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Abstract

The deployment of Advanced Metering Infrastructure has transformed modern
power systems by facilitating the collection of detailed, real-time energy consumption
data. This granular data can support a variety of upper-level demand-side management
applications, such as building/home energy management, electricity retail pricing, and
microgrid operational planning. Effective implementation of these applications requires
precise knowledge of both current and future load patterns. Consequently, two
analytical techniques have emerged: short-term load forecasting and load super-
resolution. The former predicts future energy consumption patterns in smart grid
operations, and the latter reconstructs high temporal-resolution load profiles from low-
resolution or incomplete data. Currently, the deep learning approach provides state-of-
the-art results for both techniques due to its powerful ability to capture complex
nonlinear relationships among the energy load profiles, enabling significant
enhancements in prediction accuracy and reconstruction fidelity.

Despite significant advancements in deep learning methods for both short-term
load forecasting and load super-resolution, their translation into practical deployment
remains constrained by several limitations. Individual households or small-scale
facilities typically lack sufficient training data to support effective model training.
While sharing and aggregating raw data across users can lead to privacy concerns for
individuals. Deep learning methods often generalize poorly. For example, load super-
resolution methods rely on high-resolution data for training, and one model can only
support a single scaling factor, i.e., a fixed ratio between low- and high-resolution data.

Based on the above challenges, the thesis is dedicated to mitigating the limitations
in deploying deep learning techniques in energy systems. To this end, my investigation
centers on two foundational tasks within advanced metering infrastructure data
analytics: short-term load forecasting and energy load super-resolution. The first

research of this thesis proposes a privacy-preserving short-term forecasting framework
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specifically designed for residential energy users. This framework allows households
to collaboratively train load forecasting models without sharing their consumption data.
The framework uses a decentralized clustering method to group users by energy
consumption patterns, followed by a decentralized federated learning to train models.
An asynchronous communication protocol ensures resilience against real-world
communication delays and interruptions.

The second research proposes an unsupervised load super-resolution system that
eliminates the reliance on high-resolution training data. Instead of requiring paired low-
and high-resolution datasets for training the model, the proposed system is trained
solely in low-resolution load data. In addition, the system incorporates a noise
identification module that automatically detects and adapts to different types of noise
in the load signals, improving reconstruction accuracy.

The third research addresses the poor generalization of deep learning methods
through two separate works. The first introduces a meta learning-based short-term load
forecasting framework that trains a generic model that quickly adapts to individual
users who only have a limited volume of training data. The second work proposes a
load super-resolution approach capable of reconstructing load profiles at arbitrary
temporal resolutions from a single training instance. This enables efficient deployment
of resource-constrained devices and greatly enhances model flexibility.

Comprehensive numerical experiments, case studies, and ablation tests based on
several real-world datasets are conducted to validate the effectiveness of the proposed

methods.
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CHAPTER 1

Introduction

In this thesis, two fundamental tasks in Advanced Metering Infrastructure (AMI) data
analytics: short-term load forecasting and energy load super-resolution. Both represent
essential components for enabling accurate, fine-grained, and intelligent energy
management in modern power systems. This chapter presents the background,

motivations, and the proposed approach that builds upon these two AMI data analyses.

1.1 Motivation and Background

The deployment of AMI has fundamentally transformed modern power systems from
traditional one-way energy delivery networks into intelligent, data-driven ecosystems
[1]. This evolution has enabled the collection of detailed, real-time energy consumption
data, creating a large volume of useful information that serves as digital assets for
energy systems. For example, these energy consumption data can support various
demand-side management applications, including facilitating home energy
management systems [2], enabling dynamic electricity retail pricing mechanisms [3],
and helping with microgrid operational planning strategies [4].

However, the effective implementation of these advanced demand-side applications
requires precise users’ knowledge of both current consumption patterns and accurate
predictions of future load behaviors. To meet these needs, Short-Term Load Forecasting
(STLF) techniques are used to predict users’ energy consumption over short horizons
(i.e., from a few minutes to days), which helps the energy system to facilitate real-time
market operations [5] or support demand response activation [6]. While Load Super
Resolution (LSR) techniques are used to generate high time resolution of energy load
data when only low-time resolution data are available, which enhances the power grid

observability without requiring costly metering infrastructure upgrades [7].
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In recent years, deep learning methods have achieved remarkable success in both
STLF and LSR techniques [8], consistently outperforming conventional methods.
Focusing first on STLF, deep learning-based methods such as recurrent neural networks
(RNNSs) or Long Short-Term Memory (LSTM) models [9], have been widely adopted
in the research community. Compared with conventional methods, those RNN models
have better capability to capture temporal patterns and long-term trends existing in
energy load profiles [10]. In terms of LSR techniques, models such as Convolutional
Neural Networks (CNNs) [11] and Generative Adversarial Networks (GANs) [12],
have been employed to reconstruct high-resolution load profiles. Because these models
are trained on large datasets, they generally achieve better reconstruction of energy load
profiles compared to non-deep learning-based methods. Deep learning—based methods
generally provide more accurate reconstructions of energy load profiles, particularly in

regions with abrupt transitions or peak values.

1.2 Problem Statement and Objective

Despite the demonstrated effectiveness of deep learning-based STLF and LSR
techniques, their practical deployment in smart grid environments faces significant

methodological and operational challenges as follows.

e A deep learning model’s performance largely depends on the quality of the
training data. Yet in practice, the amount of data is often limited due to
various reasons, and privacy regulations restrict data sharing with other
utilities. Specifically, when single residential users apply their own load data to
train deep learning models and there is no sufficient historical load data, the
overfitting issue [13] might occur, which degrades the performance of learning
models. One possible solution is to perform model training process by
aggregately the load data of multiple users that would usually require the
collection of the multi-user load data to a central server with the associated

privacy concerns for the users. An attacker could easily infer household
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occupancies by eavesdropping on the users’ load data in the data transmission

process.

e Most existing supervised learning for LSR requires paired data, where low-
resolution load data serve as inputs and their corresponding high-
resolution load data serve as outputs. While constructing such pairs, a large
volume of high-resolution load data must first be collected. In real-world
settings, however, only coarse-grained measurements of load data are typically
accessible, which makes supervised learning of LSR impractical. Obtaining
such high-resolution measurements often require costly metering infrastructure
upgrades, which defeats the primary purpose of LSR technique that aims to

enhance the time resolution of energy data without costly hardware upgrades.

e In industrial applications, STLF and LSR techniques often exhibit poor
generalization, as models trained under specific conditions may fail to
adapt to other users, region, or operational environments. Consider the
scenario of deploying an STLF model in a newly occupied household or a short-
term rental with limited historical usage records. In such cases, the model
training could be performed by using data from other sources. However, the
energy consumption patterns of the target user can differ markedly from those
represented in the training data. In addition, most existing deep learning-based
LSR models are limited to upscaling energy load profiles at a single, fixed time
resolution. For example, an LSR model trained to upscale from 5-minute to 1-
minute intervals cannot generalize 15-minute to 5-minute or 30-minute to 10-
minute, while retraining separate models for every resolution is computationally

inefficient and infeasible.

1.3 Summary of Contributions

In response to the aforementioned challenges in LSTM and LSR tasks, the key
contributions of this thesis are delineated as follows.
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1.3.1 Privacy-preserving Load Forecasting for Residential Users

To address training data shortage and user privacy challenges in existing STLF
methods, this research proposes a novel federated learning framework that enables
accurate and privacy-preserving short-term load forecasting. This framework performs
the privacy-preserving through two stages. On the first stage, the systems perform
federated user clustering techniques to group households of similar energy load patterns
into different clusters. The federated clustering technique ensures the system does not
share energy load data. On the second stage, the systems apply a hierarchically
federated learning strategy that performs STLF model training both within and across
clusters. In this stage, the actual load data are not communicated, but only the model
parameters are transferred, allowing localized collaboration while leveraging global
information. To ensure robustness in residential settings, an asynchronous
communication protocol is integrated. This protocol enables federated model training
to proceed without requiring strict synchronization, effectively handling user
disconnections and high-latency communication. This can improve the fault tolerance
of model transmission and adaptability under unreliable network conditions. Together,
these innovations enable a secure, efficient, and high-performance STLF framework

across large-scale user populations.

1.3.2 Mitigating the Unavailability of High-resolution Load Data

This research proposes a novel LSR system that enables LSR model training using
only low-resolution measurements from smart meters, without requiring any high-
resolution data. The system applies self-supervised learning to extract meaningful
representations from low-resolution data. This is done by down-scale the low-
resolution data into lower-resolution data to form pairs for LSR model training. A
contrastive learning mechanism is proposed to identify structurally similar load
instances, enabling the model to produce high-quality reconstructions even under

substantial noise interference in the model inputs. This is the first study to demonstrate
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that unsupervised LSR can achieve performance comparable to or exceeding supervised

methods, in the absence of high-resolution ground truth.

1.3.3 Enhance the Adaptability of Learning Models

To improve the learning model's adaptability to varying practical contexts, the
research is organized into two individual studies. The first study introduces an LSR
technique that, for the first time, enables accurate reconstruction of load data at arbitrary
temporal resolutions using a single trained model. Unlike existing LSR methods that
are limited to fixed up-sampling ratios. During model training, both low- and high-
resolution load data are mapped onto a shared one-dimensional coordinate system, with
each data point assigned a unique temporal coordinate. The model is then trained on
load values and their corresponding coordinates, allowing it to learn a continuous
mapping over time. As a result, the trained model can generate load estimates at any
desired resolution by querying points in the coordinate space, achieving high
reconstruction accuracy across varying granularities without retraining.

The second study addresses limited training data in individual residential settings;
this study proposes a Transferable Model-Agnostic Meta-Learning (T-MAML)
framework for STLF tailored to single households. The system first conducts a meta-
training, where data from multiple households are used to train a generalized model
with transferable model parameters. This is followed by a meta-transfer stage, where
the generic model is efficiently fine-tuned using a small amount of target household
data, enabling personalized STLF without extensive computation or communication
overhead at the user-side. Unlike federated learning approaches, the proposed method
eliminates the need for iterative communication rounds and is computationally
lightweight on the household side. Moreover, the T-MAML framework incorporates
both meta-training and meta-transfer mechanisms, allowing it to capture both global
load patterns across households and household-specific consumption characteristics,

thereby offering a more practical and adaptive solution for real-world residential



forecasting applications.

1.4 Thesis Outline

This thesis is structured into seven chapters and Chapter 1 provides the background and
motivation for this thesis and outlines the primary contributions. Chapter 2 presents a
comprehensive review of related work, highlighting the current state of the art.

Chapter 3 investigates the problem of STLF at the residential user level. Households’
energy load data cannot be shared due to privacy concerns, and communication between
devices may suffer from delays, message loss, or user dropout typical in residential
networks. Unlike conventional forecasting setups that assume centralized data access
and stable infrastructure, this work considers a decentralized environment where
individual users possess limited historical load data, are unwilling to share raw data due
to privacy concerns, and operate over unreliable residential communication networks.
The study explores how collaborative forecasting can still be achieved under these real-
world limitations.

Chapter 4 investigates the task of unsupervised LSR in residential energy systems,
where high-resolution data are unavailable, and the collected low-resolution
measurements may be noisy, irregular, or incomplete. The scenario considered reflects
practical constraints in real-world deployments: smart meters may report data at coarse
intervals due to bandwidth or storage limitations, historical fine-grained data may not
exist for new users or legacy systems, and the collected data often exhibits diverse noise
patterns caused by sensing errors or environmental disturbances. The work explores
how to reconstruct accurate high-resolution load profiles from such limited and noisy
observations without relying on supervised learning or clean high-resolution ground
truth.

The last research work addresses the adaptability of the deep learning model
through two different studies. The first one in Chapter 5 is the LSR in residential smart

meter settings, for which existing methods require retraining the LSR model for each
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desired resolution, making them impractical for multi-resolution applications. This
work introduces an LSR technique capable of reconstructing load profiles with arbitrary
target resolutions using a single trained model. The system is particularly suited to edge
devices and adaptive energy management tasks in smart grid environments. The second
research work in Chapter 6 is to address the challenge of STLF at the single-household
level, where only a limited amount of historical load data is available and the
computational and communication resources are constrained. The study focuses on a
typical residential scenario involving newly connected or transient users, such as those
in short-term accommodations or recently relocated households, where conventional
and federated learning methods often fail due to data sparsity and high infrastructure
demands.

Chapter 7 presents the concluding remarks of this thesis and outlines potential

directions for future research.



CHAPTER 2

Literature Review

This chapter presents a comprehensive review of STLF, covering its principles,
representative methods, and recent advancements. It then provides an in-depth

discussion of LSR, including its technical challenges and state-of-the-art solutions.

2.1 Review for Short-term Load Forecasting (STLF)

STLF refers to the techniques that predict the electricity demand over a few
minutes up to a few hours. Because modern power systems lack large-scale energy
storage, generation must be continuously balanced with forecasted demand in real-time.
A well-designed STLF framework, when effectively integrated into modern power
system operations, can deliver substantial economic, environmental, and reliability
benefits to both the electricity sector and the community. Even marginal enhancements
in STLF accuracy can translate into substantial economic gains. For example, a minor
1% reduction in forecasting error has been estimated to yield annual savings of
approximately £10 million for the United Kingdom’s electricity grid [14]. To the best
of the author’s knowledge, the study of STLF can be traced back to the era of the 1960s.
A key challenge in this field is that short-term energy load exhibit high volatility and
strong dependency on human behavioural patterns [15]. When early approaches
primarily rely on linear regression and some basic time series models [16, 17]. With the
emergence of machine learning techniques, STLF has experienced a significant leap in
terms of forecasting accuracy. Motivated by this, the thesis categorizes existing STLF
techniques and approaches into two major classes: statistical-based and machine

learning-based STLF.



2.1.1 Statistical-based STLF

Statistical-based STLF methods can be further categorized into two groups: time
series models and state space models. Although hybrid approaches combining different
model types have been widely developed, the definition boundaries between the two
categories remain clear. Time series models primarily rely on historical load data to
predict future values. While state-space models employ recursive estimation techniques

to iteratively refine forecasts as new observations become available.

2.1.1.1 Time Series-based models for STLF

The time series-based models generally assume that load values are statistically
influenced by preceding observations and that the power consumption data show
periodic patterns, ranging from intra-day to seasonal cycles. Those models broadly
include linear regression, Autoregressive Integrated Moving Average (ARIMA), and
Exponential Smoothing (ES).

Linear regression methods [18-20] represent one of the earliest and most widely
adopted approaches in STLF, aiming to capture the relationship between energy load
values and some other external variables such as temperature, time of day, and calendar
effect. These methods assume that there exists a linear correlation between the load
values and external variables. However, this assumption often fails to accurately reflect
actual load behaviors. Hence, Generalized Linear Models (GLMs) [21-23] have been
introduced. Unlike linear regression methods, GLMs are designed to model complex
load patterns and can effectively handle load data exhibiting skewness, heavy tails, or
heteroscedasticity. GLMs specify appropriate link functions, which define the
relationship between the linear predictor and past historical load data, aiming the model
to accommodate diverse distributional characteristics of load data.

ARIMA consists of multiple components, each targeting a specific characteristic
of energy load data. An autoregressive component for predicting the future energy load

using past observations. It uses an integration component to remove trends from energy
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load data, thereby making the time series more stationary, and a moving average
component to adjust forecast errors. Foundational work such as [24] aims to design a
more robust autoregressive component to capture regular short-term energy load
patterns, such as daily and weekly cycles. [25] introduces external information into
STLF, integrating temperature data as an exogenous variable to allow the model to
consider energy load data as weather-driven load data. Due to the model’s structural
simplicity and ease of implementation, ARIMA-based STLF methods are often
incorporated with other techniques to form hybrid forecasting frameworks. For
example, [26, 27] combines ARIMA with wavelet decomposition and fuzzy inference
systems. The methods decompose energy data with different time frequency bands and
use ARIMA to forecast each frequency band individually. [28] designs an online
information network that enables the model to adjust forecasts in response to incoming
energy load data, thereby allowing ARIMA to perform real-time STLF. Some machine
learning techniques have also been integrated with ARIMA within hybrid forecasting
frameworks. For example, ARIMA combined with support vector machines [29-31],
LSTM [32-34], and feedforward neural networks [35-37]. Experimental results
demonstrate that such hybrid frameworks achieve significantly higher forecasting
accuracy compared with using ARIMA alone for STLF.

ES methods are also highly simple and computationally efficient, making them
particularly suitable for real-time and resource-constrained STLF applications. The
core idea of ES is to assign exponential weights to historical load values, giving more
importance to recent observations while still accounting for the influence of past data.
Existing research on ES-based STLF can be broadly categorized into several directions.
One line of research focuses on modifying algorithmic rules to assign more selective
weights to particularly important load values, enhancing sensitivity to relevant load
patterns while down-weighting noise or outliers [38-41]. Another set of studies
incorporates external inputs, such as binary indicators for holidays, as exogenous
variables. The ES-based STLF aims to capture correlations between electricity demand

and those external conditions [42]. A third branch of research aims to decompose the
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energy load data into different sets and process them individually with ES methods. For
example, [43] decomposes energy load data into level, trend, and seasonality. Similar
to ARIMA-based STLF methods, due to the ES method’s low complexity, it has been
integrated into hybrid forecasting frameworks, for example, including combinations

with moving averages [44], ANNs [45, 46], and RNNs [47-49].

2.1.1.2 State Space Models for STLF

State space models in STLF forecast future energy load in a recursive manner,
where the prediction at time is generated from past observations and previous forecasts.
In contrast, other statistical-based STLF approaches compute forecasts for any future
time directly from historically observed variables without relying on prior predicted
values. The State-space methods use two major equations. The state equation computes
and maintains a vector of latent variables called state. It contains information such as
long-term trends and seasonal effects on historical load values from early time steps.
An observation equation links such a state to actual load data at any given time for
forecasting. This framework allows us to describe STLF in a Markovian fashion: the
current state of the model is only related to the prior state and the latest observation,
eliminating the need to reprocess the full historical data. Typical examples of state-
space models in STLF include Kalman Filter-based STLF [50-52], Extended Kalman
Filter-based STLF [53-55], the Unscented Kalman Filter-based STLF [56, 57], Particle
Filter-based STLF [58], and Bayesian dynamic models for STLF [59-61].

2.1.2 Machine Learning-based STLF

Machine learning-based methods for STLF can broadly be categorized into
classical machine learning techniques and deep learning methods. The primary
difference lies in model scale, where classical techniques generally involve far fewer

trainable model parameters compared to deep learning techniques. While their
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operational principle is similar: learning a mapping from historical load data to future

load values.

2.1.2.1 Classical machine learning models for STLF

Owing to classical machine learning methods’ limited model capacity, they often
rely on large feature engineering (e.g., selecting proper weather inputs, calendar
features, etc.). Classical machine learning methods in STLF can be broadly classified
into many categories, where two major ones are Tree-based Methods (TMs) and
Support Vector Machines (SVMs) methods.

In the early 2010s, TMs emerge as a popular choice for STLF due to their
robustness and ability to model complex nonlinear relationships. These methods can
naturally handle multiple types of inputs, such as numerical load values, binary holiday
flags, and categorical calendar indicators, without the need for extensive preprocessing
and normalization. Random Forest (RF) methods are one type of TMs [62], which
builds a set of decision trees [63]. Each tree is trained on a portion of the training data,
and the final forecast is obtained by averaging the predictions of all trees.
Representative RF-based STLF methods can be classified into certain research
directions: (1) The studies that focus on feature engineering, which involves identifying
the most relevant input variables and transforming them into meaningful embeddings
to enhance the performance [64-66]. (2) The studies that work on improving the
hyperparameter optimization, which employs techniques such as grid search and
Bayesian optimization to fine-tune model performance [67]. (3) And the studies
construct hybrid modeling, which integrates tree-based algorithms with other
techniques [68, 69].

Another type of classical machine learning method in STLF that is worth
mentioning is SVMs. Its research trajectory is like that of RF-based STLF methods,
initially focusing on improvements to its core algorithm design. For example, some

early studies aim to design a more effective kernel function to improve the ability of

12



SVMs to capture nonlinear relationships in load patterns. A kernel function is an
essential component in SVMs that maps input data into higher-dimensional embeddings
[70]. The study [71] proposes a Gaussian wavelet kernel that decomposes energy load
data into multiple time-frequency components and applies SVMs individually to each
component. Studies in [72, 73] employs a multiple-kernel SVMs for STLF, which
utilizes three different kernel functions to process the energy load data and apply the
most suitable one for forecasting each specific energy load profile. Along with the
development of kernel functions in SVMs, some studies focus on designing a hybrid
architecture that can further boost the performance of STLF, such as combining SVMs
with ARIMA [74], with particle swarm optimization [75], with wavelet decomposition

[76], or with feature selection schemes [77].

