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ABSTRACT

Renewable energy sources like wind and solar play a crucial role in decarbonizing
energy supply, but their variable and intermittent nature lead to reliability and
stability issues. One way of sustainably integrating these energy sources into the
grid is through an energy management system. The study reported in this thesis
gives a comprehensive definition of an integrated energy management system
and creates a novel framework that identifies energy forecasting, demand-side
management, and supply-side management, as crucial components for grid
balancing. In addition, this research looks particularly at solar integration, and
how the integrated energy management system offers a unique combination of
solar energy forecasting, time-of-use tariffs, direct load control demand response,
and generator control, in increasing penetration levels of solar energy. The
significance of this research is that the proposed system presents a viable,
sustainable, and cheaper way of increasing PV usage and thereby grid
penetration by prioritising efficient use of available PV supply before calling up
additional supply. To validate the proposed integrated energy management
system, this research looks to understand the functions of each individual
component and how their interconnectedness creates a novel management

system.

Firstly, this research develops a three-step solar forecasting approach that
uses low-level data fusion to combine weather variables from both an on-site and
a local weather station to improve solar energy forecasting. The forecasting
model response is historic PV generation, and the predictors are weather
variables with moderate to strong positive correlations to solar radiation. Data
obtained is preprocessed using Low-level Data Fusion, Pearson Correlation
Coefficient analysis, Rescaling method, and List-wise Deletion method. This
approach is then tested on a 1MW utility scale solar plant, resulting in a 6% and
13% prediction accuracy improvement when compared to solely using data from
an on-site, and local weather stations respectively. This approach is also
validated for three residential rooftop solar systems (8 kW, 10.5 kW and 15 kW),
achieving root mean square error values of 0.0984, 0.1425, and 0.0885



respectively. The resulting low root mean square error values, a measure of the
predicted PV to actual PV generation, proves that the model can be adopted for
different PV plant sizes and is suitable for any customer across the distributed
generation spectrum. To further improve the accuracy of the model, other
preprocessing techniques are investigated and applied. The study shows that the
combination of Low-level Data Fusion, Linear Interpolation, filling outliers, data
smoothing, Rescaling method, moderate to strong PV correlation of weather
parameters using Pearson Correlation Coefficient, day/time/month
decomposition, seasonal decomposition, Principal Component Analysis, and

holdout validation, increases the accuracy of the model by 75%.

The ability of direct load control to manage energy consumption is
validated in a case study by using Connected Power’s unique smart sockets and
Lumen radio’s Mira Mesh Radio Frequency wireless network. Small plug-in loads
were connected to ten smart sockets located in a robotics laboratory and a café,
resulting in reduced energy consumption by 44% and 72% respectively when

compared to the baseline without direct load control.

Finally, the integrated energy management system framework is validated
by testing its capacity to increase PV usage for an off-grid residential house with
a PV/diesel generator power source. A decision-based algorithm is created that
adjusts PV supply forecast errors, initiates direct load control responses to reduce
excess load during periods of low PV supply, and/or increase power supply by
calling up a diesel generator. In addition, this is combined with the proposed
three-step solar energy forecasting approach and a programmable load schedule
based on time-of-use criteria. The effects of customer behaviour are also
analysed by using a 14% override rate, with 80% preconditioning and 20%
rebounding. The hybrid PV/diesel generator power source with the proposed
integrated energy management system is compared against two configurations:
a baseline configuration that uses a solely diesel generator source, and a hybrid
PV/diesel generator power source. Results show that the integrated energy
management system reduced the lifetime expenditure costs and CO2 emissions

by 44% and 46% respectively when compared to the baseline configuration, and



by 8% and 9% in the hybrid photovoltaic/diesel generator, while also increasing

the PV usage from this configuration by over 113%.

This research also addresses opportunities and limitations of the proposed
system and lays the foundation for future research using other intermittent

renewable energy sources such as wind.
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1 INTRODUCTION

1.1 Background

According to British Petroleum’s (BP) energy outlook 2023, global energy
consumption will reach 667 EJ (exajoules) by 2025 and 760 EJ by 2050 [1].
Globally, energy is thought to be responsible for over three-quarters of all
greenhouse gas (GHG) emissions according to the International Energy Agency
(IEA) [2]. Fossil fuels accounted for 80% of the world's energy supply in 2021; oil
made up about 30%, followed by coal (27%), natural gas (24%), and other fuels.
Coal also accounted for 44% of global fuel combustion emissions, with oil coming
in second at 32% and natural gas at 22% [2]. To mitigate the effects of climate
change, the global energy landscape is undergoing a transformative shift from
conventional fossil fuel-based power generation to renewable alternatives that
have little to no carbon footprints. This trend is supported by the previously cited
BP report, showing renewable energy consumption and conventional fossil fuels
with a 61% increase and a 15% decrease between 2025 and 2050 respectively.
Among the various renewable energy sources (RES), solar energy/Photovoltaic
(PV) has emerged as a particularly promising option, offering a clean and
abundant resource for electricity production. In another report by IEA [3], installed
power capacity from solar PV is expected to surpass that of coal by 2027, having
the highest capacity of any power source in the world as can be seen in Figure
1-1.
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Figure 1-1 Share of cumulative power capacity by technology form 2010 — 2027 [3]

When looking at the maximum net electricity generating capacity of RES-installed
power plants, a report by the International Renewable Energy Agency (IRENA)
[4], shows that solar energy has seen the most increase in capacity and
generation over the past decade of all the RES.
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Figure 1-2 Global installed capacity and electricity generation of renewable energy
sources from 2013 — 2022



According to Figure 1-2, solar energy has the highest increase in installed
capacity (87%), followed by wind (67%) and bioenergy (44%). In terms of
electricity generation, the trend is similar as solar energy comes in first (87%)
followed by wind (65%) and bioenergy (34%). RES penetration keeps on

increasing with solar, wind, and hydro contributing the largest share.

However, the variable and intermittent nature of solar energy creates
challenges to grid integration causing reliability and stability problems [5]. This,
along with today’s complex multi-energy, multi-user, and multi-control grid,
necessitates innovative approaches to harness the full potential of solar energy.
The pertinent question becomes how can we efficiently and reliably increase solar
energy penetration in today’s grid? More specifically, the following knowledge

gaps are to be addressed:

¢ Definition of an integrated energy management system (IEMS) as it relates
to today’s grid. There are a few existing definitions of IEMS, but none are
expressed in terms of energy forecasting combined with the simultaneous
control of demand and supply, and how indispensable these elements are
in balancing today’s grid.

e While Low-level Data Fusion (LLDF) is a well-researched approach, its
application in enriching the data input source of a forecasting model, by
combining weather data from the PV plant’s location and another weather
station in close proximity, has not been investigated.

e There are several IEMS configurations used in optimizing and increasing
solar energy penetration. None however combine PV forecasting, time-of-
use (TOU), direct load control (DLC), and generator control (GC) to match
consumption with available power supply.

1.2 Motivation

Historically, the traditional grid had been largely characterised by homogeneous
non-dispatchable power supply made up of conventional fossil fuels. As the grid
expanded due to technological advancements, increased and varying customer

profiles impacted how power would be generated, transmitted, and distributed.



The term “energy management system” (EMS) really began to trend after the
energy crisis of 1973 and 1979 and is defined by the United Nations Industrial
Development Organization (UNIDO) as a framework for energy consumers to
manage their energy use [6]. EMS is a general term for the computer-aided
instrumentation system used by electric utility grids and microgrid operators to
monitor, regulate, and optimise the performance of the power system [7]. While
the definition of EMS was derived in a time when the grid was largely supplied
from “one-type source” with little or no contribution from RES, that definition would
need to be broadened to fit today’s grid or a future one. Most utilities rely on EMS
that were built in the early 1990s and are outdated, remaining largely unchanged
and unaffected by advances in IT [8]. Today’s grid has evolved into a smart grid
due to the introduction of the Internet of Things (loT), big data, cloud computing,
advanced metering infrastructure (AMI), and other communication and

technological advancements [9,10].

The emergence of the modern grid gave birth to a new concept of
integrated energy systems (IES). IES combines multiple energy sources like RES
and fossil fuels by using advanced energy conversion technologies to efficiently
convert them into usable forms of energy like heat and electricity [11]. IES
enhance energy utilization while reducing carbon emissions [12], coordinating the
planning and operational optimisation of heterogeneous systems [13].
Considering the EMS state-of-the-art and IES literature, integration is often
defined as an optimization problem with set objective functions and constraints.
The aim is to achieve an objective(s) like minimising costs or maximising profits,
by developing an optimised process (for example efficient dispatch of power
sources), while operating within constraints (for example installed capacity). In a
typical example, Gao et al. [14] use an Analytic Hierarchy Process and the Fuzzy
Comprehensive Evaluation method to optimally configure and select multi-energy
storage systems based on power responses. Guo and Xiang [15] propose an
interactive Integrated Energy System Planning (IESP) platform that aggregates
various energy sources (electricity, gas, heat) and takes as its input investment
decisions, load profiles, meteorological data, and techno-economic parameters

converting int a mixed integer linear programming problem. The objectives were



to select the optimal component size of each energy source, optimise the total
annual cost, and reduce carbon emissions. Feng et al. [16] considered the
optimization of the IES under RES and energy demand uncertainties using the
information gap decision theory method. He et al. [17] solve the annual cost of
planning for an IES as the objective of its optimization problem by considering
electric vehicles swapping stations and carbon capture power systems while
using natural gas, heating networks, PV, and wind energy on the supply side. It
is clear to see that the focus of these models is on energy conversion within

constraints.

While EMS might be a general definition referring to both heterogenous
and homogeneous power sources, IES views energy integration solely as an
optimization problem. In today’s multi-user, multi-source and multi-control grid,
there is a need to consider all aspects of integration including both the demand
and supply sides. Since multi-source energy could also include intermittent
sources like wind and solar energy, it is also necessary to consider energy
forecasting. Therefore, a comprehensive framework for solar energy integration
is proposed that combines solar energy forecasting (SEF), demand side
management (DSM) and supply side management (SSM) to efficiently balance
the load and power supply in the grid. This framework eliminates the deficiencies
of an EMS and IES, combining both systems into an integrated energy
management system (IEMS). This research endeavours to explore the
synergistic relationship between solar energy integration and IEMS, examining
their collective impact on creating a sustainable, reliable, and intelligent power

infrastructure.

While IEMS is not a new concept, it has not been defined in terms of SEF,
DSM and SSM. This research proposes the definition of an IEMS as a system
that leverages advancements in technology and communication by integrating
predictive and real-time controls to initiate both supply and demand responses in
balancing the load and power supply in the grid. Like the name implies, SSM
refers to the techniques used to control power supply to the grid. Examples of

SSM are integrating battery storage, optimizing, and synchronizing alternative or



back-up power, ramping up and down of generation through automatic generator
control (GC) and so forth. Consequently, DSM are techniques used to control and
efficiently manage load demand. They include demand response (DR), energy
operations and load scheduling, distributed generation and integrating energy
storage. DR can be further broken down into price-based and incentive- based
responses. Examples of price-based incentives include TOU pricing, critical peak
pricing, and real-time pricing. Incentive based demand response includes DLC,
demand bidding, and interruptible programs. The selection of GC as SSM, TOU
and DLC as DSM is extensively discussed in Chapter 2.

Emerging from the novel definition of an IEMS in Chapter 2, this study
seeks to validate the IEMS framework which leads to the following research

questions:

e Will the solar forecasting model be physical, statistical or hybrid?

e What preprocessing methods will be used to ensure accurate input data
into the model?

e Will the IEMS express solar intermittency as an optimization model, and if
it does, will this be deterministic or scholastic, discrete or continuous?

e What is the contribution of each component in the IEMS and how are they

interconnected?

This study will establish a clear definition and an understanding of today’s IEMS
and each of its components, with support and validation coming from case studies
and literature references. The overall aim is to determine the IEMS’s impact on

the grid, particularly its ability to increase PV usage and grid penetration.

This study aspires to contribute to the growing body of knowledge on
sustainable energy solutions by investigating the intricate relationship between
solar energy integration and IEMS. By exploring theoretical frameworks, practical
applications, and potential synergies, this research seeks to inform the ongoing
discourse on creating resilient and intelligent power infrastructures that leverage
the full potential of solar energy, paving the way for a more sustainable energy

future.



1.3 Aims and objectives

The main aim of this research is to create and validate an IEMS that can maintain
the demand-supply energy balance in solar-based power systems while
increasing grid reliability and PV penetration to counter the effects of solar
energy’s intermittency. To achieve this aim, the following research objectives
have been identified:

1. To assess different IEMS configurations and determine how individual
components increase the reliability of solar-based power systems. It
would lead to the identification of key elements and best practices for
optimizing renewable energy systems, along with identifying potential
knowledge gaps relating to methods and structure of solar-based IEMS.

2. To develop a method that uses LLDF in combining weather parameters
from an on-site weather station and a local weather station to improve
solar energy forecasting. This objective contributes to advancing the field
of solar energy forecasting by exploring the potential benefits of LLDF.
Such findings could be vital for optimizing solar power generation and
reducing dependency on non-renewable energy sources.

3. To ascertain the efficacy of DLC in reducing energy wastage and
consumption, thereby affirming its role as a feasible demand response
strategy for optimizing the load to align with available supply.

4. Finally, to develop a comprehensive descriptor for assessing the impact
of the proposed IEMS on solar hybrid applications, encompassing
technical, economic, and environmental dimensions. This endeavour is
to deepen insights into the holistic implications of the IEMS, spanning

technical feasibility, economic viability, and environmental sustainability.

1.4 Significance of this research

This research creates and validates a holistic framework for solar energy
integration by identifying key elements of the solar-based IEMS which are SEF,
SSM and DSM. The effects of this could have a lasting impact on the

environment, reducing CO2 and other harmful GHG emissions. In addition, the



IEMS potentially creates a “virtual energy” source created by efficiently managing
load due to DSM. The implication of this is that operators can build smaller mini
grid systems and eliminate/reduce energy waste resulting in great cost savings
for both on-grid and off-grid applications. It also presents a viable, sustainable,
and cheaper way of extending the grid and increasing energy access to hard-to-
reach places. This research also advances the field of SEF by developing a novel
three-step forecasting architecture that uses LLDF to combine weather
parameters from a reliable local weather station and an on-site weather station
and identifies weather variables with a moderate to strong positive correlation to
solar radiation to predict the next-day ahead PV generation. This is vital in

optimizing solar energy and reducing reliability issues due to intermittency.

1.5 Interconnection of chapters and project outputs

Four themes link the thesis objectives, chapters, and publications as shown in
Figure 1-3. These are literature review, case study analysis, model development
and deterministic analysis. The thesis background and motivation were provided
in Chapter 1. Chapter 2 (publication 1) provides a general literature review of the
current state of solar energy integration, highlighting the theoretical foundations
of IEMS and elucidating its core components and principles, with a specific focus
on how the interconnectedness of SEF, SSM and DSM can facilitate the
seamless integration of solar energy. The answer to this research question
informs the creation of a novel IEMS framework that combines all the components
mentioned above. Chapters 3 — 6, focuses on model development and
performance validation of the IEMS. To address the research gap of a novel
IEMS, the literature review begins by identifying the importance of forecasting
models in VRE integration. This is addressed in Chapter 3 (manuscript 1) and
Chapter 4 (manuscript 2), where the proposed SEF model is developed,
improved, tested, and validated for both utility-scale and residential solar energy
systems. In Chapter 5 (manuscript 3), a case study analysis is performed to test
the effectiveness of DLC technology in the energy management of some small
power plug-in loads at Cranfield University. The results from this chapter are

important in validating DLC as a DSM response which is one of the foundations



of the IEMS highlighted in Chapter 2. The outputs of Chapters 2 — 5 contribute to
the development of the IEMS framework in Chapter 6 (publication 2), where the
SEF model developed in chapter 3 serves as the input into the predictive control
of the IEMS while the DLC technique of Chapter 5 is validated as part of the real-
time control. In addition, the findings of the literature review in Chapter 2 inform
the selection of TOU and DLC as examples of DSM, while GC is selected as part
of the SSM. A deterministic analysis is also carried to validate the IEMS
framework in a solar hybrid configuration. Chapter 7 synthesizes all the thesis
outputs and highlights the contribution to knowledge, draws up important

conclusions, and makes recommendations for future work.



PROJECT AIM
The main aim of this research is to investigate how an integrated
energy management system (IEMS) can maintain the demand-
supply energy balance in solar-based power systems, increasing
grid reliability and making solar energy attractive for grid
integration.

LITERATURE REVIEW

CHAPTER 1 «—H

CHAPTER 2 «+—+

OBJECTIVE 1
To assess different IEMS configurations and determine how
individual components increase the reliability of solar-based power
systems.

CHAPTER 3 «—

CHAPTER4 «—

CHAPTERS5 «—+

CHAPTER6 «—

MODEL DEVELOPMENT DETERMINISTIC ANALYSIS

v

PUBLICATION 1:

———> Hybrid energy system integration and management for solar energy:

A review

MANUSCRIPT 1:

OBJECTIVE 2
I To develop a method that uses low-level data fusion in combining
weather parameters from an on-site weather station and a local
weather station to improve solar energy forecasting.

L » A Three-step weather data approach in solar energy prediction using machine
learning

L » MANUSCRIPT 2:
Data preprocessing techniques for statistical PV forecasting

CASE STUDY ANALYSIS

models

OBJECTIVE 3
To ascertain the efficacy of direct load control in reducing energy
wastage and consumption, thereby affirming its role as a feasible
demand response strategy for optimizing load to align with
available supply.

MANUSCRIPT 3:
r—* Direct Load Control approach: An loT-based plug load management system for
smart buildings

MODEL DEVELOPMENT v

DETERMINISTIC ANALYSIS

OBJECTIVE 4
To develop a comprehensive descriptor for assessing the impact of
the proposed IEMS on solar hybrid applications, encompassing
technical, economic, and environmental dimensions.

PUBLICATION 2:

Development of an Integrated Energy Management System
for Off-Grid Solar Applications with Advanced Solar
Forecasting, Time-of-Use Tariffs, and Direct Load Control

Figure 1-3 Structure of the PhD thesis and linkage of chapters and manuscripts to the thesis objective



1.6 Dissemination from the PhD thesis

1.6.1 Peer-reviewed journal publications

1.

Falope T, Lao L, Hanak D, Huo D. Hybrid energy system integration and
management for solar energy: A review. Energy Conversion and
Management: X 2024;21:100527.
https://doi.org/10.1016/J.ECMX.2024.100527 .

Falope TO, Lao L, Huo D, Kuang B. Development of an integrated energy
management system for off-grid solar applications with advanced solar
forecasting, time-of-use tariffs, and direct load control. Sustainable Energy,
Grids and Networks 2024;39:101449.
https://doi.org/10.1016/J.SEGAN.2024.101449.

1.6.2 Conference publications

1.

Falope TO, Lao L, Hanak D. A Unique Three-Step Weather Data Approach in
Solar Energy Prediction Using Machine Learning. Sustainable Energy
Solutions for a Post-COVID Recovery towards a Better Future: Part VII,
Bangkok: International Conference on Applied Energy; 2021, p. 1-7.
https://doi.org/https://doi.org/10.46855/energy-proceedings-9863.

Falope, T. O., Lao, L., & Huo, D, (2024) Integrated Energy Management
System Approach for Off-Grid Residential Home. In: Future Directions in
Energy Engineering. Springer, Cham. https://doi.org/10.1007/978-3-031-
62041-6
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2 Hybrid energy system integration and management
for solar energy: A review!'

Abstract

The conventional grid is increasingly integrating renewable energy sources like
solar energy to lower carbon emissions and other greenhouse gases. While
energy management systems support grid integration by balancing power supply
with demand, they are usually either predictive or real-time and therefore unable
to utilise the full array of supply and demand responses, limiting grid integration
of renewable energy sources. This limitation is overcome by an integrated energy
management system. This review examines various concepts related to the
integrated energy management system such as the power system configurations
it operates in, and the types of supply and demand side responses. These
concepts and approaches are particularly relevant for power systems that rely
heavily on solar energy and have constraints on energy supply and costs.
Building on from there, a comprehensive overview of current research and
progress regarding the development of integrated energy management system
frameworks, that have both predictive and real-time energy management
capabilities, is provided. The potential benefits of an energy management system
that integrates solar power forecasting, demand-side management, and supply-
side management are explored. Furthermore, design considerations are
proposed for creating solar energy forecasting models. The findings from this
review have the potential to inform ongoing studies on the design and
implementation of integrated energy management system, and their effect on

power systems.

' This chapter is a paper authored by Tolulope Falope, Liyun Lao, Dawid Hanak, & Da Huo,
published in the journal of Energy Conversion and Management X, 2024,
https://doi.org/10.1016/j.ecmx.2024.100527
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2.1 Introduction

Currently, about 770 million people globally do not have access to electricity [1].
It is estimated that by 2035, global demand in energy will increase by a third [2].
The upward trend in global energy demand is currently being met mostly by fossil
fuels like coal, oil and natural gas, which have as their by-products global
warming and emission of greenhouse gases (GHG) [3,4]. In British Petroleum’s
Statistical Review of World Energy [5], fossil fuel accounted for 82% of primary
energy use in 2022, with coal and natural gas growing post-pandemic by 6% and
5.3% respectively. To curb the GHG emissions and meet the emission reduction
targets set out in the Paris Agreement, the governments globally have
increasingly turned to renewable energy sources (RES) to help satisfy demand.
According to BP [5], RES contributed about 10.2% to power generation, reaching
double figures for the first time.

RES, like solar and wind, have been widely adapted and are increasingly
being used to meet load demand. They have greater penetration due to their
availability and potential [6]. As a result, the global installed capacity for
photovoltaic (PV) increased to 488 GW in 2018, while the wind turbine capacity
reached 564 GW [7]. Solar and wind are classified as variable renewable energy
(VRE) and are non-dispatchable due to their intermittent nature [2]. However,
economies of scale and improved research and development of VRE technology
has led to a decrease in price of VRE components. The combination of price
reduction and desire to limit the environmental impacts of fossil fuels has seen a

greater penetration of VRE in the grid [8].

Renewable energy technologies increasingly have both off-grid and on-
grid applications, but the intermittent nature of certain RES poses a challenge to



grid operators as energy supply does not always match the consumption. As RES
penetration levels increase with the advancement of decentralised distributed
generation (DDG), adequate steps must be taken to make sure that system
constraints like fluctuating supply, capital costs of DDG and grid extensions, and
rising load demand, does not compromise the stability of the grid. Grid integration
is the process of creating practical, affordable ways to integrate VRE into the grid

while preserving or enhancing system stability and reliability. [9].

Solar energy is gaining popularity because of its versatility in various
industrial applications including power generation for residential and commercial
use, solar drying of fruits for industrial food processing, powering automotives
and aeroplanes and so on. Furthermore, governments and organizations are
promoting the use of solar energy through various incentives and policies
because of its relative safe-use, scalability, and favourable environmental impact
compared to other sources. While the installed capacity of wind energy in 2018
was higher than that of solar energy, the latter experienced an annual growth rate
of 47.6% compared to 18.9% for the former [7]. In addition, it is projected that
around 45% of the world’s energy consumption could be met by solar energy by
the mid-21st century [10]. In their research, Yao et al. [7] concluded that both
demand side and supply side integration costs are lower for solar energy than for
wind. PV systems using battery banks are the most popular because they are
easier to install and cost less in terms of capital investment than other renewable
energy technologies [11]. According to the International Energy Agency’s World
Energy Outlook 2020 report, solar power was able to achieve the cheapest
electricity rate in history. It was cheaper than coal and gas in most countries with
price bids as low as 0.0104 US$/kWh [12]. Combined with increased efficiency
of solar cells, and improved economies of scale leading to mass production of
high-quality wafers [13], it is easy to see why solar remains a popular choice for
power generation. Currently the energy intensity of silicon wafers production is

about 6kg CO2e/kg of silicon metal [14], considerably less than other sources.

An energy management system (EMS) can be used to balance the supply

and demand of a power system, which is a key requirement in integrating



intermittent RES like solar energy. However, the emergence of big data, cloud
computing, Internet of Things (loT), advanced metering infrastructure (AMI) and
other advances in communication has transformed the conventional grid into a
smart grid [15,16]. The technology requirements of the smart grid have
necessitated the evolution of the conventional EMS into an integrated energy
management system (IEMS) [15]. While EMS can be predictive or in real-time,
by definition, an IEMS leverages advancement in technology and communication,
integrating predictive and real-time controls to initiate both supply and demand
responses in balancing the load and power supply in the grid. While EMS may
refer to a single power source, an IEMS has the ability to integrate multiple energy

systems and initiate various control strategies.

A comparative assessment of various IEMS architectures, based on the
interconnectedness of their individual components is crucial in understanding
how they impact the power system, provide grid stability, and ways they can be
improved. As can be seen in Table 2-1, the published reviews listed does not give
an analysis of IEMS frameworks. For instance, Jafari et al. [17] focuses on the
limitations and techno-economic requirements of energy storage systems (ESS).
Farag et al. [18] highlights issues with solar integration but focuses more on dust
particles. Formolli et al. [19] analyses existing integrated solar energy sites with
a focus on recommendations that will improve future urban solar energy projects.
Peng et al. [20] focuses on PV generation, ESS and solar thermal for heating.
Rubio-Aliaga et al. [21] proposes a multifaceted approach considering economic
energy and environment to solve groundwater pumping issues by using RES. In

both studies by Ozoegwu et al. [22,23], the focus is more from a policy standpoint.

To address the research gap, which is the absence of a review on IEMS,
this paper will review current IEMS frameworks/architectures, identify gaps in

current knowledge and propose areas for future research by:

. identifying and providing a comprehensive overview of the IEMS building
blocks including energy forecasting, multi-energy generation, energy storage,

demand side management and supply side management;



. comprehensively reviewing each building block of the IEMS based on their

adaptation and grid deployment as described in current literature; and

. providing a side-by-side comparison of various IEMS architectures.

Table 2-1 Recently published reviews related to solar energy management system

and integration

Source Publication | Scope
date

Khan et al. [24] 2022 e Summary of various optimization modelling
techniques of a hybrid renewable energy system
(HRES)

e Review of sizing, control and energy management

strategies for HRES

Panda et al. [25] 2022 e Review of DSM in integrating DER and Energy
Storage Systems (ESS)

Rayid et al. [26] 2022 e Prospects and challenges of renewable based mini-
grid implementation in Bangladesh

Apeh et al. [27] 2022 e Review of the contributions of PV to national
development

Khan et al. [28] 2022 e Review of optimization techniques for HRES couples
with Hydrogen technologies

Alami et al. [29] 2022 e Review of challenges and solutions to PV technology
proliferation

Lamnatou et al. [30] 2022 e Review of smart grids /smart technologies related to
PV systems, storage, buildings, and the environment

Khosrojerdi et al. [31] 2022 e Integrating artificial intelligence in smart grid

Banu et al. [32] 2021 e A review on the advancements in methane cracking
for hydrogen production

Klass et al. [33] 2021 e Areview on four ammonia production methods

Ozoegwu et al. [23] 2021 e An overview of Nigeria’s energy policy objectives and
strategies

Stevovic et al. [34] 2021 e Using nature-inspired optimization for solar energy
integration

Dashtpeyma et al. [35] 2021 e Development of a resilient solar-based EMS

Peng et al. [20] 2020 e State of the art of solar energy utilization in buildings

Shafiul Alam et al. [36] 2020 e Review of challenges and solutions to RES
integration

Jstergaard et al. [37] 2020 e Review of technologies and systems that use RES

Syafaruddin et al. [38] 2020 e Modelling and Simulation procedures, control
strategy for hybrid power generation

Nizeti¢ et al. [39] 2019 e Review of smart technology applications focused on

efficiency improvement, sustainable and smart

resource management




Azuatalam et al. [40] 2019 Comparison of energy management strategies for
small-scale PV-battery systems

Rubio-Aliaga et al. [21] 2019 Multidimensional characterization to evaluate PV
integration

Guo et al. [41] 2019 Review green energy integration for wastewater
treatment plants

Lauka et al. [42] 2018 Development of a methodology to define solar
energy potential for urban planning

Ozoegwu et al. [22] 2017 A review of the past, current, and future status of
solar integration in Nigeria.

Khoshkbar-Sadigh et al. [43] | 2015 Impact of large-scale PV penetration into the grid

Inman et al. [44] 2013 A review of forecasting methodologies and their
applications

Following the introduction, Section 2.2 describes the methods and gives the
bases for the various literature reviews that span section 2.3 to 2.8. Section 2.3
presents the power system that is most favourable for the IEMS to operate in.
Section 2.4 provides an overview of the state-of-the art in solar energy forecasting
and provides a comparison of various forecasting models. Next, Section 2.5
provides a literature review of demand side management and highlights the
different types of demand responses. Section 2.6 gives an overview of supply-
side management and its application in current literature. Section 2.7 explains
how an EMS works, siting examples of its application in literature. Section 2.8
brings together the various concepts from Section 2.3 to Section 2.7 and shows
how they combine into an IEMS. A detailed comparison of some existing IEMS
frameworks is also presented. Finally, Section 9 is a discussion on the authors
perspective of various IEMS frameworks including future research. This
concluding section also highlights the key findings and contribution to the IEMS

literature.

2.2 Methods

In reviewing the existing literature on IEMS, it was determined that there are five
major parts of an IEMS framework that supports solar energy integration: the
power system the IEMS operates in, solar energy forecasting (SEF), demand
side management (DSM), and supply side management (SSM). David et al. [45]
largely substantiates this by conducting a bibliometric study using the Scopus




database from 2000 and 2019 on PV solar energy management. From the
analysis, ten potential study areas were established on future research trends
including forecasting techniques and DSM, both of which are mentioned as future
trends, load status studies, and efficient battery use which has applications in
both SSM and DSM, and so on.

2.2.1 Solar energy forecasting

The capacity to reliably estimate generation while keeping some flexibility in
demand control will be necessary for solar energy integration into the grid [46].
Effective grid integration and planning depend on improved generation
predictions [47]. Energy forecasting is fundamental and crucial to practically
every area of the economy, including residential, commercial, and industrial [48].
There are research methods that focus on predicting load consumption patterns
or peak demand as a way of renewable energy integration [49-52]. However, for
an energy system that uses solar energy as its primary source of power, the
uncertainty in the system lies more in the variable nature of solar energy. In
addition, many loads are invariably affected by weather parameters like solar
radiation [53,54] which makes load consumption the dependent variable.
Therefore, it is more effective for the stability of a solar-driven energy system and
the dispatch of solar energy to the grid, to accurately predict solar energy supply

than load consumption.

To support the theory above, Cai et al. [51] concludes that the prediction
of energy consumption has to do with improving grid quality and allocation of
power supply. Basmadijan et al. [46] on the other hand states that maintaining an
equilibrium between power demand and supply solely rests with the supply side.
For efficient MG sites that have PV generation units, a precise characterization
of the solar energy available is crucial [55]. The argument is that supply is more
easily controllable than demand because of the stochastic or unpredictable way
consumers use energy [56]. For conventional grid sources, EMS is based on
demand forecasting and supply planning. For RES, EMS is based on supply
forecasting and demand planning. Therefore, the answer to the question of
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renewable energy integration is more suited to the prediction of renewable energy

supply also known as solar energy forecasting (SEF).

By being able to accurately forecast solar resources, one can then predict
what generation will be like and reduce uncertainty [3,47]. Accurate energy supply
forecast informs what control measures can be taken to maintain energy supply-
demand balance in the system. For instance, in periods of low energy supply,
alternative or standby generators can be deployed to augment power generation.
Operational control of both supply and demand in a power system is crucial to

renewable energy integration and aids in the balance of power [3].

2.2.2 Energy management system

With the emergence of solar energy as an important source of energy supply,
more thought must be given to increasing its usage in an efficient and sustainable
way. One such solution is the use of an EMS to match demand and supply. An
EMS is a tool that combines complex software and hardware to monitor, control
and optimize energy use to reduce cost [52]. The EMS has a control system
program that initiates a response depending on the energy supply forecasted.
This response could either be a supply response (SR), demand response (DR)
or a combination of both. Control systems are an important counter to the
fluctuating and intermittent nature of RES like solar and wind energy [57]. An
electric power control system uses control loop mechanisms to manage, regulate
and direct the electrical components within a power system, and thus the power
system itself [57]. Control systems use a feedback controller to modulate control.
Parameters such as system frequency or voltage could be used as the process
variables where a pre-determined control signal is generated once there is a

difference between the value of the process variable and a reference value.

2.2.3 Supply side management

EMS using control systems is critical in implementing SR, DR or a combination
of both, to ensure sufficient energy supply to satisfy demand [58]. SR is a subset
of SSM. SSM refers to the efficient generation, transmission, and distribution of

electricity to meet customer demand [59]. SSM is crucial in creating an energy
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reservoir to supplement inconsistent energy supply resulting from intermittency
of some RES. There are several SSM techniques including integrating battery
storage [60], optimizing and synchronizing alternative or back-up power [61],
dispatching algorithm for multiple energy supply sources [62], ramping up and

down of generation through automatic control and so on.

2.2.4 Demand Side Management

Conversely, DR is a subset of DSM. DSM is the process of using energy
efficiently by managing customers’ energy consumption [63], in addition to
reducing energy costs and emissions [64]. In the resource-constrained areas of
the grid, usually found in off-grid rural communities, storage batteries are often
over-sized to increase the reliability of the power system. DSM can act as an
energy buffer while reducing the capital and operating costs of the power system.
Examples of DSM are energy storage using, energy efficiency in buildings [65],
initiating DR and so on. DR focuses on short term adjustments made to load
usage [60] and is broadly categorized into two: price-based DR and incentive-
based DR. For efficient energy utilization, there is a need to integrate RE and
other distribution energy resources with DSM [66]. Conversely, successful
implementation of DSM can be achieved through energy forecasting [67]. In
addition, efficient power scheduling should be done using RE forecasting and
managing electricity tariffs through DSM [68]. A reliable EMS is vital to the
success of DSM [69]. It is clear to see that SEF, SSM and DSM are strongly
linked in an EMS.

In general, the review found that scientific journals mostly addressed
optimising the system in terms of storage, energy dispatch/supply, consumption,
and equipment sizing. Largely undiscussed was a comparative overview of the
IEMS framework. To analyse IEMS frameworks, we conducted a comprehensive
literature review for each sub-section of the framework, including the EMS. The
aim was to identify and emphasize key concepts and design considerations for
each parameter and their interconnectedness within the IEMS. Figure 2-1

illustrates the approach used in the study.
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Literature Review

2.3 Renewable smart hybrid mini-grids: The future of renewable
energy integration

A smart MG is a collection of controllable and physically proximate distributed
generator(s) and load resources, where there are multiple sources of AC power
and at least one of these is based on a renewable energy technology such as
wind or solar energy [4]. With the advent of smart grids, these resources can be
better controlled to deliver efficient and reliable power despite their intermittent
nature [46]. Due to their modular and distributed nature, smart grids are a viable
and sustainable way to provide power in developing countries [70]. The
renewable smart hybrid MG is ideal for dispatching an EMS because it requires
smart communication of multiple load and supply sources at the same time. There
are different classifications and iterations of the smart grid or MG namely the
renewable energy home system (REHS), renewable hybrid mini-grid (RHMG)
and the renewable smart hybrid mini-grid (RSHMG). Figure 2-2 shows the three
different configurations. An examination of their different characteristics and their
importance to the deployment of an EMS is further explained.
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Figure 2-2 Power system configurations for energy management system deployment

2.3.1 Distributed generation: Mini-grid & renewable energy home
systems

The conventional method of providing new electricity connections mainly from
traditional sources like fossil fuels is not sustainable, as the environmental costs
and rising fuel prices make grid extension expensive and less attractive [4,71].
For the problem of universal electricity access, the idea of a central utility
gradually extending the grid is being overshadowed by a more robust solution
using DDG. While the former causes transmission losses [72], the latter provides
the use of locally available energy sources. This eliminates transmission costs
and reduces power losses [4] as well as increases the flexibility and reliability of

the overall system.

DDG, particularly using RES, has proven to be a viable answer in terms of
cost and flexibility [3]. DDG shows a greater capacity of renewable integration
without compromising the grid [73]. DDG renewable configurations differ with
respect to capacity. At one end of the spectrum are MGs and integrated solar
farms, while at the other end are smaller renewable energy home systems
(REHS) like rooftop solar arrays. The increase in solar energy penetration has
also largely increased due to the fact that RES now have small-scale and large-
scale applications [74] with users ranging from small residential customers to

large utility operators. This is not independent of the fact that RE is relatively
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affordable and can be accessed by a wide spectrum of customers [2]. Figure 2-3

gives an overview of the DDG classifications.

The Nigerian Electricity Regulatory Commission (NERC) defines MGs as
systems with integrated generation and distribution networks that have installed
capacities below 1 MW [75]. This can be with or without storage [76]. NERC also
goes further to classify MGs as being either isolated (no connections to any
network) or interconnected to the main grid [75]. A study by the International
Renewable Agency (IRENA) gives a more general definition of MGs as simply an
integrated structure of energy sources and loads that may or may not include
functions of generation, storage control, management, measurement,
conversion, and consumption [77]. MGs are increasingly popular because of

technology flexibility and an efficiency in integrating large scale DDGs [78].

REHS are gaining popularity due to lower installation and operational
costs [11]. Like the name implies, these are systems that use one or more RES
as its primary or back-up source. They can either be stand-alone or grid-
connected. An example of a REHS is the solar home system (SHS). The SHS is
comprised of solar panel(s), a charge controller, battery, an inverter, and a load.
At the very basic level, the inverter is not included, and the load is DC in nature.
REHS can range from several watts to several thousand watts. They usually

represent the low end of the DDG spectrum.

REHS and MGs are quite similar in the sense that they both operate a
decentralized grid. In fact, MGs may be viewed as a bigger version of the REHS
in terms of energy production capacity. Ekpe and Umoh [70] infer that a solar
home system (SHS), which is an example of a REHS, can be easily scaled up to
a MG. There are, however, some other differences. REHS tend to provide a
lower tier of service than MGs [77]. Though central utilities on an average provide
a higher tier of power supply to multiple customers than both, they must consider
power losses due to distance and its equivalent costs. MGs on the other hand
can provide the quality of service a central utility provides while being closer to
the customer. In fact, MGs are a replica of the much larger central power systems

albeit on a smaller scale [79]. REHS are tailored to a particular customer’s load
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profile [76] while MGs can reasonably be designed and optimized to match the

aggregate load profiles of the customers it supplies [80].
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2.3.2 Renewable mini-grids and hybrids

A MG based on some-form of renewable energy is referred to as a renewable
mini-grid (RMG) [77]. RMGs are viable alternatives in supplying areas with no
connection to the grid (off-grid), areas with inefficient or erratic energy supply, or
areas where grid extension is not cost effective [3,77]. These MGs can serve as
a backup to the main grid or at other times help supply power during peak

demands [63], thereby reducing the burden on centralised utility networks.

RMGs can also be paired with generation from non-renewable sources like
diesel generators to form a renewable hybrid mini-grid (RHMG) [63,70,77].
RHMG are a cost-effective way of improving power system reliability through
renewable energy integration [81,82]. Typical configurations of the RHMG have
the renewable component as the primary source while diesel and/or batteries
serve as backup [83]. RHMGs are able to combine the advantages of each
generation source. For instance, a solar-diesel MG takes advantage of the stable
power supplied by a diesel generator versus the intermittent nature of solar
energy, while solar as a renewable energy source isn’t affected by varying fuel
prices. As compared to single-source power systems, RHMG supply greater load
for longer and are more efficient and cost-effective [84]. Falk et al. [85] also
attributes faster and more flexible energy supply as advantages of RHMGs
especially when incorporated with some form of storage. RMGs are viable in
providing reliable, affordable and environmentally friendly supply of energy
[63,77,80].

2.3.3 Grid-tied versus off-grid

IRENA groups MGs based on their connection to the grid and the type of service
provided. Connections are categorized as autonomous (isolated) or
interconnected (grid-tied) while the type of service is either lower tier or higher
tier [77]. However, Szewczuk [86] makes the case for an interconnected system
over an isolated system by highlighting the lower cost per connection due to the
fact that power from the grid can sometimes substitute storage and help with

system balancing. In addition, since grid-tied MGs are part of the main grid, they
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can be configured to help with the utility’s short-term problem of on-grid
congestion and peaking loads [63], and its long-term problem of grid extension.
Furthermore, Robert et al. [79] sites the semi-autonomous design of the
interconnected MG as the reason it contributes to the overall reliability and
resilience of the system. Isolated or off-grid MGs can only help with the latter
problem and require complex energy balancing mechanisms if the primary source
is RE. There is, therefore, a stronger case to look at an interconnected system
that addresses both on-grid congestion and grid extension. Typical configurations
of the RHMG are operating:

e as the primary power provider with the main grid as a back-up;

e as a back-up to the main grid; and/or

e a system to shave up peak demands and supply critical loads [77].

