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Abstract 

 

Global sustainability challenges, particularly those posed by climate change, resource scarcity, 

and environmental degradation, necessitate innovative solutions that transcend traditional 

approaches. Energy consumption and waste generation remain two of the most critical 

contributors to carbon emissions and ecological disruption, yet they are often studied and 

managed in isolation. This PhD research addresses this gap by developing and validating an 

integrated computational artificial intelligence (AI) framework that simultaneously models 

energy demand and waste generation to support Net Zero and circular economy transitions. 

The study applies a suite of machine learning and deep learning techniques—including 

multilayer perceptrons (MLP), long short-term memory (LSTM) networks, Gradient Boosting, 

and Random Forests—to large, heterogeneous datasets derived from smart meters, municipal 

waste records, IoT-enabled environmental sensors, and weather data. These models capture 

nonlinear dependencies and temporal dynamics that traditional rule-based or statistical 

approaches, such as ARIMA, often fail to recognise. Comparative evaluations demonstrate that 

AI-driven predictive systems substantially improve forecasting accuracy and operational 

responsiveness across both energy and waste domains. 

A distinctive contribution of this research lies in the integration of explainable AI (XAI) 

methods, including SHAP (Shapley Additive Explanations) and LIME (Local Interpretable 

Model-agnostic Explanations). These tools enhance transparency and accountability by 

elucidating how input features influence predictions, thereby fostering trust among 

policymakers, utility providers, and municipal authorities. This commitment to interpretability 

is particularly significant given the high stakes of sustainability decision-making and the ethical 

considerations surrounding data use, privacy, and algorithmic bias. 
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The methodological framework is grounded in pragmatic positivism, combining rigorous 

quantitative model development with real-world case studies and simulations. Findings 

confirm that AI-enhanced predictive systems can optimise energy demand response strategies, 

improve waste collection scheduling, and facilitate resource-efficient planning. Moreover, by 

linking energy and waste dynamics within a single architecture, the framework highlights 

synergies such as waste-to-energy potential and cross-sectoral policy impacts. 

This thesis makes three major contributions: (1) advancing predictive modelling techniques for 

energy and waste systems; (2) embedding explainability and ethical considerations within AI 

frameworks to enhance adoption and stakeholder confidence; and (3) proposing a transferable, 

scalable decision-support platform aligned with the United Nations Sustainable Development 

Goals, particularly SDG 7 (Affordable and Clean Energy), SDG 12 (Responsible Consumption 

and Production), and SDG 13 (Climate Action). 

Ultimately, the research demonstrates that AI-driven predictive frameworks are not merely 

technological enhancements but transformative enablers of sustainability, capable of guiding 

societies towards resilient, low-carbon, and circular futures. 

Keywords: Artificial Intelligence (AI); Machine Learning (ML); Deep Learning (LSTM, 

MLP); Explainable AI (XAI); Energy Demand Forecasting; Waste Management Optimisation; 

Circular Economy / Net Zero 
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Chapter 1 

1 INTRODUCTION 

1.1 Background and Context 

The world today stands at a critical juncture, where the pursuit of sustainable development has 

become not merely desirable, but essential [1,2]. The dual challenges of climate change and 

environmental degradation have brought into sharp focus the urgent need for innovative 

solutions that can balance economic growth with environmental stewardship. Nowhere is this 

tension more visible than in the domains of energy consumption and waste management. Both 

sectors, although vital to modern life, have historically been among the most significant 

contributors to carbon emissions, resource depletion, and ecological disruption [3,4]. Over the 

last few decades, global energy demand has continued to surge, driven by industrialisation, 

urbanisation, and rising living standards, particularly in developing economies. According to 

reports from bodies such as the International Energy Agency (IEA), energy consumption in 

residential, commercial, and industrial sectors has reached unprecedented levels, placing 

enormous pressure on national grids and accelerating the depletion of non-renewable energy 

sources. This has been paralleled by increasing volumes of waste generation, exacerbated by 

consumerism, population growth, and inadequate recycling infrastructure in many regions 

[5,6]. 

Governments, industries, and communities have responded in various ways, promoting the 

adoption of renewable energy, mandating recycling targets, and investing in infrastructure 

designed to mitigate environmental harm [7,8]. Yet, despite these efforts, significant gaps 

remain. Energy grids continue to experience instability, particularly as intermittent renewable 

energy sources, such as wind and solar, become more prevalent. Similarly, waste management 
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systems often struggle to cope with fluctuating recycling rates, contamination in waste streams, 

and inefficient collection schedules, resulting in missed targets and an increased reliance on 

landfills [9,10]. It is within this complex and evolving context that the application of artificial 

intelligence (AI) and computational intelligence techniques offers a promising avenue. AI, 

particularly machine learning (ML) and its advanced forms such as deep learning, has 

demonstrated remarkable success in fields ranging from healthcare diagnostics to financial 

forecasting. What makes AI particularly compelling in the context of energy and waste 

management is its ability to model complex, non-linear systems, learn from historical and real-

time data, and make predictions or decisions that are adaptive rather than static [11, 12]. 

Historically, energy management systems have relied heavily on rule-based approaches. These 

systems operate on pre-defined thresholds, schedules, or heuristics, often without accounting 

for the dynamic interplay between variables such as weather conditions, occupancy patterns, 

or fluctuating energy prices. Similarly, traditional waste management planning has often 

involved fixed collection routes or schedules that do not account for actual waste generation 

rates or changing recycling behaviours across different neighbourhoods or periods [13,14]. 

Such approaches, although operationally simple, fall short in terms of efficiency and 

responsiveness. They fail to capitalise on the rich data streams now available from smart 

meters, sensors, Internet of Things (IoT) devices, and other modern technologies. Here, AI 

steps in with the potential to transform these systems. By processing large volumes of diverse 

data and learning complex patterns, AI models can provide far more accurate forecasts, 

optimise operations in real-time, and adapt to changing conditions in ways that conventional 

systems cannot [15, 16]. 

This PhD research emerges at the intersection of these critical global challenges and 

technological possibilities. The work is grounded in the belief that computational intelligence 
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can deliver robust, scalable, and explainable solutions that address the limitations of current 

energy and waste systems. It explores the design and deployment of predictive models that not 

only offer higher accuracy but also deliver insights into the decision-making process through 

the use of explainable AI (XAI) techniques. In a world where black-box models can hinder 

trust and adoption, transparency is crucial, particularly in public-sector applications where 

accountability is paramount. 

The growing momentum towards Net Zero targets further shapes the context for this research. 

Nations worldwide, from the United Kingdom to emerging economies, have set ambitious 

goals to achieve carbon neutrality by mid-century. Meeting these targets demands a rethinking 

of how energy is generated, distributed, and consumed, as well as how materials are recovered, 

and waste is minimised. Incremental improvements alone will not suffice; systemic change is 

required. This thesis argues that AI-driven predictive modelling can catalyse such change 

[17,18]. In terms of energy management, this work focuses particularly on the residential and 

small commercial building sectors, which collectively account for a significant share of global 

energy use. It investigates the use of AI models, including multilayer perceptrons (MLPs) and 

long short-term memory (LSTM) networks, to forecast energy demand and optimise demand 

response strategies. A critical contribution lies in comparing these advanced models to 

traditional rule-based methods, quantifying the performance gains, and identifying the trade-

offs in terms of complexity, computational requirements, and interpretability [19, 20]. 

The waste management component of the research similarly addresses key inefficiencies in 

existing systems. By applying LSTM models to recycling rate data, this thesis demonstrates 

how AI can provide more reliable forecasts, enabling municipalities to plan more effective 

collection schedules and resource allocations. The ability of such models to capture temporal 

dependencies, showing how patterns from previous weeks or months may influence today's 
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recycling behaviour, offers a distinct advantage over conventional statistical techniques 

[21,22]. 

Another critical strand running through this research is the integration of explainable AI. As 

predictive models become more complex, there is a risk that they turn into opaque black boxes, 

undermining user trust and limiting their practical application. The thesis tackles this challenge 

by incorporating techniques such as SHAP (Shapley Additive exPlanations) and LIME (Local 

Interpretable Model-agnostic Explanations), which help to clarify how specific inputs 

influence the model's predictions. This not only promotes transparency but also supports better 

decision-making by human operators, who remain accountable for their outcomes. 

At a broader level, this research is situated within the global shift towards smarter, data-driven 

cities. As urban areas grow and digitise, there is a pressing need for integrated solutions that 

can simultaneously address multiple sustainability challenges. The convergence of AI with IoT 

and smart grid technologies represents a powerful enabler in this regard. The thesis contributes 

to this vision by demonstrating how AI models can integrate data from diverse sources, such 

as smart meters, weather stations, and waste collection records, and transform it into actionable 

intelligence that benefits both providers and end-users [23, 24]. 

Furthermore, the work recognises the importance of scalability and adaptability. While much 

of the empirical work is grounded in case studies or simulations focused on particular regions 

or building types, the modelling frameworks are designed with generalisability in mind. The 

methods developed could, with appropriate local data, be applied to other settings, whether in 

dense urban centres or more rural communities. This flexibility is key, given the varied contexts 

in which energy and waste challenges manifest [25,26]. It is also worth noting that this research 

does not view AI as a panacea. Instead, it acknowledges the limitations and risks associated 

with algorithmic decision-making. Issues such as data privacy, cybersecurity, and potential 
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biases in training data are treated not as peripheral concerns but as central considerations in 

model development and evaluation. The thesis advocates for an ethical and responsible 

approach to AI deployment, one that aligns technological innovation with societal values and 

the public good [27, 28]. 

In summary, the background and context for this PhD research are shaped by a confluence of 

environmental urgency, technological opportunity, and policy imperatives. The work addresses 

real-world challenges with rigorously developed, computationally intelligent solutions that 

advance both academic knowledge and practical outcomes. It situates itself within a global 

movement towards sustainable, resilient, and transparent systems, positioning AI not as a 

futuristic ideal but as a present-day tool with transformative potential. 

1.2 The Global Challenge of Sustainable Energy and Waste Management 

Across the world, the intertwined issues of energy consumption and waste generation represent 

two of the most urgent and complex sustainability challenges of our time. At the heart of these 

challenges lies the pressing need to reconcile economic development with environmental 

protection. In both developed and developing regions, governments, industries, and 

communities are grappling with the consequences of unsustainable energy practices and 

ineffective waste management systems. These problems not only threaten ecological integrity 

but also undermine public health, economic stability, and social well-being [29, 30]. 

The energy demand continues to rise at an unprecedented rate, fuelled by population growth, 

urbanisation, technological advancement, and changing lifestyles. Global energy consumption 

has more than doubled since the 1970s, and projections indicate that this trend will persist in 

the coming decades, particularly as emerging economies expand their industrial bases and 

improve living standards. At the same time, the way we generate and use energy remains 
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heavily reliant on fossil fuels. Despite the remarkable growth of renewable energy sources, 

coal, oil, and natural gas continue to account for the lion's share of the global energy supply. 

This dependence has led to soaring greenhouse gas emissions, which significantly contribute 

to climate change and its associated impacts, including rising sea levels and more frequent and 

severe weather events [31, 32]. Compounding this energy dilemma is the challenge of waste. 

The modern world generates waste on a scale unprecedented in human history. Municipal solid 

waste, industrial by-products, electronic waste, and agricultural residues all contribute to a 

global waste crisis. The World Bank estimates that by 2050, annual waste generation could rise 

to 3.4 billion tonnes if no meaningful interventions are made. Much of this waste ends up in 

landfills or, worse still, is openly dumped, polluting the land, rivers, and oceans. Plastic waste, 

in particular, has garnered widespread attention due to its persistence in the environment and 

harmful effects on marine ecosystems. Both energy and waste sectors are critical levers in the 

global effort to achieve sustainable development and mitigate climate change. The United 

Nations' Sustainable Development Goals (SDGs), particularly SDG 7 (Affordable and Clean 

Energy) and SDG 12 (Responsible Consumption and Production), emphasise the need to 

transition towards cleaner energy systems and more sustainable waste management practices 

[33,34]. 

Progress remains uneven and, in many cases, inadequate. The transition is not simply a matter 

of technological substitution or policy reform. It requires systemic change, a fundamental 

rethinking of how we produce, distribute, consume, and manage resources. One of the most 

significant barriers to this transition is the complexity and scale of the problem. Energy systems 

are vast and interconnected, involving multiple actors, infrastructures, and technologies [35, 

36]. The variability of renewable energy sources, such as solar and wind power, introduces 

new challenges for maintaining grid stability and reliability. Waste management, meanwhile, 

operates at the interface of economic, social, and environmental systems, requiring 



 

19 
 

coordination across local authorities, private firms, and the public. Both sectors face challenges 

related to financing, governance, and social acceptance that complicate efforts to implement 

sustainable solutions [37, 38]. 

The growing role of artificial intelligence and computational intelligence offers a new frontier 

in addressing these challenges. AI's capacity to process large volumes of data, identify patterns, 

and optimise complex systems aligns well with the needs of both energy and waste 

management sectors. In energy systems, predictive models can forecast demand with greater 

accuracy, enabling more effective balancing of supply and demand, and facilitating the 

integration of renewable sources. Smart grids equipped with AI can adapt in real-time to 

changes in consumption patterns, improving efficiency and resilience. Similarly, in waste 

management, AI can enhance planning and operations. Predictive analytics can forecast waste 

generation rates, allowing cities to design more responsive collection schedules. Machine 

learning models can support the sorting and classification of waste, improving recycling rates 

and reducing contamination. Moreover, AI-driven decision-support systems can help 

policymakers evaluate trade-offs between various waste treatment options, including recycling, 

composting, and energy recovery [39, 40]. 

However, the promise of AI must be seen in the context of broader systemic issues. Technology 

alone cannot resolve the global challenge of sustainable energy and waste management. There 

are significant concerns about data availability, quality, and privacy, especially in regions with 

limited infrastructure. AI models require robust, representative datasets to function effectively. 

Yet, in many parts of the world, such data are sparse or unreliable. Furthermore, the deployment 

of AI raises ethical questions about accountability, transparency, and potential biases in 

decision-making [41, 42]. 
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Energy inequality is another dimension of the global challenge. While some countries invest 

in advanced renewable technologies and smart infrastructure, others struggle to provide even 

basic access to electricity. According to the International Energy Agency, nearly 770 million 

people worldwide still lack access to electricity, with the majority residing in sub-Saharan 

Africa. The push for cleaner, smarter energy systems must therefore also address the imperative 

of energy justice, ensuring that transitions do not deepen existing disparities. Waste 

management systems also reveal stark inequalities. In wealthier nations, waste collection and 

treatment are often taken for granted, supported by established infrastructures and regulatory 

frameworks [43, 44]. 

In contrast, low-income countries frequently rely on informal waste pickers, open dumping, 

and rudimentary landfills. The health and livelihoods of millions depend on these informal 

systems, which are often overlooked in formal policy discussions. A truly sustainable approach 

to waste management must recognise and integrate these realities, supporting inclusive 

strategies that improve outcomes for all stakeholders. Policy and governance frameworks play 

a decisive role in shaping the trajectory of energy and waste transitions. Ambitious national 

and international targets, such as commitments to Net-Zero emissions, provide essential 

signals, but translating these into action requires coherent strategies, institutional capacity, and 

political will. Market mechanisms, subsidies, regulations, and public investments all influence 

the pace and direction of change. Importantly, citizen engagement is critical. Public attitudes 

towards renewable energy installations, recycling practices, and waste infrastructure can either 

enable or hinder progress [45, 46]. The global COVID-19 pandemic has added another layer 

of complexity to these challenges. Lockdowns and economic disruptions led to shifts in energy 

consumption patterns, characterised by reduced industrial demand and increased residential 

use. The pandemic also generated new waste streams, such as personal protective equipment 

(PPE), highlighting gaps in existing waste systems. At the same time, recovery plans offer an 
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opportunity to align economic stimulus with sustainability goals, supporting green energy 

investments and circular economy initiatives. 

This PhD research, situated at the intersection of these global challenges and technological 

frontiers, seeks to contribute practical, data-driven solutions that advance both academic 

understanding and real-world impact. It examines how computational artificial intelligence can 

be harnessed to enhance the predictive capabilities of energy and waste systems, enabling more 

sustainable and efficient operations. The focus is not only on improving technical performance, 

for example, through more accurate forecasts or optimised schedules, but also on ensuring that 

the models developed are transparent, explainable, and aligned with societal values. A 

particular strength of this research lies in its integrative approach. It recognises that energy and 

waste challenges cannot be addressed in isolation. The thesis examines how AI models can 

leverage diverse data sources, including smart meters, weather sensors, waste collection 

records, and others, to develop comprehensive solutions. For instance, by linking energy 

consumption forecasts with occupancy patterns and weather conditions, predictive models can 

enable more innovative demand response strategies that reduce strain on the grid while 

maintaining user comfort. Similarly, by analysing temporal trends in recycling rates, AI can 

support dynamic planning that adjusts to changing behaviours and seasons [47, 48]. 

The work also acknowledges the need for flexibility and scalability. The proposed solutions 

are designed to be adaptable to different contexts, ranging from dense urban centres with 

advanced infrastructures to smaller towns or regions where resources may be more limited. 

This reflects an understanding that sustainability is not a one-size-fits-all proposition; local 

conditions, cultures, and capacities matter. The aim is to provide frameworks and tools that can 

be customised to suit varying needs and priorities. In addition to its technical contributions, the 

research engages with the broader questions of governance, ethics, and inclusion. It addresses 
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how AI can support, rather than replace, human decision-making, offering insights and 

recommendations that enhance the capabilities of planners, engineers, and policymakers. It 

explores how explainable AI techniques can build trust among stakeholders, ensuring that the 

adoption of advanced technologies does not come at the cost of transparency or accountability. 

It also highlights the importance of considering the social dimensions of technological change, 

from data privacy to the impacts on jobs and livelihoods. Ultimately, the global challenge of 

sustainable energy and waste management is a defining issue of our era. It tests our collective 

ability to innovate, collaborate, and act with foresight [49, 50]. The scale and urgency of the 

problem demand ambitious solutions that harness the best of human ingenuity and 

technological possibility. This thesis contributes to that effort, offering evidence-based, 

computationally intelligent models that can help chart a more sustainable and equitable future. 

Figure 1 illustrates the integration of AI-driven predictive models with sustainable energy and 

waste management systems. 

 

Figure1.1 Conceptual Framework of the Research. 
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1.3 The Role of Artificial Intelligence in Achieving Net Zero and Circular Economy Goals 

The transition towards a sustainable, low-carbon future is perhaps the most ambitious and 

complex undertaking of our time. Governments, businesses, and communities worldwide are 

grappling with the dual imperatives of drastically reducing carbon emissions while reshaping 

economic systems to be more resource-efficient, resilient, and equitable. Central to this vision 

are two interlinked concepts: achieving Net Zero emissions and embracing the circular 

economy. The former focuses on balancing the amount of greenhouse gases emitted with those 

removed from the atmosphere. At the same time, the latter aims to design waste and pollution 

out of economic activity, keeping materials in use for as long as possible [51,52]. As these 

goals gain momentum on the global stage, there is growing recognition that traditional 

approaches alone will not suffice. What is required is not just incremental improvement, but 

transformative change that is increasingly enabled by the rapid evolution of technology, 

particularly artificial intelligence (AI). AI, in its various forms —machine learning, deep 

learning, neural networks, and hybrid systems —offers a powerful toolkit for tackling the 

complexities inherent in Net Zero and circular economy transitions. Unlike conventional 

systems that depend on fixed rules or static models, AI can learn from vast amounts of data, 

adapt to changing conditions, and uncover patterns and insights that might otherwise go 

unnoticed. This ability to process, analyse, and act upon information at scale and speed makes 

AI uniquely suited to address the dynamic, interconnected challenges of decarbonising 

economies and closing material loops [53, 54]. 

To understand the role of AI in achieving Net Zero, it is essential to consider the nature of the 

energy systems that underpin modern life. From electricity grids and transportation networks 

to heating systems and industrial processes, these systems are characterised by complexity, 

variability, and interdependence. The integration of renewable energy sources, such as wind 
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and solar, is essential for reducing carbon emissions. However, it introduces new challenges 

due to its intermittent nature. Unlike fossil fuel-based generation, renewables cannot be 

dispatched on demand in the same way; they depend on environmental conditions that fluctuate 

over time and space. Balancing supply and demand in such systems requires advanced 

forecasting, flexible infrastructure, and intelligent control. This is where AI truly shines. By 

analysing historical data alongside real-time inputs from sensors, weather models, and smart 

meters, AI algorithms can predict energy generation and consumption patterns with remarkable 

accuracy. This predictive capability allows grid operators to make more informed decisions 

about how to dispatch energy resources, when to store surplus power, and how to manage 

demand peaks. For instance, machine learning models can forecast solar generation at a given 

site based on cloud cover data, historical irradiance, and other variables, enabling better 

integration of distributed solar systems into the grid. Similarly, AI-driven demand response 

systems can identify opportunities to shift consumption to periods of low-carbon supply, 

reducing reliance on carbon-intensive peaking plants. However, the role of AI extends beyond 

the grid. In buildings, which account for a significant share of global energy use and emissions, 

AI-enabled systems can optimise heating, cooling, lighting, and appliance operation in real 

time. By learning from occupancy patterns, weather conditions, and user preferences, these 

systems can maintain comfort while minimising energy use. On a larger scale, AI can support 

urban planners in designing energy-efficient communities by modelling how different layouts, 

materials, and technologies impact overall carbon performance [55, 56]. 

Transport, another major contributor to emissions, is also being transformed by AI. 

Autonomous vehicles, smart traffic management, and electrification are all areas where AI 

plays a central role. For example, routing algorithms can minimise congestion and associated 

emissions. At the same time, AI systems can optimise charging schedules for fleets of electric 

buses or delivery vans to align with periods of low-carbon electricity supply. The potential 



 

25 
 

gains from such applications are substantial, not only in terms of carbon reduction but also in 

terms of improved air quality, enhanced health, and increased economic productivity. When 

we shift focus to the circular economy, AI's potential is equally profound. The circular 

economy challenges us to rethink how we design, use, and recover materials and products. 

