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Abstract

Population growth and urbanization have increased building energy demand over the past few
decades, which has become linked to environmental issues like climate change, air pollution, and
thermal imbalances, which have serious health consequences. Halifax, West Yorkshire, has many
homes with energy ratings of D and E, which increases CO2 emissions and depletes energy
resources. This study examines energy efficiency in buildings by studying climatic, energy usage,
and structural elements that affect energy ratings. The effective analysis and administration of this
region remain unknown despite earlier studies. This research develops and assesses six machine
learning classification models—SVM, RF, GB, XGBoost, KNN, and ET—to forecast energy
ratings in the UK's Energy Performance Certificate (EPC) standard rating scale. Model parameters
are optimized, important aspects are prioritized, and computational efficiency is being assessed.
Sensitivity and correlation analysis illuminate key factors. Ensemble learning can accurately
estimate energy performance, which is promising. This study improves Halifax's building energy

efficiency image by suggesting greener energy management practices.

Keywords: Machine learning, Energy performance, Prediction, Residential buildings, Halifax,
England, energy efficiency, correlation analysis, decision trees, sensitive analysis, energy

consumption reduction, data-driven approach.
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Chapter 1: Introduction

Chapter 1: Introduction

The escalating energy demand in buildings has significant global repercussions, as evidenced by
its significant environmental, economic, and social consequences (IEA, 2022). Consumption of
non-renewable energy exacerbates climate change, affecting regions well beyond their source
(UNEP, 2021). This shared challenge highlights the interdependence of energy systems and
emphasizes the need for global cooperation to increase energy efficiency and pave the way for a
sustainable future (UN, 2021). As nations navigate this complex terrain together, the pursuit of a
greener and more resilient future assumes utmost significance. As 30% of total ultimate energy
consumption and 26% of global energy-related emissions are attributable to the building sector
(IEA, 2022). This consists of 8% direct emissions from buildings and 18% indirect emissions
resulting from the generation of electricity and heat for building operations. Notably, direct
emissions decreased in 2022, while heating-related emissions increased in certain regions due to
extreme temperatures. In the same year, energy consumption in the buildings sector increased
marginally by 1% (IEA, 2022). This alarming statistic highlights the urgent need to transform how
buildings and households utilize energy resources, prioritizing energy efficiency for a more

sustainable future.

1.1 The Environmental Impact

Energy use in buildings contributes to environmental issues like air pollution. Additionally, it adds
to thermal pollution, which occurs when excess heat is released into water bodies, altering aquatic
ecosystems and endangering human survival (Dandotiya, 2020). Residential and commercial
buildings are responsible for around 60% of the world's electricity use, 40% of its resources, and

about one-third of its greenhouse gas (GHG) emissions, according to the United Nations
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Environment Programme (UNEP) (United Nations Environment Programme, 2017). The potential
for even higher energy usage is obvious as the global population continues to grow rapidly and

housing demand rises.

1.2 The Need for Energy Efficiency in Buildings

Buildings are a substantial contributor to the UK's energy usage, making up 70% of it, according
to the Building Energy Efficiency Survey (BEES) conducted in 2016 in the UK. The inside
lighting, heating, catering, and refrigeration systems of a facility use the most energy. Concerns
about the resulting environmental impact grow as this fraction of building energy use keeps
increasing. But structures stand out as important potential answers to these problems (Ibraheem et
al., 2017). Understanding and improving a building's energy efficiency is becoming more critical

due to a growing population and increased demand for new construction (TOPRAK et al., 2017).

A decrease from 13.3% in 2020 to 12.3% in 2021 will be attributed to the built environment, which
includes the residential, public, and commercial sectors (CAP, 2023). Notably, the COVID-19
epidemic and related regulations caused more time spent at home, which increased 2020 emissions.
However, evidence from 2021 suggests that by the end of 2020, these limitations will be relaxed.
As reported by the Sustainable Energy Authority of Ireland (SEAI), 73% of homes use fossil fuels

for heating, which is highlighted by the increase in emissions in 2020 (SEAI 2022).

As aresult, coordinated efforts to decarbonize heating in this industry provide a twofold advantage
by resolving the financial difficulties faced by households and companies as well as furthering

sustainability goals.
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1.3 Government Initiatives

In response, governments all over the world have implemented rules, guidelines, and rewards to
promote building energy efficiency. According to the Department of Business, Energy & Industrial
Strategy, 2021,by cutting emissions by 78% from 1990 levels by 2035, the UK government would
implement the most aggressive climate change goal in the world. In order to increase the energy
efficiency of buildings, certification systems and standard rating schemes were developed as a
result of the EU regulation on building energy performance from 2002 (European Parliament,
2002). In order to inform building owners of their current energy use and policy changes to increase
energy efficiency, the United Kingdom uses a standard grading scale (Curtis, Devitt, & Whelan,

2014).

1.4 The Role of Building Energy Rating and Property Market

Building energy ratings are important since they drive up the price to sell energy-efficient houses
in the real estate market. Buildings with high energy ratings can fetch a higher price, according to
several research (Brounen and Kok, 2011; Cajias and Piazolo, 2012; Curtis, Devitt, and Whelan,
2014). This encourages customers and property developers to think about energy performance
before development or purchase. Building characteristics like wall properties, roof properties, floor
properties, and wall thickness have a big impact on energy consumption at the pre-development
stage (Brown, Southworth, and Sarzynski, 2009; Hankey and Marshall, 2010; Guhathakurta and

Williams, 2015; Robinson et al., 2017; Li et al., 2018).
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1.5 Applicable approaches to measure and optimize the building energy efficiency

Researchers all over the world are using machine learning techniques like Support Vector Machine
(SVM), Decision Tree (DT), and ANN (ANN) to better understand building energy efficiency in
response to growing environmental concerns about building energy consumption (Dong, Cao, and
Lee, 2005; Li et al., 2009; Tardioli et al., 2015; Aversa et al., 2016; Pham et al., 2020). These
techniques are useful for evaluating and improving energy efficiency. A trustworthy model for
estimating energy usage is required to build an efficient energy demand management system
(Aversa et al., 2016). However, problems still exist because of a variety of factors that affect energy
use, including as weather, physical characteristics, and tenant behaviour (Li et al., 2018; Hamed
and Nada, 2019). The complex relationship between energy consumption rates and the
construction of physical structures is particularly highlighted by the United Nations Environment
Programme (UNEP), which further complicates the study landscape (United Nations Environment
Programme, 2017). These appropriate approaches provide a means of addressing these difficulties

and formulating plans for improving building energy efficiency.

1.5 Research Objectives and Methodology

Our study project, which aims to rigorously explore and thoroughly analyse the complex web of
elements that significantly affect energy efficiency in residential structures and households, is a
response to an urgent imperative. The city of Halifax, a significant metropolitan hub located within
the larger setting of England, serves as our major focal point. A striking fact supports our decision
to use England as our research location, approximately 12 million homes now have Energy

Performance Certificates (EPCs) that are below the minimal C grade in the A-G grading system.
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Due to the current circumstances, households must spend more money on energy, which results in
the unnecessary release of large amounts of carbon dioxide into the atmosphere. In order to get a
significant part of these homes up to a grade C status on the EPC scale by the year 2035, the
government has set lofty goals. The project is supported by a dedication to practical, economical,

and realistic ways.

There are more than a million people that live in Halifax, which is located in West Yorkshire.
Nearly a third of the region's total emissions related to buildings come from this group as a whole.
According to estimates from governmental sources, 700,000 residences require the adoption of
modern, low-carbon heating systems, along with an equal number that require the implementation

of energy saving measures.

Halifax stands out as a focal point in our research because it eloquently represents the major
national issue. Of the 42,000 buildings that make up Halifax's landscape, a sizable portion—
roughly 18,500—had energy ratings that are categorized as D, while another 13,000 have ratings
of E. This information reveals an unsettling truth: a startling 73 percent of the overall building

stock exhibits indicators of energy inefficiency.

Our research aims to create a reliable forecast model by carefully examining a variety of factors
that affect energy consumption, such as architectural type, household characteristics, geographic

orientation, structural age, and heating techniques.

