaining the behavior of genetic algorithms and could help in fine-tuning the process of genetic
algorithms. On top of that, existing studies can provide context of the problem, which might be helpful when
interpreting the results of the genetic algorithms.

If a solar cell is made, the fabricator wants the solar cell to be as good as possible. Therefore, researchers
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have tried to find the properties of solar cells which result in the highest efficiency. In this section, different
methods used to improve the efficiency of solar sells are discussed.

2.2.1. Current-voltage characteristics

The main goal of the optimization of solar cells is to find parameters which result in the highest possible effi-
ciency. The efficiency is the proportion of solar energy that is converted to electrical energy. This efficiency can
be expressed in formulas involving physical quantities. In most cases, the relationships between the quantities
can be formulated or approximated. A method which is most frequently used to optimize the solar cells is to
investigate the direct influence of parameters on certain physical quantities. Using these relations, it can be
roughly found what the best set of parameters is.

There exist several methods to investigate the relation between the parameters of a solar cell and the ef-
ficiency. One method is based on the relation between the power (P), voltage (V) and current (I), which is
described by P = VI [5]. Optimizing the efficiency of a solar cell is the same as optimizing the power produced
by the solar cell when the circumstances are fixed.

Every value of the variables gives rise to a so-called current-voltage characteristic, which can be visualised
in an IV curve as is explained in [5]. An example of an IV curve is shown in Figure 2.3. Every point on the IV
curve corresponds to a value of the power P. This can be calculated by multiplying the I-coordinate and the
V-coordinate. This is also shown in Figure 2.3.
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Figure 2.3: Current voltage (IV) curve of a solar cell (red) with for each point the the corresponding power (blue) [5].

The current of the circuit when the voltage over the solar cell is zero is called the short circuit current and is
denoted by I;.. This is the highest possible current. The voltage of the solar cell when there is no current over
the circuit is called the open circuit voltage, V.. This is the highest voltage that can be achieved.

Let (v, i) be a point on the VI curve. Then (v,0) and (0, i) are the orthogonal projections on respectively the
V-axis and I-axis. These points form a rectangle A together with the origin, which is shown in Figure 2.4. The
value corresponding to (v, i) is equal to v - i, which is equal to the area of rectangle A. Then a point (Vasp, Inp)
can be defined as the point corresponding to the square with the largest area. On top of that, a similar rectangle
B can be constructed with the point (Vy, Ic). This gives that rectangle A is contained in B. The area of A
divided by the area of B is called the fill factor (FF) and it could be seen as how much the VI curve looks like a
rectangle.

Using the defined quantities, the value of the efficiency of a solar cell, denoted by 7, can be determined.
This can be done using Equation (2.1), where P;, gives the value of the total power of the sunlight. From
Equation (2.1) can be concluded that a higher efficiency can be obtained by a higher V., Is. and FF. Since the
IV curves contain the information of all these quantities, the curves are a visual tool to asses the performance
of a solar cell.

VoclscFF
1] = —
Piy
In most studies, a good combination of parameters for solar cells is obtained by creating the IV curves for
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Figure 2.4: The current voltage (IV) curve of a solar cell with the rectangles A and B [5].

different combination of parameters. The curves are often gained using a model or experimental data. Then
using the curves, the quality of each combination can be assessed and the best one can be found.

Finding an IV curve is a hard problem for some type of solar cells. In these cases, a fitting method can be
used. In [6] and [26], device simulators are used in order to find IV curves and other graphs for respectively
InGaN tandem solar cells and perovskite solar cells. Different values were tried and plotted. The best solar cells
were obtained by analysing the influence of the variables using these plots. The curves can also be obtained by
describing these curves using parameters. These parameters are then extracted using various methods. In [18],
the parameters are extracted using a hybrid genetic algorithm. This means that there exist methods to obtain
those IV curves, but this might be a time consuming and difficult process.

Optimizing a solar cell by studying the influences of parameters on the IV curve is a method which pro-
vides a lot of information about the behavior of the problem. For instance, it clearly shows the influence of the
parameters. Therefore, investigating IV curves might lead to interesting insights about good solutions. A down-
side is that the method is not suitable for optimization with multiple variables. In order to apply this method,
the influences of the variables are considered and optimized one by one. This is a quite greedy way and is likely
to result in solutions which are not global optima.

However, IV curves do provide insight in how solar cells are studied. Two important factors for a high ef-
ficiency are the voltage and the current. It is hard to determine the efficiency of a solar cell with calculations.
However, GenPro4 gives the possibility to estimate the current produced by a solar cell. As a high current results
in a high efficiency, the current should be optimized. This is the motivation to optimize the current of a tandem
solar cell.

2.2.2. Use of optimization algorithms

Analysing the problem using graphs such as the IV curve often results in sub-optimal solutions. The use of
optimization algorithms can provide a way to find better solutions and thus give a higher efficiency. Several
ways in which algorithms are used to optimize the efficiency of a solar cell are discussed now.

Although the optimization problem of solar cells is a multidimensional problem, algorithms are not often
used in order to perform full parameter space optimization. For instance in [7], the Newton Method is ap-
plied to optimize only the thickness of the perovskite layer of a tandem solar cell. Other parameters such as
thicknesses of the silicon layer are not taken into account.

Genetic algorithms are rarely applied to optimize solar cells, but other optimization methods are slightly
more frequently used. In [11], local optimization methods are used in order to find the best thicknesses of
a tandem solar cell. The methods are executed from various starting points to enlarge the chance of finding
global optima. One of the conclusions of this research is that the application of a textured surface reduces
reflection losses. The found solution produces a current of 18.0 mA/cm?.
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Another optimization method is used in [16], where simulated annealing is implemented to optimize per-
ovskite/silicon tandem solar cells using GenPro4. In the paper, the effect of inverting the order of the layers in
both cells is investigated. The structure of these solar cells is visualised in Figure 2.5.

After repeated application of simulated annealing, all found solutions were nearly identical and resulted in
a current of 17.6 mA/cm?. The absorption of the materials was calculated and is shown in Figure 2.6.
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Figure 2.5: The structure of the solar cell

(16] Figure 2.6: The absorption plotted against the wavelength of an optimized per-

ovskite/silicon tandem solar cell [16].

In Figure 2.6, the absorption of a tandem solar cell is shown for each wavelength of the incominglight. It can
be seen that the perovskite absorbs the most photons with smaller wavelengths and the silicon mainly absorbs
the photons with larger wavelengths. However, when the wavelength is around 600 and 700 nm, the light is
absorbed by both materials. This makes it possible to increase the light absorbed by one material at a cost of
a decreased absorption of the other material, when the parameters are tuned. For wavelengths of around 400
nm and lower, it can be seen that other materials absorb the light, which is called parasitic absorption. For light
with wavelengths of 1100 nm and more, the light is mainly reflected.

If there would be less parasitic losses for light with wavelengths that can be absorbed by the perovskite or
silicon, more light could be absorbed. This can be controlled by the materials used and the thickness of the
layers to optimize the efficiency. The found optimal values of the top contact layers were very close to the given
lower boundaries. Therefore, it is likely that these layers should be as thin as possible to reduce these parasitic
losses. This is something that might also occur when genetic algorithms are applied to Problem (1.1).

In [3], simulated annealing is also implemented to optimize different types of perovskite/silicon tandem
solar cells in combination with GenPro4. The thicknesses of the layers of the perovskite cell are the variables.
This is similar to Problem (1.1) when the discrete variables x7,..., X1 are ignored. Only some of the used mate-
rials are different, which might cause the results to be slightly different. The found solar cell gives a current of
17.5 mA/cm~2. Since the paper does not focus on the how this optimization method behaves for this type of
problem, no further conclusions about the performance of algorithms can be drawn from this research.

Another relevant study for this thesis is [4], in which several different optimization methods are applied to
the problem of optimizing solar cells. It discusses two different cases in which two types of solar cells should
be optimized. Different types of optimization algorithms are applied to both problems.

The quantity that is optimized is the efficiency which is expressed in Equation (2.1). The general procedure
used to optimize the efficiency is visualised in Figure 2.7. For the solar cells, different properties of the solar
cells are variable or fixed. The fixed properties are denoted by a vector a and the variable properties are denoted
by the vector v. For each entry of v, a lower bound and upper bound are given in respectively v, and vy;.

Each cycle of the process starts with a set of possible choices for v which adhere to the lower and upper
bounds. It also has the parameters a which stay the same. Using both values of v and a, a physical model,
SCAPS, is used to approximate the efficiency. In order to do this, it solves different equations such as a one
dimensional Poisson equation and transport equations. This provides a method to find the efficiency 7 corre-
sponding to all possible values of v.

Using this simulation method, different optimization methods can be used in order to optimize the prob-
lem. One of the implemented methods is a local gradient based method, which is a local method. Three global
methods are used which are genetic algorithms, pattern search and particle swarm optimization. On top of this,
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Figure 2.7: A visualisation of the optimization procedure of solar cells used in [4].

the three global methods were combined with the local method to form three hybrid methods. The methods
are implemented using the toolboxes in MATLAB.

One of the solar cells that is optimized using these methods is a perovskite solar cell. The variables are
the thicknesses of different layers and properties of the HTM and ETM layers, such as the band gap, electron
mobility and hole mobility. There are in total 23 parameters which are expressed in v. This solar cell is similar
to the bottom cell of the tandem solar cell and the results of this study are therefore relevant for this thesis.

The gradient based method is found to be the fastest method. According to the article, this is caused by
the smoothness and continuity of the physical models and the fact that the objective function is convex. Since
the problem in this article and the problem considered in Problem (1.1) are quite similar, it might be the case
that the problem of this thesis is well-behaving as well. A note should be made that the problem of this thesis
includes discrete variables and not only continuous variables as in [4]. On top of that, the structure of the
solar cell is more complicated and the objective function is equal to the minimal current generated by both
absorbers. Thus, it is likely that the problem in (1.1) is less well-behaving than the problem in [4]. Therefore,
different optimization methods might result in different values of the objective function.

Compared to most other methods, the genetic algorithm appears to need more function calls. It only needs
less than the two hybrid algorithms of the gradient based method with the particle swarm method and the
genetic algorithm. This gives that the genetic algorithm is not favorable for the optimization problem of this
paper. However, the article does not state which genetic algorithm is used. Thus, trying other genetic algo-
rithms could be worth the try. On top of that, the problem of this thesis is possibly not that well-behaved as in
the article. Because genetic algorithms are global methods, they are likely to perform better in the problem of
this thesis.

This research also shows is that the appearance of defects does not seem to change the number of function
counts of the genetic algorithm, whereas it does influence the number of function counts for most other meth-
ods. Therefore, the genetic algorithm is likely to be robust for this problem. Since GenPro4 uses Monte Carlo
simulations to calculate the absorbtance [25], the resulting current might be subject to some small changes.
Therefore, the robustness of the method is likely to have a positive effect on the result.

From [4], it can be concluded that the genetic algorithm has similar results to other optimization methods
but at higher computational costs when optimizing a perovskite solar cell. However, the genetic algorithm is
likely to perform relatively better in the problem of this thesis due to certain properties as the robustness and
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the fact that it is a global method.

This is also shown in [13], where several optimization algorithms are implemented for the optimization
of a perovskite/silicon tandem solar cell. In this study, the exact same optimization problem is studied as
Problem (1.1). This means the objective function is the current produced by the solar cell and is estimated
using GenPro4. It is found that genetic algorithms find better solutions than the interior-reflexive Newton
method and the simplex search methods. The highest found current is 20.94 mA/cm?. However, the genetic
algorithms also needed many function evaluations more than the other methods.

Although the genetic algorithm found the best solutions, only the influence of the parameter population
size is studied. The population size describes size the group of solutions is considered by a genetic algorithm at
the same time. It is found that genetic algorithms with larger population sizes find better solutions at the cost
of a higher computation time. However, other settings of a genetic algorithm are not considered in this study.
It might be the case that they improve the performance of the genetic algorithm.

From this study, it can be concluded that the genetic algorithms are likely to perform well for Problem (1.1).
However, the long computation time could be a problem and should therefore be investigated too. A parameter
that is important for both the quality of the solution and the computation time is the population size. But, it
might also be beneficial to study the influence of other settings of the genetic algorithm.

To summarize, the optimization of solar cells is performed using different methods. The methods try to
optimize the efficiency of the solar cells. As a higher current results in a higher efficiency, the current is some-
times optimized as well. Often, experimental data are used to find good properties of solar cells. Experimental
data can also be used to build a model which describes the influence of parameters on the performance of a
solar cell like could be done using IV curves. In some cases, optimization algorithms are used to optimize the
performance of solar cells. Although several possible optimization methods could be applied to optimize solar
cells, the optimization method chosen to use in this thesis is a genetic algorithm. Since genetic algorithms are
rarely applied to optimize solar cells, this is a topic with knowledge gaps that could be filled by this thesis.

2.3. Genetic algorithms
In order to optimize the tandem solar cell, genetic algorithms are implemented in this thesis. There exist var-
ious versions of genetic algorithms which might perform differently for a specific problem. The optimization
problem of this thesis, as described in Problem (1.1), has different types of variables. It includes both continu-
ous and discrete variables. In combination with the complex objective function, which is the current calculated
by GenPro4, this creates problem with a 10-dimensional parameter space and with, most likely, local optima.
Different genetic algorithms are discussed in this section as an orientation for the actual implementation in
later chapters. The main source of information is [17]. If different literature used, this is explicitly mentioned.
Genetic algorithms are a special type of evolutionary algorithms. Evolutionary algorithms are methods
based on the mechanisms of evolution. This means that they are based on the application of survival of the
fittest. Thus, there exists some type of competition in which the best performing individuals have descen-
dants. In this way, the characteristics for the good performance are inherited to the next generation. Genetic
algorithms are evolutionary algorithms with mechanisms based on genetics introduced in 1975 by J.H. Holland.
As mentioned before, different genetic algorithms exist. These methods all have the same general structure.
The methods work similar to a species in nature, which evolves to reach a best fitness. In the context of a genetic
algorithm, solutions are often called individuals and the objective function is called the fitness value. For this
thesis, it means that an individual or solution represents the actual properties of a tandem solar cell. The
objective function or fitness value in this thesis is the current produced by this solar cell. At each moment, the
algorithm considers a set of individuals which is called a population. This population changes per iteration and
those different populations are called generations. The process of a genetic algorithm is visualised in Figure 2.8.
The genetic algorithm starts with an initial population of y individuals of which the fitness values are cal-
culated. In each generation, the individuals generate A individuals as offspring using certain operators and
the corresponding settings. The individuals that generate offspring are called parents. Then, the best solu-
tions in the parents and the offspring are selected to form the new generation. This is done in such a way that
the individuals with better performance are more likely to be selected. Most of the times, the generation does
not change drastically since parents are often kept. In this way, the population consists of better performing
individuals on average for each new iteration. This continues until some stopping criterion is met.
While most genetic algorithms have the same general structure, they differ in the details. Genetic algo-
rithms are determined by their operators. The two most important characteristics of genetic algorithms are the
variation and the selection operators. A variation operator determines how an individual generates offspring to
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Figure 2.8: A visualisation of the process of a genetic algorithm [17].

increase the size of the population. A selection operator on the other hand selects the best performing individ-
uals to reduce the size of the population or to determine which individuals will be used to produce offspring.
Next to these operators, genetic algorithms also differ in how they represent solutions as genes and the size of
the population.

2.3.1. Representation of solutions

The solutions in a genetic algorithm are seen as individuals. The way that the individuals are stored and used by
the genetic algorithm differs and is called the representation. Different representations exist and are applicable
to different problems.

In the first genetic algorithms, introduced by J.H. Holland in 1975, solutions were represented by binary
words. That means that every solution corresponds to a vector with entries that are either 1 or 0. This way of
representation is well-known and has been often used for years, for instance with the binary alphabet. There
even exist theorems about the convergence of this type of algorithms, although they are limited to very specific
cases.

For variation operators, it is important to have some sense of distance between different solutions. That
means that if two solutions are similar, their representations must be similar too. In this way, a small change in
the representation corresponds to a small change in the solution. This property is necessary to make sure that
children are similar to the parents. In order to do this, several coding schemes exist, such as Gray coding [12].
Gray coding represents integer solutions in such a way that the representation of two consecutive numbers
only differs in one bit in their binary word. In this way, similar solutions have representations that are similar
too.

Although there exist ways to implement continuous variables as binary vectors, this representation method
is not preferable. One reason for this is that the representations would be too long. This is illustrated by the
following example. If there would be 100 variables with values in the interval [-500,500] with six decimals
precision, the length of the representation would be 3000 [12]. This is clearly really long and is therefore not
favorable since it would slow the other operators down too much. While the problem in this thesis does not
have 100 variables, the length of the binary vectors would too large.

A more suitable representation for Problem (1.1) would be a real-coded representation [12]. In this repre-
sentation method, the continuous variables xi,..., xg are simply stored in a vector x'. Although this method is
more distinct to the actual mechanisms in genetics, it directly provides a sense of distance between solutions.
Two representations are close if their entries have values which are close in the sense of the variables. On top
of this, the possibility arises to use other types of variation and selection operators. Another advantage is the
fact that the representation is intuitive to interpret as the representations do not have to be decoded to be used
for determining the fitness. Therefore, a real-coded representation is used in this thesis.
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2.3.2. Selection operators

The selection operators are important operators of a genetic algorithm that select individuals from a popula-
tion. There exist two types of selection operators of which the first determines which individuals are selected
to apply the variation parameters on in order to create offspring. This process is often just called selection. The
second selection parameter determines which individuals of the parents and children will become the new
generation. Since this is the same as determining which individuals are left out, this process is often called
replacement. This selection parameter makes sure that the population size remains constant.

Selection pressure

An important concept for selection operators is selection pressure. Selection operators are designed to favor
solutions with better values of the objective functions over individuals with lower values. The selection pressure
gives the extend to which the fitter individuals are favored by the selection operators. This concept can be
described with several quantities.

When the variation operators only make copies of individuals, they are as simple as possible. If one indi-
vidual is better than the others, this individual and its offspring are favored by the selection operator and the
number of copies of this better individual in such population will grow. The takeover time is defined as the
number of generations that it takes to fill the whole population with copies of this better individual. When the
selection pressure is high, this will correspond to a lower takeover time.

The selection intensity is another quantity which can represent the selection pressure. To find this, a gen-
eration and the created offspring are necessary. Let f denote the average fitness of the the generation and its
offspring before selection and let o ¢ denote the corresponding standard deviation. g is defined as the aver-
age of the individuals in the part of the offspring that is selected by the selection parameters to be in the new
generation. Then the selection intensity can be defined as in follows.

i

g' —
of

This definition can also be used to define selection pressure for selection operators that determine the
individuals to create offspring. In general, a higher selection intensity occurs when there is a higher selection
pressure.

When good individuals are favored much more than others, the genetic algorithm will focus on the best
values and select only those to create offspring. In this way, the genetic algorithm might not create offspring
which are close to the global optima, since this might not be close to the best values in the current population.
This means that a high selection pressure might cause the genetic algorithm to focus on local optima. When
this happens, it is called premature convergence and it results in a lower found value of the objective function.
This is not favorable.

On the other hand, a low selection pressure also has downsides. When the selection pressure is too low, the
offspring will create more diversity in the new population than in the original population. If this happens too
often, the genetic algorithm will not converge and find any local or global optimum. In general, a low selection
pressure results in a low speed of convergence. Therefore, a low selection pressure causes the computation
time of the genetic algorithm to be too long, which might also not be favorable.

A high selection pressure thus results in worse solutions and a low selection pressure in high computation
time. This means that it is important to find a selection operator that results in a selection pressure which finds
good solutions in reasonable time.

S =

(2.2)

Proportional selection
A possible type of a selection operator is a proportional selection operator. This type of operator is only used
to determine which individuals will become parents. These operators have the property that the expected
number of offspring of an individual is proportional to the fitness value. Therefore, an individual with a high
fitness value will produce more offspring. There exist adjusted selection operators which use proportional
selection to select a new generation from a population and its offspring. These adjustments are mostly done
by scaling and are discussed later in this section.