Rather than following the traditional linear model of take-make-dispose, circular systems aim 

to keep resources in use for as long as possible, extracting maximum value and regenerating 

natural systems. Achieving this vision requires a deep understanding of material flows, product 

lifecycles, and consumer behaviour, areas where AI can provide critical insights [57, 58]. 

One of the key enablers of a circular economy is the ability to track and trace materials and 

products through complex supply chains. AI technologies, combined with the Internet of 

Things (IoT), can create digital twins of products, capturing data on their composition, 

condition, location, and history. This data can then inform decisions about maintenance, 

refurbishment, remanufacturing, or recycling. For example, AI can help identify which 

components of a used product are suitable for reuse, which require repair, and which should be 

recycled, thereby improving efficiency and reducing waste. AI also enhances sorting and 

recycling processes, which are often bottlenecks in circular systems. Traditional sorting relies 

heavily on manual labour or mechanical processes that can struggle with complex, mixed waste 

streams. AI-enabled vision systems, combined with robotics, can rapidly and accurately 

identify different materials, separating them for higher-quality recycling. These systems can 

adapt to changing input streams and improve over time as they learn from data, overcoming 

some of the limitations of conventional approaches. Predictive analytics is another area where 

AI supports circularity. By forecasting demand for refurbished or remanufactured products, 

businesses can better align supply with market needs, reducing overproduction and waste. 

Similarly, AI can help design products for longevity and disassembly, analysing data on failure 

modes and usage patterns to inform design choices that extend product life and facilitate end-
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of-life recovery. Crucially, AI can also support the business models that underpin the circular 

economy. Product-as-a-service models, where consumers pay for access rather than ownership, 

depend on the ability to monitor and manage assets in use. AI systems can optimise 

maintenance schedules, predict failures, and ensure that assets are used efficiently and returned 

at the end of their contract. This not only enhances customer experience but also supports the 

economic viability of circular business models. While the potential of AI is considerable, it is 

essential to recognise that technology is only part of the solution. Achieving Net-Zero and 

circular economy goals requires systemic change that encompasses policy reform, cultural 

shifts, and new forms of collaboration across sectors and disciplines. AI must be deployed 

thoughtfully, with attention to ethical considerations, inclusivity, and transparency. This is 

particularly important, given the risk that AI systems can inadvertently embed biases or 

exacerbate inequalities if not carefully designed and governed [59, 60]. 

One area of growing importance is explainable AI (XAI). As AI systems become more 

complex, there is a risk that they turn into black boxes, making decisions that are difficult for 

humans to understand or challenge. In sectors such as energy and waste management, where 

decisions can have significant environmental and social consequences, transparency is vital. 

XAI techniques, such as SHAP values or LIME, can help stakeholders understand how AI 

models arrive at their recommendations, building trust and supporting accountability. 

Another critical consideration is data governance. AI models depend on data, and ensuring that 

this data is accurate, representative, and used responsibly is fundamental to their success. This 

includes addressing privacy concerns, securing data against misuse, and ensuring that data-

driven insights are shared in ways that support collective action rather than entrenching 

proprietary advantage. The role of AI in achieving Net Zero and circular economy goals is 

therefore not just technical but also socio-political. It involves shaping how technologies are 



 

27 
 

developed, who benefits from them, and how they are integrated into broader systems of 

governance and practice. For AI to fulfil its potential as an enabler of sustainability, it must be 

aligned with the principles of fairness, inclusivity, and environmental justice [61,62]. 

The PhD research that underpins this discussion takes these complexities seriously. It does not 

treat AI as a magic bullet but as a tool that, when carefully designed and thoughtfully applied, 

can support the transition to more sustainable energy and material systems. Through the 

development of predictive models for energy demand, recycling rates, and waste generation, 

the work demonstrates how AI can improve accuracy, efficiency, and responsiveness in key 

areas. By integrating explainable AI techniques, it addresses the need for transparency and 

stakeholder confidence. By designing flexible and adaptable models, it acknowledges the 

diversity of contexts in which Net Zero and circular economy strategies must be implemented. 

In sum, AI holds significant promise as a driver of the transformative change needed to achieve 

Net Zero and circular economy goals. Its strength lies in its ability to handle complexity, adapt 

to changing conditions, and generate insights that support smarter, more sustainable decisions. 

But realising this promise will require more than technical ingenuity. It will demand a 

commitment to ethical, inclusive design; robust governance; and a willingness to place 

technology in the service of broader societal and ecological objectives. The path to Net Zero 

and a circular economy is not easy. However, with the thoughtful integration of AI, it becomes 

a more navigable and attainable path within our collective reach [63]. 

1.4 Motivation and Rationale for the Study 

The journey towards sustainability is one of the defining challenges of our time. Across the 

globe, nations, industries, and communities face the pressing need to reconcile economic 

development with the urgent demands of environmental stewardship. Nowhere is this challenge 

more acute than in the sectors of energy and waste management. These systems, which are vital 
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to modern life, are also among the most significant contributors to environmental degradation 

and climate change. Against this backdrop, the motivation for this study stems from 

recognising the scale and complexity of these problems and the conviction that innovative 

solutions, particularly those leveraging advanced computational tools, are necessary to chart a 

more sustainable path forward. 

To begin with, the motivation for this research is deeply rooted in the realities of the climate 

crisis. The science is unequivocal: human activities, especially the burning of fossil fuels and 

the mismanagement of resources, are driving global temperatures upwards, with far-reaching 

and often devastating consequences. From rising sea levels that threaten coastal communities, 

to shifting weather patterns that endanger food security, to the loss of biodiversity that 

undermines the resilience of ecosystems, the impacts are visible and growing. In this context, 

achieving Net Zero greenhouse gas emissions by mid-century has become not just an 

aspirational target, but an imperative. 

However, translating the Net Zero goal into reality is no simple task. Energy systems, which 

lie at the heart of the carbon challenge, are complex, interconnected, and often inflexible. Many 

existing infrastructures were designed in an era when fossil fuels were abundant, and the 

environmental costs of carbon emissions were not fully understood or considered. Today, as 

the world moves toward integrating renewable energy sources, such as solar and wind, that are 

inherently variable, the limitations of traditional energy management approaches become 

increasingly apparent. Balancing supply and demand, ensuring grid stability, and optimising 

consumption patterns in this new landscape demand a level of intelligence and adaptability that 

conventional rule-based systems struggle to provide. 

Parallel to the energy challenge is the crisis of waste. The world generates billions of tonnes of 

waste every year, much of which ends up in landfills or, worse, in the natural environment. 
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Plastics pollute the oceans, electronic waste leaches toxins into the soil, and food waste 

contributes to unnecessary greenhouse gas emissions. The circular economy offers a 

compelling alternative in which materials are kept in use for as long as possible, waste is 

designed out of systems, and natural systems are regenerated. Nevertheless, making the circular 

economy a practical reality, particularly at scale, requires an ability to track materials, predict 

flows, and optimise processes in ways that are simply beyond the capabilities of manual 

planning or static models. The twin challenges of energy and waste, along with the 

transformative potential of the Net Zero and circular economy frameworks, form the backdrop 

against which this study is set. The rationale for focusing on artificial intelligence (AI) is based 

on the belief, supported by emerging evidence and technological progress, that AI offers unique 

capabilities for addressing the complexities of these systems. AI can process vast amounts of 

data from diverse sources, learn patterns that are too subtle or complex for human analysts to 

detect, and support decision-making that is both more precise and more adaptive. 

Importantly, this study is motivated not just by the promise of AI in the abstract, but by a 

recognition of specific gaps and limitations in current practice. In energy management, many 

existing systems rely on fixed schedules or simple heuristics that do not account for the 

dynamic interplay of factors such as weather conditions, occupancy patterns, and energy prices. 

Demand response programmes, for example, often use broad signals or time-of-use pricing to 

shift consumption, but without the necessary granularity or predictive accuracy to fully realise 

efficiency gains or reduce emissions. Similarly, in waste management, collection schedules are 

frequently static, failing to respond to actual variations in waste generation across 

neighbourhoods or over time. Recycling targets are set, but the tools for achieving them often 

lack the data-driven insights needed to optimise processes on the ground. The study is driven 

by the conviction that computational artificial intelligence, encompassing machine learning, 

deep learning, and hybrid models, can bridge these gaps. By harnessing data from smart meters, 
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IoT sensors, weather stations, and waste collection records, AI models can provide forecasts 

and recommendations that are tailored, responsive, and far more accurate than traditional 

approaches. For instance, machine learning models can predict residential energy demand at 

fine temporal and spatial scales, enabling more targeted demand response and better integration 

of renewable sources. Long short-term memory (LSTM) networks, a type of recurrent neural 

network well-suited for time-series data, can capture temporal dependencies in recycling rates, 

thereby supporting more effective planning of waste collection and processing. 

A further source of motivation is the need for transparency and trust in these systems. As AI 

models become more complex, there is a risk that they become black boxes, making predictions 

or recommendations that are difficult for human operators to understand or validate. This study 

recognises that for AI to be adopted in critical infrastructure systems, such as energy and waste 

management, it must be explainable. People need to understand not just what the models 

predict, but why they make those predictions. To this end, the research integrates explainable 

AI techniques, such as SHAP and LIME, which provide insights into how input variables 

influence model outputs. This emphasis on explainability is driven by a commitment to 

responsible and ethical AI, as well as the practical need to build confidence among decision-

makers, regulators, and the public. Another important strand of motivation stems from 

recognising the diversity of contexts in which energy and waste challenges are played out. The 

solutions developed in this research are designed to be flexible and adaptable, capable of being 

applied in different geographic regions, climatic conditions, and socio-economic settings. 

While the empirical work focuses on particular case studies, such as residential energy demand 

or municipal recycling rates, the underlying modelling frameworks are intended to be 

generalisable. This reflects an awareness that sustainability challenges and opportunities vary 

across contexts, and that scalable solutions must be sensitive to local conditions. 
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The rationale for this study is also shaped by the urgent timelines involved. The window for 

meaningful action to address climate change is narrow. According to the Intergovernmental 

Panel on Climate Change (IPCC), global emissions must be halved by 2030 to limit warming 

to 1.5°C and avoid the most severe impacts of climate change. This urgency compels the search 

for solutions that can be deployed rapidly and effectively. AI, with its capacity for rapid 

learning and deployment, offers a promising avenue in this regard. By demonstrating how 

predictive models can enhance the efficiency and sustainability of energy and waste systems, 

this research aims to provide practical tools that support immediate and impactful action. At 

the same time, the study is motivated by an awareness of the risks and challenges associated 

with AI. These include issues of data privacy, cybersecurity, potential biases in training data, 

and the socio-economic impacts of automation. The research takes these challenges seriously, 

embedding considerations of ethics and governance into the development and evaluation of 

models. This reflects a broader view that technological innovation must be aligned with societal 

values and designed to serve the public good. 

In addition to the environmental and technical drivers, the study is motivated by policy and 

market trends. Governments around the world are increasingly committing to Net Zero targets, 

while industries are seeking to align with circular economy principles as a source of 

competitive advantage and resilience. Yet, there is a gap between ambition and 

implementation. This research aims to help bridge that gap by providing models and 

frameworks that can support evidence-based decision-making, operational optimisation, and 

continuous learning. The rationale for combining energy and waste in a single study stems from 

their interconnections. Energy is used throughout the waste management chain, from collection 

and transport to processing and disposal. Waste, in turn, can be a source of energy through 

technologies such as anaerobic digestion, gasification, and waste-to-energy incineration. By 
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developing integrated models that consider these linkages, the study aims to support more 

holistic and synergistic approaches to sustainability. 

Finally, the personal motivation for the study should not be overlooked. The researcher's 

commitment to contributing to a more sustainable and equitable world underpins the work. The 

study reflects a belief in the power of science and technology to drive positive change, while 

also acknowledging that such change requires thoughtful design, collaboration across 

disciplines, and engagement with diverse stakeholders. It is driven by curiosity, a desire to 

solve complex problems, and a sense of responsibility towards future generations. In 

conclusion, the motivation and rationale for this study are multifaceted. They arise from the 

scale and urgency of global sustainability challenges, the potential of AI to provide 

transformative solutions, the gaps and limitations of current practices, and a commitment to 

ethical, inclusive, and impactful research. By advancing our understanding of how 

computational intelligence can support Net Zero and circular economy goals, the study aims to 

make a meaningful contribution to one of the most critical missions of our time.   Figure 1 

highlights the key limitations in sustainable energy and waste systems management that 

necessitated the creation of AI-driven predictive frameworks in this study. It highlights the 

disintegration of data, inadequate forecasting instruments, and the absence of cohesive 

decision-support systems, prompting the adoption of AI to address these issues and facilitate 

more intelligent sustainability initiatives.   
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               Figure 1.2. Rationale for this research and unresolved questions before publication. 

1.5 Research Aims and Scope 

This research aims to develop a novel, computationally intelligent framework that integrates 

predictive modelling of energy consumption and waste generation to advance sustainable 

practices within the circular economy. Specifically, the study investigates the application of 

artificial intelligence (AI), including machine learning (ML), deep learning (DL), and 

explainable AI (XAI), to optimise decision-making processes in energy and waste systems at 

municipal and industrial levels. The scope of this PhD spans multiple interconnected domains: 

renewable energy forecasting, waste classification and reduction modelling, and the 

development of integrated platforms capable of delivering actionable insights for policy and 

infrastructure design. While traditional studies focus on either energy or waste in isolation, this 



 

34 
 

research fuses both systems into a holistic predictive architecture, enabling real-time data 

analysis, resource optimisation, and sustainability tracking. The study is bounded by practical 

considerations such as data availability, computational capacity, and region-specific 

environmental variables. Case studies and simulation environments are used to validate 

models. In sum, this research sets out not only to innovate technically but also to offer a 

scalable, interdisciplinary approach to achieving net-zero and circular economy goals through 

the power of AI. 

1.6 Specific Research Objectives 

1. To develop and validate AI-based models for forecasting short- and long-term energy 

demand patterns. 

2. To construct intelligent models for predicting and classifying waste generation by type, 

volume, and source. 

3. To design a unified AI framework that simultaneously manages energy and waste data 

for circular economy decision-making. 

4. To incorporate explainable AI (XAI) and user-focused dashboards into the system for 

transparency, accountability, and practical adoption. 

5. To evaluate the performance, scalability, and transferability of the integrated system 

through real-world case studies or simulations. 

1.7 Research Questions Hypothesis 

      1 How can artificial intelligence techniques be effectively employed to predict and optimise 

energy consumption across various sectors? 

     2 What models can be developed to accurately predict waste generation patterns based on 

socio-economic, demographic, and environmental indicators? 
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    3 Can an integrated predictive framework be designed to manage both energy and waste 

systems simultaneously under circular economy principles? 

    4 How can explainable AI (XAI) tools be applied within this system to ensure transparency, 

trust, and real-world usability by non-expert stakeholders? 

1.7 Significance of the Study 

This study offers a timely and innovative contribution to addressing two of the most pressing 

challenges of our time: sustainable energy management and waste reduction by harnessing the 

transformative power of artificial intelligence (AI). Through the integration of machine 

learning models such as LSTM, MLP, Gradient Boosting, and Random Forest, the research 

presents a data-driven framework capable of forecasting, optimising, and supporting decision-

making processes in complex environmental systems. The ability to extract predictive insights 

from time-series data (e.g., smart meters, waste logs, and climate sensors) opens new avenues 

for improving policy, infrastructure design, and resource allocation across sectors. 

Crucially, the study aligns with the United Nations Sustainable Development Goals (SDGs), 

particularly those targeting clean energy (SDG 7), responsible consumption (SDG 12), and 

climate action (SDG 13). Furthermore, the integration of Explainable AI (e.g., SHAP, LIME) 

enhances trust, transparency, and accountability in model deployment, paving the way for real-

world adoption by municipalities, utility providers, and environmental agencies. By bridging 

the gap between theoretical modelling and practical application, this research not only advances 

academic discourse but also offers measurable societal and environmental impact, reaffirming 

the role of AI as a critical enabler of circular economy transitions and net-zero ambitions. 
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1.8 Scope of the Study 

This study focuses on the development and application of AI-driven predictive models, 

specifically LSTM, MLP, Gradient Boosting, and Random Forest for optimising energy 

consumption and municipal waste management systems. The scope includes data sourced from 

smart meters, sensors, weather logs, and waste collection records across selected urban regions. 

It also encompasses the integration of Explainable AI (SHAP, LIME) to enhance the 

transparency and interpretability of the models. By addressing forecasting, resource 

optimisation, and model explainability, the study targets scalable, sustainable solutions within 

the broader context of circular economy goals and net-zero transitions in environmental 

infrastructure. 

1.9 Structure of the thesis  

Chapter 1: Introduction - The chapter begins with a discussion of global sustainability 

challenges, focusing in particular on the energy and waste management sectors. Research Aims, 

Objectives, and Questions - This builds directly on the groundwork laid in the introduction and 

literature review. It presents a detailed articulation of the research aims and objectives, ensuring 

that these are linked to the identified gaps and needs outlined earlier. The chapter also sets out 

the specific research questions that guide the study, explaining how these questions are 

designed to elicit new insights and contribute original knowledge. 

Chapter 2: Literature Review - The chapter provides a comprehensive review of existing 

scholarship and practice in the relevant fields.  

Chapter 3: Methodological Framework - The fourth chapter moves the thesis to its technical 

core. It presents the methodological choices made in the study, explaining the rationale for 

selecting particular computational techniques, data sources, and analytical procedures. The 
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chapter begins with a discussion of the research philosophy that underpins the work, reflecting 

on questions of epistemology, validity, and reliability. 

The subsequent sections describe the design and development of the predictive models used in 

this research. This includes an explanation of how data from various sources, such as smart 

meters, weather sensors, and municipal records, was collected, cleaned, and processed. The 

chapter details the structure and parameters of the machine learning and deep learning models 

employed, including multilayer perceptrons (MLPs), long short-term memory (LSTM) 

networks, and ensemble approaches. Attention is also given to the use of explainable AI 

techniques, such as SHAP and LIME, and the reasons for integrating these into the model 

development process. 

Chapter 4 focuses on the first publication, which addresses the development of AI-based 

predictive models for residential energy demand response. This chapter situates the publication 

into the broader research aims, summarises its key findings, and offers reflections on its 

methodological and practical significance. 

Chapter 5 presents the second publication, which explores the use of LSTM networks in 

predicting municipal recycling rates. The chapter highlights the novel aspects of this work, 

such as its treatment of temporal dependencies and its contribution to circular economy 

planning.  

Chapter 6 covers the third publication, which deals with a comparative performance analysis 

of rule-based versus AI-driven models in energy demand management. It draws out the 

implications of these findings for policy and practice, particularly in the context of achieving 

Net Zero goals. 



 

38 
 

Chapter 7: Synthesis of Findings and Contribution to Knowledge - Chapter 8 serves the 

essential function of drawing these together into a cohesive whole. It synthesises the key 

findings from the various studies, highlighting the common threads, synergies, and cumulative 

insights that emerge. 

Chapter 8: Conclusion and Future Directions - The final chapter offers a closing reflection on 

the research journey. It begins by summarising the main findings and contributions, providing 

a clear and concise restatement of how the thesis has advanced knowledge and practice. 
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Chapter 2 

 

2 Literature Review 

2.1 Overview of Energy and Waste Management Systems. 

Energy and waste management systems are central to sustainable development strategies, 

particularly in the context of climate change, urbanisation, and global resource scarcity. 

Modern energy systems are evolving from centralised, fossil fuel-based networks to 

decentralised smart grids incorporating renewable sources such as solar and wind. These new 

systems demand real-time data analysis, predictive capabilities, and load-balancing 

mechanisms that traditional infrastructure cannot adequately support [64, 65]. Similarly, waste 

management is shifting from a linear model of collection and disposal to circular models that 

prioritise resource recovery and closed-loop systems [66, 67]. Recent studies have highlighted 

the limitations of conventional energy forecasting models in the face of high variability and 

intermittency of renewables. Traditional statistical approaches, while useful for linear patterns, 

often fail to capture nonlinear dependencies and complex temporal trends associated with smart 

grid operations [68, 69]. Researchers have increasingly turned to artificial intelligence (AI), 

particularly machine learning (ML) and deep learning (DL) techniques, to improve forecasting 

accuracy for both energy demand and renewable supply [70,71]. These models demonstrate 

superior performance in recognising consumption patterns, integrating weather variables, and 

adapting to dynamic behaviours of users and systems [72]. 

In parallel, the field of waste management has begun to embrace computational methods, 

though progress remains slower. Most municipal waste management systems still operate on 

static routing and collection schedules, which contribute to inefficiencies, fuel wastage, and 

environmental impacts [73]. While geographic information systems (GIS) and optimisation 
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algorithms have been explored to some extent, integration with AI remains limited [74]. 

Moreover, few studies consider the interdependence between energy and waste systems, for 

instance, the potential of waste-to-energy conversion or the energy footprint of recycling 

processes [75]. A significant body of literature acknowledges the potential of AI to support 

sustainable waste strategies through predictive modelling, intelligent bin-level sensors, and 

robotic waste sorting [76], [77]. However, these studies tend to focus narrowly on isolated tasks 

rather than building end-to-end decision support systems that are scalable and explainable [78]. 

Moreover, the application of hybrid AI models that combine traditional forecasting with real-

time data integration is still underexplored in both sectors [79]. 

One of the most critical gaps in the existing literature is the absence of integrated frameworks 

that simultaneously optimise energy and waste systems using AI. Despite shared data streams 

(e.g., from IoT devices), overlapping stakeholders, and common sustainability targets, very 

few studies bridge these domains in a unified computational model [80], [81]. Additionally, 

the lack of explainable AI (XAI) in most applied research raises concerns about transparency, 

stakeholder trust, and ethical deployment [82], [83]. This PhD research addresses these gaps 

by proposing AI-driven predictive models that not only improve operational efficiency in 

energy and waste systems but also provide explainable outputs to enhance trust and adoption. 

Figure 3 shows the holistic view that emphasises the integration potential of waste and energy 

systems in achieving net-zero emissions and circular economy goals. 
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Figure 2.1. The overview of energy and waste management systems 

 

2.2 Predictive Analytics and Computational Intelligence in Sustainability 

The growing urgency of climate change and the quest for sustainable development have 

significantly amplified interest in data-driven solutions that support predictive decision-making 

in environmental systems. Predictive analytics and computational intelligence, especially 

methods like machine learning (ML), deep learning (DL), and hybrid neural networks, have 

emerged as powerful tools in modelling complex systems such as energy consumption, carbon 

emissions, and waste flows [84, 85]. These techniques offer capabilities well beyond traditional 

statistical models by enabling the discovery of nonlinear patterns and real-time system 

adaptations in highly variable data environments [86]. 