2.1.2.2 Deep Learning models for STLF

Deep learning methods use a multi-layer neural architecture, where each layer
consists of many interconnected computational units called neurons. Each neuron
contains basic trainable weights, often referred to as the model’s parameters, which are
updated and trained via the backpropagation method to minimize a pre-defined loss
function. Deep learning is termed “deep” because it typically employs a large number
of stacked layers, resulting in highly complex model architectures. Such depth enables
to include a vast number of neurons. Those neurons collectively can represent highly
nonlinear and abstract features. Early studies of deep learning-based STLF aim to
determine whether deep learning methods could achieve higher forecasting accuracy
than conventional ones. Representative studies include [78] and [79], which compare
deep neural networks against shallow neural networks and other conventional machine
learning models for STLF. Researchers also investigate the application of CNNs in
STLF. CNNs are originally developed for image processing and can only accept the
two-dimensional data format as inputs. Some studies transform time series data into a

two-dimensional representation and directly input them into the CNNs for model

13



training [80, 81]. Others design one-dimensional convolutional layers, which are then
stacked to construct one-dimensional CNN architectures capable of directly modelling
from raw sequential load data [82-84]. These investigations provide empirical evidence
that deeper architectures can offer performance gain in STLF.

Later studies of deep learning-based STLF methods shift from comparing
alternative deep learning methods to investigating the modelling of long- and short-
term temporal dependencies in energy load profiles. In energy load data, long-term
dependencies refer to patterns such as seasonal or weekly consumption trends, whereas
short-term dependencies are the rapid fluctuations driven by recent load behaviours.
RNNSs have been widely employed for STLF [85, 86], along with their variants such as
LSTM [87-91] and Gated Recurrent Unit (GRU) networks [92, 93] in STLF. These
architectures incorporate gating mechanisms and memory cells in their design, enabling
them to selectively retrain, update, and forget information over time. Hence, this design
allows RNN-based models with a superior capability to capture long-term temporal
dependencies in energy load data. Subsequently, research on deep learning-based STLF
increasingly focuses on hybrid architectures that combine a few techniques together.
The study [94] combines an LSTM and GRU network, where LSTMs are used to
capture long-term dependencies of energy load data, while GRUs are employed to
model short-term variations with reduced computational overhead. Or the work [95]
integrates LSTM and CNN frameworks to leverage convolutional layers for local
feature extraction prior to LSTM processing. Other studies apply conventional machine
learning methods, such as principal component analysis (PCA) [96] or RF-based feature
selection [97], as a preprocessing step before feeding the data into LSTMs. These

hybrid approaches aim to explore the performance limits of model integration.

2.2 Load Super-resolution (LSR)

Energy load profiles are typically obtained from smart meters, which can record energy

consumption at intervals between a few seconds and up to 60 minutes. High time
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resolution load data refers to time-stamped energy measurements acquired sufficiently
short, typically sub-minute to a few minutes. Such fine-grained data can offer
significant benefits for smart grid applications; however, its large volume of data could
burden storage systems, cloud infrastructure, and processing pipelines. This can lead to
higher operational costs for utilizers and building owners. According to [98, 99], one
million smart meters recording data at half-hour intervals can generate approximately
1,460 terabytes of data annually. In comparison, 135 million smart meters in the United
States can produce up to 54 petabytes of data per year [100]. Hence, LSR has emerged
as a potential solution to mitigate such storage burden by reconstructing high temporal
resolution load profiles from measurements that are low-resolution and coarse ones. To
facilitate a structured understanding of LSR methods, this thesis classifies them into
two main categories: non-machine learning-based approaches and machine learning-

based approaches.

2.2.1 Non-machine learning-based LSR

The most straightforward and most widely used LSR methods are interpolation-
based approaches. These methods estimate high-resolution load profiles by filling in
values between consecutive low-resolution measurements, using only the surrounding
data points. Common examples include the linear interpolation method [101, 102],
which assumes a constant rate of change, or the cubic interpolation method [103, 104],
which models gradual changes in slope between load measurements. Those methods
are computationally efficient and easy to implement in practical applications. They can
perform well when the scaling factor (defined as the ratio between the high-to low-
resolution data) is low. When the scaling factor increases, their performance
deteriorates dramatically because the underlying algorithms lack the complexity
required to reconstruct the high-frequency variations present in the true load profiles.
They are also highly sensitive to outliers and random noise, both of which are frequently

present in practical load measurements.
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Besides interpolation methods, signal processing techniques have also been widely
applied to LSR. This is because energy load profiles are discretely sampled by smart
meters, and thus inherently follow the principles of discrete-time signal processing. The
general concept is to decompose load profiles into multiple components using a specific
signal processing algorithm. Each component is then processed separately to enhance
or preserve its characteristics within its respective band. Finally, the processed
components are recombined to reconstruct the high-resolution load profile. For
example, [105, 106] employs the Fourier transform to convert the energy load profiles
from the time domain into the frequency domain. In the frequency domain, the
components that contain rapid shape variations and peak value fluctuations are
explicitly separable from the low-frequency components (i.e., contain long-term trends).
By selectively enhancing those high-frequency components, the method restores fine
details in load profiles. Analogously, [107, 108] applies the discrete wavelet transform
to decompose the load series into multiscale detail coefficients. Similarly, [109]
employs a synthesis filter-bank approach to partition the energy profiles into multiple
sub-bands, while [110] adopts singular spectrum analysis by embedding the load series
into a Hankel matrix. In each case, the fine-grained components are processed and
enhanced separately to recover detailed information that is often lost in low-resolution
measurements. Many of these signal processing techniques rely on the assumption that
load profiles are stationary. That is, their statistical properties, such as mean and
variance, remain constant over time. In practice, this assumption often fails because
real-world energy load profiles exhibit significant non-stationary, driven by factors such
as inherently unpredictable and volatile user behavior, weather variability, and

operational events.

2.2.2 Machine learning-based LSR

Machine learning—based LSR methods are primarily built on some deep learning

architectures. In typical training setups, the target outputs are high-resolution load
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profiles, often obtained from publicly available datasets [111]. The corresponding low-
resolution inputs are artificially generated from these high-resolution profiles by
applying averaging operations, simulating the measurements obtained from low-
resolution metering devices.

A common deep learning approach for LSR is to adopt CNNs as the network
architecture. There are generally two ways to apply CNNs in this context. One is that
since CNNs are typically designed for two-dimensional data, such as images, whereas
energy load profiles are one-dimensional time-series, many LSR studies transform the
one-dimensional load profiles into a 2-dimensional representation. For example, in
[112], feature engineering is applied to construct a two-dimensional input: the first
channel contains the sine-transformed of the load values, and the second channel
contains the cosine-transformed of the load values. In [113], the study treats one year
of time-series data as a single load profile and transforms it into a two-dimensional
representation, where the horizontal axis corresponds to the days of a month (31 days)
and the vertical axis corresponds to the months of the year (12 months). Other studies
have adopted similar 2-dimensional transformation strategies for LSR, such as [114,
115].

Another way of applying CNNs is to design a one-dimensional variant of the
convolutional layer specifically for time-series data, and to stack such layers to form a
one-dimensional CNN. Compared with the approach of transforming the data for use
with two-dimensional CNNs, this method is more parameter-efficient because it does
not require handling an additional dimension, nor does it involve extra data
preprocessing steps. As reported in recent studies [116-119], which show comparable
or superior performance to two-dimensional approaches.

Another branch of deep learning—based LSR methods leverages Generative
Adversarial Networks (GANs) [12, 120-125]. While conventional CNN-based LSR
models can effectively reconstruct overall load profiles, their outputs often exhibit over-
smoothed transitions at sharp edges or sudden load changes due to the inherent

limitations of the training objective. That is, conventional deep learning—based LSR
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models often adopt loss functions such as Mean Absolute Error (MAE) or Mean
Squared Error (MSE) to update model parameters. While these loss functions are
effective in minimizing overall prediction errors, they inherently encourage
conservative reconstructions at extreme points or sharp transitions. In contrast, GAN-
based approaches introduce an adversarial loss that encourages the model to better
preserve such abrupt transitions, even at the expense of slightly higher errors in certain
evaluation metrics (e.g., MAE or RMSE). These methods also retain a CNN-based
architecture but employ a fundamentally different training paradigm. Usually, two CNN
models are involved: a generator and a discriminator. During training, the generator is
updated to produce increasingly realistic high-resolution reconstructions, while the
discriminator is trained to distinguish between the generator’s outputs and the actual
high-resolution load profiles. This adversarial process encourages the generator to
produce sharper transitions and more realistic high-frequency components than

conventional loss-based training.
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CHAPTER 3

Privacy-preserving Framework for Residential STLF

In this chapter, we address the challenges presented in Section 1.2 to build a privacy-
preserving STLF framework for residential energy users. The framework enables users
to collaboratively train an STLF model without exchanging their load data. The system
works in two stages: (i) a federated user clustering method is developed to divide the
users into multiple clusters based on load pattern similarity. Instead of aggregating the
users’ data to do clustering, the developed method determines the user clusters in a
distributed manner. (ii) after the user clustering stage, a hierarchically federated STLF
model training is developed, which applies federated learning principles to facilitate
intra- and inter-user cluster model training. In the process, the individual users also do
not expose their load data. Further, an asynchronous communication mechanism is
designed and integrated into the framework, making it highly fault-tolerant and
adaptable to the residential environment with communication uncertainties.
Comprehensive experiments based on a real Australian load dataset are conducted to
validate the system. The simulation results show that the proposed framework can
effectively train the load forecasting model with a fast coverage rate and achieve up to
37.25% prediction accuracy improvement (in terms of the Mean Absolute Percentage

Error metric) compared with the other benchmark methods.
3.1 Introduction

STLF [126] is a fundamental task in power and energy systems. Conventionally, load
forecasting is performed at the bus level, i.e., to predict the aggregated load of a region

comprising a large number of individual energy loads. In smart grids, deployment of
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the AMI [127] has facilitated the automatic measurement of the power consumption of
single energy users. As a result, STLF at the individual user level (i.e., to forecast the
load of single users) has become an active topic in recent years, and it can support a
variety of upper-level demand side management applications, such as the development
of building/home energy management, customer-oriented energy recommendation
systems, electricity retail pricing, and microgrid operational planning.

The STLF techniques reported in the literature can be broadly classified into two
categories: statistical and learning-based methods. Some statistical methods, such as
the Box and Jenkins transfer function [128] and linear regression methods [22], model
the power load as a function of several influencing factors (e.g., temperature, social
events, and weather conditions) and predict the future power load as the output of the
function. Other statistical methods, such as the Kalman Filter [129, 130], ARIMA
models [26, 28, 131], and the Exponential Smoothing method [132, 133], predict the
future power load based on residential users’ historical time series load data. Statistical-
based STLF methods are computationally efficient and relatively easy to implement;
however, they are limited in representing complex load patterns. Various learning-based
methods have been developed for more effective STLF. These methods use load data
to train certain machine learning models (e.g., support vector machines [134, 135],
random forest regressors [136, 137], and LSTM recurrent networks [138, 139]) and use
the trained models to predict the future load.

For the problem of single-user STLF, most of the existing work performs load
forecasting based on the historical load data of the target user. These approaches can
hardly be adapted to the situation when the target user has limited historical load data
for training. Such a situation is common in modern cities (e.g., hotels, short-term
accommodation, and newly moved-in households). Besides, solely using the historical
load data of a single user for STLF could lead to the over-fitting problem [140], which
degrades the load forecasting performance. One approach for tackling these issues is to
practice the collaborative learning principle, i.e., to utilize multiple users’ load data to

“assist” the users with limited data for training the load forecasting model without
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incurring the over-fitting issue. For example, in the authors’ recent work [141], a
transferrable model agnostic meta-learning-based STLF framework is developed. The
method aggregates the data of multiple users to train a global model and then transfers
the model to each target user for STLF purposes through a fine-tuning process.
Although the framework has been proven effective, it is associated with a privacy-
preserving issue. That is, load data would be considered as the user’s private
information. Simply collecting data from different users to train a model (as one way
to train an LSTM in [139]) may not apply to users with high privacy-preserving
concerns. This issue is more noticeable when the entity that performs load forecasting
only possesses the data of a single customer it manages (e.g., the home energy
management system developer of a specific customer).

Aiming to facilitate collaborative learning-based STLF while preserving the users’
data privacy, Federated Learning (FL)-based STLF methods have been developed [142-
147]. [142] develops an FL system for the single-user level STLF. In the system, each
user trains a local load forecasting model based on its load data. Then, the users submit
the parameters of their local models to a central node. The central node uses the
aggregated parameters to determine the parameters of a global STLF model and sends
its parameters to the users. The users then use the received parameters to update their
local models further. This process is iteratively performed until a given termination
criterion is met. In this way, different users can share spatial-temporal correlation (as
represented by the model parameters) without sharing their load data. However, directly
applying the FL process to STLF can lead to an issue: when the load patterns of the
users are highly diverse, the spatial-temporal correlation of one user would have little
reference to the others — in this situation, sharing model parameters among the users

could delay the global model convergence, degrading the STLF performance.

To overcome the above issue, the recent literature ( [144, 145] and the authors’
work [143]) introduces a load clustering operation before performing the FL-based
STLF process. With such a design, the load clustering operation can improve the

system’s STLF performance. It can ensure that load forecasting knowledge is only
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shared among users exhibiting similar load patterns. By combining load clustering and
FL-based STLF, the users are firstly divided into multiple clusters based on the
similarity of their load profiles or information; then, for each cluster, an FL process is
applied to enable users to train an STLF model collaboratively.

Despite the apparent reasonability of integrating load clustering into STLF, those
work [143-145] remains three unsolved problems: (i) firstly, with the load clustering
strategy, users’ personal information needs to be centrally aggregated for clustering;
this conflicts with the initiative of using FL, i.e., to avoid revealing the data of
individual users. In the literature, two techniques have been developed to preserve the
users’ data privacy in load clustering [ 148, 149]. [148] develops an average consensus
algorithm to perform clustering algorithms (i.e., K-means, fuzzy C-means clustering,
and Gaussian mixture methods) in a distributed manner. This mechanism is fully
decentralized and would not be suitable for FL-based STLF systems, since it does not
utilize the aggregation node(s) that exist in FL systems, which would lead to a large
number of communications among the users. [149] develops distributed K-means
clustering techniques for load clustering. Despite its effectiveness in preserving the
users’ data privacy, the method does not include a mechanism to mitigate the negative
impact that outlier load profiles would cause; in addition, it only performs clustering
for load profiles rather than users (a user is characterized by a group of historical load
profiles), and thus can hardly be directly applied to FL-based STLF systems. In FL-
based STLF systems, the FL process needs to be performed in a group of users with
similar load patterns rather than in a group of load profiles. (ii) Secondly, for the
methods in [143-145], FL is performed separately in different user clusters, and there
1s no communication among clusters. This makes them not able to utilize the rich latent
information among users sufficiently and would degrade the performance of the
collaborative STLF scheme when the number of users in a cluster is small; (ii1) thirdly,
the existing FL-based STLF methods [142-147] are based on synchronous
communication among the users. In each iteration of the FL process, the central node

does not start the parameter update for the global model until it collects the local models’
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parameters from all the users. Such a synchronous communication requirement makes
the methods hard to adapt to the real-world residential environment. Compared with
critical infrastructures that are usually equipped with dedicated and well-protected
communication networks, the residential environment could be highly dynamic. For
example, it could be communication delays, packet losses, and even loss of nodes (e.g.,
a user may leave the FL-based STLF process without notification). This indicates the

necessity of more robust federated STLF system designs in the residential sector.

3.1.1 Contribution

To overcome the above-identified limitations in the existing work, this study proposes
anew STLF framework that enables users to collaboratively train an STLF model with
high performance in a privacy-preserving manner. The system performs STLF
following two stages: firstly, a federated user clustering method is developed to divide
the users into multiple clusters based on their load pattern similarity. After that,
hierarchically federated learning principles are developed to train an STLF model for
the users. The specific contributions that distinguish the proposed framework from the
existing methods are 3-fold:
1. To develop a federated, privacy-preserving user clustering method. Instead of
centrally aggregating the users’ load data to practice a clustering procedure (as
done in [143]), the developed framework performs load clustering in a
distributed manner without aggregating the users’ load data. Compared with the
work in [149], the proposed method integrates a module that assigns users to
different clusters based on the load profile clustering result, allowing the method
to seamlessly connect to the FL-based STLF system; the method also integrates
an outlier load profile identification and removal mechanism, which can
contribute to enhanced load clustering performance.
2. To develop a hierarchically federated mechanism to train the STLF model. The

mechanism applies the FL principle to facilitate STLF model training at intra-
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and inter-user cluster levels. Such a unique design enables users with similar
load patterns to intensively collaborate to train the forecasting model while
utilizing the data features from all the users’ load profiles. As a result, the STLF
accuracy can be significantly improved. Moreover, the users’ load profiles are
not exposed during the training process. Together with the federated user
clustering technique in (1), the system can sufficiently preserve the users’ data
privacy.

3. Unlike the synchronous communication pattern used in the existing FL-based
STLF methods, an asynchronous communication mechanism is designed in the
proposed framework, which makes it highly fault-tolerant and well-adapted to
the residential scenario with communication uncertainties.

The rest of this chapter is organized as follows: Section 3.2 provides an overview

of the proposed STLF framework. Sections 3.3 and 3.4 present the technical details of
the federated user clustering method and the hierarchically federated STLF mechanism.

Section 3.5 reports and analyzes the experiments. Section 3.6 discusses the conclusion.

3.2 Overview of the Proposed STLF Framework

The schematic of the proposed STLF framework is shown in Figure 3-1. The system
works on a group of residential users, and the power consumption data from each user’s
smart meter is confidential. The system facilitates users to train an STLF model in a

distributed manner collaboratively.

3.2.1 Federated User Clustering

As discussed in Section 3.1, collaborative training an STLF model suffers if users
with highly diverse load patterns. While recent studies show that practicing a clustering
operation to ensure FL training is performed among users with similar load patterns can
improve the accuracy of the forecasting model [143, 144], they do not provide

mechanisms to preserve load data privacy in the clustering process.
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FIGURE 3-1. Schematic of the privacy-preserving and hierarchically federated STLF

framework for residential energy users (the red crosses indicate no communication

between the users).
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The user clustering operation in the proposed STLF framework can sufficiently
preserve the users’ data privacy while effectively identifying their load pattern
similarity. The method enables users to collaboratively perform a K-means load
clustering algorithm in a distributed manner. Instead of submitting their private load
data to a central node for clustering, the users communicate with each other to

determine the centroids of the clusters without exposing their load data to a central node.

3.2.2 Hierarchically Federated STLF for Residential Users

After residential users are split into different clusters, a cluster head (CH) is set up
in each cluster. Meantime, a global node (GN) is set up in the system. The CHs, GN,
and each user initialize an Artificial Neural Network (ANN). The ANNs hosted by the
GN, the CHs, and the users are named the global ANN, cluster ANNs, and local ANNSs,
respectively.

The GN, CHs, and users train ANNs following a hierarchically federated process.
At the lower level, the CHs launch an FL process with the users belonging to the same
cluster to train the cluster ANN for each cluster. The CHs and the GN perform another
FL process at the upper level to train the global ANN. This hierarchical FL process is
performed iteratively. When the iteration terminates, the global ANN is distributed to

the users. Each user applies it for STLF based on its load data.

3.2.3 Communication Robustness and Data Privacy Preserving

Unlike conventional FL-based STLF methods built upon the synchronous
communication pattern, where the server (this refers to the CH in the proposed
framework) must wait for the arrival of the parameters of all the local ANNs to update
the global model, the proposed framework uses an asynchronous communication
pattern. That is, the CH immediately updates the cluster ANN when receiving the
parameters of a local ANN. In this way, the framework can be well suited to users with

different bandwidths and communication latency (this is the common case in the
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residential sector); it can also tolerate the loss of communication messages from one or
more users.

