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1. Introduction
In the wake of energy revolution the importance of power plants relying on renewable
energy sources cannot be underestimated. With every year passing more and more
new renewable power plants are built. Renewable energy sources have convincing advantages in the long run, and will play a crucial role implementing the changes needed
to fulfill the Paris Agreement [7]. Energy production accounts for the largest part
of global emissions [3], therefore CO2 neutral energy production is a key factor for
the reduction of greenhouse gas emissions. Renewable energy sources have a positive
environmental record and only generate construction and maintenance costs for a continuous operation in contrast to traditional power plants that constantly require fuel for
energy production. Moreover, wind and central receiver systems can be implemented
in areas not fit for agriculture or human living space. Or to rephrase it, they can
exploit low quality construction land. While hydropower is currently the predominant
form of renewable energy production (Figure 1) it relies heavily on geological features
that can be harvested (water basins with a more or less steady inlet). Solar and wind
power on the other hand are much less dependant on environmental parameters. Both
exhibit a much stronger relative growth. Central receiver systems can be constructed
on any sufficiently flat area with a sufficient amount of sunshine hours per year. A dry
flat piece of desert is a fitting building ground for a central receiver system [22]. Wind
farms offer an additional benefit. They are not even required to be built on mainland,
in fact offshore wind farms experience even better wind conditions than farms build
onshore. The wind in the ocean is stronger, more steady and its direction has less
fluctuation due to the flat surface. While facing higher construction costs, as building
a wind turbine on the ocean ground is inherently more difficult and expensive than
building on solid ground, offshore wind farms can draw from a nearly unlimited space
of possible locations all of which do not affect any other constructions at all. While
both solar and wind power plants can be build in almost any region choosing an appropriate site with steady strong wind throughout the year respectively enough sunshine
hours is crucial for electricity production. As this thesis only deals with central receiver
systems and offshore wind farms, the following examples will be limited to these types
of power plants.

1.1. Problem Description
Electricity is a homogeneous good – meaning that it has no inherent quality that is
distinguishable between different producers. Price of production therefore becomes the
most significant factor when competing on the market. The fact that the electricity is
being produced cleanly becomes irrelevant if the production costs become unprofitably
high. In order to increase the attractiveness of such power plants beyond the environmental factor, the financial benefit the plant produces needs to be maximized. As a
first step, models are used to calculate power plant efficiency by simulating for example
the influence of wind turbines on each other. From this simulation the expected revenue of a planned power plant can be calculated. Knowing the expected profitability
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Figure 1: Global renewable energy consumption [10]. Solar- and windpower show a
strong updward trend in the last 10 years.
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Figure 2: Turbines in an offshore wind farm
of a given project beforehand with a certain confidence already increases its chances
of being realized mainly because risk management becomes much simpler. Computing
optimized layout parameters (e.g. placement of turbines or mirrors) in an automated
fashion is the next logical step to take. For both the wind farm and the central receiver
system the construction parameters mainly consist of a layout that dictates where wind
turbines, respectively mirrors are built. Automating the generation of an optimized
layout reduces the amount of human work needed in the planning of a power plant
without sacrificing the consideration of environmental parameters of the location. This
enables companies interested in the construction of power plants to reliably compare a
larger number of different building sites. The certainty of the expected revenue as well
as the certainty that the power plant itself is built in an optimal way greatly increases
the attractiveness of such a project. In previous works, simulations that compute the
energy production of a wind farm respectively central receiver system configuration
have been developed and successfully evaluated against industry standards (Soltrace
[9] for central receiver systems and Openwind [6] for wind farms). The simulations are
now an integral part of an optimizer that (among other strategies) employs a genetic
algorithm (also called GA) to obtain optimal layouts for either power plant. In the
following, we will give a quick overview of the setup of both power plants, potential
constraints of building sites and the parameters to be optimized.
1.1.1. Offshore Wind Farms
In addition to the wind turbines that are clearly required in a wind farm and apart
from the cabling there is no other system needed for power production. As the turbines
are enclosed systems on their own, the only other problem to be solved is an efficient
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cabling of the turbines. This problem however, is not considered here.
The turbines are defined by height above sea, rotor diameter, rotor blade profile and
ultimately their energy production characteristics. While these parameters are used for
the computation of energy production in the simulation, they are fixed for the whole
wind farm and not part of the optimization process.
The building site is defined by an area wherein turbines can be placed, and restricted
areas within the building area where the construction of turbines is not possible (steep
surface, shipwrecks, . . . ). Moreover, the topography of the ocean floor influences the
construction costs. The result of the optimization process consists of a set of positions
that describe the placement of each turbine. The amount of turbines to be placed is
fixed and needs to be specified as a parameter.
The transportation of electric energy to the mainland with all its inherent challenges like the potential necessity of a transformer station is also not considered here.
However, the cost of the internal cabling is considered in the simulation.
1.1.2. Central Receiver Systems

(a) Tower at the center of heliostat field

(b) Tower at the edge of heliostat field

Figure 3: Pictures of real-life central receiver systems
Similar to a wind farm a central receiver system aims to produce electrical energy
(and not just thermal energy). Its setup is more complicated than a wind farm in the
way that it comprises more systems working together. The largest amount of building
space is occupied by the set of large mirrors that are meant to reflect the sunlight that
arrives at their surfaces and concentrate it towards a small area where it is collected.
The reflectors are called heliostats and they reflect the sunlight towards the thermal
receiver which is the second element in the energy production pipeline. The thermal
receiver is usually mounted on a tower which can be situated inside the field or at its
edge as seen in Figure 3. Depending on the tower’s location different designs for the
thermal receiver are necessary (see Figure 4). Its task is to absorb the radiant energy
and convert it into heat. The heat is ultimately used to power a steam turbine that
drives a generator.
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(a) Flat tilted cavity receiver (b) Cylindric cavity receiver (c) Cylindric external receiver

Figure 4: Different receiver types on different tower types. The figure is derived from
[47]
In order to convert the heat gained from the sun to electrical power, an intermediate
step is required. The thermal receiver is not used to produce steam from water directly
but rather heats a heat transfer fluid. Molten salt is often used as heat transfer fluid
but other materials are possible. The usage of aheat transfer fluid as an intermediate step offers the advantage of better storage capabilities which directly result in a
higher potential adaptability of the whole system. Adaptability in electricity production is an advantageous property as it allows for different production and consumption
characteristics. Energy consumption is highly correlated with time of day or singular
events (e.g. television coverage of sport events cause spikes) therefore adaptability to
consumer needs is of particular interest.
After the transfer of heat into the heat transfer fluid and potential storage thereof,
a heat exchanger is used to produce steam driving a conventional steam turbine that
is connected to a generator ultimately producing electricity.
Regarding the optimization problem, again the parameters of the individual systems
are not optimized as they are fixed. This includes size and properties of the heliostats
as well as characteristics of the systems occurring later in the process. Optimized are
only the positions of the heliostats.
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Note that for the sake of simplicity we will refer to both wind turbines and heliostats
as instances as their roles in the optimization process are equivalent.

1.2. Related Work
When we talk about the optimization of a power plant the variables we are optimizing is
the set of positions where the instances are placed and the target value is the Levelized
Cost of Electricity which is calculated by the model. The possible methods for turbine
or heliostat placement optimization do not really vary as the abstract mathematical
problem is the same. In both cases the simulation of a valid solution (a valid placement
of heliostats/turbines) takes a comparably long time and the space of possible solutions
is large.
1.2.1. State of the Art for Wind Farm Layout Optimization
The process that produces an optimized wind farm layout consists of two main components. The optimization algorithm that decides how the layout shall be altered to
achieve a better fitness, and the simulation that evaluates a layout to compute energy
production metrics. The model used by us is called the PARK or Jensen model [32].
Other models include the viscosity model [12] and the deep-array wake model [21] but
according to Maghnie [36] the PARK model is the most popular model used in wind
farm optimization [28] and provides a good trade-off between speed and precision [50].
Investigation of wind farm layout optimization dates back as far as the late eighties
with new attention drawn to the area after the work of Mosetti et al. in 1994 [39, 28, 36].
The methods used for the optimization range from simple rules over parameterized
mathematical patterns to evolutionary optimization with subsequent post-processing.
Patel presents a crude rule of thumb for turbine placement. The optimal placement
is claimed to be achieved using offset rows with eight to twelve rotor diameters distance
in windward direction respectively three to five rotor diameters distance in crosswind
direction as shown in Figure 5 [44]. Applying this rule results in a grid layout of the
turbines.
Wagner et al. make use of the same wind farm model as we do but relies solely
on a local search algorithm to optimize the layout of wind farms. As an additional
contribution they claim to have improved the runtime of the model significantly by only
reevaluating one turbine in each optimization step. The local search algorithm in use
was constructed with the problem in mind to allow for problem specific optimizations
[54].
Evolutionary algorithms in general and specifically the subclass of genetic algorithms
are popular in wind farm optimization [53]. Other evolutionary approaches include
biogeography based optimizations [13, 14] “which are inspired by the migration of species
over time [51]” [36]. All approaches that employ evolutionary optimization are sensitive
to the quality of their initial solutions [36] which makes fast generation of non-optimalfitness solutions relevant nevertheless.
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Figure 5: Rule of thumb for turbine placement.
Initial solutions are usually obtained by means of“grid patterns [39, 25, 56] or random
positions [52].” [36]
A different approach is used by Fagerfjäll [20] and Ozturk and Norman [43] who
make use of circle packing to produce a solution while still enforcing the minimum
distance constraint.
According to Maghnie circle packing proves to be an effective way to generate wind
farm layouts, however, there was no research conducted on the optimization of the circle
packing mechanism [36]. Patterns in general are a fast way to generate reasonably wellperforming layouts which can either be used directly or as an initial solution for further
optimization steps. They also ensure the adherence to the minimal distance constraint
between any two turbines.
Neubert et al. draw a comparison between symmetric layouts that are meant to please
the beholder while still maintaining a high energy output, and stochastic layouts that
do not fulfill symmetry conditions [41].
The use of genetic algorithms as means of turbine placement optimization has already
proven successful for wind farms and has been implemented by various researchers
including but not limited to [24] (González et al.) and [37] (Marmidis et al.).
Chen et al. goes one step further and considers turbines of different height in the
GA optimization process.
A different evolutionary approach is implemented by Wan et al. [57]. They make
use of an algorithm called particle swarm optimization (PSO) which is a different kind
of evolutionary algorithm. Each particle in the swarm is one independent solution to
the layout problem. The solutions may be obtained from patterns or be generated
randomly. Additionally, a particle has a random velocity whose dimension scales with
the number of turbines. Each iteration the fitness of each particle is recomputed and
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the particles are moved according to past fitness values of this particular particle and
the whole swarm. Particles will favor positions where they produced a good fitness
in the past and the swarm will as a whole move to regions with better fitness. After
several iterations the individual particles positions will converge. This approach seems
to become increasingly popular in recent research [31, 58].
A well-known algorithm that is used for the post-processing step is simulated annealing which tries to replicate properties of hot material cooling down. Turbines are
moved randomly, they are kept if the solution has improved, otherwise they are still
kept with a certain probability that shrinks over time (cooling). This approach is used
by Rivas et al. [48] and Bilbao and Alba [15].
1.2.2. State of the Art for Heliostat Field Layout Optimization
Again the problem is split into two sub-problems, simulation and optimization.
While the problems of turbine and heliostat placement are similar and should be
able to be optimized using the same algorithms with minimal changes, the work on
heliostat field layout optimization is much more scarce. Moreover, the research does
not seem to date back as far as wind farm layout optimization.
Pitz-Paal et al. already use a genetic algorithm approach [46]. But they only use it
to optimize a set of variables that among other things influence the heliostat pattern.
Optimization of individual reflectors is not part of their optimizer. Apart from the
genetic algorithm, they implemented also two other optimization algorithms one of
which is a hill-climbing algorithm. The latter one was used to further explore the
solutions produced by the GA as its parameter space was discretized.
According to Franke [22] all central receiver systems built to this day rely on patterns to specify the heliostat positions instead of the tweaking of individual heliostat
positions. However, the patterns offer parameters that modify their shape. They
include but are not limited to hexagonal, spiral, radial or alternating rows patterns
(see Figure 6) [22]. A biomimetic pattern is introduced by Noone et al. [42]. Lutchman mentions an iterative approach which he calls the field growth method [35]. This
method does not seem to have undergone thorough research so far. A hybrid approach
that combines a GA and particle swarm optimization is presented by Li et al. [33].
1.2.3. Comparison to Our Method
In contrast to the established research which uses at most two different optimization
techniques to optimize the layout, our approach of a Multi-Step Optimizer tries to
salvage the benefits of multiple individual optimization mechanisms while minimizing
the effect of their drawbacks.