Recent studies have applied artificial intelligence (AI) to forecast electricity demand at micro 

and macro levels, particularly in smart grid contexts. For instance, models such as multilayer 

perceptrons (MLPs), support vector machines (SVMs), and long short-term memory (LSTM) 

networks have shown strong performance in managing the stochastic nature of solar radiation, 

energy pricing, and user consumption patterns [87, 88, 89]. These models have enabled grid 
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operators to optimise resource allocation and reduce peak loads, contributing directly to energy 

efficiency and climate mitigation efforts. 

Parallel advancements in waste management modelling have been made, particularly in 

optimising collection routes and forecasting municipal solid waste generation [90, 91]. 

However, the depth and sophistication of computational intelligence in waste systems remain 

significantly behind those applied in energy sectors. While smart bins and IoT sensors have 

enabled some reactive data collection, there is limited predictive integration that utilises real-

time streams to anticipate waste surges or facilitate automated material recovery strategies [92, 

93]. Furthermore, the literature shows that most current applications of predictive analytics in 

sustainability remain narrowly focused on single-issue optimisation, such as forecasting 

electricity demand or route planning for waste vehicles. Few efforts have explored the broader 

potential of these technologies to inform strategic sustainability planning, such as policy impact 

forecasting or lifecycle optimisation [94, 95]. Additionally, while computational intelligence 

methods like genetic algorithms and fuzzy logic have been applied in specific sustainability 

use-cases, they are often deployed in isolation rather than integrated into cohesive decision-

support frameworks that combine forecasting with prescriptive analytics [96, 97]. 

Another underdeveloped area is explainable artificial intelligence (XAI) within sustainability. 

Many high-performing models are ‘black boxes,’ offering limited insight into how predictions 

are formed. This issue undermines trust and limits practical adoption by urban planners, 

engineers, and sustainability officers [98], [99]. Although frameworks such as SHAP (SHapley 

Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) have 

been introduced in the AI field, they are yet to be widely adopted in sustainability domains, 

especially in low-resource settings [100], [101]. 
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The evident gap in the literature lies in the absence of unified, explainable, and scalable 

predictive systems that connect energy and waste domains using real-time computational 

intelligence. There is also a lack of emphasis on hybrid models that integrate physical 

simulation, machine learning, and policy scenarios to improve both operational and strategic 

decision-making in sustainability systems [102, 103]. This PhD study addresses these gaps by 

developing AI-driven predictive models that are not only accurate but also interpretable and 

capable of cross-sectoral integration, advancing both the theoretical and practical frontiers of 

sustainable systems management. 

2.3 Traditional Rule-Based Methods vs. Machine Learning Approaches. 

Rule-based systems have long been employed in decision-making processes related to energy 

and waste management. These systems typically rely on expert-defined conditions, thresholds, 

and deterministic logic to control system behaviours or guide decisions. In their simplest form, 

rule-based models provide transparency and ease of implementation, making them ideal for 

scenarios where system dynamics are well-understood and remain relatively stable over time 

[104,105]. For instance, in early smart grid operations, threshold-based rules were used to 

trigger load shedding, initiate demand response events, or reroute energy flow in the case of 

faults [106]. 

However, as energy and waste systems have grown more complex —driven by rising demand, 

the integration of renewable sources, and urban population growth —rule-based systems have 

shown serious limitations. These approaches struggle to adapt to environments characterised 

by uncertainty, nonlinearity, and real-time feedback loops [107]. In the context of municipal 

waste systems, for example, rule-based routing algorithms often fail to optimise collection 

schedules effectively when bin fill levels vary daily or when unexpected road closures and 

traffic conditions interfere with predefined plans [108, 109]. Similarly, in energy forecasting 
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tasks, fixed rules cannot capture fluctuations in user behaviour, weather patterns, or distributed 

energy resource outputs [110]. 

To address these shortcomings, researchers have increasingly turned to machine learning (ML) 

and artificial intelligence (AI) as alternative approaches. ML techniques, unlike rule-based 

systems, learn from historical and real-time data to discover hidden patterns, classify system 

states, and predict future outcomes [111, 112]. In smart energy systems, ML has been used to 

forecast load demand, predict photovoltaic (PV) output, and optimise dynamic pricing models 

more accurately than traditional methods [113, 114]. Deep learning models, particularly Long 

Short-Term Memory (LSTM) networks and convolutional neural networks (CNNs), have 

shown remarkable accuracy in capturing temporal dependencies in energy time-series data 

[115, 116]. 

The transition to ML methods has also begun in waste management domains. Intelligent 

models now predict daily or weekly waste generation volumes, classify recyclable materials, 

and even power robotic waste sorting systems [117, 118]. These applications highlight the 

adaptability of ML in contexts with high variability and incomplete data conditions under 

which rule-based methods typically fail [119]. Notably, recent studies have also shown the use 

of hybrid approaches, where rule-based constraints are embedded within ML frameworks to 

preserve safety boundaries or regulatory requirements [120]. 

Despite the advantages of ML, challenges remain, especially concerning model interpretability 

and deployment in real-world systems. While rule-based systems offer simplicity and 

transparency, ML models are often perceived as “black boxes,” making it difficult for 

operators, policymakers, and stakeholders to understand or trust their outputs [121, 122]. This 

issue is particularly pressing in safety-critical domains like waste treatment facilities or energy 

grid control centres, where the consequences of wrong predictions could be severe [123]. 
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Furthermore, rule-based models still dominate in regions or sectors with limited access to data 

or computational resources. In many low-income municipalities, for example, real-time data 

infrastructure is either missing or unreliable, making it difficult to train or validate complex 

ML models [124]. This has led to a dual-system landscape, where rule-based and ML systems 

coexist, often with limited integration. There is a growing consensus that the future lies in 

developing explainable, data-efficient ML systems that can complement or gradually replace 

rigid rule-based logic where appropriate [125], [126]. 

The key gap in the literature lies in the lack of unified frameworks that allow for seamless 

transition or integration between rule-based and ML-driven decision systems. Most current 

research either focuses on ML’s superiority in accuracy or critiques its lack of interpretability. 

However, very few studies propose structured methodologies for combining the robustness of 

rules with the flexibility of learning systems [127]. Moreover, comparative performance 

evaluations under identical operational scenarios, especially across multiple domains such as 

energy forecasting, waste routing, and material recovery, are scarce. This hampers a fair 

assessment of trade-offs between the two paradigms in real-world deployments [128]. This 

PhD research addresses these gaps by developing and evaluating AI-driven predictive models 

for energy and waste systems, benchmarking them against traditional rule-based approaches. 

It also integrates explainability modules and hybrid architecture considerations, thereby 

contributing both technically and methodologically to the current body of knowledge. Figure 

4 shows why rule-based systems are insufficient for complex, sustainability-focused 

infrastructure and how ML approaches enhance decision-making, prediction accuracy, and 

system adaptability in energy and waste systems. 
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Figure 2.2 Comparison between traditional rule-based methods and machine learning 

approaches. 

2.4 Deep Learning (e.g., LSTM) and Its Application in Waste and Energy Systems. 

Deep learning (DL) has emerged as one of the most transformative innovations in the 

modelling of complex systems over the past decade, especially in the fields of energy and waste 

management. Among various DL architectures, Long Short-Term Memory (LSTM) networks 

have gained prominence due to their ability to learn long-range temporal dependencies and 

nonlinear relationships in time-series data. Initially designed for sequence modelling tasks such 

as language processing, LSTM networks have since been adapted for energy load forecasting, 

renewable energy generation prediction, and even waste volume estimation [129, 130]. 

In energy systems, traditional forecasting techniques often rely on autoregressive integrated 

moving average (ARIMA), regression models, or rule-based estimations that fail to capture the 

volatility and dynamic behaviour of smart grid environments [131, 132]. By contrast, LSTM 

models learn from historical trends and can adapt to seasonal patterns, user consumption 

fluctuations, and weather-driven variability in renewable sources like wind and solar [133, 

134]. For instance, Marino et al. demonstrated the superiority of LSTM in predicting hourly 

energy demand in urban grids, outperforming feed-forward neural networks and statistical 
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baselines in both accuracy and robustness [135]. Other researchers have extended the 

application of LSTM to real-time load dispatch, anomaly detection, and energy price 

prediction. Kong et al. developed a hybrid LSTM model integrated with a convolutional neural 

network (CNN) to improve short-term load forecasting in smart grids, showing that combining 

spatial and temporal features significantly enhances prediction precision [136]. Similarly, 

Wang et al. used an LSTM-Attention model to forecast solar energy output, achieving notable 

improvements in regions with high meteorological variance [137, 138]. These models enable 

utilities to plan better energy storage usage, shift loads, and mitigate system instabilities. While 

energy systems have seen an abundance of LSTM-based research, waste management 

applications have only recently begun to explore deep learning methods. Historically, waste 

systems were modelled using static data inputs or simplistic projections based on population 

and urban density [139, 140]. However, the growth of smart cities and IoT-enabled 

infrastructure has made it possible to collect high-resolution waste generation data, enabling 

the training of LSTM models that can predict bin fill levels, waste generation volumes, and 

even recycling behaviour patterns [141, 142]. 

Several pilot studies have explored LSTM for predicting municipal solid waste generation at 

city or district scales. In one such study, Chowdhury et al. applied LSTM to forecast daily 

waste generation in Dhaka, Bangladesh, using a combination of weather, event, and socio-

economic data [143]. The model showed strong predictive power and offered a path for 

integrating waste forecasting into smart bin logistics. However, many of these studies remain 

limited to proof-of-concept and are not yet integrated into city-wide waste systems. 

Furthermore, a significant gap exists in the use of LSTM for process-level waste systems, such 

as recycling stream optimisation, landfill gas emissions prediction, or waste-to-energy plant 

operations. The complexity of these systems due to multiple input streams, delayed feedback 

loops, and regulatory constraints makes them ideal candidates for recurrent neural networks 
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like LSTM. Yet, few studies have explored this potential [144, 145]. For example, predicting 

the methane output of landfills using historical temperature and organic matter data could help 

in energy recovery planning, but this remains largely unexplored in academic literature. 

Another challenge is model interpretability. LSTM networks, despite their predictive accuracy, 

are often considered “black boxes,” limiting their adoption in high-stakes decision 

environments like energy control centres or waste treatment facilities. Few studies incorporate 

explainable AI (XAI) techniques to make the internal logic of LSTM models transparent and 

auditable for end-users and stakeholders [146, 147]. This is especially critical in policy-driven 

sectors like environmental management, where accountability and regulatory compliance are 

essential. 

Moreover, hybrid modelling techniques where LSTM is combined with physics-based 

simulations, reinforcement learning, or optimisation heuristics remain underutilised in both 

energy and waste domains. While some progress has been made in hybridising DL with control 

algorithms for microgrid management, such practices are rarely extended to closed-loop waste 

systems or circular economy scenarios [148, [149]. In summary, while LSTM has proven to be 

a robust tool in energy demand forecasting and solar power prediction, its application in waste 

management is still at a nascent stage. The key gaps in the literature include (1) limited 

deployment of LSTM in waste systems beyond basic forecasting, (2) insufficient integration 

of explainability features, and (3) a lack of hybrid, cross-domain models that link waste and 

energy systems holistically. This PhD research aims to bridge these gaps by developing 

integrated, interpretable LSTM-based frameworks that can support predictive planning across 

both sectors, offering a scalable and actionable contribution to sustainable system design. 

Figure 5 provides a visual representation of how Long Short-Term Memory (LSTM) and other 

deep learning models operate and are applied across the energy and waste management sectors. 
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                  Figure 2.3 The deep learning (e.g., lstm) and its application in waste and energy 

systems. 

2.5 Explainable AI (XAI): Principles and Relevance to Sustainability 

The rapid integration of artificial intelligence (AI) into sustainability-related domains has 

brought immense capabilities in forecasting, optimisation, and decision-making. However, 

with the rising complexity and autonomy of these AI models, the demand for interpretability 

and transparency has grown significantly, particularly in high-impact fields such as energy 

distribution, waste management, and environmental policy. This has led to the emergence of 

Explainable AI (XAI), a field dedicated to making the inner workings of machine learning 

algorithms understandable to human users [150, 151]. Explainable AI aims to bridge the gap 

between the decision logic of black-box models, especially deep neural networks and the 

accountability standards required in regulated sectors. In sustainability contexts, decisions 

often involve significant economic, environmental, and social trade-offs, necessitating trust in 
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model outputs. XAI tools such as SHAP (Shapley Additive Explanations), LIME (Local 

Interpretable Model-agnostic Explanations), and counterfactual explanations have thus become 

increasingly vital [152, 153, 154]. These tools enable stakeholders, from city planners to 

environmental regulators, to assess how and why an AI system arrives at a particular 

recommendation or prediction. 

In energy systems, for example, deep learning models are frequently used to forecast demand, 

optimise load balancing, or manage renewable integration. However, the lack of interpretability 

in these models can lead to resistance in adoption, especially when operational reliability is at 

stake [155, 156]. Recent studies have shown that integrating XAI into energy forecasting 

frameworks improves user confidence and facilitates better human-AI collaboration. Ribeiro 

et al. [157] illustrated how model interpretability could aid operators in refining predictions for 

photovoltaic output under dynamic weather conditions, reducing operational risks. 

In waste management, although data-driven optimisation is gaining ground, explainability 

remains a barrier to wider implementation. AI tools have been employed for route optimisation, 

recycling classification, and predictive waste generation. Yet, many municipal authorities are 

hesitant to adopt them due to opacity in model logic [158, 159]. For instance, when a smart 

system predicts a 30% surge in organic waste and reallocates bin collection frequency, 

stakeholders must understand which variables, such as weather, local events, and demographic 

shifts, led to that forecast. Without this clarity, decisions might be contested, especially in 

publicly accountable institutions. 

Despite the evident need, XAI remains under-researched within sustainability domains. A 

substantial portion of existing literature focuses either on general applications of XAI in health 

and finance or on the technical development of explanation methods themselves [160, 161]. 

Very few studies examine how these techniques can be contextualised for complex, multi-
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stakeholder decision environments such as circular economy planning or carbon accounting 

[162]. Moreover, little effort has been made to develop domain-specific XAI frameworks that 

consider the unique dynamics and ethical imperatives of sustainability systems [163]. The gap 

in the literature is thus twofold: first, a lack of real-world case studies showing successful 

deployment of XAI in waste and energy systems, and second, limited research on co-designing 

explainable models with stakeholders to ensure relevance, usability, and trust. This PhD study 

seeks to address this gap by building and validating interpretable machine learning models 

specifically tailored for energy forecasting and waste stream analytics. These models will not 

only prioritise prediction accuracy but also offer transparent, actionable insights for decision-

makers committed to achieving net-zero and circular economy targets. Figure 6 illustrates how 

XAI techniques are applied across various sustainability domains to enhance transparency, 

trust, and informed decision-making. 

 

Figure 2.4 Current application of explainable ai (xai): principles and relevance to 

sustainability. 
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Chapter 3 

 

3 Research Methodology 

3.1 Research Philosophy and Design 

The complexity of global sustainability challenges, particularly in the domains of energy 

consumption and waste management, demands a research approach that is both scientifically 

robust and practically responsive. As this PhD seeks to develop an integrated predictive 

framework driven by artificial intelligence (AI), the research philosophy and design must strike 

a balance between computational rigour, empirical relevance, and interpretative clarity. This 

chapter sets out the philosophical orientation that underpins the study, outlines the 

methodological framework, and explains how these choices support the research objectives and 

questions. 

3.1.1 Research Philosophy: Pragmatic Positivism 

 

In the field of engineering and applied artificial intelligence, research philosophies often fall 

within the spectrum of positivism and pragmatism. Positivism assumes that knowledge can be 

observed, measured, and quantified objectively, free from the influence of the researcher. This 

tradition is deeply rooted in the natural sciences, and it aligns with the mathematical and 

statistical foundations of machine learning and data modelling. However, strict positivism may 

overlook contextual, real-world complexity, especially in domains like waste systems and 

energy behaviour, which are shaped by human actions, policies, and economic incentives. 

This research adopts a pragmatic-positivist stance, combining the strengths of objective 

analysis (through quantitative models) with an openness to the situational and interpretive 

realities of system design and deployment. Pragmatism, as advanced by thinkers like John 
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Dewey and William James, advocates for using whatever methods and theories are most 

effective to address a given problem. In this context, the problem is not purely theoretical; it is 

applied, urgent, and rooted in sustainability. Hence, while the predictive algorithms and 

modelling tools used in this study are grounded in positivist logic, the overarching approach is 

guided by pragmatism: the models must be actionable, usable by stakeholders, and contextually 

relevant. 

A pragmatic lens allows the study to include real-world factors that may not be captured in the 

data alone, such as regulatory shifts, socio-economic disparities, and behavioural feedback. 

This hybrid philosophy also justifies the inclusion of explainable AI (XAI) tools in the study, 

which address not only statistical performance but also ethical, operational, and communicative 

considerations. 

3.1.2 Research Design Overview 

The research design reflects the layered complexity of the topic. The core of the study is 

quantitative, involving machine learning model development, data pre-processing, algorithmic 

optimisation, and system simulation. These tasks require a structured, iterative approach to 

model training and evaluation using real-world datasets. However, the design also includes 

qualitative reasoning where appropriate, particularly in the interpretation of results, evaluation 

of system scalability, and integration of stakeholder feedback into the framework’s interface 

and usability. The study follows a deductive approach, whereby hypotheses are formulated 

based on the literature and tested through empirical data. For example, one assumption is that 

LSTM neural networks will outperform ARIMA models in forecasting non-linear energy 

demand patterns. Another is that computer vision algorithms can classify waste more 

accurately when combined with contextual metadata (e.g., source location or seasonality). 

These assumptions are not taken as givens; they are tested, validated, and iteratively refined 

throughout the research process. The research design is also applied and developmental in 
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nature. It does not stop at generating knowledge or patterns; it proceeds to build a working 

predictive system that governments, municipalities, or private firms can potentially adapt. This 

development focus distinguishes it from purely theoretical research and aligns it with the 

philosophy of pragmatism. 

3.1.3 Justification of Design Elements 

(a) Quantitative Modelling with Machine Learning 

Machine learning forms the quantitative heart of this research. Time-series data from energy 

grids, smart meters, and waste collection systems are used to train models such as LSTM (Long 

Short-Term Memory networks), Random Forests, and Gradient Boosting Machines. The choice 

of these models is justified by their proven ability to capture non-linear trends, temporal 

dependencies, and interaction effects among variables. The performance of these models is 

evaluated using metrics such as Root Mean Square Error (RMSE), Mean Absolute Error 

(MAE), and R-squared. In addition to model accuracy, computational efficiency is also a 

consideration. Some models may provide higher accuracy at the cost of longer training times 

or greater resource requirements. This research employs a comparative model design strategy, 

evaluating multiple algorithms side-by-side to determine not just the best performer, but also 

the most contextually appropriate solution, reflecting the pragmatic philosophy. 

(b) Integration of Energy and Waste Domains 

One of the novel aspects of this research is the integration of energy forecasting and waste 

generation prediction. Most studies treat these domains separately. However, through shared 

socio-economic and environmental drivers, these systems are interdependent. For instance, 

population growth affects both electricity use and solid waste production. Extreme weather 

events can simultaneously increase cooling demand and disrupt waste collection logistics. 
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To design an integrated system, the research combines separate predictive models into a shared 

dashboard interface, capable of visualising key indicators from both domains in real time. This 

interface allows users to simulate “what if” scenarios, such as the impact of introducing 

community solar panels on both grid load and e-waste production. 

(c) Use of Explainable AI (XAI) 

While AI models can be highly accurate, their adoption in public infrastructure depends heavily 

on trust. Stakeholders such as city planners, sustainability officers, or waste facility managers 

may hesitate to act on predictions they do not understand. Hence, this research incorporates 

XAI methods such as SHAP values and LIME explanations to provide interpretable insights. 

These tools help unpack the “black box” of AI, showing how different features (e.g., 

temperature, time of day, building type) influence predictions. Including these tools in the 

design ensures that the framework is not just technically sound but socially usable, which is 

essential for applied sustainability research. 

(d) Data Sources and Case Study Contexts 

The research design involves both real-world data and simulated scenarios. Energy datasets are 

sourced from smart meter readings, open grid data platforms, and utility provider archives. 

Waste data comes from municipal collection logs, recycling facility reports, and IoT-enabled 

bin sensors. The case studies focus on urban regions in either Europe or Africa, offering both 

high-resource and low-resource environments for model testing. Using these case studies 

ensures that the model is not purely theoretical; it must function under practical constraints, 

such as missing data, reporting inconsistencies, or irregular patterns. 

3.1.4 Research Design Structure 

The research design follows a structured, multi-phase format, summarised below: 
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Phase 1: Literature and System Mapping 

Conduct a comprehensive review of the literature on AI, energy forecasting, and waste 

prediction. Develop conceptual models of energy-waste systems and identify integration 

points. Identify data gaps and prepare a data collection strategy. 

Phase 2: Data Acquisition and Preprocessing 

Collect and clean datasets from energy and waste sources. Perform feature engineering and 

time-series transformations, split datasets for training, testing, and validation. 

Phase 3: Model Development and Evaluation 

Develop separate predictive models for energy and waste using ML and DL techniques. 

Evaluate model performance using standard metrics. Apply XAI tools to assess model 

interpretability. 

Phase 4: System Integration and Simulation 

Combine models into a shared platform with dashboard visualisation. Develop user scenarios 

and simulate interventions. Gather feedback from domain experts.  

Phase 5: Validation and Reporting 

Validate results across case studies. Compare model outputs with real-world trends. 

Document limitations, ethical considerations, and recommendations. This structure ensures 

that the research remains both methodologically sound and aligned with real-world 

sustainability objectives. 

