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Abstract

As renewable energy gains prevalence and machine learning technology advances, the
need for accurate forecasting in Virtual Power Plants (VPPs) has become increasingly urgent,
especially given the enhanced computational capabilities that make high-accuracy deep
learning algorithms feasible, underscoring its importance for grid stability and efficiency.
Considering these developments, this dissertation focuses on three key forecasting areas
essential for VPP operations: solar photovoltaic (PV) output, load demand, and electricity
prices. This thesis employ various deep learning algorithms to make these forecasts, each
tailored to the specific characteristics of the data and the operational needs. For both solar
PV and load demand, this thesis provide forecasts at two different time intervals: 1-hour and
S5-minute. The 1-hour solar PV forecasts aim to provide a 24-hour outlook for day-ahead
markets. The 5-minute forecasts are further divided into two categories: immediate next 5
minutes and up to 4 hours into the future. The rationale for these different forecasting horizons
is twofold: The 5-minute forecasts are designed for real-time grid management, while the
4-hour forecasts align with the typical charge and discharge cycles of battery storage systems,
thereby facilitating more effective battery scheduling. Electricity price forecasts are also made
at 5-minute intervals for both immediate and medium-term scenarios. This research has been
applied in a production simulation for a retail electricity company, demonstrating its practical
utility. The integrated forecasting and optimization model developed in this study offers
tangible benefits, enabling consumers to save on electricity costs while increasing profitability

for the company.
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CHAPTER 1

Introduction

1.1 Renewable Energy Development Background

In the context of global climate change and environmental degradation, renewable energy,
particularly solar energy, has emerged as a key solution. According to the report "Net
Zero by 2050: A Roadmap for the Global Energy Sector" from the International Energy
Agency (IEA) [1], the global total electricity capacity was 7,795 GW in 2020 and is projected
to reach 14,933 GW by 2030, and further increase to 33,415 GW by 2050. During this
period, solar photovoltaic (PV) capacity will grow from 737 GW in 2020 to 4,956 GW by
2030, and then to 14,458 GW by 2050. These figures collectively indicate that renewable
energy, particularly solar PV, will play a critical role in the global energy transition, with
significant growth expected between 2020 and 2030. Detailed data is shown in Tables 1.1
and 1.2. Complementing this shift toward renewables, Virtual Power Plants (VPPs) have
emerged as a cutting-edge solution for managing this new energy landscape. VPPs not only
aggregate distributed energy resources, including solar PV, but also offer the flexibility and
dispatchability needed to balance the fluctuations and uncertainties inherently associated with

renewable sources [2].

Among the challenges posed by the rapid advancement of renewable energy, the “California
Duck Curve [3]” is a phenomenon that warrants attention. This curve vividly illustrates the
rapid intraday changes in net load in the electrical grid due to the large-scale integration of
solar energy. Specifically, as the sun sets, there is a need for the rapid dispatch of traditional
energy sources to meet demand, leading to significant price volatility and increased risks to

grid stability [4]. Moreover, it’s not only the evening surge that presents challenges. During
1



2 1 INTRODUCTION

TABLE 1.1: Global Electrical Capacity (GW) From 2019 2050.

2019 | 2020 | 2030 | 2040 | 2050
Total generation | 7484 | 7795 | 14933 | 26384 | 33415

Renewables 2070 | 2994 | 10293 | 20732 | 26568
Solar PV 603 | 717 | 4956 | 10980 | 14458
Hydro 1306 | 1327 | 1804 | 2282 | 2599
Nuclear 415 | 415 | 515 730 812
Wind 623 | 737 | 3101 | 6525 | 8265

Unabated fossil fuels | 4351 | 4368 | 320 1151 677

TABLE 1.2: Global Electricity Generation (TWh) From 2019 2050.

2019 | 2020 | 2030 | 2040 | 2050
Total generation | 26922 | 26778 | 37316 | 56553 | 71164

Renewables 7153 | 7660 | 22817 | 47521 | 62333
Solar PV 665 821 | 6970 | 17031 | 23469
Hydro 4294 | 4418 | 5870 | 7445 | 8461
Nuclear 2792 | 2698 | 3777 | 4855 | 5497
Wind 1423 | 1592 | 8008 | 18787 | 24785

Unabated fossil fuels | 16941 | 16382 | 9358 632 259

the day, the abundance of solar energy could potentially be stored in battery systems for later
use. When the sun sets and the evening peak load arrives, that is when the real test for battery
dispatch occurs. Efficiently managing these stored reserves can make a significant difference
in balancing the grid and stabilizing electricity prices, especially during these high-demand

periods [5].

Building on the challenges and opportunities presented by the rapid growth of renewable
energy, it’s clear that traditional grid management strategies are increasingly inadequate for
handling the complexities introduced by renewables. The intermittent nature of solar and wind
energy, for instance, requires more than just additional storage solutions; It calls for intelligent
systems capable of making real-time decisions based on a multitude of factors. These systems
must be able to adapt to fluctuating supply and demand conditions, integrate diverse energy
sources, and execute rapid dispatch of stored energy, all while maintaining grid stability and
economic efficiency. This is a tall order that traditional grid systems are ill-equipped to handle,

thereby highlighting the urgent need for advanced solutions like Virtual Power Plants. These
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integrated systems are designed to meet these challenges head-on, offering a more flexible

and responsive approach to grid management in the era of renewable energy.

In summary, the surge in renewable energy development marks a pivotal moment in the global
transition toward a more sustainable and resilient energy landscape. As outlined by various
international reports and projections, the capacity for renewable energy sources like solar
PV is expected to grow exponentially in the coming decades. This growth is not merely a
technological advancement but a necessity in the face of escalating climate challenges and
environmental degradation. The rapid integration of renewables into the energy mix brings
its own set of challenges, including grid stability and energy storage, which necessitates
innovative solutions. It is within this context of burgeoning renewable energy development
that Virtual Power Plants emerge as a critical component for the successful orchestration of

diverse energy resources.

1.2 Background and Challenges of VPPs

Virtual Power Plants are a modern solution for the management of distributed energy re-
sources within an electrical grid [6]. Unlike traditional power plants that generate electricity
at a centralized location, VPPs aggregate a variety of distributed energy sources such as
solar panels, wind turbines, and battery storage systems into a single, coordinated network.
Through advanced software and communication technologies, VPPs can control these dis-
parate resources as if they were a single, unified power plant. This enables VPPs to provide
a range of services, from balancing supply and demand to offering ancillary grid support
functions. The primary advantage of VPPs is their ability to enhance grid reliability and
efficiency, especially as renewable energy sources become increasingly integrated into the

energy landscape.

In the past, when renewable energy sources were less prevalent, the impact of solar PV
forecasting, electricity price forecasting, and load forecasting on the system was relatively
minor[7], [8]. However, as the share of renewable energy in the grid has increased, the

unpredictability and volatility associated with these sources have become more pronounced.
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With advancements in technology, we now have the capability to make more accurate forecasts
to mitigate the impact of these uncertainties on the grid [9]. In this evolving context, VPPs
significantly benefit from these advanced forecasting techniques. Accurate forecasting of solar
PV output, load demand, and electricity prices enables VPPs to make real-time decisions,
optimizing resource allocation and market participation. This further mitigates the challenges
brought about by the increased share of renewables, as VPPs act as a flexible layer that can

quickly adapt to changing conditions [10].

To effectively manage the increasing complexities and uncertainties in modern electrical grids,
accurate forecasting of solar PV output, load demand, and electricity prices is of paramount
importance. Accurate solar PV forecasting allows for more effective power grid scheduling,
thereby reducing operational costs associated with uncertainty and volatility. Precise load
forecasting enables more efficient resource allocation, which minimizes waste and enhances
system reliability[11]. Electricity price forecasting stabilizes the market and provides more
reasonable pricing for consumers, thereby encouraging the adoption of renewable energy
[12]. These forecasts are not just standalone metrics; they are integral components that enable
optimized scheduling of battery storage systems. With the aid of machine learning and deep
learning technologies, these forecasts can be made with higher precision, thereby significantly
enhancing the efficiency and reliability of battery storage systems. By integrating these
accurate forecasts, battery storage systems can execute charging and discharging operations
more precisely, effectively smoothing out the net load curve, reducing price volatility, and
ultimately enhancing the overall stability and efficiency of the grid. This optimized scheduling
not only saves money for consumers but also increases profitability for electricity retailers

and improves the overall safety of the electrical grid [13].

In this context, the successful operation of VPPs is critically dependent on accurate forecasting
of solar PV output, load demand, and electricity prices. This research aims to equip VPPs with
more precise forecasting tools by leveraging machine learning and deep learning technologies.
By integrating these high-accuracy forecasts, VPPs can more effectively schedule their internal
and external resources, further smoothing out the net load curve, reducing price volatility,

and enhancing the overall stability and efficiency of the grid [2]. This not only lowers the
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electricity bills for consumers but also opens up greater profit margins for electricity retailers,

while improving the overall safety of the electrical system.

VPPs serve as a pivotal component in modern electrical systems, optimizing electricity
generation and distribution by integrating Distributed Energy Resources (DERs)—such as
wind, solar, energy storage systems, and demand response measures [14]. Within the context
of a smart grid, VPPs have the capability to manage and dispatch multiple types of energy
resources in real-time, thereby providing more reliable and economically efficient electricity
services. According to the latest available data, there are hundreds of VPP projects at various
stages of development and operation worldwide. The growing prevalence of Virtual Power
Plants can be attributed in part to their effectiveness in stabilizing the electrical grid, a role
that becomes increasingly crucial with the rising integration of renewable energy sources.
Their relevance is further highlighted by an increasing number of academic research studies,
pilot projects, and governmental initiatives aimed at improving grid stability and reducing

carbon emissions.

Not only do VPPs play a crucial role in maintaining a balance between electricity supply
and demand, effectively reducing the necessity for traditional peak-load power plants, but
they also serve as a linchpin for the integration of a wide range of renewable energies like
wind and solar through advanced real-time analytics and control systems. These analytics
go beyond simple data collection; they utilize machine learning algorithms and predictive
modeling to facilitate more intelligent decision-making processes. By optimizing electricity
generation, distribution, and even storage, VPPs can significantly lower operational costs for
utility companies, which in turn could lead to substantial savings for consumers [15]. This
economic efficiency is not just a theoretical advantage; there are cases around the world where

VPPs have proven to deliver cost benefits.

Moreover, VPPs are becoming increasingly vital in the larger context of climate goals and
sustainability [16]. They contribute to reducing greenhouse gas emissions by optimizing the
use of renewable energy sources, and in doing so, help countries meet their environmental
objectives. As the energy landscape undergoes rapid transformation with a rising share of

renewable sources, the role of VPPs in mitigating the challenges of volatility and uncertainties
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cannot be overstated. They serve as a flexible layer capable of rapid adaptation to fluctuating
supply and demand conditions. This flexibility provides invaluable stability to electrical grids,
which is becoming ever more essential as grids evolve to accommodate a diversified energy

mix.

In the operational context of Virtual Power Plants, a series of challenges emerge that under-
score the need for advanced forecasting techniques. The accuracy of forecasting is paramount,
as VPPs rely on a variety of distributed energy resources, many of which are renewable and
thus susceptible to environmental fluctuations. Real-time or near-real-time data is essential for
the efficient operation of VPPs, demanding not only highly accurate forecasting algorithms
but also complex data processing and real-time analytical capabilities. As machine learn-
ing and deep learning technologies find increasing application in forecasting models, the
complexity of these models escalates, adding computational burden and potentially affecting
the interpretability and reliability of the models. A yet-to-be-fully-resolved issue is how to
effectively integrate these high-accuracy forecasts into VPP battery optimization scheduling
and other resource management strategies for efficient and reliable operation of the electrical
system. These challenges impact the operational efficiency and reliability of VPPs across

multiple dimensions and call for multidisciplinary research and highly integrated solutions.

Given these challenges, the significance of employing accurate forecasting for optimized
scheduling in modern electrical grids, particularly in the context of VPPs, becomes even
more critical. VPPs serve as a vital layer that utilizes these forecasts to harmonize electricity
supply and demand, thereby enhancing grid stability and efficiency. For consumers, accurate
forecasting in solar PV output and electricity demand, facilitated by VPPs, leads to cost
savings by allowing for more efficient resource allocation and reducing reliance on expensive
peak-load energy. For electricity retailers, the focus of this research and its real-world
applications, VPPs armed with accurate forecasts offer twofold benefits: They enable the
stabilization of electricity prices and minimize the costs associated with energy imbalances and
price volatility. By leveraging machine learning and deep learning technologies for precise
solar PV and electricity price forecasting, this study aims to address the aforementioned

challenges, providing VPPs with the tools needed for effective scheduling of internal and
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external resources, including battery storage systems. These systems can then execute
charging and discharging operations more precisely, thereby smoothing out the net load
curve, reducing price volatility, and enhancing grid stability. All these factors contribute to
the overall safety, efficiency, and reliability of the electrical grid, marking a significant step

towards a more sustainable and reliable energy future.

1.3 Thesis Outline

Given the multifaceted importance of accurate forecasting in VPPs, as outlined above, this
dissertation is structured to provide a comprehensive exploration of the subject matter. It aims
to bridge the existing gaps in the literature and offer innovative solutions to the challenges
faced by VPPs in the modern energy landscape. The following chapters are designed to delve
into each critical aspect of forecasting and optimization in VPPs, providing both theoretical

insights and practical applications.

Chapter 2 will serve as a literature review, laying the groundwork for the rest of the study. It
will outline the organizational structure and functionalities of VPPs, emphasizing the critical
role of accurate forecasting in their operation. This chapter will also provide an overview of
the current state of research in this area, pinpointing the existing gaps and limitations that this
dissertation aims to address. Based on these identified needs, the chapter will conclude by

presenting a technical roadmap for the research to be carried out in the subsequent chapters.

Following the literature review, Chapter 3 will delve into the intricacies of solar PV forecasting.
The chapter will begin by elucidating the pivotal role that PV forecasting plays within the
operational framework of VPPs. Subsequently, it will introduce the specific forecasting
methodologies that will be employed in this research, culminating in an evaluation of the
predictive performance of these methods. Chapter 4 will be dedicated to load demand
forecasting. The chapter will initiate with a discussion on the importance of accurate load
forecasting in the context of VPPs. This will be followed by an exposition of the load
forecasting techniques that will be applied in this study, and will conclude with an assessment

of their predictive accuracy. Chapter 5 will focus on electricity price forecasting. The chapter
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will open by underscoring the significance of price forecasting in the optimization of VPP
operations. It will then proceed to outline the methodologies that will be used for this specific
type of forecasting, wrapping up with an analysis of the expected results. Chapter 6 will
concentrate on two main areas: Firstly, introducing the existing VPP battery optimization
program, outlining its operational framework and key functionalities; and secondly, detailing
the VPP-Prediction Models Interface design. This interface is instrumental in integrating the
forecasting methods discussed in previous chapters into the VPP battery optimization model.
The chapter will provide a thorough explanation of the steps, mathematical formulas, and

operational workflows that enable this integration.

Finally, Chapter 7 will serve as the concluding chapter of this dissertation. It will offer a
comprehensive summary of the research, encapsulating the key findings, contributions, and
implications of the study. The chapter will also discuss the limitations of the current work and
suggest avenues for future research, thereby providing a complete wrap-up of the research

journey. The research content road map is shown in Figure 1.2.

As illustrated in Figure 1.1, this research encompasses four specific scenarios, each repres-
enting a unique aspect of the Virtual Power Plant (VPP) operational environment.The VPP
application scenarios data scope is shown in Table1.3. These scenarios include residential
communities with solar panels but without individual batteries (Scenario 1), large commercial
or governmental buildings with solar installations (Scenario 2), residential areas with indi-
vidual solar panels and home batteries (Scenario 3), and communities with shared solar panels
and a communal battery system (Scenario 4). This diverse range of scenarios ensures that the
forecasting models developed are versatile and applicable across various VPP configurations
and scales within a suburban context. In the third chapter, the focus is on solar PV forecasting,
utilizing data from Scenarios 1 and 2 to enhance the forecasting model. The fourth chapter
delves into load forecasting, where the distinct electricity usage patterns in Scenarios 1 and 2
are analyzed. The fifth chapter addresses electricity price forecasting, which is crucial for
effective VPP operation in all scenarios. Each chapter provides an in-depth exploration of the
respective forecasting methodologies and their application in the context of these scenarios.

