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Abstract

The world continues to be largely reliant on fossil fuels, such as coal, oil and natural gas, which are
major contributors of greenhouse gases, air pollution and climate change caused by the release of gases
like CO2, NO o and SO,. Even though renewable energy sources such as solar and wind provide a
cleaner substitute, their nature as intermittent and weather-dependent sources become a big problem in
terms of large scale and long-term energy storage making traditional battery systems economically
impractical. Consequently, the utilization of the surplus renewable energy through the process of water
electrolysis to create green hydrogen has become a viable and alternative way of storing energy in the
long term.

This work suggests a two-stage machine learning-based predictive model of hydrogen production when
using renewable energy, based on real-world working data of a 40.5 MW grid-connected photovoltaic
(PV) power facility. The initial step involves predicting photovoltaic power output from meteorological
variables using multiple regression and deep learning models, such as Support Vector Regression
(SVR), Random Forest, Decision Tree, and Gated Recurrent Units (GRU). The second stage is to
incorporate the predicted solar energy into a hybrid electrochemical model of hydrogen production, and
the same machine learning models serve as data-driven correction models to more effectively predict
hydrogen yield. It is a two-stage method that integrates both physical modelling and machine learning
to model nonlinear system behaviour and real-world losses of operation. The findings show that SVR
was always better in both phases than the other models with an R 2 value of 0.965 in photovoltaic power
prediction and 0.968 in hydrogen production prediction. The given framework minimized the mistake
in the production of hydrogen annually to about 3 percent, which is much better than theoretical models
and deep learning alternatives.

Moreover, a Sobol based global sensitivity analysis revealed that Global Horizontal Irradiance (GHI)
made the greatest contribution to the uncertainty in the hydrogen production process, then AC power
output and temperature at the module. The outcomes of these studies support the premise that the two
stages proposed framework is a viable, precise, and large-scale solution to real-time forecasting,
optimization of the system, and successful grid integration of green hydrogen system.
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Chapter 1

Introduction

Modern lives depend on electricity, and our homes and industries rely on it. Our primary sources of
electricity are fossil fuels (coal, oil, and gas), nuclear, solar, and wind. But fossil fuels, coal, oil, and
gas are the dominant sources due to their high density, and infrastructure is developed. Still, they emit
harmful gases such as CO,, SO,, and NOX, contributing to air pollution. Fossil fuels are limited and
environmentally destructive, driving a global shift toward renewable energy sources like solar, wind,
hydro, and geothermal. These green alternatives produce no air pollution. They are widely available,
reduce dependence on foreign energy, and create jobs in the renewable energy sector. Countries are
investing in these sources and setting pollution reduction goals for a sustainable future [1]. As fossil
fuels are environmentally harmful, the world is now moving toward clean, green energy sources such
as solar (photovoltaic cells), wind, hydro, and geothermal. All these energies are clean and green,
emitting no harmful gases. It helps countries reduce their dependence on foreign energy and creates
jobs in the local industry. However, renewable energies are not constant and are not available all the
time; for example, solar energy is only available during the day, and wind energy is not available all
the time [2]. To solve this problem, a storage system is needed. Lithium-ion batteries are, so far, the
best batteries for storing energy, but at that level, they cannot provide backup for the whole city and are
not cost-effective [3]. One solution is hydrogen energy. Hydrogen can serve as an energy carrier, storing
excess electricity from renewable energy sources and releasing it as needed.

Some of the incredible sources of renewable energy, like solar and wind, exhibit high temporal
variability not only in terms of intermittency but also in daily generation patterns. Usually, solar
photovoltaic systems produce the most power during the daytime hours, while wind energy generation
is greatest in the evening and at night. The supply of renewable energy often exceeds actual demand
during peak production periods leading to curtailment or wastage due to grid constraints and the lack
of large scale storage options. This mismatch between generation and consumption of power can be
explained by one of the biggest inefficiencies in introducing renewable power and a significant barrier
to high rates of renewable power introduction into the modern power systems [4].

The way out of this would also be possible in the process of electrolysing water to create green
hydrogen, so that they can turn the excess renewable energy into a form of energy carrier, the green
hydrogen, which is easily transportable and does not emit any carbon, which can be stored. The surplus
solar power in the day and the surplus wind power in the night can channeled to the electrolyzers to
generate other hydrogen as opposed to wastage. This hydrogen can be stored for long periods. It could
be used in the future as a clean source of transportation, in industrial applications (such as steel and

chemical production), or converted back to electricity using fuel cells when renewable energy
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production is minimal. Hydrogen not only increases the overall efficiency of the system and supports
grid stability, deep decarbonization, and sector coupling by serving as a temporal energy bridge between
variable renewable energy supply and uninterrupted energy demand. Therefore, hydrogen production
from renewable energy sources can turn the limitation of intermittency into an opportunity and create a

resilient ecosystem, as explained in Figure 1-1, which represents a sustainable energy ecosystem.

Uiy

Figure 1- 1Hydrogen Production from Renewable Energy [5]

This is done with electrolysis. Electricity is used to divide water (H,0) into hydrogen (H,) and oxygen
(05) by the process of electrolysis [6]. When renewable energy is used in the method shown in Figure
1, the produced hydrogen is called “green hydrogen”. This hydrogen stored transported and utilized in
fuel cells to produce electricity once more or utilized by industry itself. This is what makes hydrogen a
clean and versatile energy carrier that can be used to decarbonize most industries. Electrolysis is an
efficient and easy process. During the electrolysis process, a current of electricity is passed through the
water by use of two electrodes; an anode and a cathode. Water is oxidized to oxygen gas and hydrogen
ions (H"). Hydrogen ions at the cathode accept electrons, resulting in the formation of hydrogen gas.
There are different types of electrolyzers based on the electrolyte used: alkaline, proton exchange

membrane (PEM), and solid oxide electrolyzers (SOE). The electrolysis process is chemically

mentioned below.
2H,0 - 2H, + 0, (1
electric current
2H,0(1) - 2H,(g) + 0,(9) @)

Ions in solution: When water is slightly ionized (or with an electrolyte added like H>SO. for better
conductivity):

H,0 & HY + OH™ 3)
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At the electrodes:
1. Cathode (negative electrode, reduction occurs):

2H* +2e™ - H,(9) 4

2. Anode (positive electrode, oxidation occurs):

40H™ > 0,(g) + 2H,0 + 4~z (5)

Now, there is a problem with generating power for the electrolysis process. One of the environmentally
friendly and cost-effective methods is to power the electrolysis process with photovoltaic cells,
producing electricity to meet power needs. To initiate this process, a photovoltaic (PV) system is
required, which converts sunlight into direct current (DC) electricity. PVs are made up of
semiconductors, mostly of silicon. When sunlight or solar radiation strikes the surface of the PV
module, the silicon cells are excited, and electrons begin to move, producing direct current [7]. This
makes direct current, which can then be supplied directly to the electrolyzer for electrolysis. An
electrolyzer uses direct current to split the molecules of water (H20) into separate molecules of
hydrogen (H2 and oxygen (O2). Figure 1-2 shows a simple diagram of the electrolysis process,
highlighting the flow of current and hydrogen production.

e
| I
:
Oxygen Hydrogen
: N B3
p— OZ HZT —
T I
Anode
Alkaline o | _Cathode
electrolytic
solution

Hydroxyl anion
Figure 1- 2The process of Electrolysis [8]
Although renewable energy-based hydrogen production is technically feasible, the highly
fluctuating and unpredictable solar irradiance and renewable energy input pose a significant
challenge when planning, operating, and optimizing electrolysis systems. It can therefore argued

that predicting hydrogen production is one of the essential steps to efficient scheduling of the

systems, energy management, and cost-effective functioning. The nonlinear interactions of
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weather conditions, power generation, and hydrogen yield are more likely to overlooked in
unconventional analytical and physics based models, and the data-driven predictive models are
required. This study aims at predicting hydrogen production using machine-learning algorithms
on a renewable energy source such as solar energy. Conventional techniques will probably fail
to represent the non-linear and complicated interactions that are involved in the electrolysis
process [9]. The ability of machine learning to process large amounts of data and find the latent
patterns forms an attainable solution to developing accurate predictive models. In the study, the
machine learning algorithms will train on the specific features such as energy inputs, weather,
system parameters, and others and predict the output of hydrogen. The results of the models will
evaluate with the conventional evaluation metrics including R2 Score, Mean Squared Error
(MSE), and Root Mean Square Error (RMSE) to identify the optimal outcome at the least cost.
The main aim of the research is to enhance the accuracy and reliability of the predictions of
hydrogen production. This will facilitate greater planning, simplified management of their

systems and smoother integration of hydrogen into the current renewable energy systems [10].
Research gap:

The machine learning method has widely been utilized in the literature to predict the generation
of renewable energy, including solar, wind power, and to model the production of hydrogen as
an independent process. These two areas are however to a large extent studied separately. The
mechanism to directly link the inputs of variable renewable energy and the consequent hydrogen
generation has not been adequately considered through the integrated machine learning methods.
Specifically, the studies that apply and compare several machine learning models to predict the
output of hydrogen using the availability of renewable energy and working conditions are
insufficient. This drawback prevents the realistic modeling of real-life hydrogen systems that are
powered by renewable energy. Thus, a predictive framework should be provided that includes
machine learning to solve the problem of the disconnect between renewable energy generation

and hydrogen production.
Research objectives:
The objectives of this research work are as follows:

e For this research we will find a dataset of solar energy production and electrolysis
process, then data will be prepared for machine learning, and selecting suitable input and

output parameters.

e Implementation of machine learning algorithms for prediction of hydrogen production.

3. Tuning machine learning algorithms' hyperparameters to get optimized results.

17



e Comparisons of results based on R2 Score, Mean Squared Error (MSE), and Root Mean
Square Error (RMSE), and selection of the most accurate algorithm to predict hydrogen

production from renewable energy.
Problem statement:

Hydrogen generation from alternative energy sources such as wind, sun, and Ocean Thermal
Energy Conversion (OTEC) is a green process in contrast to fossil fuels. It is challenging to
forecast hydrogen generation due to renewable sources being dynamic in nature. Conventional
modeling software like Aspen Plus and EES cannot cope with dynamic, nonlinear conditions and
big data. Machine learning offers a promising solution through predictive analytics. However,
studies assessing which ML models are best suited for hydrogen production forecasting have
been explored to a limited extent. This research aims to use machine learning for the forecasting

of hydrogen production.
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Chapter 2

Literature

2.1. Introduction

The growing power requirement around the world and the environmental impact of fossil fuel
consumption in power generation has been the key factors behind the transition to renewable and
sustainable sources of energy. The bulk of the carbon dioxide and other greenhouse gases emitted all
over the world are a product of combustion of so-called conventional sources of energy especially coal,
oil and natural gas. They are the main sources of electricity in the world due to their high energy density
and most of the countries already possess them, but they are the largest origins of greenhouse gasses
and air pollution. This fluctuation is an issue to massive energy storage and power grid stability.
Hydrogen has also suggested as a viable energy carrier to deal with the storage and flexibility issues of
the renewable energy systems [11]. Green hydrogen, which is a product made out of renewable
electricity through water electrolysis, offers zero-emission energy storage, transportation, and end use
in the power sector, industrial sector, and transportation industry. Recent literature has aimed at
improving the efficiency and reliability, and economic feasibility of green hydrogen systems as well as
through the use of advanced computational modelling and machine learning (ML) algorithms. The
given literature review is particularly matched to the photovoltaic (PV)-powered hydrogen generation
systems and ML-powered hydrogen prediction models, which will be at the core of the suggested two-

stage predictive approach.

2.2 Renewable Energy to Green Hydrogen Production.

Electrolytic hydrogen generation has been identified as one of the key ways of decarbonizing the energy
industry using renewable electricity as the electricity source [12]. The primary method of electrolyzing
water into green hydrogen entails the use of electrical energy to split the water molecules into hydrogen
and oxygen. Using renewable energy as the power source would lead to zero direct carbon emissions.
Electrochemical reactions occur between two electrodes, one an anode and the other a cathode, and the
process’s efficiency depends heavily on operating conditions, the type of electrolyte used, and the
stability of the power supply. Various electrolysis technologies can be applied to renewable integration.
Alkaline electrolyzers are already technologically advanced and cost-efficient but have a low dynamic
response. The most important feature of the present research is Proton Exchange Membrane (PEM)
electrolyzers that have the ability to respond quickly with high current density and compatibility with
fluctuating renewable power sources at a high cost of capital due to the use of the noble-metal catalysts
[13]. SOEs are very efficient at high temperatures but there are durability problems in dynamic

operation.
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Hydrogen production systems with photovoltaics amplify the solar irradiance into electrical energy,
which is directly fed to electrolyzers. The lack of grid electricity in PV E systems enables hydrogen
production on a decentralized basis. But PV performance is susceptible to meteorological conditions,
including global horizontal irradiance (GHI), module temperature, and ambient conditions, leading to
nonlinear, time-dependent hydrogen production. Several studies have shown that PV-E systems are
viable for hydrogen production in areas with high solar potential [14]. The system's performance
analysis shows that proper modeling of PV performance and electrolyzer efficiency is required for

reliable hydrogen predictions and economic optimization.

2.2.1 Thermodynamic and Electrochemical Modeling.

Thermodynamic modeling determines the theoretical energy requirements of water electrolysis,
including the reversible cell voltage and system efficiency. The most common models of
electrochemical cells are based on Faraday’s law and are used to determine hydrogen production as a
function of current, operating time, and Faradaic efficiency. Although these models have a theoretical
upper limit, they are typically inadequate for modelling the actual losses caused by temperature, part-
load operation, and system aging. Unpredictable power input in PV-driven systems also contributes to
the difficulty in characterizing electrochemical behaviours and, consequently, to discrepancies between
predicted and experimental hydrogen yields. Such constraints are the reason to combine data-driven

correction models to improve predictive accuracy.
2.2.2 Numerical Simulation and System-Level Modelling.

Some numerical techniques used to investigate mass and heat transfer, as well as gas evolution, in
electrolyzers include computational fluid dynamics (CFD) and finite element analysis (FEA). These
models improve cell design and durability, though they are computationally intensive and not suitable
for real-time prediction. Simulation models such as Aspen Plus and the Engineering Equation Solver
(EES) have been employed at the system level to study renewable-based hydrogen and power-to-fuel

systems, where hydrogen yields are highly sensitive to renewable variability and system efficiency.

2.3 Machine Learning in Renewable Hydrogen Production

The world is moving towards renewable and green energy, and research into sustainable energy
solutions is intensifying, especially for producing hydrogen as a clean, green energy source. In the
referenced work, the author reports significant progress in exploring the use of Machine Learning (ML)
to predict hydrogen production from wind energy in Islamabad, Pakistan [13]. The article is dedicated

to the problem of unpredictability of wind energy and its incorporation into the grid and relies on the
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idea of using Machine Learning (ML) to predict the speed of the wind and estimate the level of hydrogen
yield. In their research, the researchers used an NRG 40H anemometer to gather wind data (1 year) in
terms of speed, direction and gusts during 10 minutes. Machine Learning three models, including Long
Short-Term Memory (LSTM), Support Vector Regression (SVR), and Linear Regression (LR) have
been trained to predict wind speed, and hence utilized in predicting hydrogen in a 1.5 MW wind turbine,
which corresponded to a Proton Exchange Membrane (PEM) electrolyzer. The LSTM in their research
was relatively good. The assumed efficiency of wind turbine was 40 percent and electrolyze was 75
percent. The study had an estimated average of hydrogen production of 6.67kg/day. The findings
indicate that there is a correlation between the wind speed and Hydrogen production with high
production in the afternoon and higher wind speeds. This technique demonstrates the viability of wind
energy in cities. It demonstrates that the application of ML in pre-estimating energy production is useful
to reduce the cost of installation and deployment of the turbines.

