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KURZFASSUNG

Die zunehmende Verbreitung von Photovoltaik (PV)-Anlagen und Batteriespeichern in Wohngebieten stellt
neue Herausforderungen an die Optimierung des Energiemanagements in Haushalten. Herkdmmliche
Systeme sind oft nicht in der Lage, den Energiefluss zwischen PV-Erzeugung, Batteriespeicher und
Verbrauch effizient zu koordinieren, insbesondere bei wechselhaften Wetterbedingungen und
schwankendem Bedarf. Diese Arbeit zielt darauf ab, ein simulationsbasiertes Energiemanagementsystem
zu entwickeln, das den Eigenverbrauch von erneuerbarer Energie durch intelligente
Steuerungsalgorithmen und intelligente Planung maximiert. Die Masterarbeit umfasst die Erstellung eines
konfigurierbaren Simulationsrahmens zum Testen verschiedener Systemparameter,
Geratekonfigurationen und Wetterbedingungen. Zu den wichtigsten Zielen gehoren die Optimierung der
Energieverteilung, die Planung von Hochleistungslasten und die Erstellung datengestitzter Berichte zur
Bewertung der Systemleistung Uber definierte Zeitrdume. Der theoretische Rahmen untersucht
Energiemodellierung, Wettereinfllisse, Optimierungsstrategien und die Rolle der modellbasierten Technik.
Der praktische Teil validiert das System anhand realer Wetterdaten, simuliert Verbrauchsmuster von
Haushalten und vergleicht die Leistung von Algorithmen. Diese Arbeit tragt zur Weiterentwicklung
intelligenter Energiesysteme bei, indem sie eine skalierbare Lésung zur Steigerung des Eigenverbrauchs

erneuerbarer Energien in privaten Haushalten bietet.

ABSTRACT

The growing adoption of photovoltaic (PV) systems and battery storage in residential areas presents new
challenges in optimizing household energy management. Traditional systems often fail to efficiently
coordinate energy flow among PV generation, battery storage, and consumption, especially under variable
weather and fluctuating demand. This research aims to develop a simulation-based energy management
system that maximizes self-consumption of renewable energy through intelligent control algorithms and
smart scheduling. The project includes the creation of a configurable simulation framework to test various
system parameters, device configurations, and weather conditions. Key objectives include optimizing
energy distribution, scheduling high-power loads, and producing data-driven reports to evaluate system
performance over defined timeframes. The theoretical framework explores energy modelling, weather
impact, optimization strategies, and the role of model-based engineering. The practical component
validates the system using real weather data, simulates household consumption patterns, and benchmarks
algorithm performance. This work contributes to the advancement of smart energy systems by offering a

scalable solution for increasing renewable energy self-consumption in private households.
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Introduction

1 INTRODUCTION

Many homeowners invest in PV (photovoltaic) modules and batteries with good intentions, but
miscalculations quickly lead to inefficiencies and missed opportunities to maximize their sustainable energy

impact.

Miscalculating the size of photovoltaic (PV) systems and battery storage is a common and costly issue that
directly contributes to the inefficient use of renewable energy, often referred to as the "wasting of green
energy." When PV arrays and batteries are poorly matched, it leads to operational inefficiencies, economic

losses, and reduced environmental benefits.

The fundamental concern pertains to the suboptimal sizing of photovoltaic (PV) arrays and battery storage
systems. This imbalance, whether it manifests as an oversized photovoltaic array coupled with an
undersized battery or vice versa, gives rise to several significant problems. Firstly, it results in the inefficient
use of renewable energy. In instances where a photovoltaic (PV) system generates a greater volume of
electricity than a residential consumer can immediately utilize, and there is an insufficient amount of battery
storage to capture the excess, this surplus is frequently transmitted to the electrical grid. While net metering
may provide a modicum of compensation, it is often less than the cost of purchasing electricity from the
grid. In regions where grid stability is a concern, this excess green energy may be subject to curtailment or
even total waste. This is a resource that could have been stored for later use, particularly during periods

when grid electricity is more expensive or carbon intensive.

Secondly, this mismatch frequently results in excessive reliance on grid electricity. In scenarios where the
PV system is inadequate or the battery storage is insufficient, households are compelled to maintain a
substantial reliance on the grid, even during daylight hours when renewable energy sources could
otherwise satisfy the energy demands. This undermines a fundamental objective of installing a solar

system.

In the final analysis, components that are inadequately sized invariably result in a suboptimal return on
investment. The underutilization of assets, such as oversized batteries that rarely reach their maximum
charging capacity, signifies an inefficient allocation of capital. This arrangement secures capital investment
in a configuration that offers minimal financial return, thereby reducing the overall benefits associated with
investing in a renewable energy system. Furthermore, batteries that are frequently undercharged or over-
discharged due to suboptimal sizing can experience a reduction in lifespan, which can further impact
financial investment. In the context of renewable energy systems, the proper sizing of both the photovoltaic
array and the battery storage system is of paramount importance. Proper sizing is essential for maximizing
energy self-consumption, achieving financial savings, and optimizing the overall effectiveness and longevity

of the system.

The key idea of this study is that effective energy management, enabled by smart technology and data-
driven insights, is crucial for optimizing photovoltaic (PV) and battery systems beyond just generating
renewable energy. This involves accurate load profiling, sophisticated sizing and simulation, real-time
control through a smart “Energy Management System” (EMS), modular design, and an understanding of

local grid policies to maximize clean energy utilization, economic returns, and system efficiency.
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1.1 Importance of renewable energy integration

Renewable energy has the potential for implementation in all major sectors, including buildings, industry,
agriculture, and transport; however, the extent of adoption varies. In 2021, the share of energy consumption
in industry accounted for by renewables was 16.8%, whereas in transport, it was only 3.9%. These
discrepancies are indicative of challenges that are unique to each sector, as well as a paucity of
consolidated policies. In the context of buildings, renewable technologies such as solar thermal heaters,
biomass boilers, and heat pumps have been employed to facilitate heating and cooling. A key element in
the transition to a renewables-based system is the reduction of energy demand in both buildings and
industry. Renewable sources can be utilized by industry and agriculture for processes such as food
production and paper manufacturing. The utilization of hydrogen, derived from renewable electricity, has
emerged as a pivotal solution for energy-intensive industries such as steel and chemicals. In the domain of
transportation, the utilization of renewable energy encompasses biofuels, electric vehicles, and hydrogen-
based fuels, particularly for long-distance travel. Implementing energy-efficient policies is also essential for
reducing overall fuel demand. Even though renewables constituted 30% of global electricity in 2023,
electricity represents a mere 23% of total energy consumption. Consequently, augmenting the presence of
renewables in the heating and fuel sectors, which collectively furnish most of the global energy, continues

to be a significant challenge.’

344 33% 3%

Industry Buildings Agriculture

16.8% 15.9% 39%| [15.4%

Renewable Renewable Renewable Renewable
energy energy energy energy

Figure 1: Energy consumption of renewable energy worldwide, Source: REN21 Online Source [17.06.2025].

' Cf. REN21, Online-Source [17.06.2025]



Introduction

1.2 Key challenges in renewable energy integration

Renewable energy integration presents several key challenges primarily due to the intermittent and non-
dispatchable nature of sources like wind and solar. These challenges include difficulties in maintaining grid
stability, especially under high penetration scenarios, due to issues such as frequency and voltage
deviations, lack of reactive power support, and inadequate low-voltage ride-through capabilities. Existing
grid codes, originally designed for conventional synchronous generators, often fail to accommodate the
technical limitations and operational characteristics of renewable energy systems. Additional complications
arise from power quality concerns, bidirectional power flows, and the need for advanced communication
and data systems to monitor and control distributed generation. Retrofitting existing infrastructure and

aligning regulatory frameworks to support renewable integration remains a significant hurdle.?

One of the central challenges of integrating renewable energy into the grid is upgrading the infrastructure
and deploying advanced technologies. Renewable energy sources, particularly offshore wind and remote
solar installations are located far from demand centers. However, current high-voltage direct current
(HVDC) transmission lines and overall grid capacity are often insufficient. Additionally, converting the direct
current from these sources into usable alternating current requires modern control and protection systems,
such as grid-forming inverters. Another critical issue is balancing supply and demand because solar and
wind energy are variable by nature. This forces grid operators to adopt highly flexible operational strategies
and rely on accurate weather forecasting, particularly for wind, as well as fast-reacting systems to
accommodate fluctuations in power output. Furthermore, renewable energy generation often occurs in
areas that are not aligned with regions of high consumption, necessitating improvements in interregional
transmission infrastructure to transport energy where it is most needed. Scalable, long-duration energy
storage technologies, such as batteries, hydrogen, and pumped storage hydropower, must be developed
to store surplus power and release it during periods of low generation. Finally, the integration process must
consider wider social, environmental, and policy challenges, including permitting procedures, impacts on
the environment and local communities, workforce development needs, and the importance of ensuring

that the energy transition is fair and inclusive.3

1.3 Need for advanced energy optimization techniques

Continuous oversight and documentation of energy usage are critical for optimizing operational efficiency.
This process allows organizations to identify trends, pinpoint inefficiencies, allocate costs more effectively,
and also ensure compliance with regulatory standards. Accurate and timely data collection, achieved

through smart meters and submetering, forms the backbone of any energy monitoring system.

Advanced analytics and energy management software transform raw data into actionable insights, helping
to detect anomalies, equipment malfunctions, and opportunities for improvement. Using historical data as

well as industry standards to establish performance benchmarks allows organizations to gauge efficiency

2 Cf. Jahangir Hossain (2014), p. 17-34.

3 Cf. Laboratory, Online-Source [17.06.2025]
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and set realistic targets. Transparent reporting through key performance indicators, such as energy
intensity, cost savings, and carbon footprint reduction, supports accountability and continuous
improvement. The goal is to foster a data-driven culture that enhances decision-making and improves
energy optimization strategies over time. Real-world implementations demonstrate significant benefits. For
example, a chemical manufacturing plant reduced its energy consumption by 30% and saved $4 million
annually by upgrading to efficient motors, variable frequency drives, and smart sensors. A high-rise office
complex cut energy use by 22% by using a “building automation system” (BAS) to optimize lighting and
heating, ventilation, and air conditioning (HVAC) based on occupancy. A small municipality transitioned to
arenewable-powered microgrid with advanced energy storage, reducing its dependence on fossil fuels and
gaining energy resilience. A textile factory used analytics to streamline manufacturing production and boost
energy efficiency by 15%. A logistics company upgraded electric vehicles and optimized routes, reducing
fuel costs by 40% and lowering emissions. These examples demonstrate how customized energy

optimization strategies can promote efficiency, sustainability, and long-term operational resilience.*

Figure 2 illustrates the steps involved in the optimization process. Monitoring and reporting energy
performance is a continuous process that involves data collection, benchmarking, advanced analytics, and

structured reporting to evaluate energy use and support continuous improvement in energy efficiency.

Monitoring and Reporting Energy Performance

Data Collection
- Advanced Analytics
Benchmarking
Reporting

Continuous
Improvement

Figure 2: Monitoring and Reporting Energy Performance, Source: Faster Capital, Online-Source [18.06.2025]

4 Cf. Faster Capital, Online-Source [18.06.2025]
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2 PHOTOVOLTAIC

A solar photovoltaic (PV) system involves more than just the familiar dark blue or black panels. While these
rectangular modules are the most recognizable part of the system and convert sunlight into electricity, they
only represent one component of the whole system. The other essential components handle the crucial job

of making that electricity usable for our devices and delivering it where it's needed.®
Solar photovoltaic (PV) technology offers numerous advantages but also faces specific challenges.
Advantages:

PV technology produces clean energy with no greenhouse gas emissions, which mitigates global warming
and climate change. Photovoltaic (PV) technology is a sustainable energy source because it depends on
sunlight and on silicon, an element that is widely available. PV systems operate without noise, as they
contain no mechanical moving parts, which makes them suitable for use in residential areas. They also
require only minimal maintenance, mainly occasional cleaning. In addition, manufacturers offer
performance warranties that ensure only a gradual decrease in efficiency over the typical 25-year lifespan
of a PV module. Typically, efficiency does not fall below 84.8 % of the initial level, accounting for an initial
"light-induced degradation" (LID) drop of 0.5-1.5 % per year. PV modules have no strict geographical
requirements and can generate electricity in cloudy conditions, though sunny, shadow-free sites are
recommended for efficient usage. The cost of PV modules has dramatically declined, with polycrystalline
silicon modules reaching low prices, and further reductions are expected due to semiconductor
advancements. Despite its recent boom, PV technology is already well-developed, yet it remains promising
because it has significant potential for further improvements in both efficiency and operational lifespan.
Solar modules are recyclable and are primarily composed of glass, silicon, and metal. Finally, solar PV
systems are less vulnerable to natural disasters, such as earthquakes, floods, and tsunamis, than other

power generation systems.®
Challenges:

Although large-scale PV applications require little maintenance, their initial and recycling costs can be high
compared to conventional energy sources. The recycling process itself involves separation, melting, and
breaking and therefore can cost more than the selling price of the modules. Solar energy is unreliable and
fluctuates due to its dependence on unstable and variable solar irradiance and shading. This sometimes
makes solar energy secondary in electricity markets. This intermittency necessitates energy storage
solutions, such as batteries. However, these storage elements have shorter lifespans than solar modules
and require multiple replacements over the lifetime of a project, adding to operating and initial costs. PV
module manufacturing is not entirely free of carbon emissions, and some modules contain toxic heavy
metals such as cadmium, lead, and selenium. This poses challenges for disposal, even with recycling, as

some parts cannot be fully recycled, resulting in waste. Lastly, due to their relatively low conversion

SCf. Yaman Abou Jieb (2022), p. 19.

8Cf. Yaman Abou Jieb (2022), p. 22-24.
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efficiency, PV modules require a large area to occupy to meet energy demand. This is a significant

consideration for installation location and land cost.”

2.1 How photovoltaic cells work

To understand how photovoltaic (PV) technology works, it's essential to first grasp the physics of

semiconductors, the core component of solar modules. Materials are categorized by their electrical

conductivity, the inverse of electrical resistance. There are three main types:

Conductors, such as aluminum and copper, have many free electrons and offer minimal resistance
to the current flow. These materials are commonly used in cables and motor windings because
they facilitate electron movement easily when voltage is applied. All metals are good conductors of
electricity and heat.

Insulators, such as glass, rubber, and plastic, have very few free electrons, meaning they resist
electron flow significantly. They are used to cover conductive materials in cables for safety reasons,
such as preventing electrical shock. They are also used in high-voltage applications to separate
live lines from metallic structures.

Semiconductors, such as silicon (Si) and Germanium (Ge), are unique because they can act as
either conductors or insulators, depending on the conditions. For instance, their conductivity
increases with temperature. More significantly, doping the deliberate addition of impurities
permanently enhances a semiconductor's conductivity regardless of temperature. This process is
vital for manufacturing electronics such as diodes and transistors and, crucially, for creating solar

modules.8

Front electrode (-) Sunlight

Anti-reflection coating
N-type silicon (P+) —=

P-type silicon (B-)

Back electrode (+)

Current

Figure 3: Working principle of a PV cell, Source: Yaman Abou Jieb (2022), p. 54.

PV modules are the core components of any photovoltaic (PV) system, responsible for generating energy.

Each module is built from fundamental units called solar cells, which convert solar irradiance into direct

current (DC) electricity through the photovoltaic effect. When exposed to sunlight, a silicon solar cell

produces around 0,5-0,68 volt and a current proportional to the irradiance when connected in a circuit. To

meet higher energy demands, individual solar cells are connected in series to form a PV module. These

7 Cf. Yaman Abou Jieb (2022), p. 25.

8 Cf. Yaman Abou Jieb (2022), p. 47.
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modules are then connected in series to create a string, and multiple strings are connected in parallel to
form an array. This tiered arrangement allows PV systems to scale from small household applications

(kilowatts) to large-scale utility projects (megawatts and even gigawatts).®

Cell Module
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Figure 4:Schematic diagram of solar array, string, module, and cell, Source: Yaman Abou Jieb (2022), p. 135.

2.2 The efficiency of solar Photovoltaic

The efficiency of a solar photovoltaic (PV) module measures how effectively it converts sunlight into usable
electrical power. It is calculated as the ratio of electrical power output to the total solar irradiance striking
its surface. While modern single-junction silicon cells typically operate between 18% and 25% efficiency in
commercial applications, they are physically capped by a theoretical limit of 29.4% (the Shockley-Queisser
limit). Consequently, for every 100 watts of sunlight hitting a modern module, only 18 to 25 watts are
converted into electricity. The remainder is primarily lost to thermalization (excess photon energy turning
into heat), recombination, and reflection. A solar module consists of multiple PV cells connected. A module’s
efficiency is always lower than that of its individual cells due to Cell-to-Module (CTM) losses, caused by
inactive spacing between cells, glass reflection, and electrical resistance in the wiring. By 2026, market
standards have moved beyond older technologies like polycrystalline. N-type monocrystalline technologies,
such as TOPCon and HJT (Heterojunction), now dominate, with commercial modules reaching 22 % to 25
% efficiency. Laboratory records for silicon cells have reached 27.8 %, pushing closer to the physical ceiling.
To bypass this limit entirely, researchers are developing tandem cells (e.g., Perovskite-on-Silicon), which

have already surpassed 33% in lab settings. Efficiency gains and manufacturing scale continue to lower

SCf. Yaman Abou Jieb (2022), p. 135.
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system prices. However, practical field performance is influenced by real-world variables, including

installation tilt, shading, dust accumulation, and efficiency drops caused by high operating temperatures.