Chapter 6 then explores the integration of these forecasts into the VPP battery optimization
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FIGURE 1.1: VPP application scenarios

scheduling. It discusses the relationship between solar PV, load, and electricity price forecasts

and their impact on the VPP optimization process.

The outcomes of the PV and Load Forecasting from these scenarios are integrated into the
VPP control center for simulation, calculation, and scheduling. This integration is crucial for
effective energy management, allowing for real-time adjustments and optimization based on
the predictive insights provided by the forecasting models. The adaptability of these models
to different scales and complexities of energy systems highlights their potential in enhancing

the operational efficiency and sustainability of modern electrical grids.
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Category PV | Load Battery | Price (AEMO)
Scenario 1 Residential Building 2022.6 - 2023.6 / 2022.1-2023.6
Scenario 2 | Sovernment & Commercial | s o050 15| /| 2022.1-2023.6
Building
Scenario 3 Community With 2022.1 - 2023.10 2022.1-2023.6
Individual Battery
Scenario 4 Community With 2022.1 - 2023.10 2022.1-2023.6
Shared

TABLE 1.3: VPP application scenarios data scope
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CHAPTER 2

Literature review

Having established the critical role of accurate forecasting in modern electrical grids and
its implications for both consumers and electricity retailers, it is essential to delve into the
existing body of research that informs these practices. The following Literature Review
section aims to provide a comprehensive overview of current studies and methodologies in
the field of Virtual Power Plants and forecasting techniques. This will not only contextualize
the significance of this research but also highlight the gaps and opportunities that this study

aims to address.

2.1 Virtual Power Plants

Before delving into the sophisticated forecasting methods that enhance the operation of VPPs,
it is essential to first understand the fundamental structure that underpins these systems. A
clear comprehension of how a VPP is architecturally designed and functionally operates
serves as a foundational basis for appreciating the intricacies of various forecasting algorithms
employed. Let us now turn our attention to the key components that make up a VPP and the

specific functions they serve.

2.1.1 Structure and Functionalities of VPPs

VPPs serve as an intricate, multi-faceted system that fundamentally redefines how electricity
is generated, distributed, and consumed. Unlike traditional power plants, which hinge on a
single large-scale generation source, VPPs bring together a myriad of smaller, distributed

energy resources (DERs) into a cohesive and harmonious network. This aggregation offers
12



2.1 VIRTUAL POWER PLANTS 13

a more versatile, scalable, and robust approach to energy management. By distributing the
burden of electricity production across multiple points, VPPs enhance resilience against
system failures and enable more efficient utilization of renewable resources. Through their
decentralized yet coordinated nature, they harmonize the competing demands of electricity
generation and consumption, bringing a new level of sophistication to grid management. This
complex interplay of structure and functionality positions VPPs as a cornerstone of modern,
smart grids, marking a significant departure from traditional energy systems towards a more

adaptable, sustainable, and resilient infrastructure [17].
In terms of structure, a VPP can be conceptualized into three main tiers.

(1) Distributed Energy Resources (DERs). The foundational layer consists of DERs, which
serve as the building blocks of the VPP ecosystem [18]—[20]. This tier comprises a variety of
renewable energy sources such as wind turbines and solar panels, along with battery storage
systems and even controllable loads like smart HVAC systems. In the context of this research,
the primary focus is on the harmonious coordination and optimization between solar PV
panels and battery storage systems. By concentrating on these specific types of DERs, the
study aims to develop strategies that maximize the efficiency of solar energy production,
storage, and consumption, thus furthering the objectives of sustainable and resilient energy

management.

(2) Centralized Control System. Acting as the operational nucleus, this layer sits above the
Distributed Energy Resources and plays a pivotal role in governing the entire VPP architecture.
The centralized control system is equipped with advanced data analytics capabilities, machine
learning algorithms, and various forecasting models tailored for both short-term and long-term
predictions [21]. In this research, particular attention is given to employing state-of-the-art
machine learning and deep learning algorithms for precise solar PV output and electricity
price forecasting. Such a complex computational framework allows the system to harmonize
the coordination among disparate DERSs, like solar panels and battery storage, by dynamically
adapting to real-time grid conditions and market variables. It not only schedules the charging
and discharging operations of the battery storage systems but also determines the optimal

amount of electricity to be generated or consumed based on predictive analytics. By doing so,
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the centralized control system aims to achieve the overarching goals of maximizing energy

efficiency, reducing operational costs, and bolstering the grid’s reliability and resilience.

(3) Market Interaction. Functioning as the external interface of the VPP, this top layer is
critical for integrating the system with external electricity markets and grid networks [22]. It
serves as the trading hub where both real-time and future electricity bids are placed, facilitating
the sale of excess generated power back to the grid or the purchase of additional electricity
during times of peak demand. Advanced market algorithms are employed to scrutinize
real-time market prices, demand trends, and even weather forecasts to make well-informed
trading decisions. This layer can interact with multiple types of marketplaces, including
wholesale electricity markets, ancillary service markets, and capacity markets. Assisted by
the centralized control system, it formulates optimal bidding strategies and determines energy
pricing. Through this intricate operation, the Market Interaction layer not only aims for
maximum revenue but also focuses on cost-effectiveness and sustainability, adeptly adapting

to market fluctuations while upholding grid stability.

Beyond these structural elements, VPPs serve multiple functionalities. They are designed
to contribute to grid stabilization by rapidly adapting to supply and demand fluctuations.
Moreover, by pooling various types of resources, VPPs can offer a range of ancillary services,

from frequency regulation to voltage control, thereby enhancing grid reliability and resilience.

2.1.2 Overview of VPPs

VPPs have emerged as a pivotal innovation in the energy sector, particularly in the context of
the growing integration of distributed energy resources (DERs) like solar panels, wind turbines,
and battery storage systems [23]. By aggregating these diverse energy resources, VPPs
function as a unified and flexible asset that can be controlled centrally, thereby mimicking the
capabilities of a traditional power plant. This aggregation not only enhances grid stability but

also facilitates the efficient utilization of renewable energy sources [6].
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Research in the realm of VPPs has been extensive, covering various facets from operational
optimization to control strategies. The primary focus has been on maximizing energy effi-
ciency, minimizing operational costs, and ensuring grid stability. To achieve these objectives,
researchers have employed a range of optimization algorithms. The paper [24] presents a
Genetic Algorithm-based optimization approach for VPPs, integrating Demand Side Man-
agement and Distributed Energy Resources to reduce overall electricity market costs and
alleviate peak usage burdens. The paper [25] uses machine learning to accurately estimate
the longevity of aggregated response in a VPP, improving market operation flexibility. The
paper [26] introduces a deep reinforcement learning (DRL) algorithm for optimal online
economic dispatch in VPPs, reducing computational complexity and effectively handling the
stochastic nature of distributed generation. The paper [27] presents a machine learning-based
forecasting model using Long-Short-Term-Memory (LSTM) networks for VPPs, focusing
on the prediction of wind, solar, and Combined Heat and Power generation outputs. Particle
swarm optimization techniques have been applied to fine-tune the energy dispatch strategies,
ensuring that the VPP can respond effectively to real-time market signals [28],[29],[30].
Mixed-integer linear programming has also been used for optimizing both the economic and
environmental performance of VPPs, taking into account various constraints such as energy

demand, grid stability, and emission levels [31], [32].

Moreover, machine learning and deep learning techniques are increasingly being integrated
into VPP operations for predictive analytics. These advanced algorithms offer the potential
for more accurate demand forecasting, price prediction, and even predictive maintenance,

thereby further enhancing the operational efficiency and reliability of VPPs[33].

2.2 Forecasting Methods in VPPs

Accurate forecasting is crucial for the effective operation of VPPs. The literature on fore-
casting methods can be broadly categorized into traditional statistical methods and machine

learning-based methods [34].
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Traditional Statistical Methods: In the realm of VPPs, traditional statistical methods like
AutoRegressive Integrated Moving Average (ARIMA) and Exponential Smoothing have long
been the cornerstone for time-series forecasting. These methods are favored for their ease
of implementation, low computational cost, and proven track record in various industries.
ARIMA, for instance, is particularly adept at modeling univariate time-series data that
exhibit trends or seasonality, making it a popular choice for load and price forecasting [35].
Exponential Smoothing, on the other hand, is known for its ability to capture the level, trend,
and seasonality in historical data, offering a robust mechanism for short-term forecasting

tasks.

However, these traditional methods come with their own set of limitations. Most notably, they
often struggle to capture complex non-linear relationships and high-dimensional interactions
in the data [36]. This is a significant drawback, especially in the context of modern VPPs,
where multiple factors such as weather conditions, renewable energy generation, and mar-
ket dynamics can introduce non-linearities and complexities. Additionally, these methods
generally require the data to be stationary, a condition that is not always met in real-world
scenarios where various dynamic factors can introduce variability. As a result, while tradi-
tional statistical methods continue to be useful for certain applications, they are increasingly
being complemented or even replaced by more advanced machine learning and deep learning

techniques to better capture the intricacies of modern energy systems.

Machine Learning-Based Methods: The advent of big data and increased computational
power has significantly influenced the application of machine learning techniques in VPPs.
Classical machine learning methods like Random Forests, Support Vector Machines (SVMs),
and Genetic Algorithms have been increasingly applied to energy forecasting. The paper [37]
proposes an online self-adaptive forecasting method based on random forest to address the
challenges of electricity price forecasting in volatile markets, demonstrating higher accuracy
than traditional methods. SVM [38] offer flexibility in capturing non-linear relationships,
although they often require careful hyperparameter tuning to achieve optimal performance.

The paper [39] presents a management system for residential VPPs that optimizes both
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economic and technical objectives using a genetic algorithm, demonstrating that such targets,

usually reserved for larger VPPs, can be effectively managed in smaller setups.

These classical machine learning methods have their own set of advantages and limitations
[40]. For instance, Random Forests are computationally intensive but provide high accuracy
and feature importance scores, which are valuable for understanding the factors affecting
energy forecasts. SVM are robust but may require a fine-tuned kernel for optimal performance.
Genetic Algorithms are excellent for optimization but can be slow and computationally
expensive. Despite these challenges, the ability of these machine learning methods to capture
complex interactions makes them invaluable tools for improving the accuracy and efficiency

of energy forecasting in VPPs.

Deep Learning Methods: The advent of deep learning technologies has significantly impacted
the field of energy forecasting, particularly in VPPs. Various architectures have been explored
to improve forecasting accuracy. The paper [41] employs a deep learning-based B-LSTM
network for optimizing a VPP’s bidding strategy in day-ahead markets, significantly enhancing
accuracy and profitability. The paper [42] addresses challenges in time-series forecasting
for VPPs using PV data, specifically data insufficiency and anomalies. Variational Pattern
Networks (VPNNs) are another emerging technique, designed to capture complex non-linear
relationships in the data. The paper [43] introduces a novel time series forecasting method
using Transformer-based machine learning models, leveraging self-attention mechanisms
to capture complex patterns. While these methods are computationally intensive and often
require large datasets, their ability to capture complex relationships and temporal patterns

makes them invaluable tools for high-accuracy forecasting.

Hybrid Methods: Building upon the advancements in both traditional statistical methods
and machine learning, hybrid models have emerged as a compelling approach for energy
forecasting in VPPs. These models aim to combine the best of both worlds: The robustness
and ease of interpretation from statistical methods like ARIMA, and the high accuracy and
pattern recognition capabilities from machine learning algorithms such as Random Forests
or even deep learning methods like LSTMs. By integrating these diverse techniques, hybrid

models are designed to offer superior forecast accuracy. They leverage statistical methods for
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capturing underlying trends and seasonality, while utilizing machine learning or deep learning
algorithms to model complex non-linear relationships and temporal dependencies [44]. This
results in a more accurate and computationally efficient forecasting model, making hybrid

methods an increasingly popular choice for complex energy systems.

In summary, the literature presents a wide array of forecasting methods, each with its own
set of advantages and limitations. The choice of method often depends on the specific
requirements of the VPP, such as the forecasting horizon, data availability, and computational

resources.

While the existing literature on forecasting methods in VPPs is extensive, several research

gaps and limitations remain to be addressed:

1. Limited Accuracy of Simple Models: Traditional statistical methods like ARIMA and
Exponential Smoothing, although computationally efficient, often fail to capture the complex
non-linear relationships in the data. This results in suboptimal forecasting performance,
particularly when dealing with the multifaceted nature of energy systems. 2. Computational
Intensity of Complex Models: Advanced machine learning and deep learning methods offer
high accuracy but are computationally intensive. This makes them less suitable for real-time
battery optimization scheduling in VPPs, where quick decision-making is essential. 3. Lack
of Comprehensive Systems and Multi-Faceted Nature of VPPs: The forecasting in VPPs
involves simultaneous consideration of solar PV output, load demand, and electricity prices,
each crucial for effective operation. However, there is a dearth of comprehensive systems that
can be directly applied to VPPs, capable of handling the complexity and multi-dimensionality
of modern VPPs, especially in residential settings where each household may have its own
battery and solar PV system. 4. Scalability and Adaptability: Many existing models are not
easily scalable or adaptable to different VPP configurations or market conditions. This limits
their applicability in diverse settings, making it challenging to implement them in VPPs that

have varying scales or are subject to different regulatory frameworks.
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2.3 Application Scenarios in VPPs

From the perspective of the real-world operational requirements of VPPs, the role of accurate
forecasting across different operational stages is paramount. These operational stages include

Day-ahead, Real-time, and Frequency Regulation, among others.

In Day-ahead planning, solar panel output prediction is critical for optimizing the operations of
VPPs. Accurate forecasts for PV energy production not only facilitate the effective scheduling
of various distributed resources but also determine the optimal charge-discharge cycles for
battery storage systems, enabling the most cost-efficient utilization of renewable assets like
solar panels. The importance of this cannot be overstated, given the inherently intermittent
nature of solar power, where accurate forecasting becomes pivotal for ensuring grid stability
and reducing operational costs. Two methodologies that are particularly suited for day-ahead
PV forecasting in VPPs are Gradient Boosting Decision Trees (GBDT) and Long Short-Term
Memory (LSTM) networks. GBDT excels at capturing the non-linear relationships between
weather conditions and solar output, offering robustness and model interpretability, while also
being well-equipped to handle missing or imbalanced data commonly found in real-world
energy scenarios. LSTM networks, conversely, are adept at capturing long-term temporal
dependencies, making them ideal for handling time-series data influenced by a variety of
time-dependent factors like cloud cover, temperature, and time of year. Both methodologies
offer unique advantages, and when appropriately applied, they can significantly enhance the

operational efficiency and reliability of VPPs.

Expanding on real-time market operations, VPPs face additional challenges that include
not only the immediate generation and consumption of energy but also the integration and
optimization of demand-side management and energy storage components. The real-time
stage often involves intricate load-balancing tasks and frequency regulation that need to
be executed swiftly. In this demanding environment, the agility of the Transformer model
becomes a vital asset. Its ability to process sequence data in parallel eliminates the latency
often encountered in traditional machine learning models that require sequence dependencies.

Furthermore, Transformers are scalable and can be easily updated to incorporate new data
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streams or respond to changing grid conditions. This adaptability allows VPPs to nimbly
navigate the challenges of real-time operations, be it sudden spikes in demand, fluctuating
renewable energy outputs, or unforeseen grid disturbances, thereby upholding both grid

reliability and operational efficiency.

In the context of Frequency Regulation, maintaining and stabilizing the grid’s frequency is
of utmost importance. In this highly dynamic setting, VPPs must perform precise second
or minute-level forecasting for solar PV outputs and demand-side management while also
continually adjusting other dispatchable resources in real-time. Crucial to this is the role of
price-based optimization algorithms that govern the battery storage systems. These algorithms
not only decide the optimal charging and discharging cycles of the battery storage units but
also make real-time decisions on how much energy to either absorb from or inject into the grid
based on the prevailing electricity prices. The capacity to do this accurately enables the VPP to
rapidly counterbalance frequency deviations, thereby playing a pivotal role in maintaining grid
stability. Such an approach adds another layer of complexity and computational demand, but
the net effect is an optimized asset pool that can respond proactively to frequency imbalances,
increasing both the financial viability and operational reliability of the VPP in real-time

market scenarios.