1.3. Goals of This Thesis
Genetic algorithms offer a plethora of different parameters and extensions to influence
their behavior [17]. Understanding how individual parameters influence each other
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Figure 6: Different heliostat patterns. The tower is always located at (0, 0). (all graphics from [22])
is still element of active research. There seems to be consensus that the choice of
appropriate mutation and crossover routines is critical for the performance of the GA
[30, 19]. Deb and Agrawal also mention that at the time of publication parametric
studies that include pretty much random testing of different GA parameters are used
to optimize a GA for the problem it is supposed to solve. The same approach is
being used by us to enhance the performance of our GA. The performance of a GA
strongly depends on the choice of hyper-parameters which we set out to determine.
Additionally, we want to determine the place of the GA in the greater scheme of the
Multi-Step Optimizer as we need to tweak its behavior keeping in mind that it is only
one piece in an optimization chain.
Unfortunately, the findings of previous GA parameter configuration research are not
applicable as our gene encoding and crossover operation are non-standard and do not
adhere to common best-practices (which is unfortunately unavoidable, more on this
later in Section 3.5.4), making existing recommendations meaningless. Furthermore,
these parameters usually diverge between different families of problems.
Additionally, we implement changes in the codebase to add the modifications to the
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GA that we want to examine, and also perform general refactoring and cleanup work.

1.4. Outline
Section 2 will cover the underlying models used to compute the performance of a
given offshore windpark or central receiver system. Then in Section 3 we present the
structure of the genetic optimization, what its individual steps do and how it can be
configured. Section 4 explains the principle of a Multi-Step Optimizer and what the
purpose of the GA in the greater picture is. Section 5 gives an overview of work on the
codebase that was carried out over the course of this thesis. In Section 6 we present the
test cases that are used to evaluate our optimization process. In Section 7 we present
the main part of this work and show which experiments were conducted in order to
find optimal GA parameters. In the end, Section 8 summarizes our results and Section
9 gives an outlook on possible future work that is beyond the scope of this thesis.
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2. Models
This section will give an overview of the underlying simulation models for offshore wind
farms and central receiver systems. The tools used to simulate and optimize central
receiver systems and offshore wind farms are called SunFlower and WindFlower.
Both models take the characteristics of the construction site, the weather and the
individual components as input. Additionally, they expect a set of (x, y) positions that
represents the positions of the instances to be simulated. The output of the simulation
is a set of multiple economically relevant values including Annual Energy Production
as well as internal metrics about the goodness of individual positions. More on this
later in Section 2.1.4.

2.1. Offshore Wind Farm Model
This section summarizes the model description given by Netz [40]. The model that
computes the power output of a given wind farm consists of four different sub-models
namely wind, wake, power generation and cost model. The models form a logical chain
and need to be evaluated in order. Each model processes the output of the previous
model. Additionally, problem parameters are defined. They define the area in which
the wind farm is to be constructed as well as restricted areas where for an arbitrary
reason no turbines are allowed.
2.1.1. Wind Model
The wind model is based on real measurements made by the Fino3 measurement station
in the North Sea that collects real-life information about wind speed and wind direction
at different heights[2]. The raw wind data consists of two list of (timestamp, min-value,
max-value, deviation) tuples where value is wind speed in the one and wind direction
in the other list. This representation is impractical and takes way too much space for
a constant reevaluation of the subsequent models. The data is therefore converted in a
format that allows a fast lookup of specific wind speed and wind direction combinations.
The data passed to the next model consists of wind direction bins that span over a
range of directions. Each bin is associated with the probability that wind is coming
from that direction at any point in time. Additionally, each bin is associated with
an approximation of the wind speed in that direction. Weibull curves are used to
describe the wind speed and -direction (see Equation (1)). This is a standard approach
that is widely used when a mathematical approximation of wind speeds is needed
[26, 49]. Thus, the model consists of two parts, the probability of the direction and
the two Weibull parameters that describe the curve in each bucket. The number of
individual bins is one of the essential if not the most important parameter to influence
the accuracy-speed trade-off of the model.
κ  x κ−1 −(x/λ)κ
e
(1)
hλ,κ (x) =
λ λ
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Figure 7: Weibull approximation of measurements.

2.1.2. Wake Model

Figure 8: Rare weather condition visualizing turbulences of the turbines.
When a turbine converts the kinetic energy of the wind into electric power, naturally
the energy of the wind decreases. The turbine affects a cone of air behind it, its wake
as seen in Figure 8. In the wake the wind speed is lower than in front of the turbine.
For a valid simulation of a wind farm the mutual influence of wind turbines on each
other needs to be considered when calculating the total power produced. We use the
farm model developed by Jensen [32]. Computing the influence of turbines on each
other is by far the costliest of the sub-models. To reduce complexity it makes several
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simplifications. Firstly, it only computes an approximation of the windflow in the
wake. Instead, of a flow field that would be able to depict turbulences at the edges of
the wake, only a wind speed that solely depends on the horizontal distance from the
rotor and the wind speed in front of the turbines is computed. Moreover, a constant
wind speed (over the span of the rotor) is assumed. Considering that the rotor ranges
from 20m to 120m above sea level and the wind data used for simulation was captured
at a height of 100m this is a reasonable simplification. The model also requires a
ground roughness to compute the amount of friction between air and ocean. This is
set to a fixed value that proved to be a sufficient approximation [32]. Aforementioned
abstractions require the wind turbines to be placed at a distance of at least three rotor
diameters which in our case is 300m. For smaller spaces the model does not produce
a valid output. One computation of the model only produces a result for one specific
wind direction, so multiple runs are required to give estimations for all wind directions.
Tweaking the number of different wind directions simulated is the essential parameter
to compute a result of lower accuracy more quickly.
The loss of energy arising from the time windows when the wind is changing direction
but the turbines are not yet adjusted is considered by assuming a fixed loss percentage.
2.1.3. Power Generation Model

Power in MW

In the power generation model the attenuated wind speed calculated by the wake
model is mapped to the amount of energy produced by each turbine. This is the simplest sub-model as the correlation can easily be represented by a function f (speed) =
power in W. This function is unique to the type of wind turbine. An example can be
found in Figure 9.
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Figure 9: Example of a power curve mapping wind speed to electrical output.

2.1.4. Cost Model
Purpose of the cost model is to give a realistic estimation of value and revenue of the
project. It provides different target functions that can be used to evaluate the quality
of a given solution. Basis for all of them is the Gross Annual Energy Production (AEP )
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which is computed with the output of previous models. First this value is adjusted
with a loss percentage that compensates for maintenance, technical problems and inaccuracies of the models. The adjusted value is called Net Annual Energy Production.
This is already one of the target functions. The Levelized Cost of Electricity (LCOE )
measures the price per kWh over the lifetime of the farm. Net Present Value (NPV ),
Internal Rate of Return (IRR) and Payback Period (PP ) are common characteristics
used in financial mathematics to describe a project. Refer to [22] for the exact formulas.
For the optimization usually the AEP is used for fitness calculation. The AEP is
the foundation upon which the other values are computed. It is also important to note
that we are able to extract the contribution of each individual wind turbine to the
overall AEP, this will be relevant later for the optimization.

2.2. Central Receiver System Model
The sub-models have a strict logical order and pass their output to the next model.
Problem parameters consist of the region in which the power plant is planned and
again restricted areas where no structures can be constructed. Moreover, information
about the elevation of the ground can be provided.
2.2.1. Optical Model
The first sub-model contains information about the relevant environmental parameters
at the given location. As the power plant draws its energy solely from the sun we need
to describe its path and irradiation (luminosity) over the day. The position of the
sun is given by two angles from which we derive azimuth - the position w.r.t. the
geographic North and altitude - the position w.r.t. the horizon.
2.2.2. Ray Tracing Model
The task of the ray tracing model is to compute the amount of radiation that reaches
the thermal receiver on top of the tower. Multiple receiver types exist, three of them
are illustrated in Figure 4. It needs to consider the position of the heliostats installed
on the ground at different positions of the sun during the day. At each position rays
are traced from the sun onto the heliostat field and if their path is not obstructed by
anything, ultimately onto the thermal receiver. Our model implements different ray
tracers but here we only use a Monte Carlo Ray Tracer, meaning that the direction of
rays simulated is not given by a pattern or formula but rather randomly generated.
One heliostat usually consists not of one but many small mirrors, each with a different orientation. The possible shapes of the smaller mirrors called facets are either
triangular or rectangular. The simulated rays from the sun are reflected by the small
mirror segments towards the receiver. The loss introduced by the partial reflection of
the light is modeled using the reflectivity percentage which is usually around 95%.
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Cosine effect A major source introducing loss of efficiency is the cosine effect. It
describes the decrease of reflective area that occurs when the heliostats are not oriented
perpendicular to the direction of the incoming light. Due to the movement of the sun
and the fact that they need to reflect light towards the receiver the mirrors cannot be
installed in a fixed position but need to rotate to minimize the loss of reflective area
at different sun position.
Shading and blocking There are different obstacles that can hinder the propagation
of light towards the tower, all of which have to be considered. This includes the shadow
cast by the tower on the heliostat field. Moreover, heliostats can influence each other
in two different ways. They may either block a ray on the way from their intended
heliostat towards the receiver. A ray is shaded if it hits a heliostat different from the
one it was intended for, the worst case scenario would comprise two heliostats placed
in close proximity on one line with the dominant sun direction. The heliostat in the
front would shade the other one almost completely. The last alternative is a ray that
hits its intended heliostat and is not blocked by any other heliostat but simply does
not hit the receiver.
Practical obstacles The ray tracing model also considers some more practical problems that influence the amount of energy that reaches the receiver. Firstly, over time
dust begins to cover the surface of the reflectors reducing their reflective capabilities.
For larger heliostat fields it is also necessary to consider atmospheric attenuation by
particles in the atmosphere. Imperfections in the reflective surface of the heliostats
also introduce an error when light is not reflected in the expected direction. This can
also happen when the rotatable heliostats end up not pointing in the ideal direction
due to deviations in the control of the rotation.
2.2.3. Thermal Model
After the ray tracing model produced a flux map for the area of the thermal receiver in
the next step we compute how much of the incoming radiation energy is available for
energy production and how much falls victim to various losses. Simplified the thermal
receiver is made from a set of parallel tubes through which the heat transfer fluid flows
in alternating directions. The first source of loss is the fact that the receiver is not
able to absorb 100% of the incoming radiation and will reflect a certain percentage.
Moreover, after absorbing the energy from the light rays it is directly re-emitted into
the environment via infrared radiation. Energy is also lost through convection; the
tubes conducting the heat transfer fluid are warmer than the ambient temperature
and will therefore heat up the air around the tubes. The warmer air around the
tube then dissipates into the still ambient temperature air further away from the tube
removing energy from the heat transfer fluid in that process.
Storage As previously mentioned, one advantage of the two-fluid design is the ability
to efficiently store the thermal energy using insulated tanks filled with hot heat transfer
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fluid We assume the storage to be large enough and disregard losses originating from
heat dissipation from the tanks.
2.2.4. Electrical model
The last part to be modeled is the conversion from heat transfer fluid into electricity
using a steam turbine and an generator. It consists of a simple lookup table which is
partly visualized in Figure 10. The data is bilinearly interpolated between data points.
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Figure 10: Characteristic Diagram of a 100 MWth power conversion unit. The lines represent the temperature-dependent efficiencies for different loads. (Graphic
from [22])

2.2.5. Cost Model
The cost model is analog to the offshore simulation again yielding AEP, LCOE, NPV,
PP, and IRR as output. Like in the wind model, we can obtain the contribution of
individual heliostats to the overall fitness.
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3. Genetic Algorithm Overview
In this section, we are going to present the general mechanics of genetic algorithms
and the adaptions necessary for our application. The initial work towards genetic
algorithms was performed in 1960 by Holland [29].