Mono-crystalline 27.3%

» L g

Perovskite 25.2%

o

Multi-crystalline

1]
silicon wafer-based technology 24.4%

CICS 23.4%

CdTe 21%

O 5% 10% 15% 20% 25% 30% 35%

Record lab cell efficiency

© Statista 2026 &

@ Additional Information Show source @

Figure 5:The efficiencies of the different types of PV cells and modules, Source: Fernandez (2025), Online-Source [18.01.2026].

2.3 Power inverters

In a solar PV system, the inverter is a vital power electronic device that converts the DC power produced
by solar panels into AC power, which is necessary for most electrical devices. Beyond this essential
conversion, modern inverters also manage battery charging and discharging, optimize power output from
PV modules through Maximum Power Point Tracking (MPPT), and can even control motor speed and
direction using Variable Frequency Drive (VFD) technology, especially useful in applications like solar water

pumping.™

Figure 6:Connection of input—output of hybrid inverters, Source:Figure 6 shows the input—output
configuration of a hybrid inverter, highlighting the integration of photovoltaic generation, battery storage,

household loads, and grid connection.

°Cf. Professor Bram Hoex (2026), Online-Source [18.01.2026]

"Cf. Yaman Abou Jieb (2022), p. 173.
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A L=

Solar panels
Home
appliances
AC ) : DC
Inverter
DC
Battery DC AC

Grid

Figure 6:Connection of input—output of hybrid inverters, Source: Yaman Abou Jieb (2022), p. 174.

Inverters for PV systems are broadly categorized into two main types: battery-based (off-grid) and grid-tied.

Battery-Based (Off-Grid) Inverters: These operate independently of the main electrical grid, converting
DC power from batteries to supply loads directly. Some advanced versions, known as hybrid inverters, can
also feed power back into the utility grid while still relying on a battery system. Battery-based inverters are

classified by their output voltage waveform:

e Square wave inverters are the simplest and cheapest with limited applications, producing a basic

alternating current.

¢ Modified sine wave inverters use Pulse Width Modulation (PWM) to create a waveform that
approximates a pure sine wave, but their high harmonic content makes them unsuitable for

induction motors.

e Pure sine wave inverters employ filters (inductors and capacitors) to smooth the output signal,
closely matching the ideal utility grid waveform. They are widely used, especially where power
shortages are common, and can function as master or hybrid inverters managing multiple power
inputs (solar, batteries, grid, diesel generator) and outputs (AC loads, batteries). It's important to
note that while many battery-based inverters are off-grid, some are designed for grid-tied
applications, particularly with the increasing integration of renewables and the need for utility-scale

energy storage.?

'2Cf, Yaman Abou Jieb (2022), p. 173.
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Figure 7:The output waveform of different types of inverters, Source: Yaman Abou Jieb (2022), p. 174.

Grid-Tied Inverters: These inverters serve as the interface between solar arrays and the electrical grid,
converting DC power to AC and feeding it to either the utility grid or directly to connected AC loads. For
safe and effective operation, grid-tied inverters must achieve precise grid synchronization, matching the
grid's frequency, phase, voltage, and waveform. Only pure sine wave inverters are capable of meeting
these stringent power quality requirements; square wave and modified sine wave inverters are unsuitable.
Grid-tied systems vary in configuration, with some feeding their entire generation directly to the grid, and
others prioritizing connected loads, using a Battery Energy Storage System (BESS) or the grid to

compensate for any power shortfalls. '3

2.4 Impact of weather on PV output

Weather conditions, especially solar irradiance and temperature, greatly affect the performance of PV
system and cause output variability. Solar irradiance and the amount of sunlight reaching the panels, is the
most critical factor. Clear, sunny days are ideal for maximum power generation, while cloud cover reduces
direct sunlight and leads to decreased output. However, PV panels can still produce electricity from diffuse
light, typically at 10 % to 25 % of their rated capacity. The "edge-of-cloud effect" can temporarily increase
output when sunlight is amplified at cloud edges. Although rainfall lowers immediate output, it also offers a
beneficial self-cleaning effect and can cool panels, positively impacting efficiency. Snow accumulation can
significantly block sunlight and potentially halt production. However, light snow may allow some light
penetration, and the albedo effect (sunlight reflecting off the surrounding snow) can actually enhance
energy capture. Proper panel tilt is essential to aid snow shedding. Foggy and heavily overcast conditions
typically reduce output more significantly than stated, often dropping efficiency to 10 %—-25 % of rated
capacity, as fog scatters light into low-intensity diffuse radiation. Temperature also plays a crucial role. PV
modules convert light into electricity, not heat; in fact, their efficiency decreases as temperature increases.
The Standard Test Condition (STC) for PV cells is 25°C. As panel temperatures rise above this, efficiency
drops due to the negative temperature coefficient. Specifically, output of power typically drops by 0.3 % to
0.5 % for every degree Celsius increase. High temperatures increase internal resistance and accelerate

carrier recombination within the cells.

3Cf. Yaman Abou Jieb (2022), p. 174.
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Conversely, cooler temperatures improve performance, often enabling panels to surpass their rated output
in cold, sunny conditions. Proper ventilation and mounting heights are critical to dissipate heat and mitigate
these losses. Other environmental factors include shading from trees or debris, which can
disproportionately reduce string output; however, modern systems use bypass diodes or Module-Level
Power Electronics (MLPE), such as microinverters, to minimize this impact. While wind can provide
beneficial cooling, extreme gusts pose a risk of mechanical stress or physical damage. Humidity primarily
impacts performance indirectly by contributing to cloud cover or soiling (dust accumulation), though its
direct electrical effect is negligible. Finally, modern panels are highly resilient to hail due to their tempered

glass construction, which is typically rated to withstand 25mm hail at terminal velocity.'*
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Figure 8: PV module current voltage at different temperature levels. Source: researchgate, Online-Source [19.6.2025].

4Cf. Reem Shadid (2023)
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3 BATTERY STORAGE

Due to the intermittent nature of solar energy, an energy storage system (ESS) is essential for any solar
photovoltaic (PV) system that does not rely solely on immediate consumption or direct grid export. This is
because solar power generation often does not align with electricity demand. An ESS absorbs excess
electricity, converts it into another form of energy, and releases it when needed. Electrochemical storage,
or batteries, is the most common choice for PV systems due to their energy density and compact size.
Without storage, surplus solar energy generated during the day would be wasted. After sunset or on cloudy
days, the system could not meet demand. An ESS provides a vital backup by charging when generation
exceeds demand and discharging when generation is insufficient. This ensures a constant and resilient
energy supply. Batteries are critical components that significantly influence the cost, reliability, and design
of PV systems. They store chemical energy that can be converted into electrical energy for various
applications in both grid-tied and standalone systems. Batteries act as a load when surplus energy is
available and as a source when the load requires additional power. They always use rechargeable battery

types.1®

In standalone (or off-grid) photovoltaic (PV) systems, which operate independently of the main electrical
grid, batteries are essential for energy storage. Due to the fluctuating nature of solar power, a battery energy
storage system (BESS) allows the PV system to power loads directly during daylight hours while storing
excess energy for later use. This ensures continuous operation, even when solar modules aren't producing
enough electricity. A critical component of this setup is the charge controller, which is positioned between
the solar modules and the batteries. The charge controller manages the flow of power to prevent
overcharging and overdischarging. Simple standalone DC systems don't require an inverter, but all
standalone AC systems need an inverter to convert DC power to AC for household appliances. Batter

storage also require appropriate fuses and wiring.®

PV array
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Figure 9:0ff-grid solar PV system with battery storage, source: Yaman Abou Jieb (2022), p. 144.

BCf. Yaman Abou Jieb (2022), p. 143.

'6Cf. Yaman Abou Jieb (2022), p. 144.
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A hybrid solar photovoltaic (PV) system combines the benefits of a grid-tied system with a battery energy
storage system (BESS), providing backup power during unexpected grid outages. In this setup, the battery
can be charged by solar power or the electricity grid. A switching device connects the solar PV generation
to the grid. The BESS charges when the solar PV system generates surplus power and discharges when
solar power is low or absent or when the demand on the grid is high. If an off-grid system were converted

to a hybrid system, the AC power output from its inverter would be directed to the utility grid.'”

3.1 Types of batteries and their performance characteristics

Rechargeable batteries are versatile energy storage devices that can function as a load, absorbing energy,
as well as a source, providing energy, by reversing their electrochemical reactions. Their lifespan varies
depending on their chemical composition. They are manufactured in various shapes and sizes to suit

different applications. Key types of rechargeable batteries include:

e |ead-acid batteries
e Advanced Lead-acid batteries
¢ Alkaline (Nickel) batteries

e Lithium batteries

3.1.1 Lead-acid batteries

Despite having moderate efficiency and low energy density, lead-acid (LA) batteries are widely used in
various power systems due to their low cost and minimal maintenance requirements. LA batteries are the
oldest type of rechargeable battery. Traditional flooded LA batteries use lead dioxide and sponge lead
electrodes with a sulfuric acid electrolyte. These batteries require regular monitoring and water
replenishment. A more advanced, sealed version, the valve-regulated lead-acid (VRLA) battery,
encapsulates the electrolyte, which is often a gel in gel batteries or absorbed in a glass mat (AGM) batteries.
VRLA batteries offer advantages over flooded types, but they still require careful charging and thermal
management. AGM batteries are suited for high-current applications and are less susceptible to freezing,
while gel batteries excel at heat dissipation. Key components in LA battery construction include electrodes
(pasted flat plates and tubular plates), a protective container, grids, separators, the electrolyte, and a top
lid.'8

3.1.2 Advanced Lead-acid batteries

Although Valve-Regulated Lead-Acid (VRLA) batteries did not boost overall performance, they significantly
reduced the maintenance required for traditional lead-acid cells. A breakthrough in extending the lifespan
of lead-acid (LA) batteries came from integrating carbon into the cathode of VRLA batteries. This innovation
drastically improved their lifecycle and enabled them to be used in new applications, particularly those

requiring operation at a partial state of charge (pSoC) a condition that typically shortens battery life. The

"Cf. Yaman Abou Jieb (2022), p. 145.

'8Cf. Yaman Abou Jieb (2022), p. 145.
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Commonwealth Scientific and Industrial Research Organization (CSIRO) advanced this technology further
by developing the "Ultra Battery," which notably improved high-rate pSoC operation, power handling,
efficiency, and endurance. The Ultra Battery is "ultra" because it combines a lead-acid battery with an
asymmetric supercapacitor. lts anode is made with PbOz2, while the cathode uses porous Pb. A carbon-
based supercapacitor works in parallel with the cathode, enabling the two electrodes to be integrated into
the same unit. This internal parallel connection means that the two electrodes share the same anode. The
supercapacitor enables the Ultra Battery to charge and discharge at high rates, buffer current to protect

components, provide high power, and extend the battery's service life significantly.'®

3.1.3 Alkaline (Nickel) batteries

Nickel-based batteries, such as the first commercially available nickel-cadmium (Ni-Cd) type, use nickel as
a cathode. Ni-Cd batteries offer better energy and power density and a greater number of charge-discharge
cycles than lead-acid batteries. However, they have lower energy density than lithium-ion batteries and
suffered from complex charging, high self-discharge, and poor high-temperature performance. Additionally,
they were environmentally harmful due to their toxic cadmium content and suffered from a "memory effect"
that reduced capacity with partial discharges. Later, nickel-metal hydride (NiMH) cells were developed.
Using a hydride anode, these cells were less prone to the "memory effect,” but they were more sensitive to
overcharging and generated more heat, requiring complex charging. Ni-Cd batteries use an alkaline
electrolyte, a nickel oxyhydroxide cathode, and a cadmium anode. They come in sealed or vented
constructions. NiMH batteries substitute cadmium with hydrogen, making them more eco-friendly,
increasing their capacity, and improving their energy density. However, they can produce heat during fast

charging or discharging and are susceptible to self-discharge.2°

3.1.4 Lithium batteries

Lithium batteries are the most advanced and widely used battery technology. They offer significant
advantages over lead-acid batteries for photovoltaic (PV) systems due to their longer life cycle, higher
energy density, and eco-friendliness. There are several types of lithium batteries, including lithium-ion (Li-
ion), lithium-metal (Li-metal), lithium-polymer (Li-polymer), and solid electrolyte variants. All of these types
use a lithium anode, but they differ in their cathode materials. Early lithium-metal batteries faced safety
issues, such as explosions and dendrite formation. However, advancements, particularly the insertion of
graphite led to the development of lithium-ion batteries, which are currently dominant due to their superior
energy-to-weight ratio, high energy density, and lack of memory effect. Lithium-ion batteries feature a
lithiated metal oxide anode, a graphitic carbon cathode, and a lithium salt electrolyte. They are classified
based on the type of cathode material used. Lithium-polymer (Li-Po) batteries share a similar design but
use a polymer electrolyte, typically a gel, which overcomes early conductivity issues and enables high
discharge rates. Solid electrolyte lithium batteries are an emerging technology that addresses the safety

and performance limitations of traditional liquid electrolytes. They offer higher voltage ranges, reduced

°Cf. Yaman Abou Jieb (2022), p. 146.

20Cf. Yaman Abou Jieb (2022), p. 146.
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metal dissolution, lower flammability, and improved dendrite suppression due to their mechanical

robustness. This makes them promising for future high-performance applications.2!
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Figure 10:The schematic of the charging and discharging processes in a Li-ion battery, Source: Yaman Abou Jieb (2022).

Table 1 shows a comparison of the different types of batteries mentioned above.

Parameter A Ni-Cd Ni-MH Li-ion
Anode P Cd MH(LaNiH,) LiC,
Cathode PbO, NiDOH NiDOH LiCol,
Electrolyte Aaqueous Aqueous KOH AqumusKOH LiPF,
H,50,
Theoretical specific energy 170 220 220 410
density, Wh/kg
Working temperature, °C -20to +50 |-40to+45 -20to + 45 -30to + B0
MNominal cell voltage [19],V 20 1z 12 37
Charge fdischarge efficiency, % | 70-92 70=-90 3] 999
Cycle number, 100% DOD =200 =1000 =1000 =1000
Calendar life, years 2-8 3-10 2-5 2-3
Overcharge tolerance High Moderate Low Low
Safety requirement Thermally Thermally stable, fuse Thermally stable, fuse Protection circuit mandatory
stable protection protection
Self-discharge per month 5% 20% 30% =5%; Protection circuit
[room temp) consumes 3%,/ month
Maintenance requirements 3=6months | Full discharge every 90 days | Full discharge every 90 days | Maintenance free
when in full use when in full use
Toxicity Very high Very high Low Low
Coulombic efficiency ~90% ~T0% slow charge; ~90% | ~70% slow charge, ~90% | 99%
fast charge fast charge
Cost Low Moderate Moderate High

Table 1: Comparison of different types of battery cells used in solar PV system, Source: Yaman Abou Jieb (2022).

21Cf. Yaman Abou Jieb (2022), p.

147-149.
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A notable observation is that lithium-ion batteries combine a significantly higher nominal cell voltage (3.7
V) and theoretical specific energy density (up to 410 Wh/kg) with a very high charge/discharge efficiency
of approximately 99.9%, highlighting their superior energy density and efficiency compared to lead-acid

and nickel-based battery technologies.