The author of the mentioned work employed machine learning to optimize the process of producing
hydrogen, relying on the progressive photovoltaic (PV) cells technology, thus contributing to a
sustainable energy, solution [14]. The study aims at photovoltaic optimization, especially the Passivated
Emitter and Rear Cell (PERC) technology, in producing hydrogen. The author gathered data about the
PERC system, which reached the output powers of 1, 3, 4, 6, and 7 MW, which suggests the prospects
of large-scale hydrogen production. The author has made an exact analysis of the cost of hydrogen
levelized (LCOH) with cost savings at a steady 20 percent conversion of 20, 50, and 70 percent of the
system component. The prediction of hydrogen production is done using Machine Learning to
determine the correlation between solar output and maximum power point tracking (MPPT) output
results of three PV technologies, indicating the improved energy production. The paper will point out
the possibility of using machine learning to optimize or decrease the cost of making renewable
hydrogen.

In the source mentioned, the author has introduced an interpretable deep learning architecture,
Optimized Hydrogen Generation-based Regression (OHGR) to predict hydrogen yield in proton
exchange membrane fuel cells (PEMFCs) [15]. This model takes into account important input
parameters like temperature, pressure and humidity to ascertain the amount of hydrogen produced in
different operating conditions. It is a convolutional neural network (CNN) model that incorporates PCA
as a dimensionality reduction method. Other than power prediction, researchers in their recent work
suggested that direct ML models can be used to estimate hydrogen production. The connections among
the renewable power production, the operating conditions of the electrolyzer have been unpuzzled using
data-driven models and the environmental variables that ultimately determine hydrogen yield.
Interpretable deep learning frameworks and hybrid ML models have achieved higher precision than
fully physics-based methods. Of particular importance is that hybrid methods integrating
electrochemical processes with ML-based correction terms have been shown to be highly efficient at

mitigating real-world inefficiencies [11]. Moreover, Support Vector Regression has demonstrated that
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it may have excellent generalization capability for renewable energy datasets in tabular form and data-
limited environments, thereby being viable for industrial deployment. Machine learning techniques
have been utilized to a great extent in predicting renewable power generation from solar and wind
energy sources [13], [17]. Different machine learning algorithms such as Support Vector Regression
(SVR), Random Forests (RF), Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU), and
XGBoost have shown excellent capabilities in establishing the nonlinear relationships between weather
parameters and power generation. To accurately predict renewable power is the first condition to
forecast hydrogen in PV—E systems. Using wind data-based hydrogen systems, the results have proved
that machine learning (ML) technology to wind speed forecasting can be effectively utilized to raise the
production rate of hydrogen and lower the associated investment risks [13], [16]. Furthermore, the solar
forecasting model based on GHI, temperature, and irradiance can provide better prediction results than
conventional statistical models.

enhancing training efficiency as well as prediction accuracy. To improve the model's performance,
stochastic gradient descent (SGD) is employed, and its performance is evaluated using regression
metrics, including RMSE (0.220), MAE, and R? (0.564), which indicate an improvement over
previously published model. This paper concentrates on the increased importance of artificial
intelligence in green hydrogen research and the issues of excessive production costs and energy
imbalance. By facilitating a data-driven optimization, the OHGR model will optimize the production of
sustainable hydrogen and decrease environmental effects.

As stated in the above source, the author concludes that it is possible to substitute grey hydrogen with
green hydrogen produced using wind power in China [16]. The study estimated region-specific
production costs of hydrogen using real wind variability and eight wind turbines models using high-
resolution wind speeds obtained by the use of MERRA-2 database and optimization techniques. This
study estimates that wind power-generated hydrogen can replace as much as 28.69 million tons of grey
hydrogen by 2040 and 92 million tons by 2060. The sensitivity analysis showed that the key cost drivers
are the electrolyzer efficiency and the wind turbine prices. The research lays a more realistic and
practical base on the planning of green hydrogen infrastructures, consequently enabling the low-carbon
change in China.

The renewable energy has been boosted by the transformation of the world towards renewable energy.
Hydrogen production provides a sustainable solution to combating climate change and reducing
dependency on fossil fuel resources. In the mentioned reference, the author explain the viability of
hydrogen production with the assistance of sunlight in Islamabad, Pakistan, using machine learning
(ML) techniques to forecast the output product of a photovoltaic-electrolytic (PV-E) system, which may
be utilized as a hydrogen production predictor from renewable energy [17]. The study employs three
machine learning models: Prophet, Stochastic Gradient Descent (SGD), and Seasonal. The Auto-
Regressive Integrated Moving Average with Exogenous Variables (SARIMAX) model is employed to
model Global Horizontal Irradiance (GHI) and resulting hydrogen production. Meteorology Variables

22



like GHI, air temperature, wind speed, and air pressure. Data were gathered for 13.5 months with every
10-minute observation in Islamabad. Data were divided into a 12-month training dataset and a 45-day
test dataset, and relative humidity and deviation in DNI were removed since they had poor correlation.
Monocrystalline PV panels and Proton Exchange Membrane (PEM) electrolyzer were simulated, and
hydrogen output was calculated as a function of PV electricity output and electrolyzer efficiency.
Forecasting models were compared with five other measures of error: RMSE, MSE, MAE, R?, and
MAPE. Prophet performed better than SGD and SARIMAX since it had the lowest MAPE and highest
R?, meaning higher appropriateness and accuracy. The research indicates Islamabad's high solar
hydrogen potential, even though the forecast horizon is near winter, proving the feasibility of solar
energy in green hydrogen production. In the mentioned reference, the author presented a renewable
energy-based system for generating hydrogen and methanol using renewable energy, such as wind
energy, and industrial CO; to produce methanol [18]. The mentioned system is connected with a wind
turbine, electrolyzer, methanol synthesis reactors, and a distillation unit. Electric power from a wind
turbine is used in the electrolysis process, and then a portion of the hydrogen produced is used with the
CO; from industry to make methanol. This system is very efficient as it achieved 42.3% and 40.5%
respectively, and it proved to be very useful in reducing CO; emissions by about 2999 tons per day.
Engineering Equations Solver (EES) and Aspen Plus software are used in this study, which thoroughly
examines important variables such wind speed, turbine efficiency, and gas flow rate. The
aforementioned study demonstrates how this system functions and the interconnectedness of several
elements, including wind speed, energy generation, hydrogen production, and methanol synthesis.
These findings will help us make a machine learning model that will help us in forecasting hydrogen.

As the world moves towards renewable and clean energy, integrating machine learning with renewable
energy sources shows excellent results, especially in a model where hydrogen production is predicted.
In the mentioned reference the author present a detailed study of a model in which photovoltaic (PV)
cells coupled with batteries are used to produce hydrogen [19]. Energy coming from PV depends on
sunlight, and sometimes sunlight is not even available during the daytime due to clouds and smog.
That's why a smart management system is needed to handle production from solar energy. In this
proposed system, photovoltaic (PV), battery storage bank, electrolyzer, and fuel cell are used. And for
Maximum Power Point Tracking (MPPT), fuzzy logic is used, which performed very well. In the
proposed system, solar panels are used to provide power, and the surplus energy is used to produce
hydrogen for the fuel cell. In this system a control logic is used, a priority based algorithm that allocates
extra energy between battery charging and electrolysis process. As Machine Learning is used in the
proposed system, with machine learning prediction of hydrogen production is possible, and can make
better decisions to smartly manage energy. Machine Learning has high potential for the prediction of

hydrogen.
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2.4. Hybrid Physics-Informed and Data-Driven Approaches

Hybrid modeling frameworks combine the first-principles electrochemical models with machine
learning predictors to improve the accuracy and trustworthiness of the results. In these models, the
hydrogen output calculated theoretically from Faraday’s law is adjusted by ML models trained on the
historical operational data. The method of using ML models to capture nonlinear losses arising from
temperature, degradation, and dynamic loading while still maintaining physical interpretability is the
emphasis here. Some recent works utilizing hybrid SVR, RF, and deep learning correctors have
achieved substantial reductions in the prediction error; quite often, the annual hydrogen forecast
deviations have been brought down to less than 5% in these cases. These experimental results are the
direct evidence of a two-stage frame, which is employed to the current research, that PV power is
forecasted in Stage 1 and hydrogen production is assessed in Stage 2 by a physics-informed ML

corrector which is explained by using Figure 2-4

hybrid model Parameter
'K'n'oWIedrgie-’ identification |
driven Model
Input | | | E KX Output < —  Experiment
J Coupling | Data | and simulation
X + V ) J
- ? | data

Data-driven !
- Model Training

1 algorithm

|
Figure 2-1 The hybrid model's working mechanism [20]