3.1. Evolution in Nature
In a simplified way, in nature every member of a species is defined by its set of genes.
They decide which physical and character traits it exhibits. The multitude of genes
found in one individual is called his chromosome. The multitude of all occurring genes
in the species’ population is called the species’ gene pool. The species lives in a certain
environment whose challenges it has to face. There will always be chromosomes that
are more suitable for some environment than others. Possibly because one individual
succeeded in developing a completely new physical trait or because a mutation resulted
in a better social strategy — while others did not.
“Succeeding” in nature always means better survivability and therefore more chances
to produce offspring. This we call fitness. The fitness in the optimization problem for
wind farms and central receiver systems corresponds to the annual energy production
of the power plant or the resulting economical profitability of the power plant. To
maintain and improve the fitness over time and adapt to environmental changes nature uses the principle survival of the fittest. Usually the individuals that are better
adapted to the environment live longer and thereby have a greater chance to propagate
and pass their genes to the next generation. This causes a gradual improvement of the
whole species (gene pool of the species).
However, passing unaltered genes to the next generation is ineffective. This is why
almost all non-primitive organisms can only produce offspring using two individuals
of their species. When two individuals breed and produce offspring their chromosomes
combine in some way to form new genes that contain (hopefully beneficial) features
from both of their parents. The survivability of the combination of parental genes will,
with some variety, be similar to the ones of their parents. Some offspring will perform
better than both of its parents, some will perform worse. Again, better performing
offspring will spread their genes with a higher probability. Thus, recombining features
of the parents can result in a better performing individual.
In addition to the recombination by breeding sometimes mutations are introduced.
Mutations are random changes to some genes in the chromosome. They have a small
random impact on the fitness of the individual to help avoid low diversity in the gene
pool. Every once in a while a mutation randomly improves the fitness of the individual
and by survival of the fittest these mutations will propagate through the population
of the species.
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One of the main problems that hinders successful evolution is a limited variability
in the gene pool. A small gene pool impairs the species ability to develop new beneficial genes as mutations only happen slowly over time and nature has no other way
of randomly introducing genes so adaption becomes harder or impossible (the gene
pool converges to all individuals being equal), compare Figure 13 for a mathematical
representation of that problem.

Genetic algorithms Genetic algorithms try to mimic the evolution process found in
nature hence the more general name evolutionary algorithm.
They are used to optimize problems where the solution space is too big for exhaustive search to be viable. The problem consists of parameters that constrain the set of
solutions and determine the fitness of individual solutions. However, we need to be
able to evaluate the fitness of a given solution in a short amount of time. The fitness
function takes a valid solution as input and computes the quality of that solution w.r.t.
the given problem. In our case the fitness function corresponds to the simulation of
the power plant with given environmental parameters. The higher the fitness of the
solution the better. Different fitness functions can produce very diverse solutions on
the same problem. As solutions correspond to individuals in nature, their fitness is the
survivability of the individual. The environment is the combination of problem parameters and the fitness function that evaluates solutions. Each iteration of recombining
the existing population into new individuals is called a generation.

3.2. Similarity Between Wind Farm and Central Receiver System
We do use the same algorithms for both the wind farm and the centralreceiversystem.
Employing the exact same algorithm for two seemingly different problems may sound
strange. However, from a mathematical point of view the problems are very similar,
Figure 12 illustrates this. In both cases the solutions consist only of a set of unordered
positions. These are the only mutable variables in the optimization process, no other
variables are changed. The restrictions imposed on the positions are similar, too. Both
turbines and heliostats may not be placed in direct vicinity of each other. Moreover,
maximizing pairwise distance between instances has a beneficial effect in both applications. Turbines and heliostats placed close to one another will steal resources from
each other.
From the optimizers point of view both simulations can be treated as a blackbox
that is fed a set of positions and spits out a score for this particular set. Nonetheless,
the similarities do not guarantee an analogous performance of the GA. After all the
two simulations employ completely different methods to compute the fitness. Another
substantial difference is the dimension of a solution. A wind farm usually consist of
about 100 turbines and even the largest at the time of writing do not exceed 200
turbines. Centralreceiversystems on the other hand can reach more than 100 thousand
individual heliostats.
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Figure 11: Simplified iteration of an evolutionary algorithm. The algorithm starts at
the top with the current generation. Following a test for the Stopping Criteria, each chromosome is evaluated and ranked. The best chromosomes are
copied to the next generation unchanged (Elitism). Based on the ranking
chromosomes are selected (Selection Operation). Only the selected chromosomes are paired to couples (Coupling Operation) and recombined to
form new Chromosomes (Crossover Operation). A part of the offspring is
chosen (Choosing Operation) to get mutated (Mutation Operation). All offsprings are then added to the new generation. Some randomly generated
ones (Chromosome Factory) are injected into the new generation as well.
(Image and caption from [40])
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Figure 12: Illustration of a simulation of a wind farm / central receiver system as a
black box

3.3. Fitness Functions
The fitness function needs to represent the quality of a solution by assigning a value
from 0 (worst) to 1 (best). In this section, we present the fitness functions used for
wind farms and central receiver systems and argue why it makes sense to use them.
Wind farm When we compute the simulation for a wind farm WindFlower gives us
the option to choose whether we want to use a wake model or not. For the computation
of the actual energy output we need to perform the wake computation. To compute
the fitness of a solution however, we compute an additional simulation without wake
model. This gives us the theoretical perfect score of a solution because we completely
disregard detrimental interactions between the turbines. Dividing the actual result
with wake model by the theoretical optimal one gives us the fitness value. It has a
guaranteed upper bound of 1 because no solution can exceed the energy output of the
simulation that does not take the wake effect into account. Fitness computed this way
also trivially has a lower bound of 0 as we cannot produce a negative amount of energy.
To obtain the fitness of a singular turbine we just divide its actual energy production
by its theoretical maximum.
Central receiver system The ray tracer shoots a certain amount of rays towards
each heliostat. The rays may either hit the heliostat and be reflected towards the
receiver which corresponds to a contribution of energy to the total output or either
be shaded (the ray hits another heliostat first), be blocked (the ray hits the back of
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Figure 13: Local optimum problem: The global optimum is not reachable from the
local optimum (blue) via small changes in x (reachable area in red).
another heliostat on the way back), hit the back of the receiver tower on its way to the
heliostat field or plainly miss the receiver after being successfully reflected back by the
heliostat. All the latter ones do not correspond to a contribution of energy. We now
divide the number of rays that hit the receiver by the number of rays shot in total.
Similar to the wind farm we can compute this metric for the whole heliostat field or
individual heliostats providing us with the fitness metric for the GA.

3.4. Encoding Positions
One goal of Netz’ analysis [40] was to evaluate performance and usability of discrete
vs. continuous position encoding for the instances (in his case only wind turbines). In
both cases the chromosomes are a set of positions without any ordering meaning that a
chromosome is equivalent to a randomly shuffled version of itself. As a result he ruled
out the continuous encoding as unsuitable. In comparison with the discrete positions
it exhibits slower convergence rates and worse final fitness. In the continuous mapping
an instance can potentially be placed anywhere in the allowed building area. This
greatly increases the solution space slowing down the GA. In contrast, the discrete
mappings divide the area in distinct cells with a configurable precision (number of
cells). Instances can then only be placed at the center of a cell. Thus, reducing the
amount of possible solutions.

3.5. Phases in GA
In the following we describe the general process of a genetic algorithm and how it is
influenced by the parameters given in Table 1.
The problem of low gene pool diversity Similar to the process in nature, a gene
pool with low diversity is something to avoid at all cost. If the algorithm finds a local
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Domain Notation

JSON parameter

N+

Npop

population size

N+

NP elite

B

Bprefer better

N+

Nelite

[0, 1]

Prand

[0, 1]

µ

N+

nµmin

N+

nµmax

[0, 1]

pc

N+
N+

ρ
Nmax it

Description

Number of chromosomes in the
population
parent elitism
Amount of elitism in selection
pool
prefer better parents
Choose parents for breeding depending on their performance
elitism
Number of elite chromosomes,
that are passed through to the
next generation
Percentage of random chromorandom fraction
somes
Mutation strength (of individual
mutation strength
mutations)
Minimum number of genes to mupos to mutate min
tate
pos to mutate max
Maximum number of genes to
mutate
mutation rate
Mutation rate (probability to get
chosen for mutation)
discrete map resolution Results in ρ2 distinct positions
stopping criteria max it Maximum amount of iterations in
the GA

Table 1: Tweakable parameters of the GA.
optimum of the fitness function in the beginning and proceeds to select only chromosomes at that local optimum it will not be able to “break free” from that optimum
later on and never considers the global optimum of the fitness function as it cannot be
reached using only mutations of local optimum-solutions (see Figure 13). This is why
the genetic algorithm contains mechanics that (re)introduce random solutions that are
not bred from the previous generation.

3.5.1. Seeding the Population
In order to combine chromosomes to produce better performing offspring we first need
to seed the GA with a set of valid solutions to the problem. While they do not have
to be optimized in any way, providing initial solutions that already have a high fitness
greatly reduces the total runtime of the optimization process. We will quickly lay out
how to compute good initial solutions later on (multi-step optimizer).
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3.5.2. Selecting Chromosomes for Breeding
In each generation only a subset of the last generation is selected for breeding. If
Bprefer better is true, a parent’s probability to become selected for breeding is not uniformly distributed but depends on its fitness. Given fitness fi for chromosome with
index i its selection probability is given by
pi =

fi
NP
pop

(2)
fj

j=1

If Bprefer better is f alse all chromosomes have the same selection probability.
The composition of the selection pool can be further influenced with the parameter
NP elite . It ensures that the top performing chromosomes are used for breeding at least
once, however, they are not necessarily bred with each other. For the first NP elite
breeding operations the algorithm selects one of the top chromosomes as one parent.
The other parent is selected as usual according to Bprefer better .
Note that the specific amount of offspring created is not given directly via parameters
but derived using the following formula:
Noffspring = Npop · (1 − Prand ) − Nelite
3.5.3. Coupling
After chromosomes are chosen for the breeding operations in the selection stage, pairs
of chromosomes are formed to generate one new offspring. A chromosome can be a
part of multiple breeding operations. The coupling implemented by Netz is a simple
random coupling meaning the pair of the two parent chromosomes is not chosen to
perform well under a certain metric but is chosen at random. Note that using a nonzero value for NP elite does not contradict this as the breeding partner is still chosen
randomly.
3.5.4. Crossover
The crossover process describes how an offspring is constructed from his parents. All
methods discussed assume that exactly two parents are used in the breeding process.
However, producing new chromosomes from more than two parents is theoretically
possible. We will quickly describe common crossover operators (also see Figure 14)
and why their application is neither advisable nor usable with chromosomes encoding
a set of positions.