3.2 Challenges and optimization of battery usage

Charge controllers, also known as electronic regulators, are indispensable devices in all battery-based
photovoltaic systems. They are installed between the PV modules and the load to ensure the batteries
operate within the manufacturer's specified conditions. They prevent overcharging during periods of low
demand and deep discharge during periods of high demand, effectively managing the charging and
discharging processes. They monitor battery voltage and temperature to determine the state of charge
(SoC), then adjusting current flow to or from the battery accordingly. As a discharge regulator, the controller
opens the circuit between the battery and the load to prevent over discharge, which can result in active
mass loss, capacity degradation, or even render the battery unusable. As a charge regulator, the controller
opens the circuit between the solar array and the battery system when the battery is fully charged. This
prevents issues like gasification in VRLA batteries and case damage in other lead-acid types. The absence
of a charge controller is particularly dangerous for high-energy-density lithium-ion batteries, as
overcharging can lead to extreme temperature increases, thermal runaway and in the worst case even
explosions. These regulators are available with specific voltage (e.g., 12V, 24 V, or 48 V) and current (e.g.,
15 A to 80 A) ratings. Some solar charge controllers regulate charging by operating the photovoltaic array
close to the battery voltage using pulse width modulation (PWM), while others accept a wider input voltage
range and employ maximum power point tracking (MPPT) algorithms to continuously operate the PV array
at its maximum power point, thereby maximizing energy extraction. These controllers are designed for

specific input voltage ranges, allowing flexible photovoltaic system configurations.22

22Cf. Yaman Abou Jieb (2022), p. 160.
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4 ENERGY CONSUMPTION AND LOAD CURVE

A load curve graphically illustrates how a household's energy consumption rate, specifically power demand,
changes throughout a given period, often a 24-hour day. The curve reveals patterns such as peak usage
times (e.g., morning rush hour or evening rush hour) and periods of lower consumption (e.g., nighttime or
when the house is empty). Analyzing a household's load curve is essential for identifying energy-saving
opportunities, optimizing appliance usage, and understanding the potential benefits of shifting consumption
to off-peak hours, such as cheaper electricity tariffs or more effective integration of renewable energy

sources.?3

4.1 Understanding household energy demand patterns

Household energy demand patterns are defined as the temporal distribution of electricity use and the factors
influencing it. The configuration of these patterns is determined by a multifaceted set of factors, including
occupant behavior, the ownership of appliances, the design of the building, and prevailing environmental
conditions. A typical residential load curve is characterized by two distinct peaks, one in the morning and
one in the evening, which correspond to the daily routines of the residents. These peaks are succeeded by
a relatively stable base load, which is maintained by devices such as refrigerators and other standby

electronics that operate continuously?4.

A more informed approach to managing residential electricity use is enabled by an understanding of these
demand patterns. The identification of the timing and intensity of peak periods is imperative for the
implementation of strategies such as appliance scheduling, smart control systems, or demand response
programs, which can lead to a reduction in overall consumption or a shift in loads to less congested times.
This understanding also supports the more effective integration of distributed energy resources, including

rooftop solar systems and battery storage, by aligning household usage with periods of on-site generation2.

4.2 Daily and seasonal variability in consumption

Household electricity consumption demonstrates significant variability across both daily and seasonal
timescales. The daily fluctuations in power consumption can be attributed to the varied routines of the
occupants. During nocturnal hours, energy demand is typically low. However, as the occupants commence
their daily activities in the morning, energy demand experiences a significant increase in overall power
consumption. This increase reaches its peak in the evening hours, as the occupants return home from their
daily activities. In many households, minor spikes in water temperature may also occur around midnight
due to off-peak water heating or automated systems. Seasonal fluctuations have been shown to have a
significant impact on these load profiles. During the winter months, the demand for heating rises during

morning and evening hours, while in summer, air-conditioning systems experience increased usage during

2Cf. Lab (2023), Online-Source [01.11.2025]
24Cf. Lab (2023), Online-Source [01.11.2025]

25Cf. Grandjean (2012), Online-Source [01.11.2025]
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afternoon periods. In colder climates, base load consumption is often associated with hot-water heating,
whereas seasonal variability primarily reflects temperature-dependent space-heating needs. It is imperative
to acknowledge these variations when designing energy management systems, implementing time-of-use
pricing, and planning for the interaction between residential demand and renewable energy availability

throughout the year.26

The following figures illustrate an example of seasonal household energy consumption patterns measured

in New South Wales, distinguishing between summer and winter periods.
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Figure 11: The summer electricity load curve for households, Source: Staff (2023), Online-Source [01.11.2025].

25Cf. Staff (2023), Online-Source [01.11.2025]
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Figure 12: The winter electricity load curve for households, Source: Staff (2023), Online-Source [01.11.2025].

4.3 Load Forecasting Methods

Accurate electricity load forecasting is essential for optimizing power system operations, managing energy
assets, and enabling technologies such as Model Predictive Control (MPC). The practice of forecasting is
conventionally classified based on the time horizon: short-term (hours to a week), medium-term (weeks to
a year), and long-term (years ahead). The methods used for short-term load forecasting (STLF) can be
broadly grouped into three categories: Deep Learning (DL) models, Machine Learning (ML) models, and
Statistical models. Deep Learning models are highly effective for capturing complex patterns in time-series
data, with common examples including Long Short-Term Memory (LSTM) networks, various Transformer
architectures such as the Temporal Fusion Transformer, and newer variants like LSTM. Machine Learning
models are robust techniques often techniques for comparative analysis, including K-Nearest Neighbors
(KNN), Artificial Neural Networks (ANN), Support Vector Regression (SVR), and ensemble methods such
as Random Forest. Statistical models are simpler, foundational techniques typically used as benchmarks,
such as the Naive Seasonal (Persistence) Model and the “Auto Regressive Integrated Moving Average”
ARIMA model.Z

27Cf. GroR (2021), Online-Source [01.11.2025]
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The following key conclusions have been derived from the comparative analysis of these methodologies?8:

e The Pursuit of a Unified Methodology: The highest forecasting accuracy is contingent upon the
specific context, including the type of building (residential vs. commercial), the level of load
aggregation (individual vs. community), and the amount of available historical data.

e Performance vs. Complexity: While deep learning models frequently demonstrate the highest
degree of accuracy, the increased complexity of these models must be justified by their superior
performance, especially in cases where the available data is limited.

e The collective advantage of the Ensemble is as follows: The combination of predictions from
multiple individual models, a technique referred to as “ensemble forecasting”, has been shown to
frequently yield more robust and accurate predictions than those produced by any single model

alone.

Figure 13 illustrates a conceptual graph of explanatory forecasting. In this method, explanatory

variables (features) are input into a map that maps them to a forecast value.
Temperature
Hour of day \
El. load one day prior Forecast

Weekday

Figure 13: Conceptual graph of explanatory forecasting, Source: Grof3 (2021), Online-Source [01.11.2025].

4.4 Hot water demands and preparation

The demand for hot water constitutes a significant proportion of household energy consumption, thereby
exerting a notable influence on the overall load curve. In many households, electric water heaters are often
programmed to operate during off-peak tariff periods, resulting in significant surges in power consumption
around midnight. The temporal patterns of hot-water utilization are contingent upon daily routines, exhibiting
predominant peaks during the morning hours and less substantial peaks in the evening, which correspond
to bathing, cleaning, and dishwashing activities. Furthermore, patterns of hot-water preparation
demonstrate seasonal variability, with a corresponding increase in colder months. This contributes to a
stable base load, even in periods of fluctuating space-heating demand. The scheduling of domestic hot-
water heating in accordance with off-peak tariffs or local renewable energy generation, such as mid-day
solar production, has been demonstrated through modeling studies to be a strategic approach that can lead
to enhanced energy efficiency and cost savings. The employment of smart controls, heat-pump systems,
or thermal storage has been demonstrated to further enhance efficiency by flattening the load curve and

reducing demand during critical peak periods.?®

2Cf. Grof (2021), Online-Source [01.11.2025]

29Cf. Christoph Pellinger (2019), Online-Source [01.11.2025]
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As illustrated in Figure 14, the percentage of household load allocated to hot water demand is
demonstrated.
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Figure 14: Overview on the methodological approach, Source: Christoph Pellinger (2019), Online-Source [01.11.2025].

In addition to the presented methodological approach, modern technologies and commercially available
control concepts for domestic hot water preparation can be considered. These include heat pump water
heaters, solar-assisted systems, and photovoltaic-coupled electric water heaters. Furthermore, market-
available control strategies such as time-based operation, temperature-controlled charging, and energy
management system integration enable optimized hot water production by aligning energy demand with

renewable energy availability and operational constraints.3°

30 Cf. Henrik Lund (2017), p. 556-565.
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5 ENERGY WASTE AND PRICING

The fundamental problem with the traditional flat-rate electricity pricing is that it fails to reflect the true, often
high, cost of generation during peak demand periods, leading to inefficient energy consumption and
environmental strain. The market solution to this is dynamic pricing, which adjusts electricity costs in real
time based on fluctuating supply and demand. By implementing models like Time-of-Use (TOU) and Real-
Time Pricing (RTP), utilities incentivize consumers to shift their usage to off-peak hours. This strategic
change, facilitated by smart grids, reduces overall energy waste, minimizes the need for building costly new
generation capacity, and ultimately enhances grid stability and the integration of renewable energy sources,

leading to greater economic efficiency and sustainability.3’

5.1 Self-Consumption rate of self-generated energy (PV)

A study on on-site solar PV generation and use, focusing on the metrics of self-consumption and self-
sufficiency, reveals that maximizing the use of solar energy requires effective coordination between PV
generation, local energy demand, and integrated storage capacity. A simulation of a residential building
equipped with a photovoltaic system, a heat pump, and both electrical and thermal storage demonstrated
that this optimization significantly improves performance, with the self-consumption rate reaching
approximately 42 % and the overall household self-sufficiency exceeding 86 %. The research underscores
the pivotal role of system design, indicating that while larger storage and high-efficiency devices enhance
utilization, their efficacy diminishes over time. Additionally, smaller PV systems demonstrate a higher
proportion of self-consumed energy by more effectively aligning demand, while larger systems export a
greater volume of excess power. The primary conclusion of this study asserts that the optimization of
photovoltaic capacity, the integration of storage systems, and the active management of load are imperative
in reducing reliance on the grid and enhancing the overall efficiency of distributed renewable energy

systems.32

As illustrated in the Figure 15, the intersection of residential energy consumption and solar production
from a 6.6 kWp solar system is demonstrated over the course of a day. The region indicated by the red

area above the blue line is indicative of the quantity of solar energy that has been exported.

$1Cf. Zirich (2022), Online-Source [01.11.2025]

32Cf. Mark Luther (2023), Online-Source [01.11.2025]
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5.2 Factors leading to energy waste

Energy waste is a multifaceted phenomenon, arising from a combination of technical inefficiencies,
behavioral habits, and structural issues within energy systems. A salient issue is the absence of real-time
pricing signals. If electricity prices remain constant throughout the day, consumers lack the incentive to
adjust their usage patterns according to the actual cost or availability of power. Consequently, elevated
demand for electricity is observed during peak hours, a period when the efficiency of electricity production
is at its nadir. This, in turn, gives rise to elevated levels of fuel consumption and augmented emissions.
Another salient factor is the inefficiency of equipment and the obsolescence of infrastructure. In this context,
equipment refers to end-use devices and systems such as household appliances, industrial machinery,
heating, ventilation, and air conditioning (HVAC) systems, lighting installations, and electrical motors. A
considerable number of households and industries continue to utilize outdated or poorly maintained
equipment that consumes more power than is necessary to deliver the same level of service. In the absence
of regular maintenance or modernization, these systems undergo a gradual decline in efficiency, resulting
in increased total energy losses. Furthermore, behavioral aspects have been demonstrated to play a
significant role in the development of these conditions. A significant proportion of users are often unaware
of the role their energy consumption plays in contributing to waste generation. These behaviors include
leaving appliances on standby, over-cooling or over-heating spaces, and poor scheduling of energy-
intensive activities. Moreover, the lack of effective energy management systems and smart-grid
technologies hinders both consumers and utilities from achieving optimal energy flow. In the absence of
data-driven feedback mechanisms or automation, energy production and distribution frequently exceed real
demand, resulting in additional losses during transmission and storage. Finally, policy and pricing
frameworks have the potential to unintentionally promote wasteful practices. The subsidization or artificial
reduction of energy prices has been shown to decrease the perceived cost of overconsumption, thereby

discouraging conservation and investment in energy efficiency measures. .33

In summary, energy waste can be attributed to a combination of factors, including the inefficient technology

used, user behavior, inadequate pricing signals, and structural deficiencies within the energy system.

33Cf. Manap (2024), Online-Source [01.11.2025]
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Addressing these factors necessitates not only technological innovation but also changes in consumer

awareness, regulatory design, and energy market reform.

5.3 Energy pricing and cost trends

The global electricity market is currently experiencing a substantial structural transition, resulting in intricate
and heterogeneous price trends. The escalating costs can be attributed to the confluence of market forces
and policy decisions. The escalating costs of fuel, particularly natural gas and coal, along with the mounting
global demand, have exerted a significant upward pressure on wholesale prices. Concurrently, while the
costs of renewable generation are decreasing, end-user prices are not following suit. This is due to the high
infrastructure and transmission expenses required for integrating intermittent power, as well as the policy-
driven costs associated with grid modernization and achieving environmental goals. The existence of
disparate regional market structures and varying degrees of reliance on imported energy sources gives rise
to a multitude of price trajectories on a global scale. The research indicates that the market is becoming
increasingly sensitive to its energy mix, environmental policies, and global commodity cycles.
Consequently, current cost trends depend on the ability of energy systems to balance affordability,

reliability, and sustainability within their pricing frameworks.34

Figure 16 illustrates the evolution of the Household Energy Price Index for electricity and gas in the EUR-
15 and EU-27 markets between 2009 and 2021, excluding taxes. Over most of the observed period,
electricity and gas prices show moderate fluctuations, with electricity prices remaining relatively stable and
gas prices exhibiting greater volatility. From around 2020 onwards, a pronounced increase is evident for
both energy carriers, particularly for gas. By 2021, gas prices rise sharply, exceeding an index value of 170
in the EU-27, while electricity prices also increase significantly, reaching approximately 157. This sharp
escalation reflects growing market pressures, including supply constraints and increased demand,

highlighting the vulnerability of household energy prices to external economic and geopolitical factors.
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Figure 16: Energy price index EU, Source: Austria (2021), Online-Source [01.11.2025].

34Cf. MAZARAKI (2024), Online-Source [01.11.2025]
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6 MODEL BASED ENGINEERING

To successfully simulate and create a complete home energy system, it is necessary to first investigate
and model each component separately. Model-Based Engineering (MBE) is the optimal methodology for
this purpose, as it facilitates the development of these individual models and their seamless integration into

a final system.

6.1 What is model-based engineering

Model-Based Engineering (MBE) is a systematic approach to developing systems that utilize models as
the primary source of information, thereby replacing the use of numerous documents. A model is defined
as a simplified digital version of a real system. A model serves three main purposes. It helps us understand
how a system works, it allows us to test different ideas, and it enables us to make improvements before
creating the real system. In MBE, the behavior of the system’s components (e.g., solar panels, batteries,
or boilers) is described, as well as the ways in which these components interact with one another. Instead
of evaluating concepts only in real-world settings, simulations and data models can be used to predict
outcomes, identify potential problems early, and test new solutions. This method is particularly
advantageous when constructing sophisticated systems, such as smart homes or energy management
systems. It enables engineers to visualize how diverse components function in unison prior to the system's

implementation.35

6.2 Why use models in system simulation

Models are employed as essential analytical and design tools when working with complex systems,
particularly when direct interaction with the physical system is impractical or impossible. Their use is
necessitated under specific conditions: when the real system is too costly, too risky, or not yet constructed.
Models provide a safe, rapid environment for testing numerous scenarios and allow for the optimization of
performance parameters prior to physical implementation. Furthermore, they are crucial for establishing a

shared environment to analyze the integrated behavior of both software and hardware components.

In the context of energy system development, such as Python-based home energy simulations, distinct

models function as specialized digital twins for each component:
e A photovoltaic (PV) model determines solar power generation output.
e A battery model simulates energy storage and discharge dynamics.
¢ A boiler model calculates power consumption for water heating.

¢ A home load model characterizes realistic residential electricity consumption profiles.

35Cf. H.bradley (2019), p. 3-4.
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By linking these individual models, engineers create a comprehensive virtual home energy system that
can be rigorously tested, refined, and optimized without the inherent expenses, time delays, or risks

associated with manipulating physical equipment.

6.3 The process of building a model

Not all models are constructed using the same methodology. Their design depends on the extent of our
knowledge of the system. In general, models fall into one of three primary categories based on their

transparency and underlying logic.

e Whitebox models: These are used when the system's internal workings are fully understood and
observable. They rely on explicit, verifiable principles, such as a precise mathematical formula that
dictates how solar irradiation is converted into electrical energy.

e Blackbox models: Conversely, these models treat the system as opaque. Only the relationship
between inputs and outputs is observed, while the internal logic remains unstated or unknown. An
example is a machine-learning model that predicts energy consumption based on historical data
but does not provide a verifiable explanatory mechanism.

e Greybox models: This category represents a hybrid approach that combines known physical laws

with empirical or estimated components.

Most real-world models, including many energy models (such as those developed in Python), are greybox

models because they blend physical equations with parameters derived from measured data.

Regardless of type, these models describe various facets of a system, including its structure, behavior, or
data flow. In Model-Based Engineering (MBE), these diverse perspectives are combined to create a

comprehensive system view.36

6.4 Simulation and system integration

After developing the individual models, they are interconnected to create a cohesive system simulation. In
this application, the photovoltaic (PV), battery, boiler, and home load models are designed to exchange
energy data seamlessly and accurately, thereby providing a realistic representation of the dynamic behavior

of a residential energy system.
Consider the following simplified operational cycle:

e The PV model generates electricity throughout the day.
e The battery model absorbs and stores any excess energy produced.
e The boiler model prioritizes using the available PV power for water heating and only uses grid

power when solar energy is insufficient.