The EMS should be robust enough to be deployed either for on-grid or off-grid
power systems. The EMS’s function for an on-grid application will be to reduce
the strain on the grid by optimising the operations of any energy storages, co-
ordinate power dispatch and reducing peak load demands. In an off-grid
application, the EMS’s main function will be to maintain the integrity of the grid by
matching supply to demand since there is no back-up as the main grid is absent.

EMS can also be applied to frequency and voltage control of the grid.

2.3.4 Renewable smart hybrid mini-grid

Deployment of interconnected MGs has been limited and the technology is still
emerging [77]. The ability for various equipment and components in the power
system to interact and communicate with each other, interpret, and respond to
external and internal inputs in order to preserve the stability of the system makes
the grid “smart”. The objective of the smart grid is to upgrade the existing power
system to one that is safe, adaptable, resilient, expandable, and sustainable
[87,88]. Adding intelligence or smarts to a system yields better results for all
stakeholders involved, for example optimally switching power sources and load
shedding [3]. To increase grid penetration, RMGs or RHMGs “require technology
advancements in design and planning phases” [77]. According to IRENA [77],
these technological advancements include intelligent controls that can interpret
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high level algorithms, and integrate accurate RES predictions with adequate
battery control. Moreno-Garcia et al and Judge e al. [89,90] identify these
technologies as AMI, smart meters (SM), sophisticated communication and
information architectures or advance control and automation techniques. The
incorporation of these technologies transforms the RHMG into a renewable smart
hybrid mini-grid (RSHMG) [63]. Palahalli et al. [91] describes smart grids as the
interaction between power and communication devices to control power flow
within the grid network. These communication devices must be reliable [70] so
that the flow of information between monitoring and control devices results in the
accurate response. Smart grids must be able to integrate all components of the
system, from supplier to the end-user, and possess real time monitoring and
control [89]. The emphasis on smart grid is because the central technology used
in implementing DR programs or cost-reflective pricing (CRP) is the SM [92]. SM
is part of the AMI that integrates measurement, communication, control and

monitoring between the supply and demand side of the system [90,93].

Smart grids have also given rise to smart homes. Smart homes with
residential power generators are also capable of monitoring and controlling
customer appliances and loads [65].

2.4 Solar energy forecasting

The push for integrated renewable energy generation is seen as a key step in
reducing the dependency on depleting fossil fuels used in power generation.
However, the intermittent nature of RES, like wind and solar energy, means that
a higher penetration of these sources in the traditional grid would lead to reliability
and quality issues [13,79,89,94]. Therefore, a reliable way to forecast energy
resource availability is crucial in making sure energy demand always matches
supply. Accurate resource forecasting reduces the need for storage and other
reserves [79] and helps the energy sector to minimize power fluctuations while
maintaining the overall reliability of the system [66]. The results of a study by

Kromer et al. [95] show that by incorporating forecasting and day-ahead shaping
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of customer’s load, need for storage was reduced by 10%-20% and levelized cost
of energy (LCoE) by about 10%.

SEF is the process of predicting future solar irradiance or solar power
generated from historical and/or present meteorological observations [96]. There
are many SEF methods and techniques usually derived from considerations like
data input, forecasting architecture used to map the input data, the forecasting
methodology, the forecasting time frame/scale and the predicted outcome [97].
In considering the data type, this could be historical, real-time, or forecast data.
The data source describes the origin of the data for example if data comes from
an on-site weather station as opposed to a local weather station. Table 2-2 shows

a review of some studies based on data source and types.

Table 2-2 Review of research studies on data source and types

Research Study Historical Forecast | Historical | Historical
Observed Weather | Observed | Observed
Weather Data | Data Weather Energy
from Weather Data On- Meter Data
Station Site

Sarp et al. 2021 [98]

Aprillia et al. 2020 [99]
Cannizzaro et al. 2021 [100]
Gu et al. 2021 [101]

Nguyen et al. 2021 [102]
Pan et al. 2021 [103]
Ngoc-Lan Huynh et al. 2021 [104]
Pedregal et al. 2021 [105]
Ahmad et al. 2021 [106]
Korkmaz 2021 [107]

Li et al. 2019 [108]

Najibi et al. 2021 [109]
Rodriguez et al. 2018 [110]
Thukral 2020 [111]

Wang et al. 2018 [112]
Yakoubi et al. 2021 [113]
Zang et al. 2018 [114]

Chen et al. 2020 [115]
Anaadumba et al. 2021 [116]
Kushwaha et al. 2019 [117]
lyengar et al. 2014 [118]
Andrade et al. 2017 [119]
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Leva et al. 2017 [120]
Persson et al. 2017 [121]
Abedinia et al. 2017 [122]
Carrera et al. 2020 [123]
Kim et al. 2019 [124]
Kyliashkina et al. 2019 [125]

<K
SN
SN

Table 2-2 shows the possibility of different permutations of data types and
sources that have not been explored. There is clearly room for further research
and contribution to this area as highlighted by David et al. [45] in Section 2.1.
While some studies may choose to use one data (univariate) type, Table 2-2
reveals that majority rely on two data sets: the historical PV generation and a
meteorological data type. Even fewer studies make use of more than two data
sources. A more in-depth analysis of current literature, and an expansion of the

concepts highlighted in Table 2-2, can be seen in Table 2-3.

22



Table 2-3 A summary of studies on solar energy forecasting

No. of Weather Data

Parameters On site
O - Observed Weather
Research | Power System | Data Source | F - Forecast Station | Forecasting Methodology | Forecasting Architecture | Prediction time | Predicted Outcome
* Forecast
weather
* Historical * Deep feedforward
weather network (DFN) * Forecast — DFN
* PV data * Recurrent neural network | * Observed — RNN
93MW hybrid *Sun f-7 (RNN) *DFN + RNN — HN =
[123] PV-wind elevation O-16 No * Hybrid network (HN) solar energy 24-hour-ahead | Solar power generation
* Historical + real time —
* Historical SVM = solar irradiation
weather * Solar irradiation — solar
* Real time cell equation = solar
weather in energy
30 min * Historical — SVM = wind
intervals speed * Solar power
* Time * Wind speed — wind generation
74kW DC * PV Data O-5 Support Vector Machine energy generator equation * Wind power
[126] Microgrid *Wind Data | Real time - 3 Yes (SVM) = wind energy 24-hour-ahead | generation
* Wavelet Transform (WT)
* 2.3kW Wind - 3-level Wavelet * Wind speed — wind
Turbine decomposition curve = wind power
* 3.3kW Solar | * Observed * Artificial Neural Network- | generation via wind curve * Solar power
System weather multilayer feed forward * Solar radiation — lIsc, generation
* 22kWh * PV Data back propagation (FFBP) Voc formula = solar power * Wind power
[65] battery storage | *Wind Data | O -4 Yes network generation 5-min-ahead generation
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Hybrid

Microgrid
* 25kW Solar
System * Forecast — PDF = solar
* 15kW Wind irradiation
Turbine * Solar irradiation — solar
* 300kW Diesel power output formula =
* 30kW Fuel solar generation
Cell * Forecast — Rayleigh =
* 30kW Battery | * Forecast * Probability Density wind speed
* 30kW Grid weather Functions (PDF) - Solar * Wind speed —wind
* 30kW Water | * PV Data * Rayleigh distribution - generation formula = wind * Wind Speed
[62] Micro Turbine *Wind Data | f-2 No Wind power 24-hour-ahead | * Solar irradiation
* Solar PV
system * Current - Artificial Neural network:
* Micro-hydro Imp Feed-forward with
turbine power * Voltage - Levenberg - Marquardt Imp + Vmp — feed-
[127] system Vmp N/a No back propagation forward = solar generation | 24-hour-ahead Solar power generation
* Forecast
weather
* Historical Forecast + historical —
640W PV weather Random Forest: Non-linear | Random Forest = solar
[128] system * PV Data N/a No multiparameter regressor generation 24-hour-ahead | Solar power generation
Particle Swarm
* Historical Optimization (PSO) based
weather Support Vector Machine Historical — PSO with
[66] N/a * PV data O-5 No (SVM) regression model SVM = solar irradiation 24-hour-ahead | Solar irradiation
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* PV data
* Load

Residual Dilated Causal
Convolutional Network
(Res-DCCN), Naive,
Support Vector Machine
(SVM), Artificial Neural

PV data— Res-DCCN-A
= Solar generation
forecast

Load data— Res-DCCN-
B = Load demand forecast

Losses from Res-DCCN-
A+Losses from Res-
DCCN-B = Dual modal

[11] 14.52kW PV demand data | N/a No Network (ANN) loss— Adam Optimizer 1-hour-ahead Solar power generation
Historical — PDF using
Kernel function and
* PV data Probability Density density estimator —
* Wind data Function (PDF) based on Monte Carlo simulations =
* Load kernel method using Monte | Solar irradiation + wind * Wind Speed
[129] N/a demand data | N/a No Carlo Simulation speed N/a * Solar irradiation
Wavelet decomposition-
* Historical Generalized Neural
weather Network (GNN) based
[13] 5 kW PV * PV data O-4 No online forecasting model N/a 15-min-ahead Solar irradiation
*Historical data — Similar
analysis using KNN
* Historical *Weighed average of
weather similar days = solar
[130] N/a * PV data O-4 No K-nearest neighbour (KNN) | generation forecast 24-hour-ahead | Solar power generation
Modified Support Vector
* Historical Machine (SVM) with Gauss | Historical solar
weather Newton Method nonlinear insolation— Modified SVM
[131] 434kW PV * PV data O-1 N/a least squares = solar generation 24-hour-ahead | Solar power generation
*1.4kW PV * Historical Solar power
* Grid weather * Principal Component *Historical data — PCA generation, current
[132] Connected * PV power 0-2 Yes Analysis (PCA) *Historical data — FRNN N/a and voltage
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* Full Recurrent Neural
Network (FRNN)

[133]

N/a

Historical
weather

No

* Random Forest (RF)

* Artificial Neural Network
(ANN)

* XGBoost

*Historical data — PCA
+feature

*cleaned
data—RF,ANN,XGBoost

N/a

Solar irradiation
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In Table 2-3, the second column describes the type of power system used in the
forecast. As can be inferred from Section 2.2, each power system is unique and has
characteristics that will influence how the solar energy is forecasted. In the data source
column, data used in the studies were historical and forecast weather data as well as
power or energy meter readings from the PV plant. Some studies use more weather
data parameters than others in selecting the predictors to train the forecasting model.
These predictors have a direct impact on the predicted outcome. This is important
because the more relevant data used in training, the more accurate the model is [110].
In summary, the more weather parameters considered, the higher the possibility of

getting better predictors.

The proximity of the weather data to the power system is another factor to
consider when assessing a forecasting approach. Although weather data from a local
weather station may be accurate, it is possible that they don't fully reflect the site’s
local characteristics. By having a weather station on-site, this weather information can
be further refined [2]. Local weather conditions that affect the weather but are not
represented in data from local or regional weather stations can be captured by the on-
site weather station. Therefore, the presence of an on-site weather station is important

and is included in column 5 of the table.

According to the temporal scale, solar forecasting is divided into ultra-short-
term (1 minute to 1 hour ahead), short-term (1 hour to 1 week ahead), medium-term
(weeks, months, and quarters) and long-term forecasting (1 year to several years
ahead) [134].

The forecasting architecture describes how the forecasting methodology maps the
input data to the predicted outcome. Solar forecasting methods are divided into
physical, statistical, and hybrid models [135]. Physical methods are divided into
Satellite-Imaging models, Sky Images, and Numerical Weather Predictions (NWP)
[136]. NWP uses meteorological weather data like pressure, temperature, humidity
and so on, to predict either the solar radiation or PV generated. NWP output data are
the most widely used for 24-hour or day-ahead forecasts [137,138]. Statistical
methods like Artificial Neural Networks (ANN) and Support Vector Machines (SVM),

are data-driven and rely on historical data to make predictions. Both the physical and

27



statistical models can be combined to form hybrid models that provide a higher

forecasting accuracy.

2.5 Demand side management

Power system management can be categorized into demand side management (DSM)
and supply side management (SSM) [139]. Increase in energy demand and prices
necessitates energy optimization at both the supply and demand side [65]. SSM and
DSM are both critical in the planning phase for the integration of intermittent RE [140]
and are useful in reducing peak loads and increasing network capacity [139]. Energy
planning must consider the effects of both DSM and SSM in designing energy systems
that are reliable, financially viable and environmentally responsible [59]. The ultimate
goal of integrating both DSM and SSM is to meet customers demand needs in a

reliable and cost-effective way.

DSM and SSM can be uniquely viewed with regards to ramping up or down the
demand or supply respectively. In terms of DSM, the goal is to reduce consumer
demand to a manageable level at which load demands can be effectively supplied by
the system. On the other hand, DSM can be used to increase demand by activating

shiftable demand load and storage during times of surplus energy production.

As described by Szewczuk [86], smart grids make use of smart technologies
that focus on concepts like “dynamic demand management, automated battery control,
low-cost solar forecasting, intelligent refrigeration, optimal grid planning and
automated fault detection and diagnosis”. Kakran et al. [63] include components like
demand side responses and other smart devices like smart meters. The purpose is for

increased grid reliability, significant savings, and improved power quality [71].

DSM is the process of using energy efficiently by managing customers’ energy
consumption [63], thereby reducing the load demand and maximizing the capacity of
the power system. It refers to monitoring and control processes that reduces the
energy demand at the customer’s side of the meter [141]. Despite the advantages of
the RSHMG, the intermittent nature of renewable energy sources like solar energy can
lead to periods of reduced electricity generation. Also, non-existent or constrained

storage, along with fluctuating peak demand, can often reduce the reliability and
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efficiency of the system [142]. While energy storage can help mitigate some of these
problems, its relatively high cost hampers its deployment [67,143]. At these times,
DSM can be a useful tool to reduce demand peaks [93] and more evenly spread
demand so that it better matches with supply [142,144]. DSM is also listed as a key
resource that can help maintain stability in the grid when supply and demand do not
match up [13]. With no control over the supply, the aim is to modify the load to fit the
supply pattern [64]. In summary, DSM integrates load shifting and energy efficiency to
balance supply with demand [145]. Harper lists price incentives and distributed
intelligent load controllers as examples of DSM techniques and DSM technologies,
respectively. DSM implementation can potentially reduce the total investment costs of
MGs [67]. For example, remote or off-grid battery system storage can be reduced as
DSM can account for times of high peak. In an analysis of a SHS by Mehra et al. [146],
by grouping the load into critical and non-critical (shiftable) loads, the capital cost of
the system was reduced by 26%. In terms of cost to the investor/operator, DSM can
move demand to periods of excess generation, thereby eliminating or limiting the need
for energy storage [143]. For consumers, DSM means cheaper electricity through
effective and optimal load scheduling based on current electricity prices. The implicit
benefits of reducing peak demand include mitigating against electrical system
emergencies, deferring the cost of building additional transmission and distribution

networks, and reducing blackouts [59].

DSM is also critical to stand-alone systems since backup power cannot be
called from the grid [126]. This is even more pronounced if a RES is used as the

primary source. The DSM architecture [141] is shown Figure 2-4.
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Figure 2-4 Demand side management architecture
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2.5.1 Demand response

DR is a process whereby the energy demand of a customer is reduced by directly or
indirectly shutting off or reducing the consumption of some of the customer’s
appliances [141]. In effect, customer loads are shifted from peak hours to off-peak
hours [90,147] or from periods of high generation to lower generation [13]. Parrish et
al. [148] provided a broader definition of DR to include the flexibility to increase as well
as decrease energy demand to respond to surplus energy or reduced demand peaks,
respectively. When the energy supply is low, non-essential loads can be turned off
and later re-scheduled to periods of higher generation. During peak load periods, a
utility can shave off load by incentivizing customers to turn off equipment and shift
loads to off-peak periods. The incentive must be structured so that it provides
participating customers with payments exceeding their operational value for short
durations a few times a year. Customers can either pay higher tariffs during peak
periods or move non-essential load to off-peak periods and still get a discount.

The flexibility of DR is well suited to meet the fluctuating supply levels of variable
RES [8] and is an emerging tool at very high penetrations of VRE [9]. It is also
important to note that DR focuses on short-term adjustments made to load usage [60]
as a way of balancing the energy in the system rather than a more permanent long-
term fix as suggested by many SR methods. DR is often referred to as a bottom-up
approach, where the flexibility of the customer’'s demand cancels out the variability of
RES, making the system more reliable and stable [149]. DR can be categorized into

two [141] as shown in Figure 2-5.
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Figure 2-5. Demand response architecture

Typically loads in the DR program are categorized into interruptible, schedulable, and
non-schedulable loads. Interruptible loads are loads that can be turned off for short
periods without too much discomfort to the consumer [65] for example, water heaters.
Examples of schedulable loads are those that can be controlled by a thermostat, such
as air conditioners and space heaters, as well as those that don't necessarily need to
run at a certain time, including dishwashers, clothes washers, and dryers. [8]. Minhas
et al. [126] classified these loads as “controllable or flexible load demands” examples
of which are refrigerators and charging electric vehicles. Non-schedulable or non-
controllable loads are sometimes referred to as base loads [126]. These loads are of
utmost priority to the customer, for example, light sources and power sockets. Some
other literature may use different nomenclature like shiftable and uncontrollable loads
for schedulable and non-schedulable, respectively [150]. It is important to note that
while some loads like water heaters may fall under both interruptible and schedulable
loads, other loads like washing machines, electric cookers and dishwashers should
not be interrupted during operations. Therefore, schedulable tends to refer to these

types of loads.

An alternative to the direct participation of users, sometimes referred to as
customer control, is the process of demand response automation using existing control
systems [79]. The latter is also known as direct load control, which may use pre-agreed
load profiles or dynamic real-time profiling according to hour-ahead forecasts to shut

down and re-start certain customer load appliances.

DR programs are also linked to customer perception and satisfaction. The
ability of customers to reduce costs by scheduling their load based on preference is a
key motivation for customer participation in DR programs. DR also create “virtual”
power that can be called upon to reduce the load. By optimizing DR, system operators

can build smaller MGs and reduce capital and operating costs.
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2.5.2 Price-based demand response program

Refers to changes in power usage by customers in response to changes in electricity
prices in the form of tariffs. These changes would occur if the corresponding tariff
associated with different periods is significant enough. In other words, customers are
more likely to change their consumption habits if they are required to pay for more
during peak hours as opposed to off-peak hours [59]. Price-Based DR programs can
be categorized into Time-of-Use (TOU) pricing, Critical Peak Pricing and Real-Time
Pricing [141].

2.5.2.1 Time-of-use pricing

TOU pricing is based on the time interval for which the electricity is used [93]. Typically,
a day is divided into three intervals: peak interval, mid-peak interval and off-peak
intervals [93] with some literature referring to the mid-peak as the “shoulder” interval
[68,151]. The charges for operating loads during peak periods are usually significantly
higher than at other time intervals, in many cases double or quadrupled [145]. In this
way, the consumer is encouraged to either reduce peak period loads or shift them
completely. Using less energy during peak periods and more during off-peak simulates
the effect of peak shaving and valley filling, leading to a more balanced energy system
[150]. For example, flexible loads, such as preheating electric hot water heaters or
charging electric cars, are shifted to times of high solar energy production where the
cost is likely to be cheaper than the traditional grid electricity. Other time frames can
be time of day (day versus night), day of the week (weekday versus weekends) or

even time in the season (summer vs winter) [152].

TOU can be further broken down into static or dynamic. A static TOU tariff
offers a minimum of two different rates for fixed periods in the day. For example, an
operator can charge higher rates for weekday evenings and a lower rate for mornings.
The dynamic TOU tariff offers different rates for different hours of the day, usually with
input from real-time load/supply forecasting. It is also important to note that both TOU

rates can either be automated or involve direct customer participation.

TOU is considered one of the main pricing strategies used in the power market,
along with RTP and multistep electricity pricing [49]. It has wide applications in the
electricity markets because it has many advantages [13].
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2.5.2.2 Critical peak pricing
Critical peak pricing (CPP) are tariffs based on the peak hours of the day. Peaks are

sometimes determined by the real-time energy market, or if a contingency or an event
such as equipment breakdown, or high temperatures, occurs [153,154]. The aim is to
reduce the short-term peak in consumption. Peak hours logically will have a
significantly higher energy cost than off-peak periods to incentivize customers to

operate their loads during the latter [155].

2.5.2.3 Real-time pricing

Real-time pricing (RTP) tariffs are charged over very small intervals to reflect the true
nature of fluctuating energy prices. In other words, this tariffs frequently correspond to
wholesale market prices [156]. RTP, also called dynamic pricing, mirrors a utility’s
production cost in real time [157]. To capture such granular data requires relatively
expensive data monitoring and collection technology, high rate of data collection and
efficient data processing techniques. This makes implementation of RTP expensive

than other tariffs.

2.5.3 Incentive-based demand response program

Incentive-based DR programmes are usually established by the utility or operator
where the customer is given added financial incentive to reduce their load during peak
periods [93] or during periods when the utility/operator determines that not reducing

demand will lead to a system collapse.

2.5.3.1 Direct load control

Direct Load Control (DLC) is the process whereby the demand response operator
remotely shuts down or reduces a customer’s load or appliance [93,158,159]. The
choice of customer loads are loads that can bare such short-term interruptions [159]
with little inconvenience to the customer. The decision to shut down certain loads is
usually taken by the system operator to preserve the stability of the grid (sometimes
called load shedding) or by the customer to reduce operational costs. A number of

studies have evaluated DLC. Parrish et al. [160] used DLC to shed unnecessary loads
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by using undervoltage and underfrequency relays to monitor customer loads. This
method was shown to have up to 97% power supply reliability.

Some DLC programs use load controllers or load relays [159] that may be
centralized [151] to achieve instant load control. Customers are offered discounted
rates or incentivized payments to participate in such programs. Acute circumstances
that threaten the integrity of the grid tend to be the reasons for activating DLC [161].
This means that the customers may not be pre-notified, nor consent sought due to the

urgency of the situation.

2.5.3.2 Demand bidding

Demand bidding or demand side bidding is a concept that enables consumers to
participate directly or indirectly in electricity trading, with favourable tariffs or cash
incentives often tied to some demand management. In other words, operators can
offer customers cash incentive to achieve a daily load reduction target [162]. Since
most customers are not experts in the nuances of the electricity markets, they may
choose to trade indirectly through electricity retailers or municipalities who act as
intermediaries between the market and the customers [163]. These intermediaries
submit bids on behalf of the customers and, through their expertise can negotiate

cheaper rates based on their knowledge of electricity prices [164].

2.5.3.3 Interruptible/curtailable program

In a summary, interruptible or curtailable programs are those that use financial
incentives to encourage load-shedding responses [165]. They take advantage of a
customer’s interruptible loads by switching them off or keeping them on pause, during
peak or emergency events to maintain the required reserve capacity and preserve the
stability of the system [165]. This is achieved when the system operator looking to
obtain reserves, signs an agreement with the customer to interrupt their load based
on some agreed pre-conditions. In return, the customer is offered a payment based
on the reserve capacity realized or the energy delivered from that capacity. Just like
in the case of DLC, the customer receives no prior notice because the emergencies

or events are often without warning [162].
A comparison of the various DR programs is listed in Table 2-4.

Table 2-4 Comparison of demand response programs
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Incentive-based demand response program

Direct Indirect
Components Direct Load Control Interruptible Service Demand Bidding
Incentives * Discounted electricity | Payment based on Revenue from

rates

* Incentivized
payments

reserve capacity
realized

predefined prices and
quantity

Initiating party

* System operator
* Customers

System operator

Customers

Advanced warning

* No prior notice
* Pre-notified (if
initiated by customer)

No prior notice

Pre-notified

Non-compliance
penalty fees

Yes

Yes

No

Price-based demand response program

Components Time-of Use Pricing Real-Time Pricing Critical Peak pricing
Tariff category * Peak Standard * Peak

* Off-peak * Off-peak
Planning strategy Set in advance Real-time Set in advance

Tariff time-scale

Several hours or days

15 minutes to hourly

No. of peak days in a
year

Tariff Type * Static (fixed) Dynamic * Static

* Dynamic (varies) * Dynamic
Seasonality Optional No Yes
Drivers Customers’ load Wholesale market * Real-time energy

pattern

price

market
* Contingency or event

2.6 Supply side management

SSM refers to the efficient generation, transmission, and distribution of electricity to
meet customer demand [59]. Efficiency in this context describes supplying reliable and
quality power at an optimized price with reduced impact to the environment. SSM must
also satisfy demand without unnecessary infrastructure investments [139]. SSM also
refers to optimizing supply from various sources to respond to base and peak
demands [58].
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To match demand with supply, alternative generation must be factored into
system planning when the primary source is insufficient. System operators often have
primary protocol which involves a response by synchronous generator(s) to a shortage
in supply by providing additional power to match consumption. This response is almost
always instantaneous. Alternative energy can be supplied from rechargeable
batteries, power generators, and other RES sources. Bear in mind that battery storage
can be either a SSM or DSM response depending on the state of charge (SoC) of the
battery. In other words, If the load requirement is not being met, batteries can act as
back-up and supply the load. On the other hand, if excess power is being generated,
batteries can behave like a load and absorb power to recharge.

By increasing the energy supply, SSM ensures system reliability by providing
power to customers whenever demand increases for example initiating battery
storages, ramping up generator production etc. Conversely, supply is reduced to
prevent wastage of excess supply generated, and to reduce emissions and operations
costs [166].

2.6.1 Back-up power and supply side management: Batteries and
generator dispatch

The availability of back-up power is critical to SSM especially when RES are used as

the primary generators. To ensure power stability in both off-grid and on-grid PV-

connected systems, the hybrid PV system and the battery system are deployed [167].

The hybrid power system utilises electrical energy input into a MG from
conventional sources like coal, gas, petrol or diesel. Other energy inputs may include
RES and nuclear [70]. Typically, in areas where grid extension is not economically
feasible, stand-alone RES and diesel generators have been deployed to meet load
demand [82]. Communities served may be rural or insular, and DDGs are

commonplace in the local energy system [168].

There are many studies [70,82,169-171] that include generators as part of the
MG configurations. In a case study of an RSHMG, Ekpe and Umoh [70] propose
including a generator array as a back-up to the PV array and the grid as a measure to
improve the grid’s reliability due to the erratic nature of power supply from the central
grid. This shows that a generator is a viable energy source in maintaining grid

reliability. Tsai et al. [170] perform a techno-economic analysis of stand-alone diesel
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system, stand-alone PV/storage system, PV/diesel hybrid system (RHMG),
PV/diesel/storage hybrid system for the Pratas island in Taiwan. The results of the
analysis revealed that the PV/diesel hybrid system configuration had the lowest cost
of energy (CoE) at 0.3569 $/kWh. Murugaperumal et al. [171] validated the design and
techno-economic feasibility of an RHMG that uses a diesel generator. The research
concludes that the combination of these sources increases system reliability. Pujari
and Rudramoorthy [82] proposed using a diesel generator to supply customers under
peak load conditions when RES is limited. In an analysis of six different hybrid
combinations of PV, battery, wind turbine, and a diesel generator supplying a load
demand of 332.97 kWh/d, the RHMG system of PV, diesel generator, battery had the
lowest net present cost (NPC) and CoE. Although crucial for system stability and
dependability, diesel generators are sometimes viewed and modelled as "a black box"
that raises operating costs and has a negative impact on the environment due to their

excessive fuel consumption [172].

Battery Energy Storage Systems (BESS) can store energy from a variety of
sources and discharge it as needed. Rather than wasting electricity, BESS enables
excess generation to be stored when demand is low and used later at a more critical
time. The flexibility created from this approach leads to a reduction in cost for the user.
In addition, BESS can be charged during off-peak periods to take advantage of
reduced utility pricing while supplying its energy as an alternative during peak periods.
Both scenarios are widely used by electric vehicles in a vehicle-to-grid model. For
example, Zeynali et al. [173] uses a two-stage stochastic programming in a smart
home application to lower an average household's cost of purchasing electricity. In
this case, a home energy management system coordinates a BESS and the vehicle-
to-home capabilities of an electric vehicle. In another example, Song et al. [174] use
a multi-objective approach to reduce running costs and improve user comforts by
adjusting home energy management scheduling, photovoltaic integration, and battery
energy storage integration. By using RTP tariffs in the scheduling, cost reductions of

about 40% were realised.

BESS is also used in combination with other sources to reduce the overall CO2
and electricity costs of the system. For instance, Kusakaka et al. [175] uses a BESS
to reduce the fuel consumption of a diesel-powered RTG crane, thereby reducing the

operations costs by up to 40%. BESS tend to have higher up-front costs than other
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hybrid alternatives and lose the ability to hold a charge as time goes on. This cost and
reliability flaw makes BESS the weakest link in the PV system [176—178]. In mature
energy price markets with high BESS penetration, the benefits of owning a BESS
come from the price difference between times of energy scarcity (or high demand) and
times of abundant inexpensive energy [179]. Therefore, the higher the adoption rate,
the smaller the price difference which will make buying a BESS less appealing. To
mitigate against cost and reliability issues, an EMS is often used to optimally charge
and discharge the battery. The EMS will prevent excessive charging, discharging and
heat, to prolong the BESS life while charging when electricity rates are low and
discharging when they are high.

2.6.2 Flexible power supply generation

Flexibility in power supply is the ability of the system to ramp up or down power
generation in response to load demand. It can be done manually or automatically, as
part of a strategy or a response to an isolated event. Dispatchable generators, load-
following generators, and peaking power plants are all synonymous with flexibility and
can shed power generation as part of SSM. Gas turbines, modern coal plants,
controllable fuel-based generators, BESS, pumped hydro storage are examples of
dispatchable generation units that can be switched on or off depending on load

requirements, occurrence of an event, or an economic dispatch strategy [180,181].

While solar and wind are widely viewed as non-dispatchable energy sources
because they are not meant to be switched off, they can be curtailed when their
penetration levels create an instability in grid. In general, curtailment refers to using
less wind or solar energy than is possibly available at a given time [182]. Other causes
of curtailment are grid congestion and energy supply overproduction [183]. The key
concept is that any power source that can be controlled by increasing or decreasing

its output in response to demand at a given time fulfils the criteria for SSM.

2.7 Energy management system

Home Energy Management System (HEMS), Integrated Energy Management System
(IEMS), Smart Energy Management System (SEMS) or Centralized Energy

Management System (CEMS) are synonymous with EMS and are classified as
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systems that optimize SSM and DSM techniques to facilitate the production and use
of reliable and cost-effective energy. Historically, EMS referred to management of
energy and improvement of energy efficiency. EMS are a set of computer tools that
monitor, regulate, and improve the generation, transmission, and distribution of power
[69]. The EMS accepts conditions and constraints from either the supply and demand
side (or suppliers and consumers) and optimally schedules the consumers load within
those constraints [166]. According to Ma et al. [72], the EMS handles monitoring,
communication and bi-directional interaction between the source and the load.
Historical grids were mainly supplied by single sources with radial distribution
configurations. The grid has since evolved with advancements in technology and
communication. For smart grid applications, Zhao et al. [49] emphasizes that EMS
uses tools like SM, sensors, and other detection devices to achieve five main
objectives: minimizing costs, load curve optimization, reduction of CO2 emissions,
maximizing renewable energy outputs, and improved user comfort. These objectives
are classified under the three broad frameworks of economy (cost savings),

environment, and human comfort.

EMS is broadly classified into two categories: predictive energy management
system (PEMS) and real-time energy management system (REMS) [147]. PEMS
involves using historical data to generate a load forecast, an energy supply forecast,
or a combination of both, to make sure supply optimally matches with demand.
However, because forecasting is not a 100% science, real time scheduling of the load
needs to be integrated to adjust the prediction errors. As the name suggests, REMS
uses real-time algorithms to adjust the control of the load or supply based on the SSM
or DSM parameters.

2.7.1 Energy management system control

The EMS can be sometimes called the control system [65]. EMS control is mainly
classified into three categories: centralized controllers, decentralized schemes and
distributed control strategies, with the centralized controllers more widely proposed for
systems that require integrating forecasting with SR and DR [72]. The EMS with a
centralized controller works by having a direct connection with each distributed energy
resource in the system. The forecasting input into the EMS controller can be in the

form of supply forecast, load forecast or a combination of both. It is also able to monitor
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and process information, store data and initiate the required SR and/or DR responses

based on pre-determined objectives or constraints.

Deka et al. [58] uses a single-phase digital Programmable Intelligent Computer
(PIC) microcontroller to regulate the power flow to individual customers. The software
was developed in C- language and compiled by MikroC compiler. The controller is
programmed with a pre-determined load limit that if exceeded by the customer, results
in power being cut-off to that customer. When this is adjusted below the pre-set value,
power is restored back to the user. The research points out that the controller was

selected because of its “performance, power efficiency and design flexibility” [58].

Shakeri et al. [147] explores a HEMS that uses smart plugs and a local
controller. The local controller is the brain of the system. It uses electricity price,
customer’s preference and the batteries’ SoC to determine if load should be supplied
by the utility, battery or postponed to a later timeslot with lower or off-peak electricity
prices. Smart plugs are the interface between the local controller and load and can
measure and monitor power consumption of connected electrical appliances. They
communicate this information to the local controller and receive feedback on what

appropriate control action to implement.

While the above method is effective for power supply that is constant,
customers enrolled in a system using this technology will encounter blackouts if they
exceed the power threshold. The intermittent nature of solar energy suggests supply
will always fluctuate and therefore a more robust approach is required. What this
research proposes is for the control system to adjust the supply by calling on standby
or alternative generation to meet the required demand. The key difference is that the
microcontroller makes decides based on both the real-time supply and demand, and

not just the demand.

The EMS highlighted in [128] optimizes the system based on energy storage in
batteries, customer’s load consumption and cost-reflected energy purchases. It has
as its input the estimated PV energy forecast, the demand forecast and the maximum
contracted power. The aim is to optimally decide next day energy usage by minimizing
energy cost and efficiently using the batteries. The EMS algorithm prioritizes
consumption of the PV, supply of demand above contracted power, and then charging

the battery based on excess PV or electricity purchased at low cost.
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2.7.2 Smart meters

Smart meters (SM) are an important element in converting an EMS into a smart EMS,
playing an integral part in the communication platform of a smart grid [69]. SM are
measurement devices that continuously track and log power consumption in real-time
at pre-determined intervals [184]. For the consumer, SM are the most important tools
in designing a good DSM program [185]. On a very basic level, this is achieved by
providing the customer with their consumption information to influence how they
manage it. For the service producer or supplier, the ability to remotely access or control
SM reduces operational costs, determines revenue, and improves security in energy
supply. In addition, the accuracy of supply and demand forecasts depends on the SM
[186].

SM performs other tasks including managing electricity and scheduling appliance
usage [187], reducing energy theft, increasing energy efficiency [188], automated data
collection [189], and fraud detection [190] to name a few. Smart meters enable a two-
way communication between customers and producers and offer flexibility in demand
side control. This bi-directional communication is the most important feature of SM
[191].

2.8 Integrated energy management system

EMS and IEMS are sometimes used interchangeably [192,193]. Jabbour et al. [194]
also switch between the two acronyms but qualify the term “integrated” as an approach
that addresses a multi-objective optimisation problem for energy saving, user comfort
and maximising energy from renewable energy sources. However, it is important to
properly differentiate them based on function and scope. EMS’s definition historically
came from the management of a single energy supply source, Wang et al. [195]
defines an IEMS as a platform that integrates energy dispatch and control for multiple
energy sources. The aim of the IEMS is to achieve reliable and economical operation
of integrated energy systems (IES) while meeting the system constraints and realizing
optimal scheduling. The authors site the constraints of dealing with multi-energy
systems as the reason IEMS, with the development of Energy Internet and the use of
big data, is a necessity. According to Zhang et al. [196], the enhancement of building

performance by existing EMS strategies was done in two silos: building simulation and
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control management. This led to longer operating times and inaccuracies. The
proposed IEMS corrects this by integrating the physics of the building, renewable
energy systems, energy storage, energy distribution systems, heating and cooling
technologies, allowing the flexibility of control strategies based on the users’
objectives. This suggests that the IEMS can manage multiple energy sources and
control strategies. Yi et al. [197] firstly define IES as a system that is made up of
numerous subsystems involved in the generation, distribution, and storage of various
energy sources. IES integrates multiple energy and power sources using advance
energy conversion technologies to efficiently improve energy use, increase system
flexibility and reduce carbon emissions [198,199]. Just like EMS, IES is sometimes
used interchangeably with IEMS. Reviewing the literature, IES is often defined as an
optimization problem with set function objectives. For example, Guo and Xiang [200]
propose an interactive Integrated Energy System Planning (IESP) platform that
aggregates various energy sources (electricity, gas, heat) and takes as its input
investment decisions, load profiles, meteorological data, and techno-economic
parameters converting int a mixed integer linear programming problem. The objective
is the optimal component size of each energy source, optimised total annual cost and
carbon emissions. Huang et al. [201] propose the park integrated energy system
(PIES), which is a stochastic optimal scheduling method that aims to achieve low-
carbon but economically optimal results while considering generation-side and
customer-side uncertainties and their impacts on the system. These uncertainties are
comprised of factors such as the variable nature of RES and fluctuations in multi-
energy load demands influenced by weather and seasonality, geographic location and
so on. Like Huang et al. [201], Feng et al. [202] consider the optimization of the IES
considering RES and energy demand uncertainties using the information gap decision
theory method. He et al.[203] solve the annual cost of planning for an IES as the
objective of its optimization problem by considering electric vehicles swapping stations
and carbon capture power systems while using natural gas, heating networks, PV and
wind energy on the supply side. The focus of these models is on energy conversion
within constraints and not on the IEMS components highlighted in Section 2.2.

Another category of IES to consider are energy system modelling software.
Software like PLEXOS use multi-objective decision optimization particularly to solve

unit commitment (UC) and energy dispatch (ED) problems. For example,
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Papadopoulos [204] highlights a case study of a multi-objective problem maximising
the profits of an operator’s generation portfolio, minimizing total system costs, and
minimizing total generated emissions. These objectives are characterised by Pareto
optimality, where the solutions to the objective problem are Pareto solutions in which
the improvement of an objective does not diminish another. Here again the objectives
and constraints relate to the energy conversion and use. In a review of 75 other energy
and modelling software, Ringkjgb et al. [205] classifies them based on technological
and economic parameters, general logic, and spatiotemporal resolution. General logic
is further broken down into purpose (power system analysis, operation decision such
as ED and UC, investment modelling), approach (top-down or bottom-up) and
methodology (simulation or optimisation). Most software are black boxes and not
openly sourced, with no description of their architecture or methodologies. While some
software are classified under supply/demand modelling approaches, this is related to
energy markets and not management of supply and demand within the IEMS. Finally,
the authors mention that only a few models like EMPS and E2M2 account for
uncertainty of VRE sources. The authors highlight “demand side” as an area of future
model development suggesting the focus has been more on the supply side. Two of
the most applied software in 100% RE systems are LUT Energy System Transition
model and EnergyPLAN [206]. These models develop optimised solutions while
performing interconnected multi-node, full-hourly, multi-sector energy modelling
analysis [207]. LUT Energy System Transition model integrates power, heat, transport,
and other industry processes into an IES, using linear optimisation to match total
annual energy generation to demand on an hourly basis. While synthesised power
load data is one of the model's key inputs, DSM is not considered a key input.
EnergyPLAN is a deterministic model that focuses on designing national or regional
energy planning strategies. Just like LUT model, EnergyPLAN is ideal for intermittent
RES because it produces hourly simulations but does not take DSM inputs, taking
actual demand instead. Other more recent energy modelling tools like H2RES use
linear optimisation to minimise the discounted yearly operation and system costs while
providing long-term capacity investment and dispatching optimisation [208].