Let f; be the fitness value of an individual j, let u be the population size and let A the number of individ-
uals that should be created using the operator. Then, the expected number of selections of an individual i to
reproduce itself is A; and can be defined as in the following expression.

A

Ai=———
Zinfi

fi (2.3)

14



2.3. Genetic algorithms 2. Literature

A selection method that has this property, is called a proportional selection method. There exist different
selection methods that have this property. The nowadays most common used method is stochastic universal
sampling (SUS). With this method, the selection is still stochastic but the variance of the different possibilities
is not extremely high.

In the SUS-method, a straight line segment is considered. The line is partitioned in as many smaller seg-
ments as there are individuals. The size of the segment of an individual i is proportional to A;. That means that
individuals with a higher fitness have a larger segment. Then, equidistant points are drawn on the line. In order
to find the place of the first point, a random drawing is performed using a uniform distribution on a specified
small interval near the end of the line. The other points are drawn with equal distances between each other on
the line and this is visualised in Figure 2.9 where these points are the pointers. The number of these points is
the number of individuals to be selected to create offspring.

Pointer 1 Pointer 2 Pointer 3 Pointer 4 Pointer 5 Pointer 6
| | ‘
Individual l J l
1 2 3 4 5 6 7 8 9 l[ 0
- | | ———+++H
0.0 0.18 0.34 0.49 0.62 0.73 0.82 095 1.0
random number

Figure 2.9: A visualisation of the SUS-method [14].

The number of desired offspring should be specified beforehand for this method. If the total number of
offspring is larger than the size of the parent population, the SUS-method guarantees that individuals with
fitness values above the average are selected. This is caused by the fact that in such situation the distance
between the points is smaller than the size of the line segment corresponding to individuals with an above
average fitness.

Proportional selection has a downside which can be shown using an example. For proportional selection,
the selection pressure can be expressed in the following way. Consider a situation in which the p individuals
are selected as parents from a population with the same size p. The fitness value of the best individual in a
population is denoted by F and the average fitness value of the population is f. Then, the selection pressure
can be defined as in Equation (2.4). This quantity expresses the expected number of selections of the best
performing individual.

ps = — (24)

As p parents are selected from p individuals, an individual is selected once on average. In such situation, a
value of p; =~ 1 will indicate that each individual is selected nearly once. Therefore each individual is selected
the the same number of times. This means that there is almost no selection pressure as the worst individuals
have nearly the same probability of being selected as the best. If p; > 1 on the other hand, the best individual
is expected to be selected more than once. Since all individuals are selected once on average, this means that
a worse solution has an expected number of selections that is lower than one. Therefore, the best individual is
selected more times than the worse individuals and the selection pressure is higher.

This can be illustrated by an example. For this example, the objective functionis f(x) = ¢**, which should be
maximized. The maximum occurs at x = 0 with a function value of f(0) = 1. The initial population is uniformly
distributed on the interval [-2,2] with the individual x = 0 included. This gives an average fitness of f ~(0.441,
which results in a selection pressure of ps = 2.27. That means that the best value is expected to be selected
twice by the proportional selection method. This is reflected in Figure 2.10 by the fact that there exists a clear
difference in the fitness value for different values of x.

When the genetic algorithm continues for some time, the individuals will be more concentrated around
the optimum. To simulate this, the values are now taken in the interval [-0.2,0.2]. This results in a value of
f = 0.986 and a selection pressure of ps = 1.01. In Figure 2.11, the fitness values are visualised. The fact that
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there is a small distinction in the fitness values gives that there is a small selection pressure. In this situation,
because of the fact that the selection pressure is close to 1 and the fitness function is almost linear, there exists
almost no selection pressure.

This example shows that the selection pressure of the proportional selection can decrease drastically over
different generations of a genetic algorithm. This behavior can keep the algorithm from converging which is
not desirable.

Scaled fitness functions
There exist methods to overcome this drawback, such as scaling the fitness function in order to regulate the se-
lection pressure. This can be done in several ways, but all methods are based on changing the fitness function.
One method which can be used is linear scaling. This method calculates the fitness values f; by subtracting
a constant a, which gives f; = f; —a. This constant a should be chosen in such a way that the selection pressure
does not become either too large or too small. It is also necessary to make sure that the function values do
not flip sign since the fitness values are proportional to the size of the line segments and this size cannot be
negative. In such cases, a negative value can be set to equal 0.
In a maximization problem, the value of a can be determined using the desired selection pressure using
Equation (2.5) with a value p; > 1.

a=——- (2.5)

This can also be applied to the example of optimizing f(x) = e* . Ifaselection pressure equal to 2 is wanted,
this gives a value of a = 0.972. Rescaling using the linear transformation gives the situation visualised in Fig-
ure 2.12, in which the differences in fitness value are more clear than in Figure 2.11.

Another way to redefine the fitness values is ranked scaling [24]. This means that the values of the individ-
uals are ranked from the individual with the highest value to the individuals with the lowest value. The fittest
individual gets rank 1 assigned. Then, the fitness value is scaled by applying f]f = \/LF fj where r is the rank of
individual j. In this way, individuals which are good are favored and if a lot of individuals have similar fitness,
only one of them will be favored by the method.

Using ranked scaling changes the selection pressure. If all individuals have similar objective function values
as is the case in Figure 2.11, the scaling gives the best solution a higher fitness value. Therefore, the selection
pressure is changed to be higher. On the other hand, if there already is one individual that is significantly better,
the fitness value of this individual even slightly increases compared to the other individuals. It can be said
that the selection pressure is increased in general by this scaling method and it makes sure that the selection
pressure does not vanish.

Ranked selection

The proportional selection operators with or without scaling are mostly designed to determine which indi-
viduals are selected to apply the variation parameters on. After the offspring is created using the variation
parameters, the population size has grown too much and should be decreased. The covered operators based
on proportional selection are not often used for this type of selection. However, there exists an operator which
is often used for this action. This type of selection is ranked selection.
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Figure 2.12: The scaled fitness function of f(x) on the interval [-0.2,0.2] [17].

In ranked selection, the raw fitness values of all the individuals in the original population and the offspring
are determined using the objective function. Subsequently, the individuals are ranked from the fittest individ-
uals to the least fit individuals. After this is done, a new fitness value is assigned to each individual of rank r
using Equation (2.6), where p is the population size.

r\?
fi= (1——) (2.6)
U

The value of p is dependent on the desired selection pressure. When the definition of selection pressure in
Equation (2.4) is used, the relationship is ps = 1+ p. On these new fitness values, proportional selection is then
applied to choose a number of individuals.

An advantage of the ranked selection is that it does not need any understanding of the objective function.
On top of that, it is really flexible. It works on both maximization and minimization problems and it does not
need all values to be positive or negative. A downside is that small differences in the objective function are not
taken into account by ranked selection. However, this stimulates the diversity in the population, which is not
necessarily a bad thing. Therefore, ranked selection is a widely used selection method.

Elitism

The discussed selection operators which select a new generation out of an old generation and offspring, are
all based on a stochastic process. This is due to the use of proportional selection. Despite the fact that most
good solutions from the old generation will be selected, this makes it possible that the best individuals are not
selected to be in the next generation. As the algorithm tries to find the best solutions, this is contradictory.

Elitism occurs when the best solutions of a generations are carried down to the new generation. This can
happen automatically depending on the selection operators. However, it can also be forced to occur by placing
the best solutions of the old generation automatically in the new generation. The selection operators can then
be applied to the other individuals and the remaining spots in the new generation. In this way, the best solution
in a genetic algorithm is guaranteed to be non-decreasing, which is often preferable.

Even if elitism is forced, most of the offspring is worse than the original population. Therefore, the gener-
ations often do not change that much. In general, elitism is desirable because of the fact that the best value is
non-decreasing. But it decreases the variation in the population over time and should thus not be too strongly
apparent.

In short, there exist several selection operators. When a selection operator is applied, it is important that the
selection pressure is not too low or too high. This might cause the genetic algorithm to converge prematurely
or converge too slowly, respectively. Next to these operators, elitism can also occur which guarantees that the
best solutions are carried down to the next generation.
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2.3.3. Variation operators

In the genetic algorithms, individuals should be able to create offspring. This is done using variation operators.
Variation operators are based on how the genes of a parent are used to create offspring in nature. This happens
in two ways which both induce a category of variation operators. These are called mutations and crossovers.

The first variation operator that is discussed is the mutation operator. When the genes of a parent are copied
to create the genes of offspring, mutations occur, which are small changes in the DNA. Because of this, the new
individual will have some different characteristics than its parents. Variation operators based on this are called
mutation operators and they increase the diversity in the population.

Mutation operators often have the same structure. It namely has as input a parent which is a real valued
vector. It then iterates over the vector entries. For each entry, a draw from a Bernoulli distribution is performed
to determine whether or not a mutation is applied to this entry. The chance that a single entry is selected to be
mutated is called the mutation rate and is in general around the values 0.01 and 0.1. If a mutation is applied
often a stochastic method is used to change the existing entry a little bit. In principle, this stochastic method is
based on adding a drawn value from a distribution with mean zero. In this way, mutations do not influence the
average values and do not drive the solutions into one direction. The new vector gained by such a process is
then a mutated vector of the parent which was given as input. Thus in short, a mutation in a genetic algorithm
means that some values of an individual are slightly changed to create a new individual.

Crossover operators are the second type of variation operators. For almost every specie, the DNA of two
parents is used to create the DNA of their offspring. This is done in such a way that the new individual is
similar to both parents by taking part of the chromosomes of one parent and the other part of the other parent.
During this process, so-called crossover occurs. This is shown in Figure 2.13. In short, a new chromosome is
made by taking a part of the paternal DNA for the new chromosome and for the complementary part of the
chromosome, the maternal DNA is used. Variation operators that create a new individual by combining two
parents are called crossover operators.

Now, several possible mutation and crossover operators are discussed. It is important that those operators
are applicable to the real valued representation and can be used for bounded variables.
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Figure 2.13: A visualisation of the crossover process of DNA [15].

Uniform mutations

One of the most accessible type of mutations are uniform mutations. For this, the entry that is chosen to be
mutated must have the domain R. The method then draws from a [—a, a] uniformly distribution for some fixed
a. The found value is added to the entry that must be mutated.

This can also be generalized to higher dimensions. But with this method in any dimension, it is often the
case that the genetic algorithm is in a local optimum and a jump of more than a is needed. Then, the genetic
algorithm will not converge to a global optimum. Therefore, it is in most cases better to use a distribution
which has an unlimited support. In this case, there always is a chance that the method jumps out of the local
maximum.

Gaussian mutations

The Gaussian distribution is such a distribution with unlimited support. It is also a widely used type of muta-
tions. But it can only be applied to real valued and unbounded variables. When a Gaussian mutation is applied,
a value drawn from a .4 (0, 0%) distribution is added to the entry. For a Gaussian mutation, the most important
thing is to find the right value of the ¢ as it determines whether the mutation is likely to be large or not. Large
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mutations might be necessary to get out of local optima and the best value o2 is often not a fixed value and is
hard to find.

In most cases, the best value of o even changes during the iterations of the genetic algorithm. When the
algorithm is stuck in a local optimum, the variance within the population is often small. In this case, quite a
large step might be necessary to get out of the local optimum. Therefore, a higher value of o is more likely to
give a better result.

There is no guideline which is universally the best to adjust the variance of the Gaussian distribution. How-
ever, some guidelines do exist. For instance, the %-rule prescribes that g2 should be increased when less than
% of the mutations result in a positive change of the individual. In this case, the mutations are not large enough
to jump out of the local optimum. On the other hand, when more than é of the mutations result in a positive
change, the value of o should be decreased. This rule of thumb can be implemented in different way. In 1981,
Schwefel for instance formulated his version of this method.

Such adaptive Gaussian mutations are most successful and therefore most often used. A downside for the
problem of this thesis is the fact that the real valued xj, ..., x5 variables are bounded and this type of mutation
has an unlimited support. This means that the mutations could cause the individuals to cross the bounds
which is a problem. However, this can be compensated by adjusting the method. If a value would jump out of
the bounds, it can be set to a value which does not conflict with the boundary constraints. This can for instance
be the boundary or a new draw from the Gaussian distribution. In the last case, it might be again needed to
have a new draw until the value is within the bounds.

An adjusted Gaussian mutation might be a good type of mutation to apply to the real valued variables of the
problem. For the discrete variables, something more simplistic can be applied because of the small number
of possible values. For instance, a mutation in the variables xg, X9, X1¢9 can only be done by switching to the
other possible value, since these variables only have two possible values. If a mutation in variable x; would be
needed, one of the options would be in the existing vector. A drawing form a Bernoulli distribution with chance
0.5 could be used to determine to which of the other two options should be changed.

Crossovers
Just as with the mutations, different types of crossovers exist, single point and two point crossovers for instance.
Letv=[v1 vz ... vp]Jandw=[w1 w, ... wy]bevectorsinR"” which represent two individuals

of a population which are selected for the crossover operator. Then a random integer k is drawn from the
set {1,2,...,n}. This integer determines where the crossover takes place. The first k entries of v and the last
n — k entries of w are taken as the entries of a vector which represents their child. This vector will thus be
[v1 V2 ... U Wisl --.- wn]. This new vector is an individual which is similar to both v and w.

For two point crossover, two integers k and m are drawn randomly from the set {1,2, ..., n}. Now the crossover
is applied twice instead of one time. This means that the first k entries of v will be used. Then entries k + 1 up
to m are used of w and entries m + 1 up to n from v are used. This results in the new individual
[ v2 ... Uk W1 ... Wm Umsr ... Uy]|whichisalso similar to both vand w.

Another commonly used, but more complex type of crossovers exists and is called uniform or scattered
crossover. For this type of crossover, a random binary vector is used. This binary vector is obtained by drawing
n values from a Bernoulli distribution with parameter p = 0.5, which are then used as the entries of the vector.
This gives a vector b = [b1 by ... bn] in {0,1}". This vector determines which entry is taken from v and
which entry is taken from w. This means that for each i’th entry of the child, the entry v; is taken if b; = 0 and
the entry w; is taken if b; = 1. In this way, the entries from v and w are randomly mixed to form a new individual
which is similar to both the parents v and w.

It can be concluded that there exist several mutation and crossover operators which can be applied to the
optimization problem of this thesis. Some methods are even known to perform better such as the adapting
Gaussian mutations and would be preferable to use in a genetic algorithm.

2.3.4. Other parameters
Next to the already discussed possible choices, a genetic algorithm also has other options that should be spec-
ified. The most important parameters are the population size and the stopping criterion.

During the iterations of a genetic algorithm, the variation operators create new individuals and the selection
operators reduce the number of individuals in order to make the new generation. In general, this is done in such
a way that the size of the population is constant for all iterations. The size of the population is an important
parameter of the genetic algorithm.
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A larger population size means that there are more individuals in a population and in general also more
offspring for each generation. This means that more function evaluations must be done. Since a function
evaluation takes around several seconds, a large population size could easily mean that the computation time
of the genetic algorithm is too long. If a genetic algorithm would be able to find the best value in less time, this
would obviously be favorable. Therefore, a smaller population size could be preferable.

However, decreasing the population size also means that less different points in the solution space can be
visited. Consequently, a smaller population size means that a smaller part of the solution space is investigated
by the genetic algorithm. This means that it is more likely that the genetic algorithm does not investigate the
space round the global optimum when the population size would be smaller. Therefore, the approximation of
the optimal value found by the genetic algorithm can be worse when the population size is decreased. This
makes it necessary to investigate the influence of the population size on the performance of the genetic algo-
rithm in order to find the right trade off between good results and a reasonable computation time.

The genetic algorithm iterates over different generations. However, the genetic algorithm needs an initial
population to start the process. This should be done in such a way that the individuals cover a part of the
solution space that is as large as possible. In that way, the genetic algorithm considers a larger part of the
domain.

After the genetic algorithm is started, the genetic algorithm iterates over the different generations. This iter-
ative process should stop when the values have converged enough and therefore a stopping criterion is needed.
A possible stopping criterion is to implement a maximum number of generations or a maximum number of
function evaluations [22]. These numbers can be chosen when there is knowledge about the problem. Due to
lack of such detailed knowledge about the problem, this number cannot be determined yet. Therefore, other
stopping criterion are needed.

Another stopping criterion is to stop the algorithm if no better new value has been found for a number of
generations. If no better value is found, no improvement can apparently be made by the genetic algorithm and
the algorithm has converged enough to the optimal value. It is good to note that the values of the objective
function simulated by GenPro4 is subject to changes. Therefore, it should be predefined what differences in
function value are seen as significant.

To summarize, genetic algorithms have other variable options which can be tuned next to the different
choices of the variation and selection operators. These other parameters should be set to good values in order
to find the best performing genetic algorithms.

2.3.5. Matlab genetic algorithm function

The software of GenPro4 is made in the computer language Matlab. Therefore, it is a natural choice to use Mat-
lab to implement the genetic algorithms for this thesis. The Global Optimization Toolbox in Matlab provides a
function ‘ga’ which applies a genetic algorithm to an optimization problem [22]. The use of a standard Matlab
function for this optimization problem is preferable since it lowers the threshold to use the outcomes of this
thesis for future research.

This function has predefined default settings, but it also offers many possibilities to change the algorithm
[20]. This can be done by for instance changing a default setting to an existing non-default option. On top of
this, the ‘ga’ function also offers the possibility to implement custom made functions for the operators. In this
way, the genetic algorithm can almost be changed entirely but it also provides structure.

The ‘ga’ function offers the possibility to use both continuous and discrete variables in the genetic algo-
rithm. It also gives the possibility to integrate the bounds on the variables in the problem. On top of that, a
function can be written to specify for each generation what should be done with the data of that generation. It
also gives the possibility to specify stopping criteria and the population size as well as the possibility to plot the
data during the process.

However, the function ‘ga’ has a limited number of options for several settings for a bounded mixed-integer
optimization problem. It is for instance not possible to change the selection or variation operators for such
optimization problems, not even a custom written operator. As the problem of this thesis is a bounded mixed-
integer problem, the options for this thesis are also limited. But for many settings, it is still possible to change
their values. Even for the variation operators, there are parameters that can change the behavior of the oper-
ators. Although the options to change the genetic algorithm of ‘ga’ are somewhat limited for this optimization
problem, there still exist enough settings that can be changed. Therefore, this function is still used.

In short, Matlab provides a predefined genetic algorithm function which has a lot of flexibility but also
provides the necessary structure. Since an implementation of a genetic algorithm using a standard function is
also more accessible for later use, it is desirable to use the predefined Matlab function ‘ga.
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Objective function

The objective function is the function for which an optimal value should be found. In Problem (1.1), this is
the current generated by the solar cell corresponding to certain values of the variables. This current should
be maximized and is estimated by GenPro4 using a simulation. The estimation is likely to make an unknown
error. The simulation performed by GenPro4 uses ray-tracing based on the Monte-Carlo method. Due to the
estimation error of the simulation, repeating the simulation with identical input does not give identical output.
This introduces random errors into the objective function. The current produced by GenPro4 can therefore be
seen an estimation of the real current produced by the tandem solar cell.

The estimation is better when the errors are small. In this situation, the results of two nearly identical
solutions is also likely to be identical, since the actual current is relatively smooth and the errors are small.
This gives a smooth objective function, which is favorable as genetic algorithms work better when applied to
smooth function. As the estimations are variable, they have a distribution. If there is less spread within the
estimates, the objective function is smoother. Therefore, it is important to make sure the standard deviation
of the distribution is small. In this chapter, the distribution of the estimates are studied. This is then used to
determine what settings of GenPro4 could best be used to increase the accuracy of the estimates in order to find
the best objective function for the genetic algorithms that are implemented and discussed in the next chapters.