For a number of related reasons, the use of a predictive model is essential to our study project. Our
main goal is to predict and evaluate the results of energy efficiency in household settings. This

ability to predict enables us to foresee how several aspects, including building characteristics,
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household characteristics, geographic context, and heating systems, interact to influence energy

usage and overall efficiency.

Our predictive model further broadens its application to incorporate estimates of energy
expenditures. Understanding how various factors affect energy ratings allows us to offer insightful
information about potential cost-cutting measures for tenants and homeowners. To make wise

decisions about how to consume energy, this economic aspect is crucial.

2021 EPC ratings of residential buildings in Halifax
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Figure:1 EPC rating of residential buildings in Halifax

Source: Energy performance Certificates, Cathedrale, 2021

To accomplish these goals, sophisticated machine learning algorithms will be used to analyse a
comprehensive dataset containing detailed information about building characteristics, household
profiles, and historical energy consumption records. By leveraging the power of machine learning,

the model will be able to identify significant factors that influence the energy ratings of specific
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homes and determine their energy consumption patterns over time. This data-driven strategy will
enable policymakers, building administrators, and Halifax residents to implement energy-efticient

measures tailored to their specific building and household characteristics.

Certainly, the correlation and sensitivity analyses within the research project will investigate the
complex relationships between the independent variables (including CO2 emissions, Low
Lightning energy, Temperature, Air frost days, and other relevant factors) and the dependent

variable (Energy rating) in the context of Halifax, West Yorkshire, England households.

The correlation analysis will reveal whether particular independent variables have positive or
negative associations with the energy rating. This investigation may reveal whether higher CO2
emissions correspond to lower energy ratings or whether higher temperatures correspond to higher
energy ratings. These insights provide valuable glimpses into patterns, illustrating which factors

tend to correlate with increased or decreased energy efficiency.

In contrast, sensitivity analysis investigates the degree to which variations in each independent
variable affect the energy rating. This will help determine which variables have the greatest effect
on the energy rating. For example, the analysis may reveal whether fluctuations in Low Lightning

energy have a greater impact on the energy rating than variations in Air frost days.

Through the examination of these complex patterns, the research aims to identify the primary
drivers and constraints that influence the energy efficiency of homes. Consequently, these findings
provide guidance for decision-makers in the formulation of strategies that effectively optimise

energy consumption, enhance energy efficiency, and increase overall energy ratings.
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1.6 Practical Implications and Global Relevance

This research will have major practical effects. The findings will help policymakers identify the
main drivers of energy use in buildings and households, enabling them to create energy efficiency
and sustainability programmes for the construction and housing sectors. Understanding how
building types, heating systems, and location affect energy use can help policymakers create

incentives and rules for greener technology and practices.

The research can help building managers choose energy-efticient solutions and retrofit structures.
Building managers can choose energy-saving initiatives with the greatest impact by determining
the most important energy efficiency criteria. Halifax buildings may have lower running expenses

and carbon footprints.

Residents can use the research findings to optimize their energy use. Understand how building
attributes and heating systems affect energy ratings to make informed energy usage choices that

may cut utility costs and environmental effect.

The findings of this investigation will go beyond Halifax. This study's principles and methods can

be applied to energy efficiency and sustainability studies in other nations.

In conclusion, our research effort has great potential to reduce energy usage and greenhouse gas
emissions in the built environment. We use powerful machine learning and a large dataset to create
a greener, more energy-efficient urban landscape in Halifax and beyond, assuring a sustainable
and responsible future for future generations. We expect to discover new insights and methods that
can drive meaningful change and make our world more sustainable and energy-conscious as we

study the findings.
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2.1 HVAC Systems in Buildings

Moving on to Heating, Ventilation, and Air Conditioning (HVAC) systems in buildings, Support
Vector Regression (SVR) has been widely employed in predicting building electricity consumption
and cooling load (Niu, Wang, and Wu, 2010; Aversa et al., 2016). Dong et al. compared various
data-driven methods, including ANN, SVR, and hybrid techniques like Least-Square Support
Vector Machine (LS-SVM), Gaussian Process Regression (GPR), and Gaussian Mixture Model
(GMM), for forecasting future electricity consumption. The authors discovered that the hybrid

modeling approach yielded superior results for hourly energy predictions (Dong et al., 2016).

In the quest for predicting the energy efficiency of buildings, researchers have employed various
approaches, with a particular emphasis on the HVAC system due to its significant energy
consumption. The HVAC system plays a crucial role in maintaining the desired temperature within
a building by meeting heating and cooling load requirements. To enhance energy efficiency and
reduce energy consumption, minimizing these load requirements is essential. Goyal (2020)
conducted research that examined eight significant characteristics of buildings, including Relative
Compactness, Surface Area, Wall Area, Roof Area, Overall, Height, Orientation, Glazing Area,
and Glazing Area Distribution. These characteristics were analyzed to predict the heating load and
cooling load. However, this study did not consider other important features, which may yield

different results.
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Zhuang (2023) suggested a data-driven predictive control strategy for HVAC system optimisation
using TSF and RL. This study analysed sensor metadata to optimise HVAC operations in IoT-
enabled smart buildings. The study built and validated sixteen LSTM designs with bi-directional
processing, convolution, and attention mechanisms. The independent, short-term, and long-term
recursive prediction scenarios of the TSF models were thoroughly evaluated. The temperature-
humidity prediction model showed that recursive prediction reduced model accuracy. Attention
greatly improved prediction performance in both recursive and independent prediction scenarios.
This paper introduces data-driven HVAC optimisation methods for intelligent buildings to provide

a human-centric built environment in the 10T era.

Several research studies have been conducted in the field of energy efficiency and prediction
models for HVAC systems in buildings. Deb (2018) developed a prediction model for HVAC-
related energy savings in office buildings using data gathered from energy audit reports of 56 office
buildings in Singapore. The study utilized Multiple Linear Regression (MLR) and Artificial Neural
Network (ANN) models, considering variables such as gross floor area, air-conditioning energy
consumption, operational hours, and chiller plant efficiency. While the results were impressive,
the study had limitations in terms of the small dataset and the limited number of algorithms used

for model development.

Candanedo (2017) presented data-driven predictive models for appliance energy use based on
temperature and humidity sensor measurements, weather data, and recorded energy use. Multiple
linear regression, support vector machines, random forest, and gradient boosting machines were
trained and evaluated for energy prediction. The study highlighted the significance of atmospheric
pressure, which correlated with wind speed, as a relevant weather variable for accurate energy
prediction models and building performance modeling.
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Tsanas (2012) investigated the association strength between input variables and output variables
for predicting heating load (HL) and cooling load (CL) in residential buildings. The study utilized
classical and non-parametric statistical analysis tools and compared classical linear regression with
random forest methods. The findings demonstrated the feasibility and accuracy of using machine

learning tools for estimating building parameters.

These studies collectively highlight the potential of machine learning algorithms, such as SVM,
ANN, and SVR, in predicting energy consumption and optimizing energy efficiency in buildings,
particularly in the context of HVAC systems. By leveraging historical data, building
characteristics, and relevant variables, accurate predictions and optimized energy usage can be

achieved, contributing to proactive energy management and a more sustainable built environment.

2.2 Machine learning and Energy efficiency

Machine learning (ML) techniques for building energy consumption forecasting have been
extensively studied. Ekici and Aksoy (2009), Qiong Li, Peng Ren, and Qinglin Meng (2010),
Robinson et al. (2017), Li et al. (2018), and Amasyali and El-Gohary (2021) have made significant
contributions to this field. ML algorithms have been thoroughly studied, but energy rating-based
energy performance prediction has not. SVM is a popular ML technique for small datasets (Li et
al., 2009; Qiong Li, Peng Ren, and Qinglin Meng, 2010; Aversa et al., 2016). Support Vector

Classifier (SVC) or SVM is used for classification.

Dong et al. proposed SVM for estimating building monthly electricity consumption. Dong et al.
found that SVM outperformed neural networks (Dong, Cao, and Lee, 2005). Ahmad et al. reviewed
ANN and SVM for building electrical energy consumption predictions. Each method has pros and

cons, thus the researchers proposed a hybrid model that integrates both to improve estimation
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(Ahmad et al., 2014). The goal of machine learning is to create a reliable, all-around model (Khan

et al., 2020).

