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Abstract

Electricity is an essential resource in the modern world, underpinning nearly all aspects
of daily life. In recent years, the residential electricity consumption profile has evolved
significantly due to the increasing penetration of non-linear loads such as electric vehicles
(EVs) and localised generation from rooftop photovoltaic (PV) systems. These changes
pose new challenges for utility operators, who must manage infrastructure while ensuring a
stable balance between electricity demand and supply. Accurate load forecasting is, therefore,
critical to avoid mismatches that may compromise grid reliability and efficiency.

In the residential sector, electricity consumption patterns vary widely between households,
influenced by socio-demographic factors such as income, household size, and occupancy
patterns. These contribute to diverse load profiles, necessitating a deeper understanding of
their relationship with electricity usage to develop more accurate and responsive forecasting
models.

This research advances residential load forecasting by developing a novel top-down (TD)
hierarchical forecasting framework. Traditional TD methods typically use fixed historical
ratios for disaggregation, which can fail to adapt to dynamic consumption patterns. In
contrast, the proposed framework leverages input features from both the aggregated level
and the target sub-level, along with cross learning features, to forecast loads across multiple
layers of hierarchy. Two model variations are proposed: a two-stage model, where separate
neural models are trained for aggregated and sub-level forecasts with the second model
utilising output of first model, and an end-to-end model that integrates all inputs into a single
learning structure. These approaches enable accurate forecasting across different levels of
hierarchy without relying on static assumptions, improving both scalability and performance.

A second key contribution is the integration of socio-demographic features and EV
charging data into the forecasting models. By incorporating variables such as household
characteristics and EV charging behaviours, the study evaluates the impact that these have on
the forecasting accuracy.

The third major contribution is the investigation of EV charging prices and their interac-
tion with charging time and load forecasting accuracy. As market liberalisation has introduced

time varying and dynamic pricing structures, consumers are increasingly responsive to price



vii

signals. The thesis analyses how these pricing models affect EV charging patterns and,
subsequently, the performance of the proposed forecasting models. It highlights that price
driven charging behaviours introduce additional uncertainty and volatility into load profiles,
which must be accounted for in effective forecasting strategies.

Together, these contributions offer a robust and adaptable framework for residential load
forecasting that accommodates evolving consumption patterns. The proposed methodology
is not only scalable and data efficient but also tailored for practical deployment in modern
power systems, offering utility providers and stakeholders a valuable tool for planning and

operational decision making.
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Chapter 1

Introduction

1.1 Research Background

Electricity consumption spans all sectors including commercial, industrial, and residential.
Out of these, the industrial sector has been the largest consumer of electricity, followed
by the residential sector, as reported by the U.S. Energy Information Administration [1].
However, recent technological advancements such as the development of the Internet of
Things (IoT), the deployment of artificial intelligence, smart automation and control systems,
and the growing adoption of electric vehicles (EVs) have significantly increased electricity
consumption within the residential sector. This upward trend in residential electricity demand
is projected to continue, with forecasts suggesting that by 2050, residential electricity
consumption will match that of the industrial sector [1], as illustrated in Fig. 1.1.

A key driver of these shifts is the urgent need to reduce greenhouse gas (GHG) emissions,
given that electricity generation from fossil fuels remains one of the major contributors to
global emissions. The most effective strategy to mitigate these emissions is to transition
to cleaner renewable energy sources (RES). Consequently, there has been an increasing
adoption of RES within power systems, particularly among residential consumers who
frequently install rooftop photovoltaic panels [2]. Moreover, there is a growing trend in EV
adoption within the residential sector. The integration of RES and other distributed energy
resources (DERs), alongside the introduction of EV charging, has substantially transformed
the characteristics of power systems. The presence of non-dispatchable generation from RES
and the additional flexible yet uncertain load from EVs is now significantly impacting daily
residential load profiles.

This shifting paradigm highlights the crucial need to focus on the residential sector, not
only because of its increasing share of overall electricity consumption, but also due to the

operational challenges it poses. The increased electricity demand in the residential sector
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Fig. 1.1 Global electricity consumption by sector [1]

leads to greater variability in load profiles, driven by factors such as EV charging patterns,
the adoption of DERs, and households’ time-of-use behaviour. Renewable energy sources
are inherently volatile, making it challenging to predict the extent to which consumers will
rely on their self-generated energy versus the grid supply [3]. Additionally, EV charging
patterns are highly unpredictable, as users choose charging times based on individual sched-
ules and convenience. This variability complicates grid operators’ ability to plan routine
operations and maintenance effectively. Furthermore, for efficient power system planning
and maintenance, it is imperative to have accurate forecasts of the load that the grid needs
to supply. Reliable forecasts not only indicate the magnitude of demand but also provide
insights into when this demand is expected to occur. Such information is crucial for the
effective operation of the power system and supports the development and implementation of
strategies, such as demand-side management to optimise grid performance and stability.
The three primary sectors of electricity consumption exhibit distinct patterns. While
it is relatively straightforward to forecast load for industrial and commercial sectors due
to their consistent daily routines, the same does not hold for the residential sector [4].
Residential electricity consumption varies significantly across households and is heavily
influenced by weather conditions as well as socio-demographic factors such as income,
family size, residents’ age, and location [5],[6],[7]. These factors shape individual household
consumption behaviour, posing challenges to accurately forecast residential load. Whereas,
accurate load forecasting is essential for power system operators as it enables efficient system
operations, including unit commitment, economic dispatch, scheduled maintenance, and

security assessments [8]. To improve the forecasting accuracy of residential load, it is
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essential not only to understand the relationship between the various factors contributing
to its volatility but also to incorporate these factors into the forecasting model itself. This
approach supports the effective, reliable, and sustainable operation of the power system,
particularly as it adapts to the growing integration of RES and the increasing adoption of
EVs within the residential sector.

In light of these challenges, both academics and industry stakeholders have increasingly
focused on developing accurate forecasting models for the residential loads. However,
most existing models concentrate on forecasting the load consumption of either individual
households or specific groups of households with similar consumption behaviours. While
accurate forecasts at the individual household level are valuable, particularly for enabling
consumers to adjust and optimise their usage, such models remain limited in scope as they
address only one aspect of the broader power system. Within the residential sector, it is
beneficial not only to forecast at the individual household level but also to have aggregated
forecasts at the sector level, along with a clear understanding of the different consumer
groups and their corresponding consumption patterns. Consequently, developing forecasts
at multiple levels is essential to address the modern challenges faced by power systems.
Aggregated forecasts are particularly critical for power system operators, as they provide
insight into the total demand that must be met to ensure reliable system operation. Moreover,
having forecasts for different consumer groups within the residential sector can inform
targeted strategies to improve consumption behaviours and implement effective demand-
side management interventions. These requirements can be addressed through hierarchical
forecasting approaches, which provide forecasts at various levels within the sector, from
individual households to aggregated community or sector-wide levels.

Hierarchical forecasting can be implemented using one of three approaches: top-down
(TD), bottom-up (BU), or middle-out. The TD approach involves building a forecasting
model at the highest level of the hierarchy, and forecasts for the lower levels are then derived
by distributing the top-level forecast according to historical distribution ratios [9]. In contrast,
the BU approach develops individual forecasting models for each lower-level series, and the
forecasts for higher levels are obtained by aggregating these lower-level forecasts [9]. The
middle out approach builds forecasting models at an intermediate level, with forecasts then
being aggregated upwards or disaggregated downwards as required [9].

While BU and middle-out approaches can provide highly granular forecasts, they are
computationally intensive as they require the development of multiple models, extensive
data at the lower levels, and significant computational resources for implementation [9].
Additionally, the BU approach may suffer from data quality issues at the disaggregated level,

where individual household data might be sparse, noisy, or unavailable, leading to inaccurate
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aggregated forecasts [9]. Similarly, the middle-out approach inherits the complexity of both
BU and TD approaches, making it less practical for large scale residential sector forecasts.
On the other hand, the TD approach offers a more computationally efficient solution as it
requires building only a single model at the aggregate level. However, it requires the use of
additional methodologies to improve the accuracy of forecasts at the disaggregated lower

levels.

Table 1.1 Comparison of hierarchical forecasting approaches

Criterion Top-Down Bottom-Up  Middle-Out
Data Requirements Low Very high High
Computational Cost Low Very high Medium-High

Scalability High Poor Medium

The key differences between these approaches are summarised in Table 1.1, where the TD
approach clearly offers advantages in terms of data requirements, computational efficiency,
and scalability; three aspects that are critical when working with large-scale smart-meter
datasets. Consequently, the TD approach offered a more realistic, operationally feasible,
and empirically effective solution for modelling residential demand with EV integration.
Given these considerations, this study adopts the TD approach due to its practicality, reduced
computational complexity, lower data requirements at disaggregated levels, and suitability
for providing reliable aggregated forecasts needed by power system operators. Thus, this
thesis focuses on developing hierarchical forecasting models for the residential sector using
the TD approach to address these complex needs and support the effective planning and

operation of modern power systems.

1.2 Scope and Significance

Based on the research background, this research aims to develop a robust short-term load
forecasting (STLF) model specialized to the hierarchical load structure within the residential
market. Load forecasting is a decisive component in power market design, underpinning
optimisation, distribution, and planning processes [10]. Accurate and reliable forecasting
techniques enhance power system reliability, operational efficiency, and grid resilience. Fur-
thermore, they facilitate the practical functionality of load management systems, ultimately
benefiting both consumers and energy utilities by ensuring a stable supply and effective

demand-side management [11].
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STLF plays a crucial role in providing grid operators with valuable insights not only to
bridge the gap between electricity demand and supply but also to ensure system stability and
market operation [4]. In particular, hierarchical forecasting for the residential sector holds
significant importance, as it enables a comprehensive understanding of the sector’s overall
contribution while identifying common consumption patterns across residential households.
This understanding is vital for developing targeted demand response strategies and supporting
policy interventions that promote a sustainable energy future.

In hierarchical load forecasting, the selection of the appropriate approach is crucial.
As discussed above, the BU and middle-out approaches are computationally extensive and
requires extensive data and multiple forecast models. This research focuses on developing
a forecast model for the residential sector using the TD approach. Unlike other methods,
the TD approach directly generates forecasts at the aggregated level, offering significant
advantages for utility operators, illustrated in Fig. 1.2. Additionally, this methodology
facilitates the identification of distinct customer groups within the residential sector and their
corresponding demand, enabling retailers to determine tariff rates for these groups. Moreover,
this approach requires less data and fewer forecast models, making it well-suited for practical
implementation.

With the increasing adoption of EVs among residential consumers, residential load fore-
cast models are incomplete without incorporating EV integration. Moreover, EV uptake is
strongly influenced by charging price structures, as consumers tend to favor cost-effective
charging options. Consequently, understanding residential load profiles alongside EV adop-
tion patterns and charging price models is crucial for producing accurate forecasts. For this

reason, these factors have been incorporated into this thesis for evaluation.

1.3 Research Aim and Objectives

Given the importance of accurate load forecasting for the residential sector, it is essential
to develop a precise model that provides deeper insights into the sector while assisting grid
operators in managing operations effectively. Therefore, the focus of this thesis is to develop
a hierarchical load forecasting model for the residential sector, while also examining the
influence of key input features such as socio-demographic factors, EV charging profiles, and
charging price on forecasting accuracy.

To achieve this aim, the following objectives were set:

1. Organise all selected households in a hierarchical structure using a suitable clustering
algorithm, then apply a forecasting model for this hierarchical structure using the TD

approach. In order to achieve this, the steps are set to:
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Fig. 1.2 Significance of top-down load forecast approach

analyse the daily load profiles of selected houses.

analyse various clustering algorithms and the input features utilised for clustering

to construct the hierarchical structure.
develop a forecast model for the entire hierarchy using TD approach.

evaluate forecasting accuracy using mean absolute percentage error (MAPE) and

mean absolute scaled error (MASE).

compare the proposed forecast model with the commonly used models ARIMA,
SVR and hierarchical BU approach.

2. Analyse the impact of socio-demographics and EV charging on daily residential

consumption and incorporate it as an input to the forecasting model to evaluate its

performance. This is achieved by:

assessing the impact of socio-demographic factors on the performance of the

forecasting model.

examining daily load profiles of clusters, both with and without the integration of

EV charging profiles.
employing the Monte Carlo method to generate supplementary EV load profiles.

evaluating the effect of integrating EV load profiles on the accuracy of the forecast

model.
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3. Investigate and establish the correlation between EV charging prices and the forecasting

model.

* examine various EV charging strategies in relation to electricity pricing.

» formulate an approach to evaluate how electricity pricing influences forecasting
accuracy in the absence of direct tariff information.

* evaluate the effect of pricing on the accuracy of the forecast model.

1.4 Contributions

Through achieving the objectives set out for this work and fulfilling the overall goal of the
thesis, this PhD research has made several significant contributions to the field of residential
load forecasting, which can be categorised as major reflecting its originality and supporting

the use for enhancing and complementing the original contributions.

* Major Contributions

1. Development of a hierarchical load forecasting model: This research presents
a novel TD-based hierarchical forecasting framework for the residential sector,
enabling forecasts at multiple aggregation levels, from household groups to the
sector-wide level, thus addressing operational needs across stakeholders. Two

variations of the TD-based forecast model are introduced:

— The first variation employs two separate forecast models, named the two-

stage approach in this thesis.

— The second variation, an End-to-End (E2E) learning model, is a refinement of
the first, utilising a single model to achieve higher accuracy. Both variations

are original contributions of this thesis.

2. Impact of socio-demographic and EV charging data on the forecasting accuracy:
The thesis incorporates socio-demographic features and EV charging profiles
into the built load forecasting model, demonstrating their significant influence
on forecast accuracy and providing deeper insights into consumption behaviours.

This has been evaluated for the following reasons:

— While existing literature has explored various socio-demographic factors
that influence household electricity consumption, these features have not

been systematically integrated to assess their impact on forecasting model
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performance. Given the established significance of socio-demographic fac-
tors in shaping residential consumption patterns, this research conducts a
comparative analysis of forecasting accuracy with and without these features.
Furthermore, a comprehensive guide is provided, outlining scenarios where

incorporating socio-demographic data can enhance forecasting accuracy.

— With the increasing penetration of EVs, which represent highly non-linear
loads, this thesis also examines the differences in cluster load profiles with
and without the inclusion of EV charging loads. To address data scarcity, a
Monte Carlo simulation approach is developed to generate additional EV
load profiles. These profiles are integrated into the forecast model, allowing

for an evaluation of its accuracy under various scenarios.

3. Investigating the relationship between charging price, charging time, and forecast
model performance: Given that charging times are strongly influenced by pricing,
this thesis examines the various pricing models used in the residential sector and
their effects on EV charging behaviour. Subsequently, it analyses the impact of
these charging patterns on the performance of the developed forecasting model
to understand how price-driven charging behaviours affect forecast accuracy and

reliability.
* Supporting Contributions

1. Hierarchical structure formation: The entire research is conducted using a real-
world electricity dataset. Residential consumption data from U.S. households
with complete records is analysed, ensuring practical applicability and relevance.
The selected households are organised into a hierarchical structure by identifying
common load consumption patterns. Clusters are created for each pattern, group-
ing households with similar consumption behaviours while separating those with

distinct patterns. The quality of these clusters is validated using accuracy metrics.

2. Assessment of forecast model performance: The thesis presents an evaluation of
different hierarchical forecasting approaches, offering insights into their relative
performance and computational efficiency within the residential sector context.
That is, the developed forecast model is tested across different scenarios and

demonstrates its potential to deliver high-accuracy results.

Further, different research articles have been published, accepted, or submitted as part of

this PhD research work. The details of the said articles are as follows.
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» Barkha Parkash, Tek Tjing Lie, Weihua Li, and Shafiqur Rahman Tito. "Hierarchical
structure based energy consumption forecasting in top-down approach." In 2022 7th
Asia Conference on Power and Electrical Engineering (ACPEE), pp. 1732-1737. IEEE,
2022 [12].

* Barkha Parkash, Tek Tjing Lie, Weihua Li, and Shafiqur Rahman Tito. "End-to-End
Top-Down Load Forecasting Model for Residential Consumers." Energies 17, no. 11
(2024): 2550 [13].

* Barkha Parkash, Tek Tjing Lie, Weihua Li, and Shafiqur Rahman Tito. "Al-Based
Electrical Load Forecasting for Residential Sector Using Smart Meter Data.” In
Engineering Applications of Al for Demand Forecasting (pp. 230-254). CRC Press
[14]

1.5 Organisation of the Thesis

The remainder of this thesis provides a detailed explanation of how the objectives were
achieved, leading to the development of the major contributions outlined in this chapter.
Chapter 2 presents a comprehensive literature review covering various load forecasting
techniques and existing forecast models, with a particular focus on hierarchical forecasting
models. The chapter also identifies research gaps based on the literature review.

Chapter 3 presents the novel methodology proposed for the forecasting model, addressing
the first objective of the thesis which involves analysing and understanding the daily load
profiles of residential consumers and to apply clustering algorithms for the development
of a hierarchical structure. This chapter provides an in-depth discussion of the proposed
forecasting methodology, which is evaluated using real-world datasets. The forecasting
accuracy is evaluated under various scenarios, including a comparison with the commonly
used statistical ARIMA forecast model and hierarchical BU approach. Additionally, the
chapter explores the inclusion of socio-demographic features and their impact on forecasting
accuracy.

In Chapter 4, the impact of EV charging profiles on the proposed forecasting model is
evaluated. It examines various charging scenarios and analyses the forecasting accuracy
for each case. Whereas, Chapter 5 examines the role of electricity pricing in shaping EV
charging behaviour and its subsequent impact on residential load forecasting. It investigates
different charging strategies in the context of tariff structures, establishes the correlation

between EV charging prices and model performance.
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Chapter 6 summarizes the major findings of the thesis and the outcomes of the research

conducted. It also provides recommendations for future research directions.



Chapter 2

Literature Review

2.1 Introduction

The previous chapter established that the core aim of this thesis is to develop a hierarchical
load forecasting model for the residential sector using the TD approach, and to evaluate how
key factors influencing residential load, such as socio-demographics and EV penetration,
impact forecast model performance. This chapter presents an in-depth literature review,
which forms the foundation of this research by clearly identifying existing research gaps.
It provides a detailed overview of load forecasting and the commonly used forecasting
techniques, along with an in-depth discussion of the various models available in the literature.
Given that the focus of this thesis is on hierarchical forecasting models, it also reviews
hierarchical forecasting approaches. Furthermore, as any forecasting model is incomplete
without consideration of its influencing factors, a comprehensive review of input factors is

conducted.

2.2 Load Forecasting

Electrical load forecasting poses a significant challenge for power system operators, as
it plays a crucial role in scheduling generation, transmission, distribution, and integrated
resource planning [8]. This indicates that load forecasting is essentially important for the
efficient and economic operation of a power system. Various computational techniques and
methodologies have been implemented in the electricity market to forecast load accurately.

Development of an accurate forecast model presents significant challenges due to the
inherent complexity of real-world systems. These systems consist of numerous interdepen-
dent variables, many of which are difficult to quantify or fully capture, making realistic
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simulation a challenging task. Furthermore, most forecasting models rely heavily on data
quality, and any inconsistencies, such as missing values, errors, or biases, can significantly
impact their performance and accuracy [15]. Even minor discrepancies in input data can
lead to substantial deviations in predictions, underscoring the importance of robust data
preprocessing techniques and model validation methods to ensure reliability. This has further
complicated the situation due to the presence of different energy storage systems such as
EVs, batteries, and customer-owned generation, making it extremely difficult to come up
with models that lead to accurate forecasting of electrical demand [16], [17]. Moreover,
there is no single standard approach to load forecasting, as it is categorized based on factors
such as forecasting time horizon, methodologies employed, and the specific focus area, as

discussed below.

1. Time horizon-based forecasting: This category includes very short-term, short-term,

medium-term, and long-term forecasting as shown in Fig. 2.1.

Forecasting Time
Horizons
|
| l [ |
Very Short-term Short-term Medium-term Long-term
Load Forecasting Load Forecasting Load Forecasting Load Forecasting
(1min — lhour) (1hour — 7days) (1week — lyear) (1year — 20years)

Fig. 2.1 Forecasting time horizons

Very short-term forecasting (VSTF) targets forecasting from minutes to 1 hour
ahead.

* Short-term forecasting (STF) focuses on the predictions ranging from few minutes

to 24 hours ahead, typically used for real-time grid operations and scheduling.

* Medium-term forecasting (MTF) projects electricity demand for about a few

months ahead, aiding in maintenance planning and mid-term operations.

* Long-term forecasting (LTF) looks decades ahead, supporting infrastructure

development and long-term policy planning.

2. Granularity-based forecasting: This category pertains to the level of detail in the
forecasts.

* Individual level forecasting targets specific households, accounting for individ-
ual consumption patterns. This may be useful for energy management of that
particular household [18].
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» Aggregate level forecasting focuses on forecasting for groups of houses, such as

neighborhoods, cities, or regions [19]. This may be used for long-term planning.

* Hierarchical forecasting integrates both granular levels, offering insights into
individual and aggregate consumption. This approach is particularly useful
for power system operators, as it provides a comprehensive understanding of

electricity demand patterns [19].

3. Forecasting technique: Each category may employ various forecasting techniques.
Classical methods, such as ARIMA and SARIMA, are commonly used for simpler
forecasting problems. Meanwhile, advanced machine learning techniques and artificial
intelligence (Al) based models are increasingly adopted for handling complex and
dynamic forecasting challenges due to their ability to process large datasets and capture
intricate patterns [20], [21].

The first step in building a forecast model is to determine the forecasting time horizon. This
is the period for which the model is designed and implemented to predict. Very short-term
load forecasting (VSTLF) focuses on predictions ranging from a few minutes to one hour
ahead, while STLF covers a broader range, extending from one hour up to seven days or even
a month. On the other hand, MTLF predicts load trends between one week and one year,
whereas LTLF extends beyond a year, often projecting up to 20 years into the future [22]. The
selection of the forecasting time horizon depends on its intended application. For instance,
STLEF is crucial for the day-to-day operations of the utility industry, including electricity
generation, transmission management, real-time dispatch and cost efficient grid reliability
[4], [23]. In contrast, LTLF is primarily used for strategic planning, such as infrastructure
expansion, new power generation projects, and modifications to energy supply systems [22].
This research focuses on STLF.

Extensive research has been conducted to determine the most effective forecasting
techniques for different lead times. For VSTLF, models such as numerical weather prediction
models [24], time series models [25], machine learning models [26], probabilistic models
[27], and hybrid approaches [28] have been widely explored. Similarly, STLF frequently
relies on numerical prediction models [29], time series analysis [23], machine learning
techniques [23], and hybrid methods [30] to enhance accuracy [23]. Given the variety of
forecasting approaches available, it is essential to examine and evaluate these techniques to

identify the most appropriate methodology for this thesis.



2.3 Load Forecasting Techniques 14

2.3 Load Forecasting Techniques

Numerous studies have emphasized various methods for load forecasting. These methods
are classified based on the degree of mathematical involvement in the forecasting models.
Based on the existing research and conducted studies, the load forecasting techniques could

be grouped into the following major groups as described in [31], [32], [33], [34], [35].

2.3.1 Statistical Techniques

The methods in this group are commonly used and are based on mathematical principles.
Some of the techniques include regression, multiple regression, exponential smoothing,
and the iterative reweighted least-squares technique (IRLS) [31]. These methods include
linear models based on classical statistical methods, providing output based on a function
characterized by the combination of other dependent variables [36]. Some of the techniques

are described below.

Linear Regression

Regression method is a widely used technique for forecasting a continuous variable. It models
the relationship between the output, i.e. the variable to be forecasted and one dependent

variable. It is based on the mathematical equation given by Equation 2.1,

L(t) = Ly(t) +ax(t) +e(t) (2.1

where L is the variable to be forecasted, L,(¢) is the normal or standard load at time ¢, a
is the estimated slowly varying coefficient, x(¢) is the influencing factors such as weather,
e(t) is the white noise, and n indicates the number of observations. It is relatively simple as

it deals with only one variable.

Multiple Regression

Multiple regression is another commonly used method, which is employed when the fore-
casted variable is influenced by a range of factors, such as weather conditions, economic

variables, and price. It is based on Equation 2.2
L(t) =Via; +e(t) (2.2)

where ¢ is sampling time, L is the variable to be forecasted, V; is a vector of adopted

variables such as time, temperature, light intensity, and a; is a transposed vector of regression
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coefficients, and e(¢) is the model error at time ¢. This is computationally complex than linear

regression due to the mapping of multiple relationships.

Iterative Reweighted Least-Squares Method

It is a statistical technique commonly used in forecasting, where the goal is to identify the best-
fitting model for a given dataset by minimizing the sum of squared differences between the
observed and predicted values. This involves solving a linear estimation equation, as shown
in Equation 2.3, where Y is a vector of observations, X is a matrix of known coefficients
derived from previous load data, 3 is a vector of unknown parameters, and e represents a

vector of random error. The objective is to determine the optimal value of 3.
Y =XB+e (2.3)

Moving Average (MA)

It is another statistical technique used mainly for forecasting time series data [31]. In MA,
the value is forecasted by calculating the average of a fixed number of recent data points [34].
It is given by Equation 2.4.
Xt)+X(t—-1)+...+X(— 1
ma(p) = XOFXCZ D+ H X =n 1) (2.4)

n

where X (¢) represents the value of the time series at time instant 7, n is the number of past
data points in the moving average window, and MA(t) is the moving average value at time ¢
which is the forecasted output.

Exponential moving average (EMA) is a variation of MA where greater weight is given
to recent observations. This allows the model to converge faster [31]. The benefit of using
this technique is that it eliminates the effect of noise from the data. Hence, it is most suitable

for time series forecasting or data smoothing [31].

Exponential Smoothing (ES)

Exponential smoothing is a time series forecasting technique used for univariate data, where
the forecasted value is a weighted linear sum of past observations [37]. The weights assigned
to these observations decrease exponentially as they move further back in time [37]. An
extension of this method is holt-winters exponential smoothing, which incorporates both trend

and seasonality in the data. This extended method allows for more accurate predictions by
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considering three smoothing parameters: level, trend, and seasonality [31]. As a result, holt-
winters smoothing is particularly effective for forecasting data that exhibit both trends and
seasonal patterns, such as monthly load forecasts, sales projections, and weather predictions,
etc [34].

Auto-Regressive Integrated Moving Average (ARIMA)

One of the most widely used approaches for STLF is based on time series methods. These
methods leverage the internal structure of the data, such as autocorrelation, trend, and
seasonality, to make accurate predictions [32]. Time series models can be formulated in
various ways, such as using autoregressive (AR) models, or by combining the autoregressive
approach with moving averages to form AIRMA models. The choice of model depends on
the specific characteristics of the data [38], and through analysis, the most suitable forecasting
model can be identified for a given use case.

For instance, when working with non-stationary time series data, it is essential to trans-
form the data into a stationary form before applying these methods [38]. Stationarity refers to
the statistical properties of the data, such as the mean and variance, that remain constant over
time [38]. To achieve stationarity, the process of differencing is often used, which involves
subtracting the previous observation from the current observation. This transformation helps
to remove trends or seasonality, making the data more suitable for ARMA models. The
ARIMA model is well-suited for time series data that exhibits a trend but not necessarily
seasonality. It consists of three primary components: auto-regressive, integrated, and moving
average.

The AR component models the relationship between an observation and its previous
values, suggesting that the current value depends linearly on its past observations. The order
of the AR model determines how many past lags are used to predict the current value [32].
The I component addresses non-stationary data by applying differencing to make it stationary.
The order of differencing specifies how many times the data needs to be differenced to
achieve stationarity, ensuring that the statistical properties remain constant over time [32].
The MA component models the relationship between an observation and the residual errors
from previous forecasts [32]. It helps account for random noise or shocks in the data by
smoothing out past errors [38]. The order of the MA model indicates the number of past
forecast errors used to predict the current value. In summary, ARIMA combines these three
components to model and forecast time series data with a trend, adjusting for non-stationarity
and random errors.
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Seasonal Auto-Regressive Integrated Moving Average (SARIMA)

Time series data that exhibits seasonality requires an extension of the ARIMA model, known
as SARIMA (Seasonal ARIMA) [32]. While the SARIMA model is built upon the ARIMA
framework, it introduces additional parameters to account for the seasonal patterns present
in the data. In essence, SARIMA combines the ARIMA components, i.e., auto-regressive,
integrated, and moving average with seasonal components that capture the repetitive and
periodic fluctuations that occur over specific intervals, such as daily, monthly, or yearly
cycles.

ARIMA is effective for time series data with trends but without seasonality [38]. It
models the data by incorporating lagged observations and random errors. SARIMA, on the
other hand, is designed to handle both trend and seasonality. It includes seasonal versions
of the AR, I, and MA components, which are specifically designed to model the seasonal
effects. These seasonal components work in conjunction with the non-seasonal parameters,
allowing the model to capture periodic cycles more accurately. Many time series datasets are
strongly influenced by seasonal patterns, making SARIMA the preferred model in situations
where seasonality plays a significant role. This includes applications like weather forecasting
and load forecasting, where variables exhibit regular seasonal fluctuations, such as changes
in energy consumption due to seasonal weather variations. In these cases, SARIMA’s ability
to model and predict seasonal trends makes it a suitable choice.