In summary, by integrating the federated user clustering and hierarchically
federated STLF modules, the proposed framework can effectively facilitate
collaborative STLF among users without triggering data privacy concerns. Further, the
asynchronous FL mechanism makes the framework highly robust for the
communication uncertainty of the residential environment. The technical details of the

framework will be presented in Sections 3.3 and 3.4.

3.3 Federated K-means User Clustering

Residential power loads usually exhibit highly diverse patterns. As a demonstration,
Figure 3-2 (a) shows the 24-hour normalized power load profiles of 100 residential
users in the Greater Sydney area (data source: the Australian “Smart Grid, Smart City
(SGSC)” customer trial dataset [150]) from June 01 to September 01, 2013. Directly
performing FL on such load data could lead to unsatisfactory STLF performance, and
a clustering operation could be helpful to group users with similar load patterns. Figure
3-2 (b) demonstrates the results generated from a load profile clustering operation. The
profiles are grouped into 3 clusters, each of which is marked by a color.
The user clustering is backboned by a federated clustering algorithm, which divides
a group of data points into multiple clusters by minimizing the sum of the distances
between each data point and the centroid of the cluster to which the data point is
assigned:
K X
F=2 20—l (3.1

1 z=1

where K is a pre-specified parameter that denotes the number of clusters; X is the total
number of data points; 4, is the centroid of the kth cluster (k=1:K); » denotes the

value of the zth data point (z=1:X ). Compared with the conventional K-means

clustering method, the federated user clustering method is trained in a distributed way,
27



Normalized Power

10 15
Hour index

(a)

Normalized Power

10 15
Hour index

(b)
FIGURE 3-2. Demonstrations of 24-hour normalized power load profiles of 100 users in
the Greater Sydney area: (a) without load profile clustering; (b) with load profile
clustering. In (a), each curve represents the load profile of a user. In (b), each color
indicates a load cluster.

which does not need to aggregate the users’ load data to a central system.
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3.3.1 Representation of User’s Load Data

Consider there are M users to be clustered; Each user’s power load dataset can be

expressed as a 1-dimensional time series vector:

P

P =[P 0. ] (3.2)

m m2°"
where m is the user index (m=1:M); @ is the total number of load readings of the

mthuser; B, (¢=1:0,) is the power load reading of the user in the gth hour (kW).

For clustering purpose, P, is transformed into a matrix form:

Pm,l,l })m,l,Tm
P = . : (3.3)
F mD, 1 Pm,Dm T,

In the matrix in Eq. (3.3), each row represents a load profile consisting of 7' load values
recorded at a regular time interval (the length of one historical load profile), and D,
is the number of the historical load profiles of the mth user; The entry
P, (d=1:D,, t=1:T,) in the matrix denotes the mth user’s power load at the tth

time slot of the dth historical load profile. One historical load profile is with T

dimensions. Based on this, the load data of a user in Eq. (3.3) can be rewritten as:

Pm,l
Pm d

P=| ™| m=1:M (3.4)
Pm,Dm

P, :[Pm,d,l’Pm,d,29""Pm,d,Tm 1 (3.5)

d=1:D,m=1:M

3.3.2 Determination Process of Cluster Centroids

All M users’ historical load profiles are used to determine the K clusters' centroids.

Firstly, the GN initializes a centroid for each cluster. The centroids are denoted as
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C. =[W;--» W ¢ ], where p,, denotes the centroid of the kth (k=1:K) cluster in the

ith training iteration (i=1:/ , where I denotes the maximum number of training
iterations for clustering). The centroids are then updated in an iterative manner

coordinated by the GN. In each iteration, the GN randomly selects a set of users

(denoted as @, ) and broadcasts the centroids €, to them. After receiving the

centroids, each user in @, calculates the Squared Euclidean Distance between each

load profile and the cluster centroids, assigning each load profile to the cluster with the

shortest distance:

2

— 1 K
a)i,m,d - arg mlnk Pm,d _u[,k

Vme®,, d=1:D,

’ (3.6)

where @, ,7 isanauxiliary variable; it equals 1if P, , isassigned to the kth cluster

in the 7th training iteration and it equals 0 otherwise. Then, each user calculates the sum

of the distances between each load profile in its load dataset and the centroid assigned

toit (J,,):
Dm
Jz',m = Za)i,m,d (Pm,d - ui,k)’ vm € ®i’ k = 1 : K (37)
d=l1

After applying Eq. (3.7), each wusers sends J, and a vector

i,m

y

i,m,K

V. =[V

i,m im,%°°*2

] tothe GN. V, records the numbers of the load profiles in the

i,m
user’s data that have been assigned to each cluster. The GN aggregates J,, and V,,

from @,:

J.=>J.,,Vme0, (3.8)

V=)V, Vme®O, (3.9)

The GN updates the centroids for the successive training iterations such as:

Ji
Cu=Cra-3t (3.10)

i
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In Egs. (3.8-3.10), the vector operations are performed elementwise. In Eq. (3.10),
a 1s a pre-specified learning rate for the proposed clustering method. The above steps
proceed until one of the two criteria is satisfied: (i) the pre-set maximum iteration

number is reached; or (ii) the distances updated between all the load profiles and the

centroids to which the load profiles belong is smaller than a pre-specified threshold ,.

It can be seen that the actual load data of the users is not transmitted in the cluster

centroid determination process; instead, only J,, and V,, are transmitted from

users. Since this information items are just about the distance between the load profiles
and the centroid and the cluster assignment information of the load profiles, it would
be difficult for an attacker to infer the user’s load data or meaningful load patterns (e.g.,
peak power consumption and peak-to-value ratio) from this information. In this sense,

the method can sufficiently preserve the user’s data privacy.
3.3.3 Identification and Removal of Outlier Load Profiles

It has been recognized that the outlier data points would negatively affect the
performance of a clustering algorithm [151]. This also applies to the distributed user
clustering method in this study, as the outlier load profiles would significantly affect
the determination of the cluster centroids. Based on this, we design a mechanism to
reduce the load profile outliers, which works as follows:

After determining the cluster centroids following the method in Section 3.3.2, for
each user, the distance between each load profile in the user’s historical load dataset

and the centroids are calculated:

m=1:M, k=1:K (3.11)

,d=1:D

m?2

Skmd = ||Pm,d L
Then, the load profile is assigned to the centroid with the minimum value of s, ,
(denoted this shortest distance as s;, 2)- The load profiles that satisfy the condition of

*

s, >s> are considered as outliers and removed from the user’s dataset, where s”

m
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is a pre-set percentile threshold. Afterwards, the cluster centroids are updated by

applying the steps in Section 3.3.2 one more time.
3.3.4 Assigning Clusters to Users

After the cluster centroids are determined, each user needs to be classified into a

cluster to launch the hierarchically federated STLF process. To do this, each user

computes its average daily power load profile (13m ):

D,

m

1
—> P, m=1:M (3.12)
D, ="

' d=1

A

P =

Then, each user assigns itself to one cluster based on 13m , which applies:

Cm=1:M (3.13)

Pm _l'lk

@, =argmin,
where &, is an auxiliary variable that either equals 1 (if it belongs to the cluster) or 0.

Algorithms 3.1, 3.2 and 3.3 describe the overall training procedures of the developed

ALGORITHM 3.1 Procedures of Federated K-means User Clustering

Inputs: number of clusters K; maximum iteration number /; clustering learning rate
a; threshold p; the users’ load datasets (P,,,, m = 1: M).
Output: cluster centroids C.

1  Randomly initialize the cluster centroid Co;

2 Fori=1:1 Do

3 Randomly select a set of users ©;;

4 For users in ©; in Parallel, Do

5 (Jm,iy Vmi)—Algorithm 3.2 (C;, Py);

6 End For

7 Update J; and V; following Egs. (3.8) and (3.9);
8 Update cluster centroids to be C;+1 following Eq. (3.10);
9 End For

10  Perform Algorithm 3.3 to remove outlier load profiles;
11 Repeat steps 2-9 to update C.

12 Output C.
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ALGORITHM 3.2 Sub-Routine Performed by Each User

Inputs: cluster centroids C;; the users’ load datasets (P, m=1:M).
Output: distance matrix J,,;; cluster information V.
Initialize elements in V,,; to be 0;
For each load profile P,,q (d=1:Dw), Do
Assign Py, 4 to a cluster following Eq. (3.6);
End For
Compute distance J,,; following Eq. (3.7);
Update cluster information V,;;
Output J,,iy Vi,

~N N LR W N =

ALGORITHM 3.3 Outlier Removal Performed by Each User

Inputs: cluster centroids C; the users’ load datasets (P., m=1:M); and percentile
threshold s?..
Output: the users’ load datasets with the removal of outlier load profiles.

1 For each user m=1:M, Do

2 For each load profile Py,q (d=1:Dy), Do

3 Calculate the distances between P, s and the centroids following
Eq. (3.11);

4 Determine sy, 4 for Pyq;

5 If s34 > sh, Do

6 Remove Py, s from Py;

7 End If

8 End For

9 End For

10 Output P, m=1:M.

federated user clustering method. Algorithm 3.1 is executed by the GN, which
iteratively communicates with the users to execute Algorithm 3.2 and 3.3 to perform

the distributed clustering process.

3.4 Hierarchically Federated STLF Mechanism

After the users are divided into multiple clusters by applying the privacy-preserving
user clustering method in Section 3.3, a two-layer federated learning mechanism is

applied to enable the users to train the ANN model for STLF. The mechanism applies
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the FL principles at the intra- and inter-cluster levels. In this section, we first introduce
the basic format of the input and output data of the ANN models for STLF purposes;

then, the proposed hierarchically federated STLF mechanism is presented.
3.4.1 Inputs and Outputs of the ANNs

For each user, the sliding window method generates the input and output load data

pairs of the ANN. Specifically, the load readings over L” time slots are used to

generate the predicted load values of the next L’ future time slots. Specifically, based

on a user’s historical power load data represented in Eq. (3.2), the input and output sets
of the ANN (denoted as X, and Y, respectively) can be represented as:

Yoo Xy Xpa 7 Mo

X =[: oLy =l (3.14)

cee x x oo x
J J+IP -1 J+IP O

where J =0, +1-L". Each pair of rows in X, and Y, is used as a set of ANN input

and output. The parameters of the ANN are trained in an iterative manner. In each
iteration, the parameters are updated based on a certain number of input and output
pairs extracted from X, and Y, (called a “batch”). The number of such input and output
pairs in each batch is called batch size, which is a hyperparameter that needs to be

specified before training.
3.4.2 Hierarchically Federated STLF Model Training

For each cluster, a CH is set up. Besides, a GN is also set up in the system during
the user clustering stage. There is an ANN in each user, each CH, and the GN. The ANN
in the GN is called the global ANN; the ANNs in the CHs are called the cluster ANNSs;
and the ones on the user side are called the local ANNs. The hierarchically federated
STLF process is then performed among the users, CHs, and GN. The CHs act as the

intermediate agents between the users and the GN. Each CH communicates with the
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users in the cluster to update the cluster ANN of the users through an intra-cluster
federated ANN model training; the CHs communicate with the GN to update the global

ANN through an inter-cluster federated ANN model training.

3.4.2.1 Intra-cluster Federated ANN Model Training

Firstly, the GN initializes the parameters of the global ANN (denoted as 0 , where
the subscript “0” indicates the initialization ANN parameters). 0F is then distributed

to the CHs to be used as the initial models of the cluster ANNs, (i.e., 05, =07 ). In

each iteration, each CH randomly selects a set of users in the cluster (denoted as

® ,,n=1:N, where N are the maximum communication iteration index of the

hierarchically FL mechanism) and sends the cluster ANN’s parameters 0, , to the

users that belong to the cluster. In each user cluster, after receiving the model
parameters from the CH, each user applies the received parameters to update its local
ANN by performing the Stochastic Gradient Descent (SGD) method [152] to its own
load dataset:

/ _nl / .
en,m,w+l - 9n,m,w - WQL . wﬁez . (en,m,w’ Xm H ym )’
Vme®, ,w=1:W,vx, A X ,Vy, €Y,

(3.15)

where o, =0:, ,and the subscript “0” denotes the initial parameters of the local ANN
in the update process. } is the learning rate; w and W denote the training iteration
index and the maximum training iteration number of the local ANN, respectively; x,

and y are the one batch randomly extracted from the user’s local data X, and Y,

respectively; ¢, () denotes the loss function of the local ANN, which is expressed

as the Mean Squared Error (MSE) calculated from the actual and predicted load values:

(x,) =Y, (3.16)

2
2

[ .
ﬁefxvm,w (en’mvw,xm’ym) = Z

VX,,,Vy, €X,,.Y,

m>tm

J4

/
nmw
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After W times of local training following Eq. (3.15), each user sends the local
ANN’s parameters (denoted as Gi’m) back to the CH. The CH then updates the cluster
ANN. Unlike the existing FL-based STLF methods [142-147] that perform FL in a
synchronized communication manner, i.e., the CH aggregates the local ANN
parameters of all the users in @, to update the cluster ANN, in the proposed
framework, such an update is performed in an asynchronous communication manner —

that is, once the CH has received the local ANN from a user, it immediately updates the

cluster ANN:

0, =(1-p)0;, +50,, . Vm=® , ,n=1:N (3.17)

where [ is a pre-specific weighting factor that balances the roles of the existing

cluster ANN and the local ANN received from a user in the update of the cluster ANN.
After a pre-specified time, the cluster ANN update process terminates, and the local
ANN parameters that have not been sent from one or multiple users to the CH (e.g., due
to communication latency or congestion) are discarded. The parameters of the updated

cluster ANN are then sent to the users in the cluster to further train the local ANNs.
3.4.2.2 Inter-cluster Federated ANN Model Training

The above process of model training between the CH and the users is iteratively
performed for R iterations. After every R-iteration, each CH sends the parameters of the

cluster ANNs to the GN. The GN then updates the global ANN:

1& .
0; :Ezﬁz,k,n=l,R,2R,...,N (3.18)
k=1

The global ANN’s parameters 0% are then evaluated on a validation load dataset
subjected to the MSE metric:

2
0, 05X",Y")= ,1=1R2R,...N (3.19)
n 2

f‘;(g (XV)_YV

where X" and Y’ denote the input and output of the global ANN based on the
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validation dataset, respectively. Afterward, 0% is distributed to the CHs to train the

cluster ANNSs in the next iteration, i.e., 07

wx =05, (k=1:K).

The above whole hierarchically federated model training process is iteratively
performed until a pre-specified maximum iteration number is reached. The global ANN
with the lowest MSE value on the validation load dataset (following Eq. (3.19)) is

selected as the final STLF model and is distributed to all the users for load forecasting.

3.5 Experiments

Experiments are conducted to verify the proposed STLF framework. All programs are
implemented using Python and are executed on a computer with an Intel i7-12700F

processor and a 24-GB GeForce GTX 3090Ti GPU.
3.5.1 Simulation Setup

In this study, we use the Australian “Smart Grid, Smart City” (SGSC) customer
trial dataset [150] to evaluate the proposed framework. The dataset contains the power
consumption data of over 10,000 residents in New South Wales between 2010 to 2014.
The AMI collects the data with a 30-minute resolution. In this simulation, we convert
the time resolution of the data to 1 hour by taking the average value of two neighboring
data readings. All the load data values are normalized between 0 and 1 for model

training purposes:

P _ Pmin

P=— 3.20
Pmax _Pmm ( )

where P and P represent the normalized and actual load values, respectively; P™

and P™ denote the minimum and maximum load values in the user’s historical load

dataset, respectively.
In the federated user clustering stage, the weekday load profiles of the users (from

Monday to Friday) are used. The load profile is the daily power consumption with 24
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time slots. The clustering learning rate « is set to be 1; / is set to be 50; the early

termination threshold value p for clustering is set to be 0.0001; the outlier percentile

threshold s is set to be 80%. While the proposed STLF framework is compatible

with different kinds of ANN models, without loss of generality, in this study, a basic
Fully Connected Network (FCN) with three hidden layers is used as the ANN model to

validate the framework. In the FCN, each hidden layer contains 128 neurons; the ANN

learning rate 7 is setto be 0.01; Following [139] and [141], the sliding window hyper-

parameters L7 and L’ are setto be 12 and I; the maximum local training ¥ is set to

be 5; the maximum number of communication iterations (N) for STLF training is set to

be 300. The batch size is set to be 32. In each communication iteration, each CH

randomly samples 10% of the users in its cluster to form @, , for training; The Root

Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) are used as

the evaluation metrics of load forecasting performance:

total
W x=1

1 Wlolal
RMSE=\/W Z (P.— PP’ (3.21)
x=1
Wtota] _ pred
MAPE = — Z|Rf £ |><100% (3.22)

X

where P and P™ denote the xth pair of actual and predicted load values. We

compare the proposed STLF framework with three benchmark methods:

(1) Individual Learning (IL)-based method. In this method, each user only applies
its own historical load data to train an ANN and uses it for load forecasting. This
represents the simplest way of STLF.

(2) Federated Averaging (FedAvg)-based method [142]. This method uses the basic
FL mechanism to do STLF. A GN is set up to host a global ANN model; the parameters
of the global ANN model are sent to individual users, which use the parameters to train
their local ANN models. The updated parameters of the local ANN models are sent back

to the GN, and the latter uses the weighted average on the collected parameters as the
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global ANN model’s parameters. This method is based on the synchronized
communication mechanism — that is, the GN does not update the global ANN model
until it has received the local model from all the users.

(3) Asynchronous Federated Learning (AFL)-based method. This benchmark
method integrates an asynchronous communication mechanism into the basic FL
process. When updating the global ANN model, instead of calculating the weighted
average value of all the parameters of local ANN models, the global ANN is
immediately updated once the GN has received the local ANN model parameters from

a user. Such an asynchronous model update process can be defined as:

05 =(1-p)0+ 0, , Vme® n=1:N (3.23)

where 0% and Bi’m are the global and local ANN model at nth communication

iteration, respectively; @ is the sampled users at nth communication iteration.

(4) FedAvg-based method with user clustering (FedAvg-C) [143]. In this method,
the users are divided into different clusters. The FedAvg-based method is then applied
to each cluster separately, in which the CH communicates with the users in the cluster
by applying a FedAvg process to train the cluster ANN model. There is no

communication among the user clusters.
3.5.2 Validation of User Clustering

In the first part of the simulation, we validate the distributed user clustering method
presented in Section 3.3. We compare the method with two other methods that can be
used in load clustering: (i) the conventional K-means clustering method; and (i1) the
federated gradient sharing (GS) based load clustering method reported in [149].

A total of 6,500 load profiles from 100 users are used for the validation. Figure 3-3
shows the comparison of the centroids of the load profiles under the 3 methods with the
setting of five clusters (i.e., K=5). Figure 3-3 shows that all the 3 methods produce a

similar load profile clustering result. Since the conventional K-means clustering method
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is a centralized method, the results in Figure 3-3 validate the effectiveness of the
distributed load profile clustering methods (i.e., the federated K-means-based method
in this study and the federated GS method in [149]). These distributed methods can
effectively divide the load profiles into different clusters as the centralized method
without exposing the actual load data of the users.

Figure 3-4 shows the clustering results for 6,500 load profiles of the 100 users in
detail, in which each color represents a cluster. Figure 3-4 (¢) shows that with the
federated K-means-based method, some outlier load profiles (e.g., the purple curves in
the upper right corner and the green curves between hour index 10 and 15 of Figure 3-4
(a) and (b)) are removed by the outlier load profile identification and removal
mechanism in Section 3.3.3. As a simple illustration, Figure 3-5 shows the load profiles
of a user, in which some profiles are identified as outliers (red curves in the figure) and
are removed in the clustering process. The conventional K-means and the GS- based
methods are applied to load profile clustering; in contrast, the proposed federated K-
means-based method performs an additional step to assign each user to a cluster based
on the load profile clustering result (see Section 3.3.3). Figure 3-6 shows the cluster

assignment results for 100 users.
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FIGURE 3-3. Comparison of the cluster centroids under different power load clustering
methods.
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3.5.3 Comparison of STLF Results

We validate the effectiveness of the proposed federated user clustering mechanism.
For this purpose, we run the proposed framework under different settings of the user
cluster number, i.e., K=2, 3, and 4, and compare the results with the FedAvg- and AFL-
based methods. We randomly select 7-day and 21-day data from the dataset,
respectively, to train the models. Figure 3-7 shows the average MSE values on the
validation dataset over 5 independent trials in both the 7-day and 21-day training data
cases. The former is designed to simulate a commonly seen real-world scenario where
the training load data is highly limited and insufficient for the users. The result shows
that clearly, the proposed framework outperforms the FedAvg- and AFL-based methods.
When the users are divided into multiple clusters based on their load pattern similarity,
the proposed framework can achieve fast model training. For example, in both 7-day
and 21-day training data cases, the MSE value on the validation dataset generated by
the proposed framework with K=3 after 50 communication iterations is lower than that
generated by the FedAvg method after 300 communication iterations.