2.3 Prediction of Energy rating using Building characteristics

Numerous studies have been conducted on the effects of energy efficiency in buildings, with a
focus on establishing prediction models and examining different aspects that affect energy ratings
and consumption. This literature review highlights the contributions and major findings of various

research papers in this field by summarizing and synthesizing their findings.

Olu-Ajayi (2021) did a study in the UK to look into how weather and construction characteristics
affect a building's energy rating. The goal of the study was to create a predictive model based on
the location, size, and type of the house. The study emphasized the significance of taking these

variables into account when estimating a building's energy efficiency.

In a study by Curtis (2014), a methodology for estimating residential properties' energy
performance by fusing census data with energy performance data was presented. The study found
age, ownership, and location as identifying characteristics of energy inefficient properties. The
results showed that households with senior members and those renting homes had greater rates of

energy inefficiency.

In the study done by Barroso-Maldonado et al. (2017), the authors concentrated on using artificial
neural networks (ANNs) and probabilistic neural networks (PNNs) to estimate the energy
performance of a reciprocating compressor. Their goal was to create precise models that could
calculate the compressor's energy efficiency, which is essential for optimizing its performance and

reducing overall energy usage.
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The researchers gathered information on the reciprocating compressor's performance and
operating circumstances in order to do this. The ANN and PNN models, which are machine
learning algorithms capable of learning patterns and making predictions based on input-output

correlations, were trained and validated using this data.

The results of this study could be used to inform future investigations into the modification and
use of ANN and PNN models for forecasting energy efficiency in Halifax, England, residential
buildings. It would be conceivable to create accurate models that can estimate energy efficiency
and support the optimization of energy usage in residential structures by collecting pertinent data,

training the models, and testing their accuracy.

In 2009, Bianco, Manca, and Nardini used linear regression models to accurately predict Italian
power consumption. The study aims to build reliable models that can reliably estimate power use
to aid energy management and planning. The researchers examine historical Italian electricity use
data and consider day of the week, time of day, and weather. These factors are incorporated to
linear regression models, which are trained and validated for prediction accuracy. Although this
study does not consider building factors that also affect energy usage. Our study will employ

building attributes as inputs to the model to create more accurate and reliable results.

Feng (2021) used extensive utility statistics from volunteer homes in various climate zones in the
US to create an accurate prediction model for energy consumption. Key meteorological and
building factors that improved the predicted performance of the model were uncovered through

the use of regression approaches, including the extreme Gradient Boosting (X boost) model.

Tardioli et al. (2015)'s study focuses on data-driven methods for forecasting building energy usage

at the metropolitan scale. Although Halifax, England is not expressly included in the paper, it offers
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important insights into the effectiveness of machine learning in predicting energy efficiency. The
study investigates the application of machine learning techniques to create building energy

consumption models that can be predicted with accuracy.

The research's findings show how machine learning can accurately forecast how much energy a
building would use by using a variety of input parameters, including weather, building attributes,
and occupancy patterns. Applying these data-driven methodologies directly to the context of
energy efficiency prediction in residential structures in Halifax, England, however, still needs more

research.

Our work seeks to fill this knowledge vacuum by adapting Tardioli et al. (2015)'s techniques and
findings to the distinctive features of Halifax, England. We can create machine learning models
that precisely anticipate energy efficiency in residential buildings in Halifax by gathering and

combining local data on weather patterns, building attributes, and occupancy patterns.

Zeki-Suac (2021) looked into how to manage energy efficiency in the public sector by combining
Big Data platforms with machine learning methods. The study created prediction models for
particular energy usage in Croatian public sector buildings utilizing deep neural networks, R part
regression trees, and Random Forest. The models were created with the intention of being used in

a platform for controlling smart public buildings in smart cities to increase energy efficiency.

An extensive review of machine learning models used in estimating electricity usage is provided
by Gonzalez-Briones et al. (2019). Their study investigates the performance and efficacy of several
algorithms, such as Gradient Boosting Machines (GBMs), Support Vector Machines (SVMs),

Random Forests (RFs), and Artificial Neural Networks (ANNs). The authors want to provide
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helpful insights into the potential and constraints of these models by evaluating a number of

research publications and studies.

The review's emphasis on the importance of feature engineering and selection in raising forecasting
accuracy is a crucial point. To capture the underlying patterns and trends in energy use, the authors
emphasise the inclusion of temporal elements including time of day, day of the week, and seasonal
variations. In order to improve forecasting abilities, they also touch on the significance of adding

exogenous variables such as weather conditions and socio-economic indicators.

Saab, Badr, and Nasr (2001) examined Lebanon's electricity consumption univariate modelling
and forecasting. The project established accurate electricity consumption prediction models for
national energy planning and control. In univariate modelling, researchers examined historical
power usage trends without additional variables. They predicted electricity use using time series
analysis and autoregressive integrated moving average (ARIMA) models. Though they studied
time series data extensively. Our investigation is limited to regional residences rather than the

entire country.

Fan (2014) suggested using data mining to create ensemble models for energy usage and peak
power demand. The study included outlier identification, feature selection, and a multi-predictor
ensemble model. The ensemble models displayed defect identification, diagnosis, and optimisation

in building operations and smart grid interactions.

Dong (2016) tested ANN, SVR, and GMM to predict commercial building energy use. Residential

data sets with smart metres were utilised to forecast total and non-air conditioning energy use.

Naganathan (2016) investigated data mining methods for transmission network energy loss

optimisation. The work used clustering methods to model supply-demand and semi-supervised
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machine learning for loss optimisation. The proposed technique utilised real-time building and

substation data to provide utility service providers with insights.

Mohamed and Bodger (2005) used economic and demographic data to predict New Zealand power
consumption. The researchers used regression analysis to evaluate the relationship between power
usage, GDP, population, and electricity costs. The study sought to understand electricity use

patterns and enhance forecasting algorithms.

Mohamed and Bodger (2005) employed regression analysis, however machine learning techniques
can improve electricity usage estimates. Machine learning lets academics study complex linkages

and nonlinear patterns that older methods miss.

Shapi, Ramli, and Awalin (2021) estimated Malaysian smart building energy utilisation using
machine learning. The research reveals how machine learning can predict energy efficiency
beyond Halifax, England. Machine learning models accurately predicted energy usage based on
input data. Machine learning improved smart building energy management by predicting energy
usage patterns.Although the study focuses on Malaysia, its methodologies and insights can be
utilised to estimate Halifax, England residential energy efficiency. Machine learning algorithms
can identify complex energy use trends in large datasets. The study's machine learning algorithms
may be adapted to Halifax's climate, construction requirements, and energy demand patterns to

create energy efficiency models.

Halifax residential buildings' energy efficiency can be predicted using machine learning. Machine
learning algorithms can detect energy efficiency aspects using historical energy use, weather,
building attributes, and occupancy data. Knowledge can optimise energy use and inform proactive

energy management.
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Dong (2021) predicted building energy usage using ensemble learning and energy consumption
pattern classification. The study mined patterns using decision trees and created ensemble models.
The method's prediction accuracy and robustness under varied training data amounts were

compared to other models.

Eiraudo (2023) proposed a machine learning method for building energy efficiency indicator
analysis using decomposition and clustering algorithms. The study classified buildings by usage

categories with great accuracy using k-means clustering.

Park (2016) sought to create a new energy benchmark for South Korean office block operating
rating systems. Data mining methods like correlation, decision tree, and analysis of variance were

used. Energy standards for different office buildings were created using the findings.

Building energy efficiency has been understood and predicted by the examined research
publications. They used weather, building attributes, machine learning algorithms, and data
mining to generate prediction models and improve energy management strategies. These

research help improve energy efficiency and sustainable building practices.

2.4 CO2 emissions and energy efficiency

According to the IEA's 2022 study, buildings account for 30% of energy consumption and 26% of
related emissions, having a substantial impact on global energy use and emissions. The

environmental impact of buildings, from their creation to their use, is sharply shown by this.

Due to the extensive effects, this emphasizes the need to control energy usage and emissions. The
30% energy share highlights the significant resource allocation in structures. The breakdown of
26% into direct and indirect emissions highlights both on-site and off-site emissions related to

power.
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Sustainable design, building, and operations are essential. Renewable energy, greater insulation,
and efficient technologies lessen construction impacts. It promotes climate goals, generates eco-
friendly and cost-effective results, and encourages stakeholders to prioritise energy efficiency and
environmental responsibility. Studies link CO2 and building energy efficiency, emphasising the
need to cut carbon emissions for sustainability. Nonrenewable energy increases CO2 emissions.
Promoting energy efficiency and sustainable practises requires reducing energy use and CO2

emissions.