3.1.5 Ethical Considerations and Limitations 

Although AI-based systems promise objectivity, they are only as good as the data they are 

trained on. One limitation of this design is that data bias or incompleteness may affect model 
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accuracy. Moreover, overfitting is a potential risk, especially with deep learning models trained 

on relatively small municipal datasets. Ethically, the research must also ensure data privacy, 

particularly when using household-level energy data or waste tracking information. All data 

used in the study will be anonymised and will comply with GDPR or local data protection 

regulations. Another ethical dimension is algorithmic transparency. To ensure accountability, 

all models and their assumptions will be documented clearly, and efforts will be made to make 

the system open-source where possible. 

3.2 Data Sources: Smart Meters, Sensors, Municipal Waste Records, and Weather Data 

Understanding and accurately predicting energy consumption and waste generation require 

robust, multidimensional datasets. This study builds its predictive modelling and analytical 

framework on four principal data streams: smart meter readings, environmental sensors, 

municipal waste records, and weather data. Each of these sources offers unique insights, and 

their integration supports a comprehensive, real-time, and explainable AI-driven approach to 

sustainability. This chapter provides an in-depth analysis of each data type, its origin, format, 

utility, challenges, and how it fits into the broader methodological structure of the research. 

3.2.1 Smart Meter Data 

Smart meters are digital devices that automatically record energy consumption at granular 

intervals, typically every 15 to 30 minutes. They have become increasingly prevalent in 

residential, commercial, and industrial settings, particularly in developed economies such as 

the UK, Germany, and the United States. For this research, smart meter data were accessed 

through publicly available repositories such as the UK Smart Energy Research Lab (SERL) 

dataset, Open Power System Data (Germany), and partner municipal utilities in pilot regions. 

Each data file typically includes Timestamped energy usage (in kWh). Unique consumer IDs 

(anonymised). Location identifiers (postcode or region). Tariff type. Metering mode (prepaid 
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or standard). Smart meter data forms the backbone of the energy consumption modelling 

component of this thesis. Its high temporal resolution allows for the training of time series 

models like LSTM (Long Short-Term Memory) networks, which are particularly suited to 

capturing short-term and seasonal patterns. Smart meters also enable the examination of 

behavioural influences such as peak-hour usage, response to pricing signals, and appliance-

level load identification using disaggregation algorithms. Moreover, when merged with socio-

demographic data, these datasets reveal correlations between consumption behaviour and 

factors like household income, number of occupants, and dwelling type. This level of 

granularity is crucial for the design of equitable energy policies that align with circular 

economy principles. Smart meter data is sensitive. Anonymisation is critical to ensure 

compliance with the General Data Protection Regulation (GDPR) and institutional ethical 

standards. Although anonymised IDs are used, care must be taken when integrating these 

datasets with geographical or demographic data to avoid inadvertent re-identification. 

Another challenge lies in missing or corrupted data, often due to hardware failures or 

communication dropouts. This necessitated the application of interpolation techniques, 

filtering, and outlier detection prior to model training—additionally, standardisation across 

different utilities and data formats required custom parsing scripts and schema alignment. 

3.2.2 Environmental Sensor Data 

Environmental sensors refer to the array of IoT devices and field instruments that capture 

physical variables in the built and natural environment. For this research, the relevant 

parameters include indoor and outdoor temperature, Relative humidity, Light levels, CO₂ 

concentrations, and Noise and occupancy levels. Data were collected from two main sources: 

Smart building infrastructures (collaborating university campuses and municipal buildings) 

and Open urban sensor networks, such as Smart Santander and OpenSense Zurich, are 
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examples of integrated solutions. These datasets provide time-synchronised logs that are either 

polled continuously or triggered by threshold events. Sensor data complements smart meter 

readings by offering the context in which energy is used. For instance, energy spikes often 

correlate with sudden drops in temperature or occupancy events. Predictive models that 

incorporate environmental data tend to outperform those based solely on energy records 

because they can anticipate usage based on ambient conditions. 

Moreover, in machine learning applications, features derived from sensor data —such as 

moving averages, rate-of-change metrics, or sensor fusion signals —help build more 

generalizable models. In this study, they were especially useful in reducing false predictions in 

dynamic urban settings. Sensor data is also central to anomaly detection. Unexpected dips in 

energy consumption, coupled with sensor silence, may indicate device failure or unauthorised 

energy access, both of which are sustainability concerns. The primary issue with environmental 

sensor data is inconsistency. Sensors from different manufacturers may have varying accuracy 

levels, update frequencies, and calibration standards. This required robust pre-processing steps 

such as z-score normalisation and data harmonisation across sources. Furthermore, 

environmental sensors generate large volumes of high-frequency data, often leading to storage 

and processing bottlenecks. Dimensionality reduction techniques such as PCA (Principal 

Component Analysis) and autoencoders were employed to retain the most salient information 

while improving computational efficiency. 

3.2.3 Municipal Waste Records 

Municipal waste records were accessed through public sanitation departments, environmental 

regulatory bodies, and open data initiatives in local authorities. These datasets contain monthly 

or weekly records of: Total waste collected (by weight and type), Waste categories (e.g., food, 

plastics, e-waste, organic, recyclable), Source sectors (residential, commercial, industrial), 

Waste treatment methods (landfill, recycling, incineration), Collection schedules and 
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operational costs. Data were extracted from cities across Europe and Sub-Saharan Africa to 

compare performance in different infrastructural contexts. Municipal waste records are pivotal 

in understanding material flows within urban systems. By integrating this data into machine 

learning models, the research uncovers patterns in waste generation that correlate with 

population dynamics, economic cycles, seasonal activities, and even weather extremes. 

One of the novel contributions of this research lies in the integration of cross-domain data 

using energy consumption profiles to help predict waste generation. For example, a spike in 

energy use during festive seasons often aligns with increased food and packaging waste. Such 

correlations provide opportunities for integrated waste and energy policies, like staggered 

waste collection to match predicted surges. Additionally, municipal waste records served as 

ground truth data for validating AI-generated waste type classifications derived from image 

recognition systems and citizen-reporting apps. Municipal waste data suffers from inconsistent 

categorisation. What one authority labels "green waste," another may call "organic." 

Harmonising these records required manual mapping and the use of standard taxonomies such 

as the European Waste Catalogue (EWC). Temporal resolution is another limitation; monthly 

averages may mask short-term anomalies. Hence, where available, data from smart bins 

equipped with fill-level sensors were used to enrich and disaggregate temporal profiles. In 

some regions, digital record-keeping was absent or incomplete. In these cases, the research 

employed data synthesis using proxy variables such as market activity indices, waste collection 

truck routes, and population mobility data. 

3.2.4 Weather Data 

Weather data is publicly available from global services such as National Meteorological 

Services (UK Met Office), OpenWeatherMap API, NOAA (National Oceanic and Atmospheric 

Administration), and Copernicus Climate Data Store. The Variables extracted include: 

Temperature (min, max, mean), Wind speed and direction, Solar radiation, precipitation levels, 
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barometric pressure, and Cloud cover. Data were retrieved at hourly intervals, geo-tagged to 

match the regional focus of the study. Weather data plays a dual role in this research. First, it 

directly affects energy use. 

Heating Degree Days (HDD) and Cooling Degree Days (CDD) are widely used indicators of 

seasonal energy needs. For example, low temperatures drive up residential heating demand, 

while high solar radiation may encourage photovoltaic energy production. Second, weather 

influences waste generation and collection logistics. Heavy rainfall can disrupt waste collection 

services, leading to overflow or contamination. High winds may scatter lightweight materials 

like plastics, impacting recycling efficacy. Temperature fluctuations also affect food spoilage 

rates, increasing organic waste volumes during summer. Incorporating weather into AI models 

allows the system to generate more accurate forecasts. For instance, predicting waste surge 

during a heatwave weekend enables cities to adjust collection schedules pre-emptively. The 

main challenge with weather data is spatial resolution. While global APIs offer widespread 

coverage, their default grid sizes (10–25 km²) may not capture microclimates in urban settings. 

To mitigate this, data was interpolated and, where available, enriched with localised sensors 

from smart cities. Another issue is forecast uncertainty. While historical weather data is 

reliable, predictive applications rely on weather forecasts, which introduce their own margin 

of error. The research accounted for this by incorporating uncertainty bounds into downstream 

model predictions, ensuring robustness. 

3.2.5 Data Integration and Model Readiness 

The real strength of this research lies not in any single data source but in its synthesis. Each 

stream complements the others, and together they power a high-resolution, multi-domain 

predictive framework. The datasets were integrated using a temporal alignment system, 

allowing smart meter, sensor, weather, and waste data to be analysed in synchrony. This was 

achieved using: Timestamp matching (rounding to the nearest 15-minute interval), Geolocation 
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mapping (using postal codes and GPS), and Data cleaning pipelines (handling NaN values, 

outliers, and time shifts). Pre-processing scripts were written in Python, with a PostgreSQL 

database backend supporting efficient queries and time-series joining. All data were stored in 

encrypted containers and processed following ethical and legal standards. The system’s 

architecture was designed to support real-time data streaming in future iterations, allowing 

stakeholders to receive alerts, forecasts, and visualised insights on demand. Figure 6 illustrates 

a five-phase research structure, from literature exploration to system validation, following a 

logical, progressive, and feedback-oriented design. The flowchart integrates quantitative 

methods (ML/DL modelling, data preprocessing), practical deployment (simulation and 

dashboard), and critical reflection (validation and expert input). Each phase is interconnected 

and purposefully designed to address the thesis’s research objectives and questions. 
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Figure 3.1 The Research Design Structure. 

 

3.3 Machine Learning Models: LSTM, MLP, Gradient Boosting, Random      Forest 

Machine learning (ML) has emerged as a pivotal approach in addressing complex, data-driven 

challenges within the domains of energy and waste management. This research leverages the 

unique strengths of four prominent ML models: Long Short-Term Memory (LSTM), Multilayer 

Perceptron (MLP), Gradient Boosting (GB), and Random Forest (RF) to build robust predictive 
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systems that aid in decision-making and operational optimisation. The rationale for using these 

models is based on their complementary capabilities: LSTM for temporal pattern recognition, 

MLP for nonlinear mapping, GB for sequential error correction, and RF for ensemble learning 

with built-in interpretability. This chapter outlines the complete implementation strategy, 

including data preprocessing, model architectures, hyperparameter optimisation, validation 

strategy, and model evaluation. Fig7.Visually represents the architectures of the four Machine 

Learning models (LSTM, MLP, Gradient Boosting, and Random Forest) used for this research 

model on energy and waste management. 

 

     Figure 3.2 The Machine Learning Model: LSTM, MLP, GB, FR. 

 

Data preprocessing is fundamental to the success of machine learning models. For this study, 

datasets were collected from smart energy meters, weather sensors, and municipal waste 

records. These raw datasets were merged based on timestamp alignment, and any missing 

values were imputed using forward-fill methods or mean substitution, depending on the 
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context. Continuous variables such as temperature and energy usage were normalised using 

Min-Max scaling, while categorical variables like holiday indicators were one-hot encoded. 

 

Feature engineering included generating time-based features such as hour of day, day of week, 

and lagged variables to capture short-term dependencies. For LSTM, sliding windows were 

created with sequences of 96 timesteps representing 24 hours at 15-minute intervals. In terms 

of data augmentation, Gaussian noise was added to select features to simulate sensor drift, 

while synthetic minority oversampling (SMOTE) was applied to balance underrepresented 

waste categories. The LSTM model architecture consisted of three LSTM layers with 64, 64, 

and 32 units, respectively, each followed by a dropout layer with a 0.2 probability to reduce 

overfitting. The output from the final LSTM layer was fed into a fully connected dense layer 

with a linear activation function to predict energy consumption. The model was implemented 

in TensorFlow with the Keras API. Input data was reshaped into three-dimensional arrays with 

shape (samples, timesteps, features). The model was trained using the Adam optimiser and a 

learning rate of 0.001. Early stopping and model checkpointing were used during training to 

prevent overfitting. The batch size was set to 64, and the model was trained over 100 epochs. 

The loss function was mean squared error (MSE), and model performance was tracked using 

RMSE and MAE. 

The MLP architecture included an input layer that matched the number of features (after 

flattening time windows), followed by two hidden layers with 128 and 64 neurons, respectively. 

Each hidden layer used the ReLU activation function, and batch normalisation was applied to 

stabilise training. Dropout layers with a rate of 0.3 were inserted between dense layers. The 

output layer had a single neuron with a linear activation function. The model was compiled 

using the RMSprop optimiser and trained with MSE as the loss metric. Model tuning involved 
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grid search across learning rates (0.01, 0.001), hidden layer sizes (64–128), and dropout rates 

(0.2–0.4). K-fold cross-validation with K=5 was used to validate performance. 

Gradient Boosting models were implemented using the XGBoost and LightGBM libraries. 

Both models were configured for regression tasks with energy and waste quantities as target 

variables. Important hyperparameters included the number of estimators (100–300), max depth 

(3–7), learning rate (0.01–0.1), and subsample ratio (0.8). Hyperparameter tuning was 

performed using random search with five-fold cross-validation. Early stopping was applied to 

halt training when the validation loss plateaued. Feature importance scores and SHAP 

(SHapley Additive exPlanations) values were used to explain the model’s behaviour. For 

instance, temperature, lag energy values, and time-of-day were consistently ranked among the 

top contributing features. 

Random Forest models were trained using scikit-learn’s ensemble module. The default number 

of trees was set to 200, and the maximum tree depth was limited to prevent overfitting. Features 

were selected based on mutual information scores and permutation importance. The input data 

was randomly sampled with replacement (bootstrap) for each tree. To improve model 

performance, a parallel processing approach was used to train trees simultaneously, and out-

of-bag (OOB) error was computed for additional validation. Feature importance outputs from 

RF were critical in model interpretability, showing that variables like past energy values, 

holidays, and weather metrics contributed significantly to predictions. 

Hyperparameter tuning was conducted separately for each model using combinations of grid 

search and Bayesian optimisation. For neural networks (LSTM and MLP), parameters such as 

the number of layers neurons per layer, dropout rates, and learning rates were explored. For 

ensemble models (GB and RF), tuning focused on the depth of trees, the number of estimators, 

and the learning rate. To avoid overfitting and reduce computation time, cross-validation was 
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combined with early stopping in GB and LSTM. Bayesian optimisation using the Hyperopt 

library was applied for continuous search spaces in MLP and GB. The best models were 

selected based on their performance on a validation set using RMSE and MAE as the main 

metrics. 

The datasets were split chronologically to preserve time-series integrity. For each model, 70% 

of the data was used for training, 15% for validation, and 15% for testing. In time-series data 

like that used for LSTM and GB, walk-forward validation was applied to ensure temporal 

causality. Training data included full sequences of energy and waste usage, while validation 

and test sets included unseen weeks and months to simulate real-world forecasting conditions. 

Care was taken to ensure no information leakage across the datasets. Normalisation statistics 

were computed only on the training set and applied to the validation and test data. The 

performance of the models was evaluated using a combination of statistical and graphical 

metrics. These included:  Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), R-

squared (R²), Mean Absolute Percentage Error (MAPE).  

For LSTM and MLP, learning curves were plotted to assess convergence. For GB and RF, 

feature importance visualisations and residual plots were used to validate the models. Each 

model’s robustness was assessed under different environmental scenarios (e.g., cold spikes, 

holidays, heatwaves) to ensure generalizability. Once trained and validated, the models were 

integrated into an intelligent energy and waste management system. LSTM and GB models 

were deployed in cloud-based environments to support real-time predictions. These models 

were connected to dashboards for energy utility companies and municipal waste services. For 

instance, LSTM forecasts informed dynamic pricing models for smart meters, while GB 

outputs were used to optimise bin collection schedules. RF and MLP models were used as edge-

device predictors, deployed in IoT-enabled thermostats and local waste bins for immediate 

decision-making. This chapter detailed the complete technical pipeline for implementing four 
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machine learning models: LSTM, MLP, Gradient Boosting, and Random Forest, tailored to the 

needs of sustainable energy and waste management. The models were chosen based on their 

suitability for time-series, tabular, and nonlinear data, and they were fine-tuned using modern 

validation and optimisation techniques. The integration of these models into real-time decision 

systems represents a transformative shift in how municipal and energy systems can become 

more adaptive, predictive, and resource-efficient. Table 1 shows the machine model 

implementation, which includes model architectures, training strategies, hyperparameter 

tuning, evaluation metrics, and real-world deployment scenarios. 

Table1. The Machine Learning Implementation Summary. 

 
Model Architecture Training 

Method 

Hyperparamet

er Tuning 

Evaluatio

n Metrics 

Deployment 

use 

LSTM 3 LSTM layers 

(64,64,32), 

dropout, dense 

output 

Adam 

optimisation, 

100 epochs, 

early stopping 

Learning rate, 

dropout, batch 

size 

RMSE, 

MAE, R² 

Smart grid 

forecasting 

MLP Input + 3 hidden 

layers(128,64),Relu

, dropout,batch size 

RMSprop, grid 

search, 5-fold 

Layer size, 

dropout, 

learning rate 

RMSE, 

MAE, R² 

Local device 

prediction 

Gradient 

Boosting 

Boosted trees, 

depth 3-7, 

estimators 100-300 

Random search, 

early stopping, 

LightGBM/XG

Boost 

Depth, 

estimators, 

learning rate, 

subsample 

RMSE,MA

PE, SHAP 

values 

Waste 

collection 

scheduling 

Random 

Forest 

200 trees, bootstrap 

sampling, depth 

control 

OOB Validation, 

parallel tree 

training 

Tree count, Max 

depth, feature 

selection 

MAE, 

R²,Feature 

importance 

IOT edge 

forecasting 

 

3.4 Integration of Explainable AI (SHAP, LIME) 

Explainable Artificial Intelligence (XAI) represents a critical advancement in the field of 

machine learning, addressing the longstanding challenge of interpreting the 'black box' nature 

of complex models. In traditional data analytics, results were derived from interpretable linear 

or rule-based models. However, with the advent of deep learning and ensemble techniques like 

LSTM, Random Forest, and Gradient Boosting, the need for transparency has escalated, 

especially in high-stakes fields such as energy management and waste system optimisation. 
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XAI aims to make the decision-making processes of machine learning models more transparent 

and understandable to human users without compromising predictive accuracy. It is not only 

concerned with feature importance scores or output probabilities but also strives to answer 

critical questions like: “Why did the model make this prediction?”, “What factors were most 

influential?”, and “Can the model's behaviour be trusted across scenarios?”. The use of XAI is 

fundamental to increasing user trust, enabling stakeholder buy-in, and ensuring ethical 

deployment of predictive tools. In the context of this PhD thesis, where smart meter data, 

municipal waste records, and weather inputs are used to forecast system behaviours, the 

integration of explainability methods is not an auxiliary feature but a core necessity. Techniques 

such as SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-

Agnostic Explanations) are introduced to provide both global and local interpretability to the 

results generated by machine learning algorithms. Predictive models that influence public 

services such as energy allocation or waste collection must meet a higher standard of 

transparency. Misinterpretations in model outcomes can lead to disruptions in critical 

infrastructure, misallocation of resources, or erosion of public trust. In energy forecasting, for 

example, a poorly explained model output may cause underutilisation of renewable energy 

sources or overloading of conventional grids. Similarly, if waste volume forecasts are not 

interpretable, logistic decisions like bin placements or route optimisation could become flawed. 

This thesis argues that incorporating XAI is not only desirable but indispensable in public-

sector AI deployments. With heterogeneous data from sensors, weather APIs, and citizen-

reported metrics, interpretability bridges the gap between raw predictive output and actionable 

insights. Moreover, models without interpretable layers fail to comply with data protection and 

transparency policies often required in governmental and urban planning contexts. By using 

SHAP and LIME to explain model predictions, the proposed framework enhances 

accountability. It reduces the barrier between data scientists and operational decision-makers. 
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It allows engineers to troubleshoot why a model underperformed on specific days, or why 

energy use peaks were incorrectly predicted, thus offering practical diagnostics for real-world 

deployment. 

3.4.1 Overview of SHAP and LIME Methodologies 

SHAP and LIME represent two widely adopted methodologies in the domain of model 

interpretability, particularly for black-box machine learning models. SHAP, based on 

cooperative game theory, attributes the prediction of an instance to its contributing features by 

calculating Shapley values. This approach ensures consistency, local accuracy, and a strong 

theoretical foundation for understanding feature contributions across model types. 

LIME, in contrast, takes a local surrogate approach where the original complex model is 

approximated by a simpler interpretable model, such as a linear regressor or decision tree, 

around the instance being predicted. This simplification provides a human-readable 

explanation of which features caused the model to make its decision at that specific point in 

the feature space. In the context of this thesis, SHAP is used to obtain a global view of feature 

importance across large datasets. At the same time, LIME is applied for case-specific 

interpretation. Their combined use supports both operational insight and academic validation. 

Integrating SHAP into various models begins with extracting the predictions and inputs post-

training. For the LSTM model, DeepExplainer was employed due to its support for deep neural 

networks in frameworks like TensorFlow. This enabled analysis of how past energy 

consumption, temperature, and weather fluctuations affected time-series forecasts. For MLP, 

KernelExplainer was suitable for moderate-sized networks. The interpretation helped reveal 

nonlinear relationships between features in the hidden layers. For RF and GB models, 

TreeExplainer was leveraged to efficiently compute SHAP values, yielding faster and more 

consistent explanations. In all implementations, SHAP summary plots, dependence plots, and 

decision plots were generated to show global and local interpretability of model behaviour. 
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This visual approach was particularly valuable for policy communication and user engagement. 

LIME was used to explain individual predictions, especially when evaluating anomalies or 

unexpected model outputs. In the thesis, the application of LIME was crucial during the testing 

phase, where test samples were randomly selected and passed through the trained model. LIME 

then created perturbed datasets to train interpretable models that mimicked the predictions 

locally. For energy demand spikes or irregular waste surges, LIME offered a direct explanation, 

often revealing specific weather anomalies or outlier user behaviours. This allowed human 

decision-makers to trace prediction rationale in concrete, intuitive terms. The implementation 

of LIME was executed using Python’s LIME library with a Jupyter-based visualisation layer 

for auditability. Figure 8 (a) shows the overview of how SHAP (SHapley Additive 

exPlanations) is integrated into each machine learning model, and (b) shows how LIME (Local 

Interpretable Model-Agnostic Explana+tions) is applied after model prediction to produce 

easy-to-understand local explanations. 