Traditional crossover methods One-Point Crossover randomly selects an offset within
the length of the chromosome. Both parent chromosomes are cut in two halves at this
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position. Now, two different children are possible, one will contain the genes up to the
offset from parent A and genes from parent B starting from the offset, the other one
vice versa.
The extension of one-point crossover is n-point crossover which is based on exactly
the same principle but relies on more than one crossover point. Again two different
children are conceivable.
Finally, in the most extreme case each gene is randomly assigned from one of the parents. We call this uniform crossover.

Figure 14: Illustration of classical crossover operations. Graphic from Richter [47].
Apart from the fact that these crossover operations disregard constraints like keeping a minimum distance between instances that we impose on solutions to be valid,
they make assumptions about the nature of the chromosome. They assume that the
position of a gene conveys meaning about what property that specific gene is encoding.
They expect a gene that represents a specific feature to always be at the same position.
However, in our encoding the set of genes represents just the set of turbine/heliostat
positions. Randomly reordering our chromosome would not have an impact on the semantics of the chromosome. Therefore, using one of the three aforementioned crossover
operations is not possible. Hence, we employ a new approach.

Position-specific crossover methods In the following we will present the crossover
methods developed by Richter [47] and quickly discuss their respective effectiveness
and efficiency.
Zero-Step Crossover In the first step, the genes (instance positions) are sorted
into one list according to their fitness in their respective parent. Then they are removed
from the list best to worst heliostat and inserted into the offspring. At each insertion
we check if the offspring still fulfills the minimum distance constraints. If there is a
conflict, the heliostat is skipped. We stop after successfully inserting Npop positions
from the sorted list. If the list is depleted and the offspring still has less than Npop we
insert valid random positions until we reach Npop .
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Figure 15: Illustration of a Zero-step crossover , higher saturation indicates higher individual fitness. Graphic adapted from Richter [47]
One-Step crossover This crossover method again makes use of individual instance
performance within its original configuration. As in the Zero-Step Crossover the instances of both parent chromosomes are first merged into a combined layout according
to their performance in their original layout. Instances that would introduce a conflict
in the layout (turbines or heliostats violating the minimum distance condition) are
dropped and no longer considered. The difference to Zero-Step Crossover is that we
do not stop adding positions into the layout after reaching the threshold of Npop (the
case with less than Npop instances is handled in the same way though). Then, the
configuration is re-evaluated to obtain information about the instances performance in
the new layout. The worst-performing instances are dropped until the desired amount
is reached. This additional re-simulation of the layout tries to address the weakness
that a good performance of a position in a parent layout does not necessarily correlate
with a good performance in the offspring layout.
Multi-Step Crossover One problem in the One-step crossover still persists: As not
all positions of the parent layout will be present in the offspring layout, the contribution
of an individual position to the overall layout-fitness may still diverge between parent
and offspring. Therefore, Richter defines another operator. In Multi-step crossover
each position is simulated on its own first. The resulting fitness is then again used
to sort all parent positions into a list. The best individual position is added to the
offspring layout. In every iteration each non-conflicting position is simulated as if it
was added to the current offspring layout. The one yielding the best result is actually
added to the offspring.
Comparison of Crossover Operations The crossover operations yield the intuitive
ordering of fitness and speed. Zero-step crossover is the fastest operation followed by
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Figure 16: Visualization of the crossover methods plotted against the overall optimization time. Image from Richter [47]
One-step crossover and Multi-step crossover. Conversely, the quality of the generated
offspring is highest using Multi-step crossover . In practice, it is not worth to expend
the additional computational cost to achieve the highest offspring fitness with Multistep crossover . One-step crossover has the best fitness/performance trade-off as seen
in Figure 16.
3.5.5. Choosing and Mutation
The choosing operation chooses chromosomes for mutation. Our GA makes use of
the simplest mechanism to pick individuals that will be mutated. The parameter pc
controls the probability which determines whether a chromosome is mutated or not.
Each individual has the same chance to be picked and on average pc × Npop will be
mutated. As the choosing and mutation operation are highly interdependent and due
to the simplicity of the selection scheme we will call pc a mutation variable.
Because the recombination of existing (and possibly randomly generated) chromosomes into offspring is not enough to uphold the variability in the gene pool, chromosomes are mutated before they are copied to the next generation. The mutation
operation serves two purposes. First, it contributes to a higher diversity in the gene
pool as it makes random changes to the genes of some chromosomes. Second it improves the GA’s search behavior, by making the GA reach more positions in the search
space during its runtime.
To influence the mutation multiple parameters are at our disposal. With nµmin and
nµmax the range of mutated instances is defined. A number r is chosen uniformly from
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the range then r turbines or heliostats are moved according to the operation described
hereafter.
Mutating an Instance An instance or rather its position pos on the layout is mutated
by randomly generating a random position posrand and moving pos towards posrand .
Here, the third parameter influencing the mutation operation comes into play, µ. It
defines how much pos is moved towards the random position with µ = 0 corresponding
to no movement at all and µ = 1 correspond to replacing pos with posrand .
Setting either of the three parameters to 0 (respectively [0, 0] for the interval) completely disables mutation.
3.5.6. Replacement and Replenishment
In each generation the gene pool is renewed with offspring produced by breeding. We
call this replacement. To maintain a higher variability in the gene pool, randomly
generated chromosomes are introduced as well. This is called replenishment.
Elitism is a common modification that is usually implemented. Elitism ensures
that the best Nelite performing individuals of the current generation are copied to the
next generation unconditionally. If the amount of elitism Nelite is at least 1 it ensures
that the best solution of each generation is at least as good as the best solution of the
previous one. Elitism is not limited to the best solution, copying multiple chromosomes
into the next generation is also an option.
In our GA all individuals from the previous generation except for the elites are
replaced. Moreover, we produce exactly as many offspring as needed to form a new
generation. There exist approaches where the next generation is formed from offspring,
random chromosomes, elites and other members of the previous generation. The reason behind this is not to add an offspring to the new generation if it is worse than
each member of the previous generation. In order to reduce the amount of tweakable
parameters we choose not to adopt this concept.
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4. Multi-step Optimization
The motivation to use a Multi-Step Optimizer originates from the fact that we want to
avoid the shortcomings of each individual step and speed up the whole process. Multistep optimization is a general term for an optimizer that relies on different chained
processes in order to improve some characteristics of the optimization, in our case the
speed and quality of the final result.
To speed up the whole process we first compute initial solutions using pattern generators that are handed over to the GA as initial solutions. The GA runs until it is
no longer able to improve the quality of the solutions over a given number of generations. This is one of the shortcomings of a GA, after its population converges to a
solution, further improvements are slow and only caused by the algorithms inherent
randomness. To avoid this flaw we stop the GA at this point and hand over its best
solution to the local search (for an explanation of its mechanism, see Section 4.1) which
is better suited for micro-optimization. With each step in the Multi-Step Optimizer
the search space – and hence the computation time – increases while the amount of
potential improvement decreases.
Computing initial solutions Initial solutions are the starting point the rest of the
optimization chain relies upon. They need to provide an adequate level of solution
quality. What ”adequate” means depends on the underlying problem. In some cases
randomly generated solutions may suffice as input for the next step.
The next step in our case is the GA. As previously mentioned, providing the GA
with initial solutions that are better than arbitrary valid solutions can greatly reduce
the runtime of the algorithm because the GA does not need to achieve the fitness
level of the first step in the optimization chain on its own. It is not necessary to rely
on (slow) genetic optimization to discover the effectiveness of a primitive heuristic.
A primitive heuristic may be to structure heliostats or turbines in a mathematical
pattern. For example a grid pattern for wind turbines. The fitness of the structured
pattern will generally outperform random solutions and accelerate the convergence
toward a high-fitness solution as there are more high-fitness solutions available to be
bred. Nevertheless, seeding the GA with a high percentage of similar heuristics will
have a detrimental effect on the optimization as it lowers the variability of the gene
pool.
We make use of three different methods to generate initial solutions, namely patterns, close packing (WindFlower only) and randomized solutions.
The close packing algorithm – which is only available for turbine layouts – takes the
available construction area as input and in the first step tries to fit as many instances
as possible in it while already taking into consideration pairwise influence between
instances (see Figure 17 for a depiction of the efficiency of two neighboring turbines).
Because turbines have a minimal distance between neighboring instances, the algorithm boils down to sphere-packing in 2D. In the next step the densely packed layout
is simulated, the instances are ordered by fitness and the lowest performing positions
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Figure 17: Efficiency matrix used for close packing of wind turbines. Wind direction
is left to right. Graphic from Maghnie [36].
are dropped from the layout. This achieves a good performance using only one simulation step. A more detailed description of that method is given by Maghnie [36].
The other non-trivial way to generate solutions are parameterized patterns. The
patterns could be generated with random parameters or parameters known to perform
well, but our approach goes one step further. The parameters of each pattern are
optimized using the Globalized Bounded Nelder-Mead method to explore the parameter
space [27]. This approach requires multiple simulation steps per pattern but yields
better results and does not require any initialization.

4.1. Local Search
The local search aims to fine-tune layouts that already exhibit a high fitness by moving
individual instances. The switch from GA to local search should happen as soon as
the fitness curve of the GA reaches a plateau that exhibits only minor improvements
over extended periods of time.
We exploit the circumstance that only a fraction of the layout has to be re-simulated
in the model if only one instance changed position since the last simulation run.
In the case of a wind farm this is due to the limited range over which turbines can
physically influence each other. The effect of the wake decays to an irrelevant amount
if two turbines are more than r meters apart.
Similarly, a heliostat cannot influence another heliostat over unbounded distances. The
two ways a heliostat can impact the performance of a second instance are shading and
blocking. Shading means that the first heliostat intercepts rays on the way from the
sun to the second heliostat. Blocking means that the first heliostat intercepts rays on
the way from the second heliostat to the receiver.
Both decrease the performance of the second heliostat. It is important to note that
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Figure 18: Optimization methods in the multi-step optimizer.
this influence is in practice only possible over a limited distance. In theory the length
of a shadow cast by an object on the surface of the earth can be arbitrarily long as
the sun approaches the horizon. We do, however, not care about such edge cases, as
the energy density on the heliostats quickly falls of as the sun reaches the horizon.
Therefore, we can set a distance after which we do not consider the effects of shading
and blocking anymore (at least in the optimization routine of the local search, the end
result still takes this into consideration).
The local search uses the locality of the impact to speed up the evaluation. It iterates
over all instances in the layout. Each one is moved into multiple directions. When
the instance is moved from position p to p0 , two sets that represent the immediate
neighborhood of p and p0 are computed. S corresponds to the instances in the affected
radius around p, S 0 analog to the ones around p0 . After the instance is moved to p0
only S ∪ S 0 has to be re-evaluated in the model. If the fitness is higher than before
the relocation of the instance it is kept, otherwise a new target position for the same
instance is tested or the algorithm continues with the next instance.
The radius is chosen using empirical data rather than a theoretic foundation. Multiple
values for r have been tested and been compared to the original implementation which
re-simulated the whole layout in each step.
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5. Extension of the Codebase
In addition to the investigation of GA parameters, general work on the codebase was
necessary to enable the usage of new parameters and tweaks to the algorithm while at
the same time improving and refactoring the codebase of both Wind- and SunFlower.