Wang (2021) quantified the effects of important driving factors on household energy usage. The
U.S. Residential Energy Consumption Survey 2015 was analyzed using machine learning and
Monte Carlo. The study found that building space, rooms, windows, interior heating temperature
setpoint, and tenant age positively linked with energy end-use. The cooling temperature setpoint
correlated negatively. The study also showed the complicated effects of heating and cooling degree
days and insulation levels mitigated by harsh environment conditions. These findings stress the

need of considering numerous parameters when analyzing home energy use and CO2 emissions.

Kapoor (2022) predicted office CO2 concentrations using machine learning. The study used real-
time interior CO2 levels, occupancy levels, area per person, outdoor temperature, wind speed,
relative humidity, and air quality index. Ten machine learning algorithms—ANN, SVM, DT, GPR,
LR, EL, and optimized versions of GPR, EL, DT, and SVM—were compared for predictive
accuracy. The optimized GPR model outperformed the others in prediction accuracy. This study

shows how machine learning can forecast CO2 concentrations and building energy efficiency.

The study emphasises CO2 emissions and residential energy efficiency. Machine learning shows

complex relationships between parameters and energy use in several investigations. Additional
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variables and model generalizability to other sectors need more study. Reduce home CO2
emissions by testing mitigation techniques. Future study should integrate building design, tenant
behaviour, and renewable energy integration to improve predictive models. For many scenarios,
these models must be generalizable to varied geographies and building types. Studying mitigation
techniques like enhanced insulation, energy-efficient appliances, and renewable energy systems
can assist policymakers, designers, and homeowners minimise CO2 emissions and increase

household energy efficiency.

The effect of CO2 on household energy efficiency has been extensively studied. Studies using
machine learning have shown the intricate interaction between many factors and energy usage,
emphasizing the need to account CO2 emissions while assessing energy efficiency. However, more
research is needed to examine additional factors, model generalizability, and mitigating
techniques. Future research can address these gaps to develop sustainable practices and policies

that improve energy efficiency and minimize residential building CO2 emissions

2.5 Sensitivity analysis

Recent research has focused a lot of effort on predicting energy efficiency in residential buildings
using machine learning approaches. Sensitivity analysis has become a useful tool for pinpointing
the distinct contributions of input variables and enhancing the building industry's energy,
environmental, and financial performance. With a focus on Halifax, England, this review of the
literature intends to investigate the available studies on the use of sensitivity analysis in forecasting

energy efficiency in residential structures.

Chen researched a green construction meta-model for a typical Hong Kong high-rise residential

project in 2017. The study examined interior environmental factors like daylight, natural
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ventilation, and thermal comfort to correlate input parameters and output indices. This was done
using Monte Carlo regression and Energy Plus simulations. This method allowed detailed
examination of parameter fluctuations and uncertainties, yielding robust results. Sensitivity
analysis helped identify green building-compliant architectural design elements. MARS improved
the model's fitting precision and predictive capacity. Chen's Monte Carlo study captures the
complexity of real-world unpredictability and uncertainty, making it a reliable addition to green

construction research.

Wei (2013) explored the use of sensitivity analysis in building performance analysis in another
study. The study went over the procedures for carrying out sensitivity analysis and covered useful
topics including figuring out input variations, picking suitable building energy programmes, and
speeding up the computation of energy models. With an emphasis on frequently disregarded
subjects such the use of sensitivity analysis in observational research, handling correlated inputs,
computing sensitivity index fluctuations, and addressing software-related issues, many sensitivity

analysis approaches were evaluated.

To determine the degree of uncertainty brought on by design characteristics in energy prediction,
Singh (2020) conducted a sensitivity analysis of energy models. The study used a variance-based
sensitivity analysis method to rank the impact of design elements. The study classified parameters
based on how they affected energy forecasts at various levels within a multi-Level of Detail (LOD)
approach. These results are especially important for creating a multi-LOD method for identifying

performance-relevant decisions early in the design process.
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Delgarm (2018) used Energy Plus with the one-factor-at-a-time (OFAT) and variance-based
sensitivity analysis approaches to pinpoint the key factors affecting a building's energy efficiency
during the early design stage. The study evaluated the effects of design elements, including
building orientation, window size, overhang system, glass and wall specifications, on building
energy requirements under various weather situations. This was done by evaluating a typical room
model. Engineers and decision-makers found the created simulation-based sensitivity analysis
method to be a helpful tool for helping them throughout the early stages of planning to increase

building energy efficiency.

Shen (2013) used an integrated thermal and lighting simulation model to carry out a thorough
global uncertainty and sensitivity analysis of daylighting and energy performance in private
workplaces. In order to facilitate decision-making in building design and streamline optimization
analysis, the investigation sought to pinpoint the most important variables influencing building

thermal and lighting energy performance.

Bre (2016) conducted a study in which simulation-based optimization and sensitivity analysis were
coupled to improve the thermal and energy efficiency of residential buildings in the Argentine
Littoral. The research ranked the impact of design factors on the objective function denoting the
thermal and energy performance of a house using the Morris screening method. The results showed
that the most important design factors for the under-consideration house were exterior wall type,

windows infiltration rate, and solar azimuth.

These studies offer insightful information on the practical use of sensitivity analysis, which can be
used to unlock the power of machine learning in predicting energy efficiency in Halifax, England,
residential buildings. Further study that is primarily focused on the Halifax environment is

nevertheless necessary in order to take into account regional climate variables, building
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restrictions, and energy efficiency standards. The adaptation of these approaches to Halifax's
unique features will aid in the creation of precise and efficient machine learning models for

predicting energy efficiency.

Overall, sensitivity analysis has shown to be an essential method for figuring out how input
parameters affect energy efficiency in residential structures and for optimizing that efficiency. The
examined works show how sensitivity analysis may be used in a variety of situations and how it
can enhance forecasts of how well buildings will perform. Further study in the setting of Halifax,
England will develop this discipline and offer tremendous potential for accurately predicting
energy efficiency in residential structures by combining machine learning approaches with

sensitivity analysis.

2.6 Conclusion on Literature Review

Our thorough examination of the literature revealed important gaps in the energy rating prediction
based on building characteristics. Although there are many research, our targeted method reveals
that our constituency has little localized investigations, in contrast to the common nationwide
perspective. Surprisingly, no prior studies investigated the effect of CO2 emissions on energy
evaluations in our particular environment or performed sensitivity or correlation analyses to clarify
complex variable connections. For increased energy efficiency and environmental sustainability,
it is essential to look into the CO2-energy rating nexus. Understanding this connection highlights
its relevance in localized efficiency and emissions plans and helps identify unsustainable buildings
while also informing emissions policies, empowering individuals to make decisions, and aligning

with global climate initiatives.
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The use of tiny datasets in earlier studies, which can reduce the robustness of predictive models,
is another key drawback. Furthermore, the current method of predicting energy rating by using a
small number of algorithms (usually four or five) has space for improvement. Our suggested study
intends to create an improved predictive model to fill up these gaps. This model will make use of
vast datasets, a variety of algorithms, and cutting-edge feature selection methods. Importantly,
thorough sensitivity and correlation studies will be used to account for the impact of CO2
emissions. By filling in these gaps, our study hopes to advance our knowledge of residential
building energy rating prediction and offer useful advice for implementing energy-efficient

practices.
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Chapter 3: Research Methodology

The research methodology employed in this study aims to predict the energy performance of
residential buildings in the Halifax region of England. The focus is on our key aspect energy rating.
To achieve this, a classification model based solely on variables related to the physical structure
of buildings and geographical conditions is proposed. Various machine learning algorithms,
including Ensemble learning, K Nearest Neighbor (KNN), Decision Tree (DT), and Support Vector
Machine (SVM), are utilized for prediction. The development of the models is carried out using

the Python programming language within the Google Colab.