  
A B 

 

Figure 3.4. (A) Integration of SHAP with Model Predictions and Local Interpretations. 

(B)Integration of LIME with Model Predictions and Local Interpretations. 
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3.4.2 Implementation Framework and Workflow for XAL tools 

The implementation of XAI followed a standardised pipeline: Model training and validation; 

Extraction of input features and prediction outputs; Application of SHAP and LIME tools; 

Visualisation and storage of interpretations. A key framework component was the model-

agnostic wrapping of predictive pipelines to ensure all outputs were explorable regardless of 

underlying architecture. Libraries such as SHAP, LIME, matplotlib, and seaborn were 

integrated into a reusable Python class framework. Each batch of predictions automatically 

triggered SHAP or LIME interpretation, which was stored in a cloud-based MongoDB system 

alongside the original input and output. Using SHAP and LIME allowed for fine-grained 

feature importance rankings. For instance, in the Random Forest model, historical energy use, 

temperature, and wind speed consistently ranked high. Conversely, feature attribution via 

SHAP revealed that some variables contributed negatively or insignificantly, providing insights 

that guided feature pruning. Bias detection was another benefit. SHAP revealed temporal bias 

in MLP predictions, where weekdays were more accurately predicted than weekends. By 

quantifying bias through attribution scores and inspecting error distributions, corrective 

measures such as rebalancing training data and applying temporal weights were adopted. Error 

analysis combined visual diagnostics from SHAP with LIME-driven what-if scenarios to test 

model robustness and address drift or outliers. Figure 9 illustrates the Implementation 

Framework and Workflow for XAI Tools, which represents how Explainable Artificial 

Intelligence (XAI) methods, such as SHAP and LIME, are integrated into the machine learning 

pipeline in this research work. 
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                       Figure 3.3 The implementation framework and workflow for XAL tools 

 

3.4.3 Evaluation of Trust, Transparency, and Interpretability 

The core evaluation criterion for XAI integration was not merely prediction accuracy, but 

interpretability and usability. By presenting SHAP force plots and LIME visual summaries to 

domain experts in energy and municipal planning, feedback was gathered on clarity and 

actionability. This process showed that interpretability improved confidence in using AI models 

for operational decisions. Additionally, by contrasting the model prediction with actual system 

states (e.g., energy load vs predicted load), the transparency tools helped calibrate human 

intuition and improved institutional adoption of AI-driven processes. A key innovation of this 

thesis is the use of XAI not only for technical auditing but for engagement with policymakers, 

city engineers, and community stakeholders. SHAP visualisations were incorporated into 

briefing dashboards, allowing non-technical users to ask “What-if” questions based on model 

predictions. For example, city planners could query how temperature shifts would affect waste 
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collection frequency. The ability to visualise such dependencies improved the credibility of the 

ML system and encouraged integration into municipal planning tools. 

3.5 Model Training, Validation, and Testing Procedures 

In the realm of data-driven sustainable systems, the development of a robust modelling pipeline 

is indispensable. This PhD thesis adopts a systematic approach to predictive modelling by 

leveraging machine learning (ML) architectures such as Long Short-Term Memory (LSTM), 

Multi-Layer Perceptrons (MLP), Gradient Boosting (GB), and Random Forest (RF). The 

modelling pipeline designed herein not only emphasises predictive accuracy but also prioritises 

generalisability, interpretability, and reproducibility. The modelling process begins with raw 

data acquisition from heterogeneous sources, including smart meters, municipal waste logs, 

and weather APIs. The collected data undergoes preprocessing and feature engineering, after 

which it is segmented into training, validation, and testing sets. Each machine learning model 

is then trained iteratively using optimised parameters, followed by thorough validation and 

testing to ensure the models can perform well on unseen data. This chapter outlines the step-

by-step methodology used for training these models, validating their outputs, and ultimately 

assessing their performance using well-established statistical evaluation metrics. 

The first critical step in any modelling pipeline involves dividing the dataset into training, 

validation, and testing subsets this research, a temporal hold-out strategy was employed. 

Specifically, 70% of the data was assigned for training, 15% for validation, and the remaining 

15 % reserved for testing. The chronological order of data was maintained to avoid data leakage 

and to mimic real-world forecasting scenarios. The training set was used to fit the model’s 

parameters, while the validation set helped tune hyperparameters and prevent overfitting. The 

testing dataset, untouched during training, was used to evaluate the model's generalisability. In 

time-series forecasting using LSTM, walk-forward validation was employed in conjunction 

with the static split for robust evaluation. 
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To ensure robustness in model generalisation, K-fold cross-validation was applied, particularly 

for MLP, GB, and RF models. A 5-fold cross-validation approach was selected, which allowed 

each fold of the dataset to serve as a temporary testing set while the remaining folds were used 

for training. The average performance across all folds was used to evaluate model stability. For 

time-series models such as LSTM, traditional K-fold cross-validation was unsuitable due to 

temporal dependencies. Instead, time-series cross-validation was implemented. This technique 

sequentially increased the training set with each iteration while validating against the next time 

slice, ensuring that future data did not leak into the past. 

3.5.1 Model Training strategy for LSTM, MLP, GB and RF 

Each model followed a distinct training procedure tailored to its algorithmic structure. For the 

LSTM network, the input data was reshaped into three-dimensional tensors reflecting the time 

step, batch size, and feature dimension. The model architecture consisted of two LSTM layers 

(64 and 32 units) followed by a dense layer with a sigmoid or ReLU activation function. 

Training was conducted using the Adam optimiser with a learning rate of 0.001 for 100 epochs. 

The MLP model featured three hidden layers (64, 64, and 32 neurons), each followed by 

dropout and batch normalisation to prevent overfitting. The model used the mean squared error 

(MSE) loss function and the RMSprop optimiser. The GB model was implemented using 

XGBoost with 100- 300 estimators, a max depth of 7, and early stopping after 50 rounds of no 

improvement on the validation set. The RF model was trained using 200 trees, with 

bootstrapping and a maximum feature cap to avoid high variance. All training was performed 

in Python using TensorFlow for deep learning models and Scikit-learn/XGBoost for tree-based 

models. 

For GB and RF models, overfitting was controlled by limiting tree depth, pruning leaf nodes, 

and applying learning rate decay. Underfitting was addressed by increasing model complexity 
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and ensuring feature richness during preprocessing. Regular model evaluations during training 

helped identify performance deterioration early, allowing real-time correction. Hyperparameter 

tuning significantly influences model performance. Grid search and randomised search were 

employed for GB and RF models, optimising parameters such as learning rate, number of 

estimators, max depth, and subsample ratio, while LSTM and MLP models were optimised for 

these parameters. Tuning involved epoch count, batch size, number of neurons per layer, and 

dropout rates. Hyperopt and Optuna frameworks were employed for Bayesian optimisation. 

The tuning process used validation loss as the primary objective metric, ensuring models were 

neither under-trained nor excessively complex. The validation phase involved evaluating 

trained models against the validation dataset to determine their suitability for deployment. 

Criteria included error minimisation (MAE, RMSE), consistency, and runtime efficiency. For 

LSTM models, temporal stability and prediction lag were additional considerations. Each 

model’s validation output was analysed using SHAP and LIME to ensure interpretability. Only 

those models that balanced predictive accuracy with interpretability and computational 

feasibility were selected for final testing. The final testing phase assessed how well the chosen 

models performed on unseen data. Performance metrics were computed and plotted to reveal 

trends, anomalies, and confidence intervals. LSTM models, for instance, demonstrated higher 

robustness during energy load forecasting, while RF showed stronger performance in waste 

volume prediction. Error analysis was conducted using residual plots, confusion matrices (for 

classification tasks), and statistical significance testing (e.g., paired t-tests between models). 

These insights informed subsequent rounds of model refinement. Evaluation was performed 

using standard regression and classification metrics, including Mean Absolute Error (MAE), 

which is easy to interpret and gives equal weight to all errors. Root Mean Squared Error 

(RMSE): Penalises larger errors more than MAE.  R² Score (Coefficient of Determination): 
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Indicates goodness of fit.  Accuracy and F1 Score: Used in classification tasks such as anomaly 

detection. These metrics were chosen to balance interpretability and statistical rigour. 

A metric matrix was used to compare model performance across all test scenarios. Ensuring 

reproducibility was a key priority. The modelling pipeline was implemented using version-

controlled Python notebooks and documented via MLFlow and TensorBoard. Random seeds 

were fixed across experiments to ensure determinism.  Each training run was logged with 

associated hyperparameters, metrics, and model artefacts. This allowed for comparison across 

models rollback capabilities, feature selection, and preprocessing choices were logged. Table 

2, summarising the model architecture, training values, evaluation metrics, and 

hyperparameters for each machine learning model (LSTM, MLP, Gradient Boosting, Random 

Forest) 

Table 2. The Model Implementation Summary 

 
Model Architecture Traini

ng size 

Valid

ation 

size 

Test size Loss 

Function 

Optimizat

ion 

Hyperparameter 

LSTM 3LSTM layers 

(64,64,32) + 

Dense 

70% 15% 15% MSE Adam 

(.001) 

Dropout 0.2, 

Epochs100, Batch 64 

MLP Input unit 

Dense (128) 

Dense (64) 

Output 

 

70% 15% 15% MSE RMSprop Dropout0.3, 

LR=0.01/0.001 

Gradient 

Boosting 

100-300 

Estimators, 

Depth 3-7 

70% 15% 15% Huber Gradient 

Descent 

Learning Rate=0.01, 

Subsample=0.8 

Random 

Forest 

200 Trees, 

Depth limited 

70% 15% 15% N/A N/A Bootstrap=True, 

OOB Score =True 

 

3.6  Performance Metrics: MAE, RMSE, R², Precision, and Recall.   

Accurate evaluation of predictive models is essential in any data-driven system, especially 

when the results inform critical decisions in areas such as sustainable energy and waste 

management. Within this PhD thesis, a combination of machine learning algorithms was 
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employed to model various phenomena, including energy demand forecasting and waste 

generation estimation. To validate the performance of these models, a set of core evaluation 

metrics —Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Coefficient of 

Determination (R²), Precision, and Recall —were utilised. These metrics provide quantitative 

insight into how well the models performed under different scenarios and supported strategic 

decisions. Different evaluation metrics capture different aspects of model performance. While 

regression metrics like MAE, RMSE, and R² focus on numerical prediction errors and model 

fit, classification metrics such as Precision and Recall offer insight into model behaviour in 

binary or multiclass decision-making settings. This research integrated both types to assess the 

full spectrum of performance, particularly when models like Random Forest or Gradient 

Boosting were used to classify or detect anomalies in energy usage or waste peaks. 

MAE measures the average absolute difference between predicted and actual values. Its 

simplicity makes it a useful benchmark for comparing different models. In this thesis, MAE 

was particularly effective in monitoring short-term waste predictions. The models that returned 

the lowest MAE, such as the LSTM and Random Forest in temporal contexts, were identified 

as being more precise in practical deployment scenarios, like predicting daily waste collection 

volumes to avoid overflow and resource misallocation. RMSE squares the differences before 

averaging, thereby penalising larger errors more heavily. This makes it especially useful when 

significant errors carry a higher operational cost, such as underestimating peak energy 

demands. In this study, RMSE provided a better gauge for determining the reliability of 

forecasting models across fluctuating energy demand curves, often affected by weather 

anomalies or event-based consumption patterns. 

The higher sensitivity of RMSE to outliers complements MAE by exposing model weaknesses 

that might be masked in simple averaging. The R² metric quantifies the proportion of variance 
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in the dependent variable that the model explains. An R² close to 1 suggests a strong correlation 

between the predictions and the actual data. In this study, R² served as a benchmark metric to 

demonstrate how well models captured complex relationships between input features (e.g., 

weather, day of week, household activity) and outcomes like energy demand. Models such as 

Gradient Boosting returned consistently high R² scores, particularly when feature engineering 

included temporal dependencies. Precision is the ratio of true positives to the total predicted 

positives and is used to assess how many of the predicted positive cases were correct. In this 

thesis, precision was applied in classifying peak energy usage days and waste overflow alerts. 

A high precision indicated that the model rarely issued false alerts, which is critical in resource-

constrained environments where overreaction to false alarms leads to wasted operational 

expenditure. Recall measures the proportion of actual positives correctly identified by the 

model. This was particularly important when missing a true event, such as a waste surge or 

energy peak, would have serious consequences. For instance, failing to predict an overflow of 

waste bins during holiday seasons could lead to public health concerns. In this thesis, models 

with high recall, such as Random Forest and MLP under-tuned hyperparameters, were 

preferred for risk-sensitive deployments. Figure 10 is a flowchart-style conceptual overview of 

how various performance metrics are applied across different stages of machine learning 

evaluation within this research thesis. It ties these metrics directly to model evaluation, 

decision-making, and practical sustainability applications. 
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Figure 3.4 The integration of key performance metrics in machine learning evaluation 

3.6.1 Combining Metrics for Robust Evaluation 

No single metric provides a complete picture of model performance. The thesis employed a 

multi-metric evaluation approach to balance trade-offs. Models with low MAE but mediocre 

R² might still be considered, as the primary concern is short-term accuracy over generalisation. 

Similarly, in classification tasks, a harmonic mean of Precision and Recall (F1 Score) was 

occasionally used to offer a more balanced view. These practices helped prevent overfitting 

and misleading conclusions, particularly when working with imbalanced datasets. 

Throughout the experiments metric results were visualised using line charts, confusion 

matrices, and bar plots to better interpret model behaviour across different validation folds and 

time periods. For instance, a comparison of RMSE across seasons revealed that certain models 

performed poorly during winter months due to erratic consumption patterns, which informed 

subsequent feature augmentation. These visual tools made it easier for stakeholders to grasp 

model strengths and weaknesses in operational contexts. Each machine learning model used in 
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the thesis responded differently to the metrics. LSTM excelled in low MAE and RMSE due to 

its ability to model sequences; MLP demonstrated stable R² under dense feature representation; 

Gradient Boosting returned high precision in classification mode; and Random Forest delivered 

high recall and interpretability. These insights helped align the right model to the right task, 

one of the primary objectives of the study. 

3.6.2 Advanced Mathematical Formulation and Explanations 

1. General Supervised Learning Formulation (Multivariate Time Series Context) 

Let: 

X ={𝑥𝑡 𝜖 𝑅𝑑} 𝑇𝑡=1  : Input multivariate time series, 

Y={𝑦𝑡 𝜖 𝑅} 𝑇𝑡=1   : Corresponding scalar target values (energy load or waste volume), 

𝑓𝜃(∙): Learnable model parameterised by 𝜃, 

𝐿(∙): Loss function 

The object is to solve: 

𝜃∗  =    𝑎𝑟𝑔  𝑚𝑖𝑛𝜃   ∑ 𝐿(𝑦𝑡 , 𝑓𝜃(  𝑋𝑡−𝐿+1:𝑡))

𝑇

𝑡 = 1

 

Where: 

𝑋𝑡−𝐿+1:𝑡       is a time window of length L, 

The function  𝑓𝜃 maps a windowed sequence to a target, 

Common losses: MAE, MSE. 
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2.  LSTM Model- Internal Cell Dynamics 

The LSTM cell incorporates a memory unit. 𝐶𝑡 and hidden state ℎ𝑡 To maintain long-term 

dependencies: 

𝑓𝑡  =  𝜎 (𝑤𝑓   . [𝑓𝑡 −1, 𝑋𝑡  ]  +  𝑏𝑓   )   

𝑖𝑡  =  𝜎 (𝑤𝑖   . [ℎ𝑡 −1, 𝑋𝑡  ]  +  𝑏𝑖   )   

𝑜𝑡  =  𝜎 (𝑤𝑜   . [ℎ𝑡 −1, 𝑋𝑡  ]  +  𝑏𝑜  )   

𝑣𝑡  =  𝑡𝑎𝑛ℎ (𝑤𝑐   . [ℎ𝑡 −1, 𝑋𝑡  ]  +  𝑏𝑐  )   

𝑐𝑡  =  𝑓𝑡 ⊙ 𝑐𝑡 −1  +  𝑖𝑡 ⊙ 𝑣𝑡      

ℎ𝑡  = 𝑜𝑡  𝑡𝑎𝑛ℎ (𝑐𝑡 ) 

 LSTM gates f, i, o control information flow. 

 Captures long-term temporal dependencies in energy/waste time-series. 

3.  MLP Model with Relu and Batch Normalisation  

Given an MLP with k hidden layers: 

ℎ(1)  =  𝑅𝑒𝐿𝑈(𝐵𝑁( 𝑊(1) 𝑋 +  𝑏(1) ))   

ℎ(𝑖)  =  𝑅𝑒𝐿𝑈(𝐵𝑁( 𝑊(𝑖)  ℎ(𝑖−1) +  𝑏(𝑖) ))  for i = 2,…….,k 

𝑦 =  𝑊( 𝑘 +1)ℎ𝑘  +  𝑏(𝑘 + 1)    

1.  
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4. Gradient Boosted Decision Trees 

Let the prediction at iteration m be: 

𝑦𝑡(𝑚) =  𝑦𝑡(𝑚−1) +  𝜂. ℎ(𝑚) (𝑋𝑡) 

Each weak learner h(m)h^{(m)}h(m) is trained on the negative gradient: 

𝑔𝑡(𝑚)  =  − 
𝜕ℒ(𝑦𝑡, 𝑦 )

𝜕𝑦𝑡
 |𝑦 = 𝑦𝑡(𝑚−1)  

 

5. Random Forest – Expectation over Tree Ensemble 

 

Prediction for regression:  

                                  

𝑌 =  
1

𝑇
  ∑ ℎ𝑖

𝑇
𝑖 =1 ( 𝑋𝑡)  

 

For Classification: 

P(𝑦𝑡 =  𝑐 ∖ 𝑋𝑡 )   =  
1

𝑇
  𝔩 ∑ ℎ𝑖

𝑇

𝑖 =1

( 𝑋𝑡)  =  𝑐 

6. Performance Metrics Equations 

6.1 Mean Absolute Error (MAE) 

𝑀𝐴𝐸 =
1

𝑛 
 ∑ Ι 𝑦𝑖  −  ^𝑦𝑖 

𝑛

𝑖 = 1

Ι 

6.2 Root Mean Squared Error (RMSE) 
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𝑅𝑀𝑆𝐸 =  √
1 

𝑛
 ∑( 𝑦𝑖  −  𝑦^𝑗)2

𝑛

𝑖 =1

  

6.3 Coefficient of Determination (R²) 

𝑅2  =  1 − 
∑ ( 𝑦𝑖  −  𝑦𝑗)2𝑛

𝑖 =1

∑ ( 𝑦𝑖  −  𝑦^𝑗)2𝑛
𝑖 = 1

 

6.4 Precision 

                            

Precision =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
 

 

 

6.5 Recall 

                  

Recall =
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
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Chapter 4 

 

4 Commentary on Publication 

4.1 Commentary on Publication 1 

4.1.1 Summary of the study 

This study addresses a critical challenge: reducing energy use and carbon emissions in 

buildings without sacrificing comfort or reliability. Situated within Net Zero targets, the work 

identifies residential and small-commercial buildings as both a burden and an opportunity. 

They account for a large share of final energy demand, yet generate detailed data streams from 

smart meters, thermostats, occupancy sensors, and weather feeds. Harnessed with artificial 

intelligence, these data can enable predictive, adaptive management of demand. 

The research introduces an AI-driven demand-side management approach that replaces static, 

rule-based controls with machine learning models capable of forecasting energy demand and 

guiding proactive control. Three objectives structure the study: (1) forecast short-term energy 

loads at high resolution; (2) optimise demand response against a realistic rule-based baseline; 

and (3) embed explainability so users understand recommendations. 

The dataset integrates smart-meter electricity profiles, indoor temperatures, occupancy traces, 

weather variables, tariffs, and calendar features, pre-processed for quality and consistency. 

Models tested include regression, ensemble methods, and neural networks. A multilayer 

perceptron (MLP) emerged as the most effective, balancing accuracy, speed, and deployment 

practicality. Against the rule-based baseline, the AI approach demonstrated superior 

forecasting, reduced peaks, improved cost efficiency, and lowered carbon intensity while 

maintaining comfort. 
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4.1.2 .Predictive control and optimisation layer 

Forecasts are valuable only when they inform actions. This study integrates the predictive 

model into a model-predictive control (MPC) framework that dynamically selects device set-

points, focusing primarily on HVAC operation. The optimisation is multi-objective: reduce 

cost, lower peak demand, maintain comfort, and, where possible, align consumption with low-

carbon grid periods. The controller uses the multilayer perceptron (MLP) to predict near-term 

demand under candidate actions, then chooses the best sequence subject to equipment 

constraints (ramp rates, run-time limits, comfort bands). This ensures feasible, occupant-

friendly control. 

Explainable AI (XAI) is a distinctive feature. Post-hoc tools such as SHAP decompose 

forecasts into feature contributions, e.g., a predicted morning peak driven 60% by outdoor 

temperature, 25% by occupancy, and 15% by tariff state. Local explanations reassure 

householders about specific decisions, while global rankings guide feature engineering and 

provide policymakers with insights into residential demand drivers. 

Performance is assessed along three dimensions: (1) forecast accuracy (MAE, RMSE, R²); (2) 

operational outcomes (cost, total energy, peak demand); and (3) comfort and feasibility (time 

in temperature band, avoidance of excessive set-point changes, computational latency). Results 

show clear gains: electricity costs fall by around 15%, energy efficiency improves by 20%, 

peak loads drop by 15%, and predictive accuracy reaches R² ≈ 0.95. Comfort is preserved, and 

computation is fast enough for embedded deployment. The authors stress these values are 

context-dependent, varying with tariffs, climate, and building envelope. 

To generalise beyond single trials, physics-based simulation (EnergyPlus) complements field 

data, enabling exploration of tariff variants and extreme weather. Robustness checks confirm 
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stability under sensor noise, missing data, and concept drift, though major changes (e.g., 

renovations) require retraining. Importantly, carbon impacts are quantified: optimisation shifts 

loads into cleaner periods, translating energy savings into avoided CO₂  and system-level 

benefits such as flatter feeder profiles and improved renewable integration. 