2.3.2 Machine Learning for Load Forecasting

Classical forecasting methods do not account for changes in pattern; therefore, those meth-
ods are modified to include changes in conditions. The modified methods update model
parameters itself according to changes in conditions [24]. The techniques that fall in this

category include decision trees, random forests, and support vector machines (SVM).

Decision Trees (DT)

A DT is a rule-based machine learning approach used for forecasting, where explanatory
variables, known as features, are utilised to predict the dependent variable [39]. The prediction
process follows a series of decision rules that systematically classify or estimate values based
on the input data provided. In a DT, the dataset is recursively split into smaller subsets based
on feature values, forming a tree-like structure [39]. Each branch represents a decision rule,
while each leaf node provides a predicted value [40]. Decision trees are applicable for both
classification and regression-based forecasting, making them a versatile choice for various

predictive tasks.
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For time series forecasting, decision trees use historical observations as input features to
predict future values. Unlike traditional statistical models such as ARIMA, which assume
a linear relationship between variables, decision trees are capable of capturing complex,
non-linear dependencies, making them particularly useful for datasets with intricate patterns
and interactions [34].

Several studies have demonstrated the effectiveness of DT-based models for load forecast-
ing. For example, Tso and Yau in [41] compared multiple forecasting approaches, including
regression, neural networks, and decision trees, showing that DTs can achieve competitive
accuracy with the added benefit of interpretability. Similarly, Abdulsalam et al. in [42] em-
ployed decision tree algorithms such as CART and REPTree for short-term load forecasting,
highlighting their ability to identify key explanatory variables influencing demand. However,
DTs also have limitations. A single decision tree is prone to overfitting, particularly when
demand data is noisy or highly variable, as is often the case for individual households [43].
Overall, while decision trees are not the most dominant approach in electricity load forecast-
ing compared to statistical or deep learning methods, they remain an important methodology
in the literature due to their interpretability, flexibility, and ability to incorporate a wide range
of explanatory variables.

Random Forest (RF)

Random Forests are an extension of DTs used for forecasting, but instead of relying on a
single tree, they utilise an ensemble of multiple decision trees, enhancing robustness and
accuracy [44]. By aggregating the predictions from multiple DTs, RFs produce a more stable
and reliable output, reducing the risk of overfitting and improving generalization [34], [35].

In the context of load forecasting, RFs have shown strong performance due to their ability
to handle non-linear relationships and high-dimensional feature spaces, such as weather
variables, socio-demographics, and appliance-level data. For example, Lahouar and Slama
in [45] applied RFs for short-term electrical load forecasting and demonstrated improved
accuracy compared to conventional regression and single-tree approaches, particularly when
handling complex and noisy residential datasets. However, the use of RFs can be compu-
tationally demanding, particularly with large datasets or many trees, and their improved

predictive performance often compromises model interpretability [46].

Support Vector Machines (SVM)

This is a robust forecasting method based on statistical principles, designed to analyse and

recognize patterns that facilitate classification or regression-based forecasting [47]. They are
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particularly effective for time series forecasting in cases involving high-dimensional data
[32]. The methodology operates by identifying an optimal hyperplane that separates data
points within the feature space, enabling precise predictions [34]. This approach is well-
suited for non-linear large datasets, as it incorporates advanced techniques to model complex
relationships. However, the process of tuning hyperparameters in SVMs is computationally
intensive and complex, often presenting practical challenges that may lead to model instability
if not properly optimized [35].

2.3.3 Soft Computing Techniques

Soft computing is an emerging approach, designed to mimic the human mind’s ability to
reason and continuously learn from its environment [31]. This method requires training a
computer-based intelligent system to learn from the environment in which it is placed and
respond accordingly. In these techniques, the employment of reasoning modes is approximate
rather than exact, as is the case in traditional statistical techniques. This method constitutes a

collection of disciplines that are discussed below.

Fuzzy Logic (FL)

It is a computational method that allows truth values to range between completely true and
completely false, unlike binary systems where outcomes are strictly true or false [31]. This
approach is particularly effective in real-world scenarios where variables are non-linear and
information is uncertain. In a fuzzy forecasting system, inputs are transformed into degrees
of truth through a process called fuzzification. These fuzzified inputs are then evaluated
using a set of IF-THEN rules to determine the output [48], [49], [50].

Fuzzy logic has been widely applied in electrical load forecasting across various contexts.
For instance, it has been employed for short-term load prediction by incorporating weather
and consumption data, demonstrating its ability to model complex time series relationships
[51]. It has also been used in interconnected power systems to forecast demand based
on factors such as temperature, humidity, and seasonal variations, improving operational
efficiency [52]. Additionally, fuzzy logic has been applied in long-term load forecasting,
where it successfully captures the influence of weather parameters over extended periods [53].
These studies highlight the strengths of fuzzy logic in handling uncertainty and non-linearity,
although the design of membership functions and rules can be subjective and computationally

demanding.
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Genetic Algorithms (GAs)

Genetic algorithms are powerful optimization techniques designed to improve the accuracy of
predictive models [31]. They work by iteratively searching for optimal forecasting parameters
through the simulation of biological processes such as selection, crossover, and mutation. This
evolutionary strategy is highly effective in complex forecasting scenarios where traditional
deterministic models struggle to capture non-linear relationships and high-dimensional data
patterns [31]. The process begins with the generation of a population of potential forecasting
parameter sets. Each set is evaluated using a fitness function, typically based on accuracy
metrics like mean absolute error (MAE) or root mean square error (RMSE). Models with
higher fitness scores are selected to form the next generation through reproduction, ensuring
that the most effective forecasting traits are retained. This cycle of selection, reproduction,
and variation continues iteratively until a stopping criterion is met, such as reaching a
predefined number of generations or achieving the desired level of forecasting accuracy [32],
[54].

Neural Networks (NNs)

Neural networks are inspired by the functionality of the human brain, consisting of inter-
connected neurons that process and transmit information [55]. This interconnection enables
them to effectively learn and extract valuable insights from input data [32]. The classical
algorithms often struggle with complex patterns in raw data, whereas neural networks offer
flexible architectures that make them suitable for a wide range of applications. Additionally,
NNs possess an inherent ability to generalize, which is crucial for forecasting. Instead of
merely memorizing the characteristics of the training data, they identify underlying patterns,
allowing them to perform well on unseen data. This generalization capability is particularly
important for STLF [32], [35]. Neural networks are broadly classified into artificial neural
networks (ANNs) and deep learning (DL) models. Each of these categories include various

types of networks, distinguished by their architectural and functional differences.

1. Artificial Neural Networks (ANNSs): These use data analysis algorithms to establish
mathematical relationships between input features and the desired output. This is
achieved through a training process designed to identify patterns that link the inputs
to the outputs. The predicted output is then compared with the actual output, and
the model parameters are adjusted to enhance forecasting accuracy. The number of
hidden layers in a neural network depends on the complexity of the problem, with the

multi-layer perceptron (MLP) being the most commonly used architecture [56].
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2. Deep Learning (DLs): Deep learning encompasses various deep neural networks
(DNNss), an advanced type of ANNs distinguished by their increased number of hidden
layers [55]. This enables DNNs to handle larger datasets effectively and enhances their
generalization capability [34]. Additionally, their architectural design makes them
well-suited for applications that involve modeling temporal dependencies in sequential
data [35]. These include models like long short term memory (LSTM), recurrent
neural networks (RNNs), gated recurrent unit (GRUs) and convolution neural networks
(CNNs).

RNNSs are specifically designed to capture temporal dependencies between data points
[57]. They achieve this by repeatedly using the same network structure to predict
the desired output. This architecture relies on a mathematical framework that pre-
serves information from previous stages during the optimization process. In contrast,
LSTM networks, a specialized type of RNN, incorporate memory units that can store
and retrieve information over long sequences, allowing them to handle long-term

dependencies more effectively [34], [35].

Thus, a variety of techniques are available for forecasting, and the choice of forecasting
technique depends on the intended use. The following section examines application of
various forecasting methods in the literature, with a specific focus on approaches used for

time series load estimation.

2.4 Existing Forecasting Models in Literature

Load forecasting is an emerging field, and several forecasting models have been developed
for various applications in power systems. Some of the existing forecasting models in the
literature are discussed in this section. In [58], the authors employed statistical techniques,
including SARIMA and Holt-Winters models, to forecast the total load demand of Korea,
utilising historical data to design the models. There are some pre-requisites for designing
an accurate forecast model; out of which, analysis and pre-treatment of data are the most
important ones. Analysis of data revealed that the load profile was the same for all weekdays,
whereas it was different for a Sunday. Since Sunday is a non-working day, it leads to more
people at home, causing consumption to be significantly different. Therefore, the energy
consumption profiles were classified into weekday, weekend, and other public holidays using
a k-nearest neighbour (kNN) algorithm. The classified data was used for training and testing
the forecasting model, and both models were evaluated for weekends and weekdays. The

accuracy of both models differs by a small margin. However, winters’ model was found to be
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a better choice for short-term load forecasting. However, the model presented is based solely
on historical load data and does not consider other dependencies, such as weather conditions
and day events, which may have the potential to further improve forecasting results.

Another model presented in [59] aims to provide accurate short-term forecasts at the
distribution level using support vector regression (SVR). Here, the historical data was
normalised first, and optimal parameters of the model were found using an optimization
method based on a grid traverse algorithm (GTA) and particle swarm optimization. The
proposed method was compared against ARIMA and conventional SVM. It was found that the
proposed method led to the least forecasting error and had faster computation time. However,
in real-time, the load profiles are highly dependent on other factors, such as temperature
and work time, which have not been considered in this literature. Various algorithms have
been explored in past research, including regression, fuzzy logic, statistical learning, and
neural networks [8], [60]. For instance, [22] conducted extensive research categorizing
load forecasting models based on input features, scale, and time horizon. They concluded
that while regression models, due to their simplicity, are more suitable for LTLF, artificial
intelligence-based models such as ANN, fuzzy logic, and SVM are better suited for STLF.

Most forecasting models in existing literature primarily target system-level predictions,
such as at the distribution or substation levels, while overlooking consumption profiles at
lower levels, which tend to exhibit greater variability than system-level demand [61]. With
the widespread deployment of smart meters, electricity usage at lower levels can now be
measured directly, enabling the estimation of demand at higher aggregation levels. Accurate
forecasts across different levels are essential for effective load management. Reliable regional-
level predictions can assist system operators in determining the required grid supply, while
insights into the consumption patterns of various customer groups can support the design of
tailored demand-side management programs.

Many researchers have focused on developing load forecasting models designed for
individual customer needs. This research study, in contrast, aims to design a hierarchical load
forecasting model. This approach is preferred for its ability to provide a comprehensive view
of the entire sector, rather than concentrating on individual consumers. The following section
offers an overview of hierarchical forecasting models and reviews the existing literature in

this area.

2.5 Hierarchical Forecast Models

A hierarchical forecast model is a family-based forecast approach that satisfies a variety of

forecast information requirements. It helps in decision-making for many users by providing
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information at different levels of hierarchy [19]. Designing a forecast model for a hierarchical
load structure is possible by following either of the three approaches: TD, BU, and middle out
[19]. While each of these approaches has been extensively studied across various applications,
hierarchical load forecasting predominantly relies on BU or middle-out models [11], [62].
These approaches lead to accurate results but require extensive investigation into the houses’
consumption behaviour and are also computationally intensive [11]. These methods work
well for non-frequent testing scenarios. However, they might not be suitable for practical
implementation of regular strategic operation due to the extent of information required.
Designing a forecasting model for the aggregated level using the BU approach requires the
collection of data for individual customers, which is a very tedious task and would cause
additional burden on the utility operators. Wherein, the middle-out approach requires the
creation of several forecasting models for every customer class, which is computationally
extensive [63]. Thus, these models are limited in terms of their practical application in the

power sector.

Bottom-up Approach

Many ongoing studies have focused on developing accurate forecasting models for hierarchi-
cal load structures within the residential sector, with the majority relying heavily on the BU
approach. In the BU approach, forecasting is performed for each series at the lowest level
of the hierarchy, and these forecasts are then aggregated to obtain higher-level forecasts. A
major advantage of this method is its ability to preserve detailed information by forecasting
at the most granular level, thus avoiding any data loss due to aggregation. However, data at
the bottom level can be quite noisy, making it challenging to model and forecast accurately
[9], [19]. Additionally, obtaining detailed data for each series at the lower level is often
laborious and time-consuming.

While this method provides detailed forecasts, it is highly dependent on extensive data
collection from individual households, increasing both the complexity and resource require-
ments of model development and maintenance [9]. Furthermore, it necessitates continuous
cooperation from household owners to share detailed and often sensitive consumption data,
which raises concerns about privacy and data security. In [64], the authors proposed a method
to improve forecasting accuracy by grouping customers based on their consumption pattern
using the K-means algorithm, and then designing an individual forecast model for each cluster.
The forecast results of all the clusters were summed up to estimate the load consumption at
the aggregated level. This methodology was tested on residential datasets of the United States
of America and Ireland. Although this method leads to high accuracy, the determination of

aggregated level forecast requires multiple forecast models, turning out to be computationally
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extensive for practical implementation. In addition to historical load consumption data, the
designed model used calendar variables such as day of the week, holidays, and temperature.
Some models focus on forecasting load consumption for hierarchical loads, but they rely
on the BU approach. As mentioned earlier, the BU approach requires detailed data at the

individual house level, which can be challenging to obtain in practical scenarios.

Top-down Approach

TD approach generates forecasts at the highest level of the hierarchy and then distributes
them to lower levels using distribution ratios derived from historical load consumption and
related factors [19]. A key advantage of this method is its simplicity, as it requires modeling
only the aggregated top-level series, making it computationally efficient and well-suited for
situations involving low-count data. However, a limitation of the TD approach is the potential
loss of information due to aggregation, which can reduce accuracy at lower hierarchical
levels, especially when distribution factors change over time [9], [63].

Despite this, the TD approach offers several practical benefits. It demands less granular
data, reduces computational complexity, and minimizes dependency on individual household
data, aligning well with the operational needs of modern power systems [65]. Grid operators
increasingly require reliable aggregated load forecasts for effective planning, resource alloca-
tion, and maintaining grid stability, particularly in the context of growing renewable energy
integration and the implementation of demand-side management strategies [65].

Middle-Out Approach

The middle-out approach is a midway option between TD and BU in which the lowest levels
are grouped based on certain similarities such as geographical region, functionality, etc., and
then an individual forecast model is created for every sub-group which is summed up to get a
reasonable estimate at the aggregated level [9]. First, a middle level is selected, and forecasts
are generated for all the series at this level. For series above the middle level, coherent
forecasts are produced using the BU approach by aggregating the middle level forecasts
upwards. For series below the middle level, coherent forecasts are generated using a TD

approach by disaggregating the middle level forecasts downwards [9], [19].

2.6 Building Hierarchical Structure

Designing a hierarchical forecasting model begins with constructing an appropriate hierarchy.

For residential consumers, this involves identifying groups of households with similar
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characteristics and organising them into a hierarchical load structure. At the top level, the
hierarchy represents the aggregated consumption of all consumers, followed by intermediate
levels comprising different consumer clusters, and finally the lowest level, which includes
individual households within each cluster. Clustering algorithms are employed to establish
this hierarchy.

2.6.1 Clustering

Clustering is an unsupervised technique used to group data points in such a way that points
within the same group are more similar to each other than to those in other groups [66]. It
plays a crucial role in data analysis and machine learning applications, such as regression
and prediction. The primary goal of clustering is to organise data patterns into subsets where
similar patterns are grouped together [67]. A variety of clustering algorithms exist, some
grounded in statistical theories and others based on principles of artificial intelligence [68].
The most commonly used clustering techniques are discussed below.

Partition-based Clustering

These techniques rely on dividing the dataset into overlapping subsets, where each data point
belongs to exactly one cluster [67]. This technique includes algorithms like K-means and
K-medoids. This technique is especially efficient for large datasets, however, it requires
identification of the optimal number of clusters prior to clustering and is quite sensitive to
initialization and outliers [67].

In the context of load forecasting, partition-based clustering has been extensively used
to 1dentify patterns in electrical consumption data. For instance, K-Means clustering has
been applied to segment residential and industrial load profiles, allowing tailored short-term
and medium-term forecasting models for each cluster [69]. In another paper, [70], ultra
short-term power load forecasting method has been proposed based on similar day clustering.
The K-Means clustering algorithm is utilised to divide historical data into different clusters,
enhancing the forecasting accuracy by identifying patterns in similar days. These approaches
help reduce the complexity of forecasting by grouping similar consumption patterns, enabling
more accurate load predictions and supporting demand-side management strategies.

The most commonly used clustering algorithms [71] are described below.

* The K-means algorithm is a widely utilised unsupervised learning technique designed
to partition a dataset containing n observations into K clusters. Each data point is

assigned to the cluster with the nearest mean, known as the centroid [72]. In this
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approach, the number of clusters K is always less than the total number of observations

n. Data points are grouped based on their proximity to the nearest cluster centroid [72].

The algorithm begins by selecting the desired number of clusters and randomly ini-
tializing the centroids from the data points [66]. The Euclidean distance between
each data point and the centroids is then computed, with points assigned to the cluster
corresponding to the closest centroid. Subsequently, the centroids are recalculated
as the mean of all data points within each cluster. This process of assignment and
centroid recalculation is repeated iteratively until the centroids stabilize and no longer
change [72], [73]. Determining the optimal number of clusters is a key requirement of
the K-means algorithm. Several methods are available in the literature to address this,

including:

1. Elbow Method: This involves calculating the within-cluster sum of squares
(WCSS) for different values of K. A plot of WCSS against various K values
is generated, and the value of K above which the rate of decrease in WCSS
significantly slows down resembling an ’elbow’ indicates the optimal number of
clusters [73], [74].

2. Silhouette Method: This method assesses how similar a data point is to its cluster
compared to other clusters, producing a silhouette score ranging from -1 to 1.
Higher scores reflect better-defined clusters [73], [74].

3. Dunn Index: This metric evaluates the ratio between the minimum inter-cluster
distance and the maximum intra-cluster distance. A higher Dunn index suggests

that clusters are both well-separated and compact [73], [74].

Among these techniques, the elbow method is the most commonly used [75]. Therefore,

this thesis relies on the elbow method to determine the optimal number of clusters.

* Follow the Leader: It is also possible to cluster data points using another technique
known as follow the leader, which does not require the number of clusters to be
specified in advance [71], [76]. Instead, clustering is based on a distance threshold,
where the distance between each observation and the centroid of an existing cluster is
calculated [71], [76]. If the distance falls below the defined threshold, the data point
is assigned to that cluster. Conversely, if the distance exceeds the threshold, the data
point forms a new cluster and becomes its leader. This process is repeated iteratively

until all data points have been assigned to clusters.
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Hierarchical Clustering

This technique constructs a tree-like structure known as a dendrogram, which visually repre-
sents the clustering process [77]. Clustering can be performed using either an agglomerative
or a divisive approach. In the agglomerative approach, individual data points are iteratively
merged until all points are grouped into clusters. Conversely, the divisive approach begins
with all data points in a single large cluster, which is then recursively split into smaller
clusters [73], [78]. One key advantage of this method is that it does not require specifying the
number of clusters beforehand. However, it is computationally intensive for large datasets
and highly sensitive to noise [78].

The application of this technique involves creating an MxM similarity matrix using the
normalized Euclidean distance, where M represents the number of data points. Based on
this similarity matrix, data points are grouped into clusters using a linkage criterion, which
determines the similarity between clusters at each level. Common linkage criteria include
minimum, maximum, ward’s method, and average distance [77]. This process continues
iteratively until all clusters are merged into a single cluster at the highest hierarchical level
[77]. For example, Agglomerative Hierarchical Clustering (AHC) combined with Dynamic
Time Warping (DTW) has been used to classify residential daily load curves based on their
consumption patterns [79].

Density-based Clustering

This technique forms clusters based on regions of high data density while distinguishing
outliers as noise, making it particularly robust to outliers. Additionally, it does not require
any predefined number of clusters. The following algorithms are commonly used within this

approach [67]:

* Density-based spatial clustering of applications with noise (DBSCAN) identifies
clusters of arbitrary shapes and effectively detects noise [67].

* Ordering points to identify clustering structure (OPTICS) is an extension of DBSCAN
that accommodates clusters with varying densities.

 Hierarchical DBSCAN (HDBSCAN) integrates hierarchical clustering with DBSCAN
for improved cluster identification.

For instance, DBSCAN has been applied to detect abnormal consumption behaviours and
cluster similar usage patterns for short-term forecasting, particularly in heterogeneous datasets

with outliers [80]. Density-based methods have also been integrated with machine learning
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models to improve forecasting performance by preprocessing load data into meaningful
clusters, thereby reducing variability and enhancing prediction accuracy [81].

Among the clustering algorithms discussed, K-means is the most widely used due to
its simplicity. In the residential sector, K-means and hierarchical clustering are the most
commonly applied techniques [73]. To identify the most suitable algorithm for this thesis, a
comparative analysis of various clustering methods was carried out, the details of which are

presented in later sections.

2.6.2 Input Features for Clustering Algorithm

The selection of a clustering algorithm is primarily driven by the specific application; however,
its effectiveness is largely dependent on how well the data is utilised to extract meaningful
input features. These features play a crucial role in enhancing the performance and accuracy
of the clustering process. With the widespread deployment of smart meters, it has become
feasible not only to analyse household electricity consumption patterns but also to leverage
time-series consumption data for feature extraction. These extracted features serve as
essential inputs in clustering algorithms, enabling the identification of distinct consumption
patterns. To ensure the successful application of any clustering technique, it is imperative
to determine appropriate input features that accurately represent the load consumption
characteristics of each household.

Researchers in this field have analysed data using various approaches based on their
specific objectives. For instance, the authors in [73] examined consumption data obtained
from smart meters to identify patterns on annual, daily, and seasonal scales. These identi-
fied patterns, along with the processed data, were subsequently used as input features for
clustering algorithms. To construct annual profiles, they computed the monthly mean of
daily electricity consumption. Given that the meters recorded data at a 15-minute resolution,
the readings were resampled to generate hourly daily load profiles. Additionally, seasonal
variations were incorporated by identifying and analysing the hottest and coldest months
of the year. Their approach primarily relied on time-based features, which are particularly
useful for segmenting customers based on their energy usage behaviour.

In contrast, the method presented in [82] focuses on reducing raw time-series data through
a technique known as stratification. This approach calculates the mean load level based
on selected time intervals and outdoor temperature ranges. While the time of day captures
behavioural attributes of end-users, temperature variations highlight changes in load demand
due to increased heating or cooling usage. After the data reduction step, the dataset undergoes
normalization using a min-max method, ensuring that the clustering process is influenced by

the shape of the load profile rather than absolute load levels [82].
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Another study that employs the K-means algorithm for clustering incorporates dimen-
sionality reduction through the use of autoencoders [83]. In this approach, daily residential
consumption data is first subjected to a normalization process. The normalized data is then
fed into an autoencoder, which reduces its dimensionality. The compressed representations
generated by the autoencoder serve as input features for the clustering process [83].

In summary, clustering algorithms rely on input features that effectively represent the
underlying data points. When clustering residential consumers, it is essential to capture a
meaningful representation of their consumption behaviour. The key objective is to identify
representative load profiles (RLPs) of consumers and use them as input features for clustering
algorithms. This characterization of customers can be achieved through direct or indirect
shape features extracted from both the time and frequency domains [68], which are designed
to represent consumer load curves.

The simplest approach for feature extraction involves normalizing load measurements in
the time domain and utilising either all or a subset of the normalized power measurements.
This method requires no additional post-processing, allowing the extracted features to be
directly used for clustering. The mathematical representation of these load pattern features is
provided in Equation 2.5 [75].

C=(C" m=1,...M) (2.5)

Here, M represents the number of customers, while H is a selectable parameter that
should not exceed the resolution of the smart meter. When using direct time-domain features,
the goal is to determine each customer’s RLP, which serves as a basis for further analysis.
RLPs can be obtained through two distinct methods. The method, as described in [75],
employs a two-stage clustering approach. In this technique, each customer is clustered
individually based on their daily load profiles from the entire dataset. The cluster containing
the highest number of load profiles is identified as the representative cluster for that customer.
The RLP is then derived by averaging all load profiles within this representative cluster. The
method, proposed in [84], involves computing the average of a customer’s daily load profiles
and subsequently normalizing it with respect to its maximum power value. The mathematical

representation of this approach is provided in Equation 2.7.

Y dailyloadprofile
d

Average = (2.6)
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Where, d is given as number of days that belong to the representative cluster.

Average

RLP = 2.7)

max

Another way of characterising customer for clustering is to use the indirect shape features
which are determined by dividing the 24 hours hourly consumption into various periods such
as consumption during daylight (8:00 to 18:00), during lunchtime (12:00 to 14:00), and night
(22:00 to 6:00). The shape features is then calculated by using Equation 2.8 to Equation 2.13,
and they are in the range of 0,1. These are calculated for each customer [68].

pAV,day

Sa1 = s day (2.8)
V.daylight

Sd2 - pmax,daylight (29)

min,day

Sa3 = AVday (2.10)
1 pAV,night

Sd4:§(W) (2.11)

1 pAV,lunchtime

Sas = g(m) (2.12)
min,daylight

(2.13)

Sa6 = pAV.dayligh

The alternate method represents load curves of customers by transforming them into fre-
quency domain where magnitude and phase related information is extracted for each customer
which is used for clustering [68].

In summary, the hierarchy creation process begins with data pre-processing, followed
by clustering to structure households into a hierarchical framework. The clustering input
features are extracted from consumption data, with each household represented by an RLP
generated using hourly consumption data. Given the seasonal variations in consumption
patterns, an RLP is created for each household across different seasons. These seasonal RLPs

serve as the input features for the clustering process in this thesis.

2.6.3 Cluster Evaluation

It is essential to assess the quality of clusters, which can be achieved by utilising certain

accuracy metrics. One of the metrics, the index of agreement (IA), identifies the goodness of
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created clusters [85]. IA is a dimensionless quantity which is expressed in Equation 2.14 as

follows: .
Z (PI - 01>2
A=1--= - (2.14)
'Zl(|Pi| —10i])?
1=
P=F—-0
0;,=0;-0

where P; is the predicted variable at time i, O; is the observed variable, n is equivalent
to the number of observations, and O is the mean value of the observed variables over n
observations.

Another accuracy indicator commonly used, the Davies-Bouldin index (DBI), evaluates
overlapping of clusters, shown in Equation 2.15 [71]. It is determined by calculating the
average intra-cluster distance, represented by diam(C;), and comparing it for all pairs of
clusters. Smaller values of DBI indicate that the clustering algorithm has separated the data
well [71].

K <diam(Ci) + diam(@')) (2.15)

pBI= 1 ) max
K = j#i d(Cl',Cj)
In this thesis, cluster quality is assessed using IA, as it has been proven effective in a
comparable scenario discussed in [85]. As a result of the clustering process, a hierarchical

structure of the residential sector is established.

2.6.4 Load Forecasting Factors

The efficiency and accuracy of any forecasting model are highly dependent on its input
features, making feature selection a crucial step in model development. For instance, [86]
highlights that input feature selection can be effectively achieved through detailed dataset
analysis. Their study found that energy consumption exhibits a cyclic nature, repeating
daily, but with notable differences between weekdays and weekends, which are significantly
influenced by temperature variations [86]. Based on this analysis, the authors selected features
such as the hour of the day, day of the week, previous day’s average load, and temperature
for their forecasting model. In another study, [87] aimed to improve forecasting accuracy by
modifying traditional Bayesian neural networks. They conducted a comprehensive correlation
analysis to identify suitable input features from augmented historical load data, focusing on

load consumption at different time lags to enhance model performance.
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Moreover, [22] presents an extensive review, emphasizing that although existing res-
idential sector forecasting models often utilise historical data and weather conditions as
input features, they tend to overlook household lifestyle factors. In the residential context,
energy consumption is significantly influenced by residents’ behavioural habits, which are
closely linked to their socio-demographic characteristics. These include occupant-related
features such as the number of residents, presence of children, annual household income,
dwelling characteristics including dwelling type, number of bedrooms, heating systems,
and appliance-related factors such as appliance ownership levels, power demand, and usage
patterns [5]. Additionally, [61] identifies three major groups for characterizing household
electricity consumption: physical dwelling characteristics, HVAC equipment and fireplaces,
and occupant profiles. Their study concludes that combining daily load consumption data
with household and resident information is a powerful tool for distinguishing customer
groups, which can inform targeted energy conservation and efficiency strategies.

Designing an accurate load forecasting model, therefore, requires comprehensive consid-
eration of all factors influencing electricity consumption. Incorporating such factors helps
generate scenarios that closely mirror real-world conditions, leading to more reliable and
robust forecast outcomes. A review of the literature reveals that most forecasting models
predominantly rely on historical load consumption data and weather-related variables [22].
While these are undoubtedly important, socio-demographic characteristics such as household
size, income levels, occupancy patterns, and lifestyle behaviours have largely been over-
looked. Therefore, this thesis addresses this gap by integrating socio-demographic features
into the forecasting model and evaluating their impact on forecast accuracy. By doing so,
it aims to capture the behavioural dimensions of energy consumption, providing a more
comprehensive understanding of residential load patterns.