In addition to the model development, sensitivity and correlation analyses are conducted to identify
the variables that have a significant impact on the energy efficiency of buildings. The literature
review has emphasized the importance of considering the environmental impact of buildings (Co2

emissions) on energy rating and efficiency.

The collected data undergoes thorough examination and preprocessing to address any potential
issues that may arise during model training. Once the data is prepared, each model is trained and
tested accordingly. The performance of the models is then evaluated to assess their effectiveness

in predicting the energy performance of the buildings.

The methodology of this study includes several stages, including Data Description, data
preprocessing, Data Exploration, Model Development and model evaluation. These steps ensure a
systematic approach to analyzing the collected data and building accurate prediction models for

energy efficiency and energy rating of residential buildings in Halifax, England.
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3.1 Data Description

The data used for this analysis was gathered from the UK Ministry of Housing Communities and
Local Government (MHCLG) Repository, along with weather information from the UK Met
Office. The most recent available data, sourced from Energy Performance Certificates (EPC

certificates) in 2021, was utilized for this study. The data was based on the basis of inspected date
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of the households and it has the data from 2013 to 2021.These certificates were acquired through
surveys conducted in collaboration with local government entities within the Halifax constituency,

located in England.

In particular, the dataset revolves around 42,206 residential buildings situated within the Halifax
constituency. Each building's corresponding current energy rating is provided. The dataset
encompasses a wide array of building attributes, encompassing aspects such as Energy
consumption, CO2 Emissions, Low energy lighting, Number of Heated Rooms, Property Type,

Built Form, Walls efficiency, and more.

The weather data included in the analysis comprises essential factors like Mean Annual
Temperature, Air Frost Days per Year, Sunlight Days per Year, and Annual Rainfall (measured in
millimeters). To ensure comprehensive information, weather data for the nearby city of Bradford,
UK was employed. This choice was made due to the unavailability of direct weather data for
Halifax. Despite this difference, both Halifax and Bradford share comparable geographical

conditions.

By merging these building and weather datasets based on the inspection year of the buildings, the
analysis allows for an exploration of the relationship between building properties and energy

ratings while considering the outdoor weather conditions in the vicinity.

3.2 Data Preprocessing

Data pre-processing is a crucial stage for ensuring the quality and accuracy of the database,
especially in machine learning applications. Although it can be time-consuming and
computationally intensive, it plays a vital role in preparing the data for model training. Handling

missing or abnormal values is essential to avoid complexities in the model.
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In the case of the building dataset, we performed data cleaning by removing buildings with
multiple missing values and imputing mode values for rows with limited missing data.
Additionally, since the dataset contains numerous categorical variables, we converted some of
them into numerical variables using mapping techniques, such as Main gas flag, Hot water Energy
efficiency, Windows energy efficiency, and walls energy efficiency. For other categorical variables
like Property Type, Built Form, Transaction Type, Energy Tariff, Glazed type, we created dummy

variables in Python.

Data normalization is another crucial pre-processing step that eliminates the influence of different
feature dimensions, as features often have varying scales. We used the Friedman method from the
sklearn Python package to normalize the merged data, excluding the energy rating. The energy

rating data was encoded using the sklearn pre-processing Python package.

In line with the research by Zhang and Wen (2019), we emphasize the importance of proper feature
selection, as it significantly impacts the accuracy of the prediction model. Making the right choices
in data pre-processing and feature selection contributes to building a robust and accurate prediction

model for energy efficiency in residential buildings.

3.3 Feature Selection

Building energy consumption prediction studies frequently select features based on domain
expertise, but feature selection improves accuracy (Zhang and Wen, 2019). Feature selection (FS)
is a crucial step in machine learning implementation because not all characteristics affect output.
FS is often used to find irrelevant features (Zhao and Magoules, 2012). For optimal model
performance, use it (Alaka et al., 2018). This research used Random Forest (RF) and Recursive

Feature Selection (RFE) to identify the top 10 input variables. RFE systematically eliminates less
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important variables, focusing the model on the most important ones. This procedure flows

naturally with RF's feature importance evaluation, which methodically assesses each model

variable's contribution (Dong et al., 2021).

RFE is not random selection, but rather a purposeful ranking, inclusion, and exclusion of variables.

The orchestration generated two model iterations: one using the top 10 variables and the other all

variables separately. This analytical dichotomy selected the top 10 variables and modelled all

variables individually. This complicated procedure balances precision and exploration to refine

model performance parameters. The process block diagram is below.
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Figure 3: Block Diagram explaining the process of RFE with random forest classifier
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3.4 Data Exploration

3.4.1 Exploring the relationship of Energy ratings with most important variables

In this section of our research, our primary objective is to investigate the intricate relationships
between the 4 most influential variables and the dependent variable, Energy ratings. Our objective
is to determine the intricate details of how these selected independent variables interact and affect
the Energy ratings. Utilizing the informative power of line charts, we conduct a visual investigation
that allows us to track the changes in the dependent variable as the independent variables are

altered.

This analytical endeavor is firmly rooted in the exhaustive dataset we meticulously described in
the section titled "Data Description." This dataset is the basis for our investigational efforts. By
adopting this methodology, we hope to obtain a comprehensive understanding of the dynamic
relationship between these variables and energy ratings. Our ultimate goal is to identify possible

trends and patterns that contribute to a deeper comprehension of the topic.

3.4.2 Exploring the relationship through Pearson’s correlation Coefficient

In our exploration, we utilize Pearson's correlation coefficient to illuminate the relationship
between building features and energy ratings. This technique helps us measure and grasp the

strength and direction of a potential linear connection.

We initiate by meticulously pairing chosen building feature values with corresponding energy

ratings. Subsequently, we compute the correlation coefficient for each feature-energy pairing.
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The interpretation of the coefficient is straightforward: a positive value signifies that as one feature
increases, energy ratings tend to increase, implying a parallel growth. Conversely, a negative value
indicates an inverse relationship. A coefficient near zero suggests a weak or minimal linear

association.

While we do not employ significance tests in our approach, we visually represent the correlations
through a heatmap. This graphical representation offers insights into how specific building features
may influence energy ratings, assisting in making well-informed predictions about energy

efficiency.

3.4.3 Sensitivity Analysis

We've used One way sensitivity analysis to study the complex relationship between building
features and energy ratings. This method lets us examine how different building features affect

energy efficiency. This project improves our understanding and informs decision-making.

The key to the analysis is methodically altering one feature while maintaining the others. This
rigorous isolation enables us determine each feature's unique impact. Compared to baseline energy
ratings, modified ones show how individual aspects affect energy. Notable variations highlight key

aspects.

This is a continuous exploration. The strategy iteratively builds a complete grasp of each feature's

contributions. Features-specific effects improve energy efficiency with incremental modifications.

This analysis provides useful insights beyond numbers. Key features that affect energy ratings are
identified. These insights guide strategic decision-making. They prioritize impactful

improvements and optimize resource allocation.
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We achieve our goal of understanding the complex relationship between building features and

energy ratings by using One way sensitivity analysis. This systematic approach allows educated

decisions and strategic planning to optimize energy use.
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3.5 Model Development

After data preparation, we split the dataset 80:20 into training and testing sets. Creating an accurate
energy performance classification model was our main goal. Recursive Feature Elimination (RFE)

features were stressed during model construction.

SMOTE was used to correct data imbalance. This method corrects skewed class distributions by
creating minority class synthetic samples. SMOTE balances the dataset to help the model detect
trends and predict properly. This assures fair representation of both classes, improves model

performance, and reduces majority class bias.

Each model was trained using 70% of the data in the training dataset. However, 30% of the data
was reserved for important model efficacy testing. Specific input variables with energy

performance predictive value were needed for this study.

This demanding project used SVM, GB, RF, KNN, DT, ET, and XGBoost classification
algorithms. These techniques helped create a strong, tailored model that accurately predicted

energy performance. The Model General Equation is:

Y=A(X;0)

Where:

y represents the predicted class or label.

X is the input feature vector.

0 represents the model parameters.

f1s the classification function that maps input features to a predicted class
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3.6 Model Evaluation

The assessment of predictive performance was conducted using two primary metrics: Accuracy
and Balanced Accuracy. Accuracy is the predominant parameter used for evaluating classifiers, as
emphasized by Gonzalez-Abril et al. (2014). This statistic focuses on the accurate correspondence
between projected outcomes and observed values. Moreover, it is widely regarded as an indication

of the model's chance of accuracy.