In the current research, special attention is paid to the use of advanced machine learning and
deep learning algorithms for the precise forecasting of solar PV panels and battery storage
systems, aimed at achieving efficient operation across the aforementioned different segments
of VPP functioning. Such multi-layered, multi-temporal scale prediction requirements do
not only elevate the complexity of operating a VPP but also open up avenues for further
optimization and enhancements in the overall performance of the electrical grid. By integrating
sophisticated forecasting techniques into the VPP’s operational framework, the research aims
to create a more adaptable, resilient, and financially viable system. This effectively transforms
the traditional grid infrastructure into a more intelligent and responsive entity, capable of
better handling uncertainties, reducing energy wastage, and enhancing the grid’s ability to

integrate a diverse set of renewable energy resources.
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2.4 Research Contribution and Technical Scope

This study introduces an integrated forecasting and optimization model for VPPs, distinctively
addressing several limitations and challenges identified in existing research. The VPP in
this study operates under a centralized control model, managed by the retailer. This model
efficiently coordinates distributed energy resources and customer data, including battery status,
load data, and solar PV generation. It optimizes operations from the retailer’s perspective
within existing regulatory frameworks, a contrast to decentralized models that may not fully
harness the potential of centralized data processing and decision-making. Utilizing a variety of
deep learning algorithms and ensemble learning methods, the model provides highly accurate
forecasts across different time scales and data characteristics. In comparison to existing mod-
els that often rely on singular forecasting methods, this model employs a parallel three-way
forecasting approach for solar PV, load, and electricity prices. This multifaceted approach not
only enhances the system’s robustness but also significantly reduces computational time, ad-
dressing the common challenge of computational intensity in complex models. Furthermore,
the model generates independent weight files, eliminating data conflicts between the upper
and lower layers, thereby enabling faster optimization scheduling. This innovative feature
distinguishes it from other models that may struggle with data synchronization and real-time
processing efficiency. The separation of layers allows for rapid execution of optimization
scheduling in the lower layer, while the upper layer can be immediately updated upon the
completion of model training, ensuring forecast accuracy. This aspect of the model addresses
the scalability and adaptability challenges often encountered in VPP operations. This compre-
hensive model has been successfully applied in a production simulation for a retail electricity
company, demonstrating its practical utility and effectiveness. The application of this model
showcases its practical advantages over existing models, particularly in terms of operational
efficiency and adaptability to real-world scenarios. Through this highly customized and
multi-layered approach, the study offers not only an efficient and practical solution for battery
optimization scheduling in VPPs but also enables consumers to save on electricity costs while

increasing profitability for the company. This dual benefit of consumer savings and increased
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profitability for electricity retailers is a notable advancement over existing models, which may

not effectively balance these two objectives.

The core focus of this study lies in the development and integration of three distinct forecasting
models for solar PV output, load demand, and electricity prices, each employing advanced
machine learning and deep learning techniques. This approach marks a significant departure
from traditional methods, which often rely on singular or less sophisticated forecasting
techniques. The high levels of accuracy and efficiency achieved by these models are a
testament to the effectiveness of employing cutting-edge technologies in energy forecasting.
While the VPP battery optimization program itself is not the primary subject of this research,
the study makes a substantial contribution by seamlessly integrating these forecasting models
into an existing VPP battery optimization framework. It addresses a critical gap in current VPP
management strategies, which often lack the capability to effectively incorporate advanced
forecasting results into operational decision-making.This integration of forecasting models
into the VPP framework represents a significant advancement over existing models, which
may not fully utilize the potential of advanced forecasting in operational scheduling. By doing
so, the study addresses real-world challenges in energy management, particularly in terms of
enhancing operational efficiency and decision-making accuracy. The practical implications
of this research are far-reaching, offering a model that not only improves the operational
efficiency of VPPs but also contributes to the broader goals of sustainable and reliable energy

management.

The remainder of this dissertation is structured as follows: Chapter 3 delves into solar PV
forecasting, employing GBDT-BiLSTM for day-ahead forecasts and LSTM algorithms for
short-term forecasts ranging from 5 minutes to 1 hour. Chapter 4 focuses on load forecasting,
utilizing an ensemble model of XGBoost, Random Forest, and Seasonal Naive for 1-hour
forecasts, and a Transformer model with positional encoding for short-term forecasts from 5
minutes to 4 hours. Chapter 5 is dedicated to electricity price forecasting, providing insights
into the methodologies and algorithms used. Chapter 6 discusses the optimization of VPP
battery scheduling, elaborating on the implementation of a dual-layer, three-forecast parallel

model for efficient operation. A technical roadmap of this thesis is provided in Figure 2.1.
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CHAPTER 3

PV Forecast

3.1 Introduction to PV Forecasting in VPPs

Solar PV forecasting plays a pivotal role in the efficient operation of VPPs. As VPPs aggregate
various distributed energy resources, including solar PV installations, accurate forecasting of

solar PV output becomes crucial for several reasons.

Firstly, the intermittent nature of solar energy introduces variability into the grid, posing
challenges for maintaining grid stability. Secondly, inaccurate forecasts can lead to suboptimal
resource allocation, resulting in increased operational costs and reduced energy efficiency.
Lastly, precise solar PV forecasts are essential for effective participation in energy markets,

where bidding strategies often rely on accurate predictions of available solar power.

Given these challenges, there is a pressing need for robust and accurate solar PV forecasting
models tailored for VPP operations. This section delves into the mathematical models and
technical approaches employed in this research to address these real-world engineering
problems. This thesis focus on both short-term and long-term forecasts, employing a range
of machine learning and deep learning techniques to optimize accuracy and computational

efficiency.

The content in the section on PV Forecasting is an extension of the authors’ previous work published in
Scientific Reports, under the title "A Novel GBDT-BiLSTM Hybrid Model on Improving Day-ahead Photovoltaic
Prediction".

24
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3.2 Methods

3.2.1 GBDT

3.2.1.1 Gradient Boosting

The Gradient Boosting (GB) is often used to build regression models [45]. It approaches the
minimum loss value in the gradient direction through repetition and iteration. As Figure 3.1
shows, the lost of original data is minimized in iterations, which produces a loss function for
weak learners. After N times iterations, a more accurate and stronger learner can be trained.

This algorithm can solve the optimization problem of spatial functions.

Weight 1 Training set 1 Training > Week Learner 1

#—Recomputing weight 2 based on the learning error 1

Week Learner 2

Recomputing weight N based on the learning error N-1

y
Weig@—» Training set N |- Training — Week Learner N

FIGURE 3.1: A principle schematic diagram of Gradient Boosting

!

Total

B Weight 2 Training set 2 - Training —»

i
!

Strong
Learner

!

3.2.1.2 Decision Tree

Decision tree is a supervised learning model based on the tree structure [46]. It utilizes the
concept of entropy in informatics to solve basic classification and regression problems. The
tree structure of the model can be adjusted in accordance with the characteristics of the data
set[47], making decision tree models flexible in handling various types of data, including

continuous and discrete values.

This thesis use the least square regression tree to express the model, which adapts to the
impurity function of the regression tree. The standard formula of the decision tree can be

shown as:
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FXAXL, X)) = > wi—in)*+ D (i — i) 3.1)

r;€X1 z;€Xo

In this formula, X represents the set of all data points, while X; and X are subsets of X that
result from a split in the decision tree. Each z; is an individual data point within these subsets.
The terms y; represent the actual values associated with each data point, and ¢; and g, are the
predicted values for the subsets X; and X5, respectively. The goal of the model is to find the

optimal split that minimizes the sum of squared differences within each subset.

3.2.1.3 GBDT

Based on the above algorithm, the GBDT algorithm can be viewed as a regression model that
combines all the weak learners of the model into a strong learner. The specific algorithm is as

follows:

Step1. Initialize the weak learner, assuming a loss function L(y, f(x)). The mean value of ¢

can be set as the mean value of sample y.

golx) = argmin " L (. ) (3.2)

i=1

Step2. Make M times iterations. First estimate the residual.

- [P 2

i=1,...n (33)
8f (xz) :|f(x)=fm—1(1’)

Generate a regression tree from {(x;, 7;,),7 = 1...n}, and the node area of the number m
tree is R,,,;(j = 1,2,...,J). Then find the optimal C,,; for j=1,2,...,n, and minimize the loss

function. The formula can be shown as:

Cmj = arg mclnz i € Ryi L (Yi, frn—1 (2:) + €) (3.4)
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| R
hn (23) =Y _ i (27 € Rpj) (3.5)
j=1
Step3. Update the model:
J
I (%) = g1 (x) + > il (27 € Riy) (3.6)
j=1

Step4. Until the completion of N iterations, we can use an additive model to represent the

prediction function G(x) with higher accuracy:

M J

G(x) =D ) mil (1; € Ryy) (3.7)

i=1 j=1

This thesis still assume that the training set has n samples, the specific model is as follows:

Algorithm 1 The GBDT model

Ensure: The prediction function after obtaining m regression, 7.
1: Initialize the weak learner:

2. Fy(z) =argmin. > ., L(y;,c)
3: Calculate learning rate:
_ OL(yi, F(xs)) P
4 rim——[—} 1=1,...,n
OF (i) | p(o)=Fp_1(x)
5: Use (x;,7m) (i = 1,...,n) to find the m times tree:
6:  Cpj =argmin ) z; € Ry L (Yi, fro1 (z5) +¢)
Rm
Tl (@) = S eI (27 € Rig)
8: The prediction function after obtaining m regression is:
S T Ty e
v OF (x;) F(z)=Fpm_1(z) ’ !

GBDT have been widely used for modeling various patterns and simulating the NWP model
with weather information. However, GBDT lacks the ability to learn from sequential data, a

critical factor in predicting time-dependent phenomena like weather patterns.
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FIGURE 3.2: LSTM logic diagram

3.2.2 LSTM

To address this limitation, this thesis introduce the use of Long Short-Term Memory, which
is well-suited for processing time series data. LSTM is a special Recurrent Neural Network
(RNN) model [48] that utilizes the long-term dependence of valid data samples and has a
long-term memory function at the same time. Compared with the ordinary RNN model, it
has three more controllers: input gate, output gate and forget gate, which can effectively
solve the problem of perception distance loss during conversion training in the RNN network
[49]. The logic diagram is shown in Figure 3.2. Where ht means hidden state, xt means
input, 0 means sigmoid link layer, X means point wise multiplication, + means point wise
addition. In addition, the special neuron mechanism of LSTM has the powerful information
transmission and memory storage functions, so it is easier to capture the dependence of
time series, reduces the information degradation rate, and increases the depth of calculation.
Researchers nowadays take the advantage of the regularity of solar radiation to apply LSTM
for short-term prediction, this algorithm is particularly effective when the data sample is

limited. The following is a working logic of LSTM [50]:

The first step in LSTM is to decide what information we’re going to throw away from the cell
state. This decision is made by a sigmoid layer called the "forget gate layer". The forget gate
can be expressed as :

Jo =0 Wy [hy_y, 2] + by) (3.8)
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h and x respectively represent two vectors associated with each other. W is the weight

coefficient matrix; o is the sigmoid function; by is the bias parameter.

The second step is to decide what new information we’re going to store in the two parts of the
cell state. First, "input gate layer," a sigmoid layer, decides which values we’ll update. Next,

a tanh layer creates a vector of new candidate values, C’t, that could be added to the state.

it =0 (WZ . [htfl, l’t] + bz)
~ (3.9
Ct = tanh (Wc . [htfl, l't] -+ bc)
tanh is the tanh function; the weight coefficient matrix of the first part of W;; W, is the weight
coefficient matrix of the second part; b; and b, are used as the bias item parameters of this

input level.

The third step is to update the old cell state C';_; into the new cell state C;. Then we add
it * C’t.
Co=fixCpy+i%C, (3.10)

Following that the numerical unit coefficient matrix of the state at the moment is multiplied

by the tanh function to get the final output result.

O =0 (Wo [htfl, xt] + bo)
(3.11)
hy = o; * tanh (C})

In the above formula, W, represents the weight coefficient matrix of the output level; and b,

represents the bias coefficient of the output level.

3.2.2.1 BILSTM

While LSTM offers significant advantages in handling sequential information, there exists an
opportunity to further enhance the learning process. This leads us to explore Bi-directional

Long Short-Term Memory (BiLSTM), a variant of LSTM.
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BiLSTM is composed of forward LSTM and backward LSTM [51]. Just as Fig 3.3 shows,
one string goes from the front to the back and the other string does the opposite. In Figure
3.3, we can see that the input of LSTM passes through Backward Layer and Forward Layer
from T4 and T6 directions respectively. Finally, the output value is obtained after splicing T7
and T9. These two strings of LSTM results are calculated to obtain a composite result, which

can better capture the time relationship for PV prediction [52].

3.2.2.2 Adam Algorithm in BiLSTM

The Adam (Adaptive Moment Estimation) algorithm is a gradient descent algorithm for
optimizing neural network models. Combining the ideas of gradient descent and momentum
optimization, it converges on the global optimal solution faster and is relatively robust to the

selection of hyperparameters.

The Adam algorithm computes its mean and an exponentially weighted moving average of
the mean of squared gradients, respectively. These moving averages are calculated by the

following formulas:

m=pxm+(1—01)*g
(3.12)
Uzﬁg*v+(1—62)*gz
Among them, m represents the average gradient, v represents the average square gradient, (3,

and 3, are two hyperparameters, usually set to 0.9 and 0.999 respectively.

Calculate the bias correction coefficient: Since the initial values of the exponentially weighted
moving averages are all 0, they need to be bias corrected to avoid the problem that the update
step size is too large or too small in the early stage of training. These bias correction factors

are calculated by the following formulas, respectively:

Mhat = m/ (1 - ﬂi)
Vhat = U/ (1 - 65)

(3.13)
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Among them, t represents the number of current iterations. Since t will increase by 1 in each
iteration, the power of 5; and (3, will continue to increase. Calculating the update step size:
Based on estimates of the average gradient and the mean of the squared gradients, the update

step size is calculated by the following formula:

Ay = —a * Mpay [/ Vhat + € (3.14)

Among them, « is the learning rate, which controls the size of the update step, and epsilon
is a small number to prevent the denominator from being 0. The sign of the update step is a
negative sign, because the Adam algorithm is a gradient descent algorithm, and the parameters

need to be updated along the opposite direction of the gradient.

3.2.3 GBDT-LSTM Model With Teacher Forcing

Having delineated the individual merits of GBDT and BiLSTM in previous sections, we now
turn our attention to their fusion. The integration of GBDT and BiLSTM aims to leverage
the unique strengths of both methods, but it poses a challenge in the context of day-ahead

prediction of PV power generation.

As being detailed in the LSTM section, the RNN prediction ability in the early stage of its
training iteration process is often weak, leading to ineffective generation results. This can
cascade through the learning of subsequent units, causing a compounding effect. To tackle
this, we introduce the Teacher Forcing mechanism, a rapid and efficient method to train the
cyclic neural network model. Rather than using the output of the previous state as input for

the next state, Teacher Forcing updates it with the newly available ground truth data.

However, in the domain of day-ahead PV prediction, power plants are required to submit their
estimated 24-hour power generation data to the market trading organization in advance. The
teacher forcing mechanism, when used to constrain the LSTM model, can only be updated
hourly, making it unsuitable to predict the 24-hour power generation of the next day. This

limitation underscores the need for an innovative approach to address the time scale problem.
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To address this, our model utilizes the prediction results of GBDT to replace the conventional
Ground Truth Predict data. This novel method not only improves the accuracy of the LSTM

model but also effectively solves the aforementioned time scale problem.

The proposed GBDT-LSTM model operates in a sequence of steps to accurately predict PV
power generation. The algorithm’s computational flowchart can be referred to in Figure 3.3.
Where ht means hidden state, Xn means LSTM input, x means GBDT weather data. This
picture shows the overall logic of the GBDT-BiLSTM model. The output F(X) of GBDT is
used as the input value of LSTM through the Teacher forcing mechanism. Here, we present

the step-by-step process of the model:

(1) Input features formation: The weather data and historical PV data are combined to
form the input features X, serving as the initial data for the model.

(2) Tree splits and features transformation: The input features X are processed
through tree splits and features transformation. This step refines the data and makes
it suitable for the GBDT model.

(3) GBDT model prediction: An updated learner G(x) is derived from the transformed
features, resulting in the GBDT model’s prediction of PV power output. G(x)
represents the output of the GBDT model and contains valuable information about
the underlying structural patterns of the data.