2.5. Sensitivity Analysis and Uncertainty Quantification

The major uncertainties in the renewable hydrogen systems are attributed to the errors in solar irradiance
measurements, variation of temperature, and fluctuation of the electrolyzer efficiency. In order to
estimate the relative significance of these uncertainties, global sensitivity analysis schemes, including
Sobol variance-based schemes, have been embraced over the recent past [21]. The majority of the papers
considered mention that the uncertainty in the production of hydrogen is caused primarily by solar
irradiance, after which electrolyzer efficiency and thermal effects are observed. The fact that sensitivity
analysis is used in the ML-based hydrogen forecasting models further enhances the confidence on the
models. It supports sound decisions regarding the theory and approach to the design and running of the

system as explained in Figure 2-5 .
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figure 2-2 Model Sensitivity Analysis [22]

2.6. Research Gaps and Motivation for the Present Study

Although more and more studies on the topic of machine learning (ML) -based forecasting of hydrogen
production are being conducted, there are still gaps in the existing literature that remain open [23]. A
few articles concentrate on the prediction of renewable power only or estimating hydrogen hence
ignoring the necessity of incorporating these two phases into one framework. In addition, very little
study utilizes high-resolution and utility-scale PV datasets along with physics-informed ML correction
models and uncertainty analysis. The present research closes these gaps by presenting a two-step,
physically inspired but data-driven model of forecasting solar hydrogen production by utilizing a grid-
connected system. The contribution made in this work through models based on SVR, electrochemical
theory, and global sensitivity analysis is a good step to having a good scalable solution that is robust
enough to address the demands of real world operations.

The literature review provided here reveals the fact that the use of machine learning to create
photovoltaic-based hydrogen production systems results in tremendous improvements in the prediction
accuracy, system reliability, and optimization. The renewable hydrogen systems with complex
nonlinear interactions can be modeled by hybrid physics-informed ML, particularly the Support Vector
Regression. The publications reviewed in this context have provided an excellent foundation for the
methodology and modelling approach adopted in this study. Although there are numerous studies that
estimate renewable power or hydrogen production with the help of machine learning, there is very little
effort put into creating a physics-informed and two-step model that connects the ideas of high-resolution
photovoltaic power prediction and electrochemical hydrogen modelling with uncertainty analysis and
operational feasibility in a real-world context. This is the primary reason behind the approach applied

in the present work.
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Table 2-1Comparative Analyses of Research Reported in Literature

[Ref.], (Year)

Problem

Machine learning /

Modeling Approach

Results and limitations

[13], (2022)

Hydrogen production from wind

energy

LSTM, SVR, Linear

regression

LSTM algorithm performed

better than the other two

[14], (2024)

Prediction of hydrogen production
using advanced photovoltaic

technologies (PERC)

Methods used are regression
or advanced ML models like
Random Forest or Neural

Networks, based on context.

A Levelized Cost of
Hydrogen (LCOH)
sensitivity analysis
showed cost reductions

of 20%, 50%, and 70% at

20% conversion rates.

[15], (2024)

Prediction of hydrogen generation in
PEM fuel cells using temperature,

pressure, and humidity

Deep Learning (CNN),
PCA, Stochastic Gradient
Descent (SGD), SHAP

SHAP performed best

among them all.

[16], (2023)

Substitution potential of wind-
powered hydrogen production
(WPHP) for fossil-based hydrogen

in China

Mixed-Integer Linear
Programming (MILP)

optimization

WPHP has strong potential
to replace grey hydrogen in
various regions;
electrolyzer efficiency and
wind turbine cost were the

most influential factors

[17], (2021)

Forecast of the
production of
hydrogen, using solar
energy in Islamabad
through water

electrolysis

Prophet, SARIMAX,
Stochastic Gradient Descent

(SGD)

Prophet performed best
among the three.

With Great results.

[18], (2020)

A system was proposed to produce
hydrogen and methanol using wind

energy and industrial CO2

The analysis was performed
without the aid of machine
learning using Engineering
Equation Solver and Aspen

Plus for simulation.

Production was as
follows: 1.13 g/s
hydrogen and 52.25 g/s
methanol; reduced 2999
tons/year of COz;
efficiency ~40%
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[19], (2020)

A standalone
photovoltaic/battery/hydrogen
system was proposed to
manage the energy needed to

supply a house in Algeria.

Fuzzy Logic Controller
(FLC), Perturb & Observe
(P&O0), Incremental
Conductance (Inc) were

used.

FLC was best: fastest
response, most stable
power, and best at using

sunlight efficiently.

[9], (2017)

Solar power generation forecasting

Support Vector Regression
(SVR), Artificial Neural
Networks (ANN)

ML models significantly
improved solar power
prediction accuracy;
hydrogen production not

considered

[10], (2017)

Solar irradiance forecasting for

renewable energy systems

Review of ML techniques

(ANN, SVR, hybrid models)

Demonstrated superiority of
ML over statistical models;
study limited to irradiance

prediction only

[11], (2013)

Performance modeling of PEM

water electrolysis

Electrochemical and

thermodynamic modeling

Accurate modeling of
electrochemical losses;
lacks data-driven prediction
under variable renewable

input

[12], (2018)

Dynamic behavior of PEM
electrolyzers under fluctuating

power

Dynamic electrochemical

modeling

Highlighted strong
sensitivity to power
variability; real-time
hydrogen forecasting not

addressed

[1], (2023)

Global energy transition and role of

green hydrogen

Policy analysis and

scenario-based modeling

Identified hydrogen as a
key decarbonization vector;
no system-level or ML-

based modeling

[18], (2019)

Integrated hydrogen and methanol

production using wind energy

Aspen Plus and Engineering

Equation Solver (EES)

Achieved ~40% system
efficiency and significant
COs: reduction, no machine

learning integration
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Chapter 3
Background

3.1. Solar production:

Photovoltaic cells are the simplest components of photovoltaic systems. Semiconductors are the
main categories of photovoltaic cells, which serve to conduct photoelectric effect. The photovoltaic
cell also known as solar cell is a process which involves photovoltaic cell which is an electronic
device that directly transforms light energy (photons) into electrical energy (electrons) by the
photovoltaic effect. Silicon is an element that is widely used in making up mainly photovoltaic
cells, since it is abundant, stable and suitable.

The processes of the photovoltaic cell constitute various stages of semiconductor production.

The steps include:

o First step would be to select regarding the materials which are used to make photovoltaic
cells such as crystalline silicon, cadmium telluride and gallium arsenide.

e Second step is the doping step, to form an electric field within the semiconductor. The
material is separated into two areas like n-type and p-type where p type is the carrier of
positive charges doped with phosphorus and n type is the carrier of negative charges doped
with boron.

o The third step is to make layers of these two areas the layers primarily consist of the front
contact that is a fine metallic grid that gathers electrons. Following that anti-reflective
coating assists in preventing the process of reflection to allow the absorption of the greater
number of photons.

Finally, one n-type region layer and one p-type region layer are followed by finally back contact
which is composed of silver material to offer final layer.

At this point the principle of photovoltaic effect is incorporated to combine the layers which
produce the voltage at the same time produce the current upon exposure to sunlight since the
sunlight consists of small packets of energy commonly referred to as photons when combined with
the semiconductor material they are absorbed and further lead to the excitation of electrons in the n
type region. These electrons that tend to reside in the valance band then tend to flow through the
conduction band as a result of the 4excitation. This excite forms electron-hole pairs [23]. At this
point when the p-n junction is composed of electric field, then, the electric field drives the electrons
into the n-type region and the electrons called protons into the p-type region. This isolation confines
the electron and protons to come back together and a potential difference creates (also referred to
as voltage in the electrical world). The last working involves an external circuit of the photovoltaic
cells and because of this the electrons begin to flow through the load, between the n-type region

and the p-type region producing a direct current (DC). The mathematical expression that represents
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the electricity or energy that is produced through the work can be represented as:
h

E===hv (1)
Where E is the photon energy, h is the Planck constant, c the speed of light and A is the wavelength
as illustrated in the above equation. The weaknesses of these photovoltaic cells are that they are
expensive to build and the amount of electricity that is produced is at the mercy of sunlight.