Yi et al. [197] describe IEMS as a subcategory of IES, where the “management”
term deals with controlling energy distribution under different price conditions. Ren et

al. [209] idea of an IEMS is the combination of smart power consumption and loT into
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a single framework. Through loT, various utility data collection nodes including utility
type, consumption cost, predicted consumption pattens and so on are transmitted to
their respective databases in the designated centralized data server through a wireless
network. This is more efficient than the old EMS method of transmitting smart meter
data to centralized storage through GPRS communication. From the above definitions
of IEMS, we can broadly infer two things. That IEMS is an integration of multiple energy
systems and multiple control strategies leveraging on technology like l1oT. Multiple
energy systems may refer to varied energy sources like hydro, biomass, solar storage,
spinning or stand-by reserve plants and so on while multiple control strategies could
involve supply and demand optimisation algorithms, forecasting, and dispatch models.
EMS may relate to just one energy system and can be either a PEMS or REMS, while
IEMS can implement PEMS through RES forecasting and make adjustments in real-
time (REMS). Finally, the concept of integrated demand response (IDR) put forward
by Huang et al. [210] is introduced due to changes in technology and the energy
market. The authors subscribe that the traditional DR and it’s single strategy of power
system scheduling and control is not sufficient for future grid networks which have
developed into multi-energy systems with varied forms of energy consumption,
storage, and technologies like combined cooling, heat and power (CCHP). In essence,
just like DR has given way to IDR in the context of multi-energy systems and control,
IEMS must succeed the EMS in today’s complex power networks. On the strength of
this, we define IEMS as a system that manages multi-source or multi-energy systems
by leveraging on advancement in technology and communication to integrate both
PEMS and REMS controls, and initiate supply and demand responses with the aim of

balancing the load and power supply in the grid.

Several studies [59,60,166,211-213] have been identified that combine SSM
and DSM, or SR and DR, into an EMS to balance supply and demand in a system. In
their approach, Deka et al. [211] consider both SSM and DSM strategies supported by
an IEMS for data centres. The study chooses to explore the various scenarios of
demand side flexibility rather than the actual response. It also explores the operational
considerations of consolidation, shifting, migration and frequency scaling in

participating in DR programs.

In Karunanithi et al [59], three DSM scenarios were analysed: energy

conservation, peak load shifting and a simultaneous combination of both. On the other
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hand, the three SSM strategies considered are reduction of T&D losses, increasing

the efficiency of all thermal power plants and the simultaneous combination of both.

Monyei and Adewumi [166] use carbon capture and sequestration technology
as SSM techniques to reduce operations and emissions cost. On the DR side, RTP

and TOU are used to reduce the consumer’s electricity bill.

Luo et al. [212] looks at the integration of SSM and DSM in multi-energy
systems in buildings. The research focuses on its SSM by using a tri-generation of
using the prime mover set of solid oxide fuel cell-gas turbine with cool storage, heat
storage and electricity storage managed by an optimization algorithm. Utility electricity
was used as the back-up. For DSM, electric cars and other dispatchable appliances
were scheduled using predictive modelling with inputs from weather data and other
building information. This predictive modelling is part of the demand optimization
algorithm. In essence, both supply and demand algorithms would simultaneously
predict supply and demand patterns in a day respectively and make sure they

coincide.

Ghiasi et al. [213] uses adaptive fuzzy control to regulate supply from the
combination of PV, fuel cells, plug-in electric vehicle, the grid, and battery energy
storage as the supply sources. DSM strategies use game theory to schedule
controllable loads during off-peak periods. Another research that includes the
integration of an electric vehicle (EV) was conducted by Aoun et al. [60]. The
researchers consider the use of an intelligent EMS, EV integration with smart charging
and discharging and load scheduling of appliances as part of the demand response.
On the supply side, the integration of a PV system with and without storage was
analysed. The sources of energy to the were PV, diesel generator, utility grid and

power from the EV batteries.

On another note, there are EMSs that combine energy supply forecasting with
either DSM [62,126] or SSM. Very few have investigated all three and their integration
into an EMS. In research for the mining industry, Ortiz et al. [214] focuses on using PV
and BESS as the primary source of SSM using a mining case study while having the
grid as a back-up. DSM technique included managing the hardness of rocks fed to the
semiautogenous grinding mill by sending hard rocks (which are harder to grind) into

the mill when energy costs are low and sending soft rocks when costs are high. In
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addition, solar radiation forecast analysis is done over 13 years of data by combining
a trend analysis and a forecast model to determine probabilities for different day types,

and hence the marginal probabilities.

Su et al. [129] includes both RE and load forecasting along with an integrated
supply-demand side management response. The study uses the Non-dominated
Sorting Genetic Algorithm-Il (NSGA-II), to solve the multi-objective optimization that
includes minimizing energy consumption, maintaining a gas network buffer, improving
profits by scheduling loads with best electricity prices, and reducing operational power
consumption. The supply side was simulated through an energy network simulation
module that included energy sources from PV, wind, the utility grid, and a natural gas
network. SSM included an energy conversion model of gas-fired power generation for
times of low supply, and a power to gas system for times of excess power production.

The DSM framework is developed based on dynamic pricing.

In the research by Pascual et al. [61], an energy management strategy
incorporates both battery and thermal storage along with DSM and forecasting
techniques. The research analyses a combined thermo-electrical microgrid with wind,
PV, solar concentrators and Utility as the primary sources and hot water storage and
battery storages as the backup. The SSM relied on the EMS to call up power from
battery bank and utility when RE production is low. The DMS’s unique strategy is to
absorb excess power to the electric heater during peak production, thereby converting

the excess power to thermal storage.

Pawar et al. [66] uses an Intelligent Smart Energy Management System
(ISEMS) made up of three stages: PV data collection and generation, forecasting
model integrated with smart energy management gateway and smart sockets to turn
on and off appliances, and an internet-of things (loT) environment for users to view
energy details and manage appliance priorities. The ISEMS manages the system by
checking if current demand exceeds a pre-defined maximum demand. If this condition
is met, the ISEMS decisive algorithm will turn-off appliances to reduce the demand
based on a priority order determined by the user. The ISEMS will also notify the user
through the IoT environment when loads are being used during peak periods so that

the user can change/update priority requests.
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In a study by Shivam et al. [11], a PEMS is deployed using a three-level
hierarchical control method which are monitoring and prediction, multi-objective
optimization and control of PV-battery hybrid system. A PEMS controller is connected
directly to the PV and battery bank, and connected to the grid via a smart meter,
drawing from all three sources to satisfy the load based on its algorithm. The PEMS
monitors and collects PV, load and SOC data, separating them into day or night by
logic control. The output is then fed into the machine learning forecasting framework
resulting in PV and load forecasts. Multi-objective optimization is used on the predicted
values to find the SOC limit for the battery bank based on maximum battery SOC limit,
cost of electricity and maximum allowable CO2 emissions. The load demand is then
satisfied using PV energy, battery bank or the grid. If excess energy is generated that
surpasses the battery bank’s scheduled maximum SOC limit, then it is sold to the utility

grid. Table 2-5 shows a summary of IEMS related studies.
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Table 2-5 A summary of studies on integrated energy management systems

Solar Energy
Power EMS - Control | Prediction | Forecasting Forecast PV Power
Research | System Primary Backup | System Time Methodology Outcome prediction SSM DSM
* Solar cell Direct Load
power Control
equation (DLC)
EMS with *Wind * Wind with Sliding
adaptive Speed generator Mode
74kW DC nonlinear 24-hour- Support Vector * Solar power Control
[126] Microgrid Wind-PV | Utility control theory | ahead Machine (SVM) irradiation equation (SMC)
Rule-based
control Optimisation
strategy to | based
* 3.75kW PV Solar manage strategy:
* 6.4kWh 24-hour- power energy DLC & RTP,
[56] Battery PV Battery HEMS ahead N/a generated N/a sharing DLC & TOU
Hybrid
Microgrid
* 25kW PV
* 15kW Wind
Turbine
* 300kW
Diesel Water, * Rayleigh
* 30kW Fuel | Wind, PV, * Probability model for
Cell Fuel cell, Density Functions | * Wind wind power Power
* 30kW Battery, (PDF) - Solar Speed * Solar power | Dispatch
Battery Diesel * Utility 24-hour- * Rayleigh * Solar output algorithm Incentive-
[62] * 30kW Grid | generator | * Battery | N/a ahead distribution - Wind | irradiation formula with control | based DR
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* 30kW

Water Micro
Turbine
* Power Control
curve of wind | algorithm: if
Hybrid turbine (kw load > net
Microgrid vs m/s2) power
* 2.3kW * Solar (including
Wind Turbine * Wavelet * Wind formula to storage),
* 3.3kW PV Transform (WT) Speed determine Isc | accept from
* 22kWh * Utility HEMS 5-min- * Artificial Neural * Solar and Voc. P= | grid and
[65] Battery Wind-PV | * Battery | algorithm ahead Network irradiation Isc x Voc vice versa TOU
Control
algorithm:
load
consumptio
n, if
demand >
max
Random Forest: contracted
Non-linear Solar power,
* Utility EMS using 3 24-hour- multiparameter power supply from
[128] 640W PV PV * Battery | inputs. ahead regressor generated N/a storage
6.6 kV Solar Controller
distribution 24-hour- Just-in-time power and voltage
[215] network Grid PV HEMS ahead modelling scheme | generated N/a regulator TOU, DLC
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Intelligent Particle Swarm
Smart Energy Optimization TOU for
Management (PSO) based schedulable
System Support Vector or
(ISEMS) with 3 Machine (SVM) Solar chargeable
[66] N/a PV Utility stages N/a regression model | irradiation N/a loads
Control
*Residual Dilated algorithm:
Causal if demand
Convolutional > PV, use
Network (Res- battery
DCCN), bank. If
*Naive, demand >
*Support Vector PV +
Machine (SVM), Solar battery
* Utility 1-hour- *Artificial Neural power bank, buy Dynamic
[11] 14.52kW PV | PV * Battery | PEMS ahead Network (ANN) generated N/a from Grid. pricing
* Wind power
production The Non-
* Wind formula dominated
farm Probability * Real power | Sorting
* Wind farm * PV Density Function production of | Genetic
*PV * Natural (PDF) based on * Wind PV and the Algorithm-II
* Natural gas | gas kernel method Speed combined (NSGA-II)
network network Gas to using Monte Carlo | * Solar efficiency of | with power | Dynamic
[129] *Utility *Utility power N/a N/a Simulation irradiation PV formulas | to gas pricing




Electro- Control
thermal strategy to
Microgrid increase
*6 kW Wind power to
farm electric
* 6 kW PV heater during
* Utility peak
*2 kW solar | *Wind * Estimated Use power | production,
thermal farm output power | from thereby
collectors * PV PV equation | batteries or | converting
* 27 kWh * Utility * Utility EMS using a * Wind * Estimated grid to excess
Battery * solar * Battery | Central Moving Weather Speed output power | supplement | power to
* 800L Hot thermal * Approach 24-hour- forecasting with * Solar Wind RE thermal
[61] water tank collectors | Thermal | (CMA) ahead NWP model irradiation equation production | storage
Control
algorithm:
Wavelet if demand
decomposition- > PV, use
Generalized PHS. If
Pumped Neural Network PV power demand >
hydro (GNN) based output PV + PHS,
5 kW Micro storage 15-min- online forecasting | Solar estimation buy from
[13] Grid 5kW PV | (PHS) EMS algorithm | ahead model irradiation formula Grid. TOU
Control
algorithm:
check
electricity
price. If
* 800W PV * 800W cheap,
* Utility PV operate on
* 4.8 kWh *4.8 utility, if not
Battery kWh HEMS check
[147] Storage Utility Battery | algorithm Intra day N/a N/a N/a battery TOU
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SOC. If

load <
SOC, use
battery. If
not operate
on utility or
postpone
* Micro
gas
Microgrid turbine
*2.3kW (MGT)
Wind Turbine * Enhanced
* 3.3kW PV * 2.3kW Electric | HEMS using Differential
* Utility Wind Vehicle | mixed integer Evolution based
* 22kWh Turbine (Mobile | linear Artificial Neural
battery * 3.3kW Storage) | programming 24-hour- Network (EDE-
[216] storage PV * Battery | (MILP) ahead ANN) N/a N/a N/a N/a
24-hour-
ahead
(PEMS)
*5 Kw PV 5-min- Robust Self-
* 5 kW * Utility HEMS ahead Attention Multi- Solar Schedular RTP, TOU,
[217] Battery PV * Battery | algorithm (REMS) Horizon (RSAM) irradiation N/a algorithm CPP
Use power
from
batteries to
*40W PV Simple Electric Solar supplement
* 48V 5Ah Li- Utility Platform | 1-hour- Long Short-Term | power RE
[218] ion Battery PV Battery | (SEUP) ahead Memory (LSTM) generated N/a production | DLC
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Use power
from

*1.5MW PV batteries to
* Solar supplement
0.5MW/1MW Multi-hour power RE
[143] h Battery PV Battery | SunDial ahead N/a generated production | DR
*PV power Use power
module from
*1 kW PV Ultra-short, *Wind equation batteries to
*1 kW Wind short, Speed *Wind power | supplement
Turbine medium, * Solar module RE
[67] * Battery Wind-PV | Battery N/a and long Random Forest irradiation equation production DR
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In addition to the power system in which the IEMS is deployed, Table 2-5 also
classifies power supply into primary and back-up to highlight what type of system
configuration is being used. In column 5, the IEMS control system describes the
algorithm by which the IEMS selects both a SSM and DSM response.

The forecasting methodology applies to the algorithm used to arrive at the
forecasted outcome. PV power forecasted is broadly divided into three broad
categories: direct, indirect and hybrid models [219]. The direct method does not
require any internal data from the PV system and determines the PV power
directly by relying more on historical data. The indirect model forecasts solar
radiation first, and then uses analytical power equations to determine the PV
generated based on the power plant's technical parameters. The hybrid model is
simply a combination of the direct and indirect models. Finally, the last two
columns give the SSM and DSM responses used in the IEMS. Due to the different
types and approaches of SEF, SSM and DSM, it is obvious to see that there are
many possible combinations. The studies choice of which method to use depends

on constraints and objectives unique to each location or case study.

2.9 IEMS perspective and future research

The outcome of Table 2-5 shows that there is potential for different combinations
of SSM and DSM, with SEF within an IEMS. Other potential research areas can
arise by simply varying any of the parameters in Table 2-5. As stated before,
although the choice of SEF, SSM and DSM are determined by constraints and
objectives, there is potential to investigate the different combinations and how
they affect the power system. For example, does DLC work better by itself than
a combination of DLC and TOU? This can lead to other research questions like
what are the savings and costs of each type of SSM or DSM, and how does this
affect the customer or system operator? A possible research methodology would
be to analyse consumption and costs of each SSM or DSM response added to

the system against a baseline with no SSM or DSM responses.
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IEMS is not limited to PV, and research can be extended to other predictable RES
like wind and tidal energy. Other research areas could include integrating artificial
intelligence (Al) within an IEMS to support the decision making of a system
operator. The ability of Al to sort through different objectives and constraints,
while determining the best possible control strategy will be crucial in IEMS
adoption across all levels of the grid. From a policy standpoint, it would be
important to know the barriers that exist in sharing, accessing, and controlling
user load preferences in determining what DSM strategy to implement. With the
IEMS’s need to access all or most of the system’s databases, much thought
needs to be given to system security and the protection of both the user and
system operator. Finally, in the event of an IEMS fault or collapse, what back-up
measures can be set-up to keep the fault from extending to the grid.

To buttress the point of the significance of different DR combinations,
Papadimitriou et al. [220] examines DR programs used in several energy hubs
studies, and compares them based on factors like cost, dependability, and
adaptability. The authors found out that different DR programs were used to
achieve different objectives like minimizing costs and/or power interruptions. DR
programs have advantages in different settings and iterations must be carried out
to determine which DR option gives the best outcome for a particular objective.
For instance, while incentive-based DR programs like DLC showed great
prospects in reducing power peaks in the energy hubs, they tend to increase the
annual cost for the consumer. In terms of performance, TOU pricing is the most
popular time-differentiated electrical tariff to reduce load demand and achieve
efficient levels of electricity [221-224], it does not always produce the best
results. For instance, in a study by Nourollahi et al. [225]., RTP reduces the
operation cost of a conventional AC microgrid and a hybrid AC-DC microgrid by
8.1%and 53.89% respectively compared to TOU (7.1% and 42%). In another
review of optimal charging and scheduling of EVs [226], RTP showed the most
promise over TOU, CPP, and peak time rebates. In a study by Cui et al. [227].,
due to the high billing instability and risk of price fluctuations, DLC in cooperative
gaming was favoured over RTP in participating in a balance power market.
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Looking at another angle, the absence or presence of PV as either a primary or
secondary source affects the way the IEMS operates. In a study by Rastegar et
al. [228], PV/utility with TOU improves a base case without DR by 65%, while
Utility and TOU without PV improves the base case by 61%.

Different SRs and DRs can be classified either as predictive or real-time
responses. For instance, the static TOU is used for longer time frames and is set
in advance (predictive) while RTP is determined close to real-time load
consumption [229]. By initiating predictive and real-time responses, the IEMS can
be both a PEMS and REMS. A valid question emerges as to which of the EMS
schemes is better and is it advantageous to have both. To answer that question
is to look at both independently. The ability to forecast energy supply or load
demand accurately is a crucial part of PEMS, leading to better customer
preparation and participation, informed decision-making as well as efficient power
system operations and reduced costs [230]. For instance, a forecast of low
energy supply gives the PEMS or customer plenty of time to put effective
contingency plans in place. But forecasting methods are not 100% accurate due
to the stochastic nature of load and PV generation [231]. The result of this is that
PV and wind energy forecast errors increase absolute levels of real-time energy
imbalance and day-ahead or intra-day spot prices [232]. To mitigate against this,
a real-time control component of the EMS must be included to adjust the
responses of the load and supply. Therefore, the integration of PEMS and REMS,
also referred in some literature as an IEMS, is crucial in maintaining the supply-
demand energy balance in the system while minimizing errors. In a study by Hafiz
et al. [231], Long Short-term Memory (LSTM) - based deep learning neural
network is used to forecast load and PV generation profiles. The deviations from
the forecasted profiles are corrected by integrating an offline multistage
stochastic optimization model with dual dynamic programming and a real-time

based controller.

In another study, Jiang et al. [233] refers to the IEMS as a “double-layered
coordinated control approach” and calls PEMS the “schedule layer” while the

REMS is the “dispatch layer”’. The schedule layer takes as its input forecasted
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energy, load data, and market prices and schedules the load sequence. It also
creates a power reserve for each time-step to compensate for any forecasting
errors. The dispatch layer follows the load sequence set by the schedule layer by
optimising power flow and voltage limits, while activating the reserved power to
correct the forecasting errors. In another study by Nge et al. [234], the authors
use the REMS to compensate for PV forecasting errors by using method of
Lagrange multipliers to form an optimal dispatch function to adjust battery power
based on market prices. In yet another study, Elkazaz et al. [235] uses a
hierarchical two-layer EMS. The first layer is a model predictive control layer
which optimizes energy usage by efficiently scheduling home appliances. The
second is a real-time controller layer which minimizes energy wastage due to
forecast errors by optimally dispatching the BESS. The second layer achieves
this by prioritizing self-consumption from the BESS when the load is greater than
supply. Conversely, if the supply is greater than the load, the BESS is charged
first before excess supply is exported to the grid. In the same study, the findings
demonstrate that, for the same battery capacity, the two-layer EMS produced PV
self-consumption of up to 91.1% annually, as opposed to a single layer system,
which only produced 78.8%. When compared to a single-layer EMS, the two-
layer system reduced household payments by up to 27.8% annually. This
suggests the two-layer is better than one. With that established, future research
lies in investigating the effects in terms of consumption and costs of different SR

and DR combinations used in the predictive and real-time layers of the IEMS.

Finally, the methods highlighted in this paper can be compared to other
solar integration methods used in applications like UC, ED modelling, and solar
energy optimization models. For example, Fang et al. [236] propose a multi-
objective UC model that considers the operational risks of load shedding and
wind curtailment, to integrate solar energy and optimally allocate power for peak-
shaving in a hybrid wind and concentrating solar power plant. Robin and Kory
[237] explore the resilience of a microgrid by proposing a stochastic mixed integer
model for day-ahead UC that optimises transmission switching, emergency PV
generation and power sharing between interconnected grids. Dispatch of multi-

energy power systems, like the one proposed by Wang et al. [238], define system
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objectives like cost and energy absorption as part of an optimization problem to
maximise VREs. A similar optimisation problem can be seen in vehicle-to-grid
charging and peer-to-peer energy networks. Grid balancing as described by Aktar
et al. [239] is difficult because of the stochastic nature of VRES and load
demands. Grid imbalance can be reduced by using electric vehicles as mobile
storage units. The authors propose a mixed integer linear optimization algorithm
that determines the optimum number and specification of electric vehicles
needed to maximise operational and economic benefits. The aim of all these

methods is to sustainably increase the use of solar energy in the grid.

2.10 Conclusion

Today’s complex power network of multi-energy systems, multi-objectives,
diverse load requirements and advancement in technology and communication
means that the traditional energy management system (EMS) is not sufficient and
must give way to an integrated approach. This paper puts forward the concept of
an integrated energy management system (IEMS) as a system that manages
multiple energy sources by leveraging on advancement in technology and
communication to integrate both predictive and real-time controls, and initiate
supply and demand responses to balance the load and power supply in the grid.
There is a strong interconnection between solar energy forecasting (SEF),
demand side management (DSM) and supply side management (SSM) when
deployed in an IEMS according to Table 2-5. From just the simultaneous
combination of SSM and DSM, the study by Karunanithi et al. [59] shows up to
18% increase in system reliability. A decentralized solar energy based mini-grid
can be a vehicle for solar integration by using an IEMS to match the load to
supply. IEMS that manages today’s smart grid must be able to interact with both
the supply and demand sides of the power system. This paper started with a

review of the state of the art of IEMS and following conclusions can be drawn:

e Uncertainty in the power system can be reduced if integrated renewable
energy sources (RES) can be predicted. For mini-grids that use solar

energy as the primary supply source, it is beneficial to predict the supply
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than load consumption since the former dictates how the latter is used. In
addition, load consumption is harder to predict due to the unpredictable

nature of energy use by consumers.

Advances in grid technology and communication, a diverse energy mix,
and increased interconnections, mean the new EMSs must be able to
interact with both the supply and demand sides of the grid. The grid has

become smarter so EMSs must also become smarter.

For efficient energy scheduling and utilization, SEF and an EMS should be
integrated with demand side management (DSM).

Renewable smart hybrid mini-grids (RSHMG) possess the requisite
technology and infrastructure for solar energy integration. They also

provide viable alternatives for grid-extension.

The IEMS structure or framework has several possible permutations
because of the different types of SEF approaches, SSM and DSM
responses. The choice of which method to use is often dictated by

constraints and objectives unique to the case study or location.

Battery energy management system (BESS) is considered an essential
part of future hybrid energy systems. However, there are potential issues
related to capital and operating expenses, safety risks, and environmental
impact, largely due to its capacity size. The use of an IEMS can help
minimize these issues by reducing the required capacity, optimizing the
charging and discharging processes to maximize efficiency, and
preventing overcharging, over-discharging, and overheating of the BESS.

IEMS can both prevent an energy mismatch between supply and
consumption, and in real-time adjust the consumption to the supply in the

case of an unforeseen imbalance in the system.
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3 A Three-step weather data approach in solar energy
prediction using machine learning?

Abstract

Solar energy plays a critical part in lowering CO2 emissions and other greenhouse
gases when integrated into the grid. Higher solar energy penetration is hindered
by its intermittency leading to reliability issues. To forecast solar energy
production, this study proposes a three-step forecasting method that selects
weather variables with a moderate to strong positive correlation to solar radiation.
Using low-level data fusion to combine weather inputs from a reliable local
weather station and an on-site weather station, significantly improves the
forecasting model's accuracy regardless of the machine learning method used.
Weather data was obtained from the Kisanhub Weather Station located in
Cranfield University, UK and the meteorological station in Bedford, UK. In
addition, PV power supply data was obtained from four solar plants. Using the
Regression Learner app in MATLAB, the proposed architecture is tested on a
utility scale solar plant (1 MW), showing a 6% and 13% prediction accuracy
improvement when compared to solely using data from the on-site and local
weather station respectively. It is further validated using data from three
residential rooftop solar systems (8 kW, 10.5 kW and 15 kW), achieving root-
mean square values of 0.0859, 0.0984, 0.1425 and 0.0885 respectively.

Keywords: variable renewable energy, solar energy forecasting, machine

learning, solar radiation, low-level data fusion

2 This chapter is a paper authored by Tolulope Falope, Liyun Lao, & Dawid Hanak, submitted to
the Renewable Energy Focus journal.
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3.1 Introduction

Recent trends show an uptake in the adoption of renewable energy (RE)
technologies resulting in the greening of the grid. However, the intermittency of
some renewable energy sources (RES) presents a challenge to grid managers
because occasionally energy supply does not match up with demand [1,2].
Increasing RE penetration levels mean system operators and prosumers must
strike a balance between energy generation and consumption to preserve grid
stability. Grid integration involves increasing the share of variable renewable
energy (VRE) in the grid using effective and cost-effective strategies, while

preserving or enhancing system stability and reliability [3].

RES like solar and wind are abundant in nature and are already widely to
meet global energy demands. Integrating solar generation into the grid depends
on its accurate prediction [4]. Proper system planning and grid integration is

impossible without improving forecasting [5].

Solar forecasting involves gathering and analyzing data to predict future
solar irradiance or solar power [6]. Data can be historical or in real-time, and can

be provided by weather stations, remote sensing (satellite imaging) and so on.

While choosing a solar forecasting strategy, there are five main factors to
consider. These include the input or raw data’s source and format, data mapping
or the forecasting architecture, the forecasting methodology, the desired output
or targeted outcome, and the forecasting time frame.

The first factor deals with the type of weather data, categorized into
historical, real-time, and forecast data. In addition, the data source is also
important. Example of data sources include on-site and local weather outposts,

or even software generated or simulated data from sources like MATLAB.

The second factor is to create a model that describes the relationship
between input variables and output variables. [6]. The strength of the prediction

model is reliant on the correlation of input variable(s) to the output [7].
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The third factor is the forecasting method. Solar forecasting methods are
classified into physical and statistical (or non-physical) methods. Physical
methods predict outputs like solar irradiation by using numerical weather
predictions (NWP) models with weather variable inputs like temperature, relative
humidity, cloud cover and so on [8,9]. Statistical methods depend purely on
historical and/or real-time data to arrive at predicted variable(s) that have a linear
correlation with the data over the same time frame. Hybrid models, which offer a
higher predicting accuracy, can be created by combining several methods or

forecasting algorithms.

The fourth factor is the predicted or output variable, which categorizes
forecasting into direct (solar power generated) or indirect (solar irradiance) [7].
Direct forecasting involves forecasting the PV power output directly [10]. Indirect
forecasting predicts the solar irradiation first before estimating the PV output
using mathematical formulas that describes the specific system under
consideration. The solar power and the PV generated are one and the same

thing.

The last factor is the forecasting time horizon or timescale. This is the time
frame from the present into the future for which an outcome is predicted.
Forecasting time horizons are classified into intra-hour or very short-term (5 mins
to 60 mins), short-term (1 hour to 6 hours), medium-term (1 day to several days),
long-term (week(s) to a year or more). Each of the time horizons is suitable for
specific applications. For example, very short-term forecasting is used to achieve
responsive control for RE power plants, market clearing, real-time dispatch, and
load tracking. Short-term forecasting is used to schedule energy flow from power
sources, load-following, and initiating back-up storage. Medium-term forecasting
is used for congestion management, market trading and price settlement,
predicting reserve requirements and load dispatch. Long-term forecasting is used
for contingency analysis, operation management, and resource and maintenance

planning [8,11].

Based on the above considerations, several studies have developed
varying approaches to forecast solar energy supply with an emphasis on a next
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day or 24-hour ahead (day-ahead) timescale. In Carrera et al. [12], a combination
of forecast and historical weather data from an on-site and a local weather station
was used, respectively, as the data source in addition to historical PV generation
and sun elevation. Minhas et al. [13] uses historical and forecast data from a local
weather station and the historical PV data from the solar plant. Table 3-1 gives a

summary of forecasting architecture for day-ahead PV generated predictions.

Table 3-1 Summary of day-ahead solar energy forecasting studies

Research study Historical Historical Historical Historical
observed forecast observed observed
weather data weather weather data PV data
from weather data on-site
station

This study v v

Carrera et al. [12] v v

Minhas et al. [13] v

Aghajani et al. [14] v

Manjarres et al. [15] v v v

Pawar et al. [16] v v

Sangrody et al. [17] v v

Pawar et al. [18] v v

Feng and Yu [19] v

As can be seen by the summary given in Table 1, this study proposes a unique
combination of historical photovoltaic (PV) data and historical weather data from
both an on-site and local weather station to forecast the next-day PV supply.
None of the other studies has this data combination. This is significant for a few
reasons. The first reason is that the combined sum of data from multiple relevant
data sources is better and richer than information from any one individual source;
obtaining more effective information and optimizing data combination [20]. The
two key words are multiple and relevant. The better the data quality, the higher
the accuracy. This study combines data coming from two relevant independent
sources (local and an on-site weather station) using data fusion. The aim of data
fusion is to improve the overall accuracy of a system or model by integrating data
from multiple sources. Data fusion can be categorized into low-level, mid-level or

intermediate, and high-level fusion. Low-level data fusion (LLDF) or
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measurement level fusion [21] combines more than one source of raw data to
produce new raw data [22].
The proposed forecasting architecture is a three-step process that predicts
PV generation by selecting weather variables with moderate to strong positive
correlations to solar radiation (SR) from the two weather stations mentioned
above, combined with historical PV generation data obtained from a PV power
plant, into machine learning algorithms from MATLAB’s regression learner app
(RLA). SR is the most important predictor to solar power, or PV generated
[12,23,24] hence its selection as the reference parameter. Additionally, the
correlation between the input and output model variables has a significant impact
on how well a forecasting model performs [7]. With the output variable being the
PV generated, it is logical to choose inputs that have a strong correlation to PV
generation. To investigate the accuracy of the proposed architecture, it is applied
to both commercial/utility and residential solar plants.
The MATLAB RLA is a machine learning toolbox app used to train
forecasting algorithms based on known output and input parameters. It selects
the best performing out of more than twenty algorithms based on the lowest root

mean square error (RMSE).

3.2 Data source and type: A Literature review

The input data can be made up of either historical weather data (observed and/or
forecast), real-time data, historical solar energy generation data, or time of day
data. While a few studies employ a univariate approach where only the historical
PV generation is used [25-28], this research finds that most of the previous
studies rely on two sources of data: the historical PV generation and some form
of weather data [12-15,17,18,29-54]. This may be because multivariate
approaches perform better than univariate [55]. Fewer studies use more than two
data sources. This is important because data source is critical to the model
performance [50]. In addition, not all site locations have access to both sets of

data. Some sites only receive forecast data while others only have observed data.
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A further dimension in evaluating the input weather data used is the
weather data proximity to the generation plant. The solar energy production of a
solar distributed system, solar farm or mini grid depends on the local weather
conditions, particularly the SR of that specific location. In fact, no two PV systems
show the same effect from meteorological parameters due to their unique
combination, tied to differing geographical locations [7]. In other words, no two
locations will have the same correlation of meteorological parameters and PV
power generated. In other words, there won't be a consistent correlation between
meteorological factors and PV power generated at any two locations. Despite
their interdependence, local, regional, and global meteorological data offer
varying degrees of accuracy. Most research studies use data from local or
regional weather stations for their weather analyses. Although these data sources
can be very accurate, it is not uncommon that a mismatch exists between them
and exact data from the site. Access to an on-site weather station improves the
quality of weather data [56]. Site-specific conditions that affect the weather but
are not represented in local or regional weather data can be recorded by an on-
site weather station. To get the most accurate result, it is best to pair data from a
local weather station with data from an on-site weather station where the
forecasting system is being deployed [56]. Other options are to exclusively use
the data from the on-site weather station. For instance, [29] uses a rooftop PV
station located at the solar array site to collect all the data used by the study. [30—

33,57] are studies that also use this approach.

The use of observed weather data from a local or regional weather station
tends to be more accurate than forecast data because they include more
variables which may have a direct correlation to solar generation [50]. For
example, Ngoc-Lan Huynh et al [34] use solar radiation and Pedregal et al. [35]
use global horizontal irradiation as the only weather parameters inputs into their
prediction models. Other studies take a multivariate weather approach.
Rodriguez et al. [39] use pressure, humidity, and temperature in their forecast
model. Thukral et al. [40] (air temperature, relative humidity, wind, solar
radiation), Chen et al. [44] (relative humidity, temperature, global horizontal

radiation), Korkmaz [37] (solar radiation, temperature, humidity) and several
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other studies [36,42,43,58-60] use this multivariate weather approach. Whether
using one weather parameter or using several, observed data tends to be more
accurate than forecast data. While this is good, using weather data from only one

source can be problematic if the source is somehow compromised.

lyengar et al. [45] uses historical forecast data as a primary predictor and
is another approach used by other studies [46—48]. This data approach has an
advantage that is also its Achilles heel. Forecast data needs to be accurate to
inspire confidence in the data by the general public, who are the core users. The
drawback is that the data then tends to be more conservative due to concerns of
inaccuracy and can be a bit vague by giving categorical variables instead of
numerical variables. For example, the United Kingdom's national Meteorological
Office (the Met Office), gives a forecast in Bedford UK of <56% as the chance of
precipitation instead of the actual percentage figure. Another drawback as
mentioned earlier is forecast data tend to have fewer weather parameters than
observed data. In the same Bedford weather station, the Met office has seven

weather parameters it forecasts as opposed to twelve for observed data.

Carrera et al. [12], Kim et al. [50] and Abedinia et al. [49] use a hybrid
approach, incorporating forecast data with observed data. This method is more

accurate [51] because it incorporates the advantages of both sources.

In a two-stage methodology, Kim et al. [50] uses an auxiliary model in the
first stage to identify the relationship between forecast and auxiliary variables in
the weather data. In the second stage, the model receives the output from the
first to forecast the PV energy. This results in an improvement in the forecasting
model accuracy. Kyliashkina et al. [51] suggest an alternative strategy in which
forecast data is adjusted using the observed data rather than the auxiliary
variables. Abedinia et al. [49] selects both historical and forecast data for solar
irradiation, weather temperature and cell temperature; three weather parameters
with strong correlations to PV generation. However, local conditions specific to

the site are not reflected in the forecast.

Given the analysis of the above data sources, a three-data source

approach is proposed. This study will use historical observed data from both an
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on-site and local weather station, and the historical PV data. It is intuitive that the
level of accuracy of the weather data in this approach increases as it gets closer
to the power generating site. In other words, the proximity of the weather station
to the PV site is directly proportional to the accuracy of the weather data and must
be considered when using data [39]. The reason for using the most accurate
weather data is that the forecasting model's performance depends on the
accuracy of the database [39]. In addition, the choice of the local weather station
was made based on proximity to PV plant to minimize spatial variability, the
granularity and completeness of the data, and the inclusion of key weather

parameters in the database.

Of significance, is the novelty of this approach as none of the studies use
LLDF with data from an on-site weather station and a trustworthy local weather
station. Site-adaptation techniques have been developed to improve satellite-
derived weather data by using in-situ data from meteorological stations [24]. But
these methods rely on complex machine and deep learning algorithms to
transform satellite images into solar irradiation values as an example. Jesus et
al. [61] uses data fusion based on a hybrid of two deep neural networks namely
Fully Convolutional Network (FCN) and Long Short-Term Memory (LSTM)
network, to fuse the output of two individual forecast models known as
Autoregressive Moving Average with Exogenous Inputs (ARMAX) and Adaptive
Neuro Fuzzy Inference System (ANFIS) to predict short-term PV output. In
another short-term prediction study, Wang et al. [20] uses multi-source data
fusion to fuse NWP, PV output data and remote satellite sensing data with a
Support Vector Machine (SVM) algorithm. Results showed that the data fused
SVM model performed better than the regular SVM model more than 95% of the

time.

3.3 Methods

The data and procedures used to develop the forecasting model are described in
this section. The source and data type are described in Section 3.3.1. The

correlation coefficient and matrix used to identify the most important
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meteorological parameters are briefly explained in Section 3.3.2. Section 3.3.3
briefly describes the data pre-processing methods used to clean the data. The
error equations used to assess the model performance are described in Section
3.3.4. The methodology and flow chart of the RLA in MATLAB are highlighted in
Section 3.3.5.

3.3.1 Data description

In this case study, the Kisanhub weather station (KH075) [62] at Cranfield
University, recorded data every fifteen minutes on nine weather parameters,
including solar irradiation. Historical PV data containing half-hourly power
generation from four PV plants located in Cranfield University representing the
spectrum of decentralized distributed generation (DDG) customers is obtained
from Cranfield’s online energy manager platform [63]. The aim is to investigate
the proposed architecture’s performance in both commercial and residential
applications. The specification and data profiles of the locations are listed in Table
3-2 and Table 3-3. 75% of the data from the 1 MW solar farm was used for training
the model while the remaining 25% was used for testing. 100% of the data from
the three residential solar arrays was used to validate the model. Upon request,
The Metrological Office for Bedford, U.K., the station closest to Cranfield,
provided hourly data for twelve weather parameters. Missing data points were

simply deleted from the data sample.

Table 3-2 PV system specifications of 1 MW solar farm in Cranfield University

Location 1 MW solar farm, Cranfield University
PV Generator Output 999.78 kWp

PV Generator Surface 5,858.4 m?

Number of PV Modules 3508

Type of PV Modules Hanwha Q cells: 285 W

Number of Inverters 35

Type of Inverters Fronius Symo: 10 kW to 17.5 kW

Data Sample Period January 2019 — December 2020
Training (% of data sample) 75%

Testing (% of data sample) 25%
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Table 3-3 PV system specification of three roof-top solar arrays in Cranfield

University
Building no. B052A B146 FAAM B252
PV Generator Output 10.45 kWp 15 kWp 8.26 kWp
Number of PV Modules 35 60 28
Type of PV Modules BYD: 275 W Vikram: 250 W | Q.antum: 295 W
Number of Inverters 1 1 1
Type of Inverter Solis: 12 kW PVI: 12.5 kW Solar Edge: 10 kW
Data Sample Period Jan. 2020 - Dec. July 2018 — Sept. Dec. 2019 — Oct.
2020 2021 2021

The varied data sample periods of each PV plant in Error! Reference source n
ot found. and Table 3-3 were due to data availability on the energy manager

portal.

3.3.2 Data comparison

The Pearson Correlation Coefficient (PCC) function [64] is given in Equation (3-1)
and is used to determine which weather variable has a moderate or strong
positive correlation to SR. Results are displayed in a correlation matrix [65].

L __Ia-DHO-) (3-1)
VI — 02Xy — )2

Where r is the correlation coefficient, x and y represent the values of the x-
variable and y-variable in the sample respectively, x and y are the mean of the

x-variable values and the y-variable values respectively.

The correlation coefficients, with a range of values between -1 to +1,
indicates how strong the linear relationship between two variables is. A perfect
negative correlation is equivalent to -1 on the scale while a perfect positive is
equivalent to +1. This study is interested in weather parameters with a moderate
to strong positive correlation to SR, which is equivalent to having a PCC greater
than 0.4 [66]. The implication is that having a strong positive linear relationship to
the most significant predictor of PV generation (SR) suggests the weather

parameter is also a good predictor.
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In addition, PCC helps to ensure data accuracy and reliability from both
weather stations by cross validating the correlation coefficients of identical

weather variables common to both weather stations.

3.3.3 Data pre-processing

Different weather parameters have varying units, scales and dimensions that can
form a bias in determining the forecasting model. For this reason, it is imperative
to normalize all variables to the same order of magnitude [67]. Re-scaling or the
min-max nominalization method (RM) is a popular and widely used method for
normalizing data [68]. In this study, the intervals [a b] for rescaling were selected
as [0 1]. The RM equation [69] is given in Equation (3-2).

X —X,,;
Xrescalea = @ + [—mm] (b—a) (3-2)

Xmax - Xmin

Where X,.scqaieq 1S the normalized data, X represents the values of the x-variable
in the sample, X,,;, and X4, are the minimum and maximum values of the x-
variable in the sample respectively. To harmonize the timescales, the quarterly
and half-hourly weather and PV data from Cranfield that do not match the hourly
weather data from Bedford are ignored. In other words, only corresponding hourly
data that is present across all the data sources are considered for nominalization.

3.3.4 Model performance evaluation

To evaluate the performance of the model under considered scenarios, four performance
statistical error functions [70] and the coefficient of determination, R? [71], were used.
The mean squared error (MSE) shown in Equation (3-3) measures the average of the

square of the errors. The mean absolute error (MAE) described in Equation

(3-4) measures the average magnitude of the errors. Equation (3-5), which is the RMSE,
is simply the square root of the MSE. R? in Equation (3-6) is the proportion of the change

in the dependent variable that can be predicted due to the corresponding change in
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independent variable(s). When evaluating how well the underlying models fit the data,
this coefficient of determination is typically used because it is well-defined for linear

regression models.