(4) Integration with BiLSTM using TF mechanism: Utilizing the TF mechanism,
the results of G(x) are fed into the BILSTM’s X(,. This step ensures that the
time-dependent nature of the data is captured, and the information from the GBDT
model is integrated with the sequential processing capability of the LSTM model.

(5) BIiLSTM neural units computation: The data then passes through the T1 to T9
neural units of the BILSTM model. During this stage, computations are performed
in both the Backward Hidden Layer and Forward Hidden Layer to calculate the two
layers of h,,. This two-layer structure enhances the model’s ability to analyze the
sequential information in the data.

(6) Output layer fusion: Finally, the fused model prediction result is obtained at the

output layer. This result is a synthesis of the structural insights provided by the
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GBDT model and the time series processing power of the LSTM model, leading to a

more robust and accurate prediction of PV power generation.

The synergy between GBDT and BiLSTM, facilitated by the TF mechanism, creates a
powerful model capable of handling both the structural and temporal aspects of PV prediction.
The above steps collectively contribute to a comprehensive solution tailored for the specific
challenges of PV power generation forecasting. And the mathematical output result of this

model can be defined as:

Yy = Oy x tanh (Cy) (3.15)

Where O, uses a sigmiod function to represent the output content, which can be defined as:

Ot =0 (WO [htfl, G(%)] -+ bo) (316)

At the same time, we can redefine the update layer and forget layer functions in a LSTM cell

as:

615 = tanh (’LUC . [ht—lu G(.T)] + bc)
3.17)
it =0 (’UJZ — [ht—h G(Z‘)] + bc>

2 =0 (W; - [h_y, G(z)] + by) (3.18)

G(z) represents the output result of the GBDT PV prediction portion, where x consists of
the input features formed from historical weather data and historical PV series. This output
captures the structural patterns within the data, specifically the PV prediction result generated
by GBDT based on the structural relationship between weather conditions and historical
PV series. 1); symbolizes the final output result of the model, synthesizing the structural
insights from GBDT with the time-series processing capability of LSTM, to provide a more

comprehensive and accurate forecast.
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FIGURE 3.3: GBDT-BiLSTM logic diagram

3.3 Performance Metrics

Among various performance metrics, this thesis primarily focus on Mean Absolute Error
(MAE), Mean Squared Error (MSE), Mean Absolute Percentage Error (MAPE), R? (Coeffi-
cient of Determination), and Root Mean Square Error (RMSE) as the main evaluation criteria.

The formulas for these metrics are given by:
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1 n
- ; lyi — Uil (3.19)
1 n
MSE = — i — U;)? 3.20

w2 =) (3.:20)
1|y — 4

MAPE = ~ ) Yi— Y« 100% (3.21)
[Crer I

n )2

Z?:l(yi —7)?

n

1
RMSE = — . 41.)2
S n § (yi — i) (3.23)

1=1

Where n is the total number of samples, 7; is the actual value for the i** sample, g; is the

predicted value for the 7" sample, and 7 is the mean of the actual values.

These metrics were chosen among various others because they offer an intuitive way to directly

compare the performance of different models, highlighting their strengths and weaknesses.

3.4 PV Forecast Forecast Result

In this chapter, this thesis focus on the results of our predictive models specifically tailored
for solar PV output forecasting. The models operate at two primary time intervals: 1-hour
and 5-minute forecasts. For the 1-hour interval, the model outputs a one-time 24-hour
forecast, which is intended to provide valuable insights for the day-ahead electricity market.
Within the realm of 5-minute forecasts, this thesis further categorize them into short-term
forecasts for the immediate next 5 minutes and medium-term forecasts extending up to
four hours. The 5-minute short-term forecasts are crucial for real-time grid management,
enabling quick adjustments to adapt to rapid changes in solar PV output. The medium-term
forecasts, meanwhile, are designed to align with the typical charge and discharge cycles of
battery storage systems, facilitating optimized battery scheduling. The forecasting approach

for large-scale PV stations leverages the uniformity of environmental impacts due to their
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specific geographical locations. In these settings, similar weather zones are treated as a single
forecasting unit, simplifying the prediction process. However, VPPs present a more complex
scenario. Due to the varied locations of solar panels and diverse weather conditions, each
unit within a VPP is smaller and more nuanced compared to a unit in a PV station. This
granularity in VPPs necessitates individual adjustments for each unit, ensuring precise and
reliable forecasting. This distinction in approach between VPPs and large-scale PV stations
highlights the complexity and adaptability required in VPP forecasting models, crucial for

their efficient and accurate operation.

3.4.1 One Hour Interval Forecast Result

To validate the efficacy of the proposed algorithm, various tests have been carried out based
on the Pytorch operating environment using Azure Linux 23.02, 06 system with the virtual
machine size being Standard-NC6 (6 cores, 56 GB RAM, 380 GB disk) and the processing
unit is GPU - 1 x NVIDIA Tesla K80.

The experimental data used in this study were collected from a PV power station in Ganzi
Tibetan Autonomous Prefecture, Sichuan Province, China. The data span a period of 18
months, from the second half of 2020 to 2021. This includes meteorological forecast data
from the European Central Weather Center and power generation data from the PV power
station. The meteorological data, which encompass temperature (2 meters above the ground),
humidity (2 meters above the ground), air pressure, precipitation, ground surface wind speed
(10 meters above the ground), wind direction (10 meters above the ground), and total radiation
(from the PV panels of the power station), were collected at 1-hour intervals. However, the
power generation data, derived from the historical records of the PV power station, were
collected at daily intervals. In addition, before the data preprocessing phase, this thesis utilized
the Radial Basis Function (RBF) interpolation to align both the hourly weather forecast data
and the daily data from the PV power station, which includes temperature, irradiance, wind
speed, and humidity. This ensures consistency and seamless integration for our predictive

model.



3.4 PV FORECAST FORECAST RESULT 37

N
o

1200
—m— Power Generation
Tota Irradition

W
o1
T

1000

| |
\
| |
|

||
|

w
S

T
N
/

= i . 1eoo E
S sl / 800 g
S 3
g 20 | " s 4 600 é
8 st \ o B
T 1 =
S 10+ ‘ o
£ s‘ 5

g 4200 F

al
T
~—

o
T
1
o

time (h)

FIGURE 3.4: The comparison between power generation and the PV irradiation

3.4.1.1 Data Preprocessing

In this experiment, the last month data were used as the validation set, with an hourly sampling
rate. The time window sampling used was a 24-hour period for both the GBDT model and the
LSTM model. And the experiment focuses on the daily change in solar radiation. The total
PV power generation for a day was discretized into hourly increments, with the discretized
function representing the daily change in solar radiation. Figure 3.4 compares the 24-hour

change in irradiation with the discrete change in power generation.

The outlier data are removed and their places as well as missing data are filled in by Difference
Filling methods in order to reduce the impacts of the bad data on the LSTM algorithm. The

PV power generation data for 18 months are displayed in Figure 3.5.
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FIGURE 3.5: Three-dimensional data map of the total radiant power genera-
tion from June 2020 to December 2021

3.4.1.2 GBDT Modeling Results

Based on the NWP physical model, this experiment included the weather data, such as
temperature, moderate humidity, precipitation, and wind speed. However, the NWP model
requires high accuracy and data breadth in actual engineering applications. To address this,
we adjusted the weight of missing values, and allowed prediction of future power generation
even in the absence of certain weather features. To demonstrate this, we randomly set 30%
of the data for each feature, excluding solar radiation, to missing values (-1). And then we
refitted the training data and completed the prediction. The simulation fitting curve for the

last 300 hours of the GBDT algorithm test set is shown in Figure 3.6.

The Figure 3.6 result shows that the prediction accuracy has declined after the operation in
Missing value. However, our algorithm successfully capture the strong correlations between
solar radiation characteristics and PV power generation, thus the absence of weather measure-

ments to 30% has little impact on the prediction results and the prediction error is controlled
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FIGURE 3.6: Last 300 hours of the GBDT model test set

within a reasonable range. Similarly, the 30% missing values set in the experiment have

also been adjusted and modified. After the data verification, the root mean square error of
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FIGURE 3.7: Last 300 hours of the BILSTM model training set

this model was 2.0162 (when all features were intact) and 2.150 (when some features were

missing), which verifies the robustness of the GBDT model in this part.

3.4.1.3 GBDT-BIiLSTM Modeling Results

In this phase of experiment, we used the deep learning algorithm of the BiLSTM model to
simulate and predict historical power generation data first. Different from the conventional
BiLSTM model, we used the prediction result of GBDT to replace the ground truth require-
ments in Teacher Forcing mechanism when updating the LSTM model. BiLSTM had the
same time partition criterion with the GBDT model. The environment of BiLSTM’s batch size
was set to 1024. The Adam optimization algorithm is used here with the mean square error as
the loss function and 200 times as data traversals. The training result is shown in the Figure
3.7. The mse and mae of the training set are 0.054821357 and 0.12106604, respectively.
Compared with 0.17525618664000464 and 0.2018899794652092 of the GBDT model, it can
be seen clearly that the fitting effect of the BILSTM model is better than that of the GBDT

model.
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Secondly, we used the test and data to perform the mse fitting test and save the mse change
curve. After 200 iterations, the mse curves of the model training set and the test set tended to

be consistent. The fitting results are shown in the Figure 3.8.

Then we output the last 300 hours training curve of the test set. Compared with Figure 3.9, it
can be seen that the fitting effect of the BILSTM model in the day-ahead PV prediction model

is better.

Third, we imported the Teacher Forcing mechanism and used the prediction of GBDT as the
ground truth data to update the prediction result of BILSTM. Temperature, air humidity, air
pressure, precipitation, surface wind speed and total radiation were imported as features and
the time scale remained unchanged. The final prediction result is shown in the Figure 3.10.
This picture includes five models: LSTM, GBDT, update predict LSTM, GBDT-LSTM and

True.
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FIGURE 3.9: Last 300 hours of the BiLSTM model test set

Finally, as shown in Figure 3.10, there are five curves in this picture, among which the black
one is the ground truth. The green one is the predicted value based on the Teacher Forcing
mechanism provided by true power generation data. The red one is the GBDT-BiLSTM model,
which is closer to the true value than the predictions of GBDT and the single BiLSTM models.
The shaded region between the ground truth and the actual values represents the difference
between them, signifying the ideal performance boundary of the model and indicating its

potential upper limit.

3.4.1.4 Model Comparison

In order to verify the effectiveness of the new model, this paper compares the new model with
SVM [53], Transformer, GBDT and LSTM models using the same database. The comparison
results are shown in Figure 3.11. This picture includes five models: SVM, GBDT, update
predict LSTM, GBDT-LSTM and update predict transformer. In the figure presented, it is
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FIGURE 3.10: GBDT-BiLSTM predicts power generation on December 30

evident that the prediction fit of the newly proposed model in the last 300 hours of the test set

is the closest to the actual value.

In Figure 3.12, December 30th serves as a case study to demonstrate the comparison between
the new model and other models. Despite the time scale problem associated with the teacher
forcing method in the domain of day-ahead PV prediction, the use of GBDT prediction
results as a replacement for conventional Ground Truth Predict data has not only enhanced
the accuracy but also solved this unique challenge. Furthermore, our results underscore that
our model exhibits robust performance, even when confronted with missing or inaccurate

weather data.

Focusing on the test set error values, the BILSTM model with teacher forcing achieves

the lowest values in MAE (0.08), MSE (0.151), and MASE (0.05), indicating its superior
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FIGURE 3.11: Last 300-hour forecast curves of multiple model test sets

prediction accuracy. The presence of LSTM with teacher forcing in the final model comparison
results provides a pertinent benchmark, demonstrating the innovative approach of the hybrid
GBDT-BiLSTM model. In addition, the GBDT-BiLSTM hybrid model also demonstrates
good performance with an MAE of 0.112, MSE of 0.141, and MASE of 0.102, exhibiting an
enhanced capability that approaches the ideal case of teacher forcing. On the other hand, other
models such as SVM, GBDT, Improved GBDT, and Transformer exhibit relatively poorer

performance across all metrics.

In the comparison of the Figure 3.12 and Table 3.1, our model stands out in terms of both
prediction accuracy and robustness against inconsistent weather data. The 3.12 includes
SVM, GBDT, update predict LSTM, GBDT-LSTM and ground true predict Transformer. The
model is especially effective in situations where the weather data might be incomplete or
not entirely accurate. This makes our model a reliable choice for real-world applications,

ensuring consistent prediction even when faced with challenges in data quality.
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FIGURE 3.12: Multiple models predict power generation on December 30

TABLE 3.1: Comparison of prediction performance

Prediction Model | Training set Test set
mae | mse |mase | mse

TF-LSTM (ideal) | 0.08 |0.151 [ 0.05 |0.124
SVM 0.253 1 0.216 | 0.219 | 0.187
GBDT 0.191 | 0.141 | 0.179 | 0.197
Improved GBDT | 0.199 | 0.150 | 0.203 | 0.189
Transformer 0.339 | 0.312 | 0.345 | 0.297
GBDT-BiLSTM | 0.112 | 0.141 | 0.102 | 0.128

3.4.2 Five Minutes Interval Forecast Result

45

To validate the efficacy of the proposed algorithm for 5-minute interval PV forecasting,

various tests have been conducted based on the PyTorch operating environment running on a

Windows 10 Professional system. The hardware specifications include a 13th Gen Intel(R)

Core(TM) 17-13700F processor operating at 2.10 GHz, with 128 GB of available RAM. The

system is a 64-bit operating system based on an x64 processor, and the graphics card is an

NVIDIA 4070Ti.
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The experimental data used for this study were collected from a user in Sydney, Australia, at
S-minute intervals. The data span a period of 10 months, from January 2022 to October 2022.
The primary data sets include Meter Power (kW), Battery Power (KW), and Solar Power
Output (KW), all recorded at these regular 5-minute intervals. Before proceeding to the data
preprocessing phase, this thesis utilized Radial Basis Function (RBF) interpolation to align
these three data sets and to impute any missing values. This ensures consistency and seamless

integration for our predictive model operating at the same 5-minute intervals.

3.4.2.1 Data Preprocessing and LSTM Model Definition

In this study, specific methodologies for data preprocessing and model construction were
employed to optimize performance. Initially, the feature "SOLAR POWER OUTPUT(KW)"
was normalized to scale all the values within the range of [0, 1]. This step aids in accelerating
the model’s convergence and reducing the training time, as it ensures that all input features
are on the same scale. Following normalization, features and labels were constructed based
on the normalized power output data. Each feature sequence consists of 24 consecutive power
output readings, aimed at capturing the daily pattern of power generation for more accurate

forecasting.

For the division of training and testing sets, data from the last four months were designated as
the test set, while the remaining data were used for training. This division allows for a more

realistic simulation of the model’s performance on unseen data.

In terms of model definition, a Bidirectional LSTM layer followed by a fully connected layer
was employed. The LSTM layer accepts a single feature as input and has 32 hidden units.
This layer is bidirectional and is stacked in two layers to increase the model’s complexity
and capture more intricate dependencies. During the forward propagation, the LSTM layer
first processes the input sequence, and the output is then passed to the fully connected layer
to generate the final prediction. Lastly, the model is trained using the Adam optimizer and
Mean Squared Error (MSE) as the loss function. The Adam optimizer adaptively adjusts the

learning rate, while MSE quantifies the difference between the predicted and actual values.
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3.4.2.2 5-Minute for Next 5 Minutes Result

Building upon the methodologies and data preprocessing techniques outlined in the previous
subsection, we now turn our attention to the results of the 5-minute interval forecasts for
the immediate next 5 minutes. To provide a comprehensive understanding of the model’s
performance during the training process, Figure 3.13 illustrates the Mean Squared Error
(MSE) curves for both the training and testing sets. The blue curve represents the MSE
for the training set, while the orange curve depicts the MSE for the test set. This graphical
representation serves as an initial insight into the model’s ability to generalize from the

training data to unseen data, as well as its convergence behavior.

To further evaluate the effectiveness of our training process, we present the following per-
formance Figure 3.14, which showcases the model’s predictions over a span of 300 hours
on the training set. This extended timeframe allows us to scrutinize the model’s capability
to capture the underlying patterns and trends in the data, thereby providing a more detailed

assessment of its predictive accuracy.