The home load model draws power according to predefined daily consumption schedules.

3%Cf. DI Johannes Fritz (2024), Online-Source [01.11.2025]
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By running these comprehensive simulations, engineers can address critical questions related to system

management and optimization. For example:

Determining the optimal timing for the boiler to run to maximize self-consumption of PV power.
Calculating the necessary energy storage capacity in the battery for nighttime demand.

Quantifying the system'’s total daily reliance on grid electricity.

6.5 Modeling tools and languages

Depending on the project's requirements and the specific domain, system models can be constructed

through a variety of methods. The primary implementation approaches include the following3:

Programming languages (e.g., Python): Using general-purpose languages with dedicated
simulation and data analysis libraries provides high flexibility and computational power.

Graphical tools (e.g., SysML or UML): These tools use visual diagrams to define and conceptualize
system, components and their relationships as well as their overall architecture.

Domain-specific tools (e.g., Modelica or MATLAB/Simulink): These platforms are specifically
engineered for detailed engineering and mathematical simulations and excel in areas such as

physical component modeling.

In modern software and energy projects, using Python models provides substantial practical benefits. They

integrate easily with external data sources, such as databases, and facilitate real-time calculations. They

also provide robust capabilities for visualizing results. Additionally, Python models support model-to-text

transformation, which is a valuable feature that allows for the automated generation of documentation,

reports, graphs, and executable code directly from the model's structure and outputs.

6.6 Benefits of model-based engineering

Implementing Model-Based Engineering (MBE) in system or software development offers several

significant benefits that streamline the entire workflow:

Enhanced system understanding: Models provide a clear, visual way to understand and test how
different system components function and interact.

Accelerated Development: The ability to simulate and verify system behavior digitally allows for
faster prototyping and validation before physical construction begins.

Reduced cost and risk: Design problems found and resolved early in the modeling stage are
substantially cheaper and less risky than errors corrected during implementation or deployment.
Streamlined Communication: Using a single, unified model as the primary reference ensures that
all stakeholders, including developers, engineers, and management, are operating from a shared

understanding.

S7Cf. DI Johannes Fritz (2024), Online-Source [01.11.2025]
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e Increased Flexibility and Reusability: Models can be easily modified and tested, offering high
design flexibility. Once developed, they can be reused or adapted for new projects, providing long-

term value.

Specifically, within energy systems, MBE optimizes the entire workflow, from power generation (PV) and
storage (battery) to usage (boiler, home load). This approach enables efficient testing of various scenarios,
including control strategies, energy-sharing methods, and pricing mechanisms, all within a secure digital

environment.38

6.7 The V-Model in model-based engineering

The V-Model is an essential systems engineering lifecycle model within Model-Based Engineering (MBE),
which formally illustrates the reciprocal relationship between system specification/design and
corresponding verification/validation activities. It provides a rigorous, traceable structure that systematically
connects each stage of model decomposition (the left leg) to a complementary stage of integration and
testing (the right leg). The characteristic “V shape” graphically represents the workflow: the Left Leg focuses
on system decomposition and the translation of abstract requirements into detailed specifications; the
Bottom represents the point of implementation and initial integration; and the Right Leg focuses on system
re-composition, integration, and formal testing to validate the compliance of the implemented solution with

the original requirements?®

6.7.1 Left leg: Specification and decomposition

The descending side of the V-Model translates high-level concepts into detailed, implementable models
through a systematic process. This process begins with Requirements Definition, the highest-level activity
establishing the comprehensive system objectives and performance metrics (e.g., maximizing energy
autonomy), which forms the foundational reference point for all subsequent V&V activities. The defined
requirements are then decomposed into concrete system Functional and Logical Modeling, specifying the
essential functions and operational logic (e.g., "Charge Battery"). Following this, the System Architecture
Design phase defines the structural configuration and interfaces, interconnecting all constituent system
components (e.g., PV array, battery storage) into a unified blueprint. The final stage on the left is Model
Implementation, where the architectural and functional specifications are translated into executable models

or code that simulate the physical and logical behavior of the specified system elements.*°

6.7.2 Right leg: Verification, validation, and integration

The ascending side of the V-Model ensures compliance by verifying that each design product from the left
leg is correctly implemented and by validating that the integrated system meets the original requirements.

This process starts at the component level with Model Testing (Unit Testing), which focuses on the

3Cf. DI Johannes Fritz (2024), Online-Source [01.11.2025]
3Cf. H.bradley (2019), p. 6.

40Cf. H.bradley (2019), p. 6.
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verification of individual component models to confirm their observation to internal design specifications.
Next, Integration Testing verifies that the combined component models interact correctly across defined
interfaces, ensuring stability and functional coherence within the integrated system. Following this, System
Validation compares the integrated simulation results against the defined functional performance
expectations (e.g., confirming successful solar power usage prioritization). Finally, Optimization and
Analysis compare the validated system performance metrics against the original top-level requirements,
driving the refinement of control strategies and model parameters to maximize system efficiency. The V-
Model, therefore, enforces a disciplined approach that ensures bidirectional traceability between
requirements and test cases, enhancing the reliability of the final system and rigorously maintaining
consistency between the abstract design goals, the implemented model behavior, and the expected real-

world performance.!

Implementation

Figure 17:V-Diagram, Source: H.bradley (2019), p. 5.

41Cf. H.bradley (2019), p. 405.
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7 SOFTWARE TOOLS

There are many different software tools available that could be used to develop this project. However, for
this study, the following tools were selected because they offer the functionality, reliability, and compatibility
needed for the successful implementation of the system. The tools were selected due to their robust
integrated development environment (IDE) features, efficient debugging capabilities, and seamless

integration with Python environments.

7.1 Python and anaconda libraries

Python is a prominent programming language that has gained worldwide recognition for its simplicity,
readability, and versatility. The initiation of development entails the preliminary installation of Python, a
procedure that has been consistently characterized by its accessibility and ease of use, irrespective of the

operating system.

After the core installation, developers integrate external libraries with the objective of reducing the time

required for development and augmenting the functionality of their code.*?

For those engaged in the fields of data science, machine learning, and scientific computing, Anaconda
provides a comprehensive solution. It is a free, open-source distribution of Python developed by Anaconda,

Inc., specifically to simplify the management of complex software packages and dependencies.

A salient distinction pertains to the extent of functionality provided by a standard Python installation, which
offers merely the fundamental interpreter and the rudimentary package manager, known as pip. In contrast,
Anaconda is a comprehensive ecosystem. The software in question encompasses Python, an array of pre-
installed scientific libraries, advanced data analysis tools, and a built-in environment manager. This
comprehensive bundle is designed to serve as the preferred platform for researchers and analysts who

require a swift and reliable setup for numerical computation and data visualization.*3

7.2 PyCharm

PyCharm is a prominent Integrated Development Environment (IDE) developed by “JetBrains” for
programming in Python. It facilitates the seamless execution of the writing, testing, and management of
Python code in a centralized environment. PyCharm is equipped with a range of features designed to
enhance the coding experience for software developers. These features include syntax highlighting,
automatic code completion, and real-time error detection. The integration of these tools aims to facilitate

the development process by enabling programmers to write cleaner and faster code.

A primary rationale for utilizing PyCharm is its capacity to enhance the organizational structure of

programming tasks. The software provides tools for debugging, executing programs, and managing

42Cf. Python (2025), Online-Source [12.10.2025]

43 Cf. Domino (2025), Online-Source [12.10.2025]
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multiple files and projects concurrently. Furthermore, it facilitates collaboration and streamlines project
management by integrating with version control systems such as Git, enabling team members to efficiently
track the evolution of projects. PyCharm's capacity to detect and operate within virtual environments

automatically is a beneficial feature when working with projects that necessitate diverse libraries.

PyCharm is available in two distinct versions: the free Community Edition, which encompasses all
fundamental tools required for Python programming, and the Professional Edition, which incorporates

advanced features such as web development support and database tools.*
Benefits of Using PyCharm*®

e User-friendly interface: Easy to navigate, even for beginners, with clear menus and organized

tools.

e Smart code assistance: Provides automatic code completion, syntax highlighting, and quick error

detection.
o Powerful debugger: Helps find and fix errors efficiently with step-by-step debugging tools.

¢ Integrated environment: Everything needed for Python development (editor, terminal, debugger,

and project manager) is built into one program.

e Virtual environment support: Automatically detects and manages project environments, keeping

dependencies separate.

e Version control integration: Works seamlessly with Git and GitHub for tracking changes and

team collaboration.

e Customizable and extendable: Supports themes, plugins, and extensions for personal

preferences.

7.3 DataGrip

DataGrip, developed by JetBrains, is an integrated development environment (IDE) specifically designed
for database management and SQL programming. It provides comprehensive support for multiple relational
database systems, including MariaDB, MySQL, PostgreSQL, and SQLite, among others. The platform
offers advanced functionalities such as intelligent query assistance, real-time error detection, and schema
navigation, which collectively enhance the accuracy and efficiency of database development. Within the
context of this project, DataGrip is employed as the primary interface for database interaction and
development. Its robust toolset facilitates efficient database exploration, query execution, and data

manipulation while maintaining a structured and organized workflow. Furthermore, its compatibility with

4 Cf. Jetbrains (2025), Online-Source [16.10.2025]

4 Cf. Jetbrains (2025), Online-Source [16.10.2025]
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version control systems and customizable development environment makes DataGrip a reliable and

effective solution for professional and academic database projects.*

7.4 Streamlit

In Python, several frameworks can be used to develop user interfaces. One commonly used option is
“Tkinter”, which offers a wide range of functionalities for creating graphical elements such as buttons,
menus, and interactive views. However, for this project, a more advanced and modern approach was
adopted using Streamlit, a web-based framework that enables the rapid development of interactive and

visually appealing applications.

In the context of this project, Streamlit is utilized to create an intuitive and user-friendly interface for
interacting with the underlying database and data analysis processes. Its simplicity, combined with real-
time data rendering and seamless integration with popular Python libraries such as Pandas, NumPy, and

Matplotlib, makes it an efficient and flexible tool for developing modern data-driven applications.*”

7.5 PhpMyAdmin

PhpMyAdmin is a web application that is characterized by its accessibility, cost-free nature, and open-
source framework. It has been developed for the purpose of facilitating the management of MySQL and
MariaDB databases in a manner that is both straightforward and intuitive. Rather than utilizing command-
line tools that are often more complex, phpMyAdmin employs a graphical user interface (GUI) that operates
seamlessly within a web browser. This software is an exceptionally potent instrument for database

administration.48

46 Cf. Jetbrains (2025), Online-Source [16.10.2025]
47 Cf. Streamlit (2025), Online-Source [15.10.2025]

48 Cf. phpmyadmin (2025), Online-Source [16.10.2025
phpmy.
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8 PROGRAMMING THE SIMULATION

The practical component of this thesis details the design and implementation of a software prototype aimed
at simulating comprehensive energy scenarios. The simulation under consideration integrates several key
components. Photovoltaic systems, battery storage, household load consumption, and a controllable

device such as a boiler.

This implementation serves as a crucial Proof of Concept (PoC) to validate the proposed system
architecture and assess the feasibility of unifying these diverse software elements within a single, integrated

environment.

The development process is meticulously structured into two primary phases: backend implementation and
frontend integration. The present section commences with an examination of the backend, which is

responsible for providing the core logic and data management layer.

The backend is responsible for all business logic, data storage, and inter-component communication. It
presents a comprehensive set of well-defined interfaces, facilitating seamless interaction between the
frontend and external tools and the underlying data and services. The backend was developed using a
modular and scalable architecture for maintainability. The Python programming language and the Streamlit
framework were selected for their efficiency, excellent readability, and native support for asynchronous
operations. The management of data persistence is orchestrated by DataGrip, a database management

system that offers a reliable database layer and provides robust support for structured data transactions.

8.1 Using python and anaconda libraries

To select and utilize Anaconda as the primary Python library tool, it is necessary to configure the
environment of the programming graphical user interface (GUI) as an interpreter. As illustrated in Figure

18, the interpretation of the software is presented in PyCharm.

33



Programming the simulation
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Figure 18: Python interpreter, Source: Own Representation.

If a project necessitates packages that are not included in the standard Anaconda distribution for example,
a library dedicated to PDF export the pip package management tool offers a straightforward solution. The
installation of these external dependencies is facilitated by executing the pip install command from the
command line interface or Python terminal. This mechanism guarantees that developers have access to

the complete array of packages available via the Python Package Index (PyPlI).

8.2 MariaDB and phpMyAdmin

In the context of database management, MySQL has emerged as a leading free software tool, offering a
robust solution for the storage of data. However, a significant number of users have recently expressed a
preference for MariaDB, an enhanced and fully open-source alternative to MySQL. The development of
MariaDB was initiated by the same team that created MySQL following its acquisition by Oracle. The
primary objective of this initiative was to ensure the continuity of a free and community-driven software
ecosystem. The software offers enhanced performance, advanced security features, and complete
compatibility with existing MySQL databases, facilitating seamless integration and transition between the

two systems.

In this configuration, the complete database is hosted on a Synology NAS (Network-Attached Storage)

device. NAS functions as a centralized storage solution, enabling remote access to and management of
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the MariaDB database from any laptop connected to the same network. This setup ensures data security
and facilitates convenient administration while maintaining high availability for all connected users and

applications.

A Synology NAS (network-attached storage) is a compact, network-connected private cloud server. This
device facilitates the secure storage, management, and distribution of data among multiple users and
devices. The overall experience is rendered remarkably intuitive by Synology's DiskStation Manager (DSM)

operating system, which is managed seamlessly through a web browser interface.

A notable advantage of selecting a Synology NAS is the relative ease with which database services,
including MariaDB, can be installed and executed. Complex command-line operations are not required.
The Package Center, which functions similarly to an application store, can be accessed from within DSM.
Within the Package Center, a search for MariaDB should be conducted, and the installation process can

be initiated with a few simple clicks.

USB Copy

&

Cloud Sync Active Backup for
Business Portal

J7IN

MyADHiIn

Snapshot Replication phpMyAdmin

Figure 19:MariaDB and phpMyAdmin on Synology, Source: Own representation.

After installation, MariaDB can be easily configured through the NAS control panel. This enables the user

to:

e The creation and management of databases can be facilitated through the utilization of
phpMyAdmin, which is also available as an installable package.

e The configuration of user access and permissions is facilitated by straightforward settings.

e ltis imperative to establish a connection between the database and a diverse array of applications,
encompassing web-based applications, Internet of Things (loT) systems, and software residing on
personal laptops.
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To guarantee the security of user data, Synology NAS devices are equipped with critical features such as
regular backup procedures, RAID protection against disk failure, and automatic update mechanisms. These
features work in concert to safeguard the integrity and consistency of MariaDB data. In the context of
MariaDB on a Synology NAS, the sole configuration parameter pertains to the port through which the laptop
is able to establish a connection with the database. The process for enabling this connection is illustrated

in the accompanying Figure 20.

=l MariaDB 10

User Account and Database

Change Password Reset root password
Connection ‘
+~ Enable TCP/IP connection i

Port 3306

InnoDB Buffer Pool
Buffer pool size 16
MNote. While a larger buffer pool can enhance database performance, it's important
to avoid allocating excessive memory to prevent impacting other services.

Information

Domain Socket frun/mysgld/mysqld10.socl [}

Reset Apply

Figure 20: MariaDB configuration on Synology, Source: Own representation.

8.3 PhpMyAdmin

In this project, phpMyAdmin is not used for database management or SQL script development. Instead, its
primary purpose is to create the initial database structure and configure access permissions for the
workstation. This configuration enables the use of third-party tools, such as DataGrip, which serves as the

main SQL interface for connecting to MariaDB and carrying out database development tasks.

To create a new database in phpMyAdmin, the user must select the “New Database” option and specify an
appropriate name for the database. Once the database has been established, the user should navigate to
the Privileges section to define access permissions. Within this section, the internet protocol (IP) address
of the computer requiring access can be added, and the relevant privileges can be assigned. This process
ensures that the designated computer possesses the necessary authorization to connect to and interact

with the database in accordance with the project’s operational requirements.

Figure 21 illustrates the process of creating a new database, for example, a database named “MSc”, as
well as the configuration of user privileges. In this example, the user root is assigned access rights for the
device with the IP address 192.168.0.174. This configuration indicates that the specified device possesses

full administrative privileges and complete access to the database.
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Figure 21:phpMyAdmin overview, Source: Own representation.

¥ Mehr

To configure the DataGrip software for connection to the MariaDB database, it is first necessary to grant

the appropriate access rights within phpMyAdmin, as described in the previous section. Once the target

computer has been assigned the required privileges, the connection can be established through the Data

Sources settings in DataGrip.