The GenPro4 software is implemented to simulate the solar cell corresponding to this optimization prob-
lem. To implement the simulation, the input variables should be chosen in the right way. In this problem, all
layers, even those with variable thicknesses, are thinner than the coherence length of the incident light, which
is 1 ym, and are therefore implemented as coatings. The continuous variables, which correspond to the thick-
nesses of the layers of the first interface, are implemented as continuous variables with values between 0.040
nm and 0.500 nm. For the variables x7 and xg, each material is matched to an integer number, which represents
the material. The variable x9 determines the presence of an anti-reflexive coating of MgF,. For this variable,
a layer of coating is added to the model. When a solar cell should have this coating, the layer has the material
MgF,. Otherwise, this layer is made out of air. Since the coating is at the top of the solar cell, this gives the
right result. If variable xjo implies that the solar cell has a pyramid structure, the texture ‘pyramids_20um’ is
included in the structure of the solar cell on top of the second interface.

3.1. Distribution of the estimates

Using this representation, the software of GenPro4 can be used to determine the current of a tandem solar cell.
This can be seen as a function where the properties x;, ..., X1¢ are the input variables and the estimated current
is the output variable. As discussed, the output is obtained by a simulation and is therefore an estimation. Gen-
Pro4 has default options and to investigate the behavior of the objective function estimated by GenPro4 using
the default options, the distribution and accuracy are analyzed. This is done by repeating the simulation for
the same input variables numerous times. To make sure this result is applicable to the optimization problem,
a realistic combination of input variables is used, also referred to as an individual in the context of genetic al-
gorithms, which is displayed in Table 3.1. The simulation with this individual is ran 2000 times to study the
spread of the estimations and its distribution.
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3.1. Distribution of the estimates 3. Objective function

X1 X2 X3 X4 X5 X6 X7 | X8 | X9 | X10
0.1065 | 0.0573 | 0.2015 | 0.3933 | 0.3476 | 0.0693 | 2 1 1 1

Table 3.1: The input variables used for the simulation to study the accuracy and variation of the estimations.

The results are shown in a histogram in Figure 3.1 and a QQ-plot in Figure 3.2. The corresponding mean
is 20.9404 mA/cm? and the standard deviation is estimated to be 0.0295 mA/cm?. The histogram shows that
resulting values are similar to the curve of the normal distribution that is shown in red. The resulting values
however differs from the normal distribution for some values. For instance, the peaks around 20.925 mA/ cm?
and 20.94 mA/cm? are too large and the frequencies between these values and between 20.925 mA/cm? and
20.94 mA/cm? and the pair 20.95 mA/ cm? and 20.965 mA/cm? are lower. However, these differences are not
that large and are not necessarily significant.

Figure 3.2 supports that these differences might not be significant. In this plot, the data is normally dis-
tributed if the data is similar to the red dashed line. The data shows a relation which seems to be similar to the
red line. Only at the sides, it differs slightly from the line. The way they differ from the line, means that the data
might have light tails. To determine whether the described differences from the normal distribution are signif-
icant, a Kolmogorov-Smirnov test is applied to the data. This tests the null hypothesis that the data is normally
distributed against the alternative hypothesis that the data is not normally distributed. The test resulted in a
p-value of 0.7193 and thus, the null hypothesis cannot be rejected. This means that the normal distribution
with a mean of 20.9404 mA/cm? and standard deviation of 0.0295 mA/cm? is a good fit for the data.
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Figure 3.1: A histogram of the simulated data with the proba- Figure 3.2: A quantile-quantile plot of the simulated data ver-
bility density function of the normal distribution. sus the normal distribution.

The distribution of the estimates gives insight in the accuracy of the estimates. A normal distribution has
the property that 32% of the data deviates more than one standard deviation from the mean and 5% of the data
more than two standard deviations. The mean of the distribution can be seen as the real value of the current as
it is likely to be a good estimate for it due to the large sample size. This would mean that 32% of the estimates
differs more than 0.0295 mA/cm? from the real value. This implies that the estimates are not accurate for the
second decimal. On top of that, 5% of the estimates has an error larger than 0.059 mA/cm?. For the data to be
accurate in the first decimal, the errors should be smaller than 0.05, which is not the case. As this size of error
occurs less frequently, most estimates are accurate in the first decimal. However, with a probability of 0.05 the
data is not accurate up to one decimal. Since thousands of estimates will be performed, such error is likely to
occur. In short, the estimates are not accurate up to two decimals and with a smaller possibility not accurate
in the first decimal. The errors in the estimates are large and this has several downsides. Therefore, a higher
accuracy, and thus a lower standard deviation, might be needed.

If the estimates of the objective function are not accurate, it has several downsides. The first downside is
that a found optimum is most likely not significantly different than other values which are clearly lower. This
also gives that a found large value can be found because the estimate of the value is larger than the other
values only due to the randomness rather than it being an optimum. This might cause the genetic algorithm to
focus on the wrong local optima or solutions that are not even optima. On top of that, when the estimates are
not accurate, the errors create a lot of noise in the implemented objective function. Noise makes the objective
function less smooth and genetic algorithms work better on smooth functions. Therefore, the genetic algorithm
is likely to perform worse when the estimates are not accurate. For this optimization problem, it means that
the accuracy of the objective function should be improved.
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3.2. Improving accuracy

GenPro4 provides the opportunity to change settings in order to make the simulation more accurate. How-
ever, with more accurate settings, the simulation takes more time. To determine whether the variation can be
decreased in reasonable computing time, several options to increase the accuracy of GenPro4 are used to sim-
ulate this same value 100 times. These can be used to investigate the relationship between the accuracy and
the settings.

GenPro4 uses a number of angular intervals, which has a default value of 18. To study its influence, the val-
ues 18, 24 and 30 are taken into account. A higher number of angular intervals should mean a higher accuracy.
On the other hand, it also means that the scatter matrices which GenPro4 uses to calculate the current become
larger and with it the computing time increases.

GenPro4 recreates the situation in the solar cell by simulating the behavior of light rays. The higher the
number of rays that are simulated, the higher the accuracy. On the other hand, the simulation will take a longer
computing time since the trajectories of more rays must be simulated. The standard number of rays is 100 and
the values of 50, 100, 500 and 1000 are used to study. All possible combinations of the number of rays and the
number of angular intervals are used one hundred times to simulate the same solar cell. This means that for
all 12 combinations of options, the simulation is repeated 100 times and the results and computing time are
determined.

GenPro4 uses numerical approximations of an integral in order to estimate the current. A smaller step size
of this numerical approximation should give a better result. However, a smaller step size means that for more
different wavelengths, the corresponding data must be simulated. A smaller step size thus results in higher
computational costs. Therefore, the accuracy of the simulations is investigated for different step sizes. The
default step size is 0.020 ym and the step sizes which are considered are 0.020 ym, 0.010 gm, 0.005 pm and
0.0025 ym. These are all simulated 100 times to study the accuracy. This is done after the best combinations
of the number of solar rays simulated and the number of angular intervals are determined. It is not possible
to take all possible combinations into account for all number of rays, number of angular intervals and step
sizes, because otherwise 48 different combinations should be considered and this would result in a too long
computation time for this thesis.

The accuracy of the estimated current by GenPro4 is first studied for different numbers of angular intervals
and different numbers of solar rays used in the simulation. This is done by studying the relation between
the settings and the estimate of the standard deviation. Since the estimates have a normal distribution, the
standard deviation provides information on the accuracy of the method. The results are shown in Figure 3.3. It
can be seen that there is a strong correlation between the number of rays and the standard deviation. A higher
number of rays results in a strong reduction of the variance, and therewith, the noise in the objective function.
Therefore, using a higher number of rays would be better.

On the other hand, the number of angular intervals does not seem to have a strong relationship with the
standard deviation. The relationship seems to be dependent on the number of rays. For the situation with 50
solar rays, the angular interval does influence the standard deviation significantly as the standard deviation is
clearly higher when there are 18 angular intervals. In a situation with 1000 solar rays, the number of angular
intervals does also seem to influence the standard deviation. A higher number of angular intervals results in
a lower standard deviation in this case. The standard deviation of this combination is 0.0081 mA/cm?. The
best combination seems to be the one with 1000 solar rays and 30 angular intervals. These numbers are the
maximal settings of GenPro4 for these options. Therefore, these would be favorable.

However, these settings increase the computation time. The duration of the computations for each com-
bination is shown in Figure 3.4. The computation times are all found using the simulation of the same device.
This device runs on windows 8.1 and has an Intel i-4460 CPU with a clock speed of 3.20 GHz and 4 cores. The
RAM-memory on this device is 8,00 GB. The relation of the number of rays and the computation time which
is shown in Figure 3.4 is clearly linear. From the graph, it can also be concluded that a higher number of rays
or a higher number of angular intervals results in a higher computation time. The combination with 1000 so-
lar rays and 30 angular intervals even results in a computation time of 252 seconds. This would mean that it
would take 70 hours for 1000 function evaluations. As the genetic algorithms need several thousands of func-
tion evaluations, it could take more than a week for the genetic algorithms to run. This computing time is too
long.

To reduce the computing time, GenPro4 has an option to save the scatter matrices and reuse them. In this
case, the scatter matrices do not have to be estimated every function call by simulating the solar rays, which
makes the function call faster. The tandem solar cell in this optimization problem consists of two interfaces.
All variables, except x19, concern properties of the first interface. The second interface of this solar cell, which
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Figure 3.4: The computation time of the objective function for different numbers of rays and angular intervals.

is made of silicon, is only affected by the variable x;9, which determines the usage of a pyramid structure. For
the cases with and without pyramids, the corresponding scatter matrices can thus be stored and reused to skip
a part of the simulations. This reduces the computation time of the objective function from 252 seconds to
11.5 seconds, which is a better computation time for the use of a genetic algorithm. A downside of using this
to implement a genetic algorithm is the fact that an error in determining the scatter matrices the first time
contributes to an error in the estimations for all other individuals in the genetic algorithm. Therefore, it is
necessary to make sure the accuracy of the first simulation is as high as possible.

On the other hand, reusing the scatter matrices also has advantages. For instance, the same simulation is
used at every function call and therefore, there is no spread anymore in the estimates. This means that the
standard deviation is zero. As a result, the objective function is more smooth and the genetic algorithm is likely
to perform better. On top of that, the simulation only has to be performed once. Therefore, it is beneficial to use
very accurate settings for this simulation. This results in a long computation time of mainly the first function
call. At this small cost, it gives a more accurate objective function.

Another way to increase the accuracy of the objective function is to decrease the step size used for numerical
integration. The default step size is 0.020 nm and other step sizes that were analysed are 0.010 ym and 0.005
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Figure 3.6: The computation time of the objective function
which reuses scatter matrices for different step sizes of the nu-

Figure 3.5: The standard deviation of the objective function for merical integration.

different step sizes of the numerical integration.

pm. The results are shown in Figure 3.5 and show a linear correlation. The smallest standard deviation is 0.0046
mA/cm? which is significantly smaller than the standard deviation of the default settings which was 0.0481
mA/cm?. This smallest standard deviation is achieved with a step size of 0.005 um. This correlation shows that
a smaller step size results in a smaller standard deviation, and thus, a smaller estimation error. Therefore, it
would be preferable to use a step size as small as possible, possibly even smaller than 0.005 um.

The computation times for the different step sizes are shown in Figure 3.6, where the step size of 0.0025 is
also included. The figure shows that a smaller step size results in a higher computation time in a non-linear
way. The function evaluations of the implementation with a step size of 0.020 ym took 20 seconds to evaluate.
Therefore, the 24 seconds corresponding to a step size of 0.005 um is likely to work too, since the genetic algo-
rithm could converge faster because the objective function is more smooth. A step size of 0.0025 pm results in
a computation time of 40 seconds. This is roughly twice the computation time and is likely to cause the genetic
algorithm to take too long. Therefore, a step size of 0.005 um is used.

At this point, the settings of GenPro4 are found that give an accuracy of 0.01 mA/cm? within a reasonable
time. However, the choice of these settings are based on the accuracy of the simulation of one individual solu-
tion. This is the solution shown in Table 3.1. The error could be different for other solutions and in this case, the
found settings of the objective function might not be good settings. In order to investigate this, other simula-
tions are performed for three different solutions. Each solution is simulated 100 times with the default settings
of GenPro4 and with 30 angular intervals, 1000 rays and a step size of 0.005 ym.

Name X1 X2 X3 X4 X5 X6 X7 Xg X9 X10
N 0.1065 | 0.0573 | 0.2015 | 0.3933 | 0.3476 | 0.0693 | 2 1 1 1
V2 0.2592 | 0.3951 | 0.1578 | 0.2598 | 0.4825 | 0.0925 | 1 1 0 0
V3 0.1036 | 0.0536 | 0.4041 | 0.3811 | 0.3235 | 0.0740 | 2 1 1 1
Va 0.1011 | 0.0552 | 0.0404 | 0.3816 | 0.2742 | 0.0737 | 2 1 1 1

Table 3.2: The solutions used for the simulation to study the accuracy and variation of the estimations.

The three solutions that are chosen are solutions that could be chosen by the genetic algorithm and are
chosen to be diverse. The solution in Table 3.1 is labeled as y; and the other solutions are shown in Table 3.2.
After the objective function is determined 100 times for each solution, the standard deviation of the values are
calculated. These resulting values are shown in Table 3.3 for both the default settings as the settings with a high
accuracy.

Table 3.3 shows that the standard deviation of the objective function of y, is equal to 0. This means that
there is no variation within the objective function. This can be explained by the fact that y, does not include
a pyramid structure in the tandem solar cell. GenPro4 only has to simulate the incoming rays if a pyramid
structure is used. This means that for y», no simulations are executed in order to estimate the current. The
current is simply determined by calculations and does therefore not vary.
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. Standard deviation
Solution . - :
Default settings | High accuracy settings
N 0.0303 0.0044
V2 0 0
V3 0.0021 0.0024
Va 0.0040 0.0002

Table 3.3: The standard deviation in mA/cm? of the objective function for different solutions and different accuracy settings.

In Table 3.3, it can also be seen that the standard deviation of the more accurate settings is clearly lower than
the standard deviation of the default settings of GenPro4 for solution y,. The standard deviation of solution y;3
isin both cases really small. This means that the more accuracy settings give that the highest standard deviation
is lower. Since the accuracy is not constant for all solutions, it might be possible that there exist solutions for
which the accuracy is less than for y;. This would make the objective function less accurate. However, it is
impossible to study the variation of the objective function on the whole domain as the variable space has 10
dimensions. On top of that, if the whole domain would be studied using the objective function, it would no
longer be necessary to apply a genetic algorithm since the objective function for the whole domain would be
known. Although the accuracy can vary slightly over the domain, the accuracy seems to be more than 0.01
mA/cm? for most solutions. Therefore, it is concluded that the objective function with 30 angular intervals,
1000 rays and a step size of 0.005 ym is more accurate than the default settings and it most likely provides an
accuracy of 0.01 mA/cm?.

3.3. Conclusion

Several options of GenPro4 were considered in this section, such as the number of angular intervals, the num-
ber of rays and the step size of the numerical integration. These settings provide the possibility to increase
the accuracy of the estimates produced by GenPro4, which are used as the objective function for the genetic
algorithms. The best settings within reasonable computation time are with 30 angular intervals, 1000 rays and
a step size of 0.005 um. These result in errors with a standard deviation of 0.0046 mA/cm?. Since the errors are
normally distributed, this means that in 68% of the estimates, this is smaller than 0.005 mA/ cm?. Therefore,
the estimates are for 68% of the simulations accurate up to two decimals. For 5% of the estimates, the error
is larger than 0.0092 mA/ cm?. This means that, in 5% of the cases, the estimate has an error of roughly 0.01
mA/cm?. The function values also seem to have this accuracy for other points in the domain.

The settings with higher accuracy can be realized within reasonable time by reusing the scatter matrices.
These scatter matrices are estimated using a simulation that takes a lot of time, which is saved in this way.
As the simulation is not performed anymore, the standard deviation in the objective function has completely
vanished. This results in a more smooth objective function. As genetic algorithm is more likely to perform
better on a smooth objective function, this probably results in better solutions of the genetic algorithm.

If a low computation time is really important, it is possible that different settings are more beneficial. In
such case, it is still best to reuse the scatter matrices as they give a shorter computation time and a smooth
objective function. If the scatter matrices are reused, the simulation is only performed once. As the number
of rays specifies how many rays are used in this simulation, it does not influence the computation time of a
function call that reuses the scatter matrices. This means that this setting could best be set to the most accurate
setting. But, all other accuracy settings do influence the computation time. Therefore, it might be useful to use
less accurate settings as this decreases the computation time.

As reusing the scatter matrices gives a smooth objective function and a shorter computation time, this is
used in this thesis in the implementation of the objective function that is used for the genetic algorithms. For
this thesis, the more accurate settings are chosen. This is done because is desirable that the results of different
genetic algorithms should be compared. If the accuracy of the objective function is lower, it is more likely that
obtained differences in the results are insignificant. Therefore, the objective function is implemented with 30
angular intervals, 1000 rays and a step size of 0.005 ymin such a way that it reuses scatter matrices.
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With the knowledge obtained in Chapter 2 and the fine-tuned objective function from Chapter 3, a genetic
algorithm can be implemented. As discussed, the ‘ga’ function provided by the Global Optimization Tool-
box in Matlab [22] is a genetic algorithm which can be applied to Problem (1.1). In this thesis, genetic al-
gorithms are implemented using this function ‘ga’. In line with the conclusions from Chapter 3, the objec-
tive function is implemented using GenPro4, with accuracy settings of 30 angular intervals, 1000 rays and
a step size for numerical integration of 0.005 ym. In this chapter, it is explained how the best implemen-
tation of the genetic algorithm for this optimization problem is determined in terms of performance. The
performance is measured in both the quality of the solutions and the computation time of the genetic al-
gorithms. The function ‘ga’ provides several default settings, which give the algorithm certain properties.
The source [20] is used in this section for information on the settings and their properties. For each set-
ting, these default options are discussed and it is predicted whether they are suitable for this optimization
problem. Some of the default settings of the function ‘ga’ might not be well-suited for Problem (1.1). These
settings are the population size, the stopping criterion and the use of parallel computing in the genetic algo-
rithm. For these settings, it is discussed how they influence the performance of the genetic algorithms in order
to find the best settings for the genetic algorithm. The code used for the implementations can be found at
https://github.com/KoenvanArem/BEP-Genetic-Algorithms-on-Solar-Cells.

It is important to note that the function ‘ga’ only works for minimization problems. The maximization
problem in Problem (1.1) can be changed to an equivalent minimization problem by multiplying the objective
function with -1. The results of the genetic algorithm are again multiplied with -1 to find solutions for the
maximization problem. All results in Chapter 5 are converted back to the original maximization problem.

4.1. Representation

An important characteristic of the genetic algorithm in ‘ga’ is the representation that it uses. The optimization
problem in Problem (1.1) has ten variables, of which six are continuous and four are discrete. The ‘ga’ function
considers a variable to be continuous by default. The variables first six variables, xi, ..., Xg are continuous and
have values in the interval [0.040,0.500] when measured in pm. Therefore, these continuous variables are given
as input for the function with the corresponding bounds. The representation used for these variables is a real
valued representation.

Next to continuous variables, the ‘ga’ function can handle variables with integer values. The variable x; has
the possible values spiro-OMeTAD, FTO and TiO,, which are not integers but quantitative values. Therefore,
each of these values is matched to exactly one integer. In this case, it is done by matching spiro-OMeTAD, FTO
and TiO; to the numbers 0, 1 and 2, respectively. In this way, the discrete variables with quantitative values can
be written as variables with integer values. The variable xg also has quantitative values. The possible values
PTAA and NiO are matched to 0 and 1, respectively. In this way, the variable xg can also be written as a variable
with integer values. The variables xg and x¢ already had the possible values 0 and 1, and are therefore already
integer valued. The variables x7, xg, X9 and x;¢ are implemented by assigning them as integer variables in the
function ‘ga’. In order to do this, the possible values of the integer variables are also specified as function input
for ‘ga’ in order to make sure that the variables only attain the possible values. In this way, a integer valued
representation for the discrete variables x7 up to x;¢ is used.
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xlma}c(m f(x1, ..., X10) (4.1a)
subjectto: x; eR Vi=1,2,3,4,5,6 (Thickness variables) (4.1b)
0.040 < x; <0.500 Vi=1,2,3,4,5,6 (Boundaries thickness) (4.1c)
x7€1{0,1,2} i=7 (ETM) (4.1d)
xg €1{0,1} i=8 (HTM) (4.1e)
X9 €1{0,1} i=9 (With/without AR-coating) (4.19)
X10 € {0, 1} i=10 (With/without pyramide structure) (4.1g)

This representation is an intuitive choice for this optimization problem. The new formulation of the op-
timization problem is given in Problem (4.1). Since both integer valued and real valued variables exist, the
problem now clearly is a mixed-integer optimization problem. In this specific case, the optimization prob-
lem also has lower and upper . Specifically for mixed-integer optimization problems with bounds, the Matlab
function ‘ga’ is limited in possible settings [21]. It can still be applied, but some operators cannot be changed to
non-default or custom made operators. This is the case for the crossover and mutation operators. This does not
mean that other mutation and crossover operators cannot be used for this type of optimization problem, but
the function ‘ga’ does not provide the possibility to do so. If another operator would be desired, a genetic algo-
rithm should be build from scratch. Due to the limited time for this thesis, this is not preferable. On top of that,
the function ‘ga’ still provides numerous settings to adapt the genetic algorithm for this specific optimization
problem. Therefore, this function is still used to solve this optimization problem.