Table 3-1 reports the STLF results generated by the different methods. The FL-
based methods (i.e., the proposed system and the AFL-based, FedAvg-based, and
FedAvg-C methods) are trained with 300 communication iterations. Among those
methods, the FedAvg-based method shows unsatisfactory STLF performance. Without
integrating user clustering, the AFL-based method does not perform well either. In the
21-day training data case, these two methods perform even worse than the IL-based
method (reflected in the higher MAPE and RMSE values). The reason for their
unsatisfactory load forecasting performance could be that these two methods
discriminately perform collaborative model training for all the users; as a result, the
users with highly diverse load patterns would make the global FCN model hard to
converge (as shown in Figure 3-7), which subsequently imposes a negative impact on
the STLF accuracy. In contrast, with the introduction of the user clustering mechanism,

the proposed system ensures collaborative model training is performed among users
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with similar load patterns. This leads to a significant improvement in the STLF results.
Table 3-1 also shows that the FedAvg-C method has worse STLF performance than the
proposed system, especially in the 7-day training data case. The results indicate that, on
the one hand, the proposed system can facilitate users with similar load patterns to
intensively collaborate to train STLF models (i.e., the cluster ANNs); on the other hand,
it can also take advantage of the rich features in the different cluster ANNs to train a

model with enhanced STLF performance (i.e., the global ANN).

TABLE 3-1. Comparison of STLF performance among different methods

7-day training data 21-day training data
STLF methods Best Average Worst Best Average Worst

MAPE | RMSE | MAPE | RMSE | MAPE | RMSE | MAPE | RMSE | MAPE | RMSE | MAPE | RMSE

AFL-based
109.73 | 0.160 121.34 | 0.164 142.15 | 0.169 121.28 | 0.156 124.62 | 0.158 127.88 | 0.160
method

Proposed system
85.26 0.150 93.16 0.150 | 102.43 | 0.151 75.45 0.148 91.45 0.149 | 110.06 | 0.152
with K=2

Proposed system
86.26 0.149 93.57 0.150 | 109.20 | 0.151 70.28 0.147 73.30 0.147 76.40 0.148
with K=3

Proposed system
80.40 0.148 | 83.79 0.149 | 107.60 | 0.153 82.45 0.148 82.51 0.148 | 109.89 | 0.151
with K=4

FedAvg-C method
116.72 | 0.160 | 126.89 | 0.164 | 139.11 | 0.169 | 106.57 | 0.153 | 117.03 | 0.156 | 122.39 | 0.158
with K=2

FedAvg-C method
124.17 | 0.161 | 128.86 | 0.165 | 134.44 | 0.169 | 114.08 | 0.153 | 114.40 | 0.156 | 11524 | 0.159
with K=3

FedAvg-based
107.13 | 0.160 | 119.48 | 0.164 | 122.37 | 0.166 | 116.61 | 0.156 | 137.83 | 0.160 | 156.05 | 0.164
method

IL-based method 101.87 | 0.162 109.04 | 0.167 107.36 | 0.169 107.07 | 0.156 103.74 | 0.157 105.92 | 0.158

*For each method, the “best”, “average”, and “worst” results are generated from 5
independent trials; the “best” and “worst” results are based on RMSE metric.
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FIGURE 3-7. Comparison of the convergence process of model training under the
different FL-based STLF methods: (a) a 7-day training data case; (b) a 21-day training
data case.

Figure 3-8 shows the method that achieves the best STLF accuracy across all 100
users in terms of MAPE and RMSE metrics. As mentioned before, the IL-based method
outperforms the FedAvg- and AFL-based methods in performing STLF for most users.
With K=3, the proposed system achieves the best MAPE values in 72 and 89 users and
the best RMSE values in 79 and 56 users in the 7- and 21-day training data cases,
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respectively.

Figure 3-9 shows two detailed examples of the 120-hour forecasted load profiles
generated by the different methods for two users. The actual load profiles of the users
are also plotted as solid black lines. In the 7-day training data case Figure 3-9 (a), for
each user, there is a relatively large deviation between the actual and forecasted load
profiles generated by the IL-based method. This indicates that the load forecasting
model cannot be well trained by solely using the 7-day training data of the user. By
enabling the users to collaboratively train the models following the proposed privacy-
preserving user clustering and the hierarchically federated learning principles, the
proposed system can well capture the features of the intra-day load variation, as shown
in Figure 3-9, the forecasted load profiles generated by the proposed system with K=3
can well follow the sudden transitions in the actual load profiles. In the 21-day training
data case (Figure 3-9 (b)), Since each user has more historical data, the STLF
performances of all the methods have improved compared with the 7-day training data
case, while the proposed system still performs best. Residential users’ power
consumption patterns could vary a lot in different seasons (as illustrated in Figure 3-10).
We further compare the STLF performance for 100 users under the different methods
in different seasons in Australia in 2013, based on the data provided in the SGSC dataset.
For each season, the load data in the first 14 days of the season (i.e., September 1% to
14" for Spring; December 1% to 14" for Summer; March 1% to 14" for Autumn; and
June 1% to 14" for Winter) is used for training the ANN models, and the load data in the
next 14-day period is used for testing. The average results are reported in Table 3-2.

For each season, the proposed framework can achieve good generalizability on
STLF performance. From the table, it can be seen that the STLF performance of the
proposed framework outperforms the other methods in all 4 seasons. This is consistent
with the results in Table 3-1 and it demonstrates how the proposed framework can well

facilitate the different users to achieve effective collaborative STLF model training.
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TABLE 3-2. Comparison of STLF under different seasons for 100 users

Spring (Sep.-Nov) Summer (Dec.-Feb) Fall (Mar.-May) Winter (Jun.-Aug)
STLF methods
MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE
AFL-based method 76.95 0.139 68.96 0.154 75.01 0.165 77.39 0.194
Proposed system with K=2 64.51 0.135 52.84 0.149 65.37 0.156 59.73 0.191
FedAvg-C method with K=2 81.04 0.142 64.83 0.154 73.36 0.164 76.30 0.193
FedAvg-based method 73.40 0.137 62.16 0.153 88.12 0.170 86.06 0.198
IL-based method 87.05 0.152 80.40 0.173 90.54 0.183 95.18 0.203
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FIGURE 3-10. Average hourly power consumption crossing 100 users in different
seasons.

3.5.4 Evaluation of the System’s Generalization Performance

We evaluate the generalization capability of the proposed method. The term
“generalization” means applying the final ANN model that has been collaboratively
trained by a number of users to predict loads of new users with no historical load data.
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In this case, ANN cannot be trained by the IL-based STLF method.

For this evaluation, we apply the proposed system, the AFL-based, and the
FedAvg-based method to the 100 users for training and apply the trained global ANN
model to another 20 new users extracted from the SGSC dataset. Table 3-3 shows the
STLF comparison of the three methods for the 20 new users. Just as the observation
from the result in Section 3.5.3, Table 3-3 shows that user clustering also plays an
essential role in the system’s generalization. When no user clustering is applied (i.e.,
the AFL- and FedAvg-based methods), the STLF models cannot be effectively used to
generate good STLF results for the new user. When user clustering is integrated, the
model training can be fast converged, and the trained global ANN model can be well
used to provide STLF service to the new users. This is reflected in lower RMSE and
MAPE values in Table 3-3 and also shown in Figure 3-11, which compares three

methods in terms of MAPE metrics.

TABLE 3-3. Comparison of STLF under different methods on 20 new users

STLF methods MAPE RMSE
AFL-based method 98.62 0.245
Proposed system with K=2 89.31 0.241
Proposed system with K=3 79.68 0.241
FedAvg-based method 92.04 0.245

Figure 3-12 provides an STLF comparison of those three methods for the new users.
The figure shows that the proposed system exhibits satisfactory forecast results,
providing better results than the other two methods and closely following the major

trend, peak values, and sudden transition of the actual load profile.
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FIGURE 3-12. Demonstration of 72-hour STLF result for a new user.

3.5.5 Validation of the System’s Communication Fault Robustness

As discussed in Section 3.4, one notable feature of the proposed system is that it

implements asynchronously federated STLF model training. For each user cluster, the
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CH does not need to wait for receiving all the local ANN parameters from all the
selected users in its cluster to update the cluster ANN; instead, it updates the cluster
ANN immediately once it receives the local ANN parameters from a user. This design
can significantly enhance the system’s robustness, subject to communication delays and
faults. To validate the system’s performance in this respect, we simulate a
communication environment with random message loss. That is, in each
communication iteration, we assign a message loss probability to each user node,
representing the probability that the local ANN parameters sent by the user to the
corresponding CH will be lost. Then in each communication iteration, a random number
is generated in the simulation program, which is compared with the message loss

probability to determine if the parameters will be lost in that iteration.
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Figure 3-13. STLF performance of the proposed framework with different
communication loss probabilities.

Figure 3-13 shows the convergence curves of training the global ANN model under
the proposed system with different communication loss probabilities. When the
communication loss probability is 20%, the model training process is not significantly
affected; with the increase of the communication loss probability, the convergence rate

is slightly slowed down, but the model training process can still be completed. Overall,
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those experimental results validate the robustness of the proposed system and show it

can adapt well to the residential environment with communication uncertainty.

3.5.6 Sensitivity Analysis for Hyper-parameters

We conduct sensitivity analysis to study the impact of four critical hyper-

parameters on the system: (i) the clustering learning rate « (in Eq. (3.10)), (ii) the

outlier percentile threshold s” for user clustering (in Section 3.3.3), (iii) the

weighting term £ for asynchronously updating a cluster ANN model (in Eq. (3.17),

and (iv) the global ANN model update interval R (measured as the number of
communication iterations, see Section 3.4.2).

Figure 3-14 shows the performance of the distributed user clustering process under
different values of « . The result is calculated as the average of 20 independent
clustering trials. The average Within Cluster Sum of Squares (WCSS) [153] is used as
the metric for evaluating the clustering result. The metric (denoted as WCSS) is
calculated as the average distance between each load profile and the centroid of the

cluster to which the load profile belongs:

1 K
WCSS:WZ > P, -m) (3.24)

k=1 P, qepy

where N“ is the total number of load profiles. The smaller the WCSS value is, the
better the clustering performance.

From Figure 3-14, it can be seen that when the value of « is small (e.g., between
0.6 and 1.0), increasing « will generally enhance the clustering performance. When
o 1s larger than 1.0, further increasing of the value « will degrade the performance.
As presented in Section 3.3.2, the clustering iteration terminates when one of the two
criteria is met: (1) the maximum iteration time is reached; or (ii) all the updated distances
between the load profiles and the centroids are smaller than a pre-specified threshold.

Figure 3-15 shows the impact of different values of « on the total iteration time
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needed to complete the clustering process. The figure shows that by setting « in the
range of [1.0, 1.4], the minimum iteration time is achieved; however, from Figure 3-14
it can be seen that the clustering performance is not quite good when ¢« is in this range.
Figure 3-14 and Figure 3-15 show that different settings of « represent the trade-off
between the clustering performance and the computation cost. The results show that
[0.8, 1.0] 1s a value range for « to achieve a good trade-off.

Figure 3-16 shows the performance of the federated user clustering process

(measured in  WCSS) under different values of the outlier percentile threshold s’ . It
can be seen that the value of s is nearly linear correlated to the WCSS values of
the clustering process. A smaller value of s leads to a higher clustering performance.

This is because setting the threshold s’ to be a smaller value means more load

profiles will be regarded as the outliers and will be removed from the dataset. Those
removed load profiles are with large distances with the cluster centroids, leading to a

lower WCSS values calculated from the remaining load profiles. However, a small

value of s” also means reduced load data for clustering, which would make the

clustering result less meaningful. In practical applications, the setting of s” should be
based on trials and practical considerations. Based on the experiment results in Figure
3-16, it is recommended to set s, within the range of [70%, 90%)] to achieve a good

trade-off.

Figure 3-17 shows the convergence processes of model training in the proposed
system under the different values of . When the value of f is large (e.g., f 1is set
to be 0.6 or 0.9), the local ANN sent from users takes a large weight to the updated
cluster ANN when updating; the experiment results indicate this makes the global ANN

fast converges. When £ is larger than 0.5, the different values of S have little impact

on the model ’s convergence rate. From the result, it is recommended to set the value

of f in the range of [0.5, 0.9].
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Figure 3-18 shows the convergence curves of the model training process in the
proposed system under different values of R. The figure shows that there is no
significant difference in the system’s performance with the different values of R.
Updating the global model at a higher frequency (e.g., R=5) can slightly speed up the

convergence of the model training process.
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3.5.7 Evaluation of Computation Cost

Lastly, we compare the computation time of STLF under the proposed framework
and the other benchmark methods. 14-day training load data of 100 users are used for

the evaluation. The comparison results are shown in Table 3-4.
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For the proposed method and the FedAvg-C-based method, a user clustering
process is performed. It can be seen that little computation time is needed in this step
for such a 100-user clustering operation (less than 2 seconds). In regard to the training
time of the ANN model(s), as the table shows, the IL-based method takes the least time
(only 4.77 seconds). This is because it simply uses each user’s load dataset to train an
ANN model for STLF and does not require communications among different users. The
computation time of the ANN model training is similar to that of the other methods
(including the proposed framework), i.e., less than 23 seconds. The computation time
under the proposed framework is slightly larger than that under the other federated
STLF methods, but the time increment (i.e., less than 2 seconds) is marginal and
negligible. Since load forecasting is an ex-ante task that is typically performed on an

hourly-ahead or day-ahead basis, such a computation cost is acceptable.

TABLE 3-4. Comparison of STLF computation time under different methods

Computation time
STLE methods ANN training User clustering training
AFL-based method 22.39s Not applicable
Proposed system with K=3 22.41s 1.82s
Proposed system with K=8 22.46s 1.91s
FedAvg-C method with K=3 20.46s 1.77s
FedAvg-based method 21.07s Not applicable
IL-based method 4.77s Not applicable

*For the individual-based STLF method, the ANN training time is the average time

used for training one local ANN model.

3.6 Chapter Summary

This chapter shows a federated learning-based privacy-preserving framework for the
STLF task. This work is developed to address the limitations of conventional single-
user model training, where individual users often lack sufficient data for effective

training and may be unwilling or unable to share their personal energy load data with
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external parties.

The proposed framework mainly integrates two key components. The first
component is a federated user clustering method that groups users based on similarities
in their load patterns. Instead of requiring centralized aggregation of raw consumption
data, this approach only exchanges latent embeddings of user load profiles, thereby
preserving privacy. By pre-clustering users, the subsequent model training becomes
more efficient and converges faster compared to training without user grouping. The
second component integrates a hierarchical federated learning mechanism applied after
users are grouped. This mechanism enables users to collaboratively train a generic
model without sharing their raw consumption data. Unlike conventional federated
learning, the proposed design supports both intra-cluster and inter-cluster collaboration,
allowing users with similar load behaviors to benefit from localized training while still
leveraging the diversity of data across clusters. Furthermore, the framework adopts an
asynchronous communication protocol. Instead of waiting for all users to complete
local training before updating the global model, each local model update is immediately
incorporated upon arrival at the central server. This design improves robustness against
communication delays, packet losses, and user dropouts, which are common in
residential network environments.

Extensive experiments are conducted in the Australian SGSC dataset to validate
the effectiveness of the proposed framework. The results show that the proposed system
outperforms other benchmark methods in terms of convergence speed of model training,
forecasting accuracy (i.e., achieves around 37% improvement in MAPE compared with
baselines), generalizability to new moved-in households, and resilience to

communication faults.
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CHAPTER 4

Unsupervised Load Super Resolution

This chapter proposes a new system to overcome this limitation. Supported by self-
learning techniques, the system can generate load data with a desired high resolution
without using high-resolution load data to train the load super-resolution model (i.e.,
the model can only be trained by the low-resolution load data). The system is also
equipped with an unsupervised noise identification module, enabling the system to
effectively identify diverse noise signals in the load sampling process and improve the
reconstruction accuracy. Experiments and comparison studies are conducted on a real-
world dataset to validate the effectiveness of the proposed technology, and the results
demonstrate that the technology can achieve a comparable performance to supervised
load super-resolution methods and has high adaptivity to load super-resolution tasks

with different scaling factors.

4.1 Introduction

Load Super-Resolution (LSR) refers to a technology of reconstructing energy load
(usually power consumption) from a low sampling resolution to a high resolution that
can more precisely reflect the actual time series energy demand. LSR provides an
economical solution for understanding the energy customers’ load details using smart
meters with a limited sampling capability. Because of this, LSR has been considered a
fundamental supporting technology in a variety of energy applications, such as false
data injection attacks and attacks in smart grids [154], abnormal load data detection

[155], and load profiling [156].
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4.1.1 State-of-the-Art

The simplest way of performing LSR is interpolation methods [157]. That is, using
a particular interpolation strategy to generate the missing load values from their
neighboring. This approach is easy to implement and computationally efficient.
Nevertheless, it cannot achieve accurate load reconstruction. Recent LSR methods are
based on machine learning techniques. Some methods [112, 113, 158-160] adopt the
strategy of firstly transforming the time series load data into a two-dimensional (2D)
form and then applying image processing techniques (typically convolutional neural
networks (CNNs)) to reconstruct the transformed load data. Other methods [116, 117]
apply one-dimensional (1D) CNN variants specifically designed for time series data to
LSR problems. Compared with the 2D CNN-based LSR methods, the 1D CNN-based
methods are lightweight, i.e., with fewer model parameters. Besides, the 1D CNN-
based methods do not require transforming the load data into a 2D format, making them
easier to implement and more straightforward to practice.

From the results reported in the literature [112, 113, 116, 117, 158-160], it can be
seen that although CNNs and their variants have shown good performance in LSR, they
are still limited in reconstructing the high-frequency details and intricate features in a
load curve (e.g., sudden transitions in the load time series). To address these
shortcomings, [12, 120-123] develops a generative adversarial network (GAN)-based
LSR technique. In these methods, the LSR model is trained based on an adversarial
training process, in which a neural network (called the “generator”) tries to create time
series load data that can hardly be distinguished from the actual load data; in the
meantime, another neural network (called the “discriminator”) tries to distinguish the
created load data. Such competition between the generator and the discriminator can
eventually enhance the generator’s ability to generate accurate, reconstructed load data.
Following this principle, [124] develops an LSR method, which firstly transforms
power load data into “electrical images” and then uses a GAN model to process the

images and generate the LSR result. [122] proposes a GAN-based LSR method, in
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which a GAN model is trained and subjected to a perceptual loss generated by a VGG-
19 network [161]. The experiment results indicate that this strategy can improve load
reconstruction accuracy. Despite the effectiveness of the existing methods [12, 112, 113,
116, 117,120-124, 158-160] on LSR, they leave two open problems worth investigating.

The first open problem is associated with the data available for training the LSR
model. The existing LSR techniques methods [12, 112, 113, 116, 117, 120-124, 158-
160] perform load reconstruction through supervised training using low- and high-
resolution load data. In this way, the model can be trained to learn the relationship
between the load data and two sampling resolutions. Nevertheless, this preliminary
requirement may not be satisfied in real-world applications. More commonly, an energy
customer could only have load data collected by a smart meter with a low sampling
resolution. In such a situation, performing LSR appears impossible due to the need for
high-resolution training data. In the authors’ recent work [11], we developed an LSR
system based on a coordinate system that uses an autoencoder to map the load values
to their timestamps. The system learns and represents the relationship between the time
step coordinates of the low- and high-resolution load data. With this mechanism, the
system can reconstruct low-resolution load data subjected to higher resolutions, even if
the resolution of the output load data (i.e., the high resolution) is not seen in the model
training data. Although the technology in [11] still requires the LSR model to be trained
using load data with different resolutions, indicating the possibility of developing
unsupervised LSR techniques that do not rely on high-resolution load data at the target
energy customer's site.