As illustrated in Figure 22, the process involves adding MariaDB as a new data source corresponding to

the database hosted on the Synology NAS. The configuration requires entering specific connection

parameters, including the database host IP address, username, and password, which are defined during

the MariaDB setup on the NAS. After entering these details, the connection can be tested within DataGrip

to verify successful communication between the application and the MariaDB server running on the

Synology NAS.
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Figure 22: Database connection with DataGrip, Source: Own representation.

The IP address constitutes a fundamental parameter within the configuration process, as it establishes the
communication link between DataGrip and the MariaDB server hosted on the Synology NAS. Once the
connection has been successfully configured, the corresponding database instance becomes active and
visible within the DataGrip interface. This enables users to access and monitor all databases operating in
the background, as well as to view, modify, and execute SQL code as required. Such functionality facilitates
an efficient and integrated approach to database management and development within the project

environment.

Figure 23 illustrates the final stage of the configuration process, in which the database has been
successfully connected. It demonstrates how the database appears within the DataGrip environment once

the connection has been established and verified.

38



Programming the simulation

boiler_run_meta
iler_run_results

A battery_run_meta

ff battery_ru

Figure 23: The DataGrip explorer contains a projects table and a user’s table. Source: Own representation.

8.5 Streamlit

In the context of this project, Streamlit is utilized to create an intuitive and user-friendly interface for
interacting with the underlying database and data analysis processes. Its simplicity, combined with real-
time data rendering and seamless integration with popular Python libraries such as Pandas, NumPy, and

Matplotlib, makes it an efficient and flexible tool for developing modern data-driven applications.

To install Streamlit within the PyCharm development environment, it is first necessary to ensure that a valid
Python interpreter is configured for the project. Once the interpreter has been verified, Streamlit can be

installed directly through the integrated terminal or via PyCharm’s package management interface.

The most straightforward installation method is through the terminal, using the Python package manager
pip. The following command should be executed (pip install streamlit) and after the installation is complete,
Streamlit can be verified by running the command “streamlit hello”. This command launches a sample
Streamlit application in the default web browser, confirming that the framework has been successfully

installed and configured.

After the installation is complete, the application can be developed within PyCharm using the Python
programming language. Once the program has been implemented, it can be executed directly from the

terminal by running the appropriate Streamlit command as shown below.
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streamlit run C:\Users\henri\PycharmProjects\PythonProject\streamlit+report.py

Source Code 1: How to run the streamlit web app, Source Own representation

Upon execution, Streamlit automatically launches a local web server and opens the application in the

default web browser, displaying the user interface as defined in the Python code.

Figure 24 presents a streamlined example of the final project interface. On the left-hand side, a settings
toolbar is displayed, designed to allow users to input and manage the parameters required for simulation.
These parameters include the selection of the database, the specification of the date range, and other

relevant configuration options, which are described in detail in the following chapters.

The central section of the interface displays the main visualization area, where the simulation results are
presented as trend data. This section illustrates how various aspects of the simulation such as power grid
performance and related metrics are represented. The data shown in this view is directly connected to the

underlying database, ensuring real-time data retrieval and accuracy.

On the right-hand side, the interface shows the battery status for the current month, indicating charge and
discharge cycles over time. Below this, a summary histogram provides a daily overview of the total energy
consumption measured in kilowatt-hours (kWh), offering an aggregated view of system performance

throughout the period analyzed.
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Simulation complete. Rows: 504

Power balance (hourly) Battery SOC [kiWh]

Daily energy [kWh]

apes

apr1 ape7 spr1n apr13 apr 15 apers

Figure 24: Streamlit overview of the project, Source: Own representation.

40



Programming the simulation

8.6 Software architecture

Software architecture represents a fundamental aspect of this project’s development process. Through a
series of trial and error iterations, a clearer and more efficient architectural approach was identified. The
first proposed architecture was designed around the concept of a dynamic database operating in the
background for each simulation model. In this configuration, every model would generate its own dataset,

ultimately contributing to the final database containing all simulated results.

In this configuration, the photovoltaic (PV) module would initially retrieve data from a database storing solar
irradiance and meteorological information. Based on the input parameters, the system computes the energy
production metrics for the selected time span whether daily, monthly, or yearly as defined in the Streamlit
interface. The resultant values would then be stored in the database. Subsequently, the battery module
would access this data to determine whether the battery should charge or discharge. If the photovoltaic
(PV) system generates a surplus of energy, the simulation initiates the heating boiler model to utilize the

€XCess power.

However, this dynamic database approach introduced several operational issues. Due to the simultaneous
and interdependent execution of multiple models, the system often generated errors, as it lacked a defined
sequential execution order. This led to conflicts between the PV, battery, and boiler modules, causing
inconsistencies in calculations and unstable simulation results. Consequently, this architecture was

determined to be unsuitable for reliable system performance.

The new software architecture introduces a modular and structured design that separates the system into
distinct functional components. In this approach, the photovoltaic (PV) model performs calculations related
to solar energy generation, and the resulting data is stored in a dedicated table within the database. A
separate table is used to record household load profiles, representing different types of users and their

corresponding energy consumption patterns.

The simulation module, which includes the battery and boiler models, operates independently but draws
data input directly from the two previously mentioned tables, the PV data table and the home load table. By
retrieving information from these sources, the simulation can accurately compute the energy flow, storage,

and consumption processes within the system.

In summary, the architecture comprises two static databases (PV data and home load) and one dynamic
database (simulation results). The separation in question has been demonstrated to enhance data
organization, improve computational stability, and minimize the risk of conflicts between interdependent

models. Consequently, it results in a more reliable and scalable simulation framework.
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Figure 25 illustrates the separation between the PV and home load databases, both of which are static in
nature, and their connection to a dynamic database where the battery charging and discharging processes
are implemented. Furthermore, the code incorporates a boiler heating curve, which operates in parallel with
the battery simulation. The parameters associated with the dimensions of the battery and boiler are
delineated within the optimization parameters, thereby enabling the system to adapt to diverse
configurations. In essence, the integration of all components is paramount for the execution of the
comprehensive simulation. This integration ensures the orchestration of a symbiotic relationship between
energy generation, storage, and consumption models, thereby ensuring the seamless execution of the

simulation.

PV calculation for
different sizes of PV

Battery Charging and
discharging curve

optimisation curve

Boiler Warming up
curve

Calculate the amount
of home load for
different numbers of
people living in the
house.

Home Loadcurve

Figure 25: Database architecture, Source: Own representation.
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9 CREATING THE MODELS

As discussed in the previous chapter, software architecture represents a critical component of this project’s
overall design. The development process begins with the creation of the photovoltaic (PV) model, which
performs solar energy calculations and stores the results in the corresponding database tables. The second
model focuses on the home load, which similarly generates and records energy consumption data within

its respective database.

These two models form the foundation of the system and serve as the static databases required for
subsequent integration. Once both components have been successfully implemented and validated, they
are interconnected with a dynamic database, which is developed in the next stage to handle real-time

simulation and system optimization.

9.1 Photovoltaic model

To develop the photovoltaic (PV) module, it is necessary to obtain accurate solar irradiance data. Since
this project focuses on simulation rather than real-time measurement, it is practical to use historical solar
data for example, from the year 2024 to ensure that complete annual information is available. Using data
with a resolution of one second would result in an excessively large database and require substantial
computational resources. Therefore, in this project, hourly data from January through December has been

selected to balance accuracy and computational efficiency.

Solar radiation data can be obtained from various online sources, including open-access platforms and
commercial data providers. These datasets are typically available in CSV (Comma-Separated Values)
format, which can be easily downloaded and processed locally. The CSV file generally contains multiple

parameters such as:

e Timestamp (Coordinated Universal Time Timestamp): This parameter serves as the chronological
index for the dataset and is standardized to UTC.

e The solar zenith angle (SZA) is the angular separation, expressed in degrees (°), between the
zenith (the point directly overhead of the observer) and the geometric center of the solar disk.

e Irradiance (E) is defined as the instantaneous radiant flux (power) incident on a surface per unit
area and is typically measured in watts per square meter (W/m3).

e Global horizontal irradiance is the total hemispherical shortwave solar radiation that strikes a
horizontal surface at the Earth's surface.

o Diffuse Horizontal Irradiance: The solar radiant flux scattered by atmospheric constituents (e.g., air
molecules, aerosols, and cloud droplets) that strikes a horizontal surface from the entire celestial
hemisphere. This component remains significant under cloudy conditions.

e Direct Normal Irradiance: The solar radiant flux received from the direction of the solar disk upon a
surface held normal (perpendicular) to the sun's rays. This unscattered component is critical for

technologies that employ solar concentration (e.g., concentrating solar power, CSP).

All the relevant solar data is provided in CSV format upon download. To integrate this information into the

system, it must first be imported into the project’'s database through the database management tool
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DataGrip. Within DataGrip, a new table is created in the database to store the imported data. Initially, this
table is empty; however, once the CSV file is imported, DataGrip automatically recognizes the structure of
the dataset and generates the corresponding SQL table schema. This table then serves as a structured

data source that can be accessed and processed by the Python script during the simulation phase.

g Database Explorer

Open the List

Navigation Role

Introspection Leve Virtual View

ata Source
Tools rce from URL
Import/Export N a Source from Path

Diagrams

Diagnostics

Figure 26: Creating new table in DataGrip, Source: Own representation.

After the data import process in DataGrip is completed, the resulting table containing the solar data appears

as illustrated in Figure 27.

Figure 27: Sun data SQL table, Source: Own representation.

After creating the table containing the solar irradiance data, it is utilized to calculate the power output
generated by the photovoltaic (PV) panels. The simulation considers systems with varying installed
capacities, ranging from 0.4 kW to 20 kW peak, in incremental steps (e.g., 0.5 kW, 0.8 kW, 1 kW, etc.).
These calculations are performed using a Python script, which processes the stored solar data to estimate
the corresponding PV energy production. The implementation details and code used for this computation

are presented in the following section.

As with any Python program, the first step in the implementation process involves importing the necessary

libraries required for computation and data management. In this project, several key libraries are utilized.
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SQLAIchemy serves as the interface between Python and the relational database (e.g., MySQL), enabling
the script to efficiently retrieve, manipulate, and store data. Once the data is acquired, Pandas is employed
to organize it into structured DataFrames, which facilitate data cleaning, transformation, and high-level
analytical operations. Supporting Pandas is NumPy, a foundational library that provides efficient numerical
arrays and mathematical functions essential for fast and reliable computations. Finally, argparse is
implemented at the script’s entry point to handle user-defined command-line arguments, allowing dynamic
configuration and greater flexibility in the execution of the program.

from sqlalchemy import create_engine, text

import numpy as np

import pandas as pd

import argparse

Source Code 2: Importin libraries, Source: Own representation.

Once all the necessary libraries have been successfully imported, the development process continues with
the implementation of the next components of the script.
def generate_kwp_sizes():
custom = [0.4, 0.5, 0.8]
stepped = list(np.arange(1.0, 20.0 + 0.5, 0.5))
return np.round(custom + stepped, 2)
def colname_for_kwp(kwp: float) -> str:

return f"pv_{str(kwp).replace('.', '_")}kwp_ kw"

Source Code 3: Function for the Tables, Source: Own representation.

This process first generates a comprehensive list of photovoltaic (PV) system sizes, measured in kilowatt-
peak (kWp), that are used for the modeling procedure. This list begins with specific, custom sizes (such as
0.4, 0.5, and 0.8 kWp), and then it is extended by adding evenly spaced values starting from 1.0 up to 20.0
in 0.5 kWp steps, with all resulting values rounded to two decimal places. For every size in this generated
list, the second step is to create a corresponding, SQL-safe column name string by prepending the text
"pv_", replacing the decimal point with an underscore, and appending the unit "_kwp_kw". This method
ensures that system sizes, like 1.5 kWp, are converted into valid database column headers, such as

"pv_1_5kwp_ kw".

The next function is to calculate the data which is done in this part of the code:
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def compute_power(ghi_wm2, sizes_kwp, pr):
factor = np.clip(ghi_wm2 / 1000.0, 0.0, None)
out = {}
for s in sizes_kwp:
out[colname_for_kwp(s)] = np.round(s * pr * factor, 3)

return pd.DataFrame(out)
Source Code 4: Calculating power, Source: Own representation.

The calculation begins by normalizing the input irradiance data: the GHI, which is typically measured in
W/m?2, is converted to kW/m2 by dividing the value by 1000. Any resulting negative irradiance values are

then clipped to zero, as a PV system cannot generate power under negative solar conditions.
Next, the PV power output is calculated for each system size (s) using the following formula:
Power = s % PR x GHlzge10r

Equation 1:Globally formula to estimate the electricity generated in output of a photovoltaic system, Source: Bureau (2016), Online-
Source [16.11.2025].

Here, GHI_factor is the converted irradiance in kW/m2. The Performance Ratio (PR) is a critical factor (e.g.,

0.85 for 85% efficiency) that accounts for system losses due to temperature, dust, and inverter inefficiency.

The final results are returned as a Pandas Data Frame, where each row represents a timestamp and each
column corresponds to the computed power output for a specific PV system size (e.g., pv_1_0kwp_kw,
pv_1_5kwp_kw, ...).

After defining the structure and functionality of the database tables, as well as implementing the necessary
calculation methods, the final step involves reading the input data, performing the computations, and writing
the processed results into a new output table. The complete Python script used for this process is presented
below in a consolidated form, as a step-by-step explanation of each individual operation is deemed

unnecessary for this context.

The process begins with the command-line configuration, where user-defined settings are passed as
arguments such as --mysql-url, table names, the GHI column name, and the Performance Ratio (PR).
These parameters are then used to initialize a SQLAIchemy database engine and establish a robust MySQL
connection with appropriate timeout and reconnection policies. Subsequently, the workflow proceeds to the
data acquisition stage, during which the required irradiance data specifically the timestamp and GHI column
is retrieved from the designated input table in the database and loaded into a Pandas DataFrame for further

processing.
With the data loaded, the PV power computation begins:
1. It generates a comprehensive list of PV system sizes to be modeled.

2. It then calculates the PV power output (kW) for each system size against every timestamp,

incorporating the performance ratio and the cleaned irradiance data.
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3. The original timestamps are added back to the results.
The original timestamps are added back to the results.

Finally, the process handles database output management. First, it drops and recreates the output table to
start fresh. It defines timestamp as the primary key and sets up a separate DECIMAL (8,3) column for the
calculated power output of each PV size. The computed power DataFrame is then efficiently written to the
new MySQL table in small pieces. This entire process allows a user to specify calculation parameters from
the command line, pull raw data, perform complex PV modeling, and safely store the structured results

back into the database.
with engine.connect() as conn:
df = pd.read_sql(

text (f"SELECT timestamp utc, {args.ghi col} FROM {args.in_table} ORDER BY
timestamp_utc ASC"),

conn,
parse_dates=["timestamp_utc"],)

sizes_kwp = generate_kwp_sizes()

pv_df = compute_power(df[args.ghi_col].to_numpy(dtype=float), sizes_kwp, pr=args.pr)

pv_df.insert(0, "timestamp utc", df["timestamp utc"].values)

cols = ["timestamp utc DATETIME NOT NULL"] + [f"{colname for_ kwp(s)} DECIMAL(S8,3)"
for s in sizes_kwp] + ["PRIMARY KEY (timestamp_utc)"]

Source Code 5: Reading and writing data to database from python, Source: Own representation.

After executing the code successfully without any errors, the creation of the new database becomes evident
within DataGrip, where it appears as a table named pv_power_kw_peak_2024 hourly. This table contains
a comprehensive dataset with multiple columns representing the calculated photovoltaic power values. The
first column corresponds to the timestamp, which serves as the primary reference for synchronization
across all related databases. The subsequent columns represent the simulated PV power outputs for
various system capacities, ranging from 0.4 kW peak up to 20 kW peak. A sample extract of this database

is presented in Figure 28.
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g Database Explorer q pv -024_hourly

tables

i battery_boiler_run.

Figure 28: The new created database with pv calculations, Source: Own representation.

9.2 Home load curve

For the home load curve, a different approach was adopted in this project. Although a Python script was
successfully developed to generate a new database containing hourly energy consumption data for both
summer and winter periods, it was determined that implementing this process directly in SQL would be
faster and more efficient. Therefore, the table was created within DataGrip using an SQL script.
INSERT INTO home_load 2024 hourly (...)
WITH base AS ( ... ),

norm AS ( ... )

SELECT ... FROM norm AS n ORDER BY n.timestamp_utc;
Source Code 6: Building the table, Source: Own representation.

This profile generation process involves three main steps: first, building a base unitless hourly shape;
second, normalizing this shape daily; and finally, scaling the normalized profile to meet a target daily energy
value while applying any necessary weekend consumption uplift. The next step involves generating a list-

based load profile, which represents the hourly variation of energy consumption over a defined period.