N
1
MSE = NZ@ — x;)? = RMSE 2 (3-3)

=1

N
1
MAE = NZKXL' —x;)|
i=

(3-4)
1 N
RMSE = |— ()A(l - xl-)z
N Z (3-5)
Z?I: (ﬁi - xi)2
R*=1- : (3-6)
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Where N is the number of data points, X; are the predicted values and x; are the

observed values.

3.3.5 Regression learner app methodology and flow chart

After pre-processing the data, it is then trained using the RLA; an application in
the ML Toolbox in MATLAB. Regression analysis is used to determine the
relationship and future predictions of a dependent variable (the PV generated)
from a number of independent variables (weather parameters). The RLA is a
useful tool because it allows the user to train and validate a model using more
than twenty different forecasting algorithms. It has also been used successfully
in numerous machine learning applications that require forecasting [72-77]. After
training, the user can compare the algorithms side by side based on their errors

and choose the best model. The app identifies the best forecasting algorithm
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based on the lowest RMSE and highlights the model in the results display.
Another advantage of the RLA is that multiple algorithms can be run
simultaneously through a “parallel” function which allows the user to view the
results in a shorter time frame than running each algorithm one after the other.
To initiate the model training process via the app, the response (dependent
variable) and predictors (independent variables) with the same corresponding
time stamps must be selected. For this case study, the correlated weather data
are the predictors while the response or output is the PV generation. Error! R

eference source not found. highlights the flow chart of the RLA.

Test Data
[Select Predictors| [Select Response] [Select Predictors] [ Select Response]
% Select Regression Model

{ 1 s i ! _ 1
Linear Regression Er ble of Trees | |Regression Trees| |Gaussian Process Regression| | Support Vector Machines | |Neural Networks
* Linear * Boosted Tree *Fine Tree * Rational Quadratic »Linear SVM * Narrow Neural Network
:Interactio_ns Linear * Bagged Tree * Medium Tree * Squared Exponential M 8ﬂgg:r:§t\|1cMSVM x %?géu{‘ne Hgi.rﬁ{! mm(ork
» Robust Linear * Coarse Tree » Matem 5/2 * Fine Gaussian SVM * Bilayered Neural Network

Stepwise Linear Exponential * Medium Gaussian SVM | | * Trilayered Neural Network
i * Coarse Ga{russian SVM

Calculate MAE,
MSE, RMSE, R?

No

Test Model

Calculate MAE,
MSE, RMSE, R?

Save Model
and Forecast

Figure 3-1 Flow chart of the regression learner app methodology

3.4 Methodology

The justification for employing the combined data from both weather stations is
that weather stations capture weather parameters differently (different
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methodologies) and often don’t capture the same type or number of parameters.
The premise in this section supports the assertion made above. The three-step
forecasting architecture used to correlate input data with energy supply is
described in Section 3.4.1. To evaluate the efficiency of the forecasting
architecture, Section 3.4.2 presents a case study of three scenarios with different

data inputs.

3.4.1 Forecasting architecture

In the proposed approach, the SR measured by the Cranfield weather station is
used as the reference weather parameter to select predictors from both weather
stations. The selection of SR as the reference was made since it is the most
significant predictor of PV generation. In step 1, the PCC function is used to
calculate the correlation matrix of weather parameters reported by the on-site
weather station in Cranfield. The weather parameters with moderate to strong
positive correlations to SR are then selected as predictors for the forecasting
model. By being strongly correlated to SR, this implies that these weather
parameters will also have a strong linear relationship with PV generation and
therefore are good predictors. In step 2, the correlation matrix is determined for
the recorded weather parameters from the Bedford station. Again, the weather
parameters with moderate to strong positive correlations to SR are selected as
predictors. In step 3, the predictors from steps 1 and 2 are combined and along
with the response, which is the historical PV generation supplied by the PV power
plant meter, are selected as inputs into the RLA. However, only data points with
the corresponding hourly time stamps across the three data sources are selected.
This means that the resulting sampling rates of both the input and output
variables are synchronized to 1 sample per hour. Furthermore, the system delay
(or system lag) between input and output variables are mainly caused by the
algorithm execution time (or required computation time) which is insignificant in
comparison to the sample interval (one hour). The input data is then pre-
processed using Equation (3-2) before being separated, using 75% for training
and the remaining 25% is for model testing. The RLA flowchart presented in

Figure 3-1, trains and test different forecasting algorithms and identifies the best
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forecasting model based on the lowest RMSE in the test sample. Figure 3-2

shows an illustration of the forecasting architecture.

STEP 1
.'é"_ '_i Correlation > 0.4
o— 1 = L.
Solar radiation
On-site weather station Predictors Forecasting
STEP 2
&t® _ Correlation > 0.4
& n LY
'3_ ' T — "o: 4 [ Response =PV generated J
'H‘i‘. ]

Solar radiation
Local weather station

PV system

Figure 3-2 Proposed three-step forecasting architecture

3.4.2 Case study description

Three scenarios are examined, and the outcomes are compared, to gauge the

effectiveness of the forecasting architecture.
a. Scenario 1: Cranfield correlated weather data.
b. Scenario 2: Bedford correlated weather data.
c. Scenario 3: Cranfield and Bedford correlated weather data.

The above scenarios will investigate whether using LLDF to combine correlated
data from the two stations increases the forecasting model's accuracy and

therefore is a valid component of the proposed forecasting architecture.

3.5 Results and discussion

The case study and methods given in the previous sections are summarized here.

The outcome of the correlation matrix of the on-site meteorological variables is
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shown in Section 3.5.1. The correlation matrix of the weather variables captured
by the Bedford weather station is shown in Section 3.5.2. Based on RMSE and
R? values for the three case scenarios mentioned above, Section 3.5.3 shows
which prediction model is the most accurate. Additionally, a prediction for the

following day is used to demonstrate how well the model performs.

3.5.1 Cranfield correlation matrix

According to the first step of the proposed forecasting architecture, weather
parameters from the on-site weather station that have moderate to strong
positive correlations to SR are selected based on coefficients above 0.4.

Alr Pressure (hPa)

- Dfessure

Relative Humidity (%)

— relative hum idity
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Figure 3-3 2019 Weather parameters from the Kisanhum Weather Station in

Cranfield University shows a graphical representation of the weather parameters
from the Kisanhub Weather Station in 2019.
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Figure 3-3 2019 Weather parameters from the Kisanhum Weather Station in
Cranfield University [62]

Using the PCC function, the correlation matrix is obtained. As can be seen in
Table 3-4, three weather parameters, Heat Index, Temperature and Wind Chill,

are selected based on coefficients above 0.4.
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Table 3-4 Correlation correlation matrix

Solar Radiation
Solar Radiation 1
Wind Speed 0.1512
Relative Humidity -0.5910
Pressure 0.1483
Precipitation -0.0677
Dew Point 0.2164
Heat Index 0.5039
Temperature 0.5184
Wind Chill 0.4993

This step is crucial in finding the predictors (SR included) or input variables into
the forecasting algorithm for Scenario 1 and one-half of the predictors for
Scenario 3. It is not surprising to see that the above weather parameters were
selected. SR has a strong linear relationship to outdoor surface air temperature
[78,79]. Heat index is also called apparent temperature [80] and wind chill can
also be expressed as wind chill temperature; a measure of human sensation to
cold weather temperature [81]. All three weather parameters are related to the

measurement of outdoor temperature.

3.5.2 Bedford correlation matrix

Similarly, from the Bedford station, the PCC function is used to obtain the
correlation matrix where the Hourly Temperature, Hourly Wet Bulb Temperature
and Hourly Global Radiation all had moderate to strong positive coefficients to
SR according to section 3.3.2. Results are displayed in Table 3-5.

Table 3-5 Correlation matrix of weather parameters in Bedford

Solar Radiation
Solar Radiation 1
Hourly Pressure at Mean Sea Level 0.1237
Hourly Dewpoint Temperature 0.1796
Hourly Rainfall Total -0.0567
Hourly Relative Humidity -0.6463
Hourly Mean Wind Direction -0.0470
Hourly Mean Windspeed 0.1275
Hourly Maximum Gust 0.1688
Hourly Temperature 0.5383
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Hourly Wet Bulb Temperature 0.4067

Hourly Global Radiation 0.9367
Hourly Total Cloud Cover -0.1631
Hourly Visibility 0.1779

In this step, the input variables for Scenario 2 and the other half of Scenario 3 are
identified. Parameters related to temperature are once again selected. In a similar
assessment of twenty-four weather parameters, Fraihat et al. [82] used a
correlation coefficient benchmark of 0.5 to identify which parameter had a strong
correlation to SR. Temperature and radiation were among eight out of the twenty-

four parameters that fit this criterion. This is consistent with the analysis here.

Comparing Table 3-4 and Table 3-5, it is easily deduced that the
coefficients for SR, Pressure, Dew point, Relative Humidity, Wind Speed, and
temperature are approximately the same across both stations. For instance,
Relative Humidity for both stations are approximately -0.6 while Temperature are
approximately 0.5. This is important because if the coefficients were considerably
different given the relative proximity of both weather stations to each other, the
data would have to be queried. Therefore, another function of PCC is to cross-

validate data to ensure accuracy and reliability.

3.5.3 Performance of forecasting architecture

The weather parameters highlighted in Section 3.5.1 and Section 3.5.2 are the
predictors that become the input into the RLA. Figure 3-4 shows the block
diagram of the three-step forecasting architecture with the results of section 3.5.1
and 3.5.2. Table 3-6 shows a summary of the training input parameters for each
scenario when using the RLA, with the historical PV energy selected as the

response for all of them.
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STEP 1

CRANFIELD WEATHER STATION

* Solar Radiation

* Wind Speed

* Relative Humidity
*Pressure

* Precipitation
*Dew Point

*Heat Index

* Temperature

* Wind Chill

STEP 2

CORRELATION TO SOLAR RADIATION
Coefficient => 0.4

CORRELATION TO SOLAR RADIATION
Coefficient => 0.4

BEDFORD WEATHER STATION

Figure 3-4 Case study: Three-step forecasting architecture block diagram

*Hourly Pressure

*Hourly Dew Point Temperature
*Hourly Rainfall Total

*Hourly Relative Humidity
*Hourly Mean Wind Direction
*Hourly Mean Wind Speed
*Hourly Maximum Gust
*Hourly Temperature

*Hourly Wet Bulb Temperature
*Hourly Global Radiation

STEP 3

PREDICTORS

* Solar Radiation
*Heat Index

* Temperature

* Wind Chill

Exponential Gaussian
Process Regression

4{> Predicted PV Energy

*Hourly Temperature

*Hourly Wet Bulb Temperature
*Hourly Global Radiation

‘ Historical PV Energy

%

Table 3-6 RLA model training input parameters

Training Input Scenario 1 Scenario 2 Scenario 3
Predictors *Solar Radiation  *Hourly Temperature *Solar Radiation
*Heat Index *Hourly Wet bulb Temperature *Heat Index
*Temperature *Hourly Global Radiation *Temperature
*Wind Chill *Wind Chill
*Hourly Temperature
*Hourly Wet bulb Temperature
*Hourly Global Radiation
Response PV energy generated (all scenarios)

According to Table 3-6, Scenario 1 has four predictors, Scenario 2 has three,

while Scenario 3, which combines predictors from Scenarios 1 and 2 has seven.

Each scenario is analyzed separately using the RLA flowchart in Error! R

eference source not found.. The RLA trains over twenty forecasting algorithms

and identifies the best performing based on the lowest RMSE. To give an

example of this, Scenario 3 is analyzed, and the results are shown in Table 3-7

(see Table A-1 and Table A-2 in Appendix A for similar analysis on Scenarios 1

and 2

respectively).

Table 3-7 Performance comparison of regression models in Regression learner

app for Scenario 3
Train Test
Model MAE MSE RMSE | R? MAE MSE RMSE R?
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LINEAR REGRESSION

Linear 0.0724 | 0.0124 0.1114 | 0.81 | 0.0975 | 0.0138 | 0.1176 | 0.57
Interactions 0.0645 | 0.0109 0.1044 | 0.83 | 0.0904 | 0.0167 | 0.1293 | 0.49
Linear
Robust Linear | 0.0741 | 0.0191 0.1381 | 0.71 | 0.0489 | 0.0090 | 0.0950 | 0.72
Stepwise 0.0646 | 0.0109 0.1045 | 0.83 | 0.0889 | 0.0162 | 0.1273 | 0.50
Linear
REGRESSION TREES
Fine Tree 0.0339 | 0.0044 0.0664 | 0.93 | 0.0495 | 0.0116 | 0.1079 | 0.64
Medium Tree | 0.0474 | 0.0081 0.0901 | 0.88 | 0.0451 | 0.0098 | 0.0992 | 0.70
Coarse Tree | 0.0560 | 0.0104 0.1019 | 0.84 | 0.0432 | 0.0087 | 0.0932 | 0.73
SUPPORT VECTOR MACHINES
Linear SVM 0.0676 | 0.0129 0.1135 | 0.80 | 0.0707 | 0.0097 | 0.0985 | 0.70
Quadratic 0.0598 | 0.0111 0.1054 | 0.83 | 0.0871 | 0.0178 | 0.1335 | 0.45
SVM
Cubic SVM 0.0573 | 0.0010 0.0999 | 0.85 | 0.0914 | 0.0192 | 0.1384 | 0.41
Fine 0.0433 | 0.0068 0.0828 | 0.90 | 0.0914 | 0.0137 | 0.1171 | 0.58
Gaussian
Medium 0.0561 | 0.0098 0.0992 | 0.85 | 0.0608 | 0.0102 | 0.1008 | 0.69
Gaussian
Coarse 0.0644 | 0.0119 0.1092 | 0.82 | 0.0504 | 0.0074 | 0.0862 | 0.77
Gaussian
GAUSSIAN PROCESS REGRESSION
Rational 0.0007 | 3.05e-06 | 0.0017 | 1.00 | 0.0948 | 0.0213 | 0.1459 | 0.34
Quadratic
Squared 0.0013 | 8.71e-06 | 0.0030 | 1.00 | 0.1411 | 0.0447 | 0.2115 | -0.38
Exponential
Matern 5/2 0.0004 | 9.30e-07 | 0.0010 | 1.00 | 0.0966 | 0.2194 | 0.1481 | 0.33
Exponential 5.41e- 1.20e-08 | 0.0001 | 1.00 | 0.0639 | 0.0111 | 0.1054 | 0.66
05
ENSEMBLES OF TREES
Boosted 0.0571 | 0.0109 0.1042 | 0.82 | 0.0448 | 0.0074 | 0.0859 | 0.84
Trees
Bagged 0.0413 | 0.0059 0.0765 | 0.91 | 0.0436 | 0.0082 | 0.0906 | 0.75
Trees
NEURAL NETWORK
Narrow 0.0561 | 0.0010 0.0995 | 0.85 | 0.0803 | 0.0146 | 0.1209 | 0.55
Neural
Medium 0.0535 | 0.0086 0.0928 | 0.87 | 0.1109 | 0.0206 | 0.1436 | 0.37
Neural
Wide Neural | 0.0491 | 0.0071 0.0841 | 0.89 | 0.1284 | 0.0295 | 0.1718 | 0.09
Bilayered 0.0528 | 0.0091 0.0956 | 0.86 | 0.0631 | 0.0107 | 0.1036 | 0.67
Neural
Trilayered 0.0491 | 0.0081 0.0899 | 0.88 | 0.0940 | 0.0235 | 0.1534 | 0.28
Neural
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Table 3-7 shows that Boosted Trees had the lowest RMSE values for the testing

phase. This model is then used to analyze Scenarios’ 1 and 2 and the results are

compared to the result in Table 3-7 and are displayed in Table 3-8.

Table 3-8 Performance comparison of case study scenarios using Boosted Trees

Test Train
Scenario MAE MSE RMSE R? MAE MSE RMSE R?
Scenario1 | 0.0615 0.0118 0.1087 | 0.82 | 0.0441 | 0.0084 | 0.0917 | 0.74
Scenario2 | 0.0663 0.0128 0.1133 | 0.80 | 0.0465 | 0.0097 | 0.0987 | 0.70
Scenario 3 | 0.0571 0.0109 0.1042 | 0.82 | 0.0448 | 0.0074 | 0.0859 | 0.84

According to Table 3-8, Scenario 3 had the lowest RMSE values for both training
(0.1042) and testing (0.0859). This proves that by combining strong predictors
from more than one source through LLDF, the accuracy of the forecast is
improved. This is likely because forecasting depends on the number of relevant
inputs in the forecasting architecture that correlate strongly with the forecasting
output. Figure 3-5 shows a graphical illustration of the data points between the
predicted and the actual responses for the three scenarios using the Boosted
Tree prediction algorithm. The trendline of Scenario 3 is more accurate than the
other scenarios because its R-square value of 0.84 is the closest to 1. Further
confirmation of this is how the data points are packed closer to the trendline in

Scenarios 3 than the other scenarios.
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Figure 3-5 Model performance of Boosted Trees ((a) Scenario 1 (b) Scenario 2 (c)

Scenario 3)

Table 3-8 and Figure 3-5 shows the model's performance in learning how to
predict the PV generation. To investigate its forecasting ability further, we
evaluate the prediction of a randomly selected day and determine how close it is
to the actual PV generated. Figure 6 presents a comparison of the actual and the
predicted amount of energy supplied from the PV under Scenarios 1 to 3. It is
clear to see that Scenario 3 (Figure 3-6¢) provides the best approximation of the
actual PV generated than any of the other 2 scenarios. This is because the PV
energy supplied in Scenario 1 (Figure 3-6a) appears to be underestimated
between 0 and 12 hrs, and the afternoon peak between 16-18 hrs is also not
represented. In Scenario 2 (Figure 3-6b), the night and morning energy supply
(0-12 hrs) are relatively well represented. However, there is a substantial dip in
the amount of energy predicted between 12 and 13 hrs. There is evidence that
the model predicts small energy supply peak between 16-18 hrs. In Scenario 3,
the prediction for the night and morning energy supply are in good agreement
with the actual data. There is a small dip in the forecasted energy supply between
12 and 13 hrs, however, it is of a much smaller magnitude than that observed in

Scenario 2. The afternoon peak in energy supply is small.
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Figure 3-6 Actual and predicted PV generation on 12th September 2019 ((a) Scenario 1 (b)

Scenario 2 (c) Scenario 3)

Beyond visually comparing the performance of the scenarios in Figure 3-6, further
insight can be provided by estimating the area under the predicted curve of each
scenario and comparing it to the area under the actual curve. The scenario that
has the closest approximation of its predicted curve to the actual curve has the
better performance and accuracy. This area is simply the amount of energy
supplied (normalized) per day. For a simple approximation of this area, the
Trapezoidal Rule is used. This rule approximates the area under the graph by

dividing it into smaller trapezoids. The total area under the curve is equal to the
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sum of the area of the trapezoids under the graph. The Trapezoidal Rule is shown
in Equation (3-7) [83].

b
f f)dx = (b_Ta) (f(@ + F(b)) (3-7)

In Equation (3-7), limits a and b refer to the hours on the x axis in Figure 3-6. This
represents the width of the trapezoid. Values f(a) and f(b) represent the
corresponding energy supplied (normalized) at hour ‘@’ and hour ‘b’ respectively.
Equation (3-7) was applied to the three scenarios (See Table B-1 in Appendix A
for calculations) to compare their approximation of the actual energy supplied.
The results show that the area under the curve of the actual energy supplied is
approximately 4.969. Ranking the scenario’s based on the closest approximation
to the actual area, Scenario 3 is closest with an area of 5.115, followed by
Scenario 2 with 4.424 and Scenario 1 with 2.906. This result and the order of
performance validates the test result in Table 3-8 in which Scenario 3 (0.0859)
outperforms the other scenarios, and Scenario 2 (0.0987) outperforms Scenario
1 (0.0917).

A further proof of the versatility of the proposed forecasting architecture
can be made with a longer forecast. Section 3.1 references the different types of
forecasting time horizons. Figure 3-7 shows how the proposed forecasting
architecture of Scenario 3 is applied to a day-ahead short-term forecast. Here, a
random week in 2019 is selected to show the performance of the forecasting
architecture when applied to a medium-term forecast. The graph shows a good
enough approximation, which means that the proposed architecture is flexible

and can be used for predicting longer time horizons.
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One-Week Prediction : Week 37, 2019.
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Figure 3-7 Actual and predicted PV generation for Scenario 3 on the 37th week in
2019.

3.5.4 Validation of forecasting architecture

To validate the model, we apply the forecasting architecture in predicting PV
generation of the three rooftop solar arrays described in Section 3.3.1. The results

are displayed in Table 3-9.

Table 3-9 Validation results of proposed architecture using residential solar arrays

BUILDINGS MODEL RMSE MSE MAE R?
B146 Boosted 0.0885 0.0078 | 0.0499 | 0.68
Trees
MODEL RMSE MSE MAE R?
B242 Boosted 0.0984 0.0097 | 0.0547 | 0.67
Trees
MODEL RMSE MSE MAE R?
B052A Boosted 0.1425 0.0203 | 0.0811 | 0.52
Trees

In Table 3-9, the results show that the proposed architecture maintains its
accuracy in predicting PV generation as evident by the low RMSE values.

Another important fact is that the proposed architecture made the predictions
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across three different PV system sizes and data time periods. By confirming its
accuracy for both commercial and residential applications, the models can be
universally adopted for different DDG clients using different historical weather
data as inputs into the model.

3.6 Conclusion

The proposed three-step forecasting architecture that uses low-level data fusion
to combine weather parameters from both an on-site and a nearby local weather
station outperforms models using a singular data source. Pearson Correlation
Coefficient was used to identify weather variables with moderate to strong
positive correlations to solar radiation. Combining useful data from the two
weather stations increased the number of strong predictors in the forecasting
model and improved its performance. In addition, raw meteorological data was
pre-processed using the Rescaling and List-wise deletion methods, which proved
to be effective in increasing the accuracy of the model. The proposed architecture
is tested on a utility scale solar plant (1 MW), showing a 6% and 13% prediction
accuracy improvement when compared to solely using data from the on-site and
local weather station respectively. It is further validated using data from three
residential rooftop solar systems (8 kW, 10.5 kW and 15 kW), achieving root-
mean square values of 0.0859, 0.0984, 0.1425 and 0.0885 respectively. The low
root-mean square values, a measure of the predicted PV to actual PV generation,

proves that the model can be adopted for different PV plant sizes.

The limitation of the forecasting architecture is that it only works if the local
weather station and the on-site PV plant measure the reference weather
parameter, which in this case is solar radiation. In the absence of this, an
alternate reference parameter with strong correlation to PV generation needs to
be determined. Additionally, the scope of the study was limited to data within the
UK. To test the robustness of the forecasting architecture, other PV plant in
different locations outside the UK could be considered. In addition, only weather
parameters with strong positive correlations to the reference parameter were

considered. In a future study, the impact of weather parameters with strong
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negative correlations should also be analyzed. Finally, the optimization of the
RLA methodology can be investigated by exploring the impact of other validation
methods like Cross-validation and Holdout validation to see if they directly
improve the accuracy of the prediction model.
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4 Data preprocessing techniques for statistical PV
forecasting models?

ABSTRACT

Data preprocessing is a critical step in improving the training and prediction
performance of solar forecasting models. While data preprocessing is a widely
researched topic, a structured scope for data-driven statistical PV forecasting models
is lacking. This study surveys and classifies various data preprocessing techniques
into categories relevant to statistical PV forecasting methods thus providing a
structured preprocessing framework. The study also investigates the impact of these
techniques on raw meteorological data obtained from two weather stations and PV
generation data obtained from a solar farm. By providing an empirical analysis on an
existing statistical forecasting model and a base-case scenario, the effects of
combining various data preprocessing techniques are assessed. The results
demonstrate that by combining data preprocessing methods, the accuracy of the
existing model that uses rescaling normalization, list-wise deletion method, Pearson
correlation coefficient, and low-data level fusion data preprocessing techniques is
increased by 75% while the base-case scenario that uses either list-wise deletion

method or linear interpolation to remove missing data is increased by 100%.

Keywords: data preprocessing, renewable energy sources, statistical PV method,

machine learning, PV forecasting

3 This chapter is a paper authored by Tolulope Falope, Liyun Lao, & Da Huo, submitted to the Solar
Energy journal.
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4.1 Introduction

Data-driven models rely heavily on large amounts of data to improve accuracy. This
implies that the quality of data is critical and needs to be considered. According to Das
et al. [1], “the accuracy of the forecasting model can be considerably improved by the
preprocessing of the input data”. But raw data is not always clean and may contain
incompatible, redundant, unstructured, and/or missing data. Data preprocessing (DP)
is primarily used to remove unnecessary information, simplify data as much as
possible, increase the detectability of characteristics associated to the target
response, and boost the accuracy of feature extraction and recognition [2]. DP takes
raw data and converts it into meaningful and useful information for the prediction
algorithm [3]. DP methods have been demonstrated to significantly improve model
efficiency and accuracy when combined [4]. The question of what DP method(s) is
always relevant to forecasting. Some researchers believe that selection of DP
methods is dependent on the characteristics of the dataset [5-7]. Others believe to
achieve an optimal outcome, experimental studies must be carried out to determine

the overall arrangement and combination of DP techniques [8].

Several studies have explored the impact of DP methods on PV forecasting.
Ranjan et al. [9] focuses on outlier detection and correction methods for time-series
data. The authors identify and categorize these outlier methods into statistical-based,
density-based, and distance-based methods. Bramm et al. [10] investigates outlier
detection and removal, daylight-free selection, removal of linearly correlated
dependencies, and handling of missing data. A comparison of a linear regression
method before and after preprocessing showed a root mean square error (RMSE)
reduction by 75.9%. In another study, Phan et al. [11] applied normalization, scaling,
data filling, extreme gradient boosting (XGBoost), feature engineering, and Kernel
Principal Component Analysis (KPCA) to a gated recurrent unit network (GRU). The
proposed model with DP methods performed better than the deep learning GRU
without pre and post processing. This study identifies sixteen DP models to be
analysed which are: (i) List-wise deletion method (LWDM), (ii) Linear interpolation
method (LIM), (iii) Delete outliers (DO), (iv) Fill outliers (FO), (v) Data smoothing (DS),
(vi) Z-score (ZS), (vii) Rescaling method (RM), (viii) Low-level data fusion (LLDF), (ix)
Pearsons Correlation Coefficient (PCC), (x) Principal Component Analysis (PCA), (xi)
Day/Time/Month data decomposition (DTM), (xii) Daylight-free decomposition (DF),
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(xiii) Seasonal decomposition (SD), (xiv) Resubstiution validation, (xv) Cross-
validation, (xvi) Holdout validation. These DP and model evaluation methods are
further classified into six categories as described in Section 4.2. A summary of DP

studies can be seen in Table 4-1.

Table 4-1 Study comparisons on data preprocessing methods

Studies

DP
Methods Ranjan Bramm Phan et | Carreraand | Alshdaift Malvoni et

etal.[9] |etal.[10] |al[11] | Kim[12] etal. [13] |al [14] | TS study

LWDM v v

LIM 4

DO v v

FO 4

DS v

A v

RM

LLDF v

PCC

PCA

S RRKKK

DTM

DF N N

SD

Resub v

Cross v v

SN N ENENEN AN AN AN AN ENENENENEN AN

Holdout v

Note: Cross = Cross-validation, DF = Daylight-free, DO = Delete Outliers, DS = Data Smoothing, DTM = Day/Time/Month, FO =
Fill Outliers, Holdout = Holdout Validation, LIM = Linear Interpolation Method, LWDM = List-wise Deletion Method, PCA = Principal
Component Analysis, PCC = Pearsons Correlation Coefficient, Resub = Resubstitution validation, RM = Rescaling Method, ZS
= Z-Score

According to Table 4-1, no other study identifies and tests these combination of DP
models. A further review of the studies shows that there is either a loose or non-
existent preprocessing framework that categorizes DP methods based on their

use/function for statistical PV forecasting models.

This study will systematically test different combinations of DP techniques on
raw meteorological and PV data before they are inputted into an existing statistical PV
model. The adjustment by each DP method(s) to the model’s forecasting accuracy is
recorded and the performance is compared based on RMSE. To achieve this, two
scenarios are considered. The first scenario involves comparing the impact of the DP

methods mentioned above and their subsequent combination to a base-case scenario.
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In this study, the base-case scenario refers to filling or deleting missing data from the
original raw data which is sometimes referred to as the most basic level of DP. In the
second scenario, the best combination of DP methods from the first scenario is
compared to an existing three-step PV forecasting model that uses a combination of
RM, LWDM, PCC, and LLDF preprocessing methods. The main contributions of this

study are given below:

1. To identify and classify DP methods, relevant to statistical PV forecasting
models, into categories that will make scoping additional methods easier.
Researchers will be able to easily identify what DP category their method falls
under which would help inform an overall strategy for preparing clean data to

be used in analysis.

2. To assess the impact of different DP method(s) on raw data by comparing their

RMSE performance to base-case scenario.

3. To investigate the impact of combining different DP techniques to improve an
existing statistical PV forecasting model, providing an empirical analysis that
can be used as a case study for other DP strategies.

The list of DP methods analyzed by this study is not exhaustive. Some DP methods
are simply left out due to their irrelevance to the statistical PV model while others are

omitted due to research limitations.

This paper is organized as follows. A structured classification of DP methods is
presented and described in Section 4.2. Section 4.3 describes the methodology of the
three-step forecasting model. Section 4.4 provides parameters for model evaluation
including validation methods and error metrics. Section 4.5 presents the case study
including data description and analysis flow chart. Results and discussions are
described in Section 4.6, followed by the conclusion and recommendations for future

research.

4.2 Data preprocessing methods

A DP framework with selected DP methods to be investigated is shown in Figure 4-1.

The DP methods mentioned in Section 4.1 are classified into six DP categories
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namely: (1) data cleaning, (2) data reduction, (3) data decomposition, (4) data scaling,
(5) data integration and (6) data partitioning.

Data preprocessing for
PV forecasting

v ) D+T. ¥ D*t Do
. . ata . ata
Data cleanin . . L
LJ ‘ Data scaling ‘ ‘ integration ‘ ‘ Data reduction ‘ ‘decomposition partitioning
Rescaling method Data fusion Seasonal decomposition Validation models
. ———————%
Z-score method ‘ Low-level data fusion Timestamp decomposition Resubstitution validation
Daylight-free decomposition Cross-validation
Missing data Holdout validation
List-wise deletion method

Feature selection
Linear interpolation method Pearsons correlation coefficient

Outlier detection Solar radiation correlation

> - - -
Data smoothing Photovoltaic generation correlation
| e ROV,

Negative correlation

Feature extraction
Principal component analysis

Figure 4-1 Data preprocessing framework for statisitcal PV forecasting models

4.2.1 Data cleaning

Data cleaning is the process of fixing or eliminating missing data. It involves finding,
fixing and/or removing outliers, incorrect, incomplete, or inconsistent data within a
dataset [12]. Two DP methods under data cleaning were investigated: handling

missing data and outlier detection.

4.2.1.1 Missing data

In compiling large datasets, missing data is commonplace especially if the source of
data comes from measuring devices that may malfunction, have communication
issues, or are caused by human error. Unaccounted or missing data can lead to a bias
in forecasting [13] that can compromise the integrity of any prediction model. Distorted,
corrupted or incorrect data may occur during or after data collection and an approach
to mitigate their effects on the model development should be considered [14]. Deleting
or filling missing data is often the first step in DP and is considered the base-case
scenario in this study. In addition, this study used three different sets of data (historical
PV generation, weather data from onsite and local weather stations) that have data
missing completely at random (MCAR). To address missing data, the Complete Case

or Available Case analysis, also known as LWDM, and LIM were used. LWDM is
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among the simplest and most common approach to missing data [15]. With this
method, if one of the predictor variables has a missing value for a specific time stamp,
all measured data points at that time stamp are removed [16]. In other words, LWDM
eliminates or excludes a data observation when one or more data variable is missing
[15,17]. For instance, in Ziyabari et al. [18], missing and unnecessary data was omitted
from a fifteen-year data sample split into ten years for training, three years for testing
and two years for validation. Using a multi-branch residual network, Ziyabari et al. [18]
were able to achieve a low average RMSE of 0.073 which was better than other

networks.

To synthesize the three raw data sources into one, LWDM was used when a
row of data equivalent to 1 day was omitted. For example, it was common to have 1
or 2 days MCAR from the PV meter data. In this case, the corresponding timestamps
in both the onsite and local weather data sets were deleted. The drawback to this
approach is that it leads to a reduced data sample. The advantage is that if the entire
data sample is relatively large enough, the missing data does not significantly affect
the model, avoiding over approximation while maintaining the integrity of the data

sample.

LIM is a heavily used imputation technique [19]. Imputation refers to the process
of substituting missing data to create a complete data set [20]. In a study by Kim et al.
[21], LIM performed the best in estimating missing environmental and behavioural
data. The LIM formula [22] is given in Equation (4-1).

V2 —y1)

}’=}’1+(X—x1)m (4-1)

Where x and y are the current points, y,, x; are the previous points, and y,, x, are

the next points.

4.2.1.2 Outlier detection and data smoothing

Ouitlier detection identifies data points that differ considerably from the rest of the data
or is at odds with an expected data outcome [23]. There are several outlier detection
methods like Quartiles, Generalized extreme studentized deviate, Moving averages
and so on [24]. Data smoothing refers to methods that eliminate unwanted noise or
outliers in the data. The aim is to remove the noise or fluctuations by applying a
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statistical or mathematical method while preserving the integrity of the features within
the data. The choice of method depends on the data characteristics. A popular outlier
detection and data smoothing method is Moving averages or Moving Mean (MM).
Moving averages calculate the average of a subset of data points within a sliding or

moving window.

4.2.2 Data reduction

Data or dimensionality reduction involves reducing a multidimensional data set into a
lower dimension while preserving and retaining the characteristics of the original data
set as much as possible [25]. Data reduction comprises of attributes like feature
selection, and feature extraction which reduces the dimensionality of the original
dataset through methods like PCA.

4.2.2.1 Feature selection

Feature selection process, often referred to as variable selection or attribute selection,
involves choosing a subset of relevant and non-redundant features, while maintaining
a reduced dimensionality, retaining as much of the original dataset's information as
feasible [26]. By reducing the dimensionality of the data set, feature selection can
improve the accuracy, effectiveness, speed, generalizability, and interpretability of the
forecasting model [27]. The three-step forecasting model uses the PCC analysis to
select positive moderate to strong correlated weather parameters to SR. The PCC
formula [28] is given in Equation (4-2) and is used to determine which weather
parameters have a moderate to strong correlation to PV generated. The greater the

correlation coefficient, the better the model [29].

o IE-D0-) (@-2)
EZG-730 -9

Where r is the correlation coefficient, x is one of variables in the sample that is to be
compared, y represents the other variable in the sample, X and y are the mean values

of the respective variables.

Like the proposed model, several studies [30-34] use PCC in selecting features.
In Zeng et al. [35], PV generated is correlated with more than ten parameters while in
Mansood et al. [33], PV is correlated with five parameters. In this study, solar radiation
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correlation (SRC) and PV correlation (PVC) are both investigated to determine which

parameter is better at selecting relevant features.

In addition, the selection of negative correlated features is also investigated.
Negative correlation (NC) describes an inverse relationship between two variables
where one variable increases as the other decreases [36]. NC has important
applications in many prediction models. For instance, heating energy demands
increase as temperature decreases. In a review of solar irradiation forecasting
methods, Patel et al. [37] describes an inverse relationship with humidity and classifies
it as one of the weather parameters used for model training. This inverse relationship
is synonymous with NC. In Kong et al. [34], the R-value benchmark for input selection
was set at 0.25 for seven weather parameters. Humidity, with an R-value of -0.5681,

was selected as one of the inputs.

4.2.2.2 Feature extraction

PCA is a common technique used in feature extraction and dimension reduction [38].
It reduces the number of variables in a system by expressing the variables as linear
combination of each other. It does so by identifying the driving principles in a variable
that may exist in other variables in the same system. It then factors out this common
principle and removes any redundancy or repetition. This way, the variable size
becomes smaller, and it is easier for the forecasting algorithm to detect patterns and
identify relationships in the data. The new set of variables are referred to as the
principal components where each component is a linear combination of the original
variables. It is important to note that all principal components are orthogonal to each
other meaning there is no redundant information. It is also important to note that no
data characteristic is eliminated, and the full set of principal components is as large as
the original set of variables. Several studies [39—44] use PCA as a preprocessing
technique to reduce the dimensionality of input data to enhance forecasting accuracy
and model performance. In Kazem et. al [39], PCA produced better PV power
forecasting results having a mean square error (MSE) of 0.0780 versus Full Recurrent
Neural Network (FRNN) which had 0.1778. PCA is also used as a feature selection
technique in a study by Munawar et al. [44], as feature selection has a significant
impact on model performance. The study used the XGBoost model with PCA and this

produced the lowest RMSE. In addition, PCA outperformed the feature importance
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method for feature selection. Mallika et al. [43], introduces a novel ionospheric
forecasting method to forecast the ionospheric total electron content by combining
PCA and artificial neural networks (ANN). This PCA combined model outperformed
normal neural networks with a correlation of 0.95 as opposed to 0.41 for the latter. In
another study by Lan et al. [40], the research incorporates Discrete Fourier Transform
(DFT), PCA and Elman Neural Network (ENN) to track changes in the frequency of
SR to provide a more accurate SR forecast. To investigate accuracy performance of
various DP techniques on a time series forecasting model by Malvoni et al. [41], the
approximation and detail coefficients resulting from analysing meteorological data
inputs using PCA and Wavelet Decomposition, resulted in a decrease in prediction
error of up to 1% over other methods. To determine daily SR forecasts, Zhang and
Wei [42] used PCA to reduce dimensions of decomposed historical SR. To test the
effectiveness of PCA, a hybrid model based on Wavelet Transformation, Extreme
Learning Machine and Bat Algorithm was used with and without PCA. A conclusion of

the study was that the model performed far better when PCA was enabled.

PCA in MATLAB uses the singular value decomposition algorithm. Let X be a real
m x n matrix of rank n, and In is the identity matrix. A singular value decomposition of
X [45] is such that:

X =UxzT (4-3)

Where: U is a m x r matrix called the left singular values of Xand U x UT= I,
Y is an r x r matrix that is diagonal with single values of X
Z is a n x r matrix called the right singular value of X and Z x Z7 = I;

Using singular decomposition,

T =XZ (4-4)
T =UxZ"Z (4-5)
T =UZ (4-6)

The output of PCA is the pair of matrices U and ) . Matrix T is now comparable to the
original matrix X such that each column of T is a left singular vector of X multiplied by

the corresponding singular value.
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4.2.3 Data decomposition

Data decomposition is used to break down the original time series data into a number
of comparatively steady subseries [46]. The aim is to identify and group each
subseries by their unique characteristics, making it easier for the prediction algorithm
to identify patterns in the data. For example, data decomposition can identify
seasonality and trends in a time series data. A forecasting model is built on each
subseries to obtain several individual forecasting outcomes. The final forecasting
result is obtained by totalling up all the individual forecasting outcomes. Examples of
data decomposition models are Wavelet Decomposition (WD), Atomic sparse
decomposition (ASD), Empirical mode decomposition (EMD), and Variational mode
decomposition (VMD) [47].

Classifications of decomposition include additive and multiplicative
decomposition. Seasonal decomposition, an example of additive decomposition,
breaks down a time series into its various components, including trend, seasonality,
and remainder (residuals or noise) while capturing seasonal characteristics in the
observed data [48]. Data can also be grouped by days of the month, time and even
the months in a year in a timestamp decomposition. The logic behind dividing data into
seasons is that days in a particular season tend to have similar weather patterns. By
grouping similar weather days together and training the model, the machine learning
algorithm should be able to detect patterns easily. Several authors have explored this
concept. Fraihat et al. [49] investigates the influence of twenty-four (24) weather
parameters on SR forecasting in the western region of Jordan. The study concludes
that the parameters impact differently on SR depending on the season. In Singla et al.
[50], a hybrid model is investigated which is a combination of Full Wavelet Packet
Decomposition (FWPD) and Bidirectional Long Short-Term Memory (BiLSTM). In this
study, the seasons are divided into, Summer (March-May), Monsoon (June —
September), Autumn (October-November), and Winter (December-February)
according to the Indian Meteorological Department. Results showed that there were
lower forecasting errors in the summer and winter than in the Autumn and Mansoon.
Ali-Ou-Salah et al. [51] presented another hybrid approach based on ANN and
seasonal clustering for ultra-short term global solar radiation forecasting. In yet
another study on solar power forecasting, the hybrid approach, consisting of Empirical
Wavelet Transform (EWT) and Robust Minimum Variance Random Vector Functional
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Link Network (RRVFLN) with random weight vector was investigated. The study
acknowledges the fact that factors like seasons and geographical area affects solar
power. The data site is located in Alabama and months were split into Spring (March-
May), Summer (June-August), Autumn (September-November) and Winter

(December-February).