Furthermore, the accuracy of load forecasting models is highly sensitive to the inclusion
of emerging load components, such as EV charging. Currently, the rapid EV adoption has
introduced significant shifts in residential load consumption. EV charging behaviour, as
highlighted in [88], tends to create concentrated power demands at specific times, resulting
in pronounced peaks in load curves. Additionally, EV charging is often uncoordinated and
highly variable in terms of frequency, duration, and intensity, as discussed in [89], which
further complicates the challenges faced by grid operators in maintaining system stability.

Various strategies have been proposed to mitigate these challenges. For example, [90]
presents models to forecast both photovoltaic (PV) generation and the load demand of a
commercial building, combining these outputs to predict the residual load, which was then
used to schedule EV charging and optimise PV power utilisation. Inspired by such integrated

strategies, this thesis incorporates EV penetration as a key input variable in its forecasting
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model. By including EV-related load profiles, the research aims to assess their impact on
forecast performance and explore potential strategies for effectively integrating EV charging
behaviour into residential load forecasting.

In conclusion, this thesis proposes incorporating both socio-demographic factors and EV
charging profiles to evaluate whether these features enhance the robustness and accuracy of
the proposed forecasting model. By emphasizing the inclusion of these critical input features,
it aims to contribute to developing effective solutions that address emerging challenges in

modern power systems.

2.7 Research Gap Analysis

Accurate load forecasting has become essential for effective strategic planning and operation,
particularly with the shift of power systems from regulated to deregulated structures and the
increasing integration of renewable energy sources in the residential sector. This growing
necessity has attracted considerable attention from researchers and key stake holders in the
power sector, including grid operators, market operators, planners, and retailers, resulting
in extensive efforts to develop improved forecasting models. Nonetheless, despite these
advancements, load forecasting remains a dynamic area of research with several unresolved
challenges requiring further exploration.

To contribute towards addressing these challenges, this research conducts a comprehen-
sive critical analysis of existing literature. The objective of this gap analysis is to identify
the limitations of current models and to formulate relevant and feasible research objectives
for this study. It is important to note that this analysis builds upon and acknowledges the
contributions of prior research, serving as a foundation for further development rather than
undermining existing work.

The literature review reveals that most existing approaches primarily focus either on
individual households or on aggregated consumer groups, leading to several limitations,

including:

* High variability in residential consumption: Models trained on data from a single
household often fail to generalise effectively to others due to significant consumption
volatility.

* Data intensity requirements: Many current models require substantial amounts of
household-specific data to achieve accurate forecasts, posing challenges for their

practical application.
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In response to these limitations, this thesis proposes a novel hierarchical forecasting model
based on the TD approach, which effectively utilises smart meter data while incorporating
demographic-driven variations. The specific research gaps addressed in this study are outlined
below.

2.7.1 Identified Research Gaps and Research Questions
Research Gap 1

Most existing forecasting models for the residential sector focus either on individual house-
holds or on groups of households with similar consumption patterns. However, there is a lack
of models targeting forecasts at different levels within the residential load hierarchy. Further-
more, the few studies that do consider hierarchical forecasting predominantly employ the BU
approach. Although the BU approach can provide detailed forecasts, it is computationally
intensive, requiring multiple forecasting models and large amounts of granular data such as
household usage behaviour and physical characteristics, making practical implementation
challenging. Conversely, the TD approach has not been widely evaluated in this context,
primarily due to concerns regarding its accuracy at lower hierarchical levels. Nevertheless, if
implemented effectively, the TD approach holds practical potential, as a single model can
provide forecasts across multiple levels. In light of this identified research gap, the first

question addressed in this thesis is:

* How can a hierarchical load forecasting model for the residential sector be developed
using the TD approach while ensuring that forecast accuracy is maintained across all

levels of the hierarchy?

Research Gap 2

The majority of forecasting models in the literature utilise historical consumption data, calen-
dar variables, and weather conditions as input features. However, other significant non-linear
factors that influence residential consumption, such as socio-demographic characteristics and
EV charging behaviour, have not been comprehensively integrated into forecasting models.

Therefore, the second objective studied in this thesis is

* What is the impact of incorporating socio-demographic factors and EV charging pro-
files as input features on the performance and accuracy of residential load forecasting
models?
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Research Gap 3

Although charging prices are known to influence EV charging times, the literature does
not evaluate whether incorporating them as input features improves forecasting models.
Consequently, their impact on forecast performance has not been systematically examined.

Therefore, the final research question addressed in this study is

* How does charging price correlate with EV charging time, and what is its impact on
the performance of residential load forecasting models? Can the inclusion of charging
prices improve model accuracy, and how can this relationship be effectively integrated

within forecasting frameworks?

2.8 Evaluation and Approval

Evaluation is a crucial preliminary step before embarking on the design and simulation
phases. At this stage, the identified research gaps and the corresponding objectives of this
study are rigorously assessed to determine their relevance, feasibility, and reliability within
the wider context of energy efficiency and conservation. This assessment ensures that the
gaps identified are pertinent and that addressing them will contribute meaningfully to current
or emerging challenges. Furthermore, the practicality of the proposed methodology to
effectively resolve these gaps within existing systems is thoroughly evaluated.

This process forms the foundation for selecting an appropriate design approach and
provides a comprehensive justification for the research undertaken. The evaluation for
this study has been conducted by the academic supervisory team at Auckland University
of Technology (AUT), alongside the PhD thesis proposal defense (AUT-PGR9) and its

examination panel.



Chapter 3

A Top-down-based Hierarchical Forecast
Model for the Residential Sector

3.1 Abstract

This chapter presents the methodology developed to construct the proposed hierarchical
residential load forecasting framework. It introduces the forecasting model designed in this
research, describing its hierarchical structure, implementation using the selected dataset,
and the preprocessing procedures applied prior to model development. In addition, the
chapter examines the influence of socio-demographic characteristics on residential electricity
consumption and evaluates how their inclusion can impact forecasting performance. The
two-stage forecasting framework and the end-to-end modelling approach are both presented,
followed by a comparative assessment of their performance across different forecasting
scenarios to identify the most suitable approach for residential demand prediction. In
this Chapter, the presented details in terms of methodology and corresponding results and
analysis regarding the proposed forecast model have been published in [12], [13]. The said
manuscripts are as follows:

1. Barkha Parkash, Tek Tjing Lie, Weihua Li, and Shafiqur Rahman Tito. "Hierarchical
structure based energy consumption forecasting in top-down approach." In 2022 7th
Asia Conference on Power and Electrical Engineering (ACPEE), pp. 1732-1737. IEEE,
2022.

2. Barkha Parkash, Tek Tjing Lie, Weihua Li, and Shafiqur Rahman Tito. "End-to-End
Top-Down Load Forecasting Model for Residential Consumers." Energies 17, no. 11
(2024): 2550
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3.2 Methodology for Building Forecast Model

Fig. 3.1 illustrates the core framework adopted in this study for developing the forecasting
model, along with the specific techniques applied at each stage. The process begins with
the acquisition of relevant data, which is then used by clustering algorithms to construct the
hierarchical structure.

A critical requirement for any forecasting model is access to a dataset that accurately
reflects real-world conditions to ensure robust training. For STLF in the residential sector,
the most effective approach involves leveraging smart meter consumption data, as it offers
granular insights into household usage patterns. This data is not only essential for model
training but also plays a pivotal role in establishing the hierarchical structure of residential

Hierarchical
Structure

Load Forecast
Models

Validation using
Accuracy Metrices

Fig. 3.1 Methodology for designing a forecast model

loads.

Before developing the forecasting model, it is necessary to construct an appropriate
hierarchy, which can be achieved by implementing clustering algorithms using input features
derived from historical consumption data. Fig. 3.2 presents a basic hierarchical structure for
the residential sector, with the top level representing the aggregate load of all households, and
subsequent levels comprising distinct groups, each containing a varying number of houses
based on the chosen clustering criterion.

Following the creation of this hierarchy, the forecasting model is developed. The primary
focus is to design an innovative forecasting model for the residential sector based on the
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Fig. 3.2 Cluster-based hierarchical structure

principles of the TD approach. However, to evaluate its effectiveness, it is essential to

establish baseline models for comparison. In this study, two types of baselines are considered:

* Classical forecasting models: These include well-established techniques such as
ARIMA and SVR.

* Bottom-Up approach: This conventional method for hierarchical load forecasting

serves as a benchmark to assess the performance of the TD-based model.

Finally, the proposed model is evaluated using two key accuracy metrics: mean absolute
percentage error (MAPE) and mean absolute scaled error (MASE), as defined in Equations.
3.1 and 3.2, respectively [91], [92]. MAPE quantifies forecasting accuracy by measuring the
percentage error between predicted and actual values, where A; denotes the actual value, F;

the forecast value at time instant i, and » the total number of observations.

100 & A;—F,
MAPE = 00 abs( i—F) (3.1)
i3 A
MAE
MASE = —— (3.2)



3.3 Procuring Data 39

1 n
MAE = - i;abs(A,- —F) (3.3)
n
Naive = abs(A; —A;_1) (3.4)
n—li=

MASE assesses model performance relative to a naive forecasting approach, which predicts
the current value to be equal to the previous observed value, as shown in Equation 3.4. It
is calculated as the ratio of the mean absolute error (MAE), defined in Equation 3.3, to the
error of the naive forecast, as expressed in Equation 3.2. A MASE value of 1 indicates parity
with the naive forecast, while values lower than 1 suggest superior forecasting accuracy,
highlighting the model’s effectiveness in capturing load dynamics beyond simple historical
repetition.

3.3 Procuring Data

To develop and evaluate the proposed forecasting model, access to high-quality residential
electricity consumption data is essential. Smart meter datasets are particularly valuable for
this purpose due to their granular recording of household usage patterns. Although numerous
public databases provide such data, not all are suitable for the specific objectives of this
research. A thorough review of the literature identified several datasets that align well with
the requirements of this study. Table 3.1 presents a summary of the most relevant publicly
available datasets, highlighting their key characteristics and limitations.

Table 3.1 Public datasets with residential consumption data

Dataset No. of Households Access Rights
Low Carbon UK data [93] 5 Free
REFIT [94] 20 Free
NZ Green Grid [95] 25 Free
Pecan Street Inc. Dataport [96] 722 Paid

Among the datasets reviewed, three were freely available. However, the Carbon UK [93]
and NZ Green Grid [95] datasets contained only a few days of consumption data, which was
insufficient for robust model training and validation. Such short data spans limit the model’s
ability to capture long-term consumption patterns and seasonal variations, both of which
are essential for accurate forecasting. In contrast, the REFIT dataset [94] provided detailed

household energy consumption data spanning six-month period. Its extended duration and
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free availability made it an ideal choice for the initial evaluation of the forecasting model,
enabling preliminary testing and model refinement.

The REFIT dataset [94] served as a valuable starting point for testing the concept of
the TD hierarchical forecasting approach. It also facilitated the identification of suitable
clustering algorithms and methods for generating RLPs to be used as input for clustering.
The initial evaluations using the REFIT dataset [94] indicated the potential of the proposed
methodology, highlighting the importance of further assessing its scalability and performance
on a larger dataset with extensive historical coverage.

Therefore, after careful evaluation, the Dataport dataset from the Pecan Street Inc.
(PECAN) project [96] was selected as an additional dataset for in-depth analysis, offer-
ing extensive historical coverage to complement the initial evaluations conducted using the
REFIT dataset [94]. This dataset offers 15-minute interval consumption data from approxi-
mately 700 households in the United States, covering multiple years. Extensive historical
load data is essential for effectively training the forecasting model. Its large sample size,
high temporal resolution, and comprehensive historical coverage make it well-suited for
capturing diverse consumption behaviours and evaluating model performance across a range
of scenarios.

Following data acquisition, several preprocessing steps are undertaken to prepare the
dataset for analysis. The raw data is first resampled to match the desired temporal resolution,
ensuring consistency across all data points. The dataset is then thoroughly examined for
anomalies, such as outliers, erroneous readings, and missing values, which could adversely
affect the accuracy of the forecasting model. Erroneous samples are identified and removed
using statistical thresholds and data validation techniques.

To address missing data, various imputation methods can be employed depending on
the nature and extent of the gaps. In this study, missing values were filled using a historical
averaging approach, where the gaps were replaced with the average consumption from the
same time and day of the week in previous weeks. This method helps preserve the temporal
patterns inherent in residential load profiles while minimizing the introduction of bias. The
completion of these preprocessing steps ensures that the data is clean, consistent, and suitable
for the development, training, and evaluation of the proposed forecasting model. After
preprocessing the data, the subsequent steps focus on optimally utilizing it to develop the
residential hierarchical structure of the considered households, followed by the design and

development of a load forecasting model for this hierarchy.
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3.4 Hierarchical Structure

To establish the hierarchical structure of residential households, it is essential to identify
common characteristics shared among the households and categorize them based on these
similarities. Grouping households based on shared attributes enables a structured approach
to load forecasting and analysis. Various methods can be employed to achieve this grouping,
as outlined below:

* Based on geographical location: In this approach, households located within the same
geographical area, such as those sharing the same postal code or neighborhood, are
grouped together. This method helps capture regional consumption trends influenced
by factors like climate, infrastructure, and local energy policies.

* Based on socio-demographics: This method involves grouping households with similar
socio-demographic features, such as income levels, household sizes, age distribution,
or employment status. These factors significantly influence energy consumption
behaviours, making this grouping method valuable for understanding demand patterns

across different social segments.

* Based on consumption patterns: This technique focuses on analysing load profiles to
identify households with similar energy usage patterns. By clustering households with
comparable daily, weekly, or seasonal consumption trends, this method enables a more
dynamic and behaviour-driven classification, which can enhance the accuracy of load

forecasting models.

Each of these grouping methods provides distinct insights and can be utilised individually
or in combination, depending on the analysis objectives and data availability. The selection
of a grouping approach significantly influences the structure of the residential hierarchy and,
consequently, the performance of load forecasting models.

This research work focuses on the optimal utilisation of smart meter consumption data,
minimizing reliance on additional intrinsic data that are often difficult to obtain in real-world
scenarios. Therefore, the hierarchical structure is developed by focusing on identifying
common consumption patterns among households. This is achieved through the application
of clustering algorithms, which enable the effective grouping of households based on their
load profiles.

Although socio-demographic attributes are considered in this research, they are used
solely for evaluating the performance of the forecasting model rather than for clustering. In

this study, clustering is performed exclusively based on consumption data. Subsequently,
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each cluster is analysed to identify the demographic characteristics associated with it. To
enhance understanding of the formed clusters, various socio-demographic features of house-
holds are assessed, such as the number of occupants and their age distribution. Clusters are
further characterised by the percentage of occupants in different age groups, the proportion
of appliance ownership, and the insulation thickness of the buildings. This analysis provides
valuable insights into how demographic and structural factors influence energy consump-
tion patterns, thereby supporting more accurate demand forecasting and effective energy
management strategies.

Following the establishment of the hierarchical structure, the next step involves develop-

ing the load forecasting model, as discussed in the subsequent section.

3.5 Top-down based Load Forecasting

This thesis examines the construction of a hierarchical load forecasting model using TD
approach. Traditionally, a TD approach involves developing a forecast at the highest hierar-
chical level, which is then disaggregated into lower levels using mathematical distribution
ratios [63]. The forecasting model itself can be based on various methodologies, ranging
from statistical models to advanced machine learning techniques, depending on the require-
ments. In a TD framework, distribution ratios are typically derived from historical data,
often calculated as either the average of historical proportions or the proportion of historical
averages [63]. While this method is effective for forecasting at higher aggregation levels
such as monthly peak demand, total daily consumption, or weekly sales, it is less suitable for
predicting hourly load consumption. This limitation arises because historical proportions
used for disaggregation fail to account for temporal variations, leading to less accurate
forecasts at lower hierarchical levels [63].

This research work proposes an enhanced hierarchical load forecasting model that extends
traditional TD principles beyond the reliance on fixed mathematical ratios. The proposed
approach aims to improve forecast accuracy across all hierarchical levels by leveraging smart
meter consumption data and incorporating cross-learning mechanisms between different
levels of the hierarchy. This research presents two variations of the proposed TD hierarchical
forecasting model: the two-stage approach and the End-to-End (E2E) approach, with the
E2E approach developed as an enhancement of the two-stage model. Both approaches, along

with their respective results and analyses, are discussed in detail in the following sections.
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3.5.1 Two-Stage Approach

This section introduces the two-stage approach, which develops a forecasting model capable
of predicting energy consumption across different levels of a hierarchy by employing two
distinct forecasting models operating sequentially.

The first model, model A, is a neural forecasting model designed to predict load con-
sumption at the aggregated level. Its input features are derived from historical smart meter
data, with the most relevant features selected based on their spearman correlation coefficients
[6], [97], [98]. The key features include previous hour consumption, averages of the past
three and six hours, and consumption at the same time on the previous day.

Traditionally, TD hierarchical load forecasting generates forecasts at the highest level and
distributes them to lower levels using static mathematical distribution ratios calculated from
historical data. While straightforward, this method often lacks accuracy as it fails to capture
dynamic changes in consumption patterns at lower levels [63]. To address this limitation,
the approach proposed in this study integrates a second model, model B, which refines the
forecasts at the cluster level. Instead of solely relying on static ratios, model B uses the
aggregated forecast from model A as an input, alongside additional cluster-level features, to
produce more accurate forecasts for each cluster. Both neural network models are trained
independently: model A is optimised for aggregated load prediction, while model B focuses
on cluster-level forecasting by leveraging cluster-specific characteristics in combination with
model A’s outputs.

This two-stage neural forecasting framework ensures consistency across hierarchical lev-
els while improving accuracy through a structured, data-driven methodology. The conceptual
design of this approach is illustrated in Fig.3.3.

Hierarchical Structure

Aggregated Input features extracted from
Level aggregated level of hierarchy
E—
[ | ]
Cluster 1 Cluster2 - Cluster k Two — stage Forecasting Approach

Output of Model A = Input 1

Cluster Load

Model A Model B ——
Forecast

Input 2

Input features extracted from respective
clusters for which forecast required

Fig. 3.3 Two-stage Top-down forecasting approach for hierarchical structure
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The first step involves extracting input features from the hierarchical structure, where
each level represents time-series consumption data corresponding to that level. The two
distinct types of input features are derived: one set from the aggregated level and another
from the cluster-level consumption time-series.

Overall, this methodology aligns with hierarchical forecasting principles by preserving
structural dependencies between levels while addressing the limitations of conventional
approaches. By dynamically linking forecasts across levels and leveraging neural networks,
the proposed approach enhances accuracy through data-driven learning at each stage of the

hierarchy.

3.6 Case Study 1: Experiments and Results

For evaluating the proposed methodology, the REFIT electrical load measurement dataset
[94] was utilised. This dataset contains aggregated household electricity consumption data,
measured in Watts, for 20 residences at 8-second intervals. The data were down-sampled
to obtain hourly consumption values. During the preprocessing stage, it was identified that
four of the households contained missing records. As a result, 16 households were selected
for preliminary testing of the methodology, using historical consumption data from May
and June 2014. The initial step of the proposed methodology involves determining which
of the two methods outlined in Section 2.6.2 for creating RLPs is most suitable for the
given scenario. This is followed by the development of a forecasting model based on the
hierarchical structure that has been constructed.

3.6.1 Representative Load Profiles

The two methods discussed in Section 2.6.2 are implemented to generate the RLPs of
customers, which are then used as input for the K-means clustering algorithm. The results are
summarized in Table 3.2. The analysis considers 16 households, grouped into four clusters
using the K-means algorithm, and the index of agreement (IA) is calculated for both methods
used to create RLPs.

The results show that while the highest IA value (0.81) is achieved for Cluster O using
the two-stage clustering method, the average RLP method consistently outperforms the
two-stage method across all four clusters. Specifically, the average RLP method produces
higher IA values in Clusters 1, 2, and 3. This consistency across multiple clusters highlights

the robustness of the average RLP approach.
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Table 3.2 Index of agreement for the RLPs

No. of houses per cluster Index of Agreement (IA)
Cluster No.
Two-stage Clustering Average Two-stage Clustering Average
RLPs RLPs RLPs RLPs
Co 4 6 0.81 0.77
C1 7 1 0.61 1.00
C2 1 5 1 0.73
C3 4 4 0.71 0.75

Additionally, the results suggest that the two-stage clustering method, although capable
of providing high IA for certain clusters, may be more sensitive to variations in customer
load patterns. In contrast, the average RLP method, which aggregates load profiles more
uniformly, captures overall consumption trends more effectively.

Therefore, based on the overall performance across all clusters, it is concluded that
the average RLP method is more suitable for creating representative load profiles for the
considered dataset. This finding supports the selection of the average method for further

forecasting and analysis.

3.6.2 Comparison and Analysis of Clustering Algorithms

The clustering algorithms discussed were implemented using average RLPs as input, and the
resulting clusters, along with their respective IA values, are presented in Table 3.3. Among
the three algorithms, the follow-the-leader algorithm achieves the highest IA. However, it
results in five clusters, three of which consist of only a single household, indicating poor
cluster compactness and reduced generalizability.

In contrast, the results obtained from K-means and hierarchical clustering are more consis-
tent and closely aligned. Nevertheless, hierarchical clustering shows degraded performance
as the number of households increases, making it less suitable for larger datasets. Therefore,
K-means clustering was selected for further analysis due to its better scalability and balanced
clustering performance.

The clustering results from the K-means algorithm are illustrated in Fig. 3.4 and 3.5,
where all customers are grouped into distinct clusters without overlap. In the figure, the
green lines represent the RLPs of individual households within each cluster, while the red
line denotes the cluster centroid, providing a clear representation of average consumption

patterns within the group.
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Table 3.3 Performance comparison of various clustering algorithms

No. of Houses per Cluster Mean [A
Cluster No.
Hierarchical Follow the Hierarchical Follow the
K-means  Clustering Leader = K-means Clustering Leader
0 6 11 10 0.77 0.77 0.79
1 1 2 3 1.00 0.73 0.92
2 5 2 1 0.73 0.91 1
3 4 1 1 0.75 1 1
4 N/A N/A 1 N/A N/A 1
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Fig. 3.4 K-means algorithm results: Cluster O and Cluster 1
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Fig. 3.6 Hierarchy structure for considered houses of REFIT dataset

Following the clustering phase, a hierarchical structure of the households was constructed
using the K-means results. The hierarchical arrangement, shown in Fig. 3.6, forms the basis
for the subsequent forecasting model by organising the households into a tree-like structure
based on their load profile similarities. The number specified in the figure corresponds to the
respective ID of the house.

As depicted in Fig. 3.6, this hierarchical structure is integral to testing the proposed
forecasting methodology. To evaluate model performance, the complete dataset was divided
into training and testing sets, with 80% allocated for training and the remaining 20% for
testing. This split ensures that the model is trained on a substantial portion of the data while

retaining enough unseen data to assess generalization capabilities.

3.6.3 Forecasting Model for Aggregated Level

The aggregated level forecasting was performed using two models: a SARIMA model and
an LSTM-based neural network model. The model parameters of the SARIMA model (p, d,
q) (P, D, Q, m) were determined through an analysis of autocorrelation (ACF) and partial
autocorrelation (PACF) plots, as shown in Fig. 3.7. The time-series data were tested for
stationarity using the augmented Dickey-Fuller (ADF) test [99], [100]. In the ACF and PACF
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Fig. 3.7 Auto correlation and partial autocorrelation plots of the training dataset

plots in Fig. 3.7, a significant spike at lag 1 in the PACF indicated an autoregressive term p

of 1. In contrast, a repetitive spike at lag 24 highlighted the presence of daily seasonality,

suggesting a seasonal autoregressive term P of 1 with a seasonal period m of 24 hours.
To identify the optimal SARIMA model, various combinations of (p, d, q) (P, D, Q,
m) parameters were evaluated based on the Akaike Information Criterion (AIC) [101], as

presented in Table 3.4. After comparing multiple configurations, the model with parameters
(1,0,2)(1,0,3,24) was found to have the lowest AIC value, indicating the best fit for the time

series data.

Table 3.4 SARIMA model coefficients and AIC

p dqgP D Q m AIC

1 0 3 1 0 3 12 4541.65
1 0 2 1 0 3 12 4540.70
1 0 2 1 0 3 24 442827
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For comparison, an LSTM neural network model was developed for load forecasting.
LSTM models are effective for capturing long-term dependencies in time series data, making
them suitable for load forecasting [102]. To select input features for the LSTM model,
relevant features were extracted from historical load consumption data, including lagged data,
windowed averages, and calendar-based variables. The Spearman correlation coefficient was
used to identify features with the highest correlation to aggregated load consumption.

Fig. 3.8 shows the heatmap of the Spearman correlation coefficients between load
consumption and candidate features (e.g., previous hour consumption, average consumption
of past three hours, and same time on the previous day). Based on the heatmap, five features

were selected due to their strong correlation with aggregated level load consumption:
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Fig. 3.8 Heatmap illustrating the correlation between load consumption and features
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The LSTM-based forecasting model (model A) was designed with a sequential archi-
tecture. It begins with an input layer that receives the selected time series features. This is
followed by two LSTM layers, the first with 64 hidden units and the second with 32 hidden
units, allowing the model to capture temporal dependencies in the data. To prevent overfitting,
a dropout layer is included after the LSTM layers. The model employs the rectified linear unit
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(ReLU) activation function to introduce non-linearity, enabling it to learn complex patterns.
The Adam optimizer is used for model training due to its efficiency and adaptability in
adjusting learning rates. The MSE is selected as the loss function to measure the prediction
error during training. Overall, this architecture is designed to effectively capture long-term
dependencies in the time series and produce accurate load forecasts.

The forecasting performance of the SARIMA and LSTM models was compared using
the MAPE, with results presented in Table 3.5. The SARIMA model achieved a MAPE of
12.47%, while the LSTM model produced a lower MAPE of 11.98%. Although both models
provided accurate forecasts, the LSTM-based model demonstrated superior performance
due to its lower error rate. Additionally, the LSTM model showed greater adaptability to
non-linear patterns and variations in load consumption compared to the linear SARIMA

model, making it more suitable for capturing complex temporal dependencies.

Table 3.5 Comparison of forecast models for the aggregated level using MAPE

Level MAPE (%)
SARIMA Neural Network
Aggregated 12.47 11.98

Given its higher forecasting accuracy, the LSTM-based model was selected for imple-
menting the proposed methodology. Its ability to leverage historical consumption patterns
and temporal dependencies makes it more suitable for forecasting residential load profiles
with embedded EV integration effects. In subsequent sections, the results from the LSTM
model will be integrated into the proposed hierarchical forecasting framework to evaluate its

effectiveness in forecasting load at both cluster and aggregate levels.

3.6.4 Forecasting Model for Lower Hierarchical Levels

To forecast load consumption for the created clusters, model B was developed, incorpo-
rating both historical load features and socio-demographic attributes as input. The cluster-
level features were extracted using the same methodology as for model A, with additional
demographic-based input features. Specifically, the study considered features such as the oc-
cupants’ age groups and the number of appliances owned by each household. The occupants’
ages were categorized into three ranges: below 15 years, between 15 and 44 years, and above
45 years. The analysis revealed that the load consumption patterns for Cluster O were highly
influenced by previous hour consumption, consumption at the same time on the previous

day, and the difference between the current consumption and that of the same hour on the
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Fig. 3.9 Comparison of forecasting performance across clusters

previous day. A demographic analysis of Cluster O showed an almost equal distribution
of occupants across the three age ranges, with 31.8%, 31.8%, and 33.6%, respectively. In
contrast, Cluster 2 exhibited a distinct demographic pattern, with 53.8% of its residents aged
above 45 years. The percentage distribution of occupants’ ages within each cluster was one
of the demographic inputs encoded and provided to model B.

To evaluate the proposed forecasting methodology, three simulation scenarios were
tested. In the first scenario, the proposed two-stage TD forecasting approach was employed,
incorporating socio-demographic features alongside the aggregated level forecast. The second
scenario applied the same TD approach but excluded socio-demographic features. The third
scenario involved forecasting each cluster’s consumption separately without leveraging
aggregated-level predictions. The results of these simulations are illustrated in Fig. 3.9.

The comparison of results indicates that the third scenario, which forecasts each cluster
independently, yielded the lowest performance for Clusters 0, 2, and 3. This demonstrates
the limitations of using individual cluster forecasts without leveraging aggregated level
information. The only exception was Cluster 1, which consists of a single household. The
consumption pattern for Cluster 1 was highly volatile and noisy, making it difficult for the
TD approach to produce accurate forecasts without additional features. This indicates that the
performance discrepancy for Cluster 1 is due to its unique, highly individualized consumption
behaviour rather than the methodology itself.
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The impact of including demographic features was particularly notable in Clusters 0, 1
and 2. For these clusters, incorporating demographic attributes led to a reduction in MAPE
of 1.09%, 0.05%, and 0.3%, respectively. However, the improvement for Cluster 1 was
minimal, as the cluster’s single house composition and high volatility limited the gains from
demographic inputs. This finding suggests that Cluster 1 would require additional, more
granular features for a significant reduction in forecasting error.

The results presented in Fig. 3.9 also demonstrate that using demographic features
consistently improved forecasting accuracy across multiple clusters, reinforcing the value of
incorporating socio-demographic attributes into load forecasting models. Although the study
included only a limited set of demographic features, it is evident that adding more distinct
socio-demographic attributes, such as household income levels or working hours, could lead
to further improvements in forecasting performance.

