[image: ]
 
L7 - Research Methods and Professional Development 
(ACFA7004) 
 
 
MSc Project Report: 

AI Energy Forecasting: A Privacy-Preserving Framework for Non-IID Smart Home Data 
By
Khawja Redwanul Islam

MSc Data and Artificial Intelligence  
University of Wales Trinity Saint David 
 
 









 
 
Table of Contents 
1.	Research Introduction and Background	5
1.1.	Context and Background: The Smart Grid and AI-Driven Forecasting	5
1.2.	Research Problem:	5
1.3.	Research Aim and Objectives	6
1.4.	Significance of the Research	7
2.	Literature Review	8
2.1.	Introduction to the Literature Review	8
2.2.	Theoretical and Technical Frameworks: AI in Energy Forecasting	8
2.3.	Key Contributions and Gaps: The Privacy-Preserving Imperative	9
2.4.	Relation to Your Study: The Non-IID Challenge	9
2.5.	Literature Summary	10
3.	Research Design and Methodology	10
3.1.	Research Design: Design Science Research (DSR)	10
3.2.	Research Methods	11
3.3.	Research Materials	12
3.3.1.	Research Data: UK-DALE Dataset	12
3.3.2.	Software	13
3.3.3.	Hardware Requirements	13
3.4.	Data Analysis and Evaluation Methods	13
3.5.	Ethical Considerations	14
4.	Expected Outcome and Limitations	15
4.1.	Anticipated Results	15
4.2.	Implications	15
4.3.	Limitations	15
5.	Timeline	16
6.	References	17

 
 
 
 
i 
 
 	 