The Balanced Accuracy metric holds significance in the context of multiclass classification
challenges, particularly when dealing with persistent dataset imbalances (Grandini, Bagli, &
Visani, 2020). This metric functions as a widely accepted standard, successfully addressing the

complexities of such situations, hence ensuring fair assessment.

In brief, the assessment of the efficacy of our prediction model hinges on the utilization of two
crucial metrics: Accuracy, which measures the precision of predictions, and Balanced Accuracy,
which effectively handles the difficulties arising from imbalanced datasets in multiclass

classification situations.

TP+TN
TP+TN+ FP +FN

Accuracy =

TP n TN
Totalrowl ' Totalrow?2
2

Balanced Accuracy =

Where: TP is True Positive

TN is True Negative
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Chapter 4: Results and Discussion

During this phase of the study, we will show the results obtained from a thorough analysis carried
out on the carefully selected top 10 characteristics as part of the feature selection procedure. In this
section, a comprehensive presentation of the results obtained from various analysis will be
provided. This entails the presentation of the results of correlation analysis, accompanied by a
correlation heat map, and the insights derived from the sensitivity analysis. Moreover, this paper
will provide a comprehensive analysis of the results achieved through the utilization of several

machine learning techniques.

The primary objective of our study is to thoroughly examine the outcomes derived from each
analysis and deduce their potential consequences. Following the accumulation of many insights,
our objective is to provide a well-informed recommendation for the most suitable model that shows
the highest potential in properly predicting energy ratings for residential structures located in
Halifax, England. The present study employs a meticulous methodology for selecting models,
aiming to ensure that research findings are aligned with practical applicability and contribute to

the progress of predictive approaches in the field of energy rating prediction.

4.1 Feature Selection through Recursive Feature Elimination Method

In this part, we highlight the results of recursive feature elimination and random forest. This
strategy helped us to identify the ten most important variables for our Energy Rating target. The
diagram below shows the cherry-picked variables: Energy Consumption, CO2 Emissions, Total
Floor Area, Mean Annual Temperature, Walls Energy Efficiency, Air Frost Days, Low Energy
Lighting, Main Heating Energy Efficiency, Main Heating Controls, and Roof Environment

Efficiency.
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Our subsequent analyses will focus on these carefully picked variables, with their correlations,
trends and associations with the target variable, sensitivity analysis, or machine learning models.
This technique shows that Energy Consumption, CO2 Emissions, and Total Floor Area are key

predictors of Energy Rating for Halifax households in West Yorkshire, England.

Top 10 Feature Importances (Random Forest Classifier after RFE)

ENERGY_CONSUMPTION (kWh/m2 PER ANNUM) 0.37

CO2_EMISSIONS(TONNES PER YEAR) 0.18

TOTAL_FLOOR_AREA(M SQUARE)

MEAN_ANNUAL_TEMPERATURE(DEGREE CELSIUS)

WALLS_ENERGY_EFF

Features

AIR_FROST_DAYS (PER YEAR)

LOW_ENERGY_LIGHTING

MAINHEAT_ENERGY_EFF

MAIN_HEATING_CONTROLS

ROOF_ENV_EFF

T
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Importance

Figure 6: Visualization of top ten features using random forest and Recursive elimination method

Source: Self-Created using python
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4.2 Analyze the trends and patterns exhibited by the four most significant variables

concerning Energy Rating.

The graphs provide valuable insights into the factors influencing household energy ratings.
Notably, energy ratings are strongly linked to CO2 emissions and energy consumption. When
households use more energy and emit higher CO2 levels, their energy ratings tend to be lower.
This illustrates the connection between responsible energy use and better energy efficiency ratings.
Additionally, the graph depicting CO2 emissions and energy ratings shows a clear negative
relationship — as CO2 emissions increase, energy ratings decrease, underscoring the significance

of reducing carbon footprint for improved energy efficiency.

Moreover, mean annual temperature and total floor area impact energy ratings differently.
Although mean annual temperature does play a role, its effect is overshadowed by other factors.
In contrast, total floor area has a more notable influence. Homes with the highest energy ratings
(e.g., rating B) are often larger, suggesting efficient use of space. However, this relationship is less
pronounced for other energy ratings, implying that factors such as construction quality and

insulation also contribute significantly.

In summary, the graphs highlight that mindful energy consumption and reduced emissions
contribute to higher energy efficiency ratings. While home size matters, the design, insulation, and

responsible energy practices are key factors shaping energy efficiency for different households.
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Relationship between Co2 emissions and energy ratings
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Figure 7: Visualization of relationship between CO2 and Energy Ratings using Power BI
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Relationship between Mean Annual Temperature and Energy
Ratings
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Figure 9: Visualization of Relationship between Mean Annual Temperature and Energy ratings using Power BI
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4.3 Correlation analysis

In order to investigate the interplay between our dependent variable, namely Energy Rating, and
other attributes within the dataset, a comprehensive correlation analysis was employed. The
quantification of these relationships was accomplished using Pearson’s correlation coefficient, a
widely accepted measure for assessing linear correlations among variables. This coefficient
assumes values between -1 and 1, with magnitudes closer to these bounds signifying stronger

correlations.

The subsequent figure illustrates the Pearson’s correlation coefficients between various features
and the energy ratings of residential buildings. Notably, our analysis revealed that Energy
consumption (Kwh/m2) exhibited the most robust correlation, boasting a Pearson’s coefficient of
-0.80. This was closely trailed by Total CO2 emissions, Walls energy efficiency, Roof environment
efficiency and Main heat Energy efficiency with corresponding Pearson’s coefficients of -0.57,

0.53, 0.48, and 0.45, respectively.

Conversely, attributes such as Mean Annual temperature, Air frost days, total floor area and low
energy lightning exhibited weaker correlations with building energy ratings, as indicated by
Pearson’s coefficients of 0.02, 0.03, and -0.10 and 0.18 respectively. This discerning analysis
serves to unravel the intricacies of these relationships, providing valuable insights into the factors

most salient in influencing energy ratings.
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Correlation Heatmap for Selected Features with Target Variable
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Figure 11: Correlation Heat Map
(Source: Created using Python)
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4.4 Sensitivity analysis

The outcomes of the sensitivity analysis provide a detailed window into the intricate connections
between the chosen features and their impact on our target variable. This analysis serves as a
compass, guiding us through the dynamic interplay between feature variations and their effects on

the model's sensitivity indices.

Certainly, in our extensive sensitivity analysis, we've gained valuable insights into the varying
impacts of different variables on the model's sensitivity. Amidst these variables, a few have
emerged as particularly influential, with "CO2_EMISSIONS" and "ENERGY_ CONSUMPTION"

taking the lead.

As depicted in Figure 3, the variable "CO2 EMISSIONS" clearly establishes its significance by
exerting a substantial impact on sensitivity. Notable instances of CO2 emissions reduction,
exemplified by values like -4.281820 and -3.601891, yield remarkably high sensitivity indices of
0.622483 and 0.716418, correspondingly. These findings underscore the pivotal role of emission
reduction strategies in effecting considerable shifts in both the model's dynamics and resultant

outcomes.

Similarly, "ENERGY_ CONSUMPTION" stands out for its substantial impact. Sensitivity indices
ranging from 0.147832 to 0.200782 for different energy consumption variations underscore its role
in shaping model dynamics. This emphasizes the importance of energy-efficient practices in

achieving significant shifts within the model.

While other variables like "MEAN_ ANNUAL TEMPERATURE",
"AIR_FROST DAYS,"TOTAL FLOOR AREA","MAIN HEATING CONTROLS","LOW_E

NERGY LIGHTING","WALLS ENERGY EFF","ROOF ENV_EFF,"and
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"MAINHEAT ENERGY EFF" also contribute to sensitivity, their influence is more nuanced, as

evidenced by varying sensitivity indices.

These findings collectively illuminate the intricate interplay of variables and their impact on the
model's behavior. Yet, it's the robust influence of "CO2 EMISSIONS" and
"ENERGY CONSUMPTION" that underscores the significance of energy-conscious strategies
and emission reduction efforts. These variables, with their marked sway over sensitivity, hold the

key to driving meaningful changes within the model and real-world outcomes.