Overall, the proposed TD forecasting approach combined with socio-demographic fea-
tures outperformed both the baseline TD approach without demographics and the individual
cluster forecasts. This outcome clearly highlights the effectiveness of integrating aggregated
level forecasts with demographic information. Moreover, it underscores the advantages of the
hierarchical TD approach over standalone cluster based forecasts, particularly in residential
load forecasting scenarios where demographic patterns significantly influence consumption

behaviour.

3.6.5 Evaluation of the Proposed Methodology Against the Bottom-Up
Approach

The proposed two-stage methodology was evaluated against the BU approach, specifically for
Cluster 0, to assess its potential. In the BU approach, distinct forecasting models were created
for each of the six houses within Cluster 0, and their individual forecasts were aggregated to
estimate the cluster’s total load consumption. The results demonstrated that the BU approach
produced a MAPE of 18.41%, while the proposed TD methodology achieved a notably lower
MAPE of 9.37%, as shown in Table 3.6. Fig. 3.10 presents the comparison between actual

and forecasted load consumption for the testing dataset.

Table 3.6 Comparison between BU and Proposed Approach using MAPE

Cluster MAPE (%)

BU Approach Proposed Approach
Co 18.41 9.37
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Fig. 3.10 Load Profiles Under Different Forecasting Scenarios for Cluster O

The high error rate in the BU approach can be attributed to the increased variability and
noise at the individual household level. Unlike aggregated load profiles, which smooth out
random fluctuations, individual household consumption patterns are highly unpredictable and
often influenced by occupant behaviour, lifestyle, and appliance usage patterns. As a result,
building accurate forecasting models for individual households becomes more challenging
due to the inherent volatility in their load profiles.

The BU approach is also highly dependent on the quality of the data. The missing values,
outliers, or anomalies in the consumption data of even a single household can propagate
through the model, leading to significant deviations in the aggregated forecast. Additionally,
the approach struggles with scalability since modeling each household separately becomes
computationally expensive and impractical as the number of households increases.

In contrast, the proposed methodology leverages aggregated-level data to capture broader
consumption patterns while integrating cluster-level features, such as socio-demographics
and historical consumption trends, to refine forecasts. This integration results in more
stable and reliable predictions compared to summing individual household forecasts. The
reduced MAPE of the proposed methodology demonstrates its superiority in handling the
variability of residential load profiles, particularly within clusters where occupant behaviour

significantly impacts consumption patterns.
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Moreover, the results underscore the limitations of the BU approach in residential fore-
casting scenarios where data from smart meters can be noisy and incomplete. The proposed
methodology, by focusing on aggregated patterns with meaningful cluster-level features, not
only improves forecasting accuracy but also offers a more scalable and robust solution for

load forecasting in residential energy management systems.

3.6.6 Discussion

The two-stage approach requires training two separate models to achieve cluster-level fore-
casting, with each model necessitating its own optimization and fine-tuning. While this
methodology demonstrates the potential of applying TD hierarchical forecasting principles,
it also reveals opportunities for further improvement. Specifically, although effective, relying
on two independent models can increase implementation complexity and computational
requirements.

Moreover, while the two-stage is motivated by traditional TD principles, it does not
explicitly capture the inter-dependencies between aggregated and lower levels within the
hierarchy. This limitation suggests that forecasting accuracy could be enhanced by adopting
an approach that simultaneously learns these hierarchical relationships.

To address this, the methodology was refined to incorporate both TD forecasting prin-
ciples and a cross-learning mechanism within a single model framework. This led to the
development of an E2E learning model, which offers the advantage of producing forecasts
for both aggregated and cluster-levels within the hierarchy using one integrated model. Such
an approach simplifies implementation, reduces computational overhead, and better captures
dynamic relationships across hierarchical levels, ultimately enhancing forecast performance.

3.7 End-to-End (E2E) Learning Model

An E2E learning model consists of a single model that takes all relevant inputs and directly
outputs the forecast. Unlike the two-stage approach, which involves training two separate
models to achieve forecasts at the cluster level, the E2E model produces these forecasts in a
single step. Although it also builds upon the principles of the TD approach, the E2E model
offers greater implementation efficiency and simplicity by removing the need for multiple
models. Additionally, it effectively integrates TD forecasting concepts with cross-learning
capabilities, enhancing forecast accuracy while maintaining hierarchical consistency. The
architecture of the proposed methodology, including the E2E learning model, is illustrated in
Fig. 3.11.



3.7 End-to-End (E2E) Learning Model 56

Data Acquistion & Preprocessing EZ2E Learning Forecast Model
F——————— —— — — — — e — — — — — —— —— — — — — — — — — —
Residential Electricity Xagy = [Xagg, Kesusior =
Consumption Data ™ | iaas + Xogg.aves [Xchusstor, tags: Kealendar Input
| Xire) Kclus.‘.ur,:wl;]
L | ¥ i
Handling missing data
(same hour of same day | Concatenate
of the week) | T
L | ¥
rm——y ! | [ C“{_\I ----- ( _"| |/_:||:_\|l
|| RLPy summer = AVG(Esumemer) RLP tan = Avg(Eran) | | L e Hidden Layers
| |
|
| - . - | OO0 OO0
| RLPh.WII’ﬂ.QI_ AVQ{E\MME‘[} RLPh.SpIII‘Ig_ AUQ(Espnng] | | - l'\ AN N l'\../’ p—
L — _ _ Eisthedaiyload profies of each month_ __ j

Mormalize Data
(using maximum

|
|
|
value) | I Qutput
Clustering l MAPE‘ IMASE]

Electric Consumption Forecast at
specific hour

No. of k-means I Quality of
Clusters Clustering c “5“3"’:}(”5'"9

Fig. 3.11 End-to-End learning model

The E2E model estimates load at any point in the hierarchy by leveraging inputs from the
aggregated dataset as well as from the node of interest. Unlike the two-stage approach, which
relies on separate models to forecast cluster consumption, the E2E approach employs a single
neural network model that directly predicts load at any level. This unified model integrates
input features derived from both aggregated and cluster levels, along with an additional key
feature that explicitly captures the relationship between different hierarchical levels.

The model is built upon a single feed-forward neural network and is enhanced with
dropout regularization to prevent overfitting. It is designed to accommodate both aggregated
level and cluster level forecasting, depending on the forecasting requirements of the applica-
tion. The model utilises three categories of input features, briefly outlined below, and will be
elaborated in later sections.

1. Aggregated level features to capture the overall consumption trends.
2. Cluster level features for representing localized consumption patterns.

3. Calendar variables accounting for temporal variations such as day of the week and

seasonality.

An essential aspect of the proposed approaches is that all input features for forecasting

are derived from historical consumption data, ensuring the full utilisation of smart meter
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data. The aggregated level input features include lag variables, the mean consumption of
the preceding hour, and load tracking features (LTFs). In time-series data, hourly load
consumption is influenced not only by the absolute values of past consumption but also by
the temporal patterns of change. Accordingly, LTFs are incorporated into the model, as
detailed in [103]. These features assist the model in capturing the rate of change in load. The
LTFs are derived from variations in hourly and daily consumption, as presented in Equation
3.5 to Equation 3.9, where DLC and HLC represent the daily load change and hourly load
change, respectively, with subscript D and H representing the forecasting day and forecasting

hour. For example, Lp z denotes the load during the current hour of the forecasted day.

LTF =Lpy-1+DLCp_1 4 3.5)
LTF, =Lp 1w +HLCp 1 n (3.6)
LTF;=Lpp—1+mean(HLCp_1 g +HLCp_2 1) (3.7
LTF, =Lpy—1+HLCp_7 1 (3.8)
LTFs=Lpy—1+mean(HLCp_1 y+HLCp_7 1) (3.9)

The cluster-level features comprise the mean consumption of preceding hours, lag vari-
ables, and a ratio quantifying the relationship between aggregated and cluster level demand.
Additionally, calendar-related variables such as hour of the day, day of the month, and month
are incorporated as cyclic features. All features are derived exclusively from historical con-
sumption data, with no inclusion of exogenous variables. Although numerous features can
be extracted from historical load profiles, the optimal subset is identified using the spearman
correlation coefficient to reduce dimensionality [97], [104].

These input features are concatenated and fed into the model’s hidden layers. The first
hidden layer consists of 100 neurons, followed by a dropout layer, which enhances general-
ization by reducing overfitting. The activation function used is the ReL.U, ensuring efficient
gradient propagation and faster convergence. To optimize performance, hyperparameters
are fine-tuned for maximum forecasting accuracy. The model is compiled using the Adam
optimizer, which adapts learning rates dynamically for faster convergence, and the MSE

is employed as the loss function to minimize forecasting errors. Overall, the E2E learning
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model provides a more streamlined and robust forecasting solution, effectively balancing
hierarchical structure preservation with the advantages of data-driven learning.

The following section presents the results of applying the methodology to an additional
dataset, evaluating the two proposed variations of the TD hierarchical forecasting approach

to identify the optimal scenario.

3.8 Case Study 2: Experiments and Results

The REFIT data [94] were mainly used to test the potential of the proposed hierarchical fore-
cast methodology based on TD principles. The testing of the proposed methodology on the
smaller REFIT dataset demonstrated its potential, indicating that a forecasting model based
on the TD hierarchical principle holds significant promise for load forecasting applications.
This initial evaluation motivated further testing on a larger dataset to assess its scalability
and effectiveness. Moreover, the application of the two-stage approach to the REFIT data
provided valuable insights into the practicality of TD based forecasting while also revealing
opportunities to simplify the framework. This led to the development and implementation of
an alternative variation, the E2E learning methodology.

The following section presents the results of implementing the methodology on a different
dataset. It compares the performance of both variations of the proposed TD forecasting model
with other commonly used models. The comparison demonstrates the superior performance

of the E2E model relative to existing approaches reported in the literature.

3.8.1 Dataset Description

The PECAN Street dataset’s dataport [96] contains half-hourly electricity consumption time-
series data recorded by smart meters installed in residential properties across the United
States of America (USA) over a span exceeding nine years. For this study, the data were
resampled to a daily resolution, producing 24-hour load profiles for each household. The
analysis focuses on 50 selected households, with consumption records covering the period
from 2013 to 2021. Preprocessing steps were applied to correct erroneous entries, and
missing values were imputed by calculating the mean consumption for the same time on
corresponding weekdays. STLF was performed to predict electricity usage for the subsequent
hour. The dataset was split into 80% for training and 20% for testing, with 10% of the
training set reserved for validation. To preserve temporal consistency, the partitioning was

conducted in chronological order.



3.8 Case Study 2: Experiments and Results 59

3.8.2 Hierarchical Structure

Representative seasonal load profiles are generated for each year, with winter defined as
December to February, spring as March to May, summer as June to August, and fall as
September to November. Fig. 3.12 and 3.13 present seasonal RLPs for a single household
in 2013 and 2021, respectively. Notably, seasonal differences are evident, with the highest
consumption occurring in summer due to elevated temperatures. This aligns with the dataset’s
origin, a city in Texas, USA, where high summer demand is typically driven by cooling
requirements. To account for year-to-year variability, these annual seasonal profiles are used
as input to the K-means clustering algorithm. Prior to clustering, each profile is normalized
by its maximum value. Seasonal RLPs are created for each of the 50 selected households,
and K values from 4 to 15 are tested, with the WCSS used as the evaluation metric. A knee
point is observed with the value of K as 10, leading to the formation of 10 clusters. The

quality of clustering is validated using the Index of Agreement [85].
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Fig. 3.12 Seasonal representative load profile of a single household in 2013

Fig. 3.14 illustrates the 24-hour average load profiles of these clusters, where each curve
represents the mean profile of all houses within that cluster. Distinct temporal and magnitude
patterns are observed across clusters. For example, Cluster 0 maintains relatively stable
usage throughout the day, while Clusters 1, 3, and 8 display pronounced peaks at specific
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Seasonal Representative Load Profiles
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Fig. 3.13 Seasonal representative load profile of a single household in 2021

times. Cluster 1 peaks in the morning around 08:00 with a smaller evening peak close to
18:00, whereas Cluster 3 peaks early in the morning around 04:00 to 05:00 and again around
20:00. Cluster 8 maintains steady daytime usage before peaking at 20:00. Clusters 2, 4, and
6 show lower variability; Cluster 2 peaks late morning around 11:00 and 12:00 and Cluster
6 maintains low, steady usage overnight, rising slightly after 8:00. Clusters 7 and 9 have
generally low daily consumption with minor fluctuations.

Table 3.7 reports statistical parameters for each cluster over the nine years from 2013 to
2021, including peak instance timings. These may differ from the average profiles shown in
the figures, as they reflect actual yearly peak times rather than mean behaviour. For instance,
Cluster 3’s peak timings differ by three hours, while Clusters 1 and 8 peak at similar times
but exhibit different mean magnitudes. These differences highlight the unique characteristics
of each cluster and confirm the effectiveness of the clustering method.

Following the creation of the hierarchical structure, the forecasting model is applied to
predict load consumption for each cluster. Household level forecasting is not prioritised due
to the high volatility of individual residential demand and because stakeholders generally
require insights at the aggregated group level. Forecasts for these consumer clusters provide

more actionable information for decision-making in the power sector.
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Fig. 3.14 Load profiles of clusters (average)

3.8.3 Performance Assessment of Forecast Models Using MAPE

To assess the effectiveness of the proposed E2E model with cross-learning features, it
is compared against a two-stage methodology and two widely used forecasting models;
SARIMA and SVR [105, 106]. The SARIMA models extend the ARIMA framework by
incorporating seasonal components and are parameterized by (p,d,q) for the non-seasonal
elements and (P, D, Q,m) for the seasonal component, where m represents seasonality. The
parameter selection for SARIMA is performed through analysis of ACF and partial PACF
plots [107]. The second benchmark, SVR, is a supervised regression-based approach that
determines the optimal hyperplane for fitting the data [106]. It employs kernel functions such
as linear, polynomial, or radial basis function (RBF) to map the data into higher-dimensional
spaces. The regularization parameter C plays a critical role, controlling the trade-off between
minimizing training error and limiting model complexity, thereby affecting generalization

performance. Kernel choice and C values are hyper-tuned to achieve optimal results.
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Table 3.7 Statistical parameters of clusters

Cluster Mean Peak Value Standard Deviation Peak Instant

CO 2.11 14.70 1.52 13:00
Cl 5.12 25.41 3.80 17:00
Cc2 3.96 17.56 2.04 18:00
C3 2.46 12.52 1.46 21:00
C4 7.48 31.6 4.65 19:00
G5 3.88 17.230 2.60 18:00
Co6 2.14 10.8 1.39 18:00
C7 15.08 58.56 9.61 17:00
C8 3.69 27.45 2.53 16:00
9 19.07 63.67 11.11 18:00

Given the importance of input features for model accuracy, the data undergo preprocess-
ing, and feature selection is performed as outlined in Table 3.8. All models are trained and
tested on the same dataset, and accuracy is evaluated using Mean Absolute Percentage Error
(MAPE). Table 3.9 reports MAPE values for all 10 clusters within the hierarchy across the
four approaches. The results indicate that SARIMA yields the highest mean MAPE, followed
by SVR, the two-stage method, and, with the lowest error, the proposed E2E model.
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Table 3.9 Forecast model performance comparison using MAPE

MAPE (%)
SARIMA SVR Two-stage E2E
Co 19.41 23.7 6.19 34

Cluster

C1 12.7 13.6 1.5 1.12
C2 16.22 16.7 6.35 54
C3 32.87 34.6 7.73 3.49
C4 14.41 13.8 5.02 2.6
G5 25.9 21.60 1.22 1.37
Co 34.7 26 3.1 2.07
C7 29.82 13.9 0.69 0.88
C8 34.9 28.5 3.32 1.71
Cc9 34.8 11.6 3.75 0.71

The SARIMA and SVR models show weaker performance, particularly because they
are best suited for datasets with primarily linear structures [13]. In contrast, residential load
consumption is inherently non-linear due to numerous influencing factors. SVR assumes
a deterministic relationship between inputs and outputs, which does not hold true for res-
idential load patterns. Furthermore, SVR’s performance declines with larger datasets due
to computational demands and the complexity of selecting an optimal kernel. Similarly,
SARIMA struggles to capture non-linear input—output relationships. Enhancing these models
would require substantial computational resources, larger memory allocation, and additional
feature engineering steps, which present practical implementation challenges.

In contrast, both variations of the proposed methodology; the two-stage and E2E learning
models achieve low MAPE values, supporting the suitability of the TD design approach. The
chosen hyperparameters are optimized to perform well across the hierarchy while keeping
MAPE within acceptable limits. Overall, the E2E model outperforms all other methods,
maintaining a percentage error below 6% for all clusters. Although the two-stage method
yields a lower MAPE for Cluster 5 and Cluster 7, both remain below 2% for these clusters. In
all other clusters, the E2E approach delivers better accuracy. The two-stage model’s highest
MAPE is 7.73% that is observed for Cluster 3, whereas the E2E model’s highest MAPE is
observed for Cluster 2 that is 5.4%. Notably, for 9 out of 10 clusters, the E2E model achieves
MAPE values below 5%, with the remaining cluster close to this threshold. These variations

in accuracy are acceptable given the overall low forecasting errors across the hierarchy.
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3.8.4 Comparative Analysis of Two-Stage and End-to-End Learning
Approaches via MASE

Both the two-stage and E2E models, based on the TD hierarchical forecasting concept,
demonstrate strong performance in terms of MAPE. To further validate this, their effective-
ness is also evaluated using MASE, with results summarised in Table 3.10. Both models
outperform the naive forecasting approach, which has a benchmark MASE of 1. Notably,
the results indicate that the E2E model surpasses the two-stage model significantly in terms
of MASE, consistently achieving lower values. This finding highlights the advantage of the

E2E model in delivering more accurate forecasts across the entire hierarchical structure.

Table 3.10 Comparative evaluation of E2E learning and the two-stage model based on MASE

MASE
Cluster

Two-stage E2E
Co 0.10 0.07
C1 0.11 0.07
C2 0.2 0.2
C3 0.25 0.09
C4 0.38 0.15
C5 0.05 0.05
Ccé6 0.14 0.06
C7 0.04 0.05
C8 0.11 0.06
C9 0.33 0.06

A key advantage of the E2E model is its ability to forecast load consumption for all sub
levels within the hierarchy using a single unified model. This approach not only simplifies
the forecasting process but also reduces the computational workload by eliminating the need
for multiple separate models for each sub level. Additionally, the model’s design ensures
better forecasting accuracy by simultaneously optimizing predictions across all hierarchical
levels.

To further assess the model’s performance, the E2E learning model computes the MAPE
for every hour of the day across all clusters within the hierarchy. This hourly evaluation is
crucial for understanding the model’s effectiveness across different time periods, capturing
variations in load patterns throughout the day. The results are visually represented in a
heatmap, shown in Fig. 3.15, which displays the MAPE for all clusters over a 24-hour period.
In the heatmap, the color gradient on the right indicates MAPE values, with lighter colors
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Fig. 3.15 Heatmap of MAPE for each hour of the day for all clusters

signifying higher MAPE, i.e., lower accuracy, and darker colors representing lower MAPE,
i.e., higher accuracy.

The analysis reveals that, for each hour of the day, the MAPE for every cluster remains
below 5%, except for three clusters. Specifically, Cluster O records a MAPE of 7.06% at
2:00., Cluster 2 exhibits a MAPE of 4.98% at 8:00., and Cluster 5 shows a MAPE of 4.19%
at 5:00. These deviations highlight specific periods and clusters where load forecasting is
more challenging, likely due to variations in consumption behaviour or outliers in the data.
Despite these exceptions, the overall performance of the proposed E2E methodology remains
strong.

The results demonstrate that the proposed E2E learning model achieves an overall MAPE
of less than 10% across all clusters and periods throughout the 24-hour cycle. This perfor-
mance not only surpasses that of the two-stage model but also outperforms other baseline
models. The findings underscore the robustness and reliability of the E2E model, especially
in its ability to handle complex load patterns while maintaining high forecasting accuracy.
Overall, the proposed methodology offers a scalable and efficient solution for hierarchi-
cal load forecasting, making it a valuable approach for large scale energy management
applications.
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3.8.5 Performance Comparison of E2E Model and Bottom-Up Model

This E2E learning model builds on the principles of the TD approach. In contrast, the widely
adopted BU approach requires developing separate local models for each group. In the BU
framework, each cluster is modeled independently using only the features relevant to that
specific cluster, along with calendar variables. Aggregated-level features are intentionally

excluded, as their use would contradict the core premise of the BU method

Table 3.11 Comparison between E2E learning and BU approach using MAPE

Cluster MAPE (%)
E2E BU Approach
Co 34 15.22
C1 1.12 10.21
C2 54 14.7
C3 3.49 14.28
C4 2.6 11.19
G5 1.37 14.5
co6 2.07 13.97
C7 0.88 10.51
C8 1.71 14.78
C9 0.71 8.76

The local models for BU in this study are also neural network based, incorporating the
same cluster features used in the E2E model, plus calendar variables. Forecasts from these
individual models are summed to estimate the aggregated level demand. The comparative
results are presented in Table 3.11, showing that the BU approach yields significantly higher
MAPE values than the proposed cross-learning E2E model, for the reasons outlined below.

Existing literature indicates that BU generally outperforms TD when forecasting load
at sub-hierarchy levels, but this advantage comes at the expense of requiring substantial
additional data to maintain accuracy. In the residential domain, BU models often rely on
physics based modeling and behavioural input features. These include appliance specifica-
tions, energy consumption rates, operating schedules, usage patterns, and residents’ habits
[108]. However, in practice, such detailed data are often unavailable. Conversely, smart
meters provide rich, readily accessible consumption data, which can be leveraged to enhance
forecast performance as demonstrated in the proposed E2E model. By drawing on histori-
cal consumption, the E2E model extracts relevant features and uses cross-learning across

multiple hierarchy levels to improve accuracy.
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Fig. 3.16 compares the aggregated level 24-hour MAPE between the two methods.
The E2E model achieves an MAPE range of 0.08%—-1.85%, whereas BU ranges from
0.04%—-18.3%. The E2E predictions track actual values closely, while BU shows greater
deviations. This superior aggregated level performance is consistent with the known strength
of TD-based approaches at higher hierarchy levels.
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Fig. 3.16 Comparison between actual and forecast values from both approaches

Moreover, the proposed model demonstrates robustness across clusters, adapting effec-
tively to varying consumption patterns. Nonetheless, retraining is still necessary to optimize
performance within each cluster due to its distinct characteristics. Despite this, the E2E
model consistently delivers high accuracy across diverse clusters, reinforcing its effectiveness
and flexibility. This serves as proof of concept that the cross-learning E2E framework holds
significant potential for residential forecasting applications across different geographic and

demographic contexts.

3.9 Discussion

This study develops and evaluates an E2E learning model for forecasting residential elec-

tricity consumption within a hierarchical structure. The hierarchical load forecasting model
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employs the TD approach, which remains less common than the BU approach in hierarchical
forecasting. Unlike BU models, which require detailed feature sets for each cluster, the TD
approach offers a more practical alternative by using aggregated information. BU-based
models, while effective, demand granular data for all clusters in the hierarchy, posing chal-
lenges for real-world implementation due to data volume and computational complexity. The
proposed E2E model addresses these issues by leveraging features derived from historical
load data, calendar variables, and other key predictors that establish the relationship between
the aggregate level and the sub-level clusters requiring forecasts. This section evaluates the
model’s performance through comparative analysis with traditional models, discusses its
strengths and limitations, and outlines opportunities for future research.

The E2E learning model achieved promising results, with a MAPE of less than 6%
across all clusters in the hierarchy. This level of accuracy outperforms common statistical
methods, such as SARIMA and SVR, which fail to achieve comparable accuracy across
all clusters. A notable advantage of the proposed E2E model is its ability to deliver con-
sistent performance without the need for cluster-specific hyperparameter tuning, which is
typically required in SARIMA and SVR models. By integrating cross-learning features,
the model effectively captures diverse consumption patterns across different clusters. This
cross-learning capability enables a single model to adapt and forecast load consumption
across all clusters simultaneously, thereby simplifying the modeling process and reducing
computational overhead.

A significant drawback of most existing hierarchical load forecasting models is their
reliance on the BU approach, where forecasts are generated at lower levels of the hierarchy
and then aggregated upwards. While this approach may yield reasonable accuracy, it often
presents practical challenges, such as the need for large-scale data processing and the risk
of forecasting bias and incoherence across different levels. In contrast, the proposed E2E
learning model offers a more efficient solution by eliminating the need for exogenous input
features and relying solely on historical load data. Furthermore, the results demonstrate the
superior performance of the proposed model, with improvements in mean MAPE of 91%,
85.8%, and 82.24% over SARIMA, SVR, and a conventional BU hierarchical model, respec-
tively. These improvements highlight the effectiveness of the E2E approach in capturing load
patterns while maintaining coherence across hierarchical levels.

Another key strength of the proposed E2E model is its adaptability across clusters with
distinct load profiles. The model’s unified architecture and consistent hyperparameters
enable it to handle diverse patterns without modification. Despite these strengths, the model
has certain limitations. First, its forecasting accuracy may degrade when sudden extreme

changes or anomalies occur in the data, such as during power outages or unusual peak events.
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Additionally, while the model performs well across clusters using the same architecture,
separate model training is still required for each cluster, which may increase computational
time. A further limitation is the model’s reliance on a large volume of historical data for
effective training. Smaller utilities or regions with limited historical data may struggle to
implement this approach effectively.

Future research in hierarchical load forecasting could address these limitations through
several avenues. First, incorporating deep neural network architectures, such as LSTM
networks, could improve sequence modeling capabilities and enhance forecasting accuracy,
especially for time-dependent patterns. Additionally, evaluating the model’s performance
on diverse datasets from different regions will help assess its generalization ability and
robustness. Another promising direction is the exploration of transfer learning techniques,
which could enable the model to perform well with limited data by transferring knowledge
from similar datasets.

Despite these challenges, this study makes a significant contribution to hierarchical load
forecasting by demonstrating how an E2E learning model with cross-learning features can
improve forecasting accuracy while reducing computational complexity. By addressing
issues associated with traditional BU approaches and outperforming conventional statistical
models, the proposed E2E model offers a robust solution for large-scale energy management
applications. In conclusion, this research highlights the potential of machine learning
techniques, such as E2E models, in advancing load forecasting accuracy. The findings not
only contribute to the academic field of energy forecasting but also offer practical implications
for utilities and policymakers in optimizing energy distribution and promoting sustainable

energy management practices.

3.10 Relation between socio-demographical features and

residential consumption

In the residential sector, several consumer-specific factors influence electricity consumption,
including the unique characteristics of the dwelling type and the behaviour and demographic
traits of the residents. Residential energy consumption patterns result from a complex
interaction of multiple factors, including household characteristics, occupant behaviour, and
technological factors. Understanding these patterns is essential for developing accurate
load forecasting models, implementing effective demand-side management strategies, and

promoting energy efficiency initiatives. This section explores the key determinants that have
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the greatest impact on electricity usage among residential consumers and examines their role
in shaping consumption behaviours.

Socio-demographics refer to the social and demographic characteristics of a population,
categorized based on specific criteria such as age, family size, income, and other socio-
economic factors. In the context of residential households, each household is classified by the
demographics of its occupants, including age, gender, education level, and income, as well as
by characteristics of the house itself, such as location, floor size, and the presence of energy
efficient technologies. These factors are pivotal in the energy sector, as they significantly
influence how and when electricity is consumed. For example, a household where all
members are employed may exhibit lower electricity usage during the day, with consumption
peaks occurring in the early morning and evening. In contrast, a household with children or
adults at home throughout the day may have more consistent electricity consumption patterns.
Similarly, households with higher incomes tend to own more appliances, increasing their
base load, while larger households with more occupants often exhibit complex usage patterns
with multiple consumption peaks.

Extensive research has been conducted to understand the various factors that impact elec-
tricity consumption. One study found that social and demographic characteristics, including
personal attributes, socio-economic status, and socio-demographic factors, are directly related
to electricity consumption [7], [71]. Table 3.12 represents the various socio-demographic
features studied in the literature, highlighting those with significant impacts on consumption.
Among the factors studied, income status proved to be the strongest indirect predictor of the
number of electrical appliances owned, highlighting its strong link to increased electricity
consumption. Other factors that showed positive and significant correlations include edu-
cational level, gender, and employment status [109]. For instance, households with higher
educational backgrounds are more likely to adopt energy-efficient technologies, reducing
their per capita consumption despite owning multiple appliances. Conversely, families with
lower education levels may have less awareness of energy conservation practices, leading to
higher consumption.

To assess the impact of socio-demographic characteristics on electricity consumption, the
selected houses were evaluated based on their maximum consumption values and compared
against their unique features to identify correlations. The socio-demographic factors consid-
ered in this study include income, family size, house floor area, and ownership of EVs or PV
systems. For each house, the income range and floor area in square meters were provided.
It is preferable to categorize income and floor area rather than use absolute values, as this

approach allows for easier pattern identification and clustering within the data, as shown in
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Table 3.12 Socio-demographical Features

Features

Description

Family size

Age of the occu-
pants

Income

Education back-
ground

Dwelling type

Floor size of the
house

No. of electrical
appliances

Family size plays a significant role in influencing household energy
consumption. Larger households typically consume more electricity due
to increased usage of appliances and lighting.

Household electricity consumption is closely linked to the age of its
occupants. Teenagers often contribute to higher energy use through
modern electronic devices. Retirees, spending more time at home, also
drive up daytime energy consumption.