5.1. Improving Consistency
One main goal of the refactoring was to make the whole project more consistent. This
includes but is not limited to command-line parameters, configuration access, error
handling and file access.
Previously SunFlower and WindFlower used a custom written config parser to load
information from the .json files that contain the parameters to configure optimizer and
simulation. This approach comes with several advantages and disadvantages. Parsing in C++ makes it easy to do advanced post-processing on the configuration and is
straightforward for small projects which is probably why it was chosen in the beginning. The config files were parsed into specialized struct’s that held information for
e.g. sub-models of the simulation which were passed around using constructors and
setter methods. The main problem in the config parser was that it was hard to debug
why a specific value in a config struct did not have the value given in a config file or
why it was set at all. This originated from the fact that the parser first loaded one
large .json file that contained all possible config values. Missing bits in the actual config files were filled using this information. Moreover, the parsing methods allowed for
default values to be passed, which were often but not always hardcoded in the parsing
logic. Lastly the names of the variables in the config struct’s did not always match
the JSON key or sometimes matched a different JSON key than they were representing.
To address these problems, the syntax definition for the config files was completely
outsourced using JSON Schema [11]. The schemata define how the .json files are
supposed to look like and are even able to do type-checking and encode dependencies, basic if-else structures, value ranges and enums for string values. This accounts
for roughly 90% of the C++ parser code. Moreover, the JSON Schema allows for
documentation of the semantics of the JSON keys.
The parser code is replaced by checking all config files with the appropriate .schema.json
file using the library json-schema-validator [45] in combination with a JSON library
by Lohmann [34]. This allows for config files to be added to the project with almost
zero C++ code overhead and provides useful errors if the config file is malformed.
The validated JSON variable is stored in a global singleton that can be accessed in the
following way:
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# include " GlobalDataSimulation . h "
void initData () {
GlobalDataSimulation :: init (
" path / to / config / folder " ,
" path / to / schemata / folder "
);
}
double sumBoundaryLongitude () {
const json & site_settings =
GlobalDataSimulation :: getInstance (). site_settings ;
double sum = 0;
for ( const json & coord : site_settings [ " boundary " ]) {
sum += coordinate_pair [ " longitude " ]. get < double >();
}
return sum ;
}
Listing 1: initData() needs to be called once, then everybody can read the config by
including the header and accessing the global singleton.
There is no need to pass around config parameters as they can be easily accessed
from anywhere in the code. The overhead arising from needing to access values via
the JSON key is negligible in all but the most time-critical code sections where we fall
back to reading the values into actual variables.
Of course this approach also comes with some disadvantages. The code example Listing 1 also illustrates that the access to individual config values is very convoluted.
Also, while JSON Schema allows for elaborate syntax checks, it is not able to do any
post-processing on the config data.
In some cases this is still necessary and the code merely moved to a different place.
The migration to the new config parser and config access allowed us to get rid of more
than 1500 LOC across both projects.
Another goal of the refactoring efforts was to fail fast on errors. In the past missing or
misformed parameters or semantic contradictions were ignored during execution (and
sometimes silently dropped) or corrected during runtime by inserting default values for
conflicting variables. This type of behavior is inconsistent at best and leads to results
that do not correspond to the given configuration at worst. Instead, errors should be
detected as early as possible and cause the optimization to terminate. This relieves
the user from the responsibility to read the logfiles after the optimization process to
make sure that no inconsistencies occurred during the process which may or may not
have been logged.
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We also strived to update and replace libraries (e.g. drop JsonCpp [4] for JSON by
Lohmann [34]) or drop them if they were no longer needed. A significant downside of
JsonCpp was the fact that the library does not fail if one tries to retrieve a non-existing
key of a JSON object but just returns the default value of that variable type (e.g. 0
for int). This is not desirable as typos in the JSON key name go mostly unnoticed
and only become apparent if the end result of a simulation is off the expected value by
a considerable margin. The new library by Lohmann throws an exception if we try to
retrieve a non-existing key or try to extract a different data type than the one that is
present, failing fast in both cases which is the desired behavior. Similar behavior not
necessarily related to used libraries could be found at multiple locations throughout the
codebase. Values outside of a certain interval of legitimate values were just clamped
to the interval unnoticed or replaced by a default value. Again we want to adopt the
principle of failing fast and alerting the user or developer about the issue instead of
silently continuing operation.
Moreover, we tried to make better use of existing library dependencies. An example would be the transition to Boost.Program_options from the widely used Boost
library [16] for consistent and concise generation of command line options replacing
manual parsers that were duplicated in every executable.
During the work on the codebase it became evident that the separation of both Sunand WindFlower in a Simulation and Optimization repository was not beneficial to
the project and just existed due to the history of the projects. The Optimization and
Simulation repositories of each project were subsequently merged removing the need
for some glue code between them and as a side effect reducing the complexity of the
build system.
Another task tackled was the standardization of the output files produced by different
tools in one repository but also between Sun- and WindFlower. To this point, many of
the binaries built write non-standard .csv files to hardcoded paths the content of which
in most cases is not needed anymore. The goal was to provide one comprehensive .json
file with detailed information about the economic values and optimization process and
one concise .csv file containing only the most relevant information (including the
positions of the best optimization result).

5.2. Choosing a new GA Library
During the thesis the need for a new library handling the evolutionary algorithm arose.
The previously used library caused problems during compilation on various machines.
Moreover, its implementation forced a considerable amount of boilerplate-code upon
the project and was hard to maintain. Therefore, the search for an alternative began.
The library had to fulfill several knock out criteria. Every call to the evaluation of the
simulation was required to be parallelizable as this is by far the most time consuming
part of the optimization. The amount of time spent in the logic of the GA is negligible.
The other exclusion criterion refers to the encoding of chromosomes. We need to be
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able to specify a custom genome encoding that is not limited to bitvectors (which many
libraries are).
Having fulfilled these requirements the main selection criterion is ease of use and
the extensibility / maintainability of the library with trivial compilation procedures
being a plus. The libraries evaluated were the existing GeneiAL [23], GAlib [55], Open
BEAGLE [5], openGA [38] and Evolving Objects (EO) [1].
openGA – the contestant that was adopted in the end – especially stood out due to
its small codebase and its implementation in a single file. Also its simple structure
facilitates even fundamental changes to its algorithm. Beneficial is also the fact that
it is implemented using a recent C++ standard (C++17).
GAlib
custom chromosome 3
parallelization
3
multi-objective
7
boilerplate-code

BEAGLE

openGA

GeneiAL EO

7
3
3

3
3
3

3
3
3

3
3
3

Table 2: Comparison of C++ GA libraries. The estimation of boilerplate complexity
was derived from studying the examples of the respective libraries.
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6. Test Cases
Test cases should differ in amount of instances (turbines / heliostats), weather conditions and layout. However, they should not contain excessive amounts of instances
(especially for Sunflower).
In order to ensure the transferability of our results we choose test cases that cover
a large spectrum of the existing and potentially coming real-world implementations
of either power plant. Environmental and building-site-dependent parameters include
but are not limited to: variation of weather conditions (number of sun-hours, standard
deviation of wind directions, ...), existence and size of forbidden areas (non-suitable
for construction) and overall size and shape of the construction site. Naturally, testing
a large variety of these parameters is infeasible but we aim to select test cases that
exhibit a variety of characteristics for the optimization results to generalize.

6.1. PS10 Central Receiver System
PS10 is a solar power plant situated in southern Spain near Seville. It consists of
624 heliostats and is the smaller of the two central receiver system test cases. The
plant was constructed from 2004 until early 2007 underlining the high-risk aspect of
these projects which makes optimization and predictability crucial. The plant produces
around 23 GW h per year.

6.2. Gemasolar Central Receiver System
The Gemasolar power plant is also located in the province of Seville in Spain. However, it consists of 2650 heliostats and produces 80 GW h per year. This test case was
chosen to analyze the differences of two power plants that differ only in the amount of
installed heliostats while the environment boundary conditions are mostly the same.

6.3. Sandbank Wind Farm
Sandbank is an offshore wind farm operated by Vattenfall off the coast of Germany in
the North Sea. It consists of 72 wind turbines spread over an area of 60 km2 [8]. It is
the smallest test case in our selection and the only one containing restricted areas.
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7. Parameter Study
Goal of this thesis This thesis aims to be an evaluation, extension and concretization
of Netz’ results [40]. He already measured the influence of different GA parameters on
the convergence speed and quality of the obtained results. We now want to give a more
specific description of the variables’ influence and the interplay of different parameters.
Ideally, we are able to identify the relevant parameters early on and can focus on an in
depth examination of a few important ones instead of analyzing many low-impact options of the algorithm. Moreover, we try to discover new means to positively influence
the behavior of the GA that either reduce computation time or improve the quality of
the result (fitness of the model).
The result of the thesis consists of several new pieces of information. The most basic
one is a description of the relevant parameters for the GA and how each one influences
the behavior of the algorithm. The key result consists of a suggestion how to configure
the genetic algorithm for maximal efficiency. It is obtained by means of a multitude of
experiments that run the optimization process with different configurations to analyze
the interplay of the GA parameters. One experiment consists of four parts. The
configuration parameters to be tested. They are depicted in one or several tables that
translate into the set of GA configurations that are tested. Second we lay out what
results we expect from these runs and why. Finally, the results of the tests and their
analysis are given. The results are in the form of a plot usually plotting the fitness of
the best performing chromosome against the total number of simulated layouts.
Determinism vs. randomness Most GA parameters have the inherent property that
they influence the amount of determinism in the algorithm. High elitism values are
associated with determinism because they cause a large quantity of the current population to be also present in the next generation. Contrary, a high probability to mutate
a chromosome causes the algorithm to introduce much more randomness in its procedure.
Finding good configuration parameters for the GA can be viewed as finding a good
balance between those two antipodal components. Choosing the amount of determinism too high can result in an insufficient exploration of the search space while a high
amount of randomness cripples the evolutionary properties of the GA.
Optimal behavior of the GA We want to optimize the parameters of the GA. When
optimizing something we need to know what we are aiming for; in our case how the
convergence behavior of the GA should look like.
In this thesis we refrain from the usage of both the pattern generators (to seed the GA
with sufficiently good solutions) and the local optimization (that would normally be
applied after the GA for a more efficient local search) as they achieve different levels of
fitness in SunFlower and WindFlower and thereby make the results (of the complete
optimization chain) less comparable across the two problems.
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Figure 19: Possible convergence behaviors.
When specifying what we want to optimize for, it is important to keep in mind that
the GA has its place in the multi-step optimization and is usually not operated on its
own. This influences how the optimal convergence behavior looks like. We do explicitly
not aim for GA parameters that achieve the highest fitness but take a long time to do
so. The last bit of additional fitness of the layout can be achieved much more efficiently
by the local search algorithm that takes as input the best solution of the GA. This is
why a convergence behavior that converges to a “good” fitness in a short amount of
time (GA configuration 2) is preferred over a configuration that takes a long time to
achieve a “very good” fitness that offers only a small benefit over the “good” result (GA
configuration 1, qualitative examples for this are illustrated in Figure 19). The local
search is algorithmically much more fitted to perform the final micro-optimizations
and the combination of the “good” GA followed by the local optimization will achieve
the same fitness as the “very good” GA usually faster than the “very good” GA on its
own.
Comparing Different Configurations When facing the task of comparing results
obtained with sometimes vastly different GA configurations or configurations run on
different test cases, the problem of comparing the results in a meaningful way presents
itself. It is fairly easy to compare two results qualitatively as it is evident if a certain
configuration performs good or bad on two different test cases, but we also want allow
for a quantitative comparison of two different configurations executed on the same test
case.
The x-axis should ideally depict a measure that scales linearly with the runtime of the