Privacy and ethics are prioritised: local inference, minimal retention, anonymised aggregation, 

and explainability to mitigate bias. Deployment considerations include lightweight compute 

footprints, periodic model updates, and fail-safe reversion to rule-based control if the AI is 

unavailable. 

Three contributions emerge: (1) quantified advantage of predictive over rule-based control; (2) 

demonstration that a tuned MLP with engineered lags is practical and efficient; and (3) 

integration of explainability to support trust, adoption, and regulatory acceptance. 

4.1.3 Methodological Innovations: XAI Integration in Energy Management 

The motivating question behind this study is deceptively simple: if buildings can learn their 

own rhythms and align with the rhythm of the grid, can they act sooner and smarter to reduce 

costs, carbon emissions, and peak loads—without anyone noticing a change in comfort? The 

answer, as demonstrated in this publication, lies in how it is achieved. Explainable AI (XAI) is 

not treated as an afterthought but integrated throughout the pipeline—data curation, modelling, 

optimisation, and decision interfaces—so that every recommendation can be traced, justified, 

and overridden when necessary. This methodological integration is what makes the system 

audit-ready, deployable, and credible within Net Zero strategies. 

Data Layer and Feature Engineering. Inputs are grouped into four interpretable families: (i) 

weather (temperature, humidity, irradiance, wind), (ii) occupancy/behaviour (presence, activity 

windows), (iii) tariffs and marginal emissions (time-of-use flags, dynamic price signals, 
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marginal CO₂  estimates), and (iv) building state (indoor temperature, equipment run-time, 

previous set-points). Instead of relying on raw sequences, lagged and engineered features are 

introduced—yesterday’s same-hour load, last hour’s temperature change, or time-to-comfort 

margin. This ensures later explanations map to familiar physical signals. Missing values are 

handled with transparent, operator-recognisable rules (short gaps filled forward, more extended 

outages replaced with seasonal medians). Each imputation is logged, providing an audit trail 

so that any recommendation tied to inferred data can be questioned. 

Model Choice and Training. For short-horizon load forecasting, the authors tested linear 

regressions, tree ensembles, support vector regression, and neural networks. They selected a 

multilayer perceptron (MLP) with ReLU activations, not because recurrent architectures fail, 

but because the MLP—augmented with lag features and calendar/weather inputs—delivered a 

balance of accuracy, speed, and compatibility with explainability tools. Importantly, it runs 

efficiently on edge devices, reducing reliance on cloud infrastructure and protecting privacy. 

Hyperparameters (depth, width, dropout, weight decay) are tuned using grid search and k-fold 

cross-validation. The optimisation metric goes beyond forecast error to include stability of 

explanations (low variance of feature attributions across folds) and computational latency. This 

is a subtle but significant innovation: interpretability consistency is treated as a design criterion, 

ensuring the model is not just accurate, but predictably interpretable. 

Explanation Tools. A suite of global and local diagnostic methods accompanies forecasts: 

 SHAP provides global rankings and local attributions. For instance, a 07:00 prediction 

may be explained as “60% outdoor temperature, 25% occupancy, 15% tariff.” 

 Accumulated Local Effects (ALE) and Partial Dependence plots capture feature-

response relationships while minimising correlation bias, e.g., the joint influence of 

irradiance and temperature. 
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 ICE curves allow operators to test contentious cases, such as early pre-heating, and 

observe how load changes for this dwelling under varying temperatures. 

These diagnostics are embedded in the operator dashboard. Every automated action is paired 

with a short rationale: “Pre-heating 40 minutes due to forecast −4°C outdoor temperature and 

low marginal CO₂ ; comfort maintained; expected bill savings £0.31; avoided CO₂  90 g.” 

This transforms opaque optimisation into actionable, human-readable evidence. 

4.1.4 Results: Accuracy, Efficiency Gains, and Transparency 

The findings cluster into three domains: (i) forecasting accuracy, (ii) operational efficiency, 

and (iii) transparency outcomes. Together they demonstrate that predictive, explainable energy 

management is not only technically sound but socially adoptable. 

Forecasting Accuracy. The MLP with engineered features achieved R² = 0.95 on unseen 

weeks, outperforming rule-based schedules by a wide margin. Errors (MAE, RMSE) stayed 

low even during disruptive events such as cold fronts or price spikes. Robustness checks 

confirmed that accuracy degraded gracefully under sensor noise or missing data, thanks to 

imputation and smoothing. Explanations aligned with physical intuition: morning peaks linked 

to outdoor temperature and occupancy onset, tariff state dominance during price surges, and 

irradiance moderating winter loads. This alignment enhances operator trust. 

Operational Outcomes. Coupled to the optimiser, the predictive controller delivered 

measurable improvements: 

 Cost reduction: median 15% savings, especially under dynamic tariffs. 

 Energy efficiency: 20% lower kWh consumption, achieved by shifting load timing 

without widening comfort bands. 
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 Peak demand: 15% reduction in 95th-percentile peaks, leading to flatter feeder loads in 

simulations. 

 Comfort: indoor temperature remained within band for almost all occupied hours, with 

soft penalties preventing excessive set-point “chatter.” 

 Carbon: when marginal emissions were available, the controller shifted consumption 

to cleaner periods, resulting in measurable CO₂  reductions. 

Inference runs efficiently on edge hardware, ensuring latency remains well below the control 

interval. 

Transparency and User Acceptance. Explainability changed behaviour. When 

recommendations were presented with concise rationales, operator acceptance rates increased 

and approval times shortened. During audits, operators equipped with explanation panels 

identified mispredictions more quickly than those given raw outputs. A structured decision 

log—summarising inputs, forecasts, objectives, actions, and counterfactuals provided 

regulators and facility managers with policy-ready evidence. Crucially, counterfactuals (“what 

if the comfort band were narrower?”) gave householders agency, a rare feature in automated 

systems. 

Resilience to Change. The system was stress-tested under tariff shifts, weather extremes, and 

behavioural drift. Savings reduced but persisted under flat tariffs; during cold snaps, relative 

performance remained superior to rules; and when occupancy patterns shifted, unusual 

attribution patterns triggered re-training alerts. This responsiveness demonstrates not 

immunity, but controlled adaptability. 
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4.1.5 Contribution and Implications 

Three contributions define the work: (1) quantified superiority of predictive over rule-based 

control with gains in cost, efficiency, peak reduction, and carbon without compromising 

comfort; (2) demonstration that a lightweight, well-tuned MLP with engineered features and 

stable explanations can outperform heavier architectures in practice; and (3) seamless 

integration of explainability across pipeline stages, turning black-box AI into a transparent, 

auditable tool. 

By showing that forecasts can be trusted, actions can be explained, and results translate into 

lower bills and lower carbon, the study delivers more than an academic prototype—it outlines 

a deployable pathway for residential flexibility. The broader message is that modest, well-

structured predictive models, coupled with explainability, can scale everyday buildings into 

reliable actors within a Net Zero grid, as conceptually shown in Figure 11. 
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Figure 4.1 The Visualisation of the core outcomes from AI-driven energy demand 

forecasting. (a) Shows predictive accuracy of the model against actual data; (b) quantifies key 

operational gains achieved; (c) highlights feature contributions using SHAP values for model 

interpretability; and (d) illustrates the daily forecast with uncertainty bounds, guiding 

proactive energy management. 

4.1.6 Discussion: Impact on Policy, Practice, and Future Energy Systems 

The findings of this study extend well beyond academic debate. They offer practical lessons 

for policymakers, building professionals, utilities, and system designers tasked with steering 

the energy transition. More than just an algorithmic advance, the work demonstrates how 

artificial intelligence (AI), when combined with explainability and engineered for adoption, 

can play a concrete role in achieving Net Zero targets. The discussion is organised around three 

spheres of influence: policy frameworks, implementation practice, and the architecture of 

future energy systems. 
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4.1.6.1 Policy Implications. 

Perhaps the most immediate relevance is for energy policy. Many nations are legislating 

commitments to carbon neutrality, with demand-side flexibility recognised as a central lever. 

The study shows that reductions in building energy use, peaks, and carbon can be achieved 

without replacing existing hardware—simply by changing how existing infrastructure “thinks.” 

This is critical for regulators seeking affordable pathways to near-term decarbonisation. 

Importantly, the framework’s embedded explainability aligns with evolving legislation on 

algorithmic accountability, such as the EU AI Act and the UK’s digital regulation agenda. By 

demonstrating that forecasts, decisions, and outcomes can be traced and justified, the research 

provides a ready-made model for compliance. 

The system also connects directly to carbon accounting and national reporting metrics. By 

quantifying avoided emissions through marginal grid intensity it offers policymakers 

household-level evidence of how demand has shifted into cleaner windows. This supports 

dynamic carbon pricing, flexibility markets, and the creation of emissions credits tied to 

verifiable demand reduction. 

4.1.6.2 Practice and Adoption. 

For practitioners—facility managers, utilities, and technology vendors—the work 

demonstrates a pragmatic pathway to AI-enabled control. Traditional energy management 

relies on fixed schedules or vendor-specific logic, which often ignores weather, occupancy, or 

carbon intensity. This study replaces rigidity with dynamic adaptation, but without imposing 

undue complexity. The selected model—a well-tuned multilayer perceptron—was chosen for 

practicality. It runs on constrained edge hardware, integrates with existing controllers, and 

requires only modest training resources. 
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Crucially, explainability reduces the adoption barrier. Facility managers often resist opaque 

automation, but SHAP-based explanations and decision logs provide transparency and 

reassurance. Comfort bands can be tuned, overrides are supported, and trade-offs are visible in 

human-readable terms. This transforms the system from a black box into a collaborative tool. 

For utilities and energy service companies, the implications are commercial. Demand-side 

flexibility gains translate into flatter peaks, improved grid stability, and deferred infrastructure 

investments. At scale, fleets of AI-enabled buildings act as “virtual power plants” not by 

generating electricity, but by intelligently shaping consumption. 

4.1.6.3 Future Energy Systems. 

Looking forward, the study anticipates one of the defining challenges of modern energy: 

coordinated decentralisation. As solar panels, EVs, batteries, and heat pumps proliferate, 

energy systems grow less predictable. Centralised control is giving way to distributed 

intelligence. The burden of adaptation increasingly shifts to demand, which must become both 

intelligent and explainable. 

This research provides an instantiation of that intelligence. The system does not simply react 

to grid signals; it forecasts, optimises, and explains. That blend of proactivity and transparency 

is exactly what flexible, consumer-centric grids require. While the current focus is on HVAC, 

the same architecture could be extended to water heating and EV charging behind-the-meter 

storage. The vision is a multi-vector, integrated building control framework where homes and 

businesses act as active, intelligent nodes in the grid. 

4.1.6.4 Ethical and Social Dimensions. 

The study also addresses the ethical questions that increasingly accompany AI adoption. 

Privacy is safeguarded through local edge inference and minimal data retention. Transparency 
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is ensured through interpretable outputs, while user agency is preserved through override 

options. These features are not peripheral; they are essential for maintaining public trust in 

systems that touch daily life. In an era of growing scepticism toward automation, the study 

models how AI can augment rather than replace human decision-making. 

4.1.7 Summary. 

In sum, the impact of this research radiates across multiple domains. For policymakers, it 

provides credible evidence and tools for shaping regulation and reporting. For practitioners, it 

offers a model that is technically feasible, commercially attractive, and socially acceptable. For 

system designers, it sketches a vision of decentralised, explainable intelligence as the 

foundation of future energy systems. By combining accuracy, efficiency, and transparency, the 

study not only pushes the frontier of academic research but also signals where that frontier 

must move if Net Zero ambitions are to be realised. 

4.2 Commentary on Publication 2 – Revolutionising Waste Management with LSTM 

Networks 

4.2.1 Summary of the Study 

Publication 2 explores the application of Long Short-Term Memory (LSTM) networks to 

forecast and manage municipal solid waste (MSW), a challenge that continues to intensify with 

rapid urbanisation and shifting consumption patterns. Traditional waste systems are reactive 

and inefficient, often missing the subtleties of seasonal cycles, demographic changes, and 

socio-economic events. By introducing a predictive, data-driven framework, the study shows 

how AI can move waste management from reaction to anticipation. 
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Using historical time-series data—including waste volumes, population growth, weather, and 

economic indicators—the LSTM model learns long-term dependencies that statistical 

approaches like ARIMA cannot capture. Results show that the model significantly reduces 

forecasting errors, providing accurate short- and medium-term projections. Beyond prediction, 

outputs are linked to GIS and route optimisation software, illustrating that collection schedules, 

fleet logistics, and staffing can be dynamically adapted. The study quantifies environmental 

and operational benefits, such as reduced landfill use, lower emissions from vehicles, and more 

efficient recycling, bridging the gap between academic modelling and actionable policy. 

Overall, the paper demonstrates that intelligent waste forecasting is not only technically 

feasible but also socially and environmentally valuable. It positions AI as a core enabler of 

circular economy strategies and sustainable urban planning. 

4.2.2 LSTM Architecture for Recycling Data 

The LSTM network was designed to capture the cyclical, context-sensitive nature of recycling 

data, which reflects weekly rhythms, holidays, weather fluctuations, and community events. 

Data ingestion and preprocessing were carefully entries were imputed using seasonal averages, 

outliers were identified through z-scores and interquartile rules, and contextual features such 

as rainfall, holidays, and retail activity were engineered. 

The model processes data through sliding windows of 12–16 weeks, forecasting the following 

week’s volume. Its architecture comprises two stacked LSTM layers (64 and 32 units, with 

dropout rates of 0.3 and 0.2), followed by batch normalisation and a dense output neuron. To 

improve robustness, the design includes a small feed-forward path for exogenous features and 

a residual connection anchored to recent averages. Training uses walk-forward validation to 
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preserve temporal order, and the objective function combines MAE with a smoothness penalty 

to stabilise week-to-week changes. 

ℒ =  𝑀𝐴𝐸( 𝑦, 𝑦Λ)  +  𝜆 . 𝑀𝐴𝐸( Δ𝑦, Δ𝑦Λ)  

The study refines its LSTM design with a dual focus on accuracy and temporal stability. The 

loss function combines Mean Absolute Error (MAE) with a penalty on week-on-week changes 

(Δy), ensuring predictions track both levels and movements while reducing jitter. Training uses 

the Adam optimiser (initial learning rate 0.001, halved after three stagnant epochs), early 

stopping (patience of five), and 50–100 epochs depending on convergence. Baselines include 

ARIMA, seasonal naïve, and random forest regression. Across test data, the LSTM consistently 

outperforms the other models, with 10–15% lower RMSE and MAE, and stronger fidelity to 

holiday swings and weather anomalies. 

Transparency is addressed through permutation importance and integrated gradients. Results 

show reliance on recent lags, seasonal baselines, holiday flags, and weather variables. In one 

case, a city-wide campaign spike is correctly down-weighted in future forecasts, demonstrating 

the stabilising effect of residual anchoring. Outputs directly inform operations: adjusting 

collection frequency, route density, and staff allocation. Simulations reveal lower costs, 

reduced idle truck time, and measurable emission cuts. 

Transfer learning tests further highlight scalability: freezing LSTM cores and fine-tuning dense 

layers allows adaptation to new districts with minimal data. Robustness to missing inputs 

confirms resilience. Overall, the publication demonstrates not novelty for its own sake, but a 

deployable, explainable, and sustainable AI framework for municipal waste systems. 
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4.2.3 Results: Enhanced Prediction Accuracy over Traditional Models 

The study advances its Long Short-Term Memory (LSTM) architecture with a clear dual 

objective: delivering accurate forecasts while maintaining temporal stability in recycling data. 

Forecasting municipal solid waste presents unique challenges—data is noisy, cyclical, and 

heavily influenced by seasonal and socio-economic events. To manage this complexity, the 

design of the LSTM loss function moves beyond conventional error metrics. It combines Mean 

Absolute Error (MAE) with a penalty on week-to-week changes (Δy), ensuring that the model 

learns not only the level of recycling volumes but also their direction of movement. This hybrid 

objective reduces jitter and prevents the system from overreacting to minor anomalies, creating 

smoother, more actionable predictions for operational use. 

Training protocols are equally deliberate. The model employs the Adam optimiser with an 

initial learning rate of 0.001, which is halved if validation loss stalls for three epochs. Early 

stopping, with a patience of five, prevents overfitting while conserving computation. 

Depending on convergence, training typically spans 50–100 epochs. Performance is 

benchmarked against established baselines: ARIMA, optimised via grid search; a seasonal 

naïve model that reuses the value from the same week in the previous year; and a non-sequential 

random forest regression trained on all features. Across test sets, the LSTM consistently 

outperforms these baselines, reducing RMSE by 10–15% and delivering similar gains in MAE. 

Importantly, it preserves fidelity during stress conditions, such as holiday-driven spikes or 

unusual weather, where ARIMA and naïve models tend to falter. 

A common critique of deep learning models is their opacity. To counter this, the study 

integrates explainability tools throughout. Permutation importance is used to assess feature 

relevance by perturbing inputs—such as lagged volumes, rainfall, or holiday indicators—and 

observing the resulting changes in error. Integrated gradients highlight which historical weeks 
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exerted the most influence on a given forecast, providing sequence-level interpretability. 

Results show that the LSTM relies most heavily on short-term lags (past three weeks), seasonal 

baselines (same week last year), holiday flags, and weather-driven features, particularly during 

seasonal transitions. In one example, a sudden spike caused by a city-wide bulk disposal 

campaign was identified as salient in the short term but appropriately down-weighted in 

subsequent forecasts. This demonstrates the stabilising effect of the model’s residual 

anchoring, preventing future overprediction. 

Beyond accuracy and interpretability, the study demonstrates real-world operational value. 

Predicted waste volumes are linked to collection schedules, enabling managers to dynamically 

adjust collection frequency, optimise route density, and allocate staff resources more 

efficiently. Simulated deployments reveal significant operational benefits: reductions in 

unnecessary trips, lower idle truck time, and measurable decreases in fuel-related carbon 

emissions. These results illustrate how predictive modelling can convert data into practical 

sustainability outcomes, aligning waste management with circular economy principles. 

The study also investigates scalability through transfer learning. An LSTM trained on one 

region’s data is adapted to a nearby district with a different socio-economic profile but similar 

climate. By freezing the core LSTM layers and retraining only the dense layers with limited 

local data, the model achieves performance comparable to full retraining. This demonstrates 

strong transferability, reducing the data and computational burden for deployment in new 

regions. Furthermore, robustness tests confirm that the model remains stable when faced with 

short gaps in input data, thanks to carefully designed imputation strategies and residual 

baselines. 

Overall, this publication does not pursue novelty for novelty’s sake. Instead, it shows how a 

carefully tuned, explainable LSTM framework can meet the operational and ethical demands 
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of waste management. By balancing predictive accuracy, interpretability, robustness, and 

scalability, it provides a blueprint for how AI can transform municipal recycling systems—

making them more adaptive, sustainable, and trustworthy in practice. 

4.2.4 Contributions to Circular Economy and Waste Policy 

Urban waste management is under increasing strain from population growth, rapid 

urbanisation, and rising consumption. Metropolitan regions generate a disproportionate share 

of waste, yet traditional management strategies—based on fixed schedules or simplistic 

prediction models—are proving insufficient. This study, Revolutionising Waste Management 

with LSTM Networks, addresses these challenges by applying Long Short-Term Memory 

(LSTM) models to forecast and manage municipal solid waste (MSW). The approach enhances 

operational efficiency and contributes directly to advancing the circular economy and shaping 

waste policy. 

The circular economy is centred on maximising resource value, reducing waste, and 

regenerating natural systems. By accurately forecasting volumes and types of waste, the LSTM 

framework supports timely recycling and resource recovery. Predictive intelligence enables 

municipalities to separate materials more effectively at source, improve recycling rates, and 

ensure valuable resources such as metals, plastics, and paper remain in circulation. This directly 

supports closed-loop systems where materials are reused rather than consigned to landfills or 

incineration. 

From a practical standpoint, real-time forecasts allow authorities to fine-tune collection 

schedules, reduce unnecessary handling, and optimise fleet logistics. More efficient routing 

lowers fuel use, cuts transport emissions, and reduces the environmental footprint of waste 

collection. These operational improvements align with both local sustainability goals and 
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broader principles of the circular economy, which emphasise minimising resource waste and 

reducing environmental impacts. 

The study also makes significant contributions to waste policy by providing actionable, data-

driven insights. Policies often rely on historical averages or broad estimates, which fail to 

reflect dynamic urban conditions. The LSTM model provides more precise forecasts of waste 

volumes and composition, allowing policymakers to anticipate emerging trends and design 

targeted interventions. For instance, policies could mandate specialised recycling for high 

volumes of plastics or incentivise households to separate organics during peak periods. Such 

granular intelligence improves the effectiveness and responsiveness of waste policy. 

A further strength lies in scalability. The LSTM architecture can be adapted across waste types, 

regions, and seasons, making it suitable for integration into local and national urban planning. 

This flexibility enhances long-term sustainability, supporting investment planning for 

recycling centres, treatment facilities, and waste-to-energy plants. Operational efficiency gains 

are equally critical for policy: by reducing costs and emissions in waste collection and 

transport, the approach contributes directly to decarbonisation strategies while alleviating 

financial pressures on municipalities. 

At the global level, the study aligns with policy frameworks such as the European Union’s 

Circular Economy Action Plan and the United Nations Sustainable Development Goal 12 on 

sustainable consumption and production. By providing concrete mechanisms to improve 

recycling, reduce landfill dependency, and optimise resource use, the framework positions AI 

as a driver of compliance with international sustainability commitments. 

The study also acknowledges ethical and governance dimensions. Predictive systems must be 

transparent and protect data privacy. By embedding explainable AI (XAI) tools such as SHAP 
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values, the model ensures accountability, builds citizen trust, and demonstrates how AI can be 

deployed responsibly in civic infrastructure. 

In conclusion, this research makes meaningful contributions by linking predictive modelling 

with circular economy practice and policy innovation. It shows how LSTM-driven systems can 

transform waste management into a proactive, efficient, and sustainable process. By aligning 

operational improvements with national and global sustainability targets, the study offers a 

blueprint for cities seeking to embed circularity into their waste systems and move closer to a 

future where waste is treated not as a burden, but as a resource. 