An advantage of this representation is that the solutions do not have to be decoded to determine the fitness
value. This is the case when, for instance, a binary representation is used. Due to the relatively high computa-
tion time for the objective function, the time lost for coding and decoding would be relatively small. Therefore,
this loss of time would not be a problem. However, as pointed out in Subsection 2.3.1, a binary representation
would need large binary vectors, which is not favorable due to high storage costs. Therefore, a binary represen-
tation is probably a worse representation than the mixed real and integer valued representation as described
above. In general, it can thus be expected that this representation with both real and integer valued variables is
most suited for this particular optimization problem.

4.2, Selection operators

Another main element of the genetic algorithm is the selection operator. As discussed in Section 2.3, there exist
several selection operators. The choice of selection operators is limited because of the restrictions for mixed-
integer problems with bounds implemented in the Matlab function ‘ga’. Therefore, it is only possible to use the
default selection operator. However, it is possible to change the scaling of the fitness function.

The selection is, by default, performed using proportional selection with scaling of the fitness function.
This is implemented using the stochastic uniform sampling method combined with ranked scaling. Both the
SUS-method and the ranked scaling are discussed in Subsection 2.3.2. As explained in this subsection, the fact
that the operator uses a scaling of the fitness function, makes sure the selection pressure does not vanish.

In Subsection 2.3.2, it is also explained that there exist two types of selection operators. The first type se-
lects from each generation with size u the individuals that become parents. With the variation operators, these
parents produce A children. The population then consists of p individuals from the previous generation and A
children. The second type of selection operators are now used to select u individuals from these p + A individ-
uals. These selected individuals make up the new generation.

The genetic algorithm that is implemented in the function ‘ga’ only uses one selection operator. Before
the selection operator is applied, the best performing 5% of the old generation is carried down to the new
generation. This means that some elitism occurs. The population size is kept constant, and therefore, the other
95% is determined by the selection operators. The operator then selects which individuals in become parents.
The number of parents is approximately 95% of the population size. The variation operators create children
from the parents and these children are placed in the new generation. In this way, the generation consists
for 5% of elite children and for 95% of children from parents selected by the selection operator. As all parents
are changed by the variation operators, this means that no parents are carried down to the next generation,
except for the elite individuals. With this structure, the function ‘ga’ does not use the second type of selection
operators, but only the first type which selects the individuals to become parents.
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This use of the selection operator is different than the selection operators that were discussed in Subsection
2.3.2. However, the structure cannot be changed. Moreover, due to the limitations of the function ‘ga’ for this
type of problems, it is not possible to use anything else than stochastic uniform sampling. Therefore, this SUS-
method is used in the implementations. On the other hand, the method for the scaling of the fitness function
can be changed to other scaling methods. For the implementation, the ranked scaling method is used. In
Chapter 5, it will be evaluated whether this scaling method seems to work.

4.3. Variation operators

In Section 2.3, it was discussed that variation operators are one of the main elements of a genetic algorithm.
Due to the limitations for mixed-integer problems, the type of variation operators cannot be changed to a non-
default operators. For this implementation of the genetic algorithm, the default operators for both crossover
and mutation operators are used.

As discussed in Section 4.2, the selection operators determine which individuals are parents of the indi-
viduals in the new generation. These parents are given as input to the variation operators. These parents are
either given to the crossover operator or the mutation operator. The crossover rate determines the number of
individuals that are given as input to the crossover operator. This is by default 0.8, which means that crossover
is applied to 80% of the parents. The other 20% of the parents are given as input for the mutation operator.

The default crossover operator is a scattered crossover operator, which uses a random binary vector to
create the children and was treated in Section 2.3. This operator has two parents as input and creates two
children as output. The binary random vector determines which entry of the parents goes to which child.
This is discussed in more detail in Subsection 2.3.3. This operator often performs well and is therefore an
often applied crossover operator. Most probably, this operator will perform well on this particular problem and
does not need to be changed. On top of that, the function cannot be changed due to the limitations of the
‘ga’ functions for bounded mixed-integer problems. Therefore, the scattered crossover operator is used in the
implementation.

The default mutation operator of ‘ga’ uses adaptive Gaussian mutations, which are discussed in Subsection
2.3.3. However, the adaptation rules for this operator are slightly different and it is based on two parameters,
the shrink and scale parameters. The scale parameter determines the standard deviation of the Gaussian mu-
tations for the first generation. A higher scale parameter results in larger mutations. The shrink parameter is
used to control the rate with which the standard deviation shrinks during the run of the genetic algorithm. This
is done using the following expression in which o; ;. expresses the standard deviation of the mutations in x; of
the k’th generation and ‘generations’ is the maximum number of generations.

0ix=0;k1|1-shrink—————
generations

This adaptive type of Gaussian mutations shrinks the size of the mutations over time to make sure that
the algorithm converges, independent of the selection pressure caused by the selection operator. The default
values of the scale and shrink parameters are both 1. This would mean that a standard deviation of 1 ym
would be used for the mutations. This gives problems with the lower and upper bounds as they are 0.040 ym
and 0.500 pum, respectively. In order to deal with this, the function ‘ga’ scales it down at the beginning of the
algorithm to the shrink parameter multiplied with the difference of the upper and lower bound. Both scale
and shrink parameters can be changed to non-default values, despite the limitations of the function ‘ga’ for
bounded mixed-integer problems. For the implementations, the default functions are used. Using the results, it
is evaluated using the other results whether the default values are right for this particular optimization problem.

This type of mutation also gives rise to other problems. The mutation does not work for integer variables
and even for the continuous variables, the Gaussian mutations can result in individuals which do not adhere
to the bounds. To handle the integer variables, a modified method is used which is introduced in [10]. It uses a
specific truncation method in order to make sure the variables have integer values. In order to make the values
of the continuous variables adhere to the lower and upper bounds, a method presented in [9] is used. This
method introduces a penalty in the fitness function when the values are on the wrong side of the boundaries.
In this way, the individuals will obey to the given boundaries. However, the method used to deal with the given
bounds might cause the solutions to stay away from the boundaries. This might result in worse solutions if the
global maximum is near the boundaries.

This type of adaptive Gaussian mutations is specifically designed for problems with the structure of Prob-
lem (4.1). Therefore, it is likely to perform well. The scale and shrink parameters provide the opportunity to
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influence the standard deviation of the mutations. If the size of the mutations does not change in the right way
over time, these values could be used to improve the performance. As there are more influential parameters
in the genetic algorithm for this specific problem, these are investigated. The relation between the mutation
parameters and the performance is not studied due to the time available for this thesis.

4.4, Creation method

The genetic algorithm is able to make a new generation out of the previous generation using the selection and
variation operators. However, the first generation should be created in another way. This must be done in such
a way that the individuals are spread out as much as possible over domain. In this way, the genetic algorithm
can take a larger part of the domain into account.

The default creation method for the function ‘ga’ is uniform creation. This method creates every individual
by drawing from distributions for each variable of the individual. This means in this optimization problem that
for the first individual, a drawing is performed formed for all variables xy, ..., X190 independently. The drawing
that is performed is from a uniform distribution. The variables xi, ..., Xg are continuous variables with values
in [0.040,0.500]. To find the value for each one of the variables, a draw from the uniform distribution with the
interval [0.040,0.500] is performed. This means that a random value is drawn from the interval [0.040,0.500]
where each value has the same chance of being drawn. As the variables x7, ..., x19 are implemented as integer
valued variables, the uniform draw works differently. In this case, a draw is performed where all integer values
have the same chance of being picked.

Using these drawings from the uniform distributions, the starting generation will have variety within the
population. However, it is possible that parts of the domain contain more individuals than others. This might
cause the genetic algorithm to explore certain parts of the domain better than other in the search for optima.
This problem is less likely to occur for larger population sizes and might therefore be not such a large prob-
lem. On top of that, the function ‘ga’ can only be implemented using the default creation method because
the optimization problem of this thesis contains integer valued variables. However, it is possible to specify the
starting generation beforehand, in which case the function ‘ga’ does not use a creation method. To specify a
starting population in a good way, insight of the optimization problem would be helpful. However, a main rea-
son to apply genetic algorithms to this optimization problem is that no detailed knowledge about the solar cell
is needed. This makes the optimization process of tandem solar cells more accessible. Therefore, the genetic
algorithm is implemented using the uniform creation method.

4.5. Population size

In this optimization problem, the most limiting factor is the computation time of the objective function as it
takes 21.8 seconds per function evaluation. As discussed in Subsection 2.3.4, the choice for the population size
greatly influences the number of function evaluations.

For instance, a genetic algorithm with a large population size is able to search for optimal values for a
larger part of the domain than one with a small population size. This is due to the fact that within a larger
population, there is more variety within the population. Therefore, each generation will cover a larger part of
the domain when the population size is large. Because of this, a larger population size makes it more likely that
the genetic algorithm finds a global maximum. However, a smaller population size increases the probability
that the genetic algorithm converges to a local optimum.

On the other hand, a genetic algorithm with a large population size needs to evaluate the objective function
of more individuals for each generation. Therefore, the computation time will be higher for a large population
size, which is an important downside.

The default setting for this optimization problem is a population size of 100. This would mean that it takes
around 35 minutes to compute the objective function values for all individuals in one generation. As the ge-
netic algorithm at least has dozens of generations, the total computing time is long. On the other hand, the
problem might contain many local optima. As genetic algorithms with smaller population sizes are more likely
to converge to local optima, larger population sizes might also be beneficial. Therefore, the default value of
the population size is not considered as fixed and the influence of the population size on the results should be
studied.

To study the influence of the population size, the genetic algorithm is implemented for different population
size. For each population size, the generations, the corresponding fitness values and the number of function
evaluations are stored. The generations and the corresponding fitness values can be used to asses the quality
of the results of the genetic algorithm. Storing the individuals of the generations also provides the possibility
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to see whether the genetic algorithm has converged already. On top of that, the individuals can also be used to
study what variables are most important to create a high current as these variables are more likely to converge
the fastest. To investigate the dependency of the computation time on the population size, the number of
function evaluations performed by the genetic algorithm are kept track of. The computing time is not measured
in seconds, minutes or hours, as this differs on the different computing devices which were used to run the
genetic algorithms on. Instead, the number of function evaluations are used to measure the computation time.

The genetic algorithm is implemented for the population sizes 25, 50, 75, 100, 125 and 150. The largest
population size is 150 as it takes too much computing time compared to the time available for this thesis to run
the genetic algorithm for larger population sizes. 25 is the smallest implemented population size as smaller
population sizes are likely converge to a local optimum instead of a global optimum.

In short, the genetic algorithm is implemented for population sizes ranging from 25 to 150 in order to study
the influence of the population size on the quality of the results and the computing time. The individuals and
fitness scores of each generation are stored to quantify the quality of the results and the number of function
evaluations are stored in order to quantify the computing time.

4.6. Stopping criterion

Another characteristic of a genetic algorithms that should be studied is the stopping criterion. For each genera-
tion, the stopping criterion is tested and if the criterion holds true, the algorithm is terminated. The goal of the
stopping criterion is to stop the genetic algorithm when it has converged in order to prevent it from iterating
over unnecessary generations. On the other hand, the stopping criterion should not terminate the algorithm
before a good solution is found. When no progress is made for a long time, the genetic algorithm is not likely to
find any better solutions. In this situation, it is said that the algorithm has converged. A genetic algorithm that
already has converged, should terminate because the new generations are not likely to find better solutions. On
the other hand, the stopping criterion should not terminate the genetic algorithm before this situation occurs.
This is due to the fact that if the algorithm stops before it has converged, the results are probably less good than
when it would have continued. If the computational costs of the objective function would be low, it would be
better to take a stopping criterion in such a way that the algorithm stops when it has converged for sure. This
is not possible in this optimization problem due to the high computational costs. In short, it can be said that
the choice of the stopping criterion is a choice in the trade-off between a reasonable computing time and good
results, which is an important issue for this optimization problem due to the high computational costs of the
objective function.

The ‘ga’ function has a default stopping criterion that keeps track of the best solutions of all generations
and has two parameters, the max stall generations, M, and the function tolerance, €. The algorithm terminates
when the average increase of the best solutions over the last M generations is less than €. This stopping criterion
is based on the fact that the genetic algorithm has likely converged when there is no significant increase for a
high number of generations. In Matlab, M is by default equal to 50 and € is by default 1075 In Chapter 3, it was
found that the objective function in most cases is accurate up to 2 decimals. Therefore, the value of 1075 for e
is probably too small and the new value of ¢ is set to be 0.01. These values are used in the implementations to
study the influence of the population size on the results and computing time of the genetic algorithm.

In Section 5.2, it is described that the stopping criterion with € = 0.01 and M = 50 does not perform well for
most population sizes. In most cases, it stops the algorithm too late. Due to the importance of the stopping cri-
terion for the quality of the results and the computing time, the relation between performance of the stopping
criterion and the parameters are studied.

To study this, the information about the generations of the different runs is used to asses the quality of the
stopping criteria. The results of the genetic algorithm for the different population sizes are used for this pur-
pose. It is first determined for each population size at what point the algorithm should have been terminated.
These points are called stopping points. In order to provide a choice in the trade-off between computing time
and quality, three types of stopping points are determined for each run of the implementation. The first stop-
ping point is chosen to be implemented for a genetic algorithm that has a low computation time and a lower
quality of the results. The second stopping point is meant to have a good solution within reasonable stopping
time and the third stopping point should have the best solution as possible at the cost of a higher computation
time. The three types of stopping points are defined using a preferred accuracy, . This accuracy means that
the solution of the stopping points differ less than § from the highest found value. In practice, a stopping point
of a higher accuracy terminates the genetic algorithm later. The first stopping point has an accuracy of 0.01
mA/cm?, the second has an accuracy of 0.005 mA/cm? and the third has an accuracy of 0.001 mA/cm?.
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Using these accuracies, the three types of stopping points can be determined for each run of the genetic
algorithm. In order to do this, the highest function value for every generation is found for each run. This
information is used to find when the highest values of the whole run occurred for the first time. Denote this
highest function value of the run as f; and the highest function value of generation s by f;. Denote the number
of generations considered by the genetic algorithm with population size i as N;. The three different stopping
points are then defined as S; ; = min{s € {1,..., Nj} : f — fs < 6;}, where i denotes the population size of the
genetic algorithm of which the generations are used and j means the jth type of stopping point. The point
Si,j can be seen as the first generation that has the same highest function value as the best function value of
all generations with respect to the given accuracy. If such a stopping point is within the last 4 generations, the
genetic algorithm has most probably not converged yet with respect to the desired accuracy. In such a case, the
point S; ; is set to co. The stopping point S; ; can be seen as the desired stopping point for a stopping criterion
given a certain accuracy 6 ;.

After the stopping points are determined, it is checked for different combinations of M and € when the
algorithm would have terminated if they would have been used as stopping criterion. The number of this
generation is denoted by T; (M, €), where i denotes the population size. If there is no generation that satisfies
the stopping criterion with M and ¢, the genetic algorithm is not stopped by this stopping criterion. In such
situations, T;(M,e€) is given the value of co. In this way, T;(M,€) can be seen as the point at which the stopping
criterion with M and € stops.

A hypothetical situation of the points N;, S; ; and T;(M,¢) is shown in Figure 4.1. In this situation, the
genetic algorithm has run for N; = 51 generations. The desired stopping point for the given accuracyis at S; ; =
42 and the stopping criterion with M and € stops the algorithm at generation T; (M, €) = 30. Since T;(M,€) < S;, s
the genetic algorithm stops before it should, which is not a favorable situation.
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Figure 4.1: The highest found current for a hypothetical run of the genetic algorithm. The values of the highest reached generation Nj;, the
desired stopping point S; ; and the found stopping point T; (M, ) for a stopping criterion with M and ¢ are also visualized.

Using the values of Nj, S;,; and T;(M,¢), the quality of each stopping criterion can be assessed. In order to
do this, a penalty value P;, ; (M, ¢) is created for the stopping criterion with M and ¢, where j € {1,2,3} denotes
the type of stopping point and i denotes the population size. This value quantifies the performance of the
stopping criterion for each combination of M and €. The penalty value is build up using different cases that
can occur.

In the first possible case, the stopping criterion stops at the desired stopping point. This happens if T;(M,€) =
Si,j and is the ideal situation. Therefore, no penalty is assigned to this situation. If the stopping point is co and
the stopping criterion does not stop the genetic algorithm, the stopping criterion also works as it should. As
both T;(M,e€) and S;,; are oo in this case, this situation actually is also covered by the statement T;(M,e€) = S; ;.
Therefore, no penalty is assigned to such a situation.
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In all other combinations of T;(M,€) and S; ;, the stopping criterion does not terminate at the desired stop-
ping point. This means that the stopping criterion makes an error, and therefore, a penalty is assigned. There
exist two main possibilities if T; (M, €) # S; ;. The first stopping criterion is T; (M, €) > S; j, in which the stopping
criterion stops too late. In this case, the genetic algorithms iterates over too many generations. This increases
the computation time. As every generation gives a longer computation time, a penalty of 1 is assigned for
every generation that the genetic algorithm considers more than it should. If T;(M,€) < oo, this means that
T;(M,¢) — S;,j more generations are considered than desired. This results in a penalty of T;(M,€) — S;, ;.

If T;(M,€) > S;,j and T;(M,€) = oo, the stopping criterion did not terminate the genetic algorithm after N;
generations, whereas it has already passed the desired stopping point. In this situation, it is unknown at what
point the stopping criterion would have stopped the genetic algorithm as there is no information about the
generations higher than N;. The stopping criterion takes M generations into account to determine whether
the increase in the highest function value is significant. This means that for a higher value of M, the stopping
criterion most likely stops M generations after the last significant increase. The real stopping point is therefore
estimated as INV; + M, which means that the genetic algorithm is estimated to consider N; + M - S; ; generations
too much. Therefore, a penalty of N; + M —S; ; is given in this situation.

Another possibility is that T; (M, €) < S;,j. This means that the stopping criterion stops the genetic algorithm
too early. This results in a highest found function value that is significantly worse than the best found result.
This means that the stopping criterion does not result in the desired accuracy. As this is worse than computing
a generation too much, this type of error has a higher penalty. This is done by giving a penalty of size 2 for
each generation that the stopping criterion stops too early. The situation in which T;(M,€) < S;,; < oo holds is
visualized in Figure 4.1. In this case, the algorithm runs S;, j— Ti;(M, ) generations too few. For each generation
that the stopping criterion stops too early, a penalty of 2 is given, this means that a penalty of 2(S;, ; — T; (M, ¢))
is given.

If T; (M, €) < S;,j = oo, the genetic algorithm should not have stopped as it did not converge yet. However,
the stopping criterion did stop the genetic algorithm. Similarly to the case S; ; < T;(M,€) = oo, the number of
generations after NV; is estimated by M. This means that it is estimated that the genetic algorithm should have
run N; + M generations, whereas the stopping criterion stopped the genetic algorithm after T; (M, €) genera-
tions. As stopping too early results in a higher penalty, this situation results in a penalty of 2(N; + M — T; (M, ¢)).
This was the last possible case, and therefore, the penalty is defined for every possible case. The following
expression summarizes the given penalty for all different cases.