Data can also be classified based on trends like the hours of PV generation.
PV generation mirrors the solar intensity for a specific location and follows a bell curve
pattern when plotted against the 24 hours in a day. This means that certain hours in
the morning and at night will have zero PV generation because the sun is no longer
available. These hours are referred to as DF hours. Some publications have used the

method of excluding daylight-free hours in their analysis [50,52-56].

4.2.4 Data scaling

Data scaling, data transformation or data normalization is a process that entails
changing the scale of the variables or features in your dataset to a similar scale. The
purpose is to prevent certain features with larger values from dominating others and
to ensure they all contribute equally to the model [57]. Common methods of data
scaling include Min-Max scaling, Z-score normalization, Robust scaling, Log

transformation.

The Min-Max method is also known as the RM. With a typical range of [0, 1], RM
prevents over-influencing of one over the other due to differing lengths. The RM

equation [58] is given in Equation (4-7).

X —X,,;
Xrescaled =a-+ [—mm] (b - a) (4-7)

Xmax - Xmin

Where X,.scaieqa 1S the normalized data between the intervals [a, b], X represents the
values of the x-variable in the sample, X,,;, is the minimum while X,,,,, is the maximum

value of X in the sample.

ZS or the Standard Score normalization method is another way of normalizing
data. Several studies [49,52,59-62] highlight the use of ZS as a preferred
normalization method. The ZS equation [63] is defined in Equation (4-8) where p and

o are the mean and standard deviations of the sample respectively.
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X—u (4-8)

4.2.5 Data integration

Data integration is the process of combining data from different sources [64] to
enhance the users view of the data. The data combined must be accurate, consistent,
and of a similar format. Data fusion falls under the broader umbrella of data integration.
Data fusion methods combine information gathered from multiple sources to extract
meaningful information [65]. Data fusion makes it possible to obtain more informative
and complete representation of the data than would be possible by just using one data
source. In general, data fusion can be classified as low, intermediate, or high level
based on the processing stage at which information fusion occurs [66].

LLDF is a simple technique that combines or concatenates raw data from more
than one source into a single data sample ready for data analysis [67]. In a study by
Teglia et al. [68], a LLDF strategy was proposed for data processing of second-order
liquid chromatographic data. The LLDF strategy was successful in overcoming
baseline contribution, chromatographic peaks distortions and peak overlaps while
increasing the global prediction ability and decreasing uncertainty. In another study,
Lanza et al. [69] prove that the LLDF approach provided greater discriminating
capacity of milk than either of the individual fatty acid-nonpolar and the nuclear
magnetic resonance polar data sets, providing a better predictive performance of the

Canonical discriminant analysis algorithm.

4.2.6 Data partitioning

Data partitioning or data splitting is the process of dividing a dataset into subsets or
partitions for a variety of uses, including training machine learning models, validating
model performance, and testing model generalization. Traditional data splitting
involves dividing the data into training and testing data sets for training and evaluating
the model respectively [70,71]. In this study, 75% of data is used for training while the

remaining 25% data is used for testing.
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4.3 Three-step forecasting model

The existing three-step statistical PV forecasting model [72] uses positive correlated
weather parameters to solar radiation (SR), from an on-site weather station and a local
weather station, to predict PV generation. The choice of SR was determined because
it has the highest correlation to PV generation of any other parameter [73]. The raw
data was preprocessed using LLDF, PCC, LWDM and RM. Resubstitution was
arbitrarily selected as the validation method. Figure 4-2 shows the existing forecasting
architecture.

STEP 1
é ‘ — Correlation > 04
w1 =
CEy  — -O- STEP 3
[]
Solar radlatlon
On-site weather station
Predictors RLA Forecasting
STEP 2 Model —
e _ (Correlation > 0. 4 Hocizon hoce]
¢ 8 -
4 T e— 'O‘ Response =PV generated
L Solar radlatlon
Local weather station

PV system

Figure 4-2 Three-Step Forecasting Architecture

4.4 Model evaluation

This involves the tools and techniques used in assessing the performance of the
model.

4.4.1 Validation methods

Validation methods are essential when developing the model and define what
percentages of the data sample is used for training, testing, and validating a model.
These methods prevent overfitting or underfitting of the model by testing the
forecasting algorithm on new data. It achieves this by also partitioning the data into
training and testing data subsets. MATLAB has three validation method options:

Cross-validation, Holdout validation and Resubstitution validation.
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In Cross-validation, the data set is divided into folds or division of roughly equal
size. A fold or subset is used to validate or test the model, while the remaining subsets
are used to train the model. This process is repeated until each subset has been used
exactly once for validation. The average of the validation error over all the folds is
determined and this becomes the error for the prediction model. Holdout validation
separates the data into training and validation sets based on a percentage. The
advantage to this is that the data is trained and validated only once and doesn’t have
to be repeated unlike in cross-validation. There is however a caution when this method
is used for small samples. Resubstitution validation doesn’t partition the data but
instead uses all the data to compute the error. Without any separate validation data,

there is no protection against overfitting using this method.

In Zhang et al’s study [74], both resubstitution and cross-validation methods were
used. Worthy of note in the study was the use of cross-validation to reduce and correct
resubstitution bias that arose when designing confirmatory clinical trials using a finite
sample. In a study for predicting the occurrence of respiratory diseases using climatic
and air-pollution factors by Ku et al. [75], holdout validation was performed using 30%
of the data when training gradient boosting and Gaussian Process Regression (GPR)
machine learning models. Similarly, cross-validation has been used in several studies
[39,44]. Mallika et al. [43] used cross-validation with k = 5 for feature selection and k
= 3 for hyperparameter selection in forecasting the ionospheric space weather. In a
comparative study of classification tools [76], all three validation methods were used.
The data was trained using five holdout percentages (60%, 65%, 70%, 75%, 80%)
and k = 10 folds for cross-validation.

4.4.2 Performance metrics

There are quite a few metrics to measure the performance of a forecasting model.
These error equations show the difference between the actual data and the forecasted
or predicted data. The following error formulas [77,78] are used to evaluate the

performance of the model:

MSE: Is the average of the squares of the errors or the sum of the average

difference squared between predicted and actual values.
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N
1
MSE = Nz(’?" —x;)? = RMSE ? (4-9)
i=1

MAE: Measures the average absolute difference of the forecasted values from the

actual values.
N
1 A
MAE = NZI(XL — xi)l (4_10)
=

RMSE: Penalizes big forecast errors and is preferably used where small errors are
acceptable [54]. It is calculated by taking the square root of the MSE. The lower
the RMSE, the higher the prediction model accuracy.

1
RMSE = NZ@- — x;)2 (4-11)

R-Squared: The coefficient of determination or R-squared indicates the
proportionate amount of variation in the dependent variable response explained by
the independent variable. In other words, R-squared is a goodness of fit measure
that shows how well the data fits the regression model [37].

N ey 2
R2 -1— i=1(Xi - xi) (4_12)

Z%V=1()?i - J’C\average)z

Where N is the number of data points, X; are the predicted values and x; are the

observed values.

Using a combination of MSE, MAE, R-squared, and RMSE offers a comprehensive
evaluation of forecasting models. While MSE is valuable for its sensitivity to large
errors (by squaring them), MAE provides robustness to outliers and errors by giving

them equal weights, and clear interpretability by being expressed in the same units as
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the original data. RMSE retains the interpretability of MAE and sensitivity to error of
MSE, making it a versatile and widely accepted metric. R-squared is useful for
comparing different models on the same dataset, as a higher R-squared indicates a
better fit. Together, these metrics ensure a thorough assessment of model
performance, considering both the magnitude of errors and their distribution, which is

crucial for robust and reliable forecasting in practical applications.

4.5 Case study

Regression analysis is used to determine the relationship and future predictions of a
dependent variable (the PV generated) from a number of independent variables
(weather parameters). The Regression Learner App (RLA) in MATLAB, through the
lowest RMSE, selects the most accurate out of more than 20 regression models.
Before training via the regression models, the response (independent variable) and
predictors (dependent variables) must be selected. In this study, two and half years
(2018 — 2020) of historical data comprising of nine weather parameters from the
Kisanhub weather station (KHO75) [79] located in Cranfield University and twelve
weather parameters from The Metrological Office in Bedford, U.K are provided. The
corresponding historical PV data is obtained from Cranfield’s online energy manager
platform [80]. To investigate the impact of the DP methods highlighted in Section 4.2,
the RLA flowchart is used and shown in Figure 4-3. In addition, the methods are
systematically investigated in the order they are presented in Figure 4-1 from left to
right with the results from each trial displayed in Table 2. The default validation method
used is resubstitution. The aim is to determine which combination of DP methods
significantly improves the base-scenario and the accuracy of the forecasting model.

148



Collect Raw Data

Data Preprocessing

!
[Select Predictors| [Select Response]

1
Select Validation

* Cross-Validation
*Holdout Validation
* Resubstituion Validation

PCA Enabled

[Select Predictors] [Select Response]

Select Regression Model
{ L i 1
Linear Regression E ble of Trees | |Regression Trees| |G Process Regression| |Support Vector Neural Networks
* Linear * Boosted Tree *Fine Tree * Rational Quadratic ; Linear SVM * Narrow Neural Network
* Interactions Linear * Bagged Tree * Medium Tree * Squared Exponential . Sﬂﬁfra"c SVM Medium Neural Network
* Robust Linear * Coarse Tree * Matern 5/2
* Stepwise Linear J' * Exponential

[

ic SVM
: _F_inf._ Gauﬁsian SVM

* Wide Neural Network

* Bilayered Neural Network

1
* Coarse Gaussian SVM
|7 Coarse Gaussian SVM .

* Trilayered Neural Network

Calculate MAE,
MSE, RMSE, R?

Save Model

Inverse Preprocessing

Test Model

Calculate MAE,
MSE, RMSE, R?

Save Model
and Forecast

Figure 4-3 Modified flow chart of the Regression learner app

4.6 Results and discussion

Results from the test data based on the lowest RMSE values and the best

performing algorithm for each trial are displayed in Table 4-2. The lowest RMSE for
each sub-group of DP methods have been highlighted.
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Table 4-2 Performance of data preprocessing methods

Data cleaning

Trial | LWDM LIM DO FO DS | RMSE Algorithm
1 v 38.52 MGSVM
2 v v 35.79 CGSVM
3 v v 38.40 MGSVM
4 v v 11.39 WNN
5 v v v 12.03 WNN
6 v 37.56 MGSVM
7 v v 37.15 MGSVM
8 v v 38.09 MGSVM
9 v v 11.53 WNN
10 v v v 12.74 WNN
Data scaling
LWDM LIM DS | ZS RM RMSE Algorithm
11 v v 0.2044 MNN
12 v v v 0.0403 WNN
13 v v 0.1745 WNN
14 v v v 0.0375 WNN
Data integration
LIM DO FO DS | RM | Cranf Bed Cranf + Bed RMSE Algorithm
15 v v v v 0.0422 FGSVM
16 v v v v 0.0530 FGSVM
17 v v v v 0.0375 WNN
18 v v v v v 0.0379 WNN
19 v v v v v 0.0295 MGSVM
Data/Dimentionality reduction — Feature selection by correlation (SRC,PVC, NC)
LWDM LIM FO DS RM Cranf | Bed Cranf+Bed | SRC | PVC | NC RMSE Algorithm
20 v v v v 0.1037 BNN
21 4 4 4 4 v 0.1042 NNN
22 v v v v v v 0.0604 | WNN
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23 v v v v 0.1049 TNN
24 v v v v v 0.1073 | NNN
25 v v v v v v 0.0688 FGSVM
26 v v v v 0.0945 | MNN
27 v v v v v 0.0928 BNN
28 v v v v v v 0.0549 FGSVM
29 v v v v v v 0.0547 | WNN
30 v v v v v v 0.0417 | WNN
31 v v v v v v v 0.0362 FGSVM
32 v v v v v v v 0.0365 FGSVM
Data decomposition — Day, Time , Month, Daylight-free
LIM FO DS RM | Cranf+ Bed | SRC PVC NC DTM | DF RMSE Algorithm
33 v v v v v v v v 0.0264 WNN
34 v v v v v v v v 0.0251 WNN
35 v v v v v v v v v 0.1984 WNN
Data decomposition — Seasons
LIM FO DS RM | Cranf+ Bed | PVC NC DTM | Season RMSE Algorithm
36 v v v v v v v v Summer 0.0128 | RQGPR
37 v v v v v v v v Spring 0.0144 MGPR
38 v v v v v v v v Autumn 0.0090 | SEGPR
39 v v v v v v v v Winter 0.0079 | MGPR
Data/Dimentionality reduction — PCA
LIM FO DS RM | Cranf+ Bed | PVC NC DTM | PCA RMSE Algorithm
40 v v v v v v v v PCA 11 0.0265 WNN
41 v v v v v v v v PCA 9 0.0264 WNN
42 v v v v v v v v PCA 8 0.0253 WNN
43 v v v v v v v v PCA 7 0.0276 WNN
44 v v v v v v v v PCA 5 0.0522 FGSVM
Data paritioning
Validation PCA RMSE Algorithm PCA RMSE Algorithm
45 | Cross:5 9 0.0280 MGSVM 8 0.0253 WNN
46 | Cross: 10 9 0.0272 WNN 8 0.0254 WNN
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47 | Cross: 15 9 0.0265 WNN 8 0.0248 WNN

48 | Cross: 20 9 0.0268 WNN 8 0.0268 WNN

49 | Holdout: 10 9 0.0250 WNN 8 0.0253 WNN

50 | Holdout: 15 9 0.0250 WNN 8 0.0248 WNN

51 Holdout: 20 9 0.0250 WNN 8 0.0256 WNN

52 | Holdout: 25 9 0.0253 WNN 8 0.0266 WNN

Data decomposition — Seasons
Seasons PCA Validation RMSE Algorithm Validation RMSE Algorithm

53 | Spring 8 Cross: 15 0.0142 MGPR Holdout: 15 0.0115 MGPR
54 | Summer 8 Cross: 15 0.0117 RQGPR Holdout: 15 0.0116 RQGPR
55 | Autumn 8 Cross: 15 0.0078 MGPR Holdout: 15 0.0077 MGPR
56 | Winter 8 Cross: 15 0.0076 MGPR Holdout: 15 0.0077 MGPR

Note: Bed = Bedford, BNN = Bilayered Neural Network, Cranf. = Cranfield, Cross : # = Cross-validation : Number of folds, CSVM = Coarse Gaussian Support Vector Machine, DF = Daylight-free,
DO = Delete Outliers, DS = Data Smoothing, DTM = Day-Time-Month, FGSVM = Fine Gaussian Support Vector Machine, FO = Fill Outliers, Holdout = Holdout Validation : Percent hold out,

LIM = Linear Interpolation Method, LWDM = List-wise Deletion Method, MGPR = Matern 5/2 Gaussian Process Regression, MGSVM = Medium Gaussian Support Vector Machine,

MNN = Medium Neural Network, NC = Negative Correlation, NNN = Narrow Neural Network, PCA = Principal Component Analysis, PVC = Photovoltaic Correlation, RM = Rescaling Method,
RMSE = Root Mean Square Error, RQGPR = Rational Quadratic Gaussian Process Regression, SEGPR = Squared Exponential Gaussian Process Regression, SRC = Solar Radiation Correlation,
TNN = Trilayered Neural Network, WNN = Wide Neural Network, ZS = Z-Score
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The data from the on-site weather station, the PV meter, and the local weather station
are recorded in 15-minute, 30-minute and 1-hour timestamps respectively. The first
step was to synchronize the data sampling rates, ensuring that only data values with
the same corresponding hourly timestamps are used. The PV meter had several days
missing at a time. These along with the corresponding observations from the weather
station were removed to have an equal nhumber across all observations and to avoid
over approximation. Using LLDF, the raw data from the two weather stations was
combined to make cleaning the data easier. The result was a raw data set of 21
weather variables (excluding time and date) with hourly data points from 18/07/2018
— 31/12/2020 numbering 436,527 individual data points and 20,787 hourly

observations.

In investigating the DP methods, the first step is to clean the data. To handle
missing data, two methods are considered: LWDM and LIM. In LWDM, incomplete or
missing data was deleted. In other words, if any variable had a missing hourly data
point, the entire row of data containing the hourly readings for the other 20 variables
was deleted. 3053 observations were deleted representing a decrease of 15% from
the original raw data set. In LIM, missing hourly data is filled by linear interpolation
using Equation (4-1). In Table 4-2, Trial 1 and Trial 6 show LWDM with an RMSE of
38.52 and LIM with an RMSE of 37.56 respectively, which represent some of the
highest RMSE values of all the trials. LWDM and LIM are often considered the base-
case scenario as suggested in Section 4.2.1.1 and are a reference by which all the
other DP methods are measured. Trial 1 to 10 show the test results of LWDM and LIM
in combination with deleting outliers (DO), filling outliers (FO) and/or data smoothing
(DS). MM, with a centred moving window of length 11 and threshold factor of 3, was
used in both FO and DS. Of all the trials, the combination of either LWDM + DS or LIM
+ DS had the lowest RMSE results with 11.39 and 11.53 respectively. RMSE of the
test results were calculated using Equation (4-9). Furthermore, DS significantly
improved the accuracy in all the tests it was featured in. This is further validated in
trials 20-22 where the addition of DS in trial 22 produces the lowest RMSE (0.0604) of
the three trials. DS is therefore a significant tool used in improving model accuracy.
Wide Neural Network (WNN) and Medium Gaussian SVM (MGSVM) were consistently
the best performing algorithms probably. This may be because Support Vector

Machines (SVM) use of kernels allows SVMs to implicitly handle non-linear
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relationships between features without explicitly transforming the data [81], while
Neural Networks (NN) use of weight adjustment allows neural networks to adapt to the
scale of input features during training [82]. Additional DP methods need to be

investigated to establish a clear-cut pattern.

In data scaling, two normalization techniques are investigated: RM and ZS.
Before training the data, normalization was performed using Equations (4-7) and (4-8).
In general, all the trials from 11 - 56 performed better and had significantly lower RMSE
values than tests from 1 - 10 because the data had been normalized. By including DS
based on previous results, the combinations of LWDM + DS and LIM + DS are
investigated separately after normalization using either RM or ZS. RM outperformed
ZS in all the tests. Although close, the combination of LIM + DS + RM achieved better
results (0.0375) than LWDM + DS + RM (0.0403), further validating LIM over LWDM.

Data integration involves testing LLDF by combining raw data from multiple
sources. Three model training scenarios are investigated based on the data source;
data from Cranfield alone, data from Bedford alone, and data from both weather
stations combined using LLDF. Trial 17 using LLDF to combine data from Cranfield
and Bedford outperformed the other data sources. Importantly, the impact of DS and
RM was confirmed and supports the conclusion reached in the previous trials.
Furthermore, the addition of FO outperformed DO resulting in RMSE values of 0.0295
and 0.0379 respectively.

The next series of tests explores data reduction in terms of correlation. In the
original three-step forecasting architecture, feature selection was based on weather
parameters with moderate to strong positive correlation (>0.4) to SR. These next trials
will investigate the impact of replacing SR with PV generated while including weather
parameters that have a strong NC. To select these weather parameters, PCC analysis
on the data cleaned by LIM is performed using Equation (4-2). The results are

displayed in Table 4-3.

Table 4-3 Correlation matrix of weather Parameters in Cranfield and Bedford weather

stations to ((a) Solar radiation (b) Photovoltaic generation)

SRC PVC

Solar Radiation 1 PV 1
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Wind Speed

Relative Humidity

Pressure

Dew Point

Heat Index

Temperature

Wind Chill

Hourly Pressure at Mean Sea Level
Hourly Dewpoint Temperature
Hourly Rainfall Total

Hourly Relative Humidity
Hourly Mean Wind Direction
Hourly Mean Windspeed

Hourly Maximum Gust

Hourly Temperature

Hourly Wet Bulb Temperature
Hourly Global Radiation
Hourly Total Cloud Cover
Hourly Visibility

0.0175
-0.5961
0.1973
0.2025
0.5247
0.5464
0.5412
0.1902
0.2014
-0.1544
-0.6979
-0.0611
-0.0127
0.0287
0.5437
0.4092
0.9504
-0.2850
0.2397

Solar Radiation

Wind Speed

Relative Humidity

Pressure

Dew Point

Heat Index

Temperature

Wind Chill

Hourly Pressure at Mean Sea Level
Hourly Dewpoint Temperature
Hourly Rainfall Total

Hourly Relative Humidity
Hourly Mean Wind Direction
Hourly Mean Windspeed
Hourly Maximum Gust
Hourly Temperature

Hourly Wet Bulb Temperature
Hourly Global Radiation
Hourly Total Cloud Cover
Hourly Visibility

0.9444
0.0251
-0.5026
0.2144
0.1511
0.4243
0.4427
0.4383
0.2085
0.1331
-0.1634
-0.6249
-0.0458
-0.1091
0.0214
0.4443
0.3215
0.8962
-0.3406
0.2017

The highlighted variables in Table 4-3 shows that the number of features has been
reduced from 20 to 9 using SRC, and from 21 to 8 using PVC, with the hourly wet bulb
temperature being the only difference. This is because the correlation value is now

less than 0.4 and cannot be considered as a predictor when PV is used as the

determining parameter. In a comparison of SRC and PVC, PVC outperforms SRC with

an RMSE value of 0.0417 to 0.0547 respectively. According to the correlation matrixes

in Table 4-3, Relative Humidity is the only weather parameter that has a moderate to

strong negative correlation to both SR and PV. Figure 4-4 clearly shows an example

of this inverse relationship using 2019 weather data from the Kisanhub weather

station.

Solar Radiation (W/m2)

== solar radiation
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Figure 4-4 Weather data from Kisanhub, Cranfield University showing the inverse

relationship between Solar Radiation and Relative Humidity in 2019

By adding weather parameters with moderate to strong NC, both SRC and PVC results
mentioned above are further improved resulting in RSME results of 0.0362 and 0.0365
respectively. Table 4-4 shows a summary of the training and testing results with errors
and model fit calculated by using Equations (4-9 - 4-12).

Relative Humidity (%)

relative humidity

Table 4-4 Performance of Solar Radiation correlation and Photovoltaic correlation

SRC Training Testing

Model RMSE MSE MAE R? RMSE MSE MAE R?
FGSVM | 0.0275 0.0008 0.0172 0.97 0.0362 0.0013 0.0571 0.95
PVC Training Testing

Model RMSE MSE MAE R? RMSE MSE MAE R?
FGSVM | 0.0279 0.0008 0.0173 0.97 0.0365 0.0013 0.0237 0.95

According to the results of Table 4-4, SRC and PVC have relatively close RMSE test
results. As further evidence of this, Figure 4-5 shows the scatter plots of the two

methods with similar variations along the regression line.
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Figure 4-5 Model Performance of ((a) Solar Radiation correlation (b) Photovoltaic

correlation)

This concludes that PV can be used instead of SR in the forecasting model. The result
of which is the better performing method is inconclusive and more tests need to be
carried out. In reviewing trials 20 — 32, results of DP method performances from
previous trials were further validated. In trials 22, 25, and 28, the addition of DS
produced better results than the previous trials without DS. In addition, models that
used LLDF in the test trials (26 -32), performed better than models using only one
source of data (20 -25). The LIM models in trials 29 — 32, outperformed all the trials
using LWDM (20 — 28).

To investigate data decomposition, elements of date are added including dividing
the data set into seasons and considering DF hours. Timestamp decomposition
involves breaking the data timestamp into day of the month, time of the day, and month
of the year (DTM), adding them as three unique features to the SRC and PVC
predictors. In trials 33 -34, PVC with DTM outperforms SRC with DTM resulting in
RMSE values of 0.0251 and 0.0264 respectively. With this result, it is concluded that
the PVC method is slightly better than SRC. DF hours are investigated by removing
the hours of zero PV production from the data set. The 0.1984 RMSE value in trial 35
shows that DF reduces the prediction accuracy. A possible reason behind this is by
eliminating DF hours, other important features that help in training and testing of the
data are eliminated as well. The more useful information is deleted from the data set,
the less accurate the prediction is. To investigate how the model performs in seasons,
the data was divided into Spring (March 20th to June 20th), Summer (June 21st to
September 21st), Autumn (September 22nd to December 20th) and Winter (December
21st to March 19th) [83]. The RMSE values in trial 36 — 38 are the lowest of all the
trials. An explanation is that the training and testing of the models are performed over
relatively short periods of time. The relative short time and the fact that the data is
largely homogenous leads to relatively low RMSE values. A further observation from
these test trials is that the best performing algorithms in training and testing of the
seasonal data came from the GPR family of algorithms. GPR are non-parametric, non-

linear probabilistic kernel-based regression functions [84]. With the adaptation of the
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kernel-based function, GPR show wider adaptability in dealing with multi-dimensional
and complex nonlinear forecasting problems [85]. Based on the Bayesian framework
[86], GPR computes the probability of an input vector that follows the Gaussian

distribution and is expressed in the form of its mean and covariance [87].

Impact of PCA is also considered. The component reduction criteria of the PCA
analysis in MATLAB allows the user to select how many components or combination
of components should be used. Currently, the total number of features for the PVC-
based model which was originally 8 is now 11 after adding DTM. Using Equations
((4-3) - (4-6)), trials 40 - 44 test the addition of PCA starting from 11 components all
the way down to 5 components. Trial 42 which represents PCA with 8 components
(PCA 8), has the lowest RMSE of all the other components at 0.0253 with PCA 9
coming in at a close second at 0.0264. A possible explanation could be that of all the
11 features, relative humidity, temperature, and SR occur twice. By combining these
doubling features together, we are left with 8 components. More importantly is that
there doesn’t seem to be an added advantage over the previous trial (34) without PCA.
This might be due to a relatively small sample size or non-linearity in the data [88].

However, additional tests will be conducted.

The default validation method for all the trials has been resubstitution. In trials 45
- 52, different folds and percentages were investigated for cross and holdout validation
methods respectively while still maintaining all the DP methods from trials 40 - 44. The
choice of folds started at 5 and stopped at 20 when the RMSE results began to
increase. For holdout validation, the partition percentages stop at 25% because after
then (at 30%), the test sample size drops from 25% to 20%, which is inconsistent with
the parameter set for this study. Overall, similar RSME values are obtained, with cross
validation using 15 folds and holdout validation with 15% having the best results at
0.0248. The similar performance over the three validation methods indicates that the
data sample size is adequate and within range of their capabilities. However,
resubstitution creates bias and overfitting in smaller data samples. It is recommended
to use cross validation for smaller data samples and holdout validation for larger data
sets. On closer inspection, PCA 8 performs better in 4 out of the 8 trials and ties with
PCA 9 in 1 of the trials. Holdout validation of PCA 9 results has slightly performed
better on average over the four percentage partitions (10% to 25%). The seasonal

decomposition is repeated, comparing cross validation and holdout validation. In trials
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53-56, holdout validation performs better and produces the lowest RMSE figures of all
the 56 trials. In addition, the GRP models were the best performing in seasonal
decomposition supporting the findings earlier in trials 36 - 39. In summary, the optimal
combination of DP methods (LLDF + LIM + FO + DS + RM + PVC + NC + DTM+ PCA
8 + Holdout: 15) resulting in an RMSE of 0.0248 is shown in Figure 4-6 and highlighted

in bold as the critical path.
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Figure 4-6 Flow chart summary of data preprocessing iterations
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Table 4-2 shows a steady improvement of the RMSE from the base-case scenario as
each DP method is added. Furthermore, a comparison of the LWDM (RMSE = 38.52) and
LIM (RMSE = 37.56) base-case scenarios to the optimal combination of DP methods
(RMSE = 0.0248) shows a 100% improvement in the forecasting accuracy. This validates
the earlier statement made that a combination of DP methods can significantly increase
forecasting accuracy. Finally, the effects of this DP combination is evaluated by
comparing the original three-step forecasting architecture (LLDF + LWDM + RM + SRC)
with improvements from this study (LLDF + LIM + FO + DS + RM + PVC + NC + DTM+
PCA 8+ Holdout: 15) using the case study data highlighted in Section 4.5.

Table 4-5 shows the results.

Table 4-5 Comparing performance of original Three-step to improved Three-step

forecasting model

Original Three-

step Training Testing

Model RMSE MSE MAE R? RMSE MSE MAE R?
MNN 0.0914 | 0.0084 0.0491 0.86 | 0.0989 0.0098 0.0531 0.84
Improved

Three-step Training Testing

Model RMSE MSE MAE R? RMSE MSE MAE R?
WNN 0.0254 | 0.0006 0.0181 0.98 | 0.0251 0.0006 0.0176 0.98

The DP methods improve the accuracy of the model over the total test sample size by
reducing the RMSE error by 75% from 0.0989 to 0.0248. In addition, the 0.98 r-square
(R?) value of the improved three-step is greater than 0.84, meaning the predicted
results during testing of the improved model are much closer to the actual PV
generated than the original three-step model. To visualize the prediction performance,
a line graph of the actual vs predicted of both methods over a period of 7 days is shown

in Figure 4-7.
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Figure 4-7 One-week prediction comparison between original and improved Three-step

forecasting method

The improved three-step model shows better approximation of the actual PV
generation, including peaks than the original three-step model which proves the
importance of using accurate data in forecasting. In forecasting, hybrid models
overcome the limitation of a single technique and ensure better forecasting
performance by leveraging on the advantages of each of its input models [89-91]. As
has been proven, combining different DP methods also helps to improve forecasting.
However, it is also important to note that the performance of different DP methods

depends on how the user combines and/or utilizes them, the data type, and the
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prediction model. For example, in this study, RM performed better than ZS in all the
trials. Arora et al. [92] investigated the various combination of normalization
techniques, transfer functions, ANN, and training algorithms, to determine the best
methodology for forecasting solar irradiance. The RM, ZS and Decimal score (DSM)
normalization techniques were analyzed with DSM yielding the least error when paired
with ENN. In another comparison of these three normalization techniques, in a study
on feature extraction to identify characters in a Javanese Script [61], raw data
normalized by ZS outperformed the other two techniques with 60%-character
recognition; better than 56.33% for RM and 29.83% for DS. This means that different
normalization techniques tend to work with different forecasting architectures and
algorithms. Drawing from this, the outcome of other DP techniques also varies
depending on the forecasting architecture. For example, in Appendix B, trials 11 - 16
in Table B-1 show that the same DP methods must be used for both the training and
testing data sets otherwise larger RMSE errors will occur. In Table B-2, DP methods
like DS and DO were left out while the PPC was adjusted to 0.5 instead of 0.4, leading
to higher RMSE values. Table B-3 validates a lot of the findings already established in
this study. Table B-4 uses only 1 year data, confirming that the more accurate data

used in training the model, the better the prediction.

4.7 Conclusion

This study provides a structured classification of data preprocessing methods for data-
driven statistical PV forecasting models. This structured framework will be useful to
researchers in assessing which category different preprocessing methods fall under
for a more informed and systematic cleaning of data. This study also investigates the
impact of sixteen preprocessing methods and their impact on an existing statistical
three-step PV forecasting model. Two and a half years of weather and PV generation
data were analyzed, with 75% being used for training while the remaining 25% used
for testing. The combination of low-level data fusion, linear interpolation, filling outliers,
data smoothing, rescaling method, moderate to strong PV correlation of weather
parameters using Pearson correlation coefficient, day/time/month decomposition,
seasonal decomposition, principal component analysis, and holdout validation

improved the accuracy of the three-step forecasting model by reducing the root mean
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square error by 75%. Results show that the original three-step PV forecasting model
before data preprocessing improvements achieved a root mean square error of 0.0989
and an R? value of 0.84 during testing and after data processing achieved 0.0248 and
0.98 respectively. In addition, this combination of data preprocessing methods shows
a 100% improvement on forecasting accuracy when compared to a base-case
scenario when either the list-wise deletion or linear interpolation method are used
proving that combining various preprocessing methods significantly increases model

accuracy.

Ultimately, the type of data preprocessing methods used depends on how the
user combines and/or utilizes the methods, the data type, and the prediction model.
The performance of data preprocessing methods will differ based on the factors
mentioned above and the goal of the forecasting problem. Recommendations from
this study include testing extensively to see which combination of data preprocessing
methods work. In addition, because of overfitting concerns, it is suggested that the
resubstituion method be replaced with the cross validation for smaller data samples
and holdout validation for larger data sets.

A limitation of the study is that the data used was relatively short. As proven by
the differences of the results in the appendix between using one-year data and two
and a half years, more data potentially means more accurate data if preprocessed
correctly. The data preprocessing methods highlighted in this study are not exhaustive,

leaving room for other preprocessing methods to be investigated.
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5 Direct Load Control approach: An loT-based plug load
management system for smart buildings*

Abstract:

Efficiently managing and controlling electrical consumption and costs in buildings is a
crucial objective of today’s smart grid and is critical in achieving Net Zero targets.
Direct Load Control (DLC) gives utilities, grid operators and customers the capacity to
remotely and directly regulate how much power is used by specific end-user devices
or loads. While energy management for lighting and heat, ventilation, and air
conditioner loads have been addressed with solutions already in the market, small
power plug-in loads have not been considered. In this paper, a study on the effect of
DLC on managing and controlling small power plug-in load usage at an individual
outlet level is carried out using the Baseline comparison method, and by conducting a
techno-economic analysis of energy consumption, cost, CO2 emissions, and payback
period. Connected Power, a DLC solution, is used in two sites located in Cranfield
University, resulting in potential annual savings of 744.67 kWh, £203.67, 154.22 kg
COg2, for a robotics laboratory and 2993.92 kWh, £818.84, 620.04 kg CO: for a café.

Keywords:

Direct load control, Baseline comparison method, Energy management system, Plug-

in loads, Demand response

4 This chapter is a paper authored by Tolulope Falope, Liyun Lao, & Da Huo, submitted to the Energy
journal.
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5.1 Introduction

Climate change is one of the world's most urgent problems. According to the Global
Carbon Budget [1], fossil fuel contributes about 75% of global greenhouse gas (GHG)
emissions and nearly 90% of all COz2 emissions. A 2022 report by the International
Energy Agency (IEA) [2], highlights that the largest increase in emissions came from
electricity and heat generation (40%), while buildings accounted for 30% of global final
energy consumption, 26% of global GHG emissions and about 11% of the global COz2
emissions. In terms of energy used in office buildings, plug loads account for between
20% and 50% of total energy consumption used [3-5]. The source of this consumption
can be through direct usage, standby or vampire loads. This means that reducing the
environmental impact of energy consumption, particularly in buildings, is crucial in

solving the climate crisis.

An effective way of reducing energy consumption is by Demand Response
(DR). DR is a process whereby the energy demand of a customer is reduced by
directly or indirectly shutting off or reducing the consumption of some of the customer’s
appliances [6]. Direct Load Control (DLC) is one of the most popular and most effective
DR programs [7] and is particularly effective in preventing load shedding during critical
load periods [8,9]. In DLC programs, system operators can interrupt customer loads
during peak or critical hours and in return compensate the customer with a payment
or credit [10]. Compensation can be in the form of electricity bill discounts, recurring
yearly payments, one-time registration payments, or free hardware installations. DLC
leverages advanced communication technologies, such as Internet of Things (loT)
devices and smart meters, smart sockets, smart plugs, smart components (smart
thermostats, variable-speed compressors), to control consumer appliances. By
strategically limiting or scheduling the energy consumption of these appliances,
utilities can reduce grid congestion, prevent blackouts, increase grid reliability, and

optimize the use of renewable energy resources.

Apart from cases of peak congestion, DLC can be used to reduce the effect of
vampire loads. Vampire loads also referred to as standby power, vampire power,
vampire draw, phantom load, ghost load, or leaking electricity, is the amount of
electricity used by electrical and electronic appliances when they are turned off (albeit

they are made to draw some power) or in standby mode [11]. This definition is also
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extended to devices or appliances that draw power when they are not performing their
primary function [12,13].

Conventional plug loads can now be referred to as flexible, schedulable,
shiftable or interruptible loads through advancement in smart technology. Examples
of flexible DLC-controlled loads with high consumption are thermostatically controlled
loads (TCLs) like air conditioners, water heaters, and refrigerators [14,15], and other
motor-based loads like dishwashers and washing machines. Still other flexible loads
are heat pumps, electric water heaters and electric vehicles [16,17], battery banks and
devices with accumulators such as drills and vacuum cleaners. On the other side of
the spectrum, examples of flexible DLC-controlled loads with small power
consumptions are printers, computers, TVs and other household appliances. Building
loads are typically categorized into lighting, heating, ventilation, and air conditioner
(HVAC) and other small power loads. While lighting and HVAC have solutions to
address energy consumption, small power loads remain unaddressed. For example,
lighting sensors and timers regulate lighting based on occupancy. To improve HVAC
systems, insulation and TCLs are used. There is presently no way to automatically

and granularly monitor and/or regulate plug-in/ small power loads.

Connected Power (CP) by Novar ED&S Limited (“Honeywell”) is a load
management solution that help saves energy by controlling and managing plug-in
power usage, at an individual outlet level. It has the capacity to manage small power
loads while integrating them into a building energy management system (BEMS). This
paper will investigate how smart sockets, through direct load control and a baseline
comparison, can reduce energy consumption and optimise a power system. It will
emphasize the role smart sockets play in energy management as well as create a
case for its deployment in commercial applications. This paper reviews current DLC
frameworks/architectures, identify the gap in addressing small power plug-in loads and
propose areas for future research by: (i) analysing the methods of various DLC
technologies and categorizing DLC loads, (ii) comparing the architecture of the
proposed CP and other DLC systems to identify differences or novelty, and (iii)
validating the proposed CP solution in two locations in Cranfield University; a café
and a robotics laboratory, to determine how effective the solution is in managing
energy consumption. To achieve this, the Baseline comparison method is employed,

and a techno-economic analysis is carried out to determine the amount of energy

178



saved, the saved cost, the equivalent CO2 emissions reduced, and the payback period
of the CP solution.

5.2 Literature review

Moradi-Sarvestani et al. [18] investigated DLC use in reducing distribution system
planning costs by 0.5%. In a study by Rama Curiel and Thakur [19], DLC was shown
to reduce peak hour demand by up to 2%, eliminating an estimated 117,574 tons of
CO:2 and reducing the energy bill of end-users by up to 20% in some cases. Oprea
and Bara [20] developed a day-ahead optimization and scheduling with DLC of 114
single-family houses showed electricity bill reduction of up to 22.62% with a 32%
improvement of peak to average ratio (PAR). In responding to urgent requests from
smart grid operators, Tang et al. [21], showed that by shutting down a calculated
number of operating chillers in a building could lead to energy savings of up to 23% of
the consumption contributed by the chillers. In total, about 34% of the total power
demand could be reduced. In a similar study of AC units, Wang and Tang [22] propose
a novel cooling supply-based feedback control strategy with DLC to deal with the
power imbalance of a fast demand request. The proposed DR strategy could achieve
a power reduction of about 24% while maintaining acceptable thermal comfort levels.
In yet another study on AC systems, Dai et al [23] proposed multi-agent based
distributed cooperative control saved a total of 2,562 kWh or 19.7% of energy
consumption using conventional control, and also reduces power rebound effect by
1,360 kW or 16.5% of power consumption. Hlalele et al. [27] consider participants with
home energy management system that include DLC controlled electric water heaters.
The load is modelled on a modified IEEE 30-bus (6 thermal units and 41 transmission
lines) and IEEE 118-bus (54 thermal generators, 186 transmission lines with 5 PV and
wind farms each) test system. DLC integrated into an energy management system
(EMS) was proposed by Erenoglu et al. [15] to reduce losses in the mini-grid by
scheduling operational periods of Acs and energy storage systems (ESS), achieving
about 2.65% in loss reduction. In a simulation of 200 residential houses with smart wifi
AC thermostats, Adhikari et al. [24] showed that DLC reduced peak power by up to
60% while maintaining preset temperature levels. Hosseini et al. [8] study of multi-
carrier energy systems shows that DLC reduced load shedding of high priority loads
by up to 66%. To improve power reductions, Oprea and Bara proposes an adaptive
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DLC that integrates day-ahead optimization using fog and edge computing. In an

analysis of 114 single-family houses, the proposed DLC architecture reduced the

number of interruptions by 20.51% about and improved PAR by 32%. Table 5-1 shows

a summary of some DLC studies with respect to the end-user load.