The second open problem is associated with noise, which inevitably exists in the
load data sampling process. In the existing LSR methods [11, 12, 112, 113, 116, 117,
120-124, 158-160], the noise in the low-resolution load data used to train the LSR
model is assumed to follow a Gaussian distribution with known and fixed parameters.
This assumption would limit the applicability of the LSR methods because, in real-
world applications, it would be difficult to obtain or estimate the distribution and/or

parameters of the noise. Therefore, it is necessary to develop LSR techniques that can
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not only overcome the lack of high-resolution training load data but can also be well
adapted to practical load sampling processes where diverse noise signals could be

introduced.

4.1.2 Contributions

This study addresses the above two open problems identified from the literature.
In this study, a new LSR system is proposed, which implements unsupervised LSR with
adequate load reconstruction accuracy — that is, the system can be trained using only
power load data sampled by a smart meter, even if the data has a low sampling
resolution. The trained system can reconstruct load data at a higher resolution than the
original low-resolution input during the operation stage. In addition, the system is
equipped with intelligence to analyze diverse noise signals fused into the load data in
an unsupervised manner, making it able to identify different noises in the load data
effectively. With these abilities, the proposed system has a higher applicability in real-
world scenarios compared with the methods in the literature, especially in situations
where load data with high sampling resolutions at the target energy customer’s site is
not available or difficult to obtain to train the LSR model.

The specific contributions of this study can be summarized into the following
twofold:

e To our best knowledge, this is the first research that proposes the
unsupervised load super-resolution paradigm that does not require any
high-resolution load data to train the LSR model. From the system
implementation and numerical experiments, this study will show that by
leveraging advanced self-learning techniques, implementing LSR without
high-resolution training load data is not only technically feasible but can
also achieve comparable and even higher load reconstruction accuracy than
supervised LSR methods.

e Following the unsupervised LSR paradigm, this study develops a new LSR
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system. For input load profiles with a specific low sampling resolution, the
system uses the data augmentation technology to internally generate
augmented variants that are with further lower resolutions and diverse noise
signals; a contrastive learning process is then applied to identify augmented
load profiles with similar characteristics and discriminate the ones with
dissimilar characteristics. Following this, an internal learning mechanism
is designed to enable the system to (i) learn the relationship between the
original input low-resolution load data with the augmented load profiles
with lower resolutions and noises; (ii) generalize the learned knowledge to
reconstruct high-resolution load data from the input low-resolution load
data.
The rest of this chapter is organized as follows: Section 4.2 provides an overview
of the proposed LSR system. Sections 4.3, 4.4, and 4.5 present the technical details of
the system. Section 4.6 reports the experiment result and Section 4.7 concludes the

study.

4.2 Overview of LSR System

In this section, we will first formulate the LSR problem studied in this chapter, followed

by the design philosophy of the proposed LSR system.
4.2.1 Problem Formulation of LSR

The objective of LSR is to reconstruct load data with a low-sampling resolution to
a high-sampling resolution so that the latter can more accurately reflect the energy
user’s actual power consumption. Suppose a low-resolution load profile PV is

represented as:
PV =[P, .., P, ..., Pl (4.1)

TlT

where 7" is the number of load values in P; P}" represents the tth load value (kW,
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tlT

=1: T™). The load values are sampled at a time interval At'", called the time resolution

of P,

The high-resolution load profile (denoted as P"") can be represented as:

P =[P, .., P, .., Ph] 4.2)
where T"" is the number of load values in P"; PJ'" represents the pth load value in

P (kW). The time interval between two neighboring load values Pp’” and P;?L (p=1:

Th"-1) is At"", called the time resolution of P, There is a relationship between the
two-time resolutions: At!" = At" X w, where w is called the scaling factor, and it
is a pre-specified parameter for the LSR task. Correspondingly, T"" = T" X w.

In LSR, the relationship between P and P can be expressed as:

1
P ==3t i BT A, VE= LTV 4.3)

w

where 1, represents the noise associated with the 7th sampled load value in P”.
4.2.2 System Design Philosophy

As presented in Section 4.1.2, there are two primary design objectives of the
proposed LSR system: (1) to facilitate LSR with the absence of high-resolution load
data for training; (2) to enhance the robustness and adaptivity of the system with the
presence of noises whose statistical features could be unknown.

1) Design Objective 1 — To Enable LSR without High-resolution Load Data for
Training

For the first objective, such an unsupervised LSR ability could be achieved by
learning the relationship between the load data with different resolutions, which
inherently exists in the input, low-resolution load data P'". Specifically, load data with
an even lower resolution (denoted as P'"?) can be generated by downscaling P'". Then,
by analyzing the relationship between P and P?, the learned knowledge can be
generalized to infer P" from P'". To validate the existence of such a self-similarity

between the relationships of “P"? & P and “P" & P"”, we examine 910 daily
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load profiles with 1-minute sampling resolution across 5 U.S. residential users (source:
the real-world Pecan Street dataset [111]). An average 1-day load profile is generated
from the 910 daily load profiles, and this average load profile is downscaled and
subjected to different scaling factors to generate load profiles with lower resolutions.
For each load profile with a specific resolution, the sliding window method [162] is
applied to create multiple slides, where each slide includes load values over 30 minutes.
The mean gradient magnitude (MGM) [163] is calculated for each slide. A higher value
of MGM indicates a larger load value variation within the slide. The probability density
distribution of the MGM across all the slides is shown in Figure 4-1. Further, Table
4-1compares the Shannon entropy calculated for the average load profiles with different
resolutions. A higher value of Shannon entropy indicates a higher level of randomness

of the load values.

TABLE 4-1. Comparison of Shannon Entropy with different scaling factors

Scaling factor | Shannon entropy
w=1 5.58
w=2 5.61
w =3 5.64
w=4% 5.65
w=5 5.68
w=6 5.70

Figure 4-1 shows that for load profiles with different resolutions, the probability
density distribution of MGM exhibits similar shapes, e.g., the peak occurs when MGM
is slightly larger than zero. Also, Table 4-1 shows that although fewer load details are
contained in low-resolution load profiles, the Shannon entropy does not vary much for
load profiles with different resolutions (it only slightly increases with the increase of

w). These observations indicate that the basic load variation pattern is retained in load
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profiles with different resolutions. This supports the idea that one can generalize the
knowledge learned from the relationship between P! and PY? to reconstruct P

from PY.
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FIGURE 4-1. Probability density distribution of mean gradient magnitude per slide with
different scaling factors.

Our investigation reveals that such a load resolution self-similarity between
different scales can also be observed in the embeddings generated by artificial neural
networks on load data. As an example, we train a tree-layer, 1D CNN model for LSR
purposes using 10,000 load profiles in the Pecan Street dataset. In the model testing
stage, we use this trained CNN model to perform two LSR tasks: (1) recover load
profiles with a length of 360 (i.e., 360 load values in a load profile) to load profiles with
a length of 1,440. This corresponds to LSR from P to P™. And (2) recover load
profiles with a length of 90 to the ones with a length of 360. This corresponds to LSR
from P72 to PY. Figure 4-2 shows the stacked embeddings of the 1%, 2 and 3™
layers in the CNN respectively in these two cases, where the top 3 subfigures are for
the case with 360 input load data values and the bottom 3 subfigures are for the case

with 90 input load values. Visually, Figure 4-2 shows a high similarity between the
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embeddings generated from different resolutions of load data in each layer. The average
cosine similarities between the embeddings are 0.87, 0.84, and 092 for the 1%, 2", and
3 Jayers, respectively. Such strong similarities suggest the model captures similar
essential features despite the changes of input data resolution.

The findings from the above experiments (in Table 4-1 and Figure 4-2) form the
primary motivation of this research, and we will show in later sections that through
properly designing the LSR system to learn the self-similarity between different load
data resolution pairs, effective unsupervised LSR can be achieved.

2) Design Objective 2 — To Enable LSR with Unknown Noise Statistical Features

For the second objective, the following strategy can be applied to cope with the
practical situation that usually lacks prior knowledge of the load sampling noise’s
statistical features. The proposed system artificially generates diverse noise signals and
adds into P2 to generate multiple noisy load profile samples. Following this, a
certain unsupervised learning mechanism can be applied to identify load profiles with
similar noise signals and differentiate those with dissimilar noises. In this way, the
system can be trained to learn load characteristics that could be common under different
noise signals and to identify unique load characteristics caused by specific noises. This
will make the system more effective in handling the input load data that could be fused

with noise of arbitrary types and magnitudes.

4.3 Network Structure of LSR System

Following the design philosophy presented in Section 4.2, Figure 4-3 shows the
schematic of the proposed LSR system, which includes an LSR encoder (query encoder)
and an LSR generator. The former transforms the input into load data into embeddings,
which are then fed into the LSR generator. The key encoder serves as an auxiliary model
to support the training of the LSR encoder. The generator subsequently produces the
reconstructed high-resolution load data. This section gives an overview of the model

structure, and the system design will be presented in Sections 4.4 and 4.5.
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FIGURE 4-2. Stacked embeddings generated in a 3-layer CNN trained for LSR purposes.
Subfigures from upper-left to upper-right: stacked embeddings in the 1st, 2nd and 3rd
layers of the CNN trained by input load data with a length of 360, respectively.
Subfigures from bottom-left to bottom-right: stacked embeddings in the 1st, 2nd and
3rd layers of the CNN trained by input load data with a length of 90, respectively.
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FIGURE 4-3. Architecture design of the proposed LSR system.
68



4.3.1 Network Structure of the Entire LSR System

The LSR encoder is a one-dimensional CNN consisting of multiple fully connected
layers and convolutional layers. Each convolutional layer performs a convolution
operation, batch normalization [164], and rectified linear unit (ReLU). The LSR
generator comprises 3 nested modules: Embedding Fusion Groups (EFGs).
Embedding Fusion Blocks (EFBs) and Embedding Fusion Modules (EFMs). Suppose
a batch of training input is denoted as x¥'" and is inputted into the LSR encoder and
generator. The former outputs embeddings, which are denoted as F". The latter first

processes input as:
X = ReLU(Conv(x")) (4.4)

where Conv(-) denotes a 1-dimensional convolutional operation; X is the output
embeddings outputted. Next, X will be further processed by the EFGs in a sequential
manner. For the #th EFG (denoted as FEFC(-), h=1:H), it takes the output from the (A-
1)th EFG (denoted as X,_;) and F as inputs to generate an output Xj:

X, = FFF¢(X,_1,F"),Yh = 1:H (4.5)
where X, denotes the output of the first convolutional layer (i.e., X in Eq. (4.4)). The

output of the last EFG Xy then will be processed as:
¥ = Conv (Fup (Add(X, xH))) (4.6)

where Add(X,Xy) denotes the element-wise sum operation for X and Xy, which is
performed as a residual connection to prevent gradient vanishing. F*P(+) denotes a
shuffle operation [165]. " is the output of the LSR system, representing the

reconstructed load data with the required high resolution.
4.3.2 Network Structure of the LSR Generator

In the LSR generator, each EFG comprises multiple EFBs. Denoted the number of
EFBs in each EFG as 4; denote F,EZB as the ath EFB (a=1:A4) in the hth EFG. The

output of one EFB is further processed by another EFB:
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Xna = FFEB(Xpq-1,F7),Vh = 1:H, Va = 1: A (4.7)
where Xj, is the embeddings generated by Fig®. Xpo = Xp_14 and X;0 = Xo.
Each EFB comprises Z EFMs, indexed by z (z=1:Z). The network structure of EFM is
based on the dynamic attention mechanism [166, 167] that modulates the importance

of each embedding in the input. Each EFM performs two operations: (1) firstly, it

applies the sigmoid activation function (denoted as sigmoid(-)) to F:
Flr,, = sigmoid (FC%@Z (FC}l‘a,Z(F”))),
Vh=1:HVa=1:4 vVz=1:Z (4.8)

where FC}, . ,(-) and FC?,,(-) denote the first and second full-connected layer in the

sth EFM that is contained in the ath EFB and the ith EFG, respectively. F,l:iz denotes

the output of this EFM. (2) After performing the operation in Eq. (4.8), the EFB
processes the output of the last EFB with two convolution layers and combines the

processing result with F,llfa_zz

X}.az = Relu(Conv <Add (Xh’a’z_l, F,l[a,z_l * ReLu (ConV(Xh_a,Z_l)»))

Vh=1:H Va=1:4 Vz=1.Z (4.9)

32 32

where the notation represents the element-wise matrix multiplication; X, 50 =
Xna-1z - With the above operations, X, ,, effectively weights each embedding in

X}.a,z—1, enabling the LSR system to concentrate more on critical features.

4.4 Training of LSR Encoder

The LSR encoder is first trained by a contrastive learning approach, which involves two
networks with the same structure: a query encoder 9 and a key encoder f*.After the
contrastive learning process, f9 will be used as the LSR encoder; f* only makes an

auxiliary role in the contrastive learning process.
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4.4.1 Load Data Augmentation and Generation of Queries and Keys

The system first scales down the input P by w to generate a load profile

(denoted as P'?) with a lower resolution than P'":

P2 = [P{™?, .., PI"?, ..., Pt (4.10)
Athr Atl?"
w=Tr=om (4.11)

where T'? is the number of load data items in P"?; P/"? denotes the sth load value
(s=1: T"?). Eq. (4.11) defines that the time resolution from P" to PY is the same as

that from of P to PY2. Hence, the relationship between P and PY? is:

P2 = = 05 o141 P, Vs = 1.1 (4.12)

w
Afterwards, the system performs data augmentation to P2, This is implemented

by applying a noising operation to P!"?:
P=P"2 +q (4.13)
where 1 represents the noise term. By randomly generating noise samples from a
specific noise model to form 1, different augmented load profile variants (P) can be

generated. During the model training, the inputs to the query and key encoders are

batches of the augmented load profiles, and each batch is represented as )_(fl,b =

[P, P, Pl T and Xy = [Phy 1, Phy s s Phpy ] where N is the number
of training iterations; B is the number of batches in a training iteration; J is the number

of augmented load profiles in a batch. Fg,b'j and l_’,'f’ b (n=L:N, b=1:B, j=1:J)

represent the jth augmented load profiles in the bth batch that are inputted into the query

and key encoders at the nth training iterations, respectively.

The query and key encoders then transform )_(Z,b and )_(i‘l,b into two sets of
embeddings, called “queries” and “keys”, respectively. The B sets of queries and keys
generated from ¥, and XX, (denoted as Fg’b,F,'{b € R/*C) are represented as:

Fl, =f9x},),vn=1:N,vb=1:B (4.14)
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Ff, = f*(x%,),vn = 1:N,vb = 1: B (4.15)

where C is the number of features in an embedding.
4.4.2 Generation of Positive and Negative Load Profile Pairs

In the contrastive learning paradigm, the term “pair” usually refers to a pair of two
embeddings, one generated from the query encoder and one generated from the key
encoder. In the proposed LSR system, in a batch, a pair of embeddings are considered
as positive when both are generated by applying the same noise model to the same load

profile:

0}, = (FL,,F¥,),vn=1:N,vb = 1: B (4.16)

n
where @), denotes the bth batch of the positive embedding pairs generated from the
load profiles in the nth training iteration. The aim of setting the positive pairs in this
way is to train the system to distinguish noises with different types and/or different
distribution parameters.

In a batch, a pair of embeddings is considered negative when the two embeddings
are generated from different load profiles or different noise models. To establish
negative pairs, a matrix Q € RX*C is constructed, called the “dictionary”. It is used to
store the keys generated from the key encoder for future use. The hyper-parameter K >>
B specifies the dictionary’s size (i.e., the number of embeddings that can be stored in

the dictionary). In the system, negative pairs are generated by pairing query embeddings

Fg,b and each set of key embeddings stored in Q. Based on this, a negative pair
generated from Ffl’, » and Q can be represented as:

ap=(Fl,F),vn=1:N,vb=1:B,F€Q (4.17)

When the dictionary is full (i.e., there are K sets of key embeddings stored in it), a
dictionary update operation will be performed. That is, the new key embeddings
generated from the current batch will be inserted into Q, while the oldest key

embeddings will be removed to ensure the dictionary will not be out of capacity. This
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update process can be represented as:

Qupi: = 2 UFK,, vn=1:N,vb=1:B -1 (4.18)

Qolgest:
n,
where Q9/2¢" is the set of oldest embeddings in Q in the nth iteration and the bth

batch; Q,,\Q%A¢t represents removing Q92" from Q. This update operation

dynamically refreshes the dictionary Q with the newly generated embeddings; in this

way, it ensures Q up-to-date and facilitates an effective contrastive learning process.
4.4.3 Contrastive Learning-based Training

Based on the generated positive pairs and negative pairs, a contrastive learning
process is performed to minimize the distance among the embeddings of the positive
pairs and maximize the distance among the embeddings of the negative pairs in the
feature space of embeddings. Specifically, the model parameters of the query encoder,
denoted as 049, are iteratively updated as:

0, =01l—-¢ve(el), vn=1:N-1 (4.19)
where the subscript # denotes the parameters of the query encoder in the nth iteration;
{ isthe learning rate; VL(@) represents the gradient of the loss function with respect
to 0. The Information Noise Contrastive Estimation (InfoNCE) [168] is used as the
loss function (denoted as Lj,ronce) in the system, which quantifies the similarity

among embeddings:

q Fk
1 B exp <—n'by n'b>
Linfonce = — EZ log

F! -F} El -F\’
b=t exp <—"’b ” ""’) +Zfelep< = )

vn=1:N (4.20)
where y is called temperature coefficient. Fg’ b F,'{ p means performing a dot product

operation for the two embeddings; exp(+) is the exponential function. After updating
09, the parameters of the key encoder (denoted as 0%) are updated. Since both encoders

have the same network structure, 8% can be updated based on 09:

73



0k, =10+ (1-1)0), yvn=1:N-1 4.21)
where 7 is a momentum coefficient.
Algorithm 4.1 summarizes the overall training process for the LSR encoder. The

training process is performed for N times.

ALGORITHM 4.1 Procedure of LSR Encoder Training

Inputs: N, v, 7, n, B, C, K, and training load dataset D
Output: 09

1  Randomly initialize the dictionary Q;

2 For n=1:N, Do
3 Apply Eq. (4.14) to generate queries F, from D;
4 Apply Eq. (4.15) to generate keys F¥ from D;
5 Compute positive logits pos = F;! x Fk;
6 Compute negative logits neg = F,! X Q,;
7 Set lg = cat(pos,neg);
8 Set lables = 0p;
9

Set L = CrossEntropy(%‘g, labels);

10 Update 0 following Eq. (4.19);
11 Update 0% following Eq. (4.21);
12 Update Q following Eq. (4.18);
13 End For

14 Output 09

*“cat(-)” means the concatenation operation; “CrossEntropy(-)” represents the cross
entropy operation; Op represents a column vector with B zero elements.

4.5 Unsupervised LSR Model Training

The trained query encoder f? (see Section 4.4) is used as the LSR encoder; it will be
further trained together with the LSR generator through an internal learning process. In
the following, we denote the entire LSR model as f¢; denote the LSR model’s
parameters as 0¢ = {09, 09}, where 09 and 09 represent the LSR encoder’ and
LSR generator’s parameters, respectively.

The entire LSR model will be trained using P2 that is internally generated from
P as the input and P as the output. Specifically, the LSR model is iteratively

r2 _

trained using batches of the input load data x5 = [Pil'%?l, Pil'%?j, ...,Pil’%?]] and the
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r

ground truth )(;r,; = [Pl,;;,l»P

Ir
iL,b,jr =’

Pil'%' ]], where B and [ is the number of batches
and training iterations, respectively (i = 1:1,b = 1: B). The total loss Lyppq iS
defined as a combination of the Mean Squared Error (MSE, denoted as Ly,sz) and the

InfoNCE (denoted as Ly, roncE):

Liotat = Luse + ALmgonce (4.22)
2 .
Lyse = |F<xi®) = xi ||, vi=1:1 (4.23)
_ . F?
exp <Fl.l’rl_)2 . 17b>

)

nlr2

_ i - F
exp <Fil,%2 ' l)',b ) + ZﬁeQ exp (Fil,%z ?)

N

1 B
Linfonce = — Ezg_llog

Vi=1:1
(4.24)

where «a is a coefficient balancing the weights of the two items in the total loss;Fil‘rl—)2

and Fil,%z are generated by the LSR encoder, representing embeddings of the input’s

variants (generated by the data augmentation operation, see Eq. (4.13)), respectively.
Lysg helps the model minimize reconstruction error, ensuring that the predicted
outputs are as close as possible to the actual low-resolution data. L, r,nce €nables the
model to differentiate between noise. Based on the loss function, 0f are iteratively
updated as:

07,1 = 0] — @V L1500 (07), Vi = 1:1 (4.25)
where ¢ represents the learning rate; V Ly,:4;(07) represents the gradient of the loss
function with respect to the model parameters 0.