0, if T;(M,€) = S;,
T:(M,€) - Sij, if T;(M,€) > S;,j and T; (M, €) < 0o

Pij(M,e)={ N;+ M-S ;, if T;(M,€) > S;,j and Ti (M, €) = 0o 4.2)
2(S,j - Ti(M, €)), if T;(M,€) < S;,j and S;,j <00

2(Ni+M~-T;(M,¢)), ifT;(M,e)<S;jandS; ;=00

This penalty value P;, ;(M,¢) is determined for each possible combination of M and €, each population size
J and for each type of stopping point corresponding to the accuracy §;. Then, the final penalty of a combi-
nation M and ¢ for each type of stopping point is determined by }_; P;,j (M, €), which sums the penalty for all
population sizes. The stopping criterion with the combination of M and ¢ that performs the best for a certain
type of desired accuracy is the stopping criterion that has the lowest final penalty.

The values of M that are considered the values ranging from 1 to 20 as the value of 50 seemed too large. The
considered values of € are 101,1072,...,1078 mA/cm?, since these are values in magnitudes of the same order
as the accuracy of the objective function. The final penalty is determined for all combinations of these values
for M and ¢ for each desired type of stopping point.

In the case that a run of a genetic algorithm clearly terminated before it converged, it can be performed
again with another stopping criterion that terminates it at a later generation in order to obtain more informa-
tion about the convergence. By comparing the desired stopping points to the hypothetical stopping points of
the stopping criteria using the defined penalty, it is determined what values of M and € result in the best stop-
ping criterion for the desired choice in the trade-off of the genetic algorithm between a short computing time
and a good solution.

The default stopping criterion is based on the differences in the objective function as they will be small if the
differences within the population are small. However, there exist other stopping criteria which are based on the
differences within the individuals. When the individuals are insignificantly different, the genetic algorithm has
converged for sure and should be terminated. The layers in a solar cell can be made with a precision of around
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0.001 um, and thus, smaller differences are deemed insignificant. With the results from the implementations
for the different population sizes, it can also be assessed whether or not such stopping criterion would be a
significant improvement.

To summarize, the stopping criterion is studied using the results of the implementations for the different
population sizes. For each run, it is established when the algorithm should have terminated. Then it is de-
termined when the genetic algorithm would have terminated for all combinations of M, with the values 5, 10,
25 and 50, and €, with the values 0.1, 0.01, 0.001 and 0.0001. By comparing the desired point of termination
with the point of termination for each boundary condition, the best values of M and € can be selected. On
top of that, it is studied whether a stopping criterion based on differences between the individuals would be
preferable.

4.7. Parallel computing

As the computation time of the objective function is 24 seconds, the genetic algorithm needs the most time for
computing the values of the objective function for all individuals in each generation. As discussed in Chapter 3,
the computation time of the objective function can be reduced at cost of the accuracy of the objective function.
However, an accurate objective function has several benefits as it creates as the results of the genetic algorithm
are more accurate and the objective function is smoother, which improves the performance of a genetic al-
gorithm. Therefore, it is not desirable to reduce the computation time of the objective function at cost of the
accuracy. This gives that the most limiting factor in the application of genetic algorithms to Problem (4.1) is the
computation time, especially the computing time of the objective function.

A great advantage of genetic algorithms as optimization method is the fact that they are suited for parallel
computing. The genetic algorithms namely compute the fitness values of all individuals in each generation at
the same time. This makes it possible to apply parallel computing to this process. When a program uses paral-
lel computing, it distributes the calculations over different devices or processor cores instead of performing all
calculations on one of them. As calculating the fitness function of two individuals are independent processes,
they can be computed at the same time by different processors. In this way, multiple fitness values can be cal-
culated at the same time, which decreases the average computing time for a function evaluation, and therefore,
parallel computing could provide a possibility to decrease the computing time.

The function ‘ga’ provides an option for parallel computing when combined with the Parallel Computing
Toolbox of Matlab. The default settings of the function ‘ga’ do not use parallel computing. But in combination
with the Parallel Computing Toolbox, it provides to possibility to do so.

However, the software of GenPro4 also provides the possibility to use parallel computing in order to calcu-
late the objective function. This reduces the computing time and is not compatible with the parallel computing
options for the function ‘ga’. This means that parallel computing could be performed by either the function ‘ga’
or by GenPro4. If the function ‘ga’ uses parallel computing instead of GenPro4, it takes more computation time
for one single function evaluation, but multiple function evaluations can be performed at once. This makes it
hard to predict which use of parallel computing results in the fastest genetic algorithm.

To study the effect of using parallel computing within the function ‘ga’ and GenPro4, three different types
of runs of a genetic algorithm are performed. In the first type of run, both GenPro4 and the function ‘ga’ do
not use parallel computing. This run is to determine how much faster the other methods are compared to the
default implementation. In the second type of run, GenPro4 uses parallel computing while ‘ga’ does not. In the
third type of run, GenPro4 does not use parallel computing while ‘ga’ does. For each run, the generations, the
scores and the computing times in seconds are stored. With the generations and the scores, it can be studied
whether the two ways to use parallel computing change the performance of the genetic algorithm. With the
computing times, it can be investigated which implementation works faster. All runs of the genetic algorithms
are performed with a population size of 100 and the algorithm is terminated after 10 generations. This device
runs on windows 8.1 and has an Intel i-4460 CPU with a clock speed of 3.20 GHz and 4 cores. The RAM-memory
on this device is 8,00 GB.

Number of cores Software Processor CPU clock speed speed (GHz) | RAM (GB)
2 Windows 8.1 | Intel(R) Core(TM) i3-4030U 1.90 6
4 Windows 8.1 Intel(R) Core(TM) i5-4460 3.2 8.00
6 Windows 10 | Intel(R) Core(TM) i7-8750H 2.20GHz 16

Table 4.1: The specifications of the used devices to asses the speed of the different options for parallel computing.
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All three types of runs are performed on three different devices, which have 2, 4 or 6 cores. More speci-
fications can be found in Table 4.1. Both methods of parallel computing use the maximum number of cores
available. However, it is unknown how large the part of the computations in GenPro4 is that uses parallel com-
puting compared to the part of the function ‘ga’ that uses parallel computing. These factors make it necessary
to experimentally determine the performance of both ways to apply parallel computing. Both ways of parallel
computing are at least as fast as not using parallel computing at all. By comparing the computation times for
the two different runs on each device, it can be determined which implementation decreases the computing
time the most.

To summarize, both GenPro4 and the function ‘ga’ provide options to use parallel computing in order to
decrease the computation time. The default function of ‘ga’ does not use parallel computing and the default
settings of GenPro4 do use parallel computing. However, it is not possible to use the parallel computing options
of GenPro4 and ‘ga’ at the same time, and therefore, it is investigated which implementation computes the
objective function faster. Since this might depend on the device used, the genetic algorithm is run on three
different devices with each 2, 4 or 6 cores.
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Results

Chapter 4 describes how the Matlab function ‘ga’ is used in order to implement a genetic algorithm for Prob-
lem (1.1). Some settings of the function are fixed, such as the selection and variation operators. For other
settings, Chapter 4 describes what methods are used in order to determine the best parameter values for these
settings for this optimization problem. The settings that are be studied in this way are the population size, the
stopping criterion and the use of parallel computing. These settings all influence the computation time and
possibly the quality of the results. The goal is to find which implementation gives good results in the fastest
time. In this chapter, it is discussed what the influences of the different settings are on the quality of the result
and the computation time in order to find the best performing implementation.

In this chapter, the results of the different implementations are discussed. This is done by first discussing
the implementation of the genetic algorithm using different population sizes in order to find the best popula-
tion size. The results of these implementations are also studied to find properties of this particular optimiza-
tion problem and to evaluate the choice of several settings of the algorithm, such as the variation operators.
Subsequently, different settings of the stopping criteria are discussed using the information resulting from the
implementations for different population sizes. Then, the influences of different ways of implementing parallel
computing are studied in order to speed up the computational process.

5.1. Results for different population sizes

The genetic algorithm is run for different population sizes ranging from 25 to 150. First, using the results in
general, the choice for several settings that are fixed in Chapter 4 are evaluated and general conclusions about
the optimization problem are drawn. Then, the influence of the population size on the computation time and
quality of the results is discussed.

5.1.1. General results

The results of the genetic algorithm for different population sizes provide insight in the relationships between
the population size, the highest found values of the genetic algorithm and its computation time. However, the
obtained results can also offer insight in the behavior of the genetic algorithm. This can be studied using the
individuals of all generations and their fitness values that are saved. With this information, insight in how the
genetic algorithm behaves for this optimization problem can be obtained. On top of that, it provides the pos-
sibility to evaluate the performance of the settings of the function ‘ga’ that are fixed as described in Chapter 4.
These two topics are discussed in this subsection. The analysis of the influences of the population size on the
performance is separately treated in Subsection 5.1.2.

Behavior of the genetic algorithms
The genetic algorithms are implemented and executed for the population sizes 25, 50, 75, 100, 125 and 150. Ev-
ery implementation results in an individual x, which is the solution with the best value of the objective function
found by the algorithm. The results are shown for every population size in Table 5.1 and Figure 5.1.

In Figure 5.2 and Figure 5.1, it can be seen that the highest current that is found differs for the different
population sizes. The highest current in total is a current of 21.0759 mA/cm?, which is found by the genetic
algorithm with population size 125. On the other hand, the lowest result of the genetic algorithm is obtained

36



5.1. Results for different population sizes

5. Results

21061

[ge]
-

20957

1
=
fi=]

2085 [

Highest found current {mf'-Ucmz)

20.75
20

40 60 BO

100

120 140 160
Population size

Figure 5.1: The optimal value of the genetic algorithm plotted against the population size.

with a population size of 25 and resulted in a current of 20.7940 mA/cm?.
shown in Table 5.1.

The corresponding individuals are

Population Size || Highest found value || Number of function evaluations X1 X X3 X4 X5 X6 X7 | Xg | X9 | X10
25 20.7940 1300 0.1031 | 0.0524 | 0.2124 | 0.3654 | 0.1525 | 0.3852 | 2 1 1 1
50 20.9867 2600 0.1009 | 0.0666 | 0.1435 | 0.3824 | 0.1780 | 0.0699 | 2 | 1 1 1
75 20.9016 3900 0.1012 | 0.0539 | 0.2155 | 0.3691 | 0.3693 | 0.2265 | 2 | 1 1 1
100 21.0599 5200 0.1004 | 0.0534 | 0.0402 | 0.3813 | 0.2848 | 0.0732 | 2 1 1 1
125 21.0759 6500 0.1051 | 0.0554 | 0.0424 | 0.3847 | 0.0416 | 0.0752 | 2 1 1 1
150 20.9948 7800 0.1011 | 0.0557 | 0.3253 | 0.3785 | 0.2171 | 0.0762 | 2 | 1 1 1

Table 5.1: The results of the genetic algorithm for each population size.

Figure 5.1 shows how the best individuals of the genetic algorithms for the different population sizes im-
prove over time. It can be seen that all genetic algorithms undergo a similar process. In the beginning, they
show large growth, mostly with large jumps. These are most likely due to good results of mutations and
crossovers. When the algorithm advances, the improvement in the best values becomes less. The improve-
ments that do occur are small and occur less frequently. In some cases, the best value does not even change.
For instance, the algorithm with a population size of 25 does not change after the 20th generation. In such
cases, it can be said that the algorithm has converged. It can thus be concluded that in general, the algorithms
show large and many improvements in the beginning of the algorithm and small and less frequent improve-
ments at the end.

The individuals in Table 5.1 are local optima or values close to local optima of the objective function. The
local optima with the highest function value corresponds to the genetic algorithm with population size 125.
All other local optima differ more than 0.01, which is in most cases the accuracy of the objective function as
discussed in Chapter 3. Therefore, they are almost certainly significantly lower than the one corresponding
to a population size of 125. This means that all other found local optima are just local optima and not global
optima. The local optimum corresponding to a population size of 125 could be the global optimum, but it
cannot be said for sure due to the fact that a genetic algorithm is not guaranteed to find a global optimum.

When the local optima in Table 5.1 are studied, it can be seen that the local optima are in a similar part of
the domain. This can be seen by the fact that most variables have similar values. The values of the variables
X1, X2, X4, X7, Xg, X9 and xjo barely differ for the different optima. This means that the influence of these
variables on the performance is most likely strong. This is caused by the fact that the genetic algorithm favors
the individuals with the best fitness values, which is the value of the objective function. If a variable has a
strong influence on the objective function, this is reflected in the fact that the genetic algorithm first selects the
individuals based on this variable. This means that the differences in important variables are decreased by the
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Figure 5.2: The highest found current plotted versus the generation of the genetic algorithms with different population sizes.

genetic algorithm in the beginning of the process. As a result, the optima found by the genetic algorithms for
all different population sizes have similar values for these variables.

From this, it can for instance be concluded that the tandem solar cells perform significantly better when
it has a pyramid structure between the two interfaces. This can be seen by the fact that the variable x;¢ has
the value 1 for all optima. It can also be concluded from the values of xg that the anti-reflexive coating has
a strong positive influence on the current produced by the tandem solar cell. These two conclusions could
have been expected since, both the pyramid structure and the anti-reflexive coating are designed to make the
solar cell perform better. Similarly, it can be seen that ETM and HTM are TiO, and NiO respectively, which
can be concluded from the variables x7 and xg. If provided with enough insight of the materials and structure
of the solar cell, the values of the variables x; up to xj9 could have been predicted. Therefore, it could be
considered to remove these from the optimization problem. However, as this knowledge of the solar cells was
not available, this conclusion could not have be drawn beforehand. On top of that, it might be the case that the
global optimum of the domain has for instance another ETM, although this is highly unlikely because of the
fact that all of these variables seem to be important variables is supported by the results. Therefore, removing
these variables would most likely only result in shorter computation time. Because of limited time available
for this thesis, this is not studied. However, it could be investigated in further research in order to decrease the
computation time.

The importance of the variables can also be investigated in other way. Figure 5.3, Figure 5.4, Figure 5.5 and
Figure 5.6 show the scaled standard deviation of all variables for each generation of the genetic algorithms with
population sizes 25 and 125. These population sizes are used as they found the worst and best result. In the
graphs, the standard deviation is scaled by dividing them by the standard deviation of the variable for the first
population. This means that all standard deviations start with a value of 1. This is done because the standard
deviation for the different variables was different, especially when the continuous and discrete variables were
considered. In this way, the increase and decrease of the variance within the population can be compared for
all variables.

Figure 5.4 and Figure 5.6 both show that the standard deviation in the population of the discrete variables
decreases fast. This gives that these variables are likely to have a large influence on the objective function as
the genetic algorithm selects the individuals with the right values for these variables. Although all standard
deviations of the variables decrease quite fast, it decreases less fast for the variable x;. This means that the
ETM is the least important discrete variable.

In Figure 5.4 and Figure 5.6, it can also be seen that the standard deviation does not increase again after
it has became equal to zero. This means that the mutation apparently does not mutate the discrete variables
after a standard deviation of zero is achieved. It might be possible that the mutations are not applied to the
discrete variables at all. This cannot be determined because of the fact that the functions that should apply
these mutations are not accessible.
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Figure 5.4: The scaled standard deviation plotted for each generation for the discrete variables of the genetic algorithm with population
size 25.
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Figure 5.5: The scaled standard deviation plotted for each generation for the continuous variables of the genetic algorithm with population
size 125.
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Figure 5.6: The scaled standard deviation plotted for each generation for the discrete variables of the genetic algorithm with population
size 125.

Where the discrete variables behaved similarly for the population sizes of 25 and 125, Figure 5.3 and Fig-
ure 5.5 show differences in the behavior. The genetic algorithm with a population size of 25 has alarger decrease
in the standard deviation in general. This means that it converges faster as the selection pressure is probably
larger. This can be studied using for instance the takeover time. However, this could not be implemented within
the time available for this thesis.

As can be seen, only in generation 30, the genetic algorithm shows an increase in the standard deviation of
multiple variables. In Figure 5.7, it can also be seen that the standard deviation of the current increases at this
point. These observations can be explained by one or two large mutations. The influence of these mutations on
the standard deviation is larger because of the smaller population size. The genetic algorithm with a population
size of 125 on the other hand shows that the variety in the population for some variables are kept longer, such
as variable x3 and xs. This gives that the variables x3 and x5 probably have the least influence on the objective
function. This is also supported by the fact that most differences can be found in the variables x3 and x5 in
Table 5.1.

Figure 5.5 also shows that the variation within variable x5 increases at the end. This could be caused by a
mutation that resulted in a better solution. Subsequently, this solution is more likely to have offspring. As the
value of x5 of the population slowly makes a transition from the old value towards the new value, the variation
within the population rises. This means that the genetic algorithm has not yet moved to the area around this
better solution. Therefore, the genetic algorithm might not have converged and it might be beneficial to run
this algorithm for a larger number of generations.
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Figure 5.7: The standard deviation of the objective function for each ~ Figure 5.8: The standard deviation of the objective function for each
generation of the genetic algorithm with population size 25. generation of the genetic algorithm with population size 125.
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Figure 5.9: The value of the objective function plotted against the x3-value for all individuals in each generation of the genetic algorithms
with different population sizes.

It can also be studied how the different variables influence the objective function. To do this, the current can
be plotted against the variable value for all individuals in the genetic algorithms. This is done for the variable x3
in Figure 5.9 and for x¢ in Figure 5.10. The individual is a 10-dimensional vector and the function value has one
dimension. Therefore, the individual with the function value together are a pointin a 11-dimensional space. As
only one variable and the function values are plotted in Figure 5.9 and Figure 5.10, these form a projection from
the 11-dimensional space to a 2-dimensional space. Therefore, information about some local optima might be
lost. However, it still provides information about some other local optima.

In Figure 5.9, it can be seen that the variable x3 does not seem to influence the value of the objective func-
tion much as the high values can be found for almost all values of x3. It does however have a small influence,
which is most clear in Figure 5.9c. The objective function seems to be slightly higher for individuals with a value
of x3 between 0.04 ym and 0.05 ym. These might be individuals near to a local optimum with these values of
x3. The algorithm ultimately seems to converge to this optimum.

The genetic algorithms with population sizes 25 and 75 have clearly less points in the entire domain. There-
fore, a smaller part of the domain is investigated. This can also be seen by the fact that these genetic algorithms
do not have individuals with small values for x3. This is most likely due to the fact that they converged to alocal
optimum with an x3-value between 0.20 ym and 0.25 um. However, this local optimum is hardly visible in Fig-
ure 5.9c. This could be explained by the fact that this run did not get trapped in this local optimum. Therefore,
the individuals in the lager generations, which have the highest values due to the other variables, are not near
this local optimum and it is not visible in the plot.

In Figure 5.10, it can be seen that the variable xg influences the current produced by the solar cell more.
Figure 5.10c shows that there exist several local optima in which x4 is involved. The clearest local optimum has
an xg-value around 0.09 ym. This optimum also results in the highest current found by the genetic algorithm.
Other local optima have values of xg of around 0.25 ym and 0.35 ym. It can be seen in Figure 5.10b that the
genetic algorithm with population size 75 converges to a local optimum with a value of xs around 0.25 ym.
This might be the same local optimum as found in Figure 5.10c. The genetic algorithm with population size 25
also converged to a local optimum as can be seen in Figure 5.10a. This local optimum is however not clearly
visible in Figure 5.10c and is also not that high. Figure 5.10a also shows that with a smaller population size, a
smaller part of the domain is investigated by the genetic algorithm. Therefore, a larger population size would
be preferable.

Figure 5.9 and Figure 5.10 showed local optima which are not that strongly present. This is not the case for
all variables. For instance, the variable x; shows a clear relationship with the function value. This can be seen
in Figure 5.11, where a clear optimum can be seen. This optimum has a value of x4 of around 0.40 um. The
variable x4 seems to be the same for the local optima found in Figure 5.9 and Figure 5.10, since these optima
have currents clearly higher than 20 mA/cm? and all individuals with a current higher than 20 mA/cm? seem
to have the same values for x, in Figure 5.11. Therefore, it can be said that the variable x4 strongly influences
the current and in a smooth way since it has the same values for all local optima.