While the training set performance provides valuable insights into the model’s learning
capabilities, the true test of its generalizability and robustness lies in its performance on the
testing set. The testing set serves as an unbiased indicator of the model’s predictive power,

as it comprises data points that the model has not encountered during the training phase.
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Therefore, we present the Figure 3.15 to illustrate the model’s predictions over a specific

timeframe on the testing set.

After evaluating the model’s performance on both training and testing sets, it is crucial to
examine how well the model’s predictions align with the actual solar power output over
a 24-hour period. To make the results more interpretable, the predicted values have been
inverse-transformed from their normalized state back to their original scale. Figure 3.16

presents a side-by-side comparison of the actual and predicted solar power output over a
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FIGURE 3.16: PV generation of a single day

single day, providing a detailed view of the model’s forecasting accuracy in a real-world

scenario.

3.4.2.3 5-Minute for Next 30 Minutes Result

Having examined the model’s performance for immediate 5-minute forecasts, we now extend
our focus to the next 30 minutes. This longer forecasting horizon is particularly relevant
for scenarios that require more extended planning, such as optimizing battery charge and
discharge cycles. The LSTM parameters and architecture remain consistent with the previous

sub-section to maintain a uniform evaluation metric.

To offer a comprehensive view of the model’s predictive capabilities over the next 30 minutes,
Figure 3.17 presents a composite graph consisting of six sub-plots. The y-axis represents
power in kilowatts (kW), and the x-axis indicates the steps over the observed period.. Each
sub-plot represents the model’s forecast at a different 5-minute interval within the 30-minute
window. This multi-faceted representation allows us to assess the model’s ability to maintain
its predictive accuracy over a more extended period, thereby providing a robust evaluation of

its performance for medium-term forecasting tasks.

As evidenced by the composite graph, the model demonstrates predictive accuracy over the

30-minute forecasting horizon. The close alignment between the predicted and actual values
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across the six sub-plots indicates that the model is capable of maintaining its performance
even when extended to medium-term forecasting tasks. This robustness not only validates
the model’s utility for real-time grid management but also highlights its potential for more
complex applications, such as optimizing battery storage systems over longer periods. Overall,
the results affirm the efficacy of employing LSTM-based models for solar power forecasting

at varying time intervals.

3.5 Chapter Summary

In summary, this chapter presents an array of forecasting models that are integral to the overall
operation of solar panels and battery storage systems. Specifically, this thesis introduced a
24-hour forecasting model with a 1-hour interval, which incorporates weather variables for a
comprehensive outlook and is crucial for day-ahead market planning. This thesis also detailed

models with a 5-minute interval for immediate and up-to-30-minute forecasts, essential for
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real-time grid management. The high accuracy achieved across these models enables precise
and efficient scheduling of battery charging and discharging cycles, thereby enhancing the
stability and efficiency of grid operations. Importantly, these models are not just theoretical
constructs but are part of an actual project for a retail company in Sydney, Australia. To
further bolster the model’s practical utility, this thesis have also developed an automated user
classification program. By reducing uncertainties in solar power generation and offering
actionable insights, these predictive models and additional features significantly contribute to

the real-world applicability and effectiveness of integrated solar and battery systems.



CHAPTER 4

Load Forecast

4.1 Introduction to Load Demand Forecasting in VPPs

Load demand forecasting is another critical component in the effective management of
VPPs. Accurate predictions of electricity consumption patterns are essential for a variety of

operational aspects within a VPP.

Firstly, understanding load demand is vital for grid stability. Mismatches between supply and
demand can lead to frequency imbalances, affecting the overall reliability of the electrical
grid. Secondly, accurate load forecasts enable more efficient resource allocation, minimizing
the need for expensive last-minute adjustments or the activation of reserve generators. Thirdly,
precise load forecasts are crucial for optimizing the charge and discharge cycles of battery

storage systems, thereby enhancing the economic viability of the VPP.

Given these engineering challenges, there is a compelling need for advanced load forecasting
models that are both accurate and computationally efficient, particularly in the context of
VPPs. This section explores the mathematical models and technical methodologies employed
in this research to tackle these real-world issues. We examine forecasts at various time
intervals, utilizing a combination of machine learning and deep learning techniques to achieve

optimal performance.

In this Results section, we present the outcomes of our predictive models across various

forecasting horizons and time intervals, tailored to different operational scenarios. Specifically,

The content in the section on Load Forecasting is an extension of the authors’ previous work presented
at the ACFPE 2023 conference, under the title "A Novel Ensemble Model for Load Forecasting: Integrating
Random Forest, XGBoost, and Seasonal Naive Methods".

52
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we include solar PV forecasts with 1-hour and 5-minute intervals, load demand forecasts
with 1-hour, 30-minute, and 5-minute intervals, and electricity price forecasts at 5S-minute
intervals. Within the 5-minute solar PV and load demand forecasts, we further distinguish
between predicting the immediate next 5 minutes and forecasting up to four hours into the
future. Similarly, the 5-minute electricity price forecasts are also categorized into short-term

(next 5 minutes) and medium-term (up to four hours) forecasts.

The rationale for these different forecasting horizons is twofold. The 5-minute forecasts are
particularly useful for real-time grid management, allowing for quick adjustments to meet
immediate demand or to capitalize on sudden changes in electricity prices. The 1-hour and
four-hour forecasts, on the other hand, are designed to align with different operational needs.
The 1-hour load demand forecast aims to provide a near-future outlook, while the four-hour
forecasts align with the typical charge and discharge cycles of battery storage systems, thereby

facilitating more effective battery scheduling for optimized grid operations.

4.2 Methods

4.2.1 Transformer Algorithm

In this section, we propose a specialized Transformer model for time-series forecasting. The
Transformer architecture, originally designed for natural language processing tasks, has been
adapted to suit the nature of our time-series data. The logic of the specialized Transformer
is shown in Fig 4.1. Unlike the standard Transformer model, which comprises both an
Encoder and a Decoder, our model only employs the Encoder part for sequence modeling.
The rationale behind omitting the Decoder is to leverage the Encoder’s capability of capturing
complex relationships in the input data and directly map it to a future value, thereby making

the model computationally more efficient for our specific task.
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FIGURE 4.1: Transformer logic diagram

4.2.1.1 Encoder

The Encoder is the cornerstone of our model and is responsible for converting the input
time-series data into a set of continuous latent variables. Each Encoder layer consists of two

main components:

(1) Multi-Head Self-Attention Mechanism
(2) Feed-Forward Neural Networks

The architecture can be represented as follows:

Encoder Layer = Multi-Head Attention — Add & Norm — Feed-Forward — Add & Norm
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4.2.1.2 Input Embedding

Before feeding into the Encoder, the input time-series data X of shape (7', D), where T’
is the sequence length and D is the feature dimension, is linearly transformed to a higher-

dimensional space RT*H where H is the model’s hidden size:

X' =XW+b

Additionally, positional encodings are added to the transformed input to provide the model

with sequence order information.

4.2.1.3 Multi-Head Self-Attention Mechanism

The Multi-Head Self-Attention allows the model to focus on different parts of the input
sequence for each output element. Given a query (), a key K, and a value V/, the attention

mechanism can be described as:

. QKT
Attention(Q, K, V') = Softmax Vv
Vd

Where d is the dimension of the query and key.

In the multi-head context, this operation is performed multiple times in parallel, allowing the

model to focus on different aspects of the input.

Multi-Head Attention((Q, K, V') = Concat(head;, head,, ..., head,, ) IW°

Where each head; = Attention(QW=, KWX VWY and W is the output weight matrix.
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4.2.1.4 Feed-Forward Neural Networks

Each attention output then passes through a feed-forward neural network, the same one for

each position, followed by another Add & Norm operation.

FFN([L’) = RGLU([L'W1 + bl)WQ + bg

4.2.1.5 Residual Connection (Add & Norm)

One of the key features of our model is the incorporation of residual connections, also
known as Add & Norm. After both the Multi-Head Attention and Feed-Forward Neural
Network modules, the input sequence goes through a residual connection followed by layer
normalization. Mathematically, the residual connection and layer normalization can be

represented as:

Add & Norm(x, SubLayer(x)) = LayerNorm(z + SubLayer(z))

Where SubLayer(z) could be either the output from the Multi-Head Attention or the Feed-

Forward Neural Network.

4.2.1.6 Softmax in Multi-Head Attention

The Softmax function in the Multi-Head Attention mechanism serves to assign varying
degrees of importance to different parts of the input sequence. Given the scaled product of
the query () and key K, Softmax is applied along the last dimension to produce the attention

weights:

Softmax ( Qj(c_; )
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These attention weights are then used to take the weighted sum of the value V, effectively
allowing the model to focus more on parts of the sequence that are more relevant to the task

at hand.

4.2.1.7 Linear Transformation Layers (LinearFC and LinearFC2)

In our model, two linear transformation layers (commonly known as fully connected layers)
are employed. The first one, referred to as LinearFC, is used immediately after the input
layer for feature transformation. This linear layer maps the original feature dimensions to the

hidden dimensions as follows:

X'= XWy + bee

Where W4, and by are the weight matrix and bias term, respectively. This transformed feature

set X' is then fed into the encoder layers.

The second linear layer, known as LinearFC2, is placed at the end of the encoder layers and
serves as the output layer for the model. It maps the hidden dimensions back to the output

dimensions as follows:

Y =7 chZ + bch

Here, Z is the output from the last encoder layer, and Y is the predicted output. Wi, and bg,

are the weight matrix and bias term for this layer, respectively.

4.2.1.8 Positional Encoding

To address the lack of sequence information in the standard Transformer architecture, a
Positional Encoding is added to the inputs before they are fed into the Encoder. The Positional

Encoding function PFE is defined as:
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) pos
PE(ps,2i) = sin (—10000%/(1)

POS )

PE(pos,2i+1) = COs <W

Where pos is the position and 7 is the dimension. These Positional Encodings are added to
the input embeddings at corresponding positions, thus providing the model with information

about the order of the sequence.

4.2.2 Random Forest Algorithm

Random Forest is a collection of multiple Decision Trees (DTs) [54] and is known for its
simple structure and strong anti-noise capabilities. It is highly resistant to overfitting, making

it suitable for applications like power system load forecasting.

Initially, n samples are randomly selected with replacement from the original sample space
to form a new training set. This process is repeated ny.. times, each time generating a new

training set for a Classification and Regression Tree (CART).

The prediction Y made by a Random Forest model can be represented as the average of the

predictions from each individual decision tree 7;:

y = 23 1) @)

Where, T;(X) is the prediction made by the i'" decision tree, and n is the total number of

decision trees in the forest.

Each individual decision tree 7} in the Random Forest is constructed to minimize a certain
impurity measure. In this paper, we use the Gini impurity measure method. The Gini impurity

for a node ¢ is calculated as:
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Gini(t) =1-> p} (4.2)
=1

Where, F; is the proportion of samples belonging to class 7 at node ¢, and c is the number of

classes.

4.2.3 XGBoost Algorithm

While Random Forest excels in robustness, its capabilities can be further enhanced for complex
data scenarios. To address this, we also employ XGBoost, known for its high predictive

accuracy and efficiency. The XGboost logic diagram is shown in the Figure 4.2.

Input Tree 'I‘-ra;n.sf.o;n-ne-d Linear
features Splits Features Classifier

FIGURE 4.2: XGBoost logic figure

Thus, XGBoost serves as a complementary approach to Random Forest to improve the overall

forecasting performance. The objective function £(¢) in XGBoost can be represented as[55]:

n K

£(8) =D 1) + 9 (fi) (4.3)
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Where, [ (y;, ;) is the loss function that measures the difference between the true value y;,
and the predicted value §;. € (f;.) is the regularization term for the k" base learner. K is the

number of base learners.

The regularization term §2 (fy) in XGBoost is commonly defined as:

T
1
Q(fr) =T + Exzwf. (4.4)
j=1
Where, T is the number of leaf nodes in the tree f;. w; is the output value of the ;% leaf node.
~ and A are regularization parameters that control the complexity of the individual trees.

For optimizing the objective function, XGBoost uses both first and second-order derivatives

(Gradient and Hessian):

= — 2 = e 4.5
T oiF @
4.2.4 Seasonal Naive Algorithm
For a given time series 1, s, . . ., y; With a seasonal period S, the Seasonal Naive forecast
for the next seasonal point ¢;. g is given by:

Yt+s = Yt (4.6)

Where, the forecast for the next seasonal point ¢, g is assumed to be the same as the last

observed value y; from the same season.

The advantage of this hybrid methodology lies in its ability to capture both linear and non-
linear patterns, as well as seasonal trends, while also being mindful of computational time

and resource requirements.
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4.2.5 Performance Metrics

In assessing the performance of our load forecasting models, we employ the same set of
metrics outlined in Section3.3. These metrics, including MAE, MSE, MAPE, R?, and RMSE,
provide a comprehensive evaluation of the model’s accuracy and reliability, allowing for a

direct comparison with other load forecasting models.

4.3 Load Forecast Result

This chapter delves into the results of our predictive models for load demand forecasting. The
models operate at three different time intervals: 1-hour and 5-minute forecasts. The 1-hour
forecasts aim to provide a near-future outlook for grid management. Similar to the solar PV
forecasts, the 5-minute load demand forecasts are divided into short-term forecasts for the
immediate next 5 minutes and medium-term forecasts for up to four hours. These varying
time intervals serve different operational needs, from real-time adjustments to longer-term

planning aligned with battery storage cycles.

4.3.1 One Hour Interval Forecast

This study introduces an ensemble forecasting model that incorporates multiple data prepro-
cessing techniques and considers seasonal factors. Initially, the data undergoes two types
of preprocessing: Sparse Normalize and Standardize. Sparse Normalize excels at capturing
the sparsity of high-dimensional data, while Standardize eliminates the influence of different
scales between features, thereby stabilizing the model. Under the Standardized data, the
study employs three models weighted differently for training: Tuned XGBoost[56], Random
Forest, and Auto XGBoost[57]. Additionally, XGBoost is applied once more to the Sparse
Normalized data. Seasonal Naive methods are also integrated to account for the impact of
seasonality and weather on load. Subsequently, we fuse the models by assigning different

weights to each. Compared to existing research, this model enhances forecasting accuracy
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FIGURE 4.3: Technology roadmap of the hybrid model

and robustness through diverse data preprocessing and ensemble strategies. The technology

roadmap is shown in Figure 4.3.

To validate the efficacy of the proposed algorithm, various tests have been carried out based
on the Pytorch operating environment using Azure Linux V139, 06 system with a Standard-
EDS-V4 virtual machine size (4 cores, 32 GB RAM, 150 GB disk) and the processing unit is
GPU - 1 x NVIDIA Tesla K80 [58].

The experimental data is sourced from actual load measurements in a city in Northern China,
spanning from January to November 2020, collected at hourly intervals. Before the data
preprocessing process, missing values were imputed using the Radial Basis Function method.
Additionally, an aggregate feature importance analysis was conducted. The specific results
of this analysis are illustrated in the Figure 4.4. The features on the X-axis stand for the
top-k important features that impact the predictions overall model predictions (a.k.a. global

explanation).
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FIGURE 4.4: The result of aggregate feature importance analysis

4.3.1.1 Data Preprocessing

In the Data Preprocessing section, various techniques are employed to enhance the quality
and interpretability of the dataset. To better capture the relationships within the data, the
dataset is duplicated for multiple analyses. The load column is treated with an Imputation
Marker, while the time column undergoes transformation through a Date Time Transformer.
Subsequent steps include Short Series Handling, Frequency Detection, Data Size Validation
for the TCNForecaster model, Non-stationarity Time Series Detection and Handling, and
Missing Feature Values Imputation. For model validation, a K-fold cross-validation method

with five folds is utilized.

After these preprocessing steps and data duplication, the dataset is subjected to three different
treatments: Standardized Scaler, Sparse Normalized and Seasonal Naive model. These
processed datasets are then used for training using Random Forest, XGBoost, and the Naive

model, thereby ensuring a comprehensive and robust approach to load forecasting.
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4.3.1.2 Hybrid Model Forecast Result

As depicted in Figure 4.3, the study employs XGBoost for training the data after Sparse
Normalization. The gbtree is utilized as the booster, and multiple hyperparameters such as
colsample-bylevel and eta are set. Regularization parameters are also incorporated into the
model. The inclusion of regularization parameters serves to mitigate the risk of overfitting,

thereby enhancing the model’s generalization capabilities.