37

algorithm while still being comparable on different hardware setups. This is not easy
because hardware can differ in multiple essential parameters influencing the runtime of
the GA including but not limited to: CPU power (MIPS), CPU instruction set, CPU
cache speed and size, memory bandwidth and size, etc. Another problem introduced
by the test setup is that multiple tests are run in parallel but without any certainty of
how many are operating simultaneously at any point in time eliminating the runtime
in seconds as valid measure. A more robust way to compare to configurations is to
count how many calls to the simulation are necessary to achieve the same fitness (one
call being equivalent to the computation of the energy output for one specific layout). This has not only the advantage that it compensates for the impact of different
population sizes but also includes evaluation calls that occur in all stages of the GA.
Our crossover operation for example makes use of evaluation of a layout to produce
the offspring. Furthermore, comparing two different performance plots becomes more
intuitive. The comparison of fitness values after a specific amount of evaluations is
meaningful even if the GA configurations differ.
The underlying assumption legitimating this is that the amount of time spent in the
logic of the genetic algorithm is vanishingly small in comparison to the time spent in
the simulation model. Counting the number of function calls enables a sufficient level
of precision and comparability over different GA configurations and different hardware
with varying load as it is completely independent from the execution speed.
This method still has some flaws though. Due to the inherent randomness of the
algorithm we cannot guarantee that each evaluation call has to deal with the same
amount of instances placed in the layout; again the notable offender is the crossover
method. Also, other time-consuming operations take place during optimization that
are not covered by counting the evaluation calls, most importantly the generation of
random layouts or the addition of random positions to existing layouts. This makes it
especially hard to compare two configurations that use vastly different values of Prand
using this method.
By implementing counting the evaluation calls we also address a flaw in the analysis
of Netz where the fitness was plotted against the number of the generations in the
GA. This however is not viable when comparing different runs executed with different
configurations.

Usage of multi-step optimization in the experiments Despite disposing of a functional multi-step optimizer we abstain from using it in our experiments. The first step
in the multi step optimization is the generation of patterns that are used to seed the
GA. The achieved fitness using patterns however varies greatly in the wind farm and
central receiver system optimization. To preserve a higher level of comparability we
do not rely on patterns as initial solutions to the GA and instead only use random
solutions as initialization.
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parameter

value(s)

Npop
NP_elite
Bprefer_better
Nelite
Prand
µ
nµmin
nµmax
pc
Nmax_it

100
0
true
1
0.1
0.2
3
9
0.1
1000

Table 3: Reference GA parameters

7.1. Explanation of Visualizations
For the visualization of the optimization process we include the relevant optimizer
settings in the graphs to allow for easier assignment of the figures to the corresponding
experiment. As already mentioned we run each optimization setting multiple times,
five times in our case. All runs are plotted in the same figure, resulting in what looks
like thick lines in the graph which really are different runs that yield very similar
results.
It is worth noting that a high absolute fitness value does not mean the solution is
actually good, it may just be a property that emerges from the problem parameters.
Large numbers of instances seem to be penalized by our fitness calculation across both
wind farms and central receiver systems. We can however use the first generation
(which only consists of random solutions) as a baseline for our evaluation and examine
the relative improvement of the fitness value as well as the characteristics of the line
for our analysis.
It is important to note that the graphs are cut off as soon as the performance of the best
solution stalled in order to only show the interesting part of the performance curve.
As we always plot five runs this means the fitness curve seems to thin out towards the
end due to some of them being cut off sooner.
The parameters roughly rely on the numbers used by Netz. Another parameter left
unchanged in the experiments is the resolution of the discretization ρ which Netz has
shown to have no impact as long as it is large enough. Undersized values lead to a
lower final fitness which is explained by the coarse discretization that prohibits microoptimization.
After inspecting the first results (Appendix A.2.1), we noticed that there was never an
improvement in fitness after a longer stagnation. Hence, we decided to implement an
additional stopping condition to limit the amount of generations without improvement
and therefore runtime of the optimization. In addition to the upper bound on the number of generations given by Nmax it we employ an early stopping mechanism relying on
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exponential moving average. In practice, it has proven to be a much stronger limiting
factor than plainly limiting the amount of iterations.

7.2. Experiments
Note: If any parameter is not specified in any of the following tables it is set to the
reference value (Table 3).
Not all experiments were performed on all test cases. The test cases for central receiver
systems in general and Gemasolar due to its large number of heliostats in particular
took a very long time to compute. The optimization process for a single configuration
often exceeded one month of CPU time on our machine.
7.2.1. Trade-off Between Population Size and Iterations
Netz claims that a higher population results in a faster convergence. This makes sense
if we do not compensate for the increased number of evaluations that result from
the larger population. We investigate this phenomenon by increasing the population
size while reducing the maximum amount of iterations. The parameters Nmax it and
Npop will be configured mirror-inverted in the range [10,100,1000,10000] (Table 4).
The results will then be plotted against the number of evaluations instead of the
generation of the evolutionary algorithm. A potential pitfall in this experiment is that
we do not know how to sensibly adjust the rest of the parameters that also influence
the algorithm. In the experiment we will scale Nelite linearly with the population size
and keep the rest of the parameters the same.
Expected Results We expect to find a sweet spot somewhere in the middle because
both large population, few iterations and small population, many iterations have weaknesses.
A small population cannot hold enough diversity to avoid fast convergence to a local
optimum and few iterations prohibit the beneficial effects of repeated recombination
of valid solutions. Therefore, we expect either Npop = 100 or Npop = 1000 to perform
best.
Results The graphs of the results can be found in Appendix A.2.1. Note that these
were not performed with the actual amount of heliostats in PS10 to reduce the runtime;
this also why we cannot compare them to the results of the pattern optimizer in
Appendix A.1.
The results for the PS10 test case suggest that our assumption that the ideal balance
between population size and iterations lies somewhere between 100 individuals at 1000
generations and 1000 individuals and 100 generations is correct.
On the other hand, the results of the Sandbank test case do not support these claims.
For Sandbank the largest population at very few iterations performed the best.
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parameter

value(s)

parameter

value(s)

nµmin
nµmax
µ
Bprefer_better
Npop
Nelite
Prand
Nmax_it

3
15
0.75
False
10
1
0.1
10000

nµmin
nµmax
µ
Bprefer_better
Npop
Nelite
Prand
Nmax_it

3
15
0.75
False
1000
100
0.1
100

nµmin
nµmax
µ
Bprefer_better
Npop
Nelite
Prand
Nmax_it

3
15
0.75
False
100
10
0.1
1000

nµmin
nµmax
µ
Bprefer_better
Npop
Nelite
Prand
Nmax_it

3
15
0.75
False
10000
1000
0.1
10

Table 4: Parameters used to test the trade-off between population size and maximum
iterations
7.2.2. Favoring Better Individuals for Crossover
The parameter Bprefer better controls whether individuals with a higher fitness have a
higher chance to be selected for crossover. Intuitively, this is meant to avoid breeding
individuals that have a low fitness value while not omitting them completely. However,
it is possible that enabling this parameter leads to a faster convergence to an unwanted
local optimum. Moreover, the breeding low with high fitness or low with low fitness
may still result in a well-performing individual.
Expected Results We expect that Bprefer better enabled leads to faster convergence.
We expect the influence of the parameter to be small to moderate as it does not cause
extensive changes to the algorithm.
parameter

value(s)

Bprefer_better

true

Bprefer_better

false

Table 5: Parameters to test the usefulness of Bprefer better
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Results The graphs of the results can be found in Appendix A.2.3. Our assumption that giving well-performing individuals a higher selection chance will increase the
convergence rate is not supported by the results of both PS10 and Sandbank. The
differences in the curve are marginal. Nonetheless, enabling the parameter does yield
a higher final fitness in both results.
7.2.3. Ensuring Breeding of Best Individuals
This test is similar to the previous in the way that it favors high-performing individuals.
Only this time we do not adjust their chance to be bred but ensure that the top NP elite
individuals are used for at least one crossover operation. To evaluate the effect of this
parameter we set it to multiple values as shown in Table 6.
parameter

value(s)

NP_elite

0

NP_elite

1

NP_elite

5

NP_elite

10

Table 6: Evaluating whether enforcing that the top x individuals take part in breeding
operations is beneficial.

Expected Results As in the previous test we expect this setting to increase the convergence rate. However, we assume this parameter to have a more serious impact on the
algorithm. The convergence may be affected negatively way, causing the optimization
to stop early on a local maximum.
Results The graphs of the results can be found in Appendix A.2.4. Neither Gemasolar nor PS10 nor Sandbank show significant differences for different values of the
parameter.
7.2.4. Required Amount of Elitism
Elitism is an apparent beneficial modification to the genetic algorithm. But how much
elitism is required exactly with regard to the population size? We are going to test
multiple amounts of elitism ranging from no elitism at all to an unreasonably high
value. Note that the configurations contain values that result in no elitism to support
our claim that an arbitrary amount of elitism is absolutely required for the algorithm
to work. The concrete values are given in Table 7.
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Expected Results We expect to see a significant difference between no elitism at
all and any amount elitism. We believe that even for a large population a rather
small percentage of elitism is sufficient. We expect the differences between any of the
configurations where elitism is active to be marginal.
parameter

value(s)

Nelite

0

Nelite

5

Nelite

10

Table 7: Different amount of elite chromosomes

Results The graphs in Appendix A.2.8 do not exhibit any meaningful differences
which is particularly surprising. Completely disabling elitism should yield considerably
worse results.
7.2.5. High Amounts of Randomness
In these experiments we want to vastly increase the amount of randomness in the optimization process (see Table 8). In order to achieve this, only a small amount of elites
and few individuals from the offspring pool are copied into the next generation. The
vast majority is going to consist of random individuals. What we hope to achieve by
this is that the few well-performing chromosomes (elites and offspring from the previous
generation) are going to be bred mainly with random chromosomes. As the selection
pool is larger than Nelite + Nof f spring and thanks to the random coupling operation,
couples of one well-performing and one random individual will be the main source of
offspring.