4.3 Commentary on Publication 3 – Machine Learning for Residential Demand Response 

4.3.1 Summary of the Study 

The study leverages half-hourly residential energy data, enriched with weather, tariffs, 

occupancy, and calendar features, to test multilayer perceptron (MLP) and gradient boosting 

machine (GBM) models against a rule-based baseline. Both ML approaches outperform 

conventional methods, with GBM reducing peak demand by ~12% and MLP by ~10%, 

alongside 8–15% cost savings under dynamic pricing. Crucially, comfort remains unaffected. 

The models offer interpretable insights, run efficiently on edge devices, and demonstrate 

scalable, practical pathways for net-zero aligned, demand-responsive home energy systems. 

4.3.2 Comparative Analysis: Rule-Based vs. Predictive Models 

Demand response (DR) is widely recognised as a key strategy for enhancing grid flexibility 

and supporting the clean energy transition. Its effectiveness, however, depends on accurately 

forecasting and adapting residential energy consumption in real time. This study provides a 

comparative analysis between traditional rule-based energy management systems and 
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advanced predictive machine learning (ML) models, highlighting a paradigm shift in 

residential DR design. 

Rule-based approaches operate on simple IF–THEN logic. For example, a thermostat may 

reduce heating once outdoor temperatures cross a set threshold, or appliances may be delayed 

during peak tariff hours. These systems are intuitive, easy to implement, and computationally 

light. They are rigid and fail to adapt to variations in household behaviour. A Sunday in July 

may bear little resemblance to a weekday in December, but static rules treat both scenarios the 

same. This results in missed DR opportunities, inefficient savings, and potential discomfort for 

occupants. Moreover, rules are often based on expert assumptions rather than household-

specific data, limiting personalisation and scalability—serious drawbacks in increasingly 

volatile, renewable-driven grids. 

By contrast, predictive ML models learn from historical and contextual data, including weather, 

occupancy, tariffs, and grid signals. Algorithms such as gradient boosting, decision trees, and 

support vector regression can forecast near-term consumption and adjust demand in response 

to dynamic signals. The study demonstrates that these models adapt to irregular behaviours—

such as holiday occupancy changes—delivering more accurate forecasts and more effective 

DR participation. 

Empirical results show predictive models achieving up to 45% lower RMSE compared to rule-

based systems, alongside higher load-shifting accuracy and more sustainable energy savings. 

Unlike rule-based controls, ML systems update continuously, maintaining robustness as 

behaviours evolve. They also generate real-time responses by revising control schedules within 

seconds of receiving DR signals. Importantly, predictive models can be customised to 

individual households, aligning energy automation with user-specific patterns. 
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Challenges remain, including data requirements, computational costs, and the “black box” 

nature of ML models. Advances in IoT, smart meters, and edge computing mitigate many of 

these concerns. By embedding explainable AI tools such as SHAP, the study restores 

interpretability, enhancing trust in automated systems. In conclusion, predictive ML models 

outperform rule-based systems in accuracy, adaptability, responsiveness, and user satisfaction. 

They represent a shift from static, generic control toward intelligent, data-driven systems that 

position households as active participants in the energy transition. 

4.3.3 Outcomes: Grid Stability, Energy Efficiency, and Cost Savings 

 This research demonstrates how machine learning (ML) can transform residential demand 

response (DR) into a driver of grid stability, energy efficiency, and cost savings. By applying 

predictive models such as decision trees and gradient boosting, the system anticipates demand 

peaks and automatically reschedules flexible loads—water heating, EV charging, or 

appliances—thereby avoiding consumption spikes that strain distribution networks. This 

intelligent load shifting reduces the need for costly peaker plants and supports grid resilience 

in the face of growing renewable integration. 

Energy efficiency benefits are equally notable. By learning household patterns, the models 

detect and reduce waste, optimising run-times for heating or avoiding overlapping high-energy 

use. Test households saw meaningful reductions in total consumption without loss of comfort. 

Economically, participants achieved up to 15–20% lower bills through time-of-use 

optimisation, while utilities realised savings from reduced operational stress. 

The implications for smart grids are far-reaching. Homes become predictive, programmable 

nodes capable of demand-side participation. Even minor deferrals—such as delaying EV 

charging by 30 minutes—can alleviate grid congestion. Embedded at the edge in meters or 
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thermostats, ML enables decentralised, human-centred energy control, enhances consumer 

engagement, and provides targeted feedback on appliance usage. Ultimately, the study presents 

a scalable roadmap toward intelligent, carbon-efficient residential energy systems central to 

achieving net-zero.. 

4.3.4 Limitations and Challenges 

This research introduces an ML framework for residential demand response but highlights key 

challenges. Data quality and limited smart meter coverage restrict scalability, especially in 

older or low-income areas. Models also struggled with generalisability due to cultural and 

seasonal behaviour patterns. Black-box interpretability raised trust concerns, while integration 

into existing systems faced regulatory barriers. Despite these issues, the study advances the 

path toward scalable, intelligent, and transparent residential energy systems. 

4.4 Integration of Results Across Publications 

This study aimed to design and evaluate machine learning (ML) models—Long Short-Term 

Memory (LSTM), Multilayer Perceptron (MLP), Gradient Boosting (GB), and Random Forest 

(RF)—to forecast energy consumption and waste generation patterns. The integration of results 

across these models highlights both their predictive strengths and their implications for real-

time, data-driven decision-making in sustainable systems. Explainable AI (XAI) methods such 

as SHAP and LIME were further employed to enhance transparency, ensuring outputs could 

be understood and trusted by stakeholders. 

LSTM Performance. The LSTM model delivered the strongest results, excelling at capturing 

temporal dependencies in time-series data. It achieved an RMSE of 0.32 for energy and 0.28 

for waste, with MAE values of 0.25 and 0.22, respectively. The R² scores (0.96 for energy, 

0.94 for waste) confirmed its ability to explain most data variance. With MAPE values under 
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5%, LSTM proved highly reliable during fluctuating demand or irregular waste streams, 

significantly outperforming traditional baselines. 

MLP Performance. The MLP achieved solid but slightly weaker results, with RMSE values 

of 0.35 (energy) and 0.31 (waste). Its MAE and R² scores (0.30/0.26; 0.92/0.90) indicated 

reasonable accuracy but lower adaptability to dynamic conditions. With MAPE above 6%, the 

MLP is better suited to scenarios where temporal structure is less critical. 

Gradient Boosting Performance. Gradient Boosting (XGBoost/LightGBM) produced results 

close to LSTM, with RMSE of 0.30 (energy) and 0.27 (waste). Its MAE (0.24/0.21) and R² 

values (0.95/0.93) confirm its strength in balancing accuracy and efficiency. With MAPE 

between 5–6%, GB demonstrated strong predictive capability, benefiting from ensemble 

learning’s reduction of bias and variance. 

Random Forest Performance. Random Forest showed competitive but slightly weaker 

outcomes. RMSE values of 0.33 (energy) and 0.30 (waste), alongside MAE of 0.28 and 0.23, 

placed it below LSTM and GB. Its R² values (0.94/0.92) remained robust, though MAPE (6–

6.5%) indicated somewhat higher error margins. Still, RF contributed valuable interpretability 

through feature importance rankings. 

Comparative Insights. Overall, LSTM and GB emerged as the most effective models, 

particularly for handling variability in time-series data, while MLP and RF provided useful 

benchmarks. Across all approaches, the use of XAI ensured interpretability, a crucial factor for 

adoption in operational energy and waste management. Collectively, these findings confirm 

that predictive ML systems can enhance efficiency, reduce uncertainty, and support integrated, 

real-time sustainability decisions. 

Table3.The model performance comparison Summary. 
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Excellent performance with high 

predictive accuracy. It excels in 

capturing temporal dependencies, 

which is essential for predicting energy 

and waste in fluctuating environments 

(e.g., demand or weather changes). 

The LSTM outperforms other models 

in accuracy. 

MLP 

Model 

0.35 0.31 0.30 0.26 6.3% 7.0% Slightly worse than LSTM in terms of 

accuracy, especially in capturing time-

series patterns. While it performs 

adequately, it does not account for 

temporal dependencies as effectively 

as LSTM. 

Gradient 

Boosting 

(GB) 

0.30 0.27 0.24 0.21 

 

5.1% 5.7% Comparable to LSTM in performance, 

this approach benefits from the 

ensemble method of boosting, which 

reduces bias and variance. It achieves 

high accuracy but struggles slightly 

with temporal dependencies compared 

to LSTM. 

Random 

Forest 

(RF) 

0.33 0.30 0.28 0.23 6.0% 6.5% Shows reasonable accuracy but 

slightly underperforms compared to 

LSTM and GB models. It provides 

good feature importance but struggles 

to capture the dynamics of time-series 

data like LSTM. 

4.4.1 Explainable AI (XAI) Integration: SHAP and LIME 

A central innovation of this research is the integration of Explainable AI (XAI) techniques—

SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic 

Explanations)—to interpret predictions and make machine learning models more transparent 

for practitioners, policymakers, and end-users. Complex models such as LSTM and Gradient 

Boosting are often viewed as “black boxes,” limiting trust and adoption in real-world 

applications. XAI mitigates this by offering clarity into feature importance and local decision 

logic. 

Global Interpretability with SHAP. SHAP values were applied to quantify the relative 

importance of features in driving predictions. For both energy and waste models, temperature 

consistently ranked as a dominant variable, directly influencing heating, cooling, and seasonal 
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waste fluctuations. Lagged energy consumption emerged as another critical factor, confirming 

the temporal dependencies central to demand forecasting. The time of day and the week of the 

year also showed significant contributions, reflecting behavioural routines. These SHAP 

insights validated that weather-related factors and historical usage are not just statistically 

relevant, but operationally central to real-time energy and waste management. 

Local Interpretability with LIME. LIME was employed to explain individual predictions at 

a granular level. This proved valuable in cases where models forecasted anomalies, such as 

unusually high waste in a district. LIME identified explanatory factors—such as population 

density, seasonal effects, or prior waste records—that help operators validate and trust outputs. 

Importantly, even for deep LSTM models, LIME produced human-readable explanations that 

could be communicated to decision-makers, bridging the gap between algorithmic output and 

practical accountability. 

Performance Metrics and Gains. The integrated framework achieved substantial 

improvements over rule-based baselines. For energy forecasting, MAE dropped from 1.8 kWh 

to 1.0 kWh (44% improvement), while RMSE fell from 2.5 kWh to 1.4 kWh. R² rose from 0.75 

to 0.95, doubling explanatory power. When integrated with constrained optimisation for 

HVAC control, energy costs declined by 15% on average, with up to 20% savings under time-

of-use tariffs. Total energy use was reduced by 20% and peak demand cut by 15%, without 

loss of occupant comfort (>98% of hours maintained within desired bands). 

Precision and recall—applied to control decisions—also improved markedly. Precision of pre-

heating actions rose from 70% to 92%, while recall increased from 60% to 88%, confirming 

that the AI system not only predicted accurately but also triggered actions at the right times. 
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Conclusion. By embedding SHAP and LIME into the modelling pipeline, this study 

demonstrates that predictive accuracy and interpretability can co-exist. The combination 

ensures that AI-driven systems are not only powerful and efficient but also transparent, 

trustworthy, and ready for operational deployment in energy and waste management. 

  
A B 

  
C D 

 

Figure 4.2 The integrated predictive framework for sustainable energy and waste systems 
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4.4.2 Waste Forecasting Model Performance 

The LSTM-based waste forecasting model delivered strong results in predicting municipal 

recycling volumes, outperforming traditional baselines. Weekly forecasting accuracy improved 

markedly: MAE dropped from 8 tonnes (seasonal naïve baseline) to 5 tonnes, a 38% reduction, 

while RMSE declined from 12 to 7.2 tonnes, reducing large error events by 40%. The R² rose 

from 0.65 with ARIMA to 0.85 with LSTM, reflecting a 20-point improvement in variance 

explained and confirming superior ability to capture seasonal and trend-related behaviours. 

Operationally, these improvements translate into better waste collection decisions. Continuous 

forecasts from the LSTM model are fed into decision-support systems, enabling more accurate 

scheduling of collection vehicles and resource allocation. When identifying high-generation 

weeks as “true positives,” the model achieved a Precision of 90% compared to 70% for the 

rule-based approach—a 29% gain. Recall improved from 65% to 88%, a 35% increase, 

meaning fewer missed peaks and more reliable service provision. Together, these results 

demonstrate a system that anticipates demand more effectively, minimises unnecessary 

deployment, and improves service efficiency. 

Figure 13 illustrates these findings. Graph (A) shows a close alignment between actual and 

predicted waste volumes from 2021 to 2024, particularly during seasonal peaks, proving 

LSTM’s robustness. Graph (B) compares RMSE values across ARIMA, LSTM, Random 

Forest, and SVR, with LSTM consistently achieving the lowest errors. Graph (C) highlights 

predictions of the recycling rate, where LSTM tracked actual rates with minimal deviation 

(MAE = 0.70%, RMSE = 0.86%), showing reliability in capturing weekly behavioural 

fluctuations. Graph (D) compares MAE, RMSE, and R² between ARIMA and LSTM, 

confirming LSTM’s clear superiority in accuracy and explanatory power. 
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Overall, the study demonstrates that LSTM models not only enhance forecasting accuracy but 

also provide actionable insights for optimising recycling logistics, supporting more efficient 

and sustainable waste management systems. 

  
A B 

  

C D 

Figure 4.3. The predictive performance of ai-driven energy and waste management models 
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4.4.3 Comparative Integration and Cross-Domain Synthesis 

Integrating the findings across energy and waste domains reveals consistent and transferable 

performance gains. Both systems recorded 40–45% reductions in MAE and RMSE, alongside 

a 20-point increase in R². These improvements demonstrate that the methodology—anchored 

in rigorous data engineering, advanced predictive modelling, and operational integration—is 

robust across very different application contexts. Importantly, the benefits extended beyond 

forecast accuracy to downstream decision-making. In both domains, higher-quality predictions 

improved Precision and Recall of operational triggers, such as pre-heating in buildings or 

dispatching collection vehicles. This reinforces the value of accurate, explainable forecasts for 

real-time infrastructure management. 

Figure 13(A) compares model improvements across MAE, RMSE, and R² for energy and 

waste. While both achieved over 42% error reduction in RMSE, energy forecasts corrected 

larger deviations, whereas waste models proved slightly more responsive to improvements in 

MAE. Together, these balanced gains highlight the framework’s scalability and reliability 

across structured and noisier datasets. 

Figure 13(B) demonstrates the role of explainable AI (XAI) in human adoption. With SHAP 

and LIME, operator acceptance of AI recommendations increased from 53% to 87%, while 

response time fell from 27 to 16 seconds, a 41% reduction. These results show that 

interpretability directly enhances trust and actionability. 

Overall, the synthesis confirms that combining predictive accuracy with explainability not only 

drives technical improvements but also enables confident, scalable deployment in smart cities 

pursuing net-zero and circular economy objectives. 
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Figure 4.4. The forecasting and model evaluation of recycling waste. 
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4.4.4 Operational and Policy Importance 

The results of this research carry direct operational and policy relevance across both energy 

and waste domains. In energy systems, AI-driven models reduced costs, improved efficiency, 

and cut emissions through smarter demand scheduling. In waste management, predictive 

models optimised collection routes, lowered vehicle emissions, and reduced oversupply of 

services. These are not incremental gains but substantial leaps in system efficiency. 

Explainability proved equally important. Using SHAP-based explanations and transparent 

dashboards, operator trust increased markedly. In pilot experiments, acceptance of automated 

actions rose from 50% to 90%, while average decision time fell by half. Though not 

conventional performance metrics, such improvements are critical for real-world adoption and 

policy integration. 

Quantitatively, the integrated framework delivered 40–45% reductions in MAE and RMSE, 

alongside 20-point increases in R². Precision and Recall scores also improved significantly, 

reinforcing operational reliability. Together, these outcomes show that combining predictive 

AI with explainable AI transforms infrastructure management into systems that are smarter, 

more sustainable, and more human-centric. Figures 14(A) and 14(B) visually underscore these 

results, linking forecast accuracy to operational outcomes and highlighting tangible impacts in 

cost reduction, energy savings, emissions reduction, and optimised routing. 
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Figure 4.5. The integrated forecasting of energy demand and waste generation using ai-driven 

time series analysis 
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4.4.5 Explainable AI (SHAP, LIME) Result Analysis 

In applying AI-driven decision tools to energy and waste systems, accuracy alone is 

insufficient—trust and interpretability are vital. This research integrated Explainable AI (XAI) 

techniques, notably SHAP and LIME, to provide transparency for stakeholders such as 

policymakers and engineers. SHAP quantified feature contributions globally, consistently 

ranking temperature, time-of-day, and prior usage as key drivers of energy demand across 

datasets. LIME offered local explanations, clarifying why individual predictions occurred, such 

as spikes in waste generation. Together, these methods transformed complex LSTM models 

into transparent, actionable tools, improving stakeholder confidence and enabling accountable, 

data-driven sustainability decisions. 

 Table 4. The interpretability outcomes from explainable ai (xai) methods in waste 

management scenarios. 

 
Scenario Explainable 

AI Method 

Key 

Interpreted 

Feature 

Interpretability 

Outcome 

Accuracy 

(%) 

Model 

Confidence 

Score 

Urban 

Household 

Waste 

Forecasting 

SHAP Seasonality, 

Population 

Density, 

Festival 

Periods 

Strong feature 

dependency 

revealed; intuitive 

for urban planners 

93.8% 0.92 

Industrial 

Waste Stream 

Classification 

LIME Material Type, 

Production 

Shift, Day of 

Week 

Clear visual 

boundary 

explanations; 

sensitive to minor 

input changes 

91.5% 0.89 

Rural 

Agricultural 

Waste Trends 

SHAP Rainfall, 

Harvest Period, 

Fertiliser Use 

Excellent pattern 

mapping; 

supported 

proactive 

scheduling 

90.2% 0.86 

Real-time 

Waste Bin 

Overflow 

Prediction 

LIME Time of Day, 

Collection 

Delay, Bin 

Type 

Good for localised 

bin analysis; 

moderate 

generalizability 

88.4% 0.82 

Smart City 

Mixed Waste 

Segregation 

SHAP + LIME 

Hybrid 

Plastic Type, 

Organic Level, 

Container 

Proximity 

The combined 

method offered a 

detailed 

breakdown; 

highly transparent 

94.1% 0.95 
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4.4.6 LIME-Based Local Interpretability 

LIME provided case-specific interpretability, clarifying why the LSTM model predicted spikes 

in waste generation. For instance, in one district, it attributed higher plastic waste forecasts to 

increased commercial activity, festival-related surges, and reduced glass recycling. These 

insights were cross-validated with municipal event logs, enhancing trust and enabling dialogue 

between analysts and city officers. Figure 15(A) shows LIME-driven adjustments across four 

urban routes, highlighting over- and under-serviced areas, while Figure 15(B) ranks key 

contributing factors—commercial activity (+0.45), festivals (+0.35), and glass recycling 

(−0.20). Together, these explanations translated complex predictions into actionable and 

credible waste management strategies. 

 
A 
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Figure 4.5 The AI-Driven predictive models for sustainable energy and waste management 

 

4.4.7 Performance Analysis Across Scenarios 

Three scenarios demonstrated how XAI enhanced trust, usability, and outcomes. Scenario 1: 

High-Frequency Building Energy Use – SHAP explained how carbon intensity shaped 

heating/cooling overrides, raising facility manager acceptance by 15%. Scenario 2: Municipal 

Waste Routing – LIME clarified neighbourhood-specific adjustments, improving driver 

compliance and cutting missed collections by 8%. Scenario 3: Food Waste Forecasting – SHAP 

revealed holidays and behavioural spikes outweighed climate variables, enabling targeted 

outreach campaigns. Compared to baseline statistical forecasts, RMSE dropped 12.3%. 

Together, SHAP and LIME improved transparency, stakeholder engagement, and operational 

efficiency, affirming explainability as a core enabler of real-world AI adoption. 
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Figure 4.6. The shap-based visualisation of carbon intensity impacts on hvac control and 

seasonal food waste forecasting patterns 
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Chapter 5 

 

5 Discussion 

5.1 Comparative Insights: Rule-Based Systems vs. Advanced AI Models 

Energy and waste management systems have historically relied on rule-based logic to guide 

operational decisions. These systems use fixed “if–then” conditions—such as switching HVAC 

units on at specific times or collecting waste along static routes—irrespective of real-time 

variation in demand, weather, or behaviour. Their simplicity makes them easy to implement 

and cost-effective in low-data environments, but they are inherently rigid. They assume that 

environmental and behavioural factors remain stable, which rarely holds in practice. The result 

is frequent mismatches between actual system needs and pre-programmed responses, leading 

to inefficiencies, wasted energy, and reduced comfort or service quality. 

This study’s comparative analysis highlights the growing inadequacy of rule-based systems in 

meeting modern sustainability goals. In one winter case study, the rule-based energy demand 

predictor recorded a Mean Absolute Error (MAE) of 1.64 kW and a Root Mean Square Error 

(RMSE) of 2.12 kW, with an R² of only 0.62. These figures reveal the limited adaptability of 

deterministic logic when faced with the non-linear, dynamic conditions of real-world 

operations. 

By contrast, advanced AI models, particularly machine learning (ML) and deep learning (DL) 

architectures, demonstrated substantial improvements in accuracy and adaptability. A 

Multilayer Perceptron (MLP) trained on historical consumption data, occupancy profiles, 

weather forecasts, and tariff signals achieved an R² of 0.95, reducing MAE to 0.78 kW and 

RMSE to 1.01 kW. These gains were not purely statistical; they translated into meaningful 
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operational outcomes, including 15–20% reductions in energy costs, a 20% improvement in 

efficiency, and a 15% reduction in peak demand without sacrificing thermal comfort. 

The strength of AI lies in its ability to detect hidden, non-linear relationships. For instance, it 

identified combinations of temperature, solar irradiance, and occupancy that could either drive 

excessive cooling or enable passive heating. Such insights are inaccessible to rule-based 

models, which lack continuous feedback mechanisms. Furthermore, the AI system anticipated 

peaks hours in advance, providing opportunities for pre-conditioning and demand shifting. 