The trained LSR model then can be used to reconstruct load data from a low-
resolution to a desired high-resolution:
P = fe(pin) (4.26)

where P represents the predicted high-resolution load data.
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4.6 Experiments

Experiments are conducted to evaluate the proposed unsupervised LSR system. All
programs are implemented in Python and are executed on a workstation with an Intel

17-12700F processor and a 24-GB GeForce GTX 3090Ti GPU.
4.6.1 Experiment Setup

We use the Pecan Street dataset [111] to evaluate the proposed system. The dataset
contains 6 to 12-month smart meter readings of 73 residential users located in Austin,
New York, and California, U.S. The smart meter data is collected at different resolutions,
ranging from 1 second to 15 minutes. Data preprocessing is first applied to remove the
load profiles with a larger number and missing values from the dataset. After data
preprocessing, we then randomly select 7,400 samples for training, 2,500 for validation,
and 2,500 for testing.

We use the smart meter data at a I-minute resolution from the dataset. The original
1-minute time resolution data is used as P"". We downscale the 1-minute resolution
data with a scaling factor of 4 (i.e.,w = 4) to generate its corresponding low-resolution

data P'". All the load data values are then standardized for model training purposes:

p ="t (4.27)

op

where P and P represent the standardized and actual load values, respectively. up
and op denote the mean and the standard deviation of the load values in the training
dataset, respectively. To generate the training pairs, P is further downscaled to
produce PY? (see Section 4.4). In the training stage, P2 is then used as input to the
unsupervised LSR model, and P is used as the output. In the test stage, the model
directly accepts P as input and generates P that matches the original 1-minute
resolution.

For the phase LSR encoder training (see Section 4.4), the maximum training

iteration (NV) is set to be 100. The batch size (B) is set to 256; the learning rate ({) is set
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to be 0.001; the momentum coefficient (7) is set to be 0.999; the temperature coefficient
(y) is set to be 0.07; and the number of embeddings in the dictionary (K) is set to be
8,192. For the phase of LSR model training (see Section 4.5), the learning rate (¢) is
set to be 0.001 and Adaptive Moment Estimation (Adam) is used as the optimizer; the
total number of training iterations (I) is set to be 100; the batch size is set B is set to
be 256. The total numbers of EFG, EFB, and EFM (denoted as H, 4, and Z, respectively)
are set to be 5, 5, and 2, respectively. The kernel size of the convolutional layer is set to
3. The adaptive average pooling layer generates outputs to reduce the input’s dimension
to one. The fully connected layer is set to be 256 and 64 in the LSR encoder and in the
EFB module, respectively. The configuration of the adaptive average pooling layer
ensures a consistent input dimension for the fully connected layers, maintaining a

unified architecture across all scaling factors.

4.6.2 Evaluation Metrics and Comparison Methods

The Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and

Frequency Component Error (FCE) are used as the evaluation metrics:

1 otal d
RMSE = \/Wzyg (P, — PP™°9)2 (4.28)
1 total d
MAE = o X0y [P — PP (4.29)
FCE = [[6(Fe(P™)) - s(P™) | (4.30)
1

where P, and Pxpred denote the xth pair of actual and reconstructed load values. §(-)

denotes the Discrete Fourier Transform operation. The RMSE and MAE compare each
predicted data point against its actual counterpart, and the FCE measures the frequency-
domain similarity between two load profiles. The smaller the RMSE, MAE, or FCE,
the higher the LSR accuracy.

The proposed system is compared with the following 4 methods:

(1) A nearest interpolation method generates values in the high-resolution load

profile by linearly interpolating between the closest load values from the low-resolution
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profile. It represents a simple LSR implementation and is used as a baseline in the
experiments.

(2) A Super-Resolution Perception-based Incremental Learning Approach (SRP-
ILA)-based method [117]. It trains a deep residual learning CNN [169] to do LSR.

(3) A Super Resolution Perception CNN (SRPCNN)-based method, which trains a
I-dimensional CNN for LSR tasks. This method is reported in [118].

(4) An LSR generator-only method. It performs LSR only using the LSR generator
(in Section 4.5) without using the LSR encoder that is pre-trained following the
contrastive learning method in Section 4.4.

It should be noted that the SRP-ILA- and SRPCNN-based methods are supervised
learning methods, meaning that they need to be trained using low-resolution load data
and the load data with the required high resolution. In this way, these methods are
expected to generate LSR results with adequate accuracy. In contrast, the proposed
system and the LSR generator-only method perform LSR in an unsupervised manner,
and it is assumed that the load data with the required high resolution is unavailable
when training the models. Based on this, the comparison study aims to evaluate how
the LSR result generated by the proposed method can get close to the results generated

by the supervised learning-based methods.

4.6.3 Evaluation of LSR Encoder Training

In the first part of the experiments, we evaluate the module for training the LSR
encoder (see Section 4.4). Firstly, the LSR encoder is trained using the training load
dataset with noise samples added. Without loss of generality, in this simulation, we set
the noise model as the Gaussian distribution (denoted as N (u, ), where u and o
represent the mean and standard deviation, respectively), and in the LSR model training
process, noise samples are generated with a zero mean and a standard deviation
randomly varying between [0, 0.3]. In practical applications, the proposed system can

utilize arbitrary noise models to generate noise samples for training the model.

78



The ability of the trained LSR encoder to distinguish load profiles with different
noise magnitudes is then tested on 450 augmented variants generated for a specific load
profile, where the augmented variants are with noises generated from three noise
models: N (0,0.1), N(0,0.2), N(0,0.3). For visualization purposes, Figure 4-4
shows the #-SNE results [170] without and with training the LSR encoder (for the
former case, the LSR encoder is with random parameters) for the 450 augmented load
profile variants. Figure 4-4 (a) shows that without training, the LSR encoder struggles
to distinguish the augmented load profile variants with different noise magnitudes. On
the other hand, Figure 4-4 (b) shows that the trained LSR encoder effectively clusters
the embeddings generated with the same noise model, while those from different noise
models are distinctly separated.

Figure 4-5 shows the convergence of the LSR encoder training process on the
validation dataset, measured in terms of the accuracy of identifying positive load profile
samples, i.e., the accuracy of identifying only one positive load profile sample from a
dictionary consisting of 8,192 negative samples. Figure 4-5 shows that before executing
the contrastive learning process (i.e., at the iteration index of zero), the LSR encoder’s
accuracy is quite low. With the proceeds of training iterations, the accuracy increases

with small fluctuations, indicating the effectiveness of training the LSR encoder.
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FIGURE 4-4. t-SNE visualization of the embedding of the 450 augmented load profile
variants: (a) without training the LSR encoder; and (b) with training the LSR encoder.
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FIGURE 4-5. Convergence of the LSR encoder training process on the validation dataset.

4.6.4 Evaluation of LSR Performance

The performance of the proposed LSR system significantly depends on the internal
learning mechanism (see Section 4.5). To evaluate the effectiveness of the internal

learning mechanism, we compare the 4 methods in an ideal situation, i.e., the situation
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without noise in the low-resolution data. The system is compared with the other 4 LSR
methods introduced in Section 4.6.2, and the result is reported in Table 4-2. From the
result, it can be seen that as the most straightforward method and a method not based
on machine learning, the nearest interpolation method performs worst (this is reflected
in the highest RMSE, MAE, and FCE values it produces among the 5 methods). In
contrast, the 4 deep learning-based LSR methods (i.e., the SRP-ILA-based, SRPCNN-
based, Generator-only methods, and the proposed system) perform much better. It
should be emphasized that the proposed system and the generator-only method perform
LSR in an unsupervised manner, while the other two perform supervised LSR. In the
ideal noise-free scenario, the two supervised learning methods can generate more
precise (reflected in lower RMSE, MAE and FCE values) and more stable (reflected in
smaller standard deviations) LSR results than the two unsupervised methods. The better
performance of supervised LSR methods over unsupervised ones is as expected,
because the unsupervised LSR methods work completely without high-resolution load
data. Therefore, in the experiments, we treat supervised LSR methods as baselines for
evaluating the proposed method. Despite this, the results show that such a performance

between supervised and unsupervised LSR methods is moderate.

TABLE 4-2. Performance comparison of load reconstruction under different methods
without noise

LSR Method Type RMSE MAE FCE

Nearest interpolation Non-learning 0.25 0.09 8.01

SRP-ILA-based method Supervised learning 0.14+0.006 | 0.06+0.001 4.51+0.240

SRPCNN-based method Supervised learning 0.15£0.005 | 0.06+0.002 | 4.79+0.242

Generator-only method Unsupervised learning | 0.17+0.008 0.08+0.002 5.17+£0.213

The proposed system Unsupervised learning | 0.17+0.008 | 0.08+0.002 5.35+0.258

*The notation ‘x£)’ indicates the mean x and standard deviation y of the result obtained

from 3 repeated experiments. This notation applies to the rest of the chapter.

The above interpretation of the result in Table 4-2 is further reflected in Figure 4-6,
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which visualizes the LSR result of the 5 methods on a 24-hour load profile in a noise-
free situation, displaying 150-time indexes. The ground truth high-resolution load data
is marked as the black line in the figure. It can be seen that the unsupervised methods,
including the proposed system and the LSR generator-only approach, achieve
comparable LSR performance with the supervised SRP-ILA-based and SRPCNN-
based methods. The proposed methods even show a better performance than the
supervised methods at peak load values (around time indices 60 and 80, see the zoom-
in figure in Figure 4-6). Overall, the experimental results demonstrate the effectiveness

of the internal learning mechanism in LSR.
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FIGURE 4-6. Reconstruction result comparison of the different methods without noise.

The proposed system is then evaluated in the presence of noise. Table 4-3 and Table
4-4 report the result of applying the trained models to perform LSR subjected to low-
resolution load data with added noises that are generated from Gaussian distributions
with ¢ = 0.2 and o = 0.3, respectively. The results show difficulties in loading
construction, with the increased amplitude of the noise, and the performance of all 5
methods degrade. Despite this, the proposed system consistently outperforms the other
methods when working on the load data with different scales of noise. When
considering noise, the proposed method outperforms the LSR generator-only method.

82



This is due to the utilization of the LSR encoder, in which the contrastive learning logic
is applied to equip the system with the knowledge of understanding the characteristics
of load profiles with diverse noise signals. This helps improve the system’s applicability

in practical situations where the noise type and magnitude could vary.

TABLE 4-3. Performance comparison of load reconstruction under different methods
with noise model N (0,0.2)

LSR Method Type RMSE MAE FCE
Nearest interpolation Non-learning 0.3664 0.2456 11.1845
SRP-ILA-based method Supervised learning 0.31+0.007 | 0.23+0.007 | 9.0440.349
SRPCNN-based method Supervised learning 0.32+0.018 | 0.24+0.010 | 9.26+0.451
Generator-only method Unsupervised learning 0.33£0.012 | 0.23+0.005 | 9.5440.205

The proposed system Unsupervised learning 0.23+0.008 | 0.14+0.006 | 7.04+0.325

TABLE 4-4. Performance comparison of load reconstruction under different methods
with noise model N (0, 0.3)

LSR Method Type RMSE MAE FCE

Nearest interpolation Non-learning 0.46 0.33 13.53
SRP-ILA-based method Supervised learning 0.43+0.023 0.33+0.007 11.80+0.517
SRPCNN-based method Supervised learning 0.44+0.023 0.34+0.008 11.95+0.478
Generator-only method | Unsupervised learning 0.44+0.019 0.33+0.018 12.5340.593
The proposed system Unsupervised learning 0.28+0.014 0.18+0.003 8.03+0.202

Figure 4-7 shows the low-resolution load profile with noises (the dotted blue line),
which consists of 360 load data items. It is used as the input of the LSR models. For
reference purposes, the low-resolution load profile without noise is also shown. Figure
4-8 visually compares the results generated by the different methods to reconstruct the
noised load profile in Figure 4-7 to a higher resolution load profile consisting of 1,440

data items. The ground truth 1,440-item load profile is also included in the figure as a
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reference (Figure 4-8 (f)). It can be seen from Figure 4-8 that the nearest interpolation
method reconstructs a rough, jagged high-resolution load profile. Also, the SRP-ILA-
based and SRPCNN-based approaches do not perform better than the interpolation
method with noises. Notably, the proposed system significantly outperforms the other
methods in a way that the reconstructed load data closely follows the peaks and
fluctuations of the ground truth load profile. In particular, comparing Figure 4-8 (d) and
(e), the proposed method outperforms the generator-only method (the only difference
between the two is the utilization of the LSR encoder). Consistent with Table 4-2 and
Table 4-3, these results show that by integrating the contrastive learning-based LSR
encoder, the proposed system can be well adapted to the noisy smart meter sampling
environment and provide an affordable and effective solution to construct high-

resolution load profiles with adequate accuracy.
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FIGURE 4-7. Comparison of low-resolution load profiles with and without noise.

Figure 4-9 compares the five methods of performing LSR tasks with different
scaling factor settings (i.e., ® = 2 and w = 3, respectively) on low-resolution load data
with added noises following the noise model (i.e., ¢ =0 and o = 0.3, respectively).
A larger value of the scaling factor implies a larger complexity of LSR. In the case of
w=3, the performance of all the methods degrades in terms of all the metrics MAE,

RMSE, and FCE, compared with that in the case of w=2. When there is no noise, all
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the methods achieve a similar performance except for the nearest interpolation method,
which performs much worse. In the scenario with noise, a large drop in the evaluation
metrics is observed for the other four methods, while the proposed method performs
much more robustly. This is consistent with the results in Table 4-2 to Table 4-4,
showing the proposed sed system effectively handles LSR tasks across various scaling
factors.

Many real-world smart meter products can only measure the load data at a
relatively low temporal resolution (e.g., every 15 minutes). To evaluate the proposed
method’s performance in these operational environments, we perform LSRs: (1) from
a 10-minute resolution to a 5-minute resolution (0=2); and (2) from a 15-minute
resolution to a 5-minute resolution (0w=3). For each of these two LSR settings, we test
the system both with and without noise. The evaluation results are reported in Table 4-5.
It can be seen that the proposed method delivers robust LSR results across all 4 cases,
showing a comparable performance with the supervised LSR methods even with the
presence of noise. This observation is generally consistent with the earlier experiments

(in Table 4-2 to Table 4-4), demonstrating high applicability of the proposed method.

TABLE 4-5. Performance comparison of load reconstruction under different scaling
factors and noise settings

From 10- to 5-minute From 10- to 5-minute (with From 15- to 5-minute From 15- to 5-minute (with

LSR Method (without noises) noise model N (0,0.2)) (without noises) noise model N'(0,0.2))

RMSE MAE FCE RMSE MAE FCE RMSE MAE FCE RMSE MAE FCE

Nearest interpolation | 0.23 0.12 3.07 0.35 0.26 5.07 0.35 0.19 4.95 0.46 0.32 6.37

SRP-ILA-based 0.15 0.08 2.08 0.31 0.23 441 0.24 0.13 3.28 0.39 0.28 5.34

method +0.004 | +0.003 | +0.104 | +0.018 | +0.008 | +0.182 | +0.005 | +0.002 | £0.153 | +0.017 | +0.010 | +0.182

SRPCNN-based 0.15 0.08 2.04 0.31 0.24 4.48 0.24 0.15 3.50 0.40 0.29 5.52

method +0.006 | +£0.003 | £0.050 | +0.017 | +0.010 | +0.209 | +0.007 | +0.009 | +0.111 | +0.017 | +0.006 | +0.328
Generator-only 0.18 0.10 242 0.33 0.25 4.74 0.27 0.14 3.68 0.42 0.30 5.58
method +0.006 | +0.003 | +0.042 | +0.015 | +0.006 | +0.101 | +0.005 | +0.012 | +£0.222 [ +0.027 | +0.012 | +0.476

0.17 0.10 2.45 0.24 0.16 3.53 0.28 0.17 3.85 0.34 0.23 4.71
The proposed system
+0.010 | +0.002 | +0.065 | £0.006 | +0.006 | +0.197 | =0.014 | +0.014 | +0.207 | +0.008 | +0.007 | +0.107
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FIGURE 4-8. Comparison of load reconstruction of different methods with a noise

model NV (0,0.2).
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FIGURE 4-9. Performance comparison of different LSR methods under different scaling
factors and noise parameters. Subfigure (a) shows average MAE values, subfigure (b)
shows average RMSE values, and subfigure (c) shows average FCE values.

4.6.5 LSR Performance Evaluation under Different Parameter and Optimizer

Configurations

We also test the system’s performance with three different optimizer configurations:
Stochastic Gradient Descent (SGD), Adam, and Root Mean Square Propagation
(RMSProp). For each optimizer, the system is tested under two different learning rate
settings (). The system’s LSR performance is measured by the MSE metric, and the

results are shown in Figure 4-10. Across all 80 training iterations, all three optimizers
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converge with similar MSE values. In general, the system achieves the best
performance with Adam ((=1e—3), taking advantage of Adam’s momentum-based
updates [171]. In terms of convergence rate in training, the system with SGD and a
learning rate of 0.001 converges the slowest, while the system with Adam and a learning
rate of 0.001 converges the fastest. With the configurations of Adam ({=1e—3) and
RMSProp ((=le—4), the convergence curves show spikes of MSE during training,
particularly between iterations 10 and 40 (marked by dark orange and green dotted lines
in Figure 4-10); nevertheless, by reducing the learning rate by a factor of 10, smoother
convergence curves can be obtained with these two optimizers. This suggests that while
higher learning rates can speed up convergence, they may also introduce instability into

the training process.
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FIGURE 4-10. Convergence comparison of LSR model training under different
optimizers and learning rate settings.

Further parameter sensitivity study is conducted by testing the system’s
performance on the test dataset with different values of EFB and EFG. When the value
of one parameter (EFB or EFG) varies, the value of the other one is fixed to be 5. Figure

4-11 and Figure 4-12 show the sensitivity analysis results of these two parameters,
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where the system’s performance is reflected by MAE. From the results, it can be clearly
seen that by setting 5 blocks for both EFB and EFG, the lowest MAE on the test dataset
can be achieved. Increasing the number of blocks beyond 5 will degrade the LSR
performance, and this is possibly because of overfitting caused by large values of EFB
and/or EFG — an issue that could be easier to be incurred on small training datasets,

such as the one used in this experiment (containing around 10,000 data pairs).
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FIGURE 4-11. Performance of the proposed system under different settings of EFB.
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FIGURE 4-12. Performance of the proposed systems under different settings of EFG.
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4.6.6 Computational Complexity Evaluation

In the last part of the experiments, we quantify the LSR methods’ computational
complexity in terms of: (1) number of model parameters; (2) Multiply-Accumulate
Operations (MACs)® in model training; and (3) MACs in model testing. In this
experiment, we use the Python “ptflops” tool [172] to measure the MACs, and the
model testing time is measured for a batch of 64 inputs. Table 4-6 reports the evaluation
results of the different methods of performing an LSR task with an input load data
length of 360 with a scaling factor of 4.

For each of the supervised LSR methods (SRP-ILA-based method and SRPCNN-
based method), the MACs in training and in testing are identical, because the lengths
of the input load data are the same in these two stages (MACs are significantly affected
by the input load data’s length). The unsupervised LSR models (i.e., the generator-only
and the proposed method), although they are larger than the supervised ones (i.e., with
larger numbers of model parameters), they have fewer training MACs. This is because
they leverage the internal learning mechanism presented in Section 4.5, which reduces
the input load data length to be one- wth of the original input data (for example, in this
experiment, the input load data length in the two unsupervised LSR methods is
360/4=90). For the proposed method, MACs come from the two encoders and the
generator. Each encoder uses 11.51 million MAC:s for training and 45.04 million MACs

for testing, and the generator uses 82.3 million MACs for training and 326.46 million

MAC:s for testing.
TABLE 4-6. Computational complexity comparison of LSR model’s size
LSR Methods Number of MA.C.S h MAC:s in testing
model parameter training
Nearest interpolation N/A N/A N/A
SRP-ILA-based method 0.65M 234.5TM 234.57TM
SRPCNN-based method 2.30M 831.38M 831.38M
Generator-only method 1.79M 82.30M 326.46M
The proposed system 2.30M 105.32M 416.54M

**N/A’ indicates that the metric is not applicable. Metrics are not applicable to the
interpolation method because it does not require model training. "M" stands for
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millions.