ii 




[bookmark: _Toc214363809]Research Introduction and Background
This section introduces the proposed research, establishes the critical context of AI in energy systems, defines the precise problem that necessitates this study, and outlines the aims and objectives that will guide the project.
[bookmark: _Toc214363810]Context and Background: The Smart Grid and AI-Driven Forecasting
Detailed Overview: This research is situated within the field of Artificial Intelligence (AI), specifically its application to the optimisation of smart energy systems. The global energy sector is undergoing a profound and disruptive transition, driven by dual imperatives: the urgent need for decarbonization to meet climate goals and the increasing integration of decentralised and volatile Distributed Energy Resources (DERs), such as residential solar and wind power. This shift is rendering the traditional, unidirectional power grid inadequate, necessitating its evolution into a "Smart Grid"—a digitised, responsive, and bidirectional energy network.
Current Developments: A foundational capability of the Smart Grid is Demand Response (DR). DR programs are essential for maintaining grid stability by using intelligent incentives to encourage consumers to shift their electricity usage away from peak-demand hours. The efficacy of DR, and the overall stability of a grid integrating volatile renewables, is fundamentally dependent on accurate Short-Term Load Forecasting (STLF)—the ability to precisely predict energy demand in the near future.
Traditional forecasting methods, however, have proven insufficient for this new, complex energy landscape. Consequently, AI and machine learning (ML) have become paramount. These systems can ingest and analyse vast, real-time, high-velocity data streams from Internet of Things (IoT) sensors and residential smart meters. By applying advanced algorithms, AI models can produce forecasts with unprecedented accuracy, enabling dynamic grid management. This technical requirement has created a substantial market; the smart home energy monitoring sector alone was valued at USD 2,073.5 million in 2024 and is projected to exhibit a Compound Annual Growth Rate (CAGR) of 17.2%.
[bookmark: _Toc214363811]Research Problem: 
The Privacy-Performance Paradox in Residential Forecasting. This research confronts a critical, dual-component problem that currently impedes the widespread deployment of AI-driven forecasting in the residential sector.
Problem Statement:
· The Technical Challenge (Volatility): While forecasting at a regional or substation level is a mature field, forecasting at the individual household level remains a significant challenge. Residential load profiles are characterised by high uncertainty, stochasticity driven by human behaviour, and high-frequency "noise" from diverse appliance usage. This high volatility demands complex, data-hungry deep learning models to achieve meaningful accuracy.
· The Socio-Legal Challenge (Privacy): These high-performance models typically require a centralised training architecture. In this paradigm, highly granular, time-stamped energy data from all smart homes must be collected, transmitted to, and stored on a central server. This practice creates an untenable and direct conflict with data privacy regulations. Smart meter data, which details energy consumption patterns, is classified as "personal data" under the EU's General Data Protection Regulation (GDPR) [1]. Its analysis can reveal intimate details of a household's lifestyle, such as when occupants are asleep, away from home, or using specific medical devices, presenting severe ethical and legal compliance issues.
Current Challenges and Gaps [with literature support]: The literature presents a clear solution to this privacy impasse: Federated Learning (FL). FL is a decentralised machine learning paradigm that enables collaborative model training without centralising data [2]. In an FL system, the global AI model is sent to the individual smart home (the "client"); the model trains locally on the user's private data, and only the resulting anonymised model parameters (e.g., gradients or weights)—not the raw data itself—are sent back to a central server for aggregation.
This proposal identifies a critical, second-order gap: FL itself is not a panacea. Standard FL algorithms, such as the benchmark Federated Averaging (FedAvg) [2], are built on the mathematical assumption that the training data on all client devices is independent and identically distributed (IID). This assumption is fundamentally false in a smart home network.
Each household is a unique, heterogeneous entity with different occupants, appliance sets, building materials, and behavioural patterns. This results in local datasets that are highly non-IID. The literature confirms that training standard FL models on non-IID data causes significant problems, including model bias, slower convergence, and, most importantly, severe degradation in the final global model's predictive accuracy [3].
Therefore, the central research problem is not simply "how to forecast energy" or "how to protect privacy," but: How can a framework be designed to deliver the high predictive performance of state-of-the-art AI models (i.e., Transformers) while simultaneously preserving user privacy (via FL) and mitigating the severe performance degradation caused by the inevitable non-IID data of a heterogeneous smart home network?
[bookmark: _Toc214363812]Research Aim and Objectives
Aim: This research aims to design, implement, and quantitatively evaluate a novel, privacy-preserving framework for smart home energy forecasting. This framework will hybridise a state-of-the-art Transformer-based model with a federated learning architecture, specifically engineered to be robust to the statistical (non-IID) heterogeneity of decentralised residential data.
Objectives: To achieve this aim, the following S.M.A.R.T. (Specific, Measurable, Achievable, Relevant, Time-bound) objectives have been defined:
1. To conduct a systematic review of the literature (by Month 2) to critically analyse state-of-the-art deep learning time-series models (e.g., LSTMs, Transformers) and identify the key challenges and mitigation strategies for the non-IID problem in federated learning.
2. To design a novel hybrid artefact—a federated learning framework (tentatively named Fed-Auto former)
—that integrates an efficient Transformer variant (e.g., AutoFormer [4]) with an aggregation strategy designed to mitigate non-IID data divergence.
3. To develop a reusable, simulation-based experimental environment (by Month 3) using Python and the public UK-DALE dataset [5], programmatically partitioning the centralised data to simulate a realistic, non-IID federated network of distinct smart homes.
4. To implement two baseline models for comparative analysis (by Month 4): (a) a non-private, centralised Long Short-Term Memory (LSTM) model [6] (representing the performance "gold standard") and (b) a standard Federated Averaging (FedAvg) LSTM model [2] (representing the privacy-preserving "status quo").
5. To quantitatively evaluate (by Month 5) the proposed Fed-Auto former framework against the two baseline models, using standard time-series regression metrics (RMSE, MAE, MAPE) to measure forecasting accuracy and robustness in the non-IID simulation.
[bookmark: _Toc214363813]Significance of the Research
Importance of the Research: This research addresses one of the most significant and practical barriers to the realisation of AI-driven smart grids. By developing and validating a practical and privacy-by-design solution, this study offers a viable path for utility companies and technology providers to deploy sophisticated, AI-driven energy optimisation without forcing users into a false choice between "smart" features and personal data privacy.
Potential Applications:
· Technical: This project will provide a validated framework that is demonstrably robust to data heterogeneity, a pervasive and challenging problem in nearly all real-world federated learning deployments [7].
· Societal: A successful and widely adopted model of this nature can have significant downstream societal benefits. It can directly contribute to lower energy bills for consumers, enhance the reliability and stability of the national power grid, and accelerate the large-scale integration of renewable energy by providing more accurate forecasting to manage its volatility.
· Academic: This research will provide a novel contribution at the intersection of three cutting-edge fields in computer science: Transformer-based models, Federated Learning systems, and Smart Grid applications. It will produce a reusable experimental testbed and a new hybrid model for future research.