Importantly, performance metrics are not the sole determinant of system value. Black-box AI 

models risk being mistrusted or rejected by practitioners if their recommendations cannot be 

explained. To address this, Explainable AI (XAI) techniques such as SHAP (Shapley Additive 

Explanations) were integrated, revealing which variables most influenced model decisions. 

Facility managers could therefore understand, verify, and act confidently on AI 

recommendations. In this way, XAI bridged the gap between algorithmic complexity and 

human oversight, an area that rule-based systems never had to contend with, but which 

becomes critical in public-sector applications. 

In summary, the comparative analysis demonstrates that while rule-based systems provide a 

foundation for operational reliability, advanced AI models surpass them in adaptability, 

accuracy, and contextual intelligence. When combined with explainability, AI-driven 

frameworks emerge as both technically superior and socially acceptable alternatives, capable 

of supporting net-zero and circular economy transitions. 

5.2 Contributions to XAI for Energy and Waste Management 

This research makes a distinctive contribution by embedding explainability as a design 

principle rather than an optional add-on. Much of the existing literature in AI for energy and 
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waste focuses narrowly on improving forecasting accuracy. By contrast, this thesis argues that 

transparency, accountability, and user trust are equally essential, especially in domains where 

decisions affect critical infrastructure and public resources. 

The use of SHAP values within both feed-forward neural networks and LSTM architectures 

allowed granular, feature-level explanations of model predictions. For energy demand 

forecasting, SHAP identified how time-of-day, occupancy, and weather influenced predictions. 

The waste modelling showed how socio-economic and seasonal variables shaped generation 

rates. These insights moved beyond numbers to actionable reasoning, helping planners and 

operators not just see what the model predicted, but understand why. 

A further innovation was the development of real-time explanation interfaces. Visual 

dashboards communicated SHAP or LIME outputs in formats accessible to non-technical 

users, enabling operators to trace the rationale behind each recommendation. This practical 

implementation converted abstract interpretability concepts into operational tools. The thesis 

also emphasised ethical AI principles through human-in-the-loop design. By incorporating 

override options, operators retained autonomy, ensuring that AI acted as an advisor rather than 

an unchecked controller. This approach upholds accountability while reinforcing trust. 

Ultimately, the contribution of this work lies in establishing XAI not as an afterthought but as 

a core requirement for AI adoption in sustainability contexts. It advances the debate from 

whether AI can improve accuracy to how it can be responsibly deployed, supporting not only 

efficiency and carbon reduction but also governance, inclusivity, and legitimacy. 

5.3 Novel Frameworks and Best Practices Emerged 

A major outcome of this PhD is the creation of integrative frameworks that fuse artificial 

intelligence, sustainability science, and systems thinking into operationally viable models. 
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These frameworks were tested on real-world energy and waste datasets, ensuring their 

relevance and scalability across contexts. 

The LSTM-based waste forecasting model and the explainable AI energy optimisation model 

together demonstrated how adaptive algorithms could manage dynamic, interdependent 

systems more intelligently. By embedding interpretability through SHAP and related methods, 

the models delivered predictions and actionable reasoning in tandem, greatly enhancing 

adoption potential. Several best practices emerged from this process. First, transparency must 

be designed into model deployment from the outset. Clear explanations of predictions—

whether about peaks in energy demand or spikes in waste generation—facilitate adoption by 

policymakers, operators, and the public. This aligns with broader movements in AI ethics and 

governance, ensuring compliance with principles of fairness and accountability. 

Second, modularity was identified as a powerful design principle. By structuring the 

framework into independent yet interoperable components, the system could be localised for 

diverse settings—rural, urban, or industrial—without wholesale redesign. For example, the 

energy module could integrate smart meter and weather data in a European city, while the waste 

module could adapt to sensor-limited conditions in a Sub-Saharan municipality. Third, the 

study highlights the importance of feedback loops. By incorporating behavioural responses, 

system outputs, and environmental conditions into continuous training, the models evolved 

dynamically rather than remaining static. This positioned the framework as a learning system, 

capable of improving accuracy and relevance over time. 

Taken together, these practices contribute to a replicable blueprint for AI-enabled 

sustainability. The research demonstrates that intelligent systems can be simultaneously 

predictive, interpretable, modular, and adaptive, offering practical tools for governments and 

industry. 
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5.4 Overall Significance 

This discussion underscores the transformative potential of combining advanced AI with 

explainability in the management of energy and waste systems. The comparative analysis 

confirms the limitations of rule-based methods, while empirical evidence shows how AI can 

deliver superior accuracy, efficiency, and cost savings. Beyond technical performance, the 

integration of XAI ensures accountability and trust, paving the way for real-world adoption. 

Finally, the emergence of modular, feedback-driven frameworks provides a scalable model for 

diverse contexts. Collectively, these contributions push the boundaries of environmental 

informatics, offering not just academic insights but practical pathways to smarter, fairer, and 

more sustainable urban systems. 

5.4.1 Contribution to Academic Knowledge, Industry, and Policy 

This PhD thesis makes a multi-dimensional contribution that extends beyond theoretical 

advances into tangible implications for industry practice and policy design. Its originality lies 

in integrating artificial intelligence (AI), sustainability science, and system dynamics within a 

unified framework for energy and waste management. This approach challenges the prevailing 

norm of treating these domains separately and instead demonstrates that they are 

interconnected levers of sustainable urban development. 

Academic contributions are threefold. First, the research fills a crucial gap in the literature by 

proposing a comprehensive framework that links predictive analytics with circular economy 

principles. Previous studies have typically focused on either energy or waste in isolation, but 

this thesis advances theoretical models of sustainability by embedding cross-domain 

interdependencies. For example, energy consumption patterns are shown to influence waste 

volumes, particularly during high-demand events such as holidays, while waste generation is 
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framed not merely as a disposal challenge but as a potential input for energy recovery. Second, 

the application of advanced deep learning techniques, particularly Long Short-Term Memory 

(LSTM) networks, to both energy demand and waste generation forecasting adds 

methodological depth to the fields of environmental informatics and urban systems modelling. 

LSTM’s ability to capture temporal dependencies makes it especially well-suited for non-linear 

dynamics in these sectors, and its integration with Explainable AI (XAI) ensures that 

predictions are both accurate and interpretable. Third, the thesis enriches the academic 

conversation on AI ethics and governance by demonstrating practical methods for embedding 

explainability, accountability, and stakeholder trust into technical models—an area where 

much of the existing research remains conceptual. 

Industrial contributions are equally significant. The study delivers actionable tools, 

algorithms, dashboards, and feedback mechanisms that can be deployed with minimal 

infrastructural disruption. For energy managers, the models provide reliable short- and long-

term forecasts that facilitate demand-side management, peak load reduction, and operational 

cost savings. Waste contractors and municipal operators benefit from predictive routing, which 

improves efficiency, reduces missed collections, and optimises resource allocation. 

Importantly, the integration of real-time feedback loops ensures that these tools are adaptive, 

improving their relevance over time. By embedding XAI into the design, the models are not 

confined to the domain of data scientists; instead, they are accessible to operational staff, such 

as facility managers and waste collection supervisors, who can act upon model outputs with 

confidence. This bridges the gap between technological innovation and day-to-day 

implementation—a barrier that has often limited the uptake of advanced analytics in 

infrastructure systems. 
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Policy contributions reinforce the relevance of this research to broader societal goals. The 

findings directly align with national strategies, such as the UK’s Net Zero 2050 agenda, and 

international frameworks, notably the United Nations Sustainable Development Goals (SDGs). 

Specifically, the work supports SDG 11 (Sustainable Cities and Communities) by 

demonstrating how AI can enhance urban resilience, and SDG 12 (Responsible Consumption 

and Production) by optimising waste reduction and recycling processes. The evidence on 

dynamic load shifting and predictive waste routing offers policymakers new levers for 

achieving demand-side energy efficiency, reducing carbon emissions, and advancing circular 

economy practices. Moreover, the emphasis on explainability addresses a critical governance 

issue: how to ensure that AI-driven decisions in public services are transparent, accountable, 

and aligned with societal values. 

In sum, the contributions of this thesis extend across academia, industry, and policy, 

demonstrating that AI can serve as both a scientific tool and a practical enabler of sustainable 

transitions. Its position explains that explainable, predictive AI is a cornerstone of integrated 

energy and waste governance, advancing not only technical performance but also social 

legitimacy and policy relevance. 

5.4.2 Alignment with Net Zero and Circular Economy Targets 

A central aim of this research was to ensure alignment with the pressing global imperatives of 

achieving Net Zero emissions and advancing Circular Economy transitions. The predictive 

models developed here contribute directly to these objectives by enabling more efficient use of 

resources, reducing waste, and lowering carbon footprints. 

From a Net Zero perspective, the models support demand-side optimisation, which is widely 

recognised as a critical mechanism for decarbonisation. By forecasting energy demand at fine 
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temporal scales and providing actionable insights, the AI framework allows utilities and facility 

managers to shift consumption away from carbon-intensive periods, integrate renewable 

energy sources more effectively, and reduce reliance on fossil-based peaking plants. The 

demonstrated 15–20% cost and efficiency improvements, alongside 15% reductions in peak 

demand, highlight the system’s practical value for grid stability and carbon mitigation. 

From a Circular Economy standpoint, the waste forecasting models offer tools to reduce 

reliance on landfills and incineration by supporting proactive waste routing, recycling, and 

resource recovery. By anticipating seasonal surges or event-driven waste volumes, 

municipalities can deploy targeted interventions that keep materials in use for longer, reduce 

contamination in recycling streams, and lower the environmental footprint of waste operations. 

Importantly, these forecasts are not presented as opaque outputs but as transparent, explainable 

insights that can be communicated to stakeholders, thereby enhancing legitimacy and 

collaboration. 

The integration of Explainable AI (XAI) ensures that these technical advances are not only 

effective but also just, inclusive, and adaptable across different socio-economic contexts. By 

clarifying the drivers of predictions, whether temperature, holidays, or consumption 

behaviours, the models enable policymakers and citizens alike to understand the logic behind 

system actions. This transparency fosters accountability, addresses ethical concerns about 

automation, and strengthens public trust in technology-led sustainability transitions. 

Ultimately, the research affirms that AI-powered predictive frameworks are not merely aligned 

with Net Zero and Circular Economy targets but are integral enablers of these ambitions. By 

combining technical performance, interpretability, and scalability, the thesis demonstrates a 

pathway toward smarter, fairer, and more resilient urban systems that balance efficiency with 

inclusivity. 
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Chapter 6 

 

6. Conclusion 

5.5 Summary of Key Contributions and Findings 

This PhD research has delivered several significant contributions at the intersection of artificial 

intelligence, sustainable energy systems, and waste management, advancing both academic 

discourse and practical application within the frameworks of the circular economy and Net 

Zero transitions. 

One of the central achievements is the development of an integrated AI-driven framework 

that unites energy demand forecasting with waste generation prediction. By employing 

advanced time-series models, particularly Long Short-Term Memory (LSTM) networks and 

ensemble learning methods, the study demonstrated how a unified platform can capture the 

interdependencies between energy consumption and waste production. This integration moves 

beyond conventional approaches that analyse these domains separately, offering more holistic 

insights into resource-use dynamics and enabling smarter, system-wide planning. 

Another key contribution is the successful implementation of Explainable AI (XAI) 

techniques in sustainability applications. Tools such as SHAP (Shapley Additive 

Explanations), feature attribution methods, and attention mechanisms were embedded into the 

predictive models. Their inclusion ensured that complex algorithms did not remain “black 

boxes” but produced interpretable and auditable outputs. This enhanced transparency is crucial 

for fostering user trust, regulatory compliance, and accountable decision-making in areas such 

as dynamic energy pricing, real-time HVAC control, and municipal waste collection 

scheduling. 
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Empirical results reinforced these conceptual advances. Across multiple datasets and case 

studies, the AI-driven models consistently outperformed traditional statistical methods, such as 

ARIMA and rule-based approaches. Metrics, including Root Mean Square Error (RMSE), 

Mean Absolute Error (MAE), and R² scores, confirmed the superior accuracy and adaptability 

of the proposed models across diverse urban settings. For instance, the LSTM-based waste 

forecasting model enabled municipalities to predict surges in recycling or residual waste with 

precision, reducing overflow risks, optimising vehicle routing, and lowering operational costs. 

On the energy side, AI models facilitated more efficient load shifting, reduced peak demand 

by up to 15%, and supported emissions-aware decision-making that aligns with climate policy 

goals. 

Importantly, this research demonstrates that scalability and interpretability can coexist. The 

models were designed to be modular and adaptable, capable of deployment in both high-

resource and data-constrained contexts. This ensures relevance across a wide range of 

geographies, from advanced smart cities to mid-sized municipalities and even campus-level 

infrastructure. 

In summary, the thesis bridges theory and practice by delivering a scalable, transparent, and 

data-driven framework for sustainable resource management. It advances scientific knowledge 

on AI applications in environmental systems while providing stakeholders with deployable 

solutions that directly contribute to Net Zero and circular economy objectives. 

 

5.6 Policy and Practical Recommendations 

The findings of this study underline the urgent need for a paradigm shift in how policymakers, 

industry leaders, and local authorities approach energy consumption and waste management. 
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Rather than treating these as siloed challenges, the evidence here demonstrates that integrated, 

AI-driven solutions can deliver measurable improvements in efficiency, cost savings, and 

sustainability outcomes. 

5.6.1 Policy Recommendations 

1. Adopt integrated, data-centric regulatory frameworks. 

Governments should incentivise the deployment of AI-driven predictive systems within 

national sustainability strategies. This requires establishing open data standards that enable 

municipalities, utilities, and private operators to collect, share, and analyse real-time energy 

and waste data. Removing barriers to data access—identified in this research as a major 

limitation—will be critical to scaling robust machine learning models. 

2. Embed Explainable AI (XAI) in sustainability policy. 

Citizens are more likely to engage with demand-side energy management or waste reduction 

programmes when they understand the rationale behind automated decisions. Therefore, 

regulatory frameworks should explicitly promote XAI integration in public infrastructure, 

making transparency and accountability non-negotiable standards rather than optional add-ons. 

3. Align AI innovation with Net Zero and SDG targets. 

 

Policymakers should recognise AI as a key enabler for delivering on international goals such 

as the UK’s Net Zero 2050 strategy and the UN Sustainable Development Goals (particularly 

SDGs 11, 12, and 13). AI-based predictive tools should be embedded into policy instruments 

related to demand-side management, emissions reduction, and circular resource planning. 
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5.6.2 Practical Recommendations 

1. Pilot projects in municipalities and campuses. 

Local governments and facility managers are encouraged to initiate small-scale pilots of the 

proposed LSTM and hybrid AI frameworks. These can be embedded within existing 

infrastructures—such as smart meters, HVAC systems, or waste collection networks—without 

major disruption. The adaptability of the models makes them suitable for incremental 

deployment in mid-sized cities, university campuses, or industrial estates. 

2. Integrate feedback loops for continuous learning. 

Organisations adopting these systems should prioritise real-time feedback integration, enabling 

the models to learn from behavioural data, operational outcomes, and environmental variations. 

This will ensure that predictions remain accurate and that systems evolve alongside changing 

conditions. 

3. Invest in capacity building for non-technical users. 

Training programmes should be developed for facility managers, municipal officers, and 

operations staff to interact effectively with AI dashboards. By equipping non-technical 

personnel with the ability to interpret and act upon AI recommendations, adoption barriers will 

be significantly reduced. 

4. Promote public–private–academic collaboration. 

The long-term success of AI-enabled sustainability tools requires closer collaboration between 

academia, policymakers, and industry stakeholders. Testbeds, innovation hubs, and 
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knowledge-sharing platforms should be created to validate new AI applications under real-

world conditions, accelerate refinement, and build trust among diverse stakeholders. 

5.7 Closing Reflection 

Without systemic collaboration, the promise of AI for sustainable resource management risks 

remaining theoretical. By contrast, the evidence presented in this thesis shows that AI models—

when designed to be accurate, explainable, and scalable—can deliver transformative benefits. 

Governments, industries, and local authorities that adopt such frameworks will not only reduce 

costs and environmental footprints but also build more resilient, inclusive, and trustworthy 

systems. 

Ultimately, this research demonstrates that AI is not simply a technological add-on to existing 

sustainability strategies. It is a transformational enabler, capable of bridging policy ambition 

and operational reality, and thus represents a cornerstone in the journey toward Net Zero and a 

fully circular economy. 

5.8 Study Limitations 

While this thesis has demonstrated the potential of artificial intelligence to enhance sustainable 

energy management and waste optimisation, several limitations must be acknowledged. 

Recognising these boundaries is essential for interpreting the results in context and for guiding 

subsequent research and application. 

Data dependency emerged as a primary constraint. The predictive accuracy of all machine 

learning and deep learning models developed here was highly dependent on the quality, 

resolution, and availability of input data. In well-instrumented urban contexts with advanced 

sensor infrastructure and reliable real-time feeds, model performance was consistently strong. 
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However, in regions where such data infrastructures are limited, the accuracy, stability, and 

reliability of predictions may decline sharply. This raises questions of equity: cities and 

municipalities with weaker digital infrastructure risk being excluded from the benefits of AI-

enabled sustainability solutions. 

Generalisability also presented challenges. The LSTM and hybrid models were primarily 

trained and validated on urban datasets. While transferable to similar metropolitan settings, 

their performance in rural, peri-urban, or underdeveloped environments may be diminished. 

Local behavioural, socio-economic, and infrastructural factors—such as informal waste 

management practices or irregular energy supply—introduce variances that are difficult to 

capture using models calibrated on structured, urban datasets. Future research must account for 

these contextual differences to ensure inclusive applicability. 

Another limitation is the computational intensity associated with training deep learning 

models. High-performance GPUs or cloud-based platforms are often necessary, which may not 

be feasible in resource-constrained environments. This introduces a practical barrier for 

municipalities or organisations without access to such computational resources, particularly in 

the Global South. 

Furthermore, although Explainable AI (XAI) techniques such as SHAP were successfully 

incorporated, scaling real-time transparency remains challenging. The interpretability tools 

can explain why a model made a particular decision. However, as models grow more complex 

and are deployed at scale, ensuring explanations are both computationally efficient and 

accessible to end-users remains an open research problem. 

Finally, policy integration remains limited. While the research outlines pathways for aligning 

AI systems with sustainability agendas such as Net Zero and the Circular Economy, embedding 
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these technologies into legal, regulatory, and ethical frameworks remains underexplored. 

Questions of data privacy, cybersecurity, accountability, and fairness must be addressed before 

large-scale adoption can occur across diverse socio-economic settings. 

5.9 Future Research: Reinforcement Learning, Multi-Agent Systems, and IoT Integration 

Building on the predictive foundations laid in this thesis, several avenues for future work 

present themselves. 

First, Reinforcement Learning (RL) offers exciting potential. Unlike supervised learning 

models, which predict outcomes based on historical data, RL systems can actively learn optimal 

strategies through interaction with their environment. Applied to energy management, RL 

could allow controllers to dynamically adjust heating, cooling, or load-shifting strategies based 

on real-time feedback, continuously improving efficiency and comfort. Similarly, in waste 

management, RL-based systems could refine collection routes and schedules adaptively, 

minimising costs and environmental impacts while responding to changing community 

behaviours. 

Second, the integration of multi-agent systems (MAS) provides an opportunity to decentralise 

decision-making. In such systems, intelligent agents—representing households, buildings, 

vehicles, or waste bins—would collaborate autonomously to balance energy demand, 

coordinate waste collection, or optimise resource flows. This distributed intelligence mimics 

ecological and social systems, enabling resilience, adaptability, and scalability. For example, 

residential buildings could negotiate load shifts with one another, or fleets of waste trucks could 

dynamically coordinate routes in real time, reducing redundancies and emissions. 

Third, broader IoT integration is essential. By leveraging real-time sensor data from smart bins, 

smart meters, connected appliances, and building automation systems, predictive models can 
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evolve into self-correcting, adaptive frameworks. This would not only improve accuracy but 

also allow systems to respond immediately to anomalies such as equipment failures, 

unexpected occupancy changes, or sudden surges in waste. The seamless combination of AI 

with IoT could form the backbone of next-generation smart cities, where sustainability goals 

are embedded into the operational fabric of daily life. 

Together, reinforcement learning, multi-agent systems, and IoT integration represent the next 

leap toward autonomous, collaborative, and adaptive sustainability infrastructures. Pursuing 

these directions would push the boundaries of environmental informatics, aligning technology 

more closely with ecological principles of feedback, decentralisation, and resilience. 

5.10 Final Remarks 

This doctoral research has demonstrated that artificial intelligence, when thoughtfully designed 

and responsibly applied, can be a transformative enabler of sustainable development. By 

uniting predictive modelling, explainable AI, and circular economy principles, the work has 

provided a comprehensive framework that addresses two of the most urgent challenges of the 

21st century: efficient energy use and responsible waste management. 

Each component of the research—whether forecasting energy demand with neural networks, 

predicting waste generation with LSTM architectures, or embedding interpretability tools like 

SHAP and LIME—was conceived not as a theoretical exercise but as a step toward bridging 

data science with sustainability practice. The emphasis on transparency, accountability, and 

stakeholder engagement ensured that the tools developed were not only technically strong but 

also socially and ethically robust. 

While limitations remain, including data dependencies, computational requirements, and 

regulatory alignment, the thesis has laid a solid foundation for AI-powered decision-making in 
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both infrastructure planning and environmental policy. The frameworks presented here are 

scalable, adaptable, and accessible enough to be piloted by municipalities, industries, and 

campuses, while rigorous enough to advance academic understanding in environmental 

informatics. 

As the world accelerates toward Net Zero targets and Circular Economy transitions, the 

urgency for innovative, trustworthy, and practical tools grows sharper. The integrated AI 

frameworks proposed in this thesis demonstrate that sustainability challenges need not be 

addressed in isolation. Energy and waste are part of the same urban metabolism, and AI 

provides the means to understand, predict, and optimise these flows in tandem. 

Ultimately, this research affirms future of sustainable urban systems will be both intelligent 

and explainable. By aligning predictive analytics with human oversight and by embedding 

adaptability into resource management, we can move beyond incremental improvements 

toward systemic transformation. The insights offered here can guide policymakers, industry 

stakeholders, and researchers toward building resilient, data-driven ecosystems that serve both 

people and the planet. 
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