Table 5-1 Summary of direct load control studies and end-user load

Study Load Demand Objective System
strategy
Liu et al. [9] AC DLC + TOU Peak load and peak-valley
difference (PVD) reduction
Moradi-Sarvestani | Feeder DLC + DDG Peak to average load ratio DSP
et al. [18] (PAR) reduction
Rama Curieland | AC DLC Peak load reduction
Thakur [19]
Oprea and Bara pool pump, water | DLC + loT + Electricity cost reduction
[20] heater, AC, MQTT
electric heating
and so on
Tang et al. [21] AC DLC Maintain thermal comfort Commercial
(chillers/pumps) threshold, reduce building buildings in
cooling and power demand | smart grids
predictors
Van Putten et al. (VOCACs) DLC Power reduction
[14]
Neglia et al. [25] Electric DLC + teletraffic | Peak shaving
appliances tools
Zhang and de AC DLC + Taguchi Maintain thermal comfort Commercial
Dear [26] method and cognitive performance | buildings
outcome
Wang and Tang AC DLC + cooling Power reduction Commercial
[22] supply-based buildings
feedback control
Dai et al. [23] AC DLC + Multi- Even thermal comfort Commercial
agent based buildings
distributed
cooperative
control
Hlalele et al. [27] EWHs DLC + Minimise generation cost Sub-stations
Renewable and maximize RES
obligation policy | penetration
+TOU
Erenoglu et al. ACs, ESS DLC + EMS Maximising RES Mini-grid
[15] penetration, minimise
losses, remain within
comfort and operational
constraints
Adhikari et al. [24] | HVAC DLC Minimise aggregated Residential
demand houses
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Prathapaneni and | Reverse osmosis | DLC Coordinated sizing of Reverse
Detroja [28] desalination plant microgrid with reverse 0smosis
osmosis desalination plant | desalination
while minimising system plant
lifetime cost
Hosseini et al. [8] | Boiler, electric DLC + ESS + Minimise total operating Residential,
heat pump, P2G costs industrial and
absorption chiller, commercial
Thermal electrical electricity-gas-
and cooling heating
storage systems networks
Mohseni et al. [7] | EVs and DLC + moth- Optimal sizing Off-grid micro-
residential flame grids
appliances optimization
algorithm
Lankeshwara et ACs, EWHs DLC + control Demand reduction Residential
al. [29] algorithm loads
Jabian et al. [30] Smart customer DLC + Genetic Automate load shedding Smart
appliances algorithm distribution
system
Oprea and Bara Shiftable, DLC + Edge Reduce number of Residential
[31] interruptible, and and Fog interruptions, Peak to loads
battery loads computing average load ratio (PAR)
reduction
This study Small power plug- | DLC Reduce energy Commercial
in load consumption buildings

Note: AC = Air conditioner(s), DDG = Decentralized distribution generation, DSP = Distribution system planning, EWH = Electric
water heater(s), EMS = Energy Management System, ESS = Energy storage system, MQTT = Message Queueing Telemetry
Transport, P2G = Power to gas, RES = Renewable energy sources, VOCACs = Variable-output compressor air conditioners

From the summary in Table 5-1, the “Load” column describes DLC appliances involved
in the study. It is clear to see that there is a lack of field data for small power plug-in
load. The electrical appliances mentioned in the table refer to simulated plug-in loads,

creating a need for validation with experimental live data from real-life appliances.

5.3 Methods

5.3.1 System description

CP is made up of smart sockets and the hub. Smart sockets were developed to enable
remote communication and control of household electric equipment that plug into wall
sockets [32]. Smart sockets provide control to non-smart loads making them part of
the smart system or grid. It is usually installed between a home appliance and the
power outlet, and exchanges information with an intelligent interactive terminal also
known as the hub, control centre, gateway or controller [33]. Smart sockets will

perform the actual load control based on instructions received from the hub. The
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communication between the hub and smart sockets is bidirectional. One hub can

support up to 50 sockets while the system allows for up to 50 hubs to run together.

This gives a system capacity of 2500 sockets or 5000 individual outlets. As can be

seen in Figure 5-1, the hub communicates with the smart socket via an innovative

wireless network called Mira Mesh RF from Lumen Radio. This is then interlinked with

the buildings BEMS via Building Automation and Control Network over Internet

Protocol (BACnet/IP).

= IQVISION
Corporate LAN/WAN—————— — = Supervisor BMS

BACnet/IP:47308

Wireless
Network

a% Wireless Mesh
network

Socket Socket Socket Socket

Figure 5-1 Network architecture for Connected Power

Further analysis of DLC studies reveal that CP’s architecture is the only solution that
has the unique combination of Mira Mesh RF and BACnet/IP integrated into a BEMS.

Table 5-2 shows a summary of these studies.

Table 5-2. Studies showing direct load control architecture

Study Database Web service Features Hardware

Phangbertha et MySQL 5.7.26 Apache/2.4.18 * Current monitoring * Wemos D1 Mini for

al. [32] (Ubuntu) * Switching on/off the module development
socket board

* Set timer/scheduling

* Relay 2 Channel for
electricity switch

* Power Supply Module to
convert 220V AC to 5V
DC

* Electricity Sensor to
read AC/DC current *
Analog to Digital Sensor
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Ahmed et al. [34] | Personal ZigBee wireless | * Current and voltage Zigbee modules
computer communication monitoring
* Switching on/off the
socket
* Temperature
measurement
Pawar and Vittal ZigBee * RMS voltage and * Zigbee series-2 module
K [35], (802.15.4) current monitoring * LEM LV-25P Voltage
* Computes apparent sensor
power, real power and * Relay module
energy * ATMEGA328 MCU
* Switching on/off the * LEM LA-55P Current
socket sensor
Zou et al. [36] Aqgara data- ZigBee wireless | Power monitoring Aqgara smart socket
stored cloud communication
platform
Chiu et al. [37] Cloud platform 802.11 b/ g/n Instant power, Smart plug socket
Wi-Fi network current/Amperage,
voltage/Volts, and the
cumulative power
consumption in kilowatt
hours for the day, week,
month, and year.
Neglia et al. [25] Cloud via Data Zigbee or PLC Peak shaving Smart plug
concentrator
This study Cloud * Mira Mesh RF | * Load scheduling: * Logic plus smart sockets

* BACnet/IP

switching on/off the
socket

* Temperature
monitoring

by MK electric

* Hub

* Computer running 1Q
Vision Supervisor

5.3.2 Baseline comparison method

The baseline comparison method is used to determine the amount of energy saved

by the CP solution. Firstly, it establishes a baseline for energy consumption without

energy-saving measures. After the energy-saving measures have been implemented,

the newly established baseline is then compared to actual consumption to quantify

savings. Ocampo Batlle et al. [38], employs a methodology for creating energy

baselines in higher education institution buildings to identify areas of potential

electrical energy consumption savings. He et al. [39] uses a similar baseline concept

to estimate energy savings from improvements in occupant behaviour. In this study,

the baseline comparison method is broken down into three phases: baseline,

scheduling, and optimisation. The baseline observes the consumption of devices and
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identifies peak/off-peak times. Peak times are times when the devices are likely to be
in use (normal hours of operation) while off-peak times are times when devices can
be shut-off. This time segmentation is important because each time-period will have
its own unique load profile defined by the customer’s load consumption and would
require its own energy saving strategy. The baseline of the customer’s load
consumption makes up their historical load profile.

Once the baseline has been identified, the controller turns-on and turns-off the
loads via the smart sockets during peak and off-peak times respectively. This is known
as the scheduling phase. The objective of this phase is to reduce or eliminate vampire
loads and device idling times by scheduling appliances to only come on during times

when they are needed and have historically operated.

The last phase is the optimization phase. Here, recommendations by the end-
user and the output from the scheduling phase can be used to identify potential
savings opportunities in both peak and off-peak time periods. For example, additional
savings may be realized during peak times by requesting devices to be manually
turned-on rather than automatically scheduling them, if these devices display
inconsistent consumption patterns. In this way, the hours of operation of idling or
devices on standby are reduced, shaving peak hours and adding them to off-peak

hours. Figure 5-2 shows the sequence of the baseline comparison method.

Baseline Scheduling Optimization
/SE—
/\ Peak times .
@ ON+——P ONﬂ Peak times
N———

Potential saving
Data Collection

Potential saving
FF Off- k ti OFF—— b
N~ ° Off-peak times

l

Baseline comparison
Savings (average daily kWh) = 5 Baseline - 3 Optimization

Figure 5-2 Baseline comparison method for estimating energy savings
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5.3.3 CO2 emissions

The estimated CO2 emissions is calculated by multiplying the energy saved and the
UK electricity conversion factor as shown in Equation (5-1) [40]. The national average
for UK Scope 2 electricity emissions as recommended by the Department for Energy

Security and Net Zero is equivalent to 0.2071 kgCOze.

CO, Emissions = Energy saved (kwh) x 0.2071 (kgC0,e) (5-1)

5.3.4 Payback period

The payback period (PP) is the length of time required to recover the initial investments
cost [41].

Capital costs

PP (5-2)

Annual savings

To determine annual savings, the electricity price must be known. According to The
Office of Gas and Electricity Markets (Ofgem), the energy price cap between 1t
October to 31t December 2023, which coincides with the duration of this experiment,
was 27.35 pence per kWh [42].

5.3.5 Case study

Two sites in Cranfield University were selected for the case study: a café and a
robotics laboratory. For each site, five double pre-wired MK Electric smart sockets, a
HUB and a PC running the IQ Vision Supervisor were provided. A summary of the

assigned sockets and outlets are given in Table 5-3 Socket and outlet designations.

Table 5-3 Socket and outlet designations

Socket Outlet Robotics laboratory café
1 1 3D printer Panini machine
2 Network router Laptop
5 3 ABB robot Dish washer
4 Vacant Milk fridge
3 5 PC/Monitor/Desktop Fridge bulk brew
6 PLC Vacant
4 7 2x monitors Backbar chiller 1
8 PC Backbar chiller 2
5 9 Mobile battery charger Upright display chiller 1
10 Robot dog Upright display chiller 2
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The choice of small power loads was selected by managers of each site and
connected to the smart sockets as can be seen in Figure 5-3. The analysis at both
locations were run for a period of 70 days, between August and October 2023. Both
locations represent differing load profiles. The café uses more energy and has a more
varied demand due to customer numbers while the laboratory is more constant and

defined, representing more of a typical office space.

Single and double upright display chillers Backbar chiller

Robotics laboratory

ab = ‘ i "
Ender';;b' P,OM

" B
: s ff il H ‘

PC/Monitor/Desktop 3D Printer

Figure 5-3 Small power plug-in loads connected to MK Electric smart sockets
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5.4 Results and discussion

For the robotics laboratory, the phase timelines were split into 16 days/25 days/ 29
days for the baseline/scheduling/optimization respectively. The working hours of the
laboratory are between 8am to 6pm. These working hours are assigned to peak times
while 6pm to 8am are assigned to off-peak times. Figure 5-4 shows the power

consumed for each half-hour on an arbitrary day in August.
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—— 3D printer 2x monitors Network router

ABB robot Vacant PC/ Monitor/ Desktop

PLC —PC Mobile battery charger

Robot dog

Figure 5-4 Robotics laboratory half-hourly load consumption - 01/08/2023

With the device patterns identified and split into peak and off-peak times, the outlets
are scheduled to always turn off from 6pm to 8am during weekdays and during
weekends. This schedule is maintained for 25 days. During the optimization phase
and with input from the lab manager and the load profile, we notice that not all devices
are turned on at 8am. In fact, some may not be turned on at all while others may be
turned on later depending on the staff present. It is therefore proposed that beyond
turning the devices off between 5pm to 8am, the devices are left off until when they
are needed. The CP MK electric smart sockets can operate like a normal socket while

still maintaining a programmed schedule. The optimization phase is run for 29 days.

For the café, the phase timelines are splitinto 14 days/15 days/ 41 days for the
baseline/scheduling/optimization respectively. The randomness of the split was due to
interruptions of the experiment in the different phases. The operating hours of the café
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are from 8:30am to 4:30pm. However, the staff get in at 8:15am and advised that the
equipment be turned on at 8am. The appliances were then scheduled to operate from
8am to 5pm. During the optimization phase, it was recommended that the closing time
be pushed up to 4:30pm as business had largely been closed for the day. Due to the
fears of some perishables spoiling, it was also recommended that one chiller be left
on in case of equipment failure. One point to note is that in both locations, potential
savings were realized by reducing the peak times and adding them to the off-peak
times as stated in Figure 5-2. The output of the optimization is then compared to the
baseline to realize the potential savings. To get a more granular look at the data, the
results are separated by device/appliance, based on peak/off-peak times and

weekdays/weekends. The results of the trial in both locations are shown in Table 5-4.
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Table 5-4 Results of the Baseline comparison method

Robotics Laboratory

Weekdays Weekends Weekday Weekend Avg. % diff
Socket | Outlet Device/ Days Phase (kWh) (kWh) Total Total Total Daily respect
Appliance 8:00 — | 18:00 | 8:00 — | 18:00 (kWh) (kWh) (kWh) Total to B
18:00 | —8:00 | 18:00 | —8:00 (kWh)

16 B 2.62 0 0 0 2.62 0 2.62 0.16 -
1 3D printer 25 S 3.22 0 0 0 3.22 0 3.22 0.13 -21%
1 29 (0] 5.38 0 0 0 5.38 0 5.38 0.19 13%
16 B 2.93 0.23 0.07 0.11 3.16 0.18 3.34 0.21 -
2 xtt";’frk 25 S 0.59 0 0 0 0.59 0 059 | 0.02 -89%
29 (0] 1.83 0.06 0 0 1.89 0 1.89 0.07 -69%
16 B 0.28 0.36 0.12 0.13 0.64 0.25 0.89 0.06 -
3 ABB robot 25 S 0.28 0 0 0 0.28 0 0.28 0.01 -80%
29 (0] 0 0 0 0 0 0 0 0.00 -100%
2 16 B 0 0 1.35 1.74 0 3.09 3.09 0.19 -
4 Vacant 25 S 0.19 0.43 0 0 0.62 0 0.62 0.02 -87%
29 (0] 3.04 0.88 3.92 0 3.92 0.14 -30%
) 16 B 3.34 3.65 1.17 1.5 6.99 2.67 9.66 0.60 -
S PC/Monitor 25 S 6.06 0.03 6.09 0 6.09 0.24 -60%
/Desktop : . : : : °
3 29 (0] 0 0 0 0 0 0 0 0.00 -100%
16 B 0.59 0.72 0.24 0.31 1.31 0.55 1.86 0.12 -
6 PLC 25 S 1.58 0.02 0 0 1.6 0 1.6 0.06 -45%
29 (0] 0.59 0.44 0 0 1.03 0 1.03 0.04 -69%
16 B 5.24 6.24 2.05 2.62 11.48 4.67 16.15 1.01 -
7 2x monitors 25 S 6.5 0.02 0 0 6.52 0 6.52 0.26 -74%
4 29 (0] 8.13 0 0 0 8.13 0 8.13 0.28 -72%
8 PC 16 B 0.5 0 0 0 0.5 0 0.5 0.03 -
25 S 2.5 0 0 0 2.5 0 2.5 0.10 220%




29 o] 2.21 0 0 0 2.21 0 2.21 0.08 144%
Mobile 16 B 1.62 0.58 0 0 2.2 0 2.2 0.14 -
9 battery 25 S 1.26 0.73 0.25 0.33 1.99 0.58 2.57 0.10 -25%
5 charger 29 o] 0.15 0 0 0 0.15 0 0.15 0.01 -96%
16 B 3.97 0.97 0 0 4.94 0 4.94 0.31 -
10 Robot dog 25 S 1.14 0 0 0 1.14 0 1.14 0.05 -85%
29 o] 0.14 0 0 0 0.14 0 0.14 0.00 -98%
Total Baseline 16 B 21.09 12.75 5 6.41 33.84 11.41 45.25 2.83
Total Scheduling 25 S 23.32 1.23 0.25 0.33 24.55 0.58 25.13 1.01 -64%
Total Optimization 29 o] 21.47 1.38 0 0 22.85 0 22.85 0.79 -72%
Average Daily Savings (kWh) 2.04
Café
Weekdays Weekends Weekday | Weekend AVa. o i
Device/ (kWh) (kWh) Total Daily
Socket | Outlet . Days Phase Total Total respect
Appliance 8:00 — | 18:00 | 8:00 — | 18:00 (KWh) (KWh) (kWh) Total to B
18:00 | —8:00 | 18:00 | —8:00 (kWh)
. 14 B 43.3 0.07 0 0 43.37 0 43.37 3.10 -
1 Panini 15 s 39.71 0 0 0 39.71 0| 3971| 265 15%
machine
1 41 o] 61.23 0.06 0 0 61.29 0 61.29 1.49 -52%
14 B 0.06 0 0 0 0.06 0 0.06 0.00 -
2 Laptop 15 S 0.04 0 0 0 0.04 0 0.04 0.00 -38%
41 o] 0.09 0 0 0 0.09 0 0.09 0.00 -49%
14 B 0.15 0.27 0.07 0.09 0.42 0.16 0.58 0.04 -
3 Dish washer 15 S 0.16 0.01 0.06 0 0.17 0.06 0.23 0.02 -63%
41 o] 0.39 0 0.14 0 0.39 0.14 0.53 0.01 -69%
2 14 B 21.64 31.98 8.82 13.58 53.62 22.4 76.02 543 -
4 Milk fridge 15 S 13.82 3.37 3.74 0 17.19 3.74 20.93 1.40 -74%
41 o] 65.95 | 8554 | 2573 | 34.14 151.49 59.87 211.36 5.16 -5%
3 5 14 B 21.36 311 8.72 13.38 52.46 221 74.56 5.33 -

190




Fridge bulk 15 S 2136 | 161]| 7.63 0 22.97 7.63 306 | 2.04 -62%

brew 41 0 54.9 0| 17.68 0 54.9 1768 | 7258 | 1.77 67%

14 B 0 0 0 0 0 0 0| 000 ;

6 Vacant 15 S 0 0 0 0 0 0 0| 0.00 0%

41 0 0 0 0 0 0 0 0| 000 0%

14 B 311| 415| 113| 1.77 7.26 29| 1016| 073 ;

7 S;ﬁ';?j‘r 15 S 318 | 023 102 0 3.41 1.02 443 | 0.30 _59%

A 41 0 56.38 | 046 | 093 0 56.84 093 | 57.77| 1.41 94%

14 B 326| 419| 119| 1.77 7.45 296 | 1041| 074 -

8 S;ﬁzfazr 15 S 33| 023| 105 0 353 1.05 458 031 “59%

41 0 372| 045| 0093 0 417 0.93 51| 0.12 ~83%

Upright 14 B 908 | 417| 127| 172 13.25 299 | 1624| 116 ;

9 display chiller | 15 S 11.05| 022 211 0 11.27 211 | 1338| 089 23%

; 1 41 0 1262 | 048 16 0 13.1 16 147| 036 ~69%

Upright 14 B 1295 | 1216 | 288 | 4.32 2511 72| 3231| 231 -

10 | display chiller | 15 S 993 | 063| 257 0 10.56 257 | 13143| 088 ~62%

2 41 0 957 | 1.09| 1.91 0 10.66 191| 1257 | 0.31 87%

Total Baseline 14 B 114.91 | 88.09| 24.08| 3663 203 60.71 | 263.71| 18.84 -

Total Scheduling 15 S 102.55 63| 18.18 0 108.85 1818 | 127.03 | 847 “55%

Total Optimization 41 0 264.85 | 88.08| 4892 | 34.14 352.93 83.06 | 43599 | 1063 ~44%
Average Daily Savings (kWh) 8.20

* B = Baseline, S = Schedule, O = Optimization

In addition, the data points in Table 5-4 are plotted in two sets of graphs in Figure 5. The first graphs show the average daily kWh
over the total number of days in each phase. The second graphs compare the weekday and weekend consumption of each
device/appliance. By identifying the biggest energy user and consumption pattern, the user is better informed of the area with the

most potential saving.
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(a) Robotics laboratory — Average daily use
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(c) Robotics laboratory - Weekday vs Weekend
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Figure 5-5 Device consumption comparison in kWh
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(b) Café — Average daily use
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(d) Cafe - Weekday vs Weekend
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In Table 5-4, the consumption of each device and appliance during each phase
is shown, culminating in a daily average consumption. The biggest energy
consumers in the robotics Ilaboratory are the 2x monitors and
PC/Monitor/Desktop. It was confirmed that the user permanently leaves them on
24 hrs a day even when not in use. For the café, the biggest energy users are
the milk fridge and the fridge bulk brew. To get the average daily savings, the
average daily consumption of each device/appliance during the baseline phase
is summed up and subtracted from the average daily consumption during the
optimization phase as suggested in Figure 5-2. This is equivalent to 2.04 kWh
and 8.2 kWh for the robotics laboratory and café respectively. While optimization
generally brings down the baseline consumption, that is not always the case as
can be seen in the 3D printer and backbar chiller in Figures 5-6a and 5-6b.
Interestingly in Figure 5-6b, the optimization and baseline are very high for the
milk fridge, while the consumption during the scheduling phase is negligible. This
is because the optimization is sometimes influenced by the decision of the end
user. In this case, the end user did not want the milk fridge to be scheduled off at
any time due to fears of products going bad. While the fridge was turned off during
the scheduling phase, the original 24 hr schedule was re-instated during the
optimization phase. Figure 5-6¢ and 5-6d show the biggest users during the
weekday and weekend and support the findings from 5-6a and 5-6b. As expected,
the weekday use is more than weekend for every device in a commercial/office
setting. However, weekend and off-peak trends need to be monitored as they can
contribute significantly to the consumption as shown by the yellow line in the

graph.

Finally, the payback period and annual CO2 emissions are calculated from
the savings highlighted in Table 5-4 using Equations (5-2) and (5-1) respectively.
The capital cost of the CP solution (five double pre-wired MK Electric smart
sockets, a HUB and the 1Q Vision Supervisor license) for each location is
£1686.08. The annual saving is determined by multiplying the electricity price of

27.35p by the annual energy saving of each device and summing them up.
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Table 5-5 Results of techno-economic analysis

Robotics Laboratory
Device/ kWh saving kWh saving | Annual cost Annual CO;
Appliance per day per year saving saving
3D printer -0.02 -7.95 -£2.17 -1.65
Network router 0.14 52.41 £14.33 10.85
ABB robot 0.06 20.30 £5.55 4.20
Vacant 0.06 21.15 £5.79 4.38
PC/Monitor/Desktop 0.60 220.37 £60.27 45.64
PLC 0.08 29.47 £8.06 6.10
2x monitors 0.73 266.10 £72.78 55.11
PC -0.04 -16.41 -£4.49 -3.40
Mobile battery
charger 0.13 48.30 £13.21 10.00
Robot dog 0.30 110.93 £30.34 22.97
Total savings 2.04 744.67 £203.67 154.22
Capital costs Annual cost savings Payback period
£1686.08 £203.67 8.28 years
Café
Device/ kWh saving kWh saving | Annual cost Annual CO;
Appliance per day per year saving saving
Panini machine 1.60 585.09 £160.02 121.17
Laptop 0.00 0.76 £0.21 0.16
Dish washer 0.03 10.40 £2.85 2.15
Milk fridge 0.27 100.33 £27.44 20.78
Fridge bulk brew 3.56 1297.75 £354.93 268.76
Vacant 0.00 0.00 £0.00 0.00
Backbar chiller 1 -0.68 -249.41 -£68.21 -51.65
Backbar chiller 2 0.62 226.00 £61.81 46.80
Upright display chiller
1 0.80 292.53 £80.01 60.58
Upright display chiller
2 2.00 730.46 £199.78 151.28
Total savings 8.20 2993.92 £818.84 620.04
Capital costs Annual cost savings Payback period
£1686.08 £818.84 2.06 years
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Table 5-5 shows the robotics laboratory has a potential annual saving of 744.67
kWh, £203.67, 154.22 kg COz2, and a payback period of 8.28 years, while the café
has a potential annual saving of 2993.92 kWh, £818.84, 620.04 kg CO2 with a
payback period of 2.06 years. This corresponds to savings of 44% and 72% when
compared to the robotics laboratory and café baselines respectively. Intuitively,
the CP solution will create higher savings in sites with potentially higher vampire
loads, accounting for the vast difference in annual savings and payback periods
between the two sites. Therefore, the number of connected appliances, load type
and load usage patterns are critical in site selection. Note that the negative
numbers in the kWh and savings columns simply imply that the consumption
during the optimization period window was more than that of the baseline. This
could be due to a change in consumption patterns, with more information needed
to clarify the discrepancy. In any case, the CP solution has the potential to

generate great benefits for both the user and the environment.

Conclusion

Direct load control is a crucial demand response and can help reduce waste and
consumption when properly implemented. Connected Power by Honeywell is a
load management solution that uses a unique combination of MK electric smart
sockets, a gateway controller, and the Mira Mesh RF wireless network, to save
energy by controlling and managing plug-in power usage, at an individual outlet
level. By using the Baseline comparison method, Connected Power reduced
energy consumption by 44% and 72% in a robotics laboratory and café
respectively. A techno-economic analysis was performed resulting in potential
annual savings of 744.67 kWh, £203.67, 154.22 kg CO2, for the robotics
laboratory and 2993.92 kWh, £818.84, 620.04 kg CO: for the café.

The trial in each location lasted for 70 days across three different phases:
baseline, schedule, and optimization. A recommendation for future research is to
increase the number of days in each phase to better identify usage patterns and
reduce the standard deviation due to the sporadic nature of the power usage
data. In addition, trials can be held throughout the year to investigate the impact
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of seasonality. Other drivers of energy consumption like occupancy and holidays
can be captured to have a more unbiased assessment of the average energy
used. Lastly, the trials can be extended to residential accommodation, and a

savings comparison made between residential and commercial buildings.
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6 Integrated energy management system for off-grid
solar energy application®

Abstract:

The ability to properly manage and maximise renewable energy sources is crucial
to sustainably scaling their usage and share in the grid. This paper develops a
comprehensive integrated energy management system (IEMS) that combines
Supply-Demand Side Management to predict and control the use of solar energy,
while incorporating the time-of-use (TOU) criteria, direct load control (DLC) and
generator control (GC) schemes; the main objective of the IEMS framework is to
increase photovoltaic (PV) usage in off-grid applications. Firstly, the three-step
solar energy forecasting approach is proposed to predict the next-day PV
generation by combining low-level data fusion of solar-dependent weather
variables into regression models, selecting the best performing model via the
lowest root mean square error, and scheduling the load based on TOU criteria.
Finally, the IEMS decision algorithm is developed to adjust for forecast errors,
initiate DLC to reduce excess load, and/or increase supply by calling up the diesel
generator (DG). The proposed strategy is tested by performing a techno-
economic analysis of the cost and CO2 emissions over a 20-year period on three
system configurations: DG, DG/PV, and DG/PV/IEMS; a case study of an off-grid
residential load supplied by a 7.5 kVA DG and 10 kW PV supply is considered.
The results show that the proposed method reduced the lifetime expenditure
costs and CO2 emissions by 44% and 46% respectively when compared to the
DG configuration, and by 8% and 9% in the DG/PV configuration. More
importantly, it increases the PV usage of the DG/PV by over 113%. A further
analysis of the IEMS is conducted by including the effects of customer behaviour

(CB) using a 14% override rate, with 80% preconditioning and 20% rebounding.

5 This chapter is a paper authored by Tolulope Falope, Liyun Lao, Da Huo, & Boyu Kuang
published in the journal of Sustainable Energy, Grids and Networks, 2024,
https://doi.org/10.1016/J.SEGAN.2024.101449.
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A fully automated DG/PV/IEMS with 100% customer compliance outperformed
DG/PV/IEMS with customer control, proving that overrides reduce the value of
the DLC program. The versatility of the IEMS framework suggests that it can be
used with different supply-demand responses, as well as adapted for on-grid

applications.

Keywords:

Integrated energy management system, Solar energy forecasting, Supply side

management, Demand side management, Time-of-use, Direct load control,

6.1 Introduction

With a yearly increase in global energy consumption and consequently
greenhouse gas (GHG) emissions, countries are continuously turning to
renewable energy sources (RES) because they are abundant and accessible with
little negative environmental impact [1]. Building renewable-based generating
plants is key to solving carbon emissions. However, it is not the only solution. In
fact, more emphasis should be given to efficiently managing the energy from RES
rather than building additional generating plants. A further complexity to the
problem of energy management in the system is that RES like wind and solar,
are very weather dependent which leads to intermittent energy supply [2] and grid
imbalance. To solve this problem, an energy management system (EMS) is
needed.

One of the functions of an EMS is to maintain the supply-demand balance
by optimally scheduling power and/or load sources to achieve grid stability [3].
The EMS uses a system of methods or strategies to modify, monitor, control,
improve and maximise the usage of energy, which will significantly reduce
operating expenses [4]. According to research studies, the EMS is divided into
predictive energy management system (PEMS) and real-time energy

management systems (REMS) [5]. PEMS predicts electricity usage or supply
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using previous historical data to determine optimally, how to manage load
demand or dispatch energy respectively. REMS employs real-time algorithms to
delay or reduce the use of controllable appliances during low supply or high
demand periods. If the PV generation is historic (half-hourly, hourly, or longer)
and is not in real-time, REMS can be replaced with corrective energy
management systems (CEMS). According to Falope et al [6], today’s complex
grid necessitates an advancement of the EMS into an integrated energy
management system (IEMS). IEMS is a system that combines PEMS and
REMS/CEMS controls by initiating supply and demand responses to balance the
grid’s power supply and load and uses technological and communication
advancements to maintain multi-source or multi-energy systems. In other words,
the IEMS effectively combines three components: the ability to forecast load or
supply, control of load demand or demand side management (DSM), and control

of power supply or supply side management (SSM).

The physical methods of PV forecasting contain three different methods
which are satellite-imaging models, sky images, and numerical weather
predictions (NWP) [7]. NWP is one of the most prominent methods used for day-
ahead forecasts [8,9]. The term "supply side management" (SSM) describes the
actions done to ensure that energy is generated, converted, transmitted, and
distributed efficiently. [10]. SSM techniques include battery energy storage
system (BESS) integration [11], optimizing and synchronizing alternative or back-
up power [12], dispatch algorithm for multiple energy supply sources [13] and so
on. A Diesel generator (DG), automatically or manually controlled, may be used
to meet peak loads in cases of BESS depletion, rapid changes in load, or RES
intermittency [14]. Demand Side Management (DSM) and Demand Response
(DR) are sometimes used interchangeably to describe programs that influence a
customer’s electricity usage. DSM refers to methods that modify an electrical
grid's load profile in a way that benefits both demand and supply [15]. It focuses
on shifting elastic loads to times when the utility charges less. DR is a subset of
DSM and is broadly classified as methods that encourage customers to reduce
their short-term energy use in response to a price signal [11]. Some examples of
DR are time-of-use (TOU), real-time pricing (RTP) and direct load control (DLC).
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The time-of-use (TOU) tariff, also known as time-varying tariffs, is a pricing
structure that is time-dependent and charges per kWh of energy [16]. Depending
on energy use—during peak, average, and off-peak hours—the cost of power
fluctuates throughout the day. In another context, TOU refers to a customer’s
preferred time of load dispatch based on parameters like cost, type of energy
supplied and can be used to either set the tariff, determine peak and off/peak load
schedules, or perform a combination of both. Using smart metres and switches,
DLC is a response in which a utility provides financial incentives to customers to
reduce their electricity consumption [17]. DLC implementation is appropriate for
loads that are flexible and controllable and have a significant impact on
consumption. Customers have a choice to either accept or override DLC signals,
with some DLC programs charging a penalty for non-compliance [18]. Examples
of DLC loads are washing machines, dish washers, air conditioners and water

heaters.

Customer behaviour (CB) and response to DR programs is crucial in
understanding its success. A customer can override a DR command or choose
to accept. Customers who choose to override tend to lose whatever financial
incentive is offered for curtailing consumption. With 100% customer compliance,
we classify it as a fully automated system. Two events created by DR programs
like DLC and TOU are called preconditioning (before DLC event) and rebounding
(after DLC event). Preconditioning and rebounding are customer behaviours that
result in an increase in the customer’s load consumption before and/or after a
DLC event or during a TOU peak period to compensate for load curtailment,

higher usage costs or threat of penalties [19].

IEMS are compatible with different power system configurations and can
exist with or without storage, supplying both on-grid or off-grid applications. The
choice between BESS and an alternate energy source like DG depends on cost,
reliability, and environmental impact. BESS tend to have higher up-front costs
than other hybrid alternatives for large installations. As time passes, they also
lose the capacity to keep a charge. Due to this unreliability and high cost, BESS
is the weakest component of the PV system [20-22]. In an EMS study by
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Srikranjanapert et al. [23], solar PV integrated with an EMS had the highest
benefits when considering net present value, internal rate of return, and pay back
compared to solar alone, and solar/EMS/BESS. This occurred because the cost
of the battery outweighed the combined savings from exported PV energy,
savings from efficient energy usage via the EMS, and savings from self-
consumption. In most cases, the low compensation rate of PV exports in most
countries, combined with a lower EMS implementation cost versus BESS cost, is
a major contributing factor to using a system without BESS. Additionally, the
ability to recycle spent batteries, especially in developing countries, is non-
existent. High investment and replacement costs, chemical pollution, short-life
spans have led researchers to explore hybrid configurations without storage.
There is also a case for looking at IEMS performance in off-grid applications.
According to a 2021 report by the International Renewable Energy Agency
(IRENA), the capacity of off-mini grid installations was over 450,000 MW, which
is separate from other solar applications like solar home systems, solar pumps,
and solar lights [24]. There are over 900 million people in the world without
electricity access [25] who are expected to be served by off-grid energy
applications. Poorly managed energy systems will lead to energy waste and high
GHG emissions. Off-grid applications are also more expensive than on-grid due
to storage requirements and can sometimes be a deterrent to investors because
of longer returns on investment (ROI). Therefore, reducing wastage and

optimizing PV usage in off-grid applications is crucial to solar energy adoption.

Sustainable and reliable energy, financial returns and energy
independence are the biggest considerations when developing an EMS that
integrates energy from RES into the conventional grid. In terms of cost, the right
combination of forecasting methodology, generation units, storage and tariffs
within the EMS will result in the best system design. Using an EMS is one of the
ways to achieve solar energy integration and optimization, because of its capacity
to balance demand and supply considering the intermittency of solar energy. A
key question is how can an EMS integrated with PV achieve global system

optimisation in terms of operation cost and GHG emission?
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According to research, different EMS architectures have been developed.
An EMS proposed by Javed et al. [26] incorporates solar panels, wind turbines,
energy storage system (ESS), DG, and the utility to reduce the operational
expenses and costs of a university. The EMS strategy focused on increasing
usage from the RES while employing the combination of TOU pricing and ESS
as demand-based responses to optimise the charge and discharge of the

batteries based on favourable tariff periods.

In a study by Ouédraogo et al. [27], a PV/battery integrated system
supplying a building and an EV is considered. The EMS framework includes
decision rules that account for forecasted PV production, electricity price
variations and battery degradation costs. The EMS works on a bi-seasonal
strategy, separating the months of the year into winter (November to March) and
Summer (April to October). During the Winter, energy supply is prioritised in the
order of PV, grid and then battery. In the summer, the priority is based on TOU,
with the EMS drawing electricity from the grid when the cost is low and using the

battery when the cost is high.

In another study by Cupples et al. [28], the EMS takes as its input
meteorological data of global horizontal irradiance and wind speed to predict PV
and wind power production. Through a smart meter, the EMS obtains RTP tariffs
for minimization in the optimisation process and uses a cost-benefit model to
aggregate all assumptions, predictions, and system parameters in an economic
sensitivity analysis. Using an office building of 3 quare meters, the EMS realized

savings of $465 for the month of January 2021.

Mohandes et al. [29] develops a new EMS that uses multiplicative weights
update to improve an ensemble of deep neural network-based PV forecasts,
optimally size a hybrid PV/BESS system, and reduce fluctuation of supply to the
grid from RES.

George-Williams et al. [30] uses a Monte-Carlo based framework to model
and simulate EV charging hubs fitted with PV, bi-directional charging stations
(vehicle-to-grid), BESS, and dispatchable hydrogen. The EMS accounted for PV

module degradation, power losses, varying loads, price inflation and charge point
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diversity in order to optimally size smart hubs, preserve battery life, and maximize
revenue while ensuring driver satisfaction. The EMS achieved nearly 100% in
energy self-consumption for the site in the case study and produced between
1.7% to 3.1% more revenue than without the EMS. In another vehicle-to-grid
system, Khizir et al. [31] proposes an EMS for peak-load management that
includes PV, BESS and the grid. The EMS reduces peak load by 50% and energy
cost by 27.3%.

In another study, Anusha et al. [32] evaluates an EMS for three scenarios:
normal operating conditions, grid outage and a total blackout. The EMS manages
a micro-grid that includes PV, wind turbine, BESS and a DG versus the base case
that uses only DG. Considering a case study of 20 years and 5% interest rate,
the base case will cost a total of ¥644,346,341.25 when considering capital,
replacement, fuel, maintenance, and salvage costs. It will also result in a CO2
emission level of 861,401 kg/year. Alternatively, the EMS optimised for 100 kW
PV, 500 kW converter, 500 kW DG, 100 kWh Li-ion, and generic flat plate PV,
will result in a net present cost of ¥7,958,975,30.

Ali et al. [33] developed an EMS that uses PV and a combined cooling and
heating power plant with the national grid. The EMS uses an improved flower
pollination technique combined with mixed-integer linear programming to create
a hybrid algorithm. Loads are also separated into curtailable, shiftable, and
flexible thermal loads. The execution time, cost, and GHG emissions drop by
35.064%, 8.98% and 10.81% respectively. Conditional value at risk was used to
combat load loss during poor weather conditions and increased the energy
retaining capability of thermal energy storage and electric vehicle by 53.34% and
28.56% respectively.

In a similar study, Kichou et al. [34] investigates a hybrid system that
combines PV, a combined heat and power plant, BESS and the utility grid to
power a building. Based on load profiles, a control strategy was developed to limit
power drawn from the grid from 140 kW to 120 kW with estimated savings of
almost 4000 euros/year.
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For a stand-alone PV power system, Ozden et al. [35] proposes an EMS
optimised with dynamic knapsack and multi-agent devices, including a source
agent to determine state-of-charge and load agents that measure instantaneous
power consumption. The EMS uses a fuzzy logic-based decision maker to
effectively schedule load based on the available energy supply, with priority given

to critical loads.

Rochd et al. [36] proposes an EMS with PV, BESS and utility inputs, that
uses a multi-objective optimization algorithm to simultaneously maximize user
comfort and minimize energy costs based on user preference, the electricity
price, and PV generation forecasting. It achieves this through scheduling and
control of flexible loads and generation dispatch. A summary of these EMS

studies is listed in Error! Reference source not found..

Table 6-1 Comparison of Studies on Various EMS Frameworks

Studies

SSM DSM Financial GHG
PV Analysis Emissions

Forecasting Generator | TOU DLC

Dispatch

T
<

Srikranjanapert et al. [23]
Harajli et al. [37]

Ali et al. [33]
Mahmud et al. [31]
Kichou et al. [34]
Ozden et al. [35]
Rochd et al. [36]
Javed et al. [26]
Ouédraogo et al. [27]
Anusha et al. [32]
Cupples et al. [28]
Mohandes et al. [29]
George-Williams et

al. [30]

Dinh et al. [38]
Silva et al. [39]
Ochoa et al. [40]
Sharda et al. [41]
Tabrizi 2022 [42]
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As inferred in Error! Reference source not found., there is no study that has i
nvestigated the incorporation of SEF, GC, TOU, DLC into an IEMS for off-grid
applications. Though a few studies considered the financial and environmental
impact of their systems, none of them included the impact of CB, which is crucial
for the successful implementation of any EMS. It is clear to see that more
comprehensive EMS frameworks that incorporate advanced forecasting models,
DR strategies, and CB analysis are needed. Such integration would enable more
accurate predictions of energy supply and demand, better management of energy
resources, and enhanced system reliability. To address the research gap, this

paper proposes the following key contributions:

1. An IEMS that optimally schedules and dispatches PV and DG power
supply with the help of a three-step solar energy forecasting model, TOU
and DLC responses, prioritizing PV while making sure supply meets

demand at every time-step.