One-Way Sensitivity Analysis on Selected Features

0.9 -
- . ’ - - —
- ¥
0.7
0.6 -
f"—"f
—,—,-o—"/
=
o
5
T 0.5
£
0.4 4 — MEAN_ANNUAL_TEMPERATURE(DEGREE CELSIUS)
— AIR_FROST_DAYS (PER YEAR)
—— ENERGY_CONSUMPTION (kWh/m2 PER ANNUM)
CO2_EMISSIONS(TONNES PER YEAR)
0.3
—— TOTAL_FLOOR_AREA(M SQUARE)
—— MAIN_HEATING_CONTROLS
—— LOW_ENERGY_LIGHTING
0.2 L - AN
27 —— WALLS_ENERGY_EFF
- ROOF_ENV_EFF
—— MAINHEAT_ENERGY_EFF
-4 -3 -2 -1 0 1 2

Perturbed Feature Values

Figure 12: Sensitivity Analysis on Top Ten Important Features
(Source: Self-generated through python Colab)

49

Exploring the Power of Machine Learning to Drive Energy Efficiency in Halifax, West Yorkshire, England: A Predictive Energy
Efficiency Model for Sustainable and Resilient Buildings and Households




Chapter 4: Results and Discussion

4.5 Machine Learning Experiment

4.5.1 Comparing the Model performance with and without top ten significant feature
selection.

Based on the graphs provided below, the contrast in model performance before and after removing
the top ten most critical elements becomes evident how important these attributes are in energy
rating forecasts. When these features are included, accuracy increases significantly. Ensemble
models including Random Forest, Extra Trees, Gradient Boosting, and XGBoost classifiers show
a notable increase in accuracy and balanced accuracy metrics, with accuracy climbing by up to
15% and balanced accuracy by 31%. Without these top characteristics, the Support Vector
Classifier loses 8 percentage points in accuracy and 2 percentage points in balanced accuracy. K-
Nearest Neighbor's accuracy drops by 20 percentage points without the top attributes. These
findings demonstrate how important these variables are for model predictive capability. The
comparison supports the premise that these 10 key criteria are the foundations of accurate energy

rating forecasts, enhancing the models' ability to decipher and predict energy efficiency ratings.
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Figure 13: Performance of the Models without feature Selection

Source: Self created with the help of MS excel
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Figure 14: Performance of the Models with feature Selection

Source: Self created with the help of MS excel
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4.5.2 Developing model without using hyperparameter tuning.

The initial machine learning experiment yields significant insights regarding the performance of
several models in relation to balanced accuracy, accuracy, and computing efficiency. Among the
several models considered, the Random Forest Classifier has notable performance, showcasing a
robust balanced accuracy of 78 percent and an accuracy of 88 percent. Significantly, the system
attains this notable level of performance with a relatively short training duration of 24 seconds,

hence emphasizing its outstanding computing efficacy.

In a similar vein, the XG Boost Classifier exhibits commendable outcomes, demonstrating
balanced accuracy and accuracy ratings of 84% and 88% correspondingly. Although the XG Boost
model requires a somewhat longer training time of 90 seconds, it consistently demonstrates strong
performance across all evaluation metrics. Significantly, the Gradient Boosting Classifier
demonstrates comparable results, with identical accuracy and balanced accuracy scores of 88%
and 80% as the XGBoost algorithm. Nevertheless, the computational efficiency of the system is

suboptimal, since it requires 214 seconds to complete the training process.

However, it is worth noting that the Support Vector Classifier has a longer training time of 13.53
seconds. This aspect raises worries, as the classifier's balanced accuracy of 78% indicates potential
difficulties in effectively handling imbalanced classes. The K-Nearest Neighbor Classifier
demonstrates a moderate level of balanced accuracy, estimated at 70%. This can be attributed to

its relatively straightforward design and its inherent limitations in capturing complex patterns.
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In summary, it can be concluded that models such as Gradient Boosting and XGBoost provide a
favorable equilibrium between accuracy, balanced accuracy, and computing efficiency, hence
indicating their potential for delivering effective performance in the given environment.

Table 1: Performance result of the models executed

K-Nearest Neighbor Classifier 0.2 80%

Performance Result of each developed model
Model Training Time(Seconds) Accuracy Balanced Accuracy
Random Forest Classifier 24 88% 78%
Support Vector Classifier 109 76% 78%
Extra Trees Classifier 9 86% 7%

70%

Source: Self-created through MS excel and results from python

4.5.3 Developing a Model with Hyperparameter Tuning

We've learned a lot about classifier performance after Hyperparameter Tuning and Cross

Validation. Every classifier has its own advantages:

The Random Forest Classifier has 88% accuracy and 78% balance, but training takes longer. The
Support Vector Classifier trains faster in 1439 seconds and has an 88% accuracy, but a 72%
balanced accuracy. The Extra Trees Classifier balances accuracy at 86% and robustness at 79% in

1729 seconds.

However, the Gradient Boosting Classifier shines. After 227 seconds of training, it achieves 83%
accuracy and 84% balanced accuracy, demonstrating its ability to handle imbalanced data

circumstances. Pushing for additional tweaking may lengthen training.

Gradient Boosting is the best classifier for accuracy, balanced accuracy, training efficiency, and

tuning trade-off. Its accurate handling of unbalanced data and modest training time make it a
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formidable contender. While the XGBoost classifier has competitive accuracy, its longer training

time should be considered.

The XG Boost classifier's regularisation function reduces overfitting, boosting its accuracy across
varied data circumstances. The simplified hyperparameter tuning method makes optimisation
easier than Gradient Boosting. These qualities make XG Boost a potent tool for accurate energy

rating estimates, matching the task's complexity.

Table 2: Performance result of the models executed after Hyperparameter tuning

Performance of the model after Hyperparameter Tuning and Cross Validation

Model Training Time(Seconds) Accuracy Balanced Accuracy

Random Forest Classifier 6163 88% 78%
Support Vector Classifier 1439 88% 72%
Extra Trees Classifier 1729 86% 79%

K-Nearest Neighbor Classifier

273

81%

2%

Source: Self-created through MS excel and results from python

4.5.4 Comparing the cross-validation scores and mean scores of all the classifiers

In this section, we're checking how well different classifiers work using cross-validation. We look
at each classifier's performance in different rounds and give them scores. These scores show how
good they are at predicting in different parts of the data. Then, we add up these scores and find an

average for each classifier, which shows how consistent they are overall.

By comparing these scores for the various classifiers, we figure out which one is the best for the
job. We want a classifier that's not just accurate but also steady when dealing with new data. This

way, we're sure we're choosing a classifier that's both accurate and reliable.
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Figure 10: Line Chart showcasing Cross validation scores and mean scores
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Figure 15: Cross validation scores of different classifiers

Source: Self created with the help of MS excel

Upon studying the depicted line graph of cross-validation scores across five iterations for different
classifiers, distinct performance trends emerge. The Random Forest classifier consistently stands
out, with an accuracy range of approximately 95.03% to 96.98%. Simultaneously, the XG Boost
model competes strongly, maintaining accuracy between about 92.74% and 94.76% across the
iterations. Notably, the Extra Trees classifier also presents significant performance, achieving
accuracy from roughly 95.63% to 97.54%, occasionally surpassing both Random Forest and XG

Boost.

However, despite Extra Trees' notable accuracy, certain factors guide us away from its selection.
The balance between computational efficiency and model interpretability is paramount. Both

Random Forest and XG Boost offer this balance, while Extra Trees, despite high accuracy, might

55

Exploring the Power of Machine Learning to Drive Energy Efficiency in Halifax, West Yorkshire, England: A Predictive Energy
Efficiency Model for Sustainable and Resilient Buildings and Households



Chapter 4: Results and Discussion

introduce unnecessary complexity without proportional accuracy gains, potentially hindering

interpretability.

In view of these considerations, although Extra Trees exhibits impressive results, our focus remains
on Random Forest and XG Boost due to their balanced attributes. Their consistent accuracy,
coupled with thoughtful regard for computational efficiency and interpretability, positions them as

strong candidates for predictive modeling.