4.7 Chapter Summary

This chapter introduces an unsupervised deep learning framework for the LSR task.
Unlike conventional approaches that rely on high-resolution load data as supervisory
labels, the proposed method trains the model solely using low-resolution data. It
employs a self-learning strategy that leverages the inherent similarity across load
profiles at different resolutions using the low-resolution dataset.

The framework is composed of two main components. The first component
introduces a noise modeling mechanism designed to capture the diverse and realistic
noise patterns present in residential load data. This module enhances the system’s
robustness against heterogeneous and noisy inputs. Specifically, it leverages a
contrastive learning strategy to distinguish structurally similar from dissimilar noise
instances, thereby guiding the model to learn noise-invariant representations for more
reliable reconstruction. The second component adopts a self-learning strategy known
as internal learning. This strategy is implemented by downscaling the available low-
resolution data into even lower resolutions and then forming training pairs between the
original low-resolution data and the further downscaled data. The underlying rationale,
as demonstrated in this work, is that load profiles exhibit structural self-similarity across
different temporal resolutions. By training the model on these lower time resolution
pairs, the framework enables the reconstruction of high-resolution load profiles directly
from low-resolution inputs, without requiring any external high-resolution datasets.

Experimental evaluations are conducted on the Commercial Pecan Street dataset to
validate the effectiveness of the proposed method. The results show that the proposed
framework achieves performance comparable to state-of-the-art supervised LSR

approaches, despite relying solely on unsupervised training.
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CHAPTER 5

Load Super Resolution with Arbitrary Time Resolution

This study proposes a new LSR technique. By training the LSR model only once, the
system is capable of reconstructing a low-resolution load profile to be load profiles with
different high resolutions that could be arbitrarily specified by the user of the system.
Experiments based on a real-world dataset are conducted to validate the ability and

effectiveness of the LSR system.

5.1 Introduction

Load Super-Resolution (LSR) technique refers to the technology of recovering the load
data recorded by sensors with a low sampling resolution to load data with a high
resolution that could reflect the actual load variation. This is achieved by expanding the
single load value (e.g., a monthly load value) to multiple load values (e.g., hourly load
values). LSR is meaningful for supporting energy management applications that require
the load data to be with a resolution higher than the original resolution. For example, a
1-hour sampled home load profile can be recovered by LSR to be a load profile with a
15-minute resolution, so that the home energy management system can make energy
trading decisions on a minute-basis a peer-to-peer energy market [173].

There have been some papers studying LSR in recent years. In [112, 121, 160],
time series load data is transformed into 2-dimensional (2D) images, which are then
reconstructed by Convolutional Neural Networks (CNNs). [117, 118] design CNN
variants that are with customized network structures for LSR tasks. [122, 123] develop
LSR systems that use Generative Adversarial Networks (GANSs) to enhance the systems’
ability to reconstruct sudden transitions of load profiles. [113] develops an LSR-based
anomaly detection method for power load data. [116] develops an LSR method to

reconstruct high-frequency components in load-photovoltaic profiles and uses the
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reconstructed data for grid risk assessment. Despite the effectiveness demonstrated,
these LSR methods need to retrain the LSR model every time the original load is
reconstructed to a different resolution. This makes the LSR methods less
computationally efficient, especially in the application scenarios where load data with
multiple time resolutions need to be used at the same time.

This research study proposes a new LSR technique, which is capable of
reconstructing the load data subjected to arbitrary time resolutions with only one time
of model training and with sufficient preservation of the reconstruction accuracy. This
cannot be achieved by the current LSR methods. The basic idea for the proposed
technique to achieve this is that in the model training stage, we construct a one-
dimensional coordinate system and map both the low- and high-resolution training load
data to the coordinate system. That is, each load value will be assigned a unique
coordinate. The LSR model will then be trained by the low- and high-resolution load
data together with their coordinates, and the trained model can generate any load values
at the coordinate space — or in other words, at an arbitrarily specified resolution.

This chapter is organized as follows. Section 5.2 presents the design details of the
proposed LSR system. Section 5.3 reports the experiment. Section 5.4 concludes the

chapter.

5.2 Design of the LSR System

5.2.1 Problem Formulation

Consider a time series load profile P! consisting of 7' load values sampled at a

regular time interval:

P =[P",..P",..,P;] (5.1

where P" denotes the value of the #th sampled load value (kW, ¢=1:7"). A LSR

task aims at generating another load profile with 7™ load values, denoted as
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P" = [th,...lz)hr,...,PT};f ], where P:r is the value of the pth load value (kW, p=1:T™).

P™ is with a sampling resolution @ times higher than P", so each load value in P is
the @ averaging continuous values in P"™. @=7"/T" is the scaling factor. The

relation between P and P™ can be expressed as:

> Prap,t=1:T",p=1:T" (5.2)

Plr — l
w p=o(t-1)+1

t

where 77, denotes the noise generated in the data collection process for the rth load in

|
5.2.2 Overview of the Proposed LSR System

The proposed system takes the following inputs: (i) a load profile with a low
resolution (P™); and (ii) a scaling factor . It outputs the reconstructed high-resolution

load profile P™. This can be represented as:

P" = £, (P", ) (5.3)
where f,(-) represents the LSR model with parameters 6. In existing LSR methods,

the LSR model needs to be trained separately for different values of . In contrast, the
proposed system is designed for arbitrary load super-resolutions with only one model
training. The fundamental mechanism for the system to achieve this is to map time
series load data to a 1-dimensional (1D) coordinate system, in which a coordinate
represents a time point. With this representation, reconstructing load values subjected
to different super-resolutions is equivalent to generating data values at the coordinates
of different intervals. Since coordinates can be established at arbitrary scales, the system
can achieve load reconstruction with arbitrary super-resolutions once it is properly
trained.

The schematic of the proposed LSR system is shown in Figure 5-1. The system is
backboned by two encoders and one decoder. One encoder (called the “EDSR” encoder)

uses an Enhanced Deep Super-Resolution (EDSR) network [174] to generate load
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embeddings F from the input load profile P, and the other encoder (called the
“coordinate encoder”) generates embeddings S from the coordinates of P and P™. F is

then interpolated to generate embeddings F that has the same size with S. F and S

dec

are fed into the decoder ™ to generate the load data values in P™ as the output. As

introduced before, in the proposed LSR system, a load data value is regarded as the data
at a specific coordinate. Hence, the generation of the load data value at a coordinate x

can be generally represented as:

Px = l//dec (Fx’ Sx) (5'4)
where F. is the embedding section at the coordinate x in F; S,is the embedding at

the coordinate x in S.
The system is trained by a set of training samples. Each training sample contains a

low-resolution load profile with a length of T" and a high-resolution load profile with
a scaling factor @ . The value T" is the same for all the samples while different

samples could have different values @ (i.e., the resolutions of the high-resolution load
profiles in different training samples could be different). After the system is trained, P™

is generated in multiple rounds, and in each round, the system generates 7' data values.

rM Ltr}r lJ\ML Wl ” E];fggsg" LB - -+ B

Low-resolution Embeddings

load profile P" Embeddings F
bedd F — Decoder —»h"MWWW“MﬂM

ec

d High-resolution
I load profile P™
Ir —Ir
X X Encodg,r >

[aelo]

Embeddings § - ———— Nearest neighbor interpolation

S Element-wise subtraction

FIGURE 5-1. Schematic of the proposed LSR system.
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5.2.3 Generation of Coordinate System

First, the system generates the 1D coordinate system for P and P™, respectively.

Denote the sets of the coordinates of the load data values in P" and PM as
x" :[xllr,...,x;f,r] and x" =[x" ;s Xh |, Tespectively, in which x (#=1: T") and
x,' (p=1: T") represent the coordinates of the /th and pth data values in P" and P™,

respectively. The coordinates are within the range of [-1, 1] and are expressed as:

Ir _1+2t_Tlr
X =

t Ir 2

t=1:T" (5.5)

hr

x;r:—l+2]jr T , p=1:T" (5.6)
T

For example, consider 7"=2 and @ =2, then following Egs. (5.5) and (5.6), it can

be determined x" =[-0.5,0.5] and x™ =[-0.75,-0.25,0.25,0.75].
5.2.4 Design of Encoders

Based on the generated coordinate, P" is fed into the EDSR encoder w"”**(-) to

RBXCXT]r

generate embeddings F e , which consists of 7' embedding sections:

F, =y™(Py), 1=1,2,...,T" (5.7)
where C is the dimension of embeddings; B is the batch size; F, denotes the x'th

embedding section in F, which consists of BxC features for the x'th coordinate.

Since EDSR is originally designed for 2-dimensional (2D) data (e.g., images), we
propose to use 1D convolutional layers to replace the 2D layers in the EDSR network,

so that it can process 1D data, i.e., the power load data in this study. The structure of
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the 1D EDSR is illustrated in Figure 5-2.
A nearest neighbor interpolation operation is applied on x to generate a new

—=Ir

coordinate X" =[)_cllr,...,xrh,]. With the interpolation operation, X" consists of 7'

coordinates, and each coordinate )_c;f is determined as:

X, =x', t=1:T", p=1:T" (5.8)
where ¢ =arg rnintT:lrl X" —xff ‘ Also, for F. (c=1:C), a nearest neighbor interpolation

operation is applied to generate a new embedding F, consisting of 7™ coordinates.
Therefore, C new embeddings will be generated. Each embedding value FC e I F
is:

F ,=F ,, p=1:T", t=1:T", ¢=1:C (5.9)

I
P

"
where ¢=argmin’_

Ir hr
xt - xp

, ¢=1:C. The set of the C new embeddings is denoted

as F. The embeddings of the coordinates S eR” ™" are then generated by the

coordinate encoder y“°*(-), which is a Fully Connected-layer Network (FCN). It takes

Iy

the element-wise subtraction of x™ and X" as the input:

S — l//cuod (th _ilr) (5 10)
5.2.5 Design of Decoder with a Local Regression Mechanism

The decoder takes S and F as inputs and maps them to the output load profile.
For the decoder design, we propose a Local Regression Mechanism (LRM), which

works with an FCN to reconstruct the load by modelling the correlation among load

values in neighboring time points. With LRM, the output load value at the x;"

coordinate (denoted as PXT ) is generated as:
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~&(x;)
7(x,) = &(x, )
T(x;r) - x;r

7(x,) = &(x,))

hr _

hr
*p

dec
.l// (Cnt( é:( hr é( hr ))+

(5.11)
W (ent(S, o F, ) p =12, T

where §(x ) and r(x ") return the x "th nearest left and right coordinates,

respectively; S and S represent the values at the coordinates f(x;r) and

Iy
o(x,)

£

r(x ") in S, respectively. F ) and FT iy Tepresent the values at the coordinates

§(x;r) and r(x;’) in F , respectively. The function cnt(-) performs a

dec

concatenation operation to the inputs. (-) represents the decoder, which is an FCN.

Model (5.11) generates each load value in P'™ from its neighboring load values
following a weighted average strategy. It adds weights to the neighboring load values

based on the distances between them and }f}‘f . The value of Px',“f is then determined

as the sum of the weighted neighboring load values.

-«
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|
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FIGURE 5-2. Network structure of 1D EDSR encoder.
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5.3 Experiments

5.3.1 Experiment Setup

The LSR system is implemented by Python and is validated on the Pecan Street
dataset [111], which contains smart meter readings of 75 households in the USA. The
readings cover 6 to 12 months and are taken with a 1-minute sampling interval. We
organize the smart meter data into daily load profiles, resulting in 6,500 load profiles.
The load profiles of 60, 5, and 10 households are used for training, validation, and
testing, respectively. The load profiles are down-sampled to be with a 30-minute
resolution, which are used as the low-resolution input data of the LSR system. In this
way, T is set to be 48. Gaussian noises with a zero mean and a variance of 0.01 are

added into P"". The batch size is set to 64. During the training, in each batch, 64 scaling

factors (i.e., @,, b=1:64) are randomly generated within [1, 4], and 48 load values are

randomly selected from the 48x @, high-resolution load values to form the fixed-

length output.
The Mean Absolute Error (MAE) is used as the loss function to train the proposed

method. The encoder is set to contain 32 residual blocks (i.e., the “ResBlock™ in Figure

dec

5-2). Each convolution layer contains 256 channels. w“*(-) and w“(-) are

composed of 3 fully connected layers, and each layer has 256 neurons. The learning

rate is set to be 0.0001 and the model is trained for 100 epochs.
5.3.2 Results and Discussion

We compare the proposed system with 7 benchmark methods that can be used for
LSR: (i) the nearest interpolation method, (ii) the cubic interpolation method, (iii) the
Back Propagation-Artificial Neural Network (BP-ANN) method, (iv) the Super
Resolution Perception CNN (SRPCNN) method [118], and (v) the EDSR-2D method

[174], which is commonly used in 2D image reconstruction. To validate the
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effectiveness of the coordinate encoding scheme and the LRM, we further compare the
proposed method with: (vi) the EDSR-1D method, and (vii) the proposed method
without using LRM (denoted as the “None-LRM” method). The Root Mean Square
Error (RMSE), MAE, and Critical Point Error (CPE) [122] metrics are used to evaluate
the load reconstruction performance.

Table 5-1 reports the load reconstruction performance generated by the different
methods under different scaling factors. When o =2 and 4, all the deep learning-based
methods except for the BP-ANN method achieve satisfactory performance. Among
them, the proposed system slightly outperforms the other deep learning-based methods.
It should be noted that all these deep learning-based methods need to re-train the model
subjected to different super-resolutions; in contrast, the proposed method only needs to
train the model one time and then can be applied to different super-resolutions with
very good accuracy. The results also show that directly using the EDSR-2D method in
time series load data does not achieve satisfactory performance. These 2D super-
resolution methods usually have a large number of parameters to be trained, making
them easy to be overfitted and not suitable for use in edge devices such as smart meters.

Table 5-1 also shows the proposed LSR system achieves better performance than
the None-LRM method. Figure 5-3 further shows the training convergence (reflected
in the MAE) of the proposed LSR method and the None-LRM method on both the
training and validation datasets. The proposed system demonstrates superior
convergence and achieves a lower MAE, highlighting the effectiveness of the LRM in
the system. Figure 5-4 gives a specific example of applying different methods to
reconstruct a 30-minute sampled load profile to a load profile with a resolution of 7.5
minutes. Generally, all the methods can well reconstruct the load profiles in such a small
scaling factor (i.e., w=4), and it can be seen that the proposed method performs better

in terms of reconstructing the sudden transition load points.
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TABLE 5-1. Comparison of load reconstruction performance under different methods

(in kW)
®=2 (30to 15 min) o=4 (30to 7.5 min) =15 (30 to 2 min) ®=30 (30to 1 min)
LSR Method
MAE | RMSE | FCE | MAE | RMSE | FCE | MAE | RMSE | FCE | MAE | RMSE | FCE
Nearest interpolation | 0.218 | 0.297 | 2.389 | 0295 | 0.422 | 4.674 | 0333 | 0480 | 7.213 | 0.336 | 0.484 | 8.013
Cubic interpolation | 0.233 | 0.316 | 2.540 | 0296 | 0.413 | 4.442 | 0332 | 0466 | 6346 | 0.335 | 0470 | 6.755
SRPCNN method | 0.190 | 0.267 | 2.135 | 0.252 | 0368 | 4.018 | N/A N/A N/A N/A N/A N/A
EDSR-1D-based | 0.198 | 0275 | 2.192 | 0258 | 0372 | 4053 | NJA | NA | NA | NA | NA | NA
EDSR-2D-based | NA | NA | NA | 0264 | 0378 | 4151 | NJA | NA | NA | NA | NA | NA
BP-ANN-based | 0239 | 0327 | 2.662 | 0.306 | 0433 | 4669 | NA | NJA | NJA | NA | NA | NA
None-LRM 0.198 | 0.283 | 2.275 | 0.256 | 0375 | 4.081 | 0.287 | 0.421 | 5917 | 0289 | 0.424 | 6339
Proposed LSR 0.188 | 0269 | 2.176 | 0.247 | 0.362 | 3.969 | 0.278 | 0.409 | 5.849 | 0.280 | 0.412 | 6.297
*“N/A” means “not applicable”; “min” means “minute”.
008 T T T T T T T T
—— Proposed LSR method —— Proposed LSR method
0.071 — None-LRM method | | —— None-LRM method
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FIGURE 5-3. Training convergence comparison between the proposed method and the
None-LRM method on (a) the validation dataset; (b) the testing dataset.
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FIGURE 5-4. Comparison of load reconstruction results under the different methods in
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case of w=4.

A significant strength of the proposed technique is that it can reconstruct a low-
resolution load profile into a load profile with an arbitrarily specified resolution, even
if the resolution (i.e., the scaling factor) is never used in the training data. This cannot
be achieved by the existing LSR methods. To validate this, Table 5-1 also reports the
LSR performance generated by the different methods with scaling factors not used in
model training, i.e., @ =15 and 30. The conventional deep learning-based methods are
not applicable to these LSR tasks. The proposed method significantly outperforms the
two interpolation methods. Figure 5-5 further gives an example of reconstructing a load
profile from a 30- to a 2-minute resolution. The critical/sudden transitions points are
computed by taking the first-order derivative of the load profile, which are shown in
black markers in the figure. Overall, the results demonstrate the proposed method’s
effectiveness and its potential to flexibly support various upper-level energy

applications.

44 34 critical points 1 1009 critical points 1 145 critical points
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FIGURE 5-5. Comparison of load reconstruction and critical points with a scaling factor
of 15 under (a) the cubic interpolation, (b) the proposed LSR method, and (c) the actual
load profile.

5.4 Chapter Summary

This chapter presents a novel LSR framework capable of performing arbitrary-scale
super-resolution, overcoming the limitations of conventional methods that are typically

restricted to fixed scaling factors. The proposed approach trains a deep learning model
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on low-resolution load data, enabling flexible reconstruction at any desired temporal
granularity. This capability allows the framework to better accommodate the diverse
requirements of real-world smart grid applications.

The proposed framework is built upon continuous representation learning, which
introduces a coordinate-based system. Specifically, the model takes both the load values
and their corresponding time coordinates as inputs during training, allowing it to learn
a projection function that maps time coordinates to load values. During inference, by
adjusting the input coordinates to a finer temporal resolution, the model can generate
high-resolution load profiles from low-resolution data.

Comprehensive experiments on large-scale residential datasets demonstrated that
the proposed method consistently outperforms interpolation-based and state-of-the-art

fixed-scale LSR deep learning techniques.
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CHAPTER 6
Meta-learning for STLF with Limited Training Data

This research study proposes a transferable model-agnostic meta-learning (T-MAML)
approach for short-term load forecasting for single households. The proposed approach
enables multiple households to collaboratively train a generic artificial neural network
(ANN) model. The generic ANN model is then further trained at each target household
node for STLF purposes. The proposed T-MAML-based STLF approach is featured by:
(1) significant reduction of computation and communication costs on the household
side; and (2) superior STLF performance, especially when there is limited load data for
training in a target household. Experiments based on a real Australian residential dataset

are conducted to validate the effectiveness of the proposed approach.

6.1 Introduction

Short-Term Load Forecasting (STLF) plays a fundamental role in modern energy
systems. While traditional STLF is performed at the bus level, the widespread
deployment of advanced metering infrastructure has increased the development work
of STLF for individual households.

Machine learning techniques have been applied for STLF of single households, e.g.,
support vector machine [175], random forest regressor [176], and deep learning [177].
Recently, the model-agnostic meta-learning (MAML) has been applied to household
STLF [178], which uses a household’s historical load data before noon to train an
MAML model, and then uses the model to predict its load data in afternoon hours.
While the work [4] demonstrates the effectiveness of MAML in STLF, as in many other
literatures (e.g., [175-177]), it assumes there is sufficient data to train the model. In
other words, the work [175-178] does not deal with the situation when the household

load data is limited for training — this is a common case in various scenarios (e.g., short-
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term accommodation and newly moved-in households). In such a limited training data
situation, the accuracy of STLF would be significantly degraded. Federated Learning
(FL)-based method [179] can help to alleviate this issue. It enables multiple households
to collaboratively update the parameters of their local models without exchanging the
data; in this way, different households can “help each other” to train their own models.
However, the FL process requires compute-intensive training on the household side and
repeated communications between the households and a central node; these pose a non-
trivial demand on the underlying information infrastructure in the residential
environment.