Higher-income families tend to own more modern appliances and larger
homes equipped with advanced lighting and centralized temperature
control, contributing to increased electricity usage.

Individuals with higher educational backgrounds often have higher in-
comes, leading to increased electricity consumption. However, those
with strong educational backgrounds may also adopt energy-efficient
technologies.

Electricity consumption varies by dwelling type (e.g., detached, semi-
detached, terraced houses, or apartments). Larger floor areas typically
result in higher electricity usage.

Larger floor sizes generally increase electricity consumption due to
higher lighting needs and the use of centralized heating and cooling
systems.

A higher number of electrical appliances directly increases electricity
consumption, as more devices contribute to the household’s overall
energy load.

Table 3.13. Categorization helps address the non-linear relationship between these features

and electricity consumption, thereby reducing the impact of outliers.

To better understand maximum consumption patterns, the specific time at which it occurs

is also considered. For most houses, peak consumption occurs during the daytime, which is
why the period from 11:00 to 23:00 is divided into four quarters: 11:00 to 14:00, 14:00 to
17:00, 17:00 to 20:00, and 20:00 to 23:00. This segmentation allows for a detailed analysis
of how different household characteristics influence consumption patterns throughout the
day. For example, households with young children or retirees are more likely to experience
peak consumption between 11:00 and 14:00, while dual-income households often experience
peaks between 17:00 and 20:00 when occupants return home from work.

The relationship between socio-demographic attributes and electricity consumption
patterns has been well documented in previous research. However, while significant work
has been done to explore these relationships, there has been comparatively less focus on
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Table 3.13 Categorical input features of demographics

Income ($) Categories Floor size (m?) Categories
< 50k . <900
Low income Small house
50k - 74.9k 900 - 1499
75k - 99k L 1500 - 1999 )
Medium income Medium house
100k - 149k 2000 - 2499
150k - 300k L 2500 - 2999 .
High income Big house
> 300k >3000

using these features to predict consumption patterns and improve load forecasting models.
Socio-demographic attributes, if effectively integrated into forecasting models, can help
improve prediction accuracy by providing insights into behavioural trends that influence
consumption. For example, models that incorporate demographic features such as household
income, family size, and employment status can better capture seasonal and daily load
variations, especially during peak hours.

Additionally, socio-demographic attributes play a vital role in segmenting customers for
demand response programs. Identifying patterns, such as increased daytime consumption in
households with retirees or children, enables utilities to design more targeted demand-side
management strategies. Furthermore, incorporating these attributes can enhance clustering
techniques in machine learning models, leading to more homogeneous groups with similar
consumption patterns and improving overall model performance. Consequently, the resulting
clusters and their associated socio-demographic characteristics are analysed and correlated,
with the key insights presented below.

* Cluster O comprises a single household, distinguished by its significantly higher
maximum consumption compared to other houses. This elevated consumption level is
primarily attributed to the house’s larger size, which likely results in greater energy
demands for heating, cooling, and appliances. Additionally, the household’s higher
income may contribute to increased usage of energy intensive devices and amenities,

further driving up consumption levels.

* Cluster 1 comprises houses with similar maximum consumption values, all of which
occur during the third quarter of the day, between 17:00 and 20:00. This peak period
aligns with typical evening activities, such as cooking, lighting, and the use of house-

hold appliances, which collectively drive up energy demand. The consistent timing
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of peak consumption across these houses suggests a shared pattern of daily routines,

likely influenced by standard working hours and evening home occupancy.

* Cluster 2 consists of smaller houses; however, the residents’ higher income levels
play a significant role in driving the maximum consumption value to 17 kW. Despite
the limited physical size of these homes, increased disposable income often leads to
the use of multiple energy-intensive appliances, such as electric heating systems, air

conditioning units, and high-end entertainment devices.

* Cluster 3 comprises houses with varying sizes, demonstrating how demographic fac-
tors such as income, floor size, and occupancy influence energy consumption patterns.
Among these houses, two have the same number of occupants and similar income
levels; however, one exhibits a significantly higher maximum consumption due to its
larger floor area, which likely results in greater energy demands for heating, cooling,
and lighting. The third house presents a contrasting pattern: despite having only one
occupant and a smaller floor size, it reaches a higher maximum consumption, primarily
driven by the occupant’s high income. This suggests the presence of energy inten-
sive appliances, electric vehicles, or luxury amenities, which contribute to elevated
consumption levels even in a smaller living space. Overall, the analysis of Cluster 3
highlights that income and floor size have a more substantial impact on consumption
than the number of occupants. Notably, when one demographic factor; either income
or floor size stands out significantly, it becomes the dominant driver of energy con-
sumption. This finding underscores the importance of considering both socioeconomic

and physical housing characteristics when analysing residential load profiles.

* Cluster 4 stands out due to its diverse demographic characteristics, yet the houses within
the cluster exhibit similar maximum consumption levels. This indicates that despite
differences in household profiles, their energy usage patterns converge. Among these
homes, some have lower income and medium-sized floor areas, suggesting that their
consumption is likely driven by essential energy needs such as heating, cooling, and
appliances, rather than luxury items. In contrast, other houses in the cluster may have
higher incomes or larger floor areas but demonstrate comparable peak consumption,

possibly due to energy-efficient technologies or different lifestyle patterns.

* Cluster 5 comprises houses with identical demographic profiles, including the same
family size, large homes, and high income levels, resulting in similar peak consumption

values. The combination of large floor areas and affluent lifestyles likely drives energy-
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intensive usage patterns, such as central heating or cooling systems, multiple appliances,

and home entertainment devices.

* Cluster 6 exhibits a maximum consumption value that falls between those of clusters
0 and 2. Although this cluster consists of only one house, its consumption pattern is
distinct due to its moderate income level and floor size. This contrasts with cluster
0, where the larger floor area drives higher energy demand, and cluster 2, where ele-
vated income leads to increased consumption through energy-intensive appliances and
technologies. The house in cluster 6 reflects a balanced profile, where neither income
nor floor size dominates consumption, resulting in an intermediate peak value. This
highlights how a combination of demographic factors, rather than a single dominant

attribute, can shape residential energy usage patterns.

* Cluster 7 primarily comprises households with EVs, which results in higher maximum
consumption values due to increased charging demands. These homes are predom-
inantly occupied by residents with medium to high incomes and typically feature
medium-sized floor areas. The presence of EVs contributes significantly to peak load
patterns, reflecting the additional energy consumption from vehicle charging. In con-
trast, households within the same cluster that do not own EVs exhibit lower maximum
consumption levels, even if they fall into the medium to high-income categories or
have medium to large floor sizes. This disparity underscores the substantial impact of
EV ownership on electricity demand, highlighting the importance of accounting for
EV charging behaviour when analysing load profiles

* Cluster 8 exhibits varying maximum consumption values, influenced by differences in
household composition, income levels, and EV ownership. Notably, one household,
consisting of a family of five, records the highest maximum consumption within the
cluster. This elevated usage is attributed to a combination of factors, including high
income, a large floor area, and EV ownership, which together contribute to greater
overall energy demand, particularly during peak periods. In contrast, another household
within the cluster, despite having the highest income and a similarly large floor area,
demonstrates a comparatively lower maximum consumption. This discrepancy is
primarily due to a smaller family size, which results in fewer energy intensive activities
and reduced overall demand. The absence of additional consumption drivers, such
as multiple occupants or EV charging, further limits peak usage. These contrasting
consumption patterns within cluster 8 highlight the diverse nature of residential energy

demand, emphasizing that while income and property size can influence consumption,
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household composition and EV ownership play critical roles in determining maximum
load levels.

* Cluster 9 records the highest maximum consumption within this group, primarily
driven by households with very high incomes, which often correlates with greater
energy usage from multiple appliances, large living spaces, and luxury amenities. This
cluster highlights a clear link between income level and peak demand, as higher-income

households typically have more energy-intensive lifestyles.

However, integrating socio-demographic features into load forecasting models presents
several challenges. First, obtaining accurate and current socio-demographic data can be
challenging due to privacy concerns and limited data accessibility.

Second, the relationship between these attributes and consumption is often non-linear and
may vary across regions, making it essential to use advanced modeling techniques such as neu-
ral networks or ensemble methods to capture these complexities. Third, socio-demographic
attributes can become less predictive over time as household behaviour evolves due to factors
such as remote work trends or increased adoption of energy-efficient technologies.

Therefore, the next section will delve deeper into the impact of demographics on electric-
ity consumption and discuss how these factors influence the accuracy of load forecasting.
By analysing these relationships and integrating them into forecasting models, this research
aims to address existing gaps in the literature and contribute to developing more accurate
and reliable residential load forecasting models. The results of this analysis will be used
to enhance the feature selection process for the proposed forecasting models, ensuring that
socio-demographic attributes are appropriately weighted and leveraged to improve model
performance.

In conclusion, socio-demographic attributes are key determinants of residential electric-
ity consumption, offering valuable insights for load forecasting models and demand-side
management programs. While challenges exist in their integration, the potential benefits in
improving forecasting accuracy and tailoring energy efficiency programs are significant. The
findings from this section will contribute to the broader analysis in this thesis, helping to
build more comprehensive forecasting models that capture both technical and behavioural
drivers of electricity consumption.

3.10.1 Impact of socio-demographical features on the forecasting accu-

raccy

For the evaluation, the chosen dataset comprising 50 residential houses was selected, each

with specific socio-demographic and energy consumption characteristics. The primary fea-
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tures identified as significant in influencing residential energy usage include family size,
household income, and floor size. Additionally, differences in ethnicity among house-
holds were noted, making it essential to consider all four socio-demographic features when
analysing energy consumption patterns. The dataset includes household-level information
on both demographics and power consumption. The socio-demographic attributes were
recorded for each house, encompassing family size (number of occupants), ethnicity (catego-
rized groups), income levels (low, middle, high), and the total floor area (square meters or
square feet). These features were further analysed to investigate their correlation with energy
consumption patterns.

While demographic attributes were considered in the analysis, they were not used as
criteria for clustering. Instead, clustering was based on consumption patterns, which resulted
in groupings where socio-demographic characteristics varied within clusters. Each house was
analysed individually, and then the aggregated socio-demographic features were computed
at the cluster level, indicating the proportion of houses in each cluster exhibiting specific
demographic characteristics. This method allowed for a broader understanding of how
different demographic compositions influence energy consumption trends within clusters.

The proposed methodology, which employs an E2E learning model, has demonstrated
superior performance compared to alternative forecasting approaches. Given that energy
consumption in the residential sector is heavily influenced by socio-demographic factors,
the impact of these features on forecasting accuracy was critically assessed and presented in
Table 3.14.

Table 3.14 Impact of socio-demographic features on forecasting accuracy measured by
MAPE

Cluster No. Without socio-demographic features With socio-demographic features

Co 3.4 2.67
Cl 1.12 1.25
C2 54 2.26
C3 3.49 1.72
C4 2.6 0.96
G5 1.37 1.41
Co6 2.07 1.72
C7 0.88 244
C8 1.71 1.99
C9 0.71 2.52

A key observation emerged when comparing forecasting accuracy with and without

demographic data:
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* Clusters with low demographic variability: When a cluster exhibits low variability in
its demographic composition (i.e., most households within the cluster share similar
income levels, family sizes, and home sizes), incorporating demographic data as input
features significantly improves forecasting accuracy.

* Clusters with high demographic variability: Conversely, in clusters where demographic
variability is high, such as clusters 7 and 9, including socio-demographic data in the
forecasting model sometimes led to a decline in accuracy. This suggests that in
highly diverse clusters, consumption patterns are less predictable using demographics
alone, potentially requiring additional behavioural or appliance usage data to enhance
forecasting reliability.

The findings underscore the strong influence of demographics on residential energy
consumption while also highlighting the complex interplay between demographic diversity
and forecasting performance. Although demographics contribute valuable context, their
effectiveness as input features depends on the homogeneity or heterogeneity within the
clusters. These insights emphasize the need for adaptive forecasting models that account for

both individual household characteristics and broader consumption patterns.

3.11 Feature Importance

To further interpret the forecasting performance presented in the previous sections, an assess-
ment of the relative importance of the input variables was undertaken. This analysis provides
additional insight into how different categories of input features influenced the forecasting
outcomes across the residential clusters. Understanding the relative importance of input
variables is essential in residential load forecasting, particularly when multiple sources of
variability such as historical consumption patterns, and socio-demographic characteristics are
incorporated into the forecasting framework. Although advanced post-hoc explainability tech-
niques such as SHAP or LIME were not implemented in this study, feature importance was
evaluated through a combination of statistical analysis and comparative model performance.

For the input variables derived from historical electricity consumption, Spearman rank
correlation analysis was used to identify the most relevant lagged observations. This approach
was selected because residential load data often exhibits non-linear relationships, and the
Spearman coefficient can capture monotonic dependence without assuming linearity. By
applying this analysis, only lagged features with the strongest correlation to the forecasting
target were retained as model inputs. This reduced dimensionality while ensuring that the

most informative temporal patterns were preserved within the forecasting model.
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In addition to temporal features, the contribution of socio-demographic variables was
assessed by comparing forecasting performance under different input combinations. Separate
scenarios were developed to evaluate the influence of demographic inputs on forecasting
accuracy. A further observation from the clustering analysis showed that the importance of
socio-demographic features varied across clusters. Clusters with relatively low demographic
variability achieved improved accuracy with only one or two demographic variables, whereas
clusters with higher demographic diversity required a broader range of socio-demographic
inputs to achieve similar improvement. This suggests that feature importance is not uniform
across all household groups and depends strongly on the behavioural characteristics of each
cluster.

Overall, the feature importance analysis demonstrated that the forecasting framework
benefits from combining statistically selected temporal features with contextual household
information. These findings also support the need for cluster-specific feature selection when
modelling heterogeneous residential electricity demand.

This chapter provides a comprehensive explanation of the proposed methodology for TD
hierarchical forecasting, detailing its approach and demonstrating its effectiveness through
various scenarios. It highlights the model’s high performance by analysing results from
multiple case studies and comparing outcomes across different forecasting models. Addi-
tionally, the chapter offers practical guidelines on the potential benefits of incorporating
socio-demographic features in forecasting models, particularly within the residential sec-
tor. It outlines specific scenarios where these attributes can enhance forecasting accuracy
by capturing behavioural patterns and consumption trends, thereby improving the model’s

predictive capabilities and overall performance.



Chapter 4

Analysis and Modelling of Residential
Load Profiles with Electric Vehicle
Integration

4.1 Abstract

This chapter examines the impact of EV integration on residential electricity demand and
evaluates how EV charging behaviour can be incorporated into the forecasting framework
developed in Chapter 3. Since residential consumers typically exhibit highly variable con-
sumption patterns, the addition of EV charging can further alter daily load profiles and
influence forecasting accuracy. To assess this effect, residential demand is analysed before
and after EV integration to establish a comparative baseline and quantify the additional load
introduced by charging. The chapter also investigates the methodology used to generate
additional EV charging profiles and assesses the resulting changes in forecast performance
under different EV penetration scenarios.

4.2 Evaluation of Residential Load Profiles without Electric
Vehicles

Residential load patterns vary considerably with lifestyle and occupancy behaviours, which
often differ between weekdays and weekends. Previous studies [110] have shown that
electricity consumption is influenced not only by location and demographic factors but also
by the day of the week, which in turn affects EV charging behaviour. Accordingly, capturing

the weekday and weekend differences in the baseline (non-EV) load profiles is a necessary
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first step for accurately evaluating how EV adoption alters demand under realistic operating
conditions. Therefore, separate weekday and weekend profiles are generated for each
household within each cluster, followed by an in-depth analysis of daily load patterns. This
detailed analysis is essential for understanding the impact of EV integration on residential
load profiles and the performance of forecasting model, which is the primary focus of this
chapter. As discussed earlier, the dataset used in this study spans nine years (2013-2021)
and comprises hourly electricity consumption data. To create representative load profiles, the
data is categorized by days of a week, and consumption within each category is averaged.

Additionally, residential load profiles vary significantly depending on the day of the week.
To capture these variations, separate weekday and weekend profiles are generated for each
household within each cluster, followed by an in-depth analysis of daily load patterns. This
detailed analysis is essential for understanding how EV integration alters load profiles and
affects forecasting performance, which is the primary focus of this chapter. As discussed
earlier, the dataset used in this study spans nine years (2013-2021) and comprises daily hourly
electricity consumption data. To create representative load profiles, the data is categorized by
day of the week, and consumption within each category is averaged.

In Chapter 3, a hierarchical clustering approach is applied to group 50 residential house-
holds into 10 clusters. Of these, three clusters, Cluster 0, Cluster 2, and Cluster 6 consist
of homes without EVs, while the remaining seven clusters include households with EVs, as
detailed in Table 4.1.

Table 4.1 No. of EVs in each cluster

Cluster No. of Households No. of EVs

COo 1 0
Cl1 4 1
C2 1 0
C3 3 2
C4 10 1
G5 2 1
C6 1 0
C7 13 5
C8 3 2
9 12 6

To assess the impact of EV adoption on daily load profiles, the analysis in this chapter
focuses specifically on those clusters with EV households. This detailed dataset-specific
analysis provides crucial insights into baseline consumption behaviours, enabling a clear

evaluation of how EV integration alters residential load profiles and, consequently, the
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forecasting model’s accuracy. Furthermore, while the findings are derived from this specific
dataset, the observed patterns and impacts are expected to be indicative of similar residential
contexts where EV adoption trends follow comparable characteristics.

First, the daily load profiles of these households are analysed without EV charging
included in an hourly total load. Subsequently, the same analysis is conducted with integrated
EV charging, enabling a comparative assessment of the changes in daily load profiles due to
EV charging. Additionally, each cluster’s daily load profile is segmented into smaller time
intervals, which are explained in the subsequent sections. This level of granularity is essential
for understanding the variations in daily load patterns between houses with and without EVs.

Moreover, this section presents a detailed data analysis based on the 7 out of 10 identified
clusters that have EVs , providing extensive descriptions of time slots within each cluster.
This thorough investigation is crucial to justify the reason of analysing this specific dataset
in such depth. By doing so, the study establishes a strong foundation for understanding

importance of accounting EV integration to residential load forecasting models.

4.2.1 Cluster1

A comparison of the average daily electricity consumption profiles for weekdays and week-
ends in a house of Cluster 1 is presented in Fig. 4.1. The green line represents weekday
consumption, while the blue line corresponds to weekend consumption. Some key insights

observed from the graph are discussed as below:

* Early morning (00:00 - 6:00): Electricity consumption is relatively low during the
early hours of a day for both weekdays and weekends. During this period, weekend
consumption is slightly higher than weekday levels, aligning with findings from
residential load studies that report elevated electricity usage on weekends compared to
weekdays [111].

* Morning (6:00 - 10:00): On weekdays, a small rise is observed at 6:00 hrs reflecting
early morning household activities.. On weekends, the increase occurs more gradually
but peaks at a higher level than on weekdays, consistent with findings from residential
load studies that show weekend demand patterns often shift to later in the morning due

to altered household routines [112].

* Afternoon (10:00 - 16:00): Weekend consumption remains consistently higher than
weekdays throughout this period. This could be due to more people staying at home

on weekends, using appliances, entertainment systems, and air conditioning.
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Fig. 4.1 Comparison of weekday and weekend profiles for Cluster 1

* Evening peak (16:00 - 21:00): A noticeable peak occurs in between 18:00 hrs and
20:00 hrs for both weekdays and weekends. This represents typical evening activities
such as lighting and cooking. The peak for weekdays is slightly sharper, suggesting
concentrated consumption after work hours, while weekends have a slightly more
sustained peak.

* Night (21:00 - 23:00): After the peak, both weekday and weekend consumption
declined steadily into the night. However, weekend consumption remains slightly

elevated, reflecting extended leisure or other social activities.

The graph highlights notable differences in electricity usage between weekdays and weekends.
Weekends show higher consumption levels during late nights, and the mornings, likely due

to differing routines and activities compared to weekdays.

4.2.2 Cluster 3

Fig. 4.2 compares the weekday and weekend load profiles of two houses with IDs 1169 and
3482 within Cluster 3. Since both houses have EVs, this allows for a clearer comparison of

the changes after incorporating EV charging, which will be discussed later.
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Fig. 4.2 Comparison of weekday and weekend profiles for Cluster 3

Early morning (00:00 - 5:00): During the early morning period, House 1169 shows
consistently low electricity consumption on both weekdays and weekends, with only
small variations. A similar pattern is observed for House 3482 during weekdays;
however, on weekends the same household exhibits a pronounced spike in consumption
between 3:00 hrs and 5:00 hrs, significantly exceeding weekday levels.

According to the household information available in the dataset, House 1169 consists of
two residents and falls into the lower income category, whereas House 3482 comprises
a single resident and belongs to the high income category. These socio-economic
differences may help to explain the observed behaviour, as higher income households
typically own a larger number of appliance intensive systems (e.g., entertainment
devices or electric heating), the use of which is more likely to occur during late night

or early morning hours on weekends.

Morning (5:00 - 7:00) House 1169 exhibits a sharp rise in consumption around 5:00
for both weekdays and weekends, likely due to morning activities such as preparing
breakfast and starting household appliances. Both house 1169 and 3482 have no

significant variation in weekday and weekend profiles for this duration.
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e Daytime (7:00 - 15:00): The profiles during these hours for House 1169 are nearly
identical, with no significant variation between weekdays and weekends. This suggests
that daytime consumption patterns, such as heating, cooling, or other routine uses,
are consistent across both types of days. Whereas House 3482 has both weekday and
weekend profiles showing a drop in consumption after the early morning spike, but the

patterns remain consistent across both days, with slight fluctuations.

* Evening peak (15:00 - 21:00): Both weekdays and weekends display a clear rise
in consumption during the evening, peaking in between 18:00 hrs and 19:00 hrs for
House 1169. The peaks align closely, indicating that evening activities, such as cooking,
entertainment, and lighting, are similar regardless of the day of the week.

* Night (21:00 - 23:00): The decline in consumption during these hours is almost
identical for both profiles, reflecting similar end-of-day routines.

Therefore, it is concluded that House 1169 exhibits minimal differences in electricity
usage between weekdays and weekends. The only notable variation occurs during the
early morning peak. Overall, the load profiles remain closely aligned, suggesting that this
household follows a consistent consumption pattern. This stability could be influenced
by factors such as steady occupancy, automated appliances, or a regular daily routine.
Such consistency provides a clear baseline for further analysis, including the impact of
EV integration on load profiles. In contrast, House 3482 demonstrates consistently higher
electricity usage during the early morning hours on weekends compared to weekdays,
indicating specific activities or appliance usage during this period.

Although both houses belong to the same cluster, House 3482 exhibits distinct behaviour,
particularly the early morning surge on weekends. This variability within the cluster may
reflect individual lifestyle differences, such as staying up late or using specific appliances.
However, for the rest of the day; daytime, evening, and nighttime, the load profiles of both
houses remain largely similar, reinforcing the shared characteristics of the cluster.

4.2.3 Cluster 4

Fig. 4.3 shows the daily load profile of the single household in this cluster having an EV.

* Midnight to early morning (00:00 - 9:00): Both weekdays and weekends show lower
consumption during these hours. Consumption is slightly higher on weekends, possibly
due to altered sleep patterns.
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Fig. 4.3 Comparison of weekday and weekend profiles for Cluster 4

* Daytime (9:00 - 16:00): Weekdays show slightly more stable but lower usage, reflecting
periods when many residents are at work or school. On the other hand, weekend
consumption gradually rises, driven by home-based activities.

* Evening peak (16:00 - 22:00): Both profiles converge, with similar high consumption
levels during this period, driven by activities like cooking, heating, lighting, and enter-
tainment. However, weekday consumption rises higher than weekend consumption
around 20:00, likely due to the completion of pending tasks in preparation for the
following day, whereas weekends tend to be more relaxed.

» Late night (22:00 - 23:00): Usage starts to decline, with weekdays showing slightly
sharper drops, likely due to stricter bedtime routines compared to weekends.

The load profile for this house exhibits a similar shape on both weekdays and weekends,
with two distinct peaks in the morning and evening. However, the magnitude and timing of
these peaks differ. This pattern underscores the importance of adjusting grid management

strategies to account for weekday versus weekend variations, particularly in demand response
programs.

4.2.4 Cluster 5

This section discusses the houses in cluster 5 that own EV.
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Fig. 4.4 Comparison of weekday and weekend profiles for Cluster 5

Midnight to early morning (00:00 - 6:00): During weekdays, electricity usage starts
at around 1.0 kW, with a slight decrease until 4:00. Whereas, weekend consumption
remains consistently lower, around 0.5 kW, possibly reflecting reduced nighttime

activity or more efficient use of appliances.

Morning peak (6:00 - 9:00): There is a significant increase in weekdays usage, peaking
around 1.5 kW by 9:00. This suggests a sharp rise due to typical weekday routines like

cooking, heating, or preparing for work and school.

Daytime (9:00 - 16:00): Weekdays have steady increase, with usage ramping up
consistently from around 1.5 kW at 9:00 to over 2.5 kW by 16:00. This may indicate
heating or cooling systems running in the absence of occupants or additional daytime
activities at home including working from home. A flatter profile is observed for
weekends, stabilizing between 0.5 and 1.0 kW throughout the day. This reflects fewer

appliances being used or more consistent, low energy activities.

Evening peak (16:00 - 21:00): An evening peak is observed around 18:00, reaching
approximately 3.5 kW, before declining steadily. This is likely driven by high energy
activities like cooking, heating, and entertainment. Weekends have smaller increase
suggesting that evening energy usage is spread out more evenly compared to weekday
spikes.
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* Late night (21:00 - 23:00): During this period, a sharp decline in consumption is
observed after 21:00, dropping to 1.0 kW by 23:00, consistent with people winding
down for the day.

This house has stronger peaks during mornings and evenings on weekdays, which reflect
structured routines driven by work and school schedules. The higher overall consumption
suggests increased use of appliances such as HVAC systems or other high-energy devices
during these periods. The weekend profile is significantly different from weekdays, with a
flatter profile with fewer sharp increases, suggesting more flexible and evenly distributed
energy use. Lower overall consumption could reflect more energy-conscious behaviour or
reduced reliance on certain appliances.

The sharp weekday peaks could strain grid resources, highlighting the need for demand-
side management strategies like time-of-use pricing or load shifting. Whereas weekends
represent a more balanced load, providing opportunities for better integration of renewable

energy.

4.2.5 Cluster 7

This graph illustrated in Fig. 4.5 compares weekday and weekend profiles for five houses
within the same cluster. Despite individual variations, the houses share comprehensive
patterns reflective of their clustering, likely due to similarities in energy consumption be-
haviour, household size, appliance usage, or schedules. The details analysed and evaluated

are discussed below:

* Overall shape and profile: Both weekday and weekend load profiles generally exhibit
a similar pattern, suggesting that the cluster comprises households with standard daily
routines. Power consumption remains low from midnight to early morning (00:00
— 6:00). Two distinct peaks are observed: a morning peak and a more pronounced

evening peak.

1. Morning Peak (7:00 — 10:00): Corresponds to household activities such as
cooking, heating, and preparing for the day.

2. Evening Peak (18:00 —22:00): It is more prominent in most households, reflecting

evening routines, including cooking, entertainment, and appliance usage.

Weekend consumption tends to be slightly higher than on weekdays, particularly in
the afternoon and evening, indicating more flexible schedules and prolonged home
occupancy.
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Fig. 4.5 Comparison of weekday and weekend profiles for Cluster 7
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* House specific characteristics:

1. House 1642 and 2814: Both weekday and weekend load profiles are largely
similar, with a distinct evening peak. While minor variations exist, overall

consumption remains consistent across both periods.

2. House 5403 and 9729: Weekend consumption is slightly higher than weekday
usage, particularly in the afternoon and evening. However, the overall curve

shape remains consistent, reflecting predictable household routines.

3. House 8236 (Anomaly): Unlike other households, house 8236 displays a sharp
peak at midnight (00:00 — 2:00), surpassing the evening peak. This indicates an
unusual consumption pattern, likely driven by late night appliance usage, such as
electric heating or other high-power devices.

* Interpretation and implications: The overall similarity between weekday and weekend
load profiles reinforces the idea that Cluster 7 comprises households with consistent
daily routines, making it well suited for aggregated load forecasting. However, minor
deviations, such as the unique behaviour of House 8236, emphasize the importance
of accounting for anomalies in forecasting models. Incorporating outliers or employ-
ing flexible peak detection methods can help refine predictions and improve model

accuracy.

In summary, this cluster largely follows a typical residential load pattern, characterized by
low nighttime consumption and two main peaks in the morning and evening. The weekend
consumption tends to be slightly higher, especially in the evening. However, House 8236
stands out with an unusual midnight peak, indicating distinct usage behaviour that should be
considered in forecasting models. Overall, the consistency between weekday and weekend
profiles highlights the cluster’s homogeneity, making it well suited for aggregated demand
modeling and forecasting.

4.2.6 Cluster 8

Fig. 4.6 compares the weekday and weekend residential load profiles for two houses (7989
and 9609) in this cluster. Both profiles exhibit cluster consistent patterns with key variations

reflecting household specific energy consumption behaviours.