5.1.2. Population size

The first parameter of which the influence is studied is the population size. It can be expected that a larger pop-
ulation size results in a longer computation time as it needs to compute the fitness function for more variables.
On the other hand, it also increases the chance of finding a better optimum as a larger part of the domain can
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Figure 5.10: The value of the objective function plotted against the xg-value for all individuals in each generation of the genetic algorithms
with different population sizes.
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Figure 5.11: The value of the objective function plotted against the x4-value for each generation of the genetic algorithms with different
population sizes.

be studied. The influence of the population size on the trade-off between the computation time and the quality
of the result is studied in this subsection. This provides the possibility to make a good choice in this trade-off.

To study the trade-off, the function ‘ga’ was tested for the population sizes 25, 50, 75, 100, 125 and 150. For
all runs, the generations and the corresponding fitness values are stored. These are used to analyze the perfor-
mance of the genetic algorithms and provide insight in the way the genetic algorithms find a local optimum for
this particular problem.

Highest found values

When the genetic algorithms terminate, they give the best individual and its corresponding fitness value as
output. These results are shown in Figure 5.1 and the exact data can be found in Table 5.1. They show the
highest found fitness values, which are the currents, of the runs for all population sizes. The highest value
found for all populations sizes is 21.0759 mA/cm?. This was found for a population size of 125. The worst
performances on the other hand correspond to the algorithm with a population size of 25. This produced
20.7940 mA/cm? as the highest found value, which is clearly lower than the other values found. The graph in
Figure 5.1 shows that the result of the genetic algorithm increases as the population size increases, except for
the population sizes with values of 75 and 150.

For these population sizes, the highest current found by the genetic algorithm is lower than the result of a
smaller population size. This could be due to the fact that genetic algorithms are stochastic algorithms. This
means that every time it is used, they do different things. For instance, the mutations in the first generations
can be different, which might influence the populations of all other generations. Therefore, the results are also
variable for each time the genetic algorithms are run. This means that small differences in the results are not
likely to be significant and it might even be the case that the run with population size 125 might not perform
as well when it is repeated. More reliable information to study this relationship could be gained by repeating
the run for all population sizes multiple times. However, it is not possible to realize this due to the limited time
available for this thesis. Therefore, conclusions about the individual results cannot be dawn with certainty in
this thesis.

On the other hand, conclusions about the general relationships are more likely to hold true as they are based
on more measurements. As discussed in Section 2.3 and Section 4.5, a larger population size results in better
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results in theory. In this case, it can be seen in Figure 5.1 that the genetic algorithm slightly tends to find the
best values for larger population sizes. Whereas the results strongly increase on average for population sizes up
to 100, the results show a smaller increase for the population sizes of 100, 125 and 150. As the objective function
is accurate up to 0.01 mA/cm?, the values are still significantly different. Despite the uncertainty in the results
due to the stochastic nature of the genetic algorithms, it seems to be the case that the results increase less for
population sizes of 100 and higher.

In this thesis, the highest population sizes that is considered is 150. Since there does not seem to be a large
increase in performance for population sizes of 100 and higher, it might be said that a genetic algorithm with
a population size larger than 150 would not perform better than one with a population size between 100 and
150. However, a larger population size would still mean that the genetic algorithm investigates a larger part
of the domain for possible optima. On top of that, larger population sizes could possibly decrease the variety
in performance due to the stochastic nature of genetic algorithms. When the population size is small, one
individual is more influential. This means that the stochastic operations such as mutations or crossovers have
more influence when they are used on one individual. Therefore, the subsequent generations and even the
results are subject to a larger variability. This could mean that it might be beneficial to have a larger population
size, because the genetic algorithm is more likely to find good results. In order to investigate whether this is true,
the implementations should not only be repeated for each population size in order to study the variability. It
should also be studied for larger population sizes. For this thesis, this is not studied because of the limited time
available, but it could be investigated in further research.

Where the differences in the results for the larger population sizes are small, the changes for population
sizes smaller than 100 are larger. For instance, the population size of 50 gives a result which is higher than
the results for the genetic algorithm with population size 75 and even higher compared to the result for the
population size of 25. This could be explained by the variety in performance due to the stochastic nature of
genetic algorithms. This performance can be even more influenced by chance due to the small population
size as individuals have even more influence compared to larger population sizes. This could explain the large
differences in result for the smaller population sizes.

The result of the genetic algorithm with a population size of 50 is much better than the results with popu-
lation sizes of 25 and 75. The result is even close to some of the results of the implementations with population
sizes of 100 and higher. It can be concluded that the genetic algorithm with population size 50 has the po-
tential to give good results. However, nothing can be said about how likely a good result for this population
size is, since the algorithm was only run once and the results of genetic algorithms are subject to variability as
discussed.

It could also be noted that the population size does not influence the performance on finding the best value
much for all variables. Investigating the whole domain of a variable is namely less important when the variable
has a clear optimal value. This seems to be the case for variable x4 as can be seen in Figure 5.11. It can be seen
that a clear optimum is found with a value of x; around 0.4 ym by the genetic algorithms with all population
sizes. Therefore, it is possible to use smaller population sizes of genetic algorithms when only the right values
of the most influential variables are wanted.

To conclude, a larger population size in general seems to give better results. As the implementations for the
different population sizes are only run once, no hard conclusions can be drawn which particular population
size performs best. However, it can be concluded that the implementations with a population size of 100 or
larger perform better than these with a population size of 75 and lower. This is because a large increase in
result is obtained by a population size of 100. Since the better results of larger population sizes can be due to the
stochastic nature of the genetic algorithm, this might be the best value in a trade-off between the computation
time and quality of result. On the other hand, the best result is obtained with a population size of 125, which
could therefore be favored, depending on how exact the best solution should be found. A population size of
150 or higher could even be better considered that the variability in the results due to the stochastic nature of
the genetic algorithm might decrease, although this should be studied more detailed in further research. In
general, the population size should be 100 or higher and further conclusions cannot be drawn from only the
results of the genetic algorithms.

Number of function evaluations

The population sizes also influence the number of function evaluations, which represent the computational
costs. As discussed in Section 4.5, it can be expected that a larger population size increases the computational
costs. In Figure 5.12, the number of function evaluations which represent the computational costs are shown
for each population size. The data is also included in Table 5.1. As could be expected, Figure 5.12 shows that a
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larger population size results in more function evaluations.

The graph even shows that this is a linear relationship. The fact that it is linear, is caused by the stopping
criterion. All implementations stop after 51 generations. This implies that the stopping criterion might not
perform well. This is further investigated in Section 5.2. For this case, it means that the 51 generations and the
initial generation, which is not counted in these 51 generations, together are 52 populations. Therefore, the
total number of individuals for which the objective function is evaluated is equal to 52 times the population
size. This is in line with the number of function evaluations in Table 5.1. It can thus be said that number of
function evaluations increases linearly with the population size.
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Figure 5.12: The number of function evaluations of the first genetic algorithm plotted against the population size.

In order to investigate the trade-off between the quality of the results and the computation time, Figure 5.13
is made. For each population size, a point is shown with the number of function evaluations as x-coordinate
and the highest found current as the y-coordinate. Using this plot, it can be studied how much using an im-
plementation with more function evaluations results in better results. If a population size has a relatively high
value for the highest found current and a relatively small number of function evaluations, it is favorable. This is
because it finds a relatively good result with small computational costs. In that case, it might be a good choice
in the trade-off between the quality of the results and the computation time. As the function evaluations have
a linear relationship with the population size, the function is only a scaled version of Figure 5.1. If the stopping
criterion is changed, this might be different.
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Figure 5.13: The results plotted for each population size against the number of function evaluations.

It can be seen in Figure 5.13 that the implementations with population size 25, 75 and 150 have a relatively
low result compared to the computational costs. On the other hand, the implementations with population
sizes 50, 100 and 125 have relatively high results for the computational costs. Therefore, these population sizes
would be favorable to use, depending on whether a high quality of the result is wished or a short computation
time. However, it is important to note that the values are not exact due to the stochastic nature of the genetic
algorithm as is discussed earlier in this section. This means that the results might have a relatively high vari-
ability. Thus, it is not possible to draw conclusions with certainty about the performances of the population
sizes for each individual run.

Nevertheless, it is possible to study the general relationship between the computational costs and the qual-
ity of the results for this case. It can namely be seen in Figure 5.13 that in general a high quality of the result
has large computational costs. This means that there indeed seems to be a trade-off between a high quality
and low computation time. However, more information would be necessary since it would reduce the impact
of the stochastic nature of the genetic algorithms on the results. This could be obtained by running the genetic
algorithms multiple times and taking averages. It should also be noted that a different stopping criterion might
change the number of function evaluations. If the genetic algorithms for some runs have converged earlier
than the current stopping criterion, this would mean that they would get a lower number of function evalua-
tions for the same quality of the result. On the other hand, if the algorithms did not converge, a better stopping
criterion might result in more function evaluations and possibly a better result. When a new stopping criterion
is found in Section 5.2, it should therefore be studied what the consequences of a new stopping criterion are
on the computational costs.

To summarize, the best results were found using a population size of 125 and resulted in a current of 21.0759
mA/cm?. On top of that, a large population size gives a higher function value as output of the genetic algorithm
at higher computational costs. This means that there is a trade-off between the quality of the result and the
computational costs. A better stopping criterion might change the relationship which describes the trade-off.

5.2. Stopping criterion

As discussed in Section 4.6, the stopping criterion is an important setting to make a choice in the trade-off be-
tween finding a good result and having a short computation time for the genetic algorithm. When the stopping
criterion stops an algorithm before it has converged, the algorithm is likely to have worse resulting solutions.
This is due to the fact that the genetic algorithm is likely to find better solutions when it has converged. On
the other hand, the stopping criterion should stop the genetic algorithm not too long after it has converged,
because more generations do not contribute to finding better results and increase the computation time of the
genetic algorithm. Therefore, a good stopping criterion is vital for a genetic algorithm.
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As can be seen in Figure 5.2, all genetic algorithms stopped after 51 generations. It can also be seen that, at
this point, some genetic algorithms still increase, and have therefore not converged yet. This is the case for the
genetic algorithm with population size 125 and this means that the stopping criterion stops the algorithm too
early in this case. On the other hand, some other genetic algorithms like the one with population size 25 do not
show any improvement in the results for many generations before it is stopped. Such genetic algorithms have
already converged and should be stopped many generations earlier. It can thus be concluded that the stopping
criterion with € = 0.01 and M = 50 does not perform well and should be changed.

All algorithms stop after 51 generations, while the maximum number of stalling generations is 50. In Fig-
ure 5.2, it can be seen that the algorithms show large growth in the first generations. This growth is that large,
the the stopping criterion is not met after 50 generations. However, when this growth is not considered any-
more in the 51th generation, the average improvement over the generations 2 to 51 is apparently that much less
that the stopping criterion is always met. This means that the stopping criterion for this optimization problem
basically terminates the genetic algorithm after 51 generations. This stopping criterion is therefore the same
stopping criterion as stopping after 51 generations.

As can be seen in Figure 5.2, most algorithms seem to have converged after 51 generations. Therefore, these
runs provide enough information to determine the desired stopping points, which are discussed in Section 4.6.
Only the genetic algorithm with population size 125 does not seem to have fully converged after 51 generations.
This can be seen in Figure 5.5, as the standard deviation of the variable x5 is high when the algorithm termi-
nates. On top of that, in Figure 5.2, it can be seen that the results are still increasing at the end. This genetic
algorithm is therefore executed again in such a way that it stops after 100 generations. Using the results of this
execution, the desired stopping points can be determined for the algorithm with population size 125.

Highest found value X1 X X3 Xy X5 X6 X7 Xg X9 X10
21.1049 0.1054 | 0.0445 | 0.0400 | 0.3821 | 0.0424 | 0.0758 | 2.0000 | 1.0000 | 1.0000 | 1.0000

Table 5.2: The best solution found by the genetic algorithm with population size 125 after it has ran for 100 generations.

When the genetic algorithm with a population size of 125 is run for 100 generations, the found solution
after 100 generations was better than the solution after 51 generations. The new found solution is shown in
Table 5.2 and this solution gives a current of 21.1049 mA/cm?. This is a significant difference with the earlier
found 21.0759 mA/cm?, with respect to the accuracy of the objective function. It can therefore be concluded
that the algorithm indeed did not converge yet after 51 generations and should not have terminated.

It can be seen that the solution in Table 5.2 is similar to the solution in Table 5.1 for the population size
of 125. The main difference is in the variables x3 and x5. This could be expected as it is found that there is
a large variation within the population for these variables after 51 generations as could be seen in Figure 5.5.
Therefore, the genetic algorithm did not converge yet for these variables after 51 generations. Figure 5.14 shows
the spread of the continuous variables of the genetic algorithm with population size run with 100 generations.
It can be seen that the spread in variable x5 strongly decreases after between the 55 generations, which means
that the genetic algorithm found a good value for this variable. After 60 generations, all variables have a low
standard deviation and the genetic algorithm seems to have converged. However, the standard deviation of
X3 increases around generation 95 and it does not decrease that much until the 100th generation. This means
that it might be the case that the genetic algorithm still did not converge at this point. However, the function
value does not increase much because of this change. In the last 10 generations, the increase in the best found
objective function was just 0.0012 mA/cm?. This means that these changes in x3 do not influence the objective
function much. Still, there exists a chance that the objective function increases significantly when the of x3
converge. But, the improvement is likely to be low. Because of the high computational costs to run the genetic
algorithm for more generations, the genetic algorithm is not run again for a higher number of generations.

Most genetic algorithms with other population sizes provide enough information to determine all stopping
points in the way that is described in Section 4.6. However, for the genetic algorithms with population sizes of
50 and 100, the third type of stopping points, which is meant to have a very accurate with §; = 0.001 mA/ cm?,
are respectively generation 50 and 47. As discussed, the genetic algorithm with population size 125 did not fully
converge after 100 generations. This results in the fact that the run of the genetic algorithm with a population
size of 125 has its third type of stopping point at 96. This stopping point and those corresponding to the popu-
lation size of 50 and 100 are near the last generation that is considered by the genetic algorithms. This means
that the increase within the last generations is likely to be significant with respect to the highest desired accu-
racy. Therefore, the genetic algorithms have not converged enough with respect to this desired accuracy. As
described in Section 4.6, the values S; ; for these runs are set to equal oo to show that they have not converged
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Figure 5.14: The scaled standard deviation plotted for each generation for the continuous variables of the genetic algorithm with popula-
tion size 125 and 100 generations.

yet.
. . Best solution Stopping points for given accurac
Population size Current mA/cm? | First occurrence || 0.01 mA/ CII)II:Z ; 5.005 mA/ gmz 0.001 I’EA/ cm?
25 20.9867 48 19 23 34
50 20.9867 51 38 0o 0o
75 20.9016 49 35 35 42
100 21.0599 51 33 41 00
125 21.1049 100 73 78 (o)
150 20.9948 50 20 24 38

Table 5.3: All three different types stopping points for all population sizes of the genetic algorithm.

The genetic algorithm with a population size of 50 also has its second type of stopping point with a desired
accuracy of §; = 0.005 mA/ cm? at generation 50. This gives the same problem as described for the most ac-
curate type of stopping points corresponding to §; = 0.001 mA/ cm?. This problem could be dealt with in the
same way. Since this is only one implementation, the loss in information is relatively low compared to when
the algorithm would be run again. Therefore, the same method is used to deal with the fact that this algorithm
has not converged yet with respect to the desired accuracy.

The stopping points S; ; are determined and shown in Table 5.3. It can be seen that the first occurrences of
the best solution in general happen at the end of the run. However, the stopping points are often at an earlier
generation. This means that the increase between the stopping points and the last generation is small. It can
also be seen that the desired generation to stop in general is a later generation as the desired accuracy increases.
However, for the genetic algorithm with population size 75, it can be seen that both the stopping points for low
accuracy and average accuracy are the same. This is most likely caused by a large increase in the values in this
generation. This makes it will cause the stopping criteria to perform the same for both stopping points for this
population size, which is not desirable. The influence effect can be decreased by using more runs of the genetic
algorithm. However, this is has a long computation time and is therefore not possible to do for this thesis.

For all different combinations of M and ¢, the values of T;(M,e€) are determined in the way described in
Section 4.6. Using this, the value of the penalty for each stopping criterion is found for all runs of the genetic
algorithms with different population sizes calculated with the method described in Section 4.6. This is done
for all three types of desired accuracy 6 ; of the stopping criteria. The total penalty of the stopping criterion for
every combination of M and e is then obtained by summing up all penalties for the different runs. This value
was calculated for all possible combinations of M, € and stopping point type j and the results are visualised in
Figure 5.15.
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Figure 5.15: The value of the final penalty for each combination of M and ¢ for the three types of stopping criteria.

In Figure 5.15, the value of the penalty can be found for each desired accuracy 6 ;. In general, it can be seen
that a low value of either M or € results in a bad performance. On the other hand, a high value of both of them
also results in a high penalty. For all three types of desired accuracy, it can be seen that the points with low
penalty values seem to have an L-formed shape. This means that a high value of ¢ needs a low value of M to
perform well and vice versa. Where this shape occurs and at what point the best penalty is, differs for all three
types of desired accuracy.

The values that are considered for the parameter € are all smaller than the value that was initially used for
the genetic algorithm to implement it for different population sizes. Figure 5.15 shows that the stopping criteria
with this e perform badly. This value of 0.01 was based on the fact that the objective function is accurate up
to 0.01 mA/cm?. However, the stopping criterion takes the average increase of the last M generations. If a
significant improvement of 0.01 mA/cm? would be made over M generations, the average change would be
091, which is clearly smaller than 0.01 mA/cm?. This explains the bad performance of 0.01 mA/cm?

If an accuracy of the result of 6 = 0.01 is desired, Figure 5.15a shows the penalty of the different Values of M
or e. This stopping criterion should terminate the algorithm relatively fast in order to reduce the computation
time. It can be seen that the stopping criterion with the best performance has the parameters M = 12 and
€ = 1073, This stopping criterion performs clearly better than the other stopping criteria for this optimization
problem. However, it can be seen that the stopping criteria still performs well for values of M near 12. On top
of that, M = 6 with ¢ = 10~ does not perform that much worse than the stopping criterion with parameters
M=12ande=10"3.

Figure 5.15b shows the penalty for the different values of M or e when a stopping criterion with an accuracy
of 6 = 0.005 is wanted. This stopping criterion should focus on both a short computation time and a good
quality of the final solution. In Figure 5.15b, it can be seen that the best combination is M = 16 together with
€ =1073. Just as in Figure 5.15a, it can be seen that other values of M close to 16 also perform well. Moreover,
Figure 5.15b shows that the combination of M = 6 and € = 10~ performs well too. Although the best values
in Figure 5.15b are slightly different to those in Figure 5.15a, the figures show a similar pattern of the well
performing stopping criteria
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On the other hand, Figure 5.15c shows a clearly different behavior of the penalty when an accuracy of 0.001
mA/cm? is desired. It can be seen that the combination of M = 6 and ¢ = 10~° performs the best in this case.
However, other combinations with similar values of M and ¢ also tend to perform well. Combinations with for
instance € = 10~% and M between 7 and 13 also seem to perform very well.

In general, the best values for §; = 0.01 mA/cm?, 6 =0.005 mA/cm? and 6;=0.001 mA/cm? show simi-
larities. It can be seen that two regions in Figure 5.15 seem to perform well. These two regions describe two
types of stopping criteria with different focuses. The first of these regions is the one with € = 1073 and values
of M from 12 to 18. The first type of stopping criteria follows from this region. This stopping criterion has a
relatively low desired accuracy and is called stopping criterion A. This results in the fact that it can be used
when the stopping criterion should focus on a fast result at the cost of a lower quality of the result. The second
region that seems to perform well is the region around M = 6 and ¢ = 10~%. This gives rise to the second type
of stopping criteria that performs better when a high quality of the result is desired. This stopping criterion is
called stopping criterion B.