2. Investigating CB in response to TOU and DLC signals using customer

overrides, preconditioning and rebounding percentages.

3. Techno-economic analysis of the IEMS and its impact on CO2 emissions

to determine which hybrid configuration is better for PV integration.

The framework for the proposed IEMS is shown in Error! Reference source not f

ound..

210



Predictive Control: Input Predictive Control: Qutput

Demand Side
Management
Time-of-use

Integrated

Solar forecasting

B B O

Energy Demand Side
Caorrective Control: Input Management Corrective Control: Output Manag ement
System
Power Supply azr::;gﬁéﬁ SUPPH" Side
Direct Load Control Management

Supply Side
Load Demand > Management Monitoring
Generator control

Figure 6-1 Proposed Integrated Energy Management System Framework

The IEMS will be investigated using a home supplied by a combination of a 10
kW PV and a 7.5 kVA DG. One-year residential load profile and historic PV
generation were obtained and used for the analysis. Two hybrid off-grid
configurations, DG/PV and DG/PV/IEMS will be evaluated against a base-case
scenario supplied solely by DG, to determine which configuration is better and to
test the performance of the IEMS and its impact on cost and the environment.

This paper is organized as follows. Section 6.2 provides a discussion of
methodology and methods used in operating the IEMS. Section 6.3 highlights
case study and scenario assumptions, including parameters used in assessing
the performance of the IEMS. Section 6.4 discusses the results, while Section 6.5

presents the conclusions and recommendations for future research.

6.2 Methodology

While Error! Reference source not found. gives an overall view of the proposed |
EMS framework, Figure 6-2 shows how the IEMS interacts with the power supply
and the load. The flow of control starts from obtaining information from the
generators and the weather stations. The outputs of this are the PV and generator

plants generated power in real-time, and the hourly day-ahead PV generation
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forecast. The IEMS is then connected to the external power distribution network
via smart meters and to the load via smart plugs or sockets. The smart meter
enables the TOU tariff or load schedule to be set based on hourly predicted PV
generation, while the smart sockets or plugs allow loads to be interrupted or

rescheduled based on the dispatch strategy.

Smart External power
Generator distribution
Meter
network
Y
Solar PV DC- AC Smart PV Smart PV N IEMS Interruptible
Generator grid-tied inverter Meter | 7 " Loads
Y Y
On-site weather Historical PV Smart Schedu.lable/
. Sockets or Flexible
station data
Plugs Loads
, !
Local weather Historical Solar PV Non—Sched.uIabIe/
. E— . Non-flexible/
station weather data forecasting .
Static Loads

Figure 6-2 Block diagram of proposed IEMS

6.2.1 Three-step forecasting architecture

A three-step forecasting approach for forecasting PV generation is proposed.
Using data from a local weather station as well as an on-site one, this method
selects weather variables with moderate to strong positive correlation to solar
radiation, using them to forecast the production of solar energy. The weather data
from the two stations are combined by a technique called low-level data fusion
(LLDF), which combines more than one source of raw data to produce new raw
data [43]. The data is then normalized and separated into training and testing
data samples. The training data sample is used as the input into MATLAB’s
machine learning toolbox called the Regression Learner App (RLA). The RLA,
with a library of over twenty forecasting algorithms, selects the best performing
algorithm based on the lowest Root Mean Square Error (RMSE). This approach
has been extensively analysed in [44]. A diagram of the proposed three-step

forecasting approach is shown in Figure 6-3.
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Figure 6-3 Proposed Three-Step Forecasting Approach

In the first step, data recorded in 15 min timesteps by the on-site weather station
at Cranfield University comprising of nine meteorological parameters (inclusive
of solar radiation) is combined into a correlation matrix with solar radiation as the
independent variable due to its importance in PV generation. In the second step,
the same solar radiation recorded by the on-site weather station is selected as
the independent variable and combined into a correlation matrix with twelve other
meteorological parameters recorded by the Met Office Bedford station in hourly
timesteps. In the final step, the meteorological parameters from both weather
stations with moderate to strong correlations (> 0.4) on the same corresponding
hourly timesteps are selected as forecasting model predictors. These weather
parameters along with the corresponding hourly PV generated become the inputs
into the RLA.

6.2.2 Financial forecasting tools

Discount Factor

The discount factor (DF) is a weighing factor that is multiplied by a future cash

flow to express the latter in its present value.
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_ 1-1+nr™ (6-1)

DF, .

Where r is the discount factor or interest rate, and n is the time span.

Net Present Value

The total of the present values of all future cash flows is known as the net present
value (NPV). NPV is a measure of the value that a project or investment
contributes to a developer or business and is used to evaluate a project's
profitability [45]. The higher the returns, the higher the NPV.

n

c

NPV = Z N f’;n —Cy = (I, X DE)) — C, (6-2)
t=0

Where Cfnis the future cash flow from period 0 to n, n is the time span, Co is the
initial cost of investment at time zero, Cnis the capital cost, Fn is the fuel cost, and

In is the income.

Internal Rate of Return

Internal rate of return (IRR) is used to compare or assess investment profitability
[46]. IRR, or the rate at which NPV equals zero, is the discount rate at which the

initial investment is equal to the present value of all future cash flows.

n
IRR ~ NPV = z

t=0

C
G = U xDE) Gy = 0 (6-3)

Life-Cycle Cost Analysis
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The life-cycle cost analysis (LCCA) considers the present value of all costs
related to an investment over the course of its existence [47]. In other words, the
overall cost of ownership over a known duration. This covers the acquisition
expenses (capital cost, installation costs), the operations and maintenance costs
(O&M), the fuel costs, the replacement costs, the conversion and/or the

decommissioning costs at the end of the investment's life [48].

n

[(Ch+ M, +E,—R,)—1I

LCC:Z n n1+:n " =C, +{(M, + E,) X DE,} — (I, x DE,) (6-4)
t=0

Where M is the operations and maintenance cost, Fn is the fuel cost, Rn is the

residual cost and In is the income.

Cost-Benefit Analysis

Prudent developers will perform a cost-benefit ratio (CBA) to assess all potential
costs and profits that may be generated if the project is finished prior to building
a new facility or taking on a new project. Typically, just the recurrent revenue is
considered as the benefit when calculating a cost-benefit ratio (CBR).

n
_ [(Cn-}']\/In-}'Fn_Rn)+ In:Cn+{(Mn+Fn)XDFn}

CBR = (6-5)
1+7rn (I, X DE,)

t=0

Payback Period

The payback period (PP) is the duration required for an investment to generate

sufficient income or cash to cover the initial investment's cost.

Capital t
pp = apita cotq S (6-6)
Annual savings
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Levelized Cost of Energy

The levelized cost of energy (LCoE) over the economic lifespan of a system is
the proportion of the net present value (NPV) of the total investment (capital
costs, fuel expenses, O&M costs) to the net present value (NPV) of the total

electricity generated by the system.

n Lt + M+ F;

t=1 t M, + F;) X DF,
n t Et
=171 + 1)°

For the time period t, Et is the electricity generation, |t is the investment cost, Ft

and Mt are the fuel and O&M costs respectively.

For a better understanding of the forecasting tools and their impact on a

project, Table 6-2 has been adapted from definitions summarised in [49].

Table 6-2 Financial conditions and definitions

Condition Definition Result
NPV >0 Investment adds value Project may be accepted
NPV <0 Investment subtracts value Project should be rejected
NPV =0 Investment neither gains nor loses | Project will break-even. Other
value criteria needed for decision
IRRz2 > IRR1« Project 2 has a higher IRR than | Project 2 is more desirable
project 1
LCCA>0 Fails to generate net income Project may be rejected
LCCA<O Generates net income Project should be accepted
LCCA=0 Breaks even Adds no monetary value. Other
criteria needed for decision
CBR > 1 Cost exceeds benefit Project may be rejected
CBR <1 Benefit exceeds cost Project should be accepted
CBR =1 Benefit equals cost Adds no monetary value. Other
criteria needed for decision
PP2 > PP4 Project 2 has a longer PP than | Project 1 could be more
project 1 desirable
Cost > LCoE Electricity cost exceeds LCoE Greater return on capital
Cost < LCoE LCoE exceeds electricity cost Lower return and a possible
loss

216



6.2.3 Dispatch strategies

The IEMS receives as its input a day-ahead solar forecast of the PV system from
the proposed three-step forecasting architecture approach described in Section
6.2.1. Based on this forecast, it sets the TOU tariffs/and or load schedule as the
first level of control. The IEMS will notify the user through an Internet-of-Things
(IoT) enabled environment during load peak periods or periods with low supply.
The IEMS with the help of smart meter control, can do a combination of three
things: set higher TOU tariffs to reflect periods of low PV supply, notify users
about low and peak periods so that they can change/update load priority requests
(manually schedule loads), or automatically schedule the load based on PV
availability. By doing this, the PEMS function of the IEMS determines the
operating schedule of shiftable and interruptible household appliances for the
next 24 hours. This is then passed down to the CEMS, which adjusts the schedule

due to forecast uncertainty and errors.

For the CEMS, the dual monitoring of customer load and power supply
levels serves as its input while GC and DLC are the output as shown in Error! R
eference source not found.. The CEMS regulates the system by checking if the
current demand is above the supply level. If this condition is met despite the TOU
tariff, the CEMS decisive algorithm will turn-off appliances by using DLC to reduce
the load based on customer’s demand priority. This is the second level of control.
For DLC, the IEMS will use a centralized controller connected to each distributed
energy resource in the system via smart plugs or adapters for remote control and
access. If this is still not sufficient to curtail the load and balance the supply and
demand, then the back-up generator will be called upon to increase the supply.
In summary, the IEMS priorities load and energy management before calling up
additional supply. Figure 6-4 shows the flowchart of the proposed IEMS.
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No

For off-grid applications without storage, there must be a way to deal with excess

or unused PV via dummy loads or by exporting to a local islanded network for

consumption by other load sources. In this study, excess PV is exported to a local

grid as can be seen in Figure 6-4.

6.2.4 Integrated energy management system rule-based algorithm

6.2.4.1 Load dispatch

As seen in the flowchart in Figure 6-4, the IEMS rule-based algorithm prioritises

and maximises the use of PV before activating the generator. It initiates DSM

before SSM. Once PV generation has been detected, the IEMS will compare the

218




load and the PV. If the PV supply is less than the load, the IEMS will reschedule
any flexible load. If the load is still greater, the IEMS will initiate DLC and de-
activate any interruptible load. If this is still insufficient to reduce the load, then
the generator is called as a back-up. The base load is the first to be powered,
and along with the schedulable load, must always be powered during any 24-
hour period. The interruptible load on the other hand does not always need to be
powered. The power to this load is supplied by the DG when there is no PV and
will only be powered by the PV if it is sufficient to power the daily total load.

6.2.4.2 Forecast errors

Apart from generally scheduling the load and supply, the IEMS must account for
the errors in the PV forecast prediction by adjusting the load schedule to suitable
times of actual PV supply. To achieve this, the IEMS runs a high to low priority-
based load schedule. It queues schedulable load from the highest kW to the least
and assigns the highest schedulable load to the period of the highest predicted
PV supply. It assigns the second highest schedulable load to the second highest
hour of predicted PV supply and so forth. This flowchart can be seen in Figure
6-5. The IEMS will concurrently look for the earliest time of excess PV and will
initiate a schedulable load once the PV supply is sufficient to power both the base
load and the schedulable load. In other words, the schedulable load may be
powered at any earlier time before its scheduled time if there is enough PV supply
to satisfy both the schedulable load and the base load. If there are no periods of
excess PV prior to its scheduled time, then the schedulable load will be activated
at its original time which is based on the predicted PV. The IEMS looks at the
actual PV supply, checks to see if any of the queued loads can be deployed prior
to its scheduled time, and will ultimately go back to the default schedule if the
actual PV does not exceed the predicted PV. In addition, according to the block
diagram in Figure 6-2, the system is always collecting historical PV and weather
data to improve the forecasting. The forecasting model takes the actual PV, adds
it to it's database so the model can be re-trained with new data.
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6.3 Case study

6.3.1 Data description

To generate the next day PV forecast, one-year historical weather data from both
an onsite weather data station located in Cranfield and a local weather station
located in Bedford, as well as one-year historical PV generation for a 10-kW PV
system in Cranfield are obtained. One-year UK-based residential load
consumption is obtained using an energy data logger. An energy or power data
logger is an electronic device that records/logs or monitors electricity
consumption, power quality and other power parameters over time. It is crucial in
developing the load profile of a customer. In assessing the technical and
economic feasibility of installing a hybrid green system for the school of
engineering, University of Nairobi in Kenya, Eze et al. [50] uses a power and
energy data logger to determine the building’s load profile by monitoring the
electrical power demand and consumption. Gerber et al. [51] uses a data logger
to aggregate and store voltage and current data in a measurement-informed
modelling to quantify and compare energy efficiency and power quality of
buildings. The aim of the data logger in this case would be to identify and classify
different loads and their time of operations. A data logger was used to obtain the
energy consumption for the residential house. An example of the one-day load

profile is shown in Figure 6-6Figure 6-6.
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Figure 6-6 One-day load profile of residential house

The daily load is categorized into base/non-schedulable load,
schedulable/shiftable/TOU load, and interruptible/Curtailable/DLC load.
Interruptible loads can be briefly switched off without causing the user too much
discomfort [52]. Schedulable loads are those that can be moved to a more
convenient time of operation based on TOU or because of user preference. They
are also referred to as flexible or controllable [53]. Non-schedulable or base loads
are the highest priority for the customer and cannot be scheduled, interrupted, or
delayed. For this study, the plugged loads are the interruptible loads, the heater
and water pump are schedulable, and all others make up the base load. Table
6-3 gives the load summary along with the average operating times.

Table 6-3 Load demand summary of residential house

Load Type Load Ratings (W) Quantity Average Total
operating time demand
(h/day) (Wh/day)
Base Lights 10 8 6 480
TV 360 1 8 2880
Fridge 240 1 6 1440
Ceiling fan 80 3 9 2160
Schedulable Heater 3000 1 2 6000
Water Pump 800 1 1 800
Interruptible Plug Loads 200 Lump 9 1800
Total 4690 15,560

6.3.2 Financial and economic analysis

For these assumptions, costs will be reflected in 2023 prices based on inflation
rates and the federal consumer price index (CPI) supplied by the International
Monetary Fund (IMF) [54].

6.3.2.1 PV system

In this study, an installed 10 kW PV system acts as a back-up to a DG supplying
a monthly average residential load of over 500 kWh. With the aid of a supply
meter, daily half-hourly meter readings were taken for the entire year in 2019,
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and the average monthly PV output was determined to be over 432 kWh/month.
The analysis will consider 20 years based on the life cycle of PV panels [47,48].
Two key terms that must be considered are the discount rate and discount factor.
The discount rate determines the value of future cash flow, and it is affected by a
country's present economic state [55]. According to literature, discount rate was
found to be between 5% and 7.25% [56,57]. In this case study, the unlevered 6%
rate will be considered. According to IRENA, the average installed cost for PV
worldwide in 2021 was $867/kW, or the equivalent of £8,000 for a 10 kW PV
system adjusted by CPI in 2023. A survey of several vendors revealed a range
of between £11,000 to £14,000 [58-60] for the 10 kW PV system. For the
purposes of this study, the average of £12,500 will be considered. According to
a report by the Electric Power Research Institute (EPRI), the overall budget for
PV O&M costs is between $10 to $45/kW-year. The report emphasises that for
larger utility scale PV systems with a capacity of 1IMW and over, the O&M costs
are approximately $10 to $25/kW-year and are cheaper than smaller units due to
economies of scale. Ramasamy et al. [61] give the current benchmark of
residential O&M costs without storage at $28.97/kW-year. With that in mind, we
opt for an amount of $30/kW-year, adjusted with the CPI to £26/kW-year.

6.3.2.2 Diesel generator

The DG was selected based on the worst-case scenario of simultaneously
running all the loads at the same time. From Table 6-3, this amounts to
approximately 5 kW, or 6.25 kVA using the common industry standard power
factor of 0.8 [62]. As the primary source of power, the generator is sized using
about 80% of its capacity and should be capable of powering the entire load
without back-up. With this design consideration in mind, a 7.5 kVA generator is
selected. In terms of cost, several estimations are made based on the DG’s
capacity. For a 48-kW DG, Das and Zaman [63] list the capital cost as $370/kW,
replacement cost as $296/kW and O&M costs as $0.05/h with a lifetime of
15,000h. In a similar cost and price breakdown, Kumar et al. [64] gives the costs
as $665/kW, $535/kW, $0.027/h with a lifetime of 15,000h. Ghenai and Bettayeb
[65], give the capital and replacement costs of a 100kW generator as $300/kW,
O&M costs as $0.01/h, fuel cost as $0.6/litre with a lifetime of 15,000h. In another
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study by Ismail et al. [66], the capacity of the DG considered is 7.5 kW and the
associated capital cost, fuel cost and fuel inflation rate are $550/kW, $0.6/litre
and 5% respectively. The above is closer to our rated generator sizing and
therefore the capital cost is estimated as £400/kW and replacement cost is
£300/kW. The fuel consumption loading is derived from Greaves power generator
specification sheet [67]. The diesel CO2 conversion factor for an average biofuel
blend usually obtained from a filling station forecourt is obtained from the UK
government website [68]. On 23/05/2023, the daily cost price for ultra-low sulphur
diesel fuel [69] was obtained, while an average of the half-hourly PV export rates

[70] was also obtained.

6.3.2.3 DLC/TOU programs

DLC and TOU programs use tariff discounts/credits to incentivize customers to
remotely shut-off or reschedule their load to an off-peak period. According to a
report by the Rocky Mountain Institute [18], DLC programs are typically applied
to residential and commercial customers with less than 100 kW demand. Most
frequent DLC loads that are controlled are air conditioners (ACs) but may also
include water heaters and pool pumps. DLC programme incentive schemes
usually consist of a one-time participation payment in addition to fixed monthly
payments that are credited to the customer's utility bill. In a study by Kaczmarski
et al. [71], the median willingness-to-accept was $9.50 per month through the
summer, or approximately $30 per year with a confidence interval of 95%. This
is similar to a DLC program like PNM Power Saver in New Mexico that offers $25
per year. In another study by Xu et al. [72], utility providers in the United States
offer $25 to $100 per year, $5 to $20 per month, or 3 cents to $1 per kWh saved.
In a survey of 1482 residents, the authors proved that a $30 per year incentive
boosted accepted rates into the DLC program. In this case study, a benchmark
price of £25 per year will be used for the Plug loads when there are no overrides
to the schedule between the periods of 5am to 5pm (DLC period). The penalty
for non-compliance in overriding the DLC command is at the discretion of the
utility operator. For example, during an emergency event, Xcel Energy in

Colorado gives a dollar fine of half the annual credit multiplied by the amount of
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the online load that is in excess of the contractual interruptible load [18]. In our

case, we choose to half the yearly credit for overrides above 10%.

For TOU credits, utilities may offer discount on the normal electricity tariff
based on the type of peak period (high, mid or low) or even offer a flat fee based
on time of consumption or the consumption profile [73]. For off-peak TOU costs,
the Rocky Mountain report cited earlier gives examples of 5% bill reduction and
a $0.10 per kWh for schedulable loads. In a survey of 6 utility providers in the UK,
the difference between the peak and off-peak rates for the “Economy 7” electricity
tariff for residential customers was 54%. The significant difference helps to
incentivize customers to move their bulk load to off-peak periods. With this in
mind, we consider a discount of £0.2 per kWh for any load rescheduled to the off-
peak period between 5am and 5pm (same as DLC period). The choice of this
time-period coincides with PV generation, encouraging customers to operate the
bulk of their load (schedulable load) using PV. The total daily schedulable load is
6.8 kWh, which multiplying by £0.2 per kWh equates to a saving of £496 per year.

The Difference between the DG/PV and the DG/PV/IEMS configurations is
the IEMS controlled DLC technology for remotely shutting down and rescheduling
the load. For our case study, the prices were provided by a leading industry player
and include a supervisor (£1100) connected to a gateway hub (£155) that
provides the control to the smart sockets. The 200W plug loads will be spread
across 5 smart sockets or 10 outlets (£645). Add an installation cost of £300 and

the total cost sums up to £2200.

6.3.2.4 Customer behaviour factors

In a study of 6389 households across 21 U.S states and a Canadian province
[74], the data showed a mean thermostat override rate of 12.9%. We assume a
similar override rate of 14%. Analysing the use patterns of interruptible and
schedulable loads based on our historical profile data, an 80% preconditioning
rate and 20% rebounding rate were proposed rather than reverse used by Pal et
al. [19]. Figure 6-7 shows what the DLC/TOU program looks like while Table 6-4
has a summary of the assumptions broken down into monthly rates for analysis

purposes.
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Table 6-4 Parameter assumptions
Item PV DG
Capacity 10 kW 7.5 kVA
Average monthly output 323 kWh/Month 509 kWh/Month
Capital cost £12,500.00 £400/kW
DLC equipment £2,200.00
O & M cost £2.17/kW-month £0.14/hour
TOU off-peak discount £0.2 per kWh
TOU off-peak/DLC period 5am — 5pm
DLC credit £2.08/month
Load override rate 14%
Preconditioning rate 80%
Rebounding rate 20%
Discount rate 0.5%/month
Lifespan 240 months 15000 hours
Replacement cost £300/kW
Fuel cost (diesel) £1.516/litre
Fuel consumption 100% load = 2.6 (ltr/hr)

75% load = 2.3 (ltr/hr)
50% load = 1.8 (ltr/hr)
25% load =1.4 (ltr/hr)
Grid export £63.62/MWh
CO2 conversion factor 0.0 2.51 kgCOqellitre
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6.4 Results and discussion

To evaluate which of the configurations is better, several variables must be
determined. Firstly, the monthly load and PV supply for the residential house for
the year 2019 is obtained. In the DG/PV configuration, the yearly PV generation
is subtracted from the load to determine the share of DG supply. For the
DG/PV/IEMS configuration, the IEMS algorithm highlighted in Section 6.2.4
determines the DG and PV supply outputs. Table 6-5 provides the results.

Table 6-5 Consumption comparison between DG, DG/PV, and DG/PV/IEMS

configurations for a residential house in 2019

DG DG/PV DG/PVI/IEMS

DG Load | DG DG Load | PV Load | DG DG Load | PV Load | DG
Month (kWh) hrs (kWh) (kWh) hrs (kWh) (kWh) hrs
Jan 734.61 744 | 674.84 59.78 656 | 602.99 97.61 629
Feb 590.08 672 | 513.97 76.11 527 | 396.08 166.08 506
Mar 487.94 744 | 434.33 53.61 436 | 287.34 183.33 418
Apr 446.91 720 | 372.75 7417 454 | 237.87 198.37 467
May 485.81 744 | 333.74 152.08 434 | 203.27 275.14 447
Jun 470.14 720 | 316.15 153.99 399 | 208.68 268.37 390
Jul 485.81 744 | 323.49 162.32 403 171.84 312.87 394
Aug 485.81 744 | 350.24 135.58 434 191.00 290.12 416
Sep 455.85 720 | 358.82 97.03 450 | 227.52 219.97 450
Oct 485.81 744 | 419.83 65.99 434 | 308.82 162.69 416
Nov 455.85 720 | 421.45 34.40 420 | 359.42 79.37 403
Dec 485.81 744 | 465.28 20.54 434 | 400.75 63.36 416
Total 6070.44 | 8760 | 4984.88 1085.58 5481 | 3595.59 2317.28 | 5354
Average | 505.87 730 | 415.41 90.47 457 | 299.63 193.11 446

6.4.1 Percent share of diesel generator and photovoltaic loads

Table 6-5 shows that DG/PV has a higher combined load generation output
(energy supplied from both DG and PV) than the DG/PV/EMS configuration. This
is because the IEMS shuts down some interruptible loads without rescheduling

them. In addition, the IEMS reduces the yearly generator output by about 28%,
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leading to reduced CO2 emissions and fuel costs. Even more importantly, the
IEMS improves the yearly PV usage of the DG/PV configuration by more than
113%, thus achieving the overall aim of integrating more PV into the grid system.
Figure 6-8 gives some further insight into the impact of the IEMS on the system.
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The first graph of Figure 6-8 displays the PV generation for the selected day with
peak periods between 7am and 12pm. In the second graph showing the DG/PV
configuration, the DG follows the load closely and is mostly supplemented by PV.
Even though there is excess available PV generation between 7am and 12pm,
the major load consumption occurs outside this time frame, between the hours of
4am - 7am and 5pm — 9pm. This means that the excess PV must be exported. In
the final graph, the IEMS shifts the load peaks to better coincide with the
maximum PV generation. As a result, there is an increase in load usage as can
be seen by the bigger load peaks during 7am and 12pm. In addition, these shifted

loads are increasingly being powered by PV.

6.4.2 Forecast accuracy and algorithm error correction

Despite slight differences between the hourly forecast and the actual PV
generated, the 3-step forecasting algorithm was able to accurately predict when
the highest PV generation occurred and correctly assign the heater and water
pump to those times. This means that the loads with the highest consumption
were powered by PV. In the future, network operators can incentivize customers
to schedule their load this way so that the bulk load is shifted to periods of the
highest PV generation, thereby reducing CO2 emissions. Lastly, the forecast error
correction algorithm deployed the schedulable load earlier 40% of the time, with
the 800W water pump making up the majority. This significant number of times
proves that the error correction is effective and useful. Scheduling loads early
only occurs when the PV Plant can power the shiftable load more than once a
day. In our case, this occurs when the PV plant can generate more than 3000W

or 800W multiple hours in a day.

6.4.3 Lifetime expenditure and CO2 emissions

To determine the fuel costs, the data logger is used to record the hourly load
consumption and conversely, the operating hours of the DG can be estimated.
The DG loading percentages from Table 6-4 are applied based on the operating
hours, and the amount of fuel used each hour can then be determined. The PV
export is simply the share of the PV supply not consumed by the load. As this
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system does not have any storage, the PV is exported to a local islanded grid.

Table 6-6 provides the results.

Table 6-6 Fuel comparison between DG, DG/PV, and DG/PV/IEMS configurations

Gen DG/PV DG/PV/IEMS
PV Export PV Export

Month Fuel (L) Fuel (L) (kWh) Fuel (L) (kWh)
Jan 1153.20 689.51 39.13 612.07 1.30
Feb 1014.80 606.76 513.97 538.62 56.25
Mar 1101.39 658.53 277.54 584.57 147.57
Apr 1064.57 690.43 344.75 662.57 219.57
May 1101.39 651.00 498.73 626.20 374.40
Jun 1065.86 602.14 470.56 554.57 353.79
Jul 1101.39 608.04 633.94 551.80 480.90
Aug 1101.39 658.53 514.54 584.57 358.78
Sep 1065.86 683.57 463.17 639.43 339.83
Oct 1101.39 658.53 257.29 584.57 160.59
Nov 1065.86 637.29 153.53 565.71 108.56
Dec 1101.39 658.53 98.28 584.57 55.46
Total 13038.46 7802.85 4265.44 7089.26 2657.00
Average | 1086.54 650.24 355.45 590.77 221.42

Again, Table 6-6 shows the yearly PV export of the DG/PV/IEMS configuration is
about 38% less than the DG/PV configuration mainly because the IEMS
prioritises using PV before exporting it. To further evaluate the performance of
the IEMS, both configurations are analysed against the base-case scenario. The
base-case scenario involves using only a DG to supply the load. The DG is
assumed to supply the load 24 hrs a day, throughout the whole year. Since it will
be detrimental for the DG to supply uninterrupted power for every hour of the
year, two set of DGs are considered; one for night loads and one for day loads.
By using the assumptions of Table 6-4, the capital cost is calculated as £6000.
While this is far below the capital costs of the two other configurations, the DG is
significantly higher in replacement costs, fuel costs and conversely overall
lifetime expenditure. It also gives significantly higher CO2 emissions over the
system lifespan. The Scope 1 emissions, which are direct emissions generated

by sources owned by the user, is calculated by multiplying the CO2 conversion
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factor by the total litres of fuel in the year, and the system lifespan which is 20

years.

The replacement cost is calculated based on how many times the DG
needs to be replaced in 20 years based on a 15,000 hours-lifespan. To calculate
this cost, the total lifespan of the DG, the replacement cost rate from Table 6-4
and the total yearly output from Table 6-5 are needed. Table 6-7 provides the

results.

Table 6-7 Cost, Output and CO2 emissions comparison between DG, DG/PV, and
DG/PVIIEMS configurations

Costs & CO;

(System lifetime) DG DG/PV DG/PVI/IIEMS
Capital costs £6,000.00 £15,500.00 £17,700.00

O&M costs £24,528.00 £18,376.67 £18,269.19
Replacement costs £26,280 £16,444.04 £16,061

Fuel costs £395,326.02 £236,582.49 £214,946.33
CO2 Emissions 654,531 kg COze 391,703 kg CO2¢e 355,881 kg CO2¢e

The fuel costs, replacement and O&M costs sum up to the lifetime expenditure
cost of each configuration. However, the PV component of the O&M cost is
determined by multiplying the O&M cost rate with the PV capacity and the DF.
The DF is calculated by using Equation (6-1) and determined to be 139.581. It is
important to note that the DF considers the entire lifetime of the system and
scales it to a monthly multiplier. Figure 6-9 shows a visual representation of the

costs.
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Figure 6-9 Cost comparison of DG, DG/PV, and DG/PV/IEMS configurations

In Table 6-7 and Figure 6-9, DG/PV/IEMS’s performance in comparison to DG/PV
and DG shows a reduction of about 8% and 44% in lifetime expenditure costs,
and a reduction of about 9% and 46% in CO2 emissions respectively. To
determine which of the two hybrid configurations should be selected, additional
parameters need to be considered. With the data from Table 6-7 and the
assumptions from Table 6-4, we can begin to evaluate the financial forecasting
tools highlighted in Section 6.2.2.

6.4.4 Techno-economic analysis

Two separate analyses are done with and without the impact of CB. In the fully
automated scenario, the lifetime net income is calculated by multiplying the
income or savings by the DF. The savings/incoming is derived by subtracting the
lifetime expenditure of each configuration from the base case. Additional income
is generated through energy exported to the grid, the off-peak TLC and DLC
rates, and savings from the replacement costs. For instance, in 20 years, the
generator in the base case would need to be changed 12 times based on a
15000-hour lifespan whereas in both hybrid configurations, the generator will be
changed 7 times. The difference between the replacements costs is considered
a savings. The sum of the average monthly PV output supplied to the load and
the monthly PV export, multiplied by DF, makes up the lifetime PV generation.
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This is then added to the DG lifetime output to make up the lifetime net electricity

generation.

To investigate the impact of CB, we run the same analysis mentioned
above but include assumptions made in Section 6.3.2.4. A 14% override is
applied to the automated TOU schedules (heater and water pump). Out of the
14%, we ensure that 80% of the load occurs from 12am to 5am (precondition)
and the other 20% occurs from 5pm to midnight (rebound). We also do the same
for the DLC plug loads. By using Equations (6-2) to (6-7), Table 6-8 provides the

comparison outcome using the financial forecasting tools.

Table 6-8 Techno-economic analysis of DG/PG and DG/PV/IEMS configurations

Performance
DG/PV/IIEMS DG/PVI/IIEMS DG/PV/IIEMS | DG/PV/IEMS
DG/PV Without CB with CB DG/PV without CB with CB
Lifetime <
expenditure £271,403.21 £249,276.55 £252,537.35
Lifetime net v
income £177,886.29 £204,887.85 £200,782.84
Lifetime net
electricity v
generation 161,939 kWh 129,771 kWh | 137,834 kWh
PP 1.74 years 1.73 years 1.76 years v
NPV £162,386.29 £187,187.85 £183,082.84 v
LCCA £109,016.92 £62,088.69 £69,454.52 v
CBR 1.61 1.30 1.35 v
LCoE £1.68/kWh £1.92/kWh £1.83/kWh v
Cco2 391,703 kg 355,881 kg 361,130 kg
Emissions CO2e CO2e CO2e v

According to Table 6-8, the DG/PV/EMS without CB outperforms DG/PV and
DG/PV/IEMS with CB in seven out of the nine categories. Although the
DG/PV/IEMS with CB outperforms DG/PV in six out of nine categories, it is
outperformed by DG/PV/EMS without CB confirming that overrides can reduce
the value and objectives of the DLC program [75]. Comparing these results to
Table 6-2, three indicators highlighted in red show unfavourable results. The
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LCCA, the CBR and the LCoE all suggest that both configurations should be
rejected. The LCCA should be less than zero, the CBR should be less than 1 and
the LCoE should be close to or comparable with the average residential electricity
rate. Currently, the annual cap of household energy prices in the UK is £2,500,
or the equivalent of 34.0p/kWh [76]. This is way less than the calculated prices of
£1.68/kWh and £1.92/kWh. An explanation is that as Figure 6-9 suggests, DGs
used as the primary supply source are always associated with high maintenance
and fuel costs. In the end, the DG/PV/EMS without CB is the most favourable
investment to make, earning the most income and savings with the least

expenditure and COz2 emissions over the project’s entire lifetime.

Conclusion

An Integrated Energy Management System (IEMS) that combines Supply-
Demand Side Management was proposed with the objective of managing and
increasing photovoltaic (PV) usage in the grid. This method integrates solar
energy forecasting (SEF), time-of-use (TOU), direct load control (DLC) and
generator control (GC), prioritising load and energy management before calling
up additional power supply. The performance of the IEMS was investigated by
performing a techno-economic analysis on three off-grid configurations: diesel
generator (DG), DG/PV and a fully automated DG/PV/IEMS. Using a DG as the
primary supply, its associated lifetime fuel cost meant that forecasting parameters
like Life Cycle Cost Analysis (LCCA), Cost-Benefit Ratio (CBR) and Levelized
Cost of Energy (LCoE) made all three configurations undesirable to implement.
However, the DG/PV/IEMS configuration showed a reduced life expenditure cost
and COz2 emissions of about 44% and 46% respectively when compared to DG,
plus 8% and 9% respectively when compared to DG/PV. More significantly, it
increased the PV usage from the DG/PV by over 113%. To analyse the impact of
customer behaviour (CB), a 14% load override, 80% preconditioning and 20%
rebounding were factored in based on averages given in literature. The
DG/PV/IEMS without CB outperformed the DG/PV/IEMS with CB proving that

overrides reduce the value of the DLC program.
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The impact of using DG as the primary supply source can be negated if it
is replaced with another source that uses less fuel. The versatility of the IEMS
framework allows for swapping both supply/demand side responses, giving way
to different system permutations. For instance, swapping the DG with a utility
supply to simulate an on-grid power supply, substituting wind energy forecasting
for solar, and critical peak pricing for TOU and so on. Therefore, a
recommendation for future research will be to explore various combinations of
supply/demand responses and evaluate their impact on solar energy integration.
Exporting excess PV to an islanded or neighbourhood grid, or using dummy
loads, is critical to reducing energy wastage in off-grid applications without
storage. A comparison can be made between the options mentioned above or
including a battery energy storage system (BESS) can be made. In addition, the
impact of the IEMS can be further investigated by increasing the share of
interruptible and schedulable loads. For this study, the schedulable load and
interruptible DLC loads represent about 43% and 12% of the daily total load
respectively. It would be worth investigating what acceptable percentages of the

load can be scheduled or interrupted without causing severe impact to the user.

Another potential research is testing the IEMS rule-based algorithms using
more granular historic data involving seconds rather than hourly. This will allow
the corrective controls to be expressed in real-time. Finally, a CB distribution can
be modelled based on historical data and applied to the analysis instead of using
averages. This will present a more accurate analysis of customer’s response to

demand signals.
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7 Discussions, conclusions, and recommendations

7.1 Discussions

The current state-of-the art for RES integration is categorized into various control
techniques, integration approaches, and power system modelling and
optimization algorithms including integration of microgrids, distributed energy
resources (DER) and energy storage systems (ESS) [1]. In considering the above
methods, it was observed from the findings of the literature review in Chapter 2
that there was no clear framework for solar energy management and integration
into today’s modern grid. Solar energy integration has a lot of connected parts
but there is no overarching framework to link all the components. To further
explore this gap, all the above-mentioned techniques had to be analysed.

Power system modelling and optimization in terms of RES integration have
been highly researched and is a well-established research theme. Optimization
problems usually include set objective(s) that must be optimised considering pre-
determined constraints. The goal is to derive an optimal solution that minimizes
or maximizes the objective function. Example of optimization algorithms include
Mixed Integer Linear Programming [2], Genetic Algorithm [3], Particle Swarm
Optimization [4], Sequential Quadratic Programming [5], Rolling-horizon
optimization [6] and so on. These algorithms describe the mathematics of
achieving supply-demand balance, focusing less on the structure of a framework.
Power or energy system modelling use software like PLEXOS or H2RES to solve
unit commitment or energy dispatch problems through multi-objective decision
optimizations. Most software are black boxes and not openly sourced, with no

description of their architecture or methodologies.

Control techniques connected to the management of the power system come
close and are broadly separated into demand side management (DSM) and
supply side management (SSM) [7]. SSM and DSM are both critical in integration
of variable renewable energy (VRE) sources [8] and are critical in multi-energy
systems (MES) and building applications [9]. While several literatures investigate
DSM [10,11] and SSM [12,13] separately, others propose that controlling both
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supply and demand is critical for VRE integration [14] and must be considered in
designing reliable and financially viable systems [15]. For example, Dranka et al.
[16] propose an integrated co-optimization model for demand (load shedding and
shifting) and RES supply coordination based on linear programming. Karunanithi
et al. [17] consider energy efficiency and peak shifting as DSM strategies and
upgrading transmission distribution lines and increasing thermal power plants
process efficiency as SSM strategies. Further study of the literature revealed an
additional component implicitly linked to SSM and DSM. This component is
energy forecasting. Narvaez et al. states that for a grid with available PV plants,
predicting the available solar energy is essential [18]. Accurate solar energy
forecasting (SEF) reduces uncertainty [14,19] caused by solar intermittency. In
addition, supply and demand forecasting helps to reduce uncertainty and
effectively matches energy supply and demand [20]. Therefore, one of the
outputs of the literature review is identifying the key components of a solar-based

integrated energy management system (IEMS) which are SEF, SSM and DSM.

In reviewing integration approaches, integration energy systems (IES) and
energy management systems (EMS) were regularly referenced in literature. IES
is defined as a system that integrates multiple energy and power sources using
advance energy conversion technologies to efficiently improve energy use,
increase system flexibility and reduce carbon emissions [21,22]. An EMS
monitors, optimizes, and controls the consumers’ load, power generation and
transmission [23]. The traditional EMS was coined when the power supply was
largely homogenous. However, this definition is becoming obsolete as the
integration of the internet-of-things (loT), storage and electric vehicles have
increased the grid complexity [23]. A new definition of the EMS that covers
today’s complex grid is essential. The concept of IEMS was introduced and is
thought to refer to today’s multi-source, multi-energy and multi control grid. Wang
et al. [24] defines an IEMS as a platform that integrates energy dispatch and
control for multiple energy sources. Looking at this definition, it is relatively similar
to the definitions of IES and EMS. It is no wonder that all three definitions are
sometimes used interchangeably and often defined as an optimization problem.

However, the findings in Chapter 2 makes a distinction between the three by
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giving a clear definition of an IEMS in the context of today’s advanced grid. A

summary of findings from Chapter 2 are listed below:

EMS, IES, optimization modelling, and IEMS are sometimes used
interchangeably even though they may refer to different aspects of

integration.

IEMS is a system that manages multiple energy sources by leveraging
on advancement in technology and communication to integrate both
predictive and real-time controls, and initiate supply and demand

responses to balance the load and power supply in the grid.

Uncertainty in the power system can be reduced if integrated renewable

energy sources (RES) can be predicted.

Advances in grid technology and communication, a diverse energy mix,
and increased interconnections, mean that the new EMS must be able to
interact with both the supply and demand sides of the grid. The grid has

become smarter so the EMS must also become smarter.

Renewable smart hybrid mini-grids (RSHMG) possess the requisite

technology and infrastructure for solar energy integration.

The solar-based IEMS structure or framework has several possible
combinations because of the different type of SEF approaches, SSM,
and DSM responses. The choice of a combination of
approaches/responses is often dictated by constraints and objectives

unique to the case study or location.

Forecasting is not a 100% science; real time load scheduling needs to be

adopted to adjust the prediction errors.