Solar photovoltaic systems move with the movement of the sun. The sun is not always constant, so
the output of a panel will be jagged at the same time of the day and the same time of the year. The
quantity of solar radiation reaching a panel varies with the time of the day in the rising and setting
of the sun. The sun is also low early in the day and late in the day and in each case casts its light at
an angle, providing less intense radiation, which cuts off the electrical output. With the approach of
noon, the sun is gaining height, the angle of incidence is decreasing and the panel is able to receive
more direct sunlight. In the solar noon, the irradiance is at its highest/peak and the PV system
normally reaches its maximum power [24]. Subsequently, the intensity diminishes and the energy
production declines as the sun slides downwards creating the same bell-shaped daily curve
characterising the daily motion of the sun.

Tilted fields Seasonally the playing field is tilted by the tilt of the Earth and the orbit. The increased
arc of the sky in summer days and the increased length of time (summer) that the sun is caught
increases the amount of sunlight available to the complete span, and a higher solar altitude increases
the direct radiation and thus efficiency and overall output. Winter countermeasures this: the number
of days and the path of the sun become shorter and the amount of energy that can be produced
decreases, and the energy production decreases. In between are spring and autumn, which have
moderate radiation levels and output, and are periods of transition between the abundance of
summer and the scarcity of winter. At the same time, cycles emphasize the fact that the production
of solar energy highly depends on time and is determined by the foreseeable motions of the Sun
[25].

Analysis of PV system behavior on different time scales depicts that good energy capture by the
photovoltaic involves adaptive control systems that react to temporal change in the irradiance.
Time, then, proves to be the most significant in the process of solar energy generation both in the
short-term (daily) to the long-term (seasonal) nature of its output, and demands an efficient

approach of managing it to ensure its optimal production in natural varying conditions.
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Figure 3-1 Irradiance levels in Hong Kong in different seasons [26]

Energy coming from solar will power the electrolysis, as shown in the following equation (2)[27].

Ppy = A X G Xnpy X PR 2)
Where, Ppy is the power output of the module (W), A is the surface area (m?), G is solar irradiance
(W/m?), npy is PV module efficiency, and performance ratio (PR) is the module's Efficiency.

Now, the mathematical calculation for solar irradiance is mentioned by equation (3):

G =1I,cosf,e " 3)
4)
Where, I, is the solar constant (1361W/m2), 6, is solar zenith angle, and 7 is the atmospheric optical

depth.

3.2 Electrolysis:

Hydrogen is a clean, multi-purpose and highly efficient fuel; it can fuel the fuel cells, propel cars, aid
the industrial processes, and even produce power without carbon dioxide. It is relevant because of the
reasons, including the fact that it preserves energy derived through renewable energy sources like solar
and wind. It can also be used to decarbonize steel, cement, and chemicals sectors of the heavy industry
to allow fuel-cell cars to transport and allow mobility, stabilize the grid, and allow a storage of energy

in a seasonal manner [28].

Hydrogen is the lightest but most common element in the universe though it is not found in large
quantities freely in nature. It typically occurs in complex with other substances, e.g. oxygen in water
(H,0) or carbon in hydrocarbons (CH 4, coal, petroleum). Hydrogen is produced using these

compounds with the assistance of chemical or electrochemical reactions.

The preparation of hydrogen can be done in a number of ways as discussed below:
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1. Hydrogen made using fossil fuels (Grey and Blue Hydrogen)

2. Hydrogen made out of biomass (Bio-hydrogen).

3. Hydrogen through hydrogen electrolysis over water (Green Hydrogen).

The manufacture of green hydrogen is done under a process called electrolysis of water whereby the
energy used in the process is a renewable source such as solar, wind, or hydropower to split water into
hydrogen and oxygen gases. This begins by the production of clean electricity through renewable
sources and then it is fed into an electrolyzer the main unit that separates the molecules of water. The
pure or deionized water is added to the electrolyzer and it has two electrodes that are the anode (and)
and the cathode (that is, negative, so that the gases do not mix). The use of direct current gives the
energy needed to break the bonding forces existing between hydrogen and oxygen atoms in water. Due
to this reason, the water molecule dissociates: the hydrogen ions move towards the cathode, where they
acquire electrons and join to form hydrogen gas; the hydroxide ions or water molecules dissociate at

the anode to release electrons and form oxygen gas[29].

The overall chemical reaction is as follows:

2H,0(1) = 2H,(g) + 04(9) @)

This implies that two water molecules produce two molecules of hydrogen and one molecule of oxygen.
The hydrogen gas that is generated at the cathode is collected, purified and then stored under pressure
in appropriately designed tanks or pipelines to be used later. The one by-product of the process is
oxygen that goes to the atmosphere or is taken to be used in industry and medicine.

The green Hydrogen efficiency and nature of production varies according to the type of electrolyzer
used. Moderate temperatures are used in alkaline electrolyzers, which use a liquid electrolyte, usually
KOH. Conversely, electrolyzers based on PEM utilize a solid polymer membrane, which permits the
flow of hydrogen ions, and thus yields very pure hydrogen with fast response times. Solid oxide
electrolyzers are at high temperatures and can operate either on electrical or thermal energy which
allows them to be used in very large-scale and high-efficiency systems. The electricity that provides
power to such electrochemical electrolyzers is usually produced using renewable energy technologies,
as in the case of solar PV panels or wind turbines. Since during the stanzas of high renewable energy
production, the electrolyzer will receive excess electricity, it will unquestionably be feasible to charge
the hydrogen manufacturer so that, in the long-term, a continuous production of hydrogen is sustained
without any increased greenhouse gas emissions into the atmosphere, making green hydrogen
manufacturing one of the most viable and environmental friendly methods of generating fuel. In
addition, it also helps in achieving global carbon neutrality by substituting grey or blue hydrogen, which

is generated using fossil fuels, and helps in deep decarbonization in most sectors intensive in energy.
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Electrolysis of water to produce green hydrogen, thus, represents one of the major technological

directions towards a cleaner, more resilient and sustainable energy future.

The electrolysis process is represented mathematically in equation (5) by using Faraday's law .

3

Hy (5) =1t g 5)

Where [ is current (A), t is time (seconds), n is Electrons per H, molecule, and F is the Faraday constant

(96485 C)
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Chapter 4
Methodology

This study constructs a decision making, two-stage machine learning model to make predictive
modelling and operational forecasting of a grid-tied solar hydrogen production system. The process will
transform high-rate weather and photovoltaic (PV) system data into useful forecasts of power output
and subsequent generation of green hydrogen.

The system switches to the 15-minute-interval weather and photovoltaic (PV) system-data in a gradual
approach so that it can be utilized to make predictions of both the power output and the ensuing
hydrogen yield, which can be easily used.

This study has an empirical foundation of the time-series data that was gathered at the 40.5MW
photovoltaic system in Chikkoppa village, Karnataka, India (15.6520160 N, 75.9924840 E) [34]. The
data, acquired in an authenticated Kaggle repository, is composed of concomitant measurements on the
15-minute levels throughout the multi-year time span that the plant was in operation. The data set that
is taken to model hydrogen production in this study comprises of the meteorological and electrical
parameters. The meteorological parameters are ambient temperature (AT, C), module temperature (MT,
(), and global horizontal irradiance (GHI, W/m 2) and the electrical parameter is the AC power output
(AC POWER, kW). The dependent variable is hydrogen production (H 2 ), in kilos and per 15 minutes.
A number of data conditioning procedures were being used prior to developing the model in order to
guarantee quality and consistency of the data. To do this, first column standardization was done by
automated feature name detection and harmonization of feature names across data variants. Second, the
zero-production periods were screened with the observations with hydrogen production less than 0.1 kg
being eliminated to enable the model to concentrate on the plausible operational conditions. Third, the
analysis of missing data was done through complete case analysis where all the empty records were
excluded. Lastly, the temporal segmentation was used to maintain the chronological organization of the
data to time-sensitive modelling. The filtered dataset was subsequently subdivided chronologically into
two non-overlapping segments or subsets, a training set (80 percent of the data or approximately
20182020) and a test set (20 percent of the data or approximately 2022).