[bookmark: _Toc214363814]Literature Review
This section provides a thematic review of the existing body of literature. It identifies the key trends, establishes the theoretical and technical frameworks underpinning the research, and precisely identifies the gap in knowledge that this proposal will fill.
[bookmark: _Toc214363815]Introduction to the Literature Review
This review synthesises the academic literature across three principal domains that converge to form the basis of this research problem. The scope of this review spans foundational papers and recent publications (2020-2025) sourced from high-impact academic databases, including IEEE Xplore, the ACM Digital Library, and the ArXiv open-access archive. The review is organised thematically:
1. Technical Frameworks: The evolution of time-series forecasting models, from statistical methods to Deep Learning.
2. The Privacy Challenge: The socio-legal and ethical constraints governing the use of smart meter data.
3. Decentralised Solutions: The emergence of Federated Learning as a solution to the privacy challenge and the new research problems it introduces.
[bookmark: _Toc214363816]Theoretical and Technical Frameworks: AI in Energy Forecasting
The literature demonstrates a clear, performance-driven migration from classical statistical models to advanced deep learning (DL) architectures for time-series forecasting.
From Statistical to Deep Learning Models: Traditional statistical models, such as Autoregressive Integrated Moving Average (ARIMA) and its variants, have long been used for load forecasting. While interpretable and effective for linear trends, these models are often unable to capture the complex non-linear patterns, high volatility, and exogenous factors (e.g., weather, occupancy) inherent in modern residential energy use.
This limitation led to the dominance of DL approaches. Recurrent Neural Networks (RNNs) and, more specifically, Long Short-Term Memory (LSTM) networks [6], became the industry and academic benchmark. LSTMs are explicitly designed to model long-term temporal dependencies, making them highly effective for sequence data like energy profiles. Numerous studies cite LSTMs and their variants (e.g., hybrid CNN-LSTMs) for achieving state-of-the-art performance in load forecasting. This body of work justifies the selection of an LSTM-based model as a robust baseline (Objective 4).
The Transformer Revolution in Time-Series: More recently, the state-of-the-art has shifted to Transformer-based architectures [8], which have demonstrated superior performance by replacing recurrence with self-attention mechanisms. For time series, several key variants have emerged:
· Temporal Fusion Transformer (TFT): A seminal model introduced by Lim et al. [9], the TFT is a hybrid architecture designed for high-performance, multi-horizon forecasting. Its innovation is the integration of recurrent layers for local processing with interpretable self-attention to capture long-term dependencies. It is celebrated for its ability to provide both high accuracy and model interpretability.
· Autoformer: This model directly addresses the $O(L^2)$ computational complexity of the original Transformer, which can be a bottleneck for very long time-series (LSTF). The Autoformer's key innovation is a novel Auto-Correlation mechanism [4], which replaces self-attention. This mechanism discovers period-based dependencies and aggregates sub-series, achieving a more efficient $O(L \log L)$ complexity, making it highly suitable for long-sequence energy forecasting.
This review confirms that to be at the "state-of-the-art," this research must leverage a Transformer-based model. The efficiency of the Autoformer makes it a compelling choice for the design of the research artefact (Objective 2).
[bookmark: _Toc214363817]Key Contributions and Gaps: The Privacy-Preserving Imperative
A significant and visible gap exists in the forecasting literature. The vast majority of high-performance models (e.g., [9]) are evaluated on the assumption of a large, centralised, and accessible training dataset. These studies, while technically rigorous, largely ignore the profound socio-legal barriers to creating such a dataset in practice.
Running parallel to this technical track is a robust body of legal and ethical research. This literature clearly identifies granular smart meter data as "personal data". Its analysis can infer sensitive lifestyle patterns, such as household occupancy, sleep schedules, and appliance use. This places the collection and processing of such data squarely under the strict regulations of frameworks like the EU's GDPR [1], which mandates user consent, data minimization, and the right to erasure.
Federated Learning (FL) is identified in the literature as the most viable technical framework to resolve this conflict. FL is a decentralised approach to machine learning that is inherently "privacy-by-design" [2]. Research has already begun to explore FL for various smart grid applications, including load forecasting, managing distributed energy resources, and optimising electric vehicle charging networks, all citing privacy preservation as the primary motivator.
[bookmark: _Toc214363818]Relation to Your Study: The Non-IID Challenge
This research is positioned to address not the first-order problem (privacy) but the more advanced, second-order problem that FL introduces. The literature clearly identifies that the performance of standard FL algorithms (like FedAvg) degrades significantly when the local client datasets are non-independent and identically distributed (non-IID) [3], [7].
A network of smart homes is the canonical example of a non-IID environment. Each home (a client) has unique data distributions, leading to "statistical heterogeneity." This heterogeneity causes the local models to diverge during training, making it difficult for the central server to aggregate them into a single, high-performance global model.
This is a frontier-level research challenge. The literature shows that this "non-IID problem" is the primary barrier to effective, real-world FL deployment. Consequently, new research avenues like Personalised Federated Learning (pFL) and Federated Transfer Learning (FTL) are actively being explored to create models that are robust to this data divergence.
This proposal's unique contribution is to synthesise these three distinct research frontiers. It aims to build a solution that is simultaneously:
1. High-Performance (using a state-of-the-art Transformer architecture).
2. Privacy-Preserving (using a Federated Learning framework).
3. Robust (using a non-IID-aware design to solve FL's primary challenge).
[bookmark: _Toc214363819]Literature Summary
The literature provides a clear mandate for this research. It shows an evolution from LSTMs to Transformers for superior forecasting performance. It identifies a critical legal and ethical barrier (GDPR) to the centralised data models these Transformers require. It proposes Federated Learning as the solution to this privacy barrier. Finally, it reveals a new, critical gap: standard FL fails in the real-world non-IID environment of smart homes. This proposal is therefore uniquely positioned to design and test a novel solution that addresses this advanced, nuanced, and highly practical research gap.