Under the Standardized Scaler, the model is divided into Random Forest, Auto XGBoost,
and Tuned XGBoost algorithms. For the Random Forest model, the minimum number of
samples required at a leaf node is set to 0.0284, the minimum number of samples required to
split an internal node is 0.000899, and the number of trees (n-estimators) is set to 10 with
bootstrap sampling enabled. Auto XGBoost is configured with multiple hyperparameters such
as colsample-bylevel, colsample-bytree, eta, and grow-policy. These settings aim to enhance
the model’s robustness, mitigate overfitting, and optimize performance. Auto XGBoost serves
as an additional reference for tuned XGBoost, and its results are weighted differently to
improve the overall model accuracy. Additionally, the Seasonal Naive model is employed to

account for the temporal and cyclical nature of the load.

In hybrid model weighting within the ensemble, the Tuned XGBoost under Standardized
Scaler has a voting ensemble weight of 0.1333. The Random Forest model with Standardized
Scaler is assigned a weight of 0.0667. The XGBoost Regressor with Sparse Normalizer has a
weight of 0.3333. The Auto XGBoost with Standardized Scaler has a voting ensemble weight
of 0.4, and the Seasonal Naive model carries a weight of 0.0667. The main performance
metrics for this hybrid ensemble model configuration are presented in the Table 4.1. Other

performance metrics are shown in the Table 4.2.

TABLE 4.1: Other hybrid model performance metrics

Explained variance Spearman correlation
0.9693863 0.9806957
Median absolute error | normal root mean squared log error
247.5848 0.01950426
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FIGURE 4.5: Overall comparison of predicted and actual load values

Following the presentation of key performance metrics in Table 4.1 and Table 4.2, there is
another graphical representation to further substantiate the model’s capabilities. The upcoming
Figure 4.5 provides a comprehensive comparison between the predicted and actual load values.
The x-axis represents the range of actual values, while the left y-axis indicates the predicted
values and the right y-axis shows the Bin Count for a subset of actual values. The dashed
line represents the ideal prediction, and the blue line illustrates the average predicted value
within each range of actual values. This additional visualization serves as a prelude to the

more specific comparison provided in Figure 4.6.

To visually complement the performance metrics presented in the Table 3.1, Figure 4.6
provides a side-by-side comparison of the actual and predicted load values for a specific day.
The red area represents the predicted interval, the blue line represents the actual value, and the

purple line represents the predicted value. This graphical representation further illustrates the
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FIGURE 4.6: Comparing true and predicted values on a certain day

TABLE 4.2: Comparison of prediction performance

MAE | MAPE | R-squared | RMSE | RMSLE
Hybrid model | 281.47 | 2.1230 | 0.95941 33270 | 0.02529
ElasticNet[59] | 879.31 | 6.8055 | 0.58346 | 1100.758 | 0.082687
Random Forest | 871.46 | 6.7542 | 0.614422 | 1037.0 |0.077708
Seasonal Naive | 402.57 | 2.9109 | 0.90832 | 481.40 |0.034604
LightGBM[60] | 639.07 | 5.2851 | 0.79660 | 767.43 |0.059514

model’s ability to closely match the real-world data, thereby validating the numerical scores

obtained in the performance evaluation.

As the Table 4.2 presents a comparative analysis of the proposed hybrid model against
other commonly used models, including LightGBM, standalone Random Forest, standalone
XGBoost, and standalone Seasonal Naive. As evidenced by the performance metrics, our
hybrid approach consistently outperforms these individual models across various evaluation

criteria, further substantiating the efficacy of the ensemble technique employed in this study.

4.3.2 Five Minutes Interval Forecast

Building upon the 1-hour load forecasting models discussed earlier, this section delves into

the intricacies of load forecasting at a finer granularity—specifically, at 5-minute intervals.
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The computational environment remains consistent with the previous section 3.4.2. The
experimental data for this study also originate from a user in Sydney, Australia, but extend
over a longer period of 18 months, from January 2022 to June 2023. In addition to the
previously mentioned variables—Meter Power (kW), Battery Power (kW), and Solar Power
Output (kW)—this dataset also includes temperature and Load (kW) readings. Prior to
data preprocessing, Radial Basis Function (RBF) interpolation was employed to align these
variables and impute any missing values, ensuring a consistent and robust dataset for our

predictive models.

4.3.2.1 Data Preprocessing and Transformer Model Definition

In this study, this thesis employ a Transformer-based deep learning model to predict electrical
load. The model takes as input eight different dimensions related to electrical power, such
as meter power, battery power, and solar power output. These features are normalized to
the [0, 1] range using MinMaxScaler to ensure numerical stability during model training. A
sequence length of 24 consecutive time points is chosen to form a data segment, capturing the

day-to-day fluctuations and trends in electricity usage effectively.

The core of the model consists of a network structure composed of three layers of Transformer
encoders. Unlike traditional time series models, the Transformer naturally handles time
dependencies through its self-attention mechanism without relying on complex recurrent
structures, significantly enhancing training efficiency. To capture the sequential information
inherent in the time series, this thesis also incorporated Positional Encoding, making the

model more sensitive to temporal dependencies.

For model optimization, this thesis use the Adam optimizer and Mean Squared Error (MSE)
as the loss function. The Adam optimizer allows for adaptive learning rates for different
parameters, accelerating model convergence. MSE is a commonly used loss function in
regression problems, effectively quantifying the gap between the model predictions and the
actual values. The model is trained and validated across 80 epochs, with model evaluation
and prediction visualization conducted every five epochs. This cyclical evaluation and

visualization aid in timely problem identification and resolution, enhancing the model’s
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FIGURE 4.7: Transformer train set MSE curve with no positional encoding

predictive accuracy. Finally, the model’s predictions are inverse-transformed back to the

original range for practical application and performance evaluation.

4.3.2.2 5-Minute for Next 5 Minutes Result

Having elaborated on the data preprocessing steps and the architecture of our Transformer-
based model, we now focus on evaluating the model’s performance without Positional
Encoding. This serves as a baseline to gauge the impact of Positional Encoding on predictive
accuracy. In the following sections, figure 4.7 present the change in MSE over the training
course of epoch times achieved in this configuration. This will provide valuable insights into
how the Transformer algorithm adapts and improves during the training process, even without

the added complexity of Positional Encoding.

After examining the MSE changes during the training epochs, we now delve into a more
detailed evaluation of the model’s performance. In the subsequent section, figure 4.8 present
the model’s fitting curve over a span of 300 hours on the training set. This will further
illuminate the Transformer algorithm’s capability to capture the intricate patterns in the

electrical load data, serving as a comprehensive assessment of the model’s predictive accuracy.
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Having observed the model’s performance without Positional Encoding, we now examine
the impact of incorporating Positional Encoding within the same section. Next, figure 4.9
present the MSE curve with Positional Encoding across various training epochs. This will
offer insights into how Positional Encoding influences the model’s training convergence and

overall predictive accuracy.
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After discussing the MSE curves with and without Positional Encoding, we now delve into
a more detailed evaluation of the model’s performance. The figure 4.10 presents the model
fitting curve for a span of 300 hours on the training set using the Transformer algorithm. This
graphical representation will provide a comprehensive view of how well the model captures

the underlying patterns in the electrical load data.

Following the normalized model fitting curve, figure 4.11 present the model’s performance

on the training set after inverse-transforming the predictions back to their original scale.
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Having examined the model’s performance on the training set, we now turn our attention
to the testing set, which serves as a more critical evaluation of the model’s generalization
capabilities. Figure 4.12 display the model’s predictive accuracy on the testing set, providing
a more robust assessment of its effectiveness in capturing the underlying patterns in the

electrical load data.

To further illustrate the model’s predictive capabilities, we present a comparison between the
actual and predicted electrical load values over a 24-hour period in the training set. The figure
4.13 aims to provide a detailed view of how well the model captures the daily fluctuations

and patterns in electrical load.

4.3.2.3 5-Minute for Next 4 Hours Result

Having discussed the model’s performance in predicting 5-minute intervals for immediate
future load, we now turn our attention to a longer forecasting horizon—specifically, 4-hour
forecasts at S-minute intervals. The rationale for this extended forecasting window is twofold.
First, a 4-hour forecast aligns well with the typical charge and discharge cycles of household
battery storage systems. By knowing the expected load 4 hours in advance, the system
can make more informed decisions about when to charge or discharge the battery, thereby

optimizing its usage. Second, a longer forecast horizon provides retail energy providers
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with a broader view of expected electricity consumption, allowing for more strategic grid

management and operational planning.

Maintaining the same model parameters as in the previous sections, the following figure 4.14
illustrates a continuous prediction of 48 steps at 5-minute intervals, amounting to a 4-hour
forecast. While it’s evident from the graph that the predictive accuracy diminishes over the
extended time horizon, the model still successfully captures the general trend of the user’s

electrical load. This provides valuable insights for both battery optimization and broader grid

management strategies .
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4.4 Chapter Summary

This chapter provides a comprehensive exploration of electrical load forecasting, presenting
models tailored for different time intervals and operational scenarios. The first section of the
chapter focuses on 1-hour interval load forecasting, offering a robust model that incorporates
weather variables. This model serves as a valuable tool for short-term grid decision-making,

allowing for more efficient resource allocation and operational stability.

The second section of the chapter delves into the nuances of 5-minute interval load forecasting.
This part is further divided into two subsections: one for immediate next S-minute forecasts
and another for up-to-4-hour forecasts. The immediate 5-minute forecasts are essential for
real-time grid management, enabling quick adjustments to meet immediate demand and
to optimize battery storage systems. The 4-hour forecasts, on the other hand, align with
the typical charge and discharge cycles of battery storage systems, providing a longer-term
outlook that facilitates more strategic decision-making for battery scheduling. By employing
these models, retailers gain a multi-faceted understanding of user load patterns, from short-
term fluctuations to longer-term trends. This enables them to make more informed and timely
decisions, particularly in optimizing battery charging and discharging cycles. The ability
to predict user behavior with high accuracy enhances the overall stability and efficiency of
the electrical grid, making these forecasting models indispensable tools for modern grid

management.



CHAPTER 5

Electricity Price Forecast

5.1 Introduction to Electricity Price Forecasting in VPPs

Electricity price forecasting is a cornerstone in the efficient operation of VPPs. Accurate and
timely price forecasts are indispensable for both short-term and medium-term operational

planning within a VPP.

Firstly, accurate price forecasts are essential for real-time market participation. They enable
the VPP to make informed decisions on when to buy or sell electricity, thereby maximizing
profitability. Secondly, price forecasts are crucial for strategic planning, helping the VPP
to negotiate contracts and manage risks effectively. Thirdly, precise price forecasts can
significantly influence the charge and discharge schedules of battery storage systems, which

in turn affects the overall economic performance of the VPP.

Given these engineering challenges, there is a pressing need for advanced electricity price
forecasting models that are both accurate and computationally efficient. This section delves
into the mathematical models and technical methodologies employed in this research to
address these real-world challenges. We focus on 5-minute interval forecasts, employing
a range of machine learning and deep learning techniques to achieve high accuracy and
reliability.

74
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5.2 Methods

In this chapter on Electricity Price Forecast, the methodological approach shares foundational
similarities with the BILSTM model 3.2.2.1 used for solar PV forecasting. However, it’s
crucial to note that electricity prices do not exhibit the same strong temporal correlation with
time as solar PV output does. Therefore, the focus of this chapter leans heavily towards

identifying the most accurate predictive models for electricity prices.

In pursuit of this goal, we have experimented with a diverse array of models, including but not
limited to LSTM, CNN-LSTM, Transformer, LSTM with weather factors, and Transformer
with weather factors. Each model was rigorously tested to gauge its predictive accuracy,
given the volatile nature of electricity prices. Additionally, the data preprocessing techniques
employed here diverge from those used in previous chapters. Unlike the radial basis function
used for filling missing values in solar PV forecasting, we have adopted alternative methods
to handle the potential spikes in electricity prices. This chapter will delve into these various
models and preprocessing techniques, aiming to provide a comprehensive understanding of

the most effective methods for electricity price forecasting.

5.2.1 Data Preprocessing

In this work, the data pre-processing for electricity price prediction comprises a unique com-
bination of interval partitioning, mean substitution, and Gaussian perturbed mean substitution.

The sequence of steps involved in the pre-processing are as follows:

(1) Interval Partitioning: The target column, in this case, the '/RRP’ (Regional Refer-
ence Price), is divided into discrete intervals denoted by [b, bs, . . ., b,]. Here, each
b; represents the boundary of an interval, with b; being the lower boundary of the
first interval and b,, the upper boundary of the last interval.

(2) Mean Substitution: For each of these intervals, the mean value, 1, is calculated

using the formula,
b; 4+ b1
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In this formula, ;1; represents the mean value of the j interval, calculated as the
average of its lower and upper boundaries, b; and b, ;.

(3) Gaussian Perturbed Mean Substitution: An additional layer of complexity is
added by generating a Gaussian random variable, €, which perturbs the mean value
of each interval.

ri=puj+e €e~N(0,0)

Here, r} denotes the perturbed mean value for the i data point, and ¢ is a Gaussian
random variable with mean O and standard deviation o, introducing a stochastic
element to the mean substitution.

(4) Value Replacement: The original values falling within each interval are then
replaced by the perturbed mean value, ;. This step involves replacing the actual
price values in each interval with their corresponding perturbed mean values, thus

smoothing the data and reducing the impact of outliers.

This pre-processing strategy combines determinism with randomness through mean substi-
tution and Gaussian perturbed mean substitution, respectively. This ensures effective data
smoothing and outlier handling while preserving the original distributional characteristics of

the data.

5.2.2 Performance Metrics

For the evaluation of our models in electricity price forecasting, we adhere to the metric
standards set forth in Section 3.3. By employing MAE, MSE, MAPE, R?, and RMSE, we
maintain a uniform evaluation framework that allows for a meaningful comparison with the

other price forecast model.

5.3 Price Forecast Forecast Result

In this chapter, we present the outcomes of our predictive models for electricity price fore-

casting. The models are designed to operate at 5-minute intervals, with a further distinction
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FIGURE 5.1: LSTM price forecast train set MSE curve

between short-term forecasts for the immediate next 5 minutes and medium-term forecasts for
up to four hours. The short-term forecasts are crucial for real-time grid management, allowing
stakeholders to capitalize on sudden changes in electricity prices. The medium-term forecasts,
on the other hand, are designed to facilitate more effective battery scheduling, aligning with
the typical four-hour charge and discharge cycles of battery storage systems. n conducting
the electricity price forecasting, the data used as input for our models were sourced from the
Australian Energy Market Operator (AEMO). Specifically, we utilized the Regional Reference

Price (RRP) and total demand data, which are key indicators in the electricity market.

5.3.1 5-Minute to Next 5 Minutes Result

To provide a quantitative measure of their performance, Figure 5.1 present the Mean Squared
Error (MSE) variation curves for both the training and test datasets. These curves will offer
valuable insights into the models’ robustness and predictive accuracy, setting the stage for a

more in-depth discussion of the forecast results.

Following the discussion on the MSE variation curves, Figure 5.2 presents a plot comparing

the actual and predicted electricity prices over a 300-step period in the training set. This
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visual assessment aims to provide a nuanced understanding of the LSTM model’s predictive
accuracy, specifically its capability to capture the complexities and volatilities in electricity

pricing.

Following the evaluation of the LSTM model’s performance on the training set, we now turn
our attention to its predictive accuracy on the test set. The Figure 5.3 presents a comparison
between the actual and predicted electricity prices over a 300-step period in the test set,

offering further insights into the model’s generalization capabilities.
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FIGURE 5.4: Comparison of actual and predicted electricity prices of one day

After examining the model’s performance over extended periods in both the training and test
sets, we narrow our focus to a more granular level. The next figure illustrates the model’s
forecasting accuracy over a single 24-hour period, providing a detailed view of how well the

model captures the intricacies of daily fluctuations in electricity prices.

5.3.2 5-Minute for Next 4 Hours Result

After evaluating the model’s performance for immediate 5-minute forecasts, we extend our
analysis to a 4-hour forecasting horizon. This extended timeframe is especially relevant for
tasks requiring longer-term planning, such as strategic energy trading and battery scheduling.
The architecture and parameters of the LSTM model remain consistent with the previous

sections to ensure a uniform evaluation metric.