The model of hydrogen production that has been designed in this study is based on the features of a
commercial system of MW-scale Proton Exchange Membrane (PEM) electrolyzer. The electrolyzer has
a fully automated, containerized design, with tri-mode capability, to allow command-following, load-
following, and tank-filling operational modes, so that it is highly suited to the integration of variable
renewable energy. The Hydrogen production can be dynamically regulated between wide operating

range of 10% to 100% of rated capacity, rapid system response is listed with start-up times taken less
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than 5 minutes and ramp rates more than 15 percent of full-scale power per second. The electrolyzer
has an average specific energy consumption of about 50.4 kWh/kg of hydrogen, which gives a solid
physical correlation between the AC power input and the hydrogen output that can be used to model it
with data. Purities of hydrogen are available up to 99.9995% (including purification) and the nominal
pressure of delivery is 30 barg, which guarantees the production of industrial grade. To make sure that
the machine learning-based forecasts of hydrogen production are physically consistent and reflective of
the actual conditions of operation of the machine, operational constraints, such as ambient temperature
limits (=20 o C to 40 o C), electrical power quality requirements, and the rates of deionized water
consumption, were taken into account. Daily and monthly production of AC Power and hydrogen of

the site are displayed by using graph in figure 4-1, 4-2 4-3 and 4-4.
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4.1 Machine Learning and Deep Learning Models

Machine Learning (ML) is a core branch of artificial intelligence that enables computer systems to learn
from historical data and improve their performance without explicit programming. The ML algorithms
detect the presence of hidden patterns, trends and relationships in data, by optimizing mathematical
objective functions. The learning process is generally accompanied with the data collection,
preprocessing, feature extraction, model training, validation and testing. Machine learning methods are
generally divided into supervised, unsupervised, and reinforcement learning, depending on the type of
the learning task. Training models on regression and classification problems in supervised learning
involves the use of labeled datasets, and deep learning models work with multi-layer neural networks
in order to learn and capture complex nonlinear interactions and temporal correlations.

This paper discusses both traditional machine learning algorithms and deep learning neural networks
with a view to evaluate their prediction power. The models of choice are Decision Tree, Random Forest,
Gated Recurrent Unit (GRU) and Support Vector Regression (SVR), the latter being the proposed

model because it has high generalization and theoretical strengths.
4.2 Decision Tree

A Decision Tree is a supervised learning algorithm which represents the process of making a decision
in the form of a hierarchical tree, with the internal decision nodes, branches and terminal leaf nodes as
the nodes of the tree. A decision rule represented by each internal node, which is determined by a
particular input feature with each branch representing the result of the decision, and the predicted values
of the output are also stored in the leaf nodes. Decision Trees recursively split the input feature space
into smaller and more homogeneous subsets with the aim of reducing the error of prediction.

In classification tasks there are commonly used metrics like entropy and information gain which are
used to identify optimal splits. On the contrary, with regression problems, the splitting criterion depends

on the reduction of variance. The difference of a dataset is referred to as variance.
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where y; is the target value, and y is the mean of target values [35]. Regression trees improve the quality
of predictions they make in each region by choosing splits that reduce the amount of variance. The
Decision Trees can model nonlinear relationships and they include interactions with minimum data
preprocessing. They are however, likely to overfitting especially with an increase in the tree depth, and

this inspires the application of ensemble-based methods.
4.3 Random Forest

Random Forest is an ensemble learning methodology which aims to address the weaknesses of the
single decision trees by aggregating the outputs of the many trees. It is based on the concept of bootstrap
aggregating (bagging) in which the trees are trained on random samples of the training data with
replacement. Moreover, a random sub-set of features is chosen whenever the node splits, and this creates
variability across trees and lessens correlation.

In regression problems, the overall prediction of a Random Forest model is the mean of all the individual

tree predictions which can be written as

9 ==%T1he (x) (1)

where T denotes the total number of trees and h;is the prediction of the tree [36]. Such an aggregation
process leads to significant model variance reduction as well as robustness as well as generalization
performance. Random Forest models are especially useful in high dimensional data and in modeling

nonlinear data in a stable environment even under noisy analysis.
4.4 Gated Recurrent Unit (GRU)

The Gated Recurrent Unit (GRU) is a recurrent neural network that is suitable to model sequential and
time-dependent data. As opposed to the classical recurrent neural networks, GRU addresses the
vanishing gradient problem through the implementation of gating mechanisms that control the flow of
information in the network.
The update gate is defined as

ze = o(Wyxy + Uzhe—q) 1)

which controls the amount of past information retained [37]. The reset gate is expressed as

e = o(Wpxy + Urhe_q) @)

and determines how much historical information is forgotten. The candidate hidden state is computed
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as

h; = tanh (Wyx; + Up(re © h—1)) 3)

and the final hidden state is updated using
he=1—2) Qhey +2, Ohy “4)

GRU networks have been shown to have gating operations that result in a computationally efficient
gating of temporal dependencies across long durations [38]. GRUs are also useful in time-series
forecasting and sequential prediction because they have very simple architecture compared to Long

Short-Term Memory (LSTM) networks.

4.5 Support Vector Regression (SVR) — Proposed Model

In this research, Support Vector Regression (SVR) has been chosen as the proposed model because of
its good theoretical basis and good generalization ability [39]. The principle that underlies the use of
SVR is the structural risk minimization, which attempts to trade off the complexity of the model and its

prediction accuracy. The aim of SVR is to approximate a regression function.
fx)=wlx+b )

that is as flat as as possible and does not prohibit deviations within an e-insensitive margin. To obtain
a model flatness, the weight vector is minimized and thus helps to prevent overfitting.

The optimization problem is represented as.

. 1 2 n *
Join S lw P+ C X (6 + 6D 2)

where C is the regularization parameter that regulates a trade-off between the smoothness and the error
of prediction, and is a slack variable that is the deviation beyond the e-insensitive margin. SVR uses
kernel functions to obtain nonlinear relationships. The Radial Basis Function (RBF) kernel is employed
in this paper:

K (x;,x) = exp (=y Il x; — x 1) 0

where ydetermines the influence of individual training samples.
To make sure that the proposed SVR model evaluation is reliable and comprehensive, several
quantitative measures are employed to assess the performance of the proposed model. The first measure

of the error in prediction is the Mean Squared Error (MSE) which quantifies the mean squared error

between the actual and predicted value and penalizes a large error more severely. MSE is defined as
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MSE == 3" (y; = 91)° (4)

where y;represents the actual target value, ¥; is the predicted value, and n is the total number of
samples. The smaller the MSE value, the higher the predictive accuracy and higher the model
performance.

The error in the target variable can be expressed in the same units as the error, so the Root Mean

Squared Error (RMSE) is used, which is expressed as,
RMSE = vMSE 5)

RMSE is a more interpretable measure of prediction error and that it emphasizes the dispersion or
variation of residuals thus it is especially helpful in comparing the performance of different models on
different datasets. Also, the coefficient of determination R 2 is utilized in order to determine the
effectiveness of the SVR model to explain the variability that exists in the observed data. It is defined
as

Y =92

R?=1-%2&
zi=1(J’i_37)2

(6)

where ydenotes the average actual target values. The nearer the R-square is to one the better the
model is in capturing the underlying pattern of data in the data and it has a strong explanatory power.
To classify the data, classification-based evaluation is performed based on the precision, recall and
F1-score that are obtained based on the confusion matrix. A confusion matrix is a table format that
compares the actual labels of the classes with the predicted labels and is made up of four elements
which are True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN).
This matrix gives a finer understanding of the kind of prediction errors that the model has given.
Precision is a measure of the percentage of the positives which the model correctly predicts out of all
the positives which the model makes a prediction. Recall measures the capability of the model to
represent all real positive cases, which is the sensitivity of the model. F1-score, which is defined as a
harmonic mean of precision and recall, is a balanced measure of performance especially in the event of
class imbalance. The metrics based on confusion matrix provide a more in-depth insight into the model
behavior, as each of them shows the equilibrium between the correct prediction and misclassifications.

All these evaluation measures will guarantee a holistic and strict evaluation of the proposed SVR model.
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Chapter 5
Results and Discussion

This research project has presented an overall analysis of the possibility of utilizing excess solar and
wind power to produce hydrogen. The quantitative analysis shows the effectiveness of the proposed
system under changing generation conditions, where energy production and hydrogen yield are at
maximum. These findings not only demonstrate how well hydrogen can serve as a storage medium for
intermittent renewable energy but also highlight its potential applications in transportation and
industrial sectors. The findings also provide an idea of how the systems can be optimized, namely, in

which states the maximum energy use can be achieved. Wastage can be minimized.