* Late night consumption (00:00 - 6:00): House 9609 (dashed lines) exhibits notably
higher power consumption during late night hours, especially on weekends. In con-
trast, House 7989 shows a decreasing trend during this period, though its weekend

consumption remains slightly higher than on weekdays.
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Fig. 4.6 Comparison of weekday and weekend profiles for Cluster 8

* Morning to midday period (6:00 — 14:00): During the late morning and early afternoon,
power consumption stabilizes at a lower level for both houses. From the afternoon to
evening (14:00 — 22:00), both houses experience a steady rise in power consumption,
culminating in a distinct evening peak between 20:00 and 22:00. House 7989 reaches
slightly higher peak values compared to House 9609. Weekend consumption exceeds
weekday levels for both houses in the evening, reflecting increased household activity
during weekends.

* Late night (22:00 —00:00): Weekend power usage remains slightly higher than weekday
usage, particularly for House 9609, which shows a late-night increase.

* Energy management: House 7989 could benefit from demand-side management tar-
geting evening peak reduction on weekdays whereas House 9609, with its consistent
weekend load, might be more adaptable to time-of-use pricing or renewable integration
strategies.

* Forecasting: The consistent evening peak across both houses suggests strong pre-
dictability, useful for load forecasting models. The subdued weekend profile of House
9609 indicates a lower contribution to cluster-wide weekend variability.
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4.2.7 Cluster 9

The graph in Fig. 4.7 illustrates the weekday and weekend load profiles for six houses in
the same cluster. While individual variations exist, the overarching trends reflect the shared

characteristics of the cluster, with energy usage dominated by morning and evening peaks.

* Cluster wide trends: Between midnight and 6:00, all houses exhibit low power con-
sumption, with minor fluctuations likely caused by standby appliances or occasional
night time usage. A gradual increase in consumption is observed from early morning,
starting around 6:00 and continuing until 10:00. On both weekdays and weekends,
a pronounced peak occurs between 18:00 and 20:00, likely influenced by household

activities such as cooking, heating, and entertainment.
* House specific observation:

1. House 3967 and House 545: Both houses exhibit highly similar load profiles on
weekdays and weekends. The gradual increase in consumption from morning to
evening, culminating in a peak between 18:00 and 22:00, indicates a stable and

predictable usage pattern.

2. House 1714 and House 2335: These two houses exhibit slightly higher evening
consumption on weekends compared to weekdays. House 2335 shows a more
pronounced evening peak between 20:00 and 22:00, likely driven by increased

appliance usage or entertainment during this period.

3. House 4998 and House 6139: These houses exhibit noticeable fluctuations in
consumption throughout the day. House 4998 shows higher early morning usage
between 2:00 and 6:00, suggesting possible night time appliance operation. In
contrast, House 6139 displays a distinct evening peak from 18:00 to 22:00, similar
to other houses, but with a more gradual increase in load.

* Correlations between Houses: The general similarity in profile shapes confirms the
shared behavioural and demographic factors within the cluster. Variations in the
magnitude of peaks likely originate from differences in household size, appliance

ownership and usage patterns, or differences in heating or cooling needs.

* Forecasting and modeling: The consistent morning and evening peaks across all
houses strengthen the predictability of cluster wide energy demand. Houses with

unique profiles add diversity to the dataset, enriching forecasting model robustness.
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Fig. 4.7 Comparison of weekday and weekend profiles for Cluster 9
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4.3 Impact of EVs on daily load profile

This section examines the impact of EV integration on the daily load profiles of residential
consumers and categorises different EV charging levels. Understanding this impact on
residential consumption patterns is essential, as it enables accurate assessment of electricity
demand changes, peak load distribution, and overall consumption resulting from EV adoption.
Such insights are critical for optimising grid management strategies, ensuring efficient energy
distribution, and facilitating the seamless integration of EVs into residential power systems.

The analysis is based on households introduced in the previous section, where load
profiles without EV charging were examined to establish a baseline. After establishing
the baseline variability through the weekday and weekend analysis, the EV integration
assessment shifted its focus to seasonal effects. Seasonal conditions have a direct and
pronounced influence on both residential electricity consumption due to heating and cooling
needs and EV charging requirements [113]. Consequently, seasonality becomes the dominant
driver of load variability once EVs are introduced [114]. For this reason, the analysis
prioritizes seasonal scenarios to provide a more realistic and meaningful evaluation of the
EV impact on residential load profiles and the forecasting model. By comparing load profiles
before and after EV integration, this study identifies how residential consumption behaviours
are influenced by the EV charging loads.

To assess the impact of EV charging, daily EV charging data is first analysed to determine
common charging power levels. This approach enables the identification of distinct charging
categories, which are crucial for understanding the extent and nature of EV induced load
changes. Although the clustering in Chapter 3 was conducted based solely on household
load profiles without incorporating EV charging data, this does not affect the validity of the
current analysis. On the contrary, it supports the core objective of this research, which is
to evaluate how integrating EVs into existing residential consumption patterns influences
forecast accuracy within these pre-established clusters.

In general, most households use level 2 charging, the most common residential method,
which operates on AC power with levels ranging from 3.3 kW to 22 kW, depending on
charger capacity and supply. In this study, however, majority of the households charge their
EVs at 3.3 kW (categorised as low power AC charging), while a smaller portion charges at a
medium power level of 7.2 kW. Only one EV charges at a higher power level, exceeding 7.2
kW and reaching up to 15 kW.

The dataset records EV charging consumption separately from the main household load,
capturing actual charging behaviour rather than assuming maximum rated power use. Based

on this data, charging sessions are categorised into three groups:
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1. Trickle charging: This method refers to low power, long duration charging, typically
using standard home sockets. It is the slowest form of EV charging and can take up
to 24 hours to fully charge a battery, depending on its capacity [115]. Due to its low
power output, trickle charging is generally used for overnight charging or when faster
charging options are unavailable. It is mostly used for maintaining battery levels or

slow overnight charging.

2. Regular charging: This typically refers to level 2 charging with moderate power levels,
commonly used by residential EV owners [116]. It operates within a power range
of approximately 1.5 kW to 3 kW, providing a balance between charging speed and
energy efficiency. Regular charging is one of the most widely used methods, offering a
practical solution for overnight or extended duration charging without placing excessive

demand on the household electrical system.

3. High power charging: In the residential sector, this category refers to charging sessions
characterized by high power demand and elevated energy consumption, typically
involving faster charging rates that exceed standard household charging levels. It
involves charging at power levels exceeding 3 kW, enabling faster battery recharging
compared to lower power methods. High power charging is suitable for users who
require quicker turnaround times, though it may place a greater load on the electrical

system and increase energy costs [115], [116].

As the dataset provides hourly EV consumption data rather than direct charging categories,
a threshold based approach was applied to classify sessions. The annual EV consumption
data was first divided into seasonal datasets to capture behavioural variations throughout the
year. Charging consumption between 0.5—1.5 kW was classified as trickle charging, between
1.5-3 kW as regular charging, and above 3 kW as high power charging. After classification,
the number of sessions per category was summed for each hour to analyse the distribution of
charging behaviour throughout the day.

Each household within the clusters was evaluated based on these categories, enabling a
detailed examination of the frequency and timing of different charging levels. This structured
classification approach offers critical insights into how varying EV charging behaviours
influence residential load profiles. By segmenting EV charging into distinct categories and
analysing their respective impacts, the findings inform enhancements in load forecasting
models and support effective energy management strategies in the context of increasing

residential EV adoption.
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4.3.1 Cluster 1

The house in Cluster 1 with an EV is identified by ID 6990, and this EV utilises all three
charging types. Since EV charging is influenced by temperature variations, seasonal load
profiles have been generated. Fig. 4.8 illustrates the different charging types across seasons,
with each category analysed in detail for every season.
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Fig. 4.8 No. of charging sessions per type for House 6990

1. Trickle Charging: Trickle charging is consistently present throughout the day in all
seasons, maintaining a relatively stable pattern with minor fluctuations. This suggests
that the EV is often left plugged in for slow charging. In summer, trickle charging
occurs throughout the day but contributes less compared to other charging types,
indicating a preference for faster charging during warmer months. In autumn, it
remains the least dominant charging type but still appears consistently. During winter,
trickle charging becomes more prominent in the morning, particularly between 6:00
and 8:00, likely due to battery pre-conditioning for optimal efficiency. In spring, its
presence is steady, similar to autumn, with slightly higher usage in the morning and

late evening.



4.3 Impact of EVs on daily load profile 97

2. Regular Charging: Regular charging increases significantly during the evening hours
across all seasons, acting as an intermediary between slow and high power charging. It
is likely to be used when the EV does not require an urgent top up but needs to be ready
for the next day. In summer, regular charging is most prominent in the afternoon and
evening, suggesting that the car is used more frequently and requires recharging before
night. During autumn, there is a gradual increase throughout the day, peaking between
18:00 and 22:00, indicating that end of day charging is common. In winter, it is less
dominant in the early hours but becomes more noticeable in the evening, aligning with
trickle charging being more frequent in the morning. In spring, the pattern is similar to
autumn, with an evening peak but a slightly more consistent presence throughout the

day.

3. High Power Charging: High power charging is primarily utilised in the evening
between 18:00 and 22:00 across all seasons, suggesting that the household prefers
quickly recharging the EV after daily use. In summer, the number of high power
charging sessions is at its peak, particularly in the evening, possibly due to longer trips.
During autumn, usage remains significant but slightly lower than in summer, while
the evening peak remains dominant. In winter, high power charging is less frequent
compared to summer and autumn, likely due to reduced battery efficiency in cold
temperatures, which may encourage slower charging strategies. In spring, the pattern

is similar to autumn but with a slightly lower magnitude.

4.3.2 Cluster 3

Both houses (1169 and 3482) in Cluster 3 exhibit similar charging behaviours, yet they differ
notably in the frequency and timing of their charging sessions, as illustrated in Fig. 4.9 and
Fig. 4.10.

Both houses experience a peak in charging sessions during the early morning hours
(2:00-6:00) across all seasons, indicating a reliance on overnight charging, likely influenced
by time-of-use tariffs or preferred charging habits. They utilise trickle, regular, and high
power charging throughout the year. High power charging is primarily concentrated in the
evening, while trickle charging remains steady throughout the day. Autumn and spring
display similar patterns, with lower but consistent charging activity compared to summer.

House 3482 records significantly more charging sessions than House 1169, particularly
in summer and autumn, suggesting higher EV usage or more frequent recharging. This
difference is most evident in the early morning peaks, where House 3482 registers nearly

twice as many charging sessions as House 1169.



4.3 Impact of EVs on daily load profile 98

Despite both houses following a similar early morning charging pattern, House 3482
exhibits a more pronounced concentration of sessions between 4:00 — 6:00, whereas House
1169 displays a more even distribution of charging events throughout the day. Additionally,
House 1169 maintains a notable level of charging activity in the evening (18:00 — 22:00),
whereas House 3482 experiences a sharp decline after 18:00. This suggests that House 1169
may rely more on high power charging later in the day, while House 3482 prefers to complete

charging primarily during early morning hours.
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Fig. 4.9 No. of charging sessions per type for House 1169

4.3.3 Cluster 4

The graph in Fig. 4.11 represents the number of charging sessions per type (trickle, regular,
and high-power charging) for a specific household across different seasons.

Across all seasons, charging activity peaks significantly between 2:00 and 4:00, indicating
a strong preference for overnight charging. This pattern is likely to be influenced by lower
electricity tariffs or the convenience of charging when the vehicle is not in use. Trickle,
regular, and high power charging occur throughout the year, reflecting a mix of charging
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Fig. 4.10 No. of charging sessions per type for House 3482

strategies. High power charging is particularly common in the evening and during peak
morning hours.

A secondary peak is noticeable around 21:00, though it is less pronounced than the early
morning surge. This suggests that some level of recharging takes place after daily usage,
likely to ensure sufficient battery levels for the next day.

During summer, high power charging is most prominent in the early morning, which
may indicate frequent vehicle use and a need for rapid recharging, possibly due to longer
summer trips. In autumn, all three charging types are present, but high power charging
remains dominant. Similar to summer, overnight charging is common, though a slight
decline in total sessions suggests a reduced travel frequency. In winter, trickle and regular
charging become more prevalent, while high power charging decreases. This shift could
be attributed to lower travel demand in colder weather, with trickle charging potentially
used for battery pre-conditioning. In spring, high power charging patterns resemble those
seen in autumn. As temperatures rise, vehicle usage increases, leading to a similar charging
behaviour. Additionally, the evening charging peak is more prominent compared to winter.

Overall, the household primarily relies on overnight charging, with occasional evening

sessions. High power charging is dominant in summer and spring, while winter sees a greater
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Fig. 4.11 No. of charging sessions per type for House 2470

reliance on trickle and regular charging. These seasonal variations in charging behaviour
likely reflect changes in travel needs, the impact of temperature on battery efficiency, and

electricity pricing strategies.

4.3.4 Cluster 5

The charging sessions of a house in Cluster 5 with EV is illustrated in Fig. 4.12. The charging
activity for this EV is predominantly concentrated in the evening, between 16:00 and 22:00.
Unlike the EVs in Cluster 4, where early morning charging from 2:00 to 4:00 was dominant,
this dataset shows peak charging occurring in the late afternoon and evening, with the most
significant surge between 18:00 and 20:00. This pattern likely aligns with vehicle users
returning home from work and plugging in their EVs for recharging.

In this case, charging in early morning (00:00-6:00) remains minimal, suggesting that
overnight charging is not a common practice in this dataset. Several factors could contribute
to this trend, including tariff structures that do not incentivize night time charging, user
preferences, or limited access to overnight charging infrastructure. High power charging

is the most prominent during evening peaks, indicating a preference for quick recharges



4.3 Impact of EVs on daily load profile 101

m Trickle Charging ™ Regular Charging ~ ®High Power Charging mTrickle Charging ~ ®Regular Charging = High Power Charging

200
100
50 I I
0 = i
O L N
: S : S : S : S §
NN M & & NI

w
s
S

No. of Charging Sessions

No. of Charging Sessions
- o= w1
s 3 2 B OB
- 8 8 & 8 2
-
1
D
7 -
% m—
S —
——

-
S &S S S S @ & & & & ® N ®
F F S § &S & & ESHY U\ N S\ SR\ SV SN N S R\ Y
W S SR, NSRRI RPN T S I G AN N S
Time Time
(a) Summer (b) Autumn
m Trickle Charging ™ Regular Charging ~ ®High Power Charging m Trickle Charging ™ Regular Charging ™ High Power Charging
2 300 g 300
2 S
: 250 : 250
7 %
7, 200 o5 200
£ £
EﬂlSO EDESO
=1 =
& 100 g 1o
St S
S s S 5
= =]
z , 1 - - z , 1 - &
S & & .m“ S Q° m“ N S & &S S S S .@ Q“ S &
S & ¢S &y & .Q“ Q“ @ & & §& S § .@' N
S & § S & F ¢ 2
Time Time
(c) Winter (d) Spring

Fig. 4.12 No. of charging sessions per type for House 4373

after daily use. In contrast, trickle charging appears infrequently, suggesting that slow, long
duration charging is less favored. Additionally, a notable increase in charging activity is
observed in the late morning (10:00-11:00) and early evening (18:00-21:00). This suggests
that some users may follow more flexible daytime charging routines, possibly due to remote
work schedules or midday vehicle use. This behaviour stands in contrast to the overnight
heavy charging patterns observed in other clusters.

The distribution of trickle and regular charging sessions throughout the day indicates a
steady but moderate charging approach, complementing the high demand evening periods.
Rather than relying heavily on overnight charging, users in this dataset appear to engage in
opportunistic charging throughout the day, particularly during the evening rush hours and
midday breaks.

4.3.5 Cluster 7

The charging pattern of House 1642 is characterized by two distinct peak periods: early
morning (1:00 - 7:00) and evening (17:00 — 23:00), illustrated in Fig. 4.13. Substantial

charging sessions dominate energy consumption, particularly overnight and during the
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evening peak, likely influenced by time-of-use electricity tariffs. Regular charging remains
moderate yet consistent, primarily occurring in the evening (17:00 - 22:00), suggesting
routine after work top-ups. In contrast, level 1 trickle charging has a minimal contribution
but becomes noticeable between 7:00 — 22:00, potentially for low mileage trips or battery
maintenance. During the daytime (7:00 — 16:00), charging activity drops significantly,
implying that the vehicle is either in use or away from home.

The overall load profile follows a bi-modal pattern, with demand concentrated in the early
morning and evening hours, reflecting a structured and routine based charging behaviour.
The evening peak (17:00 - 22:00) remains consistent across all seasons, reinforcing a strong
preference for post work charging. Winter exhibits the highest early morning charging,
likely due to cold temperatures and pre-conditioning requirements, whereas autumn shows
the lowest daytime charging activity. In contrast, summer and spring display more midday
charging sessions. High power charging dominates peak hours, while trickle charging is used
sparingly, mostly in the evening. These seasonal variations suggest that charging behaviour

is influenced by time-of-use tariffs, work schedules, and climate conditions.
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Fig. 4.13 No. of charging sessions per type for House 1642
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Fig. 4.14 No. of charging sessions per type for House 2814

The charging distribution for House 2814 reveals distinct patterns across different charg-
ing types. Level 1 trickle charging exhibits small peaks during the evening hours, particularly
between 20:00 and 23:00. Regular charging sessions are minimal, sparsely distributed,
and do not contribute significantly to overall energy consumption. In contrast, substantial
charging sessions are heavily concentrated in the early morning, around 1:00, and see a sharp
increase during the evening hours from 18:00 to 00:00, shown in Fig. 4.14. Key observations
highlight that substantial charging dominates the load profile, especially in the evening, while
there is a noticeable gap in charging activity during the middle of the day, suggesting limited
vehicle presence or usage during work hours.

The charging distribution for House 5403 as shown in Fig. 4.15 reflects a more balanced
charging behaviour compared to other households. Level 1 trickle charging is spread evenly
throughout the day, with noticeable peaks occurring during midday and late evening. Regular
charging sessions are prominent, with a sharp peak at 11:00 and moderate activity persisting
through the evening hours. While substantial charging sessions are less dominant than
in House 2814, they still occur primarily in the evening and are scattered throughout the
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Fig. 4.15 No. of charging sessions per type for House 5403

day. Key observations suggest that this household relies more on regular charging, with a
significant spike at 11:00, possibly indicating a habitual or one-time midday charging event.

The charging distribution for House 8236 is characterized by a distinct early morning
charging pattern, illustrated in Fig. 4.16. Level 1 trickle charging is concentrated between
3:00 — 5:00, with almost no activity observed throughout the rest of the day. Regular
charging sessions are minimal and sporadic, contributing little to the overall load. In
contrast, substantial charging sessions exhibit an extremely high load at 3:00, followed by
a consistent but lower background activity throughout the day. Key observations suggest
that the household relies predominantly on scheduled overnight charging, with minimal
engagement in other charging types. This behaviour likely reflects a deliberate strategy to
take advantage of off-peak electricity rates or a fixed charging routine.

The charging pattern for House 9729, shown in Fig. 4.17 reveals distinct trends across
different types of charging sessions. Level 1 trickle charging, characterized by low power
and long durations, remains minimal but shows an unusual spike at 7:00, possibly due to a
scheduled or automated task. Regular charging sessions, which likely use medium power,
exhibit a steady increase from midday, peaking between 12:00 and 19:00, suggesting align-
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Fig. 4.16 No. of charging sessions per type for House 8236

ment with daytime usage patterns. Substantial charging, involving high power consumption,
peaks significantly between 18:00 and 20:00, likely driven by evening routines or high energy
demand during this period.

Low usage periods are observed between 1:00 and 6:00, reflecting typical overnight low
demand behaviour. The dominance of evening charging, 18:00 — 21:00, suggests a structured
routine, potentially related to post-work vehicle charging or other energy-intensive activities.
These trends highlight potential stress on the energy infrastructure during peak evening hours,
emphasizing the need for demand redistribution to optimize load management and reduce
strain on the system.

The charging behaviours of the three houses exhibit notable diversity despite being part
of the same cluster. House 2814 predominantly charges in the evening, House 5403 follows
a more balanced pattern with a distinct midday charging peak, and House 8236 is heavily
skewed toward early morning charging. These variations have important implications for
load management. The evening peak load from House 2814 could contribute to grid stress,
while the midday charging in House 5403 may align well with solar energy generation if

available. Meanwhile, House 8236’s early morning charging could take advantage of off-peak
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Fig. 4.17 No. of charging sessions per type for House 9729

electricity tariffs, optimizing cost and grid efficiency. Given this variability, demand-side
management strategies must be tailored to accommodate these different charging patterns,

ensuring a balanced grid load and more efficient energy distribution.

4.3.6 Cluster 8

The charging behaviours of House 7989 and House 9609, illustrated in Fig. 4.18 and 4.19
respectively, exhibit distinct patterns, reflecting different usage habits and potential impacts
on the grid. House 7989 demonstrates a more distributed charging profile, with sessions
occurring throughout the day, particularly between 00:00 - 6:00 and sporadically in the
afternoon and evening. This pattern suggests a more flexible charging schedule, likely
influenced by varying daily routines or dynamic electricity pricing. In contrast, House 9609
shows an extremely concentrated charging pattern, with the majority of sessions occurring
between 00:00 - 2:00 and a secondary peak at 21:00. This behaviour indicates a rigid,
possibly automated charging routine, likely set to take advantage of off-peak electricity
tariffs.
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Fig. 4.18 No. of charging sessions per type for House 7989

In terms of charging types, regular charging is the dominant mode in both houses,
but House 7989 exhibits more variation, incorporating high power and trickle charging at
different times. House 9609, however, relies heavily on regular charging with little variation
in charging type or timing. This rigid schedule in House 9609 could pose a greater challenge
to grid stability, as the clustering of charging sessions around midnight may contribute to
peak demand stress. On the other hand, House 7989’s spread out charging sessions may help
alleviate demand spikes, leading to a more balanced grid load.

The underlying reasons for these differences could originate from different household
routines, EV usage patterns, or financial incentives such as time-of-use tariffs. House 9609’s
charging habits strongly suggest a fixed overnight charging strategy, while House 7989
appears to follow a more adaptive and varied approach. Understanding these behavioural
patterns is crucial for designing demand-side management strategies that encourage optimal

charging times, ensuring grid stability while accommodating user convenience.
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Fig. 4.19 No. of charging sessions per type for House 9609

4.3.7 Cluster 9

The houses within this cluster exhibit distinct yet overlapping charging behaviours, with im-
plications for grid management and energy optimization. House 3967 displays a notable early
morning peak in substantial charging between 5:00 — 6:00, likely indicating early commutes
or programmed overnight charging. This is followed by an evening surge (16:00-19:00),
aligning with common post work charging patterns. In contrast, House 545 sees a strong
midday increase in both trickle and substantial charging from 12:00, peaking around 15:00 -
16:00, while evening charging remains present but less dominant. These differences suggest
varied user schedules; House 3967 relies on structured early morning and evening charging,
whereas House 545 may be leveraging solar energy or midday availability for charging.

All other three houses in this cluster; House 1714, 2335 and 4998 exhibit a significant
increase in charging activity during late evening (20:00 — 00:00), in line with typical home
charging behaviour. Houses 1714 and 2335 maintain consistent evening charging peaks,
though House 4998 stands out with an exceptionally high level of substantial charging,
particularly during off-peak hours (00:00 — 4:00). This house appears to rely heavily on high

capacity charging, possibly utilising scheduled overnight sessions or an energy management
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system. While trickle charging remains minimal across all three houses, regular charging is a
key contributor to evening demand.

House 6139 presents a unique charging profile with an extreme spike in regular charging
at 6:00, reaching nearly 700 units far exceeding the cluster average. This may indicate
scheduled EV charging, a high power appliance, or an automated energy task. Additionally,
substantial charging occurs predominantly in the early morning (3:00 - 5:00), with a secondary
peak at 23:00, suggesting structured energy use at night. Unlike other houses, this house
experiences consistently low charging activity from 7:00-22:00, with only minor trickle
charging spread throughout the day. The unusual 6:00 spike differentiates this house from the
rest of the cluster and may require load redistribution strategies. Some of the cluster insights

discussed as below:

» Shared Trends: Most houses exhibit substantial charging during evening hours, typ-
ically between 16:00 and 00:00. Trickle charging tends to increase steadily through

midday and evening, possibly for appliances or slow EV charging.

» Key Differences: House 3967 exhibits substantial early morning charging activity,
likely indicating early departures or an automated charging schedule. In contrast,
House 545 shows a pronounced midday charging peak, potentially leveraging solar
energy for efficiency. House 4998 stands out with the highest levels of substantial
charging, particularly concentrated overnight, suggesting a deliberate shift toward oft-
peak charging. Meanwhile, House 6139 displays an unusual spike in regular charging
at 6:00, which could be attributed to a programmed event or a specific high energy

demand at that hour.

* Load Management & Optimization: The combined peak demand between 12:00 and
20:00 poses a potential strain on local infrastructure, which could be alleviated by
staggering high energy activities across different time slots. Houses with midday
peaks, such as House 545, may benefit from solar energy storage to maximize self
consumption and reduce grid dependence. Implementing smart charging systems could
help distribute substantial charging more evenly, minimizing congestion during peak
evening hours. Additionally, introducing incentives for off-peak charging, particularly
for houses like 4998 and 6139, could enhance grid stability while optimizing energy

Ccosts.

A detailed analysis of residential load profiles with and without EV integration highlights
the significant impact of electric vehicle charging on overall electricity demand. In many

cases, EV integration primarily affects the magnitude of the load, often intensifying the
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evening peak beyond typical levels. If a large proportion of households in a given area own
EVs and choose to charge them simultaneously, particularly during peak evening hours; this
could place considerable strain on the grid. Such a scenario may necessitate infrastructure
upgrades, including transformer reinforcements, to accommodate the increased demand.
Given the potential shifts in load patterns caused by widespread EV adoption, it becomes
crucial to assess whether the designed load forecasting model remain accurate when EV
charging profiles are incorporated. Ensuring reliable forecasting under these conditions is
essential for effective grid planning, demand-side management, and maintaining overall
system stability.

With a clear understanding of how EV charging affects the load profiles of these clusters
particularly the impact of different charging categories and power levels, it is essential to
evaluate whether the developed forecasting model can accurately predict load consumption
when EV charging is incorporated, or whether its performance deteriorates under these
conditions. To conduct this evaluation, additional EV charging load profiles are simulated
using the Monte Carlo method to create scenarios with different EV penetration levels within
the residential clusters. The following sections describe the methodology for generating
simulated EV charging profiles, integrating them into the forecasting framework, and pre-
senting the results that assess the model’s accuracy and robustness under varying levels of

EV integration.

4.4 Methodology to incorporate EV charging profile in
Forecast Model

The increasing penetration of EVs and their charging at residential premises significantly
alters daily load profiles, making it essential to incorporate EV charging effects into residential
load forecasting models. However, the accuracy of such models is heavily dependent on the
availability of high quality EV charging data, which remains scarce. This lack of reliable,
real world data presents a major challenge in developing precise and robust forecasting
models. Without accurate datasets, predicting EV charging behaviour and its impact on the
grid becomes difficult, necessitating alternative methodologies to bridge this data gap.

In this study, Monte Carlo Simulations (MCS) are utilised to address this limitation by
generating additional synthetic 24-hour EV charging profiles. These simulated profiles are
used to create different EV penetration scenarios within the residential clusters, enabling

comprehensive evaluation of the forecasting model under varying levels of EV integration.
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Therefore, a review of Monte Carlo (MC) use cases is included in this section to establish its
suitability for this application.

The MC method is a powerful statistical technique that relies on random sampling to
model complex systems and predict their behaviour. Given that EV charging demand is
influenced by multiple uncertain factors such as driver behaviour, trip characteristics, and
the availability of charging infrastructure availability, the MC approach is particularly well
suited for simulating realistic charging patterns.

By incorporating probabilistic elements, MCS enable researchers and grid operators to
analyse a wide range of possible charging scenarios and assess their impact on residential
load profiles. This flexibility is crucial for evaluating worst case, best case, and average load
conditions, thereby enhancing the robustness of forecasting models. The methodology has
been widely applied in studies focused on EV load profile generation, allowing for more
accurate predictions of energy demand fluctuations and supporting better grid planning and
demand-side management strategies.

This section reviews key studies that have leveraged the MC approach to model and
analyse EV charging load profiles. This review establishes the effectiveness of MCS in
addressing data limitations and capturing the inherent uncertainties of EV charging behaviour,
thereby justifying its application within the methodology of this thesis.

4.4.1 Monte Carlo Simulation Use Cases

Before implementing the MC approach to generate additional EV load profiles, it is essential
to first explore and understand the various use cases. In [73], the authors presented a study
that introduces a methodology for generating EV load profiles using probability density
functions (PDFs) integrated with the MC method to simulate realistic charging behaviours.
PDFs are developed for key parameters, including arrival times, which are derived from
real-world travel patterns, state of charge (SOC) reflecting initial and desired charge levels,
and charging power that varies with charger types and battery characteristics. Once the PDFs
are generated, MCSs are performed to randomly sample from these distributions, generating
numerous potential charging scenarios. Following this approach, load profiles are generated
and these profiles exhibit temporal variability, emphasizing the influence of charging patterns
on peak demand. The method offers flexibility to adapt PDFs for diverse datasets, enabling
application across different geographic or demographic contexts. This study demonstrates
the capability of the MC method to replicate the stochastic nature of EV charging, providing
valuable insights for planning and forecasting grid impacts.