[bookmark: _Toc214363820]Research Design and Methodology
This section details the research framework, the methods for artefact creation and evaluation, the data and tools required, and the ethical considerations.
[bookmark: _Toc214363821]Research Design: Design Science Research (DSR)
Explanation of Overall Approach: This project will adopt a Design Science Research (DSR) methodology. DSR is an "artefact-centric creation and evaluation approach" that is "predominantly practical" [10]. Its primary goal is to generate new knowledge through the creation and evaluation of a novel "artefact" designed to solve a specific, real-world problem.
Justification: This DSR approach is the most appropriate for this proposal, as the research aim is not merely to describe or explain a phenomenon, but to create a new, functional solution (the Fed-Autoformer framework). This artefact is the primary research contribution, designed to solve the defined problem of non-IID, privacy-preserving forecasting. The DSR process, typically defined by steps such as (1) Problem Identification, (2) Solution Objectives, (3) Design and Development, (4) Demonstration, and (5) Evaluation [10], aligns perfectly with the research objectives outlined in Section 1.3.
[bookmark: _Toc214363822]Research Methods
Methods: The core research method will be a quantitative, simulation-based comparative experiment. This experimental design is the standard, rigorous methodology in machine learning for validating a new model or algorithm. It involves systematically comparing the performance of the proposed artefact against established baseline models using objective, quantitative metrics.
Research Strategy: The DSR strategy will be executed in five distinct phases, directly corresponding to the research objectives:
· Phase 1: Literature Review & Artefact Design (Obj. 1, 2): A systematic literature review (Section 2) will be completed to inform the technical design of the Fed-Autoformer artefact. This design phase will involve selecting the base architecture (i.e., the Autoformer [4]) and, critically, designing or selecting a federated aggregation strategy (e.g., modifying FedAvg, or using a personalisation layer) that is specifically intended to handle the statistical heterogeneity of non-IID data.
· Phase 2: Data Acquisition and Simulation (Obj. 3): The public UK-DALE dataset [5] will be acquired. A Python-based simulation environment will be developed. This environment will partition the centralised dataset to emulate a federated network. Specifically, the complete time-series data from each of the five houses in the UK-DALE dataset will be treated as a separate, non-IID "client" data silo.
· Phase 3: Baseline Implementation (Obj. 4): Two baseline models will be implemented in the same simulation environment for a fair comparison:
· Baseline 1 (Centralised): An LSTM model [6] trained on all data combined (i.e., data from all five houses). This represents the non-private, "gold standard" of performance that is unachievable in a privacy-preserving setting.
· Baseline 2 (Standard FL): An LSTM model trained using the standard FedAvg algorithm [2] across the five non-IID clients. This represents the current privacy-preserving "status quo" that the proposed artefact aims to outperform.
· Phase 4: Proposed Model Implementation (Obj. 2): The Fed-Autoformer artefact will be implemented in code, leveraging a federated learning framework (detailed in 3.3.2) to manage the federated training and aggregation logic over the custom Transformer architecture.
· Phase 5: Evaluation (Obj. 5): All three models (Centralised, FedAvg-LSTM, Fed-Autoformer) will be trained and tested on the non-IID partitioned data. Performance will be quantitatively measured using the metrics defined in Section 3.4 to test the hypothesis that the Fed-Autoformer is more robust to non-IID data than the standard FedAvg-LSTM.
[bookmark: _Toc214363823]Research Materials
[bookmark: _Toc214363824]Research Data: UK-DALE Dataset
Data Source: This research will exclusively use the UK-DALE (UK Domestic Appliance-Level Electricity) dataset [5].
Justification: This dataset is uniquely suited for all objectives of this project for three key reasons:
1. Public & Anonymised: It is a publicly available, well-documented, and fully anonymised dataset explicitly provided for research. As detailed in Section 3.5, this design choice resolves all major ethical and GDPR-related data-gathering challenges.
2. Multi-Home (Non-IID): The dataset contains high-resolution data from five distinct UK homes. This is the single most critical feature for this project, as it provides a natural, real-world source of non-IID data. Each house will serve as a synthetic "client" in the federated simulation, allowing for a realistic evaluation of the non-IID problem.
3. High-Resolution Granularity: The dataset contains both whole-house aggregated demand (recorded at 16 kHz) and individual appliance-level data (recorded every 6 seconds). This richness allows for complex feature engineering and robust model training.
Data Collection Method: The data will be downloaded from the official UK-DALE repository. No new data will be collected from human subjects. The data will undergo standard time-series pre-processing, including cleaning, resampling to a uniform frequency, normalisation, and "windowing" (splitting the long time-series into input/output samples).
Table 1: Justification of Dataset Selection
	Dataset
	Number of Homes
	Granularity
	Key Feature for this Proposal