The first of these regions is the one with ¢ = 1073 and values of M from 12 to 18. This region performs
best for both the desired accuracies 6 ; = 0.01 mA/ cm? and § j = 0.005. Therefore, these stopping criteria with
these combinations seem to perform well when a lower accuracy is desired. This is the case when the genetic
algorithm is implemented in order to get a fast result at the cost of some quality of the solution. The value of M
that performs best for these two desired accuracies together is the value of M = 12, although higher values of M
also seem to perform well. A stopping criterion with a lower value of M also tends to terminate the algorithm
earlier. This is favorable when the focus is on finding a sufficient result in a short computation time. Therefore,
the value of M = 12 is best for stopping criterion A.

The second region that seems to perform well is the region around M = 6 and € = 10~%. This region performs
best for both the desired accuracies 6 ; = 0.005 mA/ cm? and & j=0.001. This region thus performs well when
a high accuracy is desired. A high accuracy is desired when focus is mainly on finding a solution with a high
function value and the computation time does not matter much. The combination of M = 6 and ¢ = 10~ seems
to perform well for both desired accuracies §; = 0.005 mA/ cm? and § j = 0.001. Therefore, the stopping crite-
rion with this combination is a likely to find a very accurate value due to the good performance for §; = 0.001
mA/cm?. The stopping criterion corresponding to M = 6 and € = 10~° also performs well when an accurate
solution should be found. However, it is very close to the stopping criterion with M = 6 and € = 10™%. As the
stopping criterion also has a good performance when the focus is not solely on a high accuracy. This can be
seen by the fact that it also performs well for § ; = 0.005 mA/ cm?. This means that this combination is a better
value in the trade-off between a high quality of the final solution and a short computation time when the focus
should be mostly on the high quality. Therefore, the stopping criterion with parameters M = 6 and ¢ = 10™*
is chosen as stopping criterion B, which focuses on finding a good solution rather than a short computation
time.

Table 5.4 shows the resulting stopping points for these two types of stopping criteria if they would be im-
plemented for each population size. It can be seen that the found stopping criteria sometimes terminate the
genetic algorithm at significantly later generations than would be ideal. This is caused by the fact that a genetic
algorithm often shows no growth for periods of times and then suddenly finds a better solution. This can for
instance be seen in Figure 5.2. This means that taking a low value of M or a high value of € causes the stopping
criterion to stop at such places whereas it would be desired to stop at a later generation. Since the penalty
function punishes such errors stronger as they result in significantly worse solutions, low values of M or high
values of € perform bad corresponding to the penalty. Therefore, some higher values of M with low value of
are found as the best combinations. As the penalty is designed like this, it is not necessarily something bad.

However, it can also be noticed that the stopping criteria sometimes terminate the genetic algorithm at an
earlier generation that is desired. In this case, the genetic algorithm shows no growth for a very long time and
the stopping criterion stops the algorithm. Although this type of behavior results in a higher penalty, it still
happens sometimes. However, does not happen often and at all moments that it does happen, it is just a few
generations before the ideal stopping point. Therefore, the loss in quality of the solution is likely to be low. This
means that it this behavior is not a significant problem.

As discussed in Section 4.6, it is also possible to use a stopping criterion that stops when there is almost no
variation within the population. As can be seen in Figure 5.3 and Figure 5.5, the variation within the population
for the continuous variables does not vanish. Mutations within the population cause the variation to increase.
As this happens often, such stopping criterion is likely to stop at a very late generation. As this increases the
computation time significantly and the default stopping criterion seems to perform well for the right parame-
ters, a different type of stopping criterion is most likely not better for this optimization problem.
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Population size Ideal stopping points Real stopping points
0.01 mA/cm? accuracy | 0.005 mA/cm? accuracy | 0.001 mA/cm? accuracy || Focus on computation time (A) | Focus on good solution (B)
25 19 23 34 31 40
50 38 o) [eS] 48 o)
75 35 35 42 46 41
100 33 41 o 39 39
125 73 78 3] 63 oo
150 20 24 38 32 30

Table 5.4: The ideal stopping points for the desired three types of stopping criteria and the stopping points of the found best stopping
criteria for each of the desired types.
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Figure 5.16: The highest found current plotted versus the generation of the genetic algorithm with different population sizes. The stopping
criterion that focuses on a short computation time is used (stopping criterion A).

Now that the two types of stopping criteria are found, they can be applied to the results of the genetic algo-
rithms implemented for the different population sizes. This means that the algorithms stop in the generations
that are specified in Table 5.4. When these are used, the new results of the genetic algorithm can be formu-
lated. How the genetic algorithms would have performed with the two new stopping criteria is visualised in
Figure 5.16 and Figure 5.17.

In Figure 5.16 and Figure 5.17, it can be seen that the new stopping criteria indeed stop the algorithm earlier
compared to Figure 5.2 for some of the population sizes. For some of the population sizes, the genetic algo-
rithm is not stopped by the stopping criterion, and in these cases, the graph is exactly the same. It can also be
seen that stopping criteria A terminates the algorithm earlier. This saves computation time as the subsequent
generations do not have to be considered anymore.

As the computation times change for the different population sizes, the number of function evaluations also
change. This means that the points in Figure 5.13 have also changed. The new number of function evaluations
is determined for the different stopping criteria for each population size. With this, the graphs in Figure 5.19
are made.

Figure 5.19 shows that the better stopping criteria influence the choices in the trade-off between a short
computation time and a good solution. This can be seen by the fact that it is clearly different than Figure 5.13.
Most points have moved towards a lower number of function evaluations at the cost of a slightly lower found
current. However, the decrease in the highest found current is in general not that large whereas the computa-
tion time does decrease significantly. Therefore, the stopping criteria seem to to perform well.

In both Figure 5.18a and Figure 5.18b, it can be seen that a better result in general comes at the cost of a
longer computation time. It can also be seen that a larger population size is more likely to find a better result,
although this is up to some variation. For determining the exact relationships between the quality of the results,
the computation times and the population size, more information would be needed. However, this has a long
computation time and is therefore not possible due to the limited time for this thesis. This could be a topic for
further research.

With the information available, a possible choice in the trade-off between the computation time and the
quality of the result could be made. Figure 5.18a shows that a population size of 50 or 100 seems to perform
relatively well for the computation time it needs. However, the results of these population sizes could still vary.
Therefore, nothing can be said about the choice for a specific population size. Nevertheless, it is possible to
advice a range of population sizes. The populating sizes with values from 50 to 100 seem to perform relatively
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Figure 5.17: The highest found current plotted versus the generation of the genetic algorithm with different population sizes. The stopping
criterion that focuses on a good final solution is used (stopping criterion B).
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Figure 5.18: The current of the best solution of the genetic algorithm for each population size plotted against the number of function
evaluations if the found stopping criteria would be used.

well for their computation time with the stopping criterion focused on a short computation time. Thus, if
a good result is desired in a short computation time, the genetic algorithm should be implemented with a
population size between 50 and 100 and stopping criterion A.

On the other hand, if a very accurate result is wanted, the choice should be different. The population size of
125 appears to perform very well and could therefore be suggested as best option. However, the performance of
the genetic algorithm is subject to a stochastic process and varies. Nevertheless, it can be seen in Figure 5.18b
that the genetic algorithm seems to give the best solutions for higher population sizes. It can be seen by the
fact that the higher population sizes of 100 and higher give relatively high values for the found current. As
a high quality of the solution is wanted, the computation time does not matter that much. This means that
it the higher computation time for these population sizes is acceptable. In general, higher values are found
using the stopping criterion meant for a high accuracy. Therefore, the best settings for a genetic algorithm are
a population size of 100 or higher and stopping criterion B.

It should be noted that the data might be slightly misleading. This is due to the fact that information is
missing. For instance, some genetic algorithms would not have stopped for the implemented stopping criteria
as could be seen in Table 5.4. This means that the computation times most likely would have been higher
for these genetic algorithms. On the other hand, the highest current might also have been higher. Since it
is unknown how much any of these two quantities would have changed, the information cannot be filled in.
The results should therefore be interpret with care as is done in this section by not making conclusions about
specific settings. For instance, only conclusions are drawn about ranges of population sizes.

To summarize, the stopping criterion implemented in the genetic algorithm used to investigate the influ-
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ence of the population size performs poorly. Two types of good stopping criteria for the genetic algorithm are
found as good choices in the trade-off between a short computation time and a high quality of the solution.
The first stopping criterion is stopping criterion A and has parameters M = 12 and ¢ = 1073, This stopping
criterion terminates the genetic algorithm relatively fast in order to reduce computation time, but it still man-
ages to find relatively good solutions. The second stopping criterion is stopping criterion B and terminates the
genetic algorithm at a later generation, which makes it possible to find better solutions. This is done at the cost
of a longer computation time. The parameters stopping criterion B are M =6 and e = 10™%.

5.3. Parallel computing

As discussed multiple times, the most limiting property of the implemented genetic algorithms is the compu-
tation time. This is caused by the high computational costs for the objective function. A function evaluation
of the objective function costs 21.8 seconds. The other actions performed by the genetic algorithm take mul-
tiple orders of magnitude less time. Therefore, the computation time of the genetic algorithm is almost solely
determined by the computation time of the objective function.

As discussed in Section 4.7, parallel computing can be applied to decrease the average computation time
of the objective function. This can be done by using parallel computing within GenPro4, which makes one
function call faster. It can also be done by using parallel computing within the genetic algorithm. This makes it
possible to compute multiple function calls at one time, which decreases the average computation time of the
objective function.

To determine what implementation of parallel computing is the fastest, a genetic algorithm with a popula-
tion size of 100 is executed for 10 generations. This resulted in 1056 function calls. This is higher than 1000 as
the starting population is not considered as a generation by the function ‘ga’. This would increase the number
of function calls by 100. On the other hand, the genetic algorithm has some elitism, which means that the best
individuals of a generation are automatically placed in the new generation. For these individuals, the objective
function does not have to be called again as it is already known. This decreases the number of function calls
from 1100 to 1056.

The genetic algorithms are run on three devices with a GPU of each 2, 4 or 6 cores. The specifications of
these devices are given in Table 4.1. On all these three devices, the genetic algorithm is run with all different
options of applying parallel computing. These three options are no parallel computing, parallel computing in
GenPro4 or parallel computing in the genetic algorithm using the function ‘ga’. In total, the genetic algorithm is
executed 9 times and all individuals, the resulting solution and the computation time are stored. This resulted
in the computation times for each execution on each device. These results are shown in Figure 5.19a.

In Figure 5.19a, it can be seen that that the genetic algorithm is faster when parallel computing is used. Both
ways of using parallel computing significantly decrease the computation time needed for the genetic algorithm.
For all devices, the genetic algorithm is fastest when the parallel computing is applied within the function
‘ga. The fastest computation time is 5300 seconds, which is around 1.5 hour. This means that the average
computation time of the objective function is around 5.0 seconds. This is a huge improvement compared to
the 21.8 seconds for the original situation.

It can be seen that the genetic algorithm takes the longest to compute for the device with 2 cores. This could
be due to the fact that this device has older hardware. It can also be seen that the device with 4 cores is faster
than the device with 6 cores. This could also be caused by worse hardware. This means that the three devices
do not all have the same computational speed. The fact that the objective function without parallel computing
takes different computation times on the different devices makes it difficult to compare the influences of paral-
lel computing on the computation time. In order to make the computation times comparable for the different
devices, the computation times are seen as percentages of the computation time without parallel computing.
The results can be seen in Figure 5.19b.

Figure 5.19b shows that the most decrease of computation time is gained for the devices with 4 or 6 cores.
This is not strange as more tasks can be computed at these devices at the same time. It can also be seen that
the effect of parallel computing in general is stronger for the device with 4 cores. This is strange as it could be
expected that the effect would be the largest for the device with the most cores as this device can handle more
tasks at the same time. This observation could be explained if the hardware of the device with 4 cores is build
better for handling tasks in a parallel way. However, this is hard to determine.

Figure 5.19b also shows that the computation time between parallel computing with GenPro4 and the ge-
netic algorithm differs the most for the device with 6 cores. It could be the case that the software of the function
‘ga’ is better designed to run on more cores than GenPro4. However, this is not the case when the differences
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Figure 5.19: The absolute and relative computation times in percentages for the objective function using no parallel computation, parallel
computation within GenPro4 and parallel computation within the genetic algorithm. The computation times are shown for the three
different devices with all different number of GPU cores.

for the devices with 2 and 4 cores are compared. The difference in the computation times is namely not clearly
stronger for the device with 4 cores. On top of that, the results are based on measuring the computation time
on just three specific devices. This does not necessarily make it generalble for other devices. It can therefore
not be concluded that the difference in computation time between using parallel computing with GenPro4 and
the function ‘ga’ is larger when the device uses more cores.

For all runs of the genetic algorithm, the individuals and resulting solutions are stored and used to deter-
mine whether the different implementations of parallel computing changed the way the genetic algorithm per-
forms. For all runs of the genetic algorithm, the best found solution within 10 generations had a function value
of 20.7223 mA/cm?. On top of that, all individuals and fitness values within the populations were the same.
This means that parallel computing does not change the performances of the genetic algorithm. However, the
genetic algorithm must be initialized slightly differently when parallel computing is used. The first function
evaluation determines the scatter matrices. Therefore, this initial function evaluation is performed before the
genetic algorithm is started. The implementations used for the genetic algorithms for the different population
sizes as in Section 5.1 first draw the initial population and then have the first function call. This means that
the random drawings are performed in a different order as the first function call is now made before the initial
population is drawn. Due to the way the random generator works, this makes the genetic algorithms perform
slightly differently. However, for new runs of the genetic algorithm, this does not influence the performance
either negatively or positively.

In general, the data shows that using parallel computing within the genetic algorithm results in the shortest
computation time. This means that an implementation with this type of parallel computing would be prefer-
able. However, the function has to be called before the genetic algorithm in order to determine the scatter
matrix. This matrix has to be used by all other function calls and should therefore be determined before the
function calls are performed in parallel. As discussed, this is done before the genetic algorithm is implemented.
However, this first function call takes around 30 minutes to compute as it is computed without parallel com-
puting. The computation time shown in Figure 5.19a and Figure 5.19a do not include this computation time.
Whereas it is not possible to compute the first function call within the parallel process of the genetic algorithm,
it is possible to use the parallel computing of GenPro4 to compute it. This means that this computation time
can also significantly decreased.

Because of the fact that the genetic algorithm takes less time to compute, the choices in the trade-off be-
tween the computation time and the quality of the final solution are influenced. If the computation time is
almost 4 times shorter, more accurate settings can be used within the same computation times. It is for in-
stance possible to use a genetic algorithm with a larger population size while the computation time stays the
same as when no parallel computing was used. This increases the chance to find the best optima of the genetic
algorithm.

For instance, the best result for this optimization problem was found with a genetic algorithm with popula-
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tion size 125 after 100 generations. This means that approximately 12500 function evaluations are performed.
Without parallel computing, this would take around 3 days to compute. However, this computation time could
be reduced to around 17 hours using parallel computing in the ideal situation. If the genetic algorithm would
be started at the end of the work day, the genetic algorithm would be done at the start of the next work day. In
this way, the genetic algorithm could find good solutions within a good computation time.

On the other hand, it can still be possible that a result is wanted in a as short as possible computation
time. In this case, the computation time is even shorter. This could for instance be done by letting the genetic
algorithm with population size 25 run with the stopping criterion that focuses on a short computation time.
Table 5.3 gives that it would terminate after 41 generations, which means that it would have around 1000 func-
tion evaluations. As is found in this section, the computation time of this could only be 1.5 hours when parallel
computing would be used in the genetic algorithm. However, this genetic algorithm would only have found a
current of 20.7934 mA/cm? due to the choice in the trade-off between a good computation time and a good
final solution.

To summarize, it can be concluded that the computation time of the genetic algorithm is decreased when
parallel computing is used in either GenPro4 or the genetic algorithm itself. The shortest computation time is
gained by applying it to the genetic algorithm itself and it proved the possibility to decrease the computation
time to 25% of the original computation time in the ideal situation.

5.4. Case study

In this thesis, genetic algorithms are implemented in different ways. This is done in order to find the influence
of certain settings on the performance of the genetic algorithm, which is assessed using the quality of the best
found solution and the computation time of the genetic algorithm. It is found that these choices often result in
a trade-off between a high quality of the solution and a short computation time. There are two runs of genetic
algorithms that performed well. In this section, these two best runs are discussed.

The genetic algorithm with population size 50 finds a relatively good solution within a short computation
time. On the other hand, the genetic algorithm with a population size of 125 finds the best solution of all
implementations of genetic algorithms. However, this comes at the cost of a long computation time. These
two different runs of the genetic algorithms perform well for two different possible choices in the trade-off.
However, the settings of the stopping criterion and parallel computing that are used in these implementations
are not the settings that are found to be well performing in Section 5.2 and Section 5.3. In this section, it is
therefore also discussed what would have happened in these two best cases if the right settings for the would
have been used.

5.4.1. Focus on high quality of the solution

The first case that is discussed is a case in which the best solution is desired and the computation time does not
matter much. As discussed, the genetic algorithm with population size 125 appears to find the best solution. In
Section 5.1, genetic algorithms are run for population sizes 25 up to 150. These genetic algorithms are stopped
after 51 generations. The best solution is found using a population size of 125 at the cost of a long computation
time. This solution can be seen in Table 5.1 and results in a current of 21.7059 mA/cm?. In Section 5.2, the
genetic algorithm with population size 125 is implemented again to run for 100 generations. During these
extra generations, the genetic algorithm was able to even find a better solution, which is shown in Table 5.2 and
results in a current of 21.1049 mA/cm?. The information of this run is used to study this case in which the focus
is on a high quality of the solution.

As discussed in Section 5.2, the stopping criterion that is implemented does not perform well. Instead, two
better stopping criteria are found. Stopping criterion B focuses on a high quality of the solution of the genetic
algorithm, which is exactly what is desired in this case. This stopping criterion stops the genetic algorithm if the
increase in the best value over the last M = 6 generations is less than € = 10~4. However, this stopping criterion
does not terminate the genetic algorithm with population size before the 100th generation. But, as could be
seen in Figure 5.14, the variation within the population is relatively low after 100 generations. Although this
does not hold for variable x3, it is found in Subsection 5.1.1 that this variable does not have as strong influence
on the objective function. This means that despite the fact that the algorithm did not converge for this variable
yet, the result of the genetic algorithm is not likely to improve much. Therefore, the first 100 generations are
considered in this case study.

This genetic algorithm with population size 125 is originally not implemented with parallel computing. As
the genetic algorithm takes 101 generations of each 125 individuals, approximately 12500 function calls are
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performed. Without parallel computing, this results in a computation time of around 3 days. As discussed in
Section 5.3, parallel computing within the genetic algorithm could decrease this computation time up to 75%.
This results in a computing of 17 hours. This means that if the genetic algorithm is started at the end of a work
day, the algorithm is likely to have results with a very high quality the next morning.

In short, the genetic algorithm with a population size of 125 performs the best when a high quality of the
solution is desired. In this case, it is best to use stopping criterion B, which stops the genetic algorithm if the
improvement of the best value of the objective function over the last 6 generations is on average less then 1074,
This implementation of the genetic algorithm finds a current of at least 21.1049 mA/cm? and this can be found
within 17 hours when parallel computing is applied.

5.4.2. Focus on a short computation time

Another possible choice in the trade-off between a high quality of the final solution and a short computation
time is to focus on a short computation time. In this case, it is still important to find a solution that is as good
as possible within this short computation time. As discussed, the genetic algorithm with a population size of
50 found relatively good results within a short computation time. Therefore, this implementation is discussed
now.