5.1 Stage One ML on Hydrogen prediction

5.1.1 Random Forest Regressor

Random Forest Regressor has been used to forecast AC power output depending on the chosen input
features. Random Forest is an ensemble method of learning which is used to build many decision trees
to enhance accuracy of predictions and minimize overfitting based on averaging of the output of each
tree. This ensures that it is specifically effective in modeling non-linear relationships as well as
modeling complex interactions between the input variables.

Mean Absolute Error (MAE), root mean square error (RMSE), and the coefficient of determined (R 2)
were used to assess the performance of the random forest model. The model had an MAE of 600.26 W
which means on an average, the predicted AC power is off the actual values by an average of 600 W.
RMSE was of 1963.58 W which shows that it has some higher-order prediction errors, but they are
acceptable taking into account the broad scope of the operating range of AC power output. Also, the
model gave a high R? of 0.9465 which proves that the Random Forest model has described nearly 94.65
percent of variance in the actual AC power output. Figure 5-1 shows the correlation between the

measured and predicted values of the AC power of the Random Forest Regressor.
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The scatter points all align closely along the 45-degree reference line and it shows a perfect fit of
prediction. The high concentration along the ideal line shows that there is a high degree of concurrence
between the predicted and actual values at low power range, medium power range and high power
range. Slightly dispersed higher power levels imply that there is a slight under or over-prediction at
peak operating levels, as is normal in practical power generation data. In general, the Random Forest
Regressor has a high predictive power, high robustness, and high generalization. Its large R 2 value and
not so large MAE prove its appropriateness to the prediction of AC power and its right to be one of the
main models used in this project. The findings show that Random Forest is useful in capturing the

underlying nonlinear patterns in the data.
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Figure 5- 1 Random Forest model prediction
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5.2 Decision Tree Regression:

The Decision Tree Regressor was applied with the purpose of serving as a control machine learning
model to forecast the output of AC power on the basis of the clean dataset. Decision Trees are non-
parametric intuitive models that divide the input space using feature thresholds, but they are also known
to be susceptible to noise and also overfitting with default parameters.

The evaluation of the Decision Tree model was in terms of Mean Squared Error (MSE), Root Mean
Square Error (RMSE), and coefficient of determination (R2). The model had an MSE of 5,914,992.15
W 2, which is an RMSE 0f 2432.08 W, and it means that the variation in the model has a greater average
error of prediction than that of the ensemble-based models. The R 2 value obtained, 0.9179, indicates
that the model is able to explain a large portion of the variance in the actual power output of AC and on
this basis it has a reasonably good predictive potential but has significant weaknesses. The Scatter plot
of actual and predicted AC power values of the Decision Tree Regressor are shown in Figure 5-2.
Although, there is a general inclination that can be seen and most of the points are near the reference
line of 45 degrees, we can see a greater level of a dispersion especially in high power levels. A number
of outliers and sudden changes of direction away form the perfect fit line suggest that the model cannot
casily generalise across the entire operating range. This is typical of single decision tree models, which
are rather sharp and piecewise than smooth approximations. Generally speaking, the Decision Tree
Regressor has acceptable base performance to predict AC power but its greater RMSE and smaller R2
than the Random Forest model indicate its low level of generalization. These findings indicate that
though the Decision Trees is able to represent simple nonlinear association, ensemble procedures like
the Random Forest are more robust and accurate at a lower level of variance and higher predictive

stability.
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Figure 5-2 Decision tree regression prediction vs. actual production

5.3 GRU Gated Recurrent Unit

GRU model has been used to represent the time-varying values of the AC power generation data. GRU
is an RNN based architecture that addresses the vanishing gradient issue through the use of update and
reset gates thus enabling the model to learn both short and long term patterns processing. This renders
GRU especially applicable when it comes to power prediction applications in which sequential and
time-varying variations affect system output. Mean Squared Error (MSE), Root Mean Square Error
(RMSE), as well as the coefficient of determination (R 2) were used to measure the performance of the
GRU model. The model gave an MSE of 6,157,151.15 W 2, which translates into an RMSE of 2481.36
W 2, and thus, an average degree of prediction error in the test set. The R 2 value of 0.9010 indicates
that the GRU model captures about 90.10 per cent of the variance in the actual AC power output.

The comparison between the actual and predicted value of the AC power obtained at the use of the GRU
model is depicted in figure 5-3. The ideal 45 degree line is followed by the predicted values and the
prediction shows that the model is able to learn the general tendency of power generation. Nevertheless,
the dispersion is observed to be greater especially at high power levels, indicating low accuracy under
peak operation conditions. This behaviour shows that although the GRU can be useful at capturing the

temporal trends, it might need more architectural fine-tuning or input features to make it more precise.
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On the whole, the GRU model can be said to have a reasonable predictive performance, with the ability
to model time-dependent behaviour in AC power generation. Nevertheless, the GRU has a lower RMSE
and a lower R2 than the tree-based ensemble methods like the Random Forest, which implies a lower
accuracy. These findings indicate that in spite of the fact that GRU can also learn sequential patterns,
the methods of ensemble regression are still more suitable in the context of the current dataset and
feature architecture.
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5.4 Support Vector Regression:

Support Vector Regression (SVR) was utilized to forecast the AC power output as it has a strong
capability of modeling nonlinear relationships through kernel, based learning. Essentially, SVR tries to
determine the best regression function by minimizing the prediction error within a certain margin (,
insensitive loss), at the same time preserving the model complexity via regularization. The trade, off
between precision and generalization is what makes SVR a tool of choice in solving complicated power

prediction problems.

The efficacy of the SVR modeling was measured in terms of the Mean Squared Error (MSE), the Root
Mean Square Error (RMSE), and the coefficient of determination (R). The SVR model optimized to
local condition settings resulted in an MSE of 3, 431, 649.60 W, hence a relatively low RMSE of
1852.47 W, pointing to a considerably better prediction accuracy than the Decision Tree and GRU
models. Besides, the model reached a very high R value of 0.9523, which means that the SVR model

explains about 95.23% of the variance of the real AC power output.
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Figure 5, 4 shows a scatter plot of actual versus predicted AC power values for the SVR model. The
predictions are very close to the ideal 45, degree reference line, and thus, we can say that there is a
strong correlation between the predicted and actual outputs in the whole operating range. Very few

outliers can be accounted for at high power, and also, the dispersion is almost negligible.
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Figure 5-4 Prediction vs. actual production

The performance of different machine learning models for predicting the target variable was first
discussed in Table 5, 1, and the corresponding results are summarized in Table 1. The models tested
were SVR, Random Forest, Decision Tree, and GRU. Among these, SVR was found to be the best
performer, having the lowest RMSE of 1852.47 W and the highest R of 0.9523, which means that its
predictions were the closest to the actual values and it explained the most variance in the data. Random
Forest performed a little bit worse, followed by Decision Tree and GRU, which had the highest error
and lowest R. These findings confirm that SVR is the most precise and dependable model for this dataset

45



Table 5-1 Comparison table of ML results

Model RMSE (W) R?