To provide a comprehensive understanding of the model’s predictive capabilities over the
next 4 hours, Figure 5.5 displays a composite graph consisting of multiple sub-plots. Each
sub-plot represents the model’s forecast at different 5S-minute intervals within the 4-hour
window. This layered representation enables us to gauge the model’s ability to sustain its
predictive accuracy over an extended period, offering a robust evaluation of its suitability for

longer-term forecasting tasks.
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FIGURE 5.5: Composite electricity price forecast of multiple steps within 4 hours

As illustrated by the composite graph, the model maintains a high level of predictive accuracy
across the 4-hour forecasting horizon. The tight correspondence between the predicted and
actual values in the various sub-plots confirms the model’s ability to sustain its performance for
longer-term forecasting tasks. This consistency not only substantiates the model’s applicability
for real-time energy trading but also underscores its potential for more intricate applications,
such as long-term battery scheduling and risk management. Overall, the results reinforce the
effectiveness of utilizing LSTM-based models for electricity price forecasting at diverse time

intervals.

5.4 Model Comparison

The evaluation metrics are crucial for assessing the effectiveness of the forecasting models.

As part of our comprehensive analysis, we have included Table 5.1 that showcases the Mean
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TABLE 5.1: Performance Metrics and Model Configurations for Various
Forecasting Models

5 Min Interval MAE MSE Model Explaination
LSTM 6.7881446 | 292.10425 Original LSTM
Transformer 6.149606 | 80.72679 Original Transformer
LSTM_update 4.9369555 | 57.514942 Transformer with 18 months update data

Transformer_update 5.9143457 | 73.88758 Transformer with 18 months update data

N | B W =

LSTM_TFE_5 to 2h 4.4190297 | 44.135574 LSTM with Teacher Force mechanism.
5 minutes forecast next 2 hours.

LSTM with Teacher Force mechanism.
6 LSTM_TF 30 to 2h 29.985058 | 1669.3336 Merge 5 minutes interval to 30 minutes
and then forecast next 2 hours.

7 CNN-LSTM 6.2516087 | 132.57918 CNN-LSTM model

. Put the first difference of the price
8 LSTM_dif1 4.8573 | 58.828514 {0 the input of the LSTM model

Put the second difference of the price

9 LSTM_dif2 4.404904 | 41.870243 to the input of the LSTM model

Put both first and second difference of

10 LSTM_dif1+2 7.169315 | 285.12384 the price to the input of the LSTM

Put weather feature (temperature and humidity)

11 LSTM + weather 5.4660077 | 55.756172 to the input of LSTM
Put 18 months update price and weather
12 | LSTM+ weather_update 5.309131 | 63.811275 data to the LSTM model

Put 18 months update price and weather

13| Trans+weather_update 8.38679 | 120.45791 data to the transformer model

Put 18 months update price and weather

14 | PosTrans+weather_update | 7.5778155 | 123.2493 data to the positional encoding transformer

Absolute Error (MAE) and Mean Squared Error (MSE) for various model configurations,

offering a detailed insight into their relative performance.

In analyzing the table, several key insights emerge that shed light on the effectiveness of

different model configurations.

1. Comparing Models 1 and 2 with Models 3 and 4, it becomes evident that increasing the
volume of training data significantly improves model accuracy. This aligns with the general
principle that more data can lead to better generalization, thereby enhancing predictive

performance.



82 5 ELECTRICITY PRICE FORECAST

2. The comparison between Models 5 and 6 reveals that aggregating data into larger time
intervals (from 5 minutes to 30 minutes) adversely affects model accuracy. This could be due

to the loss of finer temporal patterns that are crucial for short-term forecasting.

3. Model 7, which employs a CNN-LSTM architecture, surprisingly underperforms when
compared to the original LSTM model (Model 1). This suggests that the convolutional
layers may not be capturing the essential features in the data as effectively as the LSTM
layers, or that the added complexity of the CNN-LSTM model doesn’t offer a commensurate

improvement in this specific application.

4. Models 8, 9, and 10 were designed to explore the potential nonlinear relationships in elec-
tricity prices by incorporating first and second-order differences. However, the results indicate
that these additional features do not significantly improve model performance. This could
imply that the electricity prices in the dataset may not have strong nonlinear characteristics

that these differences could capture.

In summary, these findings underscore the importance of thoughtful data selection and feature
engineering in model performance. While adding more data generally improves accuracy, the
choice of model architecture and features requires careful consideration to ensure they are
aligned with the underlying patterns in the data. The results also caution against unnecessary
model complexity, suggesting that simpler models like LSTM can often yield comparable or

even better performance.

5.5 Chapter Summary

In this study, this thesis have meticulously developed an electricity price forecasting model
based on Long Short-Term Memory (LSTM) networks. The model underwent a comprehens-
ive process of data preprocessing, feature engineering, and architecture design. It was trained

over 120 epochs and evaluated using Mean Squared Error (MSE) as the performance metric.

After rigorous comparisons with various other models, including Transformer models, CNN-

LSTM hybrids, and models incorporating weather factors, our LSTM-based model emerged
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as the most accurate for electricity price forecasting. Unlike other models that may excel in
capturing certain aspects of the data, our chosen LSTM model demonstrated a balanced and

superior performance in capturing the complex dynamics of electricity prices.

In summary, among the plethora of models tested, our LSTM-based model stands out for
its superior predictive accuracy, making it an invaluable tool for electricity price forecasting.
This succinct summary serves as a testament to the effectiveness and practical utility of our

chosen model.



CHAPTER 6

VPP Integration Program Development

This section provides an in-depth exploration of the existing VPP Optimization Model, a
cornerstone in the field of energy management. Understanding its framework, functionalities,
and operational considerations is essential for setting the groundwork for the subsequent
chapters. Section 6.1 delves into the VPP Optimization Model, elucidating its underlying
motivations, functionalities, constraints, and methodologies. Section 6.2, the crux of this
research, focuses on the primary contributions of this study. It details the design of the
interface that facilitates the integration of high-accuracy forecasting models for solar PV
output, load demand, and electricity prices. Furthermore, it elaborates on the two-layer,
three-forecast parallel logic design, which serves as the linchpin for enhancing the existing

VPP Optimization Model.

6.1 VPP Optimization Model

In today’s complex and rapidly evolving electricity markets, battery storage systems have
risen to critical importance as essential tools for efficient energy management. The increasing
integration of renewable energy sources like wind and solar has brought about challenges,
especially their intermittent nature, which leads to high volatility in electricity supply and
demand. To manage these challenges, energy systems need to be more agile and responsive
than ever. This is further complicated by the growing demands for electrification in various

sectors such as transportation and industrial processes.

The model under discussion is not a newly minted academic prototype but a sophisticated

system previously developed by a certain company for real-world applications. It serves
84
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as a comprehensive, highly configurable platform that goes beyond simple state-of-charge
(SOC) monitoring. This model is an intelligent decision-making system that incorporates
real-time data on electricity prices, power balance, and battery states to produce actionable
insights. Algorithms within the model facilitate rapid and accurate decisions on when and
how to charge or discharge batteries to maximize economic benefits. These decisions are also
aligned with broader goals such as maintaining grid stability, integrating renewable energy,

and reducing carbon emissions.

In the context of this work, the model will be seamlessly integrated with three specialized
forecasting models developed in the first three chapters. This integration aims to reinforce
the essential role of accurate forecasting in effective optimization. The combination of this
advanced battery management system with state-of-the-art forecasting models will offer
a comprehensive energy management solution capable of navigating the complexities and

challenges of contemporary electricity markets.

6.1.1 Motivation Developing the VPP Program

The impetus for developing this comprehensive battery management model stems from
the ever-evolving complexities of today’s electricity markets and the intricate operational
requirements of modern electrical grids. Traditional battery management systems are often
limited in scope, designed for specific use-cases such as peak shaving or load leveling. In
contrast, this model serves as a versatile platform, engineered to handle a multitude of
scenarios and challenges. It does so by dynamically integrating real-time data on a variety
of parameters, including electricity prices, power balances, and battery states. Through the
utilization of sophisticated decision-making algorithms, the model is not merely reactive but
proactively optimizes operations to maximize economic benefits for electricity retailers and

Virtual Power Plant operators.

One of the model’s most compelling features is its adaptability, making it a particularly
valuable asset in our current volatile energy landscape, characterized by rapid fluctuations

in electricity prices and ever-changing grid conditions. Economic viability is a central
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consideration in the model’s architecture, intended to not just enhance profitability but also

contribute to overall system reliability and efficiency.

Furthermore, the model is designed to synergize with predictive models developed in earlier
chapters of this work, enabling a more cohesive and data-driven approach to energy manage-
ment. This integration allows the system to leverage predictive analytics for better forecasting
accuracy, thus informing more strategic and effective decision-making. The integration of
this optimization model with predictive models from earlier chapters aims to offer a more
nuanced approach to battery management. By combining these elements, the system seeks to
improve forecast accuracy and make more informed decisions, contributing to ongoing efforts

in the field to enhance the efficiency and reliability of energy systems.

6.1.2 VPP Model Function

The VPP model is an integrated platform that brings together a set of key functionalities
aimed at optimizing battery management and market interactions. It encompasses the dynamic
balance of energy supply and demand, economic optimization based on real-time electricity
prices, meticulous State of Charge (SOC) management, real-time bidding capabilities, and
a remarkable level of adaptability for handling various operational scenarios. Each of these
functionalities serves a specific yet interconnected role, contributing to the model’s overall

effectiveness in a volatile energy landscape.

(1) Energy Balance: The model uses advanced algorithms to dynamically manage the charging
and discharging cycles of the battery storage system. This ensures that the energy consumed is
in equilibrium with the energy stored, a crucial feature for stabilizing the grid during periods

of high volatility in supply or demand.

(2) Economic Optimization: One of the standout features of this model is its ability to interact
with real-time electricity prices. Leveraging price forecasting models, the system can make
strategic decisions about when to store energy during low-price periods and when to release it
during high-price intervals. This real-time economic optimization not only maximizes profits

but also contributes to grid stability
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(3) State of Charge Management: The model continuously monitors the state of charge of
the battery. This ensures that the battery operates within predetermined limits, enhancing its
lifespan and efficiency. SOC management is particularly important for preventing scenarios

like overcharging or undercharging that could impair battery performance.

(4) Real-Time Bidding: This feature allows for immediate interactions with electricity markets.
The model can automatically submit bids for buying or selling electricity based on its current
state and market conditions. This dynamic bidding capability makes the system highly

adaptable to market fluctuations.

(5) Adaptability: What sets this model apart is its built-in flexibility to adapt to a multitude
of operational scenarios such as peak shaving and load leveling. Depending on the current
conditions, it can automatically adjust its operational constraints and objectives, making it a

highly versatile tool for energy management.

In summary, this VPP model is a comprehensive solution for managing the complexities
of modern electricity markets, capable of energy balancing, economic optimization, SOC

management, real-time bidding, and adaptability.

6.1.3 Model Constraints

Building on the functionalities outlined earlier, the model also incorporates a set of carefully
designed considerations or constraints that govern its operation. These are not just mere
guidelines but pivotal elements encoded into the optimization algorithms to ensure the system’s

efficiency, safety, and economic viability. Here are the key considerations:

(1) SOC Constraints: The State of Charge (SOC) of the battery is a critical parameter for its
efficient and safe operation. The model imposes both lower and upper SOC limits to prevent
scenarios like deep discharge or overcharging, which could impair battery performance and
lifespan. These limits are carefully integrated into the decision-making algorithms to ensure

that the system operates within these bounds.
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(2) Power Balance: This model adheres to the principle that energy input must equal energy
output in real-time. By continuously monitoring the power flow, it intelligently adjusts
the battery’s charging and discharging states to maintain this balance. This is particularly
significant for ensuring grid stability, especially during periods where there is high volatility

in energy supply or demand.

(3) Economic Limits: While the model aims to make economically optimal decisions, it
also operates within predefined economic boundaries. These could be set as certain price
thresholds beyond which the system will not buy or sell electricity. By doing so, it ensures

that the operations are not just economically beneficial but also sustainable in the long run.

(4) Inverter Limits: The model also incorporates constraints related to the inverter power
limits. The inverter plays a critical role in converting DC power from the battery to AC
power for the grid and vice versa. Hence, understanding its operational limits is crucial
for the efficient functioning of the entire system. These constraints are integrated into the
optimization algorithm to ensure that the inverter operates within its capacity limits, thereby

preventing any potential system failures or inefficiencies.

6.1.4 Optimization Methods

Transitioning from the detailed functionalities and considerations, it’s imperative to discuss
the underlying methods and algorithms that empower the model to meet its objectives. These
computational elements are pivotal in enabling the system to handle the complexities of
real-time electricity markets and grid conditions. Specifically, the model leans on Generalized

Disjunctive Programming (GDP) and a set of optimized decision-making algorithms.

The first foundational method utilized in the model is Generalized Disjunctive Programming.
This mathematical programming approach is particularly effective for handling the complex
optimization challenges that this model faces. GDP enables the model to manage a variety
of operational scenarios, disjunctions, and logical constraints concurrently. It integrates a
variety of factors such as real-time electricity prices, battery State of Charge, and power

balance requirements into one unified optimization problem. This approach allows the model
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to adapt to rapidly changing market conditions and optimize its operational strategies for both

economic benefit and system reliability.

The second pillar of the model’s computational prowess is a set of optimized Decision-
making Algorithms. These algorithms are tailored for real-time decision-making, considering
multiple constraints and objectives. Factors such as economic thresholds, SOC limits, and
power balance requirements are taken into account to make rapid yet accurate decisions. These
algorithms empower the system to adapt to fast-changing market conditions and fluctuating

grid states, thereby maximizing both economic gains and operational efficiency.

6.2 Forecast Program Integration

This study is predicated on the existing VPP battery optimization framework already imple-
mented within the company. The principal aim is not to construct a new optimization model,
but rather to augment the existing system through the integration of sophisticated forecasting
algorithms for solar PV output, load demand, and electricity prices. This integration, or
"merge", aims to significantly enhance the efficiency, stability, and economic performance
of the VPP’s battery optimization operations. By incorporating these accurate forecasts into
the existing framework, this thsis aim to create a more robust and adaptive VPP battery
optimization program capable of responding to real-time fluctuations and challenges in the

energy sector.

The preceding chapters have laid the groundwork by individually addressing the forecasting
algorithms for solar PV output, load demand, and electricity prices. While each of these
components is critical in its own right, the true power of these forecasting models is realized

when they are integrated into a cohesive system for VPP battery optimization.

After delving into the intricacies of load forecasting, solar PV forecasting, and electricity
price forecasting, this chapter shifts its focus to the practical applications of these predictive
models. Specifically, this thesis explore their critical role in optimizing battery scheduling

within a VPP. The accurate and timely forecasts generated by these models serve as the



90 6 VPP INTEGRATION PROGRAM DEVELOPMENT

backbone for efficient energy management, enabling the VPP to make informed decisions for
real-time grid management and battery scheduling. This, in turn, contributes to grid stability,
economic efficiency, and sustainable energy utilization. The models and strategies discussed
in this chapter have been successfully applied in a production simulation for a retail electricity
company, underscoring their practical relevance and effectiveness in a real-world setting.
Additionally, this chapter will provide a detailed explanation of the operational logic behind

the optimization and scheduling model.

this study introduces a two-layered "merge" model designed to integrate the forecasting results
for load, solar PV, and electricity price with a VPP battery optimization scheduling program.

Figure 6.1 is the VPP double-layer three-prediction parallel logic figure.

The first layer is the Model Training Layer, where new data for solar PV, load, and electricity
price are fed into their respective forecasting models every five minutes for the Xth round of
model training. It’s important to note that due to the large volume of data and the complexity
of the models, the training process may not complete within this 5-minute window. However,
to avoid conflicts between data reading and writing, the training layer will not read new data

until the Xth model training is complete, thereby ensuring data timeliness.

Upon the completion of each training cycle, a new set of training weights is generated and
stored in a weight file. This weight file becomes a critical component for the second layer,
known as the Optimization Layer. This layer simply reads the weight file to quickly generate
forecast results without additional training. In essence, the same input data fed into the
Optimization Layer yields rapid forecast outputs, which are then integrated into the VPP

Battery Optimization Program for subsequent battery scheduling tasks.