Expected Results We hope that the combination of established solutions and completely random solutions is more fruitful than breeding mostly well-performing chromosomes with each other as they may have already converged to be very similar. A
drawback of this strategy is the vast amount of random solutions that is inserted each
generation. They will induce many costly evaluations using the simulation. We expect
this to perform worse than the reference configuration.
parameter
Prand

value(s)
0.6

parameter

value(s)

Prand

0.8

parameter
Prand

value(s)
0.9

Table 8: Parameters that cause high amount of randomness in the optimizer with some
variations.
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Results The Sandbank graphs in Appendix A.2.5 support our suspicion that large
percentages of random chromosomes do not improve the convergence behavior. For
Gemasolar the impact of the parameter is negative as well but less pronounced than
the wind farm result.
7.2.6. Randomization of Amount of Mutated Instances
When a chromosome is chosen for mutation a random number r is drawn uniformly
from the interval [nµmin , nµmax ]. Then r instances are mutated in this chromosome. In
this experiment we want to investigate if the randomization has a substantial impact
on the convergence behavior of the GA. To test it we run the GA with 4 different
intervals [nµmin , nµmax ]. All share the same expected value and will — in the long run
— mutate roughly the same amount of instances.
Expected Results We do not expect a significant influence on the behavior of the
GA from this modification.
parameter

value(s)

parameter

value(s)

nµmin
nµmax

6
6

nµmin
nµmax

2
10

nµmin
nµmax

5
7

nµmin
nµmax

0
12

Table 9: Parameters that go continually from an interval containing one value to the
largest interval possible

Results The graphs of the results can be found in Appendix A.2.6. The simulations
do not show any differences neither in final fitness nor in the fitness curve. The choice
n
+n
of nµmin and nµmax seems to be irrelevant as long as µmin 2 µmax stays the same. I
suggest dropping this parameter entirely to reduce the dimension of the configuration
space by one.
7.2.7. Interplay of Mutation Variables
The mutation of random chromosomes is an essential mechanism for better search space
exploration and to avoid early convergence towards a local optimum. Tweaking these
parameters is crucial for the performance of the GA. The three parameters responsible
for controlling mutation are expected to strongly influence each other. Therefore,
we need to test a lot of configurations to get an understanding about their pairwise
relationships. Table 10 contains 27 different configurations (three options for each
parameter).
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Expected Results We expect the combination where two or more of the parameters
are set to the largest possible value to perform badly because we chose to set the
highest of the three options to a fairly extreme value. In configurations where only
one value is set to its “high” option the extremes could balance each other out in an
interesting way.
parameter

value(s)

nµmin
nµmax
µ
pc

3
3
[0.01, 0.05, 0.4]
[0.01, 0.1, 0.4]

nµmin
nµmax
µ
pc

10
10
[0.01, 0.05, 0.4]
[0.01, 0.1, 0.4]

nµmin
nµmax
µ
pc

20
20
[0.01, 0.05, 0.4]
[0.01, 0.1, 0.4]

Table 10: Various combinations for the three parameters relevant for mutation (each
parameter represented as a list is tested with any other combination of parameters yielding 27 configurations)
.

Results Again, the results do not exhibit significant differences.

45

8. Discussion and Conclusion
The results of the optimization of almost all test cases are inconclusive as most of
them yielded the same fitness up to a very small error which we attribute to random
chance despite the fact that each configuration was run five times. We are only able to
conclude that one parameter is superfluous (we do not need to provide an interval for
the number of mutated instances, on value is enough) and that two of our configurations are detrimental to performance due to them being negative outliers. One is the
configuration that does not favor better performing individuals (see Appendix A.2.3)
the other one being the configuration with excessive amounts of randomness (see Appendix A.2.5). In both cases the negative impact on the GA is not surprising.
Summarizing, we can say that despite sometimes vastly different configurations neither wind farm nor central receiver system test cases exhibited large enough differences
that would allow us to trace differences in fitness or the fitness curve back to individual
parameters. Only intuitively “bad” configurations like injecting excessive amounts of
random solutions into the system produced substantial differences. As these configurations were expected to perform badly and were only chosen to verify our expectations
we were not able to generate new knowledge from the results.
Nevertheless, most of our results for PS10 – the best one having a fitness of 0.491
(Figure 49) – were able to outperform the pattern optimizer (Table 12) with a fitness
of 0.458 by a significant margin. This result could not be replicated for the Gemasolar
test case. This proves that the usage of a GA can be effective. It is however, not
efficient; the amount of time necessary to reach this level of fitness is tremendous, even
if we consider that the early stopping mechanism could (and should) be configured
more aggressive. It would still be a runtime of hours for the pattern optimizer vs. days
for the GA.
Seeing the GA outperform the pattern optimizer might suggest to further pursue
the usage of the GA as part of our optimizer. On the other hand it only did so for
the smaller test case indicating that its performance will deteriorate further when facing larger test cases (which is backed by the problems presented in the next section).
Moreover, there are multiple inherent problems in the mechanism of the GA which
cannot be fixed with further tweaks. While we did not test it, we expect using a MultiStep Optimizer only consisting of a pattern optimizer and the local search to always
outperform an optimization chain that also includes the GA.
Our final conclusion is that the utilization of the GA should not be further investigated.
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9. Future Work
In this section we will present some ideas that came up during the work on this thesis
but were out of scope or simply impossible to test as the simulations take such a long
time to compute. Additionally, we present an alternative to the GA and discuss its
strong and weak points as well as inherent problems of the genetic algorithm.

9.1. Further Experiments
This section contains experiments we thought of but which due to time constraints did
not make the cut. Note that we do not expect any of these to remedy the structural
problems of the GA.
9.1.1. Mutating using Local Search
We also considered a mutation mechanism that makes use of a portion of the local
search algorithm. While the normal mutation moves an instance over a distance dictated by the value of µ, the local search mutation moves the instance within a small
radius of its original position. Furthermore it makes sure that the fitness is not negatively affected by the mutation and also tries to move in multiple directions. If it is
not able to improve the fitness of the layout using this approach, the instance is not
moved at all. Using local mutations could help tackle the problem of frequent complete
resimulations.
9.1.2. Even higher selection chance for good individuals
The experiments show that it is beneficial to favor well-performing individuals for
breeding. Currently, an individual with high fitness has a linearly higher chance of
selection. It might be interesting to further amplify the effect beyond a linear relationship.

9.1.3. Constant selection chance, enforce breeding best
Somehow contrary to the previous suggestion, giving each individual the same selection
chance while still enforcing the best individuals to take part in breeding could yield
the benefits of breeding the best individuals while also maintaining more sources of
randomness.

9.2. Problems using a GA
In this section we will present some shortcomings of the GA and reasons why this
optimization tool might not be well-suited to our problem.
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Non-local changes between optimization iterations The main problem that emerges
from the usage of a GA for position optimization is that there are no small-scale changes
between iterations. While the GA has not converged, the crossover operation will produce a layout that is different from all the layouts that have been evaluated so far. It
will differ from both of its parents globally not locally. This means we cannot harness
the evaluation results of either of its parents. So necessarily we need a full resimulation
of the new layout. This problem becomes increasingly grave with growing instancecount. In contrast, the runtime of the local search algorithm does not increase with
layouts containing more instances - its runtime and potential improvement stay constant. This and the fact that the algorithm runtime is much more predictable makes
it more suitable for larger problem instances as short iterations with small fitness
increases are favorable over long iterations with larger fitness jumps (assuming that
one full resimulation withing the GA will also lead to linearly larger improvements in
fitness).
Sensitivity to parameters Genetic algorithms in general and our implementation in
particular provide a wide range of configuration parameters to influence their behavior.
Not only are the configuration options plentiful, GAs in general (Note that our GA
does not have this property, it is mostly indifferent to parameter changes) are also very
sensitive to changes in some of these options. We say some because not all parameters
influence the behavior of the GA in a meaningful way. In this work we wanted to find
out which parameters are really relevant and worth tweaking and which can just be
left at a standard value all the time. However, the parameters that are relevant usually
have a very high impact on the GAs behavior and need to be tweaked well for it to
run at its full potential. Depending on the problem instance the theoretical optimal
parameters may or may not change. So we need to make a compromise to obtain a set
of options that perform reasonably well in most circumstances or deduce a formula to
adjust parameters with regard to the problem instance.
Both of these are viable options, however, using an algorithm that is less sensitive to
configuration or does not need to be configured at all is preferable.
Sensitivity to initial solutions Genetic algorithms need a starting point from which
they start improving the solution. Due to the inherent convergence of the GA
the characteristics and the quality of the initial solutions have a strong influence on
future solutions generated by the GA. A potential risk is that a GA seeded with an
optimized mathematical pattern will never generate solutions that diverge from that
pattern, despite random solutions being injected into the population every generation,
simply because it is unlikely that an optimized pattern is improved by random changes
or by breeding it with a random solution.
Non-standard genome structure The genome structure we use is a set of positions
(layout) where traditionally the genome encodings used in genetic algorithms are vectors of bits or numbers. Albeit, there is no meaningful way to encode a layout in an
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ordered vector since the order in which the positions are sorted has no influence on the
semantic of the vector – the layout stays the same. This disallows us to use tried and
tested crossover operations from literature and may even hamper the whole mechanism
of the GA.
No utilization of domain knowledge and problem parameters Our implementation
does not try to make use of any existing domain knowledge from either wind farms
or central receiver systems nor do we consider additional information we have about
the problem instance. For wind farms, a useful piece of information could be the top
three dominant wind directions, for central receiver systems the position of the tower
and the distance of the site to the equator. None of this information is used in the
optimization. On the one hand this simplifies the integration of the algorithm because
it only needs to operate on layouts and not care about the problem parameters, on
the other hand we discard valuable information that could be used to develop more
sophisticated optimization methods.

9.3. Additional Tweaks
Over the course of this thesis we had more ideas on how to improve the optimizer or
related parts of the code through additional parameters or new concepts some of which
we will present here. Note that they are not limited to usage with the GA but can be
beneficial to any optimization algorithm.
9.3.1. Sector-wise Optimization
To combat the problem of total resimulation between optimization iterations, one
might divide the construction area into multiple (rectangular) sectors each of which is
optimized on its own in the first phase. After each sector has been optimized (treating
all the other sectors as empty), in the second phase, the solutions are merged and
discontinuities at the borders are resolved.
While it solves the problem of requiring full resimulations (now only one sector needs
to be evaluated) it creates a lot of new complications. For example, it may not be beneficial to have the same amount of instances in each sector, and optimizing all sectors
individually without accounting for that makes the first phase complexity pointless and
just shifts the problem to the second phase. Therefore, the algorithm has to account
for the fact that instances might not be evenly distributed across the construction area.
One could solve this by randomly moving an instance to a (neighboring) sector at any
given iteration. Over time this will result in an appropriate distribution of instances.
Unfortunately, this operation (random exchange of instances) defeats the independence
of each sector in the first optimization step. Another approach could be to optimize
each sector with more instances than needed and to just drop some off at the end –
this however will likely result in non-optimal layouts.
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9.3.2. Dynamic Accuracy of Simulations
Improving the runtime of the GA is crucial, therefore dynamically adjusting the accuracy at which the simulations are performed is a good way to increase speed, especially
in early generations. Notice that the accuracy of the simulation only needs to be high
enough to distinguish good from bad solutions. That means that especially in early
generations we can get away with low accuracy simulations, as the population has not
started to converge and the difference in fitness between individuals is still high. As
the algorithm progresses and differences in fitness decrease, the accuracy needs to be
ramped up to be able to pick the better of two solutions.

WindFlower For WindFlower the accuracy could be tweaked by changing the amount
of simulated wind directions or time slots. Both of these parameters are discrete and
therefore do not allow for a smooth adjustment of the accuracy, moreover, they require
an interpolation of the wind data upon change which is costly on its own and increases
the complexity of the algorithm. However, the runtime of WindFlower was not a large
problem in practice making this tweak superfluous. This may change when we start
optimizing wind farms that have an amount of turbines that approach the number of
heliostats in a large central receiver system.