The genetic algorithm with population size 50 is originally implemented with a stopping criterion that stops
after 51 generations. After this number of generations, the best solution results in a current of 20.9867 mA/cm?.
In Section 5.2, it is found that stopping criterion A, which terminates the genetic algorithm when the increase
in the objective function over M = 12 generations is less than € = 1073 mA/cm? is good choice when a relatively
good solution is desired in a short computation time. Therefore, this stopping criterion is implemented for a
genetic algorithm with a population size of 50. As can be found in Table 5.4, this genetic algorithm is then
terminated after 48 generations as it has converged at this generation. This highest current found after 48
generations is 20.9848 mA/cm?.

With this population size and stopping criterion, around 2400 function evaluations are performed by the
genetic algorithm. This genetic algorithm is originally implemented without any form of parallel computing. In
that case, the run of the genetic algorithm takes around 15 hours. However, if parallel computing would have
been implemented within the genetic algorithm, the computation time would be significantly lower. In that
case, the genetic algorithm would take 3.5 hours to compute. This means that multiple runs can be executed
within one working day. The current of 20.9848 mA/cm?is relatively close to the best found value of 21.1049
mA/cm?, but the result is obtained more than 5 times as fast. Therefore, this is a good result when the focus is
on finding a relatively good solution within a short computation time.

In short, the run of the genetic algorithm with population size 50 shows how a relatively good result can be
obtained within a short computation time. In order to do this, stopping criterion A is used, which focuses on
a short computation time. To decrease the computation time further, parallel computing can be used. In this
way, the run of the genetic algorithm with population size 50 shows that a current of 20.9848 mA/cm?can be
found within a matter of hours.

5.5. Discussion of fixed settings

To implement the genetic algorithms that are discussed in this chapter, choices for several settings had to be
made. For instance, the selection and variation operators are fixed for all implemented genetic algorithms in
this thesis. Chapter 4 explains these choices. However, it is possible that the choices that are made for these
settings influenced the performance of the genetic algorithm. In this section, these choices in the implemen-
tations are discussed and evaluated.

5.5.1. Fixed settings of the objective function

The first choice that is made, is how to implement the objective function. The objective function is imple-
mented using GenPro4 which makes an estimation of the current. The accuracy of this estimation can be
changed using several variables. In Chapter 3, it is found that the most accurate objective function that can be
computed within reasonable time is the objective function in which GenPro4 uses 30 angular intervals, 1000
rays and a step size of numerical integration of 0.005 ym. In general, more accurate settings result in a longer
computation time. To reduce this computation time, the objective function reuses scatter matrices that have
to be determined using a simulation. As this simulation takes a lot of time and does not have to be computed
anymore, this shortens the computation time. This objective function has a computation time of 21.8 seconds
and results in an accuracy of 0.01 mA/cm? or even more accurate.
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The genetic algorithms are also implemented for an objective function with 18 angular intervals, 100 rays
and a step size of 0.020 um. This is briefly discussed in Appendix A. In general, it can be seen that the solutions
found using the more accurate objective function give a higher current. This does not hold for the genetic
algorithms with population sizes 75 and 150. However, this could be explained by the stochastic nature of the
genetic algorithm. In general, the genetic algorithm with the less accurate objective function has a shorter
computation time. Therefore, there also seems to be a trade-off for the choice of the accuracy settings between
finding a good solution with the genetic algorithm and having a short computation time.

One of the things that makes the more accurate objective function perform better is the fact that it reuses
the scatter matrices. By doing this, the simulation is not performed every function call. Because of this, every
function call makes the estimation error in the scatter matrices. Therefore, the objective function that is given
to the genetic algorithm is more smooth. This makes the genetic algorithm perform better. It is also shown in
Chapter 3 that the number of rays has the largest influence on increasing the accuracy of the objective function.
This setting determines how many light rays are simulated to determine the scatter matrices. That means that
the computation time is not expected to increase much when more rays are used in a situation in which the
scatter matrices are reused. Therefore, it could be possible that a genetic algorithm performs well when the
objective function that reuses scatter matrices is implemented with 1000 rays, 18 angular intervals and a step
size of 0.020 um. This could be beneficial especially if a fast result is desired. Consequently, the performance of
a genetic algorithm with these accuracy settings could provide a better choice in the trade-off between a result
of good quality and a short computation time. This might be a topic of future research.

5.5.2. Fixed settings of the genetic algorithm

In Chapter 4, several settings of the function ‘ga’ are fixed for the implementations of the genetic algorithms.
Some settings are fixed because they are a logical choice for this problem, while other methods are fixed to
due to limitations of the function ‘ga’ in Matlab, which is used to implement the genetic algorithm. It is now
discussed whether the choice for these settings was right and if changing these settings might improve the
results of the genetic algorithm.

In Section 4.1, it is described that a real valued representation is used for the continuous variables xi, ..., xg
and a integer valued representation is used for the discrete variables x5, ..., x19. It could be possible to investi-
gate how other representations, such as binary representations, would perform. However, genetic algorithms
based on binary representations tend to have problems when continuous variables are involved [12]. There-
fore, the choice for this representation is most likely the right choice.

Another choice that is made is the choice of the selection operators. In the implementation, a stochastic
uniform sampling method is used combined with ranked scaling, which are both explained in Subsection 2.3.2.
There is no result that clearly indicates that the selection method is right for this problem or not. Therefore,
it could be studied how other selection operators would perform for this optimization problem. This is not
covered in this thesis, due to limitations in time, but it might be a topic of further research.

The function ‘ga’ also differs in types of selection operators compared to other genetic algorithms. As dis-
cussed in Section 4.2, the genetic algorithm in the function ‘ga’ selects individuals to be parents from the old
generation. All children of the parents are then directly placed in the new generation and no selection is ap-
plied to this process. In Section 2.3, another method for this process is discussed. In this method, a selection
operator is applied to a generation with population size p in order to determine which individuals are parents.
The variation operators then create A children using these parents. After this, another selection operator is
used to select p individuals for the new generation out of the 1+ A individuals, which consist of the parents and
their children. It is not possible to implement this using the function ‘ga’ in Matlab. It is however possible to
write a custom genetic algorithm that uses this method. As there is a possibility that it leads to better results,
this could be further investigated.

Two important other choices for a genetic algorithm are mutation and crossover operators. The crossover
operator that is used is scattered crossover. It is difficult to asses the performance of the crossover operator as
the direct effect cannot be captured in plots as in Figure 5.9, Figure 5.10 and Figure 5.11. However, the crossover
operators make new solutions by switching the entries of the parents. If both parents are good solutions it
might be possible that their offspring are even better solutions. In this way, the crossover operators helps the
genetic algorithm converge to an optimum. The genetic algorithm seems to converge well towards optima,
and therefore, the crossover function is likely to perform well. Furthermore, as there is no direct evidence that
this operator does not perform well, this crossover operator is probably a good choice for this optimization
problem.

The mutation operator that is used is an adaptive Gaussian operator, which is discussed in Section 4.3.
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The mutations have as main goal to make the algorithm investigate new parts of the optimization domain.
This is done as a mutation causes an individual in the population to be different than the population. As this
region of the domain is most likely not taken into account by the genetic algorithm at that moment, the genetic
algorithm investigates new parts of the domain in this way. If the population is converging towards a local
optimum, a mutation could find a good result other than the local optimum. In this way, a genetic algorithm
has the property to escape local optima.

The code that performs the mutations for the discrete variables is made inaccessible by Matlab. Figure 5.4
and Figure 5.6 show that the standard deviation does not increase after it has decreased to 0 for a population.
This means that the mutations do not introduce any differences within the population after this point. This
could be the case if the mutation operators do not change the discrete variables. This would be a situation that
decreases the performance of the genetic algorithms.

In general, the genetic algorithm converges to local optima for most implementations and not to a global
optimum. This could be caused by the fact that the mutations are not large enough and this would mean that
the mutations should be larger. This could be don by implementing another mutation operator. However,
the function ‘ga’ does not provide the option to use another type of mutations for bounded mixed-integer
optimization problems. Therefore, a genetic algorithm must be made in order to implement another mutation
function. This is a possible topic for further research.

However, it would also be a possibility to change the scale and shrink parameters of the current mutation
operator. The scale parameter that is used for this thesis, starts at the maximal value that are possible with
the lower and upper bound of the optimization problem. Therefore, changing this parameter likely does not
make the mutations larger. Using another shrink parameter on the other hand could increase the size of the
mutations. This cannot be studied in this thesis due to the limited time available, but it could be studied in
further research.

The last setting that is fixed for the genetic algorithms in Chapter 4 is the creation method. For this method,
it is important that it creates individuals that cover a part of the domain that is as large as possible. This is dis-
cussed in Section 4.4. The creation method that is used is uniform creation, which means that the individuals
are created by performing drawings from the uniform distribution. Figure 5.9, Figure 5.10 and Figure 5.11 show
the spread of the population for the variables x3, x4 and x. The points of the first generation seems to be quite
evenly spread over the possible values for these variables. It should however be noted that there seem to be
only a few points with lower values of x, in Figure 5.11a. This is most likely due to the fact that the population
size of this genetic algorithm is only 25. This means that only 25 points were drawn to cover the whole domain.
With a small number of points it is likely that there are less points in certain parts of the domain. However,
other creation methods also need to use a small number of points and are thus also likely to leave parts of the
domain untouched. Therefore, it can be concluded that the choice for this creation method is most likely not a
bad choice.

In general, some settings of the algorithm seem to perform well for this optimization problem. Other set-
tings on the other hand could possibly be changed to improve the performance of the genetic algorithm. The
influence of these settings can be researched in further studies. These are discussed in Chapter 7. However,
the influence of these settings does not seem to disturb the performance of the genetic algorithms heavily. The
genetic algorithms still seemed to perform well as discussed in earlier sections. Therefore, the algorithms that
are implemented could still be used to study the influence of the population size, the stopping criteria and the
use of parallel computing.
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Conclusion

The goal of this thesis was to find how genetic algorithms could best be implemented to optimize the tandem
solar cell. In this thesis, genetic algorithms were applied to this optimization problem with different settings.
Due to the high computation time of the objective function, making choices for the settings of the genetic
algorithm often come down to a trade-off between finding a good solution and having a short computation
time. In this thesis, several important parameters were found that influence this trade-off.

Firstly, the genetic algorithm is an optimization algorithm and these perform better for a smooth objective
function. Therefore, it is important that the settings used by GenPro4 to calculate the objective function are
chosen to have a high accuracy as this makes the function smoother. However, a higher accuracy often comes
at the cost of a longer computation time of the objective function. When the settings of GenPro4 are chosen
to reuse scatter matrices, the computation time can be reduced. In this way, it only uses one simulation for all
function calls, and therefore, the function calls have a similar error. This makes the function value even more
smooth. A good choice of the accuracy settings of GenPro4 is 30 angular intervals, 1000 rays and a step size of
0.005 pym when the scatter matrices are reused. This is a good choice since it provides a good accuracy of 0.01
mA/cm? for a relatively good computation time of 21.8 seconds for a single function evaluation.

The genetic algorithm itself also has settings which should be chosen in order to tune the performance
in the trade-off between finding a good solution and having a short computation time. One of these settings
is the stopping criterion. The stopping criterion of the function ‘ga’ terminates the genetic algorithm if the
average increase in the highest function value over the last M generations is less than €. Two well performing
stopping criteria are found. Stopping criterion A could be used when the computation time should be as short
as possible, which has settings of M = 6 and € = 10~*. The second pair of parameters is M = 12 and ¢ = 1073
and corresponds to stopping criterion B. This stopping criterion could best be used when a final solution
resulting a current as high as possible is desired. However, genetic algorithms with a stopping criterion with
these parameters are more likely to have a long computation time.

Another setting of the genetic algorithm that influences both the computation time and quality of the found
solution is the population size. It can be concluded that a large population size results in a better chance of
finding a good solution. On the other hand, it also increases the computation time significantly. The results
of the genetic algorithms that were implemented show that a population size between 50 and 100 performs
well in finding relatively good solutions in a short computation time. If the focus should be on finding a good
solution only, population sizes between 100 and 150 seem to perform better. However, these also result in a
longer computation time.

A third setting of interest is the use of parallel computing. Parallel computing can be implemented within
GenPro4 and within the genetic algorithm itself. It can be concluded that using parallel computing reduces the
computation time greatly. The greatest time reduction is obtained when parallel computing is applied within
the genetic algorithm itself. The computation time of the objective function can even be reduced from 21.8
seconds to 5.0 seconds on a typical 4 core CPU. This makes it possible to have more accurate results within
reasonable time.

In general, it can be concluded that the function ‘ga’ seems to perform well in optimizing the genetic algo-
rithm, although its options for mixed-integer problems are limited. In all implementations, it is best to apply
parallel computing within the genetic algorithm to reduce the computation time. It is also best to compute the
objective function with 30 angular intervals, 1000 rays and a step size of 0.005 ym and to reuse the scatter ma-
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6. Conclusion

trices. If a fast result is desired, the genetic algorithm can best be implemented with a population size between
50 and 100 and stopping criterion B, which has parameters M = 6 and € = 10~%. If, on the other hand, a high
quality of the solution is desired, it is best to use a population size between 100 and 150 in combination with
stopping criterion A, which has parameters M = 12 and e = 1073,

59



Recommendations

In this thesis, the application of genetic algorithms on the optimization of tandem solar cells is studied. In this
study, some problems occurred which could not be considered within the available time span. Therefore, these
problems give rise to recommendations on further research topics.

The first and most important recommendation is to repeat the runs of the genetic algorithms multiple
times. Some conclusions about the parameters had to be less specific due to stochastic nature of the genetic
algorithms combined with the fact that they were only executed once. When the genetic algorithms are run
multiple times, it will be possible to draw better conclusions.

In this thesis, the objective function is implemented with the accurate settings that are found in Section 3. In
this way, the objective function is more smooth and the final result is more accurate. As discussed in Section 3.3
and Section 5.5, it might be better to use different settings in a situation in which a short computation time is
preferred. It would for instance be possible to reuse the scatter matrices and use 1000 rays in the simulation,
while the other accuracy settings are the default settings. In this way, a smooth function can be obtained with
a relatively high accuracy. This objective function can be calculated in a significantly shorter time. Therefore,
this might be a topic of further research that results in new insights in the trade-off between a high quality of
the results and a short computation time.

The genetic algorithm was implemented with the Matlab function ‘ga’ This provides a standard structure of
the genetic algorithm, but it also gives limitations. Due to the fact that the optimization problem was a bounded
mixed-integer problem, several settings could not be changed, such as the mutations, crossover and selection
operators. In order to investigate the influence of such settings, the genetic algorithm has to be constructed
from scratch. How this should be done could be a topic for further research.

The mutation operators of the function ‘ga’ could not be changed, but they had parameters which could
be tuned to control the size of the mutations. As many genetic algorithms converged to a local optimum, a
larger size of mutations could be beneficial. A topic for future research could be to study the influence of these
parameters on the performance of the genetic algorithm.

For the genetic algorithms in this thesis, a proportional selection operator with ranked scaling was used.
In Section 2.3, it was described that scaling of the fitness function is an important tool to control the selection
pressure. Although it was not directly visible in the results of the genetic algorithms, it could be the case that
the selection pressure was too low or too high. For further research, it would be possible to study the influence
of the scaling of the fitness function. This can for instance be done by determining the takeover time for several
combinations of settings and it would provide more insight in the influence of the selection operator on the
performance of the genetic algorithm. The takeover time can be determined in an implementation in which
the genetic algorithms are restricted to just making copies. The takeover time then is how many generations a
genetic algorithm needs to fill the whole generations with only copies the best individual.

In this thesis, the effect of parallel computing on the computation time of the genetic algorithm is studied.
This resulted in the conclusion that parallel computing decreases the computation time significantly. However,
better tools for parallel computing exist such as the MATLAB Parallel Server [23]. This provides the possibility
to run the code online on more processors, which might decrease the computation time even more. Therefore,
the last recommendation for future research is to study the possibilities of parallel servers and their influences
on the computation time.
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Genetic algorithm with inaccurate objective
function

Before genetic algorithms were implemented as described in Chapter 5 with the objective function found in
Chapter 3, genetic algorithms were applied to different objective function. This objective function was calcu-
lated using the default accuracy settings of GenPro4. The results of this implementation are discussed briefly
in this appendix. The code of this objective function and the implemented genetic algorithms can be found on
https://github.com/KoenvanArem/BEP-Genetic-Algorithms-on-Solar-Cells.

The objective function that is implemented using the default accuracy settings of GenPro4, which means
that it uses 18 angular intervals, 100 rays and a step size of 0.020 um. As found in Chapter 3, the results of
an objective function using these settings follow a normal distribution with a mean of 20.9404 mA/cm?and a
standard deviation of 0.0295 mA/cm?. These values are estimates of the current. As the standard deviation is
high, the estimates are likely to be less accurate as discussed in Chapter 3. This makes the results of the genetic
algorithm less accurate.

On top of that, this implementation of the objective function does not reuse the scatter matrices in order to
reduce the computation time. This results in a computation time of one function evaluation of 18.6 seconds,
which could be 3.9 seconds if the scatter matrices would be reused. Not only does the choice of not reusing
the scatter matrices give a longer computation time, it also makes the objective function less smooth. This
is caused by the fact that the simulation to determine the scatter matrices is performed every function call,
which gives a different estimation error for every function call. Because the error is not constant, the objective
function is likely to make jumps due to the different errors. Therefore, the objective function is less smooth.
Although the genetic algorithm is a robust optimization method, it still performs better for a smooth objective
function.

The genetic algorithms are implemented using the same representation, selection operator, variation op-
erators and creation method as discussed in Chapter 4. It is also implemented for different population sizes.
On top of that, a stopping criterion is used that stops the genetic algorithm if the average improvement in the
best value of the last 50 generations is less than 0.01 mA/cm?. This means that the algorithms also stop after 51
generations. The results are shown in Figure A.1 and Table A.1.

Population Size || Highest found value || Number of function evaluations X1 X2 X3 X4 X5 X6 X7 | Xg | X9 | X0
25 20.7179 1300 0.1139 | 0.0582 | 0.2019 | 0.3748 | 0.3459 | 0.4325 | 2 | 1 1 1
50 20.9663 2600 0.1142 | 0.0533 | 0.3909 | 0.4011 | 0.1391 | 0.0704 | 2 | 1 1 1
75 20.7189 3900 0.1106 | 0.0592 | 0.3364 | 0.3713 | 0.3295 | 0.2726 | 2 1 1 1
100 21.0170 5200 0.1065 | 0.0573 | 0.2015 | 0.3933 | 0.3476 | 0.0693 | 2 1 1 1
125 21.0241 6500 0.0981 | 0.0557 | 0.1594 | 0.3772 | 0.1830 | 0.0776 | 2 | 1 1 1
150 21.0374 7800 0.1001 | 0.0546 | 0.1537 | 0.3785 | 0.1859 | 0.0785 | 2 | 1 1 1

Table A.1: The results of the genetic algorithm applied to a less accurate objective function for each population size.

Figure A.1 shows that the genetic algorithm tend to perform not that bad at first sight compared to the
results in Section 5.1. For instance, the highest current found is a current of 21.037 mA/ cm?. However, the esti-
mates of the current are less accurate. As the standard deviation of the estimates is 0.0295 mA/cm?, around 2%
of the estimates will be 0.0590 mA/cm? higher than the mean. If these overestimation occur for an estimation
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Figure A.1: The optimal value of the genetic algorithm applied to a less accurate objective function plotted against the population size.

of a solution near to alocal optimum, this individual could get a too high current. As hundreds of function eval-
uations are performed, such overestimates are likely to occur. Therefore, the genetic algorithms are likely to be
drawn towards local optima. On top of that, the results of the genetic algorithms are likely to be overestimation
of the real current corresponding to this solution.

The influence of one individual is less when the population size is larger. Therefore, genetic algorithms
are less likely to be drawn towards local optima in a situation as just described. Therefore, genetic algorithms
with a larger population still perform relatively well. On the other hand, the final solution is still likely to be an
overestimation. Especially since the genetic algorithms with larger population sizes performed more function
evaluations. This means that the results of these genetic algorithms are less good than they seem.

In general, it can be said that the genetic algorithms implemented with this less accurate objective func-
tion give rise to some problems. Due to these problems, the accuracy of the objective function is studied in
Chapter 3.
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