48



Creating the Models

WITH base AS (
SELECT

t.timestamp_utc,

HOUR(t.timestamp_utc) AS h,

DATE(t.timestamp_utc) AS d,

(
0.6 * EXP(-POW(HOUR(t.timestamp_utc) - 7, 2) / (2 * POW(1.3, 2))) +
1.0 * EXP(-POW(HOUR(t.timestamp_utc) - 19, 2) / (2 * POW(1.8, 2))) +

0.4 * (0.25 + 0.5 * ((COS(((HOUR(t.timestamp_utc) + 1) / 24) * 2 * PI()) + 1) /
2))) +

0.2
) AS s,

CASE WHEN DAYOFWEEK(t.timestamp_utc) IN (1,7) THEN 1.05 ELSE 1.00 END AS
weekend_mul

FROM pv_power_kwp_ 2024 hourly AS t

Source Code 7:Generating a Realistic Hourly Load Profile, Source: Own representation.

This process defines a unitless hourly energy shape designed to represent a plausible residential
consumption pattern. Rather than claiming exact behavioral accuracy, the profile combines multiple
weighted mathematical functions that reflect typical daily activity phases described in existing load profile
studies. The code and parameter choices are an original implementation, adapted to align with commonly
observed residential demand characteristics. This ensures that the resulting load profile is time-aligned with
the provided solar PV data from the pv_power_kwp 2024 hourly source. The core of the methodology is
creating the unitless shape (s) by combining several mathematical functions that model different daily
activities. The overall profile uses the hour (h) and day (d) information to correctly apply the shapes and

perform daily normalization.
The shape (s) is built from four weighted components, ensuring the value is always greater than zero:

1. Morning Peak (Breakfast Bump): The curve is relatively sharp and centered around 7:00 AM, with
an amplitude of 0.6. This shows a short-lived spike in energy use, like what happens during the
morning rush.

(h=7)°

Equation 2: Gaussian function for morning peak, Source: Technology (2025), Online-Source [16.11.2025].

2. Evening Peak (Dinner/Activity): A larger and wider Gaussian curve that peaks at 7:00 PM (19:00),
with a higher amplitude of 1.0. This model shows that people use more energy during evening

hours.
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(h —19)?

L0+ EXP (- —— =

)

Equation 3: Gaussian function for evening peak, Source: Technology (2025), Online-Source [16.11.2025].

3. Diurnal Wave: It's a soft, rolling wave that changes slightly from day to night. The wave is shifted
to make sure that the lowest demand doesn't happen exactly at midnight, which keeps a minimum

level of activity.

h+1
0.4 % (0.25+ 0.5 * ((cos( TR 27r) +1/2))

Equation 4: Raised cosine filtering, Source: MatLAB (2025), Online-Source [16.11.2025].
4. Baseline Demand: A constant value of +0.2 is added to the total shape. This makes sure there's
always at least some demand at night, so the load profile never reaches zero.

Also, a weekend multiplier is in place. This multiplier increases the profile by 5% (1.05) on Saturdays and

Sundays.

The final calculation adjusts the hourly shares to meet one of the defined daily energy targets (e.g., 8, 12,
15, or 18 kWh on weekdays).

The formula for each hour's final load in kW is:

N

Hourly Load (kW) = targetkWhperday * ( ) * weeken multiplier

sum

Equation 5: Hourly Load, Source: Own representation.

All of the equations used in this project are based on established sources, but they are adapted slightly to

ensure that they align with the specific requirements of this work.

Power balance (hourly)

038
08 Base load [kw]
07
06
05
04
03

02

Figure 29: Home load graphic for two-person household, Source: Own representation.

The result of this calculation is the simulated power demand in kW for that specific hour. Since the data are
structured on an hourly basis, the sum of the 24 hourly values for any given day approximates the targeted
daily energy consumption (e.g., 18 kWh). On weekends, the total approximates the target multiplied by the

weekend factor (e.g., target x 1.05).
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SELECT

n.timestamp_utc,

ROUND((8.0 * n.s / n.sum_s) * n.weekend_mul, 3) AS load_1p_ kw,
ROUND((12.0 * n.s / n.sum_s) * n.weekend_mul, 3) AS load_2p_ kw,
ROUND((15.0 * n.s / n.sum_s) * n.weekend_mul, 3) AS load_3p_kw,
ROUND((18.0 * n.s / n.sum_s) * n.weekend_mul, 3) AS load_4p_kw

FROM norm AS n

ORDER BY n.timestamp_utc;

Source Code 8: Daily sum calculation, Source: Own representation.

After combining and executing the SQL scripts in DataGrip without any errors, a new table named
home_load_ 2024 hourly is created within the database. The structure of this table is straightforward: the
first column represents the timestamp, serving as the temporal reference for the dataset, while the
remaining four columns contain the calculated household load profiles corresponding to one-, two-, three-,
and four-person households. This design allows for the comparison of energy consumption patterns across

different household sizes and provides a more realistic representation of varying daily electricity demand.

Database Explorer

+ B SEECY +

Figure 30:Created home load table in the database, Source: Own representation.

9.3 Simulation model

The foundational model is predicated on Streamlit configuration and session-state bootstrapping. Streamlit

renders from top to bottom on every interaction. Therefore, when page-level options are configured first,
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layout shifts are avoided. Furthermore, pre-seeding (st.session_state) ensures that later blocks can assume
keys exist. The keys serve to store the following: the most recent simulation, the daily aggregates, the
inputs, a compact totals map for KPIs, and an optional (run_id). Using (None) placeholders serves to convey

the message of "not yet run" without necessitating subsequent gymnastics in type.

st.set_page_config(page_title="PV e« Battery-first e Boiler — Simulator",
layout="wide")

for k in ("sim","daily","params","totals_map","run_id"):
if k not in st.session_state:

st.session_state[k] = None

Source Code 9: Streamlit page configuration, Source: Own representation.

Database connectivity is implemented using a defensive programming approach to ensure both reliability
and user interface responsiveness. The (get_engine) function constructs a SQLAIchemy engine configured
with connection health checks and timeout parameters, thereby preventing the application from becoming
unresponsive under unstable network conditions. An immediate SELECT 1 query is executed to validate
database credentials and host accessibility. In the event of a failure, the function captures and returns the
corresponding exception, which is then rendered in the user interface via (st.error), followed by termination
of the execution through (st.stop()). This approach exemplifies an idiomatic Streamlit practice: failing early
with a clear, user-visible message rather than allowing subsequent interface components to produce
ambiguous runtime errors.
def get_engine(url: str):
try:
engine = create_engine(

url,

pool pre_ping=True,

pool_recycle=3600,

connect_args={"connect_timeout": 15, "read timeout": 120,
"write_timeout": 120},)

with engine.connect() as conn:
conn.execute(text("SELECT 1"))
return engine, None
except Exception as e:

return None, e

Source Code 10: Streamlit database connection control, Source: Own representation.

The sidebar functions as an interactive, guided wizard that incrementally validates the user’s data
environment. Following the URL input field, a “Show URL” toggle allows the entered value to be displayed

in code format, enabling users to verify correctness without exposing sensitive credentials by default. The
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application then inspects available table names and automatically detects relevant schema features, such
as columns indicative of photovoltaic data (pv_*kwp_kw), load measurements (load_*_kw), and suitable
timestamp fields identified through MySQL'’s information schema. This automated detection process
maintains a streamlined and uncluttered main interface by presenting only contextually valid options in
dropdown menus. Such a design not only enhances user experience compared to free-text inputs but also
mitigates the risk of SQL injection and other input-related vulnerabilities. Here is the code for this part:
st.sidebar.header("Database")
default_url = os.environ.get("PV_DB URL", "mysql+pymysql://root:Passworxxx@.../MSc")
db_url = st.sidebar.text_input("SQLAlchemy URL", value=default_url, type="password")
if st.sidebar.checkbox("Show URL", False): st.sidebar.code(db _url)
engine, err = get_engine(db_url)
if err:

st.error(f"DB connection failed: {err}")

st.stop()

tables = list_tables(engine)
pv_candidates = [t for t in tables if has_prefix_columns(engine, t, "pv_")]

load_candidates

[t for t in tables if has_prefix_columns(engine, t, "load ")]
pv_table = st.sidebar.selectbox("PV table", options=pv_candidates)
load _table = st.sidebar.selectbox("Load table", options=load_candidates)

pv_cols = detect_pv_columns(engine, pv_table)

load_cols = detect_load_columns(engine, load_table)

pv_col

st.sidebar.selectbox("PV column™, pv_cols)

load_col = st.sidebar.selectbox("Load column™, load_cols)

Source Code 11:Streamlit sidebar, Source: Own representation.

Time handling within the application is designed to be explicit, transparent, and consistent. Once the
photovoltaic (PV) time column is identified, the system retrieves the minimum and maximum timestamps
directly from the database to establish valid temporal boundaries. These limits are then applied to constrain
the date picker, ensuring that user selections remain within the actual data range. The chosen dates are
subsequently converted into inclusive start-of-day and end-of-day UTC strings, which are used consistently
across both the SQL queries and the generated reports. Displaying the detected timestamp column names
as captions provides users with clear confirmation of the temporal variables being utilized, reinforcing
confidence that the application is performing joins and analyses on the intended fields. Below is the source

code of this part:
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pv_ts col = detect_ts_column(engine, pv_table)

load_ts_col = detect_ts_column(engine, load_table)

st.sidebar.caption(f"Detected PV time column: **{pv_ts col}**")

st.sidebar.caption(f"Detected Load time column: **{load ts col}**")

min_ts, max_ts = fetch_bounds(engine, pv_table, pv_ts_col)

dates = st.sidebar.date_input("From / To", value=(min_ts.date(), max_ts.date()),
min_value=min_ts.date(), max_value=max_ts.date())

if isinstance(dates, tuple): start_date, end_date = dates

else: start_date = end_date = dates

start = pd.Timestamp(start_date).strftime("%Y-%m-%d ©0:00:00")

end pd.Timestamp(end_date).strftime("%Y-%m-%d 23:00:00")

Source Code 12: Timestamp detection of the tables, Source: Own representation.

Reading series data is implemented in a straightforward yet rigorously controlled manner to ensure
temporal and numerical consistency. The query executes an equi-join on the photovoltaic (PV) and load
timestamp columns, returning a well-structured dataset containing UTC-aligned timestamps and
corresponding kilowatt (kW) values, ordered chronologically. This strict equality-based join enforces
deterministic row alignment and eliminates ambiguity or implicit interpolation, which is essential for
maintaining accuracy in energy accounting analyses. In cases where the underlying data sources are not
perfectly time-aligned, introducing a pre-resampling procedure would constitute an appropriate future

enhancement. The source code 13 shows how this is coded.
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def read_series(engine, pv_table, pv_col, load_table, load col, start,

pd.DataFrame:

pv_ts = detect_ts_column(engine, pv_table)

load_ts = detect_ts_column(engine, load_table)
q = text(f"""

SELECT p.{pv_ts} AS timestamp_utc,
p.{pv_col} AS pv_kw,
1.{load_col} AS base_ load_kw

FROM {pv_table} p

JOIN {load_table} 1

ON p.{pv_ts} = 1.{load_ts}
WHERE p.{pv_ts} BETWEEN :a AND :b
ORDER BY p.{pv_ts}

")

with engine.connect() as conn:

return pd.read_sql(q, conn, params={"a": start,

parse_dates=["timestamp utc"])

Source Code 13: Synchronizing timestamp, Source: Own representation.

"b": end},

end) ->

The simulation kernel formalizes the system’s energy routing logic and enforces device-level operational

constraints. A standard modeling technique distributes round-trip losses symmetrically by applying the

square root of the overall round-trip efficiency to both the charging and discharging phases. For example,

a battery with a total efficiency of 92% is represented as approximately 95.9% efficient in each direction,

thereby maintaining the correct cumulative energy loss. The state of charge (SOC) is tracked in kilowatt-

hours (kWh) within defined upper and lower bounds, while instantaneous power flows are represented in

kilowatts (kW) per time step implicitly corresponding to hourly intervals. The simulation loop resets the

boiler's remaining daily energy quota at midnight, applies per-hour power constraints, enforces minimum

SOC reserves, and differentiates between daylight and non-daylight conditions using a small photovoltaic

(PV) power threshold to streamline mode-switching behavior. The source code 14 shows how this is coded.
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def simulate_battery boiler(...):
ceff

math.sqrt(roundtrip_eff)

deff = math.sqrt(roundtrip_eff)

cap = float(capacity_kwh)

soc_prev = cap * 0.5 if initial_soc_kwh is None else float(initial_soc_kwh)
soc_prev = max(0.0, min(cap, soc_prev))

min_soc = cap * (min_soc_pct / 100.0)

# allocate numpy arrays for charge/discharge/grid import/export/boiler_used and
soc

# iterate rows, compute pv_to_base, pv_surplus, base_rem, update soc_prev each
hour

Source Code 14: Simulation start for battery and boiler, Source: Own representation.

The daytime energy management logic follows a structured prioritization sequence designed to maximize
self-consumption. During daylight hours, photovoltaic (PV) generation first supplies the household base
load. Any surplus energy is then directed to charge the battery, constrained by the available capacity,
charging efficiency, and maximum allowable charge rate. Once the battery’s charging needs are satisfied,
excess PV power is allocated to the boiler, which operates toward fulfilling its daily energy quota within a
defined power cap. Only after the battery is fully charged and the boiler’s daily requirement has been met
does the system permit energy export to the grid. This ordered flow ensures that self-consumption is
maximized, exports occur only as a last resort, and the battery remains optimally charged throughout the
day.
if is_daylight:
pv_to_base = min(pv, base)
base_rem = base - pv_to_base
pv_surplus = pv - pv_to_base
if pv_surplus > 0.0 and soc_prev < cap:
room = cap - soc_prev
max_by _room = room / ceff
ch = min(pv_surplus, max_charge_kw, max_by_room)
if ch > 0.0:
soc_prev = min(cap, soc_prev + ch * ceff)
pv_surplus -= ch

charge[i] += round(ch, 3)
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if pv_surplus > 0.0 and boiler_max_kw > 0.0 and remaining_quota > 0.0:
boiler_req = min(boiler_max_kw, remaining_quota)
use_pv = min(pv_surplus, boiler_req)
pv_surplus -= use_pv
remaining_quota -= use_pv
boiler_used[i] += round(use_pv, 3)

if pv_surplus > 0.0 and soc_prev >= cap - le-6 and remaining_quota <= le-6:
gexp[i] += round(pv_surplus, 3)

pv_surplus = 0.0

Source Code 15: Optimization to maximize daylight, Source: Own representation.

This section of the code represents a critical component of the project. Its primary objective is to optimize
the utilization of daylight and the solar energy generated by the photovoltaic (PV) system throughout the
day. By implementing this logic, the program ensures that the energy produced by the PV panels is used

as efficiently as possible, thereby maximizing self-consumption and minimizing energy losses.

After coding daylight optimization, the nighttime control logic is designed to protect the battery reserve while
maintaining consistent household comfort. During non-daylight hours, the household base load is supplied
primarily by the battery, which discharges down to the defined minimum state of charge (SOC), constrained
by both the maximum discharge rate and the energy effectively available after accounting for efficiency
losses. Any remaining demand beyond these limits is automatically covered by the grid. The boiler
continues operating as needed to complete its daily energy quota: it first utilizes the remaining battery
capacity down to the reserve threshold and, if permitted, draws any additional energy from the grid. This
arrangement ensures that hot-water availability remains reliable and independent of evening solar
conditions, while preserving the battery’s longevity and readiness for the next day’s cycle.
else:
if base_rem > 0.0 and soc_prev > min_soc:
max_by _soc = max(0.0, (soc_prev - min_soc)) * deff
dis = min(base_rem, max_discharge_kw, max_by soc)
if dis > 0.0:
soc_prev = max(min_soc, soc_prev - dis / deff)
base_rem -= dis
discharge[i] += round(dis, 3)
if base_rem > 0.0:
gimp[i] += round(base_rem, 3)

base_rem = 0.0
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if boiler_max_kw > 0.0 and remaining_quota > 0.0:
boiler_req = min(boiler_max_kw, remaining_quota)
if soc_prev > min_soc:
max_by soc = max(0.0, (soc_prev - min_soc)) * deff
d_boiler = min(boiler_req, max_discharge_kw, max_by_soc)
if d_boiler > 0.0:
soc_prev = max(min_soc, soc_prev - d_boiler / deff)
boiler_req -= d_boiler
discharge[i] += round(d_boiler, 3)
boiler_used[i] += round(d_boiler, 3)
remaining_quota -= d_boiler
if boiler_req > 0.0 and allow_grid_for_boiler:
gimp[i] += round(boiler_req, 3)
boiler_used[i] += round(boiler_req, 3)

remaining_quota -= boiler_req

Source Code 16:Nighttime optimization, Source: Own representation.