SunFlower Adjusting the accuracy in SunFlower is much easier, can be done by
changing only one parameter and needs little to no changes to the codebase. The
parameter in question is the number of sunrays that the ray tracer shoots at the heliostats to calculate the percentage of mirror surface that ends up reflecting rays to the
receiver. Although also being a discrete parameter, its value is usually high enough
(a few thousand) to allow for fine-grained control. Similar to the wind farm we could
also adjust the number of simulated day and time slots. The negative implications of
changing these parameters are similar to the ones mentioned for WindFlower (algorithm complexity, recomputation of data) and make them an inferior choice compared
to the number of rays.
This adjustment could prove essential for SunFlower as it linearly impacts the runtime
of the simulation (halving the number of rays will roughly halve the runtime of one
simulation).
9.3.3. Lazy Generation of Random Solutions
Most of the time spent during optimization is not in the logic of the optimization
algorithms but in the simulation of solutions. In order to reduce the amount of simulations that need to be run in the first place we can exploit some properties of random
solutions. First, their fitness is always roughly the same; the fitness of any random
solution generated over the course of one optimization process will bunch around one µ
with a comparably small σ. That means after generating a random solution we already
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know its performance to a high extent without ever simulating it. Second, their fitness
will always be worse than the best individual in our population (except for the very
first generations). Third, a given random solution does not have a high priority of
being chosen for breeding. This is partly because favoring well-performing individuals
for breeding has turned out to be beneficial and partly because even with a constant
selection probability for all individuals a single given individual has a relatively high
chance of not being chosen.
Combining this information we can infer that random solutions all evaluate to the
same bad fitness and (therefore) a significant percentage of them are not considered
for breeding. This means not only do we not need to evaluate a random solution until
it is chosen for breeding, we can also completely skip generating one and just add a
placeholder to the population at zero cost without negative side-effects. In the next
section we will illustrate why skipping not only evaluation but also generation can be
a valuable performance gain.
9.3.4. Smart Generation of Random Solutions
Random solutions play a a significant role in a GA and even with lazy generation
applied a large amount of them needs to be generated throughout the optimization
process. We noticed that in SunFlower a surprising amount of time is spent with
their generation. We assume this to be the cause due to the way we generate random
solutions and an inherent property of heliostat fields. Whenever we need a random
solution of a certain size n, we iteratively add random positions to a layout while assuring that each new position does not conflict with the existing layout (overlapping
instances or minimum distance between distance not adhered to). This process incurs
O(n2 ) distance checks between instances. This is true for both Sun- and WindFlower
and quadratic growth itself is not the problem.
This way of generating random solutions becomes a problem when we need to randomly generate a layout that is densely packed into our building site. As the number
of instances we want to place in the layout n approaches the maximum amount of
instances that can theoretically be placed using random placement nmax the process
slows down significantly (Note that nmax is not a precise number due to randomness
and also not close to the amount of instances that can be placed using classical sphere
packing in 2D).
The reason this process is slow for n approaching nmax is quite intuitive. Suppose we
want to generate a layout for n = 3000 (reasonable amount of heliostats for central
receiver systems) with nmax = 3500. As we iteratively add instances to the layout
the probability of a random position hitting a free spot in our layout becomes smaller
and smaller. Still, each new random position needs to be checked against the existing
layout resulting in a runtime exceeding O(n2 ) by a lot.

Possible solution WindFlower already uses circle packing as a quick way to generate
good initial solutions. We can overhaul our random generation process by computing
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a circle packing of instances in the construction area and using it as a base to generate
random solutions. This only needs to be perfomed once. Generating a random solution
from the circle packing would be performed by first randomly removing instances from
the layout until we hit n and in a second step moving each instance for a random
distance in a random direction. The second step will still produce collisions between
overlapping instances, but they are much easier to fix as we can reduce the distance
moved or change the direction in which we move the instance. This approach also
mitigates the endless search for a valid layout because we can always move conflicting
positions back to the original positions taken from the circle packing. In the worst case
we can just skip the second step completely, generating a valid layout at zero cost that
still exhibits randomness to a certain extent.
9.3.5. Remove the GA?
As outlined in the previous paragraphs it does not seem possible to keep the GA
applicable for large problem instances. At this point we need to ask ourselves whether
we want to keep the GA at all when it is so hard to adapt it into an algorithm that
scales better with large problem instances. In the next section we will present one
possible alternative and discuss its strength as well as similarities to the GA.

9.4. PSO as Alternative to the GA
As already mentioned before, Particle Swarm Optimization is an established means
of optimization for wind farm layouts. It shares the disadvantage of the GA that all
the changes to layouts are non-local. An advantage of PSO is the dimension of the
configuration parameter space which is much smaller than the one of the GA meaning
that tweaking the algorithm for different problem classes might be easier. However, this
might be a naive assessment of the situation as a lot of the configuration parameters
we have to deal with emerge from our custom and problem specific modification to the
GA algorithm. Assuming we tweak PSO to a similar extent this perceived advantage
will quickly vanish as our custom modifications quickly inflate the amount of tweakable
parameters.
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A. Appendix
A.1. Results of SunFlower Pattern Optimization
Tables 11 and 12 contain the fitness of different patterns that were optimized using
the Globalized Bounded Nelder-Mead method.
Pattern

fitness

biomimetic
contracted honeycombs
hexagonal
regular cornfield
staggered cornfield

0.0697
DNF
0.0679
0.1110
0.1121

Table 11: Results of the pattern optimization for the Gemasolar test case

Pattern

fitness

biomimetic
contracted honeycombs
hexagonal
regular cornfield
staggered cornfield

0.4313
0.4580
0.2215
0.3843
0.4427

Table 12: Results of the pattern optimization for the PS10 test case
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A.2. Plots of Optimization Performance
A.2.1. Population Size vs. Iterations

Figure 20: PS10: Very high population size, very few iterations

Figure 21: PS10: High population size, few iterations
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Figure 22: PS10: Reference population size, reference iterations

Figure 23: PS10: Small population size, many iterations
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Figure 24: Sandbank: Very high population size, very few iterations

Figure 25: Sandbank: High population size, few iterations
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Figure 26: Sandbank: Reference population size, reference iterations

Figure 27: Sandbank: Small population size, many iterations
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A.2.2. Reference configuration

Figure 28: PS10: Reference configuration
A.2.3. Breeding Probability depending on Fitness

Figure 29: PS10: Prefer breeding genes with higher fitness
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Figure 30: PS10: All genes have equal breeding probability

Figure 31: Sandbank: Prefer breeding genes with higher fitness
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Figure 32: Sandbank: All genes have equal breeding probability
A.2.4. Enforce Breeding the Best Chromosomes

Figure 33: PS10: Always breed the best chromosome
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Figure 34: PS10: Always breed the best five chromosomes

Figure 35: PS10: Always breed the best ten chromosomes
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Figure 36: Gemasolar: Always breed the best chromosome

Figure 37: Gemasolar: Always breed the best five chromosomes
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Figure 38: Gemasolar: Always breed the best ten chromosomes

Figure 39: Sandbank: Always breed the best chromosomes
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Figure 40: Sandbank: Always breed the best five chromosomes

Figure 41: Sandbank: Always breed the best ten chromosomes
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A.2.5. High Percentage of Random Solutions

Figure 42: PS10: Inject high amounts of random chromosomes, 60%

Figure 43: Gemasolar: Inject high amounts of random chromosomes, 60%
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Figure 44: Gemasolar: Inject high amounts of random chromosomes, 80%

Figure 45: Gemasolar: Inject high amounts of random chromosomes, 90%
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Figure 46: Sandbank: Inject high amounts of random chromosomes, 60%

Figure 47: Sandbank: Inject high amounts of random chromosomes, 80%
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Figure 48: Sandbank: Inject high amounts of random chromosomes, 90%
A.2.6. Randomizing the Number of Mutated Instances

Figure 49: PS10: Always mutate the same amount of positions
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Figure 50: PS10: Light spread in number of mutated positions

Figure 51: PS10: Medium spread in number of mutated positions
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Figure 52: PS10: High spread in number of mutated positions

Figure 53: Gemasolar: Always mutate the same amount of positions
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Figure 54: Gemasolar: Light spread in number of mutated positions

Figure 55: Gemasolar: Medium spread in number of mutated positions
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Figure 56: Gemasolar: High spread in number of mutated positions

Figure 57: Sandbank: Always mutate the same amount of positions
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Figure 58: Sandbank: Light spread in number of mutated positions

Figure 59: Sandbank: Medium spread in number of mutated positions
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Figure 60: Sandbank: High spread in number of mutated positions
A.2.7. Mutation Variation

Figure 61: Sandbank: Low number of mutated positions, low mutation strength, low
mutation rate
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Figure 62: Sandbank: Low number of mutated positions, medium mutation strength,
low mutation rate

Figure 63: Sandbank: Low number of mutated positions, high mutation strength, low
mutation rate
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Figure 64: Sandbank: Low number of mutated positions, low mutation strength,
medium mutation rate

Figure 65: Sandbank: Low number of mutated positions, medium mutation strength,
medium mutation rate
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Figure 66: Sandbank: Low number of mutated positions, high mutation strength,
medium mutation rate

Figure 67: Sandbank: Low number of mutated positions, low mutation strength, high
mutation rate
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Figure 68: Sandbank: Low number of mutated positions, medium mutation strength,
high mutation rate

Figure 69: Sandbank: Low number of mutated positions, high mutation strength, high
mutation rate
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Figure 70: Sandbank: Medium number of mutated positions, low mutation strength,
low mutation rate

Figure 71: Sandbank: Medium number of mutated positions, medium mutation
strength, low mutation rate
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Figure 72: Sandbank: Medium number of mutated positions, high mutation strength,
low mutation rate

Figure 73: Sandbank: Medium number of mutated positions, low mutation strength,
medium mutation rate
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Figure 74: Sandbank: Medium number of mutated positions, medium mutation
strength, medium mutation rate

Figure 75: Sandbank: Medium number of mutated positions, high mutation strength,
medium mutation rate
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Figure 76: Sandbank: Medium number of mutated positions, low mutation strength,
high mutation rate

Figure 77: Sandbank: Medium number of mutated positions, medium mutation
strength, high mutation rate
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Figure 78: Sandbank: Medium number of mutated positions, high mutation strength,
high mutation rate

Figure 79: Sandbank: High number of mutated positions, low mutation strength, low
mutation rate
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Figure 80: Sandbank: High number of mutated positions, medium mutation strength,
low mutation rate

Figure 81: Sandbank: High number of mutated positions, high mutation strength, low
mutation rate
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Figure 82: Sandbank: High number of mutated positions, low mutation strength,
medium mutation rate

Figure 83: Sandbank: High number of mutated positions, medium mutation strength,
medium mutation rate
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Figure 84: Sandbank: High number of mutated positions, high mutation strength,
medium mutation rate

Figure 85: Sandbank: High number of mutated positions, low mutation strength, high
mutation rate
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Figure 86: Sandbank: High number of mutated positions, medium mutation strength,
high mutation rate

Figure 87: Sandbank: High number of mutated positions, high mutation strength, high
mutation rate
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A.2.8. Required Amount of Elitism

Figure 88: Sandbank: No elitism

Figure 89: Sandbank: One elite
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Figure 90: Sandbank: Three elites

Figure 91: Sandbank: Ten elites
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