By assessing the outputs of the literature review, it is clear to see that Objective

1 has been achieved. Different solar-based integrated configurations have been

assessed and a comprehensive definition of IEMS has been developed. In

addition, the different components of a solar-based IEMS have been identified
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leading to the research question of how the components would interact within the
IEMS.

Chapter 3 and 4 pick up on the findings from Chapter 2 by focusing on SEF
as one of the IEMS components, highlighting the fact that uncertainty can be
reduced if solar energy is accurately predicted. The motivation to use a numerical
weather prediction (NWP)-based forecasting approach is because NWP
incorporates real-time weather data to continuously refine the accuracy of
predictions while adapting to changing atmospheric conditions. This dynamic
capability makes NWP effective in improving forecasting accuracy. With access
to three roof-top and a utility-scale PV plant, half-hourly PV meter readings, an
on-site weather station, a local weather station, a three-step forecasting approach
was developed. The foundation of this method is based on the following:

o Effectively leveraging the connections between heterogeneous data

sources from multiple sites is crucial for accurate forecasting [25].

e Multivariate approaches perform better than univariate [26] with multiple
data sources providing richer than information from any one individual

data source [27].
¢ An on-site weather station improves the quality of weather data [28].

The three-step forecasting architecture proposed in Chapter 3 offers a simplistic
way of forecasting, by combining multiple raw data sources using Low-level Data
Fusion (LLDF). The reduced root mean square error (RMSE) of this approach
compared to approaches using a univariate data source supports the
achievement of Objective 2. Furthermore, this approach was tested and validated
using data from a 1MW solar farm and three rooftop solar arrays (8 kW, 10.5 kW
and 15 kW), showing its ability to be used for the entire spectrum of distributed
generation customers. What this approach lacks in complexity, it makes up in
accuracy by using data preprocessing (DP) to improve the quality of input data
into the forecasting model. Six DP categories and sixteen DP methods for
statistical data-driven PV forecasting architecture were considered in Chapter 4.
Though not an exhaustive list of DP techniques, they proved to be very effective

when deployed in data driven statistical forecasting models like the proposed
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method in Chapter 3. In this case, the model’s accuracy was improved by
reducing the RMSE by 75%.

Chapter 5 focuses on direct load control (DLC), which is a sub-category
under DSM (identified as one of the key concepts of an IEMS in Chapter 2). A
case study analysis was performed to determine the effectiveness of DLC in
reducing energy wastage and consumption in small power plug-in loads. DLC is
also one of the most implemented demand response (DR) programs designed to
manage small commercial or domestic customer loads [29]. In a comparison of
DR programs in Chapter 2, sub-section 5, DLC is the only incentive-based DR
program that can be pre-notified or controlled in real time. This characteristic fits
in perfectly with the IEMS definition of Chapter 2, highlighting the importance of
both predictive and real-time controls. In this case study, the aim was to identify
periods where energy could be turned off when not in use. With help from
Honeywell's Connected Power Solutions, two test sites in Cranfield were
selected, a robotics laboratory and a café. These two locations with completely
different load consumption profiles and plug-in devices were selected to validate
DLC. A baseline was established before the DLC was implemented to determine
peak (operating times) and off-peak times of the devices/appliances. Using the
Baseline comparison method, results show that the DLC reduced energy
wastage by 47%. This is significant because the DLC'’s ability to reduce unwanted
and unused energy is a critical role in the IEMS’s ability to match demand to

supply. Thus, Objective 3 was achieved.

The literature review properly identifies SEF, DSM, and SSM as crucial
components of the IEMS but raises a research question of their
interconnectedness within the IEMS. By reviewing the definition of the IEMS, any
potential framework must have a predictive and real-time component. In a
summary table of different IEMS configurations in Chapter 2, sub-section 8,
different studies use different combinations of SEF, SSM and DSM for solar
energy integration. After careful review of the literature, a novel framework was

created in Chapter 6:
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Figure 7-1 Proposed solar-based IEMS framework

The framework in Figure 7-1 was designed in such a way that it allows different
SEF, DSM and SSM techniques to be investigated while providing predictive and
real-time control of the power system which is an indispensable part of efficient
VRE integration. In other words, it allows the user to substitute any combination
of SEF, DSM, SSM in the highlighted blocks. This framework can work in both
off-grid and on-grid applications in the presence or absence of a utility grid. Apart
from designing this framework, the novelty lies in the fact that there has not been
a unique combination of SEF, time-of-use (TOU) and DLC as DSM, and
generator control (GC) SSM within the IEMS in any of the available literature. In
this framework, the three-step forecasting architecture developed and validated
in Chapter 3 and 4 is used as the SEF model. The DLC component validated in
Chapter 5 is also used. The choice of TOU is based on findings from the literature
review in Chapter 2 and is considered as one of the main pricing strategies used
in the power market [30]. The choice of a diesel generator (DG) as a SSM
technique is also informed by literature review in Chapter 2. Typically, in areas
where grid extension is not economically feasible, stand-alone RES and DGs
have been deployed to meet load demand [31]. A DG can be automatically or
manually controlled and may be used to meet peak loads in cases of BESS
depletion, rapid changes in load, or RES intermittency [32]. DGs are widely used
for off-grid solutions, and therefore offer versatility as they can be used for both
off-grid and on-grid applications. Therefore, the choice of DGs with GC was
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adopted. However, DGs can be switched out for a utility source in on-grid

applications, which shows the versatility of the framework.

The combined use of override, preconditioning, and rebound rates to
model customer behaviour is also a novel concept. Preconditioning (before DLC
event) and rebounding (after DLC event) are customer behaviours that result in
an increase in the customer’s load consumption before and/or after a DLC event
or during a TOU peak period to compensate for load curtailment, higher usage
costs or threat of penalties [33]. To assess it's technical, economical, and
environmental impact, the IEMS is deployed along with a DG/PV configuration in
a residential house. The DG/PV/IEMS configuration showed a reduced life
expenditure cost and CO2 emissions of about 44% and 46% respectively when
compared to a solely DG source, plus 8% and 9% respectively when compared
to the DG/PV configuration. In addition, the DG/PV/IEMS configuration increased
PV usage by over 113% up from the DG/PV configuration, thus achieving
Objective 4. Table 7-1 presents an overview of each objective's novelty, scientific
soundness, and contributions. This table combines the findings from each

chapter, showing how they fit together to accomplish the main aim of the study:

Table 7-1 Summary of novelty and findings

Objective Novelty Scientific soundness
(Methods/validation)
To assess different |IEMS | Chapter 2 presents a | A thorough review of each
configurations and determine | definition and a | component and their
how individual components | comprehensive literature | deployment in real-world
increase the reliability of | review of IEMS, including a | solar integration problems
solar-based power systems. review of other integrated | was conducted and materials
approaches for solar-based | sourced from relevant
hybrid systems. scientific databases.
A second review was
simultaneously conducted on
different integrated
approaches using
components from the first
review.
To develop a method that | Chapter 3 and 4 presents | Forecasting PV generation
uses LLDF in combining | evidence that no SEF | based on solar radiation is an
weather parameters from an | methods have been identified | already validated technique.
on-site weather station and a | that use LLDF specifically to | LLDF has been affirmed to
local weather station to | combine data for both an on- | also increase credible
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improve solar

forecasting.

energy

site and local weather station,
while identifying forecasting
predictors using solar
radiation correlation.

A framework for classifying
DP methods for data-driven

statistical PV forecasting
models is developed in
Chapter 4.

features in data. After this
model was developed using
data from 1 MW farm, it was
validated using three
separate rooftop arrays.

To ascertain the efficacy of
DLC in reducing energy
wastage and consumption,
thereby affirming its role as a
feasible demand response
strategy for optimizing load to
align with available supply.

The case study in Chapter 5
highlight’s the use of DLC to
manage power for small plug-
in loads at the outlet level.
The solution wused here
uniquely combines Mira Mesh
RF and BACnet/IP to
integrate DLC into a buildings
energy management system
(BEMS).

Tests were conducted on the
ability of the system to
measure half-hourly energy
consumption and respond to
scheduling commands in two
different sites. During the
scheduling phase, load
schedule times were advised
by users and implemented via
the software. Users confirmed
equipment were turned off
and on as scheduled.

To develop a comprehensive
descriptor for assessing the
impact of the proposed IEMS
on solar hybrid applications,
encompassing technical,
economic, and environmental
dimensions.

Chapter 6 builds on from
Chapter 2 - 5 and a novel
IEMS framework is created
integrating SEF from Chapter
3 and 4, TOU and DLC
(validated from Chapter 5) as
DSM, GC as SSM.

In addition, customer
behaviour was  uniquely
modelled using averages

supported by literature for
override, preconditioning, and
rebound rates.

After the literature review
identified the possible
components of the IEMS, an
IEMS framework was
proposed. Review of the
state-of-the-art revealed that
there is no IEMS framework
with a unique combination of
SEF, TOU, DLC and GC. To
validate the performance, the
IEMS framework was tested
using a 1-year residential
load. The IEMS proved to
increase solar penetration by
over 113%.
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7.2 Conclusion

In today’s complex and advanced grid, IEMS must cater to multi-source, multi-
control and multi-load requirements. The role of RES like solar energy will only
increase if we are to achieve sustainable goals of reducing GHG emissions. Solar
energy’s variable nature means supply will not always match demand. Therefore,
to sustainably increase the share of solar energy in the grid without compromising
grid stability, the aim of this research was directed towards maintaining the
demand-supply energy balance. This aim was achieved by meeting the

objectives highlighted in Section 1.3.

To achieve these objectives, a literature review was first conducted to
better understand the state-of-the-art of IEMS, EMS, IES and other integrated
approaches, and how they balance demand and supply of intermittent RES
systems. The review revealed that today’s solar-based IEMS has three critical
components: SEF, DSM and SSM. This is the first time these components have
been explicitly linked in a framework and an understanding of their
interconnectedness outlined. On the bases of this foundation, the study continued
to examine different approaches of SEF, DSM and SSM, through model
development, case study and deterministic analysis, culminating in the proposed
IEMS framework that integrates SEF, TOU and DLC as examples of DSM
responses, and GC as an example of SSM response. With a general IEMS
framework identified, users can experiment with different permutations of SEF,
DSM and SSM responses to see which unique combination gives them the best

result based on their unique objectives.

7.2.1 Three-step forecasting model development

In Chapter 3 and 4, a three-step forecasting architecture is proposed. This model
combines weather parameters from both an on-site weather station and a nearby
local weather station through LLDF. This proposed method is heavily data
dependent, so the type of data and the source is critical to its accuracy and
performance. One of the criteria used for selecting weather data was results
obtained from the cross-validation of correlated coefficients using Pearson

Correlation Coefficient (PCC) analysis. For weather variables measured by both
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stations, obtaining approximately the same correlated coefficients to Solar
radiation, was a key data reliability indicator given the relative closeness of both
stations to each other. This cross-validation technique helps mitigate against and
identify data biases that may exist in one of the weather stations if the coefficients
are considerably different. Other considerations for data selection included
proximity to the PV plants to minimize spatial variability in weather conditions.
The temporal resolution (between 15 mins and one hour) of weather variables
showed good enough data granularity to capture weather characteristics.
Furthermore, the accessibility and availability of historic weather and PV data,
plus the robust range of recorded weather variables were critical in selecting the
data sources. In both Chapter 3 and 4, data preprocessing was used to clean and
improve data quality and reduce the effects of outliers that may affect forecasting

performance.

Combining useful data from more than one source increased the number
of relevant weather parameters as predictors in the forecasting model and
improved its performance. Another function of PCC analysis is to identify
parameters with moderate to strong positive correlations to solar radiation. In
addition, raw meteorological data was preprocessed using the Rescaling (RM)
and List-wise deletion (LWDM) methods, which proved to be effective in
increasing the accuracy of the model. A deterministic analysis was performed by
training and testing the architecture using MATLAB’s Regression Learner App
with data from a 1 MW solar farm and validated using data from three rooftop
solar arrays (8 kW, 10.5 kW and 15 kW), achieving root RMSE values of 0.0859,
0.0984, 0.1425 and 0.0885 respectively. The low RMSE values, a measure of the
predicted PV to actual PV generation, proves that the model can be adopted for

different PV plant sizes.

To improve the accuracy of the model, sixteen DP models were
investigated in Chapter 4. Out of these sixteen methods, only linear interpolation,
RM, outlier detection, data smoothing, Pearson correlation coefficient,
day/time/month decomposition, seasonal decomposition, principal component

analysis, and holdout validation had a positive impact on model accuracy. In a
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comparative study using two and a half years of weather and PV data, results
show that the accuracy of the three-step forecasting model discussed in Chapter
3, with LWDM, PCC, RM, and LLDF methods, was improved by 75% when the
additional DP methods mentioned above were included in the preprocessing. DP
methods should always be considered especially for heavily dependent data-

driven statistical models like the proposed model in Chapter 3.

7.2.2 Direct load control: A case study

DLC is a viable DR tool that can help reduce wastage and energy consumption.
In a case study highlighted in Chapter 5, DLC reduced energy consumption by
47% across two locations in Cranfield university. The ability to remotely schedule
devices/appliances on and off is a critical DSM response that can either reduce
consumption to match supply or increase consumption during favourable or off-

peak tariff periods.

7.2.3 Deterministic analysis of the integrated energy management
framework

An IEMS that combines supply-demand side management was developed with
the objective of managing and increasing PV usage in the grid. This method
integrates SEF, TOU, DLC and GC, prioritising load and energy management
before calling up additional power supply. The performance of the IEMS was
investigated by performing a deterministic analysis on the techno-economic
outputs of three off-grid configurations: DG, DG/PV and a fully automated
DG/PV/IEMS. Using a DG as the primary supply, its associated lifetime fuel cost
meant that forecasting parameters like Life Cycle Cost Analysis (LCCA), Cost-
Benefit Ratio (CBR) and Levelized Cost of Energy (LCoE) made all three
configurations undesirable to implement. However, the DG/PV/IEMS
configuration showed a reduced life expenditure cost and CO2 emissions of about
44% and 31% respectively on DG, plus 8% and 2% respectively on DG/PV. More
significantly, itincreased the PV usage from the DG/PV by over 113%. To analyse
the impact of customer behaviour (CB), a 14% load override, 80% preconditioning

and 20% rebounding were factored in based on averages deduced from
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literature. The DG/PV/IEMS without CB outperformed the DG/PV/IEMS with CB

proving that overrides reduce the value of the DLC program.

7.2.4 Key contributions to knowledge

This research focused on first identifying the knowledge gap, developing an SEF

model, validating DLC through a case study, and performing deterministic

analysis on both the SEF model and the proposed IEMS framework. The key

contributions to knowledge are:

1.

The results and findings of the literature review provide an understanding
of the IEMS state-of-the-art including methods and best practices for
optimizing RES, knowledge gaps, limitations, and recommendations. A
comprehensive definition of IEMS was derived along with guidance on

possible IEMS framework (Chapter 2).

The proposed three-step forecasting approach contributes to advancing
the field of SEF by exploring the potential benefits of LLDF. Such findings
could be vital for optimizing solar power generation and reducing

dependency on non-RES (Chapter 3).

The creation of a DP framework for data-driven PV statistical forecasting
models will assist researchers in better scoping additional DP methods
for a more systematic analysis of raw data to improve forecasting

accuracy (Chapter 4).

The outcomes and conclusions of the case study contribute to the state-
of-the-art in DLC as a DR tool to manage and reduce energy
consumption. Different DLC configurations (including software and
hardware) and architectures were analysed and profiled. Results for this
market-ready product were obtained to gain a fair assessment of the
technology (Chapter 5).

The deterministic method on the techno-economic analysis of the

proposed IEMS framework is expected to create a holistic understanding
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of various aspects, including technical feasibility, economic viability, and
environmental sustainability. This IEMS framework can help investigate
different combinations of DR and SSM controls, determining the right
combination for each unique scenario and objective (Chapter 6).

The growing consensus from many relevant stakeholders is to prioritize RES like
solar energy over traditional fossil fuels. This study is significant and gives
regulators and operators the tools to choose the most appropriate strategy for
planning and grid management. Consumers on the demand-side could have a
more dynamic role in managing their energy and making better informed
decisions, with predictive and real-time controls. Each part of this study can be
evaluated independently to help advance the discussion of solar energy

integration for a sustainable future.

7.2.5 Research limitations

The few identified research limitations are:

e The weather and PV data available from the on-site weather station and
PV meter respectively, were limited to a few years. A richer data source
would have perhaps given additional insights into the forecasting results.
In addition, the availability of more historical data helps to identify trends

as well as data anomalies.

e The review of DP methods in Chapter 4 is not exhaustive. More DP
methods need to be scoped and properly classified to give a more
comprehensive picture of preprocessing techniques used for statistical

PV forecasting models.

e The effectiveness of TOU was not independently validated with a case
study. The author relied on findings in the literature. Just like the other
components in this study, a case study on TOU would have supported

and validated conclusions from the literature.
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e Aresidential building was not used in the DLC case study to validate its
performance for residential applications. In addition, energy consumption
drivers were not visible in the data due to the shortened trial duration.
The number of corresponding days in each of the phases (baseline,

scheduling, and optimization) was also irregular.

e The most granular data available for use in validating the IEMS was half-
hourly data. This meant that a real-time response was not possible

necessitating a change to a corrective-response.

7.3 Recommendations for future research

The proposed areas for future research include:

e The proposed SEF model can be improved upon by investigating ways of
replacing missing or inconsistent data. The model works better when the
raw data before the data fusion is as complete and authentic as possible.
Other methods like Multivariate Imputation by Chained Equations
(MICE), forward and backward fill, along with domain-specific methods

can be investigated.

e Data covering a longer period should be obtained from older in-situ
weather stations and verifiable open-source government databases.
These data sources do not have to be limited to the UK and can be

domiciled in other countries.

e DP literature has been well researched and developed. More literature
reviews should be carried out to allow for validation and eventual
classification of additional DP methods for a more comprehensive DP
framework. This can include DP methods like Wavelet and EMD based
decompositions, Singular spectrum analysis for denoising, Metaheuristic

optimization-based feature selections, filter-based correction and so on.

e TOU can be validated by using a real-life case study with the use of

smart meters or advanced metering infrastructure (AMI). For example,
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the impact of the Shape Shifters TOU tariff created by Octopus energy

on electricity prices and savings can be assessed.

In the IEMS framework, various combinations of supply/demand
responses can be investigated to determine their impact on solar energy
integration. For example, TOU can be replaced with real-time pricing
(RTP) to determine which response returns higher energy savings for the

customer.

The IEMS framework can be tested using more granular PV and load
consumption data preferably in real-time. This will allow a proper
validation of all PV forecasting, load, and generator scheduling
algorithms.

In the deterministic analysis performed in Chapter 6, the schedulable
load and interruptible DLC loads represented about 43% and 12% of the
daily total load respectively. Possible future research would be to
investigate what acceptable percentages of the load can be scheduled or

interrupted without causing severe impact to the user.

The impact of BESS either as a SSM response or independently on its
own has not been thoroughly investigated within the IEMS framework. In
addition, the DG could be replaced with a utility to determine the impact

of the IEMS framework on on-grid applications.

For future research, Honeywell’s Connected Power Solution can be
extended to residential buildings and a comparison made to its
performance on commercial buildings. In addition, energy consumption
drivers like occupancy and seasonality should be considered in
determining the overall energy used in the baselining and optimization
phases. This will give a more accurate result of the average daily energy
consumed and saved, while reducing the standard deviation due to the
sporadic nature of the power usage data. The baseline, scheduling and
optimization timelines should be increased to better identify usage

patterns and possible intra-variable relations.
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APPENDICES

Appendix A A Three-step weather data approach in
solar energy prediction using machine learning

A.1 Performance of forecasting architecture

Table A-1 Performance comparison of regression models in RLA For Scenario 1

Train Test
Model MAE |MSE |[RMSE [R®2 [MAE |MSE |RMSE |R?
LINEAR REGRESSION
Linear 0.0772 | 0.0155 [0.1244 [ 0.76 | 0.0562 | 0.0093 | 0.0967 | 0.71
Interactions 0.0722 |0.0143 [0.1197 [ 0.78 | 0.0955 | 0.0145 | 0.1206 | 0.55

Linear

Robust Linear | 0.0735 | 0.0185 | 0.1360 | 0.72 | 0.0688 | 0.0123 | 0.1110 | 0.62

Stepwise Linear | 0.0721 0.0143 | 0.1198 | 0.78 | 0.0920 | 0.0141 | 0.1188 | 0.57

REGRESSION TREES

Fine Tree 0.0412 | 0.0062 | 0.0787 | 0.91 | 0.0486 | 0.0120 | 0.1095 | 0.63

Medium Tree 0.0541 | 0.0098 | 0.0990 | 0.85 | 0.0458 | 0.0100 | 0.1002 | 0.69

Coarse Tree 0.0599 | 0.0117 | 0.1082 | 0.82 | 0.0442 | 0.0091 | 0.0955 | 0.72

SUPPORT VECTOR MACHINES

Linear SVM 0.0711 0.0158 | 0.1256 | 0.76 | 0.0673 | 0.0109 | 0.1046 | 0.66
Quadratic SVM | 0.0678 | 0.0138 | 0.1174 | 0.79 | 0.0870 | 0.0149 | 0.1221 | 0.54
Cubic SVM 0.1181 0.0279 | 0.1671 | 0.57 | 0.1294 | 0.0469 | 0.2165 | -0.44
Fine Gaussian | 0.0603 | 0.0113 | 0.1065 | 0.83 | 0.0744 | 0.0134 | 0.1157 | 0.59
Medium 0.0648 | 0.0128 | 0.1133 | 0.80 | 0.0672 | 0.0114 | 0.1070 | 0.65
Gaussian

Coarse 0.0692 | 0.0140 | 0.1185 | 0.79 | 0.0478 | 0.0081 | 0.0901 | 0.75
Gaussian

GAUSSIAN PROCESS REGRESSION

Rational 0.0068 | 0.0002 0.0147 | 1.00 | 0.0613 | 0.0124 | 0.1115 | 0.62
Quadratic

Squared 0.0625 | 0.0117 | 0.108 | 0.82 | 0.1008 | 0.0239 | 0.1547 | 0.26
Exponential

Matern 5/2 0.0608 | 0.0112 0.1057 | 0.83 | 0.0997 | 0.0230 | 0.1518 | 0.29
Exponential 3.03e-4 | 1.22e-6 | 0.0011 | 1.00 | 0.0744 | 0.0166 | 0.1288 | 0.49

ENSEMBLES OF TREES

Boosted Trees 0.0615 0.0118 0.1087 | 0.82 | 0.0441 | 0.0084 | 0.0917 | 0.74

Bagged Trees | 0.0502 | 0.0081 0.0898 | 0.88 | 0.0531 | 0.0093 | 0.0964 | 0.71

NEURAL NETWORK

Narrow Neural | 0.0643 | 0.0124 | 0.1112 | 0.81 | 0.0780 | 0.0128 | 0.1133 | 0.61

Medium Neural | 0.0616 | 0.0116 | 0.1078 | 0.82 | 0.1031 | 0.0234 | 0.1529 | 0.28

Wide Neural 0.0596 | 0.0109 | 0.1045 | 0.83 | 0.1224 | 0.0327 | 0.1808 | -0.01

Bilayered 0.0621 0.0119 0.1089 | 0.82 | 0.0556 | 0.0108 | 0.1040 | 0.67
Neural
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Trilayered 0.0611 0.0115 0.1070 | 0.82 | 0.0957 | 0.0202 | 0.1422 | 0.38
Neural

Table A-2 Performance comparison of regression models in RLA For Scenario 2

Train Test
Model MAE |MSE |RMSE |R* |MAE |MSE |RMSE |R?
LINEAR REGRESSION
Linear 0.0780 [0.0147 [0.1213 [0.78 |0.0607 | 0.0010 |0.0100 | 0.69

Interactions 0.0739 0.0141 0.1189 | 0.78 | 0.0559 | 0.0097 | 0.0984 | 0.70
Linear

Robust Linear | 0.0740 | 0.0167 | 0.1302 | 0.74 | 0.0465 | 0.0010 | 0.0998 | 0.69

Stepwise 0.0739 0.0141 0.1189 | 0.78 | 0.0559 | 0.0097 | 0.0984 | 0.70
Linear

REGRESSION TREES

Fine Tree 0.0429 | 0.0066 | 0.0811 | 0.90 | 0.0556 | 0.0145 | 0.1204 | 0.55

Medium Tree 0.0562 | 0.0103 | 0.1017 | 0.84 | 0.0505 | 0.0119 | 0.1092 | 0.63

Coarse Tree 0.0638 | 0.0126 | 0.1122 | 0.81 | 0.0483 | 0.0108 | 0.1037 | 0.67

SUPPORT VECTOR MACHINES

Linear SVM 0.0737 | 0.0150 0..1226 | 0.77 | 0.0518 | 0.0097 | 0.0985 | 0.70
Quadratic SVM | 0.0713 | 0.0145 0.1203 | 0.78 | 0.0500 | 0.0095 | 0.0975 | 0.71
Cubic SVM 0.0660 | 0.0133 0.1155 | 0.80 | 0.0487 | 0.0099 | 0.0997 | 0.69
Fine Gaussian | 0.0611 0.0113 0.1064 | 0.83 | 0.0559 | 0.0108 | 0.1038 | 0.67
Medium 0.0664 | 0.0129 0.1136 | 0.80 | 0.0497 | 0.0098 | 0.0991 | 0.70
Gaussian
Coarse 0.0717 | 0.0142 0.1192 | 0.78 | 0.0503 | 0.0092 | 0.0999 | 0.72
Gaussian

GAUSSIAN PROCESS REGRESSION
Rational 0.0020 | 2.577e- | 0.0051 | 1.00 | 0.0597 | 0.0146 | 0.1209 | 0.55
Quadratic 05
Squared 0.0639 | 0.0123 0.1110 | 0.81 | 0.0495 | 0.0100 | 0.1001 | 0.69
Exponential
Matern 5/2 0.0576 | 0.0104 0.1018 | 0.84 | 0.0498 | 0.0103 | 0.1015 | 0.68
Exponential 3.20e-4 | 3.81e-6 | 0.0020 | 1.00 | 0.0530 | 0.0118 | 0.1088 | 0.64

ENSEMBLES OF TREES

Boosted Trees | 0.0663 | 0.0128 | 0.1133 | 0.80 | 0.0465 | 0.0097 | 0.0987 | 0.70

Bagged Trees | 0.0573 | 0.0094 | 0.0968 | 0.86 | 0.0522 | 0.0101 | 0.1007 | 0.69

NEURAL NETWORK

Narrow Neural | 0.0652 | 0.0128 | 0.1130 | 0.80 | 0.0489 | 0.0097 | 0.0985 | 0.70

Medium Neural | 0.0643 | 0.0124 | 0.1113 | 0.81 | 0.0517 | 0/0103 | 0.1015 | 0.68

Wide Neural 0.0617 | 0.0115 | 0.1073 | 0.82 | 0.0523 | 0.0106 | 0.1031 | 0.67

Bilayered 0.0630 0.0122 0.1105 | 0.81 0.0496 | 0.0105 | 0.1023 | 0.68
Neural
Trilayered 0.0626 0.0120 0.1096 | 0.82 | 0.0507 | 0.0106 | 0.1030 | 0.67
Neural
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A.2 Scenario prediction comparisons using Trapezoidal rule

Table A-3 Trapezoidal rule calculation of areas under the curves

Hours Actual Scenario 1 Scenario 2 | Scenario 3
0 0 -0.06196 0.001677 0.005502
1 0 -0.05747 0.001677 0.00539
2 0 -0.0543 -0.00131 0.009166
3 0 -0.05265 -0.00066 0.01572
4 0.005156 -0.05272 0.008427 0.020084
5 0.044569 -0.06125 0.011387 0.045674
6 0.123169 -0.08926 0.143359 0.110453
7 0.326946 -0.09722 0.274514 0.269908
8 0.444135 0.045696 0.383478 0.500645
9 0.577094 0.252907 0.604034 0.641404
10 0.692264 0.532067 0.641365 0.753875
11 0.726599 0.724883 0.373679 0.696112
12 0.7689 0.731178 0.406016 0.679695
13 0.570539 0.692602 0.642644 0.685248
14 0.303218 0.380112 0.400898 0.333426
15 0.234184 0.092457 0.161005 0.099877
16 0.147901 0.065957 0.108772 0.079057
17 0.004814 0.036532 0.037098 0.034738
18 0 -0.00446 0.033382 0.013739
19 0 -0.01649 0.03967 0.019668
20 0 -0.02783 0.040755 0.025797
21 0 -0.03587 0.050936 0.0334
22 0 -0.03719 0.060723 0.03688
23 - - - -

Approximate Area 4.969 2.906 4.424 5.115
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Appendix B Data preprocessing techniques for statistical PV forecasting models

Table B-1 Performance results of applying separate data preprocessing methods to training and testing data sets

Data cleaning
Test | LWDM LIM DO FO DS | RMSE Algorithm
1 v 37.13 BOT
2 v v 37.10 BOT
3 v v 37.22 BOT
4 v v 40.36 BAT
5 v v v 40.43 BAT
6 v v v 40.28 BAT
7 v 42.16 LR
8 v v 37.08 BOT
9 v v 37.19 BOT
10 v v 40.38 BAT
11 v v v 40.31 BAT
12 v v v 40.34 BAT
Data scaling
LWDM LIM DO FO ZS RM DS RMSE Algorithm
*13 v v 107.5 MT
*14 v v 108.6 MT
*15 v v v 107.7 CT
*16 v v v 108.6 MT/CT
*17 v v v 107.5 MT
*18 v v v 108.6 MT
19 v v 0.4010 BAT
20 v v 0.0927 BOT
21 v v v 0.4035 BAT
22 v v v 0.1257 LR
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23 v v v 0.3990 BAT
24 v v v 0.0927 BOT
25 v v v 0.0989 BAT

Note: BAT = Bagged Trees, BOT = Boosted Trees, CT = Coarse Tree, DO = Delete Outliers, DS = Data Smoothing, FO = Fill Outliers, LIM = Linear Interpolation Method,
LR = Linear Regression, LWDM = List-wise Deletion Method, MT = Medium Tree, RM = Rescaling Method, RMSE = Root Mean Square Error, ZS = Z-Score
*# represent trials that used LIM and RM for the test data set while using other data processing methods for the training data set

Table B-2 Performance results of data preprocessing methods with different Pearsons Correlation Coefficients

PCC>0.5
Data integration and data reduction
1 LIM SRC RM ZS Cranf Bed Cranf + Bed RMSE Algorithm
2 v v v v 0.1039 TNN
3 v v v v 0.1216 MNN
4 v v v v 0.0965 BNN
5 v v v v 0.4084 MNN
Data decomposition — Day, Time , Month, Daylight-free
LIM SRC RM Cranf + Bed DTM DF | RMSE Algorithm
6 v v v v v 0.0856 BNN
7 v v v v v v 0.1627 MGPR
8 v v v v v 0.1744 SEGPR
Data decomposition — Seasons
LIM SRC RM Cranf+ Bed | DTM | Season RMSE Algorithm
9 v v v v Spring 0.1161 SEGPR
10 v v v v v Spring 0.0945 SEGPR
11 v v v v v Summer 0.0850 MGPR
12 v v v v v Autumn 0.0756 BAT
13 v v v v v Winter 0.0811 QSVM
PCC>0.4
Data integration and data reduction
LIM SRC | RM | Cranf+Bed |[NC |[RMSE Algorithm
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14 v v v v 0.0818 TNN
15 v v v v v 0.0832 MNN
Data paritioning
LIM SRC RM Cranf+Bed | NC | DTM | Validation RMSE Algorithm
16 v v v v v v Cross : 5 0.0854 BNN
17 v v v v v v Cross: 10 0.0851 TNN
18 v v v v v v Cross: 15 0.0840 | BNN
19 v v v v v v Cross: 20 0.0834 | BNN
20 v v v v v v Cross: 40 0.0852 TNN
21 v v v v v v Holdout: 10 0.0840 MNN
22 v v v v v v Holdout: 20 0.0836 WNN
23 v v v v v v Holdout: 30 0.0817 BNN
24 v v v v v v Holdout: 40 0.0779 BNN
Data reduction - PCA
LIM SRC RM Cranf+Bed | NC | DTM | PCA | Validation RMSE Algorithm
25 v v v v v v 10 Resubstituion 0.0860 MNN
26 v v v v v v 10 Holdout: 40 0.0840 | BNN
27 v v v v v v 8 Holdout: 40 0.0818 | TNN
28 v v v v v v 6 | Holdout: 40 0.0873 | TNN
29 v v v v v v 4 | Holdout: 40 0.1011 | BNN
Data decomposition — Seasons
LIM | SRC RM Cranf + Bed NC | DTM | Season Validation RMSE Algorithm
30 v v v v v v Spring Resubstituion 0.0983 EGPR
31 v v v v v v Summer Resubstituion 0.0879 | SEGPR
32 v v v v v v Autumn Resubstituion 0.0649 NNN
33 v v v v v v Winter Resubstituion 0.0691 EGPR
34 v v v v v v Spring Holdout: 40 0.0876 EGPR
35 v v v v v v Summer Holdout: 40 0.0892 MGPR
36 v v v v v v Autumn Holdout: 40 0.0688 | EGPR
37 v v v v v v Winter Holdout: 40 0.0667 NNN
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Overall performance

LIM | SRC RM Cranf + Bed NC | DTM | PCA Validation RMSE Algorithm
38 v v v v v v 8 Resubstituion 0.0813 BAT
39 v v v v v v 8 Holdout: 40 0.0837 TNN
LIM SRC RM Cranf + Bed | DTM | Season RMSE Algorithm
40 v v v v Spring 0.1161 SEGPR
41 v v v v v Spring 0.0945 SEGPR

Note: BAT = Bagged Trees, Bed = Bedford, BNN = Bilayered Neural Network, Cranf. = Cranfield, Cross : # = Cross-validation : Number of folds, DF = Daylight-free,
DTM = Day-Time-Month, Holdout = Holdout Validation : Percent hold out, LIM = Linear Interpolation Method, LWDM = List-wise Deletion Method, MGPR = Matern 5/2
Gaussian Process Regression, MNN = Medium Neural Network, NC = Negative Correlation, NNN = Narrow Neural Network, PCA = Principal Component Analysis,
QSVM = Quadratic Support Vector Machine, RM = Rescaling Method, RMSE = Root Mean Square Error, SEGPR = Squared Exponential Gaussian Process Regression,
SRC = Solar Radiation Correlation, Trilayered Neural Network, WNN = Wide Neural Network, ZS = Z-Score

Table B-3 Performance results of data preprocessing methods

Data cleaning, data scaling, data reduction, and data integration
LWDM LIM FO DS |RM SRC Cranf Bed | Cranf + Bed RMSE Algorithm

1 v v v v v 0.1042 NNN

2 Ve v Ve v v 0.1073 MNN

3 v v v v v 0.0928 BNN

4 Ve v v Ve v v 0.0604 WNN

5 v v v v v v 0.0688 FGSVM

6 v v v v v v 0.0549 FGSVM

7 v v v v v 0.1037 BNN

8 v v v v v 0.1049 TNN

9 v v v v v 0.0946 MNN

10 v v v v v v 0.0547 WNN
Data scaling

LIM FO DS | ZS RM SRC PVC Cranf +Bed RMSE Algorithm
11 v v v v v v 0.2552 | WNN
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12 v v v v v v 0.0547 | WNN
13 v v v v v v 0.0543 MNN
Data decomposition
LIM FO DS RM | Cranf+ Bed | PVC DTM | NC DF RMSE Algorithm
14 v v v v v v v 0.0283 FGSVM
15 v v v v v v v v 0.0268 WNN
16 v v v v v v v v v 0.1984 WNN
Data decomposition — Seasons
LIM FO DS RM | Cranf+ Bed | PVC DTM NC Season RMSE Algorithm
17 v v v v v v v v Summer 0.0128 RQGPR
18 v v v v v v v v Spring 0.0144 MGPR
19 v v v v v v v v Autumn 0.0090 SEGPR
20 v v v v v v v v Winter 0.0079 MGPR
Data/Dimentionality reduction - PCA
LIM FO DS RM | Cranf+ Bed | PVC DTM NC PCA RMSE Algorithm
21 v v v v v v v v PCA 11 0.0265 | WNN
22 v v v v v v v v PCA 9 0.0264 | WNN
23 v v v v v v v v PCA 8 0.0133 | WNN
24 v v v v v v v v PCA 7 0.0276 | WNN
25 v v v v v v v v PCA 5 0.0522 | FGSVM
Data paritioning
LIM FO DS RM | Cranf+Bed | PVC | DTM NC PCA | Validation RMSE Algorithm
26 v v v v v v v v 9 Cross : 5 0.0280 | MGSVM
27 v v v v v v v v 9 Cross: 10 0.0272 | WNN
28 v v v v v v v v 9 Cross: 15 0.0265 | WNN
29 v v v v v v v v 9 Cross: 20 0.0268 | WNN
30 v v v v v v v v 9 Holdout: 10 0.0269 | WNN
31 v v v v v v v v 9 Holdout: 20 0.0265 | WNN
32 v v v v v v v v 9 Holdout: 30 0.0272 | WNN
33 v v v v v v v v 9 Holdout: 40 0.0263 | WNN
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Data decomposition

Seasons Validation PCA RMSE Algorithm PCA RMSE Algorithm
34 | Summer Holdout: 40 9 0.0112 RQGPR 8 0.0096 | RQGPR
35 | Spring Holdout: 40 9 0.0103 RQGPR 8 0.0108 | RQGPR
36 | Autumn Holdout: 40 9 0.0055 MGPR 8 0.0075 MGPR
37 | Winter Holdout: 40 9 0.0064 RQGPR 8 0.0072 | MGPR

Note: Bed = Bedford, BNN = Bilayered Neural Network, Cranf. = Cranfield, Cross : # = Cross-validation : Number of folds, DF = Daylight-free, DO = Delete Outliers,

DS = Data Smoothing, DTM = Day-Time-Month, FGSVM = Fine Gaussian Support Vector Machine, FO = Fill Outliers, Holdout = Holdout Validation : Percent hold out,

LIM = Linear Interpolation Method, LWDM = List-wise Deletion Method, MGPR = Matern 5/2 Gaussian Process Regression, MGSVM = Medium Gaussian Support Vector Machine,

MNN = Medium Neural Network, NC = Negative Correlation, NNN = Narrow Neural Network, PCA = Principal Component Analysis, PVC = Photovoltaic Correlation,

RM = Rescaling Method, RMSE = Root Mean Square Error, RQGPR = Rational Quadratic Gaussian Process Regression, SEGPR = Squared Exponential Gaussian Process Regression,
SRC = Solar Radiation Correlation, TNN = Trilayered Neural Network, WNN = Wide Neural Network, ZS = Z-Score

Table B-4 Performance results of data preprocessing methods using only one year of data

LWMD performance
LWMD SRC PVC | RM | Cranf+Bed | NC Validation RMSE Algorithm

1 v v v v Resubstitution 0.0859 BOT

2 v v v v Resubstitution 0.0864 BOT

3 v v v v v Resubstitution 0.0858 BOT

4 v v v v v Resubstitution 0.0865 BOT

5 v v v v Cross : 5 0.0859 BOT

6 v v v v v Cross: 10 0.0859 BOT

7 v v v v v Cross: 15 0.0859 BOT

8 v v v v v Cross: 20 0.0859 BOT

9 v v v v v Holdout: 10 0.0859 BOT

10 v v v v v Holdout: 20 0.0859 BOT

11 v v v v v Holdout: 30 0.0859 BOT

12 v v v v v Holdout: 40 0.0859 BOT
Data reduction - PCA

Validation PCA RMSE | Algorithm | PCA RMSE Algorithm
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13 | Resubstitution 95% 0.1807 RL 7 0.0103 RL
14 | Resubstitution 90% 0.1807 RL 5 0.1010 RL
15 | Resubstitution 75% 0.1509 MGSVM 3 0.1023 RL
16 Resubstitution 50% 0.1509 MGSVM

Note: Bed = Bedford, BOT = Boosted Trees, Cranf. = Cranfield, Cross : # = Cross-validation : Number of folds, Holdout = Holdout Validation : Percent hold out,
LWDM = List-wise Deletion Method, NC = Negative Correlation, PCA = Principal Component Analysis, PVC = Photovoltaic Correlation, RL = Robust Linear,
RM = Rescaling Method, RMSE = Root Mean Square Error, SRC = Solar Radiation Correlation
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