Nighttime grid charging is implemented through configurable local-time windows, allowing charging periods

that may extend across midnight. To manage this, the system calculates the local hour using a fixed UTC

offset parameter for simplicity and then verifies whether the current time falls within the defined charging

interval. When the state of charge (SOC) is below the designated target, the algorithm initiates charging at

the minimum of three limits: the maximum charge power, the remaining capacity needed to reach the target

(adjusted for efficiency), and a daily energy cap that resets at the start of each new day. Additionally, a

seasonal “winter mode” increases the target SOC during specified months, ensuring higher stored energy

levels to accommodate darker mornings and reduced photovoltaic availability.
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night_pct = (winter_target pct if winter_boost and month in set(winter_months) else
grid_charge_target_pct)

night_target_soc = cap * (night_pct / 100.0)
if allow_grid_charge and soc_prev < night_target_soc:
def in_window(hr: int, s: int, e: int) -> bool:
return (s <= hr < e) if s < e else (hr >= s or hr < e)
if in_window(local_hour, grid_charge_start_h, grid_charge_end_h):
room = max(0.0, night_target_soc - soc_prev)
max_by_room = room / ceff
remaining_cap = max(0.0, battery_grid_kwh_cap_per_day - batt_grid_today)
grid_ch = min(max_charge_kw, max_by room, remaining_cap)
if grid_ch > 0.0:
soc_prev = min(cap, soc_prev + grid_ch * ceff)
gimp[i] += round(grid_ch, 3)
charge[i] += round(grid_ch, 3)

batt_grid_today += grid_ch

Source Code 17:Grid charging option code, Source: Own representation.

The Streamlit interaction design revolves around an explicit “Run simulation” button, a deliberate choice to
control execution flow and computational efficiency. By default, Streamlit re-executes the entire script
whenever a widget changes; isolating the simulation behind a button ensures that computationally intensive
processes are triggered only when explicitly requested by the user. Within the button’s event handler, an
(st.spinner) provides immediate visual feedback during data retrieval and simulation. If the underlying query
yields no results, the application issues a non-fatal warning and terminates the run gracefully. Upon
successful execution, the code populates the session state, performs daily aggregations through
resampling, generates a compact summary of key totals, and preserves a human-readable dictionary of
parameters for inclusion in the final report. This interaction pattern promotes responsiveness, transparency,

and efficient resource utilization within the Streamlit environment.
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st.title(" PV-first » Battery » Boiler — Simulator")

st.caption("Exports only when battery is full and boiler daily quota is met. Grid-
charging is OFF by default.")

if st.button("Run simulation", type="primary"):
with st.spinner("Reading data & simulating..."):
df = read_series(engine, pv_table, pv_col, load_table, load col, start, end)
if df.empty:
st.warning("No rows in the selected range.")
st.stop()
sim = simulate_battery boiler(...)
st.session_state["sim"] = sim

daily cols =
["pv_kw","base_load_kw","boiler_kw _used","charge_kw
"grid_export_kw"]

, 'discharge_kw","grid_import_kw",

daily =
sim.set_index("timestamp utc")[daily cols].resample("D").sum().reset_index()

st.session_state["daily"] = daily
st.session_state["totals map"] = {...}

st.session_state["params"] = {...}

Source Code 18: Streamlit button to run the simulation, Source: Own representation.

The charting component leverages Plotly to convey system behavior through clear, visually intuitive
summaries. The “Power balance” figure overlays multiple time-series photovoltaic generation, base load,
boiler consumption, battery charge and discharge, as well as grid import and export allowing users to easily
identify operational modes, transitions, and instances of curtailment. The state-of-charge (SOC) chart
presents a simple yet informative line visualization, highlighting whether the minimum reserve is ever
reached and whether the elevated winter target is consistently achieved. A daily bar chart aggregates and
compares daily totals for PV generation, base load, battery activity, and grid exchanges, while the grouped
bar mode layout supports quick month-over-month comparisons. Placing the first two charts side by side
within responsive columns establishes a natural visual hierarchy on wide screens, enhancing interpretability
and emphasizing the temporal relationship between power flows and storage dynamics. Here is the Python

code in Streamlit to make it possible.
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cl, c2 = st.columns([2,1])
with c1:
figl = go.Figure()
for col, label in [
("pv_kw","PV [kW]"), ("base_load kw","Base load [kW]"),
("boiler_kw_used","Boiler [kW]"), ("charge_kw","Charge [kW]"),
("discharge_kw","Discharge [kW]"), ("grid_import_kw","Grid import [kW]"),

("grid_export_kw","Grid export [kW]"),

Source Code 19:Ploting the graphs, Source: Own representation.

Optional data persistence provides a reproducible record of both simulation parameters and resulting
outputs. The implementation defines two tables using MySQL Data Definition Language (DDL): one to store
metadata and another to hold detailed hourly results. For each execution, the application inserts a single
metadata entry, retrieves the corresponding (run_id) using (LAST_INSERT_ID()), and then performs a bulk
insertion of all hourly records associated with that identifier. A lightweight migration routine adds any
missing columns automatically, ensuring backward compatibility with earlier database versions without
requiring manual schema updates. In Stream lit, this persistence process is encapsulated within a button’s
guarded execution block, preventing unintended duplicate writes that might otherwise occur from automatic
reruns triggered by minor widget interactions.
def insert_run_meta(engine, meta: dict) -> int:
sql = text("""INSERT INTO battery_boiler_run_meta (...) VALUES (...);""")
with engine.begin() as conn:
conn.execute(sql, meta)
rid = conn.execute(text("SELECT LAST_INSERT ID()")).scalar()
return int(rid)
def write_results(engine, run_id: int, results: pd.DataFrame):
results = results.copy()
results["run_id"] = run_id
results =

results[["run_id","timestamp_utc","pv_kw","base_load kw","boiler kw_used",

"charge_kw","discharge_kw","grid_import_kw","grid_export_kw","soc_kwh"]]
results.to_sql("battery boiler run_results", engine, if_exists="append”,
index=False, chunksize=500)

Source Code 20: Creating a dynamic row in database, Source: Own representation.
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Upon completion of the code execution, the corresponding metadata is stored in the
battery boiler_run_meta table. This table automatically records all parameters and input values provided
through the Streamlit user interface, ensuring that the simulation data is systematically organized and easily
accessible for further analysis. Figure 31 presents a snapshot from DataGrip, illustrating the structure and

contents of the metadata table.

v [ battery_boiler_run_meta

columns

d_table
load_col

art_utc

d_batt_target

y_for_boiler

iler_run_results

Figure 31: Simulation Metadata table in DataGrip, Source: Own representation.

This table contains millions of data points, which serve as the foundational input for executing and analyzing

the simulation.

To provide a comprehensive overview of the simulation beyond graphical visualization, a lightweight
reporting module is implemented to enable exporting results in both HTML and PDF formats. This reporting
pipeline transforms analytical outputs into portable, shareable artifacts. The build_report_html function
constructs a styled HTML document that consolidates all key elements of the simulation input parameters,
computed KPls, and visual charts into a cohesive report. For embedding figures inline, the function attempts

to generate static Plotly images using Kaleido, then base64-encodes the resulting PNGs and inserts them
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into <img> tags within the HTML. If Kaleido is not installed, the system gracefully degrades, producing a

functional report accompanied by a clear message explaining the missing dependency.

Within the Streamlit interface, the generated report is displayed directly in-app, while download options are
provided for both the HTML file and, when (wkhtmltopdf) and (pdfkit) are available, a high-fidelity PDF
version. This design offers two export pathways: a zero-dependency option saving the HTML and printing

it to PDF manually and a server-side conversion option that ensures precise visual fidelity.
# In the UI

components.html(html, height=800, scrolling=True)
st.download_button("Download report (HTML)", data=html.encode("utf-8"),

file_name="simulation_report.html", mime="text/html",
use_container_width=True)

try:
import pdfkit
pdf_bytes = pdfkit.from_string(html, False)
st.download_button("Download report (PDF)", data=pdf_bytes,
file_name="simulation_report.pdf", mime="application/pdf",

use_container_width=True)
Source Code 21:Report functionality, Source: Own representation

Finally, several operational design choices complete the Streamlit implementation. User inputs are
organized under clearly defined headers Battery, Boiler, Grid Charging, and Winter Boost so the sidebar
reads as a coherent narrative with sensible defaults that are immediately apparent. Each numeric widget
uses data types and ranges that are appropriate for its purpose. This prevents invalid input. For example,
there are integer fields for charging window hours and sliders for power and energy capacities (kW/kWh)

with realistic increments.

The layout uses (st.columns) to balance information density with readability. (st.expander) keeps the main
page uncluttered by collapsing optional or detailed content, such as raw data tables. Informational cues,
such as (st.caption) and st.info, provide subtle hints and guide users through empty states or parameter
explanations. Although this version omits caching decorators for simplicity, Streamlit's performance
features could easily be incorporated. Wrapping the read series function with (@st.cache_data) would
accelerate operations on large static datasets. Additionally, memorizing schema detection would reduce
repetitive database queries with each rerun. The current implementation favors simplicity and the freshness

of metadata over minimal 1/O, striking a balance between responsiveness, clarity, and maintainability.

9.4 User interface

The user interface contains a substantial amount of information; therefore, it is explained more clearly

using bullet points.
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Database and Input Settings (left side)

SQLAIchemy URL — Connection link to the database that stores energy data.

PV table / Load table — Drop-down menus to select which tables contain the solar power (PV)
and household load information.

PV column / Load column — Specify which columns hold the power values (in kW).

Detected timestamp columns — The system automatically detects the timestamp column for both
PV and load data.

Date range — Defines the time period for simulation. In the example, the range is from 2024/01/19
to 2024/01/28.

Battery section (basic settings)

Capacity [kWh] — Total energy that the battery can store (10 kWh).

Max charge / discharge power [kW] — Maximum rates for charging and discharging (around 3.6
kW each).

Roundtrip efficiency — Efficiency of the battery during charge/discharge cycles (0.92).

PV table

pv_power_kwp 2024 hourly

[LELR LI
home_load 2024 hourly
PV column

pv_2 Okwp kw

Load column

e column: timestamp_utc

ad time column: timestamp_utc

Date range
From [ To

2024/04/10 - 2024/04/15

Battery

Capacity [kwWh]

1.00

Max charge [kW]

.58

Max discharge [kW]

9.50

Rounditrip efficiency

Figure 32:Database and Input Settings (left side) streamlit, Source: Own representation.
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Simulation control (top middie)
¢ Run simulation — Button to start the simulation.

e Simulation complete message — Confirms that the simulation was successful and shows how

many rows of data were processed (240 rows, or 10 days of hourly data).
Main charts and results:
1. Power balance (hourly) — Line chart showing energy flow through the system hour by hour.

e PV (solar generation) is shown with daily peaks.
e Base load is household demand.

e Boiler is when the electric boiler is running.

e Charge and discharge show battery operation.

e Grid import/export shows power bought from or sent to the grid.

2. Battery SOC [kWh] — Graph showing the battery’s energy level over time (State of Charge). In
the example, it stays almost flat near 1 kWh.

3. Daily energy [kWh] — Bar chart summarizing daily totals. It shows how much energy each day
came from PV, how much went to the load and boiler, how much was charged/discharged by the

battery, and how much was imported/exported to the grid.

PV-first » Battery - Boiler — Simulator

Run simulation

Simulation complete. Rows: 144

Power balance (hourly) Battery SOC [kWh]

Daily energy [kWh]

Figure 33: Main view Streamlit, Source: Own representation.

Advanced controls:
1. Battery:
e Initial SOC [%] — Sets the starting charge level of the battery (default 50% if blank).
e Min SOC reserve [%] — Minimum charge reserves the battery and keeps (18%).
2. Boiler:
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Enable boiler control — Turns boiler logic on or off.
Boiler daily energy [kWh/day] — Daily target energy for the boiler (4.8 kWh/day).
Boiler max power [kW] — Maximum boiler power (3.6 kW).

Allow grid for boiler shortfall — Lets the boiler use grid power if PV and battery are

insufficient.

3. Grid charging (battery):

Allow grid-charging to battery — Enables charging the battery from the grid.
Night target SOC [%] — Desired battery level after night charging (88%).

Grid charge start hour / end hour (local) — Defines the allowed charging window (22:00—
6:00).

Local timezone offset vs UTC [h] — Adjusts for local time (1 hour).

Daily cap grid + battery [kWh/day] — Maximum combined daily energy from the grid and
battery (20 kWh/day).

4. Winter boost:

Use a higher night target in winter — Enables a higher state-of-charge target in winter.

Winter/night target SOC [%] — Higher charge goal for winter nights (90%).

Boiler [i% Grid charging (battery)

8 Enable boiler control Allow grid-charging to battery

Boiler daily energy [kWh/day] Night target SOC [%]

0.08 e.08
3
Boiler max power [kW] Grid charge start hour (local)

22

6.08
Grid charge end hour (local)

Allow grid for boiler shortfall

6
Winter boost
Local timezone offset vs UTC [h]

& Use higher night target in winter 1

Winter night target SOC [%]
Daily cap: grid = battery [kWh/day]

Figure 34:Advance controls streamlit, Source: Own representation.
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10 SIMULATIONS

After completing the development of all modules and finalizing the software architecture, the next phase
involves executing the simulation. Since each simulation requires considerable computational resources
and processing time, it is advisable to perform multiple test runs with varying system configurations to

analyze performance under different operating conditions.

The simulation can be executed for any selected time range, including individual days, weekends, specific
months, or even custom-defined periods throughout the year. This flexibility allows for a comprehensive
analysis of how system performances such as energy generation, battery storage, and overall consumption

vary across different temporal and operational scenarios.

Furthermore, each simulation is also carried out for a two-person household, enabling the comparison of
energy usage patterns across different household sizes and improving the accuracy of consumption-based

analyses.

To begin with, smaller configurations are tested, such as a 0.8 kW-peak photovoltaic (PV) system paired
with a 2 kWh battery, followed by larger setups including 5 kW-peak PV with a 10 kWh battery and 10 kW-
peak PV with a 5 kWh battery. Each simulation scenario provides valuable insights into system efficiency,
energy flow, and overall optimization potential. For clarity and consistency, each scenario is presented in a
separate subsection and accompanied by summarized results generated by the reporting tool. These
results illustrate total energy production, consumption, and storage performance for the selected time range

and household configuration.

10.1 First simulation

As described in the previous section, the simulation follows a systematic procedure. Data from the PV table,
which serves as the static database, is used to obtain the photovoltaic (PV) generation values, while data
from the home load table provides the corresponding household energy consumption profile. For this
simulation scenario, a balcony PV system with an installed capacity of 0.8 kW-peak is selected,
representing a small-scale residential setup. The household load is defined as a standard two-person

household, and the simulation period covers the entire year, from 1 January to 31 December.

The battery system is configured with a capacity of 1 kWh, a maximum charge of 1 kW, and a maximum
discharge of 1 kW. Given that a high-quality battery is assumed, an efficiency above 90% is applied. The
boiler control is activated to simulate heating behavior and manage excess PV energy. When surplus
energy is available from the PV system, it is directed to heat the boiler; otherwise, power is drawn from the
grid. The boiler is permitted to operate using grid electricity during off-peak hours, specifically between
22:00 and 06:00, reflecting a potential use of night tariff electricity although energy pricing mechanisms are

not implemented in this project.

Additionally, increased energy consumption is modeled during winter or colder periods, reflecting higher
household heating demand. Upon completion of the simulation, all generated data and results are stored

in the project database for further analysis and evaluation.
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Figure 35: Trend data from first simulation, Source: Own representation

As illustrated in Figure 35, the presented data lacks sufficient clarity to provide a comprehensive
understanding of the photovoltaic (PV) system’s performance. Visualization does not clearly indicate key
parameters such as energy import and export, solar energy utilization, or the battery’s charging and
discharging behavior. To address this limitation, a reporting tool has been implemented to automatically
generate a concise document summarizing all relevant simulation results. This report compiles essential
information such as total energy production, consumption, storage, and grid exchange over the entire

simulation period.

In addition, to obtain a more detailed perspective of system performance under specific conditions, a
representative dataset from April is extracted and visualized. This snapshot offers a clearer illustration of

the system’s operational dynamics and highlights variations in energy flow within a typical month.

Power balance (hourly)

— PVIkW]
Base load [kW]
~— Boiler [kW]
Charge [kW]
=~ Discharge [kW]
Grid import [kW]|

= Grid export [kW]|

Figure 36:Power balance in April for first simulation, Source: Own representation.
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Figure 37:Daily energy for first simulation, Source: Own representation

To save time reviewing individual results and provide a concise summary, Table 2 presents an overview of

the total energy consumption and utilization outcomes from the first simulation.

Metric Total (kWh) Description

PV Generation 1005,8 Energy produced by Solar PV system.

Household Load 4,733,4 Total energy consumed by household appliances and devices.
Energy specifically consumed by the boiler (likely for heating/hot

Boiler Energy Used 1098,0 water).

Grid Import 4870,0 Energy purchased/taken from the main electrical grid.

Grid Export 334 Excess energy sold/sent back to the main electrical grid.

Battery Charge 142,5 Energy taken from PV or Grid and stored in the battery.