	UK-DALE
	5
	Appliance-level (6s) & Whole-house (16 kHz)
	Ideal for non-IID simulation (5 clients); extremely high-resolution data.

	REDD
	6
	Appliance-level & Whole-house
	Strong alternative; similar multi-home structure.

	REFIT
	20
	Appliance-level
	Excellent multi-client source; larger scale than UK-DALE.

	Pecan Street
	>1000
	Appliance-level (1 min) & Solar
	Very large-scale dataset, but access typically requires licensing.


[bookmark: _Toc214363825]Software
· Programming Language: Python 3.x.
· Core ML Libraries: TensorFlow and/or PyTorch. These industry-standard libraries will be used to build, train, and evaluate the underlying deep learning models (LSTM and Autoformer).
· FL Framework: Flower [11] or TensorFlow Federated (TFF). Flower is a strong candidate; as a framework-agnostic library, it is "friendly" and well-suited for integrating custom, non-standard models (like Autoformer) into a federated system.
· Data Handling & Analysis: Pandas, NumPy, and scikit-learn will be used for data pre-processing, feature engineering, and calculation of evaluation metrics.
[bookmark: _Toc214363826]Hardware Requirements
Training deep learning models, particularly Transformer architectures and the simulation of federated learning, is computationally intensive. This project cannot be completed on a standard laptop.
· Specification: The research will require access to a high-performance computing environment equipped with at least one modern NVIDIA GPU (e.g., RTX 3080/4080, or data centre-grade A100). A VRAM (GPU memory) of >= 11 GB is considered a minimum for serious deep learning research, particularly for handling the large batch sizes and model sizes associated with Transformers.
· Resource Plan: This hardware requirement will be met by utilising the University's High-Performance Computing (HPC) cluster or, if access is limited, through allocated credits on a cloud-based platform such as Google Cloud AI Platform or Amazon Web Services (AWS).
[bookmark: _Toc214363827]Data Analysis and Evaluation Methods
To ensure the "Measurable" component of the research objectives and provide a quantitative, objective answer to the research question, model performance will be evaluated using a standard suite of regression metrics identified in the forecasting literature.
The following metrics will be calculated for the test set of each of the 5 "clients" and averaged to produce a global model score:
· Root Mean Squared Error (RMSE): [image: ]
This will be the primary metric for comparison. Due to the squared term, RMSE disproportionately penalises large errors. In energy forecasting, this is a critical feature, as large prediction errors (e.g., misjudging a peak) are far more destabilising to the grid than small, consistent errors.
· Mean Absolute Error (MAE): [image: ]
MAE provides a more direct, interpretable measure of the average forecast error, expressed in the original units of the data (e.g., Kilowatts).
· Mean Absolute Percentage Error (MAPE): This metric expresses the mean error as a percentage, providing a scale-independent measure of accuracy that is useful for comparing performance across clients of different average consumption levels.
[bookmark: _Toc214363828]Ethical Considerations
This research proposal has been carefully designed to mitigate and, in most cases, eliminate significant ethical and legal risks, particularly those related to data privacy and human subjects.
· Human Subjects: This project does not involve direct participation from human subjects. No individuals will be recruited, interviewed, or surveyed, and no new data will be collected from people.
· Data Source & Anonymisation: The project exclusively uses the UK-DALE dataset [5]. This is a publicly available, fully and irreversibly anonymised dataset that is held and maintained specifically for research purposes.
· GDPR and Data Privacy: According to Article 4(1) of the GDPR [1], "personal data" is defined as any information relating to an identifiable natural person. As the UK-DALE dataset is fully anonymised, it no longer constitutes "personal data" under this definition. Therefore, the data processing requirements and restrictions of the GDPR do not apply to the use of this secondary dataset. While the motivation for this research is to solve privacy issues, the research itself is conducted on non-personal data.
· Ethical Approval: In accordance with UKRI, HRA, and university guidelines, research involving only secondary use of publicly available, non-identifiable, anonymised data does not require ethical review by a Health Research Authority (HRA) Research Ethics Committee (REC) or a full review by the university's ethics board. The project is classified as "low risk."
· Compliance: This research will be conducted with full integrity, adhering to all ethical guidelines for the use of secondary data, including transparency of methods, objective reporting of results, and acknowledging the data's limitations. The mandatory ethics form will be completed and appended to this proposal (see Appendix A).