In another study [74], the authors focused on predicting EV charging loads by leveraging
the MC method to capture the inherent variability and randomness in charging patterns. The



4.4 Methodology to incorporate EV charging profile in Forecast Model 112

proposed methodology optimally utilised input parameters such as travel patterns, which
influence arrival times at charging stations; state of charge (SOC) distributions, which reflect
the initial and target charge levels; and charging infrastructure availability, including charger
types and their accessibility. This approach was followed by Monte Carlo simulations, which
performed randomized iterations to simulate diverse charging scenarios and create aggregate
load profiles that effectively captured variations in peak loads and their distribution. The study
concluded that these simulations highlighted peak charging periods and their implications
for grid infrastructure. Overall, this research demonstrated the utility of MCSs in forecasting
charging loads under various scenarios, providing a valuable tool for utility companies and
urban planners.

The authors in [117] present a MC-based approach for user profiling and forecasting
spatiotemporal charging demands. The methodology follows mainly two steps: user profiling
for identification of user behaviour, travel patterns, and charging preferences using statistical
data, and spatiotemporal forecasting, that employs MCSs to estimate charging demand
distributions across different locations and times. The model effectively captures spatial and
temporal variations in charging demands. This study highlights the importance of combining
user profiling with MCSs to forecast localized charging needs, enabling efficient resource
allocation.

In another paper [118], the authors evaluate the impact of EV integration on the power
grid and explore optimal charging schemes under uncertainty using MC methods. Their
methodology involves simulating EV charging scenarios through scenario analysis, which
considers uncertainties in load demand, user behaviour, and charging infrastructure. Based on
these simulations, they develop optimal charging strategies that aim to minimize grid impacts
while ensuring user satisfaction. The findings reveal that uncontrolled charging significantly
increases peak loads, whereas implementing optimal charging schemes substantially reduces
grid stress. This study demonstrates the effectiveness of MCSs in assessing grid impacts and
guiding the development of efficient charging strategies.

In [119], an investigation is conducted to find the hosting capacity of distribution networks
under static and dynamic thermal ratings for controlled and uncontrolled EV charging
scenarios. This study also utilises the MC approach by running simulations for models
charging scenarios under both controlled, i.e., smart charging, and uncontrolled conditions.
The thermal rating is included that considers static and dynamic thermal limits of network
components. It was found that dynamic ratings significantly improve hosting capacity
compared to static ratings. Whereas controlled charging mitigates peak demand, enhancing
grid reliability. This study underscores the role of smart charging and advanced thermal

management in maximizing grid integration of EVs.
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The research in [120] focuses on simulating EV load profiles for smart charging strategies,
incorporating driving behaviours and vehicle performance characteristics. In this research,
driving behaviour analysis and smart charging strategies are included, where driving be-
haviour uses MC simulations to model variability in trip lengths, departure times, and SOC
levels. Smart charging strategies optimize charging schedules based on grid demand and
vehicle requirements. It was found that smart charging reduces grid peaks and improves load
balancing and that driving behaviour significantly impacts load profile variability. This study
demonstrates the integration of driving behaviour into load profile simulations, highlighting
the potential of smart charging for efficient grid management.

In another literature [121], the authors highlight the application of MCS in generating
synthetic load profiles to support asset planning for low-voltage electricity grids. There are
numerous uncertainties involved in a distribution network, such as customer load variability
and EV charging patterns, and this literature utilises probabilistic modeling for these uncer-
tainties. Whereas the paper [122] focuses on forecasting EV-related load demand using MCS,
emphasizing its value for accurate predictions in the context of EV integration.

Studying these research articles, following important points are found.

* Commonalities: All studies leverage the MC method to address uncertainties in EV

charging, incorporating stochastic behaviours and variable parameters.

* Distinct Contributions: The first two studies emphasize general load profile generation

and forecasting.

* Grid Impact Assessments: These studies concentrate on infrastructure planning and

the development of optimal charging strategies.

* Hosting Capacity and Smart Charging: Research in this area emphasizes grid reliability

and load balancing

The reviewed studies collectively demonstrate the versatility of the MC method in
modeling and analysing EV charging loads. From scenario generation and spatiotemporal
forecasting to grid impact assessments and optimal charging strategies, these approaches
provide critical insights into managing EV integration into power grids, emphasizing the

importance of accounting for stochastic behaviours in charging patterns.

4.4.2 Importance of Monte Carlo Approach

Based on the use cases, it has been identified that MC approach is quite useful for the
following scenarios [121]:
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1. Probabilistic Modeling: MCS allows the incorporation of uncertainties inherent in
load profiles, such as customer behaviour, EV charging patterns, and distributed
generation. This probabilistic modeling captures a wide range of possible future
scenarios, enhancing the robustness of grid planning.

2. Scenario Diversity: By generating multiple random realizations, MCS provides a
diverse set of load profiles. These profiles help planners identify edge cases, e.g., peak

loads that deterministic methods may overlook.

3. Scalability and Flexibility: The approach can be adapted to different types of loads,

grid configurations, and emerging technologies, making it a versatile tool for planners.

4. Insight into Asset Utilisation: The detailed load profiles generated via MCS improve
predictions of asset usage, operational constraints, and potential failures, leading to

optimized investments in grid upgrades.

4.5 Monte Carlo Approach for Generating EV load Profile

Monte Carlo simulations have become a widely adopted method in the energy sector for
addressing uncertainties in load forecasting and grid planning. Given the limited availability
of real-world EV charging data, this thesis employs the MC approach to generate additional
EV load profiles. These generated profiles are then integrated with the existing EV load
profiles of the dataset’s residential houses. By integrating additional EV load profiles,
multiple scenarios are simulated to assess the forecasting model’s performance under different
levels of EV penetration. This evaluation helps to determine whether the model can maintain
its accuracy despite fluctuations in EV adoption and charging behaviours. Since the developed
load forecasting model relies on historical 24-hour consumption data, the MC approach used
in this study specifically generates 24-hour EV load profiles to align with the forecasting
framework. This ensures a comprehensive assessment of the model’s robustness in the

presence of increased EV adoption and diverse charging behaviours.

4.5.1 Methodology used for Monte Carlo Simulation

The methodology employed for MCS in this thesis is depicted in Fig. 4.20. The subsequent

sections provide a detailed explanation of each major component of the methodology.
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Fig. 4.20 Monte Carlo Methodology for Creating EV Charging Profiles

Input Data

Extensive literature studies have consistently demonstrated that the accuracy of MCS is highly
dependent on the quality of input data. A fundamental step in this process is identifying the
most influential factors that affect the simulation output specifically, in this case, the EV
charging load profile.

To develop a realistic and reliable simulation framework, it is essential to carefully select
and incorporate key parameters that shape EV load profiles. These parameters not only
enhance the accuracy of the generated profiles but also ensure that the simulation reflects
real world charging behaviours and grid interactions. The following factors are critical when

generating EV load profiles using MCS:

1. EV Characteristics: The characteristics of EVs significantly influence the charging
demand and load profile. The primary parameters include [123], [124], [125]:

* Battery Capacity (kWh): Determines the total energy storage capacity of an
EV, influencing the frequency and duration of charging sessions. Larger battery

capacities allow for longer driving ranges, reducing the frequency of charging
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events. Conversely, smaller battery capacities require more frequent recharges,

impacting the overall load profile.

* Rated Charging Power: Defines the maximum power at which an EV can be

charged, affecting the instantaneous demand on the grid.

* Daily Energy Consumption: Represents the average energy usage per day, which
varies based on driving habits and vehicle efficiency.

* State of Charge (SOC): It represents the remaining battery energy as a percentage
of the total battery capacity and influences charging frequency, duration, and

power demand.

2. Charging Behaviour: Understanding the charging behaviour of EV users is crucial for
modeling realistic load profiles. The key factors include:

* Start Charging Time: The time at which EV users initiate charging significantly
impacts the load curve. Peaks often occur in the evening when users return home

from work, but workplace and public charging introduce additional variations.

* Charging Duration: The length of a charging session depends on battery SOC,
charging power, and user preferences. Longer sessions may lead to sustained

load periods, whereas short duration fast charging increases peak demand.

3. EV Population: The number and penetration level of EVs in a given area affect

aggregate charging demand and grid impact. Essential parameters include:

* Number of EVs in the Area: A higher number of EVs contributes to increased
overall electricity demand, which must be accounted for in load forecasting and
grid planning.

* EV Penetration Levels: Estimations of current and projected EV adoption rates,

helping model future grid load scenarios.

4. Grid or Location Data: The local grid infrastructure and demand characteristics play a
vital role in shaping EV load profiles. The relevant factors include:

* Available Charging Infrastructure: The presence of home, public, and fast charg-
ing stations affects where and when EVs are charged. Insufficient infrastructure

may lead to clustered demand spikes.

* Location Specific Load Profiles: Regional variations in electricity demand, re-
newable energy integration, and grid constraints must be considered to ensure
that EV charging aligns with the existing load curve.



4.5 Monte Carlo Approach for Generating EV load Profile 117

5. External Factors: Various external influences affect EV charging behaviour and energy

demand patterns. Important considerations include:

* Weather Conditions: Extreme temperatures impact battery performance and
efficiency, leading to variations in charging demand. Cold weather, for instance,
increases energy consumption for heating, reducing driving range and requiring

more frequent charging.

* Policy Incentives: Government incentives, time-of-use tariffs, and demand re-
sponse programs influence charging patterns by encouraging users to charge at

off-peak hours or utilise renewable energy sources.

By incorporating these key parameters into MCS, a comprehensive and realistic EV load
profile can be generated, enabling better forecasting, demand management, and grid inte-
gration strategies. These factors collectively ensure the accurate reflection of the stochastic
nature of EV charging and provide insights in the development of robust energy planning
and infrastructure investments.

The dataset used in this research does not include all the desired input features due to the
lack of information. However, the most relevant available features are selected, specifically
those related to battery capacity and charging behaviour. Given that this study focuses
on residential consumers, with the assumption that all EVs are charged at home, charging
infrastructure and location are treated as uniform across all EVs and are not considered
as separate input parameters. Additionally, external factors are not included in this initial
assessment. The PECAN dataset used in this thesis provides EV charging data, including
rated average charging power F,,, , daily energy consumption (E;), battery capacity (C;), and
charging start times (y4,). The primary input parameter, battery capacity (C;) is selected
by the user. Another user defined input feature is the time interval and the number of days.
Since the goal is to generate a daily load profile, the time interval is set to 24 hours. The
main simulation assumptions and their expected influence on the resulting EV load profiles

are summarised in Table 4.2.

Probability Distribution Functions

MCSs are widely used to model uncertainties in EV load profiles by representing key
parameters as probability distributions. To generate additional EV charging profiles, available
data is used to identify PDFs for the key variables Pyyg, 5qr and tepg.

PDF describes the likelihood of different values occurring for a given variable, helping to
capture the statistical variability in EV charging behaviour. By analysing historical data, the

PDF is estimated for the key charging parameters, which are then used to simulate diverse
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Table 4.2 Monte Carlo assumptions and their expected influence on EV load profiles

Parameter Assumption Expected influence

Battery capacity (C;) Defined by the user ac- Larger battery capacities increase
cording to the battery ca- charging duration and total daily
pacity categories repre- energy demand.
sented in the dataset

Charging power Derived from the histori- Higher charging power increases

(Pavg) cal probability distribution peak magnitude while reducing
function charging duration.

Charging start time Sampled from the histori- Earlier charging shifts additional

(tstart) cal charging time distribu- demand into the residential
tion evening peak period.

Charging location All EV charging assumed Concentrates EV demand within
to occur at home the residential household load pro-

file.

EV charging scenarios. Once the PDF is established, the next step is to derive the cumulative
distribution function (CDF).

Cumulative Distribution Function

CDF provides the probability that a variable, such as EV charging load, does not exceed a
certain value. It is obtained by integrating the PDF and is particularly useful for evaluating
load exceedance probabilities, which are essential for grid stability analysis and demand-side

management. Mathematically, the CDF is expressed as:

F(x):P(ng):/x Flt)de .1)

—00

where, f(t) represents the PDF of random variable x and F (x) is the corresponding CDF.

Sampling Using the Inverse Transform Method

Once the CDF is established, Monte Carlo sampling is performed to generate EV charging
load profiles. In this process, a random value is first drawn from a uniform distribution.
This is required by the inverse transform sampling method because the CDF always lies in
the interval [0, 1], and the uniform value serves purely as a probability input. The inverse
transform is then applied to map this value to a sample from the empirical distribution of
the charging parameters, specifically obtaining Py, fsqr and 7,,4 in this case. The charging

start and end times are therefore selected based on the empirical distribution derived from



4.6 Electric Vehicle Load Profiles Generated via Monte Carlo Simulation 119

the existing dataset, ensuring that the random sampling reflects patterns observed in the real
data. This procedure generates a daily charging profile for a single EV, incorporating factors
such as rated average charging power and charging duration, and is subsequently repeated to
create charging profiles for the desired number of days.

Simulating EV Charging Profiles

Following this process, the daily charging profile of an individual EV is simulated, including
the start and end times of the charging event, the average charging power at which charging
occurs. By leveraging PDFs and CDFs within MCS, realistic EV charging behaviours can be

modeled, enabling more accurate load forecasting and grid impact assessments.

Aggregate Profiles for the Population

Aggregate the individual EV load profiles to generate a total load profile for the entire
EV population. This process includes summing the individual profiles of all EVs at each
time step (e.g., hourly resolution) and repeating the aggregation across all simulation runs.
Once a number of EV profiles are generated using MCS then they are combined with
existing charging profiles in the dataset to create various scenarios that are evaluated to check

performance of the built load forecast model.

4.6 Electric Vehicle Load Profiles Generated via Monte

Carlo Simulation

The clusters created using the PECAN dataset contain EVs in 7 out of 10 clusters. To generate
EV load profiles using MCS, data from these EVs has been utilised. Table 4.3 provides
details of the EV models and their corresponding battery capacities. When simulating EV
charging load profiles, battery capacity can either be modeled as a distribution function or
selected by the user. In this thesis, battery capacity is user defined. All of the EVs charge at a
maximum power rating of either 3.3 kW or 7.2 kW, with actual charging power varying below
these limits based on the capacity of the household electrical circuit and the battery’s SOC.
To generate samples, historical data on average charging power has been used, following the
inverse transform sampling method explained earlier in the methodology. The historical data

is selected based on the desired battery capacity for the simulation.
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Table 4.3 EV Models and battery capacity

EV Model Battery Capacity (kWh)

Tesla Model X 75
Tesla Model 3 50
Nissan Leaf 40
Chev V 18
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Fig. 4.21 PDF and CDF of rated average charging power of an EV with battery size of 18
kWh

4.6.1 Simulated EV Charging Profile of an EV with 18 kWh Battery

Based on the available data, Fig. 4.21 depicts the PDF and the corresponding CDF of an
EV with a battery capacity of 18k kWh. The blue bars represent the PDF, illustrating the
likelihood of different F,,, values occurring. It peaks around 2-3 kW, indicating that most
charging power values fall within this range. Meanwhile, the CDF starts at O and gradually
approaches 1, ensuring that all F,,, values are captured within the distribution. Beyond 4
kW, the PDF flattens, signifying a lower occurrence of higher charging power values.

Fig. 4.22 presents both the PDF and CDF of the hours when charging begins. The highest
peak is observed between 6:00 and 7:00, indicating a concentration of charging sessions
during this early time window. While the distribution suggests that the majority of charging
sessions are concentrated in the morning, the data also reveals a relatively uniform spread

of charging activity from midday through to the late evening. This pattern suggests that
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Fig. 4.22 PDF and CDF of start of charging hour of an EV with a battery size of 18kWh
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Fig. 4.23 Simulated daily charging profile of EV with a battery size of 18 kWh

charging occurs consistently throughout the day, with no significant periods of inactivity,
reflecting a continuous demand for charging over a 24-hour period.

The simulated daily load profile for the same EV is presented in Fig. 4.23. As shown, the
charging pattern closely mirrors the distribution of the start charging hours, highlighting a
clear alignment between the two. Furthermore, the rated average power also follows a similar
distribution, with power values predominantly ranging between 2 and 3 kW. This suggests a
consistent charging behaviour, where both the timing and power consumption are in line with
the observed patterns in the start charging hours, indicating that the simulation accurately
reflects real world charging trends for the EV.
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4.6.2 Simulated EV Charging Profile of an EV with 75 kWh Battery

As an example, a separate simulation was conducted for an EV with a larger battery capacity
of 75 kWh. Fig. 4.24 presents the corresponding PDF and CDF for this EV. From the figure,
it is evident that the larger battery requires higher charging power compared to the smaller
one, as expected due to its increased capacity. The rated average power is concentrated
within the range of 8 to 13 kW, reflecting the greater energy demand. The simulated daily
load profile for this EV, shown in Fig. 4.25, illustrates the charging pattern that aligns with
the higher power requirements, further reinforcing the relationship between battery size and
charging power demand.
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Fig. 4.24 PDF and CDF of rated average charging power of an EV with battery size of 75
kWh

4.7 Assessment of forecast model with EV load profiles

The primary objective is to assess the forecasting model’s performance under different levels
of EV penetration and to evaluate how the inclusion of EVs influences forecast accuracy.
For this purpose, clusters that contain EVs are selected, and their consumption profiles are
modified by incorporating EV charging data. A 24-hour EV charging profile is also added as
an additional input feature to the forecast model, and the model is retrained accordingly.

It is important to note that the original forecast model was developed and trained using

nine years of historical data. However, for evaluating the impact of EV penetration, only one
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year of data is used. This difference in training and evaluation data span may also influence

the model’s predictive accuracy.

4.7.1 Different EV charging scenarios

Table 4.4 EV Penetration in Each Cluster

Cluster

No. of houses

Low Penetration Medium Penetration High Penetration

C1
C3
C4
G5
C7
C8
9

4
3
10
2
13
3
12

25%
0%
10%
0%
23%
0%
17%

50%
33%
20%
50%
38%
33%
50%

75%
67%
60%
100%
62%
67%
67%

The evaluation is conducted across three levels of EV penetration. The first level repre-

sents low or no penetration, where up to 25% of households have EVs. The second level

corresponds to medium penetration, involving 25% to 50% of households with EVs. The

third level represents high penetration, where more than 50% of households own EVs. For

each penetration level, two charging behaviour scenarios are evaluated: random charging and

night (overnight) charging. These scenarios have been selected intentionally to reflect two

representative and commonly cited behavioural patterns in the literature:



4.7 Assessment of forecast model with EV load profiles 124

1. Random charging represents an uncontrolled or user-driven behaviour, where EV
owners charge at arbitrary times based purely on their individual convenience (e.g.,
after returning home, during the afternoon, or whenever the battery level is low). This
captures the worst-case volatility in demand and reflects driving profiles in which no

explicit price signals or incentives are considered.

2. Night/overnight charging reflects a more typical and incentivised behaviour, where
EV owners plug in their vehicles in the evening and charge them overnight so that
they are fully charged and available for use the following morning. This scenario also
aligns with the majority of time-of-use (TOU) tariff structures, which encourage night
charging to reduce grid congestion and take advantage of lower electricity prices.

These two scenarios therefore represent two extreme but realistic patterns from completely
uncoordinated (random) to incentive-aligned (overnight) which together allow the assessment
of how the chosen forecasting model performs under different charging behaviours across
all EV penetration levels. This results in two case studies being evaluated for each level of
EV penetration. These case studies were selected based on current user behaviour, which
typically involves either unscheduled charging or overnight charging. Therefore, these two
scenarios were chosen for evaluation to reflect realistic charging practices.

Only seven clusters with existing EV data are used in this analysis. In situations where
real EV data is insufficient, synthetic EV charging profiles generated using a MCS approach
are employed. The cluster details and corresponding penetration levels are summarized in
Table 4.4.

The forecast model is retrained for each of the defined case studies, and the corresponding
results are presented in Table 4.5. While the previously discussed forecasting performance
across all clusters showed an error of less than 5%, the current evaluation uses a significantly
smaller training dataset. As a result, the acceptable threshold for forecasting error has been
relaxed to approximately 10%.

Examining the results, it is observed that the MAPE remains below 10% for all clusters
under the random charging scenario, except for Cluster 8. In contrast, there are several
instances where the MAPE exceeds 10% when EVs are charged overnight. This difference
in performance can be attributed to the nature of the charging patterns, as in the random
charging scenario, the load is more evenly distributed throughout the day, resulting in a
smoother load profile. However, in the overnight charging scenario, EV load is concentrated
within a narrow time window, leading to a pronounced peak in demand across all EVs in
the cluster. This abrupt shift in peak load introduces additional complexity and variability,

making it more challenging for the forecast model to accurately learn the underlying patterns.
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Table 4.5 Forecasting Accuracy for Different Penetration Levels Using MAPE

Cluster Low Penetration Medium Penetration High Penetration
Random Overnight Random Overnight Random Overnight

C1 9.62 16.15 5.02 11.19 5.72 7.47
C3 N/A N/A 8.24 10.24 15.3 10.07
C4 6.19 5.01 4.71 543 5.46 6.81
C5 N/A N/A 8.25 9.07 8.02 7.46
C7 4.84 5.87 5.34 8.83 10.57 6.32
C8 N/A N/A 14.22 14.8 17.3 17.73
c9 4.16 4.29 4.16 6.35 5.99 9.21

Fig. 4.26, 4.27, and 4.28 illustrate the load profiles of random and overnight EV charging
for Cluster 1 under low, medium, and high EV penetration levels, respectively. In all three
scenarios, it is evident that random charging results in a more evenly distributed load profile
throughout the day, leading to a smoother overall demand curve.
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Fig. 4.26 Comparison between random and overnight charging under low EV penetration

In contrast, overnight charging produces a sharp, concentrated increase in demand during
nighttime hours, resulting in a pronounced peak. This abrupt surge in load creates a more

volatile and less predictable pattern, which places greater strain on the forecasting model.
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Fig. 4.27 Comparison between random and overnight charging under medium EV penetration

Such concentrated load behaviour can be more difficult for the model to learn and
generalize, particularly if similar patterns are underrepresented in the training data. This
further emphasizes the importance of incorporating charging behaviour characteristics into
the model design to improve forecasting accuracy under structured EV charging scenarios.

This suggests that overnight charging imposes greater stress on the forecasting model,
and in such cases, further refinement such as hyperparameter tuning or model adaptation
might improve performance. Nonetheless, since the focus here is on evaluating the originally
designed forecast model under different levels of EV penetration rather than optimizing it,
no additional tuning is carried out at this stage.

4.7.2 Discussion

The evaluation of the forecast model under different EV penetration levels and charging
scenarios reveals important insights about the model’s robustness and limitations. In this
study, the original forecast model previously trained on historical data was retrained to
account for the influence of electric vehicles by incorporating a 24-hour EV charging profile
as an additional input feature. This retraining step was essential to reflect the altered load
dynamics introduced by EV charging. The results show that MAPE remains below 10%
for most clusters under the random charging scenario, indicating that the retrained model
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Fig. 4.28 Comparison between random and overnight charging under high EV penetration

is capable of capturing the increased variability in household load profiles when charging
behaviour is dispersed across the day. However, forecasting accuracy declines in specific
cases under overnight charging, with MAPE exceeding 10% in several clusters, most notably
Cluster 8. This can be attributed to the high concentration of EV load during a narrow
nighttime window, which significantly alters the peak demand pattern.

While the inclusion of EV charging as an input improved the model’s ability to adapt to
new load conditions, the synchronized nature of overnight charging presents a more complex
challenge. The resulting sharp peaks are less represented in the original training data, the
model struggles to fully generalize under these abrupt load changes. These findings imply
that while retraining with EV related features improves performance, further enhancements
may be necessary for scenarios with structured or peak heavy charging patterns.

However, it is important to note that the goal of this study was to assess the effectiveness
of the retrained forecast model, not to optimize or fine tune it further for each specific case.
The consistent approach across clusters and scenarios ensures a fair evaluation of model
robustness in the face of increasing EV integration.

In conclusion, the retrained model demonstrates reasonable forecasting accuracy under
varying levels of EV penetration, particularly when charging is uncoordinated. However,

the decline in forecasting accuracy under overnight charging underscores the need for more
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adaptive forecasting strategies capable of capturing the increasingly non-linear and syn-
chronized load spikes associated with overnight EV charging in high penetration residential
environments.



Chapter 5

Impact of EV Charging Price Variations
on Forecasting Models

5.1 Abstract

This chapter examines the relationship between residential EV charging prices and short-term
load forecasting within the proposed forecasting framework. It investigates how different
charging tariff structures and smart charging strategies can influence household charging
behaviour and alter residential demand patterns. Building on the forecasting models devel-
oped in earlier chapters, the chapter evaluates how forecasted household demand can support
more coordinated EV charging decisions, reduce peak demand, and improve the efficiency
of residential energy management. The analysis also considers the implications of charging
price signals for consumers, aggregators, and network operators, highlighting their role in

supporting reliable and economically efficient EV integration.

5.2 Static Charging Price

Static or flat-rate charging price refers to a fixed pricing strategy in which the cost of
electricity for EV charging remains constant, regardless of factors such as the time of day,
grid load, or overall electricity demand [126]. Under this model, a uniform price is applied at
all times, without any dynamic adjustments. For consumers, this approach offers convenience
and simplicity, allowing them to charge their vehicles at their convenience without worrying
about fluctuating costs. However, from the perspective of electricity providers, static pricing
presents challenges, particularly during peak demand periods, as it does not incentivize load
shifting or support grid balancing [127]. Although static pricing is commonly applied in
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residential settings due to its ease of implementation, it can contribute to increased stress on
the power network, especially as EV adoption continues to increase. To ensure the optimal
integration of EVs and maintain grid stability, relying on static charging prices alone is
insufficient. Instead, there is a need to have more dynamic and adaptive solutions such as

smart charging strategies.

5.3 Smart Charging Strategies

Smart charging strategies are developed to optimize EV charging such that it serves the
interests of the involved stakeholders, including the power grid, charging aggregators, and end
users. These approaches aim to balance electricity demand, lower overall costs, and facilitate
the integration of renewable energy sources. A common principle underlying many of these
strategies is the use of pricing mechanisms to influence consumer behaviour, encouraging
them to adjust their charging patterns in response to cost incentives [128]. Below are the
different types of pricing schemes and the different charging strategies for each pricing
category. The outlined strategies focus on optimising pricing to achieve outcomes that benefit
both utility providers and consumers. Studying these different pricing strategies is essential
to identify which approaches are most suitable for various consumer groups, with particular

emphasis on determining the optimal strategies for the residential sector.

5.3.1 Stochastic Pricing

Stochastic pricing is a form of dynamic pricing in which the cost of charging an EV fluctuates
based on inherent uncertainties within the power system [129]. Unlike deterministic pricing
models, where prices follow a fixed or predefined pattern, stochastic pricing accounts for
random or unpredictable variables such as fluctuating renewable energy generation, market
volatility, existing load, grid congestion, etc. These random factors introduce variability
in supply and demand conditions, causing electricity prices to change dynamically and
often unpredictably. As a result, charging decisions under stochastic pricing must adapt to
uncertain and evolving conditions, making it more complex but potentially more efficient,
especially in systems with high renewable penetration. This approach can be modeled using
probabilistic methods or scenarios to simulate various outcomes and support more responsive

and resilient EV charging strategies. Some types of stochastic pricing are discussed as below.
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Emission Based Charging:

This strategy prioritizes EV charging during periods of low CO; emissions, aiming to reduce
the environmental impact of EV usage [130]. There are two commonly employed approaches.
The first involves charging the EV at full power during time windows when predicted CO,
emissions are at their lowest, thereby aligning charging demand with periods of cleaner
energy availability [131]. This method is relatively straightforward to implement but relies
on accurate forecasts of carbon intensity. The second is a more dynamic method in which the
charging power is continuously adjusted based on real time or forecasted emission levels.
By adjusting the charging rate in response to fluctuations in renewable generation or grid
conditions, this method achieves a finer balance between user requirements and emission
reduction, though it requires more advanced control and communication infrastructure [130].

In the dynamic approach, the charging rate is directly influenced by the predicted CO»
intensity of electricity generation. The maximum charging power is reserved for periods with
the lowest emission levels, while higher emission periods result in proportionally reduced
charging power or even a temporary halt to charging. This gradual modulation helps avoid
short bursts of high-power charging that may coincide with periods of high-emission. Overall,
the strategy encourages a smoother charging profile and supports cleaner grid operation
by aligning EV energy consumption with low-carbon electricity availability. This type of

charging is more commonly used in the commercial sector than among residential consumers.

Self-Consumption Charging:

This strategy is tailored for households equipped with photovoltaic (PV) systems, where
EV charging is coordinated to align with solar energy production [132]. One approach is
reactive, in which, charging is initiated only when there is sufficient surplus PV generation
available. If the PV output drops below a certain threshold, charging is paused to avoid
drawing electricity from the grid. An alternative approach is predictive, whereby charging is
scheduled during periods of high expected solar irradiance, typically around midday when PV
generation peaks [133]. By synchronizing EV charging with these periods of maximum solar
output, the strategy enhances self-consumption of renewable energy, reduces dependency on
grid electricity, and fosters more sustainable charging practices. For instance, Sykiotis et al.
[133] demonstrate that an EV charging approach optimized via deep reinforcement learning
to coincide with solar peaks can achieve an average PV utilisation exceeding 88%, while

reducing consumer electricity costs by over 11%.
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Priority or Forecast Based Charging:

Priority or forecast-based charging strategies determine EV charging schedules by integrating
user-specific preferences or anticipated travel needs, such as desired departure times and
target SOC. These approaches enable a personalized and efficient charging experience by
synchronizing energy use with individual routines. However, they often rely on user input or
behavioural data adding complexity to their deployment. In forecasting models, such strate-
gies can be represented by including user-defined demand profiles or SOC targets. Within
simulation frameworks, this integration can be executed by adjusting charging schedules to
shift demand away from peak periods, applying dynamic price signals within Monte Carlo
simulations to mimic price-driven behaviours, and incorporating probabilistic elements to
capture variability in user behaviour during smart charging.