Battery Discharge 131,5 Energy released from the battery for household use.

Table 2:General overview of power consumption for first simulation, Source: Own representation

Additional simulations are conducted using various system configurations. After all simulation runs are
completed, the results are analyzed to identify the optimal combination of battery capacity and boiler power

that delivers the most efficient and balanced system performance.

10.2 Second simulation

As described in the previous section, the simulation follows a systematic procedure. Data from the PV table,
which serves as the static database, provides photovoltaic (PV) generation values, while data from the

household load table defines the corresponding energy consumption profile.

For this simulation scenario, a 2 kW-peak photovoltaic system is modeled together with a 2 kWh battery
storage unit. The household load represents a typical two-person household, and the simulation period

spans the full year, from 1 January to 31 December.

The battery system is configured with a total capacity of 2 kWh, a maximum charge of 2 kWh, and a
maximum discharge of 2 kWh. Assuming a high-quality storage system, an efficiency of over 90% is
applied. Boiler control is activated to simulate heating demand and optimize the use of excess PV energy.
When surplus solar power is available, it is utilized to heat the boiler; otherwise, electricity is drawn from
the grid. The boiler is also allowed to operate using grid electricity during off-peak hours (22:00-06:00),

representing potential night-tariff operation, although dynamic pricing is not implemented in this study.

Seasonal variations in energy consumption are incorporated, with increased demand during winter months
to account for higher heating requirements. Upon completion, all simulation data and results are stored in

the project database for subsequent analysis and evaluation
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Power balance (hourly)

—— PV kW]
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Figure 38:Power balance in April for second simulation, Source: Own representation
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Figure 39:Daily energy for second simulation, Source: Own representation

To save time reviewing individual results and provide a concise summary, Table 3 presents an overview of

the total energy consumption and utilization outcomes from the first simulation.

Metric Total (kWh) Description

PV Generation 25145 Energy produced by Solar PV system.

Household Load 47334 Total energy consumed by household appliances and devices.
Energy specifically consumed by the boiler (likely for heating/hot

Boiler Energy Used 1098,0 water).

Grid Import 4064.,4 Energy purchased/taken from the main electrical grid.

Grid Export 709,5 Excess energy sold/sent back to the main electrical grid.

Battery Charge 4827 Energy taken from PV or Grid and stored in the battery.

Battery Discharge 444.6 Energy released from the battery for household use.

Table 3:General overview of power consumption for second simulation, Source: Own representation.

10.3 Third simulation.

As described in the previous section, the simulation follows a systematic procedure. Data from the PV table,
serving as the static database, provides photovoltaic (PV) generation values, while data from the household

load table defines the corresponding energy consumption profile.

For this simulation scenario, a 5 kW-peak photovoltaic system is modeled together with a 5 kWh battery
storage unit. The household load represents a typical two-person household, and the simulation period

spans the full year, from 1 January to 31 December.

The battery system is configured with a total capacity of 5 kWh, allowing a maximum charge and discharge

of 5 kWh. Assuming high-quality storage technology, an efficiency of over 90% is applied. Boiler control is
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enabled to simulate heating demand and optimize the utilization of excess PV energy. When surplus solar
generation is available, it is directed to heat the boiler; otherwise, electricity is drawn from the grid. The
boiler may also operate using grid electricity during off-peak hours (22:00-06:00), reflecting potential use

of night-tariff electricity, although dynamic pricing mechanisms are not considered in this study.

Seasonal variations in household energy consumption are incorporated, with higher demand modeled
during winter months to account for increased heating needs. Upon completion, all simulation results and

generated data are stored in the project database for further analysis and evaluation.
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Figure 41:Daily energy for third simulation, Source: Own representation.

To save time reviewing individual results and provide a concise summary, Table 4 presents an overview of

the total energy consumption and utilization outcomes from the first simulation.

Metric Total (kWh) Description

PV Generation 6286,3 Energy produced by Solar PV system.

Household Load 47334 Total energy consumed by household appliances and devices.
Energy specifically consumed by the boiler (likely for heating/hot

Boiler Energy Used 1098,0 water).

Grid Import 2760,0 Energy purchased/taken from the main electrical grid.

Grid Export 3134,1 Excess energy sold/sent back to the main electrical grid.

Battery Charge 1482,5 Energy taken from PV or Grid and stored in the battery.

Battery Discharge 1365,6 Energy released from the battery for household use.

Table 4:General overview of power consumption for third simulation, Source: Own representation.
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10.4 Fourth simulation

As described in the previous section, the simulation follows a systematic procedure. Data from the PV table,
serving as the static database, provides photovoltaic (PV) generation values, while data from the household

load table defines the corresponding energy consumption profile.

For this simulation scenario, a 5 kW-peak photovoltaic system is modeled in combination with a 10 kWh
battery storage unit. The household load represents a typical two-person household, and the simulation

period covers a full year, from 1 January to 31 December.

The battery system is configured with a total capacity of 10 kWh, allowing a maximum charge and discharge
of 10 kWh. Assuming a high-quality storage system, an efficiency of over 90% is applied. Boiler control is
enabled to simulate heating demand and manage excess PV energy efficiently. When surplus solar power
is available, it is utilized to heat the boiler; otherwise, electricity is drawn from the grid. The boiler is also
permitted to operate using grid electricity during off-peak hours (22:00-06:00), representing potential night-

tariff operation, although time-of-use pricing is not implemented in this study.

Seasonal variations in household energy consumption are incorporated, with increased demand during
winter months to account for higher heating requirements. Upon completion, all simulation data and results

are stored in the project database for subsequent analysis and evaluation.
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Figure 42:Power balance in April for fourth simulation, Source: Own representation.
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Figure 43:Daily energy for fourth simulation, Source: Own representation.

The chart in Figure 44 shows hourly power balance from April 9 to 12, 2024. Solar generation peaks during

the day, while base load stays relatively constant. The boiler, battery charging, and discharging vary based
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on solar availability. Grid import increases at night when solar power is low, and grid export occurs
occasionally during high solar production. Overall, it illustrates the interaction between solar power, storage,

and grid usage to meet energy demand.

Power balance (hourly)

—— PV kW]
Base load [kW]
—— Boiler [kW]
Charge [kW]
= Discharge [kW]
Grid import [kKW]
= Grid export [KW]|

12:00 00:00 00:00 00:00
Apr 10, 2024 Apr 11,2024 Apr12, 2024 Apr13,2024

Time

Figure 44:Detailed trend for the fourth simulation in April 2024, Source: Own representation.

To save time reviewing individual results and provide a concise summary, Table 5 presents an overview of

the total energy consumption and utilization outcomes from the first simulation.

Metric Total (kWh) Description

PV Generation 6286,3 Energy produced by Solar PV system.

Household Load 47334 Total energy consumed by household appliances and devices.
Energy specifically consumed by the boiler (likely for heating/hot

Boiler Energy Used 1098,0 water).

Grid Import 1810.0 Energy purchased/taken from the main electrical grid.

Grid Export 2064,5 Excess energy sold/sent back to the main electrical grid.

Battery Charge 25521 Energy taken from PV or Grid and stored in the battery.

Battery Discharge 2351,7 Energy released from the battery for household use.

Table 5:General overview of power consumption for fourth simulation, Source: Own representation.

10.5 Fifth simulation

As described in the previous section, the simulation follows a systematic procedure. Data from the PV table,
serving as the static database, provides photovoltaic (PV) generation values, while data from the household

load table defines the corresponding energy consumption profile.

For this simulation scenario, a 1,5 kW-peak photovoltaic system is modeled in combination with a 2,5 kWh
battery storage unit. The household load represents a typical two-person household, and the simulation

period extends over an entire year, from 1 January to 31 December.

The battery system is configured with a total capacity of 2,5 kWh, allowing a maximum charge and
discharge of 2,5 kWh. Assuming a high-quality storage system, an efficiency of over 90% is applied. Boiler
control is activated to simulate heating demand and manage excess PV energy effectively. When surplus
solar energy is available, it is utilized to heat the boiler; otherwise, electricity is drawn from the grid. The
boiler is also permitted to operate using grid electricity during off-peak hours (22:00-06:00), reflecting

potential night-tariff usage, although dynamic pricing is not implemented in this study.
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Seasonal variations in household energy consumption are incorporated, with increased demand during
winter months to represent higher heating requirements. Upon completion, all simulation data and results

are stored in the project database for subsequent analysis and evaluation.
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Figure 45:Power balance in April for fifth simulation, Source: Own representation.
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Figure 46:Daily energy for fifth simulation, Source: Own representation.

To save time reviewing individual results and provide a concise summary, Table 6 presents an overview of

the total energy consumption and utilization outcomes from the first simulation.

Metric Total (kWh) Description

PV Generation 1885,9 Energy produced by Solar PV system.

Household Load 47334 Total energy consumed by household appliances and devices.
Energy specifically consumed by the boiler (likely for heating/hot

Boiler Energy Used 1098,0 water).

Grid Import 4212.0 Energy purchased/taken from the main electrical grid.

Grid Export 2282 Excess energy sold/sent back to the main electrical grid.

Battery Charge 489,4 Energy taken from PV or Grid and stored in the battery.

Battery Discharge 451,2 Energy released from the battery for household use.

Table 6:General overview of power consumption for fifth simulation, Source: Own representation

10.6 Sixth simulation

As described in the previous section, the simulation follows a systematic procedure. Data from the PV table,
serving as the static database, provides photovoltaic (PV) generation values, while data from the household

load table defines the corresponding energy consumption profile.
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For this simulation scenario, a 2,5 kW-peak photovoltaic system is modeled in combination with a 3 kWh
battery storage unit. The household load represents a typical two-person household, and the simulation

period spans the entire year, from 1 January to 31 December.

The battery system is configured with a total capacity of 3 kWh, allowing a maximum charge and discharge
of 3 kWh. Assuming a high-quality storage system, an efficiency of over 90% is applied. Boiler control is
activated to simulate heating demand and optimize the utilization of excess PV energy. When surplus solar
energy is available, it is directed to heat the boiler; otherwise, electricity is drawn from the grid. The boiler
is also permitted to operate using grid electricity during off-peak hours (22:00-06:00), reflecting potential

night-tariff operation, although dynamic pricing mechanisms are not implemented in this study.

Seasonal variations in household energy consumption are incorporated, with higher demand modeled
during winter months to represent increased heating requirements. Upon completion, all simulation data

and results are stored in the project database for subsequent analysis and evaluation.

Power balance (hourly)

— PVW]
Base load [kW]

‘ | | | ~— Boiler [kW]

ﬁ | 1 | | | | Charge [kW]

i |

~— Discharge [kW]
| |

' u h H l

Apr22 Apr25 Apr28

Figure 47:Power balance in April for last simulation, Source: Own representation.
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Figure 48:Daily energy for last simulation, Source: Own representation.

To save time reviewing individual results and provide a concise summary, Table 7 presents an overview of

the total energy consumption and utilization outcomes from the first simulation.
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Metric Total (kWh) Description
PV Generation 3143,1 Energy produced by Solar PV system.
Household Load 4733,4 Total energy consumed by household appliances and devices.

Boiler Energy Used 1098,0

Energy specifically consumed by the boiler (likely for heating/hot
water).

Grid Import 3715,0 Energy purchased/taken from the main electrical grid.
Grid Export 968,0 Excess energy sold/sent back to the main electrical grid.
Battery Charge 748,4 Energy taken from PV or Grid and stored in the battery.
Battery Discharge 689,7 Energy released from the battery for household use.

Table 7:General overview of power consumption for last simulation, Source: Own representation.

10.7 Key observations and comparisons

The data provided reveals clear trends regarding the interaction between PV generation, household load,

boiler energy, and the resulting energy exchange with the grid across four different scenarios.

10.7.1 PV generation ad grid import

A drastic increase in PV Generation from Scenario 1 (100,8 kWh) to Scenarios 3 & 4 (6286,3 kWh) is the

primary driver of the system's performance changes.
Grid Import acts as the inverse of PV generation:

e It's Highest in Scenario 1 (4870 kWh), which is nearly the full demand, reflecting minimal PV
contribution.
e It drops significantly to its lowest point in Scenario 4 (1,810 kWh), indicating effective utilization of

the available solar energy, supported by the battery.

Household Load (4733,4 kWh) and Boiler Energy Used (1098 kWh) remain constant across all scenarios,

serving as the static demand baseline.

10.7.2 Grid export and battery activity
The data highlights a trade-off between maximizing self-consumption and exporting excess energy:

Scenario 1 shows Negligible Grid Export (33.4 kWh), as the small amount of PV generated is almost entirely

used locally.

Grid Export Peaks in Scenario 3 (3,134.1 kWh). This suggests that while PV generation is high, the battery

capacity/activity in this scenario isn't sufficient to absorb all the excess solar power.

In Scenario 4, Grid Export is Slightly Less (2,064.5 kWh) than Scenario 3, despite the same PV generation.

This reduction is attributed to the increased activity of the battery.

The battery charge and discharge metrics scale directly with PV availability, reaching their max in Scenario
4 (2,552.1 kWh charge / 2,351.7 kWh discharge). The comparison between Scenario 3 and 4 strongly
suggests that the larger battery capacity/utilization in Scenario 4 improves self-consumption, leading to less

reliance on the grid and a lower volume of energy exported compared to Scenario 3.
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Scenario PV Battery (KWh) | PV Self-Consumption (%) | PV Export Grid Dependence

(kWp) (%) (%)

1 0,8 1 97 3 78,75

2 2 2 72 28 46,87

3 5 5 50 50 -32

4 5 10 67 33 -32

5 1,5 2,5 88 12 60,15

6 2,5 3 76 24 33,59

Table 8: Efficiency and balance insights, Source: Own representation.

In Table 8 there are efficiency and balance insights of the simulations.

10.8 Evaluation of the last simulation as an optimal choice

Let's review some reasons why the last simulation is a good choice.
1. Balanced Solar Production

e Simulation 6 produces enough solar energy (3,143 kWh) to meaningfully reduce grid dependence

without creating excessive surplus.

¢ It avoids the inefficiencies of very high PV generation (like in Simulations 3—4, where much energy

is exported unused).
2. Efficient Battery Operation
e The battery is actively used, with 748 kWh charged and 690 kWh discharged.

e This means stored solar power is effectively shifted to evening or cloudy hours, increasing self-

consumption and reducing import needs.
e The battery size and use are well matched to the solar system’s output.
3. Moderate Grid Dependence

e The grid import of 3,715 kWh shows that the system still uses the grid for reliability, but not

excessively.
e |t achieves a good balance between independence and backup availability.
4. Good PV Self-Consumption
e About 76% of the solar energy is used directly in the home rather than exported.

e This makes the system more efficient and financially sensible, since self-used solar is more

valuable than exported electricity.
5. Reasonable Grid Export
e Around 24% of PV output is exported.

e Thisis a manageable level that indicates that the solar system is well sized relative to the household

load and battery capacity.
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6. Economic and Practical Balance

e Larger systems (like in Simulations 3—4) require higher investment and lead to more excess

production.
e Smaller systems (like Simulations 1-2) depend too much on the grid.

e Simulation 6 sits in the middle offering good savings, high self-use, and reasonable installation

costs.
7. Sustainability and Reliability

¢ Most of the home’s energy comes from renewable sources, reducing emissions and environmental

impact.

e The system design still ensures reliable power availability from the grid when needed.
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11 CONCLUSION AND FUTURE STEPS

This thesis developed a working simulation that shows how a PV system, battery, and an electric boiler can
work together to reduce electricity taken from the grid. The goal was to create a system that uses as much
solar power as possible and only uses the grid when it is really needed. The simulation reads data from an
SQL database, calculates how much energy is produced and used at each timestamp, and follows clear
rules: first charge the battery, then use extra solar power to heat water in the boiler, and avoid exporting
power if possible. However, the simulation still has some limits. Some models are simplified, such as battery
efficiency, boiler heating behavior, and household load data. The control strategy also uses simple rules.
Even with these limits, the work provides a solid base for building smarter and more realistic energy

management systems in the future and deciding which system is the best for the household.

In the future, this simulation can be improved in several ways. First, more realistic models for the PV system,
the battery, the boiler, and the household load should be used. Real measurements and higher-resolution
weather data would make the results more accurate. The system can also benefit from weather forecasts,

so it can plan charging and heating in advance based on expected sunlight.

Techniques such as machine learning or model predictive control could reduce grid usage even further and
improve overall system performance. The SQL database can also be expanded to store more detailed

results and allow easier analysis of different scenarios.

In addition, the simulation could be connected to real hardware, such as an inverter or a battery
management system, to test control strategies in real time. Including energy prices and economic factors
would also help optimize the system not only for energy but also for cost. Finally, validating the simulation

with real measurement data will be essential to confirm its accuracy and improve the models.

Finally, this tool could be expanded beyond households to support industrial applications, where larger
energy systems, higher loads, and more complex control strategies are required. This extension would

make the simulation useful for both residential and industrial energy management.
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