A noteworthy feature is the Data Anti-collision Module, represented as the yellow module.
This module is designed to prevent any interference or read-write conflicts between the Model
Training Layer and the Optimization Layer. Its primary function is to ensure that the weight
file from the upper training layer is not being written to during the S-minute read cycle of the
lower layer, thereby avoiding errors. Given that the Optimization Layer generates forecast

results quickly, it can ensure a new forecast result every five minutes. Similarly, the VPP
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FIGURE 6.1: VPP double-layer three-prediction parallel logic figure

Battery Optimization Program operates at a high speed, allowing it to send a new battery
scheduling command every five minutes. This anti-collision module serves to synchronize

these operations, ensuring seamless and error-free functioning.
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6.2.1 VPP-Prediction Models Interface Design

Building on the insights gained from the previous section and the existing VPP battery
optimization program, this subsection transitions into a detailed exposition of the interface
design between the VPP and the predictive models for solar PV output, load demand, and
electricity prices. The primary objective is to detail how these models are seamlessly integrated
into the existing VPP system. This integration aims to substantially improve the operational
efficiency, stability, and economic performance of the VPP’s battery optimization. Through
the interface design, we aspire to create a VPP battery optimization program that is not
only robust but also highly adaptive to the real-time challenges posed by modern electricity

markets.

In this simulation approach, due to engineering constraints that make immediate data acquis-
ition infeasible, the method illustrated in Figure 6.2 is employed. The length of available
historical data for each user’s solar PV generation and load demand varies. The starting
point for the simulation is set at the most recent common timestamp where all three types
of historical data—solar PV, load, and price—are available. The furthest point is based on
the most recent year’s worth of overlapping data for all three variables. For instance, if the
data ranges from January 1, 2022, to January 1, 2023, the simulation starts from the latest
point where all three types of data are available, even if more recent price data exists beyond

January 1, 2023.

To mimic the real-world scenario of rolling updates, the one-year dataset is divided into
two segments. The first 90% remains static and serves as the training set, marked as the
"Simulation Start Point" in Figure 6.2. The remaining 10% is gradually introduced into the
model at five-minute intervals until the "Simulation End Point" is reached. This approach
effectively simulates the rolling update of data in real-time for the training layer and serves as

a robust mechanism for evaluating how the system adapts to new incoming data.

In Figure 6.3, this thesis elaborate on the process of simulating the rolling data updates. Given
that the Load and PV data are stored in one CSV file while the Price data is in another, the

update process is handled in two separate parts. Initially, 90% of the complete historical data
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FIGURE 6.3: PV, load and Price training layers simulate rolling training
design figure

set is used for the first round of training for the PV, Load, and Price models. Once this initial
training is completed, an additional 5-minute data point is appended to the existing 90% data
set. This updated set is then used for the second round of training for the PV, Load, and Price

models.

This approach effectively mimics the rolling updates of real-world data and allows us to
observe the model’s performance at various points in time. This, in turn, provides the
opportunity for further optimizations and adjustments. The process ensures that the model
remains adaptable to incoming data, making it more proficient in battery scheduling and grid

management tasks.

In Figure 6.4, the focus is on the interface of the Optimization Layer. As indicated in Figure
6.1, this layer directly reads the model weights generated by the Training Layer. Because

of this direct weight integration, the Optimization Layer is capable of swiftly generating
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FIGURE 6.4: PV, Load and Price optimization layer interface design figure

forecasts for a 4-hour period, segmented into 48 data points at S-minute intervals. These 48
forecast points are then consolidated into a new "Merge CSV File". This merged file not only
contains these 48 points for PV, Load, and Price forecasts but also includes other parameters

necessary for the VPP battery optimization program.

By arranging all the essential data into a single CSV file, the VPP optimization program
can easily fetch all it needs for optimized operational commands by reading this one file.
Subsequently, a comparison between these optimized commands and actual electricity prices
enables the calculation of profit or loss, thereby providing a comprehensive view of the

system’s economic performance.

In Figures 6.5 and 6.6, the Data Anti-collision Modules 1 and 2 are elaborated, detailing
their specific positions and functionalities within the system. In large-scale engineering
applications with substantial data flow, simultaneous read and write operations on a single
CSV file can result in multiple issues such as data corruption, read-write conflicts, and system

inefficiencies. To mitigate these challenges, two Data Anti-collision Modules are introduced.

The working principle of Module 1 is tailored to accommodate the 5-minute data input
intervals. The priority here is on writing new data to the "New CSV File". The system
ensures that new data is first written into the file before any read operation is performed. This

write-before-read operation is fundamental to maintain data integrity and timeliness.

Conversely, the focus of Module 2 is on the Optimization Layer, where the VPP battery

optimization program must run every five minutes. Therefore, reading from the "Merge CSV
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File" takes precedence over writing. Here, the system ensures that the file is first read before

any new data is written into it.

To synchronize these modules effectively, the read operation in Module 1 is slightly delayed
compared to its write operation. Similarly, the write operation in Module 2 is set to occur a
tad later than its read operation. This staggered timing approach ensures seamless, error-free

data handling, thus enhancing the overall system reliability.

6.2.2 Algorithmic Steps and Equations

In this subsection, this thesis outline the algorithmic steps and corresponding equations for
the two-layer model, which integrates solar PV, load, and electricity price forecasting with

VPP battery optimization.
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(1) Initialize Model Training Layer and Optimization Layer:

Initialize the models for solar PV, load, and electricity price forecasting.
Initialize Mpv, MLO(ldy Mpm‘ce (6 1)

(2) Data Ingestion:

Ingest new data for solar PV, load, and electricity price into their respective models.
DPV; DLoad7 DPm'ce <+ New Data (62)

(3) Model Training Layer:

If the X-th training is complete, update the data for the next round of training.
if X-th training complete, then Dpy, Dy oad, Dprice < Updated Data (6.3)
Train the models and generate new weight files.
Wpev, Wiead, Werice — Train(Mpy, Mpoad, Mprice) (6.4)

(4) Data Anti-collision Module:
Ensure that the weight files are not being written to while being read by the Optimiz-

ation Layer.
Ensure Wpy, Wioaa, Wprice nOt being written during read (6.5)

(5) Optimization Layer:

Use the weight files and original input data to quickly generate forecasts.
O — FOI'CCB.St(WpV, WLoadu WPriceu DPV; DLaad7 DP’r‘ice) (66)

(6) VPP Battery Optimization Program:

Use the forecasts to generate battery scheduling commands.

S < Schedule(O) (6.7)
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6.3 Chapter Summary

In this chapter, this thesis initially introduced the existing VPP battery optimization program,
detailing its functionalities and operational logic. Following that, the primary focus shifted to
the integration of high-accuracy forecasting models for solar PV, load, and electricity price. A
significant element in this integration is the VPP-Prediction Models Interface Design. This
interface serves a crucial role in enhancing the efficiency, stability, and economic performance
of the existing VPP battery optimization program. It is designed to accommodate the fore-
casted data and blend it seamlessly with other parameters essential for battery optimization

within the VPP.

Due to engineering constraints that inhibit the use of real-time data, a simulated real-time
data updating mechanism is employed. This simulation is instrumental in ensuring that the
VPP program operates effectively and accurately, prerequisites for any further considerations
of grid stability and economic benefits. Data Anti-collision Modules are also integrated
within each operational layer to prevent read-write conflicts, thereby bolstering the system’s

reliability.

In summary, the chapter provides a comprehensive view of the complexities involved in
integrating forecasting models into an existing VPP battery optimization program. The
architecture, interface design, and anti-collision modules are specifically tailored to ensure
the VPP program’s effective and reliable operation, especially given the constraints of not

having access to real-time data.
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Conclusion

Building on the insights gained from the preceding chapters, this thesis have a comprehensive
understanding of the various aspects of deep learning-based forecasting in real-world VPP
applications. Chapter 3 provided an in-depth look at photovoltaic (PV) forecasting, using
advanced models like BILSTM and GBDT-LSTM with Teacher Forcing. Chapter 4 focused
on the complexities of load forecasting, offering solutions for short-term predictions. Chapter
5 delved into electricity price forecasting, emphasizing the role of data preprocessing and
presenting various forecast results. Chapter 6 is devoted to introducing the VPP battery
optimization program and detailing how the three forecasting models are integrated and

applied within this program.

7.1 Major Contributions

In the case of solar PV output, the 5S-minute forecasts using LSTM algorithms are designed
for real-time grid management, allowing for immediate adjustments to solar energy input.
The 1-hour forecasts using GBDT-BiLSTM are tailored for day-ahead markets, providing a

24-hour outlook that helps in strategic planning and bidding.

One of the standout innovations in this dissertation is the creation of a novel GBDT-BiLSTM
hybrid model specifically designed for 1-hour solar PV output forecasting. This model
ingeniously fuses the predictive power of Gradient Boosting Decision Trees (GBDT) with
the sequence modeling capabilities of Bidirectional Long Short-Term Memory (BiLSTM)
networks. The GBDT component excels at capturing the linear relationships and feature

interactions in the data, making it highly effective for trend analysis and feature importance
98
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evaluation. On the other hand, the BiLSTM component is adept at modeling temporal
sequences and capturing non-linear dependencies, which is crucial for understanding the
volatile nature of solar PV output. By integrating these two algorithms, the hybrid model is
able to capture a comprehensive range of data patterns, both linear and non-linear, thereby
significantly enhancing the accuracy of 1-hour ahead solar PV forecasts. This is particularly
beneficial for day-ahead market participation, where accurate 24-hour outlooks are essential

for optimal bidding strategies.

For load demand forecasting, this dissertation employs a multi-faceted approach to address the
varying needs of real-time and longer-term grid management. For the immediate, short-term
5-minute forecasts, a Transformer model enhanced with positional encoding is utilized. The
inclusion of positional encoding allows the model to better understand the sequence of the
data, making it highly effective for real-time grid adjustments. This is crucial for dynamically
balancing supply and demand, thereby ensuring grid stability and minimizing the need for

expensive peak-load energy sources.

On the other hand, for the 1-hour load demand forecasts, an ensemble model combining
XGBoost, Random Forest, and Seasonal Naive methods is employed. Each of these algorithms
brings its own set of advantages: XGBoost is known for its high predictive accuracy and ability
to handle a variety of data types; Random Forest offers robustness and can capture complex
interactions between features; and the Seasonal Naive method provides a baseline model
that captures the seasonality in the load data. By integrating these methods into an ensemble
model, the system gains the ability to make more accurate and robust longer-term forecasts.
These 1-hour forecasts are particularly useful for daily operational planning, enabling more

efficient resource allocation and reducing operational costs.

For electricity price forecasting, the dissertation adopts a nuanced approach tailored to the
specific requirements of real-time and medium-term market participation. The 5-minute
forecasts are generated using Long Short-Term Memory (LSTM) algorithms, a type of
recurrent neural network that excels in capturing temporal dependencies in time-series data.
These forecasts serve dual purposes and are instrumental in multiple aspects of VPP operations.

Firstly, the immediate 5-minute forecasts are crucial for real-time market participation. They
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enable the VPP to make quick adjustments in electricity pricing, thereby optimizing its
position in the highly volatile short-term energy markets. This real-time pricing information
is invaluable for making instantaneous decisions on energy trading, allowing the VPP to
capitalize on short-term price fluctuations and improve profitability. Secondly, the LSTM-
generated forecasts also extend to medium-term scenarios, providing insights for periods up
to 4 hours into the future. These medium-term forecasts are particularly useful for strategic
decision-making, such as determining when to store energy in batteries or when to release it
back into the grid. By having a more accurate picture of future electricity prices, the VPP can
make more informed decisions, optimizing its market participation strategy and maximizing
revenue while minimizing costs. Thus, the 5-minute electricity price forecasts generated by
the LSTM algorithms are not only versatile but also pivotal in enhancing the operational

efficiency and market competitiveness of the VPP.

The design of the VPP-Prediction Models Interface serves as a significant contribution to
this study. It tackles the engineering constraints of not being able to use real-time data by
employing a simulated real-time data updating mechanism. This interface not only ensures
the seamless integration of the forecasting models into the existing VPP battery optimization
program but also establishes a reliable system for the program to operate effectively. The
introduction of Data Anti-collision Modules within the layers further strengthens the system’s
ability to function without read-write conflicts. Thus, the interface design ensures that the VPP
battery optimization program can run both effectively and correctly, laying the groundwork

for achieving grid stability and economic efficiency.

Each of these models is not just theoretically sound but has been applied in a production
simulation for a retail electricity company, demonstrating their practical utility. The choice of
these specific algorithms and time intervals is meticulously designed to meet the operational
needs of VPPs, thereby facilitating both real-time grid management and effective battery

scheduling.
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7.2 Model Limitation

While the models developed in this dissertation offer significant advancements in forecasting

accuracy and operational efficiency for VPPs, they are not without limitations.

Firstly, the GBDT-BiLSTM model for 1-hour solar PV output forecasting, while innovative,
is computationally demanding, which could be a constraint in real-time applications requiring
quick decisions. Additionally, the model’s accuracy is highly dependent on the quality and
completeness of the input data, making it sensitive to missing or erroneous information.
These factors necessitate careful data preprocessing and model tuning, adding to the overall

complexity of its deployment.

Secondly, the Transformer model with positional encoding employed for 5-minute load
demand forecasting is effective but comes with its own set of challenges. Primarily, the model
requires a substantial amount of historical data for training to achieve optimal performance.
This could pose a limitation in scenarios where data is either sparse, inconsistent, or not well-
maintained. Additionally, the model’s complexity makes it computationally expensive, which
might not be ideal for real-time applications where quick forecasting is crucial. Therefore,
while the model is powerful, its deployment requires careful consideration of computational

resources and data availability.

Thirdly, the LSTM algorithms used for electricity price forecasting are also computationally
demanding, especially when scaling up to handle larger datasets or more complex market
dynamics. Additionally, LSTMs are known for their sensitivity to hyperparameter settings,
which means that considerable time and expertise are required for model tuning to achieve

optimal performance.

Lastly, while the models are designed to be robust and adaptable, they have been tested in
specific scenarios and may require further validation to generalize across different operational

conditions or geographical locations.



102 7 CONCLUSION

7.3 Future Outlook

The first area of focus is on optimization and data sensitivity. As the landscape of renewable
energy and Virtual Power Plants continues to evolve, the forecasting models presented in this
dissertation offer a robust foundation for current operational needs and pave the way for future
advancements. One immediate area for future work is the optimization of computational
efficiency for the GBDT-BiLSTM and Transformer models. Given the real-time requirements
of VPPs, reducing the computational burden of these models is crucial. Techniques such
as model pruning, quantization, or leveraging specialized hardware accelerators could be
explored to speed up both training and inference times. Furthermore, the models’ sensitivity to
data quality presents another avenue for improvement. Real-time data correction mechanisms
or robust outlier detection algorithms could be integrated into the forecasting pipeline to
mitigate the impact of missing or erroneous data, enhancing the models’ reliability and

robustness.

The second area delves into model enrichment and the development of a unified framework.
Another promising avenue for future research is the integration of additional data sources
to enrich the forecasting models. For instance, incorporating real-time weather forecasts,
market trends, or even social factors could significantly enhance the accuracy and reliability
of electricity price predictions. Advanced feature engineering techniques could be employed
to effectively combine these diverse data sources. Moreover, the development of a unified
framework that seamlessly integrates all three key forecasting models—solar PV output, load
demand, and electricity prices—would represent a significant leap forward in the field. Such
a comprehensive system could facilitate real-time VPP management by providing a one-stop
solution for all forecasting needs, streamlining operational workflows and enabling more agile

and informed decision-making.

Lastly, the focus shifts to practical applications and industry collaboration. The practical
utility of these forecasting models could be further validated through extended real-world
applications. Collaborative efforts with energy companies, grid operators, or even regulatory

bodies would provide an invaluable platform to truly assess the models’ impact on various
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key metrics such as grid stability, resource allocation, and market efficiency. These real-
world trials could also serve as iterative feedback loops for model refinement, allowing
for adjustments and optimizations based on actual operational challenges and performance
outcomes. Moreover, such collaborations could facilitate the development of industry-specific
benchmarks or best practices, thereby contributing to the standardization of forecasting
methods in the context of VPPs. By engaging in these practical applications and partnerships,
the models can be rigorously tested and fine-tuned, ensuring that they are not just theoretically

sound but also practically impactful in enhancing the operations and sustainability of modern

energy systems.
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