[bookmark: _Toc214363829]Expected Outcome and Limitations
[bookmark: _Toc214363830]Anticipated Results
Primary Outcome (The Artefact): The primary deliverable will be the validated Fed-Autoformer framework, a novel AI artefact for privacy-preserving and non-IID-robust energy forecasting, along with the experimental code and results.
Hypothesised Performance:
1. It is expected that the Centralised-LSTM (Baseline 1) will achieve the highest accuracy (lowest RMSE/MAE). This is logical, as it is non-private and trains on a complete, centralised dataset. This model serves as the theoretical "upper bound" on performance.
2. It is expected that the FedAvg-LSTM (Baseline 2) will show a significant drop in accuracy compared to the centralised baseline, demonstrating the known performance degradation caused by non-IID data [3].
3. The key anticipated result is that the proposed Fed-Autoformer framework (Artefact) will demonstrate a statistically significant reduction in RMSE/MAE compared to the FedAvg-LSTM baseline. The success of this project is measured by its ability to close the performance gap between the naive federated model (Baseline 2) and the non-private centralised model (Baseline 1).
[bookmark: _Toc214363831]Implications
A successful outcome will provide the first academic validation of a Transformer-based FL model specifically designed to address the non-IID challenge in the smart home domain. It will offer a concrete, privacy-by-design blueprint that solves a key technical and ethical problem simultaneously, contributing a valuable tool for academics, smart grid operators, and technology providers.
[bookmark: _Toc214363832]Limitations
This proposal acknowledges several key limitations that constrain the generalizability of its findings, as is standard for an MSc-level project.
· Simulation vs. Reality: The primary limitation is the use of a simulated federated environment on a single, high-performance machine. Real-world FL deployments face a host of engineering challenges not modelled in this simulation, including:
· Network Latency: Variable and high-latency connections from client devices.
· Resource Constraints: Real-world clients (e.g., smart meters) have minimal computational power and memory, which may make training a complex Transformer model unfeasible.
· Client Unreliability: Clients may drop offline or fail to report updates.
· Data Scale: The UK-DALE dataset contains 5 homes. While sufficient for an MSc-level project to prove the concept of non-IID robustness, it is not representative of a real-world FL network, which would involve thousands or millions of heterogeneous clients. The generalizability of the findings will be limited by this small scale.
· Non-IID Simulation: The partitioning of the UK-DALE dataset is a "synthetic" representation of a non-IID environment. While based on real-world heterogeneity, it may not capture the full complexity or statistical properties of a truly decentralised and diverse population of homes.

[bookmark: _Toc214363833]Timeline
This research will be conducted over a 6-month (approx. 22-week) MSc dissertation period. The timeline is structured around the key ML project lifecycle milestones and the DSR methodology to ensure all objectives are met.
Project Timeline (Gantt Chart)
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Appendix A: Ethics Self-Assessment Form
· Project Status: Low-risk research.
· Human Subjects: No direct involvement of human subjects.
· Data: The research involves secondary analysis of a publicly available, fully anonymised dataset (UK-DALE).
· Ethical Review: As per HRA and university guidelines, this type of research does not require full ethical review by a Research Ethics Committee (REC).
· GDPR: The data used is not "personal data" as defined by the GDPR.
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