This research study proposes a Transferrable MAML (T-MAML) based STLF
system tailored for the single household environment with limited training data and
limited computing power. Firstly, the system performs a “meta-training” process, in
which the system enables multiple households with accessible load data to
collaboratively train a generic learning model that is with well-trained parameters and
can be easily customized for different target households. The system then applies a fine-
tuning procedure to customize the parameters of the generic model based on the
individual target household’s data — this process is referred to as a “meta-transfer”. The
tuned model on each household side is then used for STLF. Compared with the FL-
based methods, the proposed system does not require repeated communications nor
much computation on the household side; it only needs a small amount of data from a
target household to generate the final ANN model for the STLF. With these features,
the system is highly suitable for use in residential environments. Compared with the
MAML-based STLF system in [178], which only consists of the meta-training process,
the proposed system integrates both the meta-training and the meta-transfer processes
so that the system can not only well represent the generic features of a group of
households but also can effectively capture the specific features of a target household.
As a result, as shown in the experiment, the T-MAML-based approach can achieve
superior performance.

In the rest of this chapter, we present the design principles of the proposed system
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(Section 6.2), report the experiments (Section 6.3), and provide concluding remarks

(Section 6.4).

6.2 T-MAML Approach for Single Household STLF

The single household STLF scenario can be depicted as Figure 6-1, which includes a
set of households with accessible load data (denoted as “sources”) and a set of
households that are the targets of the STLF. For each household % (either a source or a

target), its historically recorded load data is expressed as:

P, =[5,,..F ] (6.1)
where R, is the number of load records of household 4 and each record B, (=1:

R, ) denotes the power demand of the household /4 at a particular time interval (kW).

The system then performs STLF following two steps: a “meta-training” step and a

“meta-transfer” step.

VL,
VL,
t -
7 N
// N Target data
[ 0
Source data /?

R T L
| @ Parameters of generic model
|
| ——— Meta-training —— Gradient update

N

FIGURE 6-1. Schematic of the T-MAML based STLF system for single households.

6.2.1 Meta-Training Process

The meta-training process is performed on a central node. The system gathers

multiple sources’ data to train a generic ANN model that is parameterized by a function
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fo (0 is the parameter vector) such that the parameters can be effectively further

trained subjected to each target’s own data.

The meta-training process is performed in an iterative manner. At the beginning,
the system initializes a generic model with random parameters; then, in each iteration,
the system randomly selects a certain number of sources and applies a learning process
with two nested loops: an inner loop and an outer loop. In the inner loop, the system
generates a set of temporary parameters based on the data of each randomly selected
source. In the outer loop, the system updates the parameters of the generic model based
on the gradients of the temporary parameters of the sources. Such a nested learning
process reflects the so-called “learning-to-learning” philosophy of MAML [180],
enabling the outer loop learning to balance the inner loop learning on different sources
and finally achieving a generic model that can be easily further customized in the
different targets.

More specifically, denote the set of sources as ®° , the system randomly selects M

sources from ®° to generate a subset ®%" (@ e ®’ and ‘CDS"(”)‘ =M) in the

nth round of the iteration (n=1:N). For each source m e ®%, K pairs of samples are

randomly selected as a support set @™ and a query set ®"“" respectively. In

the inner loop, f, with model parameters 6 is trained on ®"”" by using J steps
of Stochastic Gradient Descent (SGD):

6= g™ =0V o Ly Sy ) M E O n=1:N (6.2)
where « is the inner learning rate; éf,f ) is the updated parameters of f, on @

in the nth round; £(-)denotes the loss function (Eq. (6.3)), and the subscript (@

or @™ represents the dataset to which it applies:

Lo Up) = 2 |00y (6.3)

x,y~®::p‘("

where x and y are the “input-output” pair, where the input is a vector of sequential

107



load values and the output is the actual load value. The model outputs a predicted load

(denoted as f

o (X)), which is then compared with the actual load in the support set

@7 The application of Eq. (6.2) produces M temporary models with respect to M

sources, where each temporary model f,, (me®®" ) is represented by the

parameters éf:) Based on the temporary models, the system computes the gradients

and updates the model parameters with respect to the generic model &, aiming at

que,(n)
m

minimizing the total loss on the query sets @ of all the sources in ®**":

F :argmgin Z Eq)z’w,<n> ( fé,,,)

medS " (6.4)
= arg mgin Z E(unc.(n) (ft‘Q - aveﬁd)wp-(n) (f‘ﬁ ))
me®> (" " "
where 6" is updated with the application of SGD:
9(n+1) <« e(n) _ﬂ Z vg(n)'c(pquem (fé(n) (6-5)
medS (" " "

where [ is the outer learning rate. In this study, we design a validation process for

the generic model €, which is performed on a set of validation sources @
(&' "d* = and ‘(I)V ‘ < ‘(DS ‘ ). In each iteration, the data of each validation source

ve®” isdivided into a support set and a query set. @ is firstly trained on the support
set with J steps of SGD and then is validated on the query set. The performance of &
is then evaluated in terms of the average validation loss computed across all the
validation sources.

The above parameters update process for € iteratively proceeds until a maximum

iteration number N is reached. The generic model with the lowest validation loss in the

iteration is used as the output ( f, ). The outputted model will be further customized for

each target with a meta-transfer process.
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6.2.2 Meta-Transfer Process

After the meta-training process, the generic model £, isbroadcasted to the targets

to launch the meta-transfer process. This is achieved by using each target household’s

load data to further tune the model f, separately (also known as “fine-tuning”). For a

specific target household a, the parameters of the ANN model generated from the meta-
training process are customized with only a small amount of historical energy load data
from the target. Assume & 1is the generic model received from the central node, and

the system iteratively updates € using the target’s load data:

O — 0" — gV o ﬁDa ( fH(W) ) (6.6)
where ¢ is the learning rate of fine-tuning; w is the iteration index of SGD; D, is

the load dataset owned by the target a. The iteration process in Eq. (6.6) terminates
when a pre-specified maximum iteration number W is reached.

As shown in Section 6.3, since the meta-training process already offers a well-tuned
generic model, setting W to be a small number could yield a model with good
performance. This means that the meta-transfer process only needs to utilize a small
amount of target load data, making the system very computationally efficient on the

household side.

6.3 Experiment

6.3.1 Experiment Setup

We extract 100 households from the Australian “Smart Grid, Smart City (SGSC)”
dataset [150]. The dataset records power consumption data of more than 9,000 residents
in the Great Sydney area, spanning from 2010 to 2014. 30 households are selected as
sources and 60 are used as targets. 10 households are selected to form the validation set

in the meta-training process. The time resolution of the load data is 1 hour. Following
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references [177] and [179], the models' input and output pairs are generated by the
sliding window method with the lookback and lookahead sizes set as 12 and 1.

The system is model-agnostic, meaning that it can incorporate any gradient-based
learning model. A 3-layer Fully Connected Network (FCN) and a Convolutional Neural

Network (CNN) are used in this simulation. The values of the parameters K, J, M, and

W are set to be 12, 5, 10, and 5, respectively. The values of the learning rates «, S ,

and ¢ aresettobe(0.001,0.1,and 0.1, respectively. All the programs are implemented
in Python and are executed on a computer with an AMD Ryzen 5 3500X 6-core
processor and an NVIDIA GeForce GTX 3060 GPU.

6.3.2 Results and Discussion

We compare several methods: (i) the aggregated learning (AL)-based methods - the
data of all sources are collected to train a model first, and then the fine-tuning is applied
to generate the STLF model for each target. These methods also represent the basic
transfer learning principles. (ii)) A MAML method, which directly uses the generic
model generated in meta-training for STLF for the targets. This represents the
application of the approach in [4] on multiple source households. (iii) The proposed T-
MAML-based STLF system; (iv) the FL-based method [179]. And (v) 4 conventional
STLF methods, including a k-Nearest Neighbor (KNN) regression method, a Linear
Regression (LR) method, a Random Forest (RF) regressor, and a Ridge regressor. These
conventional methods only use the target’s data for training and forecasting. The Root
Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) are used as
evaluation metrics.

Table 6-1 reports the STLF results generated by the different methods for the 70
targets under 3 limited training data scenarios, in which each target is assigned with
only 1-day, 3-day, and 7-day load data, respectively. Clearly, with the reduction of the
available data amount (i.e., from 7-, 3-, to 1-day data), while the performance of all the

methods decreases, the T-MAML based approaches achieve superior performance to
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the others. For example, when the targets have 7-day energy load data for training, the
T-MAMLA+CNN method achieves a lower MAPE (by 4.73%) than the one obtained
with the AL+CNN method, while it reaches a better performance (of 14.89%) when the
targets have only 1-day load data. In particular, the experiment has demonstrated the
effectiveness of the model customization process, i.e., the meta-transfer process. As can
be seen in Table 6-1, by applying only 5 steps of fine-tuning, the proposed system (with
either FCN or CNN as the learning model) yields significantly superior performance
than the MAML approaches without meta-transfer; this is evidenced by the large

reduction of both the MAPE and RMSE values.

TABLE 6-1. STLF performance comparison
1-day data 3-day data 7-day data
MAPE | RMSE | MAPE | RMSE | MAPE | RMSE
T-MAML+CNN 73.39 0.200 68.35 0.198 66.09 0.197
T-MAML+FCN 71.20 0.201 67.08 0.198 65.02 0.198
MAML+CNN 247.25 0.340 247.25 0.340 247.25 0.340
MAML+FCN 119.72 0.246 119.72 0.246 119.72 0.246

AL+CNN 88.28 0.204 75.10 0.197 70.82 0.196
AL+FCN 91.88 0.204 79.12 0.199 75.39 0.198
FL+CNN 125.26 0.220 115.84 0.213 113.81 0.209
FL+FCN 119.19 0.212 110.99 0.208 105.18 0.208
RF 168.96 0.289 90.62 0.222 81.14 0.209
KNN 148.38 0.271 94.66 0.230 82.81 0.219
LR 1901.62 | 3.686 97.01 0.218 81.94 0.198
Ridge 151.69 0.279 92.73 0.208 81.09 0.196

*¥X+CNN” and “X+FCN” (X stands for MAML, FL, or AT) mean using a CNN or
FCN as the learning model in the T-MAML, MAML, FL framework, or AL strategy,
respectively. The MAPE and RMSE values under the “MAML+CNN” and
“MAML+FCN” approaches under different scenarios are identical because the target-
side load data is not used in these approaches.

We investigate the impact of different values of the maximum iteration number in
the meta-transfer process (W) on the system’s performance. Table 6-2 reports the
comparison result of the performance of the T-MAML+CNN approach under the
different settings of . It can be seen that when the target dataset is of a very small size

(i.e., the 3-day data case), over updating the model’s parameters would lead to
111



overfitting, which subsequentially degrades the system’s performance (reflected in the
increased MAPE values).

We further compare the computational efficiency between the T-MAML- and FL-
based approaches for STLF. Table 6-3 reports the comparison result under a scenario in
which each household has 7-day data for training. The FL-based approach is more
computationally efficient in terms of the total model training time; this is because it
does not include a centralized meta-training-like process. In the FL-based approach, all
households train the local models in parallel in one iteration. In the proposed system,
the meta-training step consumes most of the computation time as it aggregately trains
the data from the sources. In this simulation, we use 22-day data from the sources for
training; as a result, the total model training time under the T-MAML-based method is
750.8 seconds. Despite the T-MAML-based method spending more time on meta-
training, it significantly reduces the computational cost on the household side. It only
takes 0.04 seconds to tune the generic model generated in meta-training and make the
model ready for STLF at the target household nodes; in contrast, all the computation
tasks in the FL-based method are undertaken by the households. Since the meta-training
step can be performed offline, the result indicates that the T-MAML based approach
can produce the real-time STLF result very efficiently (i.e., only uses 0.04 seconds on
the household side). In addition, there are a total of 6,000 instances of communication
between the households and the central node needed in the whole FL process, while
that number in the T-"MAML-based method is only 60 (required for the households to
receive the parameters of the generic model). Again, this highlights that the proposed
method has significantly less requirement on the underlying communication

infrastructure than the FL-based methods.

TABLE 6-2. STLF performance with different settings of /¥ in meta-transfer

3-day data 7-day data
MAPE RMSE MAPE RMSE
W=5 68.35 0.198 66.09 0.197
w=20 72.27 0.197 70.22 0.196
W=50 73.18 0.196 70.57 0.195
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TABLE 6-3. Computational Efficiency between MAML- and FL-based methods for
STLF under a 7-day training data scenario

Total model Average model training Total number of
training time time in a household communications
FL+ANN 65.8s 65.8s 6,000
MAML+ANN 750.8s 0.04s 60

Figure 6-2 further demonstrates the effectiveness of the meta-training mechanism
in the proposed system through the comparison with an AL-based approach on a
randomly selected target household. Both are with the FCN as the learning models and
are with the same fine-tuning process. As indicated by the red lines in Figure 6-2, the
STLF results obtained with the generic model generated by meta-training can better
follow the actual load profile than the AL-based approach. Using this well-trained
generic model as the starting point, the system uses only 5 iterations to further tune it
to achieve satisfactory STLF performance for the target, as indicated by the blue dotted
lines.

Figure 6-3 shows the comparison among the proposed system, the FL-based
methods and the AL-based methods on the MAPE values across all 60 targets. For most
of the targets, the proposed system leads to smaller MAPE values than the others. Figure
6-4 further shows the comparison among the different methods on a single target, with
the FCN used as the learning model. When the target’s training data is insufficient, the
conventional approach (i.e., FCN), which directly trains a model based on the target’s
data, fails to achieve reasonable prediction. Among the collaborative learning-based

methods, the T-MAML-based approach exhibits the best performance.
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FIGURE 6-2. Comparison of MAML- (a) and AL-based (b) approaches on a target
household.
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6.4 Chapter Summary

This chapter introduces a meta-learning-based framework for the STLF task. This work
aims to address the challenge of enabling users in newly occupied households and
small-scale residential environments to train their customized local models. Unlike

conventional models that require extensive user-specific training data, the proposed
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approach leverages a meta-learning strategy to enable rapid adaptation across
heterogeneous users.

The framework comprises two central stages. First, a meta-training phase is
conducted over a diverse set of households to train and obtain a generic forecasting
model with well-initialized parameters. This generic model serves as a transferable
prior, encapsulating knowledge of common load dynamics across users. Second, a
meta-transfer phase fine-tunes the model to new households with limited data, ensuring
personalized forecasting without heavy computational or communication burdens. This
design allows the system to retain strong generalization capabilities while delivering
accurate predictions in data-scarce scenarios.

Experimental evaluations on real-world smart meter datasets validate the
effectiveness of the proposed meta-learning framework, showing superior performance
over federated learning and individually-user trained baselines in terms of both
forecasting accuracy and training efficiency. Remarkably, the framework can adapt to
user-specific conditions using as little as three days of hourly-resolution data and
achieves this with significantly reduced training time compared to federated learning

frameworks, making it highly practical for real-world residential applications.
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CHAPTER 7

Conclusions and Future Directions

7.1 Conclusions

This thesis aims to develop deployment-friendly frameworks for STLF and LSR
techniques within modern energy systems. The major contribution of this thesis can be
summarized as follows.

The first research study (see Chapter 3) proposes a hierarchically federated
framework for facilitating collaborative short-term load forecasting for residential
energy users. The framework first uses a privacy-preserving user clustering method to
divide the users into multiple clusters based on their load similarity; then, a
hierarchically federated learning-based mechanism is applied to train the STLF model
through the collaboration among the three types of nodes in the system, i.e., a global
node, multiple cluster heads, and the users.

The developed framework is validated on a real Australian residential load dataset.
The experiment results have demonstrated several merits of the framework compared
with the existing STLF methods: (1) high load forecasting accuracy. By establishing a
unique, hierarchically federated mechanism (i.e., intra- and inter-cluster FL processes),
the system can exploit the latent information in all the users’ load datasets for load
forecasting while ensuring that major knowledge exchange is performed among the
users with similar load patterns. As a result, this significantly improves the STLF
accuracy; (ii) high private-preserving capability. By combining the federated user
clustering method and the hierarchically federated model training mechanism, the load
data of the users do not have to be revealed in the whole collaborative STLF process;
this fully ensures the users’ data privacy; and (iii)) high fault tolerance. The
asynchronous communication mechanism in the system makes it well-adapted to

communication uncertainties in the residential environment.
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The second research study shown in Chapter 4 proposes an unsupervised LSR
framework that represents a significant step forward in power load data reconstruction.
It can eliminate the need to use both high- and low-resolution load data for training the
LSR model, enabling load reconstruction solely from low-resolution load data that
could be sampled from aging smart meters with limited sampling resolution — this
makes the system highly suitable for real-world applications. Such an ability of the
system is achieved by integrating contrastive and internal learning mechanisms to
analyze the relationship between the load data with a low resolution and a further lower
resolution, which inherently exists in the input load data. Besides, the system can handle
diverse noise signals in practical power load sampling processes well.

The proposed unsupervised LSR system is evaluated subjected to a variety of
metrics and is compared with conventional supervised LSR methods. The results show
that the proposed method vastly outperforms the other methods when considering noise.
In the situation where noises are not considered, the proposed method still achieves a
comparable performance with the supervised learning-based LSR methods —
considering the proposed method performs LSR in an unsupervised way and does not
have high-resolution load data for ex-ante training, this result is very encouraging.
Meanwhile, the experiments show the proposed method performs satisfactorily and
stably in different LSR tasks with different scaling factor settings. Overall, the
experiment results suggest promising potential of the proposed system in real-world
applications.

The research study in Chapter 5 reports on a new LSR technique. Through
constructing a 1-dimensional coordinate system and mapping training load data to it,
the technique can generate load values at any coordinates in the coordinate system and
thus can reconstruct a low sampling resolution load profile to be a load profile with an
arbitrarily specified high resolution that could represent the actual variation of the load.
Experiments on real-world load data are conducted to validate its effectiveness.

The research study in Chapter 6 reports on a transferable model-agnostic meta-

learning approach for STLF. The method uses multiple households’ knowledge to train
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a generic learning model, and it then applies a fine-tuning process to customize the
model to specific target households. Compared with other collaborative learning
frameworks, the proposed approach is characterized by significantly less
communication and computation cost, and it is suitable for application on targets with
limited data for training. Its superior performance is validated based on an Australian

residential load dataset.

7.2 Future Directions

Beyond the challenges addressed in this thesis, future research could be pursued along
several directions, including but not limited to the following.

The first research study shown in Chapter 3 can be conducted in several directions.
Encryption technologies can be applied to the developed framework to ensure that the
exchanged model parameters cannot be eavesdropped on by attackers, which would
further enhance the system’s security. Besides, social networks can be modeled and
integrated into the developed framework to achieve social relationship-aware STLF
collaboration among the users, and this is the author’s current work.

In terms of the second research study shown in Chapter 4, future research can be
built upon the work presented in this study. While the experiments show the proposed
LSR technology can well adapt to input load data with relatively low sampling
resolutions (i.e., every 15 minutes and every 5 minutes, see Section 4.6), our lab trials
(not reported in this study) also indicate that for 1-day LSR tasks (that is, tasks aiming
to reconstruct load on daily basis), effective LSR can hardly be achieved by artificial
neural network-based methods (including the proposed method) when the original input
load data is with a very low sampling resolution (e.g., one hour). This is because when
the resolution of the input load data is too low, each 1-day load data profile will only
contain a small number of load values, making the neural network model hardly trained.
In the future, it is worth investigating unsupervised LSR techniques targeting very low-

resolution load data. Besides, it is also worth evaluating the effectiveness of the
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technology presented in this study in terms of recovering load data from minute-to-
second-level resolutions.

In terms of the research study in Chapter 5, one potential limitation of the LSR
system presented in this chapter is that, like other LSR methods, the model needs to be
well-trained to achieve satisfactory performance. When the training data is not
sufficient, the system will not perform well. Currently, the authors are developing a
federated training framework to enable multiple nodes to jointly train the LSR model
based on their small datasets.

In terms of the research study in Chapter 6, future work can be conducted in
different directions. Currently, the authors are working on developing privacy-
preserving mechanisms for the T-MAML-based STLF system to enable meta-training
without explicitly exposing the sources’ data. In addition, it is worth investigating how
the load pattern diversity among the source households and target households would
affect the load forecasting accuracy; proper strategies (e.g., integrating load clustering

into T-MAML) can be developed to reduce the negative impact of such diversity.
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