SVR 1852.47 0.9523
Random Forest 1963.58 0.9465
Decision Tree 2432.08 0.9179
GRU 2481.36 0.9010

5.2 Stage TWO ML on Hydrogen prediction

5.2.1 Random Forest Regression Performance Evaluation for Hydrogen Production

Random Forest Regression (RF) was used and used to predict hydrogen production of the solar-powered
system because it has the capacity to address nonlinear relationships and interactions between two or
more input features. The model builds a pool of decision trees and averages their outcomes in order to
enhance the accuracy and minimize over fitting, thus it can be used in complicated regression problems.
Mean Absolute Error (MAE), the root mean squared error (RMSE), and the coefficient of
determination(R 2) were used to evaluate the RF model. Optimalized Random Forest model attained
MAE = 5.826 kg, RMSE = 7.974 kg, and R 2 = 0.9497, which means that it is a very good predictor
with a little higher error than SVR model. This shows that the model explains most of the variations in
the production of hydrogen as well as being very precise. The scatter plot of actual and predicted
hydrogen production value of the Random Forest model is shown in Figure 5-5. The predicted values
are near to the ideal 45-degree reference line, which means that there is a close correspondence between

the predicted and the actual output over the observed range.
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5.2.2 Decision Tree Regression Performance Evaluation for Hydrogen Production

To predict the production of hydrogen by the solar-powered system, the Decision Tree Regression (DT)
was used because, like the other method, it is capable of modeling nonlinear relationships by segmenting
the feature space into recursive partitions. The model produces simple decision rules to make
approximations of the target variable and this makes it interpretable and easy to use in capturing
complex pattern in the data. Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) and the
coefficient of determination (R 2 ), were used to evaluate the DT model. The optimal model of the
Decision Tree model was to use the optimized model which had an MAE of 5.295 kg, RMSE of 7.867
kg, and R 2 of 0.9511 meaning that the model is predictive and is capable of explaining a significant
amount of the variation in hydrogen production. Figure 5-6 provides the scatter plot of the actual and
the predicted values of hydrogen production using the Decision Tree model. The forecasts in most cases
conform to the desired 45 degree referent line which signifies an acceptable consistency between
forecasted and measured outputs throughout the measurement interval. Altogether, the Decision Tree
model has good predictions of hydrogen production, which can model the nonlinear relationships in the

dataset.
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Figure 5-6 Prediction vs. actual production

5.2.3 GRU Neural Network Performance Evaluation for Hydrogen Production

A Gated Recurrent Unit (GRU) neural network was utilized to anticipate hydrogen production of the
solar-powered system since it has the capacity to capture a time dependency in sequence-based data.
GRU networks employ gating mechanisms to store pertinent information through time whilst alleviating
the vanishing gradients, therefore appropriate in prediction tasks that vary with time. GRU model was
tested based on Mean Absolute Error (MAE), root mean square error (RMSE), and the coefficient of
determination (R 2 ) as well. The optimized GRU model gave an MAE of 9.273 kg, RMSE of 13.190
kg, and R 2 of 0.8378, which showed worse predictive performance than the other regression models.
The scatter diagram 5-7 shows the real and the forecasted values of hydrogen production in the GRU
model. Although the predictions reflect overall patterns, there is a higher degree of deviation around
the desired 45 degree reference line, specifically at higher levels of hydrogen production per unit of
time, which indicates the relatively low accuracy of the model. By and large, the GRU model shows
average predictive power, as it successfully captures certain nonlinear and time-dependent trends in the

data but is not the best compared to the SVR, Random Forest, and Decision Tree models.
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2.5.4 Support Vector Regression for Hydrogen Production

Out of the considered models, Support Vector Regression (SVR), Random Forest, Decision Tree, and
GRU, the model that proved to be the most accurate predictor of hydrogen production through the solar-
powered system is the SVR model. The SVR model had a Mean Absolute Error (MAE) of 4.713 kg, a
Root Mean Squared Error (RMSE) of 6.498 kg and R 2 of 0.96476 implying that it predicts hydrogen
production variance of approximately 96.48. The prediction error accounts for only 8.55 percent of the
average output, with an overall production of 55.15 kg in 15 minutes; this shows that it is highly precise
and reliable. Fig. 5-8 is a scatter chart of the actual and predicted values of hydrogen production with
the SVR model with the predictions being closely clustered around the optimal 45-degree reference line
indicating a great deal of agreement over the operating range. These findings prove that SVR is a better
model compared to the rest in terms of addressing the nonlinear relationships between the input
characteristics of the system such as module temperature, ambient temperature, solar irradiation and

AC power and hydrogen output and therefore it is the best model to be used in this study.
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Four models, including, SVR, Random Forest, Decision Tree, and GRU, were tested in order to
predict hydrogen production. The SVR model had the lowest Mean Absolute Error (MAE = 4.713 kg)
and Root Mean Squared Error (RMSE = 6.498 kg) and the highest R 2 of 0.9648, as indicated in the
table. These findings show that SVR offers the best predictions and represents the largest amount of
variance in hydrogen production, in case of the other models. Thus, it can be stated that SVR is the

most effective model in the research, as stated in Table

Table 5-2Comparison table of ML results

Model MAE (kg) RMSE (kg) R?

SVR 4.713 6.498 0.9648
Random Forest 5.826 7.974 0.9497
Decision Tree 5.295 7.867 0.9511
GRU 9.273 13.190 0.8378
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5.3Discussion

Table 5.2 provides the comparisons of hydrogen production prediction of four machine learning models,
Support Vector Regression (SVR), Random Forest, Decision Tree, and Gated Recurrent Unit (GRU).
The four models have been tested on the basis of performance evaluation parameters of MAE, RMSE
and R 2. Each of these metrics will give an idea about the predictive performance and the capability of
the two models to explain the variability in hydrogen production. The SVR model is the most effective
of all the models. The lowest MAE (4.713 kg) and RMSE (6.498 kg) are obtained, which means that
the average error in prediction is not very big and the resulting curves are not as sensitive to big
deviations. In addition, the R 2 of SVR is 0.9648 meaning that the regression model accounts some
96.48 percent of the variability in hydrogen production. This positive result shows that SVR is useful
in the process of modelling the non-linear relationship between the input features and the hydrogen

output.

Random Forest and Decision Tree models are also quite good and have R 2 values 0f 0.9497 and 0.9511,
respectively [31]. They, though, are more MAE and RMSE than SVR, which shows that they do not
give the correct forecasts. Despite the fact that the Random Forest techniques are known to be
advantageous due to the presence of ensemble learning and the superior performance of generalization
in comparison with a single tree, it is worse than the SVR, possibly due to the complexity of the model
or its vulnerability towards features that are varying in nature. The Decision Tree model is interpretable
but fails at dealing with nonlinear patterns which are more complex and hence its relatively higher error
rates. On the other hand, the worst performance is registered by the GRU model whose MAE (9.273
kg) and RMSE (13.190 kg), and R 2 (0.8378) are the highest. This suggests that the GRU architecture
might not be the best with the given data, perhaps because it does not have enough depth in terms of
time, is not trained on the most appropriate data, or lacks the strength to follow sequential dependencies

within the hydrogen production process.[32].

Generally, the results indicate that the most effective model in this paper is SVR. Its efficiency in all
measures of error and variance elucidation is a witness to its strength and reliability in the prediction of
hydrogen production. Therefore, the best model that should be analyzed and implemented is SVR and

it is summarized in Table5-2
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

The increased need of the world to clean and sustainable energy should make it incorporate innovative
technologies to make maximum use of renewable energy. This paper demonstrates the possibility to
produce surplus solar and wind energy into hydrogen to have a universal, and storable system of energy
to deal with the intermittent problem of traditional renewable systems. Using the excess electricity
produced at times of large wind generation due to solar or nocturnal winds, hydrogen energy does not
only reduce energy wastage but also offer an avenue through which transportation and industrial sectors

can be decarbonized.

The results highlight that the integration of renewable energy production with hydrogen production can
increase the efficiency of the system as a whole, decrease the reliance on fossil fuels, and achieve energy
security. Moreover, adoption of such form of hybrid systems could be utilized to drive the establishment
of a robust hydrogen economy that will drive technological innovation and sustainable industrial
growth. Such future studies must also aim at maximising the efficiency of the electrolysis process,
incorporation of smart energy control mechanisms, and techno-economic viability of large-scale
introduction of the renewable hydrogen to make sure that the renewable hydrogen becomes one of the

viable building blocks of the low-carbon energy infrastructure.

6.2 Future Work

The cost of renewable hydrogen technology focuses on five factors. The optimization of electrolyzers
would open the fast bright face of electrolyzers, especially under the variable situation of large scale
solar and wind energy. Unused renewable energy is immediately transformed into hydrogen through
new energy management schemes and this eliminates energy wastage. Other than that, the techno-
economic analysis is also the main measurement device of costs, environmental implications, and the
general scalability of these systems.

Hybrid storage solutions have also been taken into account to have a more flexible and resilient energy
infrastructure combining hydrogen and battery storage [33]. Lastly, the research on the policies and
incentives is invaluable towards identifying the policies and subsidies that to the best of its ability,

contribute to the adoption of renewable hydrogen technologies.
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