This concept aligns directly with the framework proposed by Li et al. [134], who
introduce a driver-centered, resource-aware EV charging recommendation system. Their
model balances user preferences i.e., when and where to charge with external rewards such
as minimizing wait times or travel distance, effectively embodying a priority-based charging
methodology.

5.3.2 Dynamic Pricing

Dynamic pricing is a flexible pricing mechanism in which the cost of charging an EV adjusts
according to specific, known variables within the electricity system [135]. These variables
may include real time grid conditions, TOU schedules, demand levels, and electricity market
rates. By aligning prices with current system status, dynamic pricing encourages consumers
to shift their charging behaviour to off-peak periods, thereby helping utility providers manage
grid load more effectively and reduce the risk of congestion. For consumers, this strategy
offers the potential for lower charging costs through timely response to price signals. Unlike
stochastic pricing which is driven by uncertain or random factors such as unpredictable
renewable generation, dynamic pricing is based on measurable conditions, making it more
structured and predictable in nature.

This charging strategy is designed to take advantage of variations in electricity prices
by scheduling EV charging during the most cost-effective hours. This approach typically
relies on known electricity pricing schemes, such as spot market prices or TOU tariffs, which
reflect fluctuations in demand and supply throughout the day. A predefined cost threshold is
calculated based on user preferences or optimization objectives, and the EV is programmed

to charge only when electricity prices fall below or match this threshold. This ensures that
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charging occurs during economically favorable periods, minimizing the overall energy cost

to the consumer while still meeting the required state of charge by a given deadline.

Time-Of-Use Tariffs:

In a TOU tariff strategy, electricity prices are predetermined and vary according to specific
periods within the day [136]. The day is typically divided into peak, off-peak, and sometimes
mid-peak hours. Each time block is assigned with a different tariff rate. Under this pricing
scheme, consumed electricity during off-peak hours, usually late at night or early in the
morning costs significantly less than that of during peak demand periods, such as early
evenings when residential consumption is at its highest. For instance, a consumer might be
charged with a reduced rate of electricity between 23:00 hrs and 8:00 hrs, while facing higher
rates between 17:00 hrs and 19:00 hrs at the elevated grid demand. This strategy encourages
users to shift their energy usage, including EV charging, to times when the grid is under less
strain, thereby promoting grid efficiency by flattening demand curve and lowering overall
electricity costs for the users. However, it is not adaptive to real-time grid conditions and
works well in scenarios where TOU tariffs are available.

Beyond cost savings, this strategy contributes to better grid management by encouraging
load shifting away from peak demand periods. When implemented at scale, price-based
charging can reduce grid congestion, improve system reliability, and support the integration of
renewable energy sources by aligning charging behaviour with periods of high renewable gen-
eration. Additionally, this method offers flexibility for both utility providers and consumers,

forming a critical component of demand-side management in smart grid environments [137].

5.3.3 Menu Based Pricing

Menu based pricing offers consumers a selection of predefined charging options, each with
its own pricing structure and associated service conditions [138]. Instead of adhering to a
single pricing model, users can choose from a menu of pricing based on their preferences,
such as charging speed, flexibility, time of day usage, or environmental impact. These options
may combine elements of different pricing schemes, for example, flat rates, TOU tariffs, or
dynamic pricing, allowing for greater personalization and adaptability. This approach allows
consumers to select the charging plan that best suits their lifestyle, driving habits, and cost
saving goals, while also enabling utility providers to segment and manage demand more
effectively.

The various smart charging strategies demonstrate that it is indeed possible to effectively
regulate EV charging prices in a way that minimizes grid congestion and reduces charging
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costs compared to conventional, uncontrolled charging. Importantly, these benefits can
be achieved without compromising user convenience ensuring that the vehicle reaches the
desired SOC by the specified time, ready for the next trip [139].

5.4 EV Charging Mechanism in the Residential Sector

Different pricing schemes are adopted by various groups of consumers, depending on
their specific needs and contexts. In the residential sector, this diversity is further shaped
by the variety of dwelling types ranging from standalone houses to shared community
buildings with common parking facilities. These different housing configurations influence
the modes of EV charging available to residents. While some homeowners benefit from
private, at-home charging setups, others, particularly those in shared or constrained parking
environments, depend on communal charging stations. Such shared access often leads to
limited availability and uncertain charging opportunities, presenting unique challenges for
consistent EV charging.

In these scenarios, dynamic and stochastic charging strategies become particularly rel-
evant. These approaches facilitate intelligent scheduling of charging sessions, offering
multiple advantages; they alleviate peak load stress for grid operators, enable consumers
to benefit from off-peak electricity prices, and give aggregators flexibility to design pricing
schemes that optimize both grid performance and economic outcomes.

For instance, the study [140] introduces a menu based pricing mechanism, allowing EV
users to select from a set of prices based on their desired charging completion deadlines. This
strategy incentivizes users with greater flexibility to defer charging to low demand periods,
reducing grid stress and improving cost efficiency. By monetizing deadline flexibility, this
decentralized approach enhances grid reliability while empowering consumers with greater
choice.

Similarly, the authors in [141] present an optimization framework for managing EV
charging through real-time dynamic pricing. By sending time sensitive price signals that
reflect grid conditions, the model shapes user behaviour to achieve load balancing across
the network. This supports the argument that dynamic pricing can be an effective tool for
managing distributed EV loads in residential areas.

A broader perspective is offered in [135], which categorizes key pricing models such
as real-time pricing (RTP), time-of-use (TOU), critical peak pricing (CPP), and day ahead
pricing. The review highlights how these mechanisms influence user charging patterns,
encourage off-peak consumption, and support integration of renewable energy. It also
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addresses the challenges of implementing dynamic pricing, such as demand forecasting
accuracy, consumer responsiveness, and designing incentive-compatible frameworks.

Dynamic pricing also shows promise in older residential buildings with shared charging
infrastructure, where traditional charging schedules may not be feasible. In [142], the authors
propose an adaptive TOU pricing scheme that is updated daily based on the previous day’s
load. This enables users to plan charging during lower demand periods, enhancing both user
savings and grid efficiency.

Moreover, coordinated charging strategies are shown to be beneficial for all stakeholders.
In particular, valley-filling charging during low-demand, low-cost periods helps reduce peak
load stress. While aggregators may face reduced profit margins in these periods, the study
[143] introduces an incentive mechanism to encourage aggregators to promote consumer
behaviour change in favor of grid stability.

Coordinated charging has been recognized as an effective strategy for the optimal inte-
gration of EVs in the residential sector. As EVs represent a new category of flexible, yet
often unpredictable, electrical loads, their inclusion along with other new loads introduce
additional uncertainty into residential demand patterns, highlighting the need for accurate
and responsive forecasting models. Given the significant influence of charging prices on user
behaviour, it is essential to explore how pricing strategies affect residential load forecasting
models. Integrating smart charging into forecasting frameworks enhances both their preci-
sion and applicability, particularly when assessing the impact of policy measures such as
incentivized off-peak tariffs or vehicle-to-grid (V2G) initiatives. As EV adoption continues
to rise, embedding pricing mechanisms within forecasting models becomes increasingly
important for managing demand in a transitioning, decarbonized energy system. Therefore,
understanding the role of dynamic charging strategies under TOU tariffs is crucial in evaluat-
ing how different pricing approaches influence the accuracy and effectiveness of residential
load forecasting models. The following section discusses the impact of charging prices on

forecast model performance.

5.5 Impact of Electric Vehicle Charging Price on Load Fore-
cast Model

Most electricity retailers offer different tariff rates depending on consumer type. In the
residential sector, static pricing or TOU pricing structures are predominantly used, with TOU
tariffs being the most common form of dynamic pricing available to households. Under TOU

schemes, electricity prices vary between peak and off-peak periods. Typically, peak hours
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occur in the morning from 7:00 to 11:00 and in the evening from 17:00 to 19:00, while the
remaining hours are classified as off-peak.

Given that this thesis focuses on the residential sector, it is assumed that EV owners charge
their vehicles at home, meaning their charging costs directly reflect household electricity
tariffs. While advanced dynamic pricing mechanisms such as real time pricing are often
discussed in research, their practical implementation in the residential sector remains limited,
with TOU remaining the most widely adopted due to its simplicity and ease of integration for

consumers.

Table 5.1 Electricity Rates

Time Price ($/kWh)

Peak hours 0.0908
Off-peak hours 0.0108

In addition, shared EV charging facilities, such as those installed in apartment complexes
or community housing with communal parking areas, are classified ambiguously within
existing tariff structures. While these chargers are physically located within residential
premises, they are often managed by body corporates or third-party providers and may
operate under commercial or embedded network tariffs rather than standard residential
rates. This is because the electricity consumed at these shared chargers is typically metered
separately from individual household consumption and billed through commercial agreements
Or user pays systems.

Therefore, this study focuses on evaluating the impact of TOU tariffs on EV charging
behaviour and residential load forecasting models. Table 5.1 presents the peak and off-peak
electricity prices sourced from Wellington Electricity.

The pricing data reveals a distinct cost differential between peak and off-peak periods,
emphasizing the financial advantage of scheduling EV charging during off-peak hours when
electricity prices are considerably lower. By shifting demand to these low-tariff periods,
households can achieve substantial cost savings, making off-peak charging a practical and
economically attractive strategy. This cost-saving potential highlights the importance of
evaluating forecast model performance under such scenarios, as it helps determine whether
specific charging periods can be both accurately represented in forecasts and effectively
adopted to balance economic benefits with system reliability

In a nutshell, this chapter solely focuses on EVs charged at home using private home
chargers, where the charging costs directly align with household electricity tariffs. Limiting
the scope in this way ensures that the analysis remains consistent with the TOU pricing
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structures typically adopted in the residential sector, without the added variability introduced

by commercially managed shared charging facilities.

5.5.1 Methodology

To study the impact of pricing mechanisms on the proposed forecasting model, two evaluation
strategies were considered. The first is a direct approach, in which explicit information on
EV charging tariffs is incorporated into the forecasting model as an additional input variable
and its performance is examined under various pricing conditions. The second is an indirect
approach, which assumes that charging behaviour changes in response to price signals
which includes shifting demand from peak to off-peak hours, and evaluates the model’s
performance under these alternative behavioural scenarios. As the dataset utilised in this
work does not include detailed information on time-varying electricity tariffs, the indirect
approach is adopted, based on realistic and widely used assumptions regarding typical TOU
tariff structures i.e., higher prices during peak hours and lower prices during off-peak hours.
Although this approach does not allow formal validation of the absolute accuracy of the price
induced forecasting impact, it provides a meaningful comparative assessment of how the
forecasting model responds to changes in charging behaviour that are consistent with price
incentives. This is a common approach when tariff data are unavailable.

Based on the findings from the previous chapter, a medium EV penetration level (25-50%)
is selected for the residential cluster under consideration, as this represents a realistic near-
term adoption scenario in which pricing signals may influence charging decisions. Under
this assumption, the forecasting model is first evaluated assuming that EVs are charged
during peak hours in between 18:00 hrs and 22:00 hrs, representing a convenience-driven
charging pattern. Subsequently, an off-peak overnight charging scenario i.e., charging after
22:00 hrs is considered to reflect a price-responsive behaviour that users may adopt in order
to take advantage of lower tariffs. Following a similar methodology to the earlier chapter,
EV load profiles are integrated under both charging patterns, and the model is tested for
accuracy. A comparison of the forecasting accuracy obtained under these two charging
scenarios enables an indirect assessment of the impact of pricing on residential EV load

forecasting performance.

5.5.2 Results

To evaluate the effect of price-induced behavioural changes on the performance of the
proposed load-forecasting model, two charging scenarios peak and off-peak are considered,

as outlined in the previous section. These scenarios are designed to reflect convenience-
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based and price-responsive charging behaviours, respectively, under a medium level of EV
penetration. By comparing the forecasting error obtained under each scenario, the impact of
shifting EV charging away from the system peak can be assessed.

The forecasting performance, expressed in terms of MAPE, for EV charging during peak
and off-peak hours are presented in Table 5.2. The results indicate that forecasting accuracy
generally improves under off-peak charging conditions compared to peak-hour charging
across most clusters. For instance, MAPE in Cluster 1 drops sharply from 32.48% during peak
hours to 11.19% under off-peak charging, while improvements are also evident in Clusters
4,7, and 9. This can be explained by the reduced variability of household demand during
late-night periods, where EV charging becomes the dominant contributor to the load, making
patterns more predictable for the forecasting model. In contrast, peak-hour charging coincides
with already high and diverse household activities, such as cooking, heating, and appliance
use, leading to more complex load profiles and increased forecast error. Certain clusters (e.g.,
Cluster 3, 5, and 8) show marginal or no improvement, reflecting persistent variability in
some households even during night hours. It indicates that EV charging during peak hours
not only poses operational challenges for the power system, such as increased congestion,
but also compromises forecasting accuracy due to the model’s inability to capture the sudden
spike. Therefore, it becomes essential to adapt and fine tune the forecasting models to account
for these new peak patterns, ensuring reliable predictions under EV penetration. Overall,
these results demonstrate that off-peak charging is not only economically advantageous due
to lower tariffs but also tends to yield higher forecasting accuracy, reinforcing the value of

incorporating pricing considerations into forecasting studies.

Table 5.2 Forecasting Accuracy (MAPE) During Peak and Off-Peak EV Charging Periods

Cluster Peak Hours Off-Peak Hours

C1 32.48 11.19
C3 9.06 10.24
Cc4 11.52 543
(O8] 8.45 9.07
C7 13.05 8.83
C8 14.9 14.8
9 18.01 6.35

While these results provide general insights, they do not fully capture the most critical
operational conditions faced by the power system namely, the annual peak day, when demand
is at its highest and the system is already under stress. Analysing the impact of EV charging on
this specific day offers a more thorough understanding of how consumer charging behaviour,
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particularly in response to price signals, could exacerbate or alleviate system stress. Since
electricity prices are typically highest during peak periods and lowest during off-peak periods,
the annual peak day serves as an appropriate case study to investigate the implications of
charging during high- versus low-price windows. Accordingly, EV charging profiles were
superimposed onto the day with the highest recorded load within the year to evaluate the
effects. Peak charging hours were defined from 18:00 hrs to 22:00 hrs, while off-peak
charging was assumed to occur overnight from 00:00 hrs to 6:00 hrs. It is assumed that the
battery’s SOC, charging power, and charging duration remain identical for both scenarios;
that is, the same charging power is drawn and the same number of hours is required to fully
charge the battery regardless of whether charging takes place during peak or off-peak hours.

Fig. 5.1 illustrates how the timing of EV charging for directly relates to electricity price
variation for Cluster 1. When EVs are charged during peak hours in between 18:00 hrs
and 22:00 hrs, the resulting load profile i.e., the green curve coincides with the period of
highest electricity prices. This amplifies the evening peak, increases overall system costs,
and introduces sharp demand spikes that the forecasting model struggles to capture, thereby
reducing accuracy. In contrast, off-peak charging (00:00— 6:00) occurs during low-price
periods shown by the blue curve, where the additional EV demand remains below the natural
evening peak. This not only lowers consumer charging costs but also preserves the stability of
the load profile, enabling the forecasting model to maintain higher predictive accuracy. Thus,
the relationship between charging time, price signals, and model performance is evident:
peak-hour charging elevates both financial and operational risks, while off-peak charging
aligns economic incentives with improved forecasting reliability.

Fig. 5.2 presents the same comparison for Cluster 3. As each cluster has a distinct load
profile, the impact of EV integration also differs accordingly. In this case, under the medium
penetration scenario, Cluster 3 includes only a single EV, and on the peak day, the charging
duration is limited to one hour in both charging scenarios. During peak hours, the EV is
plugged in at 21:00, resulting in a minor increase in overall load consumption that remains
below the existing evening peak, which occurs around 18:00. For off-peak charging, although
there is a noticeable rise in overnight load due to EV charging, it still remains below the
evening peak. Consequently, in both charging scenarios, the additional EV load does not
surpass the traditional peak, indicating that no upgrades or modifications to the existing
infrastructure are required.

The impact of EV charging on Clusters 4 and 8 is illustrated in Fig. 5.3 and Fig. 5.4.
In both clusters, EV charging results in an increase in load consumption; however, this
additional load does not exceed the existing peak demand, regardless of whether charging

occurs during peak or off-peak hours.
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Fig. 5.1 Load profile of Cluster 1 under peak and off-peak EV charging scenarios

For Clusters 5,7 and 9, shown in Fig. 5.5, Fig. 5.6 and Fig. 5.7, EV integration leads to
an increase in the overall load only when EVs are charged during peak hours. In these cases,
the additional EV charging load coincides with the traditional evening peak, resulting in a
combined peak that surpasses the existing one. Conversely, when EVs are charged during
off-peak hours, the load remains below the evening peak in both clusters.

Given that electricity prices are typically lower during off-peak hours, charging EVs
overnight not only reduces load congestion and avoids creating new demand peaks but is
also a more economical option. Therefore, encouraging off-peak charging can support grid
stability while eliminating the need for costly infrastructure upgrades.

5.6 Discussion

The findings highlight that differences in charging prices, and consequently in EV charging
times, have a significant impact on forecasting model performance. When EVs are charged
during off-peak hours, the forecasting accuracy remains high, suggesting that the load profile
retains its typical structure, enabling the model to capture patterns effectively. This indicates
that off-peak charging not only reduces grid congestion but also aligns well with the historical
consumption data used to train forecasting models.

In contrast, peak hour EV charging significantly reduces forecasting accuracy. This is
attributed to the overlap between EV charging demand and the existing evening residential

peak, resulting in an amplified peak load that deviates from the model’s learned patterns.
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Fig. 5.2 Load profile of Cluster 3 under peak and off-peak EV charging scenarios

Essentially, the combined peak acts as an outlier relative to historical load profiles, which
impacts model performance.

These findings underscore two critical considerations. First, from a power system
operational perspective, peak hour EV charging increases the risk of grid congestion, voltage
drops, and transformer overloading. Second, from a forecasting perspective, current models
trained on traditional load profiles without significant EV integration are not adequately
equipped to predict such structural changes in demand.

To address this, forecasting models must be adapted to incorporate EV charging behaviour
explicitly, either through the inclusion of charging related features, retraining with integrated
EV data, or adopting hybrid approaches that combine behavioural models with traditional
forecasting techniques. Furthermore, implementing smart charging strategies that incentivise
off-peak charging can benefit both system stability and forecast model accuracy, ensuring
reliable grid operation under growing EV adoption.

Overall, these results emphasise the importance of aligning charging strategies, pricing
schemes, and forecasting model design to achieve optimal outcomes in future decarbonised
and electrified residential sectors.

In summary, this chapter examined the impact of EV charging prices on residential load
forecasting models. The results demonstrated that charging behaviour influenced by pricing
structures, such as peak versus off-peak charging, significantly affects forecast accuracy.

In particular, EV charging during peak hours introduces substantial deviations in the load
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Fig. 5.3 Load profile of Cluster 4 under peak and off-peak EV charging scenarios

profile, reducing model performance, whereas off-peak charging aligns more closely with
existing demand patterns, maintaining forecast reliability.

These findings highlight the need to integrate charging price considerations within fore-
casting frameworks, as pricing directly shapes user charging behaviour and, consequently,
residential electricity demand. Developing models that account for such behavioural re-
sponses is essential for ensuring accurate forecasts in future power systems with widespread

EV adoption and dynamic pricing mechanisms.
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Fig. 5.4 Load profile of Cluster 8 under peak and off-peak EV charging scenarios
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Fig. 5.5 Load profile of Cluster 5 under peak and off-peak EV charging scenarios
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Fig. 5.6 Load profile of Cluster 7 under peak and off-peak EV charging scenarios
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Fig. 5.7 Load profile of Cluster 9 under peak and off-peak EV charging scenarios



Chapter 6
Conclusion and Future Work

This chapter presents the concluding remarks of the research undertaken in this PhD study. It
provides a concise summary of the key objectives, methodologies, and findings discussed in
the preceding chapters. The chapter also reflects on the contributions made to the field of
residential load forecasting and evaluates the impact of non-linear attributes onto the accuracy
of forecasting performance. In addition, it highlights the main limitations encountered
during the study and discusses future research opportunities that could further advance the

development of intelligent forecasting frameworks.

6.1 Synopsis and Conclusion

Load forecasting plays a vital role in modern power systems by enabling optimal planning
and efficient operation. Accurate short-term, hourly forecasts are essential for improving
system efficiency and resilience. With the growing integration of renewable energy sources
and the adaptation of non-linear loads such as EVs, load patterns particularly within the
residential sector have become increasingly dynamic and complex. These changes have
significantly altered the load profiles, posing new challenges for accurate forecasting. In
response, this thesis presents the development of a novel hierarchical load forecasting model
specifically tailored for the residential sector, offering insights across various levels of

consumer aggregation.

6.1.1 Novel Hierarchical Forecast Model

In this research, a novel hierarchical load forecasting model was developed based on the
principles of the top-down (TD) approach. The proposed model is designed to provide
forecasts at multiple levels of the hierarchy from smaller consumer clusters to the aggregated
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sector level making it highly applicable for both operational planning and maintenance
scheduling within modern power systems.

Traditionally, hierarchical forecasting has relied on the bottom-up (BU) approach, which
involves training separate models for each disaggregated level and summing the results
to obtain higher level forecasts. While this method often yields accurate results, it is
computationally intensive and requires detailed fine grained data for each node at the lower
level, which may not always be readily available.

In contrast, the TD approach has seen limited application, largely due to the perception
that disaggregating forecasts from higher levels introduces error and reduces accuracy. This
thesis challenges that notion by proposing two variations of TD-based hierarchical forecasting
models, which offer a streamlined alternative requiring fewer models and input completely
based on smart meter consumption data, which is easily available these days.

Both proposed TD models were evaluated against conventional statistical forecasting
techniques such as ARIMA and support vector regression (SVR), as well as against the BU
hierarchical approach. The results demonstrated that the TD-based models not only reduced
computational overhead but also consistently outperformed the baseline models across all
levels of the hierarchy in terms of forecasting accuracy.

This novel approach thus offers a scalable and efficient forecasting framework well-suited
for the evolving dynamics of residential electricity demand, especially in the presence of

increasingly heterogeneous load patterns driven by technologies like EVs.

6.1.2 Exploring Impact of Socio-demographics and Electric Vehicle
Charging onto the Forecast Model

Given that residential electricity consumption is inherently variable and unpredictable, accu-
rate load forecasting in this sector requires a thorough understanding of the factors driving
this volatility. Among the many influences, two stand out as particularly relevant to residen-
tial consumers: the diversity in socio-demographic characteristics and the growing presence
of EVs. This research therefore evaluated how both these aspects affect the performance of
the proposed TD hierarchical forecasting model.

From a socio-demographic perspective, the study found that the variability within clusters
plays a key role in determining forecast accuracy. Clusters exhibiting low demographic
variability benefited from the inclusion of only a few demographic features as model inputs,
which was sufficient to improve forecast performance. In contrast, clusters with high
demographic diversity required a more extensive set of demographic features to achieve

similar accuracy improvements. These findings underline the importance of tailoring model
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inputs to the demographic composition of consumer groups when forecasting at the cluster
level.

In addition to socio-demographic impacts, the thesis also explored the effect of EV
charging behaviours on residential load profiles. As detailed in Chapter 4, the study began
by analysing baseline load patterns and clustering households based on their temporal
consumption characteristics. EV charging demand was then modelled using a Monte Carlo
simulation approach, which effectively captured the stochastic nature of real-world EV
charging including uncertainties in arrival times, charging durations, and power levels.

Integrating these simulated EV loads into the baseline profiles revealed significant changes
in consumption patterns, particularly under peak-hour charging scenarios. Most notably,
load profiles displayed increased evening peaks, reflecting the common practice of charging
vehicles after work hours. These shifts in load dynamics had a notable impact on cluster-level
forecasting performance, highlighting the necessity of accounting for emerging non-linear
loads such as EVs when designing predictive models.

Overall, the findings confirm that both socio-demographic diversity and EV charging be-
haviours introduce important variability into residential load profiles, and must be considered
when developing accurate and robust forecasting frameworks. By explicitly incorporating
these factors, the proposed TD-based forecasting model achieved improved accuracy and

better adaptability to real-world residential consumption trends.

6.1.3 Correlation between Electric Charging Price and Charging Time

with Impact Analysis onto the Forecast Model

The adoption of EVs is strongly influenced by the affordability and convenience of charging,
with residential charging being the most preferred option due to its accessibility and cost-
effectiveness. Most residential consumers tend to charge their EVs after returning home from
work, a period that typically aligns with the evening peak in electricity demand. This peak
period also corresponds with higher electricity tariffs, as energy retailers often implement
TOU pricing structures that increase rates during high demand hours.

In this context, the thesis evaluates how shifting EV charging from peak to off-peak
periods affects forecasting accuracy. By simulating different charging behaviours under
varying pricing scenarios, the study analyses the extent to which price driven charging
patterns impact the residential load profile and, in turn, the performance of the proposed
forecasting model.

This analysis contributes to the development of a forecasting framework that is not only

novel in its hierarchical structure but also specifically tailored to the unique characteristics
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of residential consumers. The model incorporates key behavioural drivers such as socio-
demographic diversity, EV penetration, and charging behaviour influenced by TOU pricing.
Through this comprehensive approach, the model captures realistic consumption trends,
enhancing its applicability in modern residential energy systems.

6.2 Practical Implications

The proposed forecasting framework can provide practical value beyond improving predictive
accuracy. The generated load forecasts can support operational planning, tariff design, infras-
tructure investment, and policy development across different parts of the electricity sector.
The forecasting results can assist stakeholders in making more informed planning decisions.

Table 6.1 summarises the potential use of the model outputs by different stakeholders.

Table 6.1 Potential Application for Stakeholders

Stakeholder Potential application

Distribution network op- Assess feeder-level load growth, identify

erators EV-driven peak risks, plan network rein-
forcement

Electricity retailers Develop dynamic tariffs, manage cus-

tomer load profiles, forecast energy pro-
curement needs.

System planners For long-term infrastructure investment de-
cisions
Researchers To validate the model and improve future

forecasting results

6.3 Limitations
While this study achieved its objectives, several limitations remain:

1. The residential load hierarchy in this work was built using clustering techniques applied
to historical smart meter data. However, the clustering structure is static, meaning once
a household is assigned to a cluster, it remains fixed. In reality, residential consumption
patterns can evolve—for instance, when a new family moves in or household routines
change. A promising extension would be to explore dynamic or adaptive clustering
mechanisms that periodically reassess and reassign consumers to clusters based on their

updated load profiles. Similarly, for newly connected consumers, automated cluster
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allocation based on early consumption behaviour could improve model adaptability

and scalability.

2. The forecasting models were developed and validated using data from specific ge-
ographic regions and household datasets. Although the results demonstrate strong
performance within these contexts, the general applicability of the model across regions
with varying consumption habits remains to be validated. Future work could test the

model on diverse datasets to assess its robustness and adaptability.

6.4 Recommendations for Future Work

The current work in this thesis adopts a static clustering approach, where households are
assigned to clusters based on their load consumption patterns. However, residential consump-
tion profiles are not necessarily fixed and may evolve over time due to factors such as changes
in household occupancy, installation of rooftop PV systems, or increased EV ownership.
Such changes can significantly alter load behaviour, potentially making the initially assigned
cluster less representative of the household’s updated consumption pattern. Therefore, future
research should investigate dynamic clustering approaches to determine their effectiveness in
adapting to evolving load profiles. In addition, dynamic clustering could enable the automatic
assignment of new households into appropriate clusters within the hierarchy, improving the
practical applicability of the framework.

Furthermore, model generalisation could be strengthened by evaluating the proposed
forecasting approach using datasets from different geographical regions and operating con-
ditions. This would provide a more robust assessment of its transferability across diverse
residential environments. Finally, with recent advancements in forecasting methodologies,
attention-based architectures such as Transformers present a promising direction for future
study. These methods could potentially enhance forecasting accuracy by enabling the model
to focus on the most relevant temporal dependencies and input features within the data. To

build upon the findings of this thesis, future studies could:

1. develop an online learning-based clustering system that automatically reassigns house-

holds to clusters based on streaming load data and profile drift detection.

2. create a hybrid framework that combines static clustering for stability and dynamic
re-clustering for adaptability, with user defined thresholds for change.

3. evaluate model performance using real-world data from regions with different regula-

tory environments, climate zones, or electrification levels to test universality.
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4. formulate an approach for dynamically classifying new consumers into existing clusters

by analysing their initial usage patterns.

5. incorporate policy scenarios or V2G technologies to explore how bidirectional EV

charging could affect both load patterns and forecast accuracy.
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