In conclusion, while Extra Trees excels, the all-encompassing attributes of Random Forest and XG

Boost make them prime choices for our project's needs.
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Chapter 5: Conclusion

5.1 Conclusion

This research has undertaken a comprehensive and rigorous exploration into the intricate realm of
predicting energy ratings for households in the Halifax, West Yorkshire region of England.
Through a systematic and meticulous investigation of diverse methodologies, we have gleaned
profound insights into the pivotal factors influencing energy ratings and identified the most

effective predictive models tailored to this specific context.

Our journey commenced with the application of the Recursive Feature Elimination technique,
synergized with the robust capabilities of the Random Forest algorithm. This strategic approach
enabled us to discern key variables that wield significant influence over energy ratings. Notably,
variables such as Energy Consumption, CO2 Emissions, and Total Floor Area emerged as

foundational pillars upon which our subsequent analyses were meticulously constructed.

Our exploration extended to correlation analysis, which unveiled the substantive impact of CO2
emissions and energy consumption on energy ratings. This underscores the pivotal role of
responsible energy practices in shaping energy efficiency outcomes. Concurrently, our sensitivity
analysis offered an intricate portrayal of the interplay between variable variations and their
consequential effects on model sensitivity. Of particular significance, "CO2_ EMISSIONS" and
"ENERGY_CONSUMPTION" took center stage in impacting sensitivity, affirming their

fundamental roles in steering model dynamics and, consequently, real-world outcomes.

Our foray into machine learning experiments unveiled the ascendancy of the Gradient Boosting
classifier post Hyperparameter Tuning and Cross Validation. This model masterfully struck a

balance between accuracy, balanced accuracy, and computational efficiency. Additionally, the XG
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Boost classifier consistently demonstrated robust performance in terms of both accuracy and

balanced accuracy, albeit accompanied by marginally extended training times.

When contemplating computational efficiency prior to parameter optimization, the Extra Trees and
K Nearest Neighbor models showcased commendable performance. Notably, the process of
hyperparameter tuning yielded substantial improvements in accuracy for these models. In terms of
a harmonious fusion of accuracy and computational efficiency, the K Nearest Neighbor (KNN)

and Gradient Boosting Classifier emerged as the most compelling contenders.

Throughout our investigative voyage, the XG Boost model consistently emerged as a high-
performing contender. Its supremacy in predicting building energy ratings in Halifax remained
palpable, although its computational efficiency stood relatively modest in comparison to certain
counterparts. Significantly, the XG Boost model's consistent performance across cross-validation
scores, attributed to its regularization feature, firmly established its credibility for delivering

precise predictions across diverse data scenarios.

Moreover, the streamlined approach to hyperparameter tuning augmented the allure of the XG
Boost model, streamlining optimization endeavors when juxtaposed with the conventional
Gradient Boosting technique. Collectively, these attributes distinctly position XG Boost as a
stalwart and dependable tool for precise energy rating predictions, aptly aligned with the intricate
nature of the task at hand. It is worth mentioning, however, that our findings diverge from prior
research by Olu-Ajayi (2021), which demonstrated the prominence of the Extra Trees classifier. In
our specific context, the spotlight undoubtedly belongs to the Gradient Boosting and XGBoost

classifiers.
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In essence, this thesis encapsulates a comprehensive grasp of energy rating prediction, spanning
from the discernment of influential factors to the identification of optimal predictive models. Its
ramifications transcend the realm of theoretical insights, offering actionable guidance for nurturing
energy efficiency and sustainability. As we navigate the evolving landscape of energy
considerations, this thesis stands as an illuminating beacon, paving the way toward informed,

efficient, and sustainable energy practices.

5.2 Future Scope

Looking toward the horizon of future research, an array of avenues beckon exploration within this
domain. The prospects of seasonal and daily analyses of energy consumption, the assimilation of
occupant behavior data, and the expansion of studies to encompass broader regional contexts all
hold the promise of enriching our understanding. Additionally, the development of an API for
energy prediction visualization could significantly amplify stakeholder engagement. As we set sail
on these uncharted waters, the expedition toward a more energy-efficient future is imbued with

potential and promise.
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Appendices

Appendix 1: Tables and figures

Table 1: Performance Result of each developed model

Performance Result of each developed model
Model Training Time(Seconds) Accuracy Balanced Accuracy
Random Forest Classifier 24 88% 78%
Support Vector Classifier 109 76% 78%
Extra Trees Classifier 9 86% 7%

K-Nearest Neighbor Classifier

Table 2: Performance of the model after Hyperparameter Tuning and Cross Validation

Performance of the model after Hyperparameter Tuning

Model Training Time(Seconds) Accuracy Balanced Accuracy

Random Forest Classifier 6163 88% 78%
Support Vector Classifier 1439 88% 2%
Extra Trees Classifier 1729 86% 79%

K-Nearest Neighbor Classifier 273 81% 72%

Table 3: Performance of the model after removing top ten most significant features

Performance of the model after removing top ten most significant features

Model Accuracy Balanced Accuracy

Random Forest Classifier 73% 53%
Support Vector Classifier 68% 56%
Extra Trees Classifier 74% 55%

K-Nearest Neighbor Classifier 52% 48%
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Table 4: Performance of the model after including Top ten most significant features

Performance of the model after including Top ten most significant features

Model Accuracy Balanced Accuracy

Random Forest Classifier 88% 78%
Support Vector Classifier 76% 78%
Extra Trees Classifier 86% 77%

K-Nearest Neighbor Classifier 80% 70%

Table 5:Performance of each model after Cross validation

Random forest classifier 0.9503 0.9571 0.9636 0.9677 0.9698 0.9671
Support Vector classifier 0.8839 0.8893 0.8822 0.8847 0.8804 0.8841
Xghboost Classifier 0.9274 0.939 0.9457 0.9476 0.9462 0.9411
K-nearest classifier 0.9443 0.9475 0.9552 0.9559 0.9657 0.9411
Extra trees classifier 0.9563 0.9599 0.9645 0.9701 0.9754 0.9652
Gradient boosting classifier 0.9037 0.9124 0.9181 0.9223 0.9182 0.9149

Figure:1 EPC rating of residential buildings in Halifax

2021 EPC ratings of residential buildings in Halifax
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Figure 2: The Methodology of Research
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Figure 4: Visualization of top ten features using random forest and Recursive elimination method
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Figure 10: Sensitivity Analysis on Top Ten Important Features

One-Way Sensitivity Analysis on Selected Features
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Appendix 2: Modelling flow chart and Nomenclatures for Algorithms

Figure 4: Flow chart of sensitivity Analysis modelling
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Figure 5: Flow chart of Machine learning modelling
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Table 6: Nomenclatures for Algorithms

S.no Abbreviation / Term Description

1 X Feature dataset
2 Y Label dataset
3 RFE Recursive Feature Elimination
4 SvC Support Vector Classifier

RFC Random Forest Classifier

GBC Gradient Boosting Classifier
7 XGB XGBoost Classifier
8 ETC Extra Trees Classifier
9 KNN K-Nearest Neighbors Classifier
10 SMOTE Synthetic Minority Over-sampling Technique
11 Accuracy Accuracy metric for classification models
12 Balanced Accuracy Balanced accuracy metric for imbalanced datasets
13 classification_report Report displaying various classification metrics
14 feature_importances Importance scores for features in a Random Forest model
15 StandardScaler Scaling feature values for standardization
16 train_test_split Splitting dataset into training and testing sets
17 time Module for tracking time
18 pd Pandas library for data manipulation
19 np NumPy library for numerical operations
20 sns Seaborn library for data visualization
21 plt Matplotlib library for plotting
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22 RandomForestClassifier Ensemble classifier using random forest
23 GradientBoostingClassifier Ensemble classifier using gradient boosting
24 XGB Classifier XG Boost classifier

25 SvC Support Vector Classifier

26 K Neighbors Classifier k-Nearest Neighbors classifier

27 Extra Trees Classifier Ensemble classifier using extra trees
28 selected_features List of features selected for the model
29 X test Feature dataset for testing

30 X Original feature dataset

31 min(original_values) Minimum value of the original feature
32 max(original_values) Maximum value of the original feature
33 sensitivity_range Range of values for sensitivity analysis
34 accuracy_score Metric for evaluating model accuracy
35 rf _classifier Random Forest Classifier model

36 correlation_matrix Matrix